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Abstract. The susceptibility of infrared dim small targets to background clutter during motion causes exist-
ing Siamese network tracking methods to fail to track the target consistently and stably. In light of this, this 
paper puts forward a means that integrates the spatio-temporal information of targets, and reconstructs the 
Siamese network tracking framework for the task of tracking infrared dim and small targets. The deficiencies 
of the original two-stage Siamese network trackers are remedied by this framework. By using deep learning 
networks, it simultaneously accomplishes feature extraction and target matching, attaining multi-layer feature 
maps. As the various layers within the multi-layer feature maps concentrate on diverse aspects, a channel 
and spatial attention approach is adopted to fuse these feature maps with respect to semantics and particu-
lars. Finally, to further improve tracking accuracy, the multi-head attention mechanism is combined with the 
Convolutional Neural Network. In an anchor-free form, it directly predicts target classification and regression 
scores to complete the tracking task. The realization results show that the proposed infrared dim small target 
tracking method has better performance on the public infrared dim small target tracking dataset, it achieved a 
success rate with an Area Under the Curve of 58.7% and an accuracy rate reaching 78.6%. 

Keywords: machine vision, object tracking, infrared dim small target tracking, Siamese network, multi-head 
attention

1   Introduction

Infrared dim small target tracking technology is one of the important application technologies of Infrared Search 
and Track System (IRST) [1], and it is also widely used in the fields of missile detection, aerospace, remote 
sensing and space monitoring [2]. Due to the special characteristics of infrared dim small targets, for instance, 
the target dimensions typically range from 2×2 to 9×9 pixels [3], the target lacks edge and texture features, and 
the background environment is complex and changeable during the motion process, which makes it difficult 
for the tracker to obtain discriminative feature map, thus causing tracking offset problems [4]. Overcoming 
these challenges requires the design of dim small target tracking methods capable of extracting discriminative 
feature maps. Among the tracking methods for visible light targets, the Siamese network-based tracking method 
has gained popularity among researchers because it can satisfy the effective balance of accuracy and speed [5]. 
Existing infrared dim small target tracking methods also adopt this tracking framework, obtaining better tracking 
results relative to DCF tracking methods and meeting the requirements of engineering applications. Under the 
interference of similar distractors and background clutter, the existing single-target tracking methods are unable 
to effectively extract the real target, resulting in poor tracking performance. In situations such as target inter-
sections, the disappearance and reappearance of targets, and target flickering, the existing multi-target tracking 
methods often match the wrong target ID numbers, causing errors in trajectory association and leading to track-
ing failures. 

Qian [6] et al. utilized the style recalibration and multi-style feature module based on the SiamRPN [7] track-
ing method in a natural light scene, thus enhancing the ability of the network to conduct feature extraction on 
infrared dim and small targets. In addition, the utilization of the side-window filter has restrained the impact 
exerted by most background clutter on infrared dim and small targets. Shan [8] et al. relying on the single-stage 
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Siamese network tracking framework OSTrack [9], adopted multi-head attention [10] as the key module of the 
network. In the course of feature extraction, they established a bidirectional information exchange between the 
template frame image and the search frame image for the purpose of getting better tracking results. Li [11] et al. 
ameliorated the SiamFC [12] tracking method with the integration of the convolutional channel attention mech-
anism, the stacked channel attention mechanism [13] and the spatial attention mechanism [14], which led to an 
improvement in the tracking performance. Chen [15] et al. with the aim of coping with the challenges brought 
about by dim, small and rapidly moving targets, initially established a re-detection model predicated upon a two-
stage Siamese network, so as to mitigate the interference of the background on infrared dim and small targets. 
Thereafter, in an effort to resolve the issue where the tracking method would lose the target on account of its 
rapid movement, they put forward a three-stage global re-detection mechanism for re-detecting the target, there-
by realizing robust tracking. Lv [16] et al. with the intention of enhancing the tracking accuracy of infrared dim 
and small targets, put forward an efficacious Siamese network tracking approach. This approach encompasses 
three modules, specifically the feature extraction module, the feature fusion module, and the multi-head attention 
module. It is capable of extracting target features with high efficiency, establishing the contextual correlation of 
targets, and facilitating a more effective differentiation between targets and the background. To address the issues 
that traditional convolutional cross-correlation networks are prone to getting trapped in local optima and have rel-
atively low tracking accuracy, Cui [17] et al. proposed an infrared dim and small target tracking method based on 
the Siamese network and Transformer. This method utilizes the Histogram of Oriented Gradients (HOG) feature 
map to expand the target information in the deep feature map and employs the multi-head attention mechanism 
in Transformer to search for the area where the target is located in the feature map of the search frame, ensuring 
robust tracking of the target. The existing target tracking methods mainly aim at the problem of relatively low 
target tracking accuracy under background interference, which leads to the inability to distinguish well between 
the real target and the similar target in the case of interference from similar objects. The tracking method is likely 
to deviate, and then the tracking fails. Therefore, how to extract discriminative feature maps and response maps 
under the interference of similar objects and fully correlate the effective target features is an urgent problem to be 
solved.  

