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Recently, Siamese trackers have attracted extensive attention because of their simplicity and low computational cost. However, for
most Siamese trackers, only a frame of the video sequence is used as the template, and the template is not updated in inference
process, whichmakes the tracking success rate inferior to the trackers that can update the template online. In the current study, we
introduce an enhanced visual attention Siamese network (ESA-Siam). .e method is based on a deep convolutional neural
network, which integrates channel attention and spatial self-attention to improve the discriminative ability of the tracker for
positive and negative samples. Channel attention reflects different targets according to the response value of different channels to
achieve better target representation. Spatial self-attention captures the correlation between two arbitrary positions to help locate
the target. At the same time, a template search attention module is designed to implicitly update the template features online,
which can effectively improve the success rate of the tracker when the target is interfered by the background. .e proposed ESA-
Siam tracker shows superior performance compared with 18 existing state-of-the-art trackers on five benchmark datasets in-
cluding OTB50, OTB100, VOT2016, VOT2018, and LaSOT.

1. Introduction

Visual object tracking is a process of identifying the region of
interest in the video, which can track the target in a given
video. At present, visual object tracking is widely used in
video surveillance [1], automatic driving [2], UAV tracking
[3], and other fields. Although various researchers have done
a lot of work on tracker to improve its performance, target
tracking still faces such practical problems as fast motion,
similar background interference, target scale transforma-
tion, low image resolution, and so on [4, 5].

.e naive correlation filter tracker uses hand-crafted
features, such as KCF [6], SRDCF [7], CACF [8], DSST [9],
and SAMF [10]. Compared with the method of end-to-end
learning using deep convolutional neural networks (CNNs),
it is much inferior.

Recently, deep learning has been widely used in visual
tracking. Trackers use CNNs to extract target features, and
the tracking success rate and robustness are significantly

improved. SiamFC [11] extracts template features and search
features through AlexNet [12], uses the similarity measure
method to perform cross-correlation operation on the
extracted features to obtain the final response graph, and
then predicts the target location according to the score of the
response graph. Because the network model is simple and
uses the offline pretraining networkmodel, there is no online
update and no complex calculation. Compared with the
traditional online update method of correlation filter,
SiamFC is faster and can meet the real-time requirements.
Based on the Siamese network system, lots of trackers with
state-of-the-art performance were proposed, such as
SiamRPN [13], SiamMask [14], SiamRPN++ [15], and
DaSiamRPN [16]..ere are also some additional methods to
build tracker based on different angles, such as thermal
infrared [17], self-supervised [18], and focusing target re-
gression model [19].

Siamese architecture has been applied in various fields
of artificial intelligence, such as one-shot image
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recognition [20], human reidentification [21], sentence
similarity [22], and visual object tracking [23]. For visual
object tracking, Siamese-based trackers train offline
based on a large amount of data but do not update the
target template online. .erefore, in the face of severe
target deformation, scaling, occlusion, and other scenes,
the target will be lost, resulting in the performance and
robustness degradation of the tracker. In addition, the
features extracted by CNN do not distinguish the weight
in channel and space, and we know that different channel
features correspond to different target information. .e
response channels that represent the tracking target
should be given more weight, and not all of them should
be given the same weight. .e visual attention mechanism
[24–26] can pay attention to the channel and location of
interest and screen out the feature information that can
represent the tracking target better. Based on this, we
design a novel visual tracking method which can update
the target online by enhancing the hybrid visual
attention.

Inspired by the application of visual attention mecha-
nism in RASNet [27] and EFCTA [28], we propose an
enhanced visual attention Siamese network referred to as
ESA-Siam. Considering that the information of search
branch and template branch is mutually compensated, the
context information of the search branch is also important.
Combining the target information of the search branch can
help the tracker identify positive and negative samples
better. .erefore, we design a template search collaborative
attention module, called T-SCAttn, which can update the
template features online. It can improve the robustness and
the positive and negative sample discrimination of the
tracker and better deal with the problems of low image
resolution and target occlusion. .e main contributions of
our work are as follows:

(1) We introduce a new twin network visual tracking
algorithm based on the enhanced visual attention
mechanism (including channel attention, spatial
self-attention, and template search collaborative
attention). Channel attention distinguishes back-
ground and targets according to different target
response values, and spatial self-attention aggregates
nonlocal context information to help target location
better.

(2) We design a template search collaborative attention
module which can update the template features
online by recalculating the template images and
search images.

(3) We change the traditional pooling layer. Based on
this, we propose golden threshold stochastic pooling
to activate the target features with a higher proba-
bility and ignore other background features.

