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Abstract: In recent years, Transformer-based object trackers have demonstrated exceptional 
performance in object tracking. However, traditional methods often employ single-scale pixel-level 
attention mechanisms to compute the correlation between templates and search regions, disrupting 
object’s integrity and positional information. To address these issues, we introduce a cyclic-shift 
mechanism to expand the diversity of sample positions and replace the traditional single-scale pixel-
level attention mechanism with a multi-scale window-level attention mechanism. This approach not 
only preserves the object’s integrity but also enriches the diversity of samples. Nevertheless, the 
introduced cyclic-shift operation heavily burdens storage and computation. To this end, we treat the 
attention computation of shifted and static windows in the spatial domain as convolution. By 
leveraging the convolution theorem, we transform the attention computation of cyclic shift samples 
from the spatial domain to element-wise multiplication in the frequency domain. This approach 
enhances computational efficiency and reduces data storage requirements. We conducted extensive 
experiments on the proposed module. The results demonstrate that the proposed module outperforms 
multiple existing tracking algorithms regarding performance. Moreover, ablation studies show that the 
method effectively reduces the storage and computational burden without compromising performance. 
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1. Introduction 

As an important research area in computer vision [1,2], visual object tracking (VOT) [3] has wide 
applications in drone tracking [4–6], intelligent driving [7,8], object recognition [9,10], military 
applications [11,12], and other fields. Its primary research involves modeling an object’s appearance 
and other features in the initial frame of a video sequence and then accurately locating it in subsequent 
frames to complete the tracking task [13]. However, in practical applications, trackers often face 
various challenges [14], such as deformation, partial occlusion, fast movement, and background 
interference [15], which lead to cumulative errors and affect tracking performance [16]. 

Currently, mainstream object trackers include correlation filter-based trackers and deep learning-
based trackers [17,18]. By transforming complex spatial-domain correlation operations into frequency-
domain element-wise multiplications, correlation filter (CF) trackers [19] achieve high computational 
efficiency in object tracking. This method has made CF methods widely used in visual object 
tracking [20]. For example, KCF [21] significantly improved tracking speed and accuracy by utilizing 
the fast Fourier transform (FFT) [22]. However, in practical applications, the circulant matrices used 
in CF methods introduce boundary effects, leading to the unsatisfactory performance of CF methods. 
BACF [23] mitigates boundary effects by expanding the search area and cropping negative samples 
from the real world to address this issue. Despite the widespread attention to CF methods, these 
approaches have limitations, such as filter degradation and insufficient robustness [24]. In recent years, 
researchers have made many improvements by introducing deep convolutional neural networks to 
enhance tracking accuracy, such as TEDS [25], DeepABCF [26], and DeepBACF [27]. Nevertheless, 
most CF methods only employ the initial frame of the object as the sole template in the tracking process, 
leading to the tracker’s limits in its ability to model the object’s appearance. 

Recently, deep learning-based object trackers have gradually become the dominant framework in 
the object tracking field [28]. For example, SiamFC [29] applies the Siamese network [30] structure 
to VOT. These methods extract features from the object and search region via an offline-trained neural 
network and measure their similarity by a correlation operator. SiamRPN [31] designs a region 
proposal network (RPN) to achieve precise object localization, enhancing tracking accuracy. 
Subsequently, SiamRPN++ [32] employs a spatially aware sampling strategy to alleviate translation 
invariance issues caused by padding operations. Despite their success, Siamese networks are limited 
by the local linear property of correlation operations, which lack the capacity for modeling long-range 
information dependencies [33]. Thus, the Siamese networks may lose contextual semantic information, 
which is significant for robust tracking [34]. 

To address these limitations [35], scholars have recently introduced Transformer [36,37] 
architectures, which possess strong capabilities for modeling long-range dependencies, leading to the 
development of various Transformer-based trackers [38–40]. For example, TransT [41] replaces the 
correlation operations in Siamese networks with self-attention and cross-attention mechanisms, 
demonstrating the potential of attention mechanisms in VOT [42]. However, TransT relies solely on 
the first frame’s template, which limits its ability to capture real-time appearance changes of the object. 
STARK [43] introduces a dynamic template to exploit spatio-temporal information and turns the 
tracking task into a bounding box prediction task to overcome this issue. However, these methods rely 
on global self-attention for feature extraction, which is highly complex. To address this, the Swin 
Transformer [44] employs local window self-attention and a shifted window strategy. This approach 
reduces computational complexity to a linear level while maintaining efficiency. It has been applied in 
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various VOT tasks, such as SwinTrack [45]. Inspired by the Swin Transformer, CSWinTT [46] 
employs a novel cross-window attention calculation between the template and search region. It 
replaces conventional pixel-level attention with multi scale window attention via cyclic-shift (CS) 
windows. This approach preserves object integrity and enriches positional information, effectively 
distinguishing the object from the background. Furthermore, CSWinTT adopts a multi-head, multi-
scale attention mechanism to measure similarity between partitioned windows at specific scales, 
enhancing tracking accuracy. However, the CS strategy for each window introduces a substantial 
computational burden due to the large number of matrix multiplications, leading to unsatisfactory 
tracking speed. Therefore, optimizing the computational approach to reduce the calculation and storage 
resources required by the tracker is of great significance. 

Motivated by the correlation filter theory, which shows the correlation operation between a matrix 
and a CS matrix is efficiently computed using FFT [47], a worthwhile question is whether the FFT can 
avoid the high storage and computational complexity caused by cyclic shifted samples in the spatial 
domain. Inspired by this, we propose a multi scale cyclic shift window Transformer object tracker based 
on fast Fourier transform (MCWTT). Unlike the CSWinTT, which directly performs CS matrix 
operations in the spatial domain, we introduce the FFT and design a frequency domain feature fusion 
block. It converts the calculation strategy from the spatial domain to the frequency domain regarding the 
matrix multiplication of CS windows as a correlation operation. Then, according to the convolution 
theorem, we transform the correlation operation into point-wise multiplication in the frequency domain, 
alleviating the problems of increased storage and computational costs caused by traditional CS operations. 
For the object location task, we borrow the idea of the STARK tracker, decoupling classification and 
regression. It presents a corner estimation network that predicts the object’s top-left and bottom-right 
corner coordinates, improving the model’s handling of scale changes from rapid movements. Finally, to 
boost the model’s spatio-temporal information mining, we add a prediction head to assess the best 
candidate samples’ reliability and obtain dynamic templates with temporal information. 

For this paper, our contributions are summarized as follows.  
(1) We propose a window-level attention mechanism to replace the traditional pixel-level 

attention mechanism, thereby avoiding the potential disruption of object’s integrity and positional 
information caused by pixel-level attention mechanisms. Moreover, combined with the CS operation, 
this mechanism promotes information exchange across windows, enriches training sample diversity, 
and improves the model’s adaptability in complex scenarios.  

