PUBEH T A S BARERER SIS
SKIFEN, FALTH, =

IRA:

FREED, TARE, mffh. PUBERIRIT A2 BAERERSET]. R RA R, 2024, 19(5): 1248-1256.

ZHANG Guoyin, WANG Chuanbo, GAO Wei. Pedestrian multiobject tracking algorithm with anti-occlusion[J].
CAAI Transactions on Intelligent Systems, 2024, 19(5): 1248-1256.

R IE View online: hitps:/dx.doi.org/10.11992/tis.202307002

BT BERRER  HoA S T
ST U FCOSHIFH AT ANASIN 5812

Crowded pedestrian detection algorithm based on improved FCOS
BHERGFR. 2021, 16(4): 811-818  https://dx.doi.org/10.11992/tis.202010012

AU BE RS B R AEF- Y OLOV3 A T AT
Research on multi—view data fusion and balanced YOLOv3 for pedestrian detection

BHER SR 2021, 16(1): 57-65  https://dx.doi.org/10.11992/1is.202010003
FeF RAFERILHIAN LR SCRL A 3RS ] 4

Feedback attention mechanism and context fusion based amodal instance segmentation

BIHE ARG FR. 2021, 16(4): 801-810  https://dx.doi.org/10.11992/tis.202007042
FET R S i T W B R AT NP

Clustering approach based on style transfer for unsupervised person re—identification

BIRER G M. 2021, 16(1): 48-56  https://dx.doi.org/10.11992/ti5.202012014
ZIAEBUHIER S5 M AR5

Research on pedestrian detection based on multi-layer convolution feature in real scene

BHERGLFHR. 2019, 14(2): 306-315  https://dx.doi.org/10.11992/1is.201710019
Bk i Mean Shiftf 7 A BE BRI E

Granular mean shift pedestrian tracking algorithm

BHERG AR, 2016, 11(4): 433441  hitps:/dx.doi.org/10.11992/tis.201605033


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202307002
https://dx.doi.org/10.11992/tis.202010012
https://dx.doi.org/10.11992/tis.202010003
https://dx.doi.org/10.11992/tis.202007042
https://dx.doi.org/10.11992/tis.202012014
https://dx.doi.org/10.11992/tis.201710019
https://dx.doi.org/10.11992/tis.201605033

5519 B4 5 W B OoRE R & % it Vol.19 No.5
2024 4E 9 A CAAI Transactions on Intelligent Systems Sep. 2024

DOI: 10.11992/tis.202307002
W & H BR 2 htps://link.cnki.net/urlid/23.1538.TP.20240828.1350.028

MIEHITAS BRIREREE

KE, T4, 515

(AREIEZRF HENMAFERERRKFR, LI A RIE 150001 )

T E N TS 25 N AT A B 5 B R R GRS B AR [ B, 42 T 25T FairMOT $iiE s £
H A5 IR 2 B (multiple obeject tracking algorithm with anti-occlusions, AOMOT), 1 JCil i3 5 5 Ak i b, i 4
ASRNZE WIS SUAF B, 98004 A 55 F0 8 RURIAE 55 A9 35 SO g, AR 82 TR0 AT 55 19 1 B 42 P X A U A 55 194 5%
Mo LU T A B S R PR BT A RSN AE, s Ry 8 g T B 28 PN RRAE I X 43 B, Y4 RAT N BB 1R B
DCBL — S0ME b S AR IR I B )4 . B SR AR B 0 G AR A5 R AR B H bR b G R 0 4, 5 R
BN FLBR B 6y SCIE T S8 R B RRAE . SER 45 R KR, AOMOT M LL A FairtMOT 7E MOT17 %4 4 b i

M BRI B AR T 1.5 B ar i, B0 F1 A BT 3 B 40 i, SR YN0 B0 BR AR 32%,
BRI AT NERER s ARSI SN SIS PRy ARy FRAE SR
FESES . TP39] XBRED: A  XEHES: 1673-4785(2024)05-1248—09

RS AR KEED, EEE, 54 MIEENITA S EREBIREZ J]. B8 RSKFHE, 2024, 19(5): 1248-1256.
5| & : ZHANG Guoyin, WANG Chuanbo, GAO Wei. Pedestrian multiobject tracking algorithm with anti-occlusion[J].
CAALI transactions on intelligent systems, 2024, 19(5): 1248-1256.

