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Abstract: Single-object tracking algorithms based on Siamese full convolutional networks have
attracted much attention from researchers owing to their improvement in precision and speed. Since
this tracking model only learns a similarity model offline, it is not able to obtain more useful feature
discrimination information to adapt to the various variations of targets in complex scenes. To improve
the performance of this tracking model, we propose a Siamese network tracking algorithm that incor-
porates multiple attention mechanisms and an adaptive updating strategy for background features.
First, a backbone feature extraction network is proposed that utilizes a small convolutional kernel
to fuse jump-layer connectivity features, thereby improving the feature representation capability of
the network. Second, an adaptive update strategy for background features is proposed to improve
the model’s ability to discriminate between the object and background features. Third, the fusion of
multiple attention mechanisms is proposed so that the model learns to focus on the channel, spatial,
and coordinate features. Fourth, the response fusion operation is proposed after the inter-correlation
operation to enrich the output response of the model. Finally, our algorithm is trained using the GOT-
10K dataset and evaluated by testing on the object tracking benchmark datasets OTB100 and VOT2018.
The test results show that compared with other algorithms, our algorithm can effectively cope with
the problem of degradation of the tracking performance in complex environments, and it can further
improve the tracking precision and precision under the premise of ensuring the tracking speed.

Keywords: fusion of multiple attention mechanisms; background adaptive updating strategy;
Siamese network; single-object tracking algorithm

1. Introduction

With the rapid development of computer vision technology, visual object tracking has
become a research direction with important applications value in the field of computer
vision. Visual object tracking has a wide range of application scenarios that can be applied to
human–computer interaction, video surveillance, urban transportation, automatic driving,
and other fields, offering considerable convenience in our daily lives [1–4]. The number of
tracking objects can be divided into single-object tracking and multi-object tracking. Visual
single-object tracking is studied, and its process is as follows: First, the tracking frame of
the object to be tracked is given in the first frame of the image of the video sequence, and
then the position and size of the tracked object are automatically given in the subsequent
frames of the video sequence, as shown in Figure 1. After many years of dedicated research
and accumulation by many researchers, although single-object tracking algorithms have
made some progress, they still face many challenges in complex scenarios, such as changes
in the shape and size of the object, changes in the ambient illumination in which the
object is located, similar background interference, and object occlusion [5,6]. All of these
uncontrolled situations can degrade the algorithm’s tracking performance, which can lead
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to tracking drift and failure. Simultaneously, single-object tracking algorithms have high
requirements for robustness, precision, precision, and speed in practical applications.
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Figure 1. Effect diagram of visual single-object tracking.

Visual single-object tracking algorithms can be categorized into generative, correlation,
and deep learning-based object tracking algorithms. The visual single-object tracking
algorithm based on the generative model [7–10] uses the current frame to model the object
region and searches for the region that is most similar to the model in the next frame
to predict the object’s position. Although it can effectively deal with the situation of
object loss during the tracking process, it ignores the relationship between the background
and the object, which leads to the degradation of the tracking precision in the face of
a complex and changeable scene. A visual single-object tracking algorithm based on a
correlation filter [11–17] aims to learn a correlation filter and obtain a dense response map
by performing a correlation operation on the image, where the position of the maximum
value in the response map is the predicted position of the object. Although it has achieved
good results in the field of object tracking, owing to the lack of consideration for the changes
in the size of the object’s appearance, it is easily disturbed by external environments when
confronted with occlusion. However, it has achieved good results in the field of object
tracking, owing to the lack of consideration for the change of the object’s appearance. When
facing complex scenes such as occlusion, deformation, etc., it is easily interfered with by
the external environment, which leads to a reduction in tracking precision and success
rate. Compared with the above two types of tracking algorithms, the deep learning-based
visual single-object tracking algorithm has greatly improved tracking performance and has
become the mainstream object tracking algorithm nowadays.

Visual single-object tracking may require tracking arbitrary objects in nature; thus, it is
not possible to collect data from all objects and train a tracker suitable for all objects in the
research of single-object tracking algorithms. With the proposal of Siamese networks [18]
and their successful application in computer vision tasks such as face recognition and image
matching [19], scholars have proposed Siamese network-based visual single-object tracking
algorithms [20–26] and attracted great attention in the field of object tracking owing to
their faster speed and higher tracking performance. A single-object tracking algorithm
based on Siamese fully convolutional networks uses an offline dataset to train a similarity
matching model, thus transforming the object tracking problem into a similarity matching
problem. Although the single-object tracking algorithm based on Siamese networks has
achieved good tracking results, it also has high precision and speed and can be applied
to some specific scenes. However, since the model uses the object features provided in
the first frame of the image as the baseline template throughout the tracking process,
the baseline template is not updated, causing the model to be unable to obtain more
information conducive to feature discrimination, which leads to the model’s inability to
adapt to the various changes of the target in the complex environment. The backbone
feature extraction network of the model uses AlexNet [27], which can cause the model to
fail to extract the deep semantic features of the object because of the small number of layers



Appl. Sci. 2024, 14, 8199 3 of 22

in the feature extraction layer of AlexNet. Therefore, the algorithm suffers from tracking
performance degradation and tracking failure when facing various challenges in complex
scenes. To solve the problems of tracking performance degradation and tracking failure of
the Siamese full convolutional network-based single-object tracking algorithm in complex
scenes for the above reasons, and at the same time, in order to further improve the tracking
precision and precision of the algorithm so that the performance of the algorithm meets
the requirements of practical applications, we propose a single-object tracking algorithm
for Siamese networks that integrates a multiple-attention mechanism and an adaptive
updating strategy of the background features. The structure of the algorithm is illustrated
in Figure 2.
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attention mechanism and background feature adaptive updating strategy.

