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Due to the inherent characteristics of the flight mission of a space launch vehicle (SLV), which is required to fly over very large
distances and have very high fault tolerances, in general, SLV tracking systems (TSs) comprise multiple heterogeneous sensors such
as radars, GPS, INS, and electrooptical targeting systems installed over widespread areas. To track an SLV without interruption and
to hand over the measurement coverage between TSs properly, the mission control system (MCS) transfers slaving data to each
TS through mission networks. When serious network delays occur, however, the slaving data from the MCS can lead to the failure
of the TS. To address this problem, in this paper, we propose multiple model-based synchronization (MMS) approaches, which
take advantage of the multiple motion models of an SLV. Cubic spline extrapolation, prediction through an «-$-y filter, and a single
model Kalman filter are presented as benchmark approaches. We demonstrate the synchronization accuracy and effectiveness of the
proposed MMS approaches using the Monte Carlo simulation with the nominal trajectory data of Korea Space Launch Vehicle-I.

1. Introduction

The range safety system (RSS) [1] for the flight mission of a
space launch vehicle (SLV) consists of multiple heterogeneous
tracking systems (TSs) with mission control systems (MCSs).
Critical launch mission details such as time-space-position
information (TSPI), launch mission status data, that is, quick
look message (QLM), and flight safety information can
be acquired from the RSS. Tracking an extensive mission
trajectory of an SLV requires widespread multiple T'Ss so that
the RSS covers the entire trajectory of the SLV flight mission.
Generally, multiple TSs are spread out over different sites and
they automatically hand over observation coverage according
to the flight of the SLV. In this circumstance, one of the most
important roles of the RSS is to distribute slaving data to each
TS for continuous tracking of the SLV. If a critical network
delay results in time delayed slaving data to be sent to the
TSs, the MCS will not receive accurate SLV tracking data.
This problem can lead to significant difficulties for the SLV
mission progress and analysis. Therefore, the motivation of

this research is to enhance slaving data accuracy by compen-
sating for possible network time delays. The basic solution to
this problem is simple (linear or nonlinear) extrapolation of
the filtered data. In this case, extrapolation methods simply
propagate the TSPI data without regard to the system dynam-
ics of the SLV. On the other hand, a Kalman filter (KF) and its
prediction capability [2, 3] can reflect the system dynamics of
the SLV, which results in better synchronization performance.
However, since a KF only utilizes a single dynamic model, in
general, the tracking performance of a KF for a maneuvering
target is inferior to multiple model estimators [4]. In addition,
due to stage separation, the flight phase of an SLV is separated
into two parts, the propelled flight phase (PFP) and the coast-
ing flight phase (CFP). Hence, the dynamic model of an SLV
can be described using multiple models so that the multiple
flight phases are properly accounted for. To adaptively select
one of the multiple dynamic models according to the flight
phase of the SLV, multiple model estimators (MME) such
as an interacting multiple model (IMM) [5] and a multiple
model adaptive estimator (MMAE) [6] could significantly



improve SLV tracking when a network delay results in delayed
slaving data transmission.

In the past several decades, considerable research has
been undertaken in the field of launch vehicle tracking based
on multiple dynamic models; researchers have shown interest
in various applications such as the tracking of reentry vehi-
cles, short-range projectiles, and sounding rockets [7-13]. A
reentry vehicle tracking problem known as highly nonlinear
dynamics was conducted using a modified IMM, with a
different algorithm cycle compared with an ordinary IMM
with multiple modes of diverse ballistic coefficients [7].
Short-range ballistic munitions or projectiles with multiple
models such as spin-stabilized and fin-stabilized models were
implemented using an IMM [8, 9]. Both research alternatives
can be applied in the impact point prediction of projectiles.
Tactical ballistic missile tracking was carried out using an
IMM estimator with three modes [10]. The first mode was
a constant axial force model for the boosting and reentry
phases. The second mode was a ballistic acceleration model
that incorporated the gravitational, Coriolis, and centripetal
forces for the exoatmospheric phase. The final mode was
a standard autocorrelated acceleration Singer’s model for
malfunction motions of missiles such as reentry tumbling. A
multiple IMM algorithm with an unbiased mixing approach
for multiple modes of thrusting or for ballistic projectiles was
presented [11, 12]. A sounding rocket with multiple modes of
propelled flight or free fall flight was tracked using a multiple
model adaptive estimation approach [14].

