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Abstract

The features required for the two sub-tasks of joint object detection and re-identification mul-
ti-object tracking algorithm (Joint-Detection-and-Embedding Models, JDE) are contradictory. It is
difficult to extract the effective features of occluded objects by extracting object re-identification
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features through the object center point. This leads to unreliable object re-identification features
extracted by the model in complex environments, resulting in data association errors. A feature
decoupling module is proposed based on the FairMOT tracking algorithm, aiming at the contradic-
tion between object detection and re-identification tasks. This module uses coordinate attention
to initially decouple the multi-scale feature maps output by the backbone network, and then fuses
re-identification feature maps of different resolutions in a bottom-up manner. In order to extract
the effective information of the occluded object, a strategy of adjusting the variance of the Gaus-
sian kernel according to the visibility of the object is proposed, which is used to construct a super-
vised heat map of the object center point, and pay more attention to the occluded object and its
surrounding areas during training. The proposed algorithm is tested on the MOT17 dataset, and
the experimental results verify the effectiveness of each module, indicating that the algorithm can
effectively deal with occlusion and achieve stable tracking.
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Figure 1. Flow chart of JDE algorithm
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Figure 2. The overall framework of the decoupling algorithm
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Figure 3. CAM interlayer channel attention
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SEIR B 2 SRR N ZR AN . ASOREAY B S 7E COCO i £E[24] F 2RI S HOHATYIUR L,
SRJE 4 H CrowdHuman [251561E T4 MOTL7 [26]III 28 RT3 4 AT ROM i J5 7E MOTL7 Yk
(i 210 2 AT M. P CrowdHuman $ctis 8 R SR bk 2 i bsids, BRI B0 AR 4 F 1 B
J7 [ONMZRE RN 733 B Adam [27]10 4625 B 240, Fa N R K/ B Dl 1088 x 608,
Batch size %0y 12, =354 30 4 epoch, ¥IUhE IR E My 1074, TEHk) 10 > epoch J&ky 10°7°.

4.2. SRROEER

AIAE MOTL7 B0 UESE EXT AT 7 v R ER M R EAT M. 2R AR ILH 7 Bbry AT %1,
%20 4. 9 BUFAABDESCRINEIEAT NI, HARONBERR AR E# sh T N s, BRERG SRk
1 fiom. i I EREF VRN F8 455K T MOT Challenge J:4E, BT B4R & UAEZ 2 hik T T M4k, N
T VLA R R R AR X EREE TR RE MU REM, AR SR 4 W4 T A FF %I - HOTA. IDFL #1 MOTA =
AN ELFRFR LA I F1 bRy AT AL EE D O F /I ROSE H AR (GE SO THTAR /N T 900 ~F 75 48 ) i o LU i) 4 &
Blo IWF 1 RaTLLER), B0k b= ANabrb 0 v 408 FI/INEEAS LU (388 0 sk /b, Jeef,  IDFL Fabm
AN 0 IREA 5 HLES I EE K, T HOTA A1 MOTA 323/ H AR AR ML 0 BEAS () XL E 540 .
WHEF A1 13 ik 0 AT AL FEREABAEAE AL 2 1/ B AR, BEIN IDFL ARSR AR =45 735 T HOTA Fil MOTA
135 55 10 K71 11 B0 B AR R, X 3] B AR 21l ORI iR 1) FZ R R . v 17—
BRSO 20, FRATER 3 dhxd b T RZRA IR 5L . AR R R, *RREHAT
SimpleTrack [10]14%H (IS HEHE, BA*R KA FairMOT [oCBRHRS . MK 3 S5 ]RATLUE S|, a6
F FairMOT [JCHASRBS IS, AR SC 572 e s S it ) 28 T AR K BRVE7E HOTA AT IDFL A EZE 48 Ax 4l
Tt 7 0.8 A 1.1. IXPANFEARFHETH UG B AR SR 4 B0 R 0% 4 U m] X 43 1) B ARRIRRAIE . AEAE A T
SimpleTrack AT #& ISR IS 5, AR SC U7 v bh e S 8 1) 25 - A4 1) 50772 HOTA. IDFL Al MOTA =4
BAEAR B3R TE T 0.8, 0.7 F10.8, JEH MT 1 FN #EAEUEIE BB A . 1 2 B 7 A T AR5 E AR AT 1) BR B
SET, ARSI HE (R AIE A R AR R B % A ORI i ) SR AR AR A TR AT G B A, AT 4R TR
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Table 1. Tracking results of different video sequences