This paper puts forward a one-stage tracking methodology for infrared dim and small targets by integrating 
spatio-temporal information. This methodology efficaciously exploits the spatio-temporal information of targets 
within the ambit of the motion process and synchronously undertakes the target matching operation during the 
feature extraction stage, thus facilitating the procurement of multi-layer feature maps with augmented discrim-
inative prowess. By availing itself of the channel and spatial attention mechanisms, it deftly amalgamates the 
multi-layer feature maps with assorted information, further intensifying the informational plenitude of the feature 
maps. Additionally, by leveraging the combination of multi-head attention and Convolutional Neural Network 
(CNN), the classification and regression confidence maps are yielded, which endows the predicted bounding 
boxes of the tracking method with greater precision. The experimental results evince that the proposed tracking 
method attains a superior level of tracking accuracy in tracking environments featuring complex and variable 
backgrounds. The primary contributions are expounded as follows:

1) Harness the one-stage Siamese network to consolidate the procedures of feature extraction and target 
matching, and capitalize on the spatio-temporal information of target displacement to augment the discriminative 
capacity of the feature maps.

2) By capitalizing on the channel and spatial attention mechanisms, an effective integration of the multi-scale 
feature maps is carried out, resulting in an enrichment of the information encompassed by the feature maps.

3) Through the integration of multi-head attention and CNN network for the classification and regression of 
trackers, the accuracy of the corresponding feature maps is enhanced.

The primary content of this paper is illustrated as follows. The first part elaborates on the problems that infra-
red dim and small targets face and the current research status. The second part comprises a comprehensive and 
detailed analysis of the overall proposed tracking method and each of its modules.

In the third section, the comparison of dim small target tracking public datasets, ablation experiment results 
and analysis are given. The fourth section makes the summary of this paper. 
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2   Method

2.1   Overall Framework 

The basic ideology of the one-stage infrared dim and small target tracking approach (TSTrack) which is put for-
ward in this paper and grounded on spatio-temporal feature correlation is as follows: 1) A one-stage target track-
ing framework is employed. The processes of feature extraction and cross-correlation computation during the 
tracking are unified, which can effectively diminish the quantity of network parameters, expedite the network in-
ference velocity, and augment the discriminative power between the target and the background of the multi-layer 
feature maps generated by the network. 2) Link the spatio-temporal features of moving targets. Owing to the 
continuous alteration of the target’s neighboring background during movement, multi-frame template images can 
effectively adapt to the background variation and raise tracking accuracy. 3) Multi-layer feature association: A 
multi-layer feature association method for infrared dim and small targets is proposed in this paper. The method 
associates and blends the feature maps of different hierarchies output by the one-stage network module. As a 
result, it can raise the information level of the feature maps, completely hold the semantic and detailed informa-
tion of the targets, improve the correctness of the network’s bounding box regression, and lower the possibility 
of tracking failure. 4) New classification and regression output module: The classification and regression output 
module combining the multi-head attention and CNN can get rid of the tedious operation of setting the anchor 
box, and output the classification and regression confidence map with long distance dependence in an anchor-free 
way.

