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Abstract  Visual object tracking is an important yet challenging task in computer vision with a
wide range of applications, such as video surveillance, robotics, action recognition, scene under-
standing, intelligent transportation, visual navigation., and human-machine interaction, etc. It
aims to estimate the state of an arbitrary object in video frames, given the object bounding box in
an initial frame. In recent years, deep learning technology has promoted the rapid development in
the object tracking field, numerous visual tracking methods based on deep learning have made
great progress, especially for Siamese trackers which aim to learn a decision making-based simi-
larity evaluation. Nevertheless, the insufficient labeled data limits the efficient training of deep

network model. Therefore, self-supervised learning strategy is applied to the object tracking to
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solve the problem of model training that requires a large number of labeled data. However, the
existing self-supervised trackers mostly extract shallow information of the object and lack the effi-
cient representation of key features of the object. In addition, they also ignore the difficulty of
reverse verification caused by the challenges such as object occlusion, resulting in a decrease in
tracking accuracy. In order to solve the above problems, a multi-frame consistency correction
based self-supervised Siamese network tracking method (MCCSST) is proposed in this paper,
which consists of a forward multi-frame reverse order verification strategy, a mixed order correc-
tion module and visual feature enhancement module. Firstly, the forward multi-frame reverse order
verification strategy can adaptively select the optimal tracking trajectory from multiple paths to
construct the cycle-consistency loss optimization function, so as to reasonably avoid the challen-
ges of object occlusion, background clutter, deformation and so on. Secondly, for the problem of
inconsistent object localization by multiple paths in the same frame, a mixed order correction
module is proposed to correct the tracking drift and enhance the robustness of the object feature
extraction, which utilizes temporal information of a video to better focus on the object’s own fea-
tures during the forward tracking. In addition, the visual feature enhancement module, consis-
ting of channel correlation branch, convolution block branch and spatial correlation branch, is
utilized to enhance the object features representation ability by adaptively weighted fusing the
global context information and local semantic feature information of the object. In order to
improve channel category and spatial position information of the object, while suppressing irrele-
vant background information, we further develop an adaptive feature fusion scheme to fuse multi-
dimensional feature maps of three branches. Based on Siamese network architecture, the Discrimi-
nant Correlation Filters Network with Vital Feature Enhancement (DCFNet-VFE) is designed as
our baseline, and then the object location is achieved through the filter layer. Finally, the proposed
method is verified on four public object tracking benchmark datasets: OTB2013, OTB2015, TColor-
128 and VOT-2018. The experimental results show that, under the complex scenes (e. g. , illumi-
nation, deformation, background interference), the accuracy of the proposed method on the four
benchmarks is improved by 4. 6% on average over the compared twenty-one state-of-the-art trackers,
which is an average of 5. 8% higher than that of the self/unsupervised learning-based trackers.

Keywords surveillance; object tracking; self-supervised learning; cycle-consistency loss; visual

attention mechanism
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T4 A3 S % MCCSST FIR i 45 04 ik o A %501k
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P 0. 833 0.842 0. 837 0. 824
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4.4.4 MCCSST #ERI [ 5 2% BE o Br
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RZFHEEEE RN N2 — X —E R E b
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Background

Visual object tracking is one of the fundamental tasks in
computer vision, which has a wide range of applications in-
cluding video surveillance, action recognition, scene under-
standing, intelligent transportation, visual navigation, and
human-machine interaction, etc. It aims to estimate the ob-
ject location in the following frames, given its initial state in
the first frame. In recent years, the rapid development of the
internet and intelligent device terminals has led to an expo-
nential increase in video data. In order to effectively under-
stand and analyze video big data, there is an urgent need to
design robust visual trackers which can automatically locate
target objects in video sequences.

The currently existing deep learning-based trackers were
proposed to significantly improve tracking performance, but
the limited labeled data limits the efficient training of deep
network model. Although self-supervised learning-based
trackers were attempted to handle this issue, they lack the
efficient representation of object features, and ignores the
difficulty of reverse verification caused by the challenges such
as object occlusion, resulting in a decrease in tracking accuracy.
Thus, the existing approaches cannot well address those sig-
nificant challenges.

In this paper, we propose an effective multi-frame con-
sistency correction based self-supervised Siamese network

tracking method (MCCSST) for visual tracking. In our

WANG Ying-Ying, master student. Her research inter-
est includes adversarial attacks on intelligent systems.

YU Zi-Tong, Ph. D. candidate. His research interest in-
cludes computer vision and biometric security.

ZHAO Guo-Ying, Ph. D., professor, Ph. D. supervi-
sor. Her research interests include computer vision, video
image processing, and intelligent human-computer interac-

tion.

design, we present an effective forward multi-frame reverse
order verification strategy that adaptively selects the optimal
object path to construct the cyclic-consistency loss optimiza-
tion function. To address the problem of inconsistent object
location from the multi-path at the same frame, we introduce
a simple yet effective mixed order correction module to cor-
rect the tracking drift. In addition, we further develop the
visual feature enhancement module to enhance the object fea-
tures representation ability by adaptively weighted fusion the
global context information and local semantic feature infor-
mation of the object. Our method is verified on four public
datasets: OTB2013, OTB2015, TColor-128 and VOT-2018.
The accuracy of the proposed method is improved by 4. 6%
on average over the compared twenty-one state-of-the-art
trackers, which is an average of 5. 8% higher than that of the
self/unsupervised learning-based trackers.
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