Pedestrian multiobject tracking algorithm with anti-occlusion

ZHANG Guoyin, WANG Chuanbo, GAO Wei
(College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China)

Abstract: A multiobject tracking algorithm with anti-occlusion (referred to as AOMOT), which is based on the Fair-
MOT framework, is proposed to improve the accuracy of tracking systems in crowded pedestrian scenes. First, the light-
weight balance module decouples semantic information at different levels to minimize semantic conflicts between detec-
tion and recognition tasks and decrease the impact of performance improvement in re-identification tasks. Second, the
self-attention structure is adopted to extract pedestrian appearance features and improve the discrimination of intra-class
features under local windows. The matching consistency of pedestrian identity information is enhanced, and frequent
switching of identity signs is reduced. Finally, the identity association algorithm is optimized to mine occluded objects
in low-confidence targets, reincorporate them into the target identity association, and update their recognition features.
Experimental results show that, compared with the original model in the MOT17 dataset, the improved model enhances
the higher-order tracking accuracy by 1.5 percentage points, improves identity F1 score by 3 percentage points, and re-

duces identity switching by 32%.
Keywords: computer vision; pedestrian tracking; target detection; re-identification; association algorithm; anti-occlu-

sion; self-attention; feature extraction
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Table 1 Impact of different modules on tracking perform-
ance

LBN WAN MOTA/%! IDF1/%1 IDSW| #JE/(f/s)1

62.5 70.3 235 14.4
v 62.1 71.0 217 11.6
v \ 62.4 71.5 228 10.7
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WEPYYK 42 5215 OraSORT 5 FairMOT fifi H %) Deep-
SORT 5 i Xof R 5 00 SR A 52 i, SI2 6 &85 SR 56 2
Fras o it ST T Pk B AE MOT1S Al
MOTI16 £ 4 1153 45 2 h MOTA 43 51l 48 7t
0.1 B4/ 0.2 B 4345, IDF1 435427+ 0.7 & 4

ST 0.8 H 4y A5, IDSW 4351 N R 10% Fl 6% 45
RFWE T DeepSORT i ) OraSORT B 74 7F
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FE MR, I BLAKE B P B AR I AE P8 T i
Al A F AR R HE AT AL, X JF 4R DeepSORT 1Y
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Table 2 Impact of different association algorithms on
tracking performance

Bl Ttk MOTA/%?1 IDF1/%7 IDSW|
DeepSORT 66.2 732 146
MOT15
OraSORT 66.3 73.9 131
DeepSORT 83.3 81.9 545
MOT16
OraSORT 83.5 82.5 515

2.3.2 MOT Challenge L #94 R R 5 b7 ik 49

X} He

J T 4T PEAG AOMOT #5581 i 47t 3 24 fig
AOMOT fifi F{ MOT17 i 4L #E 17 974k, IF 5
JUAE Y A AR R0 00 47 % He, g5 IR A6 3 iR
NLEE X 45 AT DL & B AOMOT A Eb FairMOT
TE HOTA .| IDF1 L5l A 1.5 B 8.3 B
s, HIDSW T [% 32%, H A kb H Al 455 5 7
HOTA. IDF1 Fl IDSW 35 8| T F 4 AR . &
Bl AOMOT 7£ R ¥ H i, %F T H s & A8 K+
SEN P A B H bR WA R A
P (HJRRERIAE MOTA 545 I 145 5K F CSTrack,
GTR 5 SGT. 4 #7)5 K J& CSTrack ffi F T % & 74
) R K S B OB F AR AIE . GTR 4 L s G I 2% 78
DETREY b A7 fiH, Mi4k7K T DETR ) H 45
K BE 71 o SGT &F X HARK I 2R & T & 4EHFAE .
X3 Ay B AR T T AAAE B AR AU Y RE
(B R) s 3 i T R

®3 MOT17 Wik S H A ER AIRT LE
Table 3 Comparison of MOT17 test set with other models

Tk HOTA/%? MOTA/%? IDF1/%1 FP| FN| IDSW|
CenterTrack!"” 52.2 67.8 64.7 18 498 160 332 3039
TraDeS") 52.7 69.1 63.9 20 892 150 060 3555
TransCenter!" 54.4 73.2 62.2 23112 123 738 4614
MeMOT!? 56.9 72.5 69.0 37221 115 248 2724
GTR® 59.1 75.3 71.5 26 793 109 854 2859
CSTrackl 59.3 74.9 72.6 23 847 114 303 3567
FairMOT!"?! 59.3 73.7 72.3 27 507 117 477 3303
SGT!'" 60.6 76.3 72.4 25983 102 984 4578
AOMOT 60.8 73.7 75.3 29 799 116 187 2257
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Fig. 4 MOT17 visualization of tracking results
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