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Asynchronous Track-to-Track Fusion by
Direct Estimation of Time of Sample
in Sensor Networks
Hadi Talebi and A. M. Afshin Hemmatyar

Abstract— Asynchronous data fusion is inevitable in trackto-track fusion for tracking high-speed targets. For low-speed
targets, e.g., the movement of clouds, synchronization is insignificant and, depending on the application, may be disregarded.
Real-time asynchronous fusion is a demanding task in sensor
networks when the sensors are not synchronous in sampling-rate
or in sampling-phase. In the method proposed in this paper, an
estimator in the fusion center estimates the actual time of the
sample with respect to the time-reference of the fusion center
upon receiving the data from a sensor. Then, the computer of
the fusion center uses predictions to transfer all the received
data to the data corresponding to the start of the next fusion
period. This process synchronizes the data, which is necessary for
real-time uncorrelated track-to-track fusion. Finally, the pseudosynchronized data of all the sensors are fused with an elementwise linear minimum variance unbiased estimator algorithm
before the start of the next fusion period. Simulation and
comparison with some benchmark algorithms are demonstrated
to verify the effectiveness of the proposed algorithm.
Index Terms— Asynchronous data fusion, sensor networks,
real-time track-to-track fusion, high speed tracking, Kalman
filter, linear minimum variance unbiased estimator.

