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Abstract

This paper proposes a technique for motion estima-

tion of groups of ground targets based on evolving

graph networks. The main novelty over alternative

group tracking techniques stems from learning the

network structure for the groups. Each node of the

graph corresponds to a target within the group. The

uncertainty of the group structure is estimated jointly

with the group target states. New group structure

evolutional models are proposed for automatic graph

structure initialisation, incorporation of new nodes,

unexisting nodes removal and the edge update. We

update both the state and the graph structure based

on range and bearing measurements. This evolving

graph model is propagated using a particle filtering

framework combined with Metropolis-Hastings steps.

The effectiveness of the proposed approach is illustrated

over a challenging scenario for group motion estimation

in urban environments. Results with merging, splitting

and crossing of groups are presented with high estima-

tion accuracy.

Keywords – evolving graphs, random graphs, group
target tracking, nonlinear estimation, Monte Carlo
methods, Metropolis-Hastings step

1 Introduction

During the last years group object tracking has
been investigated in various different applications
including road traffic systems, military surveillance
and in particular for ground moving target indica-
tor (GMTI) tracking [1] and robotics applications
[2, 3, 4, 5].

Groups of targets can be considered as forma-
tions of entities whose number varies over time be-
cause targets can enter a scene, or disappear at
random times. The groups can split, merge, to
be relatively near to each other or move largely
independently on each other. However, it is typ-
ical for group formations to maintain some pat-
terns of movement [6] and hence the methods for

group tracking differ from the methods of standard
multiple-target tracking. Although individual tar-
gets in the group can exhibit independent move-
ment at a certain level, overall the group will move
as one whole, synchronising the movement of the
individual entities and avoiding collisions.

Different models of groups of objects have been
proposed in the literature, such as the flocking
models [7, 8, 9], including leader-follower models
[6]. However, estimating the dynamic evolution of
the group structure has not been widely studied in
the literature, although there are similarities with
methods used in evolving network models [10, 11].

Inspired by some ideas from [10], we consider the
groups of objects to be evolving undirected random
graphs. The main novelty of this paper is in the
proposed approach for estimating the group struc-
ture jointly with the group target states. In contrast
with the algorithm proposed in [12], here the graph
structure is probabilistically updated, jointly with
the samples for each target state which affords to
represent the group structure uncertainty in a bet-
ter way. Additionally the particle filter proposed
here incorporates Metropolis-Hastings steps.

Methods for group object tracking vary widely:
from Kalman filtering approaches, Joint Probabil-
ity Data Association (JPDA) [13, 14] to Probabil-
ity Hypothesis Density (PHD) filtering [15, 16, 17],
and others [18, 19, 20, 21]. The influence of the
‘negative’ information on group object tracking is
considered in [22] and ground moving target in-
dicator tracking based on particle filtering in [1].
In [17] a coordinated group tracking model is pre-
sented, comprising a continuous-time motion of the
group and a group structure transition model. A
Markov chain Monte Carlo (MCMC) particle filter
algorithm is proposed to approximate the posterior
distribution of the high dimensional state.

Mahler [6] outlines that careful group target mo-
tion models should be able to describe target ap-
pearance and disappearance, not just for the mo-
tion of individual targets and the degree ton which
targets jointly move in a coordinated manner.

The remaining parts of this paper are organised
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as follows. Section 2 presents the evolving net-
work models. Section 3 formulates the group object
tracking problem jointly with the proposed evolving
network model for the groups. Section 4 presents
simulation results and finally conclusions are given
in Section 5.

2 Evolving Network Models

The evolution of complex network structures has
been studied in the light of different problems, such
as complex networks in communications, the Inter-
net, biology, social sciences and economics (see, e.g.,
the surveys [10, 11]). The aim is to be able to model
the changing process of the network structure (ad-
dition of new nodes, removal of nodes, in parallel
with edge updating). After several studies on ran-
dom graph network theory [23], recent research in
networks is focusing on more sophisticated evolv-
ing dynamic systems. For instance, when adding a
new node, instead of using a random process for the
generation of new edges, a preferential creation of
edges can be computed. The preferential strategy
of adding edges is based on the assumption that a
node with a higher impact in the graph network has
a higher probability to be connected to new nodes
than a second node with less impact. For instance,
for a research community network, an article with
many citations has more chance to be cited by a
new paper than a paper with few citations.