In this paper, multiple model-based synchronization
(MMS) approaches are proposed to synchronize the time
delayed slaving data of the RSS. The proposed approaches can
be expressed via two distinct multiple models, a nonlinear
model and a linear model. The nonlinear model considers
comprehensive factors such as thrust, gravity, drag coeffi-
cient, Mach number, and air density [10-13]. Although the
nonlinear model precisely describes the motion of the SLV,
it requires complex information concerning the SLV specifi-
cations to be collected in advance. In contrast, in the case of
the linear dynamic model, a simple constant velocity (CV) or
constant acceleration (CA) model with multiple hypotheses,
which takes advantage of Singer’s model [16, 17], can be
utilized [14]. To describe the motion of the SLV, the motion
modes of both models are separated into two parts, PFP and
CFP. We propose a slaving data synchronization approach
for the RSS based on MME so that the MCS can adaptively
find an appropriate dynamic model at an arbitrary time
index, where time delay has occurred. The performance of
slaving data synchronization is compared to various bench-
mark methods such as cubic spline extrapolation, prediction
through an «- 8-y filter, and a single model KF to demonstrate
the effectiveness of the proposed algorithm.

The remainder of the paper is organized as follows.
Section 2 presents a statement of the problem for delayed slav-
ing data in RSS. In Section 3, conventional synchronization
approaches are illustrated. In Section 4, two proposed MME-
based synchronization approaches are derived. Section 5
presents simulation settings and results; the comparison
between different types of synchronization approaches is
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depicted as an aspect of RMS error of the state vector. Finally,
in Section 6, the conclusions of this paper are presented.

2. Problem Statement for Delayed Slaving
Data in RSS

The transmission of slaving data from the MCS to multiple
TSs facilitates seamless tracking of the SLV in a sparsely
located multiple TS environment. If a data transmission delay
problem occurs, it can cause an SLV tracking failure. As
depicted in Figure 1, the antennas of TSs are pointing at the
SLV by controlling their attitude according to slaving data
from the MCS. In this situation, a slight time delay in slaving
data can give rise to large differences between the antenna
beam and the SLV due to the fast movement of the SLV. To
solve this problem, we propose MMS approaches. Hence, the
goal of this paper is to find a synchronized state XZZC at time

k+ s (where s is a known delay) based on delayed slaving data

—del
X ke ¥ at time k such that

=sync —delay

Xiees :fP(S’Xk )) X=[xy Z]T’ )

where f7 is a linear or nonlinear propagation function and

T . . .
X =[x y z] isa slaving state vector that is composed of
x-axis, y-axis, and z-axis positions but is not limited to the
position components.

3. Conventional Synchronization Approaches
for Slaving Data

3.1. Synchronization Using Cubic Spline Extrapolation [18, 19].
Let us assume a synchronized slaving state vector to be an
unknown function of the delayed slaving state vector whose
values are known only until time k. We then define a cubic
spline extrapolation function f;*(k+s), wheren = x, y,zata
specific synchronization time k + s that is extrapolated based
on the known function f, (k) that has a real value, with N + 1
points, where k, < k < ky.

We approximate f.F(k + s) as a three-order polynomial
based on the interval [k;, k;,,], wherei = 0,..., N — 1. Then
f:P(k + s) can be defined as follows:

S (k+s)
={fu k), k€ [kikipy], i=0,...
fu(k) = a, k> +b, K +¢,k+d

JN-1}, (2

where a,;, b, ;, ¢,;, and d, ; are unknown coefficients. To find
the unknown coefficients, we make the assumption that f, (k)
should be continuous in [k, ky]. Therefore, the following
equation containing unknown coefficients a,;, b,;, ¢, ;, and

d,,; is obtained:

fn,i (ki) = fn,i+1 (ki)
fr;,i (ki) = fn,,i+1 (ki)’
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FIGURE 1: Illustration of problem statement for delayed slaving data in RSS.
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On combining (2) and (3), the cubic polynomials f;*(k + s)
are reconstructed by solving the linear equations obtained.
Once we find the coefficients a,;, b, ;, ¢,;, and d,;, where
i =0,...,N -1, we can evaluate f;"(k + s), where s is an
arbitrary lead-time for future points in [x;, Xp.]-

