Knowledge-Based Systems 203 (2020) 106079

Contents lists available at ScienceDirect

Knowledge-Based Systems
journal homepage: www.elsevier.com/locate/knosys

SiamAtt: Siamese attention network for visual tracking
∗

Kai Yang a , Zhenyu He a,b , , Zikun Zhou a , Nana Fan a
a
b

School of Computer Science and Technology, Harbin Institute of Technology, Shenzhen 518055, China
Peng Cheng Laboratory, Shenzhen 518055, China

article

info

Article history:
Received 17 November 2019
Received in revised form 21 February 2020
Accepted 23 May 2020
Available online 27 May 2020
Keywords:
Visual tracking
Siamese network
Attention network

a b s t r a c t
Visual attention has recently achieved great success and wide application in deep neural networks.
Existing methods based on Siamese network have achieved a good accuracy–efficiency trade-off in
visual tracking. However, the training time of Siamese trackers becomes longer for the deeper network
and larger training data. Further, Siamese trackers cannot predict the target location well in fast
motion, full occlusion, camera motion, and similar object scenarios. Due to these difficulties, we
develop an end-to-end Siamese attention network for visual tracking. Our approach is to introduce
an attention branch in the region proposal network that contains a classification branch and a
regression branch. We perform foreground–background classification by combining the scores of the
classification branch and the attention branch. The regression branch predicts the bounding boxes of
the candidate regions based on the classification results. Furthermore, the proposed tracker achieves
the experimental results comparable to the state-of-the-art tracker on six tracking benchmarks. In
particular, the proposed method achieves an AUC score of 0.503 on LaSOT, while running at 40 frames
per second (FPS).
© 2020 Elsevier B.V. All rights reserved.

1. Introduction
Visual object tracking is one of the most important research
directions in computer vision. It can be used in automatic driving [1], video surveillance [2], augmented reality [3] and other
application scenarios. Although a series of progress has been
made in the real scene, visual tracking still faces many challenges,
such as scale change, illumination change, occlusion, deformation, fast motion and other variations [4]. Correlation filter (CF)
is one of the most successful tracking frameworks [4–6]. The
algorithms based on correlation filters have demonstrated its superior computational efficiency and accuracy. MOSSE tracker [7]
converts complex convolution into element-wise multiplications
by Fourier transform, which achieves a tracking speed of 700
frames per second. However, the performances of CF trackers are
severely limited when facing complex tracking scenarios. Therefore, some deep learning models [8–11] with strong feature learning ability are used to improve tracking accuracy. Although some
methods based on deep learning models have made progress,
sometimes deep features cannot adapt to specific objects well.
Moreover, the feature extractor based online learning, its updating process and inference process will increase the computational
complexity [12].
∗ Corresponding author at: School of Computer Science and Technology,
Harbin Institute of Technology, Shenzhen 518055, China.
E-mail address: zhenyuhe@hit.edu.cn (Z. He).
https://doi.org/10.1016/j.knosys.2020.106079
0950-7051/© 2020 Elsevier B.V. All rights reserved.

Recently, trackers based on Siamese network [12–18] have
received wide attention in visual object tracking. These Siamese
trackers predict the object location by comparing the similarity
between the search region and the template region. To ensure
the efficiency of Siamese methods, the Siamese network is trained
offline on large-scale image pairs, and the entire network remains
fixed during the inference process [19–21]. SiamRPN++ [18] is
an important method recently proposed for visual tracking. Compared with other methods [8,12,13,16,17], it maintains a greater
advantage in balancing accuracy and speed. However, when the
objects are not included in the offline training set, the similarity
function of learning is not necessarily reliable [22]. Meanwhile,
the region proposal network (RPN) cannot predict the target
location well, and whether the location result is correct or not
has a great impact on the final regression results. Moreover,
compared to SiamRPN [12], SiamRPN++ improves performance
by using deeper networks and larger training data. Such a deep
network will increase the computational complexity of the algorithm, requiring a large number of tuning backbone to get an ideal
result.
Motivated by these analyses, we introduce a Siamese attention
network for visual tracking, which can achieve less training time
through less training image pairs and without tuning backbone.
Furthermore, our method can more accurately determine the
target location in some scenes (see Fig. 1). In this design, we
take inspiration from the attentive methods [12,23–25] that have
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Fig. 1. Visualization of confidence maps used by SiamRPN++ (middle) and our
method (right). The red box indicates the tracking target of each image (left).
The feature map using the SiamRPN++ method cannot respond well to the
target location. In contrast, the target confidence maps obtained by our method
have superior discriminative power to better predict the target location. (For
interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