(4) Our approach in the benchmark datasets OTB50
[29], OTB100 [30], VOT2016 [31], VOT2018 [32],
and LaSOT [33] has excellent tracking performance,
the tracking of which can reach speeds of up to
60 fps.

2. Related Work

Since MOSSE [34], trackers based on correlation filtering
have been widely used due to the convenience and simplicity
of the hand-crafted features. Such methods can update
targets online and have high accuracy. However, due to its
simple feature, the robustness is poor when the target is
blocked and the appearance is deformed. .e depth features
based on CNNs canmore fully express the target features. As
a result, a number of tracking methods that combine related
filtering and depth features have emerged, such as C-COT
[35], CFNet [36], MDNet [37], DeepSRDCF [38], and ECO
[39], to achieve better tracking performance. CFNet com-
bines correlation filtering with SiamFC to win the VOT2017
real-time challenge and introduces a cyclic displacement
matrix in SiamFC to improve performance. MDNet pro-
poses a multidomain learning model based on CNN to
distinguish multiple different independent targets.

In recent years, the current branch of building trackers is
based on the Siamese network system. Since the SiamFC was
proposed, more tracking methods based on this Siamese
network have been proposed. Li et al. introduced candidate
regions for target detection and proposed SiamRPN to treat
the tracking task as a two-stage task: one is target classifi-
cation and the other is target regression. Wang et al.
combined target tracking with image segmentation; Siam-
Mask segmented the target through a mask and completed
the image segmentation while completing the target ex-
traction. Zhu et al. proposed DaSiamRPN to effectively
control the sampling strategy on the basis of SiamRPN,
balanced the distribution of positive and negative samples,
and improved the tracking performance. SA-Siam [40] uses
two Siamese networks: one is to extract the semantic branch
of high-level features of the target and the other is to extract
the appearance branch of low-level features of the target; the
network branches are trained separately and feature fusion is
performed to improve the robustness of the tracker. Re-
cently, Li et al. proposed SiamRPN++, using the deeper
network ResNet50 [41] as the backbone network, analyzed
the reason the Siamese network system cannot use the deep
network, and further improved the tracking performance.
However, since there is no online update, Siamese-based
trackers are easily interfered by target occlusion and com-
plex background.

Recently, with the widespread application of the visual
attention mechanism in the field of computer vision, Hu
et al. proposed SENet [42], which gives weights to different
channels by squeeze and excitation channels and statistically
the global information of the image at the characteristic
channel level, selecting features in a targeted manner. Shaw
et al. proposed novel self-attention, which pays more at-
tention to the correlation between internal feature elements
and obtains the global dependence of any two positions in
the feature map. Wang et al. proposed a generalized and
simple nonlocal block [43] that can be directly embedded in
the network, which can capture time and space information
for integration. Particularly, Wang et al. combined the visual
attention mechanism to propose RASNet, which separated
feature learning and discriminant analysis and used
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cross-correlation to update the target to enhance the ability
to distinguish between target and background. However,
only using the feature information of the target, the dis-
tinction between the target and the background is not
enough, and it is impossible to face complex scenes.

3. Proposed Method

.e overall framework of the enhanced visual attention
Siamese network is shown in Figure 1. Compared with other
Siamese-based trackers, ESA-Siam uses a template and
search area to coordinate the attention block to update the
target online implicitly to adapt to changes in the target’s
appearance. Second, our network uses a golden threshold
stochastic pooling layer to activate target features with
greater probability. Finally, we use the channel attention
mechanism and spatial self-attention to filter feature maps
and combine the correlation between global context in-
formation and local features to help locate targets and es-
timate target contours. .e following sections describe in
detail the various components of the proposed tracker.

3.1. Siamese-Based Trackers. .e key point of the SiamFC
tracking algorithm is the use of offline training and online
fine-tuning of the network, which can effectively improve
the speed of the algorithm. Its network structure is com-
posed of a template branch and a search branch, and the two
branches extract features through the same shared network
(AlexNet). We perform cross-correlation of the extracted
two branch features to calculate the feature similarity and
locate the target according to the similarity value. .e po-
sition with high similarity is the target position. When a full
convolutional network is used, the size of the search image
does not need to be consistent with the template image,
which can provide a larger search area for the network and
calculate the similarity of more subwindows. .e cross-
correlation function is shown in the following formula:

f(z, x) � φ(z)∗φ(x) + b1, (1)

where x is the input search image, z is the input template
image, φ(·) is the feature extraction network, ∗ represents
the convolution operation, b represents the offset of each
position in the score map, and f (z, x) represents the sim-
ilarity score map between the template feature and the search
feature. .e position with the highest score is the target
position.

