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1. I NTRODUCTION

Abstract—Multiple ground targets (MGT) tracking is a challenging problem in real environment because of partial observations, high traffic density, the maneuverability of targets, the clutter and the low target detection probabilities.
Most of current MGT trackers use GMTI (Ground Moving
Target Indicator) sensor, since this sensor provides the rangerate measurement (Doppler) aside classical position measurements. This helps the tracking algorithms and the preliminary ground target classification. Advanced algorithms include exogeneous information like road network and terrain
topography. In this paper, we develop a new improved VSIMM (Variable Structure Interacting Multiple Model) algorithm for GMTI tracking which includes the stop-move target maneuvering model, contextual information (on-off road
model, road network constraints), and identification information arising from classifiers coupled with the GMTI sensor.
The identification information is integrated to the likelihood
of each hypothesis of our SB-MHT and allows to solve efficiently most of ambiguities that can arise mainly at road intersections or after a target maneuver when leaving the road,
or with undetected ground targets after few scans. We maintain aside each target track a set of ID hypotheses with their
committed beliefs which are updated on real time with classifier decisions through target type tracker based on a proportional conflict redistribution fusion rule. The advantage of
such a new approach is to deal precisely and efficiently with
the identification attribute information available as it comes
by taking into account its inherent uncertainty/non-specificity
and possible high auto-conflict.

Tracking ground targets with a GMTI sensor is strategic in order to establish the threat assessment on the battlefield. Since
several years ground targets tracking algorithms have been
studied and integrated in fusion stations. The main challenge is to develop new ground target tracking algorithms or
to adapt those used in aerial surveillance domain. Contrariwise to air-target tracking algorithms, ground-target tracking
algorithms are used in a more complex environment due to:
high traffic density and large number of false alarms, which
increases significantly the amount of data to process, fast and
high maneuverability of the targets which yields to difficult
data association problems, and terrain topography which can
generate occulted zones where ground targets cannot be detected at all during period of time where there are moving or
stopping in.

In a GMTI surveillance context, we propose to fuse the
contextual information with MTI reports in order to improve track quality (estimation precision and track continuity). Based on road segments positions, dynamic motion
models under road constraint are built and an optimized projection technique of the estimated states is proposed to keep
each target position and heading on the road. A VS-IMM
filter is built using this projection approach [4]. The set of
models used in the filter is adjusted sequentially according
to target positions and to road network configuration. The
markov process is used to select the most probable motion
models set which depends on the road feature.

TABLE OF C ONTENTS
In a multiple target context, we have adapted SB-MHT
(Structured Branching - Multiple Hypotheses Tracking) [19]
to take into account target manoeuvres and detection probability of each ground target. This algorithm, called VSIMMC SB-MHT, is very efficient when targets are always
detectable by the sensor.
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Despite of track continuity improvement resulting from the
VS-IMMC SB-MHT algorithm, an ambiguity arises in a
multi-target context when several targets approach a junction
(i.e. a crossroad) at the same time. In fact, according to motion models uncertainties and the number of roads involved
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Target state under constraint

in the crossroad, the associations between all constrained predicted states are compromised if we only consider the measurement location. However, in the STANAG 4607 [7], each
MTI segment is associated to a classification information
with the estimated probability that the target identity (ID) is
correctly classified. The new idea proposed in this work is to
maintain aside each target track a set of ID hypotheses with
their committed belief which are revised on real time with the
classifier decision through a very recent and efficient fusion
rule based on proportional conflict redistribution [17]. The
advantage of such new approach is to deal precisely and efficiently with the identification attribute information available
as it comes taking into account its inherent uncertainty/nonspecificity and possible high auto-conflict. This approach is
appealing since it doesn’t require the introduction of extra adhoc assumption on probability distribution model always necessary in a pure classical Bayesian approach.

Constrained motion model—The target state at the current
time k is defined in the local coordinate frame by (TCF):

0
x (k) = x (k) ẋ (k) y (k) ẏ (k)
(1)
where the couples (x (k) , y (k)) and (ẋ (k) , ẏ (k)) define respectively the target location and velocity. The dynamics of
the targets evolving on the road network are modelized by a
first-order system. The target state under the road segment s
is defined by xs (k) where the target position (xs (k) , ys (k))
belongs to the road segment and the corresponding velocity vector (ẋs (k) , ẏs (k)) is in the road segment s direction.
Therefore, the target constraint state xs (k) is defined by the
following constraint:
(
a
D· xs (k) + b · ys (k) +Ec = 0
(2)
0 *
ẋ (k) ẏ (k)
ns = 0

After a detailed presentation of our improved SB-MHT algorithm, we focus the second part of this paper on our simulation results and performance evaluation on a complex Multiple Ground Targets Tracking scenario within a real environment.

2. M OTION

where the indexes a, b and c are the coefficients of the line
→
associate to the road segment s and −
n s is the normal vector
to the road segment s . The constraint can be expressed as
follows:
D̃ · xs (k) = L
(3)




a 0 b 0
−c
with D̃ =
and L =
.
0 a 0 b
0

AND MEASUREMENT MODELS

Introduction
Usual target tracking algorithms are based on the Kalman filter. Since several years, in ground target tracking domain,
the Kalman filter has been improved to take into account the
contextual information in the tracking process. For instance,
Kirubarajan et al. proposed to use the road segment location in order to modelize the dynamic of a target moving on
the road [8]. The road network is considered here as a priori information to be integrated in the tracking system. The
map information comes from a GIS (Geographic Information
System) which contains information about the road network
location and the DTED (Digital Terrain Elevation Data). In
the following, the GIS description is given in addition to the
stochastic target constrained and the measurement descriptions.

