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Abstract: The target is often obstructed by obstacles with the dynamic tracking scene, leading to a
loss of target information and a decrease in tracking accuracy or even complete failure. To address
these challenges, we leverage the capabilities of Geiger-mode Avalanche Photodiode (GM-APD)
LiDAR to acquire both intensity images and point cloud data for researching a target tracking
method that combines the fusion of intensity images and point cloud data. Building upon Kernelized
correlation filtering (KCF), we introduce Fourier descriptors based on intensity images to enhance the
representational capacity of target features, thereby achieving precise target tracking using intensity
images. Additionally, an adaptive factor is designed based on peak sidelobe ratio and intrinsic shape
signature to accurately detect occlusions. Finally, by fusing the tracking results from Kalman filter
and KCF with adaptive factors following occlusion detection, we obtain location information for
the central point of the target. The proposed method is validated through simulations using the
KITTI tracking dataset, yielding an average position error of 0.1182m for the central point of the
target. Moreover, our approach achieves an average tracking accuracy that is 21.67% higher than that
obtained by Kalman filtering algorithm and 7.94% higher than extended Kalman filtering algorithm
on average.

Keywords: single target tracking; GM-APD LiDAR; adaptive fusion

1. Introduction

Single target tracking is a kind of method that can predict the target position in
subsequent frames on the premise of determining the specified target position information
in the first frame image [1]. Single target tracking technology based on 3D point cloud
has been developed rapidly in recent years. In 2019, Giancola et al. pioneered SC3D, a
single target tracker based on shape completion networks and twin networks [2], which
integrated the auto-encoder in the shape completion network into the frame of the twin
network and used the encoding structure of the auto-encoder as the feature extraction
network, enhancing the robustness of the single target tracking. In 2022, Zheng et al.
proposed M2-Track [3], which introduced a motion-centered paradigm. This approach
took the point cloud directly from two frames without clipping as input and split the
target point from the surrounding environment to estimate the current bounding box by
explicitly modeling the motion between the two frames. In 2023, Xu et al. put forward a
tracking network called CXTrack [4], a kind of target-centric transformer network, which
directly used the point features in two consecutive frames and previous bounding boxes as
inputs to explore contextual information, implicitly propagate target clues, and model the
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intra-frame and inter-frame feature relationships. The context information in successive
frames is fully utilized to enhance the robustness to interference cases.

The single target tracking method based on deep learning requires a large number of
training samples. However, the data samples of the Geiger-mode Avalanche Photodiode
(GM-APD) LiDAR developed by us are insufficient to support the algorithm training
based on deep learning, affecting the tracking accuracy of the special category and specific
model. Observing the progress of target detection and recognition in point cloud data
processing, the technical concepts in the field of two-dimensional image processing are
still of great enlightening significance for the corresponding research of three-dimensional
point cloud [5].

In the research of 2D image tracking, discriminative target tracking method incor-
porates the idea of machine learning and transforms tracking into a binary classification
problem. In the training stage, the target region is defined as positive samples, and the
surrounding background is divided into negative samples, aiming at training a classifier
that can effectively distinguish the target from the background. In the subsequent tracking
sequence, the classifier is used to detect the target within the search area, and the region
with the highest response value is selected as the target location [6].

Bolme et al. introduced the tracking algorithm based on minimum output sum of
squared error for the first time in the field of target tracking [7]. By using the concept
of correlation filtering, the similarity calculation of the target and the candidate area is
transferred from the time domain to the frequency domain, which significantly improves
the algorithm’s calculating speed. Heriques et al. proposed a CSK tracking method [8]
to which the ridge regression model is introduced generates training sample set by using
circular shift technique and utilizes the characteristics of the circular matrix to improve the
solving speed. Subsequently, they come up with a Kernelized correlation filtering (KCF)
algorithm based on CSK tracking method [9]. It extends the grayscale characteristics of a
single channel to a multi-channel histogram of oriented gradients (HOG) characteristics,
significantly improving the accuracy of the tracking while maintaining the speed of the
algorithm. However, the tracking effect of this algorithm remains to be improved when
dealing with target occluded or scale changing. Sion Hannuna et al. proposed a KCF
single target tracker based on RGB-D images [10], which uses the target depth data to
adjust the size of a given target and detect occlusion. Combined with Kalman filter, this
method improves tracking performance during occlusion, but lacks adaptability to an
occlusion target model. Mohammad Zolfaghari et al. integrated the occlusion detection
method, adaptive model update and prediction system into the KCF tracker [11], where
the occlusion detecting method determines the occluding type by the peak sidelobe ratio
(PSLR) of the confidence map. An adaptive transition state equation is used to estimate
the target’s acceleration and speed required in the extend Kalman filter (EKF) to predict
the target location. Liu et al. proposed a KCF tracking method based on embedded multi-
feature fusion and motion trajectory compensation [12] to which an adaptive Kalman filter
is introduced to revise the result of KCF tracker, working out the problem about motion
target occluded. Although the average tracking accuracy of partial occluding targets is
89%, its average tracking speed is 18 fps, which is a little bit slow. Maharani et al. exploited
migrate learning techniques to extract depth characteristics from target images [13]. The
algorithm whose average tracking speed is 36 fps effectively increases the tracking ability
of sports targets by combining the advanced depth learning and the HOG characteristics.