3.2. Golden 0reshold Stochastic Pooling. Zeiler and Fergus
combined the advantages and disadvantages of maximum
pooling and average pooling to propose stochastic pooling
[44]. Zeiler believes that the maximum pooling is always to
select the largest activation from the pooling area every time,
completely excluding other activations except the maximum
value. Stochastic pooling applies multinomial distribution
and calculates the score probability of each response position
to randomly select activation. In this way, nonmaximum
activations could also be selected. We calculate the

probability of each position i by normalizing the area ac-
tivation, as shown in the following formula:

Pi �
ai

k∈Rj
ak

, (2)

where ai is the activation value of position i and Rj rep-
resents the area j in the feature map. Multinomial distri-
bution selects a location i within the region:

sj � ai, where l ∼ P p1, . . . , p
Rj




 , (3)

where sj represents the final activation of region j, which is
randomly selected by the probability calculated through each
position of region j. .e activation with the greater prob-
ability is more likely to be selected. Although this can ensure
that the information is not lost to a certain extent, because of
its randomness, it is possible to select a value with a small
activation probability and lose important information. In the
target tracking task, we should try to avoid this uncertainty.
.erefore, we improve on the basis of stochastic pooling,
sort the calculated probabilities, and filter out some acti-
vations with too small probability values by setting a
threshold T (e.g., T � 0.002).

sj � ai, where l ∼ P p1, . . . , p
Rj




 >T. (4)

.e selection of T is set according to the ratio of the
maximum activation part (e.g., T � 0.618Pmax). Meanwhile,
to make reasonable use of the advantages of the maximum
pooling layer to highlight important information, we pay
more attention to the top ranked by the activation value, so
that the random selection can fall in this range with a high
probability, and weaker activations are inhibited. An ex-
ample of golden threshold stochastic pooling is shown in
Figure 2. .e backpropagation process is similar to the
maximum pooling backpropagation, and only the value of
the position of the selected node that has been recorded by
the forward propagation is retained, as shown in the fol-
lowing formula:

zL

zxi

�

0, δ(i, j) � false,

zL

zyj

, δ(i, j) � false,

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(5)

where xi, yi are the input node and output node and δ(i, j) is
the decision function, which represents whether the input
node i is selected as the maximum output by the output
node j.

3.3. Channel Attention Module. According to the charac-
teristics of the target tracking task, we designed an enhanced
attention mechanism, as shown in Figure 3, which consists
of a spatial self-attention module, a channel attention
module, and a template search collaborative attention
module. .e spatial attention module is based on the cor-
relation dependency structure of the pixels at the same
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Figure 2: Example of golden threshold stochastic pooling. (a) Activation within a given pooling region. (b) Probability of activation. (c)
Sampled activation. If the threshold T> 0.09 is set, the probability of selecting a nonmaximum value will increase.
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location in the feature map to characterize features. Spatial
self-attention mechanism can capture the relationship be-
tween internal data and features to establish a correlation
between any two locations. .e feature of particular location
can be weighted and summed through all location feature
information. Channel attention can distinguish targets by
the response of different channels to different targets. A
channel with a high response value may represent the same
target, and a higher response weight will be given, while a
lower response weight will be given, so as to adjust the
characteristic response adaptively. .e template search
collaborative attention module captures nonlocal semantic
feature information globally and updates template features
through the hourglass network [45].

.e traditional channel attention mechanism uses a
multilayer perceptron (MLP) method to calculate the weight
of each channel. .is method increases a great number of
parameters due to the use of a large number of fully con-
nected layers, reduces the calculation speed, and affects the
real-time performance of the algorithm. We designed and
introduced the ECA module in ECA-Net [46] to avoid the
negative impact of dimensionality reduction using a fully
connected layer, and at the same time, proper cross-channel
interaction can significantly reduce the model parameters.
.is strategy adopts one-dimensional convolution to realize
and uses the feature of convolution operation weight
sharing. .e size of the convolution kernel k in one-di-
mensional convolution is obtained through adaptive cal-
culation. .e specific calculation formula is as follows:

k � ψ(C) �
log2(C)

c
+

b

c




. (6)

In general, the number of channels is always the power of
2. We set r= 2, b= 1. .rough the adaptive convolution
kernel size k to completethe cross-channel information
interaction, so that the layer with a largernumber of channels
can interact more between channels.