The flexible approach of evolving graphs fits well
with the problem of group object tracking. A cru-
cial novelty in the evolving group object network
that we develop is that the targets have dynamical
spatial constraints. We propose, in this paper, to
extend basic concepts of evolving networks models
to group object networks in Section 3.4.

3 Problem Formulation

Consider the problem of tracking the motion of
groups of ground targets. Each target i is charac-
terised by its state vector xt,i = (xt,i, ẋt,i, yt,i, ẏt,i)

′

(comprising the positions xt,i, yt,i and velocities
ẋt,i, ṫ0,i in x and y direction). Vehicles which
are close to one another tend to form a group. A
Mahalanobis distance di,k can be chosen as a cri-
terion of closeness between the targets within a
group. At each time instant, the set of objects
tracked in a group g can be modeled by a Ran-

dom Finite Set (RFS, see [6]) that incorporates
the state vectors of the group members, X

g
t =

{xg
t,1, x

g
t,2, . . . , x

g
t,ng

)} where ng is the random
size of group g. A RFS Xt model can be decom-
posed into subsets in the following way

Xt = X
persist

t|t−1 ∪ X
spawn

t|t−1 ∪ X
appear
t , (1)

where X
persist

t|t−1 is the RFS of persisting targets from

Xt−1 at time t; X
spawn

t|t−1 is the RFS of targets

spawned from Xt−1 and X
appear
t is the RFS of tar-

gets appearing spontaneously at time t. In order to
adapt this decomposition to the structure of groups
of targets, X

g
t is written with one supplementary

component according to

X
g
t = X

g,persist

t|t−1 ∪X
g,spawn

t|t−1 ∪X
g,change

t|t−1 ∪X
g,appear
t ,

(2)

where X
g,change

t|t−1 is the RFS of possible targets that

come from other groups in the neighbourhood.
Additionally, similarly to [17] we define a group

structure Gt which, in our paper, is a graph and
represents both the targets within the groups and
edges between them. The approach in our paper
builds up a dynamical evolution model instead of
using transition probabilities in the space of possible
group structures (for instance see Fig 1).
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Figure 1: Two approaches for modeling dynami-
cal changes on the graph structure. At left: tran-
sition probabilities in the space of possible group
structures (built for this example from 3 existing
targets). At right: an evolution model for Gt ac-
cording to the previous graph structure Gt−1 and
according to the current states of targets X t. Blue
denotes the current group structure while green de-
notes new structures that may be reached in one
time step

In [17] the first approach is followed. This can
be computationally demanding when the number
of targets and hence possible groupings is large. By
incorporating the information about closeness be-
tween the groups and the information about close-
ness between targets within a group in a graphi-
cal way, we expect to reduce that complexity. In-
deed, the dynamical group structure can be repre-
sented with a graph structure in order to be able
to model merging groups or group splitting, incor-
poration or removal of nodes. In section 3.4, the
proposed evolving group networking model, Gt =
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f(Gt−1, Xt), for group object tracking is presented.
At time t a measurement vector zt is received

which can be described as a function of the aug-

mented state RFS Xt = {X
g1
t , . . . , X

gnG

t }. As-
suming that the measurement likelihood function
p(zt|Xt) can be calculated, the purpose is to com-
pute sequentially the state probability density func-
tion for each group of objects. Additionally, the
groups’ movements are assumed independent. In-
deed, the changes of the groups such as merging and
splitting are taken into account during the graph
update process.

