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Abstract—This paper presents a distributed solution for multiobject tracking and classification. The state of objects is partially
observed by a set of sensors organized in a network. The idea is
to exchange partial data throughout the network and provide a
complete information at each sensor level. The proposed solution
involves a finite time average consensus where existing solutions
are based on asymptotic consensus. The consensus algorithm
intervenes in both distributed tracking and classification of
multiple objects. It is firstly used to complete information about
objects trajectories and secondly to complete beliefs concerning
the classification. Simulation results show the relevance of the
proposed solution.

I.

I NTRODUCTION

Cars in a highway can be seen as a complex parameter
distributed system. To get traffic information, a given number
of sensors can be deployed. They can centralize their information to a fusion center and then proceed to an estimation,
surveillance or control process. This solution would be very
expensive and maybe not feasible. This is due to the wide
spatial distribution of the system and the difficulties associated
with the connection of sensors to a fusion center. A full
connected sensor network may be considered, but this would
be more complex than the centralized solution as far as each
sensor become a fusion center. This refers to decentralized
approaches, an example of a decentralized approach applied
to objects tracking can be found in [1].
To deal with realistic constraints like sensors computation
limits and limited communication ranges. Solutions avoiding
full connection in networks are required. These solutions are
referred to as distributed approaches [2]–[5]. Sensor networks
in this kind of approaches are seen as communication graphs
where sensors represent nodes and communication links represent edges. A node does not need to be connected to all
graphs nodes. Data are exchanged only between neighboring
nodes and thus completed at each node level. In a distributed
estimation context, the Distributed Kalman Filter (DKF) was
designed [6], [7]. In related references, DKF is based on a
standard average consensus algorithm [8]–[10]. The average
consensus algorithm assumes that communication graph is
known by each node. Based on this knowledge and data communicated by neighboring nodes, each node is able to converge
to the average value of the received data. These aggregated data
are used to update DKF. A multi-object tracking solution based
on DKFs is proposed in [11]. In this solution, the assignment of
observations to known objects is ensured be a Joint Probability
Data Association (JPDA) algorithm.

An equivalent tracking solution is proposed in this paper. It is based on DKFs but it uses a finite time average
consensus algorithm instead of the standard asymptotic one.
This finite time consensus algorithm allows the calculation
of an exact average of entering data in a finite time. It can
be understood that the finite time consensus based on DKF
performance would be equivalent to a centralized Kalman filter
performance, since it calculates the exact average value of local
data. Farther information about finite time consensus algorithm
can be found in [12], [13]. Observations to tracks and tracks
to tracks assignments in the proposed solution is performed
by a Global Nearest Neighbor (GNN) algorithm which gives
an optimal deterministic matching. Of course, assignment step
can be replaced by more elaborated probabilistic methods like
JPDA or Multiple Hypotheses Tracking (MHT) algorithms,
or even, belief functions based assignment methods like [14].
Notice that DKFs, in the proposed solution are incorporated
in Interacting Multiple Model (IMM) algorithms in order to
handle objects maneuvers. More information about IMMs can
be found in [15], [16]. Confirmation of appearing objects and
deletion of non-detected ones are ensure by score functions
(statistical test) [16], [17].
In addition to the tracking task, a distributed classification
strategy is proposed. In [18], a method to propagate beliefs
throughout a sensor network is proposed. It is based on a
standard asymptotic consensus algorithm. In this paper, a
finite time consensus algorithm is used and belief propagation
strategy is applied on cars behaviors recognition.
Section II of this paper describes the system of interest.
Section III provides some details on the adopted distributed
tracking and classification strategies. Section IV highlights
the relevance of the proposed solution throughout simulation
results and Section V concludes the paper.
II.