Compared with using multilayer perceptrons to connect
to each other, the parameter number is significantly reduced,
to ensure the real-time nature of the algorithm. As shown in
Figure 3, the channel attention module (C-Attn) squeezes
the input feature map F, and after global average pooling, a
feature vector f � (f1, f2, . . . , fc) is obtained as the input
of the one-dimensional convolutional layer, where fi ∈ R.
.en, we get the weight vector P � (p1, p2, . . . pc) from the
sigmoid function, where pi ∈ R. .e input feature F is
elementwise multiplied with the weight vector P. Finally, we
get the features FC

A ∈ R
C×h×w filtered by the channel

attention.

3.4. Spatial Self-Attention Module. .e self-attention space
module is a supplement to channel attention, as shown in
Figure 3. Channel attention and spatial self-attention work
in series. .e output of the channel attention is the input of
the spatial self-attention module. FC

A ∈ R
C×h×w is input to an

independent 1× 1 convolution and passes through three
conversion functions to obtain three feature vectors
Q, K ∈ RC′×HW, V ∈ RC×HW. We transpose vector Q and

then perform matrix multiplication with vector K. We can
generate a spatial self-attention feature map through the
columnwise softmax operation as follows:

βi,j � exp
Q

T
i · Kj 


WH
i�1 exp Q

T
i · Kj 

, (7)

where βi,j represents the weight between the i-th location
region and the j-th location region. .e result βi,j is ele-
mentwise multiplied with vector V. .en, we performed a
7× 7 convolution operation. A sigmoid activation is per-
formed for generating a feature vector with weights
Ω � (ω1,ω2, . . . ,ωc), where ωi ∈ RC×HW. After that, the
input feature is elementwise multiplied with Ω. Finally, we
get the final output feature FS

A ∈ R
C×h×w with high similarity

to the target by the following formula:

X
S
A � αΩF, (8)

where α is a hyperparameter. We initialize it to 0.0001 and
then gradually increase it to give more weight, which can
adapt to simple tasks at the beginning and face more
complex tasks later.

3.5. Template Search Collaborative Attention Module (T-
SCAttn). . We designed a template search collaborative at-
tention (T-SCAttn) module to implicitly update template
features. We combine the context information of the target in
the search image with the template feature and use the context
information to improve the accuracy of target positioning.
Search branch and template branch are complementary.
T-SCAttn is composed of two components, where one is used
to perform multiscale information interaction between tem-
plate features and search features extracted by the backbone
network. We use the stacked hourglass network (as shown in
Figure 4) to generatemultiscale template informationXT−S

t and
multiscale search information XT−S

s . .e hourglass network
does not change the size of the feature map. Another com-
ponent is used to perform attention filtering on features. In-
spired by CBAM, we only use global average pooling and one-
dimensional convolution to get the context information of the
featuremap.We first perform a 1× 1 convolution to reduce the
number of channels to one channel. .en, we apply the ReLU
activation function and one-dimensional convolution to filter
the context information feature map and apply the softmax
layer..e result of the T-SCAttn is elementwise added with the
output of channel attention module and input feature. We can
get it according to the following formula:

X
T−S

� Softmax AvgPool X
T−S
t  + AvgPool X

T−S
s  ,

(9)
where XT−S is the output of the T-SCAttn module.

3.6. Network Structure and Algorithm. .e proposed net-
work is based on the Siamese network and an enhanced
attention mechanism..e proposed network framework can
be described as
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m(T, S) � [η(μ(ψ(Z)) + Δ(Z, X))]∗ [η(μ(ψ(X)))] + b,

(10)

where Z is a template image, X is the search patch, ψ(·)

represents the backbone network, μ(·) denotes the channel
attention module, η(·) denotes the spatial self-attention
module, and Δ(·) represents the template search collaborative
attention module. .e output of ψ(·) is fed to the channel
attentionmodule as μ(ψ(Z)). .en, the output forwards input
to the spatial self-attention module as η(μ(ψ(Z))).

.e backbone network uses ResNet50, and the network
structure and the corresponding operations of each layer are
shown in Table 1. .e network is divided into five blocks,
and the number of residual blocks from the second block to
the fifth block is (3, 4, 6, 3). To avoid the resolution of the
feature map extracted by the network from being too small,
the last three blocks are not downsampled but replaced by
the dilated convolution, which increases the receptive field
while not making the feature map resolution too small. We
train on positive and negative samples to construct a loss
function. We get the optimal model parameters by mini-
mizing the loss function. A positive sample is expressed as a
point that does not exceed a certain pixel distance from the
center. If one sample point exceeds the distance range, it is
treated as a negative sample. .e single point loss function is
defined as shown in the following formula:

l(y, v) � log(1 + exp(−yv)), (11)

where y ∈ (+1, −1) indicates the ground-truth label of the
sample and v represents actual score of the template image
and search image. We use the average loss value of all lo-
cation points to represent the loss during training as shown
in the following formula:

L(y, v) �
1
D


u∈D

l(y[u], v[u]), (12)

where D represents the score map, u is the search position,
and v[u] represents the score for each position. We use
stochastic gradient descent (SGD) during training to find the
global minimum of the loss function as shown in the fol-
lowing formula:

argmin
θ

E(L[y, f(z, x, θ)]), (13)

where θ refers to the network parameters and E represents
the mathematical expectation.

