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Abstract—Decentralized and distributed autonomous sensing
over networked sensor systems has many applications in surveillance, Internet of Things (IoT), autonomous cars, and UAV
swarms tactics. In this study, we develop an average consensusbased decentralized data fusion approach for a target tracking
application. Speciﬁcally, we extend the standard average consensus algorithm to merge the local state estimate information with
that of the neighbors. We test the performance of our consensus
based data fusion approach for various network conﬁgurations.
We also perform numerical studies to compare the performance
of our approach against the standard Bayesian data fusion
approach.
Index Terms—Networked sensor systems, Decentralized average
consensus, Sensor data fusion, Target tracking

I. I NTRODUCTION
Autonomous and adaptive sensing has applications such
as target tracking, surveillance [1], autonomous car navigation [2], and UAV swarm tactics [3], [4]. Particularly,
target tracking via adaptive sensing is becoming increasingly
important in autonomous car industry for accurate pedestrian detection and tracking [5]. Sensors such as RADAR,
LIDAR, optical sensors, thermal sensors are typically used
to measure the target state including its position, velocity,
and acceleration. Target tracking with multiple sensors was
studied in the past, e.g., [3], where a central fusion node
was responsible for making sensing decisions (e.g., sensor
location - assuming sensor mounted on a UAV) for all the
sensors combined. Clearly, sensing decisions optimized for
all the sensors combined provides the best target tracking
performance as these decisions are coupled via sensor data
fusion. The main drawback with these centralized decision
making methods is that they are computationally intensive as
the computational complexity is exponential in the decision
space and the number of sensors. To address this challenge,
we investigated decentralized strategies in the past to some
extent [4].
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In this study, we develop a decentralized autonomous sensing method over a networked sensor system for a target tracking application. Speciﬁcally, we extend an existing approach
called average consensus algorithm to perform decentralized
data fusion while tracking a moving target. The sensor network
is modeled by an undirected graph, which is assumed to be
non-time varying. Each sensor generates a noisy measurement
of the target state. The presence of an edge between the nodes
or sensors means that the sensors are allowed to exchange
information/messages for data fusion. In this study, we assume
that each sensor maintains a local tracker (or tracking algorithm, e.g., Kalman ﬁlter), which updates its local target state
estimate using the locally generated sensor measurements and
the information it receives from its neighbors. We measure the
performance of the above consensus algorithm with average
target tracking error - the mean-squared error between the
target state (ground truth) and the estimate. As a benchmark,
we also implement the standard Bayesian data fusion approach
for performance comparison.
The authors of [6] have surveyed both classical approaches
and recent advances in multi-sensor data fusion and consensus
ﬁlter for sensor networks. The authors of [7] reviewed the
key theories and methodologies of distributed multi-sensor
data fusion and discussed their advantages like graceful degradation, scalability, and interchangeability. Average consensus
was studied previously in distributed computing [8] and for
achieving consensus among agent values (a real number possibly representing its opinion or state). In [9], a distributed
consensus algorithm was developed for obtaining the averages
of the node data over networks with large volume of data. N.
Gupta et. al. proposed an asynchronous distributed average
consensus algorithm [10] to guarantee information-theoretic
privacy in multi-agent systems. In [11], the authors provide a
theoretical framework for analysis of consensus algorithms for
multi-agent networked systems. In [12], the authors developed
a distributed consensus tracking ﬁlter to solve the target
tracking problem. The authors in [13] discussed algorithms
for solving decentralized consensus optimization problems.
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A. Key Contributions
We extend the average consensus algorithm [9] to track
a moving target via a decentralized network of sensors.
We compare the performance of this method against
a standard benchmark method - decentralized Bayesian
data fusion approach [7].
• We perform a numerical study to quantify the impact
of various sensor network conﬁgurations (e.g., varying
degrees of the nodes) on the performance of the average
consensus algorithm.
The rest of the paper is organized as follows. Section II
presents the problem speciﬁcation and the objectives. Section III provides the problem formulation and the methods
followed by the simulation results in Section IV. Finally, we
provide concluding remarks and future scope in Section V.
•

II. P ROBLEM S PECIFICATION
In our study, we assume there are n sensors tracking a
moving target in a decentralized setting, where the sensors
are connected via an undirected graph. The target is assumed
to be moving on a 2-D plane, where the motion is modeled
via a stochastic process, i.e., the state-transition law is a linear
model with zero-mean Gaussian noise. We assume the sensor
measurement law is also linear with zero-mean Gaussian noise.
Thus, each sensor maintains and updates a local target state
estimate via Kalman ﬁltering algorithm.
We assume that the sensors have limited battery power
and computational capabilities, which sets limitations on the
sensors in terms of how they generate measurements and
communicate with other sensors. Speciﬁcally, we assume that
the sensors can either sense (generate target measurements)
or exchange information with neighboring sensors, but not
simultaneously.
Communications: The sensors have communications capabilities, i.e, each sensor can transmit or receive data to/from
the sensors they share edges in the network graph. We further
assume that the communications delay is negligible.
Sensor network: The n sensors are assumed to be connected via an undirected graph. Each sensor i has a set of
neighbors, denoted by N (i), where sensor j ∈ N (i) if there
is an edge connecting j with i.
Performance measure: We measure the performance of
the algorithms using average tracking error, which is the
mean-squared error between the target state and the estimates
averaged over all the sensors and over time.
Objective: The objective is to compare the performance the
average consensus algorithm against the standard decentralized Bayesian data fusion technique for target tracking with a
decentralized sensor network. We measure the performance of
these algorithms for different sensor network conﬁgurations.
III. P ROBLEM F ORMULATION
A. Tracking Approach
In our study, {1, ..., n} represent the sensor indices, and Si
represents the 2D location of sensor i. The target’s motion is

