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Multi-domain convolutional neural network based on
self-attention mechanism for visual tracking

LI Shengwu, ZHANG Xuande
(School of Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an Shaanxi 710021, China)

Abstract: In order to solve the model drift problem of Multi-Domain convolutional neural Network (MDNet) when the
target moves rapidly and the appearance changes drastically, a Multi-Domain convolutional neural Network based on Self-
Attention (SAMDNet) was proposed to improve the performance of the tracking network from the dimensions of channel and
space by introducing the self-attention mechanism. First, the spatial attention module was used to selectively aggregate the
weighted sum of features at all positions to all positions in the feature map, so that the similar features were related to each
other. Then, the channel attention module was used to selectively emphasize the importance of interconnected channels by
aggregating all feature maps. Finally, the final feature map was obtained by fusion. In addition, in order to solve the
problem of inaccurate classification of the network model caused by the existence of many similar sequences with different
attributes in training data of MDNet algorithm, a composite loss function was constructed. The composite loss function was
composed of a classification loss function and an instance discriminant loss function. First of all, the classification loss
function was used to calculate the classification loss value. Second, the instance discriminant loss function was used to
increase the weight of the target in the current video sequence and suppress its weight in other sequences. Lastly, the two
losses were fused as the final loss of the model. The experiments were conducted on two widely used testing benchmark
datasets OTB50 and OTB2015. Experimental results show that the proposed algorithm improves success rate index by 1. 6
percentage points and 1. 4 percentage points respectively compared with the champion algorithm MDNet of the 2015 Visual-
Object-Tracking challenge (VOT2015). The results also show that the precision rate and success rate of the proposed
algorithm exceed those of the Continuous Convolution Operators for Visual Tracking (CCOT) algorithm, and the precision
rate index of it on OTB50 is also superior to the Efficient Convolution Operators (ECO) algorithm, which verifies the
effectiveness of the proposed algorithm.
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Fig. 1 Network structure of multi-domain convolutional neural network

based on self-attention
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Fig. 5 Test results of SAMDNet on OTB2015
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Tab. 1 Success rate comparison of 11 attributes of different tracking algorithms
Hk BC sV 0C DE IPR OPR ov v MB FM LR
SAMDNet 0.677 0. 654 0. 627 0. 637 0. 653 0. 657 0. 635 0.676 0. 663 0. 647 0.583
CCoT 0. 679 0. 652 0.673 0.616 0.623 0. 649 0. 645 0.679 0.703 0.675 0.597
MDNet 0. 638 0. 642 0. 626 0. 609 0. 647 0. 646 0.633 0. 658 0. 664 0. 648 0. 625
ECO-HC 0. 638 0. 608 0.627 0.592 0.582 0. 608 0.592 0. 638 0. 627 0. 634 0.590
DeepSRDCF 0. 624 0. 607 0. 603 0.567 0.589 0. 607 0.553 0. 624 0. 642 0. 628 0. 475
CNN-SVM 0.537 0. 489 0.514 0. 547 0.548 0. 548 0. 488 0.537 0.578 0. 546 0. 403
SiamFC-3s 0.523 0. 556 0. 547 0.510 0. 557 0.558 0. 506 0.574 0. 550 0.568 0.592
DCFNet 0.588 0.569 0.578 0. 501 0.557 0.575 0.557 0.588 0. 544 0. 541 0.533
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Tab. 2 Comparison of SAMDNet’ sub-module combinations on

precision and success rate

ikey RS SR
Clp_C3c_I_15 0. 907 0. 672
C3c_I_15 0.889 0. 661
Clp_I_15 0.887 0. 658
MDNet 0.885 0. 656
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Tab. 3 Comparison of different attention module combinations on

precision and success rate

iRy RS J A
Clp_C3c_I_15 0. 907 0.672
C2p_C3c_I_15 0. 898 0. 664
C3p_C3c_I_15 0. 885 0. 658
MDNet 0.885 0. 656

4 #iE

ARSI B T 2 4 P 22 19 2% (MDNet) A9 53725 50k, 8
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