We also describe the training algorithm and testing
algorithm of the proposed network framework, as shown in
Algorithms 1 and 2.

4. Experiments and Results

We evaluate the proposed tracker algorithm ESA-Siam on
five benchmark datasets, including OTB50, OTB100,
VOT2016, VOT2018, and LaSOT.We compared 18 state-of-
the-art tracking methods, including SiamDW [47], DSiam,
HCF [48], CSR-DCF [49], GradNet [50], Staple [51], fDSST
[52], UpdateNet [53], RASNet, SAMF, SiamRPN,
DeepSRDCF, SRDCF, CFNet, MDNet, C-COT, ECO, and
SiamFC.

4.1. Implementation Details. We use ResNet50 trained off-
line on GOT10K [54] as the backbone network. .e
GOT10K dataset contains more than 10,000 video clips of
real moving objects and more than 1.5 million manually
labeled bounding boxes, covering more than 560 categories.
According to SiamFC, we set the search image size during
training and testing to 127×127× 3 and the template image
size to 255× 255× 3. We use stochastic gradient descent
(SGD) optimizer with momentum set to 0.9 to minimize
equation (13). During training, the initial learning rate is set
to 0.01, the L2 penalty item (weight_decay) is set to 5e− 4,
and the learning rate is exponentially decayed until 10− 5..e
batch_size is 8, and the training epochs are 50. We set the
threshold T � 0.618Pmax in equation (4) and use three scale
ratios [0.9638, 1, 1.0375] to scale the search patch. We set the
initial value of the hyperparameter in equation (8) to 0.0001
and then increase it to 10− 1 ∼ 10− 2 exponentially. Our
method is implemented based on Python3.8, Cuda10.2, and
Pytorch1.6. .e experiment was performed on a machine
with a CPU model of Intel(R)Core(TM)i5-9400F CPU
@2.90GHz, a graphics card of NVIDIA GeForce RTX 2070s,
and a memory of 32GB DDR4 RAM. .e average tracking
speed of the proposed tracker was 60 frames per second
(FPS). .e loss change during training is shown in Figure 5.
.e Y-axis is the loss value, and the X-axis is the number of
training batches.
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4.2. Experiments on OTB50 and OTB100. .e proposed
method is evaluated on the OTB50 and OTB100 bench-
mark datasets. OTB50 has 50 video sequences, and
OTB100 has 100 video sequences. .e OTB dataset
evaluation tool evaluates the tracking algorithm through
two indicators: precision plot and success plot. .e
evaluation standard of tracking accuracy is the percentage
of the number of frames with the center position error
within T1 (the experiment is set to 20) pixels to the
number of frames in the entire video sequence. .e
tracking success rate refers to the percentage of the frame
number of the entire video sequence whose intersection

ratio IoU (Intersection over Union) is greater than the
threshold T2 (experimentally set to 0.5) between the target
frame predicted by the algorithm and the real target
frame, as shown in the following equation:

IoU �
Boxt ∩Boxg

Boxt ∪Boxg

, (14)

where Boxt represents the area of the area enclosed by the
target prediction bounding box and Boxg represents the area
enclosed by the target real bounding box.

As shown in Figure 6, the tracking accuracy and tracking
success rate of ESA-Siam on the OTB50 dataset are 0.85 and
63.30, respectively, which are 4% and 4.77% higher than the
state-of-the-art algorithm SiamRPN. Compared with the
reliable channel-based method, CSR-DCF has increased by
11% and 10.04%.

