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ABSTRACT
Decentralized Kalman Filters are often used in multi-sensor
target tracking as such a distributed fusion architecture has
several advantages compared with centralized ones. On the
other hand, distributed fusion is not only conceptually more
complex but the required bandwidth is also likely to be a lot
higher. However, a trade-off between bandwidth and perfor-
mance is possible. In this work, the quantitative amount of
performance degradation due to infrequent communication
between the fusion nodes is investigated in a typical tracking
scenario. Furthermore, as a conclusion, a simple approach to
deal with asynchronous measurements is proposed.

1. INTRODUCTION

In target tracking, multi-sensor systems are becoming more
and more popular. The advantages especially for physically
distributed sensors are obvious: multiple viewing angles, dif-
ferent strong points of different sensors and higher robust-
ness due to the inherent redundancy. On the other hand, some
kind of fusion is necessary to integrate the data from the dif-
ferent sensors and to extract the desired information about
the targets.

Traditionally, a centralized fusion architecture was used,
where all the data from the different sensors was sent to a
single location to be fused. In recent years, increasing em-
phasis has been placed on distributed fusion where several
fusion nodes exist in the network, like e.g. the Decentralized
Kalman Filter (DKF). The advantages of such a distributed
fusion architecture are: lower processing load at each fusion
node, higher robustness due to redundancy of fusion nodes
and easier detectability of malfunctioning sensors.

On the other hand, distributed fusion is not only concep-
tually more complex but the required bandwidth is also likely
to be a lot higher compared with centralized fusion. This is
especially true if the final estimate shall be obtained at sev-
eral fusion nodes. However, a trade-off between bandwidth
and performance is possible by letting the fusion nodes com-
municate at reduced rates.

Most research on DKFs assumed unlimited communica-
tion bandwidth between the different processing nodes [1, 2].
In [3] and [4], it was already pointed out that the information
of the different local processors becomes correlated due to
propagating the same underlying process noise if the com-
munication rate is reduced. However, no quantitative mea-
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sures for the amount of performance degradation were given.
This shall be investigated here.

Sensors running at different observation rates are an im-
portant issue in distributed target tracking, too. In [5], a
rather complex algorithm was deduced to cope with asyn-
chronous measurements in a DKF requiring feedback from
the FC to the LKFs. Based on our findings concerning the
reduction in communication rate, a simple alternative to treat
asynchronous measurements will be presented here.

To keep the treatment simple, we want to focus on com-
munication issues in a simple DKF consisting of two Local
Kalman Filters (LKFs) producing track estimates based on a
single local sensor and a Fusion Center (FC) combining these
local estimates to a global one.

2. DECENTRALIZED KALMAN FILTER

For a Kalman Filter (KF) to be applicable, the target’s dy-
namics need to be modeled by the following state space equa-
tion

x(k +1) = Fx(k)+w(k) , (1)

where x(k) is the state vector of the target at time instant k, F
is the time-invariant state transition matrix and w(k) a white
noise sequence with covariance matrix Q(k) representing the
process noise.

Respectively, the linear measurement models are given
by

yi(k) = Hix(k)+vi(k) , (2)

where yi(k) is the observation vector containing the posi-
tion measurement of the ith sensor, i = 1, . . . ,N, Hi is the
corresponding measurement matrix and vi(k) a zero-mean,
white noise sequence with covariance matrix Ri(k) repre-
senting the measurement noise.

The LKFs produce estimates x̂i(k|k) based on the infor-
mation available from a single sensor i using the standard KF
equations (see e.g. [6]). At the FC, these estimates are fused
together to form the overall state estimate x̂DKF(k|k) [3]

P−1
DKF(k|k) = P−1

DKF(k|k−1)

+
N

∑
i=1

[

P−1
i (k|k)−P−1

i (k|k−1)
]

(3)

x̂DKF(k|k) = PDKF(k|k)
(

P−1
DKF(k|k−1)x̂DKF(k|k−1)

+
N

∑
i=1

[

P−1
i (k|k)x̂i(k|k)

−P−1
i (k|k−1)x̂i(k|k−1)

]

)

, (4)
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where PDKF and Pi are the error covariance matrices of the
state estimates x̂DKF at the FC and x̂i at the LKFs, respec-
tively.