3.2. Synchronization Using an a-f3-y Filter. When the state
estimation covariance for a time invariant system converges
under suitable conditions to a steady-state value, explicit
expressions of the steady-state covariance and filter gain
can be obtained. The resulting steady-state filters for noisy
kinematic models are known as «- 3 and «a-$-y filters [20]. In
this paper, a combined a- -y filter using both an expanding
memory polynomial filter (EMF) and a fading memory
polynomial filter (FMF) was used [21, 22]. At first, the EMF is
represented as follows:

E . E E AP
pn,k - pn,k—l + Atvn,k—l + 2 an,k—l

3(3k% +3k+2)
T k+3) (k+2)(k+1)F

E _ E E
Vn,k - Vn,k—l + Aavn,k—l

. 1 18 2k +1) oE
At (k +3) (k +2) (k+1) ™

where At is the sampling time and pi o Vfi o and af, . are
the position, velocity, and acceleration estimates of the EME,
respectively. In addition, the variance reduction factor (VRF)
[22] of the EME that is, VRFE, can be represented as

9k? + 27k + 24
VRFE = — 22727 5
k(k+1)(k-1) ©)

On the other hand, the FMF and its VRE (VRFY) can be
written as follows:

AP
F F F F 3 F
pn,k = pn,k—l + Atvn,k—l + Tan,k—l + (1 -A )sn,k’

V:,k = Vﬁ,k—l + Aavik—l + 2iAt (1-1)%(1+2) Sik,
G = Gy + ﬁ (1= & (6)
= ok Pt~ AvEy, - Aol
VRE' = (11;—)‘5 (19+241 +161% + 61° + 1),

where 0 < A < 1. Both filters are conducted in parallel but
only one of them is selected as a final estimate by comparing



the VRFs. During the early tracking phase, the EMF is
selected as the final estimate; however, at a certain time, where
VRF" is larger than VRF, FMF is selected as the final
estimate:

aﬁy aﬁy apy
fn nk— 1+K[y Hocﬁank 1]

nk -
AT -
Prik 1 At T Pri-1
Vn,k = 0 1 At Vn,k—l
Ak 00 1 L 4y k-1
o
Fpn,k—l ]
ﬁ ofly
+lAar | | H Vak-1 | |
L L G -1
At?
whereXﬁy (Prk Vik ak]T,H"‘ﬁ”z[l 0 0],

7)

VRFE > VREF —

_ ,E
Puk = Pujo

_E
Yk = Vo

_ E
an,k - an,k’

VRF' > VRFF —

F
Puk = Pnjo
_ . F
Yk = Vo
_ F
Apje = Ay

Finally, synchronization using an «-3-y filter is completed by
linear propagation using the system matrix f,, such that

A:i):rs = (an) : A“:BY' (8)

3.3. Kalman Predictor. The motion of the SLV is simply
depicted as a discretized Wiener process acceleration model
[20]:

Xk+1 :FXk+wk, (9)

where the state vector X, € R’ consists of the
position, velocity, and acceleration components along x-
axis, y-axis, and z-axis, respectively; that is, X, =

T
[xp,k Xok Xak Vpk Yvik Vak Zpk Zvik Z,x] . The system
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matrix and covariance matrix of the system noise wj are
represented as (10) and (11), respectively:

Da A
2

01 At
00 1

—fx 03 03
F=[0, f, 0;],
-03 03 fz

E [wszT] = Qb

[ AP At
20 8
W
qL:x,y,z - ? T
L 6 2 J

f n=x,y,z —

(10)

>

~
8]
1

S
8]

(1)

q. 03 03
Q= 03 qy 03
L0; 0; 4,

A radar measurement for the SLV gives the spherical coordi-
nate observations such that