I. I NTRODUCTION

S

YNERGETIC use of different sensors in a sensor network
helps to improve the quality of sensor-based tasks such as
object tracking. Data fusion is a standard tool for reducing
tracking errors in sensor networks. It also increases tolerance
to missing data. If there are any corrupted data in a period
- due to channel noise for example - it can be regarded as
missing data, and it will be put aside from the fusion process
in that period.
In general, only simultaneous sampled data can straightforwardly be fused in dynamic systems. If the samples are
non-simultaneous the cost of fusion, regardless of the fusion
algorithm, will be increased. In other words if the corresponding samples of the sensors are synchronous, they can
be fused, otherwise because of the common process noise
the samples are correlated, and they cannot be simply fused.
Synchronization becomes more significant at higher speeds
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of the target. For instance, the maximum displacement of a
target with a speed of 100 km/ h is 2.78 m in 0.1 s, i.e. 0.1 s
difference between the times of the samples results in 2.78 m
difference between the samples of the two sensors, even with
zero measurement noise. If the speed increases to 1000 km/ h,
the displacement is 27.78 m in 0.1 s.
To be more precise, one important problem in asynchronous
track-to-track fusion is the dependency between the tracks or state estimates - of different sensors in the fusion center.
There are two reasons for dependency between state estimates
of two sensors [1]–[3]. The first reason is data redundancy,
which also known as common prior information. This happens
when a state estimate from one sensor reaches the fusion center
more than once, and contributes in a single fusion as separate
state estimates. This may happen in data-centric [4], [5] sensor
networks. The second reason is common process noise. In a
simple case when the target is stationary and sensors sample
the target position, and local estimators send the state estimates
to the fusion center, there is no correlation between the state
estimates in synchronous or asynchronous data fusion. If the
target moves, as a dynamic phenomenon, the acceleration
appears as the common process noise in the models. If sensors
sample synchronously and send the state estimates to the
fusion center after each sampling, the related state estimates in
the fusion center are uncorrelated [3], [6]. If the samples are
asynchronous and there is no synchronization between tracks,
the related state estimates in the fusion center are correlated.
This correlation is the result of the asynchronous sampling.
In other words it represents the variations between samples
related to different times. These differences are also known as
the correlation between tracks and in some works are modeled
as the bias of measurement in asynchronous fusion [7], [8].
Canceling biases, canceling correlation related to common
process noise, and synchronizing the data are different ideas
for zeroing or decreasing correlation between tracks for an
independent-track fusion. Finally, in a distributed network the
synchronized tracks can be considered independent.
Another problem in asynchronous track-to-track fusion is
real-time tracking. In a sensor network, usually there is a
fusion center in which the data of different sensors are fused.
Even under synchronous sampling the result of the fusion is
ready after receiving the last sample and some attention is
required to be paid not to jeopardize the real-time performance
of the tracking.
A general review of some asynchronous data fusion algorithms for tracking is available in [9].
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Many researches conducted on asynchronous tracking, especially those which use “multi-sensor” word, implicitly assume
a common clock. These works are about a collection of sensors
or a network of sensors which are very close to each other and
to the fusion center, e.g. sensors in an airplane or an industrial
plant. A common clock for pseudo-synchronization is used in
these works [10]–[16].
Some researchers assume a constant or known time delay
between each sensor and the fusion center [17], [18], thus
pseudo-synchronization is an easy task for them.
Some researchers have solved the problem by estimating
time delays or some time delay dependent parameters. In [7],
an interesting solution is proposed for asynchronous fusion.
The desired state variation is modeled as the sensor bias in
this work. The state variation depends on the time difference
between the time of sampling in a local sensor and the
state arrival time in the fusion center, with respect to the
time axis of the fusion center. Finally, the bias compensation
is done after the bias estimation. In other words, the state
estimates are made uncorrelated before fusion. In this work
the bias is modeled by a white stationary Gaussian random
process; however, a random process which depends on the
time delay is generally neither Gaussian nor stationary, some
other limitations of this work are discussed in [8]. Because of
these limitations the solution of [7] is proper for tracking slow
and nearly constant-speed targets, its simulation was done for
a nearly constant-speed of 20 m/s (72 km/ h) in the x and y
directions. In [8] the authors have extended the work of [7] to
reduce its limitations, they also supposed a stationary Gaussian
model for bias estimation and its simulation was done for a
nearly constant-speed of 20 m/s.
There are two general approaches for asynchronous trackto-track fusion that consider the state estimates correlation
problem [1]; in the first approach the state estimates are made
uncorrelated before fusion, while in the second approach the
cross covariance between the state estimates is estimated and
used in the fusion algorithm. Estimating the cross covariance
between the tracks is a complex task with relatively high
estimation error; moreover, it generally alters from sample to
sample and often the result of the fusion is less informative [1].
If, somehow, the cross covariance between the state estimates
are known, Bar-Shalom/Campo formulas represent the best
fusion rule [1].
In order to solve the above mentioned problems in sensor
networks, two methods are proposed in this paper. They
are asynchronous track-to-track fusion methods that separate
the task of making tracks synchronous, or uncorrelated, and
the task of fusing. Moreover, in order to eliminate the data
redundancy it is assumed that the sensor network is addresscentric [4], [5]. Because of the nature of the track-to-track
fusion the local filtering (local tracking) is needed before
central fusion (central tracking). The type of the local filter
does not affect the main contribution of the paper. Given the
Gaussian noises, a Kalman filter is a relatively simple linear
filter and is used at the sensor level tracking for both of the
methods.
To the best of the authors’ knowledge the first proposed
method is novel; it is based on direct estimation of the actual
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time of sample. The main idea of this method is as follows:
each sensor uses its own Kalman filter (K.F.) to estimate the
tracking data locally and then transmits the estimated data
to the fusion center. At the fusion center upon reception
of new data the actual time of sample is directly estimated
with respect to the time-reference of the fusion center. The
fusion information from the previous fusion time together with
the new sensor data are needed to estimate the actual time
of sample. Using the estimated time of sample the received
data is predicted for the start of the next fusion period. By
doing so, all received data will be pseudo-synchronized for
the start of the next fusion period. The independency of
various sensors’ state estimates is affected by the correctness of the time-estimation algorithm; the better the timeestimation, the more independent the pseudo-synchronized
sensor data will be. The pseudo-synchronized sensor data
can be fused immediately by a proper algorithm such as
element-wise Linear Minimum Variance Unbiased Estimator
(LMVUE).
The second proposed method is based on the use of a
synchronization algorithm to achieve a common clock in
the network with a maximum error of 1 ms. This idea is
introduced as the representative of the methods which assume
a common clock in asynchronous sensor networks and then
they use prediction for pseudo-synchronization. This idea will
be used for the evaluation in the simulation section. In this
idea, tools such as Global Positioning System (GPS) receivers,
the proper geostationary satellite receivers, a network synchronization protocol, or any other method that can help to
achieve a common clock in the network can be used. Using
such tools as GPS receivers in some sensor networks such
as radar networks is straightforward, while for some other
sensor networks the energy and dimension constraints should
be taken into consideration. This method is a practical way
for asynchronous track-to-track fusion based on a common
clock in a distributed network. The maximum error of 1 ms
is selected mainly because of the practical limitations and in
order to mimic the error in the well-known clock synchronizing algorithms [19]. Moreover the maximum displacement
of a target with a speed of 330 m/s is 33 cm in 1 ms.
This method is based on the following idea: each node in
the network uses a synchronization tool to achieve a common
clock. Moreover, each sensor knows the start time of each
fusion period in the fusion center. Each sensor uses its own
Kalman filter to estimate the tracking data locally and then
predicts it for the start of the next fusion period. The predicted
data for the next fusion time is pseudo-synchronized with the
data of the other sensors and is transmitted to the fusion center.
In the fusion center the received data of the related sensors
are fused by a proper algorithm such as element-wise LMVUE
estimator.
These two methods make the state estimates independent
before fusion. Besides basic differences, the methods differ in
synchronization as well: the first method uses the centralized
synchronization, while the second method uses the distributed
(local) synchronization. The second method can synchronize
the state estimates centrally if it uses the time-stamping
technique, i.e. attaching the time of the sample to the data,
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in any sensor, before transmitting it to the center of fusion.
However, whenever possible the distributed synchronization is
a better choice, because it helps to balance the process load on
the nodes. Moreover, in multi-target tracking it is an advantage
for data association tasks.
The rest of the paper is organized as follows: the problem is
formulated in section II. A novel method for direct estimation
of the time of sample is proposed in section III. A method
of pseudo-synchronization based on a common clock in the
network is described in section IV. The results of computer
simulation for the methods of sections III and IV, an inherently
synchronous network, and an asynchronous network without
any synchronization are demonstrated in section V. Finally, the
conclusion of the paper is given in section VI.
Fig. 1.