= 1 TR SIRIERERES R

FF51 HOTA? IDF11  MOTA? MT?{ ML/ FP| FN| DS
2 395 50.4 422 10 17 658 4916 160
4 68.2 84.8 83.9 52 2 823 2970 96
5 53.0 72.9 67.1 22 12 31 1039 37
9 60.7 76.7 776 14 1 23 606 20
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Continued
10 54.7 75.7 64.3 12 2 295 1775 55
11 55.9 65.5 67.0 17 12 275 1179 38
13 56.5 76.6 66.3 25 6 329 684 58
All 59.3 75.0 70.3 152 52 2434 13169 464

Table 2. Multi-object tracking evaluation index and its meaning
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Figure 4. Line chart of tracking results
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Table 3. Tracking results of different tracking algorithms on MOT17 dataset
% 3. TEIREFEAAE MOTL7 BUIRE LRIREREE R

&3 HOTA? IDF11 MOTA? MT?1 ML} FP| FNJ IDS|
FairMOT 57.8 72.3 70.7 159 55 2350 13,117 370
SimpleTrack 58.5 73.9 70.8 158 49 2695 12,663 431
OUR 59.3 75.0 70.7 152 52 2425 13,169 464
SimpleTrack* 60.2 76.3 71.6 159 61 2119 13,036 191
OUR* 61.0 77.0 724 161 63 2150 12,582 203

4.3. jHRESELE

A EZQH AU AR Rl G CA VER JIMRAAERS H bR = A% SR HENE o F TH 2 T
XA GERATIH RS, W RLSIGTE MOTL7 JGIE4E ik T, Hrhak 4 N7E FairMOT 53k B4
BRI ARZE SR, BU_D IRE AR M b &b, OA o FH Y B b i B 1E N kS, CA Ronfl
Fl CA VEEJIMRHE. W 4 Z5RATLIES], 78 FairMOT &0 Fsoin A\ | s ERt &y 5, HOTA
ATIDFL 3387t 7 0.9 A1 2.2, MOTA 1373 B& 5 NI, MU A FHIE RS B AR s % IS RS 5 %
3Bt 1.0 i) HOTA 4343 F11 1.8 1] IDF1 4353, FF H. MOTA 1§53t RGN T . LE R X
ANENE 2 5, BRI IREEVERE/E HOTAL IDFL F1 MOTA =AMaks L#H 7T+ &5 CA
E STV 5, HRAE HOTA. IDFL Al MT = MEhs EEUE T BEEE.

W, BATHE T SE. CBAM Il CA = HFA Rl B JIBLHAEN] D AR IS 1A 24P, SEER7E MOT17
WGREE BRI BT 2R, £ MOTL7 IIZRE 5 -3/, 45 R 5 from. N3 5 25 RaT LA 21,
WAL SE ER JJHATYI MRS, B REAR PRER ORI & N %, IX ]R8/ B T SR id v = ) ok
Table 4. Ablation study of different modules on the MOT17 dataset
F< 4. 7 MOTL7 HIBE L3 A RIHERATHRL S

A7 3 HOTA? IDF11 MOTA? MT{ ML, FP| FN| IDS|
FairMOT 57.8 72.3 70.7 159 55 2350 13117 370
SimpleTrack 585 73.9 70.8 158 49 2695 12,663 431
BU D 58.7 + 0.9 745 +2.2 70.4-0.3 158 49 2766 12,803 402

OA 58.8 + 1.0 741+18 703-04 161 49 2542 13068 440
BU_D+GA 59.1+1.3 746 +23 71.1+04 158 51 2743 12,399 471
BU_D+OA+CA 59.3 + 1.5 75.0 +2.7 70.7+00 152 52 2425 13169 464

Table 5. Effects of different attention mechanisms in initial decoupling
7= 5. NELZE ISV S RRFEIT R

ERA HOTA? IDF11 MOTA? MT? ML FP| FNY IDS|
SE 56.3 70.7 67.5 144 61 3024 14,113 437
CBAM 56.3 72.8 68.3 141 55 2541 14,175 438
CA 57.2 735 68.3 139 53 2583 14,079 447
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Figure 5. Visual analysis
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