Under the Markovian assumption for the state
transition, the Bayesian prediction and filtering

steps can be written as follows:

p(Xt, Gt|Z1:t−1) = p(Gt|Xt, Z1:t−1) × p(Xt|Z1:t−1)

=
∫

p(Gt|Xt,Gt−1) ×

p(Xt|Xt−1,Gt−1)p(Xt−1,Gt−1|Z1:t−1)dXt−1dGt−1, (3)

p(Xt, Gt|Z1:t) =
p(zt|Xt, Gt) × p(Xt, Gt|Z1:t−1)

p(zt|Z1:t−1)
, (4)

where Z1:t is the set of measurements up to time t
and zt is the current vector of measurements. With
the independence assumptions between groups, the
following supplementary equations

p(Xt|Xt−1,Gt−1) =
∏

gi∈Gt−1

p(X
gi

t |X
gi

t−1), (5)

p(zt|Xt, Gt) =
∏

gi∈Gt

p(z
gi

t |X
gi

t−1), (6)

can be written where z
gi

t is the set of measurements
related to the group gi.

3.1 Model of Individual Targets

The nearly constant velocity model [24, 25] is used
for the update of each node of the graph, i.e., for
modelling the motion of each target within a group.
Then the state of the ith target is given by:

xt,i = Axt−1,i + Γηt−1,i, (7)

where A = diag(A1, A1), A1 =

(

1 T
0 1

)

, Γ =
(

T/2 1 0 0
0 0 T/2 1

)′

, T is the sampling interval

and ηt−1,i is the system dynamics noise. In order to
cover a wide range of motions, the velocity should
be approximately constant in a straight line and the
velocity change should be abrupt at each turning
(especially for the direction of the velocity). Then,
the system dynamics noise ηt−1,i is taken as a sum
of two Gaussian components

p(ηt−1,i) = αN (0, Q1) + (1 − α)N (0, Q2), (8)

Q1 = diag(σ2, σ2
1), Q2 = diag(σ2, σ2

2); σ is a stan-
dard deviation assumed common and constant for
x and y; σ1 � σ2 are standard deviations allowing
to model respectively smooth and abrupt changes
in the velocity. The fixed coefficient α has values in
the interval [0, 1].

In addition, to model the group interaction in
each group, the mean velocity of group components
is used in (7) instead of the velocity of each group
component.

3.2 Observation Model

Range and bearing observations from a network of
low cost sensors positioned along the road are con-
sidered as measurements. The measurement vector
zt,i for the ith target contains the range rt,i to each
target and the bearing βt,i. The measurement equa-
tion is of the form:

zt,i = h(xt,i) + wt,i, (9)

where h is the nonlinear function

h(xt,i) =

(

√

x2
t,i + y2

t,i, tan−1 yt,i

xt,i

)

(10)

and the measurement noise wt,i is supposed to be
Gaussian, with known covariance matrix R. In this
work, we assume that the data association problem
is resolved and, then, we concentrate mainly on the
group modelling and its motion tracking.

3.3 Particle Filtering Algorithms for

Group Motion Estimation

In this Section we present a particle filtering tech-
nique with a Metropolis-Hastings step for group
object motion estimation. We denote by Np the
number of particles and L is the current index
of a particle. Having in mind (3)-(6), the imple-
mented evolving group model is described as Algo-

rithm 1, where the samples X
gi(L)
t are drawn from

the proposal distribution qgi
(Xgi

t |Xgi

0:t−1, z0:t−1) =

p(X
gi

t |X
gi

t−1, Gt−1). The samples G
(L)
t for the

graph structure are drawn from the distribution
Q(Gt|X0:t, Gt−1) = p(Gt|Xt, Gt−1).

In this paper, to sample from the proposal dis-
tribution qgi

, a nearly constant velocity model (7)-

(8) is used for each component X
gi,(L)
t−1 of a parti-

cle X
(L)
t−1 to obtain X

gi,(L)
t . In order to model the

group interaction in each group, let us remind that,
the mean velocity of group components is used in
the constant velocity model instead of the veloc-
ity of each group component. To sample from the
proposal distribution Q, the group structure evolu-
tion model, that will be introduced in Section 3.4, is

3

1178



used. In step 2 of Algorithm 1, the likelihood is cal-
culated by assuming independency between clusters
of measurements corresponding to each group. The
Metropolis-Hastings step is described in Algorithm
2 and is iterated m time steps (m being chosen be-
forehand).