achieved some performance gains in visual tracking. The proposed method, referred as SiamAtt, mainly includes the following
three contributions:

• We introduce an attention network in the classification
branch of RPN, and then discriminate the positive and negative samples by weighting-fusion of the score of classification branch and attention branch. This deep attention
network is trained offline in an end-to-end manner on
large-scale image pairs.
• We propose an offset network to effectively reduce the
location offset caused by the mapping of the target center
from the original image to the feature map.
• We formulate a multi-layer feature fusion strategy to help
attention modules and offset modules benefit from both
low-level features and high-level features.
Based on the above contributions, we tested our method on
six tracking benchmarks: OTB-2015 [26], VOT2018 [27], VOT2016
[28], UAV123 [29], LaSOT [30], and TrackingNet [31]. It shows that
our SiamAtt tracker not only improves the training efficiency but
also achieves the experimental results comparable to other stateof-the-art methods (Even better on some datasets, such as LaSOT
dataset). Moreover, we provide extensive ablation experiments,
which verifies the impact of each component proposed.
2. Related work
In recent years, visual tracking has undergone rapid development. In this section, we mainly discuss trackers based on
Siamese approaches and related content of visual attention.
Siamese approaches: GOTURN [20] adopts Siamese network
to extract the features of the input image and then uses full
connected layers to get the object location. Siamese-FC [19] introduces correlation layer in the siamese network to improve

tracking accuracy. Siamese-FC is more robust to fast-moving targets than GOTURN by introducing the strategy of densely supervised heatmap. To further improve the accuracy of object
tracking, Siamese-RPN [13] develops RPN for visual tracking. Unlike SiameseFC, Siamese-RPN does not achieve visual tracking by
calculating similarity between the search area and the template
area. Siamese-RPN has two branches, one for classification branch
and the other for regression branch. The classification branch is
used to identify the target candidate region, and the regression
branch is used to determine the coordinate of the candidate
region. Da-SiamRPN [16] solves the imbalance between nonsemantic negative examples and semantic distractors of training
data through data augmentation strategy. SiamRPN++ [18] further
improves the performance of object tracking through deeper
networks, such as ResNet-50. Unlike SiamRPN++, SATIN [32] develops a Siamese lightweight hourglass network as a feature
extractor. SATIN tracks the target bounding box as some keypoints, that is, the top-left corner, the centroid point, and the
bottom-right corner.
Attention approaches: Attention mechanisms start from human visual system [33]. They have been widely used in other
fields such as pose estimation [34], pedestrian detection [35],
and image classification [36,37]. Sun et al. [35] utilize a modified
version of the residual attention network to obtain important
candidate locations that may contain targets. RPN then slides on
the feature maps of these candidate locations to generate candidate regions. For visual tracking, ACFN [38] employs a tracking
framework with an attention mechanism to choose the associated
correlation filters, which is used to improve tracking robustness
and computational efficiency. CSR-DCF [23] develops a correlation filter with the constrained by the channel and the spatial
reliability. RASNet [12] introduces different kinds of attention
mechanisms to improve the robustness of the model by using
the Siamese network as the basic framework. DAT [25] employs
a robust attentive classifier by reciprocating learning in trackingby-detection framework. SiamAtt+ [39] tracker utilizes residual
and channel attention modules to learn the similarity metric under the different levels of representation. HASiam [40] proposes
a novel hierarchal attention Siamese network for visual tracking. RAR [41] introduces a hierarchical attentional module and
contextual attentional discriminative correlation filter method
for visual tracking. Unlike these traditional methods, we aim to
design attention network and offset network to focus more on
the center of the target. The target center determined by attention
map can enhance the confidence score of the classification branch
of RPN, and thus obtain a more accurate target region. Then the
regression branch predicts the region coordinates by the selected
candidate region.
3. SiamAtt
In this work, we employ a Siamese attention network for
visual tracking, which is trained in an end-to-end manner. The
entire network framework, including classification branch, attention branch, and regression branch, is trained offline on the
large-scale image pairs. The classification branch and attention
branch are used to determine the target location, and the regression branch is used to predict the target coordinates. We first
analyze the basic network framework and present how to introduce the attention network into RPN. Then, we present a detailed
training process that includes how to design the loss function so
that the classification branch can discriminate the foreground–
background region well. Finally, we describe the testing process
of SiamAtt in detail, which includes how to integrate the scores
of classification branch and attention branch.
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Fig. 2. Main framework of Siamese attention network. Siamese attention network consists of classification branch, attention branch and regression branch (not shown
for clarity), which correspond to the middle of the figure. Corr denotes a depth-wise correlation operation. ResNet50_n(n=1,2,3) denotes the output of conv3, or
conv4, or conv5 of ResNet50, which is the same as SiamRPN++.

