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Abstract— The variable-structure multiple model particle fi- the same idea of the variable structure interacting maeltipl
tering approach for state estimation of road-constrained targés model estimator, a variable structure multiple model phati
is addressed. The multiple models are designed to accountyier was proposed for ground target tracking[1]. Simuati
for target maneuvers including “move-stop-move” and motion . N
ambiguity at an intersection; the time-varying active model results showed that the particle filtering based approash ha
sets are adaptively selected based on target state and locallemarkably better error performance. The reasons for the
terrain condition. The hybrid state space is partitioned into superiority of this particle filtering based approach, atedo
the mode subspace and the target subspace. The mode state isn Ref. [1], is that with particles or random samples the
estimated based on random sampling; the target state as well as i |ation-based particle filter is able to incorporate enor

the relevant likelihood function associated with a mode sample te d . del d estimat G . di
sequence is approximated as Gaussian distribution, of which the accurate dynamics models and estimaté non-L;aussian dis-

conditional mean and covariance are deterministically computed tributions (e.g., at an intersection) more accurately ttren
using nonlinear Kalman filtering. The importance function for the  Kalman-filtering-based interacting multiple model estiona

sampling of the mode state approximates the optimal importance The superiority of multiple model particle filter over the
function under the same Gaussian assumption of the target state interacting multiple model estimator within the fixed sture
multiple model framework was demonstrated in Ref. [7].
Multiple model estimation falls into the category of non-
linear filtering even if every single model is a linear system
ANotabIe characteristic of ground target tracking is thatith Gaussian noise. A sufficient statistic of the hybridtesta
prior nonstandard information such as target speed catistribution with a fixed dimension is thus impossible. More
straints, road networks, and so forth can be exploited in tbeer, the complexity of the optimal multiple model estimato
tracker to reduce the uncertainty of target motion and pi®@viincreases exponentially with time[1]. Both the interagtin
better estimates of the target state[1]. A tracker thatigsior multiple model estimator and the particle filter are subop-
is unable to make use of this additional source of infornmatigimal nonlinear filtering algorithms that maintain congtan
can only attain limited performance. In the cases of lowakgn complexity and computational expense. The former maistain
to-noise ratio, the incorporation of such constraint infation a constant number (i.e., the number of models) of Kalman
is essential to successful tracking. filters while the latter maintains a constant number of (tlostm
Multiple model estimation is widely used in the trackindikely) particle trajectories. Such sub-optimality is witable
community to tackle motion uncertainty. The interactinglimufor practical purposes.
tiple model estimator[2] is one of the best known multiple One of the major concerns of the application of particle
model estimators. Recent applications of multiple modé# esfiltering to target tracking is its efficiency and computatb
mators to ground target tracking were presented in Ref. [Hxpense. The convergence rate of ideal Monte Carlo sampling
[3], [4], [5], [6]. Kirubarajan and Bar-Shalom noted thais only of the order ofO(1/4/N), where N is the number
for ground target tracking a multiple model estimator witlof particles[7]. In particular, the bootstrap filter[1],][ésed
fixed structure has to consist of a large number of models, multiple model target tracking is simple to implement but
owing to the many possible motion modes and various ro&lalso known for its inefficiency. A large number of partile
constraints[3]. It is not only computationally undesimliiut and therefore high computational expense are usually nedjui
also potentially results in highly degraded estimates (dube in order to attain certain accuracy and robustness. The main
excessive “competition” among the many models). In order tibjective of this paper is to derive an efficient particleefittor
overcome this problem, they proposed an adaptive or variabtoad-constrained targets. The basic idea is to reduce thé&ewh
structure interacting multiple model estimator for grotadjet sampling space of the multiple model system to the mode
tracking[3]. The basic idea is that the active model setegarisubspace by marginalization over the target subspace and
in an adaptive manner and thus only a small number of actighoose better importance function for mode state sampling.
models are needed to be maintained at each time. Followihige theoretical foundation of optimal particle filtering fdeal

