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Abstract—A time-differential measurement based algorithm
is provided for multi-sensor target tracking. This approach
decouples the sensor registration and estimation by handling
the original measurements. Thus, estimation can be carried out
without considering sensor registration, and then, the registration
errors are subsequently corrected. It is shown that this algo-
rithm is more computation efficient than the augmented state
extended Kalman filter (ASEKF). Simulation results show that
this approach significantly reduces the sensor bias errors, and
has better tracking performance than ASEKF in the following
cases, 1) in high SNR scenario, 2) when the initial target state
vector is uncertainty.

Keywords: Target Tracking, Data Fusion, Time-
differential Measurement, Sensor Registration

I. INTRODUCTION

Interest in data fusion has grown rapidly in the last few
years, in multi-sensor network, each sensor separately collects
the measurements in their independent coordinate system,
then the measurements are sent to the fusion center [1], [2].
However, in order to carry out data fusion, registration error
correction is necessary in multiple sensor systems [3], a major
source of sensor biases includes the azimuth offset error with
respect to a common reference and the range offset errors
and so on. If uncorrected, sensor biases can lead to large
tracking errors and even generate ghost target. In this case, the
measurements reported by sensors need to be aligned firstly.
Therefore, the sensor registration is of particular significance
for the information fusion.

To estimate the sensor biases,generally speaking, the clas-
sical algorithms involve the temporal registration algorithms
and the spatial registration algorithms, the temporal registration
algorithms are needed when the measurements are out-of-
sequence. For example, HONG [4] proposed a registration
algorithm for the heterogeneous sensors. More often the spatial
registration algorithms are used for sensor alignment, there are
many registration algorithms to address that type of problem.
In this paper, we concern on the spatial registration. Most of
the sensor registration approaches are based on the least square
(LS) algorithms [5], [6] and the maximum likelihood (ML)
algorithms [7], [8]. Both of which are batch algorithms. The
expectation maximization, which was based on the recursive
E-step and M-step, was typically used in [7]. In[9], Okello
et al. proposed a new registration algorithm which was the
augmented state based extended Kalman filter, this approach

is to augment the state vector to include the sensor bias vector
as part of the state. Thus, the augmented state vector based
registration algorithm can simultaneous estimate the sensor
biases and obtain the timely target state. However, the problem
with this augmented state extended Kalman filter is that its
computational complexity is too high, especially, when the
state vector is large in dimension, computational speed and
accuracy may be seriously compromised in this case. Fried-
land’s the two-stage Kalman filter [10] improved the tracking
performance. And Ignagni generalized the Friedland’s two-
stage Kalman filter approach in [11]. In [12], Li et al. proposed
a joint data association, registration and fusion method to deal
with the tracking problem. Huang’s [13] pseudo-measurement
approach and Okkello’s [14] equivalent-measurement method
are used for simultaneous sensor registration and tracking.

Generally, the sensor biases are estimated using the mea-
surements which are directly reported by the sensors at the
sampling time. However, the original measurements (biased)
reported at sampling time always contain the effect of target
moving at sampling interval and the sensor biases at this sam-
pling time. Thus, when we directly use the original measure-
ments, the corresponding sensor registration and estimation
need to be handled as a coupling problem [13], [14]. However,
when the sensor biases are fixed or slowly varying, actually,
the sensor alignment and estimation can be decoupled.

In this paper, we propose an extended Kalman filter based
new approach with the time-differential measurements. The
time-differential measurement at time k can be defined as
the measurement reported at the current time k subtracts the
measurement reported by the same sensor at previous time
k − 1. Assuming that the sensor biases are fixed or slowly
varying, admittedly, all of the time-differential measurements
are not related with the sensor biases, in other words, this trans-
formation decouples the sensor registration and estimation.
The idea is inspired by the image subtraction [15], [16].The
time-differential measurements based algorithm can be used
to separately estimate target state vector and the sensor biases.
Simulation results show that the new approach has a good
performance, e.g., the approach is more efficient than the
augmented state Kalman filter which is proposed by OKello in
[9] in the following cases, 1) in high SNR scenario, 2) when
the initial target state vector are uncertainty..