3.1. Siamese attention framework
In the Siamese attention network, it consists of a common
backbone network and region proposal subnetwork. In our framework, we employ ResNet-50 as the backbone network for feature
extraction, and the region proposal subnetwork is used to predict
candidate regions. Fig. 2 shows the main network framework
of the SiamAtt tracker. Following SiamRPN++ [18], our method
extracts multi-level features of the input image by the outputs
of conv3, conv4, and conv5 of ResNet50, respectively. Then the
multi-level features are collaboratively fed into the region proposal subnetwork. Unlike traditional SiamRPN [13,18], in this
work, the attention branch is introduced into the classification
branch, and the final classification score is obtained by weightedfusion of both. Finally, the weighted fusion score is used as the
final classification score to discriminate that the candidate region
is foreground or background. By such careful design, SiamAtt
tracker can predict the target location more accurately. Besides,
the regression branch is the same as SiamRPN [13,18], which is
not presented in Fig. 2.
3.2. Attention network

will be a discretization error when mapping an original image
into low-dimensional attention maps. In this work, the size of
255 × 255 × 3 original images are converted into the size of
25 × 25 × 3 attention maps obtained after feature extraction.
During training, the label for original object location is reduced
10 times to get the target location on the attention map but
). To address the
it should be reduced 10.2 times (namely, 255
25
discretization error caused by network stride, we introduce the
offset modules which are also followed by the correlation outputs
of conv3, conv4, and conv5 of ResNet50, respectively. We utilize
the offset modules to slightly adjust the location offset.
3.3. Training Details: End-to-end train SiamAtt
We use the attention modules to get the center of the target,
and then predict the final target location by the weighted sum of
the attention score and the classification score. During training,
for each attention map, the center of the target is a positive
sample and all other locations are negative samples. Let pi ,j
denote the prediction score of the network at location (i,j), and
let yi ,j denote the ‘‘ground truth" heatmap of the target center.
We use a simple focal loss [43,44]:

{∑ ∑
H
W
Recently, CornerNet-Lite [42] has drawn much attention in
object detection by introducing attention networks into CornerNet [43]. Inspired by this method, we introduce the attention
modules in SiamRPN++ and find that our method can better infer
the target location. In this section, we will describe in detail how
to design the attention modules. Fig. 3 shows the architecture
using the attention network. From Fig. 3, we design that both
attention modules and offset modules contain two conv layers.
In RPN, there are k (we set k to 5 in all experiments) different
aspect ratio anchors for the same target, but the center locations
of these different anchors are the same. To this end, the scores
obtained by the attention modules are copied k times to obtain
the attention scores of the various anchors. Therefore, the output
of the second conv layer of the attention modules need to be
copied 5 times in Fig. 3, and then the scores are concatenated
to get a 3125 × 1 attention score. It is worth noting that there

