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Improved YOLO Based on Swin Transformer for Dense Scene

Pedestrian Detection Algorithm

ZHANG Sen-yi, ZHANG Xue-song* , GUO Jia-qi, JIN Hua, LI Guang-yu
(School of Railway Intelligent Engineering, Dalian Jiaotong University, Dalian 116052, China)

[ Abstract] In dense scenes, the frequent occurrence of occluded or small-scale pedestrian objects poses significant challenges to tra-
ditional object detection models, frequently leading to a high number of missed detections and false positives. In order to solve the
problem of high false negative rate and false positive rate in pedestrian detection in such dense scenes, a novel dense scene pedestrian
detection framework called ST-YOLO was proposed. Firstly, the low-level small object detection layer in YOLOvS’s backbone network
was integrated into the feature pyramid network and path aggregation network structure, adding a pedestrian detection layer for detecting
small objects. Secondly, the neck network of YOLOvS was improved by utilizing multi-scale global information based on Swin Trans-
former and local information extracted by convolutional neural networks ( CNN) to construct aggregated features and enhance the
network’s feature extraction capability. And the SIoU ('scalable ToU) loss function was introduced in the prediction process to accelerate
the convergence speed of the model and improve detection capability. Finally, Soft NMS ( soft non maximum suppression) was used in-
stead of the original non maximum suppression (NMS) algorithm to reduce the problem of mistakenly deleting detection boxes during
the non maximum suppression stage and lower the false alarm rate of the detection algorithm. A large number of experiments on the
Wide Person dataset have shown that the improved ST-YOLO algorithm has improved accuracy and mAP, s by 5. 7% and 3. 6% respec-
tively compared to the current mainstream YOLOvV9 algorithm.

[ Keywords ] object detection; dense scenes; Swin Transformer; YOLOVS ; feature fusion

YKim B, 20240903 EiTHHI: 2025-04-14
EEWA . EHXKBRPIAIES (62276042) ;10 T4 B H ITRHARIFEI H (LIKZ0486 , LIKMZ20220838 )
F—1EE . KAHRZE(1999—) , B, DU T RE A LS A . AR5 1 SEALIGE . E-mail ;2422272403 @ qq. com,
CEEEE . RTA(1980—) I3 DU AR BN W WIS, BEAE S ) RS B REDE AL . E-mail : zhangxuesong@ djtu. edu. cn,

ML . www. stae. com. cn



2025,25(21)

SRFRZE & HE T Swin Transformer B0 YOLO MB35 504 T KGN 50k 9019

TE 425, BB ST Al 2 AR 0 S TR e, A
AL X P ET 7 5 H 253 m . 7E X sl it
o AT AR R T A G A 55, AR
WA P M RED g wE ) A A
SRR YR . SR, A% S8 AT A ARG I B8 125 7 T %o
82 ARYFT by o A A R BN A, A7 A8 3 AR RS
% SR 22 A5 Tl i, BRI, B AR B AR R AT
NKINEEEE | I X T X Fhidg & T 47 N B s rd ke
MAS R SRCR A EEE LS,

BEXT B BT 5 b AT AR [R] 8, AR 22 i
FHEE LN YOLO (you only look once) % 51"
T DX I R A 25 X 25 ( faster region convolutional neu-
ral networks, Faster R-CNN) 7 Z¢ H b6 I & 1k gk 47
TEZREARBIR . FRES 5T YOLOVS SRATN
FOSUIAVRFAE 4 7 5 190 246 50 it ks T 2% o 1) i A2 2R
A W2, s 22 KRB RRAE 9 @l A B8 1, 48 = XA T
EARIRIMIRE 7 o BF48 40 R AR AT (itera-
tive detection, IterDet) X} Faster RCNN #E 17k dk, A
B Ve AE A K AE 4P i ( non-maximum  suppression ,
NMS ) B B FCME 7 1264 iy 3 14 [l 4 22 (1]
15 S P MERT . SCHER[ 10 ] X638 I H (intersection over
union , ToU ) M HAFTE (1) 3 Fids FEHE [B] )5 458 2% pR A
57X 43 #, 313 T Alpha-ToU 31 SHAE [1] )5 45 2%
PRSI AR TR 458 2 pR B IE AT 2l it #2418 T —FPF Focus
Multihead Adaptive-YOLO %% 8247 A K 77 3% , I 38
T SRR T 7R R A S iz Oy v B A R0k B 1
PTG, B AR R AT 43 B AU
B YOLOv4 BRI b AL e AR, T A B T P 2% 119 Ry
TER B8535 | AGE 18 BBl i SR g e T
P RE A A /N B AR AT NS DUORS B2 . VAN
A5 2 0 45 RIS I 4% v T A 2 B TR R
53¢ ( convolutional block attention module , CBAM ) 3%
55 DR 28 6P A T N B A5 B A B BURE ), 76 DR T A I A
JEE A [ o 48 T A 0 s 3, SCRR [ 13 i 1 — ik
T4 AR NRE S A B S 2ok R R A R
(1485 J2 90 22 18] ) 3 AN ] 1) 3k 22 45 48 o AT R Ak
7, SR AR B B A R AE I A R S
FERIRENS S BN B AR I 57 T 1 2 RUE AT A H b itk
ARG eI