To summarize, the tracking algorithm based on the KCF has a high tracking accuracy
and a high tracking speed. But, in the case of occlusion, the tracking accuracy will be
greatly reduced due to the small amount of target feature information obtained. When the
target is completely occluded, relevant scholars use the Kalman filtering tracking algorithm
to predict the trajectory of the target [14,15]. The tracking accuracy of occluded target can
be enhanced by combining the two tracking results effectively. The article mainly has the
following contributions:
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(1) In order to overcome the defect that KCF algorithm cannot fully distinguish target
from other similar objects using only one single feature, this method fuses the HOG
and Fourier descriptor features of the target for the GM-APD LiDAR intensity image,
and combines the frequency-domain information and spatial information to describe
the target more comprehensively, sufficiently distinguishing the target from other
similar objects and improving the tracking performance of the KCF algorithm.

(2) Aiming at the declining of tracking accuracy or even tracking failure when the target
is in occlusion, this method uses the peak sidelobe ratio (PSLR) and intrinsic shape
signature (ISS) to effectively judge the occlusion state of the target. Then, an adaptive
factor is proposed to fuse the tracking results of kernel correlation filter and Kalman
filter, according to the occlusion state of the target, improving the tracking accuracy
when the target is in occlusion.

2. Intensity Image KCF Target Tracking Method Based on the Muti-Feature Fusion

KCF is a classical tracking model based on kernel function and correlation filtering
theory. By expanding training samples through cyclic matrix, discriminant classifier is
trained to judge the target, achieving rapid detection and recognition of the target [16].

The main process is as follows:
Step 1: The HOG feature of the target is extracted from the first frame for training and

learning to build the correlation filter.
Step 2: The target position of the previous frame is taken as the search area, of which

features are extracted. The edge effect is reduced by cosine window function, and the
response map in frequency domain is obtained by fast Fourier transform.

Step 3: By implementing the inverse Fourier transform to generate the response map
in time domain, the max peak position in this response map is the optimal target prediction
position of the next frame.

Step 4: The HOG features of the target are extracted from the current frame, which
are used for training and learning together with the expected output, while the correlation
filter is updated.

Step 5: Repeat Step 2 to Step 4 to achieve continuous target tracking.
The overall flow of the KCF algorithm is shown in the figure below. ⊙ in Figure 1

means the multiplication of two outcomes in the frequency domain.
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However, the HOG feature alone cannot fully describe the target, especially when
the target is partially obscured or the image quality is blurred due to rain, snow and other
environmental factors, which is prone to problems such as reduced tracking accuracy and
even tracking failure. In order to overcome this shortcoming of KCF algorithm, this paper
adopts multi-feature fusion method to fuse HOG feature and Fourier descriptor feature
of target in LiDAR intensity image to improve tracking accuracy. The overall flow of the
improved algorithm is shown in the figure below. ⊙ in Figure 2 means the multiplication
of two outcomes in the frequency domain.
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2.1. The Principle of KCF Tracking Algorithm
2.1.1. Ridge Regression

Ridge regression is a linear regression method with biased estimation, which is essen-
tially an improved least square method [17]. By giving up the unbiasedness of the least
square method, it is a regression method with more realistic regression coefficients obtained
at the cost of reducing the accuracy, of which the fitting of ill-conditioned data is better
than the least square method.

Suppose there is a training set {(a1, b1), · · · (ai, bi)} and a response function f (ai) = wTai.
In order to minimize the mean square error between the response function of the sample
vector ai and its corresponding label bi, an optimization model about w is constructed
as follows:

w = argmin
w

∑
i
( f (ai)− bi) + λ∥w∥2

= argmin
w

∑
i

(
wTai − bi

)
+ λ∥w∥2 (1)

where λ is the regularization parameter that prevents overfitting; w is weight coefficients
expressed as a column vector; ∥w∥2 represents the 2-norm of w. Equation (1) has a unique
optimal solution, which can be calculated by the following equation:

w =
(

AT A + λI
)−1

ATb (2)

Pluralize Equation (2) as follows:

w =
(

AH A + λI
)−1

AHb (3)

where A represents a cyclic matrix consisting of cyclic shifts of the sample vector a; I is a
unit matrix; AH is the Hermite transpose of A.

