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SYNOPSIS

In this research, the performance of a novel initial code acquisition technique, called
sequential detection, for direct-sequence spread-spectrum systems suitable in low SNRs is
analyzed using a Monte-Carlo computer simulation approach. This technique employs a
variable-dwell time discrete step serial-secarch which is optimum in the sense of minimum
mean acquisition time for a given probability of detection and false alarm. A new variant of
the sequential detector using quantization of the log-likelihood function is considered and its
performance analyzed. This sequential detector employs a uniform quantizer with the
minimum number of quantization levels Q =32, which are determined to give the
performance closer to the ideal sequential detector. Three variants of the sequential detector
namely, the quantized log-likelihood sequential detector, an ideal log-likelihood sequential
detector and a biased square-law sequential detector are considered and their comparative
performance is analyzed for various channel impairments in the predetection SNR range

-4dB to 10dB.

All three variants are optimized with respect to critical system parameters namely, the upper
and lower thresholds, input SNR and design SNR, and the optimum or a range of near-
optimum values of these parameters are determined. The acquisition performance of all three
variants are also analyzed and compared for the cases with data modulation and no data
modulation. In addition, the effect of code rate Doppler offset and residual carrier Doppler
offset on the acquisition performance of the sequential detector is also analyzed and
compared for both the cases with data modulation and no data modulation for all the variants
of the detector when operating at their optimum design SNR. The degradation in the
acquisition performance due to the presence of a CW jammer and a pulse jammer waveform
is also analyzed and compared for all variants. Finally, the performance of the sequential
detector is compared with other common types of serial search methods using a fixed-dwell
serial search and a digital matched filter, and its performance is shown to be superior

particularly at lower SNRs, which is a promising performance for the new detector.
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CHAPTER 1

INTRODUCTION

Most modem communication systems conventionally aim at the optimum utilization of the
basic communication resources namely, the power and the bandwidth. In many situations,
however, various channel impairments, which may be intentional or unintentional, impose
severe degradation in the performance of these systems to render them practically unusable.
Communications in a tactical military environment and channels with severe multipath
fading and interference are examples of such situations. Spread-spectrum systems, which are
classical wideband systems, exhibit better immunity in such circumstances and provide
survivable communications while conventional communication techniques degrade

significantly or fail to operate completely.

Spread-spectrum systems typically employ an rf bandwidth, which is much in excess of the
information bandwidth, achieved by means of modulating the data with a spreading function
(which is usually a high-rate pseudorandom code sequence). The common methods of
achieving this are by using a direct-sequence (DS) spreading or by frequency-hopping (FH),
however, other forms of spreading are also employed depending upon the application. The
information from these spread signals is usually recovered by a despreading process using a
correlation receiver using either active correlation or matched filtering. This despreading is
achieved by using a code sequence which is a replica to the one used in the transmitter and
synchronized with the received signal. In general, spread-spectrum modulation can be
considered as a two stage modulation in which the information signals are modulated by a
spreading function as well as an rf carrier employing common modulation techniques (either
PSK or FSK or analog modulation) and this can be compared with a conventional wideband
system such as FM or PCM in which data modulation directly spreads the spectrum of the

signal. The generic spread-spectrum system is shown in figure 1.1.

Spread-spectrum signals exhibit certain unique characteristics compared with conventional

communication signals generated by the common modulation techniques. Usually, the cost
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of using spectrum spreading can be traded against the benefits associated with energy
spreading. However, in certain circumstances, when communications are intermittent in an
interference-limited environment, spread-spectrum systems can even be spectrally efficient as
the multiple accessing interference contributed by the low duty users can be reduced by
inherent user inactivity (as for the case of micro cellular mobile radio schemes and certain
data communication networks) [1,2]. Thus, spread-spectrum signals find various

applications namely:
a. low power density signalling (satellite communication down-links)
b. low probability of interception, LPI (covert communications)
c. anti-jam applications
d. interference rejection
e. multipath protection (fading and mobile channels)

f. multiple accessing (code division multiple access, CDMA and frequency-hop
multiple access, FHMA)

secure communications (military and civilian)
h. improved spectral efficiency (for special cases) and

i. ranging (satellite navigation and chirp radar)
This wide range of applications is made possible by a number of characteristics of spread-
spectrum signals which are achieved from the unique nature of the spreading and
despreading processes. For example, as the information signal is spread out over a much
wider rf bandwidth, the power spectral density of the spread-spectrum signal is reduced and
it is then quite difficult to identify spread-spectrum signals in normal levels of background
white noise, and this provides protection against interception. When the received spread-
spectrum signals undergo despreading at the receiver, the channel noise in the information
bandwidth is spread over the spread bandwidth while the desired signal is despread into the
data bandwidth. Thus, the actual channel noise which gets in to the demodulator is reduced
significantly relative to the desired signal power after the despreader. This provides the
spread-spectrum process with a processing gain which can be manipulated to achieve either
the anti-jamming and interference rejection capabilities or the multiple access capability
which can be achieved by using a set of orthogonal spread-spectrum codes. These

capabilities directly depend on the spreading ratio or the processing gain. However, spread-



spectrum processing does not combat the effects of white noise (as in case of FM or PCM) in
the channel as the bandwidth expansion is achieved by a function which is independent of the
information signal, rather than being uniquely related to the information signal. Therefore,
the requirement on the information signal-to-noise ratio (SNR) for demodulation of a spread-
spectrum signal is unaltered. As a multiple accessing system, spread-spectrum techniques
can also provide graceful degradation as the number of users of the system increases by
trading bit error rate for number of users. This may be compared with TDMA or FDMA
systems in which the maximum number of users is generally fixed by the available total
number of time slots or frequency slots (assuming no demand-assignment). When used as a
ranging signal, the spread-spectrum signal is capable of resolving the time delay ambiguity

more accurately, thus improving the precision in ranging.

Thus, the major characteristics of spread-spectrum signals achieved by spectral spreading and
despreading can be summarized as: reduced power flux density, low detectability, anti-jam
capability, anti-interference capability, anti-eavesdrop and anti-spoof capability, multiple-

accessing capability and precision ranging.

Even though spread-spectrum techniques have been used in the military scenario for
communication and radar applications for a long time, with the well known earliest
developments taking place in the 1950’s, these have begun to find wide-spread use in civilian
applications over the last decade. In satellite communications, with increasing demand for a
reduced power flux density, spectral spreading is found to be attractive, particularly on the
down links [3]. With the emerging global navigation systems such as GPS, RDSS eic.,
spread-spectrum techniques provide precise ranging and position location to an accuracy of
the order of 10 metres for a number of civilian land mobile and avionic applications [4,5].
Satellite based data communication networks employing CDMA for improved spectral
efficiency have already been in commercial use [10]. Spread-spectrum multiple accessing
has been proposed and studied for cellular land mobile radio and various forms of
transmission techniques namely, FH-DPSK, FH-MFSK etc., are in the experimental or in the
trial stage [6-8]. Spread-spectrum mobile radio has also been used for countering fading
dispersive channels like hf radio etc., [9]. Recently, spread-spectrum techniques have been
widely considered for various satellite based data networks [10], local area networks [11],
indoor wireless communications (portable radio telephones) [12,13], mobile satellite

communications [14] and wide-band packet radios for multipath environments [15]. In



addition, some spread-spectrum multiple access systems have also been reported to have
been implemented using integrated-circuit (IC) realizations for various commercial

applications [16].
1.1 Types of spectrum spreading

Depending upon the type of data spreading used, spread-spectrum signals can be classified
into four major types.

a) Direct-sequence (DS)

b) Frequency-hopping (FH)

¢) Time-hopping (TH)

d) Chirp
Figure 1.2 shows the schematic diagram of a DS spread-spectrum system. In digital direct-
sequence (DS) spread-spectrum systems, a high-rate pseudorandom code is modulo-2 added
either synchronously or asynchronously with the information-bearing digital signals. In the
case of analog information rather than digitized information this is directly multiplied with
the pseudorandom code to generate the spread signal rather than modulo-2 added. This
operation performs spectrum spreading but to avoid excess utilization of the bandwidth, the
transmit signals are normally filtered over the null-to-null rf bandwidth of the spread-
spectrum signal, as approximately 90% of the total energy is contained within this bandwidth
(assuming rectangular pulses with no pulse shaping). The power spectral density of a typical
DS spread-spectrum signal is shown in figure 1.3. At the receiver, the incoming signal is
despread by correlating with a local replica code which is synchronized to the one at the
transmitter and the information signal is recovered from the despread signal using the
appropriate data demodulator. The processing gain of the DS spread-spectrum system is
normally expressed as the ratio of the pseudorandom code rate to the data rate (or sometimes

the ratio of spread bandwidth to the information bandwidth).

In frequency-hopped (FH) spread-spectrum systems, the carrier frequency is hopped between
the frequencies which are selected pseudorandomly from a set of contiguous or non-
contiguous frequencies. In the frequency-hopping system, as shown schematically in figure
1.4, the carrier is generated by an agile frequency synthesizer whose frequency is digitally
controlled by a data word representing one of the hop frequencies. These numbers are

generated pseudorandomly and are the n-tuple data words from a conventional PN code
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feedback shift register generator and the data bit to be transmitted. The data bit is normally
impressed on the carrier using FSK modulation by adding it as one of the bits in the n-tuple,
generally as the least significant bit to produce smallest frequency change (with the n-1 bits
coming from the code generator). In the receiver, a local frequency synthesizer synchronized

to the transmitter synthesizer ensures that the incoming signal is translated to a single IF
frequency.

The processing gain of an FH system is determined by the number of frequencies over which
the carrier hops while the hop rate depends upon the agility of the synthesizer, the number of
hop frequencies and the final data bit error rate. Depending upon the hop rate, the frequency-
hopping can be considered as slow hopping, medium hopping or fast hopping. The slow
frequency-hopping system uses a single hop per several data bits while fast frequency-
hopping system employs several hops (multiple hops) per data bit. The medium hopping
system, however, uses the intermediate situation where hop rate is almost same as date rate.
Fast frequency-hopping takes advantage of the frequency diversity gain and this provides a

better error rate and improves immunity to partial band jamming.

The output spectral width of the frequency-hop modulator is dependent on the frequency
spacing and the number of tones. Usually, tones are spaced far enough apart so that the
transmitted signals are orthogonal. The specific frequency spacing and the bandwidth of the
dehopped signal are decided by the hop rate (chip rate) or the data rate, depending upon the
application (slow, medium or fast hopping) while the highest hop rate is usually limited by
the switching speed of the synthesizer. In slow hopping the minimum frequency spacing is
decided by the data bandwidth while in fast hopping it is decided by the chip rate. However,
in FH systems, it is often possible to use overlapping channels with significant overlap of the
transmit spacing (for example, the centre of one channel might fall at a null of the adjacent
channel) when the rf bandwidth is restricted while keeping the chip rate high. In frequency-
hopping, any interference on one hop may destroy all of the data bits in that hop causing very
high bit error rate (BER), thus, the use of error correction coding is essential to recover the
lost data bits to avoid excessive increase in the BER. This interference may be easily caused
by the self generated inter-symbol interference within the receiver itself due to the settling
time of the synthesizer or due to multipath interference or by any deliberate jamming and

interference signals.

A third method of spectrum spreading is time-hopping (TH) in which a burst of information



carrier is transmitted for a short time duration, with the time slot selected pseudorandomly
under the control of a high rate PN code, from a slotted time frame. It is similar to a simple
pulse modulation system with the transmitter being tumed on and off using the code
sequence. The fourth type of spectrum spreading which is not common in communication
systems but is often used in radar applications is the chirp waveform which spreads the
bandwidth by sweeping the carrier frequency. Chirp signals are characterized by pulsed rf
signals with the frequency during the pulse period, varied according to some known way.
Nommally, this form of modulation uses either linear frequency modulation or nonlinear
frequency modulation to generate either up-chirp or down-chirp waveforms. Despreading is
done by compressing the chirp signals using matched filters, employing dispersive delay
lines (frequency dispersive filters). The processing gain of chirp signals is determined by
their time-bandwidth product. Thus, these signals realize spread-spectrum modulation
without necessarily employing coding and are advantageous in radar applications as
significant power saving is possible. In addition to these direct form of spread-spectrum
techniques various hybrid forms viz., DS/FH, DS/TH, FH/TH, DS/FH/TH etc., can also be
used depending upon the application.

1.2 Merits and demerits of spread-spectrum signal types

There are certain specific merits and demerits in using different types of spread-spectrum
modulation. Direct-sequence spread-spectrum signals offer best noise and anti-jam
performance (for a wideband jammer), best discrimination against multipath and are the most
difficult to detect. However, in a multiple-access environment, where several users
communicate with a common base station simultaneously, they suffer from a near-far
problem. This is due to the nearer, and hence stronger signals swamping out the weaker
signals by using up the available processing gain. Direct-sequence systems require a
wideband channel with relatively less phase distortion. They also require fast code
generators and limits on the available bandwidth limit the processing gain to only 20dB -
30dB. In addition, synchronization of transmitter and receiver code generators is a vital

process for signal reception and this can be a lengthy process in direct-sequence systems.

Frequency-hopping systems provide the greatest amount of theoretical spreading or
processing gain as it is dependent mainly on the number of frequencies available from the
synthesizer. It does not always need a contiguous spectrum. It is less affected by the near-far

problem as the FH system is an avoidance type system rather than an averaging type of



system as in case of the DS. It is also relatively fast to achieve initial code acquisition due to
its considerably lower chip rate since coarse acquisition is normally achieved by methods
like camp and wait techniques which can dismiss the incorrect cells quickly unlike methods
that use a long dwell-time for the dismissal of each incorrect cell (like serial-search with
active correlator which will be discussed in chapter 2). However, it needs a complex
frequency synthesizer and requires error correction to improve the bit error rate. As the FH
receiver normally uses non-coherent message demodulation, it is 3dB poorer against thermal

noise compared to a coherent DS receiver. It is also not useful for ranging applicaticns.

Time-hopping has high bandwidth efficiency, simpler implementation than FH and no near-
far problem if coordinated (as it is also an avoidance type system). However, it is preferable
when the transmitter is average power limited rather than peak power limited since the
transmission is in bursts which causes the peak power to be usually high. It also needs error
correction due to its potential mutual burst interference. The initial acquisition time is
similar to that of DS type for a given bandwidth, which is usually long. The hybrid forms of
spread-spectrum signals can combine the averaging and the avoidance nature of each spread-
spectrum technique to take the best advantage of the particular methods while avoiding the

disadvantages associated with each technique.
1.3 Codes for spread-spectrum signals

The spread-spectrum signals are normally generated using pseudorandom codes which are
usually at high-rate for DS signals, however, the code rate for FH signals is usually much
lower as it depends on the hop rate. For all types of spread-spectrum signal, successful
despreading at the receiver requires these codes to have an impulse like periodic correlation
function (two level) to give a maximum auto-correlation when the code delay is zero
(inphase) and a minimum auto-correlation when the code delay is more than one chip (out of
phase). The code set to which these codes belong should also possess minimum cross-
correlation to provide minimum mutual interference. Normally, these codes are selected from
a set of maximal length PN sequences (m-sequences) or Gold codes. Maximal length PN
codes provide a triangular correlation function, with a minimum and uniform cross-
correlation. Gold codes also provide a triangular correlation function, but they also exhibit
minor side lobes with a varying degree of correlation for different code delays. However,
these codes provide a larger code set than maximal length PN sequences for a given code

length, and hence find wide-spread use in multiple accessing applications. Other families of



codes having good correlation properties such as Quadrature Residue (QR) sequences, Hall
sequences, Kasami sequences and Kronecker sequences (rapid synchronization capability)
also find application in spread-spectrum systems, the precise application being dependent

upon the exact properties of the code set being used.
1.4 Reception of spread-spectrum signals

The fundamental requirement of the spread-spectrum receiver is the correct recovery of the
information bearing signals from the noise corrupted low power density spread-spectrum
signal. The main task of a spread-spectrum receiver is to despread the information from the
high-rate, low power density received spread-spectrum signal to a high power density, low
bit rate information signal. For direct-sequence spread-spectrum systems this is normally
achieved by using a correlation receiver which may use either active or passive correlation.
The active correlator employs the multiplication of the received signal with a local code
replica followed by integrate and dump filtering whereas the passive correlator uses either
matched filtering or convolution (using CCD or SAW convolvers). For successful data
recovery, the despreader output needs to be maximized to provide the best demodulator
performance. The energy in the despread signal is maximized when the received PN code is
phase synchronized with a local replica PN code (in case of active correlation) since this
results in the maximum correlation between the two codes. Thus, one of the primary
functions of the receiver is to achieve accurate synchronization of the transmitter and local
codes as rapidly as possible to minimize the down time of the communication link. Once the
correct synchronization of the PN code is achieved, then the despreader performs the
correlation of the incoming signal with the synchronized local code and recovers the
information signal. Code phase acquisition is normally carried out before the carrier phase
synchronization (using non-coherent detection) and hence, it is done at very high noise

levels typically at input SNRs less than -30dB, depending on the processing gain.

The process of acquiring code phase synchronization imposes severe constraints particularly
at very low SNRs due to excessive false alarms and poor detectability. Spread-spectrum code
synchronization is normally carried out in two stages. In many spread-spectrum systems, the
receivers use either active or passive correlators to carry out the synchronization process and
employ search logic to acquire the coarse initial alignment of the locally generated replica of
the PN code with the incoming PN signal. This coarse code alignment is called initial

acquisition, in which synchronization is normally acquired to within an accuracy of about



half a code chip. The remaining code phase error is then corrected in a closed loop tracking
system to achieve minimum possible phase error. This process of fine synchronization is
normally called code tracking. Tracking loops such as the delay-lock loop and tau-dither
loop etc., are popularly used for this purpose.

The other problem of spread-spectrum reception is in its efficient data recovery after the
despreading process for which various modulation techniques (BPSK, QPSK, MSK etc.,) in
conjunction with a variety of error correction coding techniques (block or convolutional) can
be employed. The analyses of such techniques and their performance have been presented by
many researchers. The anti-jamming and interference rejection capabilities in the presence of
various types of jammers or interferers for such spread-spectrum receivers have also been of

research interest recently.
1.5 Initial PN code acquisition

Code synchronization is the most critical aspect of the receiver functions and within this,
initial code acquisition is the most sensitive component as it takes the longest time to
achieve. Consequently, it has attracted intensified research interest in modelling, analysis
and optimization. Initial code acquisition can be achieved using one of a number of methods
all of which make use of the triangular auto-correlation function of the PN sequences to
indicate whether coarse lock has been achieved or not. The randomness of the acquisition
process arises mainly because of the initial uncertainty about the code phase offset.
However, the correlator output, on which the lock decision is made, is also affected by
various other factors such as the front-end receiver additive white Gaussian noise (AWGN),
unknown carrier phase (non-coherent receivers), possibly the carrier frequency offset
(Doppler), the possible presence of random data during acquisition, channel distortion (eg.,
fading channels) and additive interference and jamming. A less evident cause of randomness
in direct-sequence spread-spectrum systems stems from the partial correlation between the

incoming code and the local code which causes spurious correlation signals.

The key components of the acquisition system are the search strategy and the detector
structure. The detectors employ either coherent or non-coherent detection and may use either
an active correlator with a fixed or variable dwell-time (integration time) or a passive
matched filter. They also use a specific statistical testing philosophy namely, Bayes or
Neyman-Pearson or others. The search strategies commonly employed are the serial search

or maximum-likelihood (parallel) or sequential estimation. In all these cases the overall
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acquisition performance depends on the optimum search strategy and the optimum detector
performance. Often, it is the trade off between the acquisition performance and hardware
complexity that govemns the choice of a search strategy. The choice of the detector is
dependent on the type of the receiver’s decision criterion and also on the choice of the search

strategy itself.

A significant amount of research work conceming the optimization of search strategies can
be found in the literature. As the main interest has always been to improve the speed and/or
lock probability (or overall acquisition probability) of the search in low SNR environments,
the serial search strategy has been adopted in many cases rather than either sequential
estimation which fails at low SNRs or the maximum a posteriori probability (MAP)
technique (described in chapter 3) which is considered to be prohibitively complex to
implement. Among the serial search strategies, the single and multiple dwell and the
expanding window variable dwell types have received considerable attention and many
generalized analyses and unified approaches to the analysis of these strategies, have been
presented. However, detector optimization has not réceived equal attention and needs to be
explored further. The use of non-coherent detectors with various dwell time integrators, such
as single, multiple and variable dwell times, employing either active or passive correlators
have been analyzed by a number of researchers. However, the serial search disregards any
information gathered during the search which could also be used to alter the direction of the
search to further reduce the acquisition time. For this reason, the serial search is theoretically
suboptimum compared to maximum a posteriori technique and hence further gains in
performance are still possible by employing optimum detectors and optimum searches with
the serial search. Although the variable dwell time expanding window search can reduce this
gap to some extent, the sequential detector, which also uses a variable dwell time, offers good

improvement and a better promise both in terms of performance and simplicity.

The sequential detector on the other hand is conceptually known to be optimum in the sense
of minimum mean dismissal time for a given probability of detection and false alarm
compared with any other detectors, including sequential or non-sequential types (without
considering the detectors that use any form of adaptation). This type of detector has been
used generally in radar detection for sequential range processing but its use in
communication systems is very limited indeed. The theoretical analysis for the performance

of the sequential detector has been found to be quite difficult because of the multiple integral
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equations, the solutions for which are very difficult, if not impossible. Further, the solutions
have a complex relationship with the threshold levels, bias and input SNR and for many
cases they are unwieldy. The various approximate theoretical analyses for the sequential
detector available in the literature fail to satisfy the moderate to high SNR situations and
hence, in this thesis the Monte-Carlo computer simulation has been used to investigate the
optimum performance of the sequential detectors for spread-spectrum acquisition under these
conditions and also in low SNR conditions. The various practical difficulties affecting the
acquisition performance namely, presence of data modulation, Doppler shift and jamming or
interference have also been simulated in this work and the performance of a number of

variants of sequential detector is analyzed.
1.6 Goals of the present research
The main objectives of the research reported in this thesis are:

i) to investigate the optimum acquisition characteristics of the sequential detector for
direct-sequence spread-spectrum code acquisition using a Monte-Carlo computer

simulation

ii) the simulation and analysis of a quantized log-likelihood sequential detector
(QLD) to obtain the minimum number of quantization levels and to assess its

performance under these conditions
iii) the simulation and analysis of a biased square law sequential detector (BSD)

iv) the comparative analysis of the QLD and BSD with the ideal log-likelihood

sequential detector (LLD) in the absence and the presence of data modulation.

v) the analysis of the QLD, BSD and LLD in the presence of code rate Doppler offset

and residual carrier Doppler offset, and data modulation.

vi) the analysis of the degradation of acquisition performance for the QLD, BSD and

LLD due to CW interference and pulse jamming.

vii) a comparative evaluation of the LLD with the single-dwell detector and the digital

matched filter.
1.7 Organization of the thesis

The thesis is organized into eight chapters. The first chapter has introduced the different

types of spread-spectrum signals with their advantages and disadvantages. The problems
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associated with the reception of spread-spectrum signals have been addressed and the critical
aspects of code synchronization and its significance in the reception has been discussed. The
critical problem of this research interest, namely the faster initial code acquisition in low
SNRs for direct-sequence spread-spectrum signals using optimum sequential detectors has
also been introduced and the aims of this research have been outlined. An introduction to the

organization of the rest of the thesis is also presented in this chapter.

In the second chapter, the classification of the PN code acquisition schemes based on two
different criteria will be introduced. Based on these classifications, various types of code
acquisition techniques commonly in use are reviewed and their analytical performances
compared. The generalized analysis methods employed in the analysis of these techniques
namely, the unified theory using flow graph techniques, the equivalent circular state diagram
approach and the direct method using algebraic combinatorial approaches are discussed and
the important results on the application of these methods to each of the acquisition
techniques is presented. The analytical difficulties involved in using these methods with the
sequential detector will also be highlighted.

In the third chapter, the statistical decision theory applied to hypothesis testing of the general
signal detection problem, with particular emphasis on the sequential detection problem, is
introduced. The decision criteria and the optimum decision rules for an optimum detector are
described and the merits and demerits of these decision rules (eg., Bayes, Neyman-Pearson,
minimax, MAP etc.,) highlighted. Sub-optimum detection (nonparametric detection) is also
introduced briefly with the performance measures and the significance of the receiver
operating characteristics (ROC) outlined. The fundamental differences between a fixed
sample size and a variable length test are described together with the sequential probability
ratio test (SPRT). The major performance criteria of a sequential test viz., the operating
characteristic function (OCF) and the average sample number (ASN) function are introduced.
The applications of sequential detection theory to the code acquisition of spread-spectrum
signals is described and the existing research work in this area is reviewed. In addition, the
complexities in the analysis of sequential detection are highlighted and the biased square law

detector with its low SNR approximations is described.

In chapters 4-7, the computer simulation models employed are presented together with the
various observations and analyses of the performance of these code synchronization systems.

In particular, the fourth chapter presents all the computer models and the signal models used
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to simulate the three variants of the sequential detector for the acquisition of direct-sequence
spread-spectrum signals in the presence and the absence of data modulation, and the code
rate and residual carrier Doppler frequency offsets together with their mathematical
representation are presented . The software techniques used to realize the various functional
blocks in the system model for both transmit and receive sides are described along with the
channel models employed for simulating the various channel impairments namely, Gaussian
noise, jamming and interference. In addition, the computer models for a more conventional
single-dwell detector and a digital matched filter detector are presented. Finally, the Monte-
Carlo computer simulation procedure developed to assess the statistical performance of all

the detectors is explained.

In the fifth chapter, first, the performance of three variants of the sequential detector in the
absence of data modulation is presented. The effect of the number of quantization levels of
the uniform quantizer, Q, on the acquisition performance of the quantized log-likelihood
sequential detector, is shown and compared with the performance of an ideal log-likelihood
sequential detector, leading to the choice of minimum acceptable number 6f quantization
levels. Using an approximate model to the ideal log-likelihood function, the biased square
law sequential detector, is also analyzed and the performance of three variants of the
sequential detector are compared. In the second part of this chapter, the optimization of the
three detectors with respect to various critical system parameters is presented from which the
optimum system parameters or the range of near-optimum values are derived. Two stages of
optimization with respect to: i) the upper and the lower thresholds, and ii) the input SNR and
the design SNR is shown together with the three dimensional optimization characteristics for

each pair of the system parameters.

In the sixth chapter, first, the effect of data modulation on the acquisition performance of the
QLD and BSD are compared with that of the LLD. The data modulation degradation for
each variant of the sequential detector with identical system parameters is assessed and new
results on the acquisition performance of the sequential detector in the presence of random
data modulation is presented. In the second part, the analysis is extended to include the
presence of residual carrier and code rate Doppler frequency offsets and the acquisition
performance for all three variants of sequential detector is then compared. This analysis
examines, for the first time, the effect of both carrier and code Doppler on the mean

acquisition time of a sequential detector. The degradation in the acquisition performance due
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to the presence of data modulation and Doppler shift is also analyzed with each detector

operating at its optimum design SNR in predetection SNR range -4dB to 10dB.

The seventh chapter is also organized into two parts. The first part presents the acquisition
performance of the sequential detector in the presence of CW interference and pulsed
jamming. Results on the degradation of acquisition performance due to CW interference and
pulse jamming with various duty factors are presented for a range of jammer-to-signal power
ratio (J/S) and input SNR due to Gaussian noise. In the second part, the Monte-Carlo
simulation is extended to two other common forms of serial-search PN code acquisition
namely, the single-dwell detector and the digital matched filter and the acquisition
performance is compared with that of the sequential detector. The critical dependence of the
mean acquisition time on the threshold and dwell-time for both the digital matched filter and
the single-dwell detector is also analyzed and the optimization of these parameters, carried
out to obtain minimum mean acquisition time, is presented. The theoretical performance of a
single-dwell serial-search acquisition, evaluated numerically using a two-dimensional
optimization of the mean acquisition time, with the mfeshold, dwell-time and input SNR is
also presented and compared with its simulated acquisition performance, and shown to be in

a close agreement.

The eighth chapter presents the synopsis of the simulation results and a discussion from
which final conclusions are reached. The significant achievements of this research are

highlighted and the scope for further work outlined.
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CHAPTER 2

CODE ACQUISITION IN DIRECT SEQUENCE
SPREAD SPECTRUM RECEIVERS

2.1 INTRODUCTION

Despreading of the pseudo-noise modulated spread-spectrum signal is usually accomplished
by means of a local replica of the PN code in the receiver which is synchronized to the one
superimposed on the incoming waveform. Correlation of the incoming signal with the
synchronized local PN code replica then produces the desired despreading process. The
process of synchronizing the local and received PN signals is normally achieved in two
stages. Initially, a coarse alignment of the two PN signals is prbduced to within a small
(typically less than a chip) residual relative timing offset. This process is referred to as PN
acquisition. Once the incoming PN code has been acquired, a fine synchronization system
takes over and continuously maintains the best possible waveform alignment by means of a

closed loop operation. This process is referred to as PN tracking.

The problem of code acquisition has attracted considerable research attention recently and
many results have been reported. However, with the increasing need for spread-spectrum
receivers to operate in lower SNR environments, and with longer code lengths, the need for
more efficient acquisition under severe noise conditions is also growing. Two important
parameters that constrain the choice of an acquisition scheme are the mean acquisition time
and the hardware complexity. In this chapter, various acquisition schemes suitable for rapid
acquisition of direct-sequence PN signals in low SNR environments are reviewed. The
acquisition performance of some of the latest proposals pertaining to the rapid acquisition
schemes are also considered and analyses of their performance are compared. The optimum
acquisition method using a variable integration time for faster acquisition namely, sequential

detection will also be discussed.
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2.2 ACQUISITION TECHNIQUES - A CLASSIFICATION

The common denominator among almost all the PN acquisition techniques is that the
received signal is first correlated with the local replica PN signal to produce a measure of
correlation between the two signals. These methods make use of the large correlation output
when the codes are in synchronization and the low correlation value when the codes are out
of synchronization by one chip or more. This correlation measure is then processed by a
suitable detector/decision rule and search strategy to decide whether the two codes are in
synchronism and what to do if they are not. Thus, the differences between the various

schemes depend on:

i) the type of detector (and decision strategy) which is dependent on the form of the

received signal and the particular application,

ii) the nature of the search algorithm which acts on the detector outputs to reach the
final verdict.

2.2.1 Based on the type of detector

All known types of detectors for PN acquisition can be classified into either coherent or non-
coherent. The non-coherent detectors assume no knowledge of the carrier phase and
consequently, they generally comprise a bandpass filter centered at the frequency of the
received PN signal followed by a square-law envelope detector, an integrate and dump circuit
which operates over a finite time interval and a simple threshold device. The coherent
detector assumes that the receiver is capable of determining good estimates of the carrier
phase and frequency, thus the carrier must be demodulated prior to PN despreading. This is
usually very difficult because the power in the carrier has been spread to result in a very low
power density. The coherent detector typically employs a low pass filter followed by an
optimum Bayes detector or, instead, just a simple threshold device.

Depending upon the integration time the detectors can also be classified as either fixed or
variable integration time types. The fixed integration type can be further subdivided into
single-dwell and multiple-dwell types based on whether the detector’s decision is made on
the basis of a single fixed time observation of the received signal plus noise or many such
observations. Depending on the duration of the observation, single-dwell detectors can be
further differentiated according to whether they use partial or full period code correlation.

The multiple-dwell detectors make decisions based on the threshold comparison test
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following a threshold exceedance of the first dwell output, which is then verified using the
additional dwells in combination with further threshold tests in accordance with a specified
verification algorithm to produce a final decision. The verification algorithm can be of the
type in which the code phase position is immediately rejected (Di Carlo and Weber) [1] or
dismissed as soon as any dwell output fails to satisfy its threshold exceedance test. Other
types of verification modes, often referred to as search/lock strategies (Hopkin's) [2] (or
non-immediate rejection) either employ algorithms which require repeated threshold testing
of a given dwell output or use a majority logic type of decision based on the outcome of each

of the total set of multiple-dwell threshold tests.

For the case of variable integration time detectors, the dwell time, being the time for a
continuously integrated stochastic process to exceed a threshold, is a random variable. This
kind of acquisition scheme, with a variable integration time detector, typically employs the
classical method of sequential detection which finds its roots in the detection of radar signals

[3] and will be discussed in section 2.3.4.

Based on the rate at which the decisions are made on each code phase under test, detectors
can be classified as high decision rate detectors or low decision rate detectors. The matched
filter (passive correlator) PN acquisition systems typically fall under the high decision rate
detectors as these structures make decisions on the out-of-sync code phase offsets between
incoming and local codes at the PN chip rate or an integer multiple of it. Low decision rate
detectors employ active correlation and make these decisions at a rate much slower than chip

rate often at the code repetition rate or a multiple of it.

A final classification of detector types is based on the criterion for deciding between in-sync
and out-of-sync hypotheses. For example Bayes decision criterion minimizes the average risk
whereas the Neyman-Pearson criterion minimizes the probability of missed detection (error
of the second kind) for a given probability of false alarm (error of the first kind). Figure 2.1

presents the summary of the various classifications based on the detector types.
2.2.2 Based on the type of search algorithm

PN acquisition schemes can be classified into three categories based on the search strategy

employed:
i) Maximum-likelihood (paraliel))

ii) Sequential estimation
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iii) Serial search.

This classification of search strategies is summarized in figure 2.2.

2.2.2.1 Maximum-likelihood

These algorithms correlate the received PN signal with all possible code positions (or
perhaps fractional code positions) of the local code replica. All the correlations are
performed in parallel with the corresponding detector outputs pertaining to the observations
made on the same received signal. The local code phase position that produces the

maximum detector output is chosen as the correct PN code.

The maximum-likelihood algorithm can also be implemented in a serial fashion, by
correlating the received signal serially with all possible code positions of the local code
replica and storing the corresponding detector outputs. At the end of the test the correct code
position is chosen as the one with maximum detector output. Thus, in both cases a clear
advantage is that a definite decision is made after only a single examination of all code phase
positions, or a single search through the entire code period. However, for longer codes, the
complexity of parallel implementation or the time required to search the entire code and

reach the synchronization decision in the serial version is often prohibitive.

2.2.2.2 Rapid acquisition by sequential estimation (RASE)

This scheme, first introduced by Ward [4] makes the best estimate of the incoming PN signal
and loads the first 'n’ received PN code chips (# being the number of stages in the code
generator) into the receiver code generator and this forms the initial state of the local code
generator. The receiver code thus generated is correlated with the incoming signal and the
threshold is examined at the end of a predetermined examination interval. The correlation is
continued if the test passes, otherwise, a new estimate is made and the test is repeated. An
obvious advantage with this scheme is that the acquisition is rapid as long as the ’'n’
consecutive estimates are correctly made. However, at lower SNRs the probability of
correctness with which the initial estimate is made (P.) is reduced and the probability of
estimating the n consecutive bits falls drastically, and hence the technique looses its
advantage. In general, rapid acquisition is only possible with moderate SNRs, ie., down to
-15dB.

A modified RASE called Recursion Aided Rapid Acquisition Sequential Estimation,



search
strategy
v Y Y
maximum-likelihood serial search sequential estimation
permitted detector false alarm sweep
acquisition time structure state strategy
(figure 2.1)
limited non-limited absorbing discrete continuous
state step SWEEP
l
, Y Y
returning . .
state uniform non-uniform
S * *
random penalty fixed penalty Z-type EW-type
+ +' & 3
broken continuous broken continuous

Figure 2.2 Classification of acquisition schemes based on search strategy.



-20-

RARASE [5], employs a sync-worthiness-indicator (SWI) formed by the addition of the
estimated code chips to determine when the shift register should switch from the reload to
the track condition. Compared with RASE, which only has a simple detector, RARASE can
achieve an acquisition time reduction by a factor of 7.5 (for n = 15 shift register). Other
modifications of RASE using the recursive relation of the PN codes to improve the initial
n-chip estimate have also been investigated which use majority logic voting on independent
n-chip estimates [6], threshold decoding type of estimator [7] and by replacing the simple
threshold decisions with a Bayes detector [8]. Nevertheless RASE, RARASE and their

variants can only offer good performance down to moderate SNRs.

2.2.2.3 Serial search

First proposed by Sage [9], a serial search is performed by linearly varying the time
difference between the PN modulation on the incoming carrier and the PN waveform
generated at the receiver. A continuous decision process is used to determine when
synchronization is reached. Such a continuous search system is referred to as sliding
correlator PN acquisition. Since the test for synchronization is based on a continuous
decision process, this method can yield a shorter acquisition time when compared with the
serial realization of the maximum-likelihood technique as the search can terminate anywhere
within the uncertainty region rather than having to wait until the end of the code period.
Often, however, several passes of search through the uncertainty region are required to
achieve lock, particularly when the SNR is poor. When compared with the RASE system,
the serial acquisition technique can provide shorter acquisition time for input SNRs worse

than -15dB. Thus, this type of technique is attractive for low SNR environments.

In recent years, the trend has been to accomplish the variation of time difference between
incoming and local PN waveforms by a discrete stepping process wherein the phase of the
local PN code is stepped at uniform increments in time, advanced or retarded by a fixed
amount (typically a fraction of a chip). This discrete-step serial search of the uncertainty
region can be accomplished by a uniform search from one end to the other or by a non-
uniform search (making use of a priori information), typically starting at the minimum code
phase uncertainty, and expanding as a function of time to higher uncertainty. Such an
expanding window search or the simpler Z-type search strategies are well suited for
applications with very long codes in which it is not feasible to search the entire code, but it

does require some g priori information regarding the code phase, through some means. One
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method of obtaining this is to have very accurate crystal clocks both in the transmitter and
the receiver which are initially synchronized and maintain accurate time even when not phase
locked. Other situations are when a short preamble code is used or while resynchronizing

from the successful acquisition previously held.

A further subclassification of search strategies depends on time elapsed before reaching the
acquisition. Systems in which the search is allowed to proceed as long as necessary to
achieve acquisition with a given fidelity are classified as having nonlimited acquisition time.
These are the systems typically employed in applications where information modulation is
always present. Search strategies with limited acquisition time are usually used in systems
where the information modulation only commences when the PN code acquisition has been
achieved, viz. push-to-talk systems. In such cases, acquisition must be achieved within a

fixed time (usually less than a second or so) to a high overall probability of acquisition.

The detector classification can also be based on the way false alarm states are handled, and
thus the serial search strategies can be classified as being of the returning state or absorbing
state types. In normal circumstances the occurance of noise causes a false alarm state to be
generated and after a given amount of time (false alarm penalty time) which is a random
variable, (but is often mathematically modelled as being fixed) the system will return to the
acquisition mode and continues searching where it last left off. Such a recoverable false
alarm state is referred to as a returning state. Occasionally entry into a false alarm state is
catastrophic as the system cannot recover from this event. In this instance code acquisition is

completely lost and thus this type of false alarm state is referred to as an absorbing state.

2.3 PERFORMANCE OF ACQUISITION TECHNIQUES

The primary requirement of the acquisition scheme is to reduce the mean acquisition time for
a given level of background noise and interference. Various factors contribute to the poor
acquisition performance of the receiver, namely, the presence of data modulation on the PN
carrier, Doppler shift, jamming and interference etc. The performance of a particular
acquisition scheme is govermned by the various parameters relating to the search/lock
strategies employed, the detector type and integration time used. In this section, the
parameters influencing each of the acquisition schemes described are identified and ahalytical
results for the acquisition performance are discussed. The various methods employed for the

analysis of the search techniques are also described.
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Performance measures

A common measure of performance is the mean-time to acquisition, defined as the average
time elapsed from the initiation of acquisition to the completion of it. However, for the case
of burst-mode communication systems, a more appropriate criterion is to consider the
probability of successfully acquiring an anticipated spread-spectrum burst within a given
time. Thus, the probability of detection and probability of false alarms will be more suitable
criteria. The related parameters, such as false alarm penalty time, mean-time to lose-lock
etc., also need to be considered wherever appropriate. However, to obtain the complete
statistical description of the acquisition process, the probability density function (pdf) of the
acquisition time is required from which various moments can be obtained. This pdf can be
analytically obtained from the generating function formed by the transition probabilities of
the acquisition process modelled as discrete Markovian process. However, obtaining the
generating function and the closed loop solutions for the pdf are not easy in all the cases and
often approximations are required. In some cases, the solutions are normally limited to the

first two moments of the acquisition time.
2.3.1 Serial search acquisition techniques

In a simple serial search acquisition system using a sliding correlator with continuous
decision, the mean acquisition time in ideal conditions when the signal is not corrupted is

simply:

Tueg = -21"7 @.1)

where L is the length of the PN code in chips and Af, is the difference in clock frequency
between the local code generator and the incoming PN code. However, the presence of noise
causes the decision reliability to deteriorate because it reduces the probability of detection
and furthermore causes false alarms to occur due to the noise on the correlation signal
samples exceeding the threshold. The mean acquisition time in such circumstances depends
on the probability of detection P4, probability of false alarms P, (or equivalently the false
alarm rate n,), the false alarm penalty time T, and the specific search/lock strategy used to

counter the false alarms.

Numerous rescarchers have investigated these problems and derived expressions for the

mean acquisition time and its moments with different search/lock strategies and have also
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analyzed the statistics of the acquisition time function. All these analyses are reviewed here

with respect to each search technique.
2.3.2 Continuous search sliding correlator

In the continuous sweep serial search, the local PN generator runs at a frequency f. + Af;
which differs from the clock frequency f. = 1/T, of the incoming PN code by a small amount
Af, « f.. Thus, the epoch difference between both the codes vanishes at instants of time
which are L/Af, apart (L being the PN code length in chips) generating a train of impulses at
the correlator output which are triangular pulses of width 2/Af.. These pulses are detected by
the non-coherent detection circuit and tested against a preset threshold. The first detected
impulse declares the hit and sets the local clock to £, and activates the tracking loop. For the
sliding correlator with Af, as the slip rate between the two codes, the probability of false
alarms and miss detection have been derived as a function of the carrier-to-noise ratio and
search rate by Sage [9]. The effects of false alarm and miss detection were accounted for and
the expressions for the mean acquisition time were derived by Pandit [10] as:

Toy = ALfc (1 +n, Tp) |:Pl_a - o.s] @.2)
where P, is the probability of detection, ny, is the false alarm rate and 7} is the false alarm

penalty time.

The quantities P, and n,, depend on the SNR at the receiver input and the threshold level set
by the acquisition circuit and can be determined using the methods of signal detection theory
or measured experimentally. The effects of self-noise and decorrelation on the sliding
correlator was found to place an upper limit on the search rate and this problem was studied
by Omondroyd and Comley and analytic expressions were fitted to extend the observations

for cases with longer code lengths [11].
2.3.3 Discrete search sliding correlator

The sliding correlator with discrete search (or the stepping correlator) has received major
attention recently and various schemes with uniform stepping and non-uniform stepping
have been considered. For the case of uniform stepping, both single-dwell systems and
multiple-dwell systems with immediate rejection verification mode have been analyzed. The
non-uniform stepping strategies have also been analyzed using a unified approach based on

the use of equivalent circular state diagrams [18] and generalized algebraic characterization
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[20].

2.3.3.1 Single-dwell serial search

In this type of system the received signal plus noise is actively correlated with the local
replica of the PN code and then passed through a predetection bandpass filter. The filtered
output is passed through a standard type non-coherent square-law envelope detector to
remove the effects of data modulation. The detector output is next integrated for a fixed time
duration 1, called the dwell time in an integrate and dump circuit (post-detection integration)
and then compared with a preset threshold. Equivalently, a low pass version of a single-
dwell search scheme employs in-phase and quadrature-phase carrier reference signals and the
despread and demodulated signals in both the channels are passed through low pass filters,
square-law detecting the low pass signals and summing to produce the required signal for

post detection integration. Both these detectors are shown in figures 2.3 and 2.4.

Through a Markov chain model of the acquisition process, Holmes and Chen have derived
the mean-time to acquisition with and without code rate Doppler [12]. A more complete
description of the single-dwell acquisition has been presented by Di Carlo and Weber [13] by
deriving an altemate system performance viz., the probability of successful synchronization

as a function of all critical design parameters of the acquisition system.

The total time uncertainty to be resolved is T,, =N,T,, where N,, is the number of code chips
in the uncertainty region and is normally set equal to the code length, L. Typically, the
received and the local PN codes are aligned to within half a chip period (7,./2) and hence the
total number of code phase alignments (which are usually referred to as cells) would be
g =2N,. The mean acquisition time, T, of the single-dwell acquisition scheme, in the
absence of code Doppler, due to the method presented by Holmes and Chen assuming that

the number of cells to be searched ¢ > 1 is:

2-P)(1+KPy,
Ty = .(_%(m @.3)

where P4 and P, are the detector decision probabilities, K is the false alarm penalty factor

(false alarm verification time, Tp = K1, sec) and 1, the dwell time.

The variance of the acquisition time o2, has also been derived as:

1 1 1
62, =151 +K Py,) q? [Ti' “ P, + —Pg] 2.4
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The effect of Doppler on the acquisition performance is twofold. First, it smears the relative
code phase during the acquisition dwell time which has the effect of increasing or reducing
the probability of detection depending on the code phase and algebraic sign of the Doppler
rate. Secondly, Doppler also affects the effective code sweep rate which in the extreme case
can reduce it to zero causing the search time to increase greatly. Though it is very difficult to
exactly account for the Doppler, as far as the effective sweep rates are concerned the
Doppler has been accounted for and the modified expressions for 7,., and 6%, to a first

approximation are given as:

T, = @2-Py)1+KPg)N,1y @.5)

AT,
2P, | -T—+‘tdAfc+A’("|:,,,Afc1-"f‘l |
c

ay2| L_L, L
(1 +K PN [12 P¢+P§]

N
I

(2.6)

ot AT,
+T¢Afc +K‘td Afc Pf¢
T,
where
AT, /T = step size of search in fractions of a chip (typically )
Af. = code Doppler in chips which can be either positive or negative
Af.t4 = PN code phase timing shift due to code doppler during dwell time

Af.Kt,; = code phase shift during list verification

The mean acquisition time with Doppler T, | poppier and its variance 62, | poppier Can be

expressed in terms of T,y | so-Doppter and c%cq | no-Doppler TESPECtively as shown below:

Tacq | no-Doppler (2 ..7)

Tacq IDoppkr ’
| 1+ —]%-Afct,,(l +KPy) |
u

Gch | no—Doppler (2 8)

l+-q-l—A,fc'td(l+KPf,)JT

2 =
cacq | Doppler =
l N,

T,

T,

N, .
where —= represents the mean search update (denoted p) in the absence of Doppler
q

(or equivalently the step size of the search in fractions of a chip) with ¢” as the number of

cells in the absence of Doppler (g = ¢ for Af, =0).