Latt =

− pi,j )α log(1 − pi,j ) if yi,j = 1
(1 − yi,j ) (pi,j )α log(1 − pi,j )
otherwise
i=1

j=1 (1

β

(1)

where α and β are the weighting factors, controlling the imbalance between positive and negative samples (we set α = 2, β = 4
in all experiments). Again, W and H are the weight and height of
the feature map respctively.
As previously described, in the attention network, there is
a location offset when the target center of the original image
is mapped to the attention map. Therefore, we introduce offset
modules in the attention modules to calculate the location offsets.
Hence,⌋the original image location (p,q) is mapped to the location
⌊
p
, q on the attention map, where m denotes the network
m m
stride. To address this issue, we use the following formula to
calculate location offsets.
( p ⌊ p ⌋ q ⌊ q ⌋)
o=
−
, −
,
(2)
m
m
m
m
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Fig. 3. Main framework of attention modules and offset modules. The correlation features correspond to the output of the correlation operations in Fig. 2.

where o is the center offset, p and q are the center coordinates
of the target in the original image. We employ the smooth L1
Loss [45] at target center locations:
Loff =

K
∑

SmoothL1Loss(o, ô),

(3)

k=1

where o and ô are the ‘‘ground truth" offsets and the outputs of
offset network, respectively. Therefore, the whole method minimizes multi-task loss L, which is expressed as:
L = Lcls + λ1 Lreg + λ2 Latt + λ3 Loff ,

(4)

where Lcls and Lreg denote the classification and regression loss
terms of RPN respectively, which are the same as SiamRPN++ [18]
and are not presented here. Further, λn (n = 1, 2, 3) is hyperparameters (we set λn = 1 in all experiments).
3.4. Testing details: Tracking as one-shot detection
The entire test process is formulated as a local one-shot detection task (see Fig. 4). The template branch only calculates
the features of the three branches (classification branch, attention branch, and regression branch) on the initial frame. Subsequently, the template branch remains fixed during the whole
testing period. Then detection branch based on these initial features performs online inference as one-shot detection. Next, we
will describe how to introduce the attention branch into the
one-shot detection task.
Here, we can obtain the attention maps with a size of 25 × 25
× 1 through attention modules (see Fig. 3). A sigmoid function is
used to get the probability of each point on the attention maps.
Non-maximal-suppression with a 3 × 3 max pooling layer is
performed on the attention maps. Then the attention score with
the size of 25 × 25 × 1 is copied 5 times to get the attention score
of different anchors. Finally, we only pick the locations where the
scores of attention maps are above a threshold t (we set t to 0.1
in all experiments). For simplicity, let ϕ (xn ) denote the attention
score of the picked location. Further, ϕ (zn ) denotes the score of
the classification branch corresponding to the picked location,
where n = 1, 2, 3 denote the output of conv3, or conv4, or conv5
of ResNet50, respectively. Then the final weighted sum ϕcla of
classification branch and attention branch can be expressed as:

ϕcla =

3
∑
n=1

ϕ (zn ) + wn ϕ (xn ),

(5)