I. INTRODUCTION



jump Markov linear Gaussian systems is given in Ref. [8], [9is derived and compared with the bootstrap filter within the
Of particular interest in the theory is that when the muétiplvariable structure multiple model framework.
model system is a jump Markov linear Gaussian system, the
target state conditioned on a mode sample sequence isyexactl
Gaussian and therefore can be analytically determinecyusify. Target Dynamics Model
Kalman filtering; the mode state is the only part that needs toln road-constrained target tracking, knowledge of the road
be estimated using particle filtering; because the mode &at network, for example, in terms of the endpoint positions and
of finite discrete values, the optimal importance function f directions of the road segments, is assumed to be available t
the mode state can be used. the tracker. The road information incorporated in the dyicam
For our application the linear Gaussian assumption of eagtodels imposes constraints on feasible moving directidns o
single model only approximately holds due to the nonline@an-road targets and thus greatly reduces motion unceytaint
observation models. Hence, the sub-optimality of the pgedo  The road-constrained target is modeled as a point mass
particle filter also results from the Gaussian approxinmtianoving in a road-network on the horizontal plane. Its accel-
about the target state and the relevant likelihood functigration is modeled as a stochastic process. A natural local
associated with each mode sample sequence. This partifégomposition of the road-constrained target motion is the
filter is a combination of sampling approximation and arialytmotion along the road and that perpendicular to the road,
approximation and may outperform the particle filters solelith the dominant motion being the former. The target motion
based on sampling approximation when the Gaussian approk- a road segment is best described in the local Cartesian
imation holds to a satisfactory degree. Were the Gaussiesordinate system fixed to the road segment. The origin
approximation of the target state severely violated, a rgere  (reference point) of the coordinate system is chosen as an
eral framework purely based on sampling approximation[1@hdpoint of the segment, while the x- and y-axes are aligned
would be desired. An analogous particle filter with similaalong and perpendicular to the road direction, respegtivel
algorithmic structure and Gaussian approximation was suerms of local coordinates” and y”, the continuous-time
cessfully applied in a very different context of multipledat linear Gaussian target dynamics are described by
data association[11]. As an aside, we note that when applied

Il. DYNAMICS AND OBSERVATION MODELS

to nonlinear models, the interacting multiple model estona Z(t) = wy (t) 1)
makes the same Gaussian approximation about the targgg
states. Furthermore, it approximates a Gaussian mixtuite wi G (1) + 2wn g™ () + W2yt (1) = w;‘(t) 2)

a single Gaussian distribution in the merging step. ] ] ]
The ground moving target indicator (GMTI) radar cai'here ¢ is the damping factor and, is the frequency.
provide detections on moving ground targets over a lard&1€y are tuned to guarantee strictly stable off-road dynami
region and has become an extremely useful sensor for shich is preferred for tight control of”. The process noise
veillance of ground targets[1]. A special problem with GMTHE ~ N (wy; 0,05 ) andwy ~ N (wy; 0, Ufuy) are Gaussian
tracking of ground targets is that when a target's radiadeigy @nd white. The notationV'(z; 2, 0%) refers to a Gaussian
(a|ong the line of S|ght from the Sensor) falls below thglstrlbutlon of z with mean # and variances?. Note that
minimum detectable velocity, the target cannot be detectéifferent second-order models are used for the two orthalgon
by the sensor[4]. Thus, an evasive target can use the sedcaffirections. In a more general setting, the models may even be
“move-stop-move” strategy, in which it deliberately stops of different orders. Higher order models fof may be used,
moves at a very low speed for some time before acceleratii®j €xample, when the target is deemed highly maneuverable.
again, to avoid detection by the sensor. The inference @ the other hand, reduced order modelsyibrmay be used,
target stop from the event of lack of detection is not trividor €xample, when the off-road motion is considered much
and can at best be done in a probabilistic manner becalfgs significant or the observation accuracy is modest. én th
multiple causes may account for the same lack of detectidiiting case, simply setting” = 0 for all the time would be
For example, in addition to target stop, the target may ndgfficient.
be detected due to the less-than-one probability of detecti Now suppose the present local coordinate frame is fixed on
Under the assumption of confirmed tracks, Ref. [4] developéddirected road segmerit3, then the target is said to remain
a simple but effective strategy to tracking the move-stapven on the road segment if < 2 < |AB|; it is said to leave the
maneuver by augmenting the mode set with a stopped targegment via the endpoint if xl < 0 and via the endpoinB
model. More complex strategy involving data associatios wi = > |AB|. When the target leaves the road segment, the
presented in Ref. [6]. Based on the assumption that theatorreew segment or segments (whdror B is an intersection) it
data association is known, we develop a strategy similar enters is determined by examining the adjoining segment or
Ref. [4] but in the context of particle filtering. segments. After a new road segment is determined, the local
The organization of the paper proceeds as follows. Firsiordinate system switches to the new segment. Subﬂa}quentl
the dynamics and observation models for road-constraint new coordinater” is adjusted to|z’| or 2l — |AB],
target are presented. Then the particle filtering theoryuimp  depending whether the target leaves the previous segment vi
Markov systems is reviewed. Finally, an efficient particlefi A or via B. (The adjustment of” may be repeated if more




