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Abstract

Pedestrian Multi-Object Tracking (MOT) is widely applied in intelligent transportation, autonomous
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driving and public security monitoring. To address the problems of low small-object detection accu-
racy, frequent missed detections in dense scenes, identity switches under occlusion and the trade-off
between lightweight design and detection performance, this paper proposes SSA-YOLOX, an improved
pedestrian detection and tracking framework based on YOLOX and ByteTrack. The framework intro-
duces the SPHead small-object detection branch to strengthen shallow high-resolution feature extrac-
tion and improve the perception of distant pedestrians and dense targets; embeds the parameter-free
SimAM attention mechanism into the feature fusion stage to enhance feature discrimination and sup-
press background interference; adopts the lightweight ADown downsampling module to reduce com-
putational complexity while preserving key feature information; and integrates the optimized detec-
tor with ByteTrack to construct a complete multi-object tracking system. Experiments on the MOT17
dataset show that SSA-YOLOX achieves 94.1% AP@0.5 with 8.92 M parameters, which is 2% higher
than the original YOLOX. The tracking metrics reach 84.5% MOTA and 80.4% IDF1, and the number
of identity switches is significantly reduced. The proposed method achieves a favorable balance
among detection accuracy, tracking robustness and model lightweight, and can meet the engineering
application requirements of real-time pedestrian tracking.
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Figure 1. Baseline YOLOX
1. #% YOLOX

2.2. SSA-YOLOX #&1&5Y
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Figure 2. SSA-YOLOX
2. SSA-YOLOX
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W% AT ) Dark2 J2 R0 PERHE, (REE ZANRE R RE R, HamM 2O i T A AR AR &
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RGBSR RAFTERHE IR A5 1 R b 5 25 R 40T, BRI/ B RS A IV BE o AR SCLLER 1K ADown 5L
HARHEGTU R RFELE M . ADown Sl i P35t Ak (R 88 R 3B 45 M5 ., TR 4 PR AR AE 4 X5y 3
— YRS LI E IR SR, SRl A R KAk 5 1 x 1 SRR R B RHE, el miE P e
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2.6. i YOLOX @l#& ByteTrack % BiriREREE
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3. SKEERS5H

3.1. SR

SEEGHE T PyTorch2.1.2.CUDA11.8 #8353, i /4 IC & 9 RTX2070GPU 5 IntelCorei7-10750HCPU,
K MOT17 88 45 56 Al 5 R ERIEAY o FTA S2IRIE ) MOTChallenge 23 FFAS MBS, A 45 Sl SSA-

YOLOX HEAH, %4 ByteTrack 58 I IEL

BB EINE 1 Fx, BITEFRER AP@0.5:0.95. /N HIR AP@0.5:0.95. AP@0.5. ZH&E(M).
GFLOPs; BREZEFEHEHE MOTA. IDF1. G4 U1#kEADS) R FP) A (FN).

Table 1. Training hyperparameters

= 1. )I%BSH

Hyperparameters Configuration
Image Size 640 * 640 * 3
Epoch 200
Batch size 4
Learning Rate 6.25x 107
Momentum 0.9
Optimizer SGD
Weight Decay 5x 107
Close mosaic 15

3.2. NEEEEDHHIFIEE

NIBAEAS [R)VE S WLEITEAT NRTIIESS R MR BEZE 5, A SCHE YOLOX + ADown [ 4% 45 #4 5:fifs |4
AEIA SE. CBAM. ECA. CA Fll SimAM V= ML, FHAEAAFVIZREC B N 2475 b segs, seinss fan
%2 R

M 2 ATRAE H, SIANER NG, SERERNYERE DT 39 A i, (BT IE A — i 2
5. SE. CBAM fll ECA 252 #y¥: & SIWLHIH) AP@0.5:0.95 73 HIEE] 73.1% 73.3%F1 73.2%, /N Hinks:
TFEAR APs 43 31N 43.8%. 44.0%H1 43.9%, % T YOLOX + ADown FEZEHE(AP@0.5:0.95 A 72.9%,
APs N 44.0%) (IS A BRIET:. [, XEe)7vk 5N TAMA %24, SEEASHEMTE R
HIMAFREEK . L2 T, CA 5 SimAM SR IUH H AR RER #EAE 7. Kb, CA ¥ AP@0.5:0.95
T2 73.5%, APs 2 F+ 2 44.3%; T SimAM FETG T 5| NN AT 5 2] SEUA S DL N BUS 1 S el e g,
H AP@0.5:0.95 152 75.4%, BIELBASES 2.5 NE A, BRHEMERAIVSRAL 2 NE 55 /NE
FRAGIIAEAR APs 53] 47.3%, BIELLBAIEET: 3.3 ANE 4, RUIHAER T hna ot sn /s B ARRFIER
kR