Similarly, by the substitution of the equivalent mean search update, into the original

equations the Doppler rate can also be taken into account [14].
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The probability of detection P; and probability of false alarm P, depend on SNR, the
acquisition system parameters, namely 1, and the type of detector, and can be derived based

on signal detection theory [15], as given below:

If the envelope detector output is sampled at a rate 1/T <B where B is the predetection filter
bandwidth, which ensures sufficient sample decorrelation, then the samples can be treated as
independent identically distributed (iid) random variables. Then the detector probabilities can

be approximated with a Gaussian assumption of the integrator output (for a large BT) and

given by:
Py, = QIB] (2.9)
Py = QIB-BtpN1+2y] (2.10
where Q [x] is the Gaussian probability integral with B and y given by
B = M-Bt)\BT, 2.11)
vy = A220% (2.12)

where A is the rms amplitude of the correlator signal and o® =N,B/2 is the variance of the
noise process where N, is the single-sided noise spectral density. For a required P,, Py, given
¥, B and 7 the necessary dwell time 1, can be determined easily. However, the basic design
problem is to choose the optimum threshold and the dwell time that can provide a minimum
mean acquisition time for a given input SNR. Since both P, and P, are functions of the
threshold, dwell time and ¥, and they are transcendentally related; the optimization problem
requires the equations to be solved numerically. The optimization of the single-dwell

detector is considered in chapter 7.
2.3.3.2 Search/lock strategy (SLS)

An accurate analysis of code acquisition must explicitly account for the strategy by which the
search and lock functions are monitored. The transition from search mode (coarse
acquisition) to lock mode (tracking) is important as it has twofold effect on the overall code
synchronization process. First, it yields a verification which establishes the validity of a hit
produced by the search algorithm before the control is taken over by the tracking. This is
important as the false alarms, if unchecked, can have significant impact on the acquisition
time due to the longer integration time used during lock mode to assure high probability of
detection and thereby ensuring that the detector does not declare loss of synchronization
prematurely. Secondly, it continuously monitors the lock mode and determines when to
reinitialize the search mode based on loss of synchronization. Hopkins [2] has analyzed such

a searchl/lock strategy (SLS) for a single-dwell acquisition system, as shown in figure 2.5,
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using identical dwell-times (t4,) for both search and lock modes. In this, the first test of a cell
(state 1) causes a hit to the next state (stage 2) and a hit in state 2 to enter the lock mode. In
the search mode a miss in state 1 results in immediate rejection of the cell and a phase step to
the next cell, a miss in state 2 causes a return to state 1. Once the lock mode is entered a
single miss will not cause a return to search. This SLS is analogous to a counter with four
possible counts 0, 1, 2 and 3 and an initial count of 1 with 3 for the lock mode. This type of
SLS is called an up-down counter strategy. A significant feature of this SLS is that the
detector parameters are changed upon entering the lock mode to ensure a very high
probability of detection (P;). A Markov chain model with absorbing boundaries (states with
no transition, ie., starting and ending states), was employed to analyze the SLS and the
expression for mean time to acquisition was derived as:

Ty = ﬁ;—" [ 2;:‘] 2.13)
where P, is the probability of entering lock and 7T, is the mean dwell time for an incorrect

cell.

The variance of the acquisition time was found to be:

0%, = TN, [712-+P—‘%-%] 2.14)
The probability of acquiring lock P, is determined from the knowledge of state transition
probabilities (in fact, P, is the probability of going from state 1 to state 3 and can be related
to probability of detection for the search mode). 7, is the mean time to reach state 0 to 6 and
can be related to the dwell time and the probabilities of false alarm in the search and lock
modes [2]. To include the effects of code Doppler or its derivatives, the modifications to the

mean search update, pu can be made as suggested earlier.
2.3.3.3 Equivalence of single-dwell search with continuous sweep

Often, the performance results obtained for the discrete stepping search system can be
extended to the continuous sweep procedure, using an equivalence of the system parameters.
Thus g1, is equivalenced with L/Af, to equivalently search one code period. Further, KP;, = (
K1,)(Pslta4), hence for the continuous system K7, is equivalenced to the false alarm penalty

time Tp and P/, is equivalenced with the false alarm rate np, = P (qAf./L).
2.3.3.4 Double dwell serial search acquisition

The mean acquisition time of the single-dwell serial search system depends on the mean
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dwell time for each cell with incorrect code phase and the false alarm penalty time factor K.
When both t, and Py, are large, this can lengthen T, significantly. In order to reduce the
acquisition time of the serial search it is required to discard the cells containing no signal (ie.,
the out-of-sync and the potential false alarm states) as soon as possible, still keeping the
advantage of longer integration time for the cell containing the wanted signal in-lock signal
to improve the decision reliability. This technique reduces the required mean dwell time,
simultaneously improving the probability of detection. Thus a double-dwell system, in
which the search is performed during the first dwell time t,, and the verification is performed
in the second dwell time t,,, significantly improves the acquisition performance over the
single-dwell scheme as those cells without the wanted correlation signal can be rejected in

the search mode itself.

Double-dwell search schemes with a search/lock strategy, similar to Hopkin’s up-down
counter strategy, however, employing two different integration times in the search mode and
three verification stages which can employ longer integration time, has been analyzed by
Holmes and Chen [12] and Di Carlo and Weber [1], and expressions for mean acquisition
times were obtained as a function of various search parameters and system parameters. The
analysis by Di Carlo and Weber derives expressions for more general multiple-dwell
schemes and obtains results for the two-dwell system as a special case, while Holmes and
Chen extended the analysis using a Markov chain model of the acquisition process of a

single-dwell scheme to that of the double-dwell scheme.

The expressions for mean acquisition time and variance without code Doppler for a double-

dwell search scheme are given by [1,12]:

2-Py)
Tuq = 2Pd [T‘“ + T42 Pfal (1 +KPfa2):|q (2.15)
0%, = By + 1% Phy (1 +K Pup)? q? | = - L+ L (2.16)
acq d1 +Td2 L fa1 fa2)” q 12 P, P?,
with ¢:»P,,K (K +1) and g>>1

where
141 = first dwell time
742 = second dwell time
P4 = P4y P4, product of detection probabilities of dwell times one and two, respectively
Py, = false alarm probability of the first dwell
Py, = false alarm probability of the second dwell
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K = penalty for a false alarm at the second detector (number of 1,4, units of time)

The equations can also be modified to account for code Doppler by replacing g by N, /u where
u is the mean search (code phase) update in chips given by:

AT,
M= T‘ + T Af. + Ppay Taz Afc + Pgyy PrasAf, @17

c

2.3.3.5 Multiple-dwell serial search

The multiple-dwell serial search strategy is a more general type of serial search in which the
examination interval is not constrained to be a fixed period of time. Instead, the examination
interval consists of a series of shorter dwell periods with the decision being made after each
dwell time. Thus, an incorrect waveform alignment can be discarded in a shorter period of
time than is possible with the single-dwell time technique. This capability to quickly discard
the incorrect alignments significantly reduces the overall acquisition time, especially when a

large number of possible alignments are to be examined.

The general form of the N-dwell serial search acquisition system (as referred by Di Carlo
and Weber) is shown in figure 2.6. The received PN signal, plus noise, is multiplied by the
local PN signal and the output is fed to each of the N non-coherent detectors. The i, detector
is characterized by a detection probability, P4, a false alarm probability, P, and the dwell

time t;. The detector dwell times are assumed to be ordered such that:
Ta1 STa25T32 S weeeeen <Tan (2-18)
The decisions are made by sequentially examining the N detector outputs (starting with the

first) and applying the following algorithm.

Step 1: If all the N detectors (tested in succession) indicate that the present cell is correct

(produces a threshold crossing) then the decision is made to stop the search.

Step 2: If any one of the detectors fails to indicate that the present cell is correct (fails to
produce a threshold crossing), then the decision is made to continue the search and the local

code generator is updated (retarded), whereupon the next cell is examined.

The N integrate and dump (I & D) circuits initiate their integration at the same time but

dump at later and later time instants.

Though this represents the conceptual realization, in practice the N, I & D circuits would be

realized by a single continuous-time integrator whose output is sequentially sampled (but
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not dumped) at time constants Tgy, Tg1+T42,eerenenees » Ta1+T42+..... 41y depending on the

outcomes of the first i - 1 threshold comparisons.

The false alarm penalty time, Tp, when all N detector outputs exceed their respective
thresholds for a cell which does not correspond to the correct code alignment, can be
modelled as an integer multiple of the additional time required by the N* dwell

Tp = Kn(tay — Tan-1) (2.19)
The statistical properties of the acquisition strategy are obtained using a Markov chain model
and a flow graph representation of the N-dwell system by Di Cario and Weber [1] and the

expressions for mean and variance of the acquisition time were found to be:

@-Py M| i
T“q =q —2P——z lj nme +PFA Tp 8,-N M q>>1 (2.20)
d j= i=1
2 _ |1 1 1|fX [ ’
Gacq =q E—P—d-i-P—% J§l lj ‘-1:‘1[Pfai +PFA Tp st (221)

where ¢; is the additional time necessary to make the j* decision given that the present cell
has not been rejected at the (j-1)* decision.

tj =Tdjs j=1,...N (222)
if the detectors are reinitialized after each decision (integrate and dump) and

b ="T4j — Taj_1, j=1.N (2.23)
if the detectors are not reinitialized.
Pp and Pg, are the overall system detection probability and false alarm probability which are

expressed, in terms of the conditional probabilities per cell basis, as:

N
Pp=3 Py 2.24)
i=1
N
Ppa= Y Pp 2.25)

i=l
P4 = conditional probability of detecting the correct cell given that it has been
successfully detected by previous (i -1) detectors.
Pg,; = conditional false alarm probability which is the conditional probability that the i
detector chooses an incorrect cell given that the previous (i-1) detectors have also chosen it.
8;v = the Kronecker delta function defined as
1 i=j
o= {0 i#j (2.26)
For the special case of N = 1, K, =K the above expressions readily reduce to those of the

single-dwell search system. When compared with the single-dwell search, it is apparent
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from the expressions that for the same false alarm penalty time, i.e. KT, = Ky (Tav — Tav-1), the
N-dwell system can yield a smaller acquisition time than the single-dwell system if

N | ja

E [ prai ] (tgj —Taj-1) < T4 2.27)
Thixs, the ability to design the N-dwell system to satisfy the above equation depends on the
functional relationship between the conditional false alarm probabilities and dwell times.
The system detection probability Pp, and false alarm probability Pr4 can be approximated

from the signal detection theory as in the case of the single-dwell detector.

From the computation results of cases with, N = 1, 2, 3 by Di Carlo and Weber a significant
conclusion was reached that the reduction in average acquisition time obtained by increasing
the number of dwells is significant from one to two. Additional but only nominal

improvement is gained when more than two dwells are used.

2.3.4 Variable dwell time schemes or sequential detection

These schemes employ sequential detection methods stemming from the original work by
Wald [3] which has been applied to radar detection theory. The design philosophy is based
on the minimization of the acquisition time by quickly dismissing the false sync positions,
allowing it to integrate over a much longer time interval during the single cell which contains

the correct code alignment.

Though multiple-dwell schemes achieve this by increasing the integration time in discrete
steps, sequential detectors allow the integration time to be continuous and replace the

multiple threshold tests by a continuous test of a single dismissed threshold.

The corresponding search strategy is designed so that the mean time to dismiss the false sync
is much smaller than the single-dwell system. Thus, since the search spends virtually all its
time dismissing false sync positions, the mean acquisition time of sequential detection PN

acquisition system will be much less than that of the single-dwell system.

The generalized sequential detection acquisition system is shown in figure 2.7. This employs
a square-law envelope detector to remove the data modulation and operates identically to a
single-dwell system except that the integrator or accumulator samples are a transformed
version of the envelope detector samples. The output of the integrator would, typically
follow along the integrated mean of the square-law detector output (N,Bt or N,B(1+y)t),

depending upon whether the cell under test corresponds to noise only or signal plus noise.
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For both these hypotheses the integrator output would tend to increase with time, but at
different slopes. By subtracting a bias voltage b, such that N,B < b < N,B (1+Y), the integrator
output will tend to decrease linearly with a slope (N, B - b), when the noise only is present,
and increase linearly with slope (N,B(1+y)-b) when the signal plus noise is present, as
illustrated in figure 2.8. By setting a negative threshold a code epoch is dismissed when the
integrator output falls below it. The smaller the magnitude of this threshold, the faster the
integrator output will dip below it if it contains no wanted signal. This provides the basis of
a quick dismissal. Howeyver, since the smaller magnitude of threshold can more likely dismiss
the signal plus noise also (ie., a false dismissal), a compromise threshold value must be
chosen for a relatively quick dismissal of the false sync, but which tends to allow the true

sync position to remain above threshold.

There are two ways of determining a true sync event (and a false alarm). One way is by
designation of truncation time, say 7,. On reaching this interval without declaring the wrong
epoch causes the declaration of the signal. This is called a truncated sequential test and the
test truncation time 1, is referred to as the time-out of the sequential detector. The time-out
feature in some cases is replaced by a test against a second positive threshold in which case
the signal is declared to be present as soon as the integrator output rises above the positive
threshold, rather than remaining above the lower negative threshold for all 0 < ¢ < 1,. This is
the two-threshold sequential detection system and indeed, is the more classical type,
representing a direct application of the sequential hypothesis testing originally discussed by
Wald. A complete description of two-threshold sequential detection scheme with optimum

decision criteria will be discussed in chapter 3.

2.4 GENERAL ANALYSIS OF SERIAL SEARCH SCHEMES

Various researchers have used combinatorial arguments or simplified flow graph techniques
with transform domain methods for analyzing straight serial search strategies from a
characteristic function or a generating function. In some cases, the analysis is extended to
optimized expanding window searches and the derivations are obtained through laborious
steps. These analyses use many assumptions [16]-[22] and their results are valid only for the

specific cases assumed.

Generalization of the serial search analysis to include many other specific cases has been

carried out using unified theory and circular state diagrams in transform domain by
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Polydoros and Weber [17], and, Polydoros and Simon [18]. A time domain method using a
rapidly converging infinite series to obtain the pdf and the first two moments of the mean
acquisition time has also been presented by Meyr and Polzer [23]. A direct approach for the
analysis of strategies for serial search using both time domain and the transform domain
techniques has been presented by Jovanovic [21]. Pan, Dodd and Kumar [22] have recently
presented an analysis for straight serial search strategies with fixed dwell times using a
modified flow graph which permits the use of a generalized lock strategy and allows the false
alarm time to be treated as a random variable. In this work, the distribution of the acquisition
time has been obtained directly by use of an extended generalization of Bernoulli trials. This
analysis is more general and requires fewer assumptions and approximations compared with
the other analyses which use a fixed penalty false alarm time. It is also suitable for single and

multiple-dwell schemes and can be extended for Z-search and expanding window searches.

The following sections describe these general analysis methods used for analyzing the serial

search strategies and the results obtained using these methods are also discussed.
2.4.1 Unified approach to serial search

This is a general theory of analysis applicable to serial search acquisition schemes proposed
by Polydoros and Weber [16]. It provides a general extension to the previous state diagram or
flow graph technique originally suggested by Holmes and Chen [12]. The theory is based
strictly on transform domain techniques and is formulated to be general enough to
encompass the past theoretical methods as well as the more recent ones and allows for
significant freedom when modelling the receiver structure. It accounts for arbitrary choices
for: 1) cell logic (verification mode), 2) search logic (serial search strategy), 3) prior

information and 4) the form of spectral spreading such as DS or FH.

Using this approach the generating function is obtained by substituting various path gains of
the flow graph, representing all possible state transitions as appropriate to the acquisition
scheme, in the generalized characteristic (or generating) function, from which the mean
acquisition time and its variance can be obtained. The applicability of the proposed
theoretical framework was illustrated, by considering the cases of simple examples, viz.
single and multiple dwell. The various branch gains were defined and the expressions for
mean acquisition time were obtained which readily agree with the previous results.
Following a similar approach, a matched filter non-coherent acquisition system was also

analyzed and the mean acquisition time for both uniform and worstcase assumptions were
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derived.

In a parallel effort, Holmes and Woo [24], Weinberg [19] and Braun [20] have used
combinatorial arguments to derive expressions for a more sophisticated serial search strategy
which is a class of expanding window technique (which will be discussed in the next
section). The unified theoretical framework has also been later generalized to provide results
for any arbitrary serial search strategy, such as the Z-search and the expanding window
search by Polydoros and Simon [18].

2.4.2 Equivalent circular state diagram approach

The circular state diagram method was first used as a tool for modelling and analyzing the
complete acquisition behaviour of straight (uniform) serial search schemes using the unified
theoretic approach by Polydoros and Weber. The method was generalized using equivalent
circular state diagrams and extended to include arbitrary serial search strategies by
Polydoros and Simon [18] in which two classes of non-uniform serial search strategies, viz.,
Z-search and expanding window search, were considered. In this work, also the generating
or characteristic function of the stochastic process is derived through a transform domain

description.

The advantage of this technique is that it circumvents the complicated combinatorial
arguments used in the analyses employing a transform domain description of the stochastic
acquisition process by Braun [20] and Weinberg [19]. It allows a simple and more
systematic evaluation of the generating function of the process using the well-known flow

graph reduction techniques.

24.3 A direct approach to analysis of serial search strategies

A direct approach to obtain the statistics of the mean acquisition time of serial search
strategies was presented and various Z-search and expanding window search strategies were
compared by Jovanovic [21]). This technique combines the idea of algebraic
characterization of the search with the transform domain methods and is a general unified

technique yielding many other known results as special cases.

One of the major advantages of this technique is that the effect of the search strategy on the
moments of the acquisition time can be isolated from the effect of the detection/verification

time.
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Using this approach several conclusions regarding the comparative performance of the
continuous/broken, centre/edge Z-searches and expanding window search have been
confirmed. Two alternative search strategies namely, i) uniformly expanding alternate (UEA)
and ii) non-uniformly expanding alternate (NUEA) were also proposed and their
performances were compared. Both these strategies perform tests by jumping sequentially
on cells following the order of decreasing a priori probability. An optimum search strategy
based on the maximum a posteriori (MAP) method was also analyzed to establish an

absolute and uniform basis of comparison with the suboptimal strategies.

Based on these comparisons it was shown that the non-uniformly expanding alternate
(NUEA) strategy achieves a performance which is indeed very close to the theoretical limit

showing essentially the same performance as the MAP search.
2.5 NON-UNIFORM SEARCH STRATEGIES

The straight serial search strategies (uniform) considered hitherto have assumed that the a
priori pdf of the signal location across the uncertainty region is uniform, ie., the correct cell
is equally likely to occur in any of the q cells searched in one complete pass. When the a
priori pdf signal location is in some sense peaked rather than uniform ie., non-uniform then
the optimum search strategy should begin with searching in the region where the likelihood
of finding the signal is the highest. The expanding window search and the Z-search schemes
achieve this objective. Both these search strategies can employ either continuous or broken
(with a fast rewinding) searches and also can start at either the centre or the edge of the

uncertainty region. These search strategies are shown in figure 2.9.

The analyses of the non-uniform search strategies have been carried out by a number of
researchers using the above general approaches and by using combinatorial methods. The
analysis of two subclasses of Z-search (continuous/centre and broken/centre) and expanding
window search schemes using the equivalent circular state diagram approach was presented
by Polydoros and Simon [18] and the results are discussed here. In their analysis, the unified
approach was applied to the non-uniform search case simply by translating the motion of the
specific search strategy under consideration into a circular motion along an equivalent

circular state diagram, analogous to the one used for the uniform search.
A. Continuous/Centre Z-search

This search, as shown in figure 2.9, is initiated at the centre of the code phase uncertainty



Z-SEARCH

EXPANDING WINDOW SEARCH

EDGE

CENTRE

EDGE

CENTRE

—

. —
- —

n
o)
O
> s
é ;
8
N
2> LI
B <
. T~ L2
& -
M ~
2 13
M P = -
N\\é\s\Lﬂ'

Figure 2.9 Z-search and Expanding window search schemes




-36-

region and proceeds until the end in the direction of decreasing a priori probability and
reverses its direction every time the boundaries are reached. Assuming the location of the
true sync state is at the centre (for a triangular a priori distribution), the search process will

mect it once during each sweep.

Following the steps of flow graph reduction techniques, the generating function can be
derived from which acquisition statistics can be obtained. Thus, the mean acquisition time

for continuous/centre Z-search can be found to be [18]

1 2(1+KPp)q(3-3P4.P4%)
Tacq leom=Ta | 5~
P,; 3P,(2-Py)

B. Broken/Centre Z-search

J for large q (2.28)

This is similar to the continuous/centre Z-search with the exception that the same cells are
not searched twice in a row (figure 2.9). Instead, when one of the boundaries is reached, the
local code is quickly rewound to the centre and the search continues in the opposite direction.
Following the identical steps using circular state diagrams the mean acquisition time has
been obtained as

_ 1 4-3P; | T, (14KPp)q 7
Ta:q|bmk¢u—'td{z[l+|: > ]E]+ P, 1 12P4 for large ¢ (2.29)

The improvement in the mean acquisition time using a broken rather than a continuous/centre

Z-search can be approximated to (for large q)
Tacq | coms _ 2(3_ 3P, d+P 3)
Tacq | broken - 7
3(2—P 4) [EP dJ

The maximum improvement factor occurs for P;=1 and has the value 1.6, ie., a 37.5%

(2.30)

saving in acquisition time.

For more general cases where the a priori probability distribution, w; is arbitrary but
symmetric (P4 = 1, q large), the improvement factor is
q2
2 z ij +g—
Tacq | com _ = 2.31)
Tacq | broken 2%2]-1‘}_’_ q
a4

which is lower and upper bounded by

6 Tacq | cons
— =2 2.32
5 Tacq | broken ( )

corresponding to a priori distributions
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m=n,=h (2.33)
x;=0; j#1lq

and
Mg =mg+1 =h (2.34)

;=0 ; j#-g-,-g-H
Thus regardless of the a priori probability distribution, the broken/centre Z-search potentially
offers an improvement of at least 20% and at most 100% over the continuous centre

Z-search. Of course, for P4 < 1 these improvements will decrease accordingly.
C. Expanding window search

This method was, first, analyzed using combinatorial methods and laborious derivations by
Holmes and Woo [24], Braun [20] and Weinberg [19] as an optimum serial search strategy
and the improvement in the acquisition time in comparison with the uniform window search
was shown. However, a more general approach using equivalent circular state diagrams was

presented by Polydoros and Simon [18]. Results of this method are discussed briefly here.

Polydoros and Simon considered a class of expanding window search strategies with two
representative cases which differ in the way the search is continued once the entire
uncertainty region has been searched without success. In one case, search repeats by starting

from the smallest window while in the other case it starts repeating from the largest window.

Using this method, the expanding window single-dwell serial search strategy was optimized
ir; terms of the required number of partial windows, parameterized by the prior distribution
of the phase uncertainty. From the results, it was observed that there exists an optimum
number of sweeps N,, for P; < 1, while for P; = 1, N,,, = 1 implying that the
continuous/centre Z-search is the optimum. The effect of peakness of the prior distribution
on the performance was also studied for a truncated Gaussian distribution and it was seen
that the more peaked the distribution the more one gains by using expanding window search
rather than the Z-search. The value of N,,, was also observed to increase with decreasing Py
and it was concluded that as the reliability of individual cell tests decreases one has to rely
more on the prior information and, thus, spend more time around the peak (more windows).
The higher peak distribution was also observed to result in a large N,, than the more
dispersed one. Thus, optimizing the system at lower P, was found to be essential in view of

the gain in acquisition time reduction.
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2.6 RAPID ACQUISITION BY SEQUENTIAL ESTIMATION (RASE)

The sequential estimation acquisition scheme, first proposed by Ward [4], can provide
significant improvement in the mean acquisition time as long as the SNR is not very low.
Rapid acquisition is achieved by directly loading the estimated initial status into the local
code generator of the PN despreader as shown in figure 2.10. This technique presumes that
the incoming signal is baseband, thus correlation is done at baseband and the Gaussian noise
is the only interference. The implication for direct-sequence PN receiver is that the coherent

carrier phase tracking has to be established before code acquisition.

The scheme in its original form is extremely vulnerable to interfering signals because the
decisions are made at the chip rate rather than at the data rate. This means that the detector
operates in the very poor SNR at the input of the spread-spectrum receiver. Errors in
detecting the n consecutive bits lead to the wrong initial code state being inserted into the
local code generator with which the system try’s to acquire lock. After the examination
period a new set of » bits are loaded (if the test fails) and the process is repeated. Thus, the
system is not particularly useful for multiple access or in tactical radio environments
characterized by bursty communications in severe jamming. However, it can be useful for
precision ranging or for continuously operating strategic links in relatively good SNR

conditions.

Ward has derived the expressions for acquisition time as a function of false alarm, false
dismissal probabilities (P, Py;), and examination time, T,, as
T,

T, =
AIE T PH1-PR)(1-Pp)
where P, is the correctness probability of the estimated bit which is a function of input SNR.

(2.35)

Py, and Py, are functions of the threshold, examination period and P..

The experimental performance has been compared with that of the stepping correlator and the

improvement factor is found to be (for large SNR) a function of SNR.

T,
q = 2(u —l)Pch (2.36)

Tocq.rASE
where n is the shift register length.

For large SNR, the improvement factor approaches half the number of bits in the sequence,
while for very small SNR the average acquisition time of sequential estimator is twice that of

stepping correlator.
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The effects of Doppler and self noise have been also accounted for and the expressions for
acquisition time and the threshold then takes the form:
T,

T, =
T PR -PRY(-fulf.)
/., the nominal frequency and f;, the frequency difference due to Doppler.

2.37

2.6.1 Recursive Aided RASE (RARASE)

Ward and Yiu [5] have suggested an improved method of sequential estimation by using the
recursive relation of the PN sequences to determine if a short estimate of the state of the
received PN signal is probably correct, thus discarding the high proportion of incorrect initial
state estimates with relatively simple logic. The modified scheme is shown in figure 2.11.
The average acquisition time for RARASE has been derived as

Tanrarsss = o (P2 + 3P @.38)
for one 3 input n:od-2 adder in the sync-worthiness-indicator (SWI) as shown in figure 2.11.
The improvement factor over RASE system is

%‘ﬁ = P2 +3(1-P.)? (2.39)
The number of checks can be increased to more than one bit for better decision reliability by
adding more number of adders and thus for m, 3 input mod-2 adders in SWI [5]

Tacq.RARASE

Tacq,RASE
The analytical expression for the probability of attempting to track for a general overlapping

= (P2 +3(1-P)H)" (2.40)

SWI implementation is difficult. However, for a particular case of fully overlapped SWI
implementation with a single 3 input mod-2 adder and a counter which requires n successive
attempt tracking outputs from the mod-2 adder before placing it in track mode, the
improvement factor is given by

Tecomarase _ _1_[,,3» +3 3 2 (1)) P%""f*”(l—h)”-”} @41)

Tacqrase  P? Pl S AV A
The improvement for n=15 is an impressive factor of 40 at higher SNRs and the improvement

is shifted towards smaller values of SNR compared to the non-overlapping RARASE
implementation. However, for typical SNRs it varies from 2 to about 20 with largest for

SNRs of -3dB to -6dB and may be significant as low as -20dB.
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2.6.2 Maodifications to RASE/RARASE

RARASE schemes employing sequential detection as a phase checking system have also
been analyzed by Ward and Yiu [5] in which each sync-worthy phase estimate is checked
with a variable examination time made up of a series of examination intervals. At the end of
the examination interval a hard not-in-lock decision or a soft probable-in-lock decision is
made. The not-in-lock decision results in a continued search for the sync-worthy phase
estimate, while the probable-in-lock decision results in continued examination of the same
phase and the resetting of the threshold parameter. After a certain number of successive
probable-in-lock decisions have occurred a hard-in-lock decision is made, resulting in no
further examination. The average number of examination intervals (NEI) used per sync-
worthy phase estimate has been derived as:

NEI=1+P, 2"{ f’[l(l _Pa)+0 51_;1 g”f"‘* 2.42)
where Q=1-P, lthh. P, is the pmbla_bil;ty that a phase presented to the detector is correct and
Py, Pry are the probability of false dismissal and false alarm at the end of k* examination
interval. The steps for computation of these probabilities were presented and the NEI was

computed [5].

The analysis of sequential detection RASE becomes more complicated due to the
interrelation between phase estimation and phase checking times. Thus, the explicit
Sformulation of improvement factor has not been derived. However, computer iteration

procedures have been employed to solve the problem.

Alem and Weber have applied the optimal Bayes detector for the acquisition of a baseband
PN code using sequential estimation [8]. The performance of the system in terms of P, and
Py in the range of SNR = -20db to -30db has been numerically calculated. Kilgus [6]
suggested obtaining a number (n) of independent estimates of each of the n chips and making
a mayjority logic vote among all n estimates to determine the initial n chip estimate. Pearce
and Ristenblatt [7] suggest a threshold decoding type of estimator similar to that used for
block codes. Recently, Chiu and Lee [25] have suggested an improved sequential estimation
(ISE) based on an extended characteristic polynomial which can extend the use of RASE for
both the m sequence and the converted m sequence. The mean acquisition of ISE has also

been derived through the generating function flow graph technique as:

1+(1-PP*)K Py,
acqISE = P:Hlpd T.

(2.43)
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where
T, = (m+1+L)T, (2.44)
T,, chip duration, m - shift register length

P,, chip correctness probability

with rest of the symbols as defined earlier.
2.7 PN CODE ACQUISITION USING MATCHED FILTERS

Active correlators integrate over a period of time which may be of the order of a few code
lengths which is called dwell-time, 1, for each threshold test. This imposes a basic limitation
on the search speed since the reference code can be updated only after intervals of 1,. The
search rate of a DS acquisition scheme can be significantly increased with a passive
correlator device such as matched filter (MF) which provides the real time search capability
(for each incoming code chip, code phase is searched within a code chip period or even less).
In the matched filter correlator each T, segment (chip time) of the received waveform
participates in MT_/AT, decisions where AT, is typically of the form 2T, (forn=0, 1, 2, ....),
M is an integer constituting a fundamental design parameter as MT,/AT* is essentially equal
to the number of memory locations in the correlator’s shift register. This multiple use of the

received waveform is the key to the rapid acquisition idea.

The non-coherent matched filter detector makes a decision every T, sec; at the same time the
decision is based on a correlation time of MT, sec. In the continuous case, the incoming PN
code plus noise is involved in the correlation with a finite segment of PN waveform (M
chips) and the continuous time output is tested against a threshold to determine when
acquisition has occurred. The input continuously slides past the stationary (not running in
time) stored PN waveform replica until the two are synchronized, at which point the
threshold would be exceeded and the local PN generator enabled. As the PN spreading
waveformn is typically biphase modulated on a carrier whose phase is as yet unknown, the
matched filter acquisition system must be implemented either in a bandpass version or an
equivalent low pass version. In the bandpass case, a bandpass matched filter is used whose
maximum output is detected by a square-law envelope detector, while in the low pass
version, in-phase and quadrature-phase carriers with arbitrary phase but known or estimated
frequency are used to demodulate the received signal, followed by baseband matched

filtering of each demodulated signal. The matched filter outputs are then non-coherently
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combined to produce the desired correlation measure for threshold testing. Both these

versions are shown in figures 2.12 and 2.13.

Conceptually, PN matched filters can be implemented as a tapped delay line followed by a
passive filter matched to a single PN chip waveform. Attempts to develop advanced
concepts which allow the matched filters to be programmable have led to intensive
investigations of Surface Acoustic Wave (SAW) convolvers, Charge Coupled Device (CCD)
correlators and digital techniques. The basic limiting factors are the length and hardware
complexity of the matched filter which grows proportionally with the length of the sequence
to be detected.

Many schemes have been proposed for PN acquisition with matched filters and some
implementation results have also been reported in the literature. Grieco has proposed the use
of CCDs [26] and has also analyzed the inherent limitations of CCD matched filters [27].
The design of CCD pseudo-noise matched filters has been presented by Magil et al [28],
whilst Milstein et al have proposed the use of an SAW devices for spread-spectrum receivers
[29]. Dostert and Pandit have presented the performance of a PN synchronization circuit
employing SAW tapped delay line matched filter [30] and a wideband spread-spectrum
modem, using a pair of SAW convolvers as programmable matched filters, has been reported
by Hjelmstad and Skaug [31]. A similar implementation scheme using SAW convolvers as
programmable matched filters for a hybrid DS/FH spread-spectrum scheme has been
implemented by Kowatsch [32]. Milstein, Gevargiz and Das have also proposed a rapid
acquisition scheme, using parallel SAW convolvers {33). Use of subsequence matched
filtering (SMF) has been proposed to improve acquisition performance by Mark and Blake
[34].

In the development of the structure of matched filters, Baier has proposed a non-coherent low
cost digital matched filter (DMF) with binary quantization which shows good performance
for signals with a large time-bandwidth product [35]. A comparison of the SNR degradation
with non-coherent DMF with one bit quantization suggested previously by Turin [36] has
been carried out and the results show that the extended DMF outperforms Turin’s DMF by as
much as 3dB. Couturier, Wight and Pearce [37] have implemented a non-coherent four phase
DMF and experimentally verified the Baier’s theory of complex valued envelope matched
filtering while Levita [38] has analyzed the performance of the digital matched filter for
multilevel signals.
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Glisic has proposed an aqutomatic decision threshold level control (ADTLC) for DS spread-
spectrum system based on matched filtering [39,40]. Fischer et al have described a wideband
packet radio for multipath environment using DS spread-spectrum incorporating SAW
convolvers as programmable matched filters coupled with binary post processing [41].
Recently, Su has suggested four rapid code acquisition algorithms with parallel and/or serial

search using fixed/sequential detection employing PN matched filters [42].

Polydoros and Weber have presented a rapid acquisition scheme using matched filters [43]
and have also analyzed the performance of matched filter acquisition using their unified
approach [17]. A simple expression for the PN matched filter acquisition time has been

presented by Pandit [10] which is given by:

2’} |:P41+£‘;(2v+l)P‘v+l I10- P,,,l)} (2.45)

c pn=1

Toq =
where P, and T, are given by
Pyy=Pgexp (-ngTy) (2.46)

T, =min (T,,, [v+ 0.51L/f.) .47
where T, is the duration of the time interval, characterized by the property that a false alarm

in the interval (¢, - T, t,) prevents the v* correlation impulse from achieving lock and ¢, is
the instant of time at which the v* correlation impulse actually occurs. T,, is the false alarm

verification time which is same as the penalty time defined earlier.

The quantities P, and n, have to be computed from relevant system data or determined
experimentally. In this thesis, reported in chapter 7, P, and ny, are obtained for the digital
matched filter by means of a computer simulation. Pandit’s analysis (and the simulation
results in chapter 7) provide a comparison between the matched filter performance and the
single-dwell serial search and shows that above a certain value of the input SNR the matched

Silter yields faster acquisition but below this value the single-dwell system is faster.

Analysis of the matched filter PN code acquisition receiver by Polydoros and Weber [15),
using unified theory, assumes a non-coherent correlator/detector followed by a coincidence
detector (CD). Upon a tentative decision of the in-sync condition the signal is passed
through a coincidence detector which operates with the local code generator updated by the
stored PN segment and repeated threshold tests are carried out over a fixed time. To
strengthen the reliability of the verification operation performed by the CD these tests are
now conducted over disjoint MT, sec time intervals of the received waveform and are thus

statistically independent. Upon successful completion of a majority logic decision on these



tests, the tracking loop is activated, whereas upon unsuccessful completion, the local code
segment is again held fixed and the search continues. By means of their analysis using
unified theory, the acquisition performance was derived for uniform and worst case a priori
probabilities for both the non-coherent correlation detector and the coincidence detector and
both exact and approximate results were presented. From the numerical results for typical
system parameters, it was found that 2 out of 4 majority logic decisions were the optimal
choice of the coincidence detector. Further, it was observed that even for the optimized
system there exists a rather sharp thresholding effect in the sense that below a certain value of

E./N, the performance degrades rapidly.

2.7.1 Parallel and hybrid code acquisition schemes

A natural extension from the serial search techniques is to use two or more paths to search
more than one code phase at a time with the hope that by increasing the complexity, the
acquisition time might decrease in direct relation to the number of paths used. Though the
maximum-likelihood detection represents a complete parallel structure, in recent times a few
researchers have proposed and analyzed different forms of parallel and hybrid search

acquisition schemes.

Milstein, Gevargiz and Das have proposed an acquisition scheme employing parallel SAW
convolvers and have analyzed the performance both in search and lock modes [33] to arrive
at key performance parameters. Cheng has proposed a class of parallel and hybrid schemes
and has analyzed their performance in the presence of data modulation [44]. Su has
presented performance analysis for four classes of parallel serial acquisition schemes
employing either fixed dwell or sequential detectors [42] with non-coherent integration

technique enabling the operation in the presence of data modulation.

The technique by Milstein et al [33] is based upon the parallel processing of the received
waveform of DS-SS system with multiple SAW convolvers. In this scheme, the full period
of sequence, L, is divided into subsequences of lengths M, assuming L/M an integer and the
search is carried out using N convolvers each employing one of the subsequences as its
reference input. From the analysis it was shown that the parallel processing results in a

reduction of the search time which is proportional to M times N.

A similar approach using pseudonoise matched filters (PNMF) with different detectors and
hybrid search logics was considered by Su [42]. Several of the proposals using PNMF fall as
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the special cases of these algorithms. Performance analysis for four algorithms using PNMF

was presented viz.,

1) PL-FDD Parallel search with fixed dwell detector
2) PL-SD Parallel search with sequential detector
3) PS-FDD Parallel-serial search with fixed dwell detector

4) PS-SD Parallel-serial search with sequential detector

All the algorithms use two stage procedures with the difference in the second stage and in the
verification mode which employ either single-dwell or sequential detection algorithms. PL-
FDD is based on maximum-likelihood estimate and makes a parallel decision which is
optimum in the sense of minimizing the error probability. The second stage is the well
known serial search algorithm. The PS-FDD algorithm makes a parallel decision within each
section and examines each section in series. The PL-SD algorithm follows the steps of PL-
FDD but uses sequential detection while the PS-SD algorithm follows the steps of PS-FDD
and combines the steps of PL-SD algorithm.

From the numerical results, PS-FDD algorithm was found to be superior to PL-FDD
algorithm, although this superiority dwindles as E./N, gets higher. However, PL-FDD
algorithm was found to be less insensitive to the variation of E./N,. In the case of smaller
uncertainty ranges, PS-FDD algorithm was seen to be less impressive. The performance of
SD algorithms could not be obtained in the closed form, but tight bounds were obtained. It
was found that the mean acquisition time of the PL-SD algorithm can be reduced to at least 7

to 8 times that of PL-FDD algorithm, for the typical parameters considered.

From a comparison of all four algorithms for an optimized set of system parameters, the PS-
FDD algorithm was found to be a better choice when the uncertainty range is large. When
the uncertainty range is smaller and/or the E.IN, becomes higher, which may result from
Doppler rate, effects of large integration length, lower data rate, or an adaptive search
algorithm, the superiority of the PS-FDD algorithm might have to be passed on to the PL-SD
algorithm.

The approach presented by Cheng [44] partitions the correlation time into subintervals and
the integration results of each of these subintervals are then non-coherently combined for
detection. Two critical design problems were addressed, viz., the choice of the number of
subintervals, J, and the degree of parallelism and consequently a totally parallel acquisition

scheme and two hybrid schemes have been considered and analyzed. The trade-off between



-46-

non-coherent combining loss and data modulation degradation was found to result in the
optimum choice of the number of subintervals, whereas the trade-off between acquisition
speed and hardware complexity was seen to decide the degree of parallelism. This strategy
offers a rich set of schemes, allowing easy trade-off between acquisition time and hardware
cost. Two forms of data modulations, viz., the alternate data and random data, were

considered and the performance of the schemes was analyzed.

From the analysis using circular state diagrams, it was also observed that a fewer number of
subintervals are needed to combat the effect of data modulation which is because of the
averaging effect of random data. For hybrid schemes, the selection of SNR and the detection
threshold was seen to be important to the acquisition performance. The optimum number of
coherent integration subintervals was found to be a function of total integration time, and the
dependence of mean acquisition time on the number of subintervals decreases as the S/N

increases.
2.7.2 Acquisition using partial correlation

A rapid acquisition scheme utilizing partial correlation of maximal length sequences has
been presented by Mark and Blake [34]. This scheme uses subsequence matched filtering
(SMF) to acquire the sync with matched filter output which is, in fact, the partial correlation
function between the stored subsequence (the matched filter impulse response) and
subsequences from either the same PN sequence or a different PN sequence in a multi-user
environment. The acquisition characteristics of the scheme was derived and the performance

was compared with that of Ward’s RASE and RARASE.

M+m)T,
Tacq,SMF = _——'—'P (2.48)
acq

for T, = MT, and P,,, the probability of sync acquisition.
It has been observed from the results that the subsequence length m has to be increased as the

number of users increases t0 maintain a constant false alarm rate.

Comparison with RASE and RARASE reveals that in a low SNR environment the SMF
technique offers rapid acquisition compared with RARASE. However, the system needs to be

designed to operate below a threshold SNR to avoid steep increase in acquisition time.

A modified two level acquisition scheme similar to that of Mark and Blake [34] was proposed

by Wilson, Rappaport and Vasudevan [45]. The scheme is a modification of the two level
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coarse code acquisition scheme proposed by Rappaport and Schilling [46]. These schemes
were described for use with FH systems and are said to be applicable for alternate spread-
spectrum schemes also. Rappaport and Schilling’s proposal employs a passive correlator in
tandem with a bank of active correlators in which a threshold exceedance of the passive
correlator initiates an interval of active correlation if any of the active correlators are idle.
The scheme combines the rapid search capability of passive correlator with the decision
reliability of (long) active correlation. The modified two level scheme [45] uses a bank of
passive correlators followed by a bank of active correlators. By using multiple passive
correlators, unlike the single passive correlator in the earlier proposal, this scheme reduces
the probability of missing the short sync prefixed at the start of the coding (preamble),
particularly in a fading environment. Analysis was done, based on queuing and detection
theory, using a Gilbert model to characterize the fading signal. Performance in the presence
of noise and jamming has been treated. The reduction in the miss probability using multiple

prefixes as preamble has been compared to a single passive correlator case.

2.8 OTHER RESEARCH WORKS INTO CODE ACQUISTITION
TECHNIQUES

In addition to the schemes and analyses reviewed hitherto, techniques suitable for FH,
FH/DS, and FH/TH hybrid modulations were proposed by Elhakeem, Takhar and Gupta [47].
These techniques employ autoregressive spectral estimation to recover the FH code,
quadrature processing for the DS code and simple threshold tests in conjunction with the

adaptive filter (used for spectral estimation) to recover TH gating code.

These techniques require acquisition times only of the order of the shift register generator
length whereas other schemes of serial and parallel search schemes require acquisition

times of the order of the code lengths.

A comparison of schemes for coarse acquisition of FH signals was presented by Putman,
Rappaport and Schilling [48] in which serial search, matched filter and two level schemes are
compared. A review of basic acquisition methods and the limitations on the technology to
realize them in various forms was presented by Rappaport and Grieco [49]. The mean
acquisition time and its statistical moments were obtained by Baer [50] stochastic modelling
of the square-law detector for a Bayes and Neyman-Pearson type of detectors. A bound on
the acquisition time probability distribution was derived by using Chebyshev’s inequality to

obtain the variance of the acquisition time for a Hopkins type receiver by Leung and
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Donaldson [51]. An all digital acquisition circuit using single-dwell serial search was
analyzed and acquisition parameters were obtained for the case of correlated noise by

Cherubini and Pupolin [52).

2.9 CONCLUSIONS

The common types of code acquisition technique for a direct-sequence spread-spectrum code
acquisition have been reviewed. The general analysis techniques proposed for unifying the
analysis of serial search acquisition strategies applicable to both uniform and non-uniform
serial searches have been discussed. A variety of parallel and hybrid acquisition schemes
using either totally parallel or parallel-serial schemes and their analyses have been described.

Parallel search techniques using subsequence matched filters were addressed.

Though parallel architectures using maximum-likelihood techniques and matched filters can
provide minimum acquisition time, this improvement needs to be traded against the
increased hardware complexity. Simpler but optimum techniques using variable-dwell time
and optimized search strategies offer better potential. Hitherto, much of the research in code
acquisition has been centered around performance analyses and improvements in the search
strategies. The problems relating to the detector structures and their optimality have
received less attention. In this research the optimum detector is addressed and various
realization techniques and their performances are analyzed. This work will be discussed in

the subsequent chapters of this thesis.
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CHAPTER 3

SEQUENTIAL DETECTION PN CODE ACQUISITION

3.1 INTRODUCTION

In this chapter the application of statistical decision theory to hypothesis testing is
introduced. The application of decision theory to signal detection problems (called detection
theory) is described and the signal detection problem is introduced. The elements of a
statistical decision problem is identified and the generalized statistical hypothesis testing is
then described. The decision criteria and the optimum decision rules of the detection
problem are described and the merits and demerits of different decision rules, namely, Bayes
decision rule, Neyman-Pearson and the minimax decision rules etc., highlighted. The
significance of the receiver operating characteristics (ROC) for the detection problem are also
discussed. In addition, the basic differences between parametric detection and non-parametric
detection (sub-optimum detection) are also identified and a comparative measure of detector

performance namely, asymptotic relative efficiency (ARE) is described.

The fundamental differences between a fixed sample size test and a variable length test are
presented and the concept of a sequential test is defined. The advantages of sequential
hypothesis testing over a fixed sample size test are brought out and the sequential probability
ratio test (SPRT) is described. The major performance criteria of the sequential test viz., the
operating characteristic function (OCF) and the average sample number (ASN) function are
discussed. The complexities in the analysis of the sequential detection are highlighted and
the biased square law detector is introduced together with its low SNR approximations.
Finally, the application of sequential detection theory to the acquisition of spread-spectrum

PN codes is described and the existing research work in this area reviewed.
3.2 STATISTICAL DECISION THEORY

The reception of signals in real-life channels presents many problems to a communication
systems theorist as the waveforms appearing at the channel output may be perturbed and

contaminated to such an extent that they only faintly represent the transmitted signal.
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Therefore, any reliable communication system must use optimum processing to recover the
information, which is embedded in the noise, in the most efficient manner. The reception
problem is concemed with finding these strategies for processing the received data to combat

the pernicious effects of the channel.

The reception problem can be viewed in two ways. One problem of signal reception is to
detect the presence or the absence of the signal, that is, to detect whether the noise corrupted
signal represents either the signal or the noise. This is conventionally called signal detection.
The other problem of signal reception is to estimate the signal as a continuous function of
time as accurately as possible which is called signal estimation. Signal estimation is a
process of signal smoothing and filtering. This is an analog process in which the signal to be
estimated can have a continuum of values for each instant of time. The receiver estimates the

values of a waveform which may be viewed as a sample function of the random process.

In signal detection, the receiver knows a priori the set of symbols and their associated
waveforms and makes a decision on which of the symbols was being transmitted during the
observation interval. Since these decisions are based on the processing of the corrupted
signal, the receiver usually makes errors. Optimum reception of the signal is based on the
general theory of statistical inference by means of hypothesis testing which has been
expanded into statistical decision theory with the pioneering works of Bayes, Neyman and
Pearson, Wald [1-3] and others. Both detection and estimation can be formulated as
problems in statistical decision theory. The development and analysis of the optimum
methods required to estimate the signal correctly leads to estimation theory whereas the

analyses of the optimum detection methods form detection theory.
3.2.1 Elements of a statistical decision problem
The basic elements of a general statistical decision problem are:

i. a set of hypotheses that characterize the possible true states of the process (ie., a

priori knowledge about the waveforms/symbols).

ii. a test in which data is obtained from which the truth is to be inferred (ie.,

sampling).

iii. a decision rule that operates on the data to decide optimally which hypothesis in
fact best describes the true hypothesis.
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iv. acriterion of optimality that reflects the cost of correct and incorrect decisions.
3.2.2 Statistical hypothesis testing

One of the most important statistical tools for making decisions is hypothesis testing.
Hypotheses are the statements of possible decisions that are being considered. In the
communication detection problem, for example, this corresponds to whether the signal is
present or absent. Corresponding to each hypothesis there is a probabilistic description of
the possible outcome. This probabilistic description, coupled with a criterion or a measure of
goodness that the decision will satisfy on the average, dictates a dichotomy (for two
hypotheses) of the sample space over which the outcome of the experiment is defined. This

dichotomy represents the best (optimum) decision rule subject to the criterion of goodness.

In a binary communication system which transmits either a pulse s(f) or no pulse in an
interval of time T, the hypothesis that the received waveform does not contain a signal has to
be tested against the hypothesis that the received waveform does contain a signal. The first
hypothesis is called the null hypothesis normally denoted by H, while the second hypothesis
is called the alternative hypothesis which is denoted by H,. If the signal to be detected is
deterministic, that is, its structure is completely known, then H, is called the simple
alternative. When the signal to be detected is a member of a finite or infinite set of signals
then H, is called a composite hypothesis. In this case even if the hypothesis H, is decided,
we can only conclude that one member of the signal class is present whose identity is not

revealed by the test.

Figure 3.1 shows a general decision problem in terms of mathematical representation in

vector spaces. The vector spaces considered are defined as follow:

Signal space, Q: This is defined as a space in which the class of possible signals can be
represented as points s, with each point in space representing a waveform with a particular
combination of the signal parameters such as amplitude, phase, doppler and so on. A
probability of occurance is assigned to each combination of signal parameters which is
normally contained in a joint a priori probability density function o(s) over all the points s in
signal space Q.