than one road segment is passed, which is the case thatBheObservation Models

road segments in the database are of small length or highrpe gpservations are assumed to be obtained from a GMTI
resolution.) For. sake of simplicity~ is assumed to remain ¢onsor with known positions$. More importantly, the data
unchanged during the change of segment. association problem is assumed to have been solved cgrrectl

Under the approximation that the process noise is pieCewigg that only the valid tracks are processed. The observation
constant over a sampling interval the “equivalent” discrete- model of a detected target is given by[1]

time dynamics model is obtained, given by

Lo . yr = h(x}) + vy, (11)
xy =0 xp_ + Grwyy ©) Ok (z3)* + (y3.)?
- h(x,) = |0 | = [ATAN2 (1, 73) (12)
with pk T 5 Y Y
1 0 T 0 T2/2 0 Vs
ol — 0 ¢22 0 o G — 0 g @ wherex) = x;, — [(p?)” 01><2]T is the relative position
o 0 1 o[ T 0 from the sensor to the target, apg, 65, andp;, denote range,
0 ¢g2 0 opyq 0 gao azimuth, and Doppler, respectively. The function ATANZ2 is
the four-quadrant arc tangent function. For sake of sintplic
Xﬁ - [(pg)T (Vé)T]T — [Iﬁ llzf I% y'ﬂT’ and the observation noise is assumed to be Gaussian and white:

T N o -
N [wﬁk wﬁk] . The constantss, dos, daz, das, gog,  UF N (v; 0341, R). For the above model, the likelihood

and g4» are functions ot andw,. When¢ = w,, = 0, that is, function p(yx|xx) = p(yklx}) = N(yr;h(x}), R). More

the same model is used for the motions of the two orthogo@mplex likelihood function can be calculated based on this
directions. the matrices become The event of no detection can be regarded as a general

observation in the sense that the mode of the target can

1 0 T 0 T%/2 0 be inferred in a probabilistic manner even if the target is
I 01 0 T L 0 T2%/2 not detected. The likelihood functions associated with the
" = 00 1 0 G = T 0 ®) detection event are summarized as follows
000 1 0 T Pr(detectefstopped = 0
The knowledge about the position and velocity of the target Pr(detectexﬂnovmg normally = Pp

with respect to a predefined global coordinate system iseteed ~ Pr(undetectefinoving normally = 1 — Pp (13)

as well. To convert the local representatiotfs to the global Pr(undetectef$topped = 1

representations;,, defined byx; = [, vi]”, the following Pr(undetectefinoving perpendicular to LOS= 1

relations are used: Pr(undetectefhidden from the senspe 1

pr — Py = C(¢)py andvy = C(y)vi (6) where LOS stands for “line of sight.”

_ _ Of most interest is to infer from “no detections” whether
where p{ is the known global coordinates of the referencghe target is stopped. Under our assumptions the targebtann
endpoint of the chosen road segment afii)) is a two be stopped if detected by the sensor. When lack of detection is

dimensional rotation matrix defined by observed for a number of consecutive sampling intervals, it
. is very unlikely that the target is in “normal” motion becaus
Clw) = |Co8¥  —siny 7y (1 — Pp)", the probability of a “normally’ moving target
(¥) : (7) . o )
sing cosy not being detected fon consecutive intervals, is very small

assumingPp is close to one). In other words, the lack of

with ¢ being the angle from the x-axis of the global Coordina_t%etection is unlikely due taP, < 1. If the “singular’ case

system_ to _the road direction. The resulting global dynamlft:ﬁat the target is moving perpendicular to the line of sight
model is given by from the target to the sensor or the target is hidden from the
sensor, for example, it enters a tunnel, can be successfully
excluded based on target state estimates, we will be able
to assert that the target is very likely to be stopped. The
first singular case can be easily eliminated if more than one
o C(W) Ooxa] oz [CT(W)  Oaxo © GMTI sensor or other sensors are avaﬂable. In pracnce, the
= 1o C(v) 0 cT () probability of the occurrence of this case is not high beeaus
2X2 2X2 .
of the motion of the GMTI sensor. When the target enters a
o long tunnel, however, there is no way to predict whether it
a_ |CW) Ol o o | Px o) Wwill be stopped or keep moving on. (In the worst case, the
0 C » Xk 0 (10) i i imited i i
2x2 () 2x1 track will be lost.) Since very limited information abouteth