(2) We design a novel attention calculation strategy that first treats the attention calculation in the 
spatial domain as a matrix correlation operation. We then leverage the advantages of the fast Fourier 
transform (FFT) to convert these operations into frequency-domain element-wise multiplications. This 
approach significantly improves computational efficiency and reduces storage costs, providing a more 
efficient solution for real-time object-tracking tasks.  

(3) Extensive experimental analysis of the proposed MCWTT module was conducted on multiple 
datasets, including the LaSOT [48], OTB100 [49], and UAV123 [50] datasets, with detailed 
comparisons against various existing mainstream trackers. The experimental results demonstrate that 
the MCWTT tracker outperforms most existing methods across multiple evaluation metrics, especially 
showing significant advantages in handling scale variations and fast-moving objects. Furthermore, 
ablation studies further indicate that the proposed multi-scale shifted window attention mechanism 
plays an important role in improving trackers’ performance and also demonstrates the efficiency of the 
frequency domain attention mechanism.  
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The rest of this paper is organized as follows. Section 2 introduces the preliminary knowledge. 
Section 3 explains the design and implementation of the proposed module. Section 4 presents 
experimental results comparing the proposed module with other methods on multiple datasets, as well 
as ablation studies. Finally, Section 5 summarizes the main findings and outlines future work. 

2. Preliminary knowledge 

2.1. Correlation operations and fast computation of image processing 

Extracting the object’s features and providing accurate prediction information in the subsequent 
tracking process is a key objective in object tracking tasks [51]. The circulation matrix structure 
expands the object samples, allowing the tracker to utilize spatio-temporal information further to 
exploit the deep features fully. However, the large amount of sample data generated by circulant matrix 
operations is redundant. If these data are directly operated on in the spatial domain, it will result in a 
significant computational burden and high computational complexity. Therefore, leveraging the 
connection between convolution and circulant matrices and transforming the operations to element-
wise frequency-domain multiplications via the convolution theorem, avoiding large matrix 
multiplications and inversion operations. 

Two-dimensional image correlation operations are special convolutions. The operation is carried 
out through element-wise multiplication in the frequency domain and the inverse Fourier transform, 
as shown in Eq (2.1) below: 

     *
1 2 2 1 2 2 1 2

ˆ ˆ, , Conv real ifft ★I I I I I I   (2.1) 

where the symbol ★   represents the two-dimensional correlation operation, 2Conv   denotes the 

two-dimensional convolution operation. 1 2,  N NI I   , N   is an integer, 2I   represents two-

dimensional reversed signal of 2I . The calculation rule for the reversed signal of a two-dimensional 

signal is as follows: First, perform row-wise reversing on the matrix to obtain an intermediate matrix, 
and then perform column-wise reversing on this intermediate matrix. 1̂I   and 2Î   represent the 

Fourier transform of 1I  and 2I , and *
2Î  represents the conjugate of 2Î . The symbol   indicates 

element-wise multiplication, 2ifft   represents the two-dimensional inverse Fourier transform, and 

real  represents the operation of taking the real part. 
When Eq (2.1) is computed in the spatial domain, the memory space occupied is 2 N N , and 

the computational complexity is  2N  . If the convolution theorem transforms spatial-domain 

correlation to frequency-domain element-wise multiplication, the module’s memory requirements 
drop to 4N , and the computational complexity becomes  28 log 4N N N . 

2.2. Attention mechanism 

The attention mechanism is an essential component of the Transformer model architecture, 
helping the model extract and fuse features from images and adjust the tracking region to enable the 
tracker to more effectively distinguish between foreground and background interference and more 
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accurately track the object. 
Assume the input sequence X   has a size of N CX  , where N   denotes the number of 

tokens, and C   denotes the length of tokens. QQ XW  , KK XW  , VV XW  . N DQ   , 
N DK   , N DV   . Q C DW   , K C DW   , and V C DW    are linear transformation matrices. 

Given the query feature vector  Split iN d
i

 Q Q  , the key feature vector  Split iN d
i

 K K  , 

and the value feature vector  Split iN d
i

 V V    for each head, in the attention mechanism, the 

attention is determined by the self-attention score matrix, which decides the degree of attention each 
part of the input sequence should receive. As shown in Eq (2.2), the attention matrix is written as 
follows: 

 
T

.i i

id


Q K
A   (2.2) 

where id  denotes the dimension of each token in the head. 

The Softmax function converts the normalized attention score matrix into probabilities, which are 
then applied to the value matrix to produce the final attention output. The result of the self-attention 
computation can be defined by the following equation: 

    Attention , , ,i i i i SoftmaxQ K V A V   (2.3) 

where i  denotes the number of input sequence heads. 

Using multi-head attention enhances the performance of the attention mechanism. The multi-head 
attention calculation is defined as follows: 

 
   

 
1 2Multihead , , , , , ,

s.t. Attention , , 

Concat O
I

i i i i





Q K V H H H W

H Q K V


  (2.4) 

where I  denotes the number of attention heads, O D DW  is a linear transformation matrix, and

 1i I , . 

3. Proposed module 

In this section, we introduce the proposed multi-scale cyclic-shift window Transformer object 
tracker (MCWTT). The main framework of the module consists of four parts: the backbone network, 
the feature fusion block (FFB), the feature enhancement block (FEB), and the prediction analysis 
module. The architecture of the module is illustrated in Figure 1. 
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Figure 1. The overall architecture of the MCWTT module. 

3.1. Backbone network 

The backbone network of the tracker is based on ResNet-50 [52], which extracts features from 
the search region image  , the initial static template image s , and the dynamic template image 

in the initial frame d  . These inputs are fed into the backbone network to obtain the 

corresponding feature maps, namely the search region feature map S SH W D
S

   , the initial static 

template feature map TS TS

S

H W D
T

  , and the dynamic template feature map TD TD

D

H W D
T

  . Then 

flattened and concatenated along the channel dimension to form a joint feature map X , as shown 
in the following equation: 

       , , ,Concat Flatten Flatten Flatten
S DS T TX      (3.1) 

where Concat   denotes the concatenation operator and Flatten   denotes the flattening operator. 
Specifically, the feature maps are reshaped using a r r  size window, then through concatenation 

resulting in S S D DT T T TS S
H W H WH W

L
r r r r r r

 
      
 

 tokens. 