2.1.2. Kernelized Correlation Detection

In practical scenarios, there are instances where the sample is not linearly separable
in the low-dimensional space, necessitating the utilization of the “kernel trick” to map
the sample into a higher-dimensional space for achieving linear separability. Assuming
the availability of training sample set X = [x1, x2, · · · , xn]

T and its corresponding label set
Y = [y1, y2, · · · , yn]

T , we can formulate an optimization model for w as follows:

w = argmin
w

∑
i
(⟨w, φ(xi)⟩ − yi)

2 + λ∥w∥2 (4)

where φ(·) represents the mapping from the original space to the Hilbert feature space,
defined by the kernel function κ(x, x′) = ⟨φ(x), φ(x′)⟩. x is the training sample, x′ is the
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sample to be detected; based on the idea of “kernel technique”, the optimization model for
w can be expressed as a linear combination of inputs:

w = ∑
i

αi φ(xi) (5)

In this case, the optimal solution of w is the corresponding optimal solution α in
Hilbert feature space. Therefore, the response function f (z) can be expressed as:

f (z) = wT φ(z)
= ∑

i
αi φ

T(xi)φ(zi)

= ∑
i

αiκ(xi, zi)
(6)

where z represents the patch to be detected with the same size as x that is captured from
the next frame during the tracking process. The closed solution of ridge regression based
on “kernel technique” is as follows:

α = (K + λI)−1y (7)

where K, the Kernel matrix, can be expressed as follows:

K = C(kxx) (8)

where kxx represents the kernel correlation between training sample x and itself. By
substituting the Equation (8) into the Equation (7), we can obtain:

F(α) =
F(y)

F(kxx) + λ
(9)

The response value of patch z can be obtained by the following equation:

f̂ (z) = F−1(F(kxz)⊙ F(α)) (10)

where kxz represents the kernel correlation between training sample x and patch z;
⊙ stands for element-wise product; F−1 is the inverse Fourier transform. Then the position
corresponding to the maximum value of f̂ (z) is the optimal target prediction position.

2.2. KCF Tracking Algorithm Based on Muti-Feature Fusion
2.2.1. HOG Feature

HOG is a statistical method to calculate the local features of an image, which can
effectively describe the local gradient information and edge distribution of the target [18].
The main calculation process is as follows:

Step 1: The tracking region image captured as input is converted into a binary image;
Step 2: The Gamma correction method was used to normalize the input image, as

shown in Equation (11):
I
(
hx, hy

)
= I
(
hx, hy

)Gamma (11)

where I
(
hx, hy

)
is the image matrix, gamma = 5.0, generally.

Step 3: Calculate the oriental gradient information of pixels, as shown in Equations (12)
and (13):

Gx
(
hx, hy

)
= I
(
hx+1, hy

)
− I
(
hx−1, hy

)
(12)

Gy
(
hx, hy

)
= I
(
hx, hy+1

)
− I
(
hx, hy−1

)
(13)
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where Gx
(
hx, hy

)
represents the horizonal gradient value; Gy

(
hx, hy

)
represents the vertical

gradient value. So, the gradient amplitude and direction of the image at
(
hx, hy

)
can be

expressed as:

G
(
hx, hy

)
=

√
Gx
(
hx, hy

)2
+ Gy

(
hx, hy

)2 (14)

θ
(
hx, hy

)
= tan−1

(
Gy
(
hx, hy

)
Gx
(
hx, hy

)) (15)

Step 4: The image is subdivided into many small cells and the gradient data for each
cell is calculated. For each cell, its gradient orientation is divided into nine bins, and each
bin is bounded by 20◦. According to the gradient orientation, the gradient information of
the cell is mapped to the corresponding bin.

Step 5: The gradient information in the block composed of cells is collected, and the
HOGs in all blocks are connected in series to obtain the overall HOG feature.

2.2.2. Fourier Descriptor Feature

The Fourier descriptor is an example of the application of Fourier theory in shape
analysis, whose basic idea is to describe the shape of the target in the frequency domain
by using the Fourier transform of the target boundary curve [19]. The Fourier descrip-
tor has invariance in translation, rotation and scale with an excellent performance in
image classification.