The framework of our tracking algorithm is shown in Figure 2. It contains a goal branch
and a search branch. The target branch consists of a main branch and a background adaptive
update branch; each of them contains a small convolutional and hopping layer connected
feature fusion network and multiple attention modules. However, the search branch
only uses a small convolutional kernel network and multiple attention modules. Finally,
the target branch and the search branch output a response map through a convolutional
inter-correlation operation.

In this work, we propose a new tracking algorithm based on the Siamese network
framework. The main contributions are as follows:

(1) We designed a backbone feature extraction network with a small convolutional kernel
and hopping layer connection feature fusion. It can not only effectively extract
the deep semantic features of the object, but also fuse the mid-level features with
the deep features through the hopping layer connection, which is conducive to the
enhancement of the feature expression ability of the network. Meanwhile, utilizing
3 × 3 and 1 × 1 small convolution kernels for convolution operation can increase the
depth of the network while reducing the network parameters.

(2) A background feature adaptive updating strategy was proposed in our algorithm
and applied to the processing of the object template. First, after the object template is
processed through the background feature adaptive updating strategy, it highlights
the object features and weakens the background features so that the object features
form a sharp contrast with the background features, so that the algorithm can fully
distinguish the object and background features in the object template. Then, the object
features obtained after processing through the background feature adaptive updating
strategy, and then through the backbone feature extraction network and multiple
attention mechanisms, are linearly fused with another object feature that has not been
processed through the background feature adaptive updating strategy. Then through
the backbone feature extraction network and multiple attention mechanisms, the
algorithm’s ability to discriminate between the object features and the background
features can be effectively enhanced.
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(3) The fusion of multiple attention mechanisms is proposed in our algorithm, which
consists of an improved hybrid attention mechanism connected in parallel with the
CA attention mechanism. Applying it to the object template branch and the search
region branch enables the algorithm to locate and recognize the tracking object more
precisely, and makes the algorithm adaptively learn to focus on the channel, spatial,
and coordinate feature information of the tracking object, thus improving the attention
ability and precision of the algorithm.

(4) In our algorithm, we propose a response fusion operation, a mutual correlation opera-
tion, where the original object features are convolved with the original search region
features, and the object features after multiple attention mechanisms are convolved
with the search region features after multiple attention mechanisms, and the results
of the two convolutional mutual correlations are linearly fused to obtain the final
response map in order to enrich the output response of the algorithm.

Our algorithm is compared with other Siamese network framework tracking algo-
rithms, such as SiamFC [20], SiamRPN [22], etc. (1) SiamFC and SiamRPN use shallow
AlexNet for their backbone feature extraction network, while our algorithm uses a deep
backbone feature extraction network designed by us. (2) SiamFC and SiamRPN do not
use any other strategies to distinguish between object and background features, while
our algorithm uses our designed adaptive updating strategy for background features to
distinguish between object and background features. (3) SiamFC and SiamRPN do not use
any attention mechanism to enhance the algorithm’s attention to object features, while our
algorithm uses a fusion of multiple attention mechanisms designed by us to enhance the
algorithm’s attention to object features. (4) The internal structure of SiamFC and SiamRPN
is double-branching without feature fusion, while the internal structure of our algorithm
employs multi-branching feature fusion. (5) The output response of SiamFC and SiamRPN
is a single response, while our algorithm employs a response fusion operation after corre-
lating with each other, which enriches the algorithm’s output response and ensures that the
algorithm’s output results are not degraded.

The remainder of this paper is organized as follows. Section 1 introduces the related
algorithms and the proposed algorithm. Section 2 presents research work on the proposed
algorithm. Section 3 presents the training and testing of the proposed algorithm. Section 4
presents the test results for the proposed algorithm. Section 5 concludes the paper.

2. Research Work

This section belongs to the research work of our algorithm and can be divided into four
parts. Section 2.1 is the Siamese network framework; Section 2.2 is an adaptive updating
strategy for background features; Section 2.3 is a fusion of multiple attentional mechanisms;
and Section 2.4 is a response fusion operation after convolutional inter-correlation.

2.1. Siamese Network Framework

The Siamese network framework of our tracking algorithm is shown in Figure 2. It
consists of two asymmetric branches: the target branch and the search branch. In the search
branch, we design and apply a small convolutional backbone feature extraction network for
feature extraction. In the target branch, we design and apply a backbone feature extraction
network that uses a combination of small convolutional kernels and jump-layer connections
for feature extraction.

First, we will design a small convolutional kernel backbone feature extraction network
and apply it to the search branch. Given the wide range of applications of convolutional
neural networks in computer vision [28,29], the newly designed backbone feature extrac-
tion network consists of 14 convolutional layers, 3 maximum pooling layers, 13 batch
normalization layers, and 4 activation layers. We define convolutional layers 1, 2, and 3
plus 3 normalization layers plus 1 activation layer plus 1 maximum pooling layer as conv1;
convolutional layers 4, 5, and 6 plus 3 normalization layers plus 1 activation layer plus 1
maximum pooling layer as conv2; convolutional layers 7, 8, and 9 plus 3 normalization
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layers plus 1 activation layer plus 1 maximum pooling layer as conv3; convolutional lay-
ers 10, 11, 12, 13 plus 3 normalization layers plus 1 activation layer is defined as conv4;
convolution layer 15 is defined as conv5; the specific information of the backbone feature
extraction network is shown in Table 1. Compared with AlexNet, the newly designed
backbone feature extraction network uses a 1 × 1 small convolution kernel to downsize
the network channel several times, which not only reduces the number of parameters
of the network, but also ensures the computational speed while increasing the depth of
the network, so that the network can further obtain the deep features of the target. In
addition, using a 1 × 1 small convolutional kernel can increase the nonlinearity, mix the
cross-channel information, and improve the generalization ability of the network.

Table 1. Backbone features extract network specific information.