Zy = h(Xg) + v

3 3
ZkE%,Vs)kEm,

[ 2 2 2 ]
ﬂxp)k Yokt 2k
12)
T 1 Yok v (
k tan™! <L> r
_ _ X
Zir=|9c | = pk %>
0 B Yok v
k tan~! P 0
2 2
ﬂxp)k + Yok

where v, ~ N(0, R,;) and Ry = diag(o?, a;, 05). Using a 3D
debiased converted measurement [23], we can transform the
original nonlinear equations (12) into their linear form as

7 = HX  + v, v € R,

Xk I 055 0443 Vik (13)
= | V| = | 0s 1 Ous | X+ | Vyk

2 Ops 1 0py Vzk

Here, v, is the converted measurement noise expressed in
terms of Cartesian coordinates; that is, v, ~ N(0, Ry.):

Rxx,k ny,k sz,k
Ry = Ryx,k Ryy,k Ryz,k . (14)

sz,k Rzy,k Rzz,k



Mathematical Problems in Engineering

Prediction or fixed-lead prediction in mean square means the
synchronization of the slaving data is the estimation of the
state at a future time k+s, where s > 0 beyond the observation
interval; that is, based on data up to an earlier time [20, 24],

Xk+s|k = E(Xk+s|k | Zy)s  Zip = {zgs.. .oz}, (15)

< . <KP
The optimal predictor or synchronized state Xy, g« = Xp, g

and its error covariance Py, = PS;M are given by the
Kalman predictor equations [2, 24]:

—~KP —~KP —~KP

Xk+s|k = Fk+s—1Xk+s—1|k == (Dk+s,ka|k’
~KP , =KF
Xk|k = Xk|k’

KP KP T
Piisk = Fros1Prrso1eFrers—1 + Qs

KP T
= Op kP Creas i
(16)

s—1
T KP » KF
+ Z®k+s,k+j+lQk+jq)k+s,k+j+1’ P = P>

j=0

®k+5,k = Fk+s—1Fk+s—2 e Fk>
Oy =1,

k>1,

—~KF . .
where Xk and PIFIIE are the KF estimate and covariance,
respectively.

4. Proposed MME-Based Synchronization
Approaches

4.1. Synchronization Using an IMM with Singer’s Linear Model.
Singer [16] described 2D manned maneuvering targets in
range-bearing coordinates. This model can be adapted to the
SLV kinematics in 3D Cartesian coordinates with multiple
flight phases:

Py P
v, | =F|v,|+Guw,
an aﬂ
o1 0
F=]00 1 |, (17)
L0 0 —«,
K
G=1|0{,
LO

where w, € R**! is a white noise process along the Cartesian
axis n = x, y,z. The parameter 8 = 1/« is the maneuver
correlation time constant, and o, is the acceleration variance
describing maneuver intensity. In a steady state,

ain = 2a02,. (18)

To describe SLV kinematics, the model must cope with cru-
cial nonzero mean acceleration maneuvers during the pro-
pelled phase. In addition, after each stage’s engine burns out,
a multiple model approach is applied to the coasting flight;
that is, one model describes PFP, whereas the other depicts
the CFP. Empirically tuned, independent probability density
functions (PDFs) represented by TUM describe the accel-
erations of the SLV in the local coordinate frame. Figure 2
shows the means and variances of the acceleration processes
of the SLV in this paper. The discrete-time model with state
transition matrix ¥, («,,, At) is as follows:

pn,k+1 pn,k
Ykl | = \Pn (“n’ At) Yk + Wy, k>
an,k+1 an,k

1 At (cant -1+ e_“"At)

1— e—anAt (19)
¥, (o, At) =e™ |0 1 —( ) ,
(xn
00 e it

kevat
W, = J VAT Gy dr,
kAt

In the case of the PFP, w, , is a nonzero mean white noise
sequence caused by the nonzero mean acceleration ,, seen
in Figure 2. A nonzero mean white noise sequence for the PFP
should be considered in the target kinematics when imple-
menting the state propagation stage in the KF. Thus, the deter-
ministic input u,,; caused by w,,, along x-axis, y-axis, and
z-axis is derived as follows:

(k+1)At "
Uy = E [wx,k] - E {LA eF[( H)At_r]wadr]»
t

e—ax[(k+1)At—r]