Positional encoding EP  is added to the joint feature map X  to incorporate spatial information, 

forming the feature fusion block input 0Z , as shown in the following equation: 

 0 .E Z X P   (3.2) 

The positional encoding EP  is defined as follows: 
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  

, 2

10000
, ,

, 2 1

10000

sin

cos

m

m

i

d

E

i

d

n
if i k

n i

n
if i k

  
         

 
      
 

P   (3.3) 

where n  represents the position of the token, i represents the index of the element within the token, 

and md  is the dimension of the positional encoding vector, with a size of 2r D ,  2L r D

E


P . 

3.2. Feature fusion block 

In this section, we introduce the feature fusion block (FFB). As mentioned in the preliminaries, 
transferring spatial-domain computation to the frequency-domain enhances computational efficiency 
and reduces memory usage. The FFB has two key parts: the spatial-domain feature fusion module 
(SFM) and the frequency-domain feature fusion module (FFM). These two modules integrate spatial 
and frequency domain features, improving the model’s spatial context awareness. The following 
sections provide detailed explanations of these two modules.  

3.2.1. Spatial-domain feature fusion module (SFM) 

The FFB input jZ  is divided into eight feature heads, as shown in Eq (3.4) 

     0 8, , ,Split Reshape j Z    (3.4) 

where Split  denotes the splitting operator, and the size of each head after splitting is iL r r d
i

   , 
1, 2, , 8i   . 

Each feature head undergoes linear transformations to generate the query, key, and value feature 
tensors, i.e.,  ,   and  ; the linear transformation process is given by Eq (3.5) 

 

 
 
 

1

2

3

 ,

 

 

i

i

i

 
 
 

LP

LP

LP

 

 

 

  (3.5) 

where LP   denotes linear mapping transformation. The sizes of feature maps are iL r r d    ,
iL r r d   , and iL r r d   . The feature tensor  is reshaped into a query matrix Q , with a size 

of  2
iL r d

Q . 

The key and value feature tensors  ,   are subjected to CS operations to generate the shifted 
key tensor C  and the shifted value tensor C , respectively, as shown in Eq (3.6) 
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 
 

,C

C

 
 

CS

CS

 

 
  (3.6) 

where CS  performs a cyclic-shift along the second and third dimensions of the input tensor. The size 

of the shifted key tensor C  and the value tensor C  are 
2

iL r r r d
C

     and 
2

iL r r r d
C

    . 

The shifted key tensor and shifted value tensor are then reshaped to obtain the shifted key matrix 

CK  and the shifted value matrix CV , respectively 

 
 
 

,C C

C C

 
 

Reshape

Reshape





K

V
  (3.7) 

where    22
iLr r d

C


K  and    22

iLr r d

C


 V . 

After reshaping, the shifted key matrix CK  is transposed to obtain the transposed key matrix
   2 2

T ir d Lr

C


K . The transposed key matrix T

CK  is then scaled by a factor 2
ir d  to facilitate the 

normalization operation of the Softmax function and avoid gradient vanishing or explosion. The query 

matrix Q   and the scaled key matrix 

T

2

C
CN

ir d


K
K   are multiplied to obtain the feature attention 

matrix A , as shown in Eq (3.8) 

 ,CNA QK   (3.8) 

where  2L Lr
A . 

During the CS process, the concatenation of different regions does not guarantee the continuity 
of the foreground target, leading to discontinuities at the boundaries of the concatenated images, known 
as boundary effects. To mitigate these effects caused by CS, an attention mask matrix M   is 
introduced to penalize shifted samples that are far from the base sample. The feature attention score 
matrix is added to the attention mask matrix to obtain the final feature attention matrix MA , as shown 

in Eq (3.9) 

   T

T

,

M

L L

r r











 

 

  

1

1

A A M

M vec C

C y y

  (3.9) 

where L L1  is a matrix of size L L  with all elements equal to 1. In the same way, r r1  is a matrix 

of size r r   with all elements equal to 1. The symbol    denotes the Kronecker product, with 

1 ry , 
0.5

1
i i

i
i others


  

,

,

x x
y

x
, 1, 2, , i r  , 1 rx , and 

1
i

i

r


x . 

The Softmax function transforms raw attention scores into a probability distribution. The 
normalized attention matrix is then multiplied by the shifted value matrix CV  to generate the single-

head attention output iT  
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   ,i M C SoftmaxT A V   (3.10) 

where  2
iL r d

i
T  1, 2, ,8i   . 

The single-head attention matrix is passed through a feed-forward neural network (FFN) to 
enhance the features. Specifically, the multi-head attention matrix O  is formed by concatenating all 
single-head outputs, as shown in Eq (3.11) 

     1 1 8 8, , ,Concat LP LPO T T   (3.11) 

where  2Lr D
O  . 

The multi-head attention matrix O  is added to the FFB input jZ  and then normalized using 

layer normalization, as shown in Eq (3.12) 

   .temp j LN LPT O Z   (3.12) 

tempT  is passed through the FFN for non-linear transformation, and the result is added back to the 

original tempT  matrix to achieve residual connection and normalization. This process aims to preserve 

as much of the underlying structural information of the input data as possible. By integrating the deep 
semantic features with the original spatial details in an organic manner, a composite representation that 
combines high fidelity and strong discriminability is ultimately generated, as shown in Eq (3.13) 

   1 ,j temp temp  LN FFNZ T T   (3.13) 

where the FFN consists of two linear mapping layers and a non-linear rectified linear unit(ReLU) 
activation layer, as shown in Eq (3.14) 

     1 1 2 2 ,  FFN ReLUX XL B L B   (3.14) 

where 1L , 2L  are the weight matrices for linear projection, and 1B , 2B  are the bias matrices. 

Finally, the FFB re-inputs the obtained multi-head attention matrices. Each layer’s output serves 
as the input for the next layer. After repeating this process six times, six channels of attention 
computation results are obtained. This process yields a more accurate final attention result, as shown 
in Eq (3.15) 

  1 ,j j  FFBZ Z   (3.15) 

where 0, 1, , 5j   . 

3.2.2. Frequency-domain feature fusion module (FFM) 

Given that the data generated by circulant matrices are redundant, direct computation in the spatial 
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domain results in high computational complexity and extensive memory usage. Consequently, 
transforming circulant matrix operations from spatial domain calculations to frequency domain 
element-wise multiplications is feasible for reducing the computational overhead. When the window 
size is 8, the FFM is involved in network training and inference. The structure of the FFM is shown 
in Figure 2. 

Through Fourier transforms, the query feature tensor   and the key feature tensor  , obtained 
from spatial domain computations, are converted from the spatial domain to the frequency domain, as 
shown in Eq (3.16) 

 


   


   
2, 3

2, 3

,
fft

fft

 




 

 
  (3.16) 

where iL r r d   , iL r r d   , and  2, 3fft  denotes the Fourier transform operation applied to the 

second and third dimensions of the feature tensors    and   , resulting in  iL r r d     and 
 iL r r d   . 