The rest of this paper is organized as follows. The target
model and the biased measurement model are discussed in
Section II, some assumptions are also developed for simplicity.



Section III proposes a new registration algorithm for sensor
registration and tracking. Section IV presents the performance
of this new approach comparing with the augmented state
extended Kalman filter approach, it is shown that the new
approach are statistically efficient and more accurate than
ASEKF. Conclusions are given in Section V.

II. PROBLEM DESCRIPTION

Assuming that there is only one target in the multi-sensor
networks, and the sensor biases are fixed or nearly constant.
The target model and the measurement model are given as
follows. The dynamic equation of the target can be described
as

x(k + 1) = Fx(k) +w(k) k = 1, 2, · · · (1)

Where, k is the time arguments, x(k) is the state of target at
time k, w(k) is a zero-mean white Gaussian sequence with
the known covariance Q(k) = E

[

wi(k)w
T
i (k)

]

, x(k) and F
are defined as

x(k)
∆
= [x(k), ẋ(k), y(k), ẏ(k)]T (2)

F =







1 T 0 0
0 1 0 0
0 0 1 T
0 0 0 1






(3)

Where, T is the sampling interval. The measurement equation
at time k for the ith sensor is

zi(k + 1) = hi(x(k + 1)) + ηi(k + 1) + vi(k + 1) (4)

Where, zi(k+1) = [ri(k+1), θi(k+1)]T is the measurement
vector reported by the ith sensor at time k+1, vi(k + 1) is
a zero-mean white Gaussian sequence for sensor i with the
known covariance Ri(k+1) = E

[

vi(k + 1)vTi (k + 1)
]

. And
hi(x(k+1)) is the known nonlinear function of the state vector
x(k), which can be defined as

hi(x(k + 1))=







√

[x(k+1)− xoi ]
2
+ [y(k+1)− yoi ]

2

a tan
y(k + 1)− yoi
x(k + 1)− xoi







(5)
Where, Oi = (xoi , y

o
i )
T is position of sensor i in common

cartesian coordinate system.

and ηi(k + 1) = [∆ri(k + 1),∆θi(k + 1)]T is the bias
vector for the ith sensor at time k+1, and we assume that the
sensor biases are constant, thus, ηi(k + 1) can be modeled as
a constant vector evolving according to

ηi(k + 1) = ηi(k) + ci(k) (6)

Where, c(k) is a zero-mean white sequence.

There are two biased sensors in the two-dimensional carte-
sian coordinate system, both of them send the measurements
(range r and angel θ ) to the fusion center. It is assumed
that zi(k + 1) is the measurement vector of the ith sensor
at time k+1, we know that zi(k + 1) is related with both of
the target state x(k + 1) and sensor biases θi at time k+1.
Generally, traditional registration algorithms are based on the
measurements vector zi(k + 1), admittedly, sensor alignment
and estimation are coupled with each other. Simultaneous
sensor registration and the tracking result in long convergence
time and poor tracking performance.

III. SENSOR REGISTRATION AND ESTIMATION USING

THE TIME-DIFFERENTIAL MEASUREMENTS

A. The Augmented State Extended Kalman Filter

In order to compare the ASEKF algorithm with the time-
differential measurement based extended Kalman filter algo-
rithm (T-DMEKF), first of all, the augmented state vector
based process model and measurement model are introduced
briefly.

In [9], an augmented state extended Kalman filter (ASEKF)
algorithm was proposed for simultaneous registration and
tracking, Okello’s augmented state vector based dynamic mod-
el and the measurement model are described as follows.