(k+1)At
~E J 0 w,dr ¢, (20)
kAt
0
Al/lax

Uk = o [ 1_eoxAt ] :
0
" 0

y-axis and z-axis can be derived in the same manner as shown
in (20). The maneuver excitation covariance [10], which
represents the uncertainty of the SLV kinematics model, is

Qn,k ((xn’ At)
=E {(wn,k -E [wn,k]) (wn»k -E [w”’k])T}

911 912 93
=2‘xnojn d12 92 923
d13 923 Y933

The specific components of g, ;, . . ., 435 are illustrated in [25].
In addition, the measurement matrix H; for Singer’s model
can be depicted as

(21)
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FIGURE 2: Nonzero mean acceleration PDF in the PFP model (a) along x-axis, (b) along y-axis, and (c) along z-axis. Zero mean acceleration

PDF in the CFP Model (d) along x-axis, y-axis, and z-axis.

1 0 0
zZre =Hpxpp+v, Hp=

0 0 1

where v, is measurement noise (as shown in (14)) with error
covariance.

4.1.1. IMM with Singer’s Linear Model. From (19)-(22) in
Section 4.1, we can rewrite the Markov jump linear systems,
where the ith model of the finite multiple model set I =

{m(l), e, m(M)} obeys the following equations:

_wy® (@)
Xppr = Vo Xpp W,

(23)
Zre = Hixpp+ v

where
cov (w,(j)) = Q;(j),
cov (%) = Ry,
) g (0 (a0, (a0,

v, (a2, A1),

0 03><2 1 03><2 0 03><2

s Xpp = (% Xk Xk Yk Ve Ve % %k 2k]T» (22)
Q,(f) = diag (Qx,k (ocfci), At) Q) k (ocgf), At) ,
Q. (o, At)).
(24)

Here, 0>, for the SLV can be represented by TUM as in
Figure 2. The PDFs of Figures 2(a)-2(d) are experimentally
sampled from the nominal acceleration profile of the SLV. The
superscript (i) denotes quantities pertinent to model m® in
I, and the jumps of the system mode are assumed to have
transition probabilities:

Pr{ % Im(i)} =y

My 111 ij> (25)

where m,(c’) denotes the event in which model m® matches
the system mode in effect at time k. In our application, M =
2, and m" and m®
respectively.

Finally, complete recursion of the IMM with mode
matched KF for the SLV tracking is summarized as follows:

are the propelled and coasting modes,

(i) Model-conditioned reinitialization (fori = 1,2,...,
M):
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(a) predicted mode probability: Mg,)klk—l 2 Pr{m,(j) |

()
ZLk 1} - Z] T[]nuLk 1’

(@] i
(b) mixing weight: yLk L= Pr{mkj_1 [ m,(c'),zL,k,l} =
()
2 il g 1/”L,k—1’
(c) mixing estimate and covariance:
=(1) a (@)
X jo1k1 = B [XL,k—llk—l | my ’ZL,k—l]
_ Zx jli
Lk-1lk-141k-1°
4 (26)
(@) _ (i) —(i) A( )
Pl = z [PLk k-1 1 ( XL k-11k-1 ~ XLk-1lk- 1)

j
=) A(J) jli
’ (xLl,k—llk—l X k-1lk- 1) ] M1
(ii) Model-conditioned filtering (fori = 1,2,..., M):

(a) predicted estimate and covariance:

~(i) (i) =( (i)
X k-1 = Pl Lk k-1 T Wy
(1) T )
where u; [uxk 1 Uk uzk 1] s, W =050, (27)

i) _w@® B 08 (i)
Lklk 1 \P PLk 1|k— 1‘P Qk r

(b) measurement residual: Z zL « = 2o —HiX Lx

Lklk 1
Vie>
(c) residual covariance: S(i = HLPL e IHLT - Ry,
(d) filter gain: K} = P HJ (S7)7

( ) A(i)
Lklk = L,klk—l +

(1)
- KL,kSL,kKL,k

(e) update of state and covariance: X

(1) ~(z) @) _ p@)
K} Zrie PLklk PLklkl

(iii) Mode probability update (fori = 1,2,..., M):

