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Abstract: Localization with Wireless Sensor Networks (WSN)
creates new opportunities for location-based consumer
communication applications. There is a great need for cost
functions of maximum likelihood localization algorithms that are
not only accurate but also lack local minima. In this paper we
present Linear Regression based Cost Function for Localization
(LiReCoFuL), a new cost function based on regression tools that
fulfills these requirements. With empirical test results on a real-
life test bed, we show that our cost function outperforms the
accuracy of a minimum mean square error cost function.
Furthermore we show that LiReCoFuL is as accurate as relative
location estimation error cost functions and has very few local
extremes.

1. INTRODUCTION

Researchers have already been investing a lot of effort in
localization-aware applications [1]. Within the DEUS-project
[2], we already implemented a next generation network and
service by the use of T-mote Sky modules in an elderly
surveillance localization system. In this paper, we push the
limits further.

Modern widely accepted methods use statistics, like
Bayesian estimators [3, 4, 5] and maximum likelihood
estimation [6], to improve the accuracy of the position. In
previous work [7], we presented Linear Regression based
Fast Localization Algorithm (LiReFLoA). This is an
automated method to optimize and calibrate the experimental
data before offering them to our positioning tool. This tool is
based on elimination and controlling distance circles. In this
paper, we use the same selection and calibration method,
present a new maximum likelihood cost function and compare
it with cost functions that are more traditional, like Minimum
Mean Square Error function (MMSE) [8], Relative Location
Estimation (RLE) [9] and Reduced Biased Relative Location
Estimation (RBRLE) [9].

This paper is organized as follows: In section 2 related
work is described. The used equipment can be found in
section 3. Section 4 presents LiReCoFuL. In section 5 test
results are presented and LiReCoFul is compared with other
cost functions. Finally, in section 6 conclusions are drawn.

2. RELATED WORK

Both the Bayesian algorithm and the Maximum LikeliHood
(MLH) algorithm are widely accepted as localization tools in
WSN. In this paper, we concentrate on MLH. The starting
point of a MLH algorithm is a cost function. Several cost
functions exist: the simplest and widely used cost function is
the Minimum Mean Square Error function (MMSE) [8]:
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where d;; is the Euclidean distance between a point j and an
anchor i. (please recall that an anchor is a node knowing its
own position). Furthermore ~ denotes the estimate, i.e. (X, ¥)
is the estimated (the most likely) position, and d;; is the
estimated distance between point j in the x-y plane and
anchor i. Although we estimate this distance with the
Received Signal Strength Indicator (RSSI)-values of the radio
chip and the propagation constants, the lognormal
relationship between RSSI and distance is not a prior
assumption.
Thus, this cost function means that the most likely position is
a point in the x-y plane where the sum of squared position
errors between estimated and Fuclidean distances to the
anchors is minimal.

Equation (1) does not take into account that the underlying
physics dictates the relationship between the RSSI and the
distance to be semi-logarithmic [10]. Therefore Patwari et al.
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start with this assumption and propose the Relative Location
Estimation (RLE) cost function [9]:
q2
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where In stands for the natural logarithmic function. This cost
function implies that the most likely position is a point in the
x-y plane where the sum of squared logarithms of the squared
quotient of the Euclidean and estimated distance is minimal.
Since this cost function is biased (this means that the mean
of the estimated position does not equal the Euclidean
distance), the same authors suggest a better cost function with

reduced bias (RBRLE)
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where C is calculated with the propagation parameters and the
standard deviation on the RSSI. This standard deviation is
estimated with the Cramer-Rao lower bound (CRLB). The
authors of [9] notice that C = 1.2 for typical channels.
Therefore, we use this value in this paper.

In section 4 we will suggest a new cost function, based on
linear regression and probabilities around a point on the
regression line. In the next section, our test environment is
described.

3. USED EQUIPMENT

The Interdisciplinary Institute for Broadband Technology
(IBBT) iLab.t Wireless Lab or W-iLab.t test bed is used in

our experiment. More about this test bed can be found in
[11]. Only the second floor is used in this paper. On figure 1,
this floor is shown with the position of the 51 active nodes.
The floor is rectangular shaped, but in the center of the floor,
there are also outside walls, almost cutting the floor in two
smaller rectangles. In this paper, we use not only the same
selection method of best anchors but also the same calibration
method as in our previous work [7, 12]. We swap the RSSI-
and (logarithmic) distance axes, perform a linear regression
and use regression properties to obtain the “well-behaving”
and calibrated anchors. These anchors are marked with a red
circle in figure 1.