The Fourier descriptor can be computed as follows:
Step 1: The tracking region image captured as input is converted into a binary image

which will be normalized by the Gamma correction method.
Step 2: Canny edge detection algorithm is used to extract the contour point set

{(xi, yi)|i = 1, 2, · · · , m} of the target to be tracked;
Step 3: Calculate coordinates of the central point (x, y) of the contour:

x =
m
∑

i=1
xi

y =
m
∑

i=1
yi

(16)

Step 4: Convert a cartesian point to a polar point. Taking (x, y) as the pole of the
polar coordinate system, the rectangular coordinate {(xi, yi)|i = 1, 2, · · · , m} of the contour
point is converted to the corresponding polar coordinate {(ri, θi)|i = 1, 2, · · · , m}.ri =

√
(xi − x)2 + (yi − y)2

θi = tan−1 yi−y
xi−x

(17)

where ri(i = 1, 2, · · · , m) is the distance from the contour point to the center point.
ri(i = 1, 2, · · · , m) is sorted in ascending order to obtain the distance sequence from each
contour point to the center point, denoted as D = [r1, r2, · · · , rm].

Step 5: The distance sequence is transformed by fast Fourier transform.

F(k) =
1
m

m−1

∑
i=0

D(i)e
−

j2πik
m k = 0, 1, · · · , m − 1 (18)

where after transformation, F(0) in the boundary sequence represents the DC component,
which cannot reflect the shape difference between different images. Therefore, we get rid
of it and keep the rest. Finally, the Fourier descriptor is expressed as follows:

FD =

{
F(2)
F(1)

,
F(3)
F(1)

, · · · ,
F(m − 1)

F(1)

}
(19)
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The Fourier descriptor is mainly based on frequency domain information and can
capture periodic changes in images, while HOG feature mainly focuses on spatial gradient
information. By fusing these two features, the frequency domain and spatial domain
information can be comprehensively used to provide a more comprehensive target descrip-
tion. The Fourier descriptor has a certain robustness to the illumination change, because it
represents the image through the frequency domain information. In a battlefield, lighting
conditions can be constantly changing, and the introduction of the Fourier descriptor helps
to reduce sensitivity to light. In this paper, serial fusion of HOG feature and the Fourier
descriptor is implemented to improve the robustness of KCF tracking algorithm.

3. The Adaptive Fusion of KCF and Kalman Filter

The GM-APD LiDAR developed by our team can obtain the intensity image of the
target through photon accumulation detection while acquiring the target point cloud.
The intensity image can represent the surface reflectivity and shape of the target, and
the point cloud can represent the distance and orientation of the target. Inspired by
article [20], we propose an adaptive fusion method of point cloud tracking and intensity
image tracking, combining the advantages of two different data sources to improve the
tracking performance of GM-APD LiDAR. In addition, since the two kinds of images do
not need to be calibrated jointly, the calculation speed of the algorithm is greatly improved.
In this paper, the KCF tracking method based on multi-feature fusion is used to process the
intensity image, while the Kalman filter tracking method is used to process the point cloud
data, and finally the results of two methods are adaptive fused. Combining the advantages
of the two methods, the proposed method has the advantages of high tracking speed and
high tracking accuracy, and can avoid the situation of tracking accuracy decline or even
tracking failure caused by target occlusion to a certain extent, improving the accuracy of
tracking targets in different occlusion states effectively.

3.1. Target Tracking Method Based on Kalman Filter

Compared with correlation filtering algorithms, Kalman filter can predict the target
position of the next frame by using information such as target velocity and acceleration,
which can better estimate the state of random dynamic systems, achieving accurate target
position prediction in the case of motion blur and occlusion [21]. Then, the point cloud
target obtained by the KCF tracking algorithm is fused with the former one to form the
target tracking results of each frame, enhancing the perceptual reliability. As a real-time
recursive algorithm, Kalman filter models linear dynamic systems based on state transition
equation and observation equation. The state transition equation is shown in Equation (20):

Xt = AtXt−1 + Btut + ωt (20)

where Xt and Zt are the state of the system at time t and the observation of that state,
respectively; At is a state transition matrix, which describes the transition process of the
target from Xt−1 to state Xt; ut is a input variable; Bt is a gating matrix, which controls ut;
ωt is a process noise matrix, which is used to simulate the Gaussian distribution noise in
the state transition process. The measurement equation is as follows:

Zt = HtXt + υt (21)

where Ht is an observation matrix, where the elements represent the degree of influence
of the system state variables on the observed variables; υt is the observation noise matrix
exploited to simulate the Gaussian distribution noise in the observation process. Let the
mean of ω and υ be 0 and the covariance be Q and R, respectively, then their probability
density distribution is: {

P(ω) ∼ N(0, Q)
P(υ) ∼ N(0, R)

(22)
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The Kalman filtering process is divided into two stages: prediction and update, as
shown in Figure 3. In the prediction phase, the optimal estimation and state transition
matrix of the target state of the previous moment are used to predict the target state of the
current moment. Because the influence of the system noise is ignored in this stage, the
predicted state will deviate from the actual state. In the update phase, the forecast state is
adjusted by the observation data at the current time and the state observation matrix to
obtain the optimal estimate of the target state [22].