where wn is a hyper-parameter, the value wn ∈ [0, 1] (we
set w1 = w2 = w3 = 1 in all the experiments). After the
target location scores are obtained by formula (5), the regression branch predicts the top K proposals based on the location
scores. Then, using a method like SiamRPN, a cosine window
is used to suppress large displacement and a penalty function
is selected to suppress large changes in ratio and size. Nonmaximum-suppression method is then used to process these
proposals, resulting in the final tracking bounding box. After the
tracking bounding box is obtained, a linear interpolation method
is used to update the target size to keep the target shape changing
smoothly.
4. Experimental results
Our method is implemented by PyTorch. To further study
visual tracking, we will release all the source code at https:
//github.com/yangkai12/SiamAtt. On a single NVIDIA RTX 2080
GPU, SiamAtt runs at 40 FPS by employing ResNet-50 as the
backbone network. We use the same training data as SiamRPN++,
which is a single scale image with 127 pixels for template image
and 255 pixels for searching images. We evaluate our method on
OTB2015 [26], VOT2016 [28], VOT2018 [27], LaSOT [30], UAV123
[29], and TrackingNet [31] datasets. These test data contain almost all the challenging factors, such as fast motion, occlusion, and deformation. Note that all experimental results of our
method are obtained without tuning the backbone.
4.1. Comparison with the state-of-the-art
OTB-2015 Dataset. OTB-2015 [26] contains 100 sequences
that have been widely used to test the performances of various
algorithms. In this dataset, we use precision and success plot to
evaluate the performance of SiamAtt. The precision plots show
the percentage of frames in which the Euclidean distance between the center of the tracking target and the ground truth is
larger than the given threshold. The success plots show the ratio
of successful frames when the overlap threshold of prediction
results and ground truth varies from 0 to 1, where a successful
frame means that the tracking result is larger than the given
overlap threshold. The ranking of each algorithm is obtained by
the area under the curve (AUC) of the success plots.
In this experiment, we compare our algorithm with recent 10
trackers. They are TADT [46], GCT [47], CIResNet-22-RPN [14],
CIResNet-22-FC [14], RT-MDNet [48], SiamRPN [13], DaSiamRPN
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Fig. 4. Tracking as one-shot detection task: the template branch produces the features of attention, classification, and regression in the first frame, respectively. Then
these features of the template branch remain fixed, and each test result is predicted by the detection branch. Therefore, the whole tracking network is modified to
a local detection task. ResNet50_n(n=1,2,3) denotes the output of conv3, or conv4, or conv5 of ResNet50, which is the same as SiamRPN++. The attention modules
are the same as the attention modules branch in Fig. 3.

Fig. 5. Experimental results of different methods on OTB2015 dataset.

[16], ECO-HC [8], MDNet [9], and ACT [49], respectively. Fig. 5
shows the success plot and precision plot results of these trackers. We can see from Fig. 5 that our method improves 1.1% in
overlap and 0.2% in precision compared with MDNet method.
CIResNet22-RPN is 1.2% higher in precision than our method,
but 2.4% lower in overlap than our method. Fig. 6 demonstrates
that our method can handle all kinds of challenging attributes.
In particular, our method is 3.2% higher than MDNet in scale
variation. It shows that our SiamAtt tracker has the potential to
solve the problem of scale variation.
LaSOT Dataset. To further validate the effectiveness of the
SiamAtt tracker, we test our method on LaSOT [30] dataset. LaSOT
is a recently proposed large-scale object tracking dataset, which
contains 1400 videos with an average length of 2512 frames per

video. We evaluate SiamAtt tracker on its test split containing 280
videos. Fig. 7 shows the results of SiamRPN++ [18], MDNet [9],
VITAL [50], SiamFC [19], StructSiam [17], DSiam [51], GCT [47],
ASRCF [4], SINT [52], and SiamAtt tracker. Note that the success
plot uses the same metrics as OTB2015, while the normalized
precision plot indicates that the tracking algorithm uses AUC
between 0 to 0.5 as a metric. From Fig. 7, our method achieves
leading performance with an AUC score of 50.3%. This is because
the proposed algorithm can better predict the target location,
which improves the calculation accuracy of the regression branch
in RPN. Fig. 8 shows the visualization results of the different
methods on the LaSOT dataset. It qualitatively demonstrates the
superiority of our approach compared to state-of-the-art methods. Fig. 9 shows a few failure cases of the SiamAtt tracker.
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Fig. 6. The success plots on OTB2015 dataset for nine challenge situations: illumination variation, out-of-plane rotation, scale variation, occlusion, deformation, motion
blur, fast motion, in-plain rotation, and out of view.