Noise space, N: This is defined as a space in which all possible waveform realizations of the
noise process within the observation interval are represented as points . From the statistical
and spectral properties of noise, an a priori joint probability density function p(n) can be

deduced which describes the probability of occurance of waveforms in this space.



signal space Q

S

° decision rule
®) 1. Bayes
2. Neyman-Pearson
+ 3. Minimax
4. Ideal observer
n observation space = |- MAP decision
® , r space
p(n) A

noise space N

Figure 3.1 General decision problem in vector spaces
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Observation space, I': This space is defined by means of points v which represent all
possible joint combinations of signal plus noise waveforms. The probability of occurance of
these waveforms in this space are described by an a priori probability density function which
is written as a conditional probability p(v/s) and shows explicitly the dependence of the
waveform v on the signal s. For convenience, the null hypothesis, s =0, is also included as a
pointinT.

Decision rule: An essential feature of statistical decision theory is the decision rule which
depends only on the observed waveform v and not on the signal s. A decision rule is one that
leads to decision 4 as a result of observation v, and is denoted by D (d/v). The decision rule
D (dv), mathematically describes the conditional probability of deciding 4 having observed
v.

Decision space, A: The set of possible decisions d (normally do=no and d, =yes) in a
statistical decision problem can be described as points in a decision space A with decision
rule D (d /v) describing the probability of decision (each point) in the decision space for every
possible waveform v. In a signal detection problem, the decision space contains only two

points: signal present and signal absent.

With these definitions of the vector spaces, the decision rule can be interpreted as a mapping
from the observation space I'" into decision space A with a preassigned probability D (d/v).
Hence, the essence of the decision problem is the decision rule that accomplishes this

mapping in an optimum way with respect to a particular criterion of excellence.

Signal estimation problems can also be formulated as a statistical decision problem similar to
the signal detection problem. However, in this case, the decision space is of the same
dimensionality as the signal space unlike the signal detection problem in which the decision

space contains only two points.

In the following sections, the optimum decision criterion and various optimum decision rules

are described using the above notation.
3.2.2.1 Ratio criterion and Likelihood ratio:

When the samples are submitted to the observer, he employs a certain criterion based on
which decision rule is devised. As the a priori probability density function of noise is given
by p(v/o) and signal plus noise is given by p(v/s) (expressed as conditional probabilities)
then a function A(v), defined as:
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AW = M @3.1)
p(vlo)

represents the likelihood that the sample is drawn from the signal space relative to the
likelihood that it is drawn from the noise space. Thus, for each sample in the observation
space, with a threshold 11 20, a certain criterion A (M), is selected (eg., minimum average
risk or maximum probability of detection etc.,) by using which a list of samples can be
chosen satisfying A(v) 2n. Hence, if A(v) is sufficiently large it would be reasonable to
conclude that the sample is from the signal space. Such a criterion of the form A (n) is called
the ratio criterion. Though a number of definitions are available for a certain criterion being
optimum, each of these optimum criteria can be expressed as ratio criterion so that a receiver

designed to give a likelihood ratio as output could be used with any of them.
3.2.2.2 Optimum decision rule:

An optimum decision rule in a statistical decision problem is the one that gives the best
performance when compared to each possible decision rule, normally evaluated on the basis
of its relative performance. A method of evaluating such a performance is based on the
notion of a simple cost or loss function introduced by Wald [3] which associates a
quantitative cost C (s,d) with each point s in signal space Q and each point d in decision
space A. This function describes the loss incurred by the received system that results in a
decision space d for every point s in signal space Q. One such decision rule that describes a
receiver with least average loss is called the Bayes rule and the receiver is called a Bayes
Receiver, however, other decision rules have also been derived based on different
performance criteria. Depending upon the performance criteria used, the decision rules can

be classified as follows:

1) Bayes rule

2) Neyman-Pearson rule
3) Minimax rule

4) Ideal observer criterion

5) MAP decision rule

For a general detection problem when testing hypothesis H (no signal present) against H,

(signal present) four possible situations arise.

The detector can:
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i. accept hypothesis H when hypothesis H is true (correct dismissal)
ii. accept hypothesis H; when hypothesis H is true (false alarm)
iii. accept hypothesis H, when hypothesis H is true (correct detection)
iv. accept hypothesis H¢ when hypothesis H is true ( miss detection)

Decisions i) and iii) are the correct decisions. Error ii) is called a type I error denoted by o
and error iv) is called a type II error denoted by P in statistical terminology. o is also referred
to as the level or size of the test whereas 1-f is referred to as the power of the test. In the
terminology of communication theory, outcomes ii) and iv) are called the false alarm

probability (Pg) and the miss detection probability (P,g) respectively. These errors are

expressed as:
o=[p(vio) D) dv (3.2)
r
B=lpwis)D(@,m)av 33)
r

where p (v/o) and p (v/s) are the conditional probability of observing v with signal absent
and signal present, and D (d,/v) and D (d,/v) are the decision probabilities for decision d,
and d, respectively with observation v. The average probability of error denoted by P,, is

often represented as

P, =P (H,)P(D\/H,) + P (H )P (D,/H) (34
where P (H, and P (H y are the probability that hypothesis H, or H; are true and P (D /H,))
and P (D,/H) are the conditional probability of deciding d, or d, given the hypothesis H,
or H respectively.

3.2.2.2.1 Bayes decision Rule

Bayes criterion is based on the use of a systematic procedure of assigning costs to each
decision and then minimizing the total average cost. Defining C;; as the cost associated with
choosing hypothesis H; when actually hypothesis H; is true, the four possible decisions
defined above can be assigned four cost parameters namely Cg, C19, C13 and Coy

respectively. The average cost is expressed as:
C =CooP (H,)P (D,/H,) + C1oP (H,)P (D1/H,) + CorP (H1)P (D,/H ) + C 11 P (H,)P (D 1/H1 X3.5)
On substituting the probability functions and minimizing the average cost, the Bayes

decision rule is derived as:
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PH \XCo1—C11)p(v/s) < P (H,)(C10—Coo)p(v/0) (3.6)
In terms of the likelihood ratio, this can be expressed as:

_pWis) _m P(H,)(C10~Co0) 37
MI)=T0i0) > <He PENCo—Cu) G

where the symbol S <y, denotes that the hypothesis H is accepted if the likelihood ratio
is greater than the right hand side (R.H.S) of the equation and the hypothesis H, is accepted
if the likelihood ratio is less than the R.H.S. Tests of this kind are also called likelihood ratio
tests and the right hand side of the equation is called the threshold of the test.

3.2.2.2.2 MAP decision rule or a posteriori decision rule

This decision criterion maximizes the a posteriori probability P (H;/v) which is computed
after observation v has been made. This decision rule usually leads to a partition of the
decision region in to two regions I'° and I'! and H, or H, is chosen depending on a given

observation v in either I'® or I'! based on the decision rule:

PHy)p@Eis) _p,
Py - el (3.8)
p(vis) _H, P(H,)

poioy ~ H Py (3.9

Effectively, the MAP decision rule consists of comparing the likelihood ratio with the
constant, P (H,)/P (H,) which is called the decision threshold. As the decision threshold is
purely based on maximizing the a posteriori probabilities this is called maximum a
posteriori probability criterion. This approach has the advantage of getting more information
as the observer makes the best possible estimate of the probability of each transmitted

message (samples) that his equipment can give him [5].

3.2.2.2.3 Ideal observer criterion or Minimum error probability criterion

The ideal observer criterion originated with Seigert [4] and consists of choosing the
dichotomy of decision space into I'’ and I"! such that the total average probability of error is
minimized. This can be used when the cost of correct decisions is assumed or known to be
zero and the cost of incorrect decisions is taken to be one (ie., Coo=C; =0 and

Co1 = C 1o =1). This criterion still requires the a priori probabilities to be known.

3.2.2.2.4 Neyman-Pearson Rule
Both Bayes and MAP decision rules require the a priori probabilities and the relative costs to
be known. However, in many circumstances, when neither the cost functions nor the g priori

probabilities are available, the Neyman-Pearson (N-P) and the minimax criterion are used.
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The main advantage of the Neyman-Pearson over the Bayes and ideal observer criteria is that
it yields a detector which keeps the false alarm probability less than or equal to a pre-chosen
value and maximizes the probability of detection for the given false alarm probability. It is

based on the Neyman-Pearson lemma of hypothesis testing [2] which is stated as follows:

The necessary and sufficient conditions for a test to be most powerful of level ¢, (maximum
detectability for a given probability of false alarm) for testing hypothesis H, against the

alternative H; are that the test satisfies the conditions:

I p(v/o)D(dy/v)dv=a, (3.10)
T

MV)z E(V/S) >H1<H

Lo o 3.11)

for the decision threshold n.

This criterion can be shown to be a special case of Bayes criterion with the likelihood test set

to maximize the probability of detection, P (D /H ) [45].

3.2.2.2.5 Minimax criterion

The Bayes criterion requires both cost and a priori probabilities to be known. For the
minimum error probability criterion or the maximum g posteriori criterion only the a priori
probabilities need to be known. For the Neyman-Pearson criterion neither costs nor the a
priori probabilities are required. The minimax rule is used when the costs are given but the a

priori probabilities are not known.

This decision rule minimizes the maximum expected cost. When the a priori probability is
known, the Bayes criterion gives the minimum average cost. If the a priori probability is a
pure guess then the cost would be always greater than the Bayes cost. However, using the
minimax criterion the maximum possible cost when the a priori probabilities are unknown is
minimized. Therefore, the solution involves finding the least favourable a priori probability
among the Bayes solutions which is corresponding to the value of a priori probability for
which the average cost is maximum. The criterion also leads to a decision rule

_pWis)
A(v) ) >H<H, 7 (3.12)

As the minimax rule is a Bayes rule relative to a least favourable distribution (the minimax
average loss is the maximum of all Bayes losses), it is often criticized as being too

conservative and the reasonableness of its use depends on the application.
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Thus, in each case, the decision rule leads to a comparison of the likelihood ratio with
different threshold values. A receiver that computes the likelihood ratio A(v) for all possible

v compares this value with an adjustable threshold can realize any of these tests.

3.2.3 Receiver Operating Characteristics (ROC)

The performance of the decision rules are normally displayed in terms of the probability of
detection versus the probability of false alarm for various values of the threshold. These
curves are called ROC curves. If the type of criterion chosen for a particular application is a
ratio criterion then the complete description of the detector system performance can be read
off from the ROC curves [7]. From the definition of the ROC curves, the false alarm
probability Py, is shown as the abscissa (x-coordinate) and the probability of detection P4 as
the ordinate (y-coordinate) as shown in figure 3.2. The operating point or the operating level
of the detector can be derived from the ROC curve as a slope at the point given by @;(X,Y) =
{[Pr[AM)],P4[A(M)]} where the probabilities are for the selected criterion A (n) with N as
operating level (or threshold). Since most proposed kinds of optimum criteria can be reduced
to the ratio criteria, the ROC curve assumes considerable importance in the understanding of
detector characteristics. However, in some of the statistical hypothesis tests the operating
characteristic function (OCF) is used which is the characteristic of (1 —Pz) vs 6 with P,
varied, as shown in figure 3.3, where 0 normally represents the signal parameter e€g., mean or

SNR.
3.3 PARAMETRIC AND NON-PARAMETRIC DETECTION

Detection theory is often concerned with the determination of optimum detection utilizing
the Neyman-Pearson hypothesis test or the Bayesian approach to hypothesis testing. These
methods require the statistical description of the interfering noise process which may be
assumed or obtained by the actual measurements. However, the resulting optimum detector

using these hypothesis is often difficult to implement.

Another class of detectors called adaptive or learning detectors operate in a near optimum
sense without even a complete statistical description of the background noise. This can be
achieved by allowing the system parameters or structure to change as a function of the input.
Due to their continually varying structure, adaptive detectors are difficult to analyze
mathematically and must be simulated on a computer. Additionally, since the detector

structure is a function of the input, it is also dependent on the operating environment and as a
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result they are generally complex to implement.

When the statistical description of the input noise process is not available, or when the
optimum or the adaptive detector is too complex to implement, a non-optimum detector often
provides a satisfactory performance. A class of non-optimum detectors called non-
parametric or distribution-free detectors exists which is simple to implement and requires
little knowledge of the underlying noise distribution. Non-parametric refers to a class of
detectors where the input distribution has a specified shape or form but still cannot be
classified by a finite number of real parameters. The distribution-free detector refers to a
class of detectors which makes no assumptions at all conceming the form of the input

distributions [8].
3.3.1 Non-parametric versus parametric detection

The differences between non-parametric and parametric detectors can be well described by
considering the binary detection problem. Parametric detection utilizes the known form of
the probability density function, pdf, of the random observation samples to arrive at the form
of the detector D. If the actual pdf’s of the observed input signal v are the same as those
assumed in determining the detector D, then the performance of the detector in terms of the
probability of detection and false alarm is quite good. However, if the densities are
significantly different from those assumed , then the performance of the parametric detector
may be poor. On the other hand, non-parametric detectors do not assume that the input pdf’s
are completely known but only make general assumptions about the input, such as the
symmetry of the pdf and continuity of the cumulative distribution function. Since a large
number of density functions satisfy these assumptions, the pdf’s of the input observation v
may vary over a wide range without altering the performance of the non-parametric detector.
Thus, the performance of a parametric detector depends on the actual input pdf while the
non-parametric detector, however, maintains a fairly constant level of performance due to its

general assumptions on the form of input pdf.

When applied to the same problem, the performance of the parametric and the non-
parametric detectors depends on how well the assumptions of the two detectors are met with.
For instance, if the parametric detector is based on the Gaussian assumption and the non-
parametric detector on the symmetry of the input pdf and the continuous cumulative
distribution function, then for Gaussian inputs the parametric detector will be significantly

better than the non-parametric detector. However, if the input densities are non Gaussian but
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still symmetric, then the non-parametric detector performs better than the parametric

detector.

Another important property is their relative ease of implementation when compared with
parametric detectors. For example, an optimum parametric detector for detecting a known
signal of positive amplitude in additive white noise on the basis of a set of observations v =

{vi,v2,v3,......,V, } With the noise of zero mean Gaussian density with known variance ol is:

0 if v <N,
D=1, k=1 (3.13)
if Sw >N,
k=1

n
where Y v, is known as test statistic and 1, is known as the threshold of the test.
k=1

The simplest non-parametric detector is called the sign test and bases its decision only on the

signs of the input observations. The sign detector has the form:

r

o i Tuow <m
D=1, k=1 (3.14)

n
if Ju@) >mn
k=1

.

where u (v;) is the unit step function, whose value is 0 if v <0 and 1 if v 20, and 1, is the
threshold. Clearly, the parametric detector compares the sum of observations against the
threshold m, whereas the non-parametric detector simply determines the polarity of each
observation, counts the number of positive observations and compares the total against the
threshold n;. Since the parametric detector requires the observations to be summed and the
non-parametric detector requires only the positive observations to be found, the non-
parametric detector is considerably simpler to implement. However, the most important
property of the non-parametric detectors is the maintenance of a constant level of

performance even for wide variations in the input noise density.

3.3.2 Asymptotic Relative Efficiency (ARE)

If two detectors Dy, D using the same hypothesis and the same significance level a (or Pg,),
and for the same power 1—B (or P,) with respect to the same alternative, one detector
requires a sample size N, and the other detector requires a sample size N, then the relative

efficiency of the first detector D; with respect to the second detector D, is given by the ratio



€12 =N,/N; 3.15)

Since the relative efficiency is a function of the significance level, o, alternative H; and the
sample size of the two detectors (ie., o, H;, N; and Nj), it is highly dependent on the
experimental procedures used while taking the data. It also requires all possible values of a,
H,, N, and N, to be computed to find a suitable N, particularly for a small value of N,
such that the powers of the two detectors are exactly equal. Some kind of interpolation
methods have been employed in the past, but found to be inconsistent [8,9]. Thus, the finite
sample relative efficiency is difficult to compute as it is highly dependent on experimental

methods and even peculiar to the mathematical techniques.

However, a simpler expression can be obtained by holding the significance level and the
power constant while the two sample sizes approach infinity and the altemative approaches

null hypothesis. This leads to the concept of asymptotic relative efficiency (ARE).

The ARE of the detector D with respect to the detector D, can be written as

n
Eip= Lt = (3.16)

where n, and n, are the smallest number of samples necessary for the two detectors to

achieve a power of 1-B, for the same hypothesis, alternative and the significance level.
3.3.3 Historical development of signal detection

Decision theory was first studied by Thomas Bayes [1] in the middle of the eighteenth
century. However, significant contributions to classical decision theory were made by
Neyman and Pearson (1933) [2] who proposed tests that minimize the chances of error. The
notions of cost and risk were introduced by Wald (1939) [3]. Seigert, Lawson and Uhlenbeck
(1950) [4] applied these ideas to the problem of radar detection. Later Woodward and Davies
(1952) [S] used the concept of inverse probability in the study of signal detection. The
analysis of signal detection in terms of statistical decision theory was developed by
Middleton (1953) [6] while the design of receivers on the basis of the likelihood ratio was
advanced by Peterson, Birdsall and Fox (1954) [7].
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3.4 FIXED SAMPLE TEST AND SEQUENTIAL TESTING

The statistical decision theory so far discussed assumes that a decision is rendered after a
fixed observation interval in which the data is collected. The observations made during this
interval may consist of, in general, discrete or sampled (continuous) waveforms. However, in
some systems, the observation interval is of variable length instead of being fixed and is
dependent on the input data. This is advantageous when the observation interval is needed to

be as small as possible.

A test procedure with a variable length observation period was developed by Wald [10]
which is known as the sequential test. A similar concept was considered by Neyman and
Pearson [S] in 1933 as an extension of their theory of hypothesis testing. Their test contained
three possible decisions which are: accept hypothesis H,, reject H, and no decision. In
Wald’s sequential test, it is decided whether to make a decision based upon the data already
taken or to continue taking more data to improve the decision. The length of the observation
interval depends on the quality of the available data. Although it is theoretically possible for
a test to continue indefinitely, it has been shown that on average the observation interval is
shorter in a sequential test than in a fixed test [10]. Furthermore, in practice, the sequential
test is usually truncated after some predetermined number of observations. Though
significant work has been done in the application of decision theory to nonsequential tests,
with the availability of improved signal processing techniques the sequential tests have

gained greater significance.

3.5 SEQUENTIAL DETECTION

Bayes’ methods of statistical inference are optimum in the sense that no other hypothesis test
can achieve a smaller average risk. However, this test assumes that the number of samples
are fixed and determined in advance. If this constraint is relaxed then it is possible to
construct hypotheses tests which are superior to Bayes’ tests in the sense that, on average, a
substantially smaller number of observations is required to achieve the same type I and type
II error probabilities. These tests are called sequential tests and the application of these tests
to detection problems is usually called sequential detection and a receiver that performs the

sequential test is called a sequential receiver or a sequential detector.

In the sequential tests for each sample taken, if the evidence is strong enough, then the

decision is taken as to whether the received signal is drawn from the signal space or from the
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noise space. If the evidence is not strong then the next sample is taken and the evidence is
rechecked. The process is continued until the resulting evidence persuades in favour of the
one of the spaces. Thus, an essential feature of a sequential test as distinguished from the
fixed sample size test procedure is that the number of observations (samples) required
depends on the outcome of previous observations and is, therefore, not a predetermined, but a

random number.

3.5.1 Notion of a Sequential test
In a sequential test, a rule is given for making one of the three decisions, namely,
i. accept hypothesis, H
ii. reject hypothesis, H
iii. continue the experiment by making an additional observation.

This test is carried out sequentially and depending upon the outcome of the test at each stage,
the test is terminated if the decision is i) or ii). If the third decision is made then the next
sample is taken and the test is continued. This process is continued until the first or second
decision is made. The number of samples required for terminating the test is a random
variable, say m. For each positive integer value n1; we can denote the totality of all possible
samples, say (V1,V2,V3,.......Vm), With an m-dimensional sample space I',,. A decision rule
can be selected that subdivides the sample space into three mutually exclusive decision
regions I',,°, T,,! and T,,,2. After the first observation v, hypothesis H is rejected if v, lies
in region Iy ; H is accepted if it lies in the region I';! ; or a second observation is made if
v, lies in the region I';2. On drawing the second sample v,, H is rejected or accepted or a
third observation is made according to the observed sample (v{,v3) lying in I’,%, T or I;2
respectively. The test terminates only when the sample points fall in either T,,° or I',,'. A
proper choice of sets T,,°, T,,! and T,,2 (¢ = 1,2,.....) is a fundamental problem in the theory

of sequential detection and depends on the consequences of the test.
Two major consequences of a sequential test are:
i. Operating Characteristic Function (OCF)

ii. Average Sample Number (ASN)



-67 -

3.5.2 Sequential Probability Ratio Test (SPRT)

Let p,(v/0) denote the conditional probability density function of m data samples
V1,V2,....Vm given j signal parameters 0;,0,,.....,0; and let p,,(v/0) denote the probability
density function of m observed samples given that the signal is absent.

The likelihood ratio function,for m samples, is defined as

Pm(v/0)
Pm(v/o)

which is a conditional probability ratio for testing the null hypothesis H,, against a simple

An(v/6)= (3.17)

hypothesis H; that the signal plus noise is present. Two positive constants A, and
By(B,; < A,) are selected such that at each stage of the experiment, if B, < A,,(v/0) < A, the
test is continued with the next observation; if A,,(v/0) < B, the test terminates with the
acceptance of hypothesis H, and if A,,(v/0) 2 A, the test terminates with the acceptance of
hypothesis H;.
The sequential probability ratio test can be summarized as follows:

i) ifB, < A,(v/0) < A, continue test

ii) if B, 2 A,,(v/0) accept hypothesis H,

iii) if A, < A,,(v/0) accept hypothesis H
The threshold values A, and B, can be related to the probability of false alarm o and the
probability of miss detection B(0) over the regions I',,° and T},,! respectively and yields [10]

B,(1-0) 2 B(6) (3.18)
1-B@) 2 A o (3.19)

3.5.2.1 Excess over boundary problem

The above inequalities can be used to establish thresholds A, and B, given the error
probabilities o and B(6). However, since the likelihood function varies discretely as a
function of m, exact equality may never occur. This is called the excess over boundaries
problem which was discussed at length by Wald [10 ]. Usually, it is assumed that the
boundaries are not exceeded by a significant amount especially when the value of m is large

ie., signal-to-noise very low.

When the excess is neglected

4,=1=80® (3.20)

o
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B,= 1£6<)x (3.21)

Error probabilities in terms of A, and B, can then be expressed as

1 - Bl
o= (3.22)
B,(A-1)
B® = A B (3.23)

3.5.3 Operating Characteristic Function (OCF)

It was proved by Wald that the probability of a sequential test terminating is unity if the set
of observations v,, are independent [10]. It was also proved that the sequential test will
terminate with unit probability for a large class of distributions when the observations v, are
not independent. The operating characteristic function (OCF) denoted by L (0) is required for
loss computations and evaluation of the average sample number (ASN). The OCF is defined
as the conditional probability of accepting hypothesis H, at the end of the test with the given

parameter 0. From this definition

LO)=1- (3.24)

L(0)=p(®) (3.25)
The probability that the hypothesis H, is accepted at the end of the test (all tests are
considered to terminate) is:

1-L(0)=a (3.26)

1-L(©)=P4(0) 3.27)

If the SNR, denoted by ¥, is the only parameter involved, then the OCF when plotted appears
as shown in figure 3.3. Normally, the sequential ratio test is designed for a specific set of
parameters denoted by design parameters 6, in the parameter space 6. However, the entire
OCEF is required in order to compute the ASN for all values of 6. Wald has developed an
approximate method for computing L(0) using a parametric equation which neglects the

excess over boundaries problem.

For the purpose of computing L (0), let us consider the expression

pm(v /ed)
[ Pm(v/0) ] (3.28)

where h =h(0,0,) is a real number, such that, the expected value of this expression (3.28)
with & #0 is given by:
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=[5 w8
| [%Tpm(v/e) dv =1 (3.29)
The integrand in this equation is:
. m(v/0
ful )= [;—?w;,‘%rpm(v/e) (3.30)

which is a distribution of v.

For the case with & > 0, let us denote H as the hypothesis that p,,(v/0) is the distribution of v
and H" as the hypothesis that f,," (v) is the distribution of v.

Now, consider the sequential probability ratio test with the following rules:
i) continue the test if

Fm )
B! < <A}
" pm/0)
ii) accept hypothesis H* when the ratio is equal to or greater than A}

(3.31)

iif) accept hypothesis H when the ratio is equal to or greater than B}

The ratio considered in (3.31) can be written as:

fm‘(v) _ pm(v /ed)
Pm(v/0) Pm(v/0)
Therefore, in the above sequential probability ratio test, equation (3.31) can be rewritten as:

(3.32)

pm(v / ed)

—— < ¢
pm(v/o)

If the test between H* and H results in the acceptance of H*, it implies the acceptance of H,

(3.33)

1

likewise the acceptance of H corresponds to the acceptance of H,. From this it follows that
L (0), the probability of accepting Hy given 0 =0, is the same as L (0), the probability of

accepting H when f5, is the true distribution.

From this, L (8) can be calculated by using o and B which represent the error probabilities

fortest H* versus H as follow:

ar=1-0©) (3.34)
o
ph=BO) (3.35)
1-a
. 1-Bf
o = (3.36)
heah
[3'(9) = M (3.37)

Al _ph
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LO=1-0a (3.38)
_@Ar-
L®)= T (3.39)
1-p® _,
o
L(6) = . _ (3.40)
© 1-B@® B®O)
o 1-a

L (0) is the desired operating characteristic function subject to the above condition for A
given by equation 3.29. The case for 2 <0 can also be treated in the similar manner and

results in the same expression for L (0).

3.5.4 The Average Sample Number (ASN)

The average sample number (ASN) is the average of the number of samples required for the
termination of each sequential test. The computation of likelihood ratio for a series of m
samples, v =v{,V3,.....,Vm, as given by (3.17) requires a multiplication of the likelihood
ratio’s of individual samples. However, in practice, it can be simplified by taking the
logarithm of the likelihood ratio’s which will result in a summation rather than a
multiplication. The ASN of the sequential ratio test assuming the logarithm of the likelihood

ratio can be derived using indirect methods and shown below.
The log-likelihood ratio for m samples, with 6 = 0, is denoted by Z,, and given by:

pm(v /ed)

pm(v/0) G4D

Z,, =log

The sequential test procedure in terms of Z,,, is:

i) continue taking samples if log B, < Z,, <log A4,

ii) accept H, when Z,, <log B,

iii) accept H, when Z,, 21og A,
The average value of Z,, at test termination is approximately given by (neglecting the excess
over boundaries) log B, times the probability of accepting H, plus log A, times the

probability of not accepting H,. Thus for a terminated test of length »n, given 6,

E(Z,/0)=L(6)log B, + [1-L (8)] log A, (3.42)

where E (Z,/0) is the expectation of the logarithm of the likelihood ratio conditioned on 6.
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The average sample number of the sequential ratio test is derived as

_ L(0)log B, + [1-L (8)] log A,

ASN E(z/0)

(3.43)

where E (z/0) is the expectation of the logarithm of the likelihood ratio for k* sample (v;)

conditioned on 6.

3.5.5 Low SNR approximations and the Biased Square Law detector (BSD)

A generalized scquential test (possibly randomized) which is more general than the usual
sequential probability ratio test of Wald and includes non-optimum as well as Wald’s
optimum sequential tests was considered by G.E.Albert [16] from which a biased square law
detector was obtained as a low SNR model of the sequential detector by Kendall [17]. The

sequential test and its approximations are described below.

Let {x;)} represent a sequentially observable discrete stationary Markov process with
transitions governed by the probability distribution function F (x;/x;_; ). The pair of decisions
to be made about F (x;/x;_;) are denoted by d; =0,1 and d, is the decision to defer making

eitherd, ord;.

Choosing an arbitrary point x,, the test is carried out by making one of the decisions d; with
probability w;(x,), i = 0,1,2. If either d, or d; is made then the test continues and the next
sample x; is drawn using the distribution F (x;/x,). Once again, one of the decisions d; is
made and the test either terminates or continues to draw x; using the distribution F (x;/x).
The process is continued until either d, or d; is made. To guarantee that this occurs with
unit probability in a finite number of trials, it is assumed that there is some integer M and
some p < 1 such that for all m 2 M the inequality

[T I TImotadr qamy) s p < 1 (3.44)
—co—c0 —oi=]

is satisfied for all x,.

Albert [16] has derived a set of integral equations whose solutions give the most interesting
parameters of the test, namely, the probability of test truncation and the average sample

number (ASN).

The probability that the test ends with decision d, or d; ie., P;(x,) satisfies the integral

equation
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Pi(x,) = (o) + To(%0) | Piy) dF (3 /x,) (3.45)

and the average sample number (ASN) is given by average test duration, M (x,) which also

satisfies a similar integral equation

M (%) = To(x,) + To(xs) | My ) dF (y/x,) (3.46)

This formulation has the advantage that it gives exact results for a general class of sequential
tests which need not be probability ratio tests. Furthermore, any excess over the boundaries
which might occur is not neglected. However, a serious disadvantage is that the integral
equations, for most cases of interest, are difficult (if not impossible) to solve, and the
solutions are unwieldy for many situations. Kendall [17] was able to obtain exact solutions
for the non-coherent sequential detection of a sine wave in Gaussian noise using a biased

square-law detector (BSD).
3.5.5.1 Probability of false alarm and ASN for the BSD

The biased square-law detector applied to the spread-spectrum code acquisition (which will
be described in detail in the next section) is shown in figure 3.4. If y, is the k** sample from
the square-law envelope detector, which is taken sufficiently apart, then the biased square law

detector sample, Y;, can be obtained by:

Ye=yi—b (3.47)

where b is the bias, given by b =N,B (1+y/2) with y as the predetection SNR, B as the
predetection filter bandwidth and N,, as the single-sided noise spectral density [46].

These samples are statistically independent and hence, the sample sums (accumulator

output), denoted Z;, are given by:

Z=3Y7Y, (3.48)

which represent a Markov process. Since the sample sum Z; = Z;_;+Y;, it follows that

dF 1 Zi~Zi1+b
Zi/Z;_)= F €Xp | — T dZ,- Zi—7Z; | 2 b (3.49

=0 otherwise
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Decisions d, and d; correspond to d, = dismissal, d; = alarm, and the set of decision

probabilities 1t;(Z;), i = 0,1,2 is stationary (ie., independent of k) and given by the following

relationships:
1 M<sZ
W@=10 Zz<n, (3.50)
1 msZ
m@=1y z<n, (3.51)
1 M<Z<n .
m@)=g otherwise (352)

where n; and M, are the thresholds. Letting Z, =0 and for Nz <0 <n;, the Py can be
obtained from (3.45) as:
exp (-N2/7) G (D3 ; Db)

Pfa = 7 ? ? 7 2 ’ ’ (3'53)
exp[(N1M2+b)VIGID(N1-N2+b); Db]
with the normalizations as follow:
g A 3.54
b 252 =~ N.B 3.549)
A U mi
iT = ; i=1,2 (3.55)
M=o N,B
D= —};—exp b’ (3.56)
and function G(x;c) is defined as
N _x\?
Gaic)=1+ 3 LA 3.57)
a1 !
where N is an integer chosen to satisfy the inequality
cSNc<x<(N+l) (3.58)
Similarly the ASN can be obtained from (3.46) as:
ASN =M (0)=exp (-n'2Y) H(-Dn'2; Db’) (3.59)

+P2(0) {1- exp [( M1-N2+b)) ]H [ D(N' 1Nz +b); Db']}
with the function H(x;c) defined as

N n-l (pe_x)
Hx;c)=(N+1 — - _ 3.60
(x;¢)=(N + 1) exp(-x /YD) n2=:1 Eo D)y (3.60)

The average test duration for the case of noise only is given by

14=ASN /B (3.61)

where Z; represent samples taken at rate 1/B.
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A similar analysis for the case where the signal is present, is extremely difficult and is not
available in the literature. Also for the truncated sequential tests, Albert’s approach can not
be applied.

3.6 SEQUENTIAL DETECTION APPLIED TO SPREAD-SPECTRUM
CODE ACQUISITION

Acquisition of pseudo-noise codes plays a vital role in the detection of direct-sequence
spread-spectrum signals. Recently, emphasis has been placed on the need for faster code
acquisition in low input signal to noise ratio (SNR) conditions, particularly in certain satellite
communication and navigation applications. Commonly, a serial search is employed to
acquire initial synchronization of the PN codes, using the correlation between the incoming
signal and the locally generated code replica, by searching through all possible code epochs
to indicate coarse lock. This works well in low SNRs but the acquisition time can be
unacceptably long. Various detectors have been used with the serial search synchronizer to
detect the correlation signal, including single or multiple dwell time detectors and matched
filters. However, all these detectors have disadvantages and the problems associated with

these detectors have been discussed in the previous chapter.

The single and multiple dwell detectors take as long to dismiss each incorrect code epoch as
to detect the correct code epoch while the matched filter, even though faster in
detection/dismissal of the correct/incorrect code epoch, suffers from an increase in hardware
complexity which is proportional to the length of the PN code. Sequential detectors,
however, employ a serial search strategy but use a variable dwell time integration. These
detectors are relatively easy to implement and are capable of dismissing the large number of
incorrect code epochs quickly, allowing for longer integration of the correct code epoch
resulting in reliable and faster code acquisition. For this reason, sequential detectors are the
optimum in the sense of minimum dismissal time of the wrong code epoch for a given

probability of detection and false alarm [12].

The schematic diagram of the sequential detection PN code acquisition is shown in figure
3.5. As shown in the figure, the sequential detector is used to check the output of the
discrete-step serial-search correlator for the presence of a correlation signal representing the
coarse in-lock condition. Because of the large noise levels encountered in spread-spectrum
systems, this correlation signal is often heavily corrupted by noise. Sequential detection

employs the ratio of the a priori probabilities of the incoming samples (at the output of the
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envelope detector) as a measure of the likelihood of the samples belonging to the wanted
correlation signal plus noise (corresponding to the in-lock condition) or noise only
(corresponding to the out-of-lock condition). The # ratios of n samples are multiplied to give
the likelihood that the envelope detector output is signal or noise averaged over n samples.
This likelihood ratio is tested against two thresholds. If the ratio lies between the thresholds,
a new sample of the correlator output is taken and the likelihood of it being signal or noise is
found. Exceeding either threshold indicates the presence or absence of the correlation signal,

respectively.

Let the input signal from the correlator (without data modulation), x (¢) be represented as:

x(t) = V24 cos(@,t +6,) + n(t) (3.62)

where A is the mms signal amplitude, ®, is the carrier frequency, 0, is the random phase of
the carrier and n(¢) is the noise which is an independent white Gaussian process with a
variance, 62 =N,B/2 where B is the predetection filter bandwidth which, in this case, is
equivalent to the data bandwidth and N, is the single-sided noise spectral density. The actual
signal amplitude, however, depends on the degree of correlation between the codes and thus
is dependant on the actual code phase misalignment. If the code phase offset is AT, then the
correlator output is given by a(A,AT)=A (1-AT/LT,y. Thus the correlator output is a
random variable, a(t), contributing to the correlation loss. The worstcase correlation loss is
estimated to be 2.5dB (SNR loss) for serial search with a step size of half a chip per code cell
[32,46].

When the signal x(¢) is passed through an envelope detector as shown in figure 3.5, the
samples at the output of the envelope detector, y;, follow a Rayleigh distribution, po(y,), for

the case of noise only; and a Rician distribution, p(y;) for the case of signal plus noise.

These are given by:
_ Yk 7 ¥ .
P10W = - 5 exp [— {Fw}]lo [2yk\/—2:] : w20 (3.63)
=0 otherwise
o) = -%exp [— 2%"2‘7] s »20 (3.64)
=0 otherwise

for the cases of signal present and absent respectively where ¥ is the predetection SNR given
by
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Y= A?20? (3.65)
and I, [ ] represents the modified Bessel function of the first kind and zeroth order.
The individual samples of the envelope detector output are assumed to be sufficiently
decorrelated by sampling at an interval T 2 1/B. Following the earlier definition, the
likelihood function of the k% sample which is the ratio of the a priori probability

distributions, can be given by:
P10%)
AMk) = (3.66)
Po0)
The likelihood ratio after i samples, which is denoted here as A; becomes:
i
I1 10w
A= (3.67)
IT PoG)
k=1

The sequential probability ratio test (SPRT) is carried out by comparing A; with the two
thresholds, an upper threshold, A, and a lower threshold B,.

If A; 2 A, hypothesis H(signal present) is decided and the search is stopped.
If A; < B, hypothesis H(signal absent) is decided and the code epoch is updated.
If B < A; < A, sample A;,; is taken and the test is repeated for the same relative phase

between the codes.

However, in practice, the computational complexity can be reduced significantly by using
logarithm of the likelihood function as described in section 3.5.4. Hence, by taking the
logarithm of (3.67) and substituting the density functions the sequential test can now be
conducted on the accumulated log-likelihood samples with the thresholds replaced by the
logarithm of the original thresholds. The accumulated log-likelihood function over i

samples, denoted here as v;, can then be simplified to:

vi = ¥ v+ ll,Qeu\y20%)) (3.68)

k=1
This accumulator output is tested against the two thresholds which are now denoted by
T, =1n (A,), the upper threshold and 7; =1n (B,), the lower threshold and the outcomes of the

test determine whether the coarse-lock between the codes is achieved or not.
3.6.1 Biased square law detector

The biased square-law detector (BSD) which is a low SNR approximation of the ideal log-
likelihood sequential detector as described in section 3.5.5, normally employs a square-law

envelope detector for ease of implementation as the square of the envelope of the received
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waveform can be easily formed in a receiver and thus it has been of considerable importance.
Figure 3.4 shows the BSD employing square-law envelope detector. Following the steps of
the ideal sequential detector, the log-likelihood function can be derived as the ratio of the a

priori probabilities and can be shown to be similar to that of the ideal sequential detector as

in (3.68) except that the argument of the In /,, [ ] function is replaced by ’2\)y,,y/202 *asthea
priori probabilities are now represented by non-central and central chi-square distributions in

the presence and the absence of signal respectively [46].

For low SNRs, however, the In/,[x ] function in this log-likelihood function can be

approximated by the first two terms of a power series expansion:

2 4
Inl,[x]= xT - ’fa (3.69)

and this leads to a biased square law sequential detector (BSD) whose accumulated log-
likelihood function, on substitution, becomes [46]:

e o Y 12| e

v.-—kzsl[ T+ 472[202 TJ (3.70)

N D I o 371

u Ex(” 202 2] G.7)

vi= i(}’k“b) (3.72)
k=1

where (3.72) represents the normalized accumulator output with b as the bias of log-
likelihood function given by b =N,B (1 +Y/2), and N, is the single-sided noise spectral
density.

Using this simplified log-likelihood function the BSD can be implemented with a simple
square law device as shown in figure 3.5 and this represents the low SNR version of the

sequential detection for PN code acquisition.

3.7 RECENT DEVELOPMENTS IN RESEARCH WORK INTO
SEQUENTIAL DETECTION

The theory of sequential analysis was developed by A.Wald [10] in response to the demands
of efficient statistical sampling procedures. Wald and Wolfowitz [12] have also proved the
optimality of the sequential probability ratio test between the simple hypothesis that it
requires on average fewest number of samples for a given probability of detection (ie., power
of the test). Wald has also derived approximate expressions for the decision probabilities and

the average sample number neglecting the excess over boundaries problem. These analyses
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are valid for a large average sample number or low SNRs [10,13]. Kemperman [14] has
exploited the connection between the theory of random walks and Wald’s theory and
obtained integral equations for the determination of the decision probabilities and the
expected sample size of Wald’s sequential test. As the solutions for these integral equations
are quite difficult, Kemperman and Snyder [15] have also obtained bounds for the solutions
which may be used to obtain substantial improvements over the bounds given by Wald.
Albert [16] has generalized Kemperman’s integral equations to apply to a fairly extensive
class of sequential decision problems and has also derived methods to obtain practical results
from such integral equations. These methods yield definitive improvements over Wald’s
approximate methods for setting the decision boundaries and estimating the sample size
moments. Kendall [17] has obtained solutions for the generalized integral equations of
Albert for a specific case of incoherent detection of a sine wave in Gaussian noise for a
biased square law detector when no signal is present and has derived relationships for the

probability of false alarm and the average sample number.

The dissatisfactions associated to Wald's sequential probability ratio test and Wald’s

analysis of it were summarized by Siegmund [18] as follow:

i. the open ended continuation region with concomitant possibility of taking an

arbitrarily large number of samples is intolerable in practice.

ii. Wald’s elegant approximations based on neglecting the excess of the log-
likelihood ratio over the stopping boundaries are not especially accurate and do not
allow one to study the effect of taking the observations in groups rather one at a
time.

iii. the beautiful optimality property of the sequential probability ratio test applies
only to the artificial problem of testing a simple hypothesis against a simple

alternative.

These issues have received greater attention in statistical decision theory over the past
decades and numerous modifications to the sequential probability ratio test have been
proposed and their properties studied, often by simulation or lengthy numerical computations
and complete theoretical analyses of many such proposals have been carried out [19,20]. The
outcome of these investigations has given rise to closed sequential tests or truncated
sequential tests defined by nonlinear stopping boundaries and often applied to grouped data.
The truncated sequential tests have been proposed by Anderson [19] whereas Goode [20 ]
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has suggested deferred decision theory for the general problem of accelerating the decision.

The application of sequential tests to the problem of signal detection (called sequential
detection) was first applied by Middleton and Van Meter [21]. Bussgang and Middleton [22]
have studied the sequential detection of radar echoes. In their work, the problem of simple
binary (ie., two-decision) detection using sequential tests has been extended to the case of
optimum detection of pulsed carrier signals in normal noise. Coherent sequential detection
of causal signals in normal noise and sequential detection of random signals have also been
treated with an important feature of handling of correlated samples and continuous sampling
process. Helstrom [23] has presented work on sequential detection theory applied to the
detection of unknown range by sampling the receiver output for a radar target detection.
Marcus and Swerling [24] have extended the sequential analysis to multiple-resolution-
element sequential radars and presented simulation results showing the improvement
obtained by sequential procedures. Kendall and Reed [25] have extended the sequential test
for radar detection to include multiple targets. Finn [26] has proposed an approach to
sequential detection of phased array radars using a two-step approximation called energy
variant sequential detection whereas Brennan and Hill [27] called the same procedure a two-
step detection. The truncated sequential tests have also been applied to pulsed radar
detection and radar surviellance by Bussgang and Marcus [28] and Bussgang and Johnson
[29]. In an application of binary sequential detection using uncertainty feedback in which the
detector constantly feeds back its state of uncertainty concemning what is being sent, Turin
[30] has shown that the sequential detection system when compared to a nonsequential
detection system with similar uncertainty feedback, has i) 6dB average power advantage
when the prescribed peak-to-average power ratio is too small, and ii) 6dB peak power
advantage when the prescribed peak-to-average power ratio is large [31].

Sequential detection has also been applied to spread-spectrum code acquisition by a few
researchers in the recent past. Cobb and Darby [32] have presented the computer simulation
of sequential detection of spread-spectrum signals by using specific hardware
implementations of simplified detector configurations, namely, the ideal detector, envelope
detector, biased square law detector and the absolute value detector. The simulation has been
carried out in the moderate SNR range of -3dB to +3dB in the IF bandwidth. However, this
simulation does not model the presence of data modulation on the carrier and simulates a

CW signal after PN despreading. The model also assumes that the clock frequencies are
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close enough that the signal level does not change significantly over the length of the test. In
a recent work on spread-spectrum code acquisition using sequential detection, Carson [33]
has presented a microprocessor based implementation of a sequential detection algorithm
together with a search rate control algorithm. Effects of both linear and square law detectors
have also been characterized and experimental results when the average sample number is

large (corresponding to a design SNR of -6dB to +6dB) has been presented.

The variable dwell time PN search algorithm and its relation to the optimum sequential
detector has been presented by Braun [34] who has used a numerical approach to show the
optimality of the sequential detector at low SNRs. Meyr and Polzer [35] have presented a
method of recursively computing the probability density function of the sample number for
the optimum sequential detector with the envelope correlator samples assumed to be
statistically independent. Comparatto [36] has analyzed a dual threshold sequential detection
receiver and derived a general expression which addresses the probability that the sequential
detection procedure ceases after an arbitrary number of samples. This analysis is based on
the approximation in which the final expression is conditioned on the previous two samples

which was shown to be conservative by Weinberg [37].

The application of sequential detection to the interception of unknown noncoherent
frequency hopped waveforms has also been presented by Snelling and Geraniotis [38]. The
optimality of the sequential test has also been demonstrated and a truncated sequential test
has been derived which shows improvement in the number of samples needed for a decision
when the input SNR differs greatly from that assumed in the derivation of the test.
Numerical results based on this analysis and the simulation of the interceptor’s performance
have also been presented. The analysis of the sequential test with asymptotically correct
approximations for the operating characteristic function (OCF) and the average sample
number (ASN) has been presented by Tantaratana and Poor [39]. Tantaratana and Thomas
[40] have considered a class of non-parametric sequential rank tests and derived an
approximate analysis. Tantaratana [41] has also presented analysis of a sequential constant
false alarm rate (CFAR) detector employing dead zone limiter. Lee and Thomas [42] have
presented performance analysis of sequential dead-zone limiter detector and the sequential
four-level sign detector. Recently, Lee and Tantaratana [43] have presented analysis of a
direct-sequence spread-spectrum system using truncated sequential probability ratio test

(TSPRT). In this analysis, approximate worst values of the partial correlation were used to
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set up the hypotheses and was shown that the maximum ASN required for the TSPRT is
always smaller than that for the fixed dwell scheme. Their results were also compared with
simulation results and shown to be in close agreement. Su and Weber [44] have also recently
presented two iterative algorithms which are applicable only to limited regions of Wald’s

approximations for evaluating sequential detector’s performance.

In the present research, the analysis of the sequential detection PN code acquisition system
has been carried out for various channel impairments in the presence of data modulation and
Doppler shift [47-51]. Performance in the presence of two types of jammer signals, namely,
the CW jammer and the pulsed jammer has also been considered. Three variants of the
sequential detector have been examined and their acquisition performances for all these
situations have been compared. Optimization of the sequential detectors with respect to the
thresholds, bias and the input SNR has also been carried out and the performance of the
sequential detector is compared with that of the more usual fixed-dwell serial search code

acquisition techniques, namely, the single-dwell detector and the matched filter.
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CHAPTER 4

COMPUTER MODELS, SIGNAL MODELS
AND
THE MONTE-CARLO SIMULATION PROCEDURES

4.1 INTRODUCTION

In this chapter the computer models used to simulate the three variants of sequential detector
for the acquisition of direct-sequence spread-spectrum signals are described. The signal
models employed to simulate various types of received signal structures in the presence and
the absence of data modulation including the effects of code rate and the residual carrier
Doppler frequency offsets are presented. The channel model employed to simulate the
various channel impairments viz., Gaussian noise, jamming and the interference are also
described. In addition, the analytical description of each of the functions required in the
system model for both the transmit and the receive sides has been presented and the software
techniques used to realize various functional blocks representing all received signal models

employed to analyze the performance of the detectors are described.