Appl. Sci. 2024, 14, x FOR PEER REVIEW 8 of 21 
 

where tX  and tZ  are the state of the system at time t  and the observation of that state, 
respectively; tA  is a state transition matrix, which describes the transition process of the 
target from 1tX −  to state tX ; tu  is a input variable; tB  is a gating matrix, which con-
trols tu ; tω  is a process noise matrix, which is used to simulate the Gaussian distribu-
tion noise in the state transition process. The measurement equation is as follows: 

tt t tZ H X υ= +  (21) 

where tH  is an observation matrix, where the elements represent the degree of influence 
of the system state variables on the observed variables; tυ  is the observation noise ma-
trix exploited to simulate the Gaussian distribution noise in the observation process. Let 
the mean of ω  and υ  be 0 and the covariance be Q  and R , respectively, then their 
probability density distribution is: 

( ) ( )
( ) ( )

0,

0,

P N Q

P N R

ω

υ









 (22) 

The Kalman filtering process is divided into two stages: prediction and update, as 
shown in Figure 3. In the prediction phase, the optimal estimation and state transition 
matrix of the target state of the previous moment are used to predict the target state of the 
current moment. Because the influence of the system noise is ignored in this stage, the 
predicted state will deviate from the actual state. In the update phase, the forecast state is 
adjusted by the observation data at the current time and the state observation matrix to 
obtain the optimal estimate of the target state [22]. 

Time update ( predict)

                   
            （1）Imputing state variables
            （2）Imputing forecast error covariances
                   

Measurement update (calibration)

       （1）Calculating Filter Gain                           
       （2）Calculate the system state optimum
       （3）Update error covariance

1 1
ˆ ˆ

t tX P− −、

 
Figure 3. The Kalman filtering process. 

Stage 1: Prediction 
The state prediction of the target to be tracked at time t  is as follows: 

t 1
ˆ

t t tX A X ω−= +  (23) 

1
ˆ T

t t t t tP A P A Q−= +  (24) 

where 1
ˆ

tX −
 is the optimal estimate of the target state at time 1t − , tX  is the prediction 

estimate at the current time, 1t̂P−
 is the covariance matrix corresponding to the optimal 

estimate of the target state at time 1t − , and tP  is the covariance matrix corresponding 
to the estimated value at the current time. 
Stage 2: Update 

Update the status of the target to be tracked at time t  as follows: 

Figure 3. The Kalman filtering process.

Stage 1: Prediction
The state prediction of the target to be tracked at time t is as follows:

Xt = AtX̂t−1 + ωt (23)

Pt = At P̂t−1 AT
t + Qt (24)

where X̂t−1 is the optimal estimate of the target state at time t − 1, Xt is the prediction
estimate at the current time, P̂t−1 is the covariance matrix corresponding to the optimal
estimate of the target state at time t − 1, and Pt is the covariance matrix corresponding to
the estimated value at the current time.

Stage 2: Update
Update the status of the target to be tracked at time t as follows:

Kt = PtHT
t
(

HtPt HT
t + Rt

)−1

X̂t = Xt + Kt
(
Zt − HtXt

)
P̂t = (It − KtHt)Pt

(25)

where Kt is the Kalman gain matrix of the optimal estimation; Zt is the current observation
value; It is a unit matrix.

In the target tracking algorithm proposed in this paper, the target to be tracked is
represented as a seven-dimensional vector

(
x, y, z, θ, vx, vy, vz

)
, where (x, y, z) represents

the three-dimensional coordinates of the center point of the vehicle, respectively,
(
vx, vy, vz

)
represents the velocity components in the three directions during the driving process,
respectively, and θ represents the direction of the vehicle.

Considering that the direction of the vehicle does not change significantly in the two
adjacent point cloud images, the target angular velocity is ignored and a uniform motion
model is adopted to describe the vehicle motion between adjacent point cloud sequences.
The state of the vehicle target to be tracked is shown in Equation (26):

X =
[
x, y, z, θ, vx, vy, vz

]T (26)
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According to the uniform motion model, the state Xt at time t is found, as shown in
Equation (27):

Xt =



1 0 0 0 ∆t 0 0
0 1 0 0 0 ∆t 0
0 0 1 0 0 0 ∆t
0 0 0 1 0 0 0
0 0 0 0 1 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 1





xt−1
yt−1
zt−1
θt−1
vxt−1

vyt−1

vzt−1


+



ωx t−1

ωy t−1

ωz t−1

ωθ t−1

ωvxt−1

ωvyt−1

ωvzt−1


= AtXt−1 + ωt (27)

where ∆t is the time interval between two adjacent frames, At is the state transition matrix
from Xt−1 to Xt, and ωt is the noise in the equation of motion and follows a zero-mean
Gaussian distribution. Taking the output value of the model as the observed value of the
state, the observation equation can be established, as shown in Equation (28):