The base of a sensor network for track-to-track fusion.

II. P ROBLEM F ORMULATION
Every sensor has its own sampling rate and its measurement
is:
yi (k + 1) = H i X(k + 1) + vi (k + 1).

(1)

Where i is the sensor number, y is the 6×1 measurement
vector in three-dimensional space:
y = (x, ẋ, y, ẏ, z, ż)t .

(2)

The vector y has two elements of position and speed for
each dimension. Theoretically y can have a single element of
position for each dimension. Position is not observable through
speed thus that single element cannot be the speed for target
tracking. Measuring only position, or both position and speed
depends on the sensor’s ability. The state vector X is 9×1 in
three-dimensional space:
X = (x, ẋ, ẍ, y, ẏ, ÿ, z, ż, z̈)t .

(3)

The vector X has three elements of position, speed, and
acceleration for each dimension. H is the measurement matrix
and v is a white Gaussian measurement noise with zero mean
and covariance matrix R.
The corresponding discrete dynamic model is:
X(k + 1) = FX(k) + Gw(k + 1).

(4)

F is the state transition matrix, G is the noise input vector,
and w is a white Gaussian process noise with zero mean and
covariance matrix Q. Whiteness is not necessary. In target
tracking w is the target’s acceleration vector, which is 3×1
in three-dimensional space:
w = (wx , w y , wz )t .

(5)

As shown in Fig. 1, at sensor level tracking each sensor
uses its own regular Kalman estimator to reduce the error or
variance of the states. At the track-to-track level in the fusion
center an element-wise LMVUE is used.
To use element-wise LMVUE, state estimates should be
independent. This independency is achievable by synchronous or pseudo-synchronized state estimates which will be
discussed later. Element-wise LMVUE is a static estimator
and assuming Gaussian noises it is equivalent to an elementwise Maximum Likelihood (ML) estimator or an element-wise

static Kalman estimator. Another name for this estimator is
element-wise Optimum Weighted Averaging. This estimator
needs to know the variance of each random variable contributing to the fusion process. These random variables are
the outputs of a Kalman estimator; thus, the necessary main
diagonal elements of the error covariance matrix, P generated
by K.F., besides the state variables are sent to the fusion center.
If N sensors are contributing to track a target and p11 j is the
first element of the main diagonal of the covariance matrix
for sensor j , then the fusion of x-position, element x, using
element-wise LMVUE will be:
xF =

N


αjx j.