The query feature tensor in the frequency domain   is then expanded, with each token being 

copied L  times to obtain the expanded query feature tensor  kE , as shown in the following equation: 

 

    
    

    

1

2

1, :, :,: , 

2, :, :, : , 
,

, :, :, : , 

 

E

E

LE

L

L

L L

 

 






Repeat

Repeat

Repeat



 

 

 

  (3.17) 

where Repeat  denotes the repetition of each input tensor L  times along the first dimension, with 
 iL r r d

kE
   , 1, 2, , k L  ,    1, :, :, : ir r dl    , and 1, 2, ,l  L  . 

The conjugate of the key feature tensor in the frequency domain *

  is computed, as shown in 

the following equation: 

    ,
*

Conjugate    (3.18) 

where Conjugate  is the conjugation operator that negates the imaginary part of the input tensor. 
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Figure 2. Diagram of the FFM architecture. 

To simplify the complex spatial domain computation, the convert block executes element-wise 
conversion between the expanded feature tensor kE  and the conjugate feature tensor *

  obtained 

above. The results from different channels of the resulting tensor are then summed. The summed result 
in the frequency domain needs to be transformed back to the spatial domain. Here, the inverse Fourier 
transform is applied to the frequency domain result, and the real part of the transformed result is taken 
and stacked as the l -th row of the attention weight matrix A , as shown in the following equation: 
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  (3.19) 

where vec  denotes the vectorization operator for tensors, real  denotes the operation of taking the 
real part of the tensor, 2ifft   is the two-dimensional inverse Fourier transform, the symbol   

represents element-wise multiplication, and the symbol   denotes the correlation operation between 
matrices. For better comprehension of the convert block, the subsequent text further explains Eq (3.19). 

The query feature map tensor   and the key feature map tensor   both contain L  tokens of 
size r r d  . After the CS operation, as shown in Eq (3.6), the shifted key tensor C  is obtained. 

The query feature map tensor   is reshaped into the query matrix Q , and the shifted key tensor C  

is also reshaped into the shifted key matrix CK . The transpose of the shifted key matrix T
CK  is then 

computed and multiplied with the query matrix Q  to get the feature attention matrix A , as shown 
in the following equation: 
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where  , :kQ  denotes the k -th row of Q , with a size of   2

, : ir dk Q ;  T :, C nK  denotes any 

column in T
CK  , with each column having a size of   2T :, ir d

C n K  , where  1n q L p    ; 

 , k nA   represents the element in the k  -th row and n  -th position of A  . 

   , :, :, : , , , :, :, :Ck p q   represents the inner product between the query feature map tensor   

and the shifted key tensor C  .  , :, :, :k   denotes the k  -th token of   , and  , , :, :, :C p q  

denotes the q -th token in the p -th group of C , where 1, 2, , p L   and 21, 2, , q r  . 

As indicated in the preliminaries, matrix multiplication is convertible to tensor correlation 
operations, as shown in Eq (3.21) 
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  (3.21) 

where vec  denotes the vectorization operator. 
The correlation operation is viewed as a convolution operation between tensors, as shown in Eq (3.22). 

        , :, :, , 1, :, :, , :, :, , 1, :, :, ,CCk c p c k c p c *       (3.22) 

where  , 1, :, :, C p c  denotes the flipped version of C , 1, 2, , p L  , and 21, 2, , q r  . 

Thus, Eq (3.21) is rewritten as Eq (3.23) 
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  (3.23) 

By traversing p  and concatenating into a new row vector,  1n q L p    is also traversed, 

as shown in the following equation: 

      
T
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1
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r d 
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Concat vec * A   (3.24) 

According to the convolution theorem, the correlation operation in the spatial domain is 
interchangeable with element-wise multiplication in the frequency domain. Hence, Eq (3.19) is proven. 
The proposed FFB algorithm in this paper is shown in Algorithm 1. 
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Algorithm 1: Feature fusion block (FFB) 
Input: Input features 

0Z , the number of heads in the FFB I , and the vector  1, 2, 4, 8, 1, 2, 4, 8r  

constructed from window sizes of each attention head and number of layers in the FFB J . 
Output: Output features 

6Z . 

1: Split 
0Z  into I  heads. 

2: For 0i   to 1I   
3:     For 0j   to 1J   
4:         If 

1 1ir   or 
1 2ir    or 

1 4ir    

5:             Let jZ  as the input to the SFM in Figure 1, calculate the attention weight 

matrix A  via Eqs (3.6)–(3.9). 
6:         Else  
7:             Let jZ  as the input to the FFM in Figure 2, calculate the attention weight 

matrix A  via Eqs (3.16)–(3.19). 
8:         End if 
9:     End for 
10: End for 
11: The fused features are further calculated using Eqs (3.11)–(3.14). 
12: Return 

6Z . 

3.3. Feature enhancement block 

The feature enhancement block (FEB) and FFB have an identical number of stacked layers, with 
both having six layers, each containing eight attention heads. The main structure of the FEB is made 
up of multi-head self-attention (MSA) layers, multi-head cross-attention (MCA) layers, and feed-
forward networks (FFN). This part draws on the concept from the DETR [53] object detection model, 
which employs the learnability of queries to steer object detection. Figure 3 displays the signal flow 
diagram of FEB, where the query embedding EQ  is a position encoding learned in the model training 

process, aiding the model in obtaining the spatial location information of the object. 
First, the FEB input is initialized with zero vectors, i.e. 1

0
D  0 d Query , and added to the 

query embedding vector EQ  to form the query matrix sQ  and the key matrix sK , which carry the 

object’s position information. The value matrix sV  is directly provided by the object sequence Query , 

as shown in the following equation: 

 

1 2 8

1 2 8

1 2 8

, , , 

, ,  . ,

, , , 

s

s

s

s s s s Q

s s s s K

s s s s V

      
     








    



 

Split

Split

Split







Q Q Q Q W

K K K K W

V V V V W

  (3.25) 

The obtained sQ , sK , and sV  are fed into the MSA layer to compute the similarity between sQ  

and sK  to identify the features most relevant to the object. The output of the MSA layer s  is iterated, 

as shown in the following equation: 
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where 
sQW , 

sKW , 
sVW , and sW  are linear projection weight matrices learned through the network, 

1 Ds . 

 

Figure 3. The signal flow diagram of the FEB. 