It can be seen from Figure 7 that the tracking accuracy
and tracking success rate of ESA-Siam on the OTB100
dataset are 0.863 and 65.04, respectively. Compared with the
basic algorithm SiamFC, the tracking success rate has in-
creased by 6.72%. It is 9% and 6.65% higher than that of the
CFNet algorithm that combines correlation filtering and
SiamFC, respectively, and 1.8% and 2.13% higher than that
of SiamRPN. Meanwhile, the tracking success rate of ESA-
Siam on the OTB100 dataset is 2.7% higher than that of
SiamDW which also introduced the ResNet50 network. In
addition, the performance of ESA-Siam is also better than
that of CSR-DCF, a reliable channel-based method, and

Table 1: Network structure and operations corresponding to each network block (block represents network block, Gold-SPool represents
golden stochastic pooling, dilation represents dilated convolution, ResNet in Figure 1 includes Block1, Block2, Block3, Block4, and Block5,
and “—” represents no operation).

Block Operation Template size Search size
— — 127×127× 3 255× 255× 3
Block1 7× 7, 64, 3× 3Gold-SPool, s� 2 31× 31× 64 62× 62× 64

Block2 1 × 1, 64
3 × 3, 64
1 × 1, 256

⎡⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎦ × 3

15×15× 256 31× 31× 256

Block3 + dilation 1 × 1, 128
3 × 3, 128
1 × 1, 512

⎡⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎦ × 4

15×15× 512 31× 31× 512

Attention — 15×15× 256 31× 31× 256

Block4 + dilation 1 × 1, 256
3 × 3, 256
1 × 1, 1024

⎡⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎦ × 6

15×15×1024 31× 31× 1024

Attention — 15×15× 512 31× 31× 512

Block5 + dilation 1 × 1, 512
3 × 3, 024
1 × 1, 2048

⎡⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎦ × 3

15×15× 2048 31× 31× 2048

Attention — 15×15×1024 31× 31× 1024
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Figure 5: .e loss changes during training.
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RASNet, a method that integrates attention. ESA-Siam in-
tegrates the hybrid attention mechanism while improving
the downsampling method of ResNet50 and uses the
T-SCAttn module to implicitly update the template features,
which can select features that are more discriminative to the
target, so it can improve the robustness of the algorithm.

To verify the robustness of the ESA-Siam algorithm, we
further carried out experiments on 11 tracking challenges on
the OTB100 dataset, including Background Clutter (BC),
Deformation (DEF), Fast Motion (FM), In-Plane Rotation
(IPR), Illumination Variation (IV), Low Resolution (LR),
Motion Blur (MB), Occlusion (OCC), Out-of-Plane Rota-
tion (OPR), Out-of-View (OV), and Scale Variation (SV). As
shown in Figure 8, we mainly evaluated the success of OPE
on OTB100. We have observed that the ESA-Siam algorithm
has won the championship in IV, IPR, LR, OCC, and so on.
In other challenges such as SV, BC, and so on, ESA-Siam also
has achieved great tracking performance.

Quantitative analysis of the algorithm was done as de-
scribed in the previous section, in order to further verify the
effectiveness of ESA-Siam. At the same time, a challenging
sequence was selected from the OTB dataset for qualitative
testing of the algorithm. Meanwhile, it was compared with
CFNet and the related filtering algorithm DeepSRDCF
combined with deep learning features, SiamFC and CSR-
DCF. In the comparative experiment, six video sequences of
Bird2, Human9, KiteSurf, Matrix, Singer2, and Dancer2

were selected. .ese six video sequences include IPR, OPR,
LR, OCC, IV, DEF, FM, BC, and other challenges. Figure 9
shows the tracking effect comparison of the five algorithms
including ESA-Siam. In these challenging sequences, the
ESA-Siam algorithm has achieved better tracking results.

4.3. Experiments on VOT2016, VOT2018, and LaSOT. We
also tested the methods on the VOT2016, VOT2018, and
LaSOT datasets according to the three indicators expected
average overlap (EAO), accuracy (A), and Robustness (R).
Among them, EAO can be used as an index for compre-
hensive performance evaluation of the algorithm. .e cal-
culation of EAO is related to the accuracy and robustness.
First, the average of per-frame overlapsΦN

s
in the length Ns

of the video sequence is defined as

ΦNs
�

1
Ns



Ns

i�1
Φi, (15)

where Φi is the accuracy rate between the predicted target
frame and the real target frame. EAO is defined as

Φ �
1

Nhi − Nlo



Nhi

Ns�Nlo

ΦNs
. (16)

Table 2 shows the comparison of the test results of each
method on VOT2016. We compared 9 algorithms including
ESA-Siam, HCF, SAMF, SiamFC, SRDCF, MDNet,
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Figure 6: Test results of different trackers on the OTB50 dataset: (a) precision plot of OPE on OTB50; (b) success plot of OPE on OTB50.
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DeepSRDCF, Staple, and C-COT. ESA-Siam has achieved
good results on the indicators of accuracy and robustness.