It is mainly due to Siamese trackers only focus on the target
appearance information when inferring the model and ignore the
background information, which is prone to drift when the target
itself changes sharply or is occluded.
VOT2016 Dataset. VOT2016 [28] contains 60 videos in total
covering a variety of challenging attributes, such as illumination change, occlusion, size change, motion change, and camera
motion. The VOT benchmark uses robustness and accuracy to
evaluate a tracker, which is different from the LaSOT benchmark. Accuracy is obtained by calculating the average overlap
rate between the experimental results and the ground truths.
Robustness is defined by failure times of a tracker. A failure is
defined as when the overlap ratio between the predicted results
and the ground truths is zero. Based on the above two metrics,
EAO is used to rank each tracker. We compare our method with
state-of-the-art trackers including TADT [46], SiamRPN++ [18],
ECO [8], SiamRPN [13], Da-SiamRPN [16], CCOT [53], DAT [25],
MDNet [9], DSLT [54], TCNN [55], Staple [56], EBT [57], DNT [58],
DeepSRDCF [59], SATIN [32], and RAR [41]. Fig. 10 shows the
comparison results between our SiamAtt and other state-of-theart trackers. From this figure, we can see that SiamAtt is 0.8%
lower than SiamRPN++ in terms of EAO scores and outperforms
other state-of-the-art trackers.
VOT2018 Dataset. The VOT2018 [27] also contains 60 videos,
which use the same metrics as VOT2016. We compare our method

with recent trackers including SiamRPN++ [18], UPDT [60],
SiamRPN [13], CPT [27], DaSiamRPN [16], LADCF [27], MFT [27],
RCO [27] and DRT [61]. Table 1 shows the experimental results
of these methods. For comparison, we present the experimental
results of SiamRPN++ with tuning backbone and without tuning
backbone. From Table 1, we observe that our method implements
top-ranked performance in terms of EAO score. In contrast to
SiamRPN++, our method achieves a relative gain of 2.2% in EAO
score when neither of them implements tuning backbone. Further, our method is slightly higher than SiamRPN++ in terms of
EAO score when SiamRPN++ employs a tuning backbone strategy.
Moreover, our method has a 1.9% lower Rr score than SiamRPN++,
which shows that the robustness of the Siamese network can
be improved by introducing the attention network. It is because
by introducing the attention network into RPN, the tracker can
determine the target location more accurately. Compared with
LADCF, the best tracker of the VOT 2018 Challenge, our method
yields a gain of 2.8% in the EAO score. Furthermore, our method
achieves a better result (+3.2% EAO score) than the challenge
winner (MFT).
UAV123 Dataset. UAV123 [29] is a special scene dataset,
which is collected from a low-altitude UAV. Further, it has the
characteristics of less background interference and more changes
of view angle, including 123 videos. The UAV123 dataset uses
the same evaluation metric as OTB-2015 for various trackers. In
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Fig. 7. Experimental results of different methods on LaSOT dataset.

Fig. 8. Visualization results of different methods on LaSOT (airplane-9, basketball-11, bicycle-9,bird-3, boat-4, and bus-2).

Table 1
A comparison between SiamAtt tracker and state-of-the-art trackers on VOT2018 dataset.
EAO
Ar
Rr

DaSiamRPN

CPT

DRT

RCO

UPDT

SiamRPN

MFT

LADCF

SiamRPN++

SiamAtt

0.326
0.569
0.337

0.339
0.506
0.239

0.356
0.519
0.201

0.376
0.507
0.155

0.378
0.536
0.184

0.383
0.586
0.276

0.385
0.505
0.140

0.389
0.503
0.159

0.414(0.395)
0.600
0.234

0.417
0.594
0.215

Note: The result of brackets in SiamRPN++ indicates that it is not obtained through tuning backbone. The EAO, Ar, and Rr represent
expected average overlap, accuracy rank, and robustness rank, respectively.

this dataset, we compare our method with SiamRPN++ [18], DaSi-

observe that SiamAtt achieves the best results in both success

amRPN [16], SiamRPN [13], RT-MDNet [48], GCT [47], ASLA [62],

score and precision score. Therefore, our approach does not have

SAMF [63], MEEM [64], and DSST [65]. From Fig. 11, we can

a complex tuning backbone, which achieves leading performance
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Fig. 9. Failure cases of SiamAtt tracker on LaSOT dataset (cup-17, giraffe-15, and tank-14). Red and green bounding boxes represent our tracking results and ground
truths, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 10. A comparison between SiamAtt tracker and state-of-the-art trackers in terms of expected average overlap(EAO) on VOT2016 dataset.