(a) mode likelihood: A}, = plzf | m,
ZLk 1] assume ( iz)k,o S(l))
(b) mode probabihty: ‘uL’k = ‘u(L’)klk ) (Zk/
()
(Z P‘Lk|k IAL,k)'
(iv) Combination (fori =1,2,..., M):
< _ S@ @)
XL klk = ZXL,kaL,k’
i
=)
Pl ik (28)

= Z [ Lk T (XL Kl ~ X(L)kuc) (XL Kl ~ X(L klk) ] AM(LI)k

Singer’s MMS of time delayed slaving data is completed by
propagating the combined estimate based on the current
mode’s dynamic model such that

~Sync o Sync o
X[ ksl = ch+stL klk>

SYnc _ pSync psync - psync
(Dk+sk Fk+s le+s—2 Fk >
(29)
sync _
o =1,
k>1,
where 0 ., F'™ are system matrices depending

on a flight phase mode at current time k.

4.2. Synchronization Using an IMM with a Nonlinear Ballistic
Model. For a nonlinear ballistic model, the state vector for
the propelled mode is denoted as

. . . T
=[x ¥z % y 2 & ], (30)

where &, is the drag coefficient and 7, is the thrust. Generally,
the drag coefficient varies significantly with the Mach number
regime: subsonic, transonic, and supersonic. Therefore, we
take advantage of the dynamic model considering a Mach
number-dependent multiplier [11, 12] such that

X X X 0
. T . . —~
yI=y | P WD || tg |0 *an
Z z z 1

thrust term drag term gravity term

gza)Za
t =@,

The first term on the right side of (31) represents the thrust
(m?/s) of the SLV in x, y, and z directions. Two distinct
multiple modes of a nonlinear SLV model can be separated by
the existence of thrust. In other words, the existence of thrust
signifies propelled flight mode, whereas zero thrust signifies
coasting flight mode. V' is the magnitude of the velocity v =

[x ¥ Z]T, that is, the SLV speed (m/s). The second part of
(31) is the drag term, which is related to velocity and altitude;
that is, D = —p(z)V/2, where p(z) = pye” is the air density
(kg/ m?) at an altitude z (m) and c is the air density constant
(m™1) [9]. Eisthe drag coefficient and &, is the Mach number-
dependent drag coeflicient multiplier, which is approximated
by the cubic spline curve shown in Figure 3. In this paper,
for the drag characteristics of the SLV, which are applied in
the subsequent simulation section, drag coeflicients of the
Saturn V launch vehicle [15] are used. The third part of (31) is
a gravity term. Gravity g is the standard acceleration due to
gravity at sea level, which is assumed to be constant through-
out the trajectory, with a value of 9.812 m/s*. @,, @,, and @
are assumed to be continuous time zero mean white Gaussian
noises. The drag coefficient and thrust acceleration are rep-
resented as Wiener processes with a slow variation [11, 12].
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FIGURE 3: Normalized drag coefficient [15].

We can modify the dynamic equations (30) and (31) as a
compact form such that

x = f[x]+a, (32)

where

x .
7‘72 +&,D,x,
T&

Vi

(33)
+&D,j,

z .
Tvtt +§Dz, — g_

~ —~ ~ T
Wy [wl,t Wy ¢ w3,t]

The state vector equation (33) is discretized by a second-
order Taylor expansion [26]. Then, (33) can be written as

—=(i

)

J

~(1)
where ANLk-1]k-1
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adiscretized continuous time system with white process noise
such that

2
Xep1 = X + f [x] At + Ay f [xi] ATt +a, (34

where A, is the Jacobian of (33) evaluated at x; [26] and
wy is the discretized continuous time process noise for the
sampling interval At. The corresponding covariance matrix
of the discretized process noise is

[Q19, Osx1 06y
Q=105 AfCI.z 0 >
L 0.6 O Atg,

(A AP ()
_13 _I3
_| 3 2
Q= A#? ’
_713 AtI,

where I is the 3 x 3 identity matrix and the continuous time
process noise intensities g, g;, and g, are the corresponding
power spectral densities.