The event that the target is on the road segment s is noted
es (k) = {x (k) ∈ s}. Knowing the event es (k) and according to a motion model Mi the dynamics of the target can
be improved by considering the road segment s. Due to the
precision of the GMTI sensor and the long time scan period,
the chosen motion models are quite simple. They consist in
r constant velocity motion models having different process
noise statistics (standard deviations). However the proposed
approach is valid for much more complicated motion models like the constant acceleration or coordinated turn ones. It
follows that :
xs (k) = Fs,i (∆k ) · xs (k − 1) + Γ (∆k ) · νs,i (k)

(4)

where ∆k is the time of sampling, the matrix Fs,i is the state
transition matrix associated to the road segment s (described
in [9]) and is adapted to a motion model Mi , the variable
νs,i (k) is a white noise Gaussian process and its associated
covariance Qs,i (k) is built in the manner that the standard
deviation σn along the road segment is higher than the standard deviation σd in the orthogonal direction. Consequently
the covariance matrix Qs,i is defined by :

 2
σd 0
Qs,i (k) = Rϑs ·
· RTϑs
(5)
0 σn2

GIS description
The GIS used in this work contains the following information: the segmented road network and DTED. Each road segment is expressed in the WGS84 system. The road network is
connex and each road segment is indexed by the road section
they belong to. A road section Ro (p) is defined by a connected road segments set delimited by a road end or a junction
in the manner that Ro (p) = {s0 , s1, · · ·}.
At the beginning of a surveillance battlefield operation, a Topographic Coordinate Frame (denoted TCF) and its origin O
are chosen in the manner that the axes X, Y and Z are respectively oriented in the east, north and up local directions. The
target tracking process is carried out in the TCF.

where the matrix Rϑs is the rotation matrix associate to the
s road segment direction ϑs defined in the plane (O, X, Y ).
The matrix Γ (δk ) is defined in [10]. The predicted target state
and covariance are defined respectively by:
x̂s,i (k |k − 1 ) = Fs,i (k) · x̂s,i (k − 1 |k − 1)
2

(6)

T

The probability that the target belongs to the road segment s
is based on the derivations proposed by Ulmke and Koch [11]
and Herrero et al. [12], but we do not consider the road width
and our modelization is done in the 2D space only. So the
predicted road segment s belonging probability is expressed
as:


(9)
P es (k)|Z k−1,n = P Πs (x) ≤ ls | Z k−1,n

Ps,i (k |k − 1 ) = Fs,i (k) · Ps,i (k − 1 |k − 1) · Fs,i (k)
+Qs,i (k)
(7)
Adjustment of the process noise at the road extremities—For
notation convenience, the event θk,l denotes the occurence
of the lth sequence of measurements Z k,l which represents
a possible set of measurements generated by the target up to
time k (i.e., there exists a subsequence
n and a measurement

i in the manner that Z k,l = Z k−1,n, ..., zj (k) ) associated
with the track T k,l . At the current time k the track T k,l is
represented by the estimated states sequence. zj (k) is the
j th measurement available at time k among m (k) validated
measurements around the target measurement prediction. We
recall that a track is a sequence of state estimates.

where Πs (x) is the projection operator on the road segment
s modulo the road segment length ls . According to the Gaussian assumption, the probability can be rewritten as follows:

Rl

P x(k) ∈ s Z k−1,n
= 0s N u, Πs (x) , σs2 du

 Q
ls −
(x)
√ s2
(10)
= 12 · f
2·σs

The variance σs2 is the variance obtained after the projection
Πs on the road segment s and is given in [11]. The function
f (.) is the integral of the Gaussian distribution with 0 mean
and variance of 1/2
Z t
2
2
f (t) = erf (t) = √ ·
e−t dt
(11)
π 0

Since the previous constraint on the motion model is specific
only to a given segment s, it does not take into account the
whole road network1 and thus it omits the possibility for the
target to switch onto another road segment when reaching the
extremity of the segment it is moving on. Such modeling is
too simplistic and the ground-target tracking based on it provides in general poor performances. To improve modeling for
targets moving on a road network, we propose to adapt the
level of the dynamic model’s noise depending on the length
of the road segment s and on the location of the target on this
segment with respect to its extremities. This allows to relax
gradually the on-segment constraint as soon as the target approaches the extremity of the road segment and/or a junction.
If we omit the road segment length in the motion model, the
tracking algorithm may not associate the predicted track with
a measurement when the predicted state is near the road segment extremity. In fact, if a measurement is originated from
a target moving on the road segment s + 1, the measurement
won’t be in the validation gate (defined in [19]), because of
the road segment s constraint that generates a directive predicted covariance with a small standard deviation in the road
segment s orthogonal direction. That is why, we propose to
increase the standard deviation σd when the target approaches
the road extremity, in the manner that the standard deviation
in the orthognal road segment direction becomes equal to the
standard deviation in the road
 segment direction. For this, we
use the prior probability P es (k) Z k−1,n in order to relax
the constraint when the target approaches the road segment s
extremity. The white noise Gaussian process νs,i (k) in (4) is
modified in the manner that the covariance Qs,i is replaced
by Q̃s,i:

Finally, we obtain a constrained motion model which takes
into account the uncertainty that the target belongs to the road
segment. This uncertainty is modelized by an additive noise
process.
Constrained
state estimation— We define Msi (k) =
 i
M (k) ∩ es (k) the event that the target is following a dynamic according to the motion model M i and moves on the
road segment s. So, the state probability density function (i.e.
pdf) given the measurements set Z k and the event Msi (k) is
denoted :

p x (k) Z k , θk,l , Msi (k)
(12)
The state xi (k) is a Gaussian random vector defined by its estimated mean x̂i (k |k ) and its estimated covariance Pi (k |k )
(both obtained using a model based filter). Under the road
constraint, the estimated state x̂s,i (k |k ) is therefore obtained
by the maximization of pdf (12) given the event Msi . Finally,
under the Gaussian assumption of the Kalman filter, the analytic expression of the constrained estimate state associate
with the motion model Mi is obtained by calculating the Lagrangian of (12) under the constraint (3). The expressions of
the constrained estimated state and it covariance are given in
[4].

where

Since the road network is composed of several road segments
and a ground target has several motion models, we consider
an IMM (Interacting Multiple Model) with a variable structure [19], [23] to adapt the constraint motion models set to
the road network configuration. This VS-IMMC is presented
in the following section.



q22 = σn2 · P es (k) Z k−1 + σd2 · (1 − P es (k) Z k−1 ).

Measurement model

Q̃s,i (k) = Rϑs ·



σd2
0

0
q22



· RTϑs

(8)

MTI report—According to the NATO GMTI formats, the MTI
reports are expressed in WGS84 coordinates system [3]. All

1 i.e.

the possibility of several other road segments connected at extremity of
each road segment of the network.
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MTI reports are converted for each tracking station into the
TCF. A MTI measurement z at the current time k is given in
the TCF by:
0

(13)
z (k) = x (k) y (k) ρ̇m (k)

In addition to the classification or attribute information, the
STANAG allows to use the probability P {ca}, a = 1, . . ., 9,
but it does not specify the way these probabilities are obtained
because P {ca } are actually totally dependent on the algorithm chosen for target classification. In this paper, we do not
focus on the classification algorithm itself, but rather on how
to improve multiple ground targets tracking with attribute information and target classification. Hence, we consider the
probabilities P {ca } as input parameters of our tracking systems characterizing the global performances of the classifier.
In other words, P {ca }, a = 1, . . ., 9, represent the diagonal
terms of the confusion matrix Ca of the classification algorithm assumed to be used. The modified/extended measurement zj (k) among m(k) measurements including both kinematic part and (classification) attribute part is defined as:

where (x (k) , y (k)) are the x and y MTI coordinates in the
local frame (0,X,Y) and ρ̇m is the associated modified rangerate measurement expressed in the TCF:
ρ̇m (k) =

x (k) · ẋ (k) + y (k) · ẏ (k)
p
x2 (k) + y2 (k)

(14)

We don’t consider the range-rate ρ̇ obtained directly in the
sensor frame because it is correlated to the MTI location components. In litlerature, there exist several techniques to uncorrelate the range-rate from the location components like for example, the SEKF from Wang et al. [13] based on Cholesky’s
decomposition. Nevertheless, we prefer to use the AEKF (Alternative Extended Kalman Filter) presented by Bizup and
Brown [14]. This last one is very simple to compute because
the authors propose only to use an alternative linearization of
the EKF (Extended Kalman Filter). For our problem, the alternative linearization of the observation function is verified
only if we consider the range-rate in the local frame TCF.
Then, the measurement equation is given according to the
AEKF, by:
z (k) = H (k) · x (k) + ν (k)

zj (k) = {zj (k) , ca , P {ca }}

3. VS-IMM

(18)

WITH ROAD CONSTRAINTS

(VS-IMMC)

IMM with only one road segment constraint
The IMM is an algorithm for combining states hypotheses
from multiple filter models to get a better state estimate when
the target is maneuvering. IMM is near optimal with a reasonable complexity. In section 2, a constrained motion model
i to segment s, noted Msi(k), is defined. Here we extend the
segment constraint to the different dynamic models (among
a set of r + 1 motion models) that a target can follow. The
model indexed by r = 0 is the stop model. The transition
between the models is a Markovian process. It is evident
that when the target moves from one segment to the next,
the set of dynamic models changes. In a conventionnal IMM
estimator [18], [20], the likelihood function of a model i is
given, for a track T k,l , associated with the j-th measurement,
j ∈ {0, 1, . . ., m(k)} by:

(15)

with ν (k) a zero-mean white Gaussian noise vector and
H (k) defined by:


1
0
0
0

0
1
0
H (k) =  0
(16)
∂ ρ̇m (k)
∂ ρ̇m (k)
0
0
∂x
∂y
The explicit expression of (16) is given in [14].
Classification segment—An issue to improve the multiple target tracking algorithm is to combine the kinematic data association with the attribute data association. In the STANAG
4607 [7], each MTI report is associated to the location and
velocity information (described in the previous part) in addition to the attribute information with its probability that it is
correct. We denote C = {c0 , c1, . . . , cu}, the frame of discernement of our target classification problem. C is assumed
to be constant over time (i.e target ID does not change with
time) and consists in a finite set of u exhaustive and exclusive
elements representing the possible states of the world for target classification. In the STANAG 4607 the set C is defined
by :
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(17)
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Λi (k) = p{zj (k)|Msi(k), Z k−1,n},

i = 0, 1, . . ., r (19)

where Z k−1,n is the subsequence of measurements associated
with the track T k,l .
Using the IMM estimator with a stop motion model, we get
the likelihood function of the moving target mode for i =
1, . . ., r and for j ∈ {0, 1, . . ., m(k)} by:
Λi(k) =

PD · p{zj (k)|Msi (k), Z k−1,n} · (1 − δmj ,0)
+(1 − PD ) · δmj ,0
(20)

while the likelihood of the stopped target mode (i.e. r = 0)
is:
Λ0(k) = p{zj (k)|M0i (k), Z k−1,n} = δmj ,0
(21)
where δmj ,0 is the Kronecker function defined by δmj ,0 = 1
if mj = 0 and δmj ,0 = 0 whenever mj 6= 0.
The combined/global likelihood function Λ(k) of a track in4

cluding a stopped model is then given by:
Λ(k) =

r
X

where c is a normalization coefficient and c̄i is given in (23).
5. Step 5. The combined state estimate, called global state
estimate, is the sum of each constrained local state estimate
weighted by the model probability, i.e.

(22)

Λi (k) · µi (k|k − 1)

i=0

where µi (k|k − 1) is the predicted model probabilities [20].
x̂l (k|k) =

The steps of the IMM under road segment s constraint are the
same as for the classical IMM :

pij · µi(k − 1)
c̄j

(23)

Variation of the set of constrained motion models

2. Step 2. The mixing probabilities above are used to weight
the initial state estimates in order to present to the model filters the mixed estimates. The mixed estimated of the target state under the road segment s constraint is defined for
i = 0, 1, . . ., r by:
r
X

In the previous subsection, we have proposed an IMM with
a given/fixed motion model set. We have noted that the predicted state could give a local estimate under another road
segment than the segment associated to the motion model (a
road turn for example). The change to another road segment
causes the generation of a new constrained motion models.
In literature, several approaches are proposed to deal with the
constrained motion models [8], [15]. In [4], we have proposed an approach to activate the most probable road segments sets. Based on the work of Rong Li [18], we consider
r + 1 oriented graphs which depends on the road network
topology. For each graph i, i = 0, 1, . . ., r, each node is a
constrained motion model Msi . The nodes are connected to
each other according to the road network configuration. For
instance, if we consider a road section composed by three
road segments s1 , s2 , s3 , the ith associated graph is composed by three nodes (Msi1 , Msi2 and Msi3 ) where the nodes
Msi1 and Msi3 are connetced with the node Msi2 . In [4], the
activation of the motion model at the current time depends on
the local predicted states x̂li,s (k |k − 1 ) location of the track
T k,l. Consequently, we obtain a finite set of r + 1 motion
models constrained to a road section Rop (we recall that a
road section is a set of connected road segments).

x̂j,s(k − 1|k − 1) · µi|j (k − 1|k − 1)

j=0

(24)
The covariance corresponding to the estimation error is:
Pr

j=0

0
Pi,s
(k − 1|k − 1) =
0
µi|j (k − 1|k − 1) · [Pj,s
(k − 1|k − 1) +

(x̂j,s(k − 1|k − 1) − x̂0i,s(k − 1|k − 1)) ·
T

(x̂j,s(k − 1|k − 1) − x̂0i,s(k − 1|k − 1)) ]

(25)

Despite of the constraint on local estimated states, the mixed
estimated states do not belong to the road section s. Nevertheless, the state transition (4) matrix projects the mixed estimate
on the road section.
3. Step 3. The motion models are constrained to the associated road segment. Each constrained mixed estimate (24) is
predicted and then associated to one new segment or several
(in crossroad case) new ones therefore the modification in the
dynamics according to the new segments. The mixed estimates (24) and (25) are used as inputs to the filter matched to
Msi , which uses the MTI report associated to the track T k,l to
l
yield x̂li,s (k |k ), Pi,s
(k |k ) and the corresponding likelihood
(22).

However, an ambiguity arises when there are several road sections (i.e. the target approach a crossroad). In fact, the number of constrained motion models grows up with the number
of road sections present in the crossroad/junction. If we consider the r + 1 graphs, the activation of the constraint motion model is done according to the predicted states location.
Consequently the number of motion models increases with
the number of road sections. We obtain several constrained
motion model sets. Each set is composed of r + 1 models
constrained to road segments which belong to the road section. In order to select the most probable motion model set

4. Step 4. The model probability update is done for i =
0, 1, . . ., r as follows:
µi (k) =

1
· Λi (k) · c̄i
c

(27)