In order to assess the relative performance of PN code acquisition using the sequential
detector, a single-dwell detector and a digital matched filter detector were also simulated and
their performances for the equivalent system parameters were also obtained. The system
models used for both these detectors and the software realization of their functional blocks
are also presented. Finally, the Monte-Carlo computer simulation procedure employed to

assess the statistical performance of each of these detectors is explained.
4.2 COMPUTER MODELS

The transmitted and the received signals are assumed to be at baseband and consequently, a
baseband direct-sequence spread-spectrum transmitter with a non-coherent receiver using
various detection systems was simulated. Various serial-search detector algorithms using
their equivalent baseband models were employed. The serial-search technique using

sequential detection algorithms corresponding to three variants of the sequential detector
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were simulated. The three variants of the sequential detector considered for simulation are:
i. ideal log-likelihood sequential detector (LLD)
ii. quantized log-likelihood sequential detector (QLD)

iii. biased square law sequential detector (BSD)
In addition, two common serial-search techniques with a single-dwell detector and a digital
matched filter detector were also realized in software. Both the transmitter and the receiver
were simulated as the finite state machines with the state of the machine depending upon the
the shift registers of the PN code generators. The simulation was carried out on the Gould-
Unix main frame computer and HP 9000 Series 835 mini computer using Fortran-77 as a
primary programming language. Various functional blocks of the transmitter, channel and

the receiver models are described in detail in the following sections.
4.2.1 Transmitter model

The schematic block diagram of a direct-sequence spread-spectrum transmission system is
shown in figure 4.1a. The spread-spectrum transmitter consists of a PN code generator and a
data generator whose outputs are modulo-2 added together to represent a simple BPSK
modulated direct-sequence spread-spectrum signal in the baseband. In the simulation, the
transmitter spreading sequence was assumed to be a maximal-length pseudo-random noise
(PN) code clocked at a rate R, = 100 Kb/s with a code length L = 127 chips. A pseudo-
random sequence of length 15 was used as a data sequence with the data transitions
synchronized with the PN code clock, however, the occurance of each bit was chosen to
occur randomly with respect to the start of the PN code (incoherently added). The data bit
duration was made equal to the PN code length resulting in a data rate R, = R./L = 100/127
Kb/s = 787 b/s and a provision to select or deselect the data was also provided. This choice
of code parameters allows the spread-spectrum system to provide a processing gain of 21dB

assuming ideal filtering and 0dB implementation loss.

The code rate and the code length were chosen to keep the computer simulation time within a
manageable limit in order to obtain a sufficiently large number of runs needed for the Monte-
Carlo simulation technique. For the code rate of 100 Kb/s chosen, a sampling rate of 200
Kb/s was used which represents each PN code bit with two samples. As the local code phase
was slide past in steps of half a chip and the random initial code phase uncertainty was

always set to be a multiple of a cell (half a chip) duration this provides sufficient accuracy.
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The case of continuously random initial code phase uncertainty has not been modelled to

keep the simulation time in practical limits.
4.2.2 Channel model

The transmission characteristics of the channel were simulated under the assumption of
additive white Gaussian noise (AWGN) using a Gaussian random number generator routine
with zero mean and a controllable variance. A random number generator with uniform
distribution was generated using the linear congruents method and from this distribution the
Gaussian distribution was obtained using the Box-Muller method [1]. The randomness of
this distribution was verified by conducting many runs and plotting the probability density
function as well as the cumulative density function and from this it was found that the
distribution was tightly normal over the range +3c. This was also found to be as good as a
distribution obtained by the direct application of central limit theorem with fairly a large
number of samples drawn from the same uniform distribution. Since this functional block
was particularly important in the simulation process, several sources of random numbers
were also used and the resulting Gaussian distributions were compared. Figure 4.2 shows the
cumulative frequency plotted against the bin number on a normal probability paper for three

distributions generated by using the following methods.
i. Box-Muller method using uniform distribution by linear congruents method [1].
ii. Box-Muller method using Prospero uniform distribution [2].

iii. Direct application of central-limit theorem using Prospero uniform distribution.
For all three methods, the cumulative probability lies approximately on a straight line, as
expected for the Gaussian distribution. The mean and variance can also be seen to be closely
in agreement for all three distributions (for a zero-mean, unit variance in the range +3c). The
mean was verified by obtaining the bin number corresponding to 50% cumulative frequency
which is also 50 for 100 bins considered. The standard deviation was obtained by the
difference in the number of bins corresponding to the 50% and 84% cumulative frequency
which is close to 17 for a +30 over 100 bins. However, based on the best agreement of data
with the straight line fit, the Box-Muller method using the uniform distribution generated by

linear congruents method was chosen for the present research.

The continuous-wave (CW) interference and the pulsed tone jamming which were used to

model the typical spread-spectrum interference (intentional/unintentional) and jamming
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strategies were also generated and used together with the Gaussian noise. Both these jammer

waveforms and their mathematical models are discussed in section 4.4.
4.2.3 Receiver model

The schematic diagram of a spread-spectrum receiver is shown in figure 4.1b. As the main
emphasis is on the initial acquisition, the code acquisition aspects of the receiver were
simulated and consequently the acquisition models employed are described in this section.
Figure 4.3 shows a schematic diagram of the generalized PN code synchronization in the

spread-spectrum receiver with the code acquisition system explicitly shown.

Both the serial-search techniques using the sequential detection and the single-dwell
detection simulated, use common signal processing during the signal correlation phase and
then the correlator samples are processed according to the each type of detector. Therefore,
the receiver model employs common functional blocks until the envelope detector/sampler
and these samples are then processed according to its specific sequential detection algorithm
corresponding to each of its variants or the fixed-dwell serial-search algorithm as appropriate.
However, the serial-search using the digital matched filter employs a slightly different model
which will be described subsequently.

4.2.4 Common signal processing modules

The functional blocks common to all the variants of sequential detector and the single-dwell

detector are:
i. Correlator/multiplier
ii. Predetection filter
iii. Local code generator
iv. Envelope detector

v. Sampler
The software techniques employed in realizing all these functional blocks are described
below:

4.2.4.1 Correlator

The correlator is the first functional block in the receiver modules and was simulated as a
simple multiplier of the corrupted received samples with a locally generated code chips or

code cells. In the present simulation, cells of half a code chip duration are assumed and
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consequently coarse acquisition is achieved to an accuracy of better than half a code chip.
The output of this multiplier was then filtered by the predetection filter to extract the
correlated signal which will provide a measure of synchronization between the incoming

signal and the local code replica.
4.2.4.2 Local code generator

The local code generator works at the same code rate and the code length as the transmit code
generator using the same code polynomial with the known starting state but is asynchronous
to the transmit code as the code phase is unknown in the beginning. The local code phase
could be incremented in steps of one cell relative to the transmit code phase whenever the
test failed. The sliding of code was carried out by keeping track of the code states as well as
the cell under comparison and updating the contents of the local code generator. Both
transmit and receive code generators were each assigned a flag to monitor which cell was
being processing. The flag was toggled whenever the cell was incremented. This method
allows a simple realization of local code delay of one cell whenever the test fails, by simply

holding the local code flag from being toggled.
4.2.4.3 Predetection filter

This filter plays an important role as the detector performance critically depends on the filter
bandwidth and the predetection SNR. A digital low pass filter realization was employed to
simulate this filter. Infinite impulse response (IIR) techniques using the bilinear
transformation method were used to realize a third order Butterworth configuration [4,5].
This filter was found to provide satisfactory performance compared to a first order
Butterworth filter whose cut-off characteristics are not sharp enough or a third order
Chebyshev configuration which shows poor phase characteristics. The design of the

predetection filter is discussed in the appendix 4.1 in some detail.
4.2.4.4 Envelope detector and Sampler

In practical spread-spectrum acquisition systems it is common to use square-law envelope
detectors to remove the effects of data modulation on the correlation signal. However, this
presents the designer with serious problem as the correlation signal is distorted due to the
non-linearity of the squaring process (which is commonly known as squaring loss) resulting
in a reduced predetection SNR. The linear envelope detectors are a better solution, however,

realization of such a detector with wide dynamic range is quite difficult. The absolute value
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detectors are sometimes a good choice as it is easy to realize digitally. In this work absolute-

value detector is assumed and realized by simply removing the sign bit of each sample.

The filter output was passed through an absolute-value detector whose output was then fed to
the sampler. The envelope detector output need to be sampled at a rate R, < B where B is the
predetection filter bandwidth which is, in this simulation, equal to the data rate R,. This is
required to ensure sufficient decorrelation of the samples to the sequential detector as the
detector works on the assumption of uncorrelated samples. Consequently, a sampling time

equal to T =2/R, was employed in the simulation.
4.2.5 Sequential detector models
4.2.5.1 Ideal log-likelihood sequential detector (LLD)

The LLD, as shown earlier in figure 3.5 (chapter 3), was simulated by using the ideal values
of the ’In/, []’ transformation required in the computation of the log-likelihood function as

given by equation (3.68) in chapter 3 which is reproduced here for convenience.

vi = X v+l yy2e?))) @
=1
where *
¥ = A%120% @4.2)
and vyis the predetection SNR.
v = 3b+nl, @xyw) @3)
k=1

where b is the bias and g is the gain of the log-likelihood function.

The log-likelihood value corresponding to each k* sample output y, was computed by using
the sample value which was weighted by the gain, g in the argument of the 'In/, []
transformation and then adding a bias, b to this transformed value. These log-likelihood
values were accumulated and the accumulated value v; was compared against the upper and
lower thresholds T, and T,. Depending on the outcome of these comparisons the test was
either terminated or continued by taking a new sample until either the presence or the
absence of the signal was detected. On detecting the presence of the correlator signal an in-
sync condition was declared, however, if the test indicated the absence of signal, then the out-
of-sync condition was declared and the local code was stepped up by one cell to search for

the next code phase, and the test was repeated.
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4.2.5.2 Quantized log-likelihood sequential detector (QLD)

For the QLD, the signal from the sampler was passed through a uniform quantizer as shown
in figure 4.4, in which the number of levels Q was a variable. The quantized sample was then
passed through ’InJ, [ ]’ transformation as in the case of the LLD and the quantized value of
the sample was transformed using which the log-likelihood function was computed.

This provides the flexibility of testing the performance of the QLD with various quantization
levels namely, 0=10,16,32,40,50,100 to determine the minimum number of quantization
levels required for a practical realization. In effect, the QLD models an implementation of a

log-likelihood detector using a look-up table (possibly stored in a ROM).
4.2.5.3 Biased square law sequential detector (BSD)

The log-likelihood function of the BSD as shown earlier in figure 3.4, was derived in chapter
3 and the result is reproduced below:

-5 e 1o e

vi= El[—vww 47’[202 H “4.4)
< Y ¥
= El{-‘i'**z?— ZJ @a4.5
= SOr-b) @.6)

where (4.6) represents the normalized accumulator output with b as the bias of the log-
likelihood function, given by b=N,B(1+v2), and N, is the single-sided noise spectral
density.

In the case of the BSD, the square-law envelope detected samples were directly used and the
bias, b was added to it. This approximate likelihood measure was accumulated and the

sequential test was carried out.

For all the three sequential detector models the thresholds and the bias can be fixed at any

desired value to achieve the optimization of the detector.
4.3 SIGNAL MODELS

A baseband PN modulated signal in the presence and absence of data modulation and
Doppler shift was generated and corrupted by Gaussian noise. The Doppler frequency
offsets on both the code clock and/or the carrier frequency were simulated to examine the
performance of all the detectors in various channel conditions. The received signals were

also assumed to have been jammed by an intentional/unintentional jammer/interferer and the
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performance of the detectors was obtained in the presence of a CW jammer and a pulsed tone
jammer. The models employed for generating the signal structures represent each of the

various combinations of these features.

The transmitted signal with BPSK data modulation can be represented simply by:

s(6) = V2S5 c () d (1) cos ot @.7)
where c(t) is the PN binary waveform and d(t) is the data waveform given by
c(t) =C; kT, <t < (k+1)T, @4.8)
Cre-1,1 k an integer

and C, is the PN code sequence with T, as the code chip interval.

d@) =d, nT,<t<(n+1)T, “.9
d, € -1,1 n an integer
and 4, is the PN code sequence with T, as the data bit interval.
The data and the PN code clocks are assumed to be coincident such that N =T,/T,, where N is

the processing gain which is 127 in the present simulation.

At the receiver, the received signal is a composite structure after Doppler shift and channel
impairments and can be viewed as being from two classes (for the purpose of clarity), one
containing data modulation and the other with no data modulation. Six types of composite
received signal structures were thus considered in the simulations (without considering the
cases of jamming which will be discussed in the subsequent sections) and their mathematical

models are shown below:
Signal type 1: DS spread-spectrum signal without data modulation.

r1 () = V25 c(t-LT,) cos(w,t +0,) + n(f) (4.10)
This is the simplest form of signal with no data modulation and Doppler shift which is used
as the reference signal to establish the comparative degradations when the data modulation

and/or Doppler shift are present.

Signal type 2: DS spread-spectrum signal with code Doppler frequency offset without data
modulation.
ra (t) =S, (¢) cos(w.t +0.) + n(t) 4.11)
S, () =\25 ¢ ( L - crc] 4.12)

1-¢
This signal represents the code rate Doppler shift, {'/T,, by incorporating the change in the

code duration caused by the Doppler shift as a translation in the time of occurance,

proportional to the Doppler shift under the assumption of an ideal code rate Doppler.



However, in practice, the non-uniform Doppler shift on various spectral components can lead
to the distortion of the original spectrum as well as the waveform. This signal type prevails
in practice when the carrier Doppler is well compensated and the residual carrier Doppler is

quite negligible, however, the residual code Doppler is still considerably harmful.

Signal type 3: DS spread-spectrum signal with code and carrier Doppler frequency offset

without data modulation.

r3 (t)=S3 (t) cos(w.t) + n(r) “4.13)
S5 () =25 ¢ [1 _‘

This signal provides both code rate Doppler offset and carrier Doppler frequency offset. Even

T CTcJCOS((Dd‘ +6.) 4.14)

though, in many applications such as satellite communications the carrier Doppler shift is
generally well compensated the residual carrier Doppler shift is still considerable and this

model addresses these issues.
Signal type 4: DS spread-spectrum signal with data modulation.

ra (6) = V25 d(t-&T, - LT,) ¢ (t- LT,) cos(w,t + 6,) + n(f) (4.15)
This signal models the random data modulation which is synchronous to PN code clock.

Signal type 5: DS spread-spectrum signal with code Doppler frequency offset and data

modulation.

rs (t)=S5 (t) cos(w,t + 6,) + n(t) 4.16)
Ss () = \’_c[ 7 —CTJd( — gr) 4.17)
This signal models the data modulation and the code rate Doppler shift assuming the

situations in which the carrier Doppler is fully compensated and the residual Doppler on the

carrier is negligible.

Signal type 6: DS spread-spectrum signal with code and carrier Doppler frequency offset
with data modulation.
re (1) =S¢ (1) cos(w.2) + n(t) (4.18)
S¢ (1) = =V2S ¢ [ e -§T ] cos(wyt +0,) 4.19)

This signal represents the worst case situation with the data modulation and both code rate

Doppler and the residual carrier Doppler shift.

The symbols used in the above equations are defined as: S is the rms signal power, d(¢) and

c(¢) are the data and code sequences with T, the chip time of the PN code, T, is the data bit
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duration which is assumed to be an integral multiple of T, {T, the received code phase offset,
ET, + {T. the received data bit phase offset assuming that the data stream timing is
synchronized to the code chip time, {'/T, is the received code frequency offset, w, is the
received carrier radian frequency offset, T; represents the beginning of the integration
interval, ©, and 6, are the carrier radian frequency and random phase, and n (¢) is the additive

white Gaussian noise with one-sided power spectral density N,.

For the purpose of simulating these signals at baseband, the carrier frequency was assumed to
be zero. The output of the correlator at baseband representing a sample value on the
correlator curve for the case with data modulation and both code and carrier Doppler

frequency offsets (signal type 6) can be given by

x(t) = u(t) cos(8,) +n(t) (4.20)
— t T t
u(r) =\24 C(I—C' —CT,,.] d[l—?;' &T,) (1-1’ rT,_.] 4.21)

where 1T, represents the local code phase offset and © represents the local code frequency

error with{ -7 « 1.

It is this correlator signal which is envelope detected and whose samples are directly
emphasized by the nonlinearity function ’In 7,[ ]’ of the sequential detector or fed to the

single-dwell detector.
4.4 JAMMER MODELS

Two types of jammer signals were considered; namely, the CW jammer and the pulse
jammer. In case of the CW jammer, the baseband equivalent of the jammer at the exact
centre frequency of the spread-spectrum signal (carrier frequency) was assumed with the
jammer-to-carrier power ratio, J/S varied. In case of the pulse jammer, the fraction of time
that the pulse jammer was present (pulse duty factor) was varied for each value of J/S
assuming that the average pulse power is constrained. The noise component contributed by

the jamming signals can be derived as follow:

The received signal 7 (¢) in the presence of the jamming signal J (r) is represented (assuming
noiseless situation) as:

r)=s@)+J@) 4.22)
where s(7) is the transmitted direct-sequence BPSK signal given by (4.8). The receiver

multiplies this signal by the PN waveform c (r) to obtain the correlator signal x (¢), which is
given by:
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xO)=c@O[s@O+J ] 4.23)
x()=Y2Ad(t)cos @, t +c () J ) 4.24)

since c2(¢) = 1 the first component in the above equation represents the unspread BPSK signal

and the second component c (¢) J (t) represents the effective noise waveform due to jamming.

However, the noise term contributed by the jammer after correlation clearly depends upon
the number of PN chips over which the integration is carried out. For BPSK modulation, the

equivalent noise component after correlator is given by:

To
n=n /T_Z fe @) cos wgt de 4.25)
e 0

(k+1)T,

N-1
n=a /—2 Y | J@cosarar (4.26)
T, kT,
where Cy,C,......Cy_; are the N PN code chips with chip duration 7, and T, is the data bit

duration. The jamming component can then be defined as:

(k+1)T,

B=qf= ki J(£) cos o, dt @.27)

The resultant noise component in terms of jammer component can be written as

N-1
n= - Z Jk Cg (4.28)
N k=0

As the PN sequence can be approximated as an independent identically distributed binary
sequence with (probability of occurance, p = 1/2), the noise component for any fixed jammer

sequence J = (Jo, J1,...., Jy_1) is a sum of independent random variables.
4.4.1 CW Jammer model

The most harmful jammer waveform is the one that maximizes J, (jammer component) for
each value of k. The jammer does not know the PN sequence {C;} and therefore, it should
place as much energy as possible in the cosine coordinate of the signal to cause maximum
damage which can be achieved by a CW signal. Generally, the jammer does not know the
transmitted carrier phase also, thus, a deterministic CW jammer waveform model normally
employs a random phase which is given by:

J(t)="2J cos (¢ + 6;) (4.29)
with J as the jammer power and 6; as the phase parameter. The jammer component, thus,

becomes

Jy =T, cos (0 ;) 4.30)
for all k£, which is maximized when 6; =0.

The received signal in the presence of CW jammer (in Gaussian noise) representing the worst

case jammer with its entire power being placed in the exact signal coordinates viz., the carrier
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frequency and the phase, can be given by

r@t) = V2§ ¢ @ +LT,) cos(w.t +6,) + Y2J cos(w ¢t +06,) +n(t) (4.31)
The correlator signal at baseband becomes:

x() = [V2A c(t+LT,) + V2T 1 ¢ (141T,) cos 6, + n (2) 4.32)
4.4.2 Pulse Jammer model
The pulse jammer with a time-averaged power of J is assumed to have the peak power J,
during the pulse interval given by

J,=Jlp ;p<l1 4.33)

where p is the pulse duty factor which is the fraction of time the jammer is on.
The performance in the presence of any arbitrary jammer is normally expressed relative to
the performance in the presence of a wideband jammer with uniform power spectral density,
which is referred to as its base line performance. In the case of a pulse jammer, the jammer
power spectral density, N;/p where N; =J/W,, with W,, as the spread bandwidth, is used to
compare its performance with an equivalent base line jammer with spectral power density Nj.
The pulse jammer is normally expected to prevail over an interval of a few data bit durations
with the assumption that the cases where the jammer might be on only for a small fraction of

the transmitted data bit duration are ignored.

The received signal in the presence of a pulsed tone jammer waveform for the case of no data

modulation can be represented as

r(f) = 25 c(1+LT,) cos(@,t +6,) + T, 3 Py(t—T;) cos(ayt +65)+n(©) (4.34)
where o
P;t) =1 0<t<7y
=0 otherwise
7; = pulse width

T, =time between successive pulses
with the rest of the symbols defined as earlier.
When the frequency difference between the desired spread-spectrum signal and the tone of
the pulsed jammer is small enough ie., Aw= | w,~w; | =0, then any bandlimiting of the

jammer is considered negligible and the jammer carrier is assumed to be phase-locked to the

desired signal. The received phase-locked jammer signal is thus given by

r@©) = | V2S c+LT) +VIlp f; P,(:—kT,—A,)] cos(@,t +6,) + n (f) (4.35)
k=00
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with 0<A; <T; which is the random pulse delay. The correlator output with the pulse

jammer can be represented as

x(1) = [\EA c(t+CT,_.)+\IJ Ip i P,(t—kT,—A,)]c(HtTc)cos ©)+n@) (4.36)
k=—ee
The correlator outputs in (4.32) and (4.36) contain the equivalent noise components

contributed by the jammer signals. This signal is envelope detected and the sampled output is

passed to the sequential detector.

The signal-to-jammer power ratio S/J and the bit energy to jammer spectral power density
E,/N; of a pulse jammer are related by:

E SR WoRy N 4.37)

=PG +S/] (indB) (4.38)
where N and PG represent the processing gain in number of PN chips and in dB respectively.

The rest of the symbols are as defined earlier.

A critical fraction of time the pulse jammer is on p =p"* (the critical duty factor) exists that

leads to the worst case bit error probability P, as the E,/N; is varied and defined as [3]

«_ 0.709 ‘
=5, E,/N; > 0.709 (4.39)
=1 Eb/N j <0.709

This critical duty factor was also employed to observe the acquisition performance with

E,/N;.

4.5 THE MONTE-CARLO SIMULATION PROCEDURES

The Monte-Carlo simulation is generally used to obtain the statistical behaviour of the
detectors by counting the number of detections and false alarms for several runs of the
detector [6-10]. This has been recognized as a well known adjunct to the analysis of
communication systems when the analysis through closed form solutions is either very
difficult or the solutions are unwieldy. Further, it provides a more realistic and complete
understanding of the system behaviour for a practical range of system parameters. Even
though the methods cannot be easily applied to provide generalized solutions, the
applicability can be extended using quasi-analytic methods based on the observations for the
limited ranges of interest. In the present work, the Monte-Carlo simulation procedure has
been employed to obtain the performance of serial-search detectors for spread-spectrum code

acquisition in various conditions.



-99.

4.5.1 Simulation of the sequential test procedure

The sequential test was simulated with the incoming sequence of a random starting phase and
the search was carried out by examining the correlator output corresponding to each code
cell. The correlator samples were accumulated after the appropriate log-likelihood
transformation depending upon the each variant of the sequential detector and one of the
three decisions namely; i) in-sync, ii) out-of-sync and iii) no decision (indeterminate) was
made. The test was terminated on the decisions i) and ii) while continued by taking a new
sample whenever the decision (iii) was made. At the end of each test, if the out-of-sync was
detected (decision ii) then the local code phase was updated by one cell and the next test was
carried out with the same incoming signal. If the in-sync was detected (decision i), then the
input signal with a new arbitrary random phase was taken and a new sequential test was

carried out.

At least 100 such trials, each with a different starting code phase, were employed and the
number of detections and miss detections were determined. For every sequential test the
number of false alarms and the successful dismissals were also obtained. At the end of 100
trials, using these results, the probability of detection and the probability of false alarm were
computed. For every sequential test the number of samples needed for each out-of-sync
decision was also obtained and the average sample number (ASN) over the 100 tests was

computed.

All these observations were carried out for a range of system parameters by varying the upper
threshold T,,, lower threshold T, bias b, design SNR and the input SNR in the appropriate
ranges of interest. Usually, the input SNR was varied from -10dB to -25dB corresponding to
a predetection SNR range +10dB to -4dB (as the process gain is 21dB) and the performance
with different thresholds and bias values were obtained. With the PN code length of 127 and
a total of 100 tests, each with an arbitrary code phase, these tests achieve P, with an accuracy
of 1x102 and Py, with an accuracy better than 1x10~ [11-13]. However, from the statistical

confidence level, these accuracies are one order less.
4.5.2 Computer model of the single-dwell detector

The schematic diagram of a single-dwell detector is shown in figure 4.5. As shown in figure
the single-dwell detector uses a similar computer model as the sequential detector until the
envelope detector/sampler and the sampled output is then, fed to a single-dwell serial search

algorithm. This detector accumulates (integrates) the sampled outputs of the envelope



signal
+ noise

sample rate

at 1/B
es
pre-detection absolutei-value _><» integrate threshold - .
envelope
bgh:rB dctectoI; & dump detector =
local code code phase
generator update

Figure 4.5 Schematic diagram of a non-coherent single-dwell detector

at baseband.




-100 -

detector for a fixed duration which is called the dwell time and compares the sample sum
with a threshold at the end of the dwell time. If the integrator output crosses the threshold,

then the coarse in-sync is declared else the out-of-sync is declared and the search continued.

As with the sequential detector, 100 tests were carried out with each fixed-dwell test starting
with the incoming code sequence of an arbitrary random phase and the P, and P, were
obtained from which the mean acquisition time was computed. The simulation was carried
out for a range of threshold and the dwell time and the optimization of the detector

performance over these parameter ranges was performed.
4.5.3 Computer model of the digital matched filter

The simulation of a digital matched filter employs the same transmit model as the single-
dwell and sequential detectors. However, the receiver employs a digital matched filter model
for code acquisition which is quite different from both the sequential detector and the single-

dwell detector.
The schematic diagram of the digital matched filter is shown in figure 4.6. It consists of:
i. ahard limiter or 1-bit A/D converter
ii. a digital correlator
iii. areplica code register

iv. athreshold detector
As shown in figure the digital matched filter uses a hard quantizer or a 1-bit A/D converter
which converts the corrupted received baseband signal into a bipolar signal which was then
fed to the digital correlator. The length of the correlator is same as the code length L = 127.
The correlator compares the incoming signal with a stored local replica and computes the

correlation between the two codes using the autocorrelation function computed as:

2 nggr

1 (4.40)

acf =
where n,,, is the number of agreements over a code length and acf is the auto correlation

value for a given code delay.

The correlation value was tested against a threshold to decide whether the synchronization
was achieved or not. If the threshold was not crossed, then a new incoming chip was loaded
into the correlator and the comparison was carried out. The decisions were made at a rate

equal to the code rate (or a multiple of the code rate) and hence, for each comparison, L-1
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previous data bits participate along with the received data bit. For each comparison, a
parallel comparison with the uncorrupted version of the received signal (clean transmit
signal) was also carried out and the uncorrupted correlator output (ideal case) was generated.
This ideal correlator signal was employed to check either the in-sync or the out-of-sync
conditions to decide the number of miss detections and false alarms (or equivalently the

correct detections and correct dismissals).

For each test, the number of false alarms and the successful dismissals were obtained and the
search was carried out until the synchronization was achieved. For each set of system
parameters, 100 such tests were carried out and the P, and Py, were obtained from which the
mean acquisition time was computed. The tests were repeated by varying the input SNR in
the range -10dB to -30dB for a range of threshold values and various performance
characteristics of the digital matched filter were obtained, and the optimization of the detector

was achieved.
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APPENDIX 4.1

Design of a third-order Butterworth low-pass filter

The third order Butterworth low-pass filter has been designed as an infinite impulse response

(IIR) filter using bilinear transform method.
The transfer function of the analog filter in the transform domain is

G(s) = (s2+s+1)(s+1) (A.1)

On denormalizing the transfer function using s — s/w,, where o, is the cut-off frequency of

the analog filter, G(s) becomes

G(s)= 1 ; (A.2)
H J I+ s +1H[ J }1J
u)cﬂ mcﬂ m‘.‘ﬂ
w2 (A3)
G(s)= .
! (s2+m“s+a)§,,)(s+m“)

By using prewarping, ., can be expressed in terms of the cut-off frequency of the digital

filter 0.4 and the sampling frequency f, with a sampling time, T = 1/f,.

0y = % tan {“’“T ]: 2f;tan [ Ved ) (A4)

Using bilinear transform

_2(-) _2 @0z (A.5)
T (z+1) T (1+z™)

The transfer function of the digital filter can thus be expressed as

s

3
O Y (1 2 izl 22 1= ), s A9
()3 ] i
Y() _ 03, (1+z71)} A.7)
X@) {%I(l—z“)’ + 200, (%T(l—z“)’(ln‘” +202, [%}l—z“)(lu“ ) + 03, (1+271)}

Let

2
- [FI (A.8)
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b =20, {%T (A.9)
¢ =202, {%] (A.10)
d =" (A.11)

On substituting in (A.7) and simplification the transfer function becomes

Y(z) _ d(1+3z71+3272427%) (A.12)
X@) (a+b+c+d)+ (Bd+c-b-3a)z! + Ba+3d-b—)z2 + (d+b-a—c)z3 )
Y () a+b+c+d)=d (14327 4327 24273)X (z) - 3d+c-b-3a)z7'Y (2) (A.13)
— (Ba+3d—b-c)z2Y (z) - (d+b-a—¢)z-*Y (2)
Y@)=P1+3z71+3z2423)X (2) - Qz 'Y (z) -Rz2Y (z) - Sz 3Y (2) (A.149)
where
—4d
" (a+b+c+d) (A.15)
_ (3d+c-b-3a)
Q= (a+b+c+d) (A-16)
_ (3a+3d—b—)
k= (@+b+c+d) (A.1I7)
_ (d+b-a—)
" (a+b+c+d) (A-18)

By retransforming into time domain the sampled output of the digital filter becomes

y(n)=P[x(n)+3x(n-1)+3x(n-2)+x(n-3) 1 - Qy (n-1) =Ry (n-2) — Sy (n-3) (A.19)
The filter output y(n) can be easily realized for a given cut-off frequency and sampling
frequency by computing the coefficients P,Q,R and S and using the recursive equation (A.19)
with an appropriately set initial conditions for the realization of a causal filter. In the present
simulation, f; = 200 kHz and f, = 787 Hz were employed and the filter frequency response
was first verified for various known sinusoids in the passband and cut-off region. The

impulse response was also verified by using an input sequence *100000......" and the stability

of the filter was assessed.



CHAPTER 5

PERFORMANCE OPTIMIZATION OF THE
SEQUENTIAL DETECTOR IN THE ABSENCE OF
DATA MODULATION

5.1 INTRODUCTION

In this chapter, the sequential detector is applied to the problem of initial acquisition of
direct-sequence spread-spectrum pseudo-noise signals in the absence of data modulation and
the performance of three variants of the sequential detector is presented. The optimization of
the three variants with respect to various critical system parameters is also presented and the

optimum performances of each variant are compared.

In the subsequent sections, the acquisition performance is presented in two parts. In the first
part, the performance of an ideal log-likelihood sequential detector (LLD) is obtained by
means of a Monte-Carlo simulation. The ideal log-likelihood function is very difficult to
implement. However, it is possible to implement the function digitally using a look-up table
approach. Consequently, a variant of the sequential detector called the quantized log-
likelihood sequential detector (QLD) was considered. The principal parameter of interest, in
the first instance, is the number of quantization levels by the quantized log-likelihood
function to provide a comparable performance with the ideal log-likelihood function. Hence,
the effect of the number of quantization levels of the uniform quantizer Q, on the acquisition
performance of the quantized log-likelihood sequential detector was obtained and compared
with the performance of an ideal log-likelihood sequential detector. From these results, the
minimum number of quantization levels for the QLD yielding an acquisition performance

close to the ideal sequential detector LLD, has been determined.

The log-likelihood function can also be realized employing an approximate model to the
ideal log-likelihood function, suitable at low SNR conditions, and this results in another
variant called the biased square law sequential detector (BSD) which was described in

chapter 3. The acquisition performance of the BSD was also determined for the identical
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system parameters. The acquisition performances of the three variants are presented and
compared for two bias values, namely, the Wald’s optimum bias (defined in chapter 3) and a

non-optimum bias value.

In the second part of this chapter, two stages of optimization employed for all three variants
of sequential detector are presented and discussed. In order to obtain the optimum
performance of the three variants, in the first phase, optimization was carried out with respect
to both the upper and lower thresholds of the detectors. In a second stage, the detectors were
also optimized with respect to the input SNR and the design SNR. The three dimensional
acquisition characteristics pertaining to both the stages of optimization are presented and the

optimization of the detectors is then discussed.

PART I: PERFORMANCE OF THE SEQUENTIAL DETECTORS

§5.2.1 System Parameters

The critical system parameters determining the performance of the sequential detector system
are: i) the upper threshold, T, ii) the lower threshold, T; iii) the bias value, b and iv) the input
SNR or equivalently the predetection SNR, v. For most of the time, the SNR at the input to
the sequential detector is more appropriate than the SNR obtained at the input to the spread-
spectrum receiver. Consequently, in all the characteristics presented, the predetection SNR
denoted by vy is used. This is the SNR at the output of the predetection filter after the spread-
spectrum correlation and is therefore larger than the receiver input SNR by the spread-
spectrum processing gain. In order to obtain a valid simulated performance of the detector,
the loop gain of the sequential detector also needs to be carefully optimized to achieve

acceptable probabilities of detection and false alarm over the input SNR range of interest.
5.2.2 Performance Parameters

The major performance parameters of the sequential detector considered are: i) average
sample number (ASN), ii) probability of detection (P,) and iii) probability of false alarm
(Ps). The performance of the sequential detector is generally characterized by its Average
Sample Number (ASN) which is the number of samples required to terminate the test.
Assuming that the samples occur at a rate of 1/T <B, where B is the predetection filter

bandwidth, the mean dismissal time is given by:
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T4 =ASN/B é.1)
The performance is also characterized by the probability of detection P, and the probability

of false alarm P/, for a given input SNR. However, when applied to the acquisition of spread-
spectrum signals, the total mean acquisition time, T,.,, plays a significant role than the ASN

and consequently major emphasis is placed on the acquisition time characteristics.
5.2.3 Total mean acquisition time

The mean acquisition time of a sequential detector depends on a combination of ASN, P,
and P,,. While the occurance of false alarms cause a false alarm penalty time to be added to
the acquisition time, miss detection (or a non-unity P,) increases the number of passes of the
search through the uncertainty region, depending on the required probability of overall
acquisition P,,,. The total mean acquisition time is the sum of the search times required to
search that part of the uncertainty region where the signal is not present and the search time
for the cell where the signal is present. However, normally the time for the latter is neglected
due to the large number of cells where the signal is not present. The time for verification of a
false alarm (7,,) and the time to reach truncation to declare the signal present (T,) are
typically assumed to be 50ms each. Thus the mean acquisition time T,,, with the overall
probability of acquisition P,., = 0.9 (assumed for the present simulation) is given by:

_ Pfa(T, + Tv,-) ll'l(l "Pacq)

where ¢ is the total number of code cells to be searched.

5.2.4 Performance of the quantized log-likelihood detector

To assess the acquisition performance of the sequential detector, the ASN, P, and P;, were
obtained by means of a computer simulation of the sequential detector for the predetection
SNR, v, ranging from 4dB to +10dB for various thresholds and bias values. Generally, it
was observed that P, is decided mainly by both the lower threshold and the bias while Py, is
mainly controlled by the upper threshold and the bias level. The effect of the other threshold
seems to be minor in both cases. For the purpose of the initial evaluation of the QLD to
obtain the minimum number of quantization levels, the upper threshold was fixed at 5.0 and
three lower threshold values equal to -5.0, -2.0 and -0.5 were chosen. These values are in the
range of the near-optimum values observed in the optimization of the detectors which will be
presented in the subsequent sections. For each set of thresholds, two different bias levels, b,

were also employed, which are at the normalized Wald’s optimum, b, =y (1+y/2) and a non-
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optimum bias equal to b, =7 [1-3]. The bias in this case is directly derived from the
predetection SNR and provides the ideal realization of the log-likelihood function for each
value of the input SNR. The choice of these values allows the performance variation with a

sub-optimum bias as well as the near-optimum thresholds to be analyzed more completely.
5.2.5 Effect of the number of quantization levels

The effect of the number of quantization levels, Q, on the performance of the QLD were
obtained for Q = 10,16,32,40,50 and 100 with the upper and lower thresholds at 5.0 and -5.0
respectively. The characteristics of the ASN versus predetection SNR and the mean
acquisition time versus predetection SNR, as a function of Q, are presented in figures 5.1 and
5.2. The ASN and the acquisition characteristics for both the QLD with number of
quantization levels Q =32 and the LLD are also shown in figures 5.3 and 5.4 at both bias
values with the upper threshold at 5.0 and the lower threshold at -5.0.

§5.2.5.1 ASN versus Predetection SNR

The ASN for the sequential detection system is seen to depend on the lower threshold, the
bias value and the predetection SNR. From the characteristics shown in figure 5.3, it is
observed that the ASN increases with the decreasing predetection SNR. For example, for the
ideal LLD with the optimum bias, the ASN is 6.25 at SNR = 0dB for the lower threshold at
-5.0 while the ASN is 15.54 at SNR = -3dB for the same threshold. With the non-optimum
bias, the ASN is slightly higher than that with the optimum bias ie., 10.2 at SNR = 0dB and
21.1 at SNR = -3dB for the same threshold. The ASN for the QLD with Q0 = 32 closely
agrees with the LLD at SNR = 0dB. However, at SNR = -3dB, the QLD appears to be
overshooting the LLD showing a sharp increase in the ASN with the decreasing SNR which
can be attributed to the effect of quantization at low SNRs. This effect of coarse quantization
on the ASN at lower predetection SNRs can be seen in figure 5.1. The effect of quantization

noise on the ASN for Q > 50 is seen to be minimal even at lower SNRs.

As the lower threshold is increased the ASN reduces, however, the false alarm probability
also starts increasing, and this starts to control the mean acquisition time. This factor limits
the choice of the lower threshold to moderate values. With the optimum bias, the ASN is

seen to be always lower than with the non-optimum bias.
5.2.5.2 Mean Acquisition Time versus Predetection SNR

Figure 5.4 shows the minimum mean acquisition time for two biases with the upper
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threshold at 5.0 and the lower threshold at -5.0. The mean acquisition time as a function of
the predetection SNR has been plotted for both the LLD and the QLD (for @ =
10,16,32,40,50 and 100), and the results are shown in figure 5.2. Typically, the mean
acquisition time reduces as the predetection SNR increases from 4dB, passes through a
minimum and then increases. At the lower predetection SNR = -4dB, the ASN and the Py,
are both at their maximum and these are the dominant terms which cause a higher acquisition
time even though the P, is also at its maximum value. As the SNR is increased, the initial
fall in the mean acquisition time is due to decreases in both the ASN and the Py,. A further
increase in the SNR, even though causes the ASN and Py, to be reduced, increases the mean
acquisition time. This is because of the significant reduction in P,, causing the number of
passes through the uncertainty region to rise sharply. The reason for this is not immediately
obvious, because it seems logical that increasing the SNR would increase P;. However, in
the case of sequential detector the detector bias, b, is determined by the predetection SNR.
As the SNR is improved, the bias level falls relative to the upper threshold and the likelihood
of the samples exceeding the upper threshold thus decreases.

The minimum mean acquisition time and the optimum predetection SNR at which it occurs
vary with the thresholds, the biases and the type of the detector. The optimum SNR with the
non-optimum bias is seen to be broader than that with the optimum bias while the minimum
mean acquisition time with the optimum bias is always less than that with the non-optimum

bias as seen from figure 5.4.

The mean acquisition time for QLD with Q = 32 closely agrees with the LLD for most part of
the SNR region of interest. For the QLD with the number of quantization levels set at Q = 10
and 16, although the acquisition time still shows a minimum, it is higher than the minimum
achievable and rises very sharply with varying SNR. However, for Q = 32 and above, this
minimum almost merges with that of the LLD and the characteristic closely agrees with that
of the LLD throughout the SNR range of interest. The optimum SNR occurs around 7dB for
both the LLD and the QLD with a minimum achievable acquisition time of approximately

0.5 sec for the given system parameters.

The minimum mean acquisition time obtainable from the QLD appears to be considerably
less than for fixed-dwell serial search systems with the same system parameters (which will
be shown in chapter 7). However, the input SNR necessary to achieve this minimum mean

acquisition time is higher. This is due to the fact that the simulation, employs a bias which
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depends on the predetection SNR. A sequential detector designed with this input SNR as the
optimum, with the bias derived from its predetection SNR, can provide the optimum
performance for an input SNR of around -15dB for a 127 chip sequence. However, as seen
from figure 5.4, the bias of the sequential detector plays an important part in determining the
optimum input SNR, and hence, on the choice of the design SNR. As Wald’s optimum bias is
valid only for the lower input SNRs and the exact expressions for the decision probabilities
and the average test duration do not require the bias to correspond to Wald’s optimum bias
[3], changing the bias independently from the predetection SNR would allow the choice of a
design SNR suitable for a wider range of input SNRs. The effects of the bias variation (sub-
optimum bias) and the design SNR, on the acquisition performance will be fully examined in

the subsequent sections and the optimum detector performance will be derived.

Thus, the QLD with 32 quantization levels is seen to have a performance close to that of the
ideal log-likelihood sequential detector. With this number of quantization levels, a simple
realization of the QLD using a look-up table approach can be implemented digitally with an
easily manageable size of ROM (read only memory), thus reducing the hardware complexity
and consequently the QLD with 32 quantization levels has been employed for all further

analyses.

5.3 COMPARISON OF THE ACQUISITION PERFORMANCE OF
BSD AND QLD

This part compares the acquisition performance of the quantized log-likelihood sequential
detector (QLD) with the biased square law sequential detector (BSD). The BSD was also
simulated with the same system parameters as the QLD and its acquisition performance was
obtained. The performance of the QLD with Q@ = 32 and the BSD have been compared both
at Wald’s optimum bias and at a non-optimum bias for a predetection SNR ranging from

-4dB to +10dB.
5.3.1 Comparison of the acquisition performance

From equation (5.2) it was observed that the total mean acquisition time is not only directly
related to the mean dismissal time but also to P, and P,. Consequently, the simulation
results have been presented to facilitate the comparisons of ASN as well as the mean
acquisition time. It has been observed that, for both types of detector, P, is mainly decided
by the lower threshold 7;, and the bias value b, whereas Py, is mainly decided by the upper

threshold, T, and the bias value; with the other thresholds showing a minor influence on



-111-

bothPf, and P,

For the purpose of comparison, the upper threshold was fixed at 5.0 and the lower threshold
was set to -5.0,-2.0 and -0.5 with the two bias values b, viz: normalized Wald’s optimum,
b, =y(1+v/2) and the non-optimum, b, =7y and the simulation was repeated for each set of
values. The ASN, P; and Py, for the QLD with Q =32 and the BSD for both bias values with
different threshold settings was obtained, and the variation of ASN with predetection SNR

are shown in figures 5.5-5.6 for both types of detector.
5.3.2 ASN characteristics

The ASN of the sequential detector depends both on the lower threshold and the bias value
and is always seen to be less when optimally biased than when non-optimally biased. From
the characteristics shown in figure 5.5 and 5.6 , it can be seen that the ASN increases with
decreasing predetection SNR. For the QLD, the ASN is lower than the BSD at an SNR = 0dB
and almost as good as the LLD (figure 5.3). The difference is mainly due to the effect of the
coarse approximation employed in the BSD by truncating the power series expansion of the
InI,[ ] function to the fourth power. However, at an SNR = -3dB the QLD overshoots the
BSD and shows a sharp increase in the ASN when the SNR is further decreased. This rise is
seen to be due to the effect of quantization at low SNRs. Nevertheless, when the quantization
levels are increased to Q > 100 this rise in the ASN is seen to be minimal as shown in figure

S.1.
5.3.3 Acquisition characteristics

The mean acquisition time for both the detectors as a function of the predetection SNR in the
range of -4dB to 10dB is shown in figures 5.7 and 5.8 for both the optimum and the non-
optimum bias points. For both the QLD and the BSD, the mean acquisition time initially
decreases with increase in SNR from -4dB and passes through a minimum. As in the case of
LLD and the QLD (discussed earlier), for the case of BSD also the initial fall in T, is
attributed to decreases in the ASN and the P, with an increasing SNR. The increase in T, is
also because of the significant reduction in P, at higher SNRs which increases the number of

passes required.

For the case of the QLD, the minimum T,,, is always less with the optimum bias than with
the non-optimum bias. However, for the BSD the minimum occurs with the non-optimum

bias. This leads to the observation that the truncation error in the In/,[ ] function when



10*

10

10

10

Figure 5.5
b=bx

10!

ACQUISITION TIME i Sec.

10

Figure 5.7

O BSD,T]

¢+ BSD,T,
BSD, TL =-
QLD, TL =-
QLD, TL =

A QLD,TL =-

PREDETECTION SNR in db

A S N vs y for BSD

o BSD,
+ BSD,
X BSD,
o QLD,
* QLD,
A QLD,

o) 4

and

TL =
TL =
TL =
TL =
TL =

TL = -

PREDETECTION SNR *I db

QLD at

2
-0

-2

nw oo wmo o

vs yfor BSD and QLD ath =

10*

10¥

10

0 BSD,
+ BSD,
X BSD,
o QLD,
- QLD,
A QLD,

PREDETECTION SNR in db

-5
)
-0

.0
.0
.5

u5.0
2.0

-0

.5

Figure 5.6 A S N vs y for BSD and QLD at

b = bo.

10¢

10

[6)

10¥

10

Figure5-8 7*

O BSD,
+ BSD,
X BSD,
a QLD,
* QLD,
A QLD,

-4 0 4

PREDETECTION SNR in db

TL = -
TL = -
TL =
TL =
TL = -
TL = -

vs y for BSD and QLD at*

o W

*2.



-112-

approximated with the BSD, requires that the bias needs to be carefully tuned for optimum
performance. The optimum predetection SNR is higher in the case of the non-optimum bias
than with the optimum bias. For the QLD, the optimum SNR occurs around 7dB (with
normalized Wald’s optimum bias) whereas for the BSD, the optimum SNR occurs around
10dB (with non-optimum bias) and is higher than either the LLD or the QLD, thus limiting
its use to operation in high SNRs. The corresponding input SNRs at which this minimum
occurs are -14dB for the QLD and -11dB for the BSD. In all the cases, minimum mean

acquisition times of around 0.5sec are achieved.

Thus, the QLD is found to perform better with the optimum bias at low SNRs than the BSD.
The mean acquisition time of the BSD at the optimum bias rises rapidly with the increasing
SNR and is also highly sensitive to the predetection SNR whereas the QLD has a relatively
robust performance at the optimum SNR. The BSD achieves the minimum mean acquisition
time for the non-optimum bias at a higher predetection SNR. Performance of the BSD is
found to be worse than the QLD, in particular, for achieving minimum mean acquisition time
at lower predetection SNR. The exact realization of a square law detector is also quite
difficult whereas the realization of the QLD (for example, using a look-up table approach for

32 quantization levels) can be implemented easily with a relatively small ROM size.

Even though certain conclusions have been drawn from these results, the exact realization of
the sequential detector requires the optimum or near-optimum system parameters to be used
to achieve the best performance. As seen from the above comparisons, the lower threshold,
the bias value and the predetection SNR play critical role in determining the performance of
the detector. Normally, as the bias is derived from the SNR, the variation in the input SNR
ideally causes a change in the bias. However, it is also an engineering requirement to design a
sequential detector at a fixed design SNR which can work for a wide range of input SNRs
without much degradation. All these considerations lead to the investigation of the optimum
design SNR and the associated system parameters for an optimum sequential detector. These
optimizations were carried out for all three variants and their optimum performance is

discussed in the following sections.
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PART II: OPTIMIZATION OF SEQUENTIAL DETECTOR

5.4.1 Optimization procedure

As the mean acquisition time is critically related to all the system parameters, two stages of
optimization were carried out to determine the optimum acquisition performance of the
sequential detector. In stage one, both the upper and lower thresholds were varied over the
practical range of interest at a fixed predetection SNR and the acquisition performance was
’obtained. In the second stage, both the predetection SNR and the design SNR were varied
using the near-optimum thresholds obtained from stage one and the acquisition performance
was then obtained. The bias was then set as a function of the design SNR and the input SNR
(predetection SNR) was varied to obtain the required performance characteristics. For all the
characteristics, two bias values related to the design SNR were employed, the first was the
normalized Wald’s optimum bias, =5, and the second was a non-optimum bias, b =b,,
both defined in section 5.2.4. The characteristics for both these stages have been plotted as
three dimensional (3-d) curves with the logarithm of T, on the vertical axis and their

characteristics are discussed in the following sections.
5.4.2 Acquisition time characteristics

The mean acquisition time T,.,, ASN, P, and P;, were determined by varying the thresholds
(stage I optimization) and by varying the input SNR and the design SNR (stage II
optimization) and the optimization curves are shown separately for both stages of
optimization.