Combining the equation (1),(6), the augmented state dy-
namic equation therefore takes on the form

xa(k + 1) = Faxa(k) + wa(k) (7)

Where, xa(k), Fa, wa(k) can be described as















xa(k)= [xT (k), ηTi (k)]
T

Fa =

[

F 0
0 I

]

wa(k) =
[

wT (k), cTi (k)
]T

Thus, the augmented state based process equation and the
measurement equation can be described as

{

xa(k + 1) = Faxa(k) + wa(k)
zi(k + 1) = hi(x(k + 1)) + ηi(k + 1) + vi(k + 1)

(8)

Then, in part B and C, the time-differential measurements
based process model and measurement model were proposed
for estimation and registration.

B. The Time-differential Measurement

In fact, sensor registration and estimationg can be decou-
pled as the sensor biases are constant, constant sensor biases
are the fundamental assumption of this paper. In this case, the
time-differential measurement vector at time k can be defined
as

z̃i (k + 1) = zi (k + 1)− zi (k)
= hi (x (k + 1))− hi (x (k)) + ci(k) + vi (k + 1)− vi (k)

(9)
Thus, all of the time-differential measurement vectors from
time instant 0 to k + 1 can be defined as

z̃k+1
i = [z̃i (1) , z̃i (2) , · · · , z̃i (k + 1)] (10)

Admittedly, the time-differential measurement vectors
z̃k+1
i are uncorrelated with the biases of sensor i, in other

words, we decoupled the sensor registration from target track-
ing. Then, in part C, D and E, we propose a EKF based
tracking algorithm to estimate the the state and correct the
registration errors,separately.



C. Extended State Vector Based Estimation Algorithm

In order to carry out the estimation using the time-
differential measurement vector, we extend the target state. Let
y(k + 1) = [xT (k + 1),xT (k)]T , then, the dynamic equation
of the extended state y(k) can be rewritten as

y(k + 1) = Γy(k) + ψ(k) (11)

Where, Γ =

[

F 0
0 F

]

, ψ (k) =
[

wT (k + 1) ,wT (k)
]T

.

And the corresponding measurement equation can be de-
scribed as

z̃i (k + 1) = h̄i(y(k + 1)) + ṽi (k + 1) (12)

Where, h̄i(y(k+1)) = hi(x(k+1))− hi(x(k)), ṽi(k+1) =
vi(k + 1)− vi(k) + ci(k).

Similarly to the traditional EKF, we have

Σi (k + 1)=
∂h̄i(y (k + 1))

∂y (k + 1)
=
[

HT
i (k + 1) ,−HT

i (k)
]T

(13)

Where, Hi (k + 1) =
∂hi (x (k + 1))

∂x (k + 1)

∣

∣

∣

∣

x(k+1)

,Hi (k) =

∂hi (x (k))

∂x (k)

∣

∣

∣

∣

x(k)

.

However, ψ(k), ṽi (k + 1) are zero-mean stationary but not
white sequence.

E[ψ(k)ψT (k)] = Q(k− j)

E[ṽi(k)ṽ
T
i (k)] = R(k− j)

Then the state y(k) is not a Markov sequence. This
is accomplished by obtaining the prewhitening system (or
shaping filter) [17] (Chapter 8.2, 8.4).

D. Shaping Filter

In this part, shaping filter is used to address the au-
tocorrelated process noise problem and the autocorrelated
measurement noise problem.

For simplicity, the autocorrelated process noise and the
autocorrelated measurement noise can be modeled as

{

ψ(k + 1) =Π(k)ψ(k) + s(k)

ṽi(k + 1) =O(k)ṽi(k) +
⌣

v i(k)
(14)

Where, s(k),
⌣

v (k) are zero-mean white sequence.

Combining the dynamic equation (11) and the process
noise model of Eq.(14), similarly to Okello’s augmented state
vector based process equation, we have

ya(k + 1) = Γa(k)ya(k) + A(k)s(k) (15)

Where














ya(k) = [yT (k), ψT (k)]
T

Γa(k) =

[

Γ I
0 Π(k)

]

A(k) = [0, I]
T

We know that s(k) is a zero-mean stationary white se-
quence.