(6)

j =1

Where coefficients α j are:
αj =

1
p11 j
1
p111

+

1
p112

+ ···+

1
p11N

; j = 1, 2, . . . , N.

The fusion variance is:
1
1
1
1
=
+
+ ··· +
.
2
p111
p112
p11N
σF

(7)

(8)

To derive equations (7) and (8), suppose all state estimates
noises are zero mean; the condition for equation (6) to be
unbiased would be:
N


α j = 1.

(9)

j =1

Calculating the variance of both sides of equation (6); given
the state estimates are uncorrelated, results:
σ F2 =

N


α 2j p11 j .

(10)

j =1

Minimizing σ F2 in equation (10), given equation (9), results
equations (7) and (8). If the state estimates cross covariance departs from zero, then equation (6) given equations
(7) and (8) is element-wise convex estimation and is suboptimal with respect to the element-wise LMVUE. One advantage of using the LMVUE estimator is its ability for sequential
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sample:
v x
v x2 − v x1
=
; ax = 0.
(11)
ax
ax
Here t2 is unknown and should be estimated; t1 is kT and is
known, the speed v x2 is extracted from the received stochastic
data X; the speed v x1 is the result of the speed fusion from
all the related sensors at time t1 and it is stochastic. The
denominator is the average acceleration from t1 to t2 , i.e.
ax1 + ax2
.
(12)
ax =
2
Similar to speed, the acceleration ax2 is extracted from the
received stochastic data X; the acceleration ax1 is the result of
the acceleration fusion from all the related sensors at time t1
and it is also stochastic. The stochastic variables assigned to
t2 are estimated by a local Kalman filter before transmission
and those assigned to t1 undergo one more estimation step in
the fusion process.
Given all the related noises are Gaussian the numerator and
the denominator of equation (11) are also Gaussian, but their
ratio is not Gaussian. Moreover, it does not have a well defined
random distribution [20]–[22]. However, knowing the exact
form of the distribution is not necessary. According to many
criteria, such as ML and Kalman, the best point-estimation
for a random variable, given some continuous or discrete
distributions, is its mean. For example according to the ML
criterion for some distributions such as Gaussian, Exponential,
and Poisson, for a random variable z, the sufficient statistic for
the mean is [23]:
n

z j,
(13)
S=
t = t2 − t1 =

Fig. 2.
A sensor network with pseudo-synchronization based on the
estimation of time of sampling.

Fig. 3.

Fusion center time axis, time estimator, and state predictor.

fusion. In other words, fusing data 1 and data 2 then fusing
the result with data 3 is equal to fusing data 1, data 2, and
data 3 at the same time. It helps to balance the process time
over fusion period, which is necessary for real-time tracking
and prevents processor overload at the time of receiving the
last data.
III. D IRECT E STIMATION OF T IME OF S AMPLE
In the fusion center upon arrival of data from a sensor, the
actual time of sample with respect to the time axis of the fusion
center is estimated. The estimated time is used to predict the
received data for the start of the next fusion period. This
process will be done for all the related incoming data. These
data are pseudo-synchronized for the start of the next fusion
period, and can be fused in time. The fusion law is elementwise LMVUE. Fig. 2 shows the related block diagram.
The idea of estimating the time of sample is based on
the kinematic principle of a moving object. Suppose the
processing period of the fusion center is T . In Fig. 3, kT
and (k + 1)T are two successive fusion times. A sample
from a sensor arrives at time t2 , but the central tracking
algorithm needs to know the actual time of sampling, t2 .
Given deterministic data, t2 can be simply calculated using the
kinematic equation (11). In the case of stochastic data the task
is not so straightforward and it involves stochastic estimation.
In a specific direction such as x equation (11) shows
the kinematic equation for finding the actual time of the