Zt =



xt
yt
zt
θt
vxt

vyt

vzt


=



1 0 0 0 0 0 0
0 1 0 0 0 0 0
0 0 1 0 0 0 0
0 0 0 1 0 0 0
0 0 0 0 1 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 1





xt
yt
zt
θt
vxt

vyt

vzt


+



υxt

υyt

υzt

υθt

υvxt
υvyt
υvzt


= HtXt + υt (28)

where xt, yt, zt are the 3D coordinates of the target centroid in the current frame, and θt is
the vehicle driving direction angle. vxt , vyt , vzt are the target velocity components in x, y, z
directions, respectively. And the velocity in a specific direction is determined by dividing
the displacement between two consecutive frames in that direction by the time interval of
those two frames.

3.2. Target Occlusion Judgment

Judging the occlusion state of the target at the current moment is the key to the effective
fusion of the two algorithms. In this paper, PSLR [23] and ISS [24] are used to effectively
judge the occlusion state of the target.

The PSLR is a physical quantity describing the degree of prominence of the main lobe
relative to the sidelobe, which can be used to evaluate the matching degree of the two target
signals of the related operation. It can be defined as:

PSLR =
max( f (z))− µ

σ
(29)

where max( f (z)) is the response value of the main lobe; µ and σ are the mean and variance
of all sidelobes, respectively.

When the target is out of occlusion, the response graph has only the main lobe which
is close to the ideal two-dimensional Gaussian distribution. When the target is in occlusion,
multiple sidelobes appear in the response graph, and the contrast between sidelobe and
peak value decreases, as shown in Figure 4:
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The average PSLR value of the first five frames when the target is out of occlu-
sion is taken as the standard response value µPSLR, as shown in Equation (30). When
the target is in full occlusion, the peak response is not 0. Through experimental tests,
0.3 µPSLR and 0.8 µPSLR are defined as the low and high threshold of the occlusion detec-
tion mechanism, respectively.

µPSLR =
1
5

5

∑
i=1

PSLRi (30)

where i is the image ordinal.
In the tracking process, the appearance characteristic information of the target is easy

to change with the change of the scene. In order to adapt to the change of motion scene, the
appearance model is adaptively updated with the PSLR.

αi =
(
1 − γi)αi−1 + γiαi

γi =

{
0 PSLR < TL
PSLRi

µPSLR
× β otherwise

(31)

where α is the coefficient of the correlation filter, γi is the adaptive parameter that varies
with the PSLR value in each frame, and β is a constant with the value of 0.025.

When the target is too close to the complex background or there is a texture similar to
the target in the background, the response of the filter may be interfered by the background,
which affects the accuracy of the PSLR. In order to enhance the robustness of the detection
mechanism, the ISS detection algorithm is used to extract the key points of the point cloud
target, and then the number of key points under different occlusion conditions is used as
the evaluation criteria for occlusion state. The specific process is as follows:

Let the quantity of point cloud target be N, and the coordinate pi of any point
is (xi, yi, zi).

Step 1: Set a search radius r f for each point pi of the point cloud;
Step 2: Calculate the weights wij of each point pi within the radius r f of the point pi:

wij =
1

|pj−pi| ,
∣∣∣pj − pi

∣∣∣< r f (32)

Step 3: Calculate the covariance matrix for point pi:

cov(pi) =

∑
|pi−pj|<r f

wij(pj − pi)(pj − pi)
T

∑
|pi−pj|<r f

wij
(33)
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Step 4: Calculate all eigenvalues (λ1
i , λ2

i , λ3
i ) of the covariance matrix cov(pi) in Step 3

and arrange them in descending order;
Step 5: Set threshold values ε1 and ε2, and the points satisfying Equation (34) are

regarded as ISS feature points. 
λ2

i
λ1

i
≤ ε1

λ3
i

λ2
i
≤ ε2

(34)

Step 6: Repeat all the steps above until you have traversed all the points.
Assuming that the number of key points extracted from the target point cloud at

the moment before occlusion is N, 0.3 N and 0.8 N are defined as the low and high
thresholds of the occlusion detection, respectively. The occlusion detection method is
designed as follows:

no occlusion 0.8(µPSLR + Niss) ≤
(

PSLRi + Ni
iss
)

partial occlusion 0.3(µPSLR + Niss) ≤
(

PSLRi + Ni
iss
)
≤ 0.8(µPSLR + Niss)

full occlusion 0.3(µPSLR + Niss) ≥
(

PSLRi + Ni
iss
) (35)

3.3. The Proposal of Adaptive Factor

According to the different occlusion conditions of the target, an adaptive factor ε is
proposed, whose calculation formula is as follows:

ε =
PSLRi + Ni

iss
µPSLR + Niss

(36)