Definition
Layer Layer Kernel Size Stride/Channel Template Search

Input /3 127 × 127 255 × 255

conv1

CONV1-BN 3 × 3 1/64 125 × 125 253 × 253

CONV2-BN 3 × 3 1/128 123 × 123 251 × 251

CONV3-BN-ReLu 1 × 1 1/64 123 × 123 251 × 251

MaxPool 2 × 2 2/64 61 × 61 125 × 125

conv2

CONV4-BN 3 × 3 1/128 59 × 59 123 × 123

CONV5-BN 1 × 1 1/64 59 × 59 123 × 123

CONV6-BN-ReLu 3 × 3 1/128 57 × 57 121 × 121

MaxPool 2 × 2 2/128 28 × 28 60 × 60

conv3

CONV7-BN 3 × 3 1/256 26 × 26 58 × 58

CONV8-BN 1 × 1 1/128 26 × 26 58 × 58

CONV9-BN-ReLu 3 × 3 1/256 24 × 24 56 × 56

MaxPool 2 × 2 2/256 12 × 12 28 × 28

conv4

CONV10-BN 3 × 3 1/512 10 × 10 26 × 26

CONV11-BN 1 × 1 1/256 10 × 10 26 × 26

CONV12-BN 3 × 3 1/512 8 × 8 24 × 24

CONV13-BN-ReLu 1 × 1 1/256 8 × 8 24 × 24

conv5 CONV14 3 × 3 1/256 6 × 6 22 × 22

In the table above, CONV*-BN represents the normalization layer after the convolu-
tional layer, CONV*-BN-ReLu represents the activation layer after the normalization layer
after the convolutional layer, and Maxpool represents the maximum pooling layer.

Secondly, on the basis of the small convolutional kernel backbone feature extraction
network, we add the hopping layer connection feature fusion and apply it to the target
branch. After the object template feature extraction branch conv3, bilinear interpolation is
used for downsampling, and the intermediate features after downsampling are fused with
the deep features after conv5, and the fused features can take into account the semantic
discriminative ability of the deep features and the spatial structural details of the shallow
features, so as to express the target more comprehensively, and the calculation formula is
as follows:

f = conv5(conv4(conv3(conv2(conv1(z))))) + λα(conv3(conv2(conv1(z)))), (1)
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where z denotes the input object template, α denotes downsampling, f denotes the fused
object features, and f ∈ RW×H×C, λ denotes the scale factor of the mid-level features after
downsampling.

2.2. Adaptive Updating Strategy for Background Features

According to the working principle of human visual system, there always exists
differentiation between the object and the surrounding background, and the greater the
differentiation between them, the more the human visual system can distinguish the object
and the background, and vice versa, the smaller the differentiation between them, the more
the human visual system can’t distinguish the object and the background, according to
this principle, we propose an adaptive updating strategy of the background features to be
integrated into the Siamese network single-object tracking algorithm. First, preprocessing is
performed in the first frame image, and the object template image is produced by cropping
and scaling, containing the object region image and the surrounding background region
image, and the object template image is divided into two branches: (1) One branch enters
into the backbone feature extraction network for feature extraction, and after the completion
of the feature extraction, it is divided into two branches; one branch enters into the network
that incorporates a variety of attention mechanisms, and the other branch maintains the
features after the backbone feature extraction network. (2) The other branch enters the
background adaptive updating strategy for background feature adaptive updating.

The flow of the background adaptive updating strategy is shown below:
In the first step, the object template image is cropped in the first frame image by

z =
√
(w + 2p)× (h + 2p), (2)

and then the object template image is scaled by

Sz × Sz = A2, (3)

where p = (w + h)/4 is the context of our target image patch, z denotes the size of the
cropped object template image, w and h denote the width and height of the object in the
original image, respectively, and S denotes a type of transformation of the image, where
the scaling transformation is used, A = 127, which means that the cropped object template
image is scaled to 127 × 127.

In the second step, the width and height of the object region image in the scaled object
template image were calculated as

zh =
A × h

z
, zw =

A × w
z

, (4)

and then the left, top, right, and bottom coordinates of the object region image in the scaled
object template image were calculated as

l = A−zw
2 , t = A−zh

2
r = A+zw

2 , b = A+zh
2

, (5)

where zh, zw denote the width and height of the object region image in the scaled object
template image, and l, t, r, and b denote the left, top, right, and bottom coordinates of the
object region image in the scaled object template image.

In the third step, the object region image is cropped into the object template image,
and the pixel mean value of the object region image is calculated as

Pom =
1
3

i=2

∑
i=0

(
1

m × n

m,n=zw ,zh

∑
m,n=0,0

Pi
mn), (6)
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where m,n denotes the width and height of the object region image, Pmn denotes the pixel
value corresponding to (m,n) coordinates, and i denotes the color channel number.

In the fourth step, the size of the surrounding background region image was calculated
in the object template image using Equation (7), and the pixel value of the object region
image was set to 0. The mean pixel value of the surrounding background region image was
calculated using Equation (8).

bs = A2 − (r − l)× (b − t), (7)

Pbm =
1
3

i=2

∑
i=0

(
1
bs

m,n=A,A

∑
m,n=0,0

Pi
mn), (8)

where bs denotes the size of the surrounding background region image, m,n denotes the
width and height of the object template image, Pmn denotes the pixel value corresponding
to the (m,n) coordinate, and i denotes the color channel number.