Table 3 shows the comparison of the tracking results of
each method on the VOT2018 test set. Our proposed method
achieves accuracy of 0.618, robustness of 0.223, and EAO of
0.411. On OVT2018, our method achieved the highest scores
on the three evaluation indicators. Compared with the state-of-
the-art SiamRPN, our method has a significant improvement
of 7.5% and 5.6% in EAO and accuracy, respectively.

Table 4 shows the comparison of the test results of each
algorithm on the LaSOT dataset. Our method achieved the
highest scores in both success rate and standardization accu-
racy. Compared withMDNet, the standardization accuracy has
increased from 0.461 to 0.515 (with 0.413⟶ 0.450).

In addition, we selected three complex challenge sce-
narios (including Deformation, Motion Blur, and Partial
Occlusion) on the LaSOT dataset to evaluate the proposed
method with 9 existing state-of-the-art algorithms as shown
in Figure 10. .e experimental results show that the pro-
posed method has achieved the champion results in tracking
precision and success rate. In terms of success rate, the
proposed method improved by nearly 6 percentage points
over the second place. .e proposed method can better deal
with the challenging scenes in real life, such as Full Oc-
clusion or Partial Occlusion, Target Deformation, and so on.

4.4. Ablation Study. We conducted extensive ablation
studies with ESA-Siam on OTB100 to verify the effec-
tiveness of its various components. Two indicators are
used to evaluate the work of each component: one is
tracking accuracy and the other is tracking success rate.
We name the methods of using different components. .e
component using spatial self-attention is named S-Attn,
the component using channel attention is named C-Attn,
and the component using template search feature is
named T-S-Attn. In addition, we compare the evaluation
results of each component with the benchmark algorithm
SiamFC and CSR-DCF, as shown in Figure 11. Experi-
mental results verify the effectiveness of various com-
ponents of ESA-Siam. Compared with SiamFC, the
performance of the channel attention module C-Attn has
increased by 7.6% on precision (with 58.32⟶ 63.95 on
success). DeletedOn the other hand, the introduction of
the template-searchcollaboration attention module T-S-
Attn is 5.83% higher in success rate and5.9% higher in
accuracy than CSR-DCF, which is also based on channel
weighting.

In addition, we also conducted experiments on the gold
stochastic pooling method and other components in
OVT2016. Table 5 shows the performance changes of the
tracker with the integration of different components. As
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Figure 7: Test results of different trackers on the OTB100 dataset: (a) precision plot of OPE onOTB100; (b) success plot of OPE on OTB100.
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Figure 8: Continued.
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Figure 9: Continued.
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Figure 8: Comparison of the tracking success rate of 11 challenge sequences on the OTB100 dataset by 10 different algorithms.
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shown in Table 5, simply adding single channel attention and
spatial attention to the benchmark SiamFC cannot effec-
tively improve its tracking performance. Integrating channel
attention and spatial attention can increase by 7.8% with
EAO. If combined with the template search attention
module, EAO can increase by 11.8%. In addition, gold

stochastic pooling components can also be effectively ap-
plied to the twin network to improve the tracking perfor-
mance. As shown in Table 6, we conducted a series of
experiments to discuss the impact of different gold stochastic
pooling thresholds on the tracking performance. When
T� 0, it means that gold stochastic pooling degenerates to

ESA-Siam
CFNet
SiamFC

DeepSRDCF
CSR-DCF

(c)

ESA-Siam
CFNet
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(d)

ESA-Siam
CFNet
SiamFC

DeepSRDCF
CSR-DCF

(e)

ESA-Siam
CFNet
SiamFC

DeepSRDCF
CSR-DCF

(f )

Figure 9: Qualitative comparison of tracking results of various algorithms on challenges, such as (a) Bird2, (b) Human9, (c) KiteSurf, (d)
Matrix, (e) Singer2, and (f) Dancer2.
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normal stochastic pooling. When the value of t is greater, the
probability of selecting the largest activation is higher. We
observe that ESA-Siam can achieve the best performance

when T � 0.618Pmax. Due to the mathematical peculiarity of
0.618 in stochastic pooling, we named it the golden sto-
chastic pooling.