The measurement matrix Hy; for the nonlinear ballistic
multiple model can be depicted as

Zyik = HaoXnek + v
. (6)
Hyp = [I; O], xypp = [% ¥k 26 %% Jx 2k & %l »

where 7, is measurement noise with error covariance
RSy_j = Elvv]], that is, (14).

An IMM algorithm for nonlinear dynamics with different
sizes of the mode state vector is summarized as follows [25]:

(v) Model-conditioned reinitialization (fori = 1,2,...,
M):

IL3

(a) predicted mode probability: P‘I(\?L,Mk—l

(i) _ (])
Pr{mk’ | znppa) = Z; TiibNL k-1
(b) mixing weight:

()
jli o a ) 6) _ 2 Tl e
g = Pr {mk—l | my ’ZNL,k—l} = ,uf\?—’ (37)
Lk-1

(c) unbiased mixing estimate and covariance:

) a [ ) ] = Z 7
XNLk-1k-1 = B [XNLeoreor |10 2npn | = . ANLk-1lk-1#NLK-12

T
2 =(1) =) a & )"
= XNLk-1]k-1> ANLk-1]k-1 — [XNL,k—llk—l’Tk—l] ,» (38)

jli

- _ (i) —(i) ~() —(i) ~() T
PNLk-1jk-1 = Z [P NLk-1jk-1 T (XNL,kfllk—l - XNL,k—llk—l) (XNL,kfllkfl - XNL,k—llk—l) ML k-1

J
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(vi) Model-conditioned filtering (fori = 1,2,..., M):

(a) predicted estimate and covariance:

z®

XNLkk-1 = NLk 1lk-1 f[ XNLk-1[k- 1]At

+A§\II)Lk 1f[ XNLk-1]k— 1]

G 0
A I (39)
6x x=§§(i>
(i) (1) (1)
Putie-1r = PNLk k=121 + Qers
(1)
Q k1 = L+ ANLk 1
(b) measurement residual: Z;?L = ALk
A@
Hyp XN k-1 ~ Vo
(¢) residual covariance: SNL K= HNLPIE;)L Kk ngL -
Rk)
: (i) () T (i) -
(d) filter gain: KI\'ILk Py Kk VHa Sy ’Lk)
(e) update of state and covariance:
(D NG () ~@
XNk = XNLkk-1 T KNLEENLe
(40)
pi  _ p) Nl
NLklk = PNLklk-1 ~ NLk NLEKNL e
(vii) Mode probability update (fori = 1,2,..., M):
(a) mode likelihood:
@@ a (@)
AN 2P [ZNLk | my ZNL,k—l]
(41)
assume 6}
= N( Zn i 05 SNLk)
Tigere 1D _ () O
(b) mode probability: ‘ul\'IL’k = g Klk-1 I'\IL,k/
()] (6))
(2 et e A p)-
(viii) Combination (fori = 1,2,..., M):
()
XNLAJk = ZXNL kIkMNL Kk
p(i) _ p®
NLklk = Z NL Kk (42)

i

(i)
HUNL K

+(x -x0 ) (& -z )T
NL,k|k NL,k|k NL,k|k NL,k|k

The nonlinear MMS of time delayed slaving data is completed
by propagating the combined estimate based on the current
mode’s estimated vector such that

XNLi+sik = Xnpik + f [iNL,klk] s+ Anpif [iNL,ka]
(43)

>

<
2

where s is a lead-time for synchronization (s = n - At). If the

SLV is in the PFP (1”1(\3 K> .”1(\?{ ) the current state estimate

includes the thrust term; that is, the state vector xy;; =
C T . .

[xc ¥k 2z % ¥ 2c & 7] . 1f the SLV is not in the PFP,

the state vector does not include the thrust term (7, = 0).