Here, one has presented briefly the principle of the IMM algorithm constrained to only one road segment s. However, a
road section is composed with several road segments. When
the target is making a transition from one segment to another,
the problem is to choose the segments with the corresponding motion models that can better fit the target dynamics. The
choice of a segment implies the construction of the directional
process noise. That is why the IMM motions model set varies
with the road network configuration and VS-IMM offers a
better solution for ground target tracking on road networks as
explained in next sections.

where c̄j is a normalizing factor. The probability of model
switch depends on the Markov chain according to the transition probability pij . It is important to note that the transition
probability does not depend on the constraint s.

x̂0i,s(k − 1|k − 1) =

µi(k)x̂li,s (k|k)

i=0

1. Step 1. Under the assumption of several possible models
for segment s as defined previously, the mixing probabilities
are given for i and j in {0, 1, . . ., r} by:
µi|j (k − 1|k − 1) =

r
X

(26)
5

Delation messages

(i.e. in order to know on which road section the target is moving on), a sequential probability ratio test named RSS-SPRT
is proposed in [4] in order to select the road section taken by
the target.

Z ( k)

We consider that a hypothesis corresponds to one road section involved in the crossroad. At the current time k, if there
are Nk road sections Rop at the intersection, we consider
all Nk hypotheses. So for each hypothesis h, associated to
a given road section, there is one IMM with an appropriate
constrained motion models set. The IMM outputs are sequentially evaluated. However, one measurement iteration is
not sufficient to choose the right hypothesis. The probability
µh (k) of h is derived based on the likelihood function and
the transition matrix between the road segments. The combined likelihood (22) of a constrained models set and for a
hypothesis h, h = 1, . . ., Nk is denoted Λh . Mathematically,
µh (k) is defined according to the road section probability [4]
for h = 1, . . . , Nk by:
1
µh (k) = ·Λh (k)·
c

X

GIS

Best tracks

2 - Track level
pruning

Surviving
tracks

Surviving
tracks

6 - Track
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merging

3 - Clustering

5 - Global track
pruning
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pruning

Ωh̄,h (k−1)·µh̄ (k−1) (28)

h̄∈{1,...,Nk−1 }

new set Z (k) of measurements is received, a standard gating procedure [20] is applied in order to determine the viable
MTI reports to track pairings. The existing tracks are updated with VS-IMMC and extrapolated confirmed tracks are
formed. When the track is not updated with MTI reports, the
stop motion model is activated.
2. In order to palliate the association problem, we need a
probabilistic expression for the evaluation of the track formation hypotheses that includes all aspects of the data association problem. It is convenient to use the log-likelihood ratio
(LLR) or track score which can be expressed at current time
k in the following recursive form [20]:
L(k) = L(k − 1) + ∆L(k)

Accept hypothesis h if for all h0 6= h, h0 ∈ {1, . . ., Nk }:
µh (k)
≥B
µh0 (k)

•

tracks

Figure 1. Track-oriented MHT logic flowchart with GIS

The matrix component Ωh̄,h represents the probability transition between the roads associated respectively to the hypotheses h and h̄. In fact if the road section is a highway and the
road section is an highway also the transition probability is
high. On the contrary, if the road is a highway and the road
section is a byway the transistion probability is small. The
probability µh̄ (k − 1) is the probability of hypothesis h̄ at the
time k − 1 (i.e. the probability of the previous road section
where the target was moving on). Wald’s sequential probability ratio test [21], [22] (SPRT) for choosing the adequate road
segment and activate the correct constrained motion model
set at current time k is the following:
•

1 - Track
formation and
maintenance

with
(29)

∆(k) = ln
and

Reject hypothesis h if for all h0 6= h, h0 ∈ {1, . . ., Nk }:
µh (k)
≤A
µh0 (k)

L(0) = ln
(30)





Λ(k)
λf a



λf a
λf a + λnt

(31)

(32)


(33)

where λf a and λnt are respectively the false alarm rate and
the new target rate per unit of surveillance volume. After the
track score calculation of the track T k,l , the SPRT is used to
set up the track status either as deleted, tentative or confirmed
track. The tracks that fail the test are deleted and the surviving tracks are kept for the next stage.

Go to the next cycle and wait for one more measurement
and continue the test until one hypothesis is accepted by the
SPRT. The thresholds A and B are given in [21], [22], [19].
For a faster test see the MSP-SPRT [23] based on a probabilities classification.

•

3. The process of clustering is the collection of all tracks that
are linked by a common measurement. The clustering technique is used to limit the number of hypotheses to generate
and therefore to reduce the complexity. The result of clustering is a list of tracks that are interacting. The next step is to
form hypotheses of compatible tracks.

VS-IMMC within the SB-MHT
We briefly describe the main steps of the VS-IMMC SBMHT. More details you can be found in chapter 16 of [19].
1. The first functional block of the SB-MHT in figure 1 is
the track confirmation and the track maintenance. When the
6

during maneuvers and crossroads. With enrichment of VSIMMC SB-MHT with target attribute information, we expect
to alleviate some data association ambiguities and thus improve the overall performances of our multiple ground target
tracking system. Before presenting the derivation of enriched
track score with target attribute likelihood, it is necessary to
briefly recall how PCR5 combination rule works.

4. For each cluster, in the fourth level, multiple coherent
hypotheses are formed to represent the different compatible
tracks scenarios. Each hypothesis is evaluated according to
the track score function associated to the differents tracks.
Then, a technique is required in order to find the hypotheses
set that represents the most likely tracks collection. The unlikely hypotheses and associated tracks are deleted by a pruning process and only the NH ypo best hypotheses are conserved.