Xp = Oxp_1 + (Iyxs — P)xY + Gwl | (8)

where



target motion is contained in the events of no detection,nwh&esampling step that eliminates particles with low impucea
the “singular” cases cannot be eliminated and thus additionveights and multiplies particles with high importance weg
hypotheses have to be maintained, the ambiguity about #feuld be added in the filter cycle in order to suppress the
target mode dramatically increases and the inference begordegeneracy problem[1].

much more inaccurate. The bootstrap filter for jump Markov systems corresponds

1. PARTICLE FILTERS FOR JUMP MARKOV SYSTEMS to the special choice of the importance function as

A general jump Markov system can be described by the q(xk,rk\Xk 1,R,(QI,Y,C) :p(xk|xl(:zl,rk)p(rk|r](21)
following state-space model: (23)
The importance weights are then updated usin
P(Xk|Xp—1,7%) : Xp = F(Xp—1, 7%, W_1) (14) P g P g
p(Ye|Xk, k) : Vi = h(Xg, Tk, Vi) (15) wlg) x wl(c)lp(yk|xk ,7“,(9)) (24)

o~ - 16 , :
T~ Prrlre-1) (16) The bootstrap filter makes few assumptions about the state-

where the hybrid state vector consists of the base statend space model and employs little of the structure of jump
the mode state;,. The base state vectgy, and the observation Markov systems. The sampling scheme as shown above is
vectory; are continuous-valued; the mode statas discrete- simple to implement but can be inefficient. The efficient
valued and the discrete values are denoted hy2,...,S}. particle filter for general jump Markov systems presented in
The dynamics functiofi(-) and the observation functidn(-) Ref [10] greatly improves the efficiency of samplmﬁ and
may be nonlinear. The process nofse; } and the observation x() by using an importance function that makes better use of
noise{v} are assumed to be white noise. Wifeandh are the Markov structure. That is, becausecan only take on a
linear andwy(r) ~ N (Wi (rx);0,Q(rx)) and vi(ry) ~  finite number of values and therefore the mode transitiomfro
N (vi(rk); 0, R(ri)) as well as the initial base state) ~ () to r, can only have a finite number of possibilities, the
N (x0; %0, Po) are Gaussian noise, the general jump Markawarginalization over the mode subspace as required by erbett
system reduces to the jump Markov linear Gaussian systefportance function can be implemented with summation.

given by When the system is a jump Markov linear Gaussian one,
X = ®(rg)xp—1 + G(ri)wi_1(rx) (17) the benign structure makes it possible to design more aficie
particle filter based on Rao-Blackwellization. The idea abR
Vi = H(Tk.)Xk + l/k(Tk-) (18)

Blackwellized particle filtering is to reduce the samplimpgse
T ~ p(ri|re-1) (19) as much as possible by analytic marginalization. For jump
The Markov transition modet, ~ p(r4|r_) may be gen- Markov linear Gaussian systems, the technique is based on a

eralized tory, ~ p(re[Rp_1,Yi_1), WhereRy = {r1, .., 7} partition of the joint distribution, given by[9]:

and Yy = {y1, .y} X0, Rio| Y1) = p(Xi R, Yi)p(Re Y 25
The objective of particle filtering for jump Markov sys- P(Ki Ri[Y) = p(XilRee, Y )p(Ri[Y) (25)