In the fifth step, the larger the difference between the average value of the target
pixels and the average value of the background pixels, the higher the differentiation
between the target and the background. Conversely, the smaller the difference between the
two, the lower the differentiation between the target and the background. Therefore, we
define a contrast ratio to represent the difference between the target and the surrounding
background, as shown in Equation (9); the larger the contrast, the easier it is to distinguish
the target. Conversely, the smaller the contrast, the less easy it is to distinguish the target.

contrast =
|Pom − Pbm|
Pom + Pbm

, (9)

In the sixth step, the background is adaptively updated: if Pom > 127 and contrast < 0.5,
it means that the object area image is not significantly differentiated from the surrounding
background area image; then, the pixel value of the surrounding background area in the
object template image is set to 0, in order to enhance the model’s ability to differentiate
between the object area and the background area; if Pom < 127 and contrast < 0.5, it means
that the object area image is not significantly differentiated from the image of the surround-
ing background region, then the pixel value of the surrounding background region in the
object template image is set to 255 to enhance the model’s ability to differentiate between
the object region and the background region; in all other cases, it means that the object
region image is significantly differentiated from the image of the surrounding background
region, and there is no need to perform any processing for the surrounding background
region as shown in Equation (10).

background =


0, i f Pom > 127 and contrast < 0.5
255, i f Pom < 127 and contrast < 0.5
preserve, Other

, (10)

After the above six steps, the background adaptive update is completed, and after the
update is completed, it enters the main feature extraction network for feature extraction,
and after the completion of feature extraction, it enters the network that fuses multiple
attention mechanisms, and then linearly fuses the branch features with another branch
feature that carries out main feature extraction and fuses multiple attention mechanisms,
and the linear fusion is as shown in Equation (11). This not only makes full use of the
information of the object template image in the first frame image but also enhances the
model’s ability to discriminate between the object and background.

fM = λ1 × δ( f ) + λ2 × δ( fb), (11)

where fM ∈ RW×H×C, δ denotes the fusion of multiple attentional mechanisms, f denotes the
object feature that has not been processed by the background adaptive updating strategy,
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f ∈ RW×H×C, λ1 denotes the proportion coefficient of the object feature that has not been
processed by the background adaptive updating strategy, fb denotes the object feature
that has been processed by the background adaptive updating strategy, fb ∈ RW × H × C,
λ2 denotes the proportion coefficient of the object feature that has been processed by the
background adaptive updating strategy.

2.3. Fusion of Multiple Attention Mechanisms

People can perceive a large amount of information in the world by seeing a variety of
things with their eyes. At the same time, they can also keep themselves free from the inter-
ference of the huge amount of information because people can select important information
and ignore the unimportant information, which is called the attention mechanism. With an
in-depth study of the attention mechanism, many scholars have attempted to apply it to
computer vision tasks, such as image classification, object detection, and video behavior
analysis [30]. Through many studies and experiments, it has been proven that the attention
mechanism can effectively improve the performance of the algorithm.

Our goal in introducing attention mechanisms into visual single-object tracking algo-
rithms is to allow the algorithms to mimic human visual and cognitive systems, essentially
allowing the network to learn to focus its attention on areas of interest and ignore areas
of disinterest. The most common attention mechanisms in the field of computer vision
include channel attention [31], spatial attention [32], hybrid attention [33], and coordinate
attention [34]. The channel attention mechanism is used for the network to calculate the
importance of each channel, the essence of which is to construct an importance model
between different channel features, so that the network can adaptively focus on the channel
features with higher importance; in short, to select the channel features that are more useful
for the task. The spatial attention mechanism allows the network to focus on the pixel
points in the height and width directions within the feature layer to find the most important
object region in the network for processing, and to allow the network to adaptively focus
on the location of the object, which essentially allows the object region to become more
heavily weighted. The hybrid attention mechanism is a combination of spatial and channel
attention mechanisms, which not only allows the network to adaptively pay attention
to the weight of each channel; it will also allow the network to adaptively pay attention
to the weight of each pixel point. The structure of the hybrid attention mechanism is to
connect the channel attention mechanism and the spatial attention mechanism in tandem;
the features are inputted into the line channel attention mechanism first, and then after the
output results are obtained, the features are input into the spatial attention mechanism,
and the final results are obtained after the previous results are inputted into the spatial
attention mechanism. Coordinate attention is an attention mechanism used to enhance the
deep learning model’s understanding of the spatial structure of input data. The core idea of
coordinate attention is to introduce coordinate information such that the model can better
understand the relationship between different locations.

The hybrid attention mechanism is a model that combines the channel attention
mechanism and the spatial attention mechanism. The first half is the channel attention
mechanism, and the second half is the spatial attention mechanism, which aims to enhance
the network’s ability to pay attention to images. Typically, the channel attention mechanism
in the hybrid attention mechanism is designed based on the SENet model [35], and the
implementation can be divided into two parallel steps, which perform the global maximum
pooling and global average pooling operations on the individual feature layers of the input
network, respectively, and then process the results of the global maximum pooling and
global average pooling by using the shared full connectivity layer, respectively, and then
sum the processing results of the two shared full connectivity layers. The connection layer
processing results are summed up, the summed results in the sigmoid function, and the
input feature layer of each channel weight can be obtained. The weights range from 0 to 1;
the larger the weights of a certain channel, indicating that the channel is more important,
and finally multiply the weights by the original input feature layer, the completion of the
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hybrid attention mechanism in the operation of the channel attention mechanism. While
Wang et al. in the ECA-Net [36] paper argued that the SENet model will bring some
side effects to the prediction of the channel attention mechanism in the hybrid attention
mechanism, and capturing the dependencies between all channels is inefficient and useless,
the idea of the ECA-Net is to remove the fully_connected layer in the SENet and use the 1D
convolution instead, because the 1D convolutional neural network has good cross-channel
information acquisition ability. Thus, we adopt the ECA-Net model as the basis to redesign
the hybrid attention mechanism in the channel attention mechanism to replace the hybrid
attention mechanism in the channel attention mechanism designed by the SENet model.
We introduce the single-object tracking algorithm to input the single feature layer of the
network, perform the global average pooling operation, and subsequently, the result of
the global average pooling is processed by using the 1D convolution. The result of the
1D convolution is processed by a sigmoid function, which can obtain the weights of each
channel of the input feature layer, which ranges from 0 to 1, and the weights are multiplied
by the original input feature layer. The input of the spatial attention mechanism in the
hybrid attention mechanism is the output of the channel attention in the hybrid attention
mechanism, which inputs a single feature layer of the network, takes the maximum value
and the average value in the channel of each feature point, then stacks the two results, and
then reduces the dimensionality of the channel by using the convolution of the channel
as 1. Then, the results are obtained by a sigmoid function, which can obtain the input
feature layer of each feature point, and the weight of each feature point of the input feature
layer can be obtained by a sigmoid function, which ranges from 0 to 1. Finally, the weight
is multiplied by the original input feature layer, completing the operation of the spatial
attention mechanism in the hybrid attention mechanism. After the above two steps. The
improved hybrid attention mechanism operation is completed, and the structure of the
improved hybrid attention mechanism is shown in Figure 3.
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Coordinate attention is used to encode precise position information into the neural
network, and the core idea is to introduce coordinate information such that the model can
better understand the relationship between different positions, as shown in Figure 4.
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To enable the network to capture more accurate positional information about the
object, we propose connecting the improved hybrid attention mechanism in parallel with
coordinate attention, which involves modeling the feature relationship between channel,
spatial, and positional information and fusing their results to introduce them into the
single-object tracking algorithm, the structure of fusing multiple attention, which is shown
in Figure 5. This captures not only cross-channel information but also direction-aware and
position-aware information, which can help the algorithm localize and identify the object of
interest more accurately. At the same time, it also enables the network to adaptively learn
to focus on channel, spatial, coordinate, and other feature information, thus enhancing the
feature expression, attention capability, and precision of the entire network.
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Figure 5. Structure of the mechanism for fusing multiple attention.