PCR5 combination rule
Let Θ = {θ1 , . . . , θn} be a discrete finite set of n exhaustive
elements and two distinct bodies of evidence providing basic
belief assignments [16] (bba’s) m1 (.) and m2 (.) defined on
the power-set2 of Θ. The idea behind the Proportional Conflict Redistribution (PCR) rules [17] is to transfer (total or partial) conflicting masses of belief to non-empty sets involved
in the conflicts proportionally with respect to the masses assigned to them by sources as follows:

5. For each track, the a posteriori probability is computed
and a well known N-Scan pruning approach [19] is used to
select and delete the confirmed tracks. With this approach the
most likely track is selected to reduce the number of tracks.
But the N-Scan technique combined with the constraint implies that other tracks hypotheses (i.e. constrained on other
road segments) are arbitrary deleted. That is why, we must
modify the N-Scan pruning approach in order to select the
Nk best tracks on each Nk road sections.

1. calculation the conjunctive rule of the belief masses of
sources;
2. calculation the total or partial conflicting masses;
3. redistribution of (total or partial) conflicting masses to the
non-empty sets involved in the conflicts proportionally with
respect to their masses assigned by the sources.

6. Wald’s SPRT proposed in Section 3 is used to delete the
unlikely hypotheses among the Nk hypotheses. The tracks
are then updated and projected on the road network. In order
to reduce the number of track to keep in the memory of the
computer, a merging technique (selection of the most probable tracks which have common measurements) is also implemented.

4. TARGET

The way the conflicting mass is redistributed yields actually
several versions of PCR rules. These PCR fusion rules work
for any degree of conflict, for any DSm models (Shafer’s
model, free DSm model or any hybrid DSm model [16]) and
both in DST ’Dempster Shafer Theory) and DSmT frameworks for static or dynamical fusion situations. PCR5 is the
most sophisticated proportional conflict redistribution rule
since it redistributes the partial conflicting mass to the elements involved in the partial conflict, considering the conjunctive normal form of the partial conflict. PCR5 does the
most mathematically exact redistribution of conflicting mass
to non-empty sets following the logic of the conjunctive rule.
It does a better redistribution of the conflicting mass than
Dempster’s rule since it goes backwards on the tracks of the
conjunctive rule and redistributes the conflicting mass only
to the sets involved in the conflict and proportionally to their
masses put in the conflict. PCR5 preserves the neutral impact of the vacuous belief assignment because in any partial
conflict, as well in the total conflict (which is a sum of all
partial conflicts), the conjunctive normal form of each partial
conflict does not include Θ since Θ is a neutral element for intersection (conflict), therefore Θ gets no mass after the redistribution of the conflicting mass. We have also proved in [17]
the continuity property of the PCR5 result with continuous
variations of bba to combine. The general PCR5 formula for
s ≥ 2 sources is given in [17]. For the combination of only

TYPE TRACKING

In this section we briefly present the approach for tracking
target ID and explain the methodology for improving the
VS-IMMC SB-MHT with target ID information. The basic idea is to modify the (kinematic-based) likelihood function of each set of data association sequence involved in SBMHT with some attribute-based likelihood. Attribute-based
likelihood estimates the probability that the current target
ID corresponds to the expected target ID of the track under
consideration. Some investigations based on this approach
have already been sucessfully applied in aerial MTT domain
[17], [1] Chapter 12. The mechanism for tracking the target
type/ID is based on the sequential combination (fusion) of the
predicted belief of the type of the target under track with the
current ”belief measurement” obtained from the target classifier decision and the quality of the classifier characterized by
its confusion matrix (assumed to be known at least partially
as specified by STANAG). The motivation and justification
for using the so called Proportional Conflict Redistribution
rule no 5 (PCR5) developed in the DSmT (Dezert Smarandache Theory) framework comes from its ability for dealing
efficiently with (potentially high) conflicting information and
managing uncertainty with respect to the well-known established fusion rules. Dezert et al. have recently proved the
usefulness of PCR5 for target type tracking [2], [17] over
other main combination rules. This choice is motivated in
this typical application because in dense traffic scenarios, the
VS-IMMC SB-MHT based only on kinematic information is
not always able to track correctly all ground targets specially

2 In

our GMTI-MTT applications, we will assume Shafer’s model for the
frame Θ of target ID which means taht elements of Θ are assumed truly
exclusive. This assumption can be relaxed in DSmT [16], [17].

7

two sources, it is given by mP CR5 (∅) = 0 and ∀X ∈ 2Θ \{∅}
mP CR5 (X) =

X

m12 (X) +

imum of belief (or eventually the maximum Pignistic Probability3 [16]).
−
• e) set m (.) = m(.); do k = k + 1 and go back to step b).