tems is to estimate recursively the joint posterior distiiin Becausep(X;|Ry, Y}) is exactly Gaussian in this case, it
p(Xk, Re[Yx) or p(xp,76[Yy) with X = {x1,..,Xx}. can be sufficiently represented by its mean and covariance.
Of practical interest is the marginal distributigiix|Yx), (This statement does not hold any more whgris dependent
obtained fronp(xy, 7% |Y) by standard marginalization. Withon x,_;.) Given R, and Y, the conditional mean and
weighted partlcles{r,g),x,i),wk)}l 1, they are approximated covariance can be determined in closed form using Kalman
as[9] N filtering. Thus, only the mode distributig R|Y ) needs to
i be estimated using particle filtering. The marginal disttiitmn
Pk, k[ Vi) & z;w’(f)‘gx(k’),ri“ CEN) (20)  ,(R4[Yy) satisfies a recursion[9];

and P(RAIY) = p(Ry Y y) P e ROPE 1)
p(xkY3) Zwk S (Z) (dx,) 1) P(yr|Yi-1) (26)
where p(yx|Yr—1, Rr) can be regarded as the “likelihood”
whered is the point-mass delta function. of a mode state sequence and can be analytically determined.

The particles and thelr assomated weights are recursivélgsed on the recursion, a particle filter schemepfor,|Y )
updated by 1) samplmg and x,C from a certain impor- can be designed, in which the filtering d|str|but|p(rk\Yk)
tance funCt|Om(Xk77"k|X§€)p R\” Y}, and 2) updating the is approximated with the weighted particles”, wj”} Y, as
importance weights according to

W ot PR PO o) Prel Yi) Zwk () (27)
k k—1
( () ()|Xk 1’R1(c11>Yk)

(22) and the filtering distributiorp(xx|Y) is then approximated



as a Gaussian mixture A. Multiple Models for Road-Constrained Target

Multiple dynamics models are used to account for the
p(xk|Yi) =~ Zwk o( xk|R Y:) motion uncertainty due to target maneuver. We assume the
(28) motion mode stater = 1 corresponds to the cruise mode,
@ @) ) r = 2 corresponds to the maneuver mede, and= .3
= Zwk N (s %y, Pp?) corresponds to the stopped mode. According to the idea of
' variable-structure multiple-model approach, the cruise the
maneuver modes are active all the time, whereas the stopped
L i) - . mode is active only when there is no detection. The stopped
an |nd|V|dtJaI modeAsSquencR,(c), _'S exa(%tly Gaussmn. and mode is added to the active mode set when the target is no
the associated meat|”’ and covariance?,” are determined |onger detected and removed after the target is detectéd. aga
using Kalman filtering. Since the distributigrix;|R{’,Y)  The target dynamics models for different target modes have
is exactly determined (equivalent to using an infinite numbghe same linear Gaussian structure, given by Egs. (3) and (8)
of samples ofx;,), the approximation of the filter only comesgor the maneuver model, large process noise along the road is
from the particle representation pfry|Yy). used, which is of the order of the magnitude of the maximum
For jump Markov linear Gaussian systems, samples;of acceleration. Much smaller process noise is used in theerui
can be drawn from the optimal importance function, given biyodel. In the stopped model, the process noise is set to zero.
Pyl Riee 1, Y1 )p(relre_1) 29 The target veloeity in ttte stopped target model is also set to
e Re 1, Yr 1) (29)  zero. The road information in terms of the reference pp_ﬁt
p and the direction) of the road segment is incorporated in the
Then the associated normalized importance weights are  dynamics models througk?, ® andG.
The transition of the motion mode is assumed to occur

where p(xk|R§€i),Yk), the posterior distribution ok, for

p(ri|Re—1,Yg) =

(1) R (@) ,.(8)
w® x w® Pkl s Ry y, Ye1)p(ry |rp.24) only at sensor sampling instants and is governed by the
b ol arP R Y (30) transition probability matrixP, whose elements are defined
by

_ () R Y
= ko1 P Ry Vi) piy = plr = jlri-1 = 1) (33)

where . . .
where p;; satisfy Zle pi; = 1, with S is the number of

S L) active modes (also the number of columns of the ma#jx
(Yk|Rk 1 Yg1) = Z (yuls, R k 1’Yk 1)pGlrey) For sake of simplicity, constarf® is used. The active mode
=1 set may be{1,2} or {1,2,3}. Hence, four transition matrices

In the summation (31) in total are needed. The initial guess of the transition iTedr
' are calculated based on the sojourn time of the modes[4].
p(yel7, R/(;zlka—l) Because the knowledge of the present road segment is
(i) R —— _ (32) required for the propagation of the dynamics models, a point
=N (y’f? H(G)x, " H(G)P, 7 H () + R(J)) P pointing to the road segment the target is on at tigpés