Input: random initialization the network parameters θ, golden threshold stochastic pooling T, spatial self-attention parameters of α.
Template Z and search patch X from GOT10K.
Preprocessing: crop and resize Z and X and set optimizer, loss function, and learning rate adjustment strategy.
While epoch > 0 and input video dataset is not empty do
Get template Z and corresponding bounding box;
Get search patch X and corresponding bounding box;
Compute ψ(Z), ψ(X) by the backbone network;
Compute μ(ψ(Z)), μ(ψ(X)) by the channel attention module;
Compute η(μ(ψ(Z))), η(μ(ψ(X))) by the spatial self-attention module;
Create sample positive and negative labels;
Compute Δ(Z, X) and update template;
Computer response map of Z nad X;
Computer loss and update parameters;
Optimize loss to minimize.

end

ALGORITHM 1: Offline training of the proposed framework.

Table 2: Results on VOT2016 on expected average overlap (EAO), accuracy (A), and robustness (R).

Trackers Accuracy ↑ Robustness ↓ EAO ↑
HCF 0.450 0.396 0.220
SAMF 0.503 0.443 0.226
SiamFC 0.532 0.461 0.235
SRDCF 0.535 0.419 0.247
MDNet 0.541 0.337 0.257
DeepSRDCF 0.528 0.326 0.276
Staple 0.544 0.378 0.295
C-COT 0.539 0.238 0.331
ESA-Siam 0.622 0.231 0.353
.e values in bold highlights the algorithm with the first performance ranking, which can be seen intuitively.

Input: test video; initial frame and bounding box of initial frame;
Compute ψ(Z) by the backbone network;
Compute μ(ψ(Z)) by the channel attention module;
Compute η(μ(ψ(Z))) by the spatial self-attention module;
Preprocessing: crop and resize X and set three different scale patches X1, X2, X3.
While test video is not empty do

Get search patch X and corresponding bounding box;
Compute ψ(X) by the backbone network;
Compute μ(ψ(X)) by the channel attention module;
Compute η(μ(ψ(X))) by the spatial self-attention module;
Upsampling feature map X to 272× 272;
Locate target center in feature map X by finding peak;
Computer the offset of the upsampled map relative to the feature map;
Computer the offset of the feature map relative to original image;
Update target size and corresponding bounding box;

end

ALGORITHM 2: Inference of the proposed framework.
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N Precision plots of OPE - Partial Occlusion (187)

Success plots of OPE - Partial Occlusion (187)
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Figure 10: Continued.
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N Precision plots of OPE - Motion Blur (89)
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Figure 10: .e evaluation results of the proposed method on complex challenge scenarios on the LaSOTdataset. (a) Partial occlusion. (b)
Deformation. (c) Motion Blur.
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Figure 11: Precision and success plots of OPE on OTB100: (a) precision plots of OPE on OTB100; (b) success plots of OPE on OTB100. .e
performance of each component of ESA-Siam (C-Attn, S-Attn, andT-S-Attn) is better than that of the benchmark algorithms SiamFC andCSR-DCF.

Table 3: Results on VOT2018 on expected average overlap (EAO), accuracy (A), and robustness (R).

Trackers Accuracy ↑ Robustness ↓ EAO ↑ Speed
Staple 0.530 0.688 0.169 13.4
SiamFC 0.503 0.585 0.188 84
DSiam 0.512 0.646 0.196 46.6
UpdateNet 0.518 0.454 0.244 10.5
CSR-DCF 0.491 0.356 0.256 12.7
C-COT 0.494 0.318 0.267 14.1
ECO 0.484 0.280 0.280 77.6
DeepSRDCF 0.489 0.293 0.293 20.5
SiamRPN 0.562 0.276 0.336 76.8
ESA-Siam 0.618 0.223 0.411 60
.e values in bold highlights the algorithm with the first performance ranking, which can be seen intuitively.

Table 4: Results on LaSOT with success and normalized precision (Norm.Pr).

Trackers Success Norm.Pr
SiamFC 0.382 0.420
DSiam 0.362 0.405
CFNet 0.258 0.312
CSR-DCF 0.224 0.254
SiamDW 0.397 0.435
ECO 0.329 0.338
SRDCF 0.245 0.248
fDSST 0.196 0.208
MDNet 0.435 0.461
ESA-Siam 0.501 0.495
.e values in bold highlights the algorithm with the first performance ranking, which can be seen intuitively.
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5. Conclusion

Wepropose an enhanced visual attention Siamese network that
can update template features online for visual tracking. We
introduce a template search collaboration attention module
that can implicitly update target features online and combine
the channel attention and spatial self-attention modules in the
computationally efficient ECA module.Based on the Siamese
network, combining with the visual attention mechanism can
ensure that the algorithm is simple and efficient. ESA-Siam can
keep the tracking speed in real-time and make the algorithm
more robust. .e algorithm we proposed can be applied to
scenes disturbed by background, such as video surveillance,
vehicle tracking, and UAV tracking.
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