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Abstract—We present a novel algorithm designed to address
the challenges posed by mismatched intensity of the noise in
sensors performing object tracking. Our objective is to enhance
the accuracy of estimation in the tracking domain, particularly
in scenarios where reliable measurements are difficult to obtain
due to environmental conditions affecting a specific sensor. To
accomplish this, we propose a framework that integrates transfer
learning techniques into an unscented Kalman filter (UKF). We
introduce an additional step to model and learn the parameters of
predicted observations in a learning domain at each time step. By
incorporating the learned knowledge from the learning domain
into the filtering process of the tracking domain, our approach
demonstrates significant improvements in tracking accuracy.
Through extensive simulations, we validate the effectiveness of
our proposed algorithm in terms of tracking accuracy, comparing
its performance to that of the traditional isolated UKF.

Index Terms—Object tracking, transfer learning, Unscented
Kalman filter.

I. INTRODUCTION

It is widely assumed in the field of object tracking that all
sensors used to track an object operate under the same en-
vironmental conditions. However, in practice, this assumption
may not always be valid because each sensor may encounter
its own environmental conditions, resulting in variations in
the accuracy of estimating an object’s state across sensors.
Recent research in the field of object tracking has investigated
the use of machine learning techniques, particularly transfer
learning, which shows promise in improving estimation accu-
racy by leveraging knowledge from tasks or domains. Transfer
learning, for example, has been successfully used to address
sparsity issues in filtering, as demonstrated in [8], [4]. Transfer
learning was used in [2] to combine two Kalman filters and
improve estimation accuracy performance. Furthermore, in
[11], Bayesian models have been used in transfer learning
approaches for probabilistic graphical models, such as sharing
a Gaussian prior.

This paper proposes an algorithm that incorporates the
transfer learning technique into the unscented Kalman filter
(UKF) framework, with the objective of improving the estima-
tion accuracy of object state tracking in cases where sensors
observe measurements with mismatched noise intensity due
to technical or environmental factors among the sensors under
consideration. In order to achieve this, we perform an addi-
tional stage in which we model a predicted observation density
in a learning domain and learn the density parameters, such as
mean and covariance. The parameters that have been learned
are transferred and used in a tracking domain process. Our
simulation results show that incorporating transfer learning
into the UKF framework improves object state estimation

accuracy significantly when compared to the traditional iso-
lated UKF under the same conditions. These results indicate
that the proposed algorithm has the potential to improve the
performance accuracy of tracking object state in real-world
scenarios.

The paper is organized as follows. In Section II, we pro-
vide a brief overview of the state space representation and
traditional Bayesian filtering approach. We also describe the
problem formulation for object tracking using two sensors with
mismatched intensity levels of measurement noise. Section III
introduces the framework for incorporating transfer learning
into the Bayesian filtering approach, with an emphasis on
knowledge utilization and transfer between the learning and
tracking domains. Section IV discusses the proposed algorithm
for integrating transfer learning into the UKF in the learning
and tracking domains. Simulation results for the proposed
algorithm are presented in Section V. The paper is concluded
in Section VI.

II. SYSTEM MODEL

A. State Space Representation

A discrete-time state space representation (SSR) is a math-
ematical framework utilized for describing the dynamics of a
general dynamical system as follows:

xk = fk(xk−1) + vk−1 (1)
zk = hk(xk) +wk, (2)

where k ∈ N denotes the discrete time step. The vector
xk ∈ Rnx represents the state of the system at time step k with
a dimension of nx. The function fk ∈ Rnx is the dynamic
transition function, which describes how the state evolves
over time. The vector zk ∈ Rnz represents the measurements
obtained from the system at time step k with a dimension
of nz. The function hk ∈ Rnz is the measurement function,
which relates the state to the measurements. The variables
vk−1 ∈ Rnv and wk ∈ Rnw correspond to the state process
noise and measurement noise with dimensions of nv and nw,
respectively, representing the uncertainties and disturbances in
the system [5]. The state and measurement noises are assumed
to be independent and identically distributed (i.i.d) zero-mean
Gaussian random vector sequences characterized by

vk−1
iid∼ N (0,Qv), wk

iid∼ N (0,Qw), (3)

respectively, where Qv and Qw denote the covariances.