5. Simulation Results

To demonstrate the performance of the proposed synchro-
nization approaches for delayed slaving data, we simulated
the SLV tracking problem based on the nominal flight tra-
jectory of the Korea Space Launch Vehicle-I (KSLV-I). In the
simulation, the radar measurement noise intensities of (12)
are selected as 0, = 15m, 0, = 0.01deg, and gy = 0.01 deg.
The nominal flight sequence of KSLV-1 is as follows. First, the
payload fairing separates during the first stage flight at 215.4 s.
After the first stage engine shutdown at 228.7s, the upper
stage separates from the first stage and enters the CFP. The
second stage continues in the CFP until the kick motor igni-
tion at 395s, and the vehicle then enters the PFP. At the end
of kick motor combustion (452.7 s), the upper stage enters the
target orbit in CFP as in the previous separation. Finally, the
satellite is inserted into the target orbit after it separates from
the upper stage during CFP at 540s. Since delayed slaving
data from the MCS to the TSs can occur in both the PFP and
CFP, synchronization simulations are conducted at arbitrary
points of the flight phases. Figure 4 shows the synchroniza-
tion error of the delayed slaving data with respect to the
benchmark and the proposed approaches for delays of s =
0.1,0.2,..., 1s. Figures 4(a)-4(c) illustrate synchronization
errors, where delayed slaving data occurred at 155 s, which is
the first stage of PFP, and Figures 4(d)-4(f) show synchro-
nization errors, where delayed slaving data occurred at 280s,
which is the first stage of CFP. As shown in Figures 4(a)-4(c),
the extrapolation and a- 8-y filter-based approach cannot find
the proper synchronized slaving data. The synchronization
errors of these approaches exponentially increase according
to increasing delay s; in particular, the error of the extrapo-
lation approaches an out-of-figure bound (2500 m). On the
other hand, the Kalman prediction and the proposed
approaches have stable synchronization errors even if the
delay time s is larger. Furthermore, we can observe that
the errors in the synchronization approach of the Kalman
prediction are relatively larger than the proposed approaches,
especially in the PFP. As explained in the flight sequence of
KSLV-1, in general, the motion of the SLV is described by
multiple dynamics (in our case PFP and CFP) rather than
single dynamics. However, the dynamic model of the KF and
prediction capability used in this paper is the constant accel-
eration (CA) model. This means that the filter is optimized
with respect to CA motion, which is actually not occurring in
our application. This is why the performance of the Kalman
prediction-based synchronization is worse than the proposed
approaches. Nonetheless, we can see that the y-axis synchro-
nization errors shown in Figures 4(b) and 4(e) are small.
This result is observed because the y-axis motion of KSLV-
I in a local coordinate is relatively smaller than the other
axis motion, and the CA model approximately expresses this
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small motion. A single KF prediction model cannot exactly
describe the motion of both PFP and CFP, whereas the
proposed multiple model-based approaches work well. As
shown in Figure 4, regardless of the delay s, the proposed
multiple model-based approaches find synchronized position
vectors. In the comparison of synchronization performance
between linear IMM and nonlinear IMM synchronization,
the nonlinear IMM-based synchronization approach shows
the best performance, except for y-axis, where CA motion is
dominant. In addition, the difference between the proposed
multiple model-based approaches is very small as shown in
Figure 4, but the complexities of the algorithms for real-time
applications are quite dissimilar. Hence, the operator may
adaptively select one of the proposed approaches according
to on€’s environment.

6. Conclusions

In this paper, we investigated the time synchronization
approaches of delayed slaving data in the RSS for SLV track-
ing. One of the most important roles of the RSS is to distribute
slaving data to each TS for continuous tracking of the SLV. If
there is a critical network delay resulting in time delayed slav-
ing data being sent to each TS, the MCS will not receive accu-
rate SLV tracking data. This problem can give rise to signifi-
cant difficulties for the SLV mission progress and analysis. To
overcome this problem, we proposed MMS approaches which
take advantage of the multiple motion models of an SLV. The
linear IMM-based synchronization approach was developed
using Singer’s model with ternary uniform mixtures and the
nonlinear IMM-based synchronization approach was derived
from a nonlinear ballistic model with a drag coeflicient. For
verification of the proposed algorithms, SLV tracking simu-
lations using KSLV-I and the radar measurement data gen-
erated from nominal trajectory were conducted. To demon-
strate the superiority of time synchronization performance
in these simulations, we compared the proposed algorithm
with benchmark approaches for absolute error between the
nominal trajectory data and the synchronized slaving data;
the simulation results demonstrated that the proposed MMS
approaches performed competitively.
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