Multiple Attention Mechanism: Input feature x enters two different branches. Input
feature x enters branch 1, and firstly captures channel feature information through the
CANet channel attention mechanism, and then captures spatial feature information through
the spatial attention mechanism; input feature x enters branch 2, and then captures position
feature information through the coordinate attention; and then the channel, spatial, and
position feature information are added together, so that the model learns to pay attention
to the channel, spatial, and coordinate feature information of the tracked target adaptively,
thus improving the ability of the whole model to pay attention to feature information, so as
to improve the attention ability of the whole model. The realization process of the multiple
attention mechanism is shown in Equation (12).

xM = {x × ECA(x)} × SAM{x × ECA(x)}+ {x × CA(x)}, (12)

where x denotes input features, xM denotes output features after multiple attention mecha-
nisms, ECA denotes ECANet channel attention mechanism, SAM denotes spatial attention
mechanism, CA denotes coordinate attention, × denotes dot product, and + denotes
dot plus.

2.4. Response Fusion Operations after Convolutional Inter-Correlation

In order to enrich the output response of the algorithm, considering that the algo-
rithm can pay attention to both local and global responses during the execution process,
we perform convolutional inter-correlation operation between the original object feature
branch and the original search region feature branch, and at the same time, we perform
convolutional inter-correlation operation between the object feature branch after multiple
attentional mechanisms and the search region feature branch after multiple attentional
mechanisms, and then the results of the two convolutional inter-correlations are fused
linearly to get the final response map, and the response fusion formula is shown in (13).

f = k1 × f1 + k2 × f2, (13)

where f 1 represents the response of the original object feature branch and the original
search region feature branch after the convolutional inter-correlation operation, k1 is the
proportion coefficient occupied by the original feature branch, f 2 represents the response of
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the object feature branch signification and the search region feature branch after multiple
attention mechanisms after the convolutional inter-correlation operation, and k2 represents
the proportion coefficient occupied by the features after multiple attention mechanisms.

3. Training and Testing of Algorithms

To train the algorithm, we chose the GOT-10k [37] datasets as the training datasets of
the algorithm, which have a rich variety of objects and a wide range of scenarios, so it is
very suitable for the algorithm to be trained on the GOT-10k datasets, which can enhance
the generalization ability of the model.

Before training the network, we need to preprocess the images in the GOT-10k datasets.
For preprocessing of the object template region image, an object square region is cropped
out with the center of the object as the cropping center, and the cropping operation
uses Equation (2). After cropping is completed, the object square region is scaled to a
127 × 127 object template, and the scaling operation uses Equation (3).

For the preprocessing of the search region image, to maintain consistency with the
scaling scale of z, we crop the object search region image; after the cropping is completed, a
random deflation operation is performed on the cropped region, which helps in the data
enhancement, and three random deflation coefficients are selected; which are {1.0375−1,
1.03750, and 1.03751}, and finally scaled to 255 × 255, as shown in Equation (14).

x =
255 × z

127
× scalei, (14)

where x denotes the cropped search region image, z denotes the side length of the cropped
object square region, and scalei denotes one of the three random deflation coefficients.

The loss function is defined as shown in Equation (15).
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where y represents the true value of similarity and y ∈ {−1,+1} represents the positive and
negative example pairs. v represents the similarity between the object template features
and search region.

Define the error function as shown in Equation (16).

L(y, v) =
1
|D| ∑

u∈D
ln(1 + exp(−y(u), v(u)), (16)

where y(u) represents the true value of similarity corresponding to position u, v(u) is the
response value corresponding to position u in the response map, u ∈ D, and D is the set
of position indices in the response map, which is determined by the Euclidean distance
between position u and the center position c of the response map as shown in Equation (17).

y(u) =
{

+1 k∥u − c∥ ≤ R
−1 Other ,

, (17)

where R is the set threshold, R is taken as 16, k is the network step size, the network
structure shrinks the original image eight times, and k is taken as 8.

The model is optimized using the stochastic gradient descent method, and the optimized
parameters of the convolutional network θ can be obtained, as shown in Equation (18).

argmin
θ

1
|N| E

z,x,y
L(y, f (z, x; θ)) (18)

where y represents the true value of similarity, θ is a network parameter, and N represents
the number of samples.