This state estimate is equivalent to the one in the central-
ized KF as the measurement yi(k) weighted with its inverse
covariance matrix is equivalent to the gain in information be-
tween the predicted local estimate x̂i(k|k − 1) and the cor-
rected one x̂i(k|k):

HT
i R−1

i (k)yi(k) = P−1
i (k|k)x̂i(k|k)

−P−1
i (k|k−1)x̂i(k|k−1) . (5)

Equations (3) and (4) of the DKF require the LKFs to
communicate their corrected local estimates x̂i(k|k) along
with the inverses of the corresponding error covariance ma-
trices P−1

i (k|k) to the FC after each measurement. The pre-
dicted estimates x̂i(k|k−1) and inverse covariance matrices
P−1

i (k|k−1) can either be transmitted as well or calculated at
the FC to save half of the bandwidth. Nevertheless, this typ-
ically requires more bandwidth than merely communicating
the current measurement yi(k) along with its error covari-
ance matrix Ri(k), as required by the centralized KF. These
are normally of a lower dimension.

To save even more bandwidth, it is also possible to give
up optimality and to let the LKFs communicate with the FC
less frequently. Therefore, all predictions by one step need
to be replaced with predictions by m steps in (3) and (4),
where m > 1 is the factor by which the update rate at the
FC is reduced. The thus obtained estimates will be denoted
P−1

DKFm(k|k) and x̂DKFm(k|k) in the sequel.
On the other hand, the update rate and thus the perfor-

mance of the LKFs is not affected. The LKFs still run at
the sensor observation rate. For dynamic states with process
noise, the performance of this fusion process only degrades
as the information provided by the different sensors becomes
correlated due to propagating the same underlying process
noise [3, 4].

For less and less frequent communication between the
LKFs and the FC, i.e. m → ∞, the information contained in
the predicted state estimates becomes less and less reliable.
This is represented by the inverses of the corresponding er-
ror covariance matrices approaching zero. Thus, no weight
is given to these estimates and they can be discarded in (3)
and (4) leading to

P−1
simple(k|k) =

N

∑
i=1

P−1
i (k|k) (6)

x̂simple(k|k) = Psimple(k|k)
N

∑
i=1

P−1
i (k|k)x̂i(k|k) . (7)

This is equivalent to assuming that the local state es-
timates x̂i(k|k) and x̂ j(k|k) are uncorrelated for all i 6= j.
Therefore, the estimate x̂simple(k|k) can serve as a worst case
scenario. More frequent communication necessarily leads to
better estimates. Furthermore, x̂simple(k|k) can be calculated
for every time instant k and not only every mth one as would
be the case for x̂DKFm(k|k). Thus, less simulation time is
needed to achieve statistically significant results.
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Figure 1: Comparison between true and estimated MSE of
DKF and DKFsimple (N0 = 0.01 m2

s4Hz , Ts = 1s, σv,1 = σv,2 =
1m)

3. SIMULATION RESULTS

To obtain quantitative measures of the performance degrada-
tion due to infrequent communication, simulations about a
target moving at constant velocity tracked by two sensors in
the 1D case, as described by the following model, have been
performed

[

x(k +1)
ẋ(k +1)

]

=

[

1 Ts
0 1

][

x(k)
ẋ(k)

]

+w(k) (8)

yi(k) = [1 0]

[

x(k)
ẋ(k)

]

+ vi(k) , i = 1,2 , (9)

where

w(k) =

∫ Ts

0

[

Ts − t
1

]

u(kTs + t)dt (10)

i.e. the target follows a constant velocity model that is ex-
cited by zero-mean continuous random noise u(t) with power
spectral density N0, leading to the following process noise
covariance matrix

Q =

[ 1
3 T 3

s
1
2 T 2

s
1
2 T 2

s Ts

]

N0 . (11)

Both sensors can only measure the position of the target
with variances σ 2

v,i. Ts denotes the sampling rate. There was
no mismatch between the model generating the trajectory of
the target and the model assumed by the DKF.

