§ 314 422 e M TR Vol.31 No. 22
2023 4£ 11 H Optics and Precision Engineering Nov. 2023

XEHES 1004-924X(2023)22-3345-12

314 B AR 5 B9 B 1& R 45 4E PT A B 4%

2 OW, RER, BAE
(KERKEAF NEIEFR,TT A& 116600)

FEE 10 B AR BRI b UL A B S 0] B, 48 B — i 3 R DG TRC PR o 122 0 466 3 o T B A 9 T e A2 R R A
PRUEE K FUAR AN SRS 5C 3R HEAT 2R A0 , AR AR 38 GOMTRL I S B , 1388 5 4 A5 9 it 57 s A2 it 43 3K 119 O =2, S50 30 2 A4 3 A
U, DL OG e A 3 it b B 22 X3, 38 ek T S R AR A B X A W AT A R AR AR A, DA o 48 v E AR R R 1
KRN Rk L BRAh , FRAETC AL R 2% BT AR SE 12 T 47 Bk 6 AN GRAF , SRR AE VG e 42 4145 o1 6 A5 B L (45 Btk 22 > B
Priz Bl B, BRI S L SE AP R IR ERAE AL . SLIRAE AR W] 1% 07 1 7E GOT-10k, LaSOT S5 84 4 R M R 47, 76 GOT-10k
BARAE b AR SO R I I 37E 5 STM Track Bk M L, AOfE#ETH 1. 8% AR 4 T WAL 45 5 7% | AR SCO vk 7 B ARl 4
TR SFP M, BA TR B

X # OW:BARES; §E N HIERAR; TR %

hESES TP391. 41 SCERFRIRAD A doi:10. 37188/OPE. 20233122. 3345

Adaptive feature matching network for object occlusion
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Abstract: An adaptive feature-matching network is proposed to solve the common problem of object occlu-
sion in object tracking. By calculating the pixel-level similarity between the query and memory frames, the
network encodes the similarity relationship between an object and its background and obtains a pixel-level
similarity matrix. By separating the query and memory frames, the network calculates the multi-dimen-
sional similarity to focus on more areas in the query frame and adaptively weighs the memory frame
through the calculated similarity matrix to improve the accuracy and robustness of object tracking. Addi-
tionally, the feature memory network selects and saves the memory frames, provides additional apparent
information for feature matching, and allows the network to implicitly learn the moving trend of an object
to achieve better tracking results. Experimental results show that this method performs well on GOT-10k,
LaSOT, and other datasets. On GOT-10k datasets, compared with the STMTrack algorithm, the value
of the proposed algorithm is improved by 1.8%. The visualization results show that the proposed algo-
rithm is more robust in meeting the challenges of object occlusion and disappearance.
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DiMP-50" 0.440  0.597  0.153 BRER L TE P 9(e) i, BRI SE A RS, i T A SCH
Siam R-CNN™' 0.408  0.609  0.220 Ve 20T B A LB , 190 45 T L B 1
SiamFC+ + " 0.426 0.587  0.183 2> Biniz gt g, #Eimxt B bR B LE A0 & AT A
SiamRPN+ -+ 0.414 0. 600 0. 234 T, T DASEEE T T A A BR A . X B g LR

2.4% ,SR, -1/ 17 1.9% ,JF Bt 17 ¥ fe
K. FE LaSOT #4511, AR S et R B B

AR SCARL M T LA A M A ke ) A 2 g R IR
JEME B IE . BE— P UEW] T AR SO LR [ b
PRIRZE T HOA Bk

R3 FEGOT-10k 1 LaSOT £ #E & £, AFMN 5 H fth 2R 3R 25 49 bk 82
Tab.3 AFMN compares to other trackers on GOT-10k and LaSOT dataset

GOT-10k LaSOT
R
AO A SR, 5 A SR, 5 4 AUC A Prom 4 PA
AFMN 0. 660 0.761 0. 594 0. 608 0. 696 0.636
STMTrack™! 0. 642 0.737 0.575 0. 606 0. 693 0.633
MixFormer-1k'*’ 0.732 0.832 0.702 0.679 0.773 0.739
STARK'™ 0.688 0.781 0.641 0.671 0.770 —
SBT large™ 0.704 0.808 0. 647 0.667 — 0.717
TrDiMP'! 0.671 0.777 0.583 0.639 — 0.614
AutoMatch™”! 0.652 0.766 0.543 0.582 — 0.599
SAOT 0.640 0.759 — 0.616 0.708 —
Siam R-CNN'*/ 0.649 0.728 0.597 0.648 0.722 —
Ocean™ 0.611 0.721 0.473 0. 560 0.651 0.566
D3S!™ 0.597 0.676 0. 462 — — —
SiamFC+ 0.595 0.695 0.479 0.544 0.623 0.547
SiamRPN+ +° 0.517 0.616 0.325 0.496 0.569 0.491
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Ground truth
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Fig.9 Visual comparison
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Fig. 10 Visualization results in the object occlusion scenario
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R, 2 B 4 A 28 3 10 000 A4 943 41,
R K H AR R DRI RE % A R IR
ARSI AR R R MR APUR
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Tab.4 Influence of hon AO

I AO SR, ; SRy, 7
1 0.642 0.737 0.575
2 0.656 0.755 0. 586
3 0.660 0.761 0.59%4
4 0.649 0.746 0.577
) 0.642 0. 740 0.570
8 0.639 0.737 0.561

AR VLTE o ik B AR R, 23 MR 2 AL, A
175 S5 BR B RG E A

9 56 E FMIN A E 2 it 2%k B 258 245 2R 1) 52
Wi, [ A2 GOT-10k £ A b BEA7 U1 2R AT it
AR LI AR, K S PR

MR 2 5 B R , 2SI AZ iR 3 I, B ER
ROR A o X% P a2 B ag 12 i T vk 2 1t 2
% 1) A AR R WLAE B, AT T 2ER i A R R

RS THAOHWIZEE
Tab.5 Influence of Ton AO

THU AO SR, ; SR+
1 0.598 0.638 0.437
2 0. 645 0.743 0.573
3 0. 660 0.761 0.594
4 0.634 0.728 0.567
5 0.628 0.728 0.548
6 0.638 0.738 0. 566
S EHf
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