Algorithm 1. Particle filtering with a

Metropolis-Hastings step for group motion

estimation

1. Prediction step

FOR L = 1 . . .Np

FOR all g
(L)
i ∈ G

(L)
t−1

DRAW a sample X
gi(L)
t from the proposal

distribution q
(L)
gi :

X
gi(L)
t ∼ q

(L)
gi (X

gi

t |X
gi(L)
0:t−1, z0:t−1)

END

DRAW a sample G
(L)
t from a proposal

distribution Q

G
(L)
t ∼ Q(Gt|X

(L)
0:t , G

(L)
t−1)

END

2. Updating step

FOR L = 1 . . .Np

FOR all g
(L)
i ∈ G

(L)
t−1

CALCULATE the weight for all data points
according to:

p(zt|X
(L)
t ) =

∏

g
(L)
i

∈G
(L)
t

p(z
gi(L)
t |X

gi(L)
t−1 )

END
END
Run the m Metropolis-Hastings algorithm
steps (see Algorithm 2)
UPDATE and NORMALISE the weights
ESTIMATE the current state vector Xt

3. Resampling

Perform the resampling step if N̂eff < Nthr

Finally, in step 3, for each target we estimate
the corresponding efficient components in the par-

ticles X
(L)
t and resample if the effective number of

samples N̂eff is less than a threshold Nthr [26].

3.4 Evolution Model for the Group

Object Structure

3.4.1 Graphical Representation for the

Group Object Structure

Each node of the graph corresponds to an object
within the group and the presence (resp. absence)
of an edge between two nodes means presence (ab-
sence) of interactions between these objects. Each
group will be considered as a connected component

of the whole graph structure. Let us remember that,
two nodes are in the same connected component if

Algorithm 2. Metropolis-Hastings step with

the group structure

FOR L = 1 . . .Np

FOR all g
(L)
i ∈ G

(L)
t−1

DRAW a new sample X
gi(prop)
t

CALCULATE the likelihood for X
gi(prop)
t

CALCULATE the acceptance ratio

ρ = min(1,
p(zt|X

(L)
t )

p(zt|X
(L)
t−1)

)

UPDATE X
gi(L)
t and its likelihood

END
END

and only if there exists a path between them. In
order to characterise the presence or absence of a
link (edge) between two nodes, we first calculate the
distance between these two considered nodes, e.g.,
by the Mahalanobis distance criterion. The Ma-
halanobis distance is computed from the estimated
positions and from the velocities of the separate ob-
jects. This estimated distance is thresholded and a
decision is made about the connections.

3.4.2 Evolution Algorithm

The aim is to determine an evolution model Gt =
f(Gt−1, Xt) for the group structure, for t > 0 and
an initialisation process G0 = f(X0) for t = 0.
The system below (11) shows the decomposition of
the evolution model f according to the time t and
according to three distinctive steps: edge updating,
node adding and node removal.

{

t = 0, G0 = fI(X0)
t > 0, Gt = fNS ◦ fNI ◦ fEU (Gt−1, Xt)

(11)
where ◦ denotes the composition operation; fI is an
Initialisation model that will be defined in Section
3.4.3 ; fEU is the graph Edge Updating model that
will be defined in Section 3.4.4; fNI is the graph
Nodes Incorporation model that will be defined in
Section 3.4.5 ; fNS is the graph Nodes Suppression
model that will be defined in Section 3.4.6.

3.4.3 Graph Initialisation-ModelfI

In this Section, we assume that, at time t = 0,
the number of targets and their respective states
are known. The graph structure can be deduced
according to the Mahalanobis criterion on the dis-
tance between targets and on their velocities. Let
us consider N targets constituting the set of vertices
{v1, . . . , vN}. Each vertex vi is associated with
the target state x0,i = (x0,i, ẋ0,i, y0,i, ẏ0,i)

′, at time
t = 0, as well as the target state’s corresponding
variance matrix P 0,i;

′ denotes the transpose oper-
ation. Model 1 describes the proposed edge initial-
isation method where E0 is the set of edges linking
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the set of vertices {v1, . . . , vN}. Initially E0 is the
empty set {∅}. Additionally the Mahalanobis dis-
tance di,k between vertices vi and vk is calculated
and we evaluate whether it exceeds a chosen deci-
sion threshold ε. The edge between nodes vi and
vk is denoted by (i, k).