Fig. 1 presents the comparison between the true and esti-
mated MSE of the position component in x̂DKF(k|k) (4) and
x̂simple(k|k) (7) for a typical example where N0 = 0.01 m2

s4Hz ,
Ts = 1s and σv,1 = σv,2 = 1m. σv,1 = σv,2 ensures that both
sensors have the same impact on the final estimate, which
presents the worst case. The “true” MSEs were thereby av-
eraged on 5000 Monte Carlo runs.

It can be seen how the DKF slightly outperforms the
DKFsimple. Furthermore, the DKF estimates its accuracy cor-
rectly whereas the DKFsimple, although performing slightly
worse, estimates its accuracy even higher than the one of the
DKF. These two phenomena will be studied in detail in the
followings.

Fig. 2 displays the true MSEs of DKF and DKFsimple av-
eraged over time as a function of the spectral density of the
process noise N0. The measurement noises were again set to
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Figure 2: Comparison between MSEsimple and MSEDKF as
a function of the process noise N0 (from left to right: Ts =
10s,1s,0.1s; σv,1 = σv,2 = 1m)

σv,1 = σv,2 = 1m. However, the sampling period was varied
from to Ts = 0.1s to Ts = 10s. 200 measurements per simu-
lation and 1000 Monte Carlo runs were used to average the
results.

Changing the sampling period Ts merely results in a shift
of the corresponding curves. Their shape is not affected. An
increase in the sampling period Ts by a factor of 10 can be
compensated for by decreasing the power spectral density of
the process noise N0 by a factor of 1000. This can be ex-
plained with the accuracy of the position estimate due to the
process noise Q11 in (11) being 1

3 N0T 3
s .

For high values of N0, all curves approach the variance

of the combined measurements σ 2
v,comb =

σ 2
v,1σ 2

v,2
σ 2

v,1+σ 2
v,2

= 0.5m2.

For low values of N0, they should approach zero as KFs are
able to estimate the position arbitrarily precisely if no process
noise is present and if a sufficient number of observations is
available. Due to calculating the MSEs only on 200 samples
including the initialization phase, this is not the case here.

It can be seen that the difference between the respective
curves approaches zero for very small and for very large val-
ues of N0. This can be illustrated as follows. For very small
values of N0, the noise term w(k) in the state equation (8)
approaches zero. Thus, there is practically no process noise
whose propagation could be responsible for the statistically
dependence of the information of the two LKFs.

On the other hand, very large values of N0 mean an un-
reliable prediction. Thus, the predicted states x̂i(k|k − 1),
although correlated, carry almost no information about the
current state x(k). Accordingly, they are given almost no
weight compared with the measurements yi(k) in calculat-
ing x̂i(k|k) in the LKFs. Note that the Kalman filters are of
little use in this case.

Fig. 3 displays the relative difference

∆1 =
MSEsimple −MSEDKF

MSEDKF
(12)

between the curves in Fig. 2 as a function of the target ma-
neuvering index [7]

µ =

√

N0T 3
s

σ2
v,comb

. (13)
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Figure 3: Relative difference between MSEsimple and
MSEDKF as a function of the target maneuvering index µ
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Figure 4: Relative difference between MSEDKFm and
MSEDKF as a function of the the update rate m (Ts = 1s,
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The invariance of the curves with respect to µ can be seen
clearly. µ is proportional to the ratio between the standard
deviation of the position estimate due to the process noise
√

Q11 and the measurement noise σv,comb. Thus, it can serve
as an indicator for how much weight is given to the predicted
estimate and the measurements during the fusion process, re-
spectively. The dotted curves demonstrate that the same is
true for a constant sampling period Ts = 1s and varying mea-
surement noises σv,1 = σv,2 = 0.1m to 10m.

The maximum of the curves in Fig. 3 is rather broad. It
ranges approximately from µ = 5 · 10−3 to µ = 5. Thus,
many typical scenarios for applying Kalman filters fall within
this range. Note that in Fig. 3 the variance of the estimated
difference becomes bigger for smaller values of the target
maneuvering index µ . This is due to the errors of the state
estimate of a KF becoming more correlated in time for such
values of µ , thus, reducing the effective number of samples
on which the average in (12) is performed.