j =1

and the best estimation for the mean of the random variable
is:
n
j =1 z j
mz =
.
(14)
n
The process is real-time and the instantaneous estimation of
t is useful, i.e. in the fusion center t is estimated based
on the only sample available. In equation (14) when the mean
is unknown and there is only one sample available, n = 1,
the best estimate for the mean is the sample, m z = z 1 , and
vice versa; if the mean is known and the random variable
should be estimated the best estimate for it is the mean,
z 1 = m z . Generalizing this conclusion to t results that: the
best instantaneous point-estimation for t is the mean of the
ratio in equation (11). Although the distribution of the ratio
in equation (11) is unknown and the ML estimation for some
specific distributions results z 1 = m z , for other distributions
it is approximately true; for example, it can be easily shown
that for Rayleigh distribution the sufficient statistic is:
S=

n


z 2j ,

(15)

j =1

and the best estimation for the mean of the random variable
is:
n
2
π
j =1 z j
2
mz =
,
(16)
4
n
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with only one sample available, n = 1; m z = 0.9z 1 , z 1 =
1.1m z . Therefore, with some heuristic, using equation (11)
we adopt:
t = E(

v x
).
ax

(17)

To complete the instantaneous estimation of t the estimation
x
of E( v
ax ) is needed. Thus instead of the distribution only its
mean should be estimated. The best estimation for the mean
of a ratio is the ratio of the means, i.e. the ratio of the mean of
the numerator to the mean of the denominator excluding zero
values from the denominator [20]–[22]. This can be verified
by using Taylor series expansion. Rewriting equation (11) as
(18), by replacing v x = v and ax = a,
v
t = f (v, a) = .
(18)
a
Using Taylor series expansion for equation (18) about
can be approximated by (19)
∂f
μv
+ ( )μv ,μa (v − μv )
t ∼
=
μa
∂v
∂f
+ ( )μv ,μa (a − μa ); μa = 0.
∂a
Taking expectation results approximation (20)
v x ∼ μv
t ∼
)=
; μa = 0.
= E(
ax
μa

μv
μa ,

t

(19)

(20)

Kalman and LMVUE estimators are unbiased; therefore,
ax1 + a x2
.
(21)
μv = v x2 − v x1 ; μa = a x =
2
When ax approaches zero the estimation law must be changed
to:
x2 − x1
v x1 + v x2
. (22)
i f (|ax | < ε) → t =
; vx =
vx
2
This implies a constant speed motion. In practice, selecting
 = 0.2 m/s 2 gives acceptable results. Similarly, if the average
speed approaches zero the estimation reduces to t = 0, i.e.
no motion.
Using the estimated actual time of the sample the state estimate X is predicted for time (k +1)T . This process is done for
data of each sensor and the result is the pseudo-synchronized
state estimates of all the sensors. The pseudo-synchronized
data can be considered independent and can therefor be fused
without need to consider the cross covariance between tracks.
Using element-wise LMVUE the fusion process can be done
sequentially upon receiving the new data, at a time like t3 in
Fig. 3. The time interval t3 −t2 is the required time to complete
the two tasks of Fig. 2. It also prevents processor overload at
time (k + 1)T .
Using the prediction for time (k + 1)T and fusing the data
before this time can be used to compensate for some limitations such as electromechanical lags in the overall system, e.g.
the movement of a tracking antenna. This is an advantage for
real-time tracking. Moreover, the proposed algorithm is not a
high time-consuming task which can be considered another
advantage for this method, being an essential requirement for
real-time tracking.

Fig. 4. A sensor network with pseudo-synchronization based on a common
clock in sensors.