  
+

+

×+

Multi Frame Single 
Stage Module

Multi Layer 
Feature 

Correlation 
Module

Classification 
Regression 

Output 
Module

Downsampling 
Layer

Local Window 
Attention Layer

Global Channel
Attention Layer

╚
╙ ╛

1 First Frame 
Template Frame

2 Dynamic Template 
Frame

3 Search Frame

╚
╙ ╛ ╚

╙ ╛

Size Adjustment 
Layer

Channel Attention 
Layer

Spatial Attention 
Layer

Convolutional 
Block

Transformer
Block

Convolutional 
Layer

Classification 
Confidence Map

Regression 
Confidence Plot

a1 a3

a2

+

×

a1/a2/a3

Matrix Addition 

Matrix 
Multiplication 

Multiplying 
Coefficients

Fig. 1. Overall structure of the TSTrack tracking method

The overall framework of TSTrack tracker is shown in Fig. 1. The tracker comprises a multi-frame one-stage 
module, a multi-layer feature correlation module and a classification regression output module; wherein the 
multi-frame one-stage module and the multi-layer feature association module obtain a mutual correlation feature 
map, and the classification regression output module predicts the target classification probability and target loca-
tion information in the feature map.
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2.2   Multi-Frame One-stage Module

With the aim of strengthening the discriminative capacity of the foreground and background information within 
the feature map of the search frame image, a multi-frame one-stage module for unified feature extraction and 
cross-correlation computation is proposed, as shown in Fig. 2. 
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Fig. 2. Multi-frame one-stage module structure

The network has the advantages of small number of module parameters and fast inference speed. The network 
inputs are the first frame template frame (tracking the manually selected target and its neighborhood background 
image in the first frame of the sequence image), the dynamic template frame (the image that is closest to the cur-
rent tracking frame image and the predicted classification confidence level meets certain requirements) and the 
search frame image (the local area of the current tracking image). In addition, as the network deepens, the three 
images can extract semantic and detailed feature information. The three-frame unified input permits simultaneous 
feature extraction and cross-correlation calculation for the search frame and two template frames. During net-
work deepening, the correlation of feature details between the two template frames and the search frame features 
is established, strengthening the target information in the search frame’s feature map, subduing the background 
area, and ceaselessly refining the accuracy of the network’s subsequent feature extraction.

The multi-frame one-stage module is a refinement of the DaViT [18] network. It mainly boosts the window 
magnitude of the local window attention level in the dual attention layer to obtain local details of windows of dif-
ferent extents. The multi-frame one-stage module can be split into three sub-modules. Each sub-module compris-
es a down-sampling layer network and a dual attention layer. The dual attention layer includes a local window at-
tention part and a global channel attention part. The network structure of the dual attention layer is shown in Fig. 
4(a). Be aware that the first module contains a dual attention layer, the second module includes a dual attention 
layer, and the third module consists of three dual attention layers.

Multi-frame one-stage module process is: first, input the first frame template frame, dynamic template frame 
and search frame image and according to certain rules for local zoom cropping (two template frame image 
cropped to 128 × 128 size, the search frame image cropped to 256 × 256 size), cropped images in accordance 
with the splicing shown in Fig. 3 for the combination to obtain the combination of frame images 3 384 256

jointf × ×∈ .
Second, the combined frame image is passed through a downsampling layer network of the first module in 

Fig. 2. The downsampling layer network is composed of a convolutional layer and a normalization layer. The 
intention is to reduce the dimensions of the combined frame images, increase the channel count, further decrease 
the computational quantity, and improve the running speed of the tracker. Afterwards, have the obtained downs-
ampling feature maps go through the double attention layer containing a local window attention layer and a glob-
al channel attention layer. Next, trim the output feature maps to obtain the low layer feature map flow∈R96×64×64. 
Finally, the low layer feature map is processed through the second module depicted in Fig. 2 accompanied by 
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a cropping operation, thereby obtaining the middle layer feature map 192 32 32
midf R × ×∈ . Subsequently, the interme-

diate-level feature map is fed into the third module and subjected to a cropping operation, resulting in the high 
layer feature map 384 16 16

highf R × ×∈ . Among them, the cropping operation mainly crops and deletes the feature maps 
mapped by the two template frames, and only retains the feature map region mapped by the search frame.
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Fig. 3. Schematic diagram of splicing mode

As shown in Fig. 4, it’s the network structure of the double attention layer. Fig. 4(a) showcases the detailed 
network structure of the dual-attention layer. Fig. 4(b) unfolds the detailed network structure of the local window 
attention layer, and Fig. 4(c) discloses the detailed network structure of the global channel attention layer. The 
process of double attention is as follows: after inputting the downsampling feature map f i

down of the i module, it 
passes through the local window attention layer, the feedforward neural network layer, the global channel atten-
tion layer, and the feedforward neural network layer in series, and passes through each network layer by a residu-
al connection operation to avoid the loss of information. The local window attention layer and the global channel 
attention layer will be analyzed in the following.