The adaptive factor ε was used to modify the tracking results of KCF and Kalman
filter, and the final tracking results were obtained:{

F(x, y) = εFKCF(x, y) + (1 − ε)FKF(x, y)
Fop(x, y, z) = F(x, y, FKF(z))

(37)

where Fop(x, y, z) is the optimal target estimation position combined with Kalman filter
and KCF, FKCF(x, y, z) is the target position calculated by the KCF, and FKF(x, y, z) is the
target position in the z direction calculated by the Kalman filter. It can be seen from the
above equation that when the target is in an unobstructed state, ε pays more attention to
the tracking result of the KCF. When the target is completely in occlusion, ε pays more
attention to the tracking result of Kalman filter.

4. Experiment and Result Analysis

In order to verify the effectiveness of the proposed target tracking algorithm, MATLAB
R2022a is used for experiment based on KITTI data set [25,26]. Then, GM-APD LiDAR data
are used to verify the algorithm, and center location error (CLE) is used to evaluate the
performance of the tracking algorithm. CLE refers to the Euclidean distance between the
real target center position and the predicted target center position in the tracking process.
The smaller the Euclidean distance, the higher the tracking accuracy. CLE calculation
formula is as follows:

CLE =

√(
xp − xr

)2
+
(
yp − yr

)2
+
(
zp − zr

)2 (38)

where p is the predicted target center location; r is the real target center location; the KCF
tracking algorithm uses a 4x4-sized grid to extract HOG feature, the histogram direction is
9, the sampling window size is 1.5 times of the initially selected region; the regularization
parameter λ = 10−4, and the Gaussian Kernel bandwidth σ = 0.5.
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4.1. Tracking Experiment Based on KITTI Data Set

KITTI data set has given the relevant correction parameters for converting the camera
coordinate system to the lidar coordinate system. Combining the rotation matrix R and
translation matrix T, the image tracking results can be associated with the LiDAR point
cloud tracking results.

When using KITTI data set for tracking simulation, the color image is converted to a
binary image to simulate the intensity image generated by GM-APD LiDAR. Then, KCF
and Kalman filter are used to track the image and point cloud data, respectively. The
tracking scene is KITTI data set tracking scene 0001, and the tracking target is No. 86
white car. The motion state sequence of the car from unshielded to blocked by other cars
to unshielded is selected. When tracking the target, PSLR and ISS need to be calculated
to judge the occlusion state of the target. Finally, according to the occlusion state, the
adaptive factor is used to effectively fuse the intensity image with the point cloud to track
the position information. The calculation results are shown in the figure below.

As can be seen from Figure 5, when the target is out of occlusion, the PSLR is 7.69
and the number of ISS key points is 9. When the target is partially obscured, the PSLR
decreases to 5.62, and the number of ISS key points decreases to 6. When the target is in full
occlusion, the PSLR is not 0 but drops to 1.77, and the number of ISS key points is 0. The
results above all meet the threshold interval set in this paper when the target is completely
occlusive, which proves that the occlusion threshold set in this paper is effective and meets
the judgment of the subsequent tracking task on the target occlusion state. The tracking
results are as shown partially in Figure 6:
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In Figure 6, the red box is the real position of the target, and the yellow box is the
tracking position of the algorithm. It can be seen that when the target is in the unobstructed
state, the kernel correlation filtering based on multi-feature fusion can effectively track the
target of interest; when the target is partially occlusive, the tracking results based on the
multi-feature fusion kernel correlation filtering are biased. Kalman tracking algorithm can
predict the target position with a small error, but the target motion state is not completely
linear. Extended Kalman Filter (EKF) [27], based on Kalman filter, uses nonlinear functions
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to predict and estimate the state. By using the nonlinear function in the equation of state
and the observed equation, and performing the Taylor series expansion of the nonlinear
function, keeping only the first-order term, the nonlinear model is approximated to a linear
model, so it is more accurate than the Kalman estimate. The tracking accuracy diagram
was drawn for nine consecutive frames from No. 86 white car that was never occluded to
that in occluded and then gradually out of occluded, as shown in Figure 7. By combining
kernel correlation and Kalman tracker, the tracking accuracy is better than Kalman filter
and EKF when the target is in the unobserved state. When the target is partially and
completely occluded, the high tracking accuracy is still maintained through adaptive factor
adjustment. As can be seen from Table 1, the average CLE of the proposed algorithm is
21.67% higher than that of Kalman filter and 7.94% higher than that of EKF, which proves
that the proposed method can accurately track targets in different occlusion states.
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Table 1. Average CLE of different algorithms.