The Siamese network single-object tracking algorithm incorporating multiple attention
mechanisms and a background feature adaptive updating strategy was developed using
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Python under the PyTorch framework. The hardware platform comprised a dual Intel®

Xeon® E5-2696 CPU (Santa Clara, CA, USA) and an NVIDIA RTX3080TI 16 G GPU (Santa
Clara, CA, USA). The algorithm was trained on the GOT-10k dataset, and its performance
was tested and verified using the object tracking benchmark datasets OTB and VOT,
compared, and analyzed with other algorithms. The algorithm testing results are presented
in Section 4.

Training setup: The learning rate was adjusted using exponential decay; the learning
rate was decayed from 10−2 to 10−5; the number of times the datasets were trained through
the network was 50; the batch size was set to 16; the weight decay was set to 5 × 10−4; the
momentum was set to 0.9; and the window impact rate was set to 0.176.

Tracking test: During the object tracking process, the center of the tracking result from
the previous frame is considered as the center of the search area in the current frame image.
The displacement of the maximum response value in the current frame relative to the center
of the response map was then calculated. This value was multiplied by the network step.
size to determine the displacement of the object between frames, thereby obtaining the
center position of the object in the current frame.

4. Algorithm Test Results

This section presents a demonstration and analysis of the test results of our proposed
tracking algorithm with other algorithms on the visual object tracking benchmark datasets
OTB and VOT, which can be divided into two parts. Section 4.1 demonstrates and analyzes
the test results for the OTB datasets. Section 4.2 demonstrates and analyzes the test results
on the VOT datasets.

4.1. OTB Dataset Test Results and Analysis

The OTB dataset [6] is one of the most widely used benchmark datasets for visual
object tracking. The OTB datasets include OTB-2013, OTB-50, and OTB-100. The OTB-
100 dataset consists of 100 video sequences containing 11 complex situations such as
deformation, occlusion, fast motion, and illumination changes. Therefore, we validated
our proposed algorithm on the OTB-100 dataset. We evaluated the Siamese network
single-object tracking algorithm that incorporates multiple attention mechanisms with
adaptive updating strategies for background features by two evaluation metrics, precision
and success rate, and plotted the precision and success rate graphs for these two metrics
to compare with other algorithms. At the same time, we view the tracking effect of our
proposed algorithm and compare it with other algorithms. The specific meanings of
the two evaluation metrics, precision and success rate, respectively, are the ratio of the
number of successful frames to the total number of frames for which the Euclidean distance
between the tracking result and the labeled center position of the datasets is less than a
certain threshold, representing the precision. The ratio of the number of frames to the total
number of frames for which the tracking frame coverage is greater than a certain threshold
represents the success rate, in which the coverage rate is defined as the ratio of the area
of the intersection portion to the area of the concatenation portion between the predicted
tracking frames and labeled tracking frames.

As shown in Figure 6, our proposed algorithm achieved the leading level in the
comparison experiments with SRDCF [15], SAMF [38], MEEM [39], CSK [13], DSST [40],
SiamFC [20], SiamRPN [22], and SiamFC++ [23] on the OTB-100 dataset, with a tracking
precision of 0.818 and a tracking success rate of 0.610. Our proposed algorithm ran at an
average speed of more than 60 fps in the experiments. Compared with the benchmark
framework algorithm SiamFC, our proposed algorithm improves the precision by 7% and
the success rate by 5.3%, which indicates that the Siamese network single-object tracking
algorithm integrating multiple attentional mechanisms and an adaptive updating strategy
of background features can effectively cope with the problem of degradation of tracking
performance during the process of tracking an object in complex environments, and further
improve the tracking precision and precision.
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Figure 6. Precision and success rate of this algorithm and other algorithms in the OTB-100 dataset.
Figure (a) represents the precision of this algorithm and other algorithms in the OTB-100 dataset.
Figure (b) represents the success rate of this algorithm and other algorithms in the OTB-100 dataset.