There is no restriction on the periods of the sensors T j
and the fusion period T , neither in duration nor in phase.
A useful and feasible condition that limits the prediction
error is selecting T equal to the greatest T j . As a natural
consequence of this method, given no missing data, the time
of sample estimation-rate for each sensor in the fusion center
is equal to the sampling-rate of that sensor.
IV. P SEUDO -S YNCHRONIZATION BASED ON A
C OMMON C LOCK
A method based on synchronized clocks in all the sensors
with at most one millisecond difference with respect to the
fusion center clock is described in this section. Technically
speaking, it is achievable by means of satellite positioning
systems such as GPS receivers or a geostationary satellite system such as Geostationary Environment Operational Satellite
receivers [19]. It is also possible by some network protocols
such as NTP [19]. Many sensor networks do not meet energy
and space constraints and using satellite receivers with sensors
is practical; meanwhile, these constraints should be considered
significant in some other networks. The proposed technique in
this section is feasible in a lot of sensor networks. Moreover,
it is a benchmark asynchronous track-to-track data fusion
method, Fig. 4.
Here, each sensor knows the exact fusion times of the fusion
center, e.g., 0, 1, 2, etc. seconds. The input data of each sensor
passes through a Kalman filter. The filtered data are locally
predicted for the next fusion time, i.e. (k + 1)T , then the
predicted data are transmitted to the fusion center. In the fusion
center the related state estimates are pseudo-synchronized, and
can be fused with the LMVUE estimator. The processor does
not need to wait until time (k + 1)T to do the fusion and the
fusion process can be done sequentially upon receiving a new
state estimate.
In Fig. 5, X j is the state of the target in sensor j corresponding to sample at time t; then predicted for time (k + 1)T
which is shown by X j p and transmitted to the fusion center.
The desired state is received in the fusion center at time t  .
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Fig. 5. The time of sample in sensor j, and the sample receiving time in the
fusion center.

Fig. 6. Each sensor sends a sample for a target at every fusion period, the
sensor periods relation is: T1 < T < T2 .

The other state variables on the time axis of the fusion center
are related to the other sensors.
Here also there is no restriction on the periods of the sensors
T j and the fusion period T , neither in duration nor in phase.
Regardless of its period, each sensor sends one sample taken
of a target at every fusion period. If a sensor period is greater
than T that sensor repeats prediction for more than one fusion
time. Fig. 6 shows various periods relations.
For correct operation, each sensor should know the worst
case time-delay in the network to send its data at the right
time. The worst case estimation of the network time-delay
is approximately found by the fusion center and sent to all
sensors.
V. C OMPUTER S IMULATION
This section is dedicated to computer simulation to validate
the effectiveness of the novel method of section III, and compares it with three other methods of track-to-track data fusion.
One simulation is about an ideal intrinsically synchronous
network. Another simulation is about the method of section IV,
i.e. pseudo-synchronization based on a common clock. The
third simulation is about asynchronous track-to-track fusion
without any type of pseudo-synchronization. The method of
section IV, although expensive, is feasible in many sensor
networks; moreover, it is a benchmark asynchronous track-totrack fusion method that separates the task of making tracks
uncorrelated, or synchronous, and the task of fusing.
Comparison with algorithms which need some suppositions
about the cross covariance model between tracks are not
straightforward and can lead to an erroneous result. Moreover
for the asynchronous tracks the cross covariance model usually
changes from sample to sample. This is an important reason
that most of the methods which use a model for cross covariance between tracks, simulate the slow and nearly constantspeed targets.
For all methods the fusion law is element-wise LMVUE.
Three sensors and a fusion center are supposed to track a
common target. Without losing generality the tracking is done
in the x direction. The instantaneous speed of the target
is assumed to be high and there is no restriction such as
uniformity on the speed. The process noise or input noise is
assumed to be white Gaussian with zero mean and standard
deviation of 1.5 m/s 2 . This amount is near the maximum

Fig. 7.

Mean of tracking errors, E(u); for all the four simulations.

acceleration of lots of aircrafts under control and it is usually
selected for maneuvering targets [24], also it can be examined
by any passenger in an airplane, by measuring the take off
acceleration; the typical take off speed for an airplane is
270 km/ h (75 m/s). The selected fusion period is T = 1 s.
The measurement noises for position and speed are Gaussian
with zero mean for all three sensors. The standard deviations
are 20 m and 11 m/s for Sensor1, 15 m and 9 m/s for Sensor2,
and 25 m and 15 m/s for Sensor3. These values are selected
based on the guidelines of some earlier studies [7], [24], [25].
In real applications the process and measurement noises are
estimated and updated continuously by using statistical methods with a period much larger than the sampling period of the
sensor. The simulations have been examined with parameters
considerably larger than the aforementioned values and there
is a little variation in the results. The correlation between
position-noise and speed-noise is zero. The initial values are
x = 7000 m, v x = 330 m/s, ax = 0 m/s 2 . The simulation
time for each tracking is 100T or 100 s. The state transition
model, F, is based on the second-order position linearization,
i.e. for one dimension is:
⎞
⎛
1 T 21 T 2
(23)
F = ⎝0 1
T ⎠
0 0
1
The criterion for evaluation of the results is u and defined by
equation (24),