For the local window attention layer, the input downsampling feature map f i
down is first flattened in wide and 

high dimensions and passed to the Layer Norm for normalization. Then, the normalized feature vector is restored 
to the size of the feature map. The restored feature map is divided into four equal parts according to the channel 
dimension, and input into four Reshape layers respectively. It facilitates the operation of multi-head attention 
within the local window (the window partition sizes of the first module are 4×4, 8×8, 16×16 and 32×32, the 
window partition sizes of the second module are 2×2, 4×4, 8×8 and 16×16, and the window partition sizes of the 
third module are 1×1, 2×2, 4×4 and 8×8, respectively). The formula is as follows:

                                                 Norm(flatten( ))i i
reshape downf f=  

2 2 4 4 8 8, , , clip(reshape( ))i i i i i
n n n n n n n n reshapef f f f f× × × × = .

(1)

In the formula, the operation of flattening the width and height dimensions of the feature map is represented 
by flatten; Norm represents the Layer Norm normalization layer; reshape represents the operation of restoring 
the width and height dimensions; clip represents the window partitioning operation; i=1,2,3 represent different 
modules in a multi-frame one-stage module;  f  i

n×n, f  i
2n×2n, f  i

4n×4n, f  i
8n×8n denotes four different scales of local feature 

maps generated after window partitioning operation, where n=4 for module 1, n=2 for module 2, and n=1 for 
module 3.

The principle of segmenting the local window attention layer based on window size is founded on the size of 
the targets in the two template frames and one search frame image. Consider the first module. After down-sam-
pling, the target size is within 16×16. Window sizes of 4×4 and 8×8 can extract the local characteristics of the 
target effectively, and a 16×16 window size can extract the global features of the target well. A 32×32 window 
size can extract the features of the target and the neighboring background effectively, thus enhancing the 
generalization power of the network model.
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After dividing the window, the four local feature maps f  i
n×n, f  i

2n×2n, f  i
4n×4n, f  i

8n×8n are respectively flattened and 
inputted into the multi-head attention network in parallel, in particular, the head count of this multi-head atten-
tion mechanism network is 2, serving to extract the image features within the local window domain. The specific 
formula is shown hereafter: 

MultiHead(flatten( ))i i
k k n k nf f ∗ × ∗= . (2)

In the formula, MultiHead represents Multi-head attention; k=1,2,3,4.
Firstly, restore the four feature vectors, which have undergone the information interaction in the multi-head at-

tention, to the size of the downsampling feature map through modifying the width and height in the reshape layer. 
Next, send them through the Concat layer and combine them in the dimension direction to acquire a feature map 
with the same size as the down-sampled feature map, and finally passed through a depth-separable convolution 
for the dimensionality direction of the information interaction, which generates the localized windowed attention 
feature map f i

local . 
The global channel attention layer is similar to the local window attention layer, the difference is mainly that 

there is only one Reshape layer, the global channel attention layer can carry out the information interaction of the 
feature map globally, and establish the long-distance information dependence. The specific process is as follows: 
after the feedforward neural network and residual connection, after a flattening operation, input to the multi-head 
attention mechanism network with 8 heads, and finally restored to the original size by the Reshape layer, to yield 
the global channel attention feature map f i

global . After that, the feature map after dividing the window is subjected 
to a flattening operation and inputted into a Transformer network, which, in particular, has a head count of 2 for 
extracting image features within the local window; finally, the width and height are restored to the downsampling 
feature map size by a Reshape layer, and then passed through a Concat layer to obtain the feature map of the 
exact same size as the one obtained from the downsampling feature map by splicing it in the dimension direc-
tion. The size of the downsampling feature map matches that of the feature map completely. At last, by means of 
depthwise separable convolution for information interaction in the dimension direction, the local window atten-
tion feature map is created. 

The global channel attention layer is analogous to the local window attention layer, and the key difference is 
that it has only one Reshape layer, which performs a flattening operation of the whole image width and height of 
the local window attention feature map, and after that inputs it into a Transformer network with a header number 
of 8, and then finally restores it to its original size through the Reshape layer. The global information interaction 
of the feature map is carried out to establish long distance dependency.
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2.3   Multi-Layer Feature Association Module

In order to further boost the accuracy of the predicted bounding boxes in the tracking method, this paper pres-
ents a multi-layer feature association module based on the attention mechanism for associatively fusing the high, 
middle and low layer feature maps output from the multi-frame one-stage module, and the obtained associated 
feature maps have both the target’s apparent detail information and deep semantic information.