2

Y ∈2Θ \{X}

m1 (X) m2 (Y )
m1 (X) + m2 (Y )

X∩Y ≡∅

+

X
Y ∈2Θ \{X}

m2 (X)2 m1 (Y )
m2 (X) + m1 (Y )

(34)

X∩Y ≡∅

where m12 (X) corresponds to the conjunctive consensus on
X between the two sources and where all denominators are
different from zero (see [17] for details and examples). If a
denominator is zero, that fraction is discarded.
The Target Type Tracking Problem can be simply stated as
follows [2]:
Let k = 1, 2, ..., kmax be the time index and consider M
possible target ID Ti ∈ Θ = {θ1 , . . . , θM } in our environment (for example Θ = C as given in (17).
• at each instant k, a target of true type T (k) ∈ Θ (not necessarily the same target) is observed by an attribute-sensor (we
assume a perfect target detection probability here).
• the attribute measurement of the sensor is then processed
through a classifier which provides a decision ca (k) on the
type of the observed target at each instant k with its associated
probability P {ca(k)}.
• The sensor is in general not totally reliable and is characterized by a M × M confusion matrix
•

It is important to emphasize that both rules of DST and TBM
(Transferable Belief Model) do not respond to new information as soon as the mass committed to empty set becomes
one at a previous temporal fusion step (see examples in [17]),
whereas PCR5 rule always reacts very quickly to any mistaken target ID switches and therefore it offers a very good
behavior for quickly readapt to bad target ID estimation in
cases of closely crossing targets in high cluttered environements. To make DST and/or TBM working properly in such
cases which arises very quickly in practice, it is necessary to
introduce ad-hoc temporal discounting techniques which are
not necessary to introduce if PCR5 is adopted. If there are
good reasons to introduce temporal discounting, there is obviously no difficulty to still apply PCR5 fusion of these discounted sources. Let’s now present in the next section how
the track likelihood is improved for taking into account attribute information arising from the target type tracker just
described above.
Data attributes in the VS-IMMC SB-MHT
The posterior (or updated) probability of a target being in
class ca , is given by the pignistic probability. The Classical
Pignistic Transformation (CPT) is described by:

P {ca (k)} =

X |X ∩ ca (k)|
· m (X)
|X|
Θ

(35)

X∈2

C = [cij = P(ca = Tj |TrueTargetType = Ti)]

In equation (35), |X| represents the classical cardinality of a
set X.

To estimate the true target type T (k) at current time k from
the sequence of declarations done by the unreliable classifier up to time k, i.e. to build an estimator Tˆ(k) =
f(ca (1), ca (2), . . ., ca (k)) of T (k), we proceed according
the Target Type Tracker (TTT) developed in [2] which consists in the following sequential steps:

At each time, the TTT takes a decision on the target type according to the maximum of Pignistic Probabilities (35). The
estimated target type at the time k − 1 is noted c¯a (k − 1).
So the target type c¯a (k − 1) is associated to a track T k−1,n.
To improve the target tracking process, the introduction of
the target type probability is done in the likelihood calculation. For this, we consider the measurement zj (k) described
in (18). With the assumption that the kinematic and classification observations are independant it is easy to prove that
the new combined likelihood ΛN associated with a track is
the product of the kinematic likelihood (22) with the classification probability in the manner that:

a) Initialization step (i.e. k = 0). Select the target type
frame Θ = {θ1 , . . . , θM } and set the prior bba m− (.) as vacuous belief assignment, i.e m− (θ1 ∪ . . . ∪ θM ) = 1 since
one has no information about the first target type that will be
observed.
• b) Generation of the current bba mobs (.) from the current classifier declaration ca (k) based on attribute measurement. At this step, one takes mobs (ca (k)) = P {ca (k)} =
Cca (k)ca(k) and all the unassigned mass 1 − mobs (ca (k)) is
then committed to total ignorance θ1 ∪ . . . ∪ θM .
• c) Combination of current bba mobs (.) with prior bba
m− (.) to get the estimation of the current bba m(.). Symbolically we will write the generic fusion operator as ⊕, so
that m(.) = [mobs ⊕ m− ](.) = [m− ⊕ mobs ](.). The combination ⊕ is done according to the PCR5 rule (i.e. m(.) =
mP CR5 (.)).
• d) Estimation of True Target Type is obtained from m(.) by
taking the singleton of Θ, i.e. a Target Type, having the max•

ΛN (k) = Λ(k) · P r {ca (k)|c¯a (k − 1)}

(36)

where the the probability P r {ca (k)|c¯a (k − 1)} is the pignistic probability value on the target type c¯a (k − 1).
Finally, the new combined likelihood (36) is used to calculate
the combined log likelihood ratio (32) of the track T k,l and
3 We

don’t provide here the results based on Pignistic Probabilities since in
our simulations the conclusions are unchanged when working with max. of
belief or max. of Pign. Proba.
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Figure 2. Real situation at time 155 + t0 .

Figure 3. Real situation at time 365 + t0 .
Cumulated MTI reports

to improve the data association process in the SB-MHT with
the integration of the target class information. For the dummy
measurement the attribute probability in (36) is equal to the
last updated attribute probability.
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Scenario description
To evaluate the VS-IMMC SB-MHT improvement by tacking
into account the attribute type, we consider 7 targets which
are maneuvering on the road network (figure 2). In the preliminary results presented here, we only consider 3 target
types:
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Figure 4. Cumulated MTI reports.

