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Abstract: Aiming at the problem that the Siamese network has insufficient ability to express the features of scale-varying tar-
gets, a multi-branch structure is constructed by using convolution, pooling branches and pruning operations of different sizes to im-
prove the robustness of features and ensure the translation invariance of the Siamese network. Aiming at the problem that the multi-
branch structure brings too many parameters, the multi-branch structure is reparameterized into a single convolution in the tracking
stage, which effectively reduces the time cost in the tracking stage. The experimental results show that compared with SiamFC, the
accuracy, success rate and tracking speed of the proposed algorithm on the OTB100 datasets are improved by 5.1%, 3% and 30 FPS,
respectively. The tracking accuracy and success rate are improved on the UAV 123 and Temple-Color-128 datasets.
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Table 1  The backbone network structure of the training phase

BRZ B H AL B R RIS
3 127x127 255255

Convl 11x11 2 96 59%59 123x123

Pooll 3x3 2 96 29%29 61x61

DBBI1 1x1,1x1-3x3,1x1-AVG,3%3 1 256 27%x27 59x59

DBB2 1x1,1x1-3%3,1x1-AVG,3%3 1 256 25%25 57x57

Pool2 3x3 2 256 12x12 28%28

DBB3 1x1,1x1-3x3,1x1-AVG,3%3 1 384 10x10 26%26

DBB4 1x1,1x1-3%3,1x1-AVG,3%3 1 384 8x8 24x24

Conv2 3x3 1 256 6x6 22%22

K2 SRINBAE T ML
Table 2 The backbone network structure of the tracking phase

EBRZE R PR il SROE HRIF

3 127x127 255x255
Convl  11x11 2 96 59x59 123x123
Pooll 3x3 2 96 29%29 62x61
Conv2 3x3 1 256 27x27 59x59
Conv3 3x3 1 256 25%25 57x57
Pool2 3x3 2 256 12x12 28x28
Convd  3x3 1 384 10x10 26x26
Convs 3x3 1 384 8x8 24x24
Conv6  3x3 1 256 66 22x22
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Fig.3 Algorithm flow diagram

Table 3  Ablation experiment

ERRTES 3%3 1x1 1x1-3x3 1x1-F- 234k AL Y L it RS

N 0.759 0.557

N N 10.7% 10.9%

N N 12.2% 10.7%

N N 10.9% 10.6%

AlexNet+DBB N N N 14.1% 12.3%
N v N 13.1% 12.4%

N N N 13.3% 12.0%

N N N N 13.8% 13.3%

J v J J N 14.8% 14.6%
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Fig. 5 The tracking accuracy and tracking success rate of the algorithm on OTB100
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Fig. 6 The tracking accuracy and tracking success rate of the algorithm on UAV123
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24 BEERBHREREDNT

78 EL) . MBGE s . OV(H #LEF) A LR(EK 43

A A5 AE OTB100 K048 48 T % SV(R JE A5 4y, R AT PERE oo R 5 F13R 6 73 il Jléon 11
OPR(F- A HER) . IPR(ﬂ?E eSS, OCCGEERY), AR TRk A BREDR B FERE R, Rii4s
DEF(JEZE), FM(Hhizsh), IVIRBIAsE), BC(HY  REHATIHE R, ROCER T RIZARTE .

A5 KRR F T HRIZAE
Table 5 Tracking accuracy in different scenarios

(RS SV OPR IPR OoCC DEF FM v BC MB oV LR
SiamDBB 0.809 0.816 0.822 0.780 0.785 0.808 0.814 0.752 0.818 0.741 0.873
SiamFC 0.732 0.778 0.759 0.739 0.748 0.739 0.712 0.706 0.728 0.655 0.762
MEEM 0.751 0.810 0.814 0.774 0.732 0.756 0.766 0.759 0.766 0.739 0.678
MUSTER 0.710 0.744 0.773 0.734 0.689 0.683 0.782 0.784 0.678 0.590 0.673
SRDCF 0.747 0.740 0.742 0.732 0.736 0.769 0.786 0.775 0.767 0.602 0.663
Staple 0.727 0.738 0.768 0.727 0.752 0.709 0.783 0.749 0.700 0.668 0.610
SiamTri 0.748 0.763 0.774 0.726 0.680 0.763 0.746 0.715 0.727 0.723 0.897
CFNet 0.732 0.760 0.786 0.700 0.714 0.707 0.707 0.756 0.681 0.604 0.750
DSST 0.658 0.665 0.711 0.609 0.568 0.575 0.726 0.704 0.570 0.480 0.602

MFEF AT LAE i, A SCREAE R PR A
RS T R RERSOR o BT SiamFC, A
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Table 6 Tracking success in different scenarios
Bk SV OPR IPR OoCC DEF FM v BC MB oV LR
SiamDBB 0.592 0.581 0.592 0.569 0.553 0.609 0.593 0.556 0.632 0.558 0.635
SiamFC 0.542 0.562 0.560 0.557 0.543 0.579 0.534 0.524 0.580 0.510 0.532
MEEM 0.475 0.534 0.539 0.526 0.482 0.543 0.531 0.536 0.575 0.515 0.376
MUSTER 0.510 0.535 0.551 0.552 0.521 0.531 0.599 0.581 0.544 0.462 0.454
SRDCF 0.563 0.549 0.543 0.557 0.544 0.597 0.609 0.583 0.594 0.461 0.495
Staple 0.521 0.533 0.548 0.543 0.551 0.540 0.592 0.560 0.541 0.475 0.400
SiamTri 0.563 0.563 0.580 0.549 0.501 0.585 0.579 0.542 0.567 0.543 0.634
CFNet 0.546 0.553 0.568 0.527 0.526 0.554 0.541 0.561 0.540 0.454 0.554
DSST 0.403 0.441 0.475 0.416 0.406 0.427 0.490 0.481 0.439 0.364 0.301
ShECH] . 28 . BBEHZk . s sh ., BAOEF . tar Pradesh, India. 2022: 1499-1503.
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