As shown in Fig. 5, the high, middle and low layers of feature maps output from the multi-frame one-stage 
module are firstly obtained, where the high layer feature map has more semantic information about the target, the 
low layer feature map has more detailed information about the target, and the middle layer feature map maintains 
a balance between semantic and detailed information. In our paper, we consider the feature map of the middle 
layer to be the baseline feature map and obtain the crucial information of other layers through correlation and 
fusion operations. Since the scales and channel numbers of the three layers of feature maps are different, the high 
layer feature map first goes through a convolution block 1, and then nearest neighbor interpolation is performed 
to enlarge the feature map by two times, and the feature map with the same size as that of the middle layer fea-
ture map f '

high is output. The formula for convolution block 1 is shown below:

ReLU(BatchNorm(Conv2(Conv1( ))))high highf f′ = . (3)

For this formula, Conv1 indicates a 1×1 convolutional layer possessing 384 input channels and 1536 output 
channels. Conv2 indicates a 1×1 convolutional layer with 1536 input channels and 192 output channels. 
BatchNorm symbolizes the batch normalization layer, and ReLU symbolizes the activation function layer. The 
goal of the convolutional block is to prevent information loss to the greatest extent during the dimension reduc-
tion of high-level feature maps. First, increasing the dimension before decreasing it can enhance the generaliza-
tion performance of the feature map and retain the channel features possessing essential information. 

The low layer feature map passes through a convolution block 2, which performs both dimensional scaling up 
and scaling down to output a feature map f '

low of the same size as the middle layer feature map. The formula for 
convolution block 2 is as follows:

ReLU(BatchNorm(Conv( )))low lowf f′ = . (4)

In the formula, Conv represents a 2×2 convolutional layer with 96 input channels, 192 output channels and a 
step size of 2.
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After that, f '
high , f

'
low and f mid are multiplied and summed with the weights of the learnable parameters, and 

then summed with to obtain the multi-information feature map, as shown in the following equation:

mid mid 1 2 3( )high mid lowf f f f fα α α′ ′ ′= + + + . (5)

In the formula, α1, α2 and α3 are learnable parameters, participating in the overall training of the tracker.
From a theoretical perspective, high layer feature maps possess greater amounts of semantic information and 

can effectively tell targets apart from backgrounds. Consequently, mapping the high-scoring zones in high layer 
feature maps to middle layer feature maps can improve the discriminatory ability of the intermediate-level fea-
ture maps. Shown in Fig. 5, firstly, a channel attention block filled with effective information is added to the high 
layer feature map to derive a channel feature map. The formula goes as follows:

( ) (ConvB(AvgPool( ))
ConvB(MaxPool( )))

c high high

high high

M f f
f f

σ′ ′=

′ ′+ ×
. (6)

In this formula: σ refers to the Sigmoid function, AvgPool refers to the average pooling layer, and MaxPool 
refers to the maximum pooling layer, after the above operation, the feature map changes from 192×16×16 to 
192×1×1, ConvB represents the convolution block 3, and the operation flow of the convolution block 3 is as fol-
lows: the feature map following pooling first traverses a 1×1 convolutional layer, where the number of channels 
is reduced to 48 by this layer. and then passes through a ReLU activation function layer and a 1×1 convolution 
layer to raise the number of channels to 192.

Later on, the channel feature map will pass through the spatial attention module. In this module, the feature 
map after the Sigmoid operation will proceed through the nearest neighbor interpolation layer, and then the fea-
ture map will be interpolated and scaled up to twice its original dimensions. In addition, the interpolated feature 
map will also be multiplied with the middle layer feature map. The multiplication operation can enhance the tar-
get area in the middle layer feature map and improve the discrimination ability of the middle layer feature map. 
This is given by the formula as follows:

( ( ), ) Inter( (Conv([AvgPool( ( )),
MaxPool( ( ))])))

s c high mid c high

c high mid

M M f f M f
M f f

σ′ ′=

′ ×
. (7)

In this formula, σ refers to the Sigmoid function, Inter refers to the nearest neighbor interpolation layer, 
AvgPool refers to the average pooling layer, and MaxPool refers to the maximum pooling layer, and the feature 
map f '

high is changed from 192 × 16 × 16 size to 1 × 16 × 16 size after passing through these two layers, [*,*] 
represents the Concat operation, and the Conv has a convolution kernel sized 3 × 3, and the padding for the 
convolution layer is set at 1. The dimension of the feature map after the Concat process is shrunk to 1.  

