wfﬁ-’ffh?f*l'?

COMPLU SCIENCE

BFRZHTEHTESEBITSEBERIERIRE
SERRHS, &, Bk

5IAEX

SRR, 22, k. ETRTELENLEE BREBRIERRED]. TENRE 2024, 51(11):
166-173.

FAN Xiaopeng, PENG Li, YANG Jielong. Unsupervised Target Drift Correction and Tracking Based on
Hidden Space Matching [J]. Computer Science, 2024, 51(11): 166-173.

BUXEEE (SERXIME IE JIREREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)

EF RS- IHMEIEIE B RILI 755N BARta il

Infrared Dim and Small Target Detection Based on Cross-domain Migration of Visible Light
andInfrared

HEHNRIE, 2024, 51(10): 287-294. https://doi.org/10.11896/jsjkx.230800013

ETHETIRMER MR T I B IEE R

Unsupervised Domain Adaptation Based on Entropy Filtering and Class Centroid Optimization

HEMREIEE, 2024, 51(7): 345-353. https://doi.org/10.11896/jsjkx.230500144

—FhEM R E R - AIMNSESIT AEIRBITTE

Single Stage Unsupervised Visible-infrared Person Re-identification

HENRIE, 2024, 51(6A): 230600138-7. https://doi.org/10.11896/jsjkx.230600138

E T RGN FAHER S ER B x50 817535
Occluded Video Instance Segmentation Method Based on Feature Fusion of Tracking and Detection in
Time Sequence

HEHRIE, 2024, 51(6A): 230600186-6. https://doi.org/10.11896/jsjkx.230600186

E T Do URKSFBARAILEWSVMBIRIRERTTIE
Object Tracking of Structured SVM Based on DloU Loss and Smoothness Constraints

HEHRIE, 2024, 51(6A): 230700113-8. https://doi.org/10.11896/jsjkx.230700113


https://www.jsjkx.com/CN/10.11896/jsjkx.230900078
https://www.jsjkx.com/EN/10.11896/jsjkx.230900078
https://www.jsjkx.com/CN/10.11896/jsjkx.230800013
https://doi.org/10.11896/jsjkx.230800013
https://www.jsjkx.com/CN/10.11896/jsjkx.230500144
https://doi.org/10.11896/jsjkx.230500144
https://www.jsjkx.com/CN/10.11896/jsjkx.230600138
https://doi.org/10.11896/jsjkx.230600138
https://www.jsjkx.com/CN/10.11896/jsjkx.230600186
https://doi.org/10.11896/jsjkx.230600186
https://www.jsjkx.com/CN/10.11896/jsjkx.230700113
https://doi.org/10.11896/jsjkx.230700113

0 Vf :ﬁ- *fh 1‘*‘ ? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 230900078

ETRZELENTEEBRESRERRE

SERRME ¥ N MAR
THAFWHRAIEXK T7H L% 214026
(fanxiaopeng2021@163. com)

H E AAREATEAMT ARG — A ABARLF M, MAERFRRGLRE DGR IFRE LA ERARE, B4R 8T
KEZORBARELZEARIZIEH, NS EMRB TRIZEEAGRIT, AT EFA LK BT REE B ARE PGSR
Beeg ik, B, BETRELAZT FETF T ARG LR AN ARG BB LTI 4T ARIEE; RG. LA
FEERG T E BETRERLEAFHBERK B BAFREHEFHEATREGFAL, %rﬁm%iﬁﬂﬂ,%% UHOT #5 4
WESAKBELAZERS . ERES T TRAE TRBGEHM, 50 ALE % SlamDF 4816, UHOT £ VOT #
BHEEIBFT U A 5RO LEETAREEASL,

KER:ABE;FHE 2T W B E A ; B AR IR

hES2ES TP391.4

Unsupervised Target Drift Correction and Tracking Based on Hidden Space Matching

FAN Xiaopeng. PENG Li and YANG Jielong

School of Internet of Things Engineering,Jiangnan University, Wuxi,Jiangsu 214026, China