5.4.3 Threshold optimization curves

Figures 5.9a through 5.14a show the optimization curves with respect to the upper and lower
thresholds for both bias values. For all the variants, both the input SNR and the design SNR
were chosen to result in the T, close to the minimum acquisition time observed from the
results of the previous section. For both the LLD and the QLD, all the curves were obtained
at a fixed input SNR of -13dB (corresponding to a predetection SNR = 8 dB) for a design
SNR also at 8dB and the lower threshold was varied from -1.0 to -15.0 whilst the upper
threshold was varied from 0.0 to 10.0. In case of the BSD, the design SNR was set at 4dB
whereas the corresponding input SNR was at -17dB (predetection SNR = 4dB). The same

range of thresholds as for the LLD and QLD were used. For ease of interpretation, the
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corresponding two-dimensional (2-d) plot for each characteristics, with T,., plotted against
the lower threshold when the upper threshold was varied in steps, is also presented in figures
5.9b - 5.14b.

From these figures it is observed that as the lower threshold is decreased, the mean
acquisition time also decreases and passes through a minimum for each value of the upper
threshold. However, the characteristics of all three variants at both the bias values are least
affected with the change in the upper threshold (for the given range of parameters used). For
the case of optimum bias, the minimum mean acquisition time occurs at a lower threshold
generally around -5.0 (close to -4 for the BSD and -7 for the LLD and QLD) for most values
of the upper threshold. However, the minimum is seen to be broader for both the LLD and
the QLD than the BSD. The BSD has a minimum which is quite sharp and stable with the
upper threshold whereas both the LLD and the QLD show broader minima. Both the LLD
and the QLD also exhibit local minima unlike the BSD which shows a sharper global
minimum. Although the minimum drifts around the lower threshold = -5.0 for the LLD and
the QLD with different upper thresholds, it shows a stronger dependence on the bias value

for all detectors.

In case of the non-optimum bias b, as shown in figures 5.12 through 5.14, the minimum T,
is found to occur at a much higher value of the lower threshold which is around -1.0 and
remains to be almost constant with the upper threshold. With this bias, all three variants
show a similar trend, but the BSD has a lower minimum acquisition time than either the LLD

or the QLD throughout the range of lower threshold.

Thus, the typical values of thresholds namely T, = 5.0 and T; = -5.0 forb=b, and T; = -0.5

for b = b, were chosen from these observations and used in the stage II optimization.
5.4.3.1 ASN characteristics

The ASN for both the LLD and the QLD has been seen to be close to 1.0 and increases with
the decreasing lower threshold. However, the change has been seen to be minimal for both
the variants as ASN changes from 1.0 (at higher values of 7;) to 1.05 (at lower values of T;).
This is due to the fact that the bias and the input SNR are set to be constant which largely
determine the ASN while both the thresholds in the range of interest show less influence.
However, in case of the BSD, although the upper threshold still has least effect, both the bias
and the lower threshold influence the ASN more. In this case, with the Wald’s optimum bias,
the ASN varies from 1.0 - 4.0 with the decreasing lower threshold whilst this variation is
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from 1.0 - 2.5 for the non-optimum bias. This significant change in the ASN is caused due to
the fact that the bias and the input SNR of the BSD are much lower than the LLD and the

QLD which reduces their dominance allowing the thresholds to influence more.
5.4.3.2 Probabilities of detection and false alarm

The probability of detection and probability of false alarm with lower threshold for various
values of the upper threshold are also shown in figures 5.15 through 5.23, for all the three
variants. It is found that both P, and Py, decrease as the lower threshold is increased for all
values of the upper threshold at Wald’s optimum bias shown in figures 5.15 - 5.20. This is
because the higher values of lower threshold forces the sequential test to be terminated
quickly, causing increased miss detections. However, the upper threshold has very little
influence on P, for all three variants of the sequential detector which is the principal reason

for the insensitivity of T,,, with the upper threshold (as ASN is almost constant).

Nevertheless, the bias value is found to have more influence on both P, and Py, rather than
the upper threshold. At the non-optimum bias b = b,, P; becomes saturated to a value of P, =
0.99 throughout the range of lower threshold for all values of upper threshold considered.
The P, with this bias as shown in figures 5.21 - 5.23, shows a sharp rise for both the LLD
and the QLD (notice the change in the scale on y-axis) when compared to that with Wald’s
optimum bias, eventhough it is reduced with the increasing lower threshold. The P, for the

BSD, however, is relatively unchanged at this bias.

As the ASN is relatively unchanged for the LLD and the QLD, it is the fall in the detector
probabilities with the increasing lower threshold which causes the T, to be reduced as
observed in figures 5.12 - 5.14. In case of BSD, both the reducing ASN and the fall in

detector probabilities influence the minimum mean acquisition time.
5.4.4 SNR optimization curves

Figures 5.24a through 5.29a show the effect on the mean acquisition time when operating the
sequential detector at a predetection SNR which is different from the design value. The
curves show T, plotted with respect to the predetection SNR and the design SNR for an
upper threshold at 5.0 and a lower threshold at -5.0 and -0.5 for the bias value at b; and b,
respectively (which were chosen from the stage I optimization). Figures 5.24b - 5.29b show
the corresponding characteristics plotted as two-dimensional (2-d) curves with the design

SNR varied in steps.
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From these figures, when the predetection SNR is varied from -4dB to 10dB, the mean
acquisition time is observed to be strongly dependent on the design SNR. It is also seen that
the mean acquisition time passes through a minimum for a range of design SNRs and
predetection SNRs and these ranges depend on the bias value and the detector type. For the
LLD, as shown in figure 5.24 this minimum occurs for design SNRs from 2dB to 10dB with
the predetection SNR ranging -2dB to 8dB. However, the global minimum for the LLD
occurs when the actual predetection SNR of 8dB matches the design SNR. Alternatively, it
can also be observed that there is an optimum design SNR for each value of the predetection

SNR.

In figure 5.25 the characteristics for the QLD are shown and the optimum behaviour is seen
to be close to that of the LLD with the global minimum also occurring for both the
predetection SNR and the design SNR around 8dB.

For the case of BSD as shown in figure 5.26, the minima are sharply defined, particularly at
the higher predetection SNRs. The optimum design SNR ranges from 2dB to 6dB only and
the global minimum occurs at a predetection SNR of 8dB for a design SNR at 6dB
corresponding to an equivalent input SNR of -15dB.

The characteristics for the non-optimum bias b, are presented in figures 5.27 through 5.29.
These curves show a shift in the minimum when compared with the case of Wald’s optimum
bias for all three variants of the detector. All three variants show a minimum at higher design
SNRs. However, in case of both the LLD and the QLD, the predetection SNR required is
much less than that with Wald’s optimum bias which is now at 5-6 dB. For the BSD, both
the design SNR and the predetection SNR at which the global minimum occurs are increased
to 10dB. Nevertheless, the performance of the BSD at lower SNRs is still superior to that
with the Wald’s optimum bias. In fact, all the detectors tend to show clear minima (local
minima) at lower predetection SNRs also even though the global minimum occurs at higher

design SNRs.

In order to assess the various contributing factors for the above behaviour of the detectors the
ASN and the detector probabilities for the corresponding system parameters have also been

plotted (for stage II optimization) and shown in figures 5.30 through 5.38.
5.4.4.1 ASN characteristics

For most of the cases discussed, the ASN remains constant as the predetection SNR is varied
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CHAPTER 6

PERFORMANCE OF SEQUENTIAL DETECTORS
IN THE PRESENCE OF DATA MODULATION
AND DOPPLER SHIFT

6.1 INTRODUCTION

In the first part of this chapter, the effect of data modulation on the acquisition performance
of the quantized log-likelihood sequential detector (QLD) and the biased square law detector
(BSD) are compared with the ideal log-likelihood sequential detector (LLD) for predetection
SNRs in the range -4dB to 10dB. The degradation in the acquisition performance due to the
presence of random BPSK data modulation was assessed for each variant of the sequential
detector and new results on the acquisition performance of sequential detectors in the
presence of data modulation are presented and compared with the performance without data
modulation. In the second part, the problem of initial acquisition of direct-sequence spread-
spectrum PN codes under low SNR conditions is extended to include the presence of carrier
and code Doppler frequency offsets. This analysis also examines, for the first time, the effect

of both carrier and code Doppler on the mean acquisition time of a sequential detector.

In an earlier paper, Cobb and Darby characterized the acquisition performance of a sequential
detector using a computer simulation [1]. However, their simulation did not include the
presence of the data modulation and also employed various simplifications, and only the
results of the miss detection probability for a given ASN and the probability of false alarm
were presented. As a part of this research work, recently results on the computer simulation
of more complete implementations of the biased square law and a quantized log-likelihood
sequential detector in the absence of data modulation were presented by Ravi and

Omondroyd [2]-[3] which were discussed at length in the previous chapters.

In this chapter, new results on the acquisition performance of three variants of sequential
detector in the presence of random BPSK data modulation and/or Doppler shift are presented

and these are compared with the performance in the absence of data modulation and/or
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Doppler shift [5].

PART I: ACQUISITION PERFORMANCE IN THE PRESENCE
OF DATA MODULATION

In this part, the effect of data modulation on the quantized log-likelihood sequential detector,
the biased square law sequential detector and the ideal log-likelihood sequential detector is
presented and their performances compared. The effect of data modulation on the acquisition
performance is analyzed for each variant of the sequential detector for identical system
parameters and presented for both the Wald’s optimum and the non-optimum bias values for
predetection SNRs in the range -4dB to 10dB. The analysis is carried out with each detector
operating at its optimum design SNR in the predetection SNR range from 4dB to 10dB
(which are obtained from the previous optimization results). The ASN and the acquisition
time characteristics are also compared both in the presence and absence of data modulation.
Additionally, the variation of detector probabilities is presented and the effect of data

modulation on these probabilities discussed.

6.2.1 EFFECT OF DATA MODULATION ON THE CORRELATION
FUNCTION

The log-likelihood function defined earlier which is given by (3.68) does not model the loss
of correlation due to the data modulation present on the carrier. When the data is added, the
received signal with data modulation,  (¢) can be written as:

r(6) = V25 d(t4ET, +(T,) c (¢ +LT,) cos(a,t + 6,) + n(f) (6.1)
where all the symbols have been defined in chapter 4.
The correlator signal at baseband in the presence of data modulation (representing a sample

value on the correlator curve), x (¢), is given by:

x(t) = u cos(0.)+n(t) 6.2)
u = N2A d(t+ET, +LT,) c (t+LT,) c (1 +1T,) (6.3)

When x (¢) is passed through the envelope detector, the presence of data on the carrier causes
degradation in the output of the correlator since the correlation across the data bit boundaries
can result in the loss of the wanted signal when the data bit changes polarity. Furthermore, if
the square law detector is used to remove the data modulation effects, this would add a

squaring loss term due to the rectification of the noise signal.
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Nommally, the data modulation distortion effect can be reduced by using a combined output
from a bank of parallel I-Q detectors, each matched to a different pattern which the data
sequence can assume within the correlation interval. However, the number of such detectors
could be quite high as it depends on the number of data bits to be integrated and the
resolution of the data epoch uncertainty. Another method is to employ square law
noncoherent combining detection in which the correlation time is partitioned into a number
of subintervals. The integration results in these subintervals can then be combined
noncoherently for detection. Recently, such a scheme has been analyzed by Cheng [4]. Using
this method, the effect of data modulation is reduced but at the cost of combining loss.
Although this is not as efficient as the parallel bank of I-Q detectors, it does not suffer from

the penalty of complexity.

In the sequential detectors simulated here, the envelope detector samples are directly
emphasized by the nonlinearity function ’In 7,[ 1’ and the result is accumulated for the
threshold comparisons. Therefore, the correlation interval cannot be partitioned into
subintervals for combining directly. However, a parallel implementation is possible, whereby
a bank of detectors, each with its own sequential detection algorithm can be matched to a
different data pattern. In this work, no parallel implementation was assumed and hence, a
sequential detector operating serially to search entire uncertainty region was simulated and

its acquisition performance with data modulated PN signals was evaluated.
6.2.2 SIMULATION OF DATA MODULATED SIGNALS

The three variants of sequential detector were simulated by means of the Monte-Carlo
computer simulation, described earlier. However, the incoming pseudo-noise (PN) code
sequence, which is of length L = 127 and chip rate R, = 1/T, = 100Kb /s, was modulated by a
random binary data sequence at a rate, 1/T, =R./L = 1/LT, with random data transitions. A
pseudo-noise (PN) code of length 15 was used as a data sequence and each time the test was

repeated, a new data sequence was generated with an arbitrary data transition.

With these data modulated PN signals, the simulation was carried out to obtain various
performance characteristics. As the acquisition performance of the sequential detectors
depends critically on the bias, SNR and the threshold settings of the log-likelihood function,
the bias, in this case, was set to be a function of the predetection SNR (to enable comparison
with the ideal behaviour). For each detector, three lower threshold values T; = -5.0, -2.0, -0.5
(in the range of their near-optimum thresholds) and an upper threshold 7, = 5.0 were
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employed and the acquisition performance was obtained for the bias values b, and b,. The
signal gain after envelope detection was optimized to result in maximum probability of

detection for a given probability of false alarm and predetection SNR.
6.2.3 ACQUISITION PERFORMANCE

For each detector, with each set of system parameters, the ASN, P,, Py, were obtained. The
ASN and the acquisition time characteristics are plotted for the cases with data modulation
and no data modulation. The variation of the detector probabilities have also been plotted

with predetection SNR and the performances are compared subsequently.
6.2.4 ASN characteristics

The variation of ASN with predetection SNR has been plotted for each detector for all three
lower thresholds at each bias value and is shown in figures 6.1 through 6.6. For all the
detectors, the ASN decreases with increasing predetection SNR both in the absence and the
presence of data modulation. This is attributed to the fact that increasing predetection SNR
increases the bias value which in turn reduces the value of log-likelihood function and this
causes the lower threshold to be exceeded more frequently. As for the earlier cases, the value
of ASN depends strongly on the lower threshold and the bias. With the further reduction in
the level of the lower threshold, a rapid fall in the ASN with the predetection SNR is
observed for both cases. The ASN in the presence of data modulation does not change
significantly when compared to the case of no data modulation, particularly at higher
predetection SNRs. However, a slight increase in the ASN at lower predetection SNRs is
observed for all the detectors. Thus, the presence of data does not significantly degrade the

ASN performance.
6.2.5 Probability of detection and Probability of false alarm

The probability of detection and the probability of false alarm are shown in figures 6.7
through 6.18. Both the predetection SNR and the lower threshold are seen to have a strong
influence on the detector probabilities P4 and Py, for both cases with data modulation and no
data modulation. At lower predetection SNRs, with the lower threshold set at -5.0, both the
probability of detection and the probability of false alarm are at their maximum. With
increasing predetection SNR, both these probabilities are observed to decrease both with and
without data for all three detectors when biased at Wald’s optimum bias, b = b,. This is due

to the fact that as the predetection SNR improves, the log-likelihood function falls due the
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high bias value and the probability of the wanted signal crossing the upper threshold falls. It
can also be seen that increasing the lower threshold has also the effect of reducing both P,
and Py, as the lower threshold is crossed too frequently thus reducing the decision reliability.
With further increase in predetection SNR, P, tends to the same value for all the lower

thresholds and for both bias values.

However, with the non-optimum bias, both the LLD and QLD as shown in figures 6.8 and
6.10 show an increase in the P, at higher predetection SNRs, particularly at higher values of
T;. At the lower values of T, the P, is seen to be saturated. This is due to the non-optimum
behaviour of the detectors when the relationship between the bias and predetection SNR
changes. As the log-likelihood function at this bias is less dependent on the bias (b, =)
compared to when biased at Wald’s optimum bias (b, =y(1+y2), the predetection SNR
influences the P, more. However, at lower predetection SNRs, the bias is still dominant and
this produces minima in the P, (at T; = -0.5) in the medium predetection SNRs. Similar
tendency is seen in case of Py, for the QLD at T; = -0.5, however, it is not pronounced. The
BSD, however, shows decreasing probabilities for both biases at all three values of lower
threshold which can be attributed to the approximations employed, giving the likelihood

function a closer dependence on the predetection SNR rather than the bias.

For all detectors, although the detector probabilities both with and without data modulation
change in a similar way with respect to the variation of the lower threshold and the
predetection SNR. However, a significant degradation in P, with data modulation is
observed. Nevertheless, for all the situations shown in figures 6.13 through 6.18, Py, is not

seriously affected for the case with data modulation.

Thus, the presence of data modulation is seen to affect P; more than the Py, and the ASN, and

hence it is the change in P, which is dominant in affecting the mean acquisition time.
6.2.6 Mean acquisition time

Figures 6.19 through 6.24 show the acquisition time characteristics of each detector, with and
without data modulation and at both values of bias. As the ASN, P, and Py, change with the
increasing predetection SNR, this causes the mean acquisition time to pass through a
minimum. The increase in the ASN is responsible for the initial increase in the mean
acquisition time at lower predetection SNRs whereas the reduction in P, causes the mean
acquisition time to increase after passing through the optimum SNR. The optimum SNR and

the minimum mean acquisition time are also observed to change with the bias for all the



°

|- -5.0without dais
4 Tj*-2.0 without data
* Tje43 without data

Q Ts-SOwith data 0.9
0 Tjm-2-0with data :
0.7
t> o 0 T|=-5.0without data
5 0.5 0 0.5 + T| =-2.0without data
6 b T| = -0.5 without data
0 Tj=-5.0withdata
0 T|=-2.0withdata
@ e .
@ A T|=-0.5withdata
é;o.a g
q
0.2
PREOETECTION SNR (dB) PREDETECTION SNR (dB)

Figure 6.9 Pd vs y for QLD at b =bx in the Figure 6.10 Pd vs y for QLD at b =52 in the

presence and the absence of data modulation. presence and the absence of data modulation.
I
0 Tj=-5.0without data
0.9 + T|=-2.0without data 0.9
* Tj=-0.5vithout data
O T,=-5.0withdata 0.8
0 T,=-2.0vithdata
A Ti=-0.5withdata 0.7
§ 0.6
u
o 0.5
0 T|=-5.0without data
+ T(=-2.0 without data
@ * 7| = -0.5without data
& 0.3 0 7/=-5.0withdata
@
0 T|=-20vithdata
0.2 A Tj=-0.5withdata
0.1
N ¢ 8
PREDETECTION SNR (dB) PREDETECTION SNR (dB)

Figure 6.11 Pd vs y for BSD at b =b, in the Figure 6.12 Pd vs y for BSD at b =b2 in the
presence and the absence of data modulation. presence and the absence of data modulation.



0 Tj=-5.0without data 0.9 0 Tj=-5.0without data
+ Tj=-2.0without data ' + Tj=-2.0without data
¢ T]:= -0.5wilthout data * Tj=-0.5without data
0 Tj=-5.0with data 0 Tj=-5.0withdata
0 Tj=-2.0with data 0 Tj=-2.0withdata
A T=-05vithdata 0.7 A T1j=-0.5withdata
I
0.6
o
0.5 w 0.5
)
tz 0.1
[ee]
s 03 0.3
0.2
PREDETECTION SNR (dB) PREOETECTION SNR (dB)

Figure 6.13 Pfa vs y for LLD at b=bx in the Figure 6.14 Pfa vs y for LLD at b=b2 in the

presence and the absence of data modulation. presence and the absence of data modulation.
0 Tj=-5.0without data 0 1= 5.0without data
+ Tj=-2.0without data + Tj=-2.0without data
* 1= 0.5 without data * Tj= -0.5without data
0 1y =-5.0vith data O 19 % -5.0with data
0 Tj=-2.0vith data 0 Tj=-2.0withdata
A 7| =-0.5with data A Tj=-0.5withdata

2OI= =

PREDETECTION SNR (dB) PREDETECTION SNR (dB)

Figure 6.15 Pfa vs y for QLD at b =bi in the Figure 6.16 Pfa vs y for QLD at b =b2 in the
presence and the absence of data modulation. presence and the absence of data modulation.



0 T|=-5.0withoutdata

0 Tj=-5.0without data
+ Tj=-2.0without data + Tj= -2.0without data
* 1= -0.5without data * 19= -0-5without data
O T)=-5.0withdata O 1| = -5.0vith data
0 Tj=-2.0with data 0 Tj=-2.0withdata
A Tj=*0.5withdata A Tj=-05vithdata
W
LL
ft
S\/\H fk 0 2 1
PREDETECTION SNR (dB) PREOETECTION SNR (dB)
Figure 6.17 P, Vs yir BSD at 6 =6, in the Figure 6Jg vs y for BgD a, b=. [he
presence and the absence o f data modulation. presence lhc absencc of da(a modulation

0 Tj=-5.0without data - 0 T|=-5.0without data
+ 1= -20vithout data + Tj=2.0without data
* Tj= 0.5 vithout data * 1= 0.5 without data
0 7Tj=-5.0with data 0 Tj=-5.0with data
0 1= -2.0vithdata
A Tj=-0.5vithdata
-2 0 2 -1 6 8 -1 -2 0 2 1 N 8 10
PREOETECTION SNR (dB) PREDETECTION SNR (dB)

Figure 6.19 7 vs y for LLD at b =56\ in the  Figure 6.20 T " vs y for LLD at b =52 in the
presence and the absence of data modulation. presence and the absence of data modulation.



10>

0 Tj=-5.0without data 0 T|=-5.0without data
+ T| =-2.0without data -f T| = -2.0 without data
* T|=-0.5without data * T9=-0.5without data
O T|=-5.0withdata O 7| =-5.0withdata
0 Ti=-2.0withdata 0 T,=-2.0withdata
A Tj=-0.5withdata A Tj=-0.5withdata
5
10"
2 1 6 2 1 6
PREOETECTION SNR (dB) PREDETECTION SNR (dB)

Figure 6.21 Ta* vs y for QLD at b =bx in the Figure 6.22 7" vs y for QLD at b =52 in the

presence and the absence of data modulation. presence and the absence of data modulation.
0 Tj=-5.0without data _ .
+ 7]= 2.0without data 0 :':'jg"%tﬂ‘h“:::z
% 1| = .5 without data : |= 2 0withou
0 7| = -5.0with data T!--O.Sw:_.thoutdata
O Tj=-5.0with data
0 Tj=-2.0withdata
A Tj=-0.5vith data
1 6 8 o o i . . . . ,
10 2 0 2 1- 2 0 2 1 6 8 10
PREDETECTION SNR (48 PREDETECTION SNR (dB)
Figure 6.23 vs y for BSD at b =bx in the Figure 6.24 vs y for BSD at b =52 in the

presence and the absence of data modulation. presence and the absence of data modulation.



-124 -

detectors.

The presence of data modulation is seen to affect both the minimum mean acquisition time
and the optimum SNR. For all variants, the curves are found to shift upwards, showing a
general degradation in the minimum mean acquisition time. This is due mainly to the
degradation of P, caused by the loss of correlation signal which is due to the filtering and

envelope detection loss at the data bit transitions caused by polarity changes.

For the LLD and the QLD, when operated at the optimum bias point, the degradation in
acquisition performance is virtually the same at all three lower thresholds for higher values
of y (say, v > 4dB). However, for values of y < 4dB, the degradation is minimized for T; =
-5.0 whereas it is still substantial when the lower threshold is either -2.0 or -0.5. When
operated under non-optimum bias conditions, the degradation is reduced and uniform
throughout the range of y except for 7, = -0.5 which shows a significant degradation at lower
values of y. At higher values of y, the degradation is observed to tend to a same value. For the
BSD with optimum bias, the degradation is greater at the lower values of y and decreases at
higher values of y as the characteristic becomes saturated. At the non optimum bias, the BSD
shows more degradation at higher values of y while the degradation at the lower values of y

seems to be quite negligible.

The acquisition performance of the QLD closely agrees with that of the LLD both with and
without data modulation. For example, at the optimum bias the optimum SNR for the LLD
and the QLD without data modulation is around 5-7dB with the minimum mean acquisition
time ranging from 0.5-1.0sec (depending upon the value of the lower threshold) and 4-8sec
for the same range of optimum SNR with data modulation. When the bias is changed, both
the LLD and the QLD show similar changes in the performance both with and without data
modulation. The minimum mean acquisition time without data has now increased to 2-5sec

whereas with data it does not show significant change.

For the BSD without data when biased at Wald’s optimum bias, the SNR at which the the
mean acquisition time is minimum, occurs around 3-4dB. In this case, the minimum mean
acquisition time is typically 0.5-1.0sec. However with data, the optimum SNR reduces to
between -1dB and 2dB with an increase in the minimum mean acquisition time of
approximately 10sec. The actual minimum for the BSD occurs with a non-optimum bias
around 10dB without data and around 8dB with data. Thus, the actual input SNR required for
the operation of the BSD with data modulated signals is 2-3dB less than that with no data
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modulation, however, minimum mean acquisition time attainable is increased. In case of the
LLD and the QLD, although the optimum SNR does not change significantly, the minimum

mean acquisition time is increased by 5-10 times.

PART II: ACQUISITION PERFORMANCE IN THE PRESENCE
OF DATA MODULATION AND DOPPLER SHIFT

In this part, the problem of initial acquisition of direct-sequence spread-spectrum PN codes
under low SNR conditions in the presence of carrier and code Doppler frequency offsets is
addressed. As before, the analysis is carried out by means of a Monte-Carlo simulation.
First, the effect of various code Doppler offsets was simulated for an LLD without data
modulation and the degradation in the mean acquisition time for three different code Doppler
offsets was compared. Later, the degradation in the acquisition performance due to the
presence of data modulation with a typical Doppler shift of 100chips/s in a code rate of
100kchips/s was assessed for all three detectors; with each detector operating at its optimum
design SNR in the predetection SNR range from 4dB to 10dB. New results for the
acquisition performance, as the input SNR is varied about the optimum design value, are

presented for the LLD, QLD and BSD.

For many practical applications, such as satellite communication systems, a particular
problem is that of Doppler frequency offset, both with respect to the carrier frequency and the
clock frequency of the incoming PN codes. Carrier Doppler frequency offset has an effect
because the IF bandwidth (and hence noise bandwidth) must be wider to accommodate the
frequency offset and hence this has an effect of increasing Py, and also decreases P, due to
long-term decorrelation. Code rate Doppler offset causes the two codes to be decorrelated,
which reduces the probability of correctly detecting the wanted code epoch and also causes
the generation of self-noise [6]. The purpose of this work is to establish by how much these
frequency offsets can have detrimental effect on the mean acquisition time of the code

synchronizer.

Though the code acquisition problem has attracted considerable research attention recently,
very few published analyses have considered both data modulation and Doppler effects. Of
these, Holmes [7] has presented an approximate analysis of the performance degradation of a

single dwell serial search scheme due to Doppler offsets on the code rate, but this analysis
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did not include the effect of the change in detection probability. Davisson and Flikkema
presented performance results of a parallel acquisition scheme using maximum likelihood
detectors for signals carrying data and affected by Doppler [8], whilst Cheng et al [9] have
considered the effect of code and carrier Doppler on the spread spectrum acquisition problem

using square law non-coherent combining detection with parallel/hybrid architectures.

The purpose of this analysis is to examine, for the first time, the effect of both carrier and
code Doppler on the mean acquisition time of a sequential detector. The degradation in the
mean acquisition time due to both Doppler effects in the presence and absence of random
binary data modulation for the three variants of sequential detector are analyzed at the two

values of bias employed in the previous analyses.
6.3.1 DOPPLER EFFECTS ON PN CODE CORRELATION

Doppler shift affects the acquisition performance in two ways, namely, carrier frequency
offset and code frequency offset. If the carrier Doppler shift is small then the code frequency
offset is so small that it can be ignored. However, in certain applications, such as the high
dynamics GPS receiver and TDRSS spread-spectrum links, the Doppler conditions are severe
and the resultant code Doppler offsets cannot be ignored.

The presence of code frequency offset causes code chip slipping during the correlation
between the received code and the local PN code. This causes decorrelation, resulting in the
reduced probability of detection, and the acquisition performance can be degraded
significantly [6]. Further, it can reduce the average search rate depending upon the polarity of
the Doppler (direction of code slipping) and hence can unusually increase the acquisition
time. In fact, the search rate can be reduced to zero if the code phase shift caused by Doppler
over a dwell time is same as the mean code phase update and this can cause a drastic increase

in the acquisition time.

Often, both carrier and code Doppler can be partially removed by using the known user
dynamics. However, the residual Doppler is still normally quite significant. The presence of
residual Doppler on a data modulated carrier affects the acquisition in two ways. First, the
residual carrier Doppler causes long-term decorrelation between the incoming code and the
local PN code through phase rotations of the correlation signal at the residual carrier
frequency and secondly, the data modulation causes similar decorrelation due to

unpredictable phase shifts due to the data transition.
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To combat the effects of decorrelation non-coherent combining using square law detectors is
normally employed. Though this does not eliminate the decorrelation completely, it is kept to
a minimum depending on the data transition density but does cause squaring loss. Both
Doppler effects can also be alleviated by subdividing the correlation interval and the
frequency uncertainty region and using a parallel bank of correlators and combiners.
However, the degree of parallelism depends on a tradeoff between hardware complexity and

the acquisition performance.
6.3.2 SIMULATION OF DOPPLER EFFECTS

The received signal structures at the input to the correlator can be viewed as being from two
classes: one, containing data modulation and the other with no data modulation.
Consequently, six types of signal model with and without Doppler shift were considered and

their mathematical representations have been given in chapter 4. These signal types are:
1. DS spread-spectrum signal without data modulation.
2. DS spread-spectrum signal with code Doppler frequency offset without data modulation.

3. DS spread-spectrum signal with code and carrier Doppler frequency offset without data

modulation.
4. DS spread-spectrum signal with data modulation.
5. DS spread-spectrum signal with code Doppler frequency offset and data modulation.

6. DS spread-spectrum signal with code and carrier Doppler frequency offset with data

modulation.

When a spread-spectrum signal with data modulation and Doppler shift is received by the

spread-spectrum correlator, the output of the correlator at baseband, x (¢), can be represented

as.
x(t) = u() cos(0,)+n () 64
_ _t LN _t
u(t) =\24 c[ e —CTC) d[ e gr,,) c[l_t, tTcJ (6.5)

where 1T, represents the local code phase offset and the rest of the symbols as defined in

chapter 4.

The correlator signal is envelope detected, and the samples are then directly emphasized by

the nonlinearity function ’In /,[ ]’ in the sequential detector.
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The simulation models these effects by generating the code rate Doppler and the residual
carrier Doppler. In order to generate the code rate Doppler, the transmit and receive PN chips
are passed through a counter with the next transition of the code chip set according to the
count ratio, required to offset the clock rates, as needed by the Doppler shift. This method
provides an easy way of simulating the Doppler shift and also scope for extending the
simulation to include the Doppler rate by simply varying the count ratio. The residual carrier
Doppler offset was generated by modelling its equivalent effect at baseband, using the
equivalent amplitude error due to the carrier frequency drift. The Doppler frequency error on
the sampled signal, s(t) at a Doppler radian frequency w, was thus simulated as:

s(@) = s(t) cos(wynT,) (6.6)
where 7 is the number of the sample taken at an interval T, = 1/f, and s(¢) is the time varying

signal without Doppler shift.

The direct-sequence spread-spectrum signals were simulated, as earlier, with a pseudo noise
code of length L = 127 and chip rate R, = 1/T, = 100 kchips/sec. These codes were modulated
by a random binary data sequence at a rate, 1/T, = R./L = 1/LT, with random data transitions.
A range of Doppler code frequency offsets from 100 chips/sec to 10 kchips/sec were
generated and the effect of various code Doppler offsets was obtained for the LLD for the
case of no data modulation. A residual carrier frequency offset of 1kHz was also generated
and a typical Doppler code frequency offset of 100 chips/sec was then impressed on the
transmit PN code clock. An additive white Gaussian noise (AWGN) was added and the
composite spread-spectrum signals both with and without data were used to generate the

corrupted received signals.
6.3.3 ANALYSIS OF SIMULATION RESULTS

The simulation employs the near-optimum values for the system parameters of the detector:
i) T,, ii) Ty, iii) bias, b and iv) design v, Y., Obtained from the optimization discussed in
chapter 5. All the performance parameters namely, i) ASN ii) probability of detection, P, iii)
probability of false alarm, P, and iv) total mean acquisition time, T,,, were examined for the

six types of signals considered and the performance degradations assessed.

Thus, three lower threshold values at T; = -5.0,-2.0,-0.5 and an upper threshold value at 7}, =
5.0 were employed with both the bias values b, and b, for the predetection SNR, range of
-4dB to 10dB. The optimum design SNR y,, corresponding to each detector, which was

obtained through previous optimization results, was employed and the acquisition
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characteristics were obtained using this design SNR 1, withy varied about Y.
6.3.4 Mean Acquisition Time

First, the mean acquisition time of the LLD for three different code Doppler offsets was
compared with its ideal performance and the degradation due to code Doppler was assessed.
Later, the degradation in the acquisition performance of the three variants, when all six signal
structures were employed, was obtained for a typical Doppler shift of 100 chips/sec and the

results compared.
6.3.5 Effect of code Doppler offset on the mean acquisition time

The mean acquisition time as a function of the predetection SNR for the LLD with three code
Doppler offsets is shown in figure 6.25. The three code Doppler offsets employed are 100
chips/sec, 1 kchips/sec and 10 kchips/sec in a code rate of 100 kHz. The curves show that the
mean acquisition time is degraded significantly when the Doppler offset is 10 kchips/sec
(which is normally considered to be a very high Doppler shift for the code rate of 100 kHz).
However, as the Doppler shift is reduced, the degradation reduces particularly at higher
predetection SNRs. For a Doppler shift of 1 kchips/sec, the degradation is still quite high,
but, it is tolerable when the Doppler shift has fallen to 100 chips/sec. In our further
investigations on the effects of both carrier and code Doppler shift, a code rate Doppler offset

of 100 chips/sec was employed.
6.3.6 Effect of carrier and code Doppler offset on the mean acquisition time

In figures 6.26 through 6.31, the mean acquisition time is plotted as a function of
predetection SNR, v. The six curves on each graph correspond to the six signal types 1-6
defined earlier. Signal type 1 is used as the reference signal for the purpose of comparison. In
all the figures, it is observed that T, is maximum at low y and starts to decrease as y is
increased and then passes through a minimum for all signal types. The reasons for this are
attributed to the dominance of P, and P, which change with v. At a very low y both P, and
Py, are very low and it is the reduced P, that causes a high T,., whereas at a very high y both
P4 and Py, are also very high and it is the false alarm penalty which causes the T, t0 increase
once again. This is due to the fact that the detector is operated at a fixed design SNR, Y,
thus the bias value is fixed even though the predetection SNR changes. At higher ¥, the
increased signal strength dominates in determining the value of the log-likelihood function

rather than the bias value and this causes higher P, and Py, as the tendency to cross the upper
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threshold increases (because the bias has the effect of reducing the log-likelihood function
whereas the signal strength has the effect of increasing the log-likelihood function).
However, at lower ¥, the bias term dominates rather than the signal strength causing lower P4
and Py, as the tendency to cross the lower threshold increases. The best combination of P4
and Py, produces the minimum T,., and the y at which it occurs is the optimum y which is
referred to as v, in the further discussion. However, with changing system parameters, the
ASN and the rate at which P, and P, vary also change and this causes a change in both the

minimum T,,, and the value of ¥,,,.

Figures 6.26 and 6.27 show the characteristics of the LLD with bias values b; and b,. At
Wald’s optimum bias, b,, signal type 1 produces the minimum T,,. This is approximately
0.5sec and the corresponding v,,, occurs at 7dB. The addition of Doppler shift and/or data
modulation is found to degrade both the minimum T, and v,,,.. With the addition of code
Doppler only (signal type 2), T, is found to be degraded slightly whereas with the addition
of both Doppler frequency offsets (signal type 3) the degradation is seen to be quite severe.
For signal type 2, the minimum T, is at 1.5sec with a v,,, at 8dB, representing a 1dB
degradation in the v,,, and a threefold increase in minimum T,,. Signal type 3 causes 3dB

degradation in v,,, and an almost eightfold increase in the minimum T,,.

When data is added, the degradation is seen to be worse still. With the addition of data
(signal type 4), the minimum T, is increased to 2sec whereas with Doppler shift ie., signal
types 5 and 6, it is 4sec and Ssec respectively. The degradation in v, for these signal types is
more than 3dB. When the bias is changed to a non-optimum value, b,, as shown in figure
6.27 the degradation in the minimum T, at higher values of vy is quite similar for all the
signal types, and the minimum T, is around 5sec. However, the degradation in T, is quite

different at lower y’s.

In figures 6.28 and 6.29, the performance of the QLD is considered. With the bias values, b,
and b, the QLD has a performance which closely matches with that of the LLD. The worst
case minimum T, for this detector is also found to occur with signal type 6 and it is

approximately 6sec and occurs when the v,,, = 10dB.

The performance of the BSD, shown in figures 6.30 and 6.31, is slightly different from the
performance of the LLD and the QLD. It has better characteristics at lower y with Wald’s
optimum bias, b,. The minimum T, varies from 3sec to Ssec for signal types 2-6 resulting

in an increase of 3-5 times compared to that of the signal type 1. The v, is close to 8dB for
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signal types 3-6 which amounts to a degradation of 2dB only, compared to the performance
of signal type 1. However, for signal type 2, it is at 4dB, representing an improvement of
2dB in the v,,,. With the non-optimum bias b,, signal types 1 and 4 show a minimum T, at
higher y; however, the drift towards lower vy is prominent with the rest of the signal types.
The minimum T, remains to be close to Ssec for signal types 3-6 and 1sec for signal type 2.
This drift in y towards lower values is expected because the BSD has been found to be a good
approximation to the log-likelihood function at low SNR’s [10].

6.3.7 Comparison of the degradation in the mean acquisition time

At Wald’s optimum bias, the LLD and the QLD show a degradation in v,,, of approximately
3dB without data (with reference to signal type 1) and 2dB with data (with reference to signal
type 4). The degradation in the value of minimum T, is close to 10 times compared to that
without data. At the nonoptimum bias, b5, Y., is degraded by 5dB without data (with
reference to signal type 1) and 2dB with data (relative to signal type 4). Though the
degradation due to data modulation and Doppler shift is quite high, the addition of data itself
causes a significant degradation. For the BSD with the bias b,, in the absence of data, 7,
suffers by 3dB while the minimum T, is degraded by 4 times. In the presence of data, even
though v,,, suffers by the same degree, the minimum 7, is increased by 5 times. However,
at bias bj, Y, is reduced by 2dB , with the minimum T, increased by S times in the

presence of data and 10 times in the absence of data.
6.3.8 Effect on the ASN characteristics

The ASN curves corresponding to each detector for the T; = -5.0 are shown in figures 6.32
through 6.37. As the detectors were operated at their corresponding neair—optimum design
SNR, the ASN for all signal types remains nearly constant for the entire range of predetection
SNR. However, in all the cases, the ASN is the lowest for signal type 1 which is the reference
signal type and highest for the signal types 4-6 which represent the data modulated signals.
The effect of Doppler shift on the ASN has been observed to be minimal.

6.3.9 Effect on Probability of detection and Probability of false alarm

Figures 6.38 through 6.43 represent the variation of P, with the predetection SNR for each
signal type, at both bias values with the lower threshold at -5.0. The probability of detection
is quite low at lower predetection SNRs and increases with increasing SNR. This is due to

the fact that the detector bias is fixed as it was operated at a near-optimum design SNR and
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hence, the predetection SNR dominates in the growth of log-likelihood function (as
explained earlier). The presence of data modulation degrades P, for all cases and the signal
type 6 is seen to suffer the most in case of both the LLD and QLD. However, for the BSD at
b,, the degradation due to both Doppler offsets without data modulation (signal type 3) is
seen to dominate all other signal types whereas for b, the data modulation degradation
(signal type 4) dominates over its combined effect with the Doppler shifts (signal type 6).
The P, with b, is always higher than with b, for the LLD and QLD for all signal types. In
case of the BSD, the signal type 1 and 3 produce higher P, with b, than with b,.

The effect of Doppler shift and data modulation on Py, is shown in figures 6.44 through 6.49.
For all cases, P, increases with the increasing predetection SNR which is due to the
increased tendency to cross upper threshold as a result of increased correlation noise (as the
signal strength increases). For all variants of the detector, the P, does not change
significantly at the lower predetection SNRs for most signal types, however, the data
modulation and Doppler shift introduces additional increase in the P,. In the case of the
LLD, the signal type with the code Doppler (signal type 2) suffers the most with both bias
values. The QLD undergoes the similar degradation with the b,, however, with the b,, the
signal type 6 takes over. In case of the BSD, it is the signal type 6 which produces the worst
degradation.

6.4 CONCLUSIONS

For all three types of sequential detector, the data modulation has been seen to degrade the
minimum mean acquisition time and this is due principally to a reduction in the probability
of detection, P, rather than an increase in the ASN or the P,. The QLD agrees closely with
the LLD, with and without data modulation and has broader optimum SNR characteristics
than the BSD which shows a sharp increase in the mean acquisition time with the increase in
predetection SNR. Although the LLD and QLD do not show significant changes in the
optimum design SNR, the optimum design SNR for the BSD is found to be reduced by
approximately 3dB. However, for all detectors the minimum mean acquisition time is found

to increase by 5-10 times depending on the lower thresholds and the biases.

The degradation due to both carrier and code Doppler frequency offsets in the presence of
data modulation is found to be quite significant for all three types of sequential detector. The
degradation in the performance of the QLD is similar to that of the LLD. Both the detectors

show a drift of +3dB in the ¥,,, with the minimum mean acquisition time increased by 10
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times without data and a drift of +2dB with minimum T,,, increased by more than 10 times
with data. The performance of the BSD is improved at lower y compared to that of the QLD
and LLD, particularly with Wald’s optimum bias. However, the degradation in the ¥, is
+3dB and the minimum T, is increased by 4 times without data; but with the presence of

data, the yis degraded by 3dB and the minimum T, is increased by 5 times.

Even though degradation due to code and carrier Doppler in the presence of data is quite
significant for all the three detectors, when only code Doppler is present the degradation
seems to be reasonable. The effect of the code and carrier Doppler with data modulation are
seen to degrade the mean acquisition time by 5-10 times and cause a 3-5dB degradation in
Yopr- In practice, this means that the system must operate in 3-5dBs less noise to achieve

acceptable acquisition performance.
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CHAPTER 7

PERFORMANCE OF THE SEQUENTIAL DETECTOR IN THE
PRESENCE OF CW INTERFERENCE AND PULSE JAMMING
AND A COMPARATIVE EVALUATION OF SERIAL
SEARCH TECHNIQUES

7.1 INTRODUCTION

This chapter is organized into two parts. In the first part, the acquisition performance of three
variants of sequential detector is analyzed in the presence of CW interference (or an
intentional CW jammer) and pulsed jamming for various jammer-to-signal power ratio’s
(3/S). The performance of the sequential detector in the presence of a CW jammer at various
values of J/S is presented for a range of input SNR (due to Gaussian noise) from -10dB to
-25dB. The effect of duty factor on the pulse jammer for a noiseless case has been
investigated and the acquisition performance for several values of the duty factor (the
fraction of time that the pulse is present), with the J/S varied from 10dB to 25dB is presented.
The critical duty factor causing maximum bit error probability for each value of J/S has been
considered and its effect on the acquisition performance shown. The effect of pulse jamming
in Gaussian noise has also been observed for a typical duty factor of p =0.1 with J/S varied

for the input SNR from -10dB to -25dB and its acquisition performance presented.

In the second part of this chapter, the Monte-Carlo simulation of acquisition systems has
been extended to two other common forms of serial search technique namely, a non-coherent
single dwell detector and a digital matched filter and their acquisition performances are
compared with that of the sequential detector. The detectors have been optimized with
respect to their critical system parameters, and the acquisition performance for an equivalent
range of input SNRs has been obtained. The optimized acquisition performance has been
compared with that of the LLD for the input SNR range from -10dB to -25dB and their

relative performance is assessed.

The results of this comparison show that the sequential detector working at its optimized

design predetection SNR performs better than both the single-dwell detector and the matched
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filter, particularly at low input SNRs. However, as the predetection SNR is increased, the
sequential detector is still marginally better than the single-dwell detector, but the matched
filter starts showing significant improved performance at high SNRs. The sensitivity of the
minimum mean acquisition time with the optimized system parameters for each detector has

also been shown and the performances are compared.

PART I: PERFORMANCE OF THE SEQUENTIAL DETECTOR
IN THE PRESENCE OF CW INTERFERENCE AND PULSE
JAMMING

7.2.1 Interference and jamming

The acquisition performance of a direct-sequence spread spectrum receiver can be degraded
significantly in the presence of an interfering signal or a jamming signal as both can deny the
acquisition of a correct signal by acting as additional (unpredictable) noise sources which can
cause an increase in the probability of false alarm of the detected correlation signal or
conversely a reduced probability of detection. Both the interfering signal (intentional or
unintentional) and the jammer waveform can be of several forms depending upon the jammer
strategy. The optimum jammer strategy for an intentional interferer/jammer, whose main aim
is to jeopardize the communication link, is to concentrate the entire jammer power in the
exact signal coordinates to jam the signal completely. However, as the jammer has generally
no complete knowledge of the signal coordinates it is a random strategy and many forms of
jammer strategies can be used depending upon the type of the spread-spectrum signal being

jammed. The various forms of jammer waveform are:
i. Broadband and partial-band noise jammers
ii. Tone (CW and multi-tone) jammers
ili. Pulse jammers
iv. Jammers with arbitrary power distributions (random jammer)
v. Repeat-back jammers

vi. Smart jammers
The constant-power broad-band jammer spreads the entire power over total spread bandwidth

and hence does not exploit the knowledge of the anti-jam communication system except for
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the spread bandwidth. The effect of such a jammer on the spread-spectrum performance is
equivalent to white Gaussian noise and its performance is normally referred to as the
baseline performance. The worst performance (in the sense of bit-error rate) is caused by the
partial-band or partial-time (pulsed) jammers. The CW and pulse jammers are effective
against direct-sequence spread-spectrum signals whereas the partial-band and multi-tone
jammers are more effective against frequency hopping spread-spectrum signals. For direct-
sequence spread spectrum signals, the CW jammer is the most harmful as it can place as
much energy as possible in the cosine coordinate (as the signal carries maximum power in
this coordinate), thus causing maximum degradation to the signal. CW and multi-tone
jammers can affect frequency hopping signals more than the partial-band jammers when the
tones are distributed over the spread-spectrum bandwidth as they can easily inject energy into
the non-coherent detectors. An effective anti-jam system in the presence of such jammers is
expected to provide a performance which is close to or better than the baseline performance,
regardless of the type of jammer waveform (as its anti-jam strategy is expected to be

designed to counter the extra threat caused by the jammer strategy).

A number of researchers have analyzed the effect of these jammers on the bit error rate
performance of spread spectrum systems and have also analyzed the methods employed to
reduce the effect of jamming on bit error probabilities [1,2]. Coding and interleaving have
been found to be most effective to recover most of the performance loss. Other methods to
enhance performance in the presence of jamming/interference have also been analyzed which
employ various diversity techniques, filtering techniques and signal processing methods
(spectral estimation, adaptive techniques etc.,). However, the analysis of the effect of
jamming on the acquisition performance of spread spectrum receivers has not yet received
significant attention in the literature, particularly for the various acquisition strategies that
currently exist. Seiss and Weber [3] have analyzed an I-Q detector used in a serial-search
acquisition system in CW and pulsed jamming. They consider this detector to be more
effective in the presence of data modulation than the correlator/square-law detector. Their
results show that for the case of constrained average pulse jammer power, the jammer’s duty
factor does not impact acquisition time when the pulse repetition factor (PRF) is quite high,
however, for a duty factor of unity, it was found that the acquisition performance was
degraded maximally when the PRF was low. The results also imply that the CW jammer
causes the worst case jamming and optimal for an effective jammer. Milstein [4] has

analyzed the effect of narrow-band interference on the serial search acquisition after an
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interference suppression filter using transform domain processing. He has obtained analytical
results for the probabilities of error in both the search and lock modes and has shown the
improvement that can be gained by the use of an interference suppression filter prior to the
acquisition system. In the present research, the effect of CW interference and jamming on the
sequential detection code acquisition has been analyzed, for the first time, and the

degradation in the acquisition performance is assessed.