Finally, the output feature map is summed with the multi-information feature map f 'mid to obtain the final asso-
ciation feature map fMerge .

2.4   Classification Regression Output Module

The traditional CNN classification regression output module is limited by the sensory field and cannot establish 
long-distance dependencies in the feature map, while Transformer can extract key information in the global range 
of the feature map and establish dependencies within the target area, between the target and the background, and 
between the background and the background, thereby enhancing the prediction precision of the classification and 
bounding box regression network module. Based on this concept, this chapter puts forward a classification and 
regression output module that combines CNN with Transformer. The classification regression output module of 
this chapter is shown in Fig. 6.
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As an example, the classification network module in its entirety is composed of a convolutional block, four 
Transformer networks and a convolutional layer. The convolutional block consists of a convolutional layer, a 
BatchNorm normalization layer and a ReLU activation function layer. The Transformer network has a struc-
ture similar to what’s shown in Fig. 4(c). The final convolutional layer applies a 1×1 convolutional kernel and a 
Conv2D convolution with an output dimension of 2. Differing from the classification network module, the output 
dimension of the final convolutional layer of the regression network module is 4.

3   Experimentation and Analysis

The experimental configuration is detailed in subsection 3.1, covering the chosen training and test datasets as 
well as experimental particulars. In subsections 3.2 and 3.3, qualitative and quantitative experiments are carried 
out with two contemporary infrared dim small target tracking techniques and three generalized target tracking 
methods to deliberate and dissect the merits and drawbacks of the methods proposed in this paper. Moreover, in 
subsection 3.4, ablation experiments and analysis are executed to exhibit the efficacy of each module within the 
overall methodology. 

3.1   Experimental Setup

To objectively appraise the performance of the proposed tracking method, the publicly available infrared dim and 
small target datasets are adopted for training and testing. The training dataset originates from the “infrared dim 
small motion target detection dataset in complex background” [19], and the testing dataset originates from the 
“infrared image dim small aircraft target detection and tracking dataset in ground/air background” [20]. During 
the testing process, the same test data as SiamIST was maintained and the first four video sequences in the test 
dataset, which contained larger sized or multiple infrared targets, were deleted.

The comparison methods include SiamIST [6], SiamITO [8], Stark [21], TOMP [22], and TransT [23] tracking 
methods. Among them, the first two are infrared dim small target tracking methods and the last three are general-
ized target tracking methods.

The codes of all the methods presented in this paper were composed in Python 3.8 by using Pytorch 1.8.0. All 
codes were trained on a Linux server equipped with Inter Xeon (32GB, CPU), NVIDIA A5000 (24GB, GPU); 
and tested on a Windows 11 laptop equipped with Inter i7 12700H (16GB, CPU), NVIDIA RTX 3060 laptop 
(6GB, GPU). The request for codes can be made by email.

3.2   Qualitative Comparison

In this subsection, six video sequences are selected for demonstration, including videos 21, 20, 15, 14, 8, and5, 
as shown in Fig. 7.
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Fig. 7. Display of tracking results of different tracking methods

In the video sequence “data21” in Fig. 7, the overall gray value of the target keeps changing and showing 
flickering in the image, which leads to the loss of the real target by the SiamITO tracking method in the 60th 
frame image. In addition, as the target passes through the forest environment with low gray value, the target is 
close to submerged in the background. For instance, the real target was lost by the TransT tracking method in the 
163rd frame image. In the 268th frame image, in addition to the tracking failures of the above two tracking meth-
ods, although the Stark tracking method tracked the real target, the estimated size of its bounding box was too 
big.

In the video sequence “data15” in Fig. 7, the target is displaced in the 64th frame due to infrared camera 
shake, which leads to the tracking failure of the SiamIST, TOMP and TransT tracking methods, but in the sub-
sequent movements of the target, such as the 96th frame, the SiamIST and TransT tracking methods accurately 
track the real target again, and only the TOMP tracking method determines the background as the real target. 
However, in the subsequent motion of the target, such as the 96th frame, the SiamIST and TransT tracking meth-
ods accurately track the real target again, and only the TOMP tracking method determines the background as the 
real target tracking failure. At frame 190, multiple similar interfering objects appear around the target, causing 
the SiamIST and TransT tracking methods to shift to the false target, and the TOMP tracking method still fails to 
track it.