B. Bayesian Filter Approach

In the Bayesian filter approach, the posterior probability
density function (PDF) of the state is constructed by incor-
porating all available statistical information and the sequence
of observations. The extraction of the estimated state from
the posterior PDF provides an optimal solution for addressing
the estimation problem [9], [3]. The state and measurement
models described by (1) and (2) are Gaussian due to the
assumption of Gaussian noise sources as given by (3). This
Gaussian process assumption leads to a posterior density for
the state that is also Gaussian, characterized by its mean
and covariance. Consequently, the recursive nature of the
Bayesian filter approach primarily revolves around the update
of means and covariances of conditional densities over time
and measurements. The two main steps of the Bayesian filter
approach, namely the prediction and update steps, can be
reformulated under the assumption of a Gaussian process.

C. Tracking Model with Mismatched Noise Intensity of Sen-
sors

We consider the problem of estimating an unknown object
state xk at time step k, assuming a state transition model
defined as

xk = f (xk−1) + vk−1 =⇒ p(xk | xk−1), (4)

where f (·) denotes the state transition function, which models
the transition of the unknown state at each time step, and
wk−1 is a process noise that represents the error process in the
transition model, which is assumed to be zero-mean additive
white Gaussian noise (AWGN) with covariance Qv. At each
time step, a sensor observes measurements zk that are asso-
ciated with the desired object. The observable measurements
are modeled via

zk = h (xk) +wk =⇒ p(zk | xk), (5)

where h (·) provides a representation of the measurement
parameters of the unknown state parameters. The measurement
noise wk is assumed to be Gaussian with a covariance of
Qw = Iw Bw, where Iw denotes the noise intensity.

In our tracking formulation scenario, the task involves
multiple sensors tracking the same object. However, the ob-
served measurements have mismatched intensities Iw among
all sensors due to various environmental or technical factors
that affect the observable measurements, leading to a reduction
in estimation accuracy. To address this issue, we focus on a
specific case of two sensors, learning and tracking the same
moving object as illustrated in Figure 1, where both sensors
are affected by the noise intensities, denoted as I⋆w and Iw,
correspondingly.

III. BAYESIAN TRANSFER LEARNING FILTER APPROACH

To enhance estimation accuracy in domains characterized
by unreliable observed information, our framework incorpo-
rates Bayesian transfer learning. Bayesian transfer learning is
employed to model the joint distribution between a learning
domain and a tracking domain [7], [11]. This approach is
particularly advantageous in scenarios where observed mea-
surements are limited due to adverse conditions, such as high
levels of noise.

Fig. 1. A graphical illustration of knowledge transfer between two sensors
tracking the same moving object.

A. Learning Domain
The learning domain comprises an unknown state variable

set x⋆ = {x⋆
1, · · · ,x⋆

K} and an observable measurement
variable set z⋆ = {z⋆1, · · · , z⋆K}. Unlike the conventional
Bayesian approach, the predicted observation variable set
η⋆ = {η⋆

2, · · · ,η⋆
K+1} is required to be introduced in

Bayesian transfer learning. The overall posterior density of
the state object and predicted observation p(x⋆

k,η
⋆
k+1 | z⋆1:k),

given the measurements set up to time step k, denoted as
z⋆1:k = {z⋆1, z⋆2, . . . , z⋆k}, can be estimated by using two
posterior densities, as follows:

p(x⋆
k,η

⋆
k+1 | z⋆1:k) ∝ p(x⋆

k | η⋆
k+1, z

⋆
1:k) p(η

⋆
k+1 | z⋆1:k). (6)