S YSTEM DESCRIPTION

Cars in a highway are considered as multiple moving
objects. Their state vectors evolve as follows:
𝑥(𝑘 + 1) = 𝐹𝑓 𝑥(𝑘) + 𝑤(𝑘 + 1),

(1)

where 𝑥(𝑘) represents the state vector at time step 𝑘, 𝐹𝑓 a
linear state matrix, with 𝑓 ∈ {1, 2, ..., 𝑛𝑓 } and where 𝑛𝑓
represents the number of linear possible evolution modes. The
vector 𝑤 represents the state noise considered as Gaussian with
covariance matrix 𝑄.
Observations taken by a given sensor 𝑖 ∈ {1, 2, ..., 𝑁 } are

modeled as follows:
𝑧𝑖 (𝑘) = 𝐻𝑖 𝑥(𝑘) + 𝑣𝑖 (𝑘),

(2)

where 𝐻𝑖 represents the observation matrix and 𝑣𝑖 is the sensor
noise considered as Gaussian with covariance matrix 𝑅𝑖 .
It is supposed that the state vector of each object is
partially and complementary observed by the sensors. The
global observation model would be:
′

′

′

′

𝑧(𝑘) = [𝑧1 (𝑘) 𝑧2 (𝑘) ... 𝑧𝑁 (𝑘)] ,

(3)

equivalently, the global sensor noise vector is given by:
′

′

′

′

𝑣(𝑘) = [𝑣1 (𝑘) 𝑣2 (𝑘) ... 𝑣𝑁 (𝑘)] ,

(4)

the global covariance matrix is given as follows:
𝑅 = [𝑅1 𝑅2 ... 𝑅𝑁 ],

Fig. 1.

(5)

and finally, the equivalent global observation matrix is given
by:
′

′

′

′

𝐻 = [𝐻1 𝐻2 ... 𝐻𝑁 ] ,

(6)

This hypothesis on the observation model allows us to make
the following equivalences [6]:
⎧


⎨

′

𝐻 𝑅−1 𝐻 =

𝑁
∑
𝑖=1

′

𝐻𝑖 𝑅𝑖−1 𝐻𝑖

𝑁
∑
′
′


⎩ 𝐻 𝑅−1 𝑧(𝑘) =
𝐻𝑖 𝑅𝑖−1 𝑧𝑖 (𝑘)

(7)

𝑖=1

Flowchart of the proposed distributed tracking solution

1) Tracks predictions: The prediction step of the distributed
tracking algorithm is depicted in Algorithm 1.
Algorithm 1 Tracks predictions.
𝑡
Require: A priori estimates: 𝑥
ˆ𝑡𝑖,𝑓 (𝑘 − 1∣𝑘 − 1), 𝑆ˆ𝑖,𝑓
(𝑘 − 1∣𝑘 −
1), 𝑡 = {1, 2, ..., 𝑛𝑖 }, 𝑖 = {1, 2, ..., 𝑁 }, 𝑓 = {1, 2, ..., 𝑛𝑓 }.
Models parameters: 𝐹𝑓 , 𝑅, 𝑄 and models probabilities
𝜎𝑓 (𝑘 − 1) calculated in IMMs process.
Ensure: State 𝑥
¯𝑡𝑖 (𝑘∣𝑘 − 1) and covariance matrix 𝑆¯𝑖𝑡 (𝑘∣𝑘 − 1).
For each Kalman filter 𝑓 = {1, 2, ..., 𝑛𝑓 } in the IMM:
𝑡
(0∣0) ini1 State vector 𝑥
ˆ𝑡𝑖,𝑓 (0∣0) and covariance matrix 𝑆ˆ𝑖,𝑓
tialization, 𝑘 = 0.
𝑡
(𝑘∣𝑘 −
2 State vector 𝑥
¯𝑡𝑖,𝑓 (𝑘∣𝑘 − 1) and covariance matrix 𝑆¯𝑖,𝑓
1):
ˆ𝑡𝑖,𝑓 (𝑘 − 1∣𝑘 − 1).
(8)
𝑥
¯𝑡𝑖,𝑓 (𝑘∣𝑘 − 1) = 𝐹𝑓 𝑥
′
𝑡
𝑡
𝑆¯𝑖,𝑓
(𝑘∣𝑘 − 1) = 𝐹𝑓 𝑆ˆ𝑖,𝑓
(𝑘 − 1∣𝑘 − 1)𝐹𝑓 + 𝑄.

Global quantities:
Equivalences in (7) allows the Kalman filters based distributed
tracking to be performed. This is explained in the following
section.