To avoid the occurrence of gradient explosion or vanishing, the output of the MSA layer s  is 
subjected to residual connection and followed by a normalization layer to obtain the intermediate state 
output, as shown in the following equation: 

   1 .LN LP j h s d   (3.27) 

The query embedding vector EQ  is added to the intermediate state output 1h , resulting in the 

query matrix cQ  for the MCA layer. The final output of the feature fusion block 6Z  is combined 

with the position encoding vector EP , forming the key matrix for the MCA layer cK ; 6Z  also serves 

as the value matrix in the MCA layer calculation, as illustrated in Eq (3.28). 
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Similarly cQ , cK , and cV  are processed as shown in the following equation: 
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The calculation process of the MCA layer is as follows: 
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where 
cQW  , 

cKW  , 
cVW  , and cW   are the linear projection weight matrices learned through the 

network, with 1 Dc . 
The output of the MCA layer c  is subjected to residual connection and normalization to obtain 

the intermediate output state 2h , as shown in the following equation: 

   2 1 . LN LPh c h   (3.31) 

The process described above is repeated six times, constituting the entire FEB workflow. The 
final output of the FFB is then fed into the prediction analysis module for subsequent tracking and 
prediction. The overall process is represented by Eq (3.32) 

  1 ,j j  FEBd d   (3.32) 

where 0, 1, , 5j   . 
The FEB, together with the FFB, forms the encoder-decoder structure of the Transformer, which 

helps the model build temporal context awareness and obtain richer spatiotemporal contextual 
information, thereby further enhancing the precision of the model. 

3.4. Prediction analysis module 

The prediction analysis module includes a bounding box prediction head and a classification score 
head. The enhanced feature 6d  is directed into these heads for analysis, thus accomplishing further 

tracking and prediction. 
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3.4.1. Bounding box prediction head 

The bounding box prediction head is designed inspired by the corner prediction head in the 
STARK [43] algorithm. Calculating the expected values of the probability distributions of the two 
probability maps corresponding to the top-left and bottom-right corners of the tracked object’s 
bounding box, thus obtaining the coordinates of these corners, which is illustrated in Figure 4. 

First, the final output of the feature enhancement module 6Z  is cropped to obtain the search 

region features  S SH W D
S

Z  . The enhanced feature 6d   is also input to calculate the similarity 

modulation vector m  between them, as shown in the following equation: 

 T
6 ,Sm Z d   (3.33) 

where   1S SH W m . 

To better enhance the important tracking regions and weaken the interference of other regions on 
the tracking, the similarity modulation vector m  is combined with the search region features SZ  

via element-wise multiplication, yielding the enhanced search region features EZ , as shown in the 

following equation: 

  E S D Repeat , .Z Z m   (3.34) 

Among them,    S SH W DD Repeat , m  indicates that the column vector m  is continuously 

copied D  times and stacked along the row direction to generate a matrix. 

 

Figure 4. The flowchart of the bounding box prediction head. 



3654 

Electronic Research Archive  Volume 33, Issue 6, 3638–3672. 

The obtained enhanced search region features EZ  are reshaped into an enhanced feature map
S SH W D   , which undergoes processing through a fully convolutional network (FCN), resulting in 

two probability distribution maps for the bounding box’s top-left and bottom-right corners, namely 
 1 , x yP  and  2 , x yP , as shown in the following equation: 

 
   
   

1 1
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P

P




  (3.35) 

where the FCN consists of five convolutional layers, batch normalization layers, and ReLU activation 
layers (Conv-BN-ReLU). iFCN represents the processing of the data by two FCN layers with different 

parameters. 
To determine the coordinates of the bounding box’s two corner points, the two probability maps 

 1 , x yP  and  2 , x yP  are utilized through the following equation. After acquiring these coordinates, 

the final predicted bounding box position candidate samples 
3C CH W

p
   are determined. 
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  (3.36) 

where  1 1, x yˆ ˆ  represents the coordinates of the top-left corner and similarly  2 2, x yˆ ˆ  stands for the 

coordinates of the bottom-right corner. Suppose that the prediction score of the candidate sample 
exceeds the set threshold. In that case, the template area is expanded to twice its original size, with the 
center of the sample as the base point, forming a dynamic template and updating it. 

3.4.2. Classification score head 

During the object tracking process, the object may undergo varying changes as the tracking time 
progresses. Therefore, real-time capture of its latest state is crucial for accurate tracking. As shown in 
Figure 1, we propose a dynamic template update mechanism sampled from intermediate frames. It 
serves as an additional input to capture the object’s changes in appearance over time and offers more 
temporal details. However, when the object is entirely occluded or moves out of view, the update of 
the dynamic template may become unreliable. Therefore, we designed a simple candidate sample 
scoring head to assess whether the current sample needs to be updated. 

First, the enhanced feature 6d   is processed through a multilayer perceptron to improve the 

model’s learning ability. Then the output results are activated by a function to derive the score, as 
shown in the following equation: 

   6 ,s  Sigmoid MLP d   (3.37) 

where MLP  is a three-layer perceptron with ReLU activation functions employed in all hidden layers. 
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The output layer employs the function   1

1 x
x

e


Sigmoid  as the activation function to map the 

output values to the 0 to 1 range. As shown in Figure 1, when the score s  exceeds the set threshold, 
the model considers the candidate sample to be reliable and updates the dynamic template; otherwise, 
it does not update. Through this mechanism, the model has more effectively judged the reliability of 
candidate samples in complex environments, thereby improving the stability and accuracy of tracking. 

3.4.3. Loss function 

We draw on the loss function design concept in the DETR architecture, adopting an end-to-end 
training method and using the generalized intersection over union (GIOU) loss to optimize the 
predicted bounding boxes. By directly optimizing the intersection over union (IOU) between the 
predicted boxes and the ground-truth boxes, the accuracy and robustness of the tracking are enhanced. 
In addition, 1L  loss is introduced to optimize the position and size of the bounding box, enabling the 

model to predict the object’s position more accurately. The loss function is shown in the following 
equation: 

    
1 1

1

, , ,
B

GIOU GIOU i i L i i
i

L L L


  b g b g    (3.38) 

where ib  is the vector composed of the top-left x-coordinate, the y-coordinate, and the width and 

height of the i -th predicted bounding box, and ig  is the vector comprising the top-left x-coordinate, 

the y-coordinate, and the width and height of the bounding box of the i -th training sample’s ground-
truth box. GIOU  and 

1L  are non-negative hyperparameters, and B  denotes the batch size of the 

training samples. 
In some previous studies, researchers believed that joint learning of the localization and 

classification tasks may lead to suboptimal results. Thus, decoupling these two tasks is necessary. The 
training process is divided into two independent stages for the localization and classification tasks, 
which are optimized to achieve the best solution. In the first stage, the whole network, except for the 
candidate sample scoring head, is trained end-to-end using a localization-related loss function. This 
stage aims to ensure the object's inclusion in all search regions, thus improving the model’s localization 
ability. The second stage focuses on optimizing the scoring head, and its loss function is defined as 
shown in the following equation: 