In the “data14” video sequence in Fig. 7, due to infrared camera shake, the target is shifted for a long distance, 
as in frame 128, and all tracking methods fail. However, in the subsequent tracking process, such as frame 177, 
the SiamIST tracking method and the proposed method track the real target again. The target crosses the back-
ground of urban buildings,and whenever there is a large discrepancy between the target and the background, only 
the method presented in this paper can track the actual target anew. This indicates that the proposed method can 
better obtain the feature map with discriminative power and reduce the influence of background clutter on the 
tracking method.
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In the “data8” video sequence within Fig. 7, the target is extremely blurred as a result of the jitter of the in-
frared camera, although it does not produce a large displacement, resulting in the tracking failure of Stark and 
TransT tracking methods in the 77th frame. However, when the lens is stabilized and the target is imaged clearly, 
as in the 117th frame image, the two methods of tracking failure track the real target again. During the subse-
quent target motion, similar interfering objects appear around the target, resulting in the tracking failure of Stark 
and TransT again at frame 266.

In the “data5” video sequence in Fig. 7, the target does not have dramatic appearance or gray value changes, 
and the background does not have large changes, and all tracking methods track the real target.

The comparative experiments have shown that the method put forward in this paper can precisely track the 
real target in many complex background settings, except when there are extreme background interferences and 
camera jitters.

3.3   Quantitative Comparison

In this subsection, comparisons were made on the performance of different tracking methods by means of the 
success rate graph and the precision rate graph, as shown in Fig. 8. In addition, the area under the Area Under the 
Curve (AUC) of the success curve values and the accuracy rate values with a threshold of 10 are further com-
pared as shown in Table 1.

Fig. 8. Success rate and accuracy curves

Table 1. Comparative results of quantitative experiments

Success ratio Precision (threshold=10)

TransT 0.455 0.682

TOMP 0.460 0.688

Stark 0.558 0.775

SiamIST 0.521 0.786

SiamITO 0.515 0.741

Ours 0.587 0.786
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Among these items, the success rate and the precision rate are expounded as follows. Success rate is figured 
out as the ratio of the quantity of images where there is an intersection and a union between the predicted bound-
ing box of the tracking method and the target-labeled bounding box smaller than the specified threshold to the 
total frame number of the video sequence.

Precision rate represents the ratio of the number of pictures in which the Euclidean distance from the center 
point position of the predicted bounding box of the tracking method to that of the target-labeled bounding box is 
under the specified threshold to the total number of frames in the video.

From Table 1, it can be seen that the tracking method proposed in this paper can track infrared dim small tar-
gets robustly, and the AUC value is improved by 6.6 percentage points and the predicted target bounding box is 
more accurate relative to the SiamIST tracking method, although the accuracy rate remains the same; relative to 
the Stark tracking method, the AUC value has gone up by 2.9 percentage points, and the accuracy rate has risen 
by 1.1 percentage points. 

Furthermore, with the aim of further exploring the performance of the tracking method put forward in this 
paper in respect of inference time, the inference velocity of this method on the test laptop is roughly 22 Frames 
Per Second (FPS), and it takes about 0.044 seconds to process one frame of image. On a workstation with an 
NVIDIA RTX 3090 GPU and an Intel Xeon Platinum 8362 CPU, the inference speed is approximately 25 FPS, 
and it takes about 0.04 seconds to process one frame of image. This demonstrates that on high-performance com-
puting platforms, the method can basically meet the requirements for real-time tracking.

3.4   Ablation Study

In this subsection, for the purpose of verifying the efficacy of each component module of the proposed method, 
we executed ablation studies on various modules.

Among them, the ablation of the multi-frame one-stage module can be specifically divided into four parts: (1) 
Ablation of multi-frame: the dynamic template frames input to the tracking method are replaced with the first 
template frames, and the spatiotemporal characteristics of the target are not introduced into the tracking method. 
(2) Ablation of the improved DaViT network: the original DaViT network is used as the multi-frame one-stage 
module in this chapter. (3) Ablation of the one-stage framework: the multi-frame one-stage model is only used as 
a feature extraction network, and the inter-correlation computation stage adopts convolutional inter-correlation. 
(4) Overall ablation of the multi-frame one-stage module: the multi-frame, the improved DaViT network and the 
one-stage framework are all ablated.