It remains to be examined how quickly the maximal
degradation of 4 to 5% as indicated in Fig. 3 is reached. To
this end, Fig. 4 shows the relative difference

∆2 =
MSEDKFm −MSEDKF

MSEDKF
(14)

between the MSE of the position component in x̂DKFm(k|k)
and x̂DKF(k|k) as a function of the update rate m for three
interesting values of N0. Again, the sampling period was set
to Ts = 1s and the measurement noises to σv,1 = σv,2 = 1m.
This time 10000 Monte Carlo runs were performed on simu-
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Figure 5: Relative difference between true and estimated
MSE of DKFsimple as a function of the target maneuvering
index µ

lations with 200 measurements.
It can be seen that the difference increases more slowly

for smaller spectral densities of the process noise N0. This
can be explained with the state vector x(k) changing only
slowly in these scenarios. Therefore, the estimate of the
terms correcting for the correlation between x̂1(k|k) and
x̂2(k|k) of the DKFm stay longer an accurate estimate of the
correct terms.

As a result, it can be concluded that for all simulated sce-
narios the communication rate between the LKFs and the FC
can be reduced by at least a factor of 8 without introducing an
additional error of more than 1%. Furthermore, for sensors
producing measurements at a high frequency, i.e. a scenario
where a reduction in communication rate is likely to be desir-
able, the error due to infrequent communication is typically
even smaller due to the short sampling period Ts and, thus,
the small target maneuvering index µ .

KFs do not only produce state estimates x̂ but also cal-
culate an accuracy of these estimates in form of the error
covariance matrix P. As stated earlier, the DKF estimates its
accuracy correctly whereas the DKFsimple, although perform-
ing slightly worse, estimates its accuracy even higher than
the one of the DKF.

Fig. 5 shows this difference ∆3 between true and esti-
mated MSE of the DKFsimple as a function of the target ma-
neuvering index µ . The “true” MSEs were thereby averaged
on 5000 Monte Carlo runs. The shape of these curves is very
similar to the ones in Fig. 3 for the difference between the
true MSE of the DKFsimple and the one of the DKF. The max-
imum is only higher at around 16%. This overestimation
presents a significant drawback of the DKFsimple as the cor-
rect prediction of the accuracy is a big advantage when de-
signing a system.

4. ASYNCHRONOUS MEASUREMENTS

Equations (3) and (4) do not only require the LKFs to com-
municate with the FC after each measurement. Synchronous
measurements are implicitly assumed, too. On the other
hand, the results of the previous section have shown that the
error introduced due to infrequent communication is likely to
be almost negligible. Thus, a very simple alternative seems
viable: The LKFs all run at their own observation rate com-
municating with the FC only at predetermined times as de-
fined by the sampling period TFC.

To this end, the LKFs must be able to determine predicted
state estimates x̂i(t1|t2) along with the corresponding error
covariance matrices P−1

i (t1|t2) for arbitrary times t1 and t2
corresponding to multiples of the sampling period of the FC
and the LKF, respectively. This requires the matrices F and
Q to be set up for arbitrary time intervals. As far as F is
concerned and as (1) is normally derived from a continuous
model, this task is likely to be trivial.

As far as Q is concerned, the discrete white noise se-
quence w(k) in (1) has to be assumed to be generated from a
continuous white noise sequence u(t) as shown for a constant
velocity model in (10). The frequently found assumption of
w(k) being produced by a discrete white noise sequence u(k)

w2(k) =

[

1
2 T 2

s
Ts

]

u(k) (15)

with variance σ 2
u cannot be made. This model implicitly as-

sumes u(k) to be constant between two samples. If this as-
sumption is true for a given sampling period Ts, it cannot be
true for any other Ts [7].

5. CONCLUSIONS

This paper focused on the impact, infrequent communication
will have on the performance of a DKF. As a result it can
be concluded that for all simulated scenarios the communi-
cation rate between the LKFs and the FC can be reduced by
at least a factor of 8 without introducing an additional error
of more than 1%. Based on this finding, a simple approach
to deal with asynchronous measurements was presented. On
the other hand, the DKF significantly overestimates its ac-
curacy if the correlation between the inputs is not taken into
account.
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