       
1

1 1 ,
B

ce i i i i
i

L l s l s


     log log   (3.39) 

where il  is the binary label of the i -th training sample, and is  is the predicted probability of the 
i  -th sample being the object. This two-stage training strategy enables the model to learn the key 
features of localization and classification separately, thus attaining high tracking precision and 
robustness. It enhances the model’s object recognition and tracking accuracy in different settings and 
readies it for seamless integration into practical use. 
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4. Experiments 

In this section, we introduce the comprehensive evaluation of the MCWTT tracking algorithm on 
three benchmark datasets: LaSOT [48], OTB100 [49], and UAV123 [50]. The hardware environment 
for the experiments was a server equipped with an Intel Core i9-12900K CPU and an Nvidia RTX 
3090 24 GB GPU, with 128 GB of RAM. The software environment was based on Python 3.7 and 
PyTorch 1.8.2. During training, the model’s basic training unit consisted of two templates and one 
search image. The input templates were 128 × 128 pixels, about twice the area of the target box, while 
the search region was 384 × 384 pixels, about five times the area of the target box. The backbone 
network was initialized with parameters from a pre-trained ResNet-50 network. The Transformer 
architecture comprised six layers of encoder-decoders with eight heads each, including MSA layers, 
MCA layers, and FFNs. Each layer of the encoder-decoders had eight heads, with 32 channels per head 
and a dropout rate of 0.1 to prevent overfitting. During model training, the loss function and 
generalized loss weights were optimized using the Adam [54] optimizer, with initial learning rates of 
10-5 and 10-4 for the backbone network and other network components, respectively. 

4.1. Quantitative analysis 

Table 1. Detailed comparison of the LaSOT, OTB100, and UAV123 datasets.  

Method Year LaSOT OTB100 UAV123 
AUC(%) PNorm(%) P(%) SR(%) PR (%) AUC(%) P(%)

SiamRPN++ [32] 2019 49.6 56.9 49.1 – – 64.2 84.0 
TransT [41] 2021 64.2 73.5 68.2 – – 66.0 85.2 
STARK [43] 2021 65.8 75.2 69.8 – – 68.4 89.0 
DSTrpn [56] 2021 43.4 54.4 – 64.6 85.7 – – 
CLNet*–BAN [57] 2022 52.9 62.3 52.6 – – – – 
TCTrack++ [58] 2022 43.5 48.4 41.4 54.3 72.0 51.9 73.1 
RTSFormer [34] 2024 62.3 65.6 65.5 – – 67.5 – 
AGST–BR [59] 2024 56.7 – 58.3 – – 66.3 – 
SiamRPN++–ACM [60] 2024 52.3 – – 71.2 – – – 
MixFormer [55] 2024 69.6 79.9 75.9 71.6 94.4 68.7 89.5 
MCWTT Ours 65.6 74.5 70.0 66.7 86.6 68.7 89.2 

4.1.1. LaSOT 

LaSOT [48] is a large-scale tracking benchmark dataset with high-quality annotations and almost 
all real-world challenges, including fast motion, scale variation, and camera movement. It has 280 
video sequences, with each frame labelled with high-quality bounding boxes. Tracker performance is 
evaluated using the area under the curve (AUC), the normalized precision (PNorm), and precision (P) 
scores. AUC shows the success rate across IoU thresholds, PNorm measures precision under the 
normalized distance, and P directly assesses the accuracy of the tracking results. As shown in Table 1, 
the MCWTT algorithm achieved an AUC score of 65.6%, a PNorm score of 74.5%, and a P score of 
70%, surpassing many advanced trackers. Though outperformed by STARK [43] and MixFormer [55], 
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it remains competitive. 

4.1.2. OTB100 

The OTB100 [49] dataset is a widely utilized benchmark for evaluating object-tracking 
algorithms. Comprising 100 standardized video sequences with diverse challenging scenarios and 
detailed annotations, it assesses the robustness and adaptability of tracking algorithms. The evaluation 
follows the one-pass evaluation (OPE) protocol, tracking the entire sequence without restarts. This 
setup tests the tracker’s performance in handling challenges like scale changes, occlusions, 
deformations, and motion blur. The tracking algorithms are ranked using success plots and precision 
plots, with success plots evaluated by the AUC, and precision plots assessed by the center position 
error (CPE). 

  

(a) (b) 

Figure 5. Tracker performance comparison on the OTB100 dataset. (a) Success plot; (b) 
precision plot. 

Figure 5 shows a comparison of the proposed module with nine other trackers on the OTB100 
dataset, including BACF [23], A3DCF [61], SRDCF [62], CSR-DCF [19], RBSCF [6], CFNet [63], 
DiMP [64], SiamFC [29], and SiamRPN [31]. As shown in Figure 5(a),(b), the MCWTT leads with a 
success rate of 66.7% and a precision of 86.6%, outperforming all the compared tracking methods 
while maintaining real-time capability. This validates the significant performance advantage of the 
proposed module in balancing real-time and accuracy requirements. 
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(a) (b) (c) 

 

(d) (e) (f) 

 

(g) (h) (i) 

 

(j) 

 

(k) 

Figure 6. The success plots for various challenging attributes on the OTB100 dataset: (a) 
BC; (b) DEF; (c) FM; (d) IPR; (e) IV; (f) LR; (g) MB; (h) OCC; (i) OPR; (j) OV; (k) SV. 
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(a) (b) (c) 

 

(d) (e) (f) 

 

(g) (h) (i) 

 

(j) 

 

(k) 

Figure 7. The precision plots for various challenging attributes on the OTB100 dataset: (a) 
BC; (b) DEF; (c) FM; (d) IPR; (e) IV; (f) LR; (g) MB; (h) OCC; (i) OPR; (j) OV; (k) SV. 

Figures 6 and 7 compare the proposed module with nine other trackers across 11 visual challenge 
attributes of the OTB100 dataset, namely background clutter (BC), deformation (DEF), fast motion 
(FM), in-plane rotation (IPR), illumination variation (IV), low resolution (LR), motion blur (MB), 
occlusion (OCC), out-of-plane rotation (OPR), out of view (OV), and scale variation (SV). Figure 6 
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shows the proposed module performs exceptionally well in multiple attributes, achieving success rates 
of 68.8% in the FM scenario and 63.4% in the OV scenario. Figure 7 shows the precision performance 
of the proposed module and other tracking algorithms under 11 different visual attribute challenges. 
The proposed module also performs exceptionally well in various attribute challenges, with 89.4% in 
the MB scenario and 89.2% in the SV scenario, significantly outperforming other competing 
algorithms and fully demonstrating the advantage of the proposed module in handling high-speed 
dynamic objects. 