To further verify and analyze the performance of our proposed tracking algorithm in
different complex situations, we plot the precision and success rate plots of our proposed
tracking algorithm in 11 different complex situations in the OTB-100 dataset to measure
the performance of our proposed tracking algorithm in different complex situations. The
precision plots for the 11 different complex situations are shown in Figure 7, and the
11 success rate plots for different complex situations are shown in Figure 8. In Figure 7,
our proposed tracking algorithm is ranked first in terms of precision in five different
complex cases, whereas in the remaining six different complex cases, three were ranked
second in terms of precision and three were ranked third in terms of precision, which
demonstrates that our proposed tracking algorithm can effectively cope with the single-
object tracking problem in different complex cases. In Figure 8, the success rates of the
remaining eight different complex cases are ranked first, except for the success rates of
low-resolution scale change and plane rotation, which are ranked second, third, and third,
further indicating that our proposed tracking algorithm is robust and can cope with almost
all complex cases in object tracking. The network of our proposed algorithm is a 14-layer
deep neural network, which can enable the extraction of deep features of the target, so
that the robustness of the tracking algorithm can be improved to a certain extent; secondly,
the introduction of the background adaptive updating strategy can enhance the ability
of the algorithm to distinguish between the target and the background features, which
solves the problem of the degradation of the tracking performance when the target’s
appearance in the tracking scene is deformed and the ambient illumination is changed,
and enhances the robustness of the tracking; finally, during the tracking process, the
target may encounter occlusion, scale changes and other factors, which lead to large
changes in the target appearance representation model, making the tracking of moving
targets difficult. In order to improve the model’s adaptability and separability to complex
backgrounds, we introduce a variety of attention mechanisms. The attention mechanism
allows the algorithmic model to dynamically focus on specific regions of the input data, thus
improving processing efficiency and precision of results. In target tracking, the attention
mechanism can help the model better understand the image content and distinguish
between different targets, especially in the case of overlapping or occluded targets. By
introducing the attention mechanism, discriminative features can be effectively extracted
and important features in the target can be focused on, thus improving the precision
and robustness of target tracking. Firstly, the network of our proposed algorithm is a
14-layer deep neural network, which can extract the depth features of the target, so that
the robustness of the tracking algorithm can be improved to a certain extent. Secondly, the
introduction of the background adaptive updating strategy can enhance the algorithm’s
ability to distinguish between the features of the target and the background, which solves
the problem of the degradation of the tracking performance in tracking scenes when the
target’s appearance is deformed and the ambient illumination is changing and enhances the
robustness of the tracking. Finally, during the tracking process, the target may encounter
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occlusion, scale changes, and other factors, which lead to large changes in the target
appearance representation model, making it difficult to track a moving target. In order
to improve the model’s adaptability and separability to complex backgrounds, multiple
attention mechanisms are introduced. The attention mechanisms allow the algorithmic
model to dynamically focus on specific regions of the input data, thus improving processing
efficiency and precision of results. In target tracking, the attention mechanism can help
the model better understand the image content and distinguish between different targets,
especially in the case of overlapping or occluded targets. By introducing the attention
mechanism, discriminative features can be effectively extracted and important features in
the target can be focused on, thus improving the precision and robustness of target tracking.
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cases in the OTB-100 dataset. Figure (a) represents the precision of this algorithm with respect to other
algorithms at low resolution properties. Figure (b) represents the precision of this algorithm versus
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other algorithms with respect to the background blurring property. Figure (c) represents the precision
of this algorithm versus other algorithms for out-of-field-of-view attributes. Figure (d) represents
the precision of this algorithm with respect to other algorithms for the in-plane rotation property.
Figure (e) represents the precision of this algorithm with respect to other algorithms for fast motion
properties. Figure (f) represents the precision of this algorithm with respect to other algorithms
under motion blur property. Figure (g) represents the precision of this algorithm with respect to other
algorithms under the deformation property. Figure (h) represents the precision of this algorithm with
respect to other algorithms with respect to the occlusion property. Figure (i) shows the precision of
this algorithm compared to other algorithms in terms of scale variation property. Figure (j) represents
the precision of this algorithm with respect to other algorithms for the out-of-plane rotation property.
Figure (k) represents the precision of this algorithm with respect to other algorithms under the light
variation property.
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Figure 8. Comparison of the success rate of this algorithm with other algorithms for 11 different
complexities in the OTB-100 dataset. Figure (a) shows the success rate of this algorithm versus other
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algorithms for the scale variation property. Figure (b) represents the success rate of this algorithm
compared to other algorithms for low-resolution attributes. Figure (c) represents the success rate
of this algorithm as compared to other algorithms under the background blurring property. Figure
(d) represents the success rate of this algorithm compared to other algorithms for out-of-view at-
tributes. Figure (e) represents the success rate of this algorithm compared to other algorithms under
the in-plane rotation property. Figure (f) represents the success rate of this algorithm with respect
to other algorithms with respect to fast motion properties. Figure (g) represents the success rate of
this algorithm compared to other algorithms under motion blur attribute. Figure (h) represents the
success rate of this algorithm compared to other algorithms for out-of-plane rotation property. Figure
(i) represents the success rate of this algorithm compared to other algorithms under deformation
property. Figure (j) represents the success rate of this algorithm as compared to other algorithms
under the occlusion property. Figure (k) represents the success rate of this algorithm as compared to
other algorithms under light varying attributes.

We selected nine of the most representative video sequences from the OTB-100 dataset
to compare the tracking results of our proposed tracking algorithm with those of other
algorithms. These nine video sequences contain almost all the 11 complex situations. These
nine video sequences are Biker, Bird1, Dragon Baby, freeman4, ironman, Jump, Kitesurf,
Motor rolling, and soccer. To better show the tracking results of the algorithms, we chose
the top seven algorithms in terms of performance in the experiments to show the tracking
results, which are ours, SiamFC++, SiamRPN, SiamFC, SRDCF, MEEM, and SAMF, as
shown in Figure 9.
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OTB-100 dataset.

From Figure 9, we can see that our proposed tracking algorithm can effectively cope
with the problem of tracking performance degradation during object tracking in complex
environments with high stability. From the two video sequences of ironman and jump, we
can see that our proposed tracking algorithm can always track the object stably, whereas
the remaining five algorithms will fail to track. From the seven video sequences from Biker,
Bird1, Dragon Baby, freeman4, Kitesurf, Motor rolling, and soccer, we can see that our
proposed algorithm can track the object stably, while some of the remaining five algorithms
track stably, and some of them fail to track. Our proposed algorithm’s object tracking
bounding box is more accurate than the object tracking bounding box of the algorithm that
can track stably among the remaining five algorithms.

The tracking algorithm tracks only the objects in the video sequence that are bounded
by a boundary; the initial position of the target is given in the first frame of the video
sequence and the tracking of the subsequent frames is done by the tracking algorithm. In
the Biker video sequence, Biker’s face is tracked. In the Bird1 video sequence, a bird is
tracked. In the Baby Dragon video sequence, the tracking is of Baby Dragon’s face. In the
freeman4 video sequence, it is freeman4’s face that is tracked. In the “Kitesurfing” video
sequence, the tracked is the face of a “kitesurfer”. In the “Motor rolling” video sequence,
the tracking is of bikes and cyclists. In the Triathlon video sequence, tracked is the face of
Superman. In the jumping video, tracked are high jumpers.

Running speed is an important evaluation index of target tracking algorithms. This
algorithm has an average running speed of 60 FPS when testing the OTB100 dataset on
a computer with a CPU of Intel® Xeon® E5-2696 and a GPU of NVIDIA RTX3080TI 16 G
and compares it with the running speeds of the other six tracking algorithms, and the
results are shown in Table 2. From the table, it can be seen that this algorithm has a large
advantage in running speed compared with MEEM and SAMF tracking algorithms, which
is due to the fact that this algorithm trains a similarity matching model offline through
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the training dataset, and there is no online updating process; there is a large gap in the
running speed compared with CSK tracking algorithm, which is due to the large amount of
computation in the twin network; and there is a large gap in the running speed compared
with the benchmark algorithm framework SiamFC, the running speed of this algorithm
decreases to a certain extent due to the deeper backbone feature extraction network, but it
can still meet the requirement of real-time tracking.