7.3 EFFECT OF JAMMING ON THE CORRELATOR OUTPUT
7.3.1 CW jammer

The waveform of the received signal with the additive CW jammer for the case of no data
modulation can be represented as:

r(6) = V2§ ¢ (e +{T,) cos(@,t +6,) + V2J cos(ayt +6;) + n (1) (7.1)
where w; and 6, are the radian frequency and the phase of the jammer waveform with J as the
rms power and the rest of the symbols as defined earlier in chapter 4. The worst case CW
jammer occurs when the entire power is placed in the exact coordinates of the wanted signal
viz., the carrier frequency and the phase. Thus, in the worst case ; = . and 6; = 6, and the
received signal becomes:

rit) =1 \2S ¢ «+LT)+ I 1 cos(w.t + 0.)+ n(f) (1.2)
The correlator signal at the baseband in the presence of the CW jammer is:

x(t) = [N2A c (¢ +LT,) + V2T 1 c (¢ +2T,)cos (8,) + n (£) (7.3)
7.3.2 Pulse jammer
The received signal in the presence of a pulsed tone jammer waveform for the case of no data

modulation can be represented as

r()) = V35 c(t+LT,) cos(@yt +05) + T, 3 Py(t—kTy) cos(ayt +65) + n () 7.4)
where o

J, = peak jammer power =J/p
P;(t) =1 0<t<ty

=0 otherwise
J = average jammer power
T; = pulse width
T, =time between successive pulses

p =jammer duty factor = t,/T;
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with the rest of the symbols defined as earlier.

When the frequency difference between the desired spread-spectrum signal and the tone of
the pulsed jammer is small enough ie., Aw= | w,~w; | =0, then any bandlimiting of the
jammer is considered negligible and the jammer carrier is assumed to be phase-locked to the
desired signal. The received phase-locked jammer signal is thus given by

r(f) = [«12? c@+T)+VTlp f; P,(:-kr,-A,)] cos(@t +0,) +n () (1.5

k=—se

with 0<A; <T, which is the random pulse delay. The correlator output with the pulse

jammer can be represented as

x(f) = [«/EA c(t+LT)+VTIp f; Py(t—kT;-Ay) ] ¢ (t+1T.)cos (8,) + n (f) (7.6)

k=—oe
The correlator outputs in (7.3) and (7.6) contain the equivalent noise components contributed
by the jammer. This signal is envelope detected and the sampled output is passed to the

sequential detector.
7.4 SIMULATION OF THE JAMMERS

The CW interference or jammer was simulated assuming the worst case situation with the
exact carrier frequency and phase. Thus, the equivalent additive noise on the baseband
spread-spectrum signal to the correlator signal was simulated for each value of J/S. The
pulse jammer at the baseband was simulated with the assumption of a constrained average
power and hence, the peak power was varied for each value of the duty factor so that the
average power was maintained constant. A period of 10 data bits were assumed and the pulse
power was spread over the fraction of every 10 x 127 code chips depending upon the duty
factor. For both types of jammer, the additive white Gaussian noise was added to the PN

signal along with the jammer and the composite corrupted signal was fed to the correlator.

7.5 SIMULATION PERFORMANCE IN THE PRESENCE OF
JAMMERS

The acquisition performance of the three variants of sequential detector has been examined in
the presence of both the CW interference and pulse jammer. The mathematical models
employed for the simulation of both the jammers have already been described in chapter 4.

The received signal representation with jammers has been given in the previous section.

The effect of jamming on the acquisition performance was assessed differently depending
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upon the type of jamming employed. For the CW jammer, the jammer-to-signal power ratio
(J/S) was set at several values with the input SNR (due to Gaussian noise) varied from -10dB
to -25dB. However, for the pulsed jammer, the duty factor was changed for each value of J/S
(to maintain a constant average pulse power) and the performance for a range of J/S in the
presence and the absence of Gaussian noise was obtained. For the pulse jammer in Gaussian
noise, a typical value of p=0.1 was chosen and the acquisition performance was obtained
with the input SNR varied from -10dB to -25dB with the J/S set at several values as in the
case of CW jammer. The effect of the critical duty factor (p*) of the pulse jammer which
maximizes the bit error rate as a function of J/S, as defined in chapter 4, was also investigated

and its effect on the acquisition performance obtained.

7.5.1 Analysis of the degradation due to a CW jammer

The input SNR due to additive Gaussian noise was varied from -10dB to -25dB for a CW
jammer-to-signal power ratio, J/S, which was selected to be one of six different values 5, 10,
20, 30, 40, 50 dB, and the ASN, P,, and P;, were obtained. From these results, the mean
acquisition time was computed for each detector operating at normalized Wald’s optimum
bias in the usual way. The bias and the design SNR were set as a function of vy (for this
purpose, Y was assumed to be numerically equal to the predetection SNR contributed by the
Gaussian noise only) and the acquisition characteristics were then obtained. The variation of
mean acquisition time, ASN and the probabilities of detection and false alarm are plotted as a

function of input SNR and J/S.
7.5.1.1 Mean acquisition time

The characteristics are shown in figures 7.1-7.3 for the three types of detector. In these
graphs, the mean acquisition time T, is plotted against the input SNR (denoted as ¥,,) for
various values of J/S. From these curves, it is seen that the mean acquisition time is little
affected when J/S < 20dB. For J/S greater than 30dB the acquisition time starts increasing
for each y,,, and the minimum in the mean acquisition time which is normally observed when
there is no jamming also starts to disappear. When J/S 2 50dB, the mean acquisition time is
seen to be almost independent of the input SNR (over the range of interest) and attains a
maximum value of 7,,,,. The degradation in the performance of the QLD with Q =32 is also
seen to be similar to the LLD (as expected) whereas for the BSD the minimum in T,

normally observed with no jamming, does not disappear completely as J/S increases but
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moves slowly towards higher values of y;,,. At the maximum chosen value of J/S = 50dB, for

BSD this minimum is seen to have moved close to v,, = -10dB.

Thus, the effect of the CW jammer is seen to increase the required input SNR of the
sequential detector for which the mean acquisition time is minimum, with severe degradation

in the minimum mean acquisition time observed, particularly at higher values of J/S.
7.5.1.2 ASN characteristics

The variation of the ASN characteristics with J/S is shown in figures 7.4-7.6. At the lower
values of y;, the ASN is seen to be higher and reduces with the increasing J/S showing a
systematic fall with increasing ¥;,, for all values of J/S considered. This explains why the
mean acquisition time increases even at relatively low false alarm rate in this region (figure
7.10). For J/S = 50dB, the ASN is seen to be zero which is due mainly to the saturation in
the detectability causing maximum false alarms with no correct dismissals (as the
computation of the ASN is based on dismissals only). Thus, in this region the reason for the

increase in T, is not due to an increase in the ASN but an increase in the false alarm rate.
7.5.1.3 Probabilities of detection and false alarm

The probability of detection and the probability of false alarm are shown in figures 7.7
through 7.12 for all three detectors. In the case of both the LLD and QLD, shown in figures
7.7 and 7.8, when J/S is below 30dB, P, is seen to decrease with the increasing v,
particularly at the higher values. This is due to the fact that as the input SNR increases, the
bias point of the sequential detector also increases and this has the effect of reducing P,.
However, with J/S above 30dB the P, is almost saturated and shows no variation with ¥y;,.
For the BSD as shown in figure 7.9, the probability of detection falls rapidly for J/S below
40dB and shows saturation for J/S = 50 dB throughout the range of ¥;,.

The probability of false alarm is shown in figures 7.10-7.12 for all detectors. It is observed to
reduce with increasing v,, for all values of J/S. However, it shows a large increase for values
of J/S above 20dB and this increase is mainly responsible for the degradation in the

acquisition performance inspite of the low ASN and higher P, in these regions.
7.5.2 Analysis of the degradation due to pulse jammer

The pulsed tone jammer was simulated over a range of duty factors and J/S values. The duty
factor is represented as the fraction of time that the pulse is present over an interval of 10 data

bit durations, denoted by p. It is assumed that the average pulse power is constrained and
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consequently the peak pulse power is varied with the duty factor, for each value of the J/S, to
give the same average power. Two cases have been investigated with the pulse jammer, one
in the noiseless situation and the other in the presence of Gaussian noise. For the noiseless
case, the signal-to-average jammer power ratio, S/J was varied from -10dB to -25dB
(equivalent to a predetection SNR of -4dB to 10dB) and the acquisition characteristics were
obtained for values of p at 0.5, 0.1, 0.01 and 0.001. The case of continuous jamming, p = 1.0,
and the critical value of p = p° for each S/J which has been defined earlier were also
employed, and for all values of p the acquisition characteristics were obtained. For the case
of the pulse jammer with additive Gaussian noise, J/S was varied for a typical value of p =

0.1 and the acquisition characteristics for a range of AWGN input SNR were obtained.
7.5.3 Effect of pulse jammer in noiseless case

For the noiseless case, the mean acquisition time, the ASN and the probabilities of detection
and false alarm as a function of J/S and p have been presented and the degradation is

assessed.
7.5.3.1 Mean acquisition time

The effect of the value of p for pulse jamming on the mean acquisition time, for J/S varied
from 10dB to 25dB, is shown in figures 7.13 through 7.15 for all three detectors. (For the
purpose of convenience S/J rather than J/S is used to plot this set of curves) From these
results it is observed that for the case of the LLD and QLD (figures 7.13 and 7.14
respectively), the degradation in T,., for a value of p greater than 0.1 is seen to be quite
tolerable with continuous jamming (p=1.0) showing almost insignificant degradation.
However, when the value of p is reduced, the degradation is seen to be severe, with the worst
case degradation occurring for values of p = 0.01 and lower. The critical duty factor p* (in the
sense of bit-error-rate) is also seen to cause a significant degradation in the minimum mean
acquisition time. However, this curve is found to pass in between p = 0.1 and p = 0.01 and thus
is seen to be no longer critical in the sense of mean acquisition time. For all values of p, the
input S/J (due to jammer) at which the minimum T, occurs is observed to be relatively
unchanged (which is at S/J = -13dB). For the case of the BSD, the degradation seems to be

relatively tolerable even with p = 0.01 and the worst case degradation occurs with p = 0.001.
7.5.3.2 ASN characteristics

For all three types of detector, the ASN as shown in figures 7.16-7.18, is seen to fall with S/J
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for all values of p. However, the ASN with the continuous case (p = 1.0) shows zero for all
values of S/J which is due to the saturation in detectability, as explained earlier, causing
100% false alarms. In the case of the QLD, for most values of p the ASN remains close to

zero except for the case where p = 0.5.
7.5.3.3 Probabilities of detection and the false alarm

The probability of detection for all cases is seen to have saturated at 0.99 throughout the
range of S/J for all three detectors. However, the probability of false alarm as shown in
figures 7.19-7.21 show a rapid fali for all cases for the value of S/J below -15dB. When S/J
is increased beyond -15dB, the Py, reaches close to zero for the value of p less than 0.1,
however, for p greater than 0.1 it still continues to be around 0.2. This false alarms at higher
values of S/J are mainly responsible for the increased mean acquisition time at p greater than

0.1.
7.5.4 Effect of pulse jammer in the presence of Gaussian noise

For the case of the pulse jammer in Gaussian noise the duty factor was set at p = 0.1 and the
input SNR, ¥y;, (due to AWGN) was varied from -10dB to -25dB for five values of J/S = 0.0,
3.0, 5.0, 8.0 and 10.0 dB (corresponding to J/S region considered above) and the acquisition
characteristics were obtained. The mean acquisition time, the ASN and the probabilities of

detection and false alarm are plotted as a function of input SNR and J/S.
7.5.4.1 Mean acquisition time

The variation of T,., with input SNR due to Gaussian noise at various values of J/S is shown
in figures 7.22 - 7.24. For the J/S less than 3dB, the mean acquisition time is found to be
unaffected for the entire range of input SNR considered. However, when J/S is increased
above this value, the degradation in T,,, starts increasing, with minimum T,,, reaching its
maximum value when J/S is around 8dB and above. Thus, in the presence of Gaussian noise
it is found that lower average pulse jammer power is tolerated than for the case with no

additive Gaussian noise.
7.5.4.2 ASN Characteristics

The ASN for these cases is shown in 7.25 - 7.27 for the LLD, QLD and BSD respectively. It
is observed to increase with increasing J/S, and also seen to fall with increasing input SNR.
For the case of J/S around 8dB or more, the ASN is found to be zero which is once again due

to the saturation in detectability which leads to all detections of the sequential detector being
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false alarms.
7.5.4.3 Probabilities of detection and the false alarm

From figures 7.28 - 7.30 for the LLD, QLD and BSD respectively, P, is found to saturate for
the higher values of J/S. However, when J/S is less than 3dB, there is a systematic fall in P4
particularly at higher values of input SNR. The probability of false alarm is shown in figures
7.31 - 7.33 for all three types of detector. It is found that the increasing S/N reduces Py,.
However, it is also observed that the Py, increases significantly with the increasing J/S and

this causes the increase in the mean acquisition time as discussed above.
7.5.5 Conclusion

In conclusion, for the case of the CW jammer with J/S < 20dB the T, is little affected
whereas for J/S < 30dB the degradation in T, is considered to be tolerable, however, when
J/S > 30dB the degradation increases monotonically with J/S. The pulse jammer, in the
noiseless situation causes a tolerable degradation in T,,, when the duty factor p is less than
0.1. There is a systematic degradation when p is less than 0.1, causing maximum degradation
at p=0.01 and lower. When Gaussian noise is added to the pulse jammer, the degradation is
tolerable as long as J/S < 3dB for p=0.1 (compared with 30dB for CW jammer) and
increases sharply for J/S > 3dB reaching saturation around 8dB. Thus, in the presence of
Gaussian noise, the pulse jammer with a properly chosen duty factor can significantly
degrade the acquisition performance compared to the CW jammer. It is also observed that
the pulsed jammer with the duty factor approaching 1.0 (which is the case of continuous

jamming) behaves similar to the CW jammer at values of J/S less than SdB.

PART II: PERFORMANCE OF THE SERIAL SEARCH PN CODE
ACQUISITION TECHNIQUES - A COMPARATIVE
EVALUATION

This part of the chapter, presents a comparative performance analysis of three serial-search
PN code acquisition techniques using Monte-Carlo computer simulation method. The three
serial-search code acquisition techniques considered are: i) the non-coherent sequential
detector ii) a digital matched filter and iii) the non-coherent fixed-dwell detector. The
detector operating characteristics for both the single dwell detector and the digital matched

filter were obtained through simulation and their acquisition performances were assessed.
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The acquisition performance of these detectors was then compared with the sequential

detector for the case of no data modulation over a predetection SNR range of 4dB to 10dB.

In chapter five, the dependence of the mean acquisition time and the mean dismissal time on
the bias (and the related design SNR) of the log-likelihood function and the detector
thresholds was assessed and the acquisition performance of the three configurations of the
sequential detector were compared for the same predetection SNR range. In this section of
the chapter, the critical dependence of the mean acquisition time on the system parameters is
analyzed for both the digital matched filter and the single-dwell detector and the optimization
of these parameters to obtain minimum mean acquisition time is obtained. In particular, the
optimization of the detector threshold and the dwell-time with the input SNR is obtained for
both the digital matched filter and single-dwell detector and their acquisition performance is
compared with that of the variable-dwell-time sequential detector with ideal log-likelihood

function (LLD) over an equivalent range of input SNR.

In addition, the theoretical performance of a single-dwell-time serial-search acquisition
system has also been evaluated numerically using a two-dimensional optimization of the
mean acquisition time with the threshold, the dwell-time and the input SNR. The simulated
acquisition performance of the single-dwell detector is compared to the theoretical

performance, and is shown to be in a close agreement.
7.6 SERTAL SEARCH TECHNIQUES - A GENERIC COMPARISON

Several code acquisition techniques which are commonly used for the acquisition of spread-
spectrum signals have been discussed in chapter 2 based on their detector type and the type
of search algorithm. The majority of these techniques are identified under the search strategy
used, namely, serial-search techniques, maximum-likelihood techniques and sequential
estimation. The performance of all these techniques depend critically on many system

parameters and the input SNR range of interest.

Even though a great deal of research on spread-spectrum communication has been focussed
on the performance analysis of various code acquisition techniques [5-10], it is difficult to
obtain an exact closed form solution for the mean acquisition time of many acquisition
schemes. The general approach to the analysis using signal flow graph techniques developed
in [6,9] are seen to provide general expressions for the probability density function of the
acquisition time. These analyses, however, require the complete knowledge of the generating

function which depends on transition probability distributions of the underlying discrete time
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Markov process which describes the acquisition process. In many cases, obtaining the
probability distribution of the acquisition time in closed form is quite difficult, and
simulation is required to evaluate them before these analytical results can be used. In
particular, obtaining the probability density functions of the various random times involved
in sequential detection are quite difficult and this was the motivation for the simulation of
sequential detector. In this chapter, various Gaussian approximations employed in deriving
the mean acquisition time of a single-dwell detector and a digital matched filter have also
been considered and an exact performance assessment using Monte-Carlo simulation is

carried out.

As discussed in chapter 2, the serial-search is effected by using either a passive correlator or
an active correlator. In passive correlation, typically, a SAW tapped delay line or a digital
matched filter is employed and the decisions are made at a very high rate (normally at a
multiple of the chip rate). The matched filters thus, exhibit a high rejection rate of the wrong
code epochs resulting in a rapid acquisition in good SNR conditions. However, since the
uncertainty region is normally assumed to be equal to the code length, it suffers from an
increased hardware complexity with increasing code length as the correlator length is
proportional to the code length. Further, although the acquisition time is normally quite good
for moderate to high SNRs, it increases rapidly at low SNRs due to an excessive increase in
the miss detections and the false alarm rate since the decision SNR (per-cell basis) becomes
smaller. In fact, in the large number of wrong code epochs L-1 (where L is the code length)

detected, many of them can result in false alarms due to high noise.

In active correlation, which uses either fixed or variable dwell-time integration, the correlator
output is integrated over a period of time which is the dwell-time t,, and the decisions are
made using a simple threshold detector with threshold n. The samples of the correlator
outputs are generally sufficiently decorrelated by sampling at a rate R, = 1/T <B, where B is
the predetection filter bandwidth, and this provides a longer integration time giving high
decision SNR resulting in more reliable decisions. However, as the decision rate is slower
compared to the matched filter, it takes much longer to acquire lock (in relatively good SNR
conditions). These techniques work well at lower SNRs because of the longer integration
time, but, the mean acquisition time is dependent on the various system parameters such as
threshold, dwell-time and the search strategy itself, and increases with the worsening of SNR

although generally not as rapidly as the matched filter.
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Generally, simulations were employed to characterize the sequential detector within a limited
range of system parameters and the SNR range of interest [11-12]). A comparison of fixed-
dwell detector with the variable-dwell detector and the optimum sequential detector using a
numerical approach was presented by Braun [13). This approach, however, assumes
approximations suitable for low SNRs. Further, it assumes truncated sequential tests and the
characteristic function is obtained by numerically solving the complex transcendental
equations from which the pdf of the average sample number is obtained. The results show a
comparable improvement in the average dwell-time of this variable-dwell-time detector over
a fixed-dwell-time detector at large SNRs, but almost as good as the optimum sequential

detector at low SNRs.

In this chapter, comparison is carried out with the serial-search techniques, with a particular
emphasis on the sequential detection. The three techniques considered are: i) a non-coherent
sequential detector, ii) a digital matched filter and iii) a non-coherent single-dwell detector.
The detector operating characteristics of a single-dwell detector and a matched filter were
obtained through simulation and the acquisition performance of each detector is evaluated
using the analytical results. The dependence of the mean acquisition time on the critical
design parameters viz., threshold, dwell-time and input SNR has been assessed and the
optimization of these parameters to achieve the minimum mean acquisition time is achieved,

and the optimum performance of all three detectors compared.
7.7 DETECTOR THEORY

This section presents the basic theory and analysis of the single-dwell detector and the
matched filter considered. Both techniques have received considerable attention recently and
a number of models have been produced. Since the statistics of the decision variable depends
not only on the input signal but also on the correlator signal and the detector type, in case of
many models, a number of assumptions were made as to simplify the analyses to obtain
closed form solutions. In this section the analytical results used to compute the acquisition

performance of the digital matched filter and the single-dwell detector are presented.
7.7.1 Digital matched filter

The digital matched filter correlates the incoming signal with the a priori known code
sequence matched to the incoming sequence and makes the decisions on the basis of each
incoming chip (or the cell). Nomally, the incoming signal is stored in a shift register which

is updated on the arrival of every new chip. This is compared against the stored local replica
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of the code sequence and the correlation measure is generated which is tested in a threshold
detector. As the local code replica matches with the incoming sequence once in a period of
code length, the correlation output produces a sequence of impulses at an interval of the code
length. For a code sequence of length L, with a chip rate f, = 1/T,, the envelope of the
correlation impulses consists of a train of triangular impulses occurring at an interval L/f.
Because of the presence of noise on the input signal, these matched filter output samples are

corrupted and give rise to miss detections and false alarms.

Let T, be the time interval in which a false alarm occurring can affect the v* impulse at an
instant ¢, and P,, be the probability of detecting this correlation impulse. If P is the
probability of detection of a correlation impulse, ny, is the false alarm rate of the detector
with T,, as the false alarm verification time, then the mean acquisition time T, is given by

[10]:

o [P41+2(2V+1)P4v+1n(1 Pdp.):l a.mn

where P4, and T, are given by

Toq =

Pyy=Pgexp (-ngTy) (7.8)
T, =min (T,,, [v+ 0.51L/f.) (7.9)
Using an approximate analysis based on the Gaussian assumption of the decision statistic

applicable to the low input SNRs, assuming a practical case of the correlator length M,
1<<M <<L for a very long code length L, the probability of detection P, and the probability

of false alarm P, are given by:

Py = Q(aBa) = ﬂ! x expl-1/2( 242, (yax) dx (7.10)
d
Pf, = exp{ IQW} (711)

where Q (v4,84) is the Marcum Q-function with y,; and B, given by

o=\ T 0

Ba = \/ Mc‘ o (1.13)
and

Gi(p) = i=1 (7.14)

1—2|p | +2p2 i=0
2

R,
¢ = 2~ MT. (7.15)
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where ¢ is the normalized threshold, vy, is the decision SNR on a per-cell basis, MT, is the

correlation time (in seconds) and p is the code phase offset.

In the analysis of matched filter using unified theory by Polydoros and Weber [7], exact
expressions of a noncoherent I-Q matched filter detector were derived using series solutions.
In this, recursive relations were employed to enable the numerical computation of the

detector probabilities as the closed form expressions were found to be difficult to obtain.

In the present work, detection probability P, and false alarm ng of a digital matched filter
was obtained by simulation and the mean acquisition time was computed using (7.7). The
series computation in (7.7) has been carried out by employing the convergence of the series
which results in the significant reduction in computation time. Appendix 7.1 presents the

derivation of the series sum.
7.7.2 Single-dwell detector

The analytical expression for the mean acquisition time, T,,, for the simple case without
Doppler, is obtained quite easily either by a heuristic approach or by using a Markov chain
model of the acquisition process. The expression derived analytically using Markov chain
model is given by the relationship [5]:

2-P P
Toeq = ( d)Z(II’:K ) qTa (7.16)

where P, and Py, are the detector decision probabilities and X is the false alarm penalty factor
(T,, =K, sec). The envelope detector output is sampled at a rate 1/T <B which ensures
sufficient sample decorrelation, so that the samples can be treated as independent identically
distributed random variables (iid). Then the detector probabilities can be approximated with

a Gaussian assumption of the integrator output (for a large number of samples) and given by:

Pg = QIB) 7.17)

Py = QI(B—~BraYN1+2y] (7.18)
where Q [x] is the Gaussian probability integral with B given by

B = (-Bt)\B, (7.19)

For a given Py, Py, v, B and n the dwell-time T, can be determined easily. However, a basic
design problem is to choose the optimum threshold and the dwell-time that provides the
minimum mean acquisition time for a given input SNR. Since P,, Py, are functions of the
threshold, the dwell-time and y and moreover, they are transcendentally related, in this work,
these equations are solved numerically as a two dimensional optimization problem and the

simulated performance is compared with the numerical results.
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7.8 SIMULATION OF THE DETECTORS

Serial-search code acquisition using the three types of detector, was simulated using Monte-
Carlo simulation. The direct sequence pseudo-noise signal was simulated by a PN code of
length L = 127, chip rate f, =1/T,=100 kchips/sec. The channel was assumed to be corrupted
by additive white Gaussian noise (AWGN) and the corrupted spread-spectrum signal was used
with each type of the detectors simulated. For each detector and for each test carried out on
the correlator output, the incoming code sequence with a random starting phase was used and
the search was carried out by examining the correlator output corresponding to each code
cell. Checks were made to record missed detections and false alarms. Whenever either an
out-of-sync or a false alarm was observed, the code phase was updated and the test
continued. On the successful detection or miss detection, the codes were reset with a new
random starting phase and the test was repeated. For each set of system parameters and for
each detector, 100 tests were carried out and the number of miss detections and the false
alarms were recorded. For the given system parameters, these tests achieve P; with an

accuracy of 1 x 1072 and the Py, with an accuracy of 1 x 107,

For the case of serial-search using a digital matched filter, the correlator length was assumed
equal to the uncertainty region (one code length, L = 127) and the search was carried out with
one code chip per cell. The input to the matched filter was first passed through a one-bit A/D
converter or a hard quantizer and the quantized input signal was fed to the one-bit digital
matched filter simulated. The simulation characteristics were obtained for a range of

thresholds and input SNRs.

Single-dwell serial-search was simulated for the same input signals without a hard quantizer
and the detector operating characteristics (OCF) were determined with respect to the
threshold and the dwell-time varied for different input SNRs. The mean acquisition time was

then computed and the three dimensional acquisition characteristics were obtained.
7.9 ANALYSES OF ACQUISITION PERFORMANCE

The acquisition performance of all three detectors was obtained for various thresholds, dwell-
times and input SNRs From this, the optimization of the various system design parameters

was obtained and the optimum performance of the each detector compared.
7.9.1 Sequential detector

For the convenience of comparison with the other two detectors simulated, the main
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acquisition characteristics of the sequential detector at Wald’s optimum bias, b,, and the non-
optimum bias, b,, have been reproduced in figures 7.34 and 7.35 which show the variation of
ASN and the T, with y for the T, = 5.0 and T; =-5.0 for all three variants of the detector. As
already observed, the ASN of the sequential detector is seen to increase with the decreasing y
and T,. However, when biased at b = b,, it is always less than that with the non-optimum bias
b,. The optimum vy at which the minimum T, occurs (which is considered as the design
SNR, Yim) is also found to be around 7dB for the QLD and at this operating point T, =
0.5sec which is minimum. For the BSD, it is around 10dB (at a non-optimum bias, b,) with
a minimum T, almost same as the QLD. The performance of the QLD is observed to be
quite close to that with the LLD whereas the BSD shows better performance at lower SNRs

at the optimum bias.
7.9.2 Digital matched filter

The performance of the matched filter is dependent on the threshold and the input SNR as
these two parameters can drastically affect the operating characteristics of the detector. The
simulation has been used to obtain these characteristics for a threshold range of 0.0 to 0.4 for
an input SNR in the range of -10dB to -28dB (predetection SNR y range of -7dB to 11dB).
From the P, and ny, obtained from the simulation, T, has been computed using (7.7)-(7.9).

7.9.2.1 Probability of detection and false alarm rate

The variation of the probability of detection P, and the false alarm rate ny, with the threshold
and the input SNR is shown in the figures 7.36 and 7.37. At each input SNR, the P,
decreases with increasing threshold. When the input SNR is reduced, it falls drastically even
at much lower thresholds showing a clear upper bound in the maximum attainable detection
probability in a noisy condition. The false alarm rate also falls with the threshold, however,
there is a saturation seen in the n, as the SNR is decreased, which is due to the hard limiting

employed.
7.9.2.2 Mean acquisition time

The mean acquisition time of the matched filter is shown in figure 7.38 and passes through a
minimum with respect to the threshold. The reason for this is that at lower threshold values
both P, and ny, are high and it is the ng, which is dominant in lengthening 7,.,. At the higher
threshold values n;, and P, are very low and it is the low P, which affects T,.,. Thus, the
false alarms at the lower threshold and the miss detections at the higher threshold show
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greater influence on the T,.,,. The optimum threshold is seen to be a function of input SNR
and is lower when the matched filter is designed to work at lower SNRs. However, in the
region of SNRs considered here, these optimum thresholds are quite close as the Py, (and
hence ng,) saturates to a high value and this quickly saturates T,,,. The optimum threshold is
close to 0.3 for SNR = -15dB whereas it is moved to around 0.28 with SNR = -28dB. The
optimum threshold is also quite sharp and this shows the greater sensitivity of T,., with the
optimum threshold.

It is also worth noting that the optimum performance of the matched filter is obtained at a
much lower probability of detection (always < 0.2) and the false alarm rate ny, is also quite
low ( < 100 ). This implies that the optimum detector always performs on the tail end of the
probability distributions of both signal and noise. The minimum mean acquisition time with
the input SNR (from figure 7.38) shows that the best case minimum acquisition time is close
to 1x 102 sec at input SNR = -10dB, but this worsens to 1.2sec when the input SNR falls to
-28dB (for the design parameters considered). Considering the fact that the digital matched
filter employs one chip per cell for search, the acquisition times are nearly twice when half
chip per cell is employed. Further, the acquisition time at lower SNRs has been found to be
governed by the accuracy of P, which is 1 x 1072 for the 100 runs considered in the present
simulation (from the statistical confidence level, the accuracy of the probabilities is still one
order less). However, with increased accuracy the T, is still worse (for example, with 1000
runs the minimum T7,., at SNR = -28dB has been found to be close to 4.5sec). This in turn

demonstrates the extreme sensitivity of the matched filter al low SNRs.
7.9.3 Single-dwell detector

The acquisition performance of the single-dwell detector depends on the threshold n, dwell-
time 14, and the predetection SNR 7. The acquisition performance using numerical evaluation
as well as the detector characteristics obtained through simulation are presented and

compared below.
7.9.3.1 Numerical evaluation

A three dimensional acquisition characteristic was obtained numerically and is shown in
figure 7.39 and 7.40 for two different ranges of the dwell-time and threshold for a false alarm
penalty factor K =100. These figures show variation of the T,., with 1 and 7, for an input
SNR at -15dB (y = 7dB) with the logarithm of T, represented on the vertical axes. The

acquisition characteristics show that T, passes through a minimum both with respect to 7,



Figure 7.40 T * vs threshold and the dwell time of a single-dwell detector at input SNR =
-15dB with K = 100; numerical results for a wider range of threshold and dwell time
(corresponding to simulation).

Figure 7.41 7" vs threshold and the dwell time of a single-dwell detector at input SNR -
-15dB with AT= 100; simulated characteristics.
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and threshold. The minimum T,, with respect to t; is due to the fall in P, at lower
integration times (t;) and when 1, is long, P; reaches saturation and the acquisition time
becomes directly proportional to the dwell-time. At the higher values of threshold, T, is
also higher due to increase in the miss detections. Eventhough P, can be increased by
increasing 1, at these thresholds to achieve a minimum in T,.,, this cannot provide the global
minimum in T, as the increasing t; can directly increase the T,,. However, when the
threshold n is decreased P, starts increasing even at a lower value of t, and the minimum T,
moves in the direction of lower values of threshold. Although it appears, at first instance,
that the minimum T, can be decreased by lowering both n and 14, both P; and Py, start
saturating soon, and then the T, is solely determined by the false alarms. Thus the optimum
value for the threshold also exists which determines the global minimum in conjunction with
the optimum 4. The threshold in combination with the dwell-time determine the optimum

detector probabilities (for a given SNR) which results in the global minimum in 7,,,.

As shown in figure 7.39 (for a narrow range of the parameters), the curves show a clear
barrier for the lower values of 14, and the higher values of  which are due to the rapidly
vanishing P, that causes total miss detections. A similar barrier at the higher values of the 14
and the lower values of the threshold can also be observed. In figure 7.40 similar
characteristics are shown for a much wider range of the parameters with the peak values of
the T, corresponding to both the barriers truncated. This truncation was employed to

highlight the lower T, regions as the T, at the barriers is extremely high.

In addition to the above characteristics, a three dimensional acquisition characteristic has also
been obtained by varying both the input SNR (from -10dB to -30dB) and the dwell-time for a
fixed threshold set at 5.0 with X = 100 and is shown in figure 7.42. From this characteristics,
it can be observed that an optimum dwell-time exists for all the SNRs for a given threshold.
However, this optimum dwell-time increases with the decreasing SNR (and also with the
increasing threshold) and this causes the minimum T,, to increase with the worsening of
SNR. For example, minimum T, is close to 0.4sec at SNR = -10dB while it is more than
10sec for SNRs less than -25dB at the threshold value considered. The global minimun in
T,,, corresponding to each input SNR has been used to compare with the acquisition

performance of the sequential detectors.



Figure 7.42 vs input SNR and the dwell time of a single-dwell detector at threshold =
5.0 with K = 100; numerical results.

Figure 7.43 Taag vs threshold and the dwell time of a single-dwell detector at input SNR =
-15dB with K = 1; numerical results for a wide range of the dwell time and threshold.
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7.9.3.2 Simulated characteristics

The single-dwell detector has also been simulated and the simulated detector characteristics
have been obtained from which the acquisition performance is computed and shown in figure
7.41 for an input SNR of -15dB. The simulation was carried out using the same ranges of
dwell-time and threshold as shown in figure 7.40. The simulation also displays
characteristics which are similar to the numerically evaluated analytic results (for the range
of parameters considered) and shows both the barriers. However, the T, at these barriers is
controlled by the accuracy of the probabilities obtained through simulation using a limited
number of runs (100) and thus are not pronounced. T,, also has an optimum value with
respect to the threshold which is, for example, around 5.0 at the optimum 1, = 1.3 msec (close
to 1 sample) for an input SNR = -15dB. The minimum T, at this SNR is found to be around

0.88sec which is comparable to that of the matched filter in the worst case situation.

The characteristics of the single dwell-detector have also been obtained for various values of
K in the range of 1 to 100. Figures 7.43 and 7.44 show the characteristics obtained
numerically for two ranges of the parameters with K = 1 and figure 7.45 shows the simulated
characteristics computed for the lowest value of K = 1. These curves show the optimum with
respect to the dwell-time, however, the optimum with respect to the threshold is considerably
suppressed due to the higher values at the barriers. The global minimum in T,
corresponding to each SNR has also been obtained with X =10 and used to comapare with

the acquisition performance of the sequential detectors and the digital matched filter.
7.10 PERFORMANCE COMPARISON

Figure 7.46 shows the comparison of the optimum mean acquisition times of the three serial-
search detectors for the input SNR range from -10dB to -30dB. For this comparison, the
SNR optimization characteristics of BSD (biased appropriately at low SNRs) and QLD
shown in figures 5.29 and 5.28 in chapter 5 are used. From these characteristics, showing the
performance of the three detectors operating at their optimum design parameters, the digital
matched filter shows a very good performance at medium to higher SNRs when compared
with the single-dwell and the sequential detectors. However, when the input SNR is
decreased the performance of all the detectors show a downward trend, with the performance
of the matched filter falling at a much faster rate. This renders the matched filter difficult to
operate in the lower SNRs typically less than -25dB. The quantized log-likelihood detector
(QLD) is found to work well at the input SNR close to design SNRs when biased optimally.



Figure 7.44 Ta vs threshold and the dwell time of a single-dwell detector at input SNR =
-15dB K = 1; numerical results (corresponding to simulation).

Figure 7.45 Taag vs threshold and the dwell time of a single-dwell detector at input SNR =
-15dB with K = 1; simulated characteristics.
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However, the biased square law detector (BSD), shows a better low SNR performance at a
non-optimum bias. The QLD has achieved minimum T,., close to 0.5sec with optimum
design SNR at 7dB. Although the design SNR is different for the BSD (which is 10dB), it

also achieves minimum T, of the same order.

The digital matched filter, however, needs to be optimized at an optimum threshold for each
SNR and the optimum threshold is quite sharp. The single-dwell detector needs both the
dwell-time and the threshold to be optimized for better performance at each input SNR. The
minimum acquisition time is determined by the best combination of P, and Py, and this
influences both the threshold and dwell-time when the input SNR is varied. At lower
thresholds the minimum T, is fully determined by the false alarms (as the effect of lowering
threshold completely saturates the detector probabilities). At higher thresholds, increasing

dwell-time saturates the detector probabilities and then directly increases T, .

When compared at a moderate input SNR at -15dB, the single-dwell detector (K = 100) has a
minimum T,., = 0.88sec whereas for the matched filter T,,, is around 0.06sec which shows
the superiority of the matched filter. The sequential detector at an equivalent predetection
SNR (around 7dB) produces an acquisition time of around 0.Ssec. Though the single-dwell
detector with K = 10) appears to have better performance than with K = 100, for the equivalent
false alarm penalty time Tp = 100msec used to obtain the performance of the sequential
detectors and the matched filter, a comparison of the performance of the single-dwell detector
with K = 100 is considered to be more appropriate. When the SNR is very poor, for example
at an input SNR = -25dB, the matched filter has quite a poor performance (close to 4sec with
increased accuracy of P;). The single-dwell detector (with more than 10sec for K = 100)
appears to be the worst. However, it shows more than 2sec for K = 10 which is better than the
matched filter, but is still considered to be poor when compared against the sequential
detector, particularly the BSD which produces less than 2sec when appropriately biased. For
SNRs less than -25dB the matched filter rises rapidly showing the worst performance when
the sequential detector can still perform the best.

7.11 CONCLUSIONS

The acquisition performance of the sequential detector in the presence of CW jammer and the
pulse jammer for the case of no data modulation has been analyzed. The results show that
when the average pulse power is constrained, the pulse jammer with a suitably selected duty

factor causes more degradation than the CW jammer.
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The acquisition performance of the sequential detector in Gaussian noise has also been
compared with a single-dwell detector and a digital matched filter using Monte-Carlo
simulation. The critical dependence of the acquisition time on the system parameters has
been examined for both the single-dwell detector and the matched filter, and the optimization
of these parameters to result in minimum mean acquisition time has been achieved. The
optimized performances of the three detectors have been compared and their merits and
demerits assessed. As a result of these comparisons, the sequential detector has been seen to
perform better than both the matched filter and the single-dwell detector at a low SNR. The
matched filter was particularly poor in the low SNRs, even though it has superior
performance at high SNRs.

Although the use of the Monte-Carlo simulation is fully justified for the case of sequential
detector, the approximate and precise analytical solutions for the acquisition performance of
the single-dwell detector and the matched filter systems can provide easier solutions
sometimes. However, the equivalent detector characteristics obtained through the simulation
of these detectors provide a more realistic comparison and also provide better insight into the

optimum operation of the all three detectors.
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APPENDIX 7.1

Computation of the acquisition time of a digital matched filter

The acquisition time of the digital matched filter has been computed by using (7.7) to (7.9).
A straightforward computation of the series generated by the probabilities of detection of the
successive correlation impulses which are denoted as v* impulse in (7.7), leads to a
significantly long computing time particularly at lower probability of detection (P,) and
higher false alarm rate (n,). However, a series summation using the convergence properties
of arithmetic-geometric series can be applied and this provides accurate and faster results.

The derivation for the series summation is provided below:

The expression for T, given by (7.7) can be rewritten as:

Toq = (A.1)

dv+1
1+Y (2v+1 1-P,
7. [ ?( ) Pa E( .m)]
From the definition of the v* detection probability given by (7.8) and (7.9), Ty =T,, for all
correlation impulses with (v+0.5)L/f, 2 T,,. If the number of correlation impulses within the
verification time T,, are denoted by M, which is given by the integer part of [T,,/(LT,)], then

the series of detection probabilities for a given ny, satisfy the following inequalities:

P41>P42>P43> """ >PdM (A.2)
Py =Py =Pysa=*- (A3)
Pay
Hence, P < 1 for all values of v. Therefore, the product of miss probabilities in (A.1) falls
dl

with the increasing v (number of terms in the series), however, the sum of the series increases
due to the presence of the term (2v+1). In order to prove that the series converges, the ratio

rule can be applied as shown below.

The equation (7.7) can be rewritten using the series sum Ss as:

y E Ss (A.4)

where S represents

Ss = Py +3P45(1-Pay) + 5P43(1-Pg1 Y(1-Pg3) + - - - (A.5)
Using (A.2) and (A.3) the n* term of the series can be obtained as

n® term = K(2n+1)P4,(1-Pg)*™  for n=0,1,--- (A.6)
where X is the product of first M miss probabilities (including M* term) which is given by
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K = (1-P41)(1-Pg3) -+« - (1-Pa) (A7)
The (n+1)* term of the series is given by:

(n+1)™ term = K(2n+3)Pgyi2(1-Pgn )" M (A.8)
Using (A.3) the ratio of (n+1)* term to n* term becomes

(neD)*erm _ (2n+3) .
n*term  (2n+l) U-Fa) A9
_ (2n+3)
T (@2n+1)

where C =1-P4, < 1.

th
L L) tem o (A.10)
Ao = term

Thus, the series tends to be a geometric series with the ratio of successive terms less than

one, and hence convergent.

Summation of the series:

The series in (A.5) is summed by splitting it into two parts. First part consists of the varying
miss probabilities upto n=M and the second part is the terms with constant miss
probabilities with n > M, which can be added as a arithmetic-geometric series. Therefore, the
sum of the series, Sg, is

Ss = Sy +Sr (A.11)
where Sy, represents the sum of the first M terms and Sy represents the sum of the rest of the

terms in the series.
The sum, Sy is given by:

Sr = K[QM+143)(1-P4) + QM +145)(1=Pg)> 4 +++ + ] (A.12)
The n* term of Sz, with N = 2M +1, is given by:

n®term = K(N+2n+1)(1-Pg)* (A.13)
Sr = KY (N+2n+1)(1-Pa)" (A.14)
n=1

Substituting C for (1-P,,)

Sr = Ki N+2n+1)C*

=l
=K [i 2nC* + (N+1) i C"]
n=1 n=1

- 2¢ 1 __
= Kl: (1-C)? +(N+1)[(1_C) 1]]

The sum Sy, can be computed from the P, and ng, term by term quite easily and thus the sum
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of the series Ss can be obtained from which T, can be computed using (A.4).

It was also observed that the contribution of terms is not uniform throughout the series for
various values of P,,. Although, the sum Sg with P,,(<P,4;) is higher than that with P,,, the
sum Sy, with P,, is always less than that with P,,. Therefore, the first M terms (Sy,) contribute
more if P, is higher whereas the last terms (S7) contribute more if the P, is smaller. By using
P4, and P4, and computing the sum S5 as a geometric series both the lower and upper bounds

of the S5 can also be obtained.

The sum Ss, assuming equal probabilities say P, for all terms in (A.S), can be obtained as

Ss = (2—P¢;)/de (A.].S)
The upper limit can be obtained as
Ss | upper = (2-P4,)/P g (A.16)

and the lower limit can be obtained as

Ss  tower = (2-Pa1)/P 4y (A.17)
These limits provide quick verification of the acquisition time.



CHAPTER 8

CONCLUSIONS

In this thesis, the sequential detector has been applied to the problem of initial code
acquisition of direct-sequence spread-spectrum pseudo-noise signals. Three variants of the
sequential detector have been considered and their acquisition performances have been
compared. The optimization of these detectors and their acquisition performance in various
situations have been obtained using a Monte-Carlo simulation approach. As the sequential
detector employs a serial search strategy, its performance has also been compared with the
more conventional forms of serial search detectors; namely, the single-dwell time detector

and the digital matched filter.

Various contributions to the randomness of the acquisition process have been identified as:
i)  the initial uncertainty about the code phase
ii) unknown carrier frequency and phase
iii) the presence of data modulation on the spread-spectrum signal
iv) channel noise which is additive white Gaussian (AWGN)
v) additive interference (intentional or unintentional) and

vi) channel distortion (due to fading and multipath)

The acquisition performance of the sequential detector has been analyzed for most of these
situations and the performance of each sequential detector variant has been compared. A non-
coherent sequential detection system has been employed to counter the carrier frequency and
phase uncertainty. The common frequency offset due to Doppler has been analyzed for both
the residual carrier frequency and code offset. The performance of the detectors has been
obtained both in the presence and the absence of random data modulation, and the
degradation in the acquisition performance has been assessed. Two common types of
jamming signal, namely, the CW jammer and the pulse jammer have also been employed to

examine the degradation in the performance of the sequential detector due to jamming.
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The acquisition system is broadly characterized by two main components. One of these is the
decision making device, which is the detector and the other is the acquisition strategy, which
is the search technique. With regard to the search strategies, various types of strategy were
analyzed. A key area of the research was the optimization of the serial search strategy and its
parameters. However, in the detector optimization, not all the detector types have received
equal attention in spite of the wide concem for the non-coherent single or multiple dwell
detectors. In this thesis, major emphasis has been placed on the optimization of the detector
and consequently, the sequential detectors which are the variable dwell time detectors have
been analyzed. The sequential detector is conceptually known to be optimum in the sense of
minimum mean dismissal time for a given probability of detection and false alarm compared
to any other detectors which may be either sequential or non-sequential (without considering
the detectors that use any form of adaptation). It has been used generally in radar detection
for sequential range processing but its use in communications is very much limited. The
reason for this has been partially due to the difficulties involved in the theoretical analysis of
the sequential detector which is due mainly to the complex relationship with the thresholds,
bias and the input SNR govering the various random times involved in the sequential
detector. The solutions for the multiple integral equations goveming the acquisition process
are very difficult, if not impossible and often unwieldy for the wide range of parameters
controlling the sequential detector. Hence, the Monte-Carlo computer simulation has been
found to be an important tool to investigate the optimum performance of the sequential

detectors for spread-spectrum acquisition in various practical situations.

Three variants of the computer models had to be used to simulate two different variations in
the sequential detector using practically realizable approximations together with the ideal
sequential detector, whose performance forms the baseline for the other two. A number of
signal models have been used and various types of received signal structure representing the
presence and the absence of data modulation, the code and the residual carrier Doppler
frequency offsets have been simulated. Besides, various channel impairments, namely, the
jamming and interference signals in an additive Gaussian noise channel have been simulated.
The direct-sequence spread-spectrum system models for both the transmitter and receiver
have been employed and the sequential detector code acquisition system has been simulated.
In order to assess the relative performance of sequential detection PN code acquisition, the
more conventional serial search using a single-dwell detector and a digital matched filter

have also been simulated.



-163 -

The design of the acquisition system consists of a set of design parameters relating to the
optimum performance of the detector and the search strategy. The threshold settings,
correlation time, design SNR etc., specifically govern the optimum detector while the number
of tests per chip (number of cells), mean dismissal time and the system complexity are
manifested by both the detector and the choice of search strategy and verification logic.
However, various parameters relating to the PN code namely, the code rate, code length, code
uncertainty region and the parameters such as false alarm penalty explicitly control the mean
acquisition time. For the specification of the overall acquisition performance, eventhough
the mean acquisition time is generally acceptable, the probability of prompt acquisition
(probability of acquiring within a specified search time) is used as an equivalent specification
for the situations with intermittent pauses. The probability of detection (or miss detection) is
also an important parameter when too many system deadlocks are imposed (viz., a finite

search time as well as an absorbing type false alarm state).

For the analysis of the sequential detector, in this thesis, major emphasis has been placed on
the mean acquisition time. However, the average sample number, the probability of detection
and the probability of false alarm have also been discussed and compared principally to show
how each plays a part in determining the mean acquisition time. The effect of the number of
quantization levels of the uniform quantizer Q@ for Q =10,16,32,40,50 and 100 on the
acquisition performance of a quantized log-likelihood sequential detector (QLD) has been
obtained and compared with the performance of a sequential detector employing an ideal log-
likelihood function (LLD). The minimum number of quantization levels for the QLD
yielding an acquisition performance close to the ideal sequential detector LLD, has been
determined as Q =32 on the basis of minimum mean acquisition time at moderate SNR,
although more would be necessary at very low SNRs to minimize quantization effects. The
biased square law detector (BSD) which is a more usual approximate model to the ideal log-
likelihood function suitable at low SNR conditions has also been simulated and the
acquisition performance of all the three variants of the sequential detector have been

compared at Wald’s optimum bias and at a non-optimum bias.