(i) 7@.) used as an auxiliary mode state. All the information about
with x, " and P, be|ng the mean and covariance ofhe present road segment, such as its endpoints, directions
the predictiorp(xx |7, R k 1,Yk 1), respectively. Because theand neighbors, is indexed in the road database via the pointe
importance Welgh@(yk\Rk_l,qu) do not depend om;,, px. The update ofy, is determined by the propagated target
it is possible to select the fittest particle trajectorg’, POSition. The sequengs, is not a Markov chain because of its

(3) target state dependence. If after propagation the targetins
based oy, before samples of,’ are drawn. . )
on the present road segmepy, does not change its value;

Because random samples are used to reprasenfy;) if the target leaves the present road segment to enter a new
while exact means and covariances are used to represent

p(xk|R, Yi), the full representatlon for the dlstnbutlon of Segmentp;, points to the new segment, too. When there is
) 40 pl) (N only one new segment to enter, the pointer is updated without
the hybrld state |s composed c{fr,C X, P VY

) ambiguity. However at an intersection where more than one
wherex” and P\ are deterministically updated Q'VQ‘{J - road meets, it is uncertain which road segment the target
would enter. Then all the hypotheses have to be considered
and thusp;, andxy, in the particle filter have to be updated in
a probabilistic manner. The ambiguity can only be elimidate

In this section, two variable-structure multiple-model-paafter new observations are available. If no prior knowledge
ticle filters for road-constrained target tracking are présed. about the route or destination of the target is availablen it
The bootstrap filter serves as the baseline algorithm and fkeeasonable to assign identical probability to each Hygsis.
proposed efficient particle filter is compared with it. Both fi Suppose the number of roads to entefjshe probability to
ters are designed based on the same assumptions and modeter any road segment i3 L.

IV. EFFICIENT PARTICLE FILTER FOR
ROAD-CONSTRAINED TARGET TRACKING



A single observation model of a detected target is used, Efficient Particle Filter

as given by Eq. (11). In other words(yx[x, 7« = 1) =  The efficient particle filter for road-constrained targeic-
p(yk[xk, i = 2). When the target is detected, the likelihooghq js designed based on the optimal particle filtering tyieor
of a moving mode can be computed usiyig and the system for jump Markov linear Gaussian systems. Analytic approxi-
model; the likelihood of the stopped mode is zero. (The prolation is made for the target state distribution mainly beea
ability of detectionPp, may be incorporated in the likelihoodajthough the target dynamics is modeled as linear system
of the moving mode, but it is not necessary sin€g is @ driven by Gaussian white noise, the observation model is
common factor among the stopped and moving modes.) Whgghjinear. Hence, the conditional distributiptix, R\, Y)

the target is not detected, the likelihood functions ofef#int g ot strictly Gaussian. It is, however, still approxinthtey a
modes are determined using Eg. (13).

Gaussian distribution/ (xk; %0, PIEZ)) whose meak” and
covarianceP,iZ) are an approximate sufficient statistic and are
B. Bootstrap Filter updated using unscented Kalman filtering. The details of the
- o . _ unscented Kalman filter can be found in Ref. [12]. For nonlin-
The. joint d'Str,'bUt'or('i) Of(ﬁ’“ ?Z-?dNr’f IS app,mx'ma(ﬁ?d ear filtering problems, when the parameters of the unscented
by weighted particles(r; ", x;",w;" };=,. The pointersp,”  yansformation are appropriated tuned, the unscented &@im
to the present road segment are also assigned (0 [ifar can yield better estimation results than the extended
ticles. ('Z_I;hu(si3 th(e) full particle representation is given bKaIman filter. The |ike|ih00(10(yk|rk,R,(f)1,Yk_1) used for

(4) i)Y N ; ;
{r,",%,”,p s wy }izi- The outline of a filter cycle of the roc rsive sampling of, is also calculated based on Gaussian
bootstrap filter for road-constrained target tracking igegiin approximation. That is,

Table I. 0 @ @
p(Yrlre Ry, Yeo1) = p(ye|re, %571, Pyy)

e Fori=1,..,N, ; (34)
2 ~ N 5@ p)
— determine the active motion mode set iﬁ}particle atty, ~ Ye:¥e s Lyk

— determine the transition probability matng) ) (i) (i) (i)

— sample " » Givenry, %, |, andP,",, the meary,” and covariance,;’

i)~ (el ) of y, are estimated using standard unscented transformation.