Model 1.fI-The edge creation process.

E0 = {∅}
FOR i = 1, . . . , N − 1

FOR k = i + 1, . . . , N
CALCULATE di,k

IF di,k < ε, E0 = E0 ∪ {(i, k)}
END

END
END

Using Model 1, the initial graph structure G0 =
({v1, . . . , vN}, E0) is then obtained. Note that, pre-
viously, the graph structure has been also written
as: G0 = {g1, . . . , gnG0

}, where the groups gi are
the connected components of G0 and nG0 is the
number of groups in G0.

3.4.4 Edge Updating-fEU

The evolving graph of group of targets is more dy-
namic than those studied in the literature [10]. In-
deed, existing edges should be updated each time
since the graph structure is related to a dynamic
spatial configuration. In a straightforward way,
Model 1 can recalculate the distance between any
pair of nodes. However, the computational com-
plexity can be reduced when some information
about group centres (means, variances and the dis-
tances between them) is used.

For each group g we define its centre Og =
1

ng

∑

vkεg

x
g
k and its corresponding average variance

matrix P g = 1
ng

∑

vkεg

P
g
k , where ng is defined as the

number of targets in g. The centre and covariance
of each group can be characterised differently, e.g.,
based on a mixture of Gaussian components.

Using the Mahalanobis distance criterion, an ap-
propriate threshold ε′ >> ε, and based on Model
1, a second graph G′ = ({v′

1, . . . , v
′
nG

}, E′) can be
introduced with nodes being characterised by their
position Ogi . Indeed, a couple of connected nodes
in the set E′ can be interpreted as two groups that
can possibly have interactions (exchange of targets).
Model 2 summarises the use of G′ graph when only
edges between neighbouring groups are updated.
The graph G′ will also be used in the node incor-
poration process.

Model 2. fEU -Edges updating process.

FOR i = 1, . . . , nG − 1
APPLY Model 1
to the set of nodes in gi and update E
FOR k = i + 1, . . . , nG

IF edge (i, k) ∈ E′

FOR each node in group gi,
CALCULATE the distance

to each node in group gk

COMPARE with ε and update E
END

END
END
i = nG APPLY Model 1
to the set of nodes in gi and update E

3.4.5 New Node Incorporation-modelfNI

Classical approaches use either random or preferen-
tial approaches (the mixture of the two also exists)
in order to assign edges to the new nodes. In ad-
dition, in classical graph techniques, the number of
new edges assigned to each new node is fixed.

For the group target case, the distance calculated
based on the interaction criterion should be used to
create edges with the existing nodes and the num-
ber of edges is then determined by the nodes’ spa-
tial configuration. Consider a new node (vertex)
denoted as vnew and its state xnew. Depending on
the state xnew and in comparison with the existing
nG nodes, new edges have to be created. A sim-
ple way is to evaluate the criterion for interaction
between every pair (vnew, vi). In order to optimise
the calculation time, the graph G′ defined in section
3.4.4 can be used.

Model 3. fNI- Incorporation of new nodes.

Consider group i = 1
NodeNearGroup = false
DO

CALCULATE dnew,i

IF dnew,i < ε′′

NodeNearGroup = true
FOR each node in gi,

CALCULATE the distance
between vnew and each node in gi

COMPARE with ε and update E
END
FOR k = i + 1 . . . nG

IF edge (i, k) ∈ E′

CALCULATE the distance
between vnew and each node in gk

COMPARE with ε and update E
END

END
i = i + 1

WHILE(i = nG + 1 or NodeNearGroup = true)

5
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Model 3 shows the edge updating when incor-
porating a new node, where dnew,i is the distance
between vnew and Ogi

; ε′′ > ε is a threshold fixed
in order to see whether the new node vnew is inter-
acting with a node in a group g.