Abstract  Object tracking is a basic research issue in the field of computer vision. With the development oftracking technology,
existing trackers mainly have two challenges,namely relying on a large amount of data annotation information and tracking drift,
which seriously limits the improvement of tracker performance. In order to overcome the above challenges, unsupervised target
tracking and hidden space matching methods are proposed. Firstly.image pairs are generated in the foreground via a correctable
optical flow method. Secondly, the generated image pairs are utilized to train the siamese tracker from scratch. Finally, the hidden
space matching method is used to solve the problem of losing track when the target deforms greatly,is occluded,goes out of the
field of view and drifting. Experimental results show that the algorithm UHOT significantly improves on multiple datasets and
demonstrates strong robustness in difficult scenarios. Compared with the latest unsupervised algorithm SiamDF, UHOT gaines
8% gain on the VOT dataset,comparable to state-of-the-art supervised siamese trackers.

Keywords Unsupervised, Sliding window, Hidden space, Template matching,Object tracking
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Fig.5 Tracking results of some sequences on OTB2015 dataset
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VOT2016: 545 841 & 60 AN RUMT 51, i b £ 35 45
BECA) B BE (R MM BEFHEZ(EAO) ., 1T VOT B
B bR 2 00 R0 B SRR R L K R — A B
WAL HLE . 2 1 PSSR R UHOT B3 T i 56 i
F G W B B AR HG M R R A O M B IR B R USOT W
EAO#TT 5%, AL T 3 T 38 4 & B % SiamFC
A AutoTrack, &St () JC W& J7 ¥ SiamDF, B4R 75 & #
PE ST T4 R M R R B R OB A B &
UHOT 2 F R — & 44 00 91 25 6, 37 DL 3 W B e 4k
w75 AT

F 112 MEREEASTE VOT2016 L HYITAL

Table 1 Evaluation of 12 trackers on VOT2016
i £ i EEE A4 RY EAO4
ubDT 2019 N 0.539 0.475 0.225
UDT+ 2019 N 0.534 0.655 0. 200
S2SiamFC 2020 J 0.493 0.639 0.215
UsoT 2021 N 0.593 0.336 0.351
ResPUL 2021 N 0. 554 0.405 0.263
AlexPUL 2021 J 0.548 0. 545 0.219
LUDT+ 2022 N 0.57 0.331 0.299
SiamDF 2023 N4 0.52 0.238 0.339
SiamFC 2016 X 0.53 0.461 0.235
SiamDW 2019 X 0. 54 0.38 0.303
AutoTrack 2020 X 0.517 0.26 0.271
UHOT Our J 0.603 0.363 0.371

VOT2018: % 4% 4 7] ¥£ th 60 A~ # 4% JF %1 4 B, 12
VOT2018 I T [ %k 19 )7 5 & 3 T VOT2016 H i 42 1Y
10 MRS B B, VOT2018 M AR 5 VOT % %1 A
6, (503K Ay 7 2 00 B Pk v, RS R R 2 I,
UHOT B8 T It SiamFC, SiamDW!?* fil AutoTrack"™ T H
TSRS R, B ATOMDS &8 97 e 52 90 T & 5 3 9 1k
HHEFEZE THREGEME KA HEEE. 5
USOT Mt . UHOT 8 EAORE T 4%,

2 13 MEREESHAE VOT2018 L B PPAh
Table 2 Evaluation of 13 trackers on VOT2018

i3 4 %W F AA RY EAO4
UDT 2019 N/ 0.472 0.932 0.129
UDT+ 2019 J 0. 650 0.670 0.276
LUDT+ 2020 J 0. 490 0.412 0. 230
S2 SiamFC 2020 N/ 0.463 0.782 0.180
UsoOT 2021 J 0.564 0.435 0.290
AlexPUL 2021 J 0.515 0.693 0.182
ResPUL 2021 J 0.516 0. 660 0.203
SiamDF 2023 J 0.505 0.450 0.250
SiamFC 2016 X 0.503 0.585 0.188
SiamDW 2019 X 0.500 0. 490 0.234
ATOM 2019 X 0.590 0.204 0.401
AutoTrack 2020 X 0.484 0.391 0. 200
UHOT Our J 0.584 0.438 0.303

4.3 HEXR

)6 A B EAE . UHOT 78 OTB2015 % 7 Il ik 4
BEAT SE G, AFF 52 8 A A SR I . 5 BE LR BT AE B A% 8 HE AH
Ll 352 10 0 I A% 5 AE )3 B AT IR R A W R AR T
{85 FH 9 b O [ 9 5 g #F OTB2015 i 48 b 47 I3, 45 S n
% 3 E.