Among the 7 targets, 5 targets are tracked vehicles (i.e. civilian vehicule) and the targets 1 and 2 are wheeled vehicules
(i.e. military vehicules). When the target 1 is approaching a
junction (figure 3), in the same time, the target 3 passes this
wheeled vehicule and the target 7 is crossing both (i.e. targets 1 and 3). The goal of the simulation is to increase the
association complexity with the road network configuration.

the sensor described in the part 4 is given by:


0.8 0.1 0.1
C =  0.1 0.8 0.1 
0.1 0.1 0.8

(38)

We recall that the confusion matrix is only used to simulate
the target type probability.

The 7 targets are tracked by a GMTI sensor at 7 seconds with
20 m, 0.0008 rad and 1 m · s−1 range, cross-range and rangerate measurement standard deviation respectively. The detection probability PD is equal to 0.9 and the MDV (Minimal
Detectable Velocity) fixed at 1 m/s. The sensor is located at
(40 km,40 km) from the TCF origine at 4000 m in elevation
and moves in the west direction. On figures 2 and 3, one
shows the cumulated MTI reports. The confusion matrix of

VS-IMMC SB-MHT parameters
We consider three motion models (i.e. i ∈ {0, 1, 2}) which
are respectively a stop model M0 when the target is assumed
to have a zero velocity, a constant velocity model M1 with
a low uncertainty, and a constant velocity model M2 with a
high uncertainty (modeled by a strong noise). The parameters
9

of the IMM are the following: for the motion model M1 , the
standard deviation along and orthogonal to the road segment
are equals to 0.05 m · s−2 ), the constrained constant velocity
model M2 has a high standard deviation to adapt the dynamic
to the target manoeuvre (the standard deviation along and orthogonal to the road segment are respectively equal to 0.8
m · s−2 and 0.4 m · s−2 ) and the stop motion model M0 has a
standard deviation equal to zero. Those generics constrained
motion models must be adapted following the road network
2
topology. The transition matrix pi,j (∀i, j ∈ {0, 1, 2} ) used
in (23) is equal to:

0.5 0.02 0.48
[pi,j ] =  0.005 0.9 0.095 
0.05 0.3 0.65

without PCR5
1
0.9
0.8
0.7
0.6
0.5
0.4



0.3

(39)

0.2
0.1

The SB-MHT parameters are those taken in [19]. The validation gate probability is equal to 0.99. The false alarm
rate λf a and the new target rate λnt are respectively equal
to 1.4877 · 10−9 and 1.4877 · 10−10 per unit of volume. The
best hypothesis number NH ypo is equal to 4. The N-Scan
number for the pruning process is equal to 3.

0

1

2

3

4

5

6

7

Target number

Figure 5. Track length ratio without PCR5
1

Preliminary results

0.9

For each confirmed track given by the VS-IMMC SB-MHT,
a test is used to associate a track to the most probable target.
So, several tracks can belong to only one target.

0.8
0.7
0.6

The target tracking goal is to track as long as possible the target with one track. Then, in order to evaluate the track maintenance we use the track length ratio criterion for a target n
between the true target trajectory length ln and the associated track length Ln obtained in a simulation. According to
50 Monte-Carlo runs, we obtain for each track the averaged
track length ratio (∀n ∈ {1, ..., 7}):
Rn =

100
X
k=1

0.5
0.4
0.3
0.2
0.1
0

ln
100 · Ln

1

2

3

4

5

6

7

Target number

(40)

Figure 6. Track length ratio with PCR5

In addition to the track length ratio criterion, we calculte the
averaged root mean square error (noted ARMSE) for each target, the track purity and the type purity (only for the tracks obtained with PCR5). The ARMSE is the root mean square error averaged on the time. The track purity is the ratio between
the sum of correct association number on the track length and
the type purity is the ratio between the sum of true type decision number on the track length.

Target #
1
2
3
4
5
6
7

The track length ratio of the target 1 and 3 is better with the
PCR5 (figure 6) than without (figure 5). In fact, when the target 3 is passing the target 1 or 2 (the wheeled vehicules), the
VS-IMMC SB-MHT without the PCR5 can associate track
of target 2 to the measurement of target 3. Then, the track of
target 3 is lost and a new track is built for this target. That
is why the track purity of the target 3 is bad (see table 1).
Sometimes, the association between target 2 and 3 is good
(the passing is detected). However, when target 3 is passing

ARMSE
73.89
32.71
46.36
28.20
35.15
28.25
16.91

Track Purity
0.38
0.72
0.32
0.76
0.85
0.80
0.78

Type Purity
None
None
None
None
None
None
None

Table 1. Averaged track results without PCR5.
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Target #
1
2
3
4
5
6
7

ARMSE
16.60
26.75
29.12
25.18
35.15
28.25
16.91

Track Purity
0.82
0.77
0.70
0.81
0.85
0.80
0.78

Type Purity
0.93
0.83
0.91
0.90
0.96
0.92
0.94

our new target tracking algorithm with the one based on
Dempster-Shafer’s Target Type Tracker are currently under
investigation. Our preliminary results and analysis have
shown that the passing of targets is a very difficult association problem whenever the targets have the same type. That
is why we will investigate the possibility in using the High
Range Radial Resolution given by the GMTI sensor coupled
with our PCR5-based Target Type Tracker. Finally, the type
information must be extended with heterogeneous sensors by
using a taxonomy.

Table 2. Averaged track results with PCR5.
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