It has been found that the QLD closely agrees with the LLD. In addition, it is less sensitive to
the changes in the predetection SNR than the BSD which shows a sharp increase in the mean
acquisition time when predetection SNR is above +3dB. At a predetection SNR of 7dB both

the LLD and the QLD achieve a minimum mean acquisition time close to 0.5 sec at Wald’s
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optimum bias while the BSD achieves the same order of minimum mean acquisition time

around 10dB with non-optimum bias.

The optimization of the three detectors with respect to various critical system parameters has
also been presented and the optimum performances has been compared. In order to obtain
the optimum performance of the three detectors, an optimization has been carried out with
respect to both upper and lower thresholds of the detectors. The detectors have also been
optimized with respect to the input SNR and the design SNR and presented in the form of

three dimensional acquisition characteristics.

8.1 Optimization of sequential detectors

Both stages of optimization provide the range of near-optimum values for the thresholds and
the SNRs which are dependent on the bias value and the detector type. For the case of
thresholds, the optimum lower threshold has been found to vary with the bias whereas the
upper threshold has no significant effect. The optimum design SNR and the predetection
SNR have also been determined, however, they vary with the bias and the detector type

giving a broad range of optimum values.

It is observed that a lower threshold of around -5.0 is optimum for most upper threshold
values at Wald’s optimum bias for all the detectors. With non-optimum bias the lower
threshold must be set to around -1.0 to achieve the optimum. At Wald’s optimum bias, the
optimum predetection SNR is around 8dB with an optimum design SNR also at 8dB (at the
global minimum) for the LLD and QLD whereas for the BSD the optimum design SNR is at
6dB. At the non-optimum bias, all the detectors show minima at a higher design SNR, but
the predetection SNR for the LLD and the QLD is reduced to 6dB while it is increased to
10dB for the BSD.

In order to obtain minimum acquisition time at lower SNRs, all three variants of sequential
detector need to be biased appropriately with design SNR in the range of 2-4dB and this

results in the minimum acquisition times less than 2sec around the input SNR = -25dB
8.2 Data modulation effects

Data modulation has been found to introduce degradation in the minimum mean acquisition
time, T,,,. This is due principally to a reduction in the probability of detection, P, rather than

an increase in the ASN or the P;,. Even with data modulation, the QLD agrees closely with
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the LLD, and has broader optimum SNR characteristics than the BSD which is more
sensitive to changes in the predetection SNR. Although the LLD and the QLD do not show
significant changes in the optimum design SNR, the optimum design SNR for the BSD is
found to be reduced by approximately 3dB. However, for all detectors the minimum mean
acquisition time is found to increase by 5-10 times depending on the lower thresholds and the

biases.
8.3 Effect of the Doppler shift and data modulation

The degradation due to code and carrier Doppler in the presence of data is quite significant
for all the three detectors, however, when only code Doppler is present the degradation seems
to be reasonable. Both the QLD and the LLD show a drift of +3dB in the value of optimum
predetection SNR, Y,,,, at which the T, is minimum. Nevertheless, the minimum mean
acquisition time increases by 10 times without data due to Doppler. With data, the drift in
Yopt is 2dB, but minimum T, increases by more than 10 times. The performance of the BSD
is better than that of the QLD and the LLD at lower v, particularly at Wald’s optimum bias.
The degradation in ¥, is +3dB and the minimum T, is increased by 4 times without data;
but in the presence of data, v, is degraded by +3dB and the minimum T, is increased by 5
times.

The effect of the code and carrier Doppler with data modulation are seen to degrade the mean

acquisition time by 5-10 times and cause a 3-5dB degradation in the y,,,.
8.4 Performance in the presence of jamming

All the detectors show a certain level of immunity to both CW jamming and pulse jamming.
In the presence of the CW jammer, no significant degradation in the acquisition performance
is seen as long as the jammer to signal power ratio, J /S, is below 30dB. For J/S above 30dB
the performance degrades rapidly and becomes intolerable above 40dB. For the case of the
pulse jammer, the degradation in the acquisition performance is not significant for the pulse
duty factor less than 0.1 with the average power maintained constant (for S/J in the range
-10dB to -25dB). However, when the duty factor is reduced below 0.1 then the degradation

is found to be significant.

8.5 Comparative analyses with the single-dwell detector and the matched
filter

When compared under their various optimum design parameters, the matched filter (as
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expected) shows a very good performance at the medium to high SNRs than either the single-
dwell detector or the sequential detectors. However, as the input SNR is decreased the
performance of all the detectors show a marked deterioration with the performance of the
matched filter falling at a much faster rate than the other two rendering it difficult to operate
at SNRs lower than -25dB. Below this value the sequential detectors completely outperform
both the matched filter and the single-dwell detector.

When working at their respective optimum design parameters, the QLD achieves a minimum
T, close to 0.5sec and requires a predetection SNR of 7dB to achieve this minimum. The
BSD also achieves the minimum T, of the same order but this requires a predetection SNR
of 10dB. When compared at a moderate input SNR at -15dB, the single-dwell detector has a
minimum 7,, = 0.88sec whereas the matched filter shows an acquisition time around
0.06sec. The sequential detector at an equivalent predetection SNR (around 7dB) also
produces an acquisition time of around 0.5sec. When the SNR is very poor, for example at
an input SNR = -25dB, the matched filter has a very poor performance with minimum
achievable T,., around 4.5sec, whereas the single-dwell detector (K = 10), even though better
than the matched filter, is still considered to be poor with minimum T, greater than 2sec.
The single-dwell detector (K = 100) shows the minimum 7,,, worse than 10 sec and thus is
the poorest. However, the sequential detector, particularly the BSD, shows better
performance in these SNRs achieving a minimum T,., of less than 2sec. In fact, at input
SNRs worse than -25dB the sequential detector still maintains minimum T, close to 2sec
(when appropriately biased) whereas the other two detectors show rapid degradation with the

matched filter tending to be the poorest.

Although, the use of Monte-Carlo simulation has been necessary because of the complexity
of solving the integi'al equations for the case of the sequential detector, the application of the
technique to the matched filter and the single-dwell detector systems provide a more realistic

comparison and also a better insight into the optimum operation of all the three detectors.
8.6 Applications

Sequential detection code acquisition has been shown to provide faster acquisition than its
serial search counterparts in low SNR conditions. It is also relatively immune to other
channel impairments and can tolerate significant code Doppler offset. Therefore, the
technique is very much applicable for the high dynamics GPS receivers and low SNR links
like TDRSS down links. Further, the sequential detection requires a priori knowledge
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regarding the probability distributions of the incoming signal and needs relatively stable
design SNR it is particularly applicable in satellite links in which the link characteristics are
normally well understood and the SNR fluctuations are relatively low. It is also usable in
push-to-talk communication systems and in communication scenarios with intermittent
pauses where the acquisition needs to be much faster. As the complexity of realizing the
optimum quantized log-likelihood sequential detector is quite low, it is relatively inexpensive

yet offers better performance at low SNRs permits and this assures it a versatile usage.
8.7 Scope for further study

Although most situations that contribute to the code phase uncertainty have been investigated
the effects of fading and multipath could also be of significant importance for the application
of spread-spectrum techniques to cellular mobile radio systems or hf radio. As the fading can
deteriorate the input SNR significantly for short intervals, the code synchronization system in
such situations should be capable of holding lock even during severe fading depths and the
acquisition system must be fast enough to acquire code lock in case the loop looses lock due
to a severe loss of SNR. The sequential detector with its capability to work at lower SNRs
can be optimized to work satisfactorily in fading channels. As the input SNR from a fading
dispersive channel can have wide variations, the sequential detector must be designed to
operate at various design SNRs which can be adapted depending upon the input SNR. This
requires the knowledge of channel SNR which must be estimated to set the design SNR
appropriately. The adaptive signal processing techniques offer rich potential for this purpose
and the sequential detector operating in conjunction with these techniques can provide a

robust code synchronization.

A significant investigation into the performance of sequential detector can be carried out on
the effects of partial correlations between the incoming code and the local code which
contribute to the excessive false alarm rate. As the present simulation employs relatively a
shorter code length L = 127, the contribution of partial correlations can be further reduced by
increasing the code length which can result in the reduction of the correlation noise while
checking the majority of out-of synchronization cells. As the false alarms can be catastropic
to the acquisition performance, a detailed analysis of the effect of code length on the
sequential detector’s performance is of significant importance. From this, a correct dismissal

of the majority of false alarms can even speed up the acquisition process further.
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A further improvement in the acquisition speed of the sequential detector can be achieved by
incorporating a time-out feature in the sequential detection. The use of truncated sequential
tests by replacing the upper threshold with a time-out feature inherently causes faster
detections and offers better potential. However, the effect of partial correlations with such
tests become more important as this can outweigh the advantage gained by increasing false
alarms. A proper optimization of the truncated sequential test is essential to iminimize the
false alarms. Various sub-optimum detector structures can also be employed to improve the
robustness of the sequential detectors for varying channel characteristics. A sub-optimum
behaviour of such detectors can permit the use of sequential detectors as non-parametric
detectors in situations that cannot guarantee the required a priori knowledge and this would
be a major advantage in some applications. Sequential sign-tests and sequential dead-zone
limiters provide simplicity and better performance as non-paramertric detectors when the
channel statistics are difficult to obtain. However, as these detectors employ two level or
three level hard limiting, the hard limiting non-linearity of these devices can be well
compensated by increasing the number of quantization levels. A detailed analysis and
studies of sequential non-parametric detectors by increasing the number of input quantization
levels is necessary to compare the performance of such detectors with the optimum

sequential detectors.

A further interest in the code acquisition lies with the parallel-serial search methods which
can partly implement the maximum-likelihood approach by dividing the search region into
smaller segments and employing faster serial search methods. An investigation of sequential
detectors in such situations as a completely parallel or as a serial-parallel scheme provides
better understanding of their performance compared to parallel schemes with non-sequential

detectors and would achieve significantly faster acquisition times.

Hitherto, much of the analyses of code acquisition have been carried out for the time
uncertainty case assuming relatively less Doppler. However, when the accumulated local
oscillator frequency drift and/or Doppler shift are significant, the practical situation requires a
two-dimensional time/frequency uncertainty region to be searched. Thus a quantization of
the compound time/frequency region, resulting in two-dimensional cells needs to be
examined. This requires a bank of detectors, each timed for different cell frequency, resulting
in a parallel processing to resolve frequency uncertainty and either parallel or serial search

for resolving the time uncertainty. Such receivers can well be implemented with sequential
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detectors because of their simplicity and better performance and the trade-off between cost
and effectiveness of such receiver structures, which would also require to incorporate a

conflict resolution logic, would be interesting and worth examining.

Significant improvements can also be carried out in the acquisition performance of digital
matched filters. Use of digital matched filters require A/D conversion of the received signal
at the input of the correlator. For simplicity and minimum power consumption, especially at
chip rates at ten’s of MHz, it is generally required to keep the quantization as coarse as
possible. At very low SNRs, the penalty for coarse quantization is very high and this adds to
the poor performance of the digital matched filters at low SNRs. The use of finer
quantization improves the performance at the cost of complexity and the influence of such
correlators on the subsequent acquisition process with the problem of optimizing the loop
would also be an interesting future work. As the digital matched filter makes decisions at
much higher rate which is a multiple of the code rate, the decision SNR is inherently very
low and this is the principal reason for its poor performance when SNR is low. An
investigation into the digital matched filters with a multiple code length correlator is also
important as this accumulates the correlation outputs corresponding to the same uncertainty
cell to increase the decision SNR resulting in improved performance at low SNRs. In order to
improve the performance of the matched filter with data modulated signals, the use of
subsequence matched filtering to match with the different segments of incoming code with a
subsequent non-coherent combining of such partial correlation outputs also forms an

interesting extention to the present research.



GLOSSARY OF PRINCIPAL SYMBOLS

A rms signal amplitude of the correlator signal

A, upper threshold

AM) decision criterion

a(t) random signal at the correlator output

B, lower threshold

B predetection filter bandwidth

b bias

by Wald’s optimum bias

b, anon-optimum bias

b’ normalized bias value

Cii cost associated with choosing the hypothesis H; when hypothesis H; is true
C average cost

Cx k™ PN code chip

c(t) PN code sequence

c normalized threshold of digital matched filter

D) detector on input observation v

D, detector 1

D, detector 2

D(@d/v) decision rule or conditional probability of making decision d with a given

observation v

d, decision that the signal is absent
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dy decision that the signal is present

ds decision to defer a sequential test

a@®) data sequence

Ey2 ARE, asymptotic relative efficiency

E, energy per bit

E(Z,/0) expectation of the log-likelihood ratio (#» samples) conditioned on 0
E(z/0) expectation of the log-likelihood ratio for i** sample conditioned on 8

F (x;/x;_1) pdf of the transitions of the Markov process {x;}

fe PN code rate

fs input sampling rate

fa frequency difference due to Doppler

f,',,(v) a derived distribution of observation v

G(x;c) intermediate function defined to derive ASN of the BSD
Gi(p) a function of the correlator output

g gain

H a hypothesis

H, null hypothesis

H, alternate hypothesis

H; general hypothesis corresponding to either H, or H for i=0,1
H* a derived hypothesis setting a new distribution for v
H(x;c) intermediate function defined to derive ASN of the BSD
h a real number

L[] modified Bessel function of the first kind, zeroth order
J(@® jammer signal

J ms jammer power

Jp peak jammer power
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jammer component

false alarm penalty factor

false alarm penalty factor of the i** dwell

PN code length

OCF with signal absent

OCF with signal present

correlator length of a matched filter

average test duration derived as the first moment of the moment generating
function of the duration of test

number of adders in a sync-worthiness-indicator

number of dwells

single-sided noise spectral density

Jjammer power spectral density

optimum number of sweeps

number of code chips in the uncertainty region

noise space

sample size for the same o, B, hypothesis and the alternative

smallest number of samples necessary for the two detectors two achieve a
power of 1- for same significance level, hypothesis and the alternative
false alarm rate

number of agreements

noise waveform

shift register length

probability of detection

probability of false alarm

probability of detection of the i* detector of a multiple-dwell detector



Py(®)
P(H,)
P(H),)
P(D,/H,)
P(D,/H))
Pi(x,)

P

p(n)
Pm(v/0)

p(v/s)

p (/o)
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probability of false alarm of the i* detector of a multiple-dwell detector
overall system detection probability

overall system false alarm probability

probability of overall acquisition

false dismissal probability

correctness probability of an estimated bit

probabitity of false alarm at the end of the k* examination interval
probabitity of false dismissal at the end of the k** examination interval
probability of detecting u* correlator impulse

miss detection probability

probability of error

jammer pulse

a priori probability of hypothesis H,

a priori probability of hypothesis H

conditional probability of decision d; with the given hypothesis H,,
conditional probability of decision 4, with the given hypothesis H,
probability of test truncation

probability of entering lock

a priori pdf of all the points in noise space

conditional pdf of m data samples

a priori pdf of observation v or conditional probability of waveform v with a

given signal s

a priori pdf of observation v in noise or conditional probability of waveform

v with given signal s =0
code phase offset in a matched filter

number of quantization levels for the QLD
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@) Gaussian probability integral
0.X,Y) operating point on the OCF

0 (va,Ba) Marcum’s Q-function

q number of code cells to be searched

q' number of cells in the absence of Doppler
R.=f. code rate

Ry data rate

R, sampling rate at the envelope detector output
R, threshold parameter of digital matched filter
r@ received signal

S rms signal power at the input

Sg sum of the series

Sum sum of the first M terms of the series

St sum of the tail end of the series

s(t) transmit signal

Tocq mean acquisition time

Tp false alarm penalty time

Tun total time uncertainty

T sampling time at the envelope detector output
T, PN code chip duration

T, examination period

T; beginning of an integration interval

T time between the successive pulses of the jammer
T, data bit duration

T, reset penalty time required to rewind the code

T, sampling time at the input of the receiver (PN signal sample time)
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Ty mean dismissal time
T, verification time
T, truncation time

T,=InA, upper threshold of a log-likelihood sequential detector

TI;=InB, lower threshold of a log-likelihood sequential detector
T, time interval in which a false alarm occuring can affect the v* impulse
i additional time necessary to make the j* decision given that the present cell

has not been rejected at the (j—1)* decision in a multiple-dwell detector
ty instant of time at which v** correlation impulse occurs
u(vp) unit step function

i,va, ** * v,,) m-dimensional sample vector

v; accumulator output of a sequential detector

Wi spread bandwidth

x(@®) correlator signal

{x:} discrete stationary Markov process

Y, k™ sample of the envelope detector of a BSD after the bias

y(@® output of the envelope detector

Vi k™ sample of the envelope detector (LLD or QLD) or square-law envelope
detector (BSD)

z(t) accumulator output of the basic form of sequential detector

Z, log-likelihood ratio for m samples

o significance level or size of the test

o, a fixed significance level or size of the test

a',B' significance level and power for test H* versus H

B(0) probability of miss detection

1B power of the test
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decision space
code phase misalignment

step size in a serial search

difference in clock frequency of a continuous sliding correlator or code

Doppler in a discrete search
Kronecker detla function
threshold

fixed values of detector threshold
normalized threshold values fori=1,2
observation space

m-dimensional sample space

decision regions corresponding to the decisions d,,d,d>

predetection SNR

input SNR

design SNR

optimum SNR

decision SNR on a per-cell basis
likelihood ratio function for i samples
likelihood ratio function for m samples
likelihood ratio

mean search update

number of the correlator impulse
signal space

carrier radian frequency

carrier Doppler shift in radians

jammer radian frequency
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W¢q radian cut-off frequency of an analog filter

W radian cut-off frequency of a digital filter

; a priori distribution of the code phase uncertainty
m:(x,) probability of decision i=0,1,2

P duty factor of a pulse jammer

p critical duty factor of a pulse jammer

o(s) a priori pdf of all the points in signal space

o? variance of the noise process

624 variance of the acquisition time

1T, local code phase offset

T local code frequency error

T4 dwell-time

'E mean-dwell time of a search/lock strategy

Tai dwell-time of the i® dwell of a multiple-dwell detector
1 pulse width

To test truncation time

0 signal parameter

0, carrier phase

04 design signal parameter

0y jammer phase

0; j* signal parameter

ET,+(T, received data bit phase offset

(T, received code phase offset

¢ received code frequency offset

>t <u, hypothesis H accepted if likelihood ratio is greater than the R.H.S and

hypothesis H,, is accepted if it is less than the R.H.S
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COMPUTER SIMULATION OF A QUANTIZED LOG-LIKELIHOOD SEQUENTIAL DETECTOR FOR
FASTER ACQUISITION OF SPREAD SPECTRUM PSEUDO-NOISE SIGNALS.

K.V. Ravi, R.F. Ormondroyd

University of Bath, UK

ABSTRACT

This paper preseats the performance of a quantized
log-likelihood sequential detector for the acquisition of
psuedo-noise signals in direct-sequence spread spectrum
systems. This new sequential detector improves the case of
implementation through the use of a digitally implementable
look-up table approach, and it also simultaneously provides
the minimum mean acquisition time for a lower input
signal-to-noise (SNR) ratio when compared with a fixed
dwell scrial-search or matched filter acquisition system.

The effect of the number of quantization levels on the
acquisition performance of the quantized log-likelihood
sequential detector has been obtained by computer
simulation and compared with the performance of a
sequential detector employing an ideal log-likelihood
function. It has been found that the quantized
log-likelihood sequential detector with 32 quantization
levels yields an acquisition performance close to the ideal
sequential detector. Optimization of various sequential
detector system parameters to result in the minimum mean
acquisition time has also been discussed.

INTRODUCTION

There is a pressing need for faster code acquisition in
direct-sequence spread-spectrum receivers and consequently
the acquisition problem has received considerable attention
recently. Spread-spectrum code acquisition schemes can be
broadly classified in terms of the underlying search
algorithm and the detector type. Three major types of
commonly used search algorithm are: maximum likelihood,
serial search and sequential estimation. These methods
trade system complexity for acquisition performance, and
the sequential estimator, for example, has a poor SNR
performance. The detectors used with these schemes
generally employ either fixed-dwell detection or matched
filtering. For serial search algorithms, however, sequeatial
detection, employing a variable dwell time, has been shown
(1) to be the optimum for achieving the minimum
acquisition time in low SNR conditions and forms the basis
of this paper.

s 2l D . (S 4 Sienal

The classical sequential detection technique was initially
proposed by Wald (2) for radar detection but it has also
been applied to the problem of spread-spectrum acquisition
by Cobb and Darby (3). Figure 1 shows a schematic
diagram of a serial search p-n code synchronizer using a
sequential detector in place of the more usual fixed dwell
system. As for fixed dwell systems, the timing error
between the received pseudo noise (PN) code and the locally
generated replica code is obtained from the measure of
correlation existing between them. Because of the effect of
noise, the correlation function is corrupted. This means that
the detection of the wanted (ie. in-lock) correlation can be
missed or that “false alarm” conditions can occur. The code
is split into cells of typically two cells per chip and samples
of the corrupted correlation output are obtained.

In the sequential detector, these samples are checked to
establish the measure of the likelihood that they contain the
wanted correlation signal (plus noise) or are simply noise
alone. This likelihood measure is accumulated and tested
against normally two thresholds to detect the correct
synchronization. The accumulator output rises linearly at
different slopes depending upon whether the cell being
searched corresponds to noise only or signal plus noise.

By adding a proper bias to the log-likelihood function,
which is between the means of the detector outputs under
the two hypotheses, say, the accumulator output will tend to
decrease linearly when noise alone is present and increase
linearly when signal plus noise is present. When the

-accumulator output falls below the lower threshold, the cell

is dismissed and the local code is advanced by one cell and
synchronization is re-checked. If the accumulator output
exceeds the upper threshold, then synchronization is
declared (however it may be a false alarm). By appropriate
choice of the lower threshold level and bias level, the
dismissal time can be minimized. Since the detector spends
most of the time dismissing out of synchronization cells,
which occur in all but one cell per pass through the
uncertainty region, the sequential detector can be designed
to reduce the mean time to dismiss the out of
synchronization cells; resulting in minimum mean
acquisition time.

This mechanism of quick dismissal of the out of
synchronization cells forms the heart of the sequential
detection system that provides the acquisition time
advantage not possible with other schemes.

‘Wald has provided an analysis of the sequential detector
based on approximations which are valid only in situations

. of low signal-To-noise ratios as the ‘excess-over-boundary’

problem was not treated (4). Kendall analyzed the
performance of a simplified version of the sequential
detector called the ‘biased square law sequential detector’
for the case of dismissing the out of synchroniszation cells
(1). However, the exact analysis in the range of moderate
signal-to-noisc ratios (ic. a predetection signal-to-noise
ratio in the range of -3dB to +3dB in the [F bandwidth) has
been found to be difficult (1,5) as the integral equations
governing the decision probabilities and the expected
sample size of a sequential probability ratio test are very
difficult to solve by methods that will give useful numerical
results. Some simulation results of the detection probability,
Pi and false alarm probability, P,,L with simplified detector
implementations have been presented by Cobb and Darby
(3). where the authors simulated the ideal log-likelihood
sequential detector transformation, ‘In I[ T, (ie. the
natural logarithm of the modified function of first”
kind and zero order) and employed square law detector,
envelope detector and absolute value detector
implementations.

In this paper, the ideal sequential detector’s In I,[ T’
transformation has been quantized and the sprecd spesirum .
acquisition has been simulated by a Monte Cario method

Paper presented in the 5* International Conference on Radio Receivers and associated
systems, July 24-26, 1990, Cambridge, UK, IEE Conference publication No. 325, pp
207-211.



and new results for the quantized log-likelihood sequential
detector are presented. The minimum number of
quantization levels to achieve satisfactory performance has
been derived with this simulation and the performance
characteristics of the quantized log-likelihood sequential
detector are compared with the simulated performance of
the ideal log-likelihood sequential detector.

1

SIMULATION OF SEOUENTIAL DETECTION

The incoming signal is modelled as a baseband
direct-sequence spread-spectrum signal with pseudo random
code modulation, The transmit signal has been simulated as
a PN code of length 127 chips running at a rate of
100Kb/s. Two cells per chip have beea assumed. Additive
white Gaussian noise (AWGN) has been assumed and the
channel characteristics have been simulated by generating
Gaussian random noise with unit variauce and the corrupted
spread spectrum signal is used as the input to the PN
receiver. In the simulation of the receiver, the incoming
signal is correlated with the lozai code generated with an
arbitrary starting state and the correlated signal is low pass
filtered and sampled at the rate equal to 1/B, where B is the
predetection filter bandwadth.

Definition of the Log-likelihood Functi

In the baseband simulation of the sequeatial detection
system it has been assumed that the output of tiie low pass
filter is equivalent to the filter output of a band pass model
which has a Gaussian noise corrupted sinusoidal (IF) signal
as its input. The output of the eavelope detector is assumed
to have a Rician probability deasity function (pdf) with
signal plus noise and a Rayleigh pof “#ith noise only. When
this envelope is sampled at the rate 1/B, the log-likelihood
function, which is defined as the logarithm of the ratio of
probability of signal plus noise, p,(y,). :0 the probability of
noise only, p,(yy ). with yy as the k"l‘samplc. is given by:

Py
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The accumulator output, which is the running sum of the

log-likelihood furction, is given by:
l B
vi = k) (3)
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where o is the standard deviation of the noise, and y is the
predetctor SNR. In the double threshold sequential detector,
this sum is comnpared against two thresholds viz., the upper
threshold T, and the lower threshold T, .

The sequential detection system employing the ideal
log-likelihood function was simulated and various
performance characteristics of the sequential detector viz.,
average sample number(ASN), probability of detection (Py)
and probability of false alarm (Py,) were recorded for
multiple runs with random starting states of the local code
generator. The phase of the local code was changed in steps
of 1/2 chip interval (the cell length) and all the four
possible successive cells of the autocorrelation curve were
searched for detection.

The log-likelihood function was then quantized using a
uniform step size and the acquisition characteristics were
compared for a different number of quantization levels.
Using this technique, the quantized log-likelihood sequential
detector with the minimum acceptable number of
quantization levels has been obtained for two different bias
levels (Wald’s optimum value and a non-optimum value) and
from this the acquisition performance has beea determined.

The critical sysiem parameters determining the performance
of the system are the upper threshold, lower threshold, bias
and gain. In order to obuain a valid performance of the
detector, th= loop gain had to be carefuily optinuzed to
achieve acceptable probabilities of detection and false alarm
over the input SNR range of interest. Tae bias was set as a
function of the predetection SWR and the input SNR was’
then varied to obtain the required performance
characteristics. The mean acquisition time was computed
from these observations and the acquisiticn performarce for
the input signal-to-noise ratio ranging from -25dB tc -10dB
was then obtained.

SIMULATION RESULTS

, For the ideal log-likelihood sequectial detector (LLD) and

the quantized log-lixelihood sequential detector (QLD),
ASN, Py and Pg, have been recorded for the predetection
SNR, 7, ranging from -4dB to +104B (for a 21dB process
gain). Generally, it has been observed that l’d is decided
mainly by both the lower threshold and the bias while Pﬁ is
mainly controlled by the upper threshold and the bias point.
The effect of the other threshold seems to be minor in both
cases. Normally, in all the characteristics, the upper
threshold has been fixed at 5.0 and the lower threshold is
set to -5.0, -2.0 and -0.5. For each set of thresholds, two
differeat bias levels, b, are employed, one at Wald's
optimnm value ic., b = y{1<»/Z) and the other at the
non-Cptimum bias equal 10 b = y . The characteristics with
the upper threshold at 5.0 and the lower threshold at -5.0
for both these bias values are shown in figures 2-5.

The characteristics of the ASN versuspredeléction SNR and
the mean acquisition time versus predetection SNR for the
ideal LLD are shown in figures 2 and 3 .,

The effect of the number of quantization levels, Q, on the
performance of the QLD has been obtained for
Q=10,16,32,40,50 and 100 with tac upper and lower
thresholds at 5.0 and -5.0 respectively, and these results are
shown in figures 4 and 5.

Discussion of the ASN Resul

The ASN for the sequential detection system depends both
on the lower threshold and the bias. Although the ASN
appears to be reducing with an increasing lower threshold,
the false alarm probability starts increasing. and this starts
to control the mean acquisition time. This factor limits the
choice of the lower threshold to moderate values. With the
optimum bias, the ASN is scen to be always less than that
with the non-optimur bias.

From the characteristics shown in figure 2, it can be
observed that the ASN increases with decreasing
predetection SNR. _For example, for the ideal LLD at
SNR=0dB with the optimum bias, the ASN is 6.25 for the
lower threshold at -5.0 while at SNR=-3dB the ASN is
15.54 for the same threshold. With the non-optimum bias
the ASN is slightly higher than that with the optimum bias
ie, 10.2 for SNR=0OdB; 21.1 for SNR=-3dB. The ASN for
the quantized log-likelihood detector with Q=32 (QLD)



closely agrees with the LLD at SNR«Odb. However, at
SNR=-3dB the QLD appears to be overshooting the LLD
showing a sharp increase in the ASN with the decreasing
SNR which can be attributed to the effect of quantization at
lIow SNR’s. This effect of coarse quantization on the ASN
at lower predetection SNR's can be seen in figure 4.

Discussion of the Acquisition Time Resul

The mcan acquisition time depends on the combination of
and Pr, and is sexs to nass throughamlmmumas
the SNIg varies. The minimum mean acquisition time and
the optimum SNR at which it coours vary with the
thresholcs, the biases and the tyge of the detector. Figure 3
shows the miz.imum mean acquisition time for two biases
with the upper threshold at 5.0 and the lower thresiold at
-5.0. The mean acquisition time has beea calculaisd under
the assumption of multiple passes based on “te probability
of detection and a false alarm penalty time based on the
probability of false alarm. Typica! values for the truncation
time (T,;) and the verification time (T,,;) of the sequantial
test havcbecat_.mmedls‘l‘w-wmsmd'rvr-SOms -
respectiveiy and the total waean acquisition time Gas been

computed by using the relationship
P(Ty + Tyl m(l—r)]
Tp= Ty [1 4T [q &)
- Tgis ln(l-l’dll '
where Ty;q is the mean dismissal time givea by
Tgic = ASN/B ©)

where B is the predetection filter bandwidth, which is equal
to the data bandwidth, q is the number of the code cells
being searched and T, is the acquisition time with
probability P. In thedz results. P is assumed t0 be 0.9.

The mean acquisition time as a function of the pre-detection
SNRhasbeenplouedforbo(hlheLLDandtheQw(for
Q=10,16,32,40,50 and 100), and the results are shown in
figure'S. Typically, the mean acquisition time shows a
downward trend with an increase in the SNR

* from -4dB and passes through a minimum. At the lower
predetection SNR=-4dB the ASN and the Pg, are at their
mmmum.ande'md:oushmel’disalsounsmaﬁmm
this causes a higher acquisition time. With increasing SNR,
the initial fall in the mean acquisition time is due to
deausamboththeASdethePﬁ Further increase in
meSNR.eventhoughthzsumtheASNudthePf,‘to
be reduced, increases the mean acquisition time. This is
bemuscl’d significantly reduces, ausmgthenumbe: of -
passes to rise sharply.

The optimum SNR with the aon-optimum buac is seen to be
broader than that with the optimum bias while the minimum
mean acquisition time with the optimum bias is always less.
than that with the non-optimum bias as seen from figure 3.

For the QLD with the number of quantization levels set at
Q=10 and 16, although the acquisition time maintains a
minimum, it is greater than the minimum achievable and
rises very fast with a varying SNR. However, for Q=32 and
above, this minimum almost merges with that of the LLD
and the characteristic closely agrees with the LLD’s
characteristic throughout the SNR range of interest. The
optimum. SNR occurs around 7 dB for both the LLD and
the QLD with a minimum achievable acquisition time of
approximately 0.5 sec for the given system parameters.

The minimum mean acquisition time obtainable from the
QLD appears to be considerably less than for fixed dwell
serial scarch systems with the same system parameters.
However, the SNR to achieve this optimum scems to be
higher. This is due to the fact that the simulation employs
a bias which depends cn the predetection SNR. A
sequential detector designed with this input SMR. &s the
optimum, with the bias derived from the predetection SNR,
can provide the optimem performance for an input SNR
around -15dB for a 127 chip sequence. However, as seen
from figure 3, the bias of the sequential detecter plays an
important part in determining the optimum input SNK, and
hence, on the choice of the design SNR. As Waid's
optimum bias is valid only for the lower input SNR’s and
the exact expressions for the decision probabilities and the
average tesi duration do not require the bias to correspond .
to Wald's optimum bias (5), changing the bias
independently frcm the predetection SNR would allow the
choice of a desige: SNR suitable for a wider range of input
SNR's. The &ects of the bias variation, with a fixed design
SNR, on the acquisition performance nced to be assessed.

CONCLUSIONS

The quentized log-likehood seque=atiai detector with 32
quantizatior: levels is seesn t¢ have a performance close to
that of the ideal log-likelihood sequential detector. With
this aumber of quantization levels, a simpie realization of
the QLD using a look-up table approach can be
implemented digitally with an easily manageable size of
ROM, thus reducing the hardware complexity. The
performance of such a sequential detector can be quite - - -
robust providing the minimum acquisition time for a wide
range of input signal-to-noise ratios. Since the total average
acquisition time of the spread spectrum receiver employing
the sequeatial detector can be quite low, the use of
direct-sequence spread-spectrum techniques in such diverse
applications as push-to-talk digital mobile communication
systems, satellite navigation systems and LAN systems etc.
becomes more practicable.

The sequeatial detector has beean found to have a good
acquisition performance at low signal-to-noise ratios when
compared with serial secarch or matched filter systems and is
an attractive alternative for many present day spread
Spectrum communication systems.
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COMPARISON OF THE AQUISITION PERFORMANCE OF BIASED SQUARE
LAW AND QUANTIZED LOG-LIKELIHOOD SEQUENTIAL DETECTORS
FOR PN ACQUISITION.

K.V.Ravi and R.F.Ormondroyd
University of Bath, UK

1.0 ABSTRACT

This paper compares the acquisition performance of a new type of sequential detector, the quantized log-
likelihood sequential detector (QLD), with the biased square law sequential detector (BSD) for the
acquisition of direct-sequence spread-spectrum pseudo noise signals. The ideal log-likelihood function of
the sequential detector has been quantized and the quantized log-likelihood sequential detector is
simulated. It has been found that the QLD with 32 quantization levels has an acquisition performance
close to that of the ideal log-likelihood scquential detector. The BSD has also been simulated and its
acquisition performance is obtained for the same system parameters as the QLD.

In this paper, the acquisition performance of the QLD and the BSD have been compared both at Wald's
optimum bias and at a non-optimum bias for a predetection signal-to-noise ratio (SNR) ranging from -4dB
to +10dB. It has been found that the QLD is less sensitive to the changes in the predetection SNR than the
BSD which shows a sharp increase in the minimum mean acquisition time when the predetection SNR is
increased beyond +3dB. Because the QLD can be easily realized by a look-up table approach using digital
techniques, and yet can provide a better aquisition performance, it is attractive for use in many spread
spectrum systems requiring faster acquisition when working at low input signal-to-noise ratios.

2.0 INTRODUCTION

Direct-sequence spread-spectrum (DS-SS) receivers usually accomplish code despeeading using active
correlation by generating a local replica of the pseudo noise (PN) code which is synchronized to the code
superimposed on the incoming waveform. Synchronization is ordinarily achieved in two stages. In the
first stage, a coarse alignment of the two PN codes is obtained to within a small relative timing offset,
typically less than a chip duration. This is referred to as ‘PN acquisition'. In the second stage, fine
synchronization is performed by continuously tracking the relative code error and maintaining the best
possible code alignment by means of a closed loop system. In this paper, only the acquisition problem is
considered.

A common method of achicving initial synchronization is to use a serial search of all the code epochs
using the correlation between the two codes as the input to an appropriate detector to indicate coarse lock.
The simplest systems use fixed dwell integration and a threshold detector. The sequential detector (1),
which employs a variable dwell time serial search algorithm, has been found to be optimum for achieving
a minimum acquisition time (2), and forms the basis of this paper. The basic structure of the sequential
detection system is shown in figure 1. In this system, the samples of the correlation between the two
codes, after the envelope detector, are transformed by a log/,{ ] function, where /,[ ] is the modified
Bessel function of the first kind and zeco order. The output of this transformation gives a measure of the
likelihood that the signal contains the wanted correlation information (ie. the in-lock signal) or is mostly
noise containing only the out of sync. correlation value. The sequential detector accumulates these
samples and tests the accumulated output continuously against two thresholds to determine the presence of
the signal (plus noisc) or the noise only. If the accumulator output crosses the upper threshold, the in-lock
signal is declared (although it may be a false alarm). When the accumulated output is between the
thresholds a new sample is taken and the test is repeated. When the lower threshold is crossed, it is
assumed that the two codes are not in synchronization and the local code is advanced by one code cell
relative to the incoming code (usually 1/2 chip interval) and the test is repeated; thus the search is
continued until the presence of the signal is detected.

The realization of the sequential detection algorithm involves an exact realization of the transformation,
"log./,[ 1. In the past this was found 1o be difficult and a number of different approximations have been
employed. Cobb and Darby have reporied the simulation results of simplified sequential detector
implementations, employing a square law detector, envelope detector and absolute value detector (3).
The exact analysis of the sequential detector was found to be difficult as the solutions for the characteristic
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integral equations become quite difficult even using numerical methods (4). Wald's analysis of a
sequential detector is based on approximations and valid only to situations of low signal-to-noisc ratios
(1). Kendall analyzed the performance of a simplified version of the sequential detector called the *Biased
square law sequential detector® giving the analysis only in the absence of the signal (4).

In this paper, the ideal log-likelihood sequential detector’s *log,/,[ ]° transformation has been quantized
and the spread-specttum acquisition system is simulated by using a Monte Carlo method. The
performance results for a quantized log-likelihood sequential detector (QLD) are also preseated. The
minimum number of quantization levels to achieve a satisfactory performance has been determined. The
biased square law sequential detector (BSD) has also been simulated and it’s acquisition performance is
assessed and compared with that of the QLD.

3.0 TYPES OF SEQUENTIAL DETECTOR

The sequential detectors simulated here employ three different realizations of the likelihood function
which is a ratio of the a priori probabilities of the two hypotheses corresponding to: i) the presence of
signal plus noise or ii) noisc only. The different likelihood functions are described in the following
sections.

3.1 Ideal Log-likelihood Sequential Detector (LLD)

For a baseband model of the spread-spectrum sequential detection system, the probability deasity function
(pdf) of the eavelope detector’s output is given by a Rician distribution for signal plus noise, p, (y,), and
by a Rayleigh distribution for noise only, po(ys) for the k* sample, y, (assuming the out of sync.
correlation signal is negligible in amplitude). The log-likelihood function is:

p10Ow)

- log. | 210D 1
Afk) log.{l’o(h)jl (6}
= —y+log.[,2yVy262)) (¥

The accumulator output is:
vi = TAK) ®
k=]

= 3 v+ log L,y 2at)) @

where v is the predetection signal-to-noise ratio, and 6 is the standard deviation of the noise.

An LLD realizes this funaion.ideally. and the sum of the accumulator output is compared to an upper
threshold T,, and a Jower threshold 7; in a double threshold sequential detector.,

3.2 Quantized Log-likelihood Sequential Detector (QLD)

In this case, the ideal log-likelihood function is quantized using a 'uniform quantizer® which facilitates a
look-up table implementation using digital techniques. A choice of the acceptable number of quantization
levels, Q, has been made based on the comparison of the simulated performance with the LLD, The QLD
with a minimum acceptable number of quantization levels has been simulated and its acquisition
performance is obtained.

3.3 Biased Square Law Sequential Detector (BSD)
For low SNRs, the 'log,[,[x )’ function can be approximated by the first two terms of a power series
expansion:

x4

x2
log.l,,[x] = T" '6_4 ®)

and this leads to a biased square law sequential detector (BSD) whose accumulated log-likelihood function
becomes:
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whezre b is the bias of the log-likelihood function, b =N,B (1 +7), and N, is the single-sided noise spectral
density. For the BSD, two bias values, one at Wald's optimum bias and one at a non-optimum bias, have
been considered.

4.0 SIMULATION OF SEQUENTIAL DETECTORS

A baseband model of a direct-sequence spread-spectrum system was developed. The transmitted signal
was represented by a pseudo random noise (PN) code running at a rate of 100Kb/s with a code length of
127 chips. The transmission characteristics of the channel were simulated under the assumption of
additive white Gaussian noisc (AWGN) by generating a Gaussian random noise signal with unit variance
and the corrupted spread-spectrum signal was fed to the DS-SS receiver. The receiver correlates the
incoming signal with the locally generated PN code. The correlator output was then low pass filtered and
the envelope was sampled at a rate equal to 1/8, where B is the predetection filter bandwidth, which
ensured sufficiant sample decorrelation for the tests of the two hypotheses to be valid. An sbsolute-value
detector was employed and all four possible cells under the auto comrelation curve were scarched for
detection of the wanted correlation signal.

The tests were carricd out for multiple runs with an arbitrary code starting phase and the average sample
number, ASN, the probability of detection, P,, and the probability of false alarm, P, were recorded at
cach input SNR. For each set of ASN. P, and Py, the mean acquisition time was thea calculated. The
input SNR was varied from -25dB to -10dB ic. a predetection SNR in the range: 4dB w +11dB
(assuming a process gain of 21dB) in steps of 1 dB and the acquisition characteristics determined for ecach
SNR.

4.1 Total mean acquisition time (7,)

The mean acquisition time of a sequential detector depends on a combination of ASN, P, and Py,. Py,
causes a false alarm penalty time which adds to the mean acquisition time, whereas a non-unity P,
increases the number of passes of scarch through the uncertainty region, depending on the required
probability of overall acquisition P,.. Even though the total mean acquisition time is the sum of the scarch
times required to search that part of the uncertainty region where the signal is not present and the scarch
time for the cell where the signal is present, the time for the latter is normally neglected due to the large
number of cells where the signal is not present. The time for verification of a false alarm (7,,) and the
time to reach truncation to declare the signal present (T,) are typically assumed to be 50ms each. Thus
the mean acquisition time T, with probability of acquisition P, is given by:

P]c(Tv + Tvr) 1030(1 'Pcc)
T = ""[ T H Tog.(1-P) ®)
where T, is the mean dismissal time given by:

T4 = ASN/B Q10)

and q is the total number of code cells to be searched.

§.0 COMPARISON OF SIMULATED ACQUISITION PERFORMANCES

The total mean acquisition time is not only directly related to the mean dismissal time but also to P, and
Py,. Consequently, the simulation results are presented to facilitate the comparisons of ASN as well as the
mean acquisition time. It has been observed that P, is mainly decided by the lower threshold, T;, and the
bias value, b, whereas Py, is mainly decided by the upper threshold, 7,,, and the bias value; with the other
thresholds showing a minor influence on both Py, and P,. In this paper, the upper threshold has been fixed
at 5.0 and the lower threshold is set to -5.0,-2.0 and -0.5 for two different bias values, b, viz: Wald's
optimum, b; =1 + ¥72) and a non-optimum bias equal to b, =yand the simulation repeated for each set
of values.
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For the QLD with a uniform quantizer, the acquisition performance has been obtained for
0=10,16,32,40,50 and 100 with upper and lower thresholds set at 5.0 and -5.0 respectively and the
comparative performance is shown in figure 2 together with the acquisition performance of the LLD.
When Q 232 the acquisition performance closely agrees with that of the LLD but when Q <32, it is worse
than the LLD and T, varies rapidly with SNR. The complete acquisition performance of the QLD for both
bias values with different threshold settings has been obtained, and the variation of the ASN and the mean
acquisition time with the predetection SNR are shown in figures 3a-3b and 4a-4b for both types of
detector. The ASN of the sequential detector depends both on the lower threshold and the bias value and is
always seen to be less when optimally biased than when non-optimally biased. From the characteristics
shown in figure 3a, it can be seen that the ASN increases with decreasing predetection SNR. For the QLD,
the ASN is lower than the BSD at SNR=0dB and almost as good as the LLD. The difference is mainly duc
to the effect of the coarse approximation employed in the BSD by truncating the power series expansion of
the log,/,[ ] function to the fourth power. However, at SNR=-3dB the QLD overshoots the BSD and
shows a sharp increase in the ASN when the SNR is further decreased. This rise is seen to be due to the
effect of quantization at low SNR's.

The mean acquisition time has been computed for all three detector types for a probability of acquisition,
P, =09 and plotted as a function of the predetection SNR in the range of -4dB 1o 10dB for both the
optimum and the non-optimum bias points. The mean acquisition time shows a downward trend with
increase in SNR from -4dB and passes through a minimum. The initial fall in 7, is attributed to a decrease
in the ASN and P/, with an increasing SNR. Further increase in the SNR causes a significant reduction in
P4 and this increases the number of passes required, and consequendy T, increases. It is observed that the
minimum acquisition time and the optimum SNR at which it occurs, depend on the thresholds and the
biases. For the case of the QLD, this minimum is always less with the optimum bias than with the non-
optimum bias. However, for the BSD the minimum occurs with the non-optimum bias. This leads to the
observation that the truncation error in the log,/,[ ] function when approximated with the BSD requires
that the bias needs to be carefully tuned for optimum performance. The optimum SNR is higher in the
case of the non-optimum bias than with the optimum bias. For the QLD, the optimum SNR occurs around
7dB. For the BSD, the optimum SNR occurs around 10dB (with non-optimum bias) and is higher than
cither the LLD or the QLD, thus limiting its use to operation in high SNR's. Inall cases, minimum mean
acquisition times of around 0.5s are achieved.

6.0 CONCLUSIONS

The simulated acquisition performance of a quantized log-likelihood sequential detector with 32
quantization levels and a biased square law sequential detector have been compared. The performances
are found to be quite different. The QLD performs better with the optimum bias at low SNR's than the
BSD. The mean acquisition time of the BSD at the optimum bias rises rapidly with increasing SNR and is
also highly sensitive to the predetection SNR whereas the QLD has a relatively robust performance at the
optimum SNR. The BSD achieves minimum mean acquisition time for the non-optimum bias at a higher
predetection SNR. The QLD is also seen 1o perform well in comparison with the ideal log-likelihood
sequential detector. Performance of the biased square law detector is found to be worse than the QLD and
the exact realization of a square law detector is also quite difficult. With 32 quantization levels (for
example) realization of the QLD using a look-up table approach can be implemented digitally with a
relatively small ROM size. This not only results in reduced hardware complexity but also a faster
acquisition performance in low SNR’s than the BSD. With an appropriate choice of predetection SNR, the
performance of such a sequential detector can be quite robust providing an acquisition time which is
virtually optimum for a wide range of input SNRs.
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ABSTRACT

The paper addresses the problem of fast initial acquisition of
spread-spectrum PN sequence synchronization in low SNR condi-
tions. The sequential detector offers optimum performance by
minimizing the time taken to eliminate the wrong code epochs for a
given probability of detection and false alarm in a serial search
strategy, but its analysis using analytical techniques is extremely
complex. In this paper the effect of data modulation on the acquisi-
tion performance of several sequential detectors is obtained using a
Monte Carlo computer simulation technique.

The effects of data modulation on the quantized log-likelihood
sequential detector and biased square law device are compared
with the ideal log-likelihood sequential detector for moderate
predetection SNRs (in the range -4dB to 10dB). The performance
of the quantized log-likelihood function at moderate SNRs is found
1o be better than the biased square law device (which is an approxi-
mate model, optimized at low SNRs) and is shown to be close t0
the performance of the ideal log-likelihood sequential detector.
However, all three detectors are found to be slower by a factor of
5-10 duc to the effect of data modulation.