- propagatengll through the model specified by moa}éi) and EI;)heA(Z-) fu'!i) %a)lrtlc(lie) N representatle(g IS gz\l_/)en by
() «(il) ) v Xy Py wy Yo, where %, and P, are
road segmenp;,”’ | to generatex; ", wherel = 1,...,L®), b 05 = by ]
with L(") the number of feasible road segments at titpe (if deterministically updated gNeﬂg andp,’. The outline of a
the target does not cross an intersectifif!) = 1; if the target filter cycle of the efficient particle filter for road-constrad

crosses an imersefgo'mm >4 - target tracking is given in Table II.
—if L > 1, drawx,’ from x, " randomly (the probability of
xp D is 1/00)), V. SIMULATION RESULTS
e () - (i) . o . .
— determinep;* according tox; . The main objective of this section is to demonstrate the

e Fore=1,...,N,
— evaluate the Iikelihood\g):
* if the target is not detected
it ) =340 =1
- if 7‘;;) = 1or2 AND the target is hidden or moves
perpendicular to the line of sighl\,(f) =1
- if r,(:> =1 or 2 AND the target is in normal motion\,&“ =

feasibility and efficiency of the proposed efficient pasicl
filter. The main simulation parameters are given as folldbws:
sampling interval is 5 seconds; the standard deviationtef t
range, azimuth, and Doppler are 20 m, 0.01 rad/s, and 1 m/s,
respectively; the probability of detection B, = 0.85; the
minimum detectable velocity is 2 m/s. For sake of simplicity

1Py the GMTI sensor is assumed to be stationary at [-1000 m,
« if the target is detected 1000 m], denoted by the circle in Fig. 1. A road network used
- if r{") = 3 OR the the target is hidden or moves perpendicltor simulation is illustrated in Fig. 1. _Thﬂome of the terg
ular to the line of sightA(”) = 0 is from segmentd B to segmentDE via BC and CD. The
Cif e =1 0r2, A = p(ys|x(?,rD) points B, C, and D are intersections. The modes of target
— evaluate and normalize the importance weights motion alternate between acceleration, cruise, decaarat

and stop. Only one target is considered because under the
assumption that the correct data association is known, the
« Reampling: Multiple/Discard particlegr{”, x(”) p{”, w("}N | with  tracking of multiple targets simply reduces to the separate

respect to high/low importance weights " to obtain N new particles  tracking of individual targets. The equivalent target fioss

ri % p L IYN  with equal weights. in Cartesian coordinates directly converted from the range
and azimuthd, observations of a typical run are plotted in
Fig. 1 as the dots in the neighborhood of the road. At postion
where the velocity of the target is smaller than the minimum
detectable velocity, the target is not detected for detsigtic
reasons. At other points, the target may still be undetected

uf? o uf? A

TABLE |
BOOTSTRAPFILTER FORROAD-CONSTRAINED TARGET TRACKING



e FOri=1,...,N,

— determine the active motion mode set iBTparticIe atty,
— determine the transition probability matrRS’)
— Forj=1,...,8, whereS is the number of active motion modes
(hypotheses),
* propagateﬁﬁl and P,illl through the model specified by
mode 5 and road segmen})l(jl1
P,:(i’j’l), wherel = 1, ..., L(%3)(if the target does not cross

an intersectionf.(::J) = 1; if the target crosses an intersection,
(1,5, *(1 Jsl)

to generate”‘(” D and

5000

4000

3000

2000

1000

of

-1000 -

-2000

L3 > 1), determinep, according tox, and ~s000f
*(7' 30 -4000 4 F
By A
— Forj = .,8 and forl = 1,...,L3), evaluate the 5000 l
likelihood Al(j’j ’l): -8000 o000 Za000 2000 o 200 2000 6000

+ if the target is not detected
Cif =3, A0 =1
- if j = 1 or2 AND the target is hidden or moves perpen-
dicular to the line of S|ght,/\ b —
- if =1 or 2 AND the target is in normal motiomff’j’” =