The ablation method of the multi-layer feature association module is that after the high layer feature map has 
completed the convolution of block and interpolation operations and the low layer feature map has completed the 
convolution with the block, the two feature maps are directly added to the intermediate-level feature map.

The method for ablating the classification and regression output module is to use a convolutional neural net-
work in place of the multi-head attention network.

In Table 2, upon comparing 7 with 8, with the application of the classification and regression output mod-
ule proposed in this chapter, the AUC has gone up by 3.7 percentage points and the precision has increased by 
4.0 percentage points. It can be verified that the classification and regression output module introduced in this 
chapter, integrating CNN and multi-head attention, can improve the precision of bounding box regression. This 
network module employs multi-head attention. This enables the establishment of the long-distance dependence 
property and facilitates the regression branch to concentrate more on the boundary outlines of the target, avoiding 
the loss of information in the dimension compression process of the convolution operation.

Comparing 6 with 8, after using the multi-layer feature association module proposed in this chapter, the AUC 
has been boosted by 4.6 percentage points, and the precision has increased by 6.6 percentage points. which 
proves that the multi-layer feature association module can, to some extent, effectively associate and fuse feature 
maps at different levels, so that the middle layer feature map has richer details and semantic information.

Comparing 5 with 8, after using the multi-frame one-stage module proposed in this chapter, the AUC has 
improved by 12.3 percentage points, while the precision has increased by 10.2 percentage points, which verifies 
the effectiveness of the multi-frame single-stage module proposed in this paper, and the operation of mutual cor-
relation computation in the process of feature extraction can enhance the target information in the feature map 
of search frames during the deepening process of the network module, inhibit the background area, and continu-
ously optimize the accuracy of the subsequent network feature extraction, in addition, the multi-frame one-stage 
module correlates the spatiotemporal characteristics of the target motion, which can further improve the robust-
ness of the tracking method in this chapter in the face of complex background transformations.
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Table 2. Comparative results of ablation studies

Index

Multi-frame single-stage module Multilayer 
feature 

association 
module

Classification 
regression 

output module

Success 
ratio (%)

Precision 
rate (%)

Multi-frame Modified DaViT Single stage 
framework

1 √ — √ √ √ 54.7 74.1

2 — √ √ √ √ 56.8 77.3

3 — — √ √ √ 54.3 73.7

4 √ √ — √ √ 49.1 70.9

5 — — — √ √ 46.4 68.4

6 √ √ √ — √ 54.1 72.2

7 √ √ √ √ — 55.0 74.6

8 √ √ √ √ √ 58.7 78.6

To further explore the extent of the contribution of different components in the multi-frame one-stage module 
to the AUC and accuracy, the multi-frame, the improved DaViT network and the one-stage framework are se-
quentially ablated and analyzed. Comparing 1, 2, and 4 with 8, respectively, the AUC and accuracy rate increased 
by 4.0 and 4.5 percentage points after improving the original DaViT network; the success rate and accuracy rate 
increased by 1.9 and 1.3 percentage points after using the multi-frame template frame image; and the AUC and 
accuracy rate increased by 9.6 and 7.7 percentage points after utilizing the framework of one-stage tracking. This 
shows that the one-stage tracking framework has a great influence on enhancing the tracking accuracy of infrared 
dim and small targets under complex backgrounds. In addition, in order to further analyze the gap between one-
stage and two-stage infrared dim small target tracking methods, 3 and 5 are compared, and the AUC and accura-
cy rate are improved by 7.9 and 5.1 percentage points after using the one-stage tracking framework, which indi-
cates that the robustness of infrared dim small target tracking can be effectively improved by utilizing the one-
stage tracking framework.

4   Conclusion

The paper proposes a one-stage tracking method for infrared dim and small targets that fuses spatio-temporal 
information, which is utilized to track such targets under the influence of background clutter. To heighten the 
discriminative ability of the target feature maps, it integrates the feature extraction and target matching processes 
and incorporates the spatio-temporal information in the target’s motion to generate feature maps that can effec-
tively distinguish the background from the real targets. To increase the accuracy of the predicted bounding boxes 
of the tracking method, the paper adopts a multi-layer feature fusion module and a classification and regression 
output module combining CNN and multi-head attention. This improves the detail and semantic information of 
the feature maps and outputs more accurate classification and regression results. The combination of these three 
modules further improves the performance of tracking infrared dim and small targets. The test results on the test 
dataset demonstrate that the method in this paper has better performance.
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