𝑥
¯𝑡𝑖 (𝑘∣𝑘

− 1),

𝑥
¯𝑡𝑖 (𝑘∣𝑘 − 1) =

𝑛𝑓
∑

𝑆¯𝑖𝑡 (𝑘∣𝑘

(9)

− 1).

𝜎𝑓𝑡 𝑥
¯𝑡𝑖,𝑓 (𝑘∣𝑘 − 1).

(10)

𝑡
𝜎𝑓𝑡 𝑆¯𝑖,𝑓
(𝑘∣𝑘 − 1).

(11)

𝑓 =1

𝑆¯𝑖𝑡 (𝑘∣𝑘 − 1) =
III.

D ISTRIBUTED TRACKING AND CLASSIFICATION

𝑛𝑓
∑
𝑓 =1

STRATEGY

A. Distributed tracking solution
The adopted distributed tracking solution is illustrated in
Figure 1. The main steps of the algorithm are described in the
following.

Notice that, notation 𝑥
¯𝑡𝑖,𝑓 (𝑘∣𝑘 − 1) refers to the state vector
prediction of target 𝑡, made by filter 𝑓 , at node 𝑖, where 𝑖 =
{1, 2, ..., 𝑁 }, 𝑓 = {1, 2, ..., 𝑛𝑓 }, 𝑡 = {1, 2, ..., 𝑛𝑖 }, with 𝑁
being the number of nodes in the network, 𝑛𝑓 the number of
Kalman filters in an IMM and 𝑛𝑖 the number of targets known
by node 𝑖.

2) Observations to tracks assignment: Once tracks predictions have been completed at each sensor (node) 𝑖, they
are compared to some detected observations 𝑧𝑖𝑗 , with 𝑗 =
1, 2, ..., 𝑚𝑖 where 𝑚𝑖 refers to the number of observations
detected by sensor 𝑖.
Assignment of observations to tracks is done by means of
a Global Nearest Neighbor (GNN) algorithm. It is an optimal
solution which minimizes the global distance between observations and predictions. Distances are calculated as follows:
𝑑𝑡,𝑗 (𝑘) = (𝑧𝑖𝑗 (𝑘) − 𝐻𝑖𝑡 𝑥
¯𝑡𝑖 (𝑘∣𝑘 − 1)) (𝑆𝑖𝑡 )−1
𝑗
𝑡 𝑡
(𝑧𝑖 (𝑘) − 𝐻𝑖 𝑥
¯𝑖 (𝑘∣𝑘 − 1)),
′

(12)

where, 𝑖 = {1, 2, ..., 𝑁 }, 𝑡 = {1, 2, ..., 𝑛𝑖 } and 𝑗 =
{1, 2, ..., 𝑚𝑖 }. Assignment matrix, formed by distances [𝑑𝑡,𝑗 ]
is resolved with Munkres algorithm [19].
After observations to objects assignment, each node 𝑖 is
able to provide the following information:
∙

¯ 𝑖 (𝑘∣𝑘 − 1) = {¯
Set of predictions: 𝑋
𝑥1𝑖 (𝑘∣𝑘 −
1), 𝑥
¯2𝑖 (𝑘∣𝑘 − 1), ..., 𝑥
¯𝑛𝑖 𝑖 (𝑘∣𝑘 − 1)}.

∙

{𝑟𝑖1 (𝑘), 𝑟𝑖2 (𝑘), ..., 𝑟𝑖𝑛𝑖 (𝑘)},

∙

Detection index: 𝑟𝑖 (𝑘) =
where, 𝑟𝑖𝑡 (𝑘) = 1 if node 𝑖 detects object 𝑡 at time
step 𝑘 and it equals zero otherwise.
Observation
information
{𝜈𝑖1 (𝑘), 𝜈𝑖2 (𝑘), ..., 𝜈𝑖𝑛𝑖 (𝑘)},
{𝜇1𝑖 (𝑘), 𝜇2𝑖 (𝑘), ..., 𝜇𝑛𝑖 𝑖 (𝑘)}:
𝜈𝑖𝑡 (𝑘)
𝜇𝑡𝑖 (𝑘)

∙

=

=

𝜈𝑖 (𝑘)
𝜇𝑖 (𝑘)

′
𝑟𝑖𝑡 (𝑘)(𝐻𝑖 𝑅𝑖−1 𝐻𝑖 ),

′
𝑟𝑖𝑡 (𝑘)(𝐻𝑖 𝑅𝑖−1 𝑧𝑖 (𝑘)).