Fig. 1. Road Network

off-road observations too closely. In our particle filtessch
1= Pp constraint is imposed using dynamics models that are Igtrict
« if the target is detected stable in the direction perpendicular to the road, for edamp
. if j =3 OR the target is hidden or moves perpendicular twith ¢ = 1 andw,, = 0.2, so that the particle cloud is restricted
the line of sight A{"*" =0 well within the road. The spikes in the position and velocity

Sif g = lor2, compute Agj’]’”
+ observed

ﬁ(yk|§<z<i’j’l), Pg(i’j’”) based on Gaussian approximation
e Fori=1,...,N, compute 150

s L(3)

wi o<wk Z Z A(w,l) J\r() )/L(ZJ

j=1 1=1

« Resampling: Multiple/Discard

o0, A’;(i’j’l),P;(i’j‘”,pz(i’j’”,Agi’j’l?}ﬁvzl with  respect
to high/low importance weights w,(j) to obtain N new
i) ok (isg,l) (i) x(i,4,1 i\, ) .
{r,i’ll,xk(’ J ),Pk(’ J ),pk(’ J ),A,(: 7 )}ZN:1 with equal weights.
e Fori=1,...,N, sample

Along-Road Error (m)

( (2) l( >) Np(yk‘A*(z ThoL) P):‘(irr‘k7l>)p(rk|r£f21)/L(i,j) ) 200 400 Tirr:g ) 800 1000 1200
; set @

Whel’eﬁ(yklﬁz(i,j,l>7P]z‘(i»j»l)) (z 3.
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% (4) :ﬁz(l,rk ) )7 P; (4) zplj(lmk ) )7p](€z) _ g 0Y)

(V) P_(i) based
‘( ) and

e« FOri = 1,...,N, update‘” P(') from %,

on Gaussian approxmatlon and upd@t,ié) accordmg tox
pr(6d.0)
Py
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TABLE Il
EFFICIENT PARTICLE FILTER FOR ROAD-CONSTRAINED TARGET
TRACKING

Perpendicular-to-Road Error (m)
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due to Pp < 1. The results of a typical run of the efficient

particle filters with 50 particles are presented in Figs. @ an
3. The RMS error of the estimated position over this run is
about 20 m. The RMS velocity error is about 2.4 m/s. The filter
shows good tracking ability. The position errors (relativehe errors are unlikely to be avoided in all the runs. Here areesom

true positions) of the position observations and the parsititypical cases in which the spikes will occur.

estimates given by the particle filter are also compared ine. The filters are usually tuned so that a target stop can
Fig. 2. It can be seen that in the position observations the be quickly detected from lack of detection. However,

errors perpendicular to the road are quite large, with trekpe if during a number of (e.g., 3) consecutive sampling

value 180 m. For this reason, the position estimates in the intervals the target is accelerating from the stopped mode
off-road direction are tightly constrained from trackiniget but no observations are available due Rp < 1, the

Fig. 2.



N
&

‘ efficient particle filter, the CPUTIME taken by the bootstrap

ﬂ 1 filter with 1000 particles turns out to be about four times
. longer than that taken by the efficient particle filter with 50
‘ particles. From the above comparisons, a modest conclusion
| | can be drawn that the efficient particle filter with 50 padtcl

‘ can achieve performance similar to that of the bootstragr filt
L

:

ol
T

with 1000 particles with much less computational expense.

X component (m/s)

@
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) VI. CONCLUSIONS

0 L bt L I VI
WS T
For road-constrained targets, the incorporation of road in
= = - - = formation into the dynamics models can greatly reduce the
ime (s) target motion uncertainty. A variable-structure, mukiphodel
@) framework is used to address target maneuvers along the road
S : : The proposed efficient particle filter is an approximation to
w{{n ‘l | S the optimal particle filter for jump Markov linear Gaussian
_ |1 systems. The main approximation of the filter is the Gaussian
2 i { | | ] assumption about the conditional target state distribugiven
= = L;m«—w»»w\amﬂ,a‘wuw/w*»\l M a mode sequence and observations. The efficient particle
2 ‘w;' \ filter with 50 particles yields satisfactory simulation ués.
o 1 . .
2 I I Compared with the standard bootstrap filter, the proposed
8™ ‘ Jg % efficient particle filter involves much less computation for
>l . \‘: rL similar accuracy and robustness.
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