INTRODUCTION

Acquisition of pseudo-noise codes plays a vital role in the detec-
tion of direct-sequence spread-spectrum signals. Recently, empha-
sis has been placed on the need for faster code acquisition in low
input signal to noise ratio (SNR) conditions, particularly in certain
satellite communication and navigation applications. Commonly, a
serial search is employed (o acquire the initial synchronization
using the correlation between the incoming signal and the locally
generated code replica by searching through all possible code
epochs 10 indicate coarse lock. This works well in low SNRs but
the acquisition time can be unacceptably long. Various detectors
have been used with the serial search synchronizer 1o detect the
correlation signal, including single or multiple dwell time detectors
and matched filters. All these detectors have disadvantages. The
single and multiple dwell detectors take as long to dismiss each
incorrect code epoch as 1o detect the correct code epoch while the
matched filier, even though faster in detection/dismissal of the cor-
rect/incorrect code epoch, suffers from an increase in the hardware
complexity proportional to the lengh of the PN code. Sequential
deteciors, however, employ a serial search strategy but use a vari-

able dwell time integration. These detectors are relatively easy 10
implement and arc capable of dismissing the larger number of
incomect code epochs quickly, allowing for longer integration of
the correct code epoch resulting in reliable and faster code acquisi-
tion. For this reason, sequential d are the opti in the
sense of minimum dismissal time of the wrong code epoch for a
given probebility of detection and false alarm [1].

The integral equations governing the decision probabilities and
the average sample number (ASN) required for the dismissal of
each incorrect code epoch are difficult to solve analytically and by
methods that will give useful numerical solutions. In the previous
work a number of simplifying assumptions have been made. Wald’s
analysis of sequential detection does not include the "excess over
boundarics’ problem and is valid only for low SNRs {2). An
approximate simplified version of the sequential detector viz., the
biased square law sequential detector, has been analyzed by Ken-
dall (3] who considered only the case of dismissing the out of
sychronization cells whilst Cobb and Darby have characterized the
acquisition performance of a sequential detector using a computer
simulation {4]). However, their simulation did not include the pres-
ence of the data modulation and also employed various simplifica-
tions. Recently, results on the computer simulation of more com-
plete implementations of the biased square law and a quantized
log-likelihood sequential detector in the absence of data modula-
tion were presented by Ravi and Ormondroyd [5)-(6). In the present
paper, ncw results on the acquisition performance of sequential
detectors in the presence of random BPSK data modulation are
presented and these are compared with the performance without
data modulation. Further, the performance of a new type of sequen-
tial detector, the quantized log-likelihood detector (QLD), is com-
pared with the ideal log-likelihood sequential detector (LLD) and
the biased square law sequential detector (BSD) in the presence of
data modulation.

SEQUENTIAL DETECTORS FOR PN ACQUISITION

Sequential detectors are used to check the output of the discrete-
step serial-search correlator for the presence of a correlation signal
representing the coarse in-lock condition. Because of the large
noise levels encountered in spread-spectrum systems, this correla-
tion signal is often heavily corrupted by noise. Sequential detec-
tion employs the ratio of the a priori probabilities of the incoming
samples (at the output of the envelope detector) as a measure of the
likelihood of the samples belonging to the wanted correlation sig-
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nal plus noise (corresponding to the in-lock condition) or noise
only (corresponding 10 the out-of-lock condition). The a ratios of n
samples are multiplied to give the likelihood that the envelope
detector output is signal or noisc averaged over n samples. This
likelihood ratio is tested against two thresholds. If the ratio lies
between the thresholds, a new sample of the correlator output is
taken and the likelihood of it being signal or noise is found.
Exceeding either threshold indicates the presence or absence of the
correlation signal, respectively.

The input signal without data modulation, s(r) is represented

5(t) = A cos(@,t + W) +n() (¢))

where A is the mms signal amplitude, @, is the carrier frequency, y
is the random phase of the carrier and n (¢) is the noise which is an
independent white Gaussian process with a variance, 02 =N, 8 /2
where B is the predetection filter bandwidth which is equivaleat to
the data bandwidth and N, is the single-sided noise spectral den-
sity.

When the signal s(¢) is passed through an envelope detector,
the output of the envelope detector samples follow a Rayleigh dis-
tribution, Po(ys), for the case of noise only; and a Rician distribu-
tion, Py(y,) for the case of signal plus noise. The samples of the
envelope detector output are assumed to be sufficiently decorre-
lated by sampling at an interval > 1/B. The likelibood function is
defined as the ratio of the a priori probability distributions and is
given by:

_ POy
M) = PO @
The likelihood ratio after n samples is:
I:I Pi(n)
A= T— e)
I1 PoGw

k=l
The sequential probability ratio test (SPRT) is carried out by
comparing A, with two thresholds, an upper threshold, T, and a
lower threshold T;.
If A, 2 T, hypothesis H,(signal present) is decided and the
search is stopped.
If A, < T, hypothesis Ho(signal absent) is decided and the code
epoch is updated.
If T; < A, < T, sample A, is taken and the test is repeated for
the same relative phase between the codes.
Substituting the density functions in (3) and taking the loga-
rithm, the accumulated log-likelihood function over i samples
becomes:

v = ?(—v+ln[t.(zy,4wé)1) @
=1
where

¥ = A%n0? )
and yis the predetection SNR.

On approximating the 'In /[ ]’ by the first two terms of its
power series expansion, v; can be reduced to a simple form:

vi = Y 0ub) (6)
=1
where b is the bias of the log-likelihood function, & =N,B (1 +7)
with the symbols same as defined earlier.

EFFECT OF DATA MODULATION ON THE
CORRELATION FUNCTION

The log-likelihood function defined above does not model the loss
of correlation due to the data modulation present o the carrier.
When the data is added, the received signal with data modulation,
r(r) can be written as:

r(t) = Ad(t+ET, +LT.) c 14{T.) cos(w.t +8) +n () (7)

where d(t) and c (1) are the data and code sequences, T, is the chip
time of the PN code, T, is the data bit time which is assumed 1o be
a multiple of T,, {T, is the received code phase offset, §T, + LT, is
the received data bit phase offset assuming that the data stream
timing is synchronized to the code chip time , @, and 0 are the car-
rier frequency and random phase respectively and a (¢) is the addi-
tive white Gaussian noise with one-sided power spectral density
N,.

The code despreading is done at baseband and the correlator
signal representing a sample value on the correlator curve is:

x(t) = u cos(8) +n (1) ®8)
u = Ad@+ET, +LT.) c(+{T.) c (1 +1T,) )

where T, represents the local code phase offser. B
When x (1) is passed through the envelope detector, the pres-
ence of data in the carrier causes degradation in the output of the
correlator since the correlation across the data bit boundaries can
result in the loss of the wanted signal when the data bit polarity
changes. Normally, this data modulation distortion effect can be
reduced by using a combined output from a bank of parallel I-Q
detectors, each matched to a different pattern, which the data
sequence can assume within the correlation interval. However, the
number of such detectors could be quite high as it depends on the
number of data bits integrated and the resolution of data epoch
uncertainty. Another method is to employ square law noncoherent
combining detection in which the correlation time is partitioned
into a number of subintervals. The integration results in these
subintervals can then be combined noncoherently for detection.
Recently, such a scheme has been analyzed by Cheng [7]. Using
this method the effect of data modulation is reduced at the cost of
combining loss. Although this is not as efficient as the parallel bank
of 1-Q detectors, it does not suffer from the penalty of complexity.
In the sequential detectors simulated here, the envelope detec-
tor samples arc directly emphasized by the nonlinearity function
'In /,[ ]' and the result is accumulated for the threshold
comparisons. Therefore, the correlation interval cannot be parti-
tioned into subintervals for combining directly. However, a parallel
implementation is possible, whereby a bank of detectors each with
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its own sequential detection algorithm can be matched to a differ-
ent data pantern. In this paper, a single sequeatial detector'’s acqui-
sition performance with data modulated PN signals has been
evaluated.

COMPUTER SIMULATION OF THE
SEQUENTIAL DETECTORS

The acquisition performance of three types of sequential detector
viz., an ideal log-likelihood scquential detector, a quantized log-
likelihood sequential detector and a biased square law sequential
detector in noisc were simulated by means of 2 Monte Carlo com-
puter simulation. A pseudo-noise code sequence of leagth L = 127
and chip rate R, = 1/T, = 100Kb/s was modulated by a random
binary data sequence at a rate, 1/T, =R /L =1/LT, with random
data transitions. The channel was assumed to be the additive white
Gaussian noise (AWGN).

For the quantized log-likelihood sequential detector, shown in
figure 1, the number of quantization levels required for acceptable
performance was found to be Q= 32, (5] and consequendy in this
paper the performance of the QLD with 32 quantization levels for
data modulated PN signals has been examined. For the case of the
biased square law detcctor, the log-likelihood function was approx-
imated to the first two terms of the power series expansion and the
simplified detector’s performance was assessed. The ASN perfor-
mance and the acquisition performance of all three detectors were
determined for two bias values viz., Wald's optimum bias given by:
by = (1 +v2) and a non-optimum bias given by: b, =7.

DISCUSSION OF THE RESULTS

The acquisition performance of the sequential detectors depend
critically on the threshold settings and the bias of the log-likelihood
function, which is gencrally a function of the predetection SNR. As
a result of our simulation, the average sample number (ASN), and
the probability of detection (P,) are observed to depend more on
the lower threshold than the upper threshold whereas the probabil-
ity of false alarm (Pz,) depends more on the upper threshold. Bias
has the influence of changing all thesc variables. The signal gain
afier the envelope detection has been optimized to result in maxi-
mum probability of detection for a given probability of false alarm
and predetection SNR. Three lower threshold values T; = -5.0, -2.0,
-0.5 and an upper threshold T, = 5.0 are employed and the acquisi-
tion performance has been recorded for both the bias values b, and
bz.

The variation of the ASN with the predetection SNR has been
observed (o fall due to the increase in the bias. With the reduction
in the level of the lower threshold, a rapid fall in the ASN with the
predetection SNR has been observed [6). The ASN for various
sequential detectors with and without data is shown in figures 2 and
3 with the threshold values, T, = 5.0 and T, = -5.0. The presence of
data does not significantly degrade the ASN performance, however,
the acquisition performance is found to be affected as shown in fig-
ures 4 - 9 for each of the detectors and this is attributed to the
reduced probability of detection as a result of correlation loss due
to the data modulation.

The probability of detection and the probability of false alarm
have been observed 1o fall with the increase in the predetection
SNR for both the cases of with and without data modulation. This
causes the minimum mean acquisition time, which is a function of
the ASN, P4 and Py, 10 pass through a minimum as the predetec-
tion SNR increases. The increase in the ASN is responsible for the
initial increase in the mean acquisition time at lower predetection
SNRs whereas the reduction in P, causes the mean acquisition time
to increase after passing the optimum SNR. The optimum SNR and
the minimum mean acquisition time have been observed to change
with the bias and the figures show the performances for both bias
values.

The acquisition performance of each detector with and without
data modulation is plotted separately with T; = -5.0, -2.0, -0.5 and
T, = 5.0. In ali cases the curves are {ound to shift upwards, show-
ing the degradation in the minimum mean acquisition time due to
the loss in correlation duc to filtering and envelope detection at the
polarity changes caused by the data modulation.

The acquisition performance of the QLD closely agrees with
that of the LLD with and without data modulation. For example,
with the optimum bias the optimum SNR for the LLD and the QLD
without data modulation is around 5-7dB with the minimum mean
acquisition time ranging from 0.5-1.0sec (depending upon the
value of the lower threshold) and 4-8sec for the same range of opti-
mum SNR with data modulation. When the bias is changed, both
the LLD and the QLD show similar changes in the performance for
both with and without data modulation. The minimum mean acqui-
sition time without data has now increased o 2-5sec whereas with
data it does not show significant change. For the BSD at the opt-
mum bias without data, the optimum SNR occurs around 3-4dB
with the minimum mean acquisition time around 0.5-1.0sec. How-
ever with data, the optimum SNR reduces to between -1dB and
2dB with an increase in the minimum mean acquisition time of
approximately 10sec. The actual minimum for the BSD occurs
with a non-optimum bias around 10dB without data and around
8dB with data.

CONCLUSIONS

Three types of sequential detector have been simulated and their
acquisition performance with and without data modulation has
beea compared. The degradation in the minimum mean acquisition
time due to data modulation has been found to occur for all three
types of detector and this is due principally to a reduction in the
probability of detection, P, rather than an increase in the ASN.
Although the LLD and the QLD do not show significant changes in
the optimum design SNR, the optimum design SNR for the BSD is
found to be reduced by approximately 3dB. However, for all detec-
tors the minimum mean acquisition time is found to increase by
5-10 times depending on the lower thresholds and the biases.

The quantized log-likelihood sequential detector agrees closely
with the ideal log-likelihood sequential detector with and without
data modulation and has broader optimum SNR characteristics than
the BSD which shows a sharp increase in the mean acquisition time
with increase in the predetection SNR. The use of the QLD for the
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acquisition of PN spread-spectrum signals represents an easy to
implement digital approach with a minimum mean acquisition time
and is thus attractive for applications such as satellite communica-
tion and navigation and spread-spectrum mobile radio and data
communication networks.
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SIMULATION PERFORMANCE OF A QUANTIZED LOG-LIKELIHOOD
SEQUENTIAL DETECTOR FOR PN CODE ACQUISITION IN THE
PRESENCE OF DATA MODULATION AND DOPPLER SHIFT

K_V.Ravi and R.F.Ormondroyd

School of Electronic and Electrical Engineering
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ABSTRACT

The problem of initial acquisition of data modulated spread-spec-
trum PN codes in low SNR conditions using a variable-dwell time
serial search synchronizer controlled by a sequential detector is
addressed. The effect of carrier and code rate Doppler frequency
offsets on the acquisition characteristics of three variants of
sequential detector is assessed by means of a Monte-Carlo com-
puter simulation and their performances arc compased. The
sequential detectors examined use : a) an ideal Jog-likelihood func-
tion, b) a quantized log-likelihood function and c) a *biased square
law’ approximation to the log-likelihood function. In each case,
the optimum operating conditions giving the minimum mean acqui-
sition time have been found over the predetection SNR range from
-4dB to 10dB. It is found that high code rate Doppler shifts are
tolerated in the absence of data modulation and residual carrier
Doppler frequency offsets. However, in the presence of data modu-
lation with carrier Doppler frequency offsct of 1 kHz and code ratc
Doppler frequency offset of 100 chips/s in a code raic of 100
kchips/s, the mini mean acquisition time is degraded by 5-10
times, depending on the detector type and this requires the
predetection SNR 1o be improved by 3-5 dB.

1.0 INTRODUCTION

Acquisition of pseudo-noise code synchronization in direct-
sequence spread-spectrum systems is usually the first of a series of
synchronization procedures which are required before the ¢ -
nication link can be established. Consequently, it is vital that it is
achieved very quickly even though the channel condition may be
such that the input SNR is worse than -30dB. This is particularly
important for military communications and also for some satellite
communication links where the time for synchronization needs to
be a relatively small proportion of the available link time as in the
case of low-carth orbit satellites and satellite navigation.

It is common to acquire coarse synchronization to within half a
chip by performing a fixed-dwell scrial scarch using either active or
passive correlation. Such a technique does not take advantage of
any a priori knowledge of the noisc statistics in the channel and
conscquently these methods take as long Lo dismiss cach wrong
code epoch as 1o detect the correct code cpoch. For most of the sat-
cllite communication links, the conditions of thc channcl arc
usually well defined and it is possible to take advantage of this to
reduce the mean acquisition time of a spread-spectrum satellite link
using a sequential detector. This type of synchronizer uses a vari-
able-dwell serial search strategy in which the overall acquisition

time is determined by the likelihood that the samples of the correla-
tion between the local and wanted codes correspond to cither the
in-lock condition or the out-of-lock condition. The average number
of samples of the correlation signal which is required to dismiss a
code epoch (to a given probability) and step the relative code phase
by one cell (usually half a chip), is known as the average sample
number (ASN). The time to dismiss each wrong epoch is usually
much less than the optimum dwelltime of a fixed-dwell serial
search synchronizer, and this largely determines the mean acquisi-
tion time of the scquential detector. In this sense, the sequential
detector is optimum because it minimizes the time taken to dismiss
the wrong code epochs for a given false alarm rate and a given
probability of correctly detecting the wanted code epoch.

The performance of sequential detectors with an ideal log-like-
fihood function (LLD) and a quantized log-likelihood function
(QLD) have been analyzed by Ravi and Ormondroyd for the cases
of no data modulation [1] and with data modulation [2]. However,
for many satellite communication systems, a particular problem is
that of Doppler frequency offset, with respect to both the carrier
frequency and the clock frequency of the i ing PN codes. The
carrier Doppler frequency offset has a detrimental effect because
the IF bandwidth (and hence noise bandwidth) must be wider to
accomodate the frequency offset. The code rate Doppler offset
causes the two codes to be decorrelated, which reduces the proba-
bility of comrectly detecting the wanted code epoch and also causes
the generation of self-noise (3).

Though the code acquisition problem has attracted considerabie
altention recently, very few published analyses have considered
both data modulation and Doppler effects. Of these, Holmes [4]
has presented an approximate analysis of the performance degrada-
tion of a single-dwell serial search scheme due to Doppler offset on
the code rate, but this analysis did not include the effect of the
change in detection probability. Davisson and Flikkema ([5]
presented the performance results of a parallel acquisition scheme
using maximum likelihood detectors for signals carrying data and
affected by Doppler whilst Cheng et al [6] have considered the
cffect of code and carrier Doppler on spread spectrum acquisition
using square law non-coherent combining detection with paral-
lel/hybrid architectures.

The purpose of this paper is to examine, for the first time, the
cffect of both carrier and code Doppler on the mean acquisition
time of a sequential detector. The degradation in the mean acquisi-
tion time due to both Doppler effects in the presence and absence
of random binary data modulation will be analyzed for three types
of sequential detector. The detectors examined are: a) the ideal
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5) DS spread-spectrum signal with code Doppler frequency offset
and data modulation.

6) DS spread-spectrum signal with code and carrier Doppler fre-
quency offsets with data modulation.

These signals are represented as follow:

Signal type 1:

ry (1) = A c(1-{T.) cos(w.t +8.) + n (1) M
Signal type 2:

ra ()=Az (1) cos(wet +0,) + n (1) ®)

= ! -

A (1) =Ac (I—C' CT,) ©
Signal type 3:

ry(0)=A; (1) cos(@t) + n (1) (10)

As () =Ac [l—lC' -(T,]ws(w,: +8,) an
Signal type 4:

r4 (1) = Ad(t-&T, - LT,) c (1 LTo) cos(wct +6.) + (1) (12)
Signal type §5:

rs (€)= As (1) cos(w. + 8,) + (1) a3)
I3 T
= - —_— -7, 14
As@ =Ac| o cr,]d[l_c §T] 14)
Signal type 6:
re (1y=Ag (1) cos(w.t) + n (1) (15)
Ag() =Ac (1 - -cr,] d[;"—z.- —§T.] cos(wut +6,) (16)

The symbols used in the above equations are defined as: d(r) and
c(¢) are the data and code sequences with T, the chip time of the
PN code, T, is the data bit time which is assumed to be an integral
multiple of T, {7, is the received code phase offset, ET, + (T is
the received data bit phase offset assuming that the daa stream
timing is synchronized to the code chip time, { /T, is the received
code frequency offset, @, is the received carrier radian frequency
offset, T rep the beginning of the integration interval, o, and
0, are the carrier radian frequency and random phase, and a(r) is
the additive white Gaussian noise with one-sided power spectral
density N,.

The output of the corrclator at bascband representing a sample
value on the correlator curve is

x(1) = u(t) cos(@.)+n() an

¢ -T 1
u() =A C[l_ C CTcJ d[ - c: tTo] C[ 1 ‘tT,] (18)
where 1T, represents the local code phase offset and T represents
the local code frequency error (-t < 1).
It is this correlator signal which is envelope detected and whose
samples are directly emphasized by the nonlinearity function
'In J,[ ]’ of the sequential detector. The analytical solution of the

log-likelihood sequential detector is extremely complex and this is
the prime motivation for our computer simulation.

5.0 SYSTEM DESCRIPTION

The three types of sequential detector, were simulated by means of
a baseband Monte-Carlo computer simulation. Direct-sequence
spread-spectrum signals were simulated with a PN code length L =
127 and chip rate R, = I/T, =100 kchips/sec. These codes were
modulated by a random binary data sequence at a rate,
1T, =R /L = VLT, with random data transitions. A Doppler code
frequency offset of 100 chips/sec was impressed on the transmit PN
code clock and a residual carrier frequency offset of 1kHz was also
generated. An additive white Gaussian noise (AWGN) channel was
simulated and the composite spread-spectrum signal was used to
cxamine the acquisition performance of the sequential detectors.

All six signal structures described were generaied and the per-
formance of each detector has been obtained. For the quantized
log-likelihood sequential detector shown in figure 1, the number of
quantization levels required for acceptable performance has been
found 10 be 0=32 (1), and consequently in this paper the perfor-
mance of the QLD with 32 quantization levels, for all six signals,
has been examined. For the case of the biased square law detector,
the log-likelihood function was approximated to the first two terms
of the power series expansion and the simplified detector’s perfor-
mance was assessed. The ASN performance and the acquisition
performance of all three detectors were determined for two bias
values viz.,, the normalized Wald's optimum bias given by:
b1 =Yum (1 + Yaaf2) and a non-optimum bias given by: b3 = Vi
with Y, representing the design predetection SNR (7).

6.0 SIMULATION RESULTS AND DISCUSSION

The basic system parameters of the sequential detection system are
i) T, ii) Ty, iii) bias, b and iv) design predetection SNR, Y. The
performance parameters are i) ASN, ii) probability of detection, P,
iii) probability of false alarm, Py, and iv) total mean acquisition
time, T,.,. The sequential detector’s acquisition performance was
found to depend on the threshold seitings, the bias and the detector
type itself. From earlier simulation results [1,2] it had been found
that the variation of ASN and P, depend more on T, than on T,
whereas Py, depends more on T, and that the bias value, b, influ-
ences all these variables. The total mean acquisition time is depen-
dent on a combination of ASN, P, and Py, as shown in [1].

For the purpose of the present simulation, three lower threshold
values, T, = -5.0,-2.0,-0.5 and an upper threshold value T, = 5.0 are
employed and the acquisition performance has been obtained for
both the bias values &; and ;. An overall acquisition probability
of 0.9 is assumed. The sequential detector’s acquisition perfor-
mance for the predetection SNR range of -4dB to 10dB has been
assessed and the optimum design SNR, Y, for the given system
parameters, namely, b, T, and T; is determined. The acquisition
characteristics have been obtained using this design SNR, Y, with
vy varied about Y.

Although the ASN characteristics provide an important insight
into the detector’s dismissal behaviour of wrong code epochs, in
this paper emphasis is placed mainly on the mean acquisition time.
In the figures which follow, the mean acquisition time is plotied as
a function of the predciection SNR, Y. The six curves on cach graph
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correspond to the six signal types 1-6 as defined earlicr. Signal type
1 is used as the reference signal for the purpose of comparison. In
all the figures T, is maximum at very low Y and decreases with
increasing Y. However, as y is increased further, T, passes through
a minimum. The reasons for this are attributed to the dominance of
P4 and Py, which are dependant on Y. At a very low y both P, and
Py, are very low and it is the reduced P, that causes a high T,
whereas at a very high y both P, and Py, are very high and it is the
false alarm penalty which causes the T, to increase once again.
The best combination of P, and P, produces the minimum T,
and the v at which it occurs is the optimum Y, referred 0 as v,,..
He , With changing sy p , the ASN and the rate
at which P, and Py, vary also change. This causes a change in both
the minimum T, and the ¥,

Figures 2 and 3 show the characteristics of the LLD with bias
values b, and b,. With Wald’s optimum bias, b, , signal type 1 pro-
duces the minimum T,,. This is approximatcly 0.5scc and Y,,,
occurs at 7dB. The addition of Doppler shift and/or data modula-
tion is found to degrade both the minimum T, and the Y,,.. The
addition of code Doppler only (signal type 2), degrades T,
slightly whercas with the addition of both the Doppler frequency
offscts (signal type 3), the degradation is scvere. For signal type 2,
the minimum T, is 1.5scc with a %, at 8dB, representing a 1dB
degradation in the v,,, and a threefold increase in minimum T,.
Signal type 3 causes 3dB degradation in ¥,,, and an almost cight-
fold increase in the minimum T,. When data is added the degra-
dation is seen 10 be worse still. With the addition of data (signal
type 4), the minimum T, is increased to 2scc whercas with
Doppler shift ie., signal types 5 and 6, it is 4sec and Ssec respec-
tively. The degradation in ¥, for these signal types is more than
3dB. When the bias is changed to a non-optimum value, b, as
shown in figure 3 the degradation in the minimum T, at higher
values of vy is similar for all signal types, and the minimum T, is
around Ssec. However, the degradation in T, is quite different at
lower predection SNRs.

In figures 4 and S, the performance of the QLD is considered.
With the bias values, b; and b, the QLD has a performance which
closely matches with that of the LLD. The worst case minimum
T for this detector is also found to oocur with signal type 6 and it
is approximately 6sec for a value of ¥, at 10dB. The performance
of the BSD, which is shown in figures 6 and 7, is slightly different
from the performance of the LLD and the QLD. It has better char-
acteristics at lower y with Wald'’s optimum bias, b,. The minimum
Tocq varics from 3sec to Ssec for signal types 2-6 resulting in an
increase of 3-5 times compared to that of signal type 1. The ¥, is
close to 8dB for signal types 3-6 which amounts 1o a degradation of
2dB only compared to the performance of signal type 1. However,
for signal type 2, it is at 4dB, representing an improvement of 2dB
in the Y,,,. With the non-optimum bias b,, signal types 1 and 4
show a minimum T, at a higher y; however, the drift wowards
lower v is prominant with the rest of the signal types. The mini-
mum T, remains to be close to Ssec for signal types 3-6 and 1sec
for signal type 2. This drift in y towards lower values is expected
because the BSD has been found to be a good approximation to the
log-likelihood function at low SNRs [8].

7.0 CONCLUSIONS
The degradation due to both carrier and code Doppler frequency

offsets in the prescnce of data modulation is found to be quite sig-
nificant for all the three types of sequential detector. However, the
degradation in the performance of the QLD is similar o that of the
LLD. Both detectors show a drift of +3dB in ¥, and the minimum
mean acquisition time is found to increase by 10 times without data
modulation. With the data modulation, there is a drift of +2dB in
Yope and minimum T, increases by more than 10 times. The per-
formance of the BSD is better at lower y than cither the QLD or the
LLD, particularly at Wald's optimum bias. However, the degrada-
tion in ¥, with code and carrier Doppler frequency offsets is 3dB
and the minimum T,,, is increased by 4 times without data modula-
tion; but with data modulation, v is degraded by 3dB and the mini-
mum T, is increased by § times.

Even though degradation due to code and carrier Doppler in the
presence of data is quite significant for all the three detectors, when
only code Doppler is present the degradation seems to be tolerable.
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Figure 1. Schematic diagram of the quantized log-likelihood sequential detection PN acquisition system.
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Figure 4. Mean acquisition time vs. predetection SNR for the
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ABSTRACT

A comparative performance analysis of: a) the non-cohereat fixed-
dwell detector scrial-scarch PN code acquisition, b) the digital
matched filler and c) the non-coherent sequential detector methods
is presented using Monte-Carlo simulations to obtain the detector
characteristics. Their performance was assessed over a predetec-
tion SNR range of -4dB to 10dB for the case of no data modulation.
The critical dependance of the mean acquisition time on the system
parameters has been analyzed and the optimization of these param-
cters to obtain minimum mean acquisition time has beea achieved
for each detector.

The results show that the scquential detector, working at an
optimized design predetector SNR, performs better than both the
single-dwell detector and the matched filter at low input SNRs.
However, as the predetection SNR is increased, the matched filter
has a significantly improved performance and performs the best at
high SNRs.

1.0 INTRODUCTION

Code acquisition is a critical aspect of spread-spectrum receivers
and several code acquisition strategies, namely, serial search tech-
niques, maximum likelihood detection and sequential estimation,
have been used for this purpose. In this paper, our examination is
restricted to serial search techniques. PN code synchronization is
generally carricd out prior 10 carrier synchronization and data bit
synchronization and it is usual to use a non-coherent synchronizer
to remove the effects of data modulation and residual carrier
Doppler frequency offsets. Figure 1 shows a schematic of a typical
non-coherent serial search synchronizer using an active correlator.
The code is first comrelated with the local code, and the baseband
output gives a measure of phase synchronization between the two
codes. This output is corrupted by noise however, and it must be
further processed in the detector to improve the probability of cor-
rectly identifying whether the signal corresponds to a coarse
in-lock correlation or an out-of-lock correlation. If the later deci-
sion is made, the local code phase is advanced by one cell (usually
half a chip) and the search is continued. If the former decision is
made, the search is stopped and code synchronization is then veri-
fied by longer term correlation and a tracking loop initiated.

The acquisition performance of the system is determined by the
correlator type, the detector type and the SNR at the input to the
detector (defined here as the predetector SNR, which is related 10
the receiver input SNR via the spread-spectrum process gain).

Three acquisition systems are considered, namely: a) a non-coher-"
ent single-dwell detector, b) a maiched filter and c) a non-coherent

-sequential detector. In the fixed-dwell detector, the baseband

samples from the active correlator are simply accumulated for a
fixed time period. At the end of this period a simple threshold
detector is used to decide whether the correlator output signal cor-
responds to the coarse in-lock case or the out-of-lock case.
Because of the noise, short integration periods result in a low prob-
ability, P, of detecting the wanted (ie in-lock) signals and a high
probability of false alarm detections, P,. Long integration periods,

‘on the other hand, improve the probability of a correct decision, but

the time taken (o dismiss each code cell islonger. Consequently, at
every value of predetector SNR there is an optimum dwell-time
which results in minimum acquisition time,

In the digital matched filter, the known code sequence is stored
as the tap weights of the filler. The maiched filler combines the
action of the correlator and fixed-dwell integrator, and the output
samples from the maiched filter are fed directly to the threshold
detecior. In this case, if the signal does not exceed the threshold the
out-of-lock condition is assumed and the next sample of the incom-
ing sequence is clocked into the matched filter and a new filtered

“output sample is obtained which is checked against the threshold. If

the threshold is exceeded, coarse synchronization is declared. Due
to the cffects of noise, it is possible 10 cither miss wanted signal
samples or for false alarm synchronization decisions to be made.
Both of these events lengthen the acquisition time, as for the the
fixed-dwell system.

The fixed-dwell detector supplies samples o the threshold
detector at a relatively slow rate (typically the sequence repetition
frequency), whereas the digital matched filter provides samples at
the chip rate. It would appear, therefore, that the matched filter
should always offer faster acquisition than the fixed-dwell detector.
However, as will be shown, at low SNRs, P, can be lower and Py,
can be much higher for the matched filter than the fixed-dwell
detector and this overtumns any benefits resulting from the higher
sample rate.

Fixed-dwell systems are inefficient because they take just as
long to dismiss each of the many wrong code epochs as to obtain
the correct epoch. Serial-search techniques employing a variable-
dwell time controlled by a sequential detector can overcome this
-problem by minimizing the time taken to dismiss out-of-lock sig-
nals. The incoming and locally generated codes are actively corre-
lated, as before, and the likelihood that each correlator sample is
either the in-lock signal or an out-of-lock signal is obtained in the
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statistics of the channel. These likelihood ratios are accumulated
and the accumulator value is tested against two thresholds. The
lower threshold T, indicates that the two codes are not in-lock, and
causes the local code epoch to be incremented by one cell and the
search continued. The upper threshold T, indicates detection of the
correct code epoch. If the accumulated likelihood ratio falls
between the two threshold levels, a further correlator sample is
taken without advancing the local code epoch, and the sequential
probability ratio test repeated.

The performance of all these techniques depends critically on
many system parameters and the input SNR range of interest [1-3).
The analytical approch, using signal flow graph techniques devel-
oped in [1,2], present general expressions for mean acquisition time
and its variance. These analyses require the knowledge of the gen-
erating function of the acquisition time which depends on the tran-
sition probability distributions of the underlying discretc-time Mar-
kov process that describes the acquisition process. In many cases
however, obtaining the probability distribution of the acquisition
time in closed form is extremely difficult and a system simulation is
required (o evaluate these probability distibutions before the ana-
lytical expressions can be used. In this paper, a performance analy-
sis of the three types of detector employing a serial-search strategy
is presented by means of the Monte-Carlo simulation method. This
is used to obtain the operating characteristics of each detector and
from this the acquisition performance of cach scarch strategy has
been cvaluated analytically. Because the detector characteristics
are being found by simulation, fewer approximations have been
made than would be the case for a fully analytic solution of the
integral equations describing the detector characteristics.

2.0 DETECTOR THEORY
A. Sequential detector

In the sequential detector, the likelihood ratio, which is the ratio of
the a priori probabilities of the incoming signal sample corre-
sponding to the in-lock and the out-of-lock conditions, is accumu-
lated and compared against thresholds T; and T, to decide whether
the in-lock signal is present or absent. The test is expressed as:

do : v; 2 T, = hypothesis H\(signal present)

dy 1 v; £ T; = hypothesis Hy(signal absent) (03]

dy : Ty < v; < T, = take sample v; .y and continue
where T, <0< T, and v; is the log-likelihood ratio for i samples
given by:

ILI Pin)

k=]

fI Polyn)

k=1

v, =1In

2

P (i) and Po(y,) are the a priori probabilities corresponding to
the in-lock signal plus noise and the out-of-lock signal plus noise,
respectively. If the noise in the spread-spectrum channel is assumed
to be broadband Gaussian noise, P;(y;) has a Rician distribution
and Po(y;) has a Rayleigh distribution if the out-of-lock signal
level is assumed 10 be zero. On substituting these distributions into

(2), the log-likeiihood function becomes ;-
vi = 3 (-y+ Inll,2y2at)) 3)

k=l
Y= A @)
_where [,( ) is the modified Bessel function of the first kind and:
zerc order, ¥ is the predetection SNR, A is the rms signal amplitude,
02 =N,B2 is the variance of the Gaussian nois¢ process withN,;
-as the one sided noise spectral density and B is the predetector filter

" 1bandwidth.

The mean acquisition time of the sequential detector can be
approximately related (o the average sample number, ASN, and the
detector probabilities by:

_ (T.,+T.)P/. in (1 - Pacq)
T“’"T"[“ Tar ][ln(l-h)]

where T, is the mean dismissal time given by:
Ty =ASNIB ©)

P4 is the probability of overall acquisition (assumed (o be equal
10 0.9 in the preseat simulation), T, and T, are the false alarm veri-
fication and truncation times (cach assumed to be 50ms) and ¢ is
the total number of code cells in the uncertainty region to be

The decision probabilities P, and Py and the ASN of the
sequential detector are governed by integral equations of the form
shown below. The probability that the test ends with either decision
dy or d; satisfies the integral equation (4]:

)

PiR) = To(x,) + %o(x0) f i) dF (3 /x,) ™

where (x;} represents the sample sequence, pi(x,) represeats the
probability that the sequential test starting a¢ sample x, ends with
the decision d;, i=0,1,2, F(x;/x;_,) is the probability distribution
function governed by the transitions of the stationary Markov pro-
cess describing the samples and x;(x,) is the probability of making
one of the decisions d;.

The average sample number (ASN) also satisfies a similar inte-
gral equation {4]:

M) = Ko(x) + %, () [ mi0) dF (12, - ®

where m,(x,) is the first moment of the distribution of the test dura-
tion which is the ASN. The rest of the symbols are as defined ear-
lier. These equations are extremely difficult solve analytically for
realistic system configurations, and for this rcason the detector
characteristics have been found by simulation.

B. Digital matched filter

For a code sequence of length L, with a chip rate f. = /T, the
correlator signal consists of a train of impulses occuring at a fre-
quency L/f, corresponding to the in-lock condition. Because of
noise on the input signal, the matched filter output samples have a
random component giving rise to false alarms and missed detec-
tions of this in-lock signal. Let T, be the time interval in which a

" false alarm occuring can affect the v impulse at an instant ¢, and
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iet Py, be the probability of detecting this correlation impulse. If

P4 is the probability of detection of a correlation impulse, ng, is the .

false alarm rate of the detector with T, as the false alarm verifica-
tion time, then the mean acquisition time T, is given by [5]:

Tay = —L-{Pmiavn)r.mﬁa-hp] ®
. 2[: val wel d
where Py, and T, are given by: .
Pay=Pyexp (—naTy) (10
=min {7, (v+051LIf,) an

Using an approximate analysis based on the Gaussian assumption
of the decision statistic applicable to the low input SNRs, and
assuming a practical case where the correlator length M, satisfies
l<<M<<L for a very long code length L, the probability of
detection P, and the probability of false alarm Py, are given by:

Ps= Q(uBa) = ix expl-12(x 243, (yax) dx a2
Pp = W{-]ﬂm} 13)

where Q (v4.B.) is the Marcum Q-function with y, and B, given by

=1 , a-TpT)

Ya 2M Y 14%.G, @) 14)
Y f——

F=New s

and

Gip) = i=l1 (16)
= 2lpl+2p2 i=0

2R'2Mr 1
€ =2y ML an
where ¢ is the normalized threshold with R, as the correlator out-
Pput, ¥, is the decision SNR on a per cell basis, MT, is the correla-
tion time in seconds and p is the code phase offset. Aliemnatively,
an exact analysis of the noncoherent I-Q matched filter detector has
been derived by Polydoros and Weber (2).

C. Single-dwell detector

The mean acquisition time of the single-dwell detector can be
derived analytically using the Markov chain model of the acquisi-
tion process, and is given by the relationship:

-PY1+KPr)
Tug = ‘—ﬂ,"‘—qu as)

where Py and Py, are the detector decision probabilities and X is
the false alarm penality factor (T, = K14 sec). The envelope detec-
tor output is sampled at a rate 1/T, <B which ensures sufficiant
sample decorrelation so that the samples can be treated as indepen-
-dant identically distributed random variables. In this case the
integrator output (for a large number of samples to enable the
application of the central-limit theorem) may be assumed to have

Gaussian statistics and the detector probabilitics are given by:

Pn = Q1B 19)

Py = QIBABrN142y) @0)
where Q (x] is the Gaussian probability integral with B given by

B=-BtNBt, @

For a given Py, Py, ¥, B and normalized threshold level, n; the
dwell time T, can be determined easily. However, a basic design
problem is o choose the optimum threshold and dwell time that
can provide a minimum mean acquisition time for a given input
SNR. Since P, and Py, arc functions of the threshold, the dwell
time and y and, moreover, they are related transcendentally, in this
paper, these equations are solved numerically as a two dimensional
problem and the simulated performance is compared with these -
results.

3.0 SYSTEM DESCRIPTION

The generalized block diagram of the serial search process is
shown in figure 1. For comparison purposes, the direct-sequence
PN code was simulated as a maximal length sequence of length
L =127, chip rate f, =1/T.=100 kchips/sec. For each detector, the
correlator output samples was assumed to be corrupted with addi-
tive white Gaussian noise.

For cach set of system parameters and for each detector, at least
100 tests were carried out. In each test, the incoming code sequence
was started with a random phase and the scarch was carried out by
cxamining the correlator cutput corresponding to each code cell
and the number of correct detections, missed detections and false
alarms were recorded to obtain the detector characteristics. For the
given system parameters, these tests achieve Py to an accuracy of
1x 1072 and Py, 10 an accuracy of 1 x 107,

For the case of the sequential detector, both the ideal log-likeli-
hood function and the biascd square law approximation to the log-
likelihood function were simulated. The ASN and the acquisition -
characteristics of the two versions were obtained for two bias val--
ucs, namely, Wald's normalized optimum bias b, = y(1+y2) and a
non-optimum bias b, =y for three different threshold settings.
From the acquisition characteristics obtained over the predetector
SNR range -4dB to +10dB, corresponding (o a receiver input SNR
range of -25dB to - 11dB, the optimum design SNR to0 achicve min-
imum mean acquisition time was determined.

For the case of the serial-scarch system using a digital matched
filter, the input to the matched filter was first passed through a one-
bit A/D converter and the quantized input signal was fed to the
one-bit digital matched filter, of length equal to the code length.
The detector characteristics were obtained for a range of thresholds
and the input SNRs and the acquisition performance was computed.
The single dwell serial-scarch system was simulated for the same
input signals without a hard quantizer and the detector operating
characteristics were determined with the threshold and the dwell
time varied for different input SNRs. The mean acquisition time
was computed using the simulated values of Py and Py, and the
three dimensional acquisition characteristcs were obtained and
compared with the acquisition characteristics evaluated numeri-
cally,
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4.0 SIMULATION RESULTS
A. Sequential detector

The acquisition performance of the sequential detector depends on
the thresholds, 7, and T}, the bias, b and the predetection SNR, Y.
The total mean acquisition time is a function of ASN, Py, Py, via
(5), but all these parameters are interrelated. From the simulation
results [6,7) it was found that P, is mainly decided by T; and b
while Py, is decided by T, and b. However, in each case the other
threshold has a minor influence. In this simulation, three scts of
thresholds have been employed with T, = 5.0 and T; = -5.0, -2.0
and -0.5 and for cach set two bias valucs 6, and b are used.

Figures 2 and 3 show the variation of ASN and the T, with ¥
for various threshold levels of the ideal log-likelihood sequential
detector (LLD) and the biased square law sequential detector
(BSD). These results are obtained entircly from the simulation.
The ASN of the scquential detector increases with decreasing yand
T;. However, when biased at Wald's optimum b,, the ASN is
always better than for the non-optimum bias &,. There is an opti-
mum value of input SNR a1 which the acquisition time T, is a
minimum for both types of scquential detector. The reason is that at
low SNRs Py, and hence ASN are high (cquivalent to a long dwell-
time), whereas at higher SNRs, although the ASN is low, P, is
reduced due to a very high bias b (which is related to ¥) and this
becomes the dominant term in (5).

For the LLD, the minimum T, is always better with b, than
with b, whereas for the BSD it is better at the non-optimum bias
b,. This is due o the nature of the approximations of the BSD to
the ideal log-likelihood function, which are more applicable at low
SNRs and the non-optimum bias, b, is always lower than the opti-
mum bias, b,. The optimum yat which the minimum T, occurs is
considered as the design y denoted by 7y,,, for that set of parame-
ters. It is found (o be around 7dB for the LLD with a minimum 7,
of typically 0.5sec. For the BSD, it is around 10dB (at a noa-opti-
mum bias, b,) with a similar value for the minimum T,. At lower
input SNRs the BSD at the non-optimum bias has a better perfor-
mance than the LLD at the optimum bias.

B. Digital matched filter

The performance of the matched filter system is dependant on the
detector threshold and the receiver input SNR. The simulation has
been used 1o obain the detector characteristics, P4 and Py, over a
range of detector thresholds from 0.0 to 0.4 with the input SNR in
the range of -28dB to -10dB (cormesponding to an equivalent
predetection SNR ¥ range of -7dB to +11dB). Using these simu-
lated detector characteristics, T, has been computed using (9),
(10) and (11). The variations of the probability of detection P, and
the false alarm rate ng, with the threshold and input SNR are shown
in figures 4 and 5.

For the 1 bit digital matched filter, the probability of detecting
the wanted signal falls with input SNR, whilst the false alamm rate
is largely independent of the input SNR, (whea the SNR is suffi-
ciently low). This is due to the effects of quantization which acts
like an AGC system operating on the total input level to the
receiver. At SNRs worse than -10dB this is effectively the noise
Jevel, 5o the falsc alarm rate, which is determined almost entirely
by the noise level, remains constant. As the input SNR is reduced

however, the effective wanted signal power is reduced by AGC
action to maintain the total input power constant, and this causes
P4 to be reduced. As the input SNR is reduced, it is necessary to
reduce the threshold level in order 0 attempt 1o maintain Py. How-
ever, there is & very heavy penalty in reducing the threshold below
about 0.2 because this causes the probability of false alarm Py, and
equivalently the false alarm rate, g, 0 increase significantly, as
shown in figure 5. As for the cases of the sequental detecior and
the single-dwell system, there is a tradeoff between seaing the
threshold level low so that P, is high, with a cormespondingly high
Py, and setting the threshold high so that P, is low but with a low
Py, This is clearly illustrated in figure 6 which shows that the mean
acquisition time of the matched filter passes through a minimum as
the threshold level is varied for a wide range of receiver input
SNRs

It will be noted that the acquisition time is extremely seasitive
to the threshold value and for practical implementations this effect .
could pose many practical problems. It is also of interest 1o note
that the optimum performance of the matched filter is obtained at a
much lower probability of detection P, (always < 0.2) and at a
false alarm rate ng, which is also quite low (< 100 ). This implies
that the optimum detector always performs on the tails of the prob-
ability distributions of both signal and noise. From figure 6, it is
seen that the best case minimum mean acquisition time is close o
1% 102 sec at -10dB input SNR but this increases to about 1sec
when the input SNR is -28dB (for the design parameters consid-
ered). '

C. Single-dwell detector

The acquisition performance of the single dwell detector depends
on the threshold 0, Ty, and the predetection SNR y. A three dimen-
sional acquisition characteristic was obtained by numerical solu-
tion 10 (18) - (21) and is shown in figure 7. This shows T, as a
function of 1 and 1, for an input SNR at -15dB (comresponding to
an cquivalent predetector SNR, ¥ = 6dB). The acquisition charac-
teristics show a minimum with 1. On the low 1, side of the mini-
mum, this is ‘due (o the fall in P, with lower 1,. Although Py,
increases over the same range of 1, unless the penalty factor X is
very large, from (18) T, is reduced. At higher values of 1y, Toy
increases due to the direct effect of 14 in (18). However, as the
threshold M is decreased, P, starts increasing even at a lower values :
of 1, and the minimum T, can be reduced further. Although the
minimum value of T, can be decreased by lowering both the
and the 74, P4 and Py, start saturating, and then T, is solely
determined by the optimum value of 7. The curves also show a
barrier for lower values of t, and higher values of ) which is due to
the wanted signal always being below the threshold level which
gives 100% missed detections. The single dwell detector has also .
been simulated at a fixed value of SNR to obtain its detector char-
acteristics, rather than solving (19) - (21). The simulated detector .
characteristics are shown in figure 8 for an input SNR of -15dB."
The simulation also shows similar characteristics (for the limited
range of parameters considered) with the barrier at low t, and high

‘. The To characteristic also shows the minimum with dwell-time

which is typically 14 = 25 msec for an input SNR = -15dB. The .
minimum T, for this SNR is found to be around 0.88sec which is'
compargble to that of the matched filter in the worst case situation.
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50 COMPARISON OF ACQUISITION PERFORMANCE
AND CONCLUSIONS

From the simulated performance of the three detectors operating at
their optimum design parameters, the matched filter shows a very
good performance at the higher SNR when compared with the
single-dwell detector and the sequential detectors. However, when
the input SNR is decreased the performance of all the detectors
show a deterioration. The performance of the matched filter how-
ever, falls at a much faster rate, rendering it difficult to operate in
SNRs less than typically -25dB. The ideal log-likelihood detector
is found to work well at predetection SNRs close to the design SNR
when biased optimally. However, the biased square law detector
(BSD), shows a better low SNR performance at a non-optimum
bias. The LLD achieves a minimum close to 0.5 sec at an opti-
mum design SNR of 7dB, corresponding to a receiver input SNR of
-14dB. Though the design SNR is different for the BSD, it also
achieves minimum of the same order as the LLD. The digital
matched filter, however, needs to be optimized at an optimum
threshold q = 0.3 and the optimum threshold is quite sharp with
respect to the input SNR. The single-dwell detector needs the
dwell-lime to be optimized for better performance at higher thresh-
olds. Nevertheless, at lower thresholds the minimum is fully
determined by the dwell-time itself if the verification penalty fac-
tor, K, is small.

At a moderate input SNR of -15dB, the single dwell detector
has a minimum = 0.88sec whereas the matched filter shows an
acquisition time around 0.6sec. The sequential detector at an equiv-
alent predetection SNR (around 7dB) produces an acquisition time
of around 0.5sec. When the SNR is very poor, for example at an
input SNR = -25dB, the sequential detector, particularly the BSD,
shows the best performance.
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Figure 7a Mean acquisition time vs threshold and the dwell time of a single dwell detector with
input SNR = -15dB ; numerical results for a wide range of dwell time.

0l

Figure 7b Mean acquisition time vs threshold and the dwell time of a single dwell detector with input
SNR = -15dB ; numerical results for normal range of threshold and dwell time (corresponding to
simulation).

Figure 8 Mean acquisition time vs threshold and the dwell time of a single dwell detector with
input SNR = -15dB; simulated characteristics.
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