=
=

3) Tracks to tracks assignment: This step allows nodes to
get a common order of the tracks. An optimal assignment step
is performed, for each couple of nodes. Weight of assigning
track 𝑡 of node 𝑖 to track 𝑙 of node 𝑗, for example, is calculated
as follows:
′
𝑥𝑡𝑖 (𝑘∣𝑘 − 1) − 𝑥
¯𝑙𝑗 (𝑘∣𝑘 − 1)) (𝑆¯𝑖𝑡 (𝑘∣𝑘 − 1)
𝐷𝑡,𝑙 (𝑘) = (¯
(15)
𝑥𝑡𝑖 (𝑘∣𝑘 − 1) − 𝑥
¯𝑙𝑗 (𝑘∣𝑘 − 1)),
+𝑆¯𝑗𝑙 (𝑘∣𝑘 − 1))−1 (¯
As in the former case, assignment matrix formed by
distances [𝐷𝑡,𝑙 ], with 𝑡 = {1, 2, ..., 𝑛𝑖 } and 𝑙 = {1, 2, ..., 𝑛𝑗 },
is also resolved using Munkres algorithm.
As illustrated in Figure 1, after predictions ordering step,
comes the data aggregation step. Quantities 𝜈𝑖 (𝑘), 𝜇𝑖 (𝑘) and
𝜆𝑖 (𝑘), with 𝑖 = {1, 2, ..., 𝑁 } do not have to be saved in
nodes memories, they are processed by an average finite
time consensus algorithm. Likelihoods 𝜆𝑖 (𝑘) concerns objects
classification, their aggregation process is described in Section III-B.
a) Average consensus algorithm: The average consensus algorithms aim to calculate the average value of some
entering data as illustrated by the following equation:
𝑁
1 ∑
𝑎𝑣𝑒(𝑦(0)) =
𝑦𝑖 (0).
𝑁 𝑖=1

(16)

The average ”𝑎𝑣𝑒” in Equation 16 can be calculated in a
distributed way according to the following dynamic equation:
𝑦(𝑡 + 1) = 𝑃 𝑦(𝑡),

(17)
′

(13)

where 𝑦(𝑡) = [𝑦1 (𝑡) 𝑦2 (𝑡) . . . 𝑦𝑁 (𝑡)] and 𝑃 is a double
𝑁
𝑁
∑
∑
stochastic (𝑁 ×𝑁 ) matrix (𝑃𝑖,𝑗 ≥ 0,
𝑃𝑖,𝑗 = 1,
𝑃𝑖,𝑗 =
𝑖=1

(14)

Local
likelihoods:
𝜆𝑖 (𝑘)
=
{𝜆1𝑖 (𝑘), 𝜆2𝑖 (𝑘), ..., 𝜆𝑛𝑖 𝑖 (𝑘)}. We suppose that each
object 𝑡 can be classified among a set of 𝑛𝑐 classes
{𝑐1 , 𝑐2 , ..., 𝑐𝑛𝑐 }. Therefore, 𝜆1𝑖 (𝑘) represents a
vector containing all classes likelihoods. For instance,
𝜆𝑡𝑖 (𝑧𝑖 ∣𝑐𝑗 ) represents the likelihood that object 𝑡
belongs to class 𝑐𝑗 based on local observation 𝑧𝑖
made by node 𝑖. Notice that classification in this
work is based on objects kinematic data, thus, classes
likelihoods are simply mixtures of Kalman filters
likelihoods in the IMMs.

To summarize: each node 𝑖 has to send a message 𝑚𝑠𝑔𝑖 =
¯ 𝑖 (𝑘∣𝑘−1), 𝑟𝑖 (𝑘), 𝜈𝑖 (𝑘), 𝜇𝑖 (𝑘), 𝜆𝑖 (𝑘)} in the communication
{𝑋
step illustrated in Figure 1. At the same time, the same message
is received by the neighboring nodes in the communication
graph.
Now the question is: how to process these data in order to
complete the information at each node level?
First, each node starts by a predictions ordering step. This
step needs to save sets of predictions in nodes memories. After
that, another assignment algorithm is processed, it is called
tracks to tracks assignment.