2) W B B A A RN . A T PR AN T B O s AL A

38 (8 AT BT RR L XN R A AS TR B B AT 1 B TE LT O
E A T A2 IR AE G I A A A R 4 4 S5 BEAT , LR
A T O AN B RE T 55 B AR . XA RITR B ALE S
53R FH R 51 0 B 2 3 51 020 X Ol T A A 8 AE A A
Mo AT EUEX — &R 3 PR NG £ OTB2015 il i 4
AT I 3 B SR W 43 ) A P O T A 0 AT B
TN B G R BT B R A AN S T B, S
SR 3 BB A5 R R Ak W S 101 AL O % R A 0 b
WS BB AR R R T
3 AR BURMEE OTB2015 U4 R4

Table 3 Results of candidate box selection strategy on OTB2015

dataset
1% 3 AE I 2 Fn A bl Auc Pre
S AR 0.582 0.785
K R+ B e 0.591 0.791
bR R B B E O 4 A 0.603 0.822

30 A U 8 2R T B < S T TS U A A T A R
T 11 A X R % 8 SR 1 S 0 X DI v i A HEAT T T RS R
R P A0 7 sCHEAT R AL 20 01 2 DA TR P 510 o B8 AL 4l TR A
I#6] 7 161 R T Py B LA BB, 25 R I 3 4 g, Seam e R R WL N
I A [F] s T PRy T At 94 25050 B S e 1 AR A TR 91 o i
HLAM IR, B Ay B AR A2 A A0 S5 28 A A o Rl DA GO 51 o
HIL At B, 18 2% TR AR T H A5 A SR SCPEAR /D, e 1] D T
RO 2% 5 T DA T S 8] Bl T oA B BIL Sl T — 7 A B2 b BRI T #% 3)
A 2 A ey ) 60 25 ) o AR IR % TR DG PR B R B 25 )
VU FE SR AT S R BE A LASR T
o4 B WY MR ORI 7E OTB2015 B b g4
Table 4 Results of template frame and search frame selection

strategies on OTB2015 dataset

AR WA R W IR e Auc Pre
P % J7 ) o R AL B 0.563 0.761
1 7€ 18] % i 7o B AL 3 X 0.601 0.819

A BEEE AV . S T O 4 B g e A R UG G UE B
05 95 AT LAAR S b Ah 3000 e 5 A B L O B A N O R BT
L7l VR i £ ol AN ) I e ol = s 1 L T ol
L3R GBL,SF AL TM, 28 4= R 4% Il 25 F1 %S Ja
VL 0 A7 ) Lh S 56, 45 B AR 5 BT A1), A e A ) UC e
IR RET 24 MM =TI %8 B A BT B K m
HHEAE G, TR MGE - DR WER. WEKS,
UHOT # OTB2015 4 4 & X 3 £ (OCC) | & JF 1 Bf
COV) (PR BE (FM) 3 A I8 At 48 45 3E 47 37 4k . 76 Bat 25 [|] [T
BE A N O B (A) V& B (R FI Y S 1 5 & (EAO) #F
BB A AR L E W] UHOT ] LAAR 45 M i e 38 45,
B T8 AR KA B 2% 0 11 B A 1)

# 5 IZRKMEAE VOT2016 Byt 4 E 45

Table 5 Results of training strategies on VOT2016 dataset

7k A4 Ry EAO*
GB+SF 0.597 0. 389 0. 354
GB+TM 0.594 0.351 0.363
GB+SF+TM 0.603 0.363 0.371
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F 6 FaasmCHCZE OTB2015 & 443 5% i 45 5
Table 6 Results of hidden space matching in OTB2015 complex
scenarios
B Auc/Pre
- oce ov FM
GB+SF 0.508/0. 700 0.465/0. 630 0.561/0.738
GB+SF+TM 0.528/0.721 0.552/0. 838 0.631/0.745
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Fig. 6 Performance of the tracker after tracking loss on multiple
sequences
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