The measurement noise ṽi (k + 1) can be rewritten as

ṽi (k + 1) = z̃i (k + 1)− h̄i(y(k + 1)) (16)

Substituting the equation (16) into the measurement noise
model (Eq.(14)), we have

z̃i(k + 1)− h̄i(y(k + 1)) = O(k)[z̃i(k)− h̄i(y(k))] +
⌣

v i(k)
(17)

And the equation (17) can be rewritten as

z̃i(k + 1)−O(k)z̃i(k)

=h̄i(y(k + 1))−O(k)h̄i(y(k)) +
⌣

v i(k)
(18)

Then, substituting the equation (11) into the equation (18),
thus, the measurement equation can be rewritten as

z̃ai (k) = λ̄ai (y
a(k)) +

⌣

v i(k) (19)

Where
{

z̃ai (k) = z̃i(k + 1)−O(k)z̃i(k)
λ̄ai (y

a(k))=h̄i(Γy(k)+ψ(k))−O(k)h̄i(y(k))

Similarly, we have

Θai (k) =
∂λ̄ai (y

a(k))

∂ya(k)
=

[

(

∂λ̄ai (y
a(k))

∂y(k)

)T

,

(

∂λ̄ai (y
a(k))

∂ψ(k)

)T
]T

Where










∂λ̄a

i
(ya(k))
∂y(k) = ∂h̄i(Γy(k)+ψ(k))

∂y(k) −O(k)∂h̄i(y(k))
∂y(k)

= (Γ−O(k))Σi(k)
∂λ̄a

i
(ya(k))
∂ψ(k) = ∂h̄i(Γy(k)+ψ(k))

∂ψ(k)

Thus, the dynamic equation and the measurement equation
can be described as

{

ya(k + 1) = Γa(k)ya(k) +A(k)s(k)

z̃ai (k) = λ̄ai (y
a(k)) +

⌣

v i(k)
(20)

Then the EKF based algorithm can be used to estimate the
new state vector ya(k).

E. Sensor Registration

It is assumed that ŷa(k + 1) is the estimation of the
extended state ya(k + 1) at time k+1, then we can obtain
the x̂(k + 1).

Substitute x̂(k + 1) into Equation (4), then, we have

η̂i(k + 1) = zi(k + 1)− hi(x̂(k + 1)) (21)

Where, i is the sensor index.

For simplicity, i = 2 is considered in Section IV.



Fig. 1. Geometry of target and sensors
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Fig. 2. range bias and angel bias of sensor 1 (σr = σ
⋆
r , σθ = σ

⋆
θ
, x0 =

xξs1 )

IV. SIMULATION RESULTS

It is assumed that there are two sensors and one target
in the 2-D rectangular cartesian coordinate system, and the
target is reported by the polar coordinate in each of the
sensor polar coordinate system, and the geometry of the target
and the sensors is shown in Fig.1. The sensor O1 and O2

are located at (0km, 0km), (3km, 2km) in the common 2-
D rectangular cartesian coordinate system, separately, and
the sampling intervals are T = 1s. The true state vector
at time k = 0 is xtr0 = [7.2km, 200m/s, 5km, 300m/s]T .
The constant bias vectors of sensor O1, O2 are η1 =
[∆rO1

,∆θO1
]T = [30m, 2mrad]T , η2 = [∆rO2

,∆θO2
]T =

[10m, 1mrad]T , separately. The initial state estimates
are generated randomly with xξs1 ∼ N(ξs1, P (0|0)),
where ξs1 = [7.2km, 200m/s, 5km, 300m/s]T , P(0|0) =
diag(100m)2, (1m/s)2, (100m)2, (1m/s)2. And σrk+1

=
σrk = σ⋆r , σθk+1

= σθk = σ⋆θ , where, σ⋆r = 0.008∆rO2
,

σ⋆θ = 0.008∆θO2
.

In this paper, we compare the time-differential measure-
ment based extended Kalman filter(T-DMEKF) algorithm with
the augmented state extended Kalman filter(ASEKF) algorith-
m, the range bias and angel bias of sensor O1, O2 are shown
in Fig.2, 3.