Since the object state x⋆
k at the current time step k is

conditionally independent of the predicted observation variable
η⋆
k+1 for the next time step k+ 1, the conditional probability

p(x⋆
k | η⋆

k+1, z
⋆
1:k) in (6) can be simplified to p(x⋆

k | z⋆1:k).
The posterior density of the object state p(x⋆

k | z⋆1:k) can be
expressed as

p(x⋆
k | z⋆1:k) ∝ p(z⋆k | x⋆

k) p(x
⋆
k | x⋆

k−1) p(x
⋆
k−1 | z⋆1:k−1), (7)

where p(z⋆k | x⋆
k) represents the measurement likelihood

function, and p(x⋆
k | x⋆

k−1) denotes the predicted state for
the next time step, computed using the transition PDF given in
(4). Upon obtaining the estimated object state x⋆

k from (7), the
posterior density of the predicted observation p(η⋆

k+1 | z⋆1:k)
as described in (6) can be estimated by

p(η⋆
k+1 | z⋆1:k) ∝ p(η⋆

k+1 | x⋆
k+1) p(x

⋆
k+1 | x⋆

k)

p(x⋆
k | z⋆1:k), (8)

where p(η⋆
k+1 | x⋆

k+1) follows the measurement density model
described in (5).

B. Tracking Domain
The learned predicted observations η⋆

2:k are simultaneously
transferred and used as prior knowledge for estimating a set
of object state variables x = {x1, ...,xK} under different
conditions in the tracking domain given a set of measurement
variables z = {z1, ..., zK}. By integrating the Bayesian trans-
fer learning into the framework, the overall posterior density
of the object state given the learned predicted observations
η⋆
2:k and the observed measurements z1:k up to time step k is

estimated as follows:

p(xk | z1:k,η⋆
2:k) ∝ p(zk | xk, z1:k−1,η

⋆
2:k)

p(xk | z1:k−1,η
⋆
2:k). (9)



The transfer learning framework’s state posterior density,
denoted as p(xk | z1:k−1,η

⋆
2:k), is computed via Bayes’ rule

as

p(xk | z1:k−1,η
⋆
2:k) ∝ p(η⋆

k | xk, z1:k−1,η
⋆
2:k−1)

p(xk | xk−1). (10)

Under the assumption that the measurement at the current time
step k is conditionally independent of all previous measure-
ments, given the current state xk, and that the measurements
z and the transferred learned predicted observations η⋆ are
independent, conditioned on the current state xk, the overall
state posterior can be simplified and obtained by substituting
the transfer learning state posterior from (10) into (9):

p(xk | z1:k,η⋆
2:k) ∝ p(zk | xk) p(η

⋆
k | xk) p(xk | xk−1). (11)

The estimation of the overall posterior, as described in
(11), involves two distinct likelihood functions: the transferred
predicted observation likelihood function p(η⋆

k | xk) and the
measurement likelihood function p(zk | xk). By incorporating
the transferred knowledge of the predicted observation, the
overall posterior density can be estimated, which leads to
enhanced accuracy in the object state estimation process.

IV. TRANSFER LEARNING FOR UKF

The UKF [6] uses a set of sigma points to approximate a
nonlinear function, unlike the extended Kalman filter (EKF)
which relies on linearization. In situations where analytical
Jacobians of the transition and measurement model functions
are unavailable, this feature gives the UKF an advantage over
the EKF [10]. By integrating the Bayesian transfer learning
approach in Section III into the UKF framework, knowledge
can be transferred from the learning domain to the tracking
domain and used as a prior to be incorporated in the estimation
process to improve the accuracy of object state estimation.

A. Learning Domain

By applying the unscented transformation (UT) method [6],
the set of 2nx + 1 sigma points are defined as:

X ⋆
0,k−1|k−1 = x̂⋆

k−1|k−1 (12)

X ⋆
j,k−1|k−1 = x̂⋆

k−1|k−1 +
√

(nx + λ)P⋆
j,k−1|k−1 (13)

X ⋆
nx+j,k−1|k−1 = x̂⋆

k−1|k−1 −
√
(nx + λ)P⋆

j,k−1|k−1, (14)

where j = 1, . . . , nx and λ = α2 (nx + κ) − nx is a
scaling parameter with 10−4 ≤ α ≤ 1. The value of κ is
defined by κ = 3 − nx, as suggested in [6]. Additionally,
P⋆

j,k−1|k−1 refers to the ith column of the covariance matrix.
The associated weights of these sigma points are obtained as:

W ⋆
0,k =

λ

nx + λ
, W ⋆

j,k =
1

2nx + 2λ
, (15)

for j = 1, 2, . . . , 2nx.