4. OUR COST FUNCTION

The RSSI-distance plane in figure 2 presents the
measurements for a well-behaving anchor with the regression
line. This line reduces the mean squared errors, thus the
measurements are close to this regression line. A point further
away from this line will therefore result in a lower probability
of occurrence. The distance probability distribution is shown
for three different values of the RSSI in the third dimension
of this plot, according to the basics of the linear regression
technique [13]. This is also valid for other RSSI-values and
thus a kind of “tunnel” is formed around this regression line.
An assumption of linear regression theory is that the y-
coordinate values are normally distributed with the same
standard deviation. Therefore the width of the tunnel remains
constant for a specific regression line. Having defined an
error on distance [7] we were the first to assume a normal
distribution on the (logarithmic) distance. Many other
authors, including [9], assumed a normal distribution on the
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Figure 1: Position of nodes on the second floor of the IBBT
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RSSI. Since the variables are linearly correlated, both
assumptions are equivalent. Our approach however is more
direct, since it outputs distances rather than RSSI’s.
Consequently, (4) is a normal distribution with zero means
and the (unknown) standard deviation. Dividing (4) by this
standard deviation results in a standard normal distribution.

di:j
1) ~N©.0) ()

log,o(

For each anchor, the exact standard deviation was estimated
by the measurements using the regression technique. Formula
(4) divided by the standard (logarithmic distance) error (or
half the error on distance [7]) converts the standard normal
distribution to a t-distribution [13].
The most likely location is now found by maximizing our cost
function:

ds j
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where tpdf(t,n) denotes the Student’s T probability
distribution function with n degrees of freedom at the t-value
of t [13]. The anchor dependent degrees of freedom n(i) can
also be obtained by linear regression: for each sending
anchor, it equals the number of receivers where the RSSI is
above the noise floor minus two. Indeed two degrees of
freedom are lost: one for calculating the mean and one for
calculating the standard deviation [13].

When the Euclidean distance of a point in the x-y plane to a
particular target equals the estimated distance, the t-value is
zero and the t-distribution peaks. This is the case for all
anchors. Assuming that the anchors are independent, the
overall probability is found by multiplying the probabilities of
the individual anchors. Therefore multiplication needs to be
done for all points that are anchors and the cost function
needs to be maximized.

Mostly the conjugate gradient algorithm is used to find the
extremes of the cost functions (1-3), (5) [14]. A drawback of
this method is that it does not always converge to the wanted
extreme of the function, or that it converges to a local

extreme [15]. Some authors [16] therefore use this algorithm
in combination with another coarse positioning algorithm. In
this paper we put a grid on our building and calculate the cost
function for each grid point. This algorithm is “safer” since it
always finds the true extreme and allows easy visualization.

5. RESULTS

In this section, the test results of the different cost functions
are compared. The first subsection starts with the comparison
of the plots of the cost functions and a second follows with a
cumulative distribution plot of the position error.

5.1 Graphical comparison of the cost functions.

Figure 3 plots the cost functions (1), (2), (3) and (5) on a
0.25 m grid (for the same central target) respectively. In
figure 1 this target is marked with a green square. This target
is chosen randomly. Other targets have similar graphs.

For RBRLE, a C-value of 1.2 is chosen. Please recall from

section 2, that MMSE, RLE and RBRLE need to be
minimized.
For this central target, the Euclidean distances to the
extremities of the building are large in the cost function (1).
This results in the shape of the upper left MMSE graph in
figure 3.

Figure 3: Comparison of the different cost functions for a
central target

Near an anchor the denominator of the In-argument of both
(2) an (3) is very small. When this point is not the target, the
nominator of the In-argument is not small. This results in
peaks of these cost functions at the anchor locations, forcing



the estimated position to the lower values in both the upper
right-hand side RLE- and lower left RBRLE graphs of figure
3. A large value of the C-value will increase these peaks more
pronouncedly.

Our cost function for the target can be found in the lower
right corner of figure 3. Please recall from section 4 our cost
function needs to be maximized. It has a large gradient
around the maximum. It has less local maxima than other cost
functions have local minima. This eases a real-time
positioning algorithm based on the conjugate gradient
method.

5.2 Cumulative distribution plots of the position error.

Our software now calculates the position of each of the 51
active nodes for the different algorithms and compares the
results with the exact positions. In figure 4, a cumulative
distribution plot (cdfplot) of the position error is given for the
different cost functions. The Euclidean distance between the
exact and the calculated position presents one position error
point in this cdfplot.