The range bias and angel bias of sensor 1, 2 are shown in
Fig.2 and Fig.3. Note that, the sensor biases are calculated on
Eq.21 by T-DMEKF method. And estimation errors of target
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Fig. 3. range bias and angel bias of sensor 2 (σr = σ
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by T-DMEKF and ASEKF are shown in Fig.4. Fig.4 also
shows that the T-DMEKF has the significant improvement in
performance than ASEKF in this simulation scenario.

We compare RMSE results on estimation by the T-DMEKF
algorithm and the ASEKF algorithm with different SNR, the
simulation results based on 100 Monte Carlo runs are shown in
Figs. 5, 6 and 7, and all of the initial target state are generated
randomly with xξs1 ∼ N(ξs1, P (0|0)). We know that in
high SNR scenario (in Fig.5), the T-DMEKF algorithm has
the significant improvement in performance than the ASEKF
algorithm, and in low SNR scenario (in Fig.6), the ASEKF
algorithm is better than the T-DMEKF algorithm, σ⋆r , σ

⋆
θ are

the threshold of measurement noise variance, in this case,
RMSE results on estimation are shown in Fig.7.

We compare RMSE results on estimation by the T-DMEKF
algorithm and the ASEKF algorithm with the different initial
target state xξs1 , xξs2 , xξs3 , where, xξs2 ∼ N(ξs2, P (0|0)),
ξs2 = [7.35km, 200m/s, 5.15km, 300m/s]T , xξs3 ∼
N(ξs3, P (0|0)), ξs3 = [7km, 200m/s, 4.8km, 300m/s]T .
When the initial target state is uncertainty, we know that T-
DMEKF has the significant improvement in performance than
ASEKF in the same SNR scenario as shown in Figs. 7, 8, 9
(based on 100 Monte Carlo runs), and T-DMEKF can largely
improve the tracking performance when the initial target state
is uncertainty.

We compare RMSE results on estimation by the T-
DMEKF algorithm and the ASEKF algorithm with the d-
ifferent measurement noise variance P (0|0), Pl(0|0), and
the initial state estimates are generated randomly with
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Fig. 6. RMSE results on estimation by T-DMEKF and ASEKF(σr =
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Fig. 7. RMSE results on estimation by T-DMEKF and ASEKF(σr =
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Fig. 8. RMSE results on estimation by T-DMEKF and ASEKF(σr =

σ
⋆
r , σθ = σ

⋆
θ
, x0 = xξs2 )

0 10 20 30 40 50
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

T/s

R
M

S
E

/k
m

 

 

RMSE of T−DMEKF
RMSE of ASEKF

Fig. 9. RMSE results on estimation by T-DMEKF and ASEKF(σr =
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Fig. 10. RMSE results on estimation by T-DMEKF and ASEKF(σr =

σ
⋆
r , σθ = σ
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, x0 = xξs4 )

xξs1 , xξs4 , where, xξs4 ∼ N(ξs1, Pl(0|0)), and Pl(0|0) =
diag(200m)2, (1m/s)2, (200m)2, (1m/s)2. T-DMEKF also
has significant tracking improvement in performance than
ASEKF in these scenarios as shown in Figs. 7, 10 (based
on 100 Monte Carlo runs), and T-DMEKF can improve the
tracking performance when the measurement noise variance is
uncertainty.

V. CONCLUSION

In this paper, a time-differential measurement based ap-
proach (T-DMEKF) was presented for sensor registration and
estimation with constant sensor biases. The principles of the al-
gorithm are decoupling the sensor registration and estimation,
as the time-differential measurements which are exclusively
related to the target state. Estimation is firstly implemented
based on the time-differential measurements, then sensor bi-
ases are subsequently calculated. Simulation results show the
significant improvement in performance of this new approach
in the following cases,1) in high SNR scenario, 2) when the
initial target state is uncertainty.
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