Algorithm Kalman Filter EKF Proposed

Average CLE/m 0.1509 0.1284 0.1182
Average algorithm speed per frame/ms 34 45 51
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4.2. Tracking Experiment Based on Data Collected by GM-APD LiDAR

Because the GM-APD LiDAR developed by our research group is limited by the
number of arrays, the imaging of vehicles and other targets detected by close-range targets
is incomplete. In this paper, we first conduct target tracking experiments with a fixed field
of view for 285m distant pedestrian targets to ensure that complete target information can
be obtained each time of imaging. In the same way, the original image with 64x64 resolution
will be reconstructed with super resolution first and then the tracking experiment will
be carried out. After the detection of the initial frame point cloud, the size information
of the bounding box of the tracking target will be saved. For the next frame point cloud
data, the predicted position of Kalman filter will be taken as the origin and the size of the
bounding box will be 1.2 times. The detection scene of tracking experiment is shown in
Figure 8. A total of 50 frames of data are continuously selected for the tracking experiment,
and the tracking target position of each frame is manually marked. The tracking results of
selected sequences are shown in Figure 9. The tracking accuracy diagram was drawn for
six consecutive frames to show the performance in the no occlusion scenario, as shown in
Figure 10. The estimation results of different algorithms are shown in Table 2.
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As can be seen from the Figures 9 and 10, the kernel correlation filtering tracking
algorithm based on intensity image can track the target effectively because the target is not
blocked, and the tracking algorithm after fusion can also track the target effectively. As can
be seen from Table 2, the average CLE is 18.76% higher than Kalman filter, and the accuracy
is 9.41% higher than EKF. Because the cloud data of the detection field is less than that of
KITTI dataset, the average time per frame of the algorithm in this paper is 33 ms.

The target information in the above scenario is relatively complete. In order to further
verify the performance of the proposed algorithm, the detection field of GM-APD LiDAR is
fixed to detect and image the outdoor 600 m distant cross, and the point cloud data after
the conversion of the intensity image and the range image generated by GM-APD LiDAR is
followed up by tracking experiments. The target location of each scene is manually marked,
and the detection scene is shown in Figure 11. The tracking results of selected sequences are
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shown in Figure 12. The tracking accuracy diagram was drawn for 14 consecutive frames
to show the performance in the complex occlusion scenario, as shown in Figure 13. The
estimation results of different algorithms are shown in Table 3.
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Table 2. Average CLE of different algorithms.

Algorithm Kalman Filter EKF Proposed

Average CLE/m 0.1209 0.1084 0.0982
Average algorithm speed per frame/ms 16 24 33
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Table 3. Average CLE of different algorithms.

Algorithm Kalman Filter EKF Proposed

Average CLE/m 0.2125 0.1797 0.1542
Average algorithm speed per frame/ms 18 27 39

As can be seen from Figure 12a, when the target is relatively complete in the intensity
image, the kernel correlation filtering tracking algorithm can effectively track the target
of interest. As the tracking target is blocked by the rear vehicle, as shown in Figure 12i,
the tracking result based on the intensity image gradually fails, and the target position is
predicted by Kalman filtering through adaptive factor adjustment. As can be seen from
Table 3, the average CLE of the proposed algorithm in outdoor tracking scenes is 0.1542,
which is 27.43% higher than that of Kalman filter and 14.19% higher than that of EKF.
Because the detection data are affected by noise, the average processing time of each frame
in this experiment is 39 ms.

5. Conclusions

In order to solve the problem of tracking accuracy decrease or even tracking failure
due to target in occlusion, a target tracking method based on intensity image and point
cloud data fusion is proposed in this paper. Firstly, the PSLR and ISS are used to effectively
judge the occlusion state of the target. Then, an adaptive factor is proposed to fuse the
tracking results of KCF and Kalman filter based on multi-feature fusion according to the
different occlusion states of the target. Finally, accurate target location information is
obtained. Based on KITTI data set, the proposed algorithm is verified by simulations. The
average CLE of the proposed algorithm is 0.1182m, which is 21.67% better than that of
Kalman filter, 7.94% better than that of EKF, and the average processing time per frame is
51 ms. Based on GM-APD LiDAR data, the proposed algorithm is verified by experiments.
The average CLE of the proposed algorithm is 0.1262m, which is 23.1% better than that
of Kalman filter algorithm and 8.68% better than that of EKF algorithm. The average
processing time per frame is 36 ms. Both simulation and experimental results show that
the proposed algorithm can greatly improve the tracking accuracy of targets in different
occlusion states. In the future, we will consider validating the performance of the proposed
methodology across a broader spectrum of scenarios, accounting for uncertainties arising
from diverse environments including varying backgrounds, targets, lighting conditions,
and obstacles. Simultaneously, we will conduct a more comprehensive categorization of
occlusion situations and undertake an in-depth investigation into traffic congestion and
high-density crowd scenarios.
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