• Prediction Step: The mean x̂⋆
k|k−1 and the associated

covariance P⋆
k|k−1 for the predictive density can be estimated

as:

x̂⋆
k|k−1 =

2nx∑
j=0

W ⋆
j,k f

(
X ⋆

j,k−1|k−1

)
(16)

P⋆
k|k−1 =

2nx∑
j=0

W ⋆
j,k

[
f
(
X ⋆

j,k−1|k−1

)
− x̂⋆

k|k−1

]
[
f
(
X ⋆

j,k−1|k−1

)
− x̂⋆

k|k−1

]T
+Q⋆

v. (17)

By applying the nonlinear transition model function to the
sigma points, the predicted sigma points X ⋆

j,k|k−1 can be
obtained as

X ⋆
j,k|k−1 = f

(
X ⋆

j,k−1|k−1

)
. (18)

• Update Step: The predicted measurement mean ẑ⋆k|k−1 and
the associated covariance P⋆

zz,k|k−1 can be computed as

ẑ⋆k|k−1 =

2nx∑
j=0

W ⋆
j,k h

(
X ⋆

j,k|k−1

)
(19)

P⋆
zz,k|k−1 =

2nx∑
j=0

W ⋆
j,k

[
h
(
X ⋆

j,k|k−1

)
− ẑ⋆k|k−1

]
[
h
(
X ⋆

j,k|k−1

)
− ẑ⋆k|k−1

]T
+Q⋆

w. (20)

The joint conditional density’s cross-covariance can be com-
puted as follows:

P⋆
xz,k|k−1 =

2nx∑
j=0

W ⋆
j,k

[
X ⋆

j,k|k−1 − x̂⋆
k|k−1

]
[
h
(
X ⋆

j,k|k−1

)
− ẑ⋆k|k−1

]T
. (21)

After observing the new measurement, the posterior density
of the object state can be estimated with the mean x̂⋆

k|k and
covariance P⋆

k|k, computed as follows:

x̂⋆
k|k = x̂⋆

k|k−1 +K⋆
k(z

⋆
k − ẑ⋆k|k−1) (22)

P⋆
k|k = P⋆

k|k−1 −K⋆
k P⋆

zz,k|k−1 (K⋆
k)

T , (23)

where the Kalman gain K⋆
k is computed as

K⋆
k = P⋆

xz,k|k−1 (P⋆
zz,k|k−1)

−1. (24)

• Learning Step: As the predicted observation variable set η⋆

is introduced in the Bayesian transfer learning, the posterior
density of the predicted observation p(η⋆

k+1 | z⋆1:k) in (8) is a
Gaussian vector η⋆

k+1 ∼ N (η̂⋆
k+1|k,P

⋆
ηη,k+1|k) with mean



η̂⋆
k+1|k and associated covariance P⋆

ηη,k+1|k learned using
following the procedure:

X ⋆
0,k|k = x̂⋆

k|k (25)

X ⋆
j,k|k = x̂⋆

k|k +
√
(nx + λ)P⋆

j,k|k (26)

X ⋆
nx+j,k|k = x̂⋆

k|k −
√

(nx + λ)P⋆
j,k|k (27)

X ⋆
j,k+1|k = f

(
X ⋆

j,k|k

)
(28)

η̂⋆
k+1|k =

2nx∑
j=0

W ⋆
j,k h

(
X ⋆

j,k+1|k

)
, (29)

where j = 1, 2, ..., nx and

P⋆
ηη,k+1|k =

2nx∑
j=0

W ⋆
j,k

[
h
(
X ⋆

j,k+1|k

)
− η̂⋆

k+1|k

]
[
h
(
X ⋆

j,k+1|k

)
− η̂⋆

k+1|k

]T
+Q⋆

w. (30)

The posterior density of the predicted observation p(η⋆
k+1 |

z⋆1:k) is Gaussian with mean and covariance estimated in (29)
and (30), respectively. The learned parameters η̂⋆

k+1|k and
P⋆

ηη,k+1|k are transferred to the tracking domain and utilized
as a prior for improving the tracking performance.