Ak, SImAM IS EEAUN 8.29M, GFLOPs A 12.96, SIELRRA{RFF 3, RXFHA G 44 BF itk ik
BN . ZEEKRE, SImAM TERTIRERE . /N B ARAl §E ) DA SRR 4% B Ak 2 [ HUAS 1 SEAR P47, 568
E T HAEAT AT S5 A S & v . BRIk, AR 2% R SimAM /E9 SSA-YOLOX (VR 7J
ST .
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Table 2. Performance comparison of attention mechanisms

2. EZBRNBIEREXSEE

AP@0.5:0.95 (%) APs (%) AP@0.5 (%) Para(M)  GFLOPs
CA 73.5 443 92.1 8.32 12.97
SE 73.1 43.8 92.1 8.35 13.01
CBAM 73.3 44.0 92.1 8.38 13.03
ECA 732 439 92.2 8.31 12.98
SimAM 75.4 473 922 8.29 12.96

3.3. HHRRIHRESC Iy
N SAETAT R, JT RS, Z5R 0K 3 PR,

Table 3. Ablation results of detection modules
= 3. WMAESERASEIE

YOLOX SPHead SimAM ADown AP@0.5:0.95(%) APs(%) AP@0.5(%) Para(M) GFLOPs

V d 73.1 43.7 91.1 8.94 13.38
\/ \ 733 45.2 92.2 8.94 13.38
% \ 72.9 44.0 922 8.29 12.96
V \ V 75.4 473 922 8.29 12.96
V 76.6 49.5 93.9 9.57 29.54
V \ V 76.7 49.3 93.9 8.92 29.12
V \ \ V 78.2 51.1 94.1 8.92 29.12

58, 5l SPHead /N HAntill 7350, BIAMERE W IETE: AP@O0.5:0.95 HHEEZ 73.1% T 2 76.7%,
AP@0.5:0.95 (small)HH 43.7%F+ %2 49.3%, AP@O0.5 H1 92.1%F % 94.1%. %45 KK, SPHead it k)=
o HEER AR B, A RO U/ AR T RAERHE ) A, KiE SR/ Bkl A Bl 2. Hoik, 5IA
SimAM J& , AP@0.5:0.95 H 76.7%" 40N 76.6%, BAALRFE R E s HULFEIRS, /N BARK TR AR APs H 49.3%
PRI E 49.5%. UL SimAM Xt RN EEEETHA R, (HReaEE— bHam N B AR5 2 228 = 5 FINRHIER
EREST, NIGEAREH RIS IR . 5, 51\ ADown BEAL T RFERER, BIAISHEH 957 M
B4 28 8.92 M (Y21 0.65 M), GFLOPs H129.54 [ 45 29.12; [F) i K 4 A [0 T 22 £ AL : AP@0.5:0.95 = 78.2%.
AP@0.5:0.95 (small) =51.1%. AP@0.5=94.1%. SEIUFSE, ADown 7E PRI ES I IR, AT OR BY O
FHEE R, SR EN S ER .

CEOTR AR, B SSA-YOLOX AV DL 8.92 M Z%& . 29.12GFLOPs, ¥l AP@0.5:0.95 =
78.2% AP@0.5:0.95 (small)=51.1%. AP@0.5=94.1%KI N IERE, BILLHIALE /N H AR, RS HE
P R = T SR E T

3.4. IREFMEEITE

PREZVH LS IRE5 R U 4 PFizn . SPHead $2T1/N HARH B2 AR, VERERSEOESAT I ;
SimAM H SRS AR A I, R PE S .
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Table 4. Ablation results of tracking performance

4. IRERMEREIHRASCL

YOLOX SPHead SimAM ADown MOTA (%) IDF1 (%) IDS FP FN
V \/ 83.3 79.2 1196 16,249 38,887
\/ \ y 84.2 80.6 1083 14396 37,857
y \ V \ 84.5 80.4 992 14,922 37,327

BRIERVH @hsLi0 gk R, SPHead i id/> /N HARJRAL, A ByteTrack & ftESA NI, {f MOTA
153 83.3%; SimAM G FEFHEFAEFI AP, HE— 2% MOTA $2 7+ 5 84.2%, Sl $ %4 1083 Ik
SRR , SSA-YOLOX + ByteTrack ) MOTA & 84.5%, B3 DI /BN 992 I, B R LR BARAK 17.1%.