𝑗=1

1,). Matrix 𝑃 is compatible with the communication graph
(𝑃𝑖,𝑗 > 0 if node 𝑖 is linked with node 𝑗, 𝑃𝑖,𝑗 = 0 otherwise).
Matrix 𝑃 is constant when the communication graph is fix
and satisfies the following condition in asymptotic average
consensus context [7], [8]:
1
lim 𝑃 = 11,
(18)
𝑡→∞
𝑁
where 11 represents an (𝑁 × 𝑁 ) unit matrix. Methods to
parameterize matrix 𝑃 can be found in [10].
In the finite time average consensus algorithm presented
in [12], [13], instead of using matrix 𝑃 in Equation (17), a
product of a set of graph compatible matrices 𝑄(𝑡) is used:
𝐿
∏
𝑡=1

𝑄(𝑡) =

1
11,
𝑁

(19)

An average value is reached in 𝐿 iterations. The parameter 𝐿
represents the number of distinct non-zero eigenvalues of the
communication graph Laplacian matrix. Broader information
on the calculation of matrices 𝑄(𝑡) can be found in [12], [13].
4) Information aggregation: As explained by Equations in
(7), the global quantities required for tracking is a sum of local
quantities. Using the consensus algorithm, the following sums
can be calculated:
𝑡

𝑏
𝜈 𝑡 (𝑘) = 𝑁 𝑏𝑡 𝑎𝑣𝑒({𝜈1𝑡 (𝑘)}𝑁
𝑖=1 ),

(20)

where 𝑁 𝑏𝑡 =

𝑁
∑
𝑖=1

𝑟𝑖𝑡 (𝑘) represents the number of sensors which

have detected object 𝑡 at time 𝑘. The parameters 𝜇𝑡𝑖 (𝑘) can be
aggregated in the same manner throughout a second consensus
algorithm which can be run in parallel:
𝑡

𝑏
𝜇𝑡 (𝑘) = 𝑁 𝑏𝑡 𝑎𝑣𝑒({𝜇𝑡1 (𝑘)}𝑁
𝑖=1 ),

where 𝛼 is a normalizing factor.
Here, the interest is on a distributed calculation of the
global likelihood noted 𝑊 :
𝑊 =

(21)

Using the calculated global quantities, the objects states estimation of time step 𝑘 can be complete. This is done through
the update step of Kalman filters in the corresponding IMMs.

𝑡
𝑡
(𝑆ˆ𝑖,𝑓
(𝑘∣𝑘))−1 = (𝑆¯𝑖,𝑓
(𝑘∣𝑘 − 1))−1 + 𝜈 𝑡 (𝑘).

(22)

2 State vector 𝑥
ˆ𝑡𝑖,𝑓 (𝑘∣𝑘) update:
𝑡
𝑡
𝑥
ˆ𝑡𝑖,𝑓 (𝑘∣𝑘) = 𝑆ˆ𝑖,𝑓
(𝑘∣𝑘)[(𝑆¯𝑖,𝑓
(𝑘∣𝑘−1))−1 𝑥
¯𝑡𝑖,𝑓 (𝑘∣𝑘−1)+𝜇𝑡 (𝑘)].
(23)
Global quantities (external use): 𝑥
ˆ𝑡𝑖 (𝑘∣𝑘), 𝑆ˆ𝑖𝑡 (𝑘∣𝑘).

𝑥
ˆ𝑡𝑖 (𝑘∣𝑘) =

𝑛𝑓
∑

𝜎𝑓𝑡 (𝑘)ˆ
𝑥𝑡𝑖,𝑓 (𝑘∣𝑘).

(24)

𝑡
𝜎𝑓𝑡 (𝑘)𝑆ˆ𝑖,𝑓
(𝑘∣𝑘).