Fig. 11. Evaluation results of different methods on UAV123.

compared to SiamRPN++. Furthermore, our approach performs
favorably against the other trackers in the AUC scores of success
plots.
TrackingNet Dataset. TrackingNet [31] is a recently proposed
large-scale object tracking dataset in the wild. In this experiment, we compare our method with the recent trackers including
CSRDCF [23], ECO [8], SiamFC [19], CFNet [66], MDNet [9], DaSiamRPN [16], SiamRPN++ [18], UPDT [60], CSRDCF [23] and ATOM
[67] on its test set with 511 videos. In this dataset, we use area
under curve(AUC), precision(P), normalized precision(Pnorm ), and

mean speed (FPS) as metrics for different algorithms. To be fair,
the tracking speeds of SiamRPN++ and SiamAtt are obtained on
the same single GPU. The experimental results of each algorithm
are given in Table 2, which shows that our method is slightly
lower than SiamRPN++ on AUC scores, but no more than 1%.
Furthermore, our method outperforms the third-best method
(ATOM) at a relative gain of 2.1% on the AUC score. Our SiamAtt
tracker is slightly slower than SiamRPN++ because our SiamAtt
tracker introduces attention modules and offset modules, but it
still runs in real-time. DaSiamRPN maintains high tracking speed
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Table 2
A comparison between the SiamAtt and state-of-the-art trackers on TrackingNet dataset.
AUC(%)
P(%)
Pnorm (%)
FPS

CSRDCF

ECO

SiamFC

CFNet

MDNet

UPDT

DaSiam-RPN

ATOM

SiamRPN++

SiamAtt

53.4
48.0
62.2
13.0

55.4
49.2
61.8
8.0

57.1
53.3
66.3
86.0

57.8
53.3
65.4
75.0

60.6
56.5
70.5
1.0

61.1
55.7
70.2
–

63.8
59.1
73.3
160.0

70.3
64.8
77.1
30.0

73.3
69.4
80.0
42.0

72.4
68.4
79.4
40.0

Table 3
Ablative study of SiamAtt tracker on VOT2018, OTB2015, and LaSOT dataset. Our
results are obtained from the absence of fine tuning backbone.
OTB2015(AUC)
VOT2018(EAO)
LaSOT(AUC)

SiamRPN++

+attention

+offset

0.673
0.395
0.496

0.684
0.410
0.501

0.689
0.417
0.503

Table 4
Comparison results of training process between SiamRPN++ and our method.
SiamRPN++
SiamAtt

Training pairs

Training epochs

Training time

Finetune

750000
375000

20
10

156 h
77 h



and without tuning backbone. Furthermore, using the attention
network, our method achieves state-of-the-art results on LaSOT,
VOT2018, and UAV123 in real-time, showing the effectiveness of
the proposed method.
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4.2. Ablation experiments
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attention modules and the offset modules, our method can obtain
relative gains of 1.5% and 0.7% EAO scores on VOT2018, respectively. Through the above experimental results, we find that some
performance improvements can be achieved by introducing the
attention modules and offset modules. We attribute these gains to
the attention loss, which can help the Siamese network select the
optimal target candidate region. By selecting a better candidate
region, the regression branch in RPN can get more accurate target
coordinates.
In our experiment, we use fewer training epochs and image
pairs to get a training model. To be fair, we train SiamRPN++ and
SiamAtt on a single NVIDIA RTX 2080 GPU. Table 4 quantitatively
shows the training processes of the two trackers. By contrast,
we found that our approach achieves less training time by fewer
training image pairs and without tuning backbone.
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5. Conclusion
In this paper, we propose a siamese attention scheme to
exploit the target location within the siamese framework. We
first introduce an attention network to RPN. Then weight fusion is
used to get the final target location according to the score of classification branch and attention branch. Finally, the coordinates of
candidate regions are predicted by the regression branch of RPN.
In contrast to SiamRPN++, the SiamAtt tracker achieves comparable experimental results by using fewer training image pairs
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