{EAS 9 VR 52, ByteTrack {XUK GRS I B 15 1 58 BRPZE R Bk, FE K 5] NP E R3] (ReI D) o (R I,
S U B R B 2 SRR T SSA-YOLOX il it & 4 1, BIPRS00 W 2480 S o2l o iX 3R
AR H ARSI SO SRS BE S A R T I SR BRI RE
3.5. XFEESCIE

¥ SSA-YOLOX 5 YOLOv5. YOLOvV8. YOLOv10. FA4: YOLOX Xt a4 AR SSA-YOLOX HY
AP@0.5=94.1%, NFTEHR iR, SHEMN 8.92M, 5JE4 YOLOX (8.94 M)FEAFET, iZfkT YOLOVS

(112 M); /4 GFLOPs [A] SPHead 4 X F+ 45 29.12, {H ADown fRESRHE RIS, TiiREr b
SRR W], SSA-YOLOX fEM: 5 5% Sl 2 RIS B A0 T4, SEIE & 1A 20 0m S % o X LLah SRuns 5 Bs.

Table 5. Comparison with mainstream detection models

5. ERMIERIFTEE

AP@0.5 (%) Para (M) GFLOPs
YOLOVS5 87.5 7.2 16.5
YOLOv8 89.6 11.2 28.6
YOLOvV10 88.1 8.5 21.8
YOLOX 92.1 8.94 13.38
SSA-YOLOX 94.1 8.92 29.12

PREFSERT LN S 6 B, ASCJ7954E MOTA. IDF1 5 IDS #5#5 E3 . ZE LT SORT. DeepSORT
556 ByteTrack, BREFEHEL S0 IRFFEE SIILA TR

Table 6. Comparison of tracking algorithms on MOT17
3 6. MOT17 BUIEE LIRERE AR L

MOTA (%) IDF1 (%) DS FP FN

Sort 77.8 72.1 2420 23,820 39,650
DeepSort 79.6 745 2396 21,155 39,122
ByteTrack 82.6 76.5 2133 19,418 37,141
Ours 84.5 80.4 992 14,922 37,327
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3.6. YOLOX 5 Bytetrack &5& 31

AL MOT17-03-SDP MR FF 51 b HARas 8. AT A AR R A F B, T SSA-YOLOX
+ ByteTrack 5% 54 YOLOX + ByteTrack 528 7 R AT AL EREZ XS L, 45 R 3 Frs.

Bytrack

PresEis

25131 Wi #5153 i

Figure 3. Visualized comparison of tracking results for MOT17-03 test sequence
3. MOT17-03 MR ALF AT AR AL BR ER IS EL 45 R

PERERFRI IR EEEE R, i) IR A R B R W R kI — 2 AR SR IR ], i)
THIZE A 28 2T A BIAT NAE SR 131 WK PG IR LR BEA I 2, B A28 153 Wi B 800 40 1D 80, R 131
P T 2RSS RFAE HAR(ID 49)7E55 153 Wit HAR B 2K, RUERFERIREE: —R%HEY = NRHEE
PEAE, A7 NI FRRE T30 S BRI 5 B ID 9 RCiR AL, sl i st S e e .

A ST FEAEA R 5 N R BB R iR T 0 T RRBIRIRR A AKAT N, T EELE
55131 MBI AR K I E 43 ID27, HiZ ID 7658 153 Wb (RFFAAE, RIS, [, Args
T I A 2 ) SSRFAE B AR BB 5 FRFTE AT N BARSSe8l 7 Az E ki, witla) B AR ID A Bk AR 5L
TR, HRRKE T B AR LR .

X A R AT SCE SR T APs FRFRIETE. IDS febs PRI R e EvE, Lidniifbs
533 1 APs 52T+ 7.4 NE 3 LA 4 T IDS FRE 17.1% 0 B 45 KA — 8 WL Z ISR IE T SSA-
YOLOX TE/)s HArksr il 5 B - R 75 T FRIAE S

4. &g

ASCE X B 435047 N2 BAREREE R /N ARSI 22 S SIS A5 S R b e i L,
4 SPHead. SimAM. ADown &[] SSA-YOLOX &5k, I£5 ByteTrack FREFMESLLE A, M
HI4T NZ HARIREE RS0, S2E67F MOT17 $iE4 I, SSA-YOLOX K AP@0.5 = 94.1%, #5/E YOLOX
(92.1%) 8Tt 2 NE 7 s R ByteTrack Ji, EREFFEFRIA MOTA =84.5%. IDF1=80.4%, S{)HikEL
12992 K, )54 ByteTrack FEK 17.1%, SH0RL 8.92 M; FREFFEFS MOTA & 84.5%. IDF1 ik 80.4%,
BB IR, FREEVEREIE T SORT. DeepSORT. Jii/f: ByteTrack M Tt YOLO RANEEE, 7
AR N B A AR SRR e, HL R ST MR . R — R i A
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