described by a linear state-space model (speciﬁcally constant
velocity model [14]):
xk = Axk−1 + θk ,

(1)

θ k ∼ N (0, Q)

where xk is the state of the target at time k (which includes
the target’s 2D location, 2D velocity, and 2D acceleration), A
is a state transition matrix, and θk is process noise with zeromean normal distribution with co-variance matrix Q. Sensor i
generates a position measurement zki given by:
zki = Hxk + vki

(2)

where H is the observation matrix given by
H=

1
0

0
1

0
0

0
0

0
0

0
,
0

which means that the sensors only generate positional measurements. Here vki ∼ N (0, R(xk , Si )) is the random measurement noise modeled as a zero-mean normal distribution, where the co-variance matrix R(xk , S i ) captures the
dependence of the noise characteristics on the location of
the target with respect to the sensor. Here, Rk reﬂects 10%
range uncertainty and 0.01π radian angular uncertainty. Since
the state and the observation laws are linear with zero-mean
Gaussian noise disturbances, we run Kalman ﬁlter at each
sensor node to maintain and update the target state posterior
i
.
distribution with mean and co-variance given by x̂ik|k and Pk|k
Clearly, if the sensors do not exchange any information, the
tracking performance suffers at each node. The sensors are
connected via an undirected graph, where the presence of an
edge between nodes i and j means that the sensors are allowed
to exchange information. So, we extend an approach called
average consensus algorithm to allows sensors to exchange
information in a manner that improves the target tracking
performance across the sensor network.
B. Average Consensus
Average consensus algorithms let a network of sensors or
agents reach a common consensus on certain attributes (real
numbers) such as the agent opinions, sensor measurements,
etc. Speciﬁcally, in these approaches, each agent or sensor
updates/replaces (in an iterative manner over time) its local
value by taking a weighted average between its local value and
the values from all the neighbors. We extend this approach to
let the sensors in our problem reach a common consensus on
their state estimate parameters (mean vector and covariance
matrix). Let yki is a vector obtained by concatenating x̂ik|k and
i
Pk|k
into a column vector at sensor i at time k. N (i) is the
set of neighbors for ith sensor. Average consensus algorithm
applied to our problem is captured by the following equation:
i
=
yk+1

αyki + (1 − α)

j∈N (i)

α + |N (i)|(1 − α)

ykj

,

∀i

(3)

where α is a weighting parameter.
This algorithm achieves its objective if all the sensors reach
consensus on the state estimation parameters, i.e., yki = ykj for
all i, j.
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C. Decentralized Bayesian data fusion
Multi-sensor data fusion techniques can be applied in both
centralized and decentralized settings. In our study, we use
decentralized Bayesian data fusion techniques over the sensor
network. Each sensor has a local state estimate xik which is
updated in each time step by fusing xik with the estimates from
its neighboring sensors as given by the following equations
(using standard Bayes rules [15]).


i
= (Pki )−1 +
Pk+1

N (i)

j=1

−1

(Pkj )−1 

N (i)

(Pki )−1 x̂jk

i
x̂ik+1 = Pk+1
(Pki )−1 x̂ik +

(4)
−1

(5)

j=1

IV. S IMULATION R ESULTS
We implement our methods for a scenario with 10 sensors,
i.e., n = 10. We set α = 0.5 in the following numerical
studies except when we evaluate the performance of our
algorithms with varying α. We compare the performance of
the average consensus algorithm against the decentralized
Bayesian data fusion approach for different sensor network
conﬁgurations with average tracking error (deﬁned earlier)
as the performance measure. In our numerical studies, we use
error bars with one standard deviation to show the spread of the
performance measure for multiple network graphs generated
from a given conﬁguration as discussed below (examples of
conﬁgurations in Fig. 1).
Conﬁguration I. This corresponds to a network where each
sensor has the same degree, where the degree is given by D,
which is referred to as network degree. We generate a random
graph with n sensors and D network degree.
Conﬁguration II. In this conﬁguration, we generate a
random graph with edge probability Pe , where Pe represents a
probability of an edge existing between two sensors. We start
with n sensors with no edges at the beginning, and we create
an edge between every pair of sensors with probability Pe . We
repeat this process until we get a connected network.
Conﬁguration III. This corresponds to a network with a
total number of edges Ne in a connected network.
As sensors typically have limited computational capability and limited battery life, we assume they can run only
tracking algorithm while generating sensor measurements or
only communicate with neighbors, i.e., run the consensus or
data fusion methods as described in Section II. Speciﬁcally,
in our study, sensors track the target for M time steps and
apply the consensus/data fusion algorithms in the next M
time steps, and repeat the process. During the M time steps
when the consensus/data fusion algorithms are being applied,
sensors update the state estimates of the target without the
measurements, i.e., perform only prediction step and ignore
the measurement update step. In other words, the uncertainty
in the target state estimate steadily increases during these M
time-steps.