B. Tracking Domain
Equivalently to the learning domain, the set of 2nx+1 sigma

points and their associated weights in the tracking domain can
be drawn and computed as follows:

X0,k−1|k−1 = x̂k−1|k−1 (31)

Xj,k−1|k−1 = x̂k−1|k−1 +
√

(nx + λ)Pj,k−1|k−1 (32)

Xnx+j,k−1|k−1 = x̂k−1|k−1 −
√
(nx + λ)Pj,k−1|k−1 (33)

W0,k =
λ

nx + λ
, Wj,k =

1

2nx + 2λ
, (34)

where j = 1, 2, ..., nx.
• Prediction Step: The predictive density mean x̂k|k−1 and
covariance Pk|k−1 can be estimated as follows:

x̂k|k−1 =

2nx∑
j=0

Wj,k f
(
Xj,k−1|k−1

)
(35)

Pk|k−1 =

2nx∑
j=0

Wj,k

[
f
(
Xj,k−1|k−1

)
− x̂k|k−1

]
[
f
(
Xj,k−1|k−1

)
− x̂k|k−1

]T
+Qv. (36)

The drawn sigma points in (33) can be transitioned using the
nonlinear transition function as

Xj,k|k−1 = f
(
Xj,k−1|k−1

)
(37)

• Update Step: The predicted object state density in the
tracking domain is updated using two likelihood function by
integrating the transfer learning, as represented in (11), into the
UKF framework. In the initial stage, the transferred predicted
observation likelihood function p(η⋆

k | xk) is employed to
update the predicted object state density. This update process

incorporates the transferred learned parameters, η̂⋆
k|k−1 and

P⋆
ηη,k|k−1, which were learned in the previous time step k−1

in the learning domain, into the process. The predicted mean
η̂k|k−1 and covariance Pηη,k|k−1 for the transferred learned
observation can be computed as

η̂k|k−1 =

2nx∑
j=0

Wj,k h
(
Xj,k|k−1

)
(38)

Pηη,k|k−1 =

2nx∑
j=0

Wj,k

[
h
(
Xj,k|k−1

)
− η̂k|k−1

]
[
h
(
Xj,k|k−1

)
− η̂k|k−1

]T
+P⋆

ηη,k|k−1. (39)

The cross-covariance, which characterizes the relationship
between the state and the transferred learned parameter, is
defined as

Pxη,k|k−1 =

2nx∑
j=0

Wj,k

[
Xj,k|k−1 − x̂k|k−1

]
[
h
(
Xj,k|k−1

)
− η̂k|k−1

]T
. (40)

Given the transferred learned parameter η⋆
k|k−1, the poste-

rior density of the state in the transfer learning framework,
denoted as p(xk | z1:k−1,η

⋆
2:k) ∼ N (x̂η

k|k−1,P
η
k|k−1), is

estimated with a mean x̂η
k|k−1 and a covariance Pη

k|k−1 as

x̂η
k|k−1 = x̂k|k−1 +Kη

k (η̂⋆
k|k−1 − η̂k|k−1) (41)

Pη
k|k−1 = Pk|k−1 −Kη

k Pηη,k|k−1 (Kη
k )

T , (42)

where the Kalman gain of the transfer learning framework Kη
k

is given by

Kη
k = Pxη,k|k−1 (Pηη,k|k−1)

−1 (43)

Based on the estimated mean and covariance of the transfer
learning state posterior density computed in (41) and (42)
respectively, the set of 2nx + 1 sigma points will be redrawn
as:

X η
0,k|k−1 = x̂η

k|k−1 (44)

X η
j,k|k−1 = x̂η

k|k−1 +
√

(nx + λ)Pη
j,k|k−1 (45)

X η
nx+j,k|k−1 = x̂η

k|k−1 −
√
(nx + λ)Pη

j,k|k−1, (46)

where j = 1, 2, ..., nx. The estimated measurement mean and
covariance can be calculated as follows:

ẑk|k−1 =

2nx∑
j=0

Wj,k h
(
X η

j,k|k−1

)
(47)

Pzz,k|k−1 =

2nx∑
j=0

Wj,k

[
h
(
X η

j,k|k−1

)
− ẑk|k−1

]
[
h
(
X η

j,k|k−1

)
− ẑk|k−1

]T
+Qw. (48)



The cross-covariance matrix, which expresses the relationship
between state and measurement in the joint density, is com-
puted as follows:

Pxz,k|k−1 =

2nx∑
j=0

Wj,k

[
X η

j,k|k−1 − x̂η
k|k−1

]
[
h
(
X η

j,k|k−1

)
− ẑk|k−1

]T
. (49)

Similarly to the learning domain, upon observing the mea-
surement zk, the estimated mean and covariance of the poste-
rior density are computed as

x̂k|k = x̂η
k|k−1 +Kk (zk − ẑk|k−1) (50)

Pk|k = Pη
k|k−1 −Kk Pzz,k|k−1 (Kk)

T , (51)

where Kk denotes the Kalman gain defined by

Kk = Pxz,k|k−1 (Pzz,k|k−1)
−1. (52)

The posterior density of the state, conditioned on the observed
measurement and the transferred learned parameters, denoted
as p(xk | z1:k,η

⋆
2:k) = N (x̂k|k,Pk|k), given in (11), is

modeled as a Gaussian density. The mean and covariance
of this posterior density are estimated via (50) and (51),
respectively.

V. SIMULATION RESULTS

We consider the problem of estimating the unknown state
vector xk = [xk, ẋk, yk, ẏk,Ωk]

T associated with a single ob-
ject undergoing constant velocity motion in a two-dimensional
trajectory. The state vector comprises the Cartesian coordinates
(xk, yk), the object’s velocity (ẋk, ẏk), and the turn rate Ωk.
Our approach adopts a state transition model based on a
nonlinear process model employed in [1], which is given by

xk =


1 sin(Ωk−1Ts)

Ωk−1
0 −

(
1−cos(Ωk−1Ts)

Ωk−1

)
0

0 cos(Ωk−1Ts) 0 − sin(Ωk−1Ts) 0

0 1−cos(Ωk−1Ts)
Ωk−1

1 sin(Ωk−1Ts)
Ωk−1

0

0 sin(Ωk−1Ts) 0 cos(Ωk−1Ts) 0
0 0 0 0 1

xk−1

+ vk−1, (53)

where the process noise vk−1 ∼ N (0,Qv) with

Qv =


q1

T 4
s

4 q1
T 3
s

2 0 0 0

q1
T 3
s

2 q1T
2
s 0 0 0

0 0 q1
T 4
s

4 q1
T 3
s

2 0

0 0 q1
T 3
s

2 q1T
2
s 0

0 0 0 0 q2Ts

 . (54)

In order to ensure a fair comparison, we make the assumption
that both the learning and tracking domains possess identical
error process noise covariances, i.e., Q⋆

v = Qv.
The measurement vector at time step k, denoted by zk, con-

sists of the object’s range rk and angle ζk. The measurements
obtained from the sensors in both the learning and tracking
domains are affected by Gaussian noise, which are modeled
by the following equations:

z⋆k = h (xk) +w⋆
k, w⋆

k ∼ N (0,Q⋆
w), (55)

zk = h (xk) +wk, wk ∼ N (0,Qw), (56)

where N (0,Q⋆
w) and N (0,Qw) denote zero-mean Gaussian

noise with covariance matrices for the learning and track-
ing domains defined by Q⋆

w and Qw, respectively. Their
corresponding intensities are represented by I⋆w and Iw. In
both the learning and tracking domains, a common matrix
Bw = diag[σ2

r , σ
2
ζ ] is used to ensure a fair comparison.