n
2
i=1 (x i − x F i )
u=
.
(24)
n
In equation (24), x i is the real data, x F i is the result of
tracking, n is 100, and i shows the discrete time of simulation.
The mean of u or E(u), and the standard deviation of u are
calculated for each trial of the 100 Monte Carlo tracking.
This trial is repeated 100 times. There are two figures for all
simulations. Fig. 7 demonstrates E(u) and the mean of E(u)
versus the trial number. Fig. 8 shows the standard deviation of
u and its mean versus the trial number. All the four methods
are convergent and the differences are in the tracking errors.
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period of sampling for each sensor should also be less than
the dominant time-constant of the phenomenon. The selection
of sampling periods of the sensors is usually not in the control
of the track-to-track fusion designer therefore a useful idea is
selecting the fusion period equal to the greatest period among
the periods of the sensors. The data of each sensor is received
randomly at a uniformly distributed time during the period of
the fusion center. The results are shown in Fig. 7 and Fig. 8.
E. Comparison

Fig. 8.

Standard Deviation of u for all the four simulations.

A. The Ideal Intrinsically Synchronous Network
Here the periods of all sensors are equal to T and they are
synchronized with the fusion center. The samples are taken
at the same times and reach the fusion center with zero or
exactly known time-delays. With respect to synchronicity the
tracking result cannot outperform the result of this simulation.
Thus this is the comparison basis. The results are shown in
Fig. 7 and Fig. 8.
B. Pseudo-Synchronization Based on a Common Clock
Without loss of generality the sampling periods of the sensors 1, 2, 3 are chosen to be 0.7T , 0.85T , and T respectively;
T is the fusion period. The sample times of the sensors 1, 2, 3
are put at 0.25T , 0.5T , 0.75T respectively, with respect to the
start of the sensor period. The maximum error between the
clock of each sensor and the fusion center clock is 1 ms.
The results are shown in Fig. 7 and Fig. 8.
C. Data Fusion Without Synchronization
Here the sampling period of the sensors are set equal to
the fusion period T . There is no synchronization between
the sensors and the fusion center. The data of each sensor
is received randomly at a uniformly distributed time during
the period of the fusion center. This is the worst case scenario
for the fusion, as the tracks are highly correlated. The results
are shown in Fig. 7 and Fig. 8.

Referring to Fig. 7 and Fig. 8, the mean and variance of
the tracking error which is defined by equation (16) for the
reference network (an ideal intrinsically synchronous network)
are nearly equal to those of an asynchronous network which
uses the method of section IV (pseudo-synchronization based
on a common clock), these two tracking methods are indistinguishable in the figures. The means of E(u) for these two
tracking methods are 5.79 m and 5.81 m, respectively. On
the other hand, the tracking error of an asynchronous network
without any kind of synchronization is much larger than the
tracking error of the reference network, the means of E(u)
for these two tracking methods are 25.11 m and 5.79 m,
respectively. Finally, the tracking error of an asynchronous
network which uses the direct estimation of the time of sample
for pseudo-synchronization is slightly more than the tracking
error of the reference network, the means of E(u) for these
two tracking methods are 8.87 m and 5.79 m, respectively. In
reality, contrary to the white noise, the adjacent samples of the
input noise are not independent and there will be less error for
the proposed algorithm.
To complete this comparison, it is useful to compare the
two main methods in distributed networks. The novel method
(“direct estimation of time of sample”) does not need highcost common-clock facilities; this method is simple, and
therefore imposes less load on the central processor, while not
needing costly resources such as large memories. The second
method (“pseudo-synchronization based on a common clock”)
is more expensive and more complex, but it has a slightly
better performance. The two methods can be used in tracking
dynamic targets in distributed sensor networks.
VI. C ONCLUSION
This paper proposes a method for asynchronous track-totrack fusion based on the direct estimation of the time of sample in a centralized asynchronous sensor network. Comparing
this method with three other tracking methods, simulations
show acceptable performance besides simplicity and low cost
of algorithm implementation.

D. Pseudo-Synchronization of Data With Direct Estimation of
Time of Sample
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