(25)

𝜆(𝑧𝑖 (𝑘)∣𝑐𝑗 ),

(27)

𝑖=1

which can easily be expressed as an average value of local
quantities:

5) Tracks updates: Once global quantities are provided,
Kalman filters can be updated according to the Algorithm in
2.
Algorithm 2 Tracks updates.
𝑡
Require: Predictions 𝑥
¯𝑡𝑖,𝑓 (𝑘∣𝑘 − 1), 𝑆¯𝑖,𝑓
(𝑘∣𝑘 − 1) calculated
in Algorithm 1.
Aggregated quantities: 𝜇𝑡 (𝑘), 𝜈 𝑡 (𝑘).
Kalman filters probabilities 𝜇𝑡𝑓 (𝑘) (calculated in IMMs
process).
Ensure: State 𝑥
ˆ𝑡𝑖 (𝑘∣𝑘) and covariance matrix 𝑆ˆ𝑖𝑡 (𝑘∣𝑘).
For each Kalman filter 𝑓 = {1, 2, ..., 𝑛𝑓 } in the IMM:
1 Covariance matrix update:

𝑁
∏

𝑊′ =

𝑁
1 ∑
1
𝑙𝑜𝑔(𝑊 ) =
𝑙𝑜𝑔(𝜆(𝑧𝑖 (𝑘)∣𝑐𝑗 )).
𝑁
𝑁 𝑖=1

(28)

The quantity 𝑊 ′ = 𝑎𝑣𝑒({𝑙𝑜𝑔(𝜆(𝑧𝑖 (𝑘)∣𝑐𝑗 ))}𝑁
𝑖=1 ) can thus
be calculated in a distributed manner using consensus algorithm. Once this is done, the global likelihood is deduced:
(𝑊 = 𝑒𝑥𝑝(𝑁 𝑊 ′ ).
The global likelihood 𝑊 can then be used in Equation (26)
to update classes posterior probabilities.
C. Discussion
A considerable amount of works had considered the problem of multi-sensor, multi-target tracking [20]–[25]. They
essentially studied the problem of senors estimates fusion,
which is a non-trivial problem, since data correlations need to
be considered in order to avoid data incest in fusion centers.
Let us note that in the method proposed in this paper, sensors estimates are not fused. A fusion of sensors observations,
with noises considered as independent, is realized.

𝑓 =1

𝑆ˆ𝑖𝑡 (𝑘∣𝑘) =

𝑛𝑓
∑

IV.

𝑓 =1

S IMULATION RESULTS

A. Description

Updating Kalman filters at nodes level with global aggregated quantities allows information concerning objects states
to be completed even if the observability of sensors (nodes) is
partial. Of course, the estimation quality would be equivalent
to an estimation done by a fusion center, except that, the
distributed approach offers the scalability, short range communication and faster processing advantages.
B. Distributed classification
A third consensus algorithm can be run, it aims to aggregate
likelihoods concerning objects classification. The question is:
how to formulate a global likelihood as a function of an
average value of local likelihoods?
It is mentioned in [18], that posterior probabilities of a
given number of classes 𝑐𝑗 ∈ {𝑐1 , 𝑐2 , ..., 𝑐𝑛𝑐 }, where 𝑛𝑐 is
the number of classes, can be calculated as follows:
𝑝𝑘 (𝑐𝑗 ∣𝑧(𝑘)) = 𝛼𝑝𝑘−1 (𝑐𝑗 )

𝑁
∏
𝑖=1

𝜆(𝑧𝑖 (𝑘)∣𝑐𝑗 ),

(26)

Fig. 2.

Simulated system.

Figure 2 illustrates the simulated example. The idea is to
track vehicles in a highway using a given number of wireless
sensors having partial knowledge. Vehicles evolve according
to model (1), where the state matrix is given by:

1 𝑠𝑥𝑓 Δ𝑇
1
⎢ 0
𝐹𝑓 = ⎣
0
0
0
0

⎤
0
0
0
0
⎥
,
1 𝑠𝑦𝑓 Δ𝑇 ⎦
0
1
𝑠𝑥𝑓

1200

Object 1
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repwhere Δ𝑇 is the sampling time. Parameters
resent objects speeds (𝑚𝑒𝑡𝑒𝑟/𝑠𝑒𝑐𝑜𝑛𝑑) according to 𝑥 and 𝑦
directions, respectively. Index 𝑓 ∈ {1, 2, ..., 𝑛𝑓 } refers to
speed intensity. According to different values of 𝑠𝑥𝑓 and 𝑠𝑦𝑓 ,
a set 𝑀 = {𝑚1 , 𝑚2 , ..., 𝑚6 } of 𝑛𝑓 = 6 different models
are designed and used by each object IMM to track objects
movements. As illustrated in Figure 2, two classes are defined,
which are both clusters composed of 3 models.
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Three sensors are designed to track and classify the objects.
The sensors have a partial observability on objects environment. Sensors 1 and 2 take the 𝑥 direction measures of objects
according to the model (2), with:
𝐻 1 = 𝐻2 = [ 1 0 0 0 ] .
A third sensor can only observe 𝑦 direction positions of the
objects, it takes measurements according to the model in (2),
using the observation matrix:
𝐻3 = [ 0 0 1 0 ] .
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Figure 4 gives objects trajectories estimations results.
These results show that sensors succeed in estimating objects
trajectories using the presented distributed estimation strategy.
2) Classification with & without consensus: In this section,
it is assumed that all sensors make a correct estimation of
objects trajectories (using the distributed strategy). The focus
here is on the classification task, where classification results
are based on sensors likelihoods (with and without consensus
aggregation). Classification aims to track the behavior of
vehicles (vehicles with regular behavior, vehicles in breach).

B. Results
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1) Tracking with & without consensus: The first simulation
is about tracking task. As illustrated in Figures 3 and 4, two
objects evolves in 𝑥 and 𝑦 direction (𝑦 = 𝑥). Figure 3 shows
results of local tracking performed by sensors 1 and 3 (sensor
1 measures objects position according to 𝑥 direction only and
sensor 3 measures objects position according to 𝑦 direction
only).

150

100

50

0
0

2000

4000

6000
x−distance

8000

10000

12000

600

Fig. 5.

Real trajectories of two vehicles on the road.
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Notice that estimation of sensor 2 is equivalent to the
estimation of sensor 1 since they have the same observation
models. It can be seen that sensors fail to estimate object
trajectories with their local observation.

Figure 5 describes the simulated scenario which is about
two vehicles evolving on a highway. Interest is on the classification of object 2 which adopt a regular behavior at the
beginning of its evolution and pass to a non-regular behavior
by exceeding the authorized speed (in 𝑥 direction), as illustrated in Figure 5.
Local classification (without consensus) results provided
by sensors 1 and 2 are given in Figure 6. It can be seen that
classification results are as expected: regular and then in breach
behavior.
It can be seen in Figure 7 that unlike sensors 1 and 2, sensor
3 does not succeed to correctly classify object 2. This because
sensor 3 knowledge is based on 𝑦 direction of the road and
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that maneuver of object 2 is done in 𝑥 direction. This would
be corrected by the presented data aggregation strategy.
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This paper proposes a complete solution for distributed
object tracking and classification. The multi-object tracking
is ensured by distributed-Kalman-filter-based IMMs. The use
of IMMs allows the maneuvers of objects to be handled. The
distributed Kalman filters are based on finite time consensus
algorithms. Consensus algorithms allow local and partial data
of multiple sensors to be aggregated and used for objects
state estimation update. Therefore, this avoid the complexity
of centralized solutions. Observations to tracks and tracks-totracks assignments are ensured by GNN algorithms. Objects
appearances and disappearances are managed by score functions [16], [17].
In addition to the tracking task, a distributed classification
method is also provided. It is a simple classification example
based on kinematic data. The idea consists on a global and
complete classes likelihoods calculations based on local and
partial ones. Global likelihoods calculations are based on a
distributed finite time consensus algorithm. They are used to
calculate classes posterior probabilities and allow to get a
complete classification at each node level.
Farther, consensus algorithms with dynamical graphs can
be considered. This would give an appreciable solution concerning information sharing in systems like vehicles traffic.
Vehicles themselves would belong to graph sensors.
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Using the distributed classification strategy, it can be seen
that all sensors succeed in performing a correct classification
of object 2. Classification result obtained by the three sensors
is depicted in Figure 8
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