4.1.3. UAV123 

The UAV123 [50] dataset contains 123 low-altitude unmanned aerial vehicle (UAV) video 
sequences, totaling over 110,000 frames, encompassing a variety of background environments ranging 
from urban landscapes to natural scenery. It is primarily used to evaluate the performance of different 
tracking algorithms. The dataset is divided into three subsets, each corresponding to distinct testing 
scenarios. The high-quality aerial video subset has 103 sequences shot by professional UAVs at heights 
of 5–25 meters, with frame rates of 30 to 96 frames per second (fps) and resolutions of 720P to 4K, ideal 
for tracking fast-moving targets. The low-cost UAV sub-set contains 12 sequences captured by 
economical UAVs with lower video quality, resolution, and more noise, increasing tracking difficulty. 
The synthetic data subset includes eight sequences generated by a UAV simulator to mimic real-world 
environmental changes. UAV123 can test a tracker’s ability to handle fast motion, illumination changes, 
and occlusion, aiding in the development of systems stable in various environments. Evaluation metrics 
are the AUC of success plots and the CPE of precision plots. 

(a) (b) 

Figure 8. Tracker performance comparison on the UAV123 dataset. (a) Success plot; (b) 
precision plot. 

Figure 8 compares the overall success and precision of the proposed module with the top tracking 
algorithms on the UAV123 dataset, including MixFormer [55], STARK [43], TransT [41], 
TCTrack++ [58], TrDiMP [65], SiamBAN [66], SiamCAR [67], SiamTPN [68], and SiamRPN++ [32]. 
In the success rate evaluation, the MCWTT and MixFormer both achieved 68.7%, ranking first. This 
indicates that the MCWTT’s accuracy in object tracking is on par with the state-of-the-art methods. In 
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the precision evaluation, the MCWTT’s 89.2% is slightly lower than MixFormer’s by 0.3% but 
surpasses other methods. This shows that MCWTT effectively balances real-time and accuracy 
requirements, demonstrating strong adaptability in complex scenes with occlusions, deformations, and 
illumination changes. 

 

(a) (b) (c) 

 

(d) (e) (f) 

 

(g) (h) (i) 

 

(j) (k) (l) 

Figure 9. The success plots for various challenging attributes on the UAV123 dataset: (a) 
SV; (b) ARC; (c) LR; (d) FM; (e) FO; (f) PO; (g) OV; (h) BC; (i) IV; (j) VC; (k) CM; (l) SO. 
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(a) (b) (c) 

 

(d) (e) (f) 

 

(g) (h) (i) 

 

(j) (k) (l) 

Figure 10. The precision plots for various challenging attributes on the UAV123 dataset: 
(a) SV; (b) ARC; (c) LR; (d) FM; (e) FO; (f) PO; (g) OV; (h) BC; (i) IV; (j) VC; (k) CM; 
(l) SO. 

To demonstrate the tracking performance of the proposed module across diverse scenarios, we 
select 12 representative scene attributes from the UAV123 dataset for detailed analysis. These 
attributes encompass a variety of complex challenges, including scale variation (SV), aspect ratio 
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change (ARC), low resolution (LR), fast motion (FM), full occlusion (FO), partial occlusion (PO), out-
of-view (OV), background clutter (BC), illumination variation (IV), viewpoint change (VC), camera 
motion (CM), and similar object (SO). 

As shown in Figures 9 and 10, the MCWTT exhibits robust tracking performance across all 
attribute scenarios. For instance, for the LR attribute (Figures 9 (a) and 10 (a)), the MCWTT achieves 
success and precision rates of 54.4% and 79.2%, respectively, outperforming all comparative 
algorithms. This highlights its exceptional adaptability to low-resolution objects. In FM scenarios, the 
MCWTT achieve success and precision rates of 66.2% and 86.8%, surpassing Mixformer by 
approximately 0.4% in both metrics. This demonstrates its superior efficiency and accuracy in tracking 
fast-moving objects. For highly challenging such as FO scenarios, the MCWTT maintains high 
tracking accuracy, with success and precision rates exceeding most benchmark algorithms. It ranks 
second only to Mixformer and STARK, further validating its reliability in handling full occlusions. 
These results underscore the MCWTT’s versatility and robustness in addressing diverse real-world 
tracking challenges, particularly in scenarios involving rapid motion, low resolution, and occlusions. 

4.2. Qualitative analysis 

To better assess and demonstrate the performance of the MCWTT, we conducted frame-by-frame 
comparison tests with nine other trackers on the OTB100 dataset to show the tracking effects of each 
tracker in different scenes. We selected five videos representing typical tracking challenges, like fast 
motion, occlusion, deformation and scale variation, and illumination variation. The selected videos are 
“Diving_1”, “Girl2_1”, “Jump_1”, “Skating2-1_1”, and “Trans_1”. 

(1) Fast motion and scale variation. In the low-resolution scene of the “Diving_1” video 
sequence (Figure 11 (a)), the athlete briefly exhibits a mid-air flipping posture. In subsequent frames, 
the athlete plunges into the water with significant background changes. Many trackers were unable to 
effectively identify the rapidly moving object, while the module proposed in this paper accurately 
tracked the object throughout the entire video sequence. Similarly, in the “Jump_1” video sequence 
(Figure 11 (c)), the object undergoes scale variations during rapid motion. Only the proposed module 
successfully identified and accurately tracked the target across all frames of the full video sequence. 

(2) Occlusion. In the “Girl2_1” video sequence shown in Figure 11(b), when the tracked girl is 
completely obscured by another pedestrian in Frame 107, only the proposed module accurately 
distinguishes the interfering object and continues to identify the object throughout subsequent 
occlusion, while other tracking methods either mistrack the interference object or experience tracking 
drift. This scenario fully demonstrates the superiority of the proposed module. Similarly, in the 
“Skating2-1_1” video sequence shown in Figure 11(d), the object athlete faces consecutive 
obstructions by the interfering athlete. The proposed module achieves stable tracking of the object 
throughout the video sequence. It adaptively resizes the bounding box to ensure the structural integrity 
of the object within the frame. 

(3) Deformation. In the “Jump_1” video sequence shown in Figure 11(c), the athlete undergoes 
deformation during rapid motion, posing a challenge to the tracking algorithm. It is evident from Frame 
95 of the video sequence that other tracking algorithms cannot track the gymnast’s human form after 
landing. Only the proposed module can stably track the target throughout the entire video sequence, 
reflecting its effective handling of deformation and scale variation. Similarly, in the “Trans_1” video 
sequence shown in Figure 11(e), the proposed module delivers a more accurate identification of the 
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appearance contour of the object compared with other algorithms, significantly improving the accuracy 
of the tracking process. 