The MMSE cost function gives the worst results. It has a
median of 4.86 m. This can be explained by the fact that the
1
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Figure 4: Cdfplot of the position error for the different cost
functions on the second floor

model does not take into account the lognormal relation of the
distance and the RSSI. The other medians are 3.23 m, 4.01 m
and 3.23 m for the RLE, RBRLE and our cost function
respectively.

It can be shown that the frequency distribution of the position
error is not a normal distribution. Therefore nonparametric
test are performed. A Friedman test [17] rejects the null
hypothesis that the error distributions are the same for all cost
functions. The p-value (defined as the probability that the test
statistic is equal to or more extreme than the one observed
under the null hypothesis [17]) equals 0.003 or 0.3%.

Next, 6 Wilcoxon tests [17] are done, pair wise comparing
the position error of the cost functions. E.g. a first test
compares the position error for MMSE and LRE (for the

same target), a second MMSE and RBLRE, .... These tests
confirm that RLE, RBRLE and our cost function result in
lower position errors than MMSE. 1-tailed p-values are less
than 0.05%, 2.9% and 0.05% respectively. The tests further
fail to prove a difference between the position error of our
cost function and both RLE and RBRLE.

This subsection thus shows that the position errors of
LiReCoFulL. are comparable with those of (RB)RLE and
definitely better than those of MMSE.

5.3 Execution times.

Very fast execution times are needed for real-time
localization. At the starting point of this algorithm
comparison, anchors are already selected and calibrated.
Therefore those execution times are not treated here. At this
stage, a RSSI matrix and a distance matrix are already
calculated in Matlab. The RSSI(i,j) matrix consists of
averaged RSSI elements reported from receiver j with
sending node i. The distance matrix contains elements with
the (known) distance between receiver j and sending node i.
First, the gridpoints are calculated. In our 0.25m gridded
building this results in a matrix of 26000 rows and two
columns (one for the longitudinal and one for the lateral
coordinate). A denser grid will result in larger execution
times. Now, the position errors are calculated for each
algorithm. On our Dell Latitude D830 position server
equipped with Matlab, the average time for calculating one of
the 51 positions took 27, 45, 45 and 240 ms for the MMSE,
RLE, RBRLE and LiReCoFuL algorithm respectively.
Implementing the t-distribution formula [18]:

tpdf(t,n) = (111])_'21%(1 + %)_("51) (6)

instead of using the tpdf build-in Matlab function will speed
up our algorithm, when the n(i) value does not vary between
anchors (n(i)=n).

Please note that (6) is differentiable. This eases the
implemention of (5) in a conjugate gradient algorithm. We
keep this as future work.

5.4 The cost function with different scenarios.

A similar test was done on the third floor of the IBBT
building. The cdfplots can be found in figure 5. The medians
of the position errors are 7.05, 4.19, 4.83 and 4.01 m for
MMSE, RLE, RBRLE and LiReCoFuL respectively. This
confirms the findings of Section 5.2. Furthermore, the
presence of longer corridors results in higher constructive
multipath fading and thus in somewhat higher medians for all
algorithms.



1 T T T I I ) — |

0.9+
0.8
0.7
0.6

Foo
05~

MMSE
—RLE
—RBRLE

04- —— LiReCoFuL

0.3

0.2

0.1

0 | | | 1
0 5 10 15 20 25 30
position error (m)

Figure 5: Cdfplot of the position errors for the different cost
functions on the third floor

6. CONCLUSION

This paper presents a new cost function for localization
algorithms using maximum likelihood. Our empirical tests
show that the position errors are better than with a minimum
mean square error cost function and equally well as with a
relative location estimation cost function. The grid approach
in this paper reveals that LiReCoFuL has less local maxima
than the RLE and RBRLE cost functions have local minima.

REFERENCES

[1] M. Hazas, J. Scott, J. Krumm, "Location-Aware
Computing Comes of Age," Computer, Volume 37, no.
2, Pages 95-97, February 2004.

[2] DEUS, [Online],
http://www.ibbt.be/en/projects/overview-
projects/p/detail/deus

[3] D. Madigan, E. Elnahrawy, R. P. Martin, W.-H. Ju, P.
Krishnan and A. S. Krishnakumar, “Bayesian Indoor
Positioning Systems,” in Proceedings of IEEE Infocom,
Miami, FL, March 2005.