Table 2. Tracking speed comparison.

Tracking
Algorithms Ours SiamFC SiamFC++ SiamRPN MEEM SAMF CSK

Average Running
Speed (FPS) 60 86 90 160 6 7 362

To verify the effectiveness of the four modules proposed in our algorithm, namely, the
deep backbone feature extraction network with a small convolutional kernel fused with
jump-layer connected features, an adaptive updating strategy for background features,
multiple attention mechanisms, and feature response fusion operation after convolutional
inter-correlation. We designed three ablation experiments, Siam_SHD, Siam_SHD_BAUS,
and Siam_SHD_BAUS_MAM, to evaluate the performance impact of these four components
on our algorithms through ablation experiments using SiamFC and our algorithms as
a reference benchmark. Siam_SHD uses a deep backbone of small convolution kernel
fused with a hopping-layer connected feature extraction network to replace the tracking
algorithm of the shallow AlexNet in SiamFC; Siam_SHD_BAUS adds a tracking algorithm
with a background adaptive update strategy to Siam_SHD; Siam_SHD_BAUS_MAM adds a
tracking algorithm with multiple attention mechanisms to Siam_SHD_BAUS; our algorithm
is based on Siam_SHD_BAUS_MAM and adds the feature response fusion operation after
convolutional inter-correlation. The three ablation experimental algorithms were trained
using the GOT-10K dataset and tested on the OTB100 dataset; the test results are shown in
Figure 10.
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Figure 10. Ablation test results in the OTB-100 dataset. Figure (a) represents the precision of this
algorithm for ablation experiments under the OTB100 dataset. Figure (b) shows the success rate of
this algorithm for ablation experiments with the OTB100 dataset.

From Figure 10, it can be seen that using SiamFC as the reference frame, Siam_SHD
improves the precision by 1.8% and the success rate by 1.0% on the basis of SiamFC; using
Siam_SHD as the reference frame, Siam_SHD_BAUS improves the precision by 3.1% and
the success rate by 3.3% on the basis of Siam_SHD; using Siam _SHD_BAUS as the reference
benchmark, Siam_SHD_BAUS_MAM improves the precision by 0.3% and the success rate
by 0.4% on top of Siam_SHD_BAUS; using Siam_SHD_BAUS_MAM as the reference
benchmark, our algorithm improves the precision on top of Siam_SHD_BAUS_MAM by
1.7% and success rate improved by 0.7%;The results of the ablation experiments show that
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all four modules are effective in our algorithm and all of them can improve the tracking
performance of the algorithm.

4.2. VOT Dataset Test Results and Analysis

The VOT Challenge is an annual visual object-tracking competition. To further validate
the tracking performance of our proposed single-object tracking algorithm, we evaluated
it on the VOT2018 dataset. Among them, the VOT2018 dataset contains 60 challenging
videos, and we quantitatively evaluate the performance of our proposed tracking algorithm
by precision (A), robustness (R), and expected average overlap (EAO), and the algorithms
involved in the comparison include siamFC [20], SRDCF [39], MEEM [39], DSST [40],
and DCFNet [41], whose results are all from the literature [42]. The comparison results,
as shown in Table 3, show that the Siamese network single-object tracking algorithm,
which includes a multiple attention mechanism and an adaptive updating strategy for
background features, outperforms the other algorithms involved in the comparison in all
performance metrics.

Table 3. Comparison of the results of this algorithm with other algorithms on the VOT2018 dataset.

Tracking Algorithms EAO Precision Robustness

Our 0.229 0.511 0.514
MEEM 0.192 0.463 0.534
siamFC 0.188 0.503 0.585
DCFNet 0.182 0.470 0.543
SRDCF 0.119 0.490 0.974
DSST 0.079 0.395 1.452

Among them, the higher the precision and average overlap expectation, the lower the
robustness score, and the better the tracking performance of the algorithm. Conversely, the
lower the precision and average overlap expectation, the higher the robustness score, and
the worse the tracking performance of the algorithm.

5. Conclusions

To effectively address the problem of tracking performance degradation and tracking
failure of single-object tracking algorithms based on Siamese full convolutional networks
in complex scenarios, we propose a single-object tracking algorithm for Siamese networks
that incorporates multiple attention mechanisms and adaptive updating strategies for
background features. To this end, we make four contributions to the algorithm: (1) We
designed a backbone feature extraction network using a small convolutional kernel to fuse
jump-layer connected features, which can not only effectively extract the deep semantic
features of the object, but also fuse the mid-level features with the deep features to enhance
the model’s characterization ability. Meanwhile, using a small convolutional kernel for
convolution not only reduces the parameters of the network, but also increases the depth of
the network while ensuring computational speed. (2) We also propose an adaptive updating
strategy for background features and apply it to the processing of object templates, i.e.,
the linear combination of object features obtained from a processed object template with
those obtained from another unprocessed object template through a backbone feature
extraction network and multiple attention mechanism can improve the model’s ability to
distinguish between object and background features. (3) We also integrated the multiple
attention mechanism in the algorithm, which can make the algorithm learn to pay attention
to the channel, space, coordinates, and other feature information, and enhance the feature
expression ability, attention ability, and precision of the entire algorithm. (4) We convolve
the original object features with the original search region features in our algorithm, and at
the same time convolve the object features after the attention mechanism with the search
region features after the attention mechanism, and linearly fuse the interrelated results of
the two convolutions to obtain the final response map to enrich the response of the model.
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We validate the performance of our algorithm on the object tracking benchmark datasets
OTB and VOT and compare it with other algorithms. The validation and comparison results
show that our algorithm can effectively solve the problem of object tracking in complex
scenes and further improve tracking precision and precision while ensuring tracking speed.
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