Fig. 1. Examples of conﬁgurations (conﬁguration I, II, III from top to bottom)
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Let Z represent the total number of time steps in our
simulation run time. We set Z = 300 in this study. We deﬁne
the average tracking error measure as follows:
1 1
Zn

Z

n

k=1 i=1

x̂ik − xk

900
800
700

2
2

600

where xk represents the ground truth at time k, and ·
the Euclidean norm.

2

is

500
400

A. Average tracking error vs. M
We now compare the performance of average consensus
and decentralized Bayesian data fusion algorithms for different
values of M on ﬁve randomly generated graphs for n = 10.
We evaluate the average tracking error, as deﬁned earlier, for
each value of M considered. Fig. 2 shows the average tracking
error as a function of M , where M ∈ {3, 6, 9, . . . , 24}.
The ﬁgure suggests that the average consensus algorithm
outperforms the data fusion approach for all values of M considered. The consensus algorithm seems to be more effective in
merging information from multiple sensors than the standard
decentralized Bayesian data fusion approach.
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Fig. 3. Average tracking error across all sensors with respect to number of
time steps, M

decentralized Bayesian data fusion method. This is an expected
behavior since with greater network degree, the sensors have
better capability in merging information from other sensors.
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Fig. 2. Average tracking error across all sensors with respect to number of
time steps, M

Fig. 3 represents average tracking error as a function of M
for M ∈ {1, 2, . . . , 9}. Fig. 3 shows that the average consensus
and decentralized Bayesian data fusion algorithm give better
performance for M = 2 and M = 3 respectively compared to
all other values of M considered here.
B. Average tracking error for conﬁguration I
We now evaluate the average tracking error as a function
of the network degree as shown in Fig. 4. We compare
the performance of these two algorithms on ﬁve randomly
generated graphs for M = 1 and n = 10. We observe that
the performance of both algorithms increase as the network
degree increases. Furthermore, from Fig. 4, we observe that
the average consensus algorithm performs better than the
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Fig. 4. Average tracking error across all sensors for conﬁguration I

C. Average tracking error for conﬁguration II
We now perform the same numerical study for a randomly
generated graph by using Conﬁguration II with different values
of Pe drawn from the set {0.1, 0.2, . . . , 1}. For each Pe , we
generate 10 graphs. Fig. 5 shows that, for both algorithms,
the average tracking error decreases with respect to Pe , which
is expected since the network connectivity increases with
increasing Pe . We also notice that the consensus algorithm
outperforms the decentralized Bayesian data fusion approach
for each Pe .
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Fig. 5. Average tracking error across all sensors with respect to edge
probability Pe

Fig. 7. Average tracking error across all sensors with respect to weighting
parameter α

D. Average tracking error for conﬁguration III

local sensor’s state estimate with the average of its neighbors’
estimates. On the other hand, α = 1 means that the consensus
algorithm ignores the estimates from the neighbors and simply
retains the local state estimate. For different values of α in
the interval [0, 1], we evaluate the average tracking error, as
shown in Fig. 7. The ﬁgure shows that the average tracking
error increases signiﬁcantly when the value of α is close to 1.

We now evaluate the average tracking error for different
value of Ne as shown in Fig. 6. We generate (randomly)
ﬁve graphs with Conﬁguration III for this study. We observe
that with increasing Ne , the performance of both of the
algorithms increases. We ﬁt 5th degree polynomial curves
for the performance plots in Fig. 6, which characterize the
variation of the performance of the algorithms as a function
of Ne .

AND

F UTURE S COPE

In this study, we extended the average consensus algorithm for decentralized data fusion over a networked sensor
system for target tracking. We studied the performance of
our extended average consensus algorithm numerically for
different network conﬁgurations and compared with standard
Bayesian decentralized Bayesian data fusion as a benchmark.
We found that the average consensus algorithm outperformed
the decentralized Bayesian data fusion for all network conﬁgurations considered in this study. In the future, we will consider
decentralized data fusion over time-varying sensor networks
and develop graph-theoretic solutions to maximize the data
fusion performance.
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Fig. 6. Average tracking error across all sensors with respect to number of
edges

E. Average tracking error for weighting parameter α
In this part, we study the performance of the average consensus algorithm with respect to the weighting parameter α.
Here, α = 0 means that the consensus algorithm replaces the
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