3.4.6 Old Node Suppression-modelfNS

This part is the simplest and consists of removing
death targets by removing corresponding nodes and
their related edges. A target in the graph will be
removed if the measurements do not contain any
information about it after a certain period of time.

4 Performance Evaluation

4.1 Scenario and Models

−1000 −500 0 500 1000 1500 2000
−1000

−500

0

500

1000

1500

2000

2500

3000
Positions (group 1)

x coordinate, [m]

y
 c

o
o
rd

in
a
te

, 
[m

]

Figure 2: Actual trajectory of group 1

The proposed technique has been tested over a
scenario in an urban environment. The displace-
ments of four groups, each of them comprising two
ground targets, are simulated (see Figures 2-5) over
a period of 280s. The scenario is the following:
group 1 and 2 are the same entity at the begin-
ning and split in two groups during their motion.
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Figure 3: Actual trajectory of group 2
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Figure 4: Actual trajectory of group 3
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Figure 5: Actual trajectory of group 4

In contrast, group 3 and 4 are two different enti-
ties at the beginning but merge into one group dur-
ing the motion. In addition, group 1, during the
time evolution, passes near groups 3 and 4. Fig-
ure 6 describes this evolution of the group structure
with two changes due to, respectively, splitting and
merging of groups.

The scenario is challenging since the filter should
be able to deal with splitting and merging of groups
and also should be able to avoid interaction between
crossing groups with opposite direction motion.

4.2 Simulation Results

A particle filter (PF) with sequential importance re-
sampling (SIR) and Metropolis-Hastings step has
been applied to this scenario. Figures 7-9 show the
performance of the filter for all the 8 targets. Note
that 1000 particles have been used with m = 10
iteration of the Metropolis-Hastings algorithm. The
coefficient α for the Gaussian sum in the constant
velocity model has been chosen to be equal to 0.6.

Figures 8 and 9 show the position and velocity
mean errors for 50 Monte Carlo runs. The devel-
oped approach provides accurate estimates of the
positions of the separate vehicles. Additionally, Fig-
ure 10 presents the group structures estimated by
the PF and the actual group structures of the sim-
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Figure 6: Evolution of the group structure in time.
From 0s to 20s, three groups are evolving: (1+2), 3 and
4. Then from time instant 20s to 40s, four groups are
evolving: 1, 2, 3 and 4. Finally, from time instant 40s

to the end, three groups are evolving: 1, 2 and (3 + 4).
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Figure 7: Estimated trajectories for the 8 targets. the
circles represent the sensor places.
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Figure 8: Position estimation error for eight targets.
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Figure 9: Velocity estimation error for eight targets.
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Figure 10: Group structure evolution in the simulated
trajectory (bottom) and estimated by the PF (top).
The nine more relevant groups are labeled from 1 to
9 and a probability is calculated, for each group and at
each time step, for the PF.

ulated trajectories. The nine more relevant groups
are labeled from 1 to 9 and a probability is calcu-
lated for each group at each time.

The group structures estimated by the PF give
weights to five supplementary group structures (4
to 9). These supplementary group structures oc-
cur essentially when, due to estimation errors and
during a short time, one group is abnormally split
(especially when one edge is removed). Groups 4
to 6 differ from group 3, slightly, with one less edge
and groups 7 to 9 differ to group 2, slightly, with
one less edge. One can conclude that the group
structure is well captured by the introduced graph
evolution model.

5 Conclusions

This paper presents an evolutionary graph network-
type model for group object tracking. Its effective-
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ness is investigated and shown over a challenging
urban environment scenario with splitting, merg-
ing and crossing of groups. The proposed particle
filter with a Metropolis-Hastings step has shown re-
liable performance and accurate tracking. Models
for adding and removing nodes are proposed and
validated.

Current research work is focussed on extending
this particle filtering framework to account for the
measurement uncertainty and solve data associa-
tion problems. Models involving in a different way
the interactions between the group elements are
investigated.
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