(4) Illumination Variation. In the “Trans_1” video sequence shown in Figure 11(e), the object’s 
background changes from bright to dark, making the object’s contour more blurred than in previous 
scenes, such low-light conditions compromised the accuracy of several tracking algorithms, while the 
proposed method remained unaffected by illumination changes, accurately identifying the object. 

In the above analysis, the proposed module shows better robustness and accuracy than the other 
trackers in complex tracking scenarios in low-resolution scenes, showing better robustness and accuracy. 

MCWTT SiamRPN CSR-DCF

A3DCF

DIMP

SRDCF BACF

RBSCF

CFNet

SiamFC

Ground Truth
 

Figure 11. Visualization of tracking performance on different video sequences. 

4.3. Ablation study 

To assess the proposed module’s specific enhancement of the tracking performance, we conduct 
a series of ablation experiments on the OTB100 dataset. By removing specific components from the 
structure while keeping others unchanged, the performance of the components is evaluated. 
  

   

   

   

   

   
(a) Diving_1 (b) Girl2_1 (c) Jump_1 (d) Skating2-1_1 (e) Trans_1 
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4.3.1. Ablation study on the FFM 

In this subsection, we compare the model without the FFM (denoted as the CWTT) with the 
MCWTT to verify the FFM’s effectiveness. As shown in Table 2, the MCWTT nearly matches the 
speed of the original model with only the SFM while reducing video random access memory (VRAM) 
usage, highlighting the advantage of the FFM in alleviating memory cache demands. The MCWTT 
effectively compresses the video memory through optimization in the model’s architecture and 
computational efficiency, significantly reducing resource requirements without sacrificing tracking 
performance, thereby improving the performance on the OTB100 benchmark dataset. At the same time, 
the reduction in video memory occupancy makes the MCWTT more suitable for devices with limited 
video memory, further enhancing its advantages in practical applications. 

Table 2. Comparison of VRAM usage and speed between the CWTT and MCWTT on the 
OTB100 dataset. 

Method VRAM usage (MiB) Speed (fps) 
CWTT 2318MiB 25.661 
MCWTT 2172MiB 25.653 

4.3.2. Ablation study on multi-scale windows 

In this subsection, we replace the multi-scale windows with single-scale windows and compare 
the model with single-scale windows (denoted as the MCWTT-S) with the MCWTT to verify the 
effectiveness of multi-scale windows. As shown in Figure 12, the success rate and accuracy of the 
module with multi-scale window configuration are significantly improved compared with MCWTT-S. 

(a) (b) 

Figure 12. Performance comparison of the MCWTT and MCWTT-S models on the 
OTB100 dataset. (a) Success plot; (b) precision plot. 
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Table 3. Comparison of the MCWTT and MCWTT-S models’ success rates on OTB100 
dataset across 11 different challenge attributes. 

Method BC DEF FM IPR IV LR MB OCC OPR OV SV 

MCWTT 0.596 0.638 0.688 0.663 0.645 0.571 0.708 0.640 0.653 0.634 0.690

MCWTT-S 0.541 0.646 0.653 0.613 0.614 0.575 0.674 0.592 0.614 0.550 0.647

Table 4. Comparison of the MCWTT and MCWTT-S models’ precision rates on OTB100 
dataset across 11 different challenge attributes. 

Method BC DEF FM IPR IV LR MB OCC OPR OV SV 
MCWTT 0.757 0.861 0.877 0.862 0.818 0.787 0.894 0.834 0.868 0.829 0.892
MCWTT-S 0.712 0.878 0.837 0.826 0.792 0.826 0.859 0.773 0.826 0.719 0.844

 

  
(a) (b) 

Figure 13. Validation of the average overlap rate and central error rate curves of models 
with and without multi-scale windows in the “Car2” video sequence. (a) Average overlap 
rate; (b) central error rate. 

Tables 3 and 4 list the success rates and accuracies of single-scale and multi-scale window 
configurations under different challenging scenarios. Combining the two proves that multi-scale 
windows are more adaptable to complex tracking environments and capture the complete information 
of the object more efficiently, reflecting on the tracking results. 

We also compared the average overlap rate and center error rate curves of the MCWTT and 
MCWTT-S models under the “Car2” video sequence. As shown in Figure 13, the average overlap rate 
of the MCWTT is higher than that of the MCWTT-S and more stable. In terms of the center error rate, 
the MCWTT is lower than the MCWTT-S. The test results are also reflected in the visual tracking 
effects of the "Car2" video sequence in Figure 14. When there are interfering objects during the car’s 
movement, the MCWTT-S loses the object, causing tracking drift and failure. In contrast, the MCWTT 
remains stable in tracking, proving the effectiveness of the multi-scale window configuration used in 
the MCWTT. 
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(a) (b) (c) (d) 

MCWTT MCWTT-S Ground Truth
 

Figure 14. Comparison of models with and without multi-scale windows. 

5. Conclusions 

In this paper, we propose a multi-scale cyclic-shift window Transformer object tracker based on 
the fast Fourier transform (MCWTT). The proposed module introduces a cyclic-shift window 
mechanism to increase the diversity of sample positions. It also adopts a multi-scale window-level 
attention mechanism instead of the traditional single-scale pixel-level attention mechanism. The 
proposed module not only protects the integrity of the object but also enriches the diversity of training 
samples, further mining the object’s location information and improving the tracking accuracy of the 
model. In addition, we use frequency-domain feature fusion instead of spatial-domain feature fusion, 
converting the attention matrix calculation between cyclic-shifted samples and non-cyclic-shifted 
samples into the frequency domain through the convolution theorem, effectively reducing the sample’s 
storage and computational complexity and significantly improving the inference efficiency. Unlike the 
traditional encoder-decoder serial structure, we introduce a feature enhancement block in the network 
design, feeding it back to the feature fusion block to form a signal feedback loop, further enhancing 
the object state estimation ability and enabling the network to handle object tracking tasks in dynamic 
scenes more efficiently. Theoretical analysis and experimental verification show that the network has 
significant advantages in dealing with complex scenes, such as scale variation, background 
interference, and occlusion. However, there remains a performance gap compared with the state-of-
the-art trackers. Our future work will focus on enhancing the tracker’s capabilities through rigorous 
research. Ablation studies demonstrate that the cyclic shift operation effectively reduces the 
computational overhead for the module while maintaining its precision and efficiency. In real-world 
applications, enhancing interpretability and generalization while maintaining performance in harsh 
tracking conditions remains an open issue. Future research will focus on boosting the network’s 
efficiency by streamlining the parameters without compromising tracking performance. 
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