[4] G. Chandrasekaran, M. A. Ergin, J. Yang, S. Liu,Y.
Chen, M. Gruteser and R. P. Martin “Empirical
Evaluation of the Limits on Localization Using Signal
Strength,” in Proceedings of 6th Annual IEEE
Communications Society Conference on Sensor, Mesh
and Ad Hoc Communications and Networks
(SECON'09), Pages 333-341, Rome, Italy, June 2009.

[5] M. Nicoli, C. Morelli, V. Rampa and U. Spagnolini,
“HMM-based Tracking of Moving Terminals in Dense
Multipath Indoor Environments,” in Proceedings of
EURASIP European Signal Processing Conference
(EUSIPCO’05), Antaya, Turkey, September 2005.

[6] T. Roos, P. Myllymaki and H. Tirri, “A Statistical
Modeling Approach to Location Estimation,” IEEE
Transactions on Mobile Computing,
Volume 1, Issue 1, Pages 59- 69, January - March 2002.

Available:

[7] F. Vanheel, J. Verhaevert, E. Laermans, I. Moerman and
P. Demeester, “Automated Linear Regression Tools
Improve RSSI WSN Localization in Multipath Indoor
Environment,” EURASIP Journal on Wireless
Communications and Networking 2011, 2011:38, Special
Issue: Localization in Mobile Wireless and Sensor
Networks, July 2011.

[8] Y. M. Kwon, K. Mechitov, S. Sundresh, W. Kim, and G.
Agha, “Resilient Localization for Sensor Networks in
Outdoor Environments,” in Proceedings of 25th IEEE
International Conference on Distributed Computing
Systems (ICDCS’05), Pages 643—652, Columbus, OH,
USA, June 2005.

[9] N. Patwari, A. O. Hero, M. Perkins, N. S. Correal, and R.
J. O'Dea, "Relative Location Estimation in Wireless
Sensor Networks," IEEE Transactions on Signal
Processing, Volume 51, Pages 2137-2148, 2003.

[10]C. Chang and W. Liao, “Revisiting Relative Location
Estimation in Wireless Sensor Networks,” in Proceedings
of International Conference on Communication
(ICC’09), Dresden, Germany, Pages 42-46, June 2009.

[11]L. Tytgat, B. Jooris, P. De Mil, B. Latr¢, I. Moerman and
P. Demeester, "Demo Abstract: WilLab, a Real-life
Wireless Sensor Testbed with Environment Emulation,"
in European Conference on Wireless Sensor Networks,
EWSN adjunct poster proceedings (EWSN), Cork,
Ireland, 11-13 February 2009.

[12]F. Vanheel, J. Verhaevert and I. Moerman, "Study on
Calculating 2D Location using WSN in Multipath
Environment," University of Ghent Faculty of
Engineering Sciences PhD Symposium, Ghent, Belgium,
Pages 122-123, 9 December 2009.

[13]J. Neter, W. Wasserman and M. Kutner, “Applied Linear
Statistical Models,” Fifth Edition, MacGraw Hill, New
York, 2005, ISBN-10: 0072386886.

[14]J. L. Nazareth, “Conjugate-gradient Methods,” Wiley
Interdisciplinary Reviews: Computational Statistics,
Volume 1, Pages 348-353, 2009.

[15]S. M. Kay, “Fundamentals of Statistic Signal Processing,
Volume 1: Estimation Theory,” Prentice-Hall., Upper
Saddle River, NJ, 1993.

[16]Y. Zhao, L. Dong, J. Wang, B. Hu and Y. Fu; ,
"Implementing Indoor Positioning System via ZigBee
Devices," in Proceedings 42nd Asilomar Conference on
Signals, Systems and Computers, 2008, Pages 1867-
1871, Pacific Grove, CA, 26-29 Oct. 2008.

[17]1]. J. Higgens, “Introduction to Modern Nonparametric
Statistics,” Duxbury Press, Belmont, CA, 2004, ISBN-
10: 0534387756.

[18]“Reference Data for Radio Engineers,” Sixth Edition,
Howard W. Sams, Indianapolis, 1975, ISBN-
10:0672212188.


http://webserver8.intec.ugent.be/index.php/frontpage_author?person=264
http://webserver8.intec.ugent.be/index.php/frontpage_author?person=165
http://webserver8.intec.ugent.be/index.php/frontpage_author?person=147
http://webserver8.intec.ugent.be/index.php/frontpage_author?person=137
http://webserver8.intec.ugent.be/index.php/frontpage_author?person=186
http://webserver8.intec.ugent.be/index.php/frontpage_author?person=177