The only differing parameters between the two domains are
the noise intensities. For the simulations in this section, the
object follows the nonlinear transition model for a duration
of K = 100 time steps. The initial parameters of the object
are set as x0 = [1000 m, 300 m/s, 1000 m, 0 m/s,−3◦/s]T .
The obtained results in this section are based on averaging
10, 000 iterations of Monte Carlo (MC) simulations, utilizing
the parameter settings outlined in Table I.

TABLE I
SIMULATION PARAMETERS SETTINGS

Parameter Value
nx 5
nz 2
Ts 1 s
K 100
MC 10, 000
α 1
κ −2
q1 0.1 m2/s4

q2 1.75× 10−2 rad2/s3

σr 10 m
σζ

√
10× 10−3 rad

I⋆w 1
Iw 0.5 → 6

We investigate the performance of the proposed transfer
learning-unscented Kalman filter (TL-UKF) algorithm in a
scenario involving a single object with relatively high maneu-
verability. The object’s trajectory is depicted in Figure 2. The
algorithm is evaluated by computing the Root Mean-Squared
Error (RMSE) in the tracking domain under different noise
intensity values, denoted as Iw = {0.5, 1.5, 4}, while keeping
the noise intensity in the learning domain fixed at I⋆w = 1.
The performance results in terms of RMSE for the proposed
algorithm compared to the isolated UKF are presented in
Figure 3. For instance, under Iw = 4 and at k = 30, the
proposed algorithm achieves an RMSE of 16.3 m, whereas the
isolated UKF achieves an RMSE of 18.53 m. These results
indicate that the proposed algorithm improves the accuracy
of object tracking compared to the isolated UKF. However,
it is worth noting that the proposed algorithm exhibits poorer
performance at certain time steps, specifically k = {8, 45, 62}.
This can be attributed to the use of the suggested choice of
κ = 3 − nx, which in this scenario is a negative value. The
proposed algorithm has less stability compared to the isolated
UKF due to the reliance on transfer learning, particularly
in the context of predicted observations. The choice of the
negative value of κ can lead to inaccurate approximations
when applying the UT via (25)-(30) in the learning step,
further reducing stability.

The overall RMSE results under varying values of noise
intensity in the tracking domain are plotted in Figure 4,
with the shaded areas representing the interquartile range of
10, 000 MC iterations. Despite the limitations faced by the TL-
UKF algorithm in tracking high maneuverability scenarios, the
overall performance demonstrates a significant improvement
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Fig. 2. High maneuverability trajectory, where • indicates the initial point.
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Fig. 3. RMSE curves of TL-UKF and isolated UKF high maneuverability
trajectory scenario.

in the accuracy of estimation compared to the isolated UKF.
For instance, under a noise intensity of Iw = 6, the proposed
algorithm achieves an RMSE of 20.62 m, while the isolated
UKF achieves a similar RMSE of 20.53 m with a lower
noise intensity of Iw = 4.5. This indicates that the proposed
algorithm is capable of tracking the object with comparable
accuracy, even when faced with higher noise intensity that is
approximately 1.5 greater.

VI. CONCLUSION

We proposed a tracking algorithm that incorporated transfer
learning with an unscented Kalman filter. Our simulation re-
sults using a relatively high maneuverability trajectory showed
the significant improvement in overall tracking accuracy that
can be achieved compared to an isolated UKF. However, in

Fig. 4. Overall performance comparison of TL-UKF and isolated UKF
algorithms for high maneuverability trajectory, with shaded areas representing
the interquartile range.

this scenario where the proposed algorithm faces less numeri-
cal stability, inaccurately learned predicted observations in the
learning domain can adversely affect the performance of the
proposed algorithm at certain time steps. We are investigating
this issue further in ongoing work.
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