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Abstract  Visual object tracking is a fundamental task of computer vision. Siamese based approaches

recently attracted extensive attention in the visual tracking community, due to their ability to
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achieve remarkable performance while maintaining good speed. However, Siamese network branches
are usually independent and lack information interaction, which limits the further improvement of
model performance. In order to enhance the collaboration ability of the Siamese network branch,
this paper proposes a cross-awareness network model based on the Siamese architecture, called
SiamCross (Siamese Cross Object-Aware Network). The feature extraction of the Siamese network
branches is the primary core operation to improve the performance of the model. The distinction
between the object and the semantic background largely depends on the feature robustness of
model mining. In SiamCross, we first designed a new Siamese Cross-Aware Network (SCAN)
based on the mutual supervision of the Siamese network branches. SCAN allows the twin branches
to work efficiently with each other in an all-round way, so that the template branch can benefit from
the rich contextual semantic information of search features and generate a more differentiated
representation of the object; the search branch combines template features and actively learns the
essential information of the object. On the other hand, thanks to the anchor-free network clearly
formulate tracking tasks like classification and regression for each pixel directly, branch features
can focus on local and global spatial information of the object, respectively. The above two features
also tend to have good potential local-global complementarity. Specifically, the regression feature
learns more information such as the global size of the object, but also inevitably introduces
surrounding background information, while the classification branch focuses on learning local
center localization information. The combination of the two is beneficial to suppress the expression of
background information of regression features. Moreover, the regression feature will respond
prominently around the object, revealing the area where the object is located, and also providing
a good reference for the classification branch to locate. In order to make full use of the different
spatial feature information in the branches to obtain more accurate tracking results, we also
propose the Object-Attention Interaction Network (OAIN) and integrate it into SiamCross. OAIN
contains two modules, Parallel Cross Attention Module (PCA) and Adaptive Deformable
Cross-Align Module (ADCA). The PCA module improves the accuracy of object state estimation
by ingenious fusion of local and global in the branch. In particular, in order to better align the
regression features with the object region and avoid feature alignment out of focus, its reliability as a
reference source for classification branches is greatly reduced. The ADCA module has an adaptive
spatial transformation operation, which can make the regression features better reflect the object
area. The ADCA module improves the efficient interaction mechanism of the anchor-free network.
Finally, we extensively evaluated the proposed tracker on five public challenging benchmarks,
including OTB2015, VOT2018/2019, GOT-10k, and LaSOT. The experimental results show
that compared with current state-of-the-art trackers (e. g. , SiamRPN+-+, ATOM and DiMP),
SiamCross achieved excellent comprehensive performance and could run in real-time.

Keywords  visual object tracking; siamese network; information interaction; cross attention
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Precision plots of OPE —fast motion Precision plots of OPE —out-of -plane rotation Precision plots of OPE —illumination variation
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time, we can reduce the candidate boxes combining with
abjectness detection technology. Aiming at the isomorphism
problem of heterogeneous feature spaces of image and text,
we propose heterogeneous space mapping and normalization
algorithm to construct unified feature vector model based on
deep canonical correlation analysis, and we use the normalized
feature to tune deep neural network training process and
optimize image and text feature extraction model. In order to
improve the user’s experience of image and text unified
retrieval, a novel image and text semantic automatic summary
algorithm is proposed. We consider retrieval time, image and
text semantic relevance, user satisfaction and other factors,
and a subjective and objective combined sorting and recom-
mendation algorithm is proposed. Finally, we can narrow the
semantic gap and achieve efficient and accurate semantics

image and text unified retrieval.