B ot 2 B S s v ) R R S P 7 Y ) A, R
P& —FlopT i 4R 5 AT AR INAEZR ST-YOLO, Al
FH Swin Transformer' "’ FEE HPLEINT YOLOvVSs $E4T
BHEDAL, BE YOLOVS 90 25 455 84 1) 39035 199 465, T
JIN& 7 Swin Transformer 152 JJAOME e i B A S
P& 2 RFHEE B B PRFREAR B, [l i
BT KAEE . 7E YOLOVS 4RI (AR 5 )2

HE 1> 0 S80I 53 SR X 2% 4R 37 i /I H AR
Rk 3k 22 ROEE Sz BT SR IUEMR 1 42 )Ry
FROUEAUR TR A AT BARERL, FIH SloU #i2%
PRI YOLOVSs H1 1 CloU ( complete intersection
over union ) i 2K PREL, LA 0 BB AR 9 Wi S50 BBE I 44
SRR IZ AL TERE ST, T Soft-NMS fUF YOLOvS
HRIECA ) NMS Bk 42 % A 37 S AT AR RS
B it 7E WiderPerson 4 5 b 7E 47 1 Fil 5 55 Fn
XoF S e i 4t Oy s TR 2 AR s b 1A A
FEHEE

1 HExXIE

RH ) ST-YOLO & —F 2 F Swin Transformer
T L B 3 AR 3 5 T AT AR J7 2l 455
Swin Transformer A1 YOLO & ¥, ] | Swin Trans-
former F47E T ML > 34 58 RRAE 23K B8 7, DA 4
B s R RE 7
1.1 YOLO B#ri& sy

YOLO 1E 4 5 [ B H Ak U 1 2% (A8 3%, DAL
Lt Faster RCNN #1 Mask RCNN ( mask region-based
convolutional neural network ) "' 45 X[ Bt 46 I J7 12
TP b B AR T ) 44 o X RR O 2 i AR 3L, 2
KA 07 ¥4 G U v 19 73 28 5 5 AT 556 O
AFESE A — 2D PR EURRAE 19 75 2, [R) B AR A5 A 1
FRFIA EAR B 3 AR T i) DL R B Y
Ko

YOLOv2' ' SR T80 K AR FE ML , 76 A Ll
Z EXEIN T K-means 528 I Az 0 U 645 2 5080 4R
FRIEHE ; YOLOV3 ! it — 28 71 4%, SR FH DarknetS3 1K
B4, B8 T 9 4% i REAE B ELRE 775 YOLOv4 '™
FIAT AL CSPDarknet53 2844, 456 T ik 4
FHE M4 (feature pyramid network , FPN) F4FAE fill A
el T TR RE . 7E YOLO RN ER
RIEHEFE T YOLOVS BRI ih, 5l A T — R0 55
MR R, IZIAS R A AR TR B RN i B2 B it T —25
R R R £, W 3 YOLOvVSn, YOLOvSs
YOLOvSm,YOLOvS1 Fil YOLOvSx 3t 5 FloAS [l AL f)
BEAY DLW X AN [\ 6 0 T /5 oK RN is B BE T
YOLOv7 R T SR 14 W 45 254, ORI T — 4
B PERE LA B AR, QiR #0011 (bottleneck
attention module, BAM) 45, M 7EKS BE HRIA T 42
Tt YOLOvS {#if T Anchor-Free 9 AH B85 B BE
%Bﬁj\ﬁjﬁ/a\*ﬁﬁ%( cross stage partial network with bottle-
neck , C3) B & 4 il 4 AR Al 5 LR (conv2d with fu-
sion, C2f) , S TR R AL

YOLOvS {4 4 NF EZH

ML . www. stae. com. cn



R T NI N N -

9020 Science Technology and Engineering

2025,25(21)

(1) A2 AT B s b B

(2) FEHEHEBCHE F 9 4% ( Backbone ) : % i CSP-
Darknet53 Jill P 25 8] 4 75 #ifk (spatial pyramid
pooling fast,SPPF) i AR LAME s R iE S

(3) LR G JZ (Neck ) : F) JH B 42 5 & 00 2%
(path aggregation network , PANet) (20] Sfe gl A AE >
(B A EX 2R, YOLOVS FORRIERLA 2454 .

(4) Ky 2 (Head ) < 7 984 UM 25 R 78
CloU /1 FHESH 2K PR LA K2 NMS R A #0619 11
ST i A S R A R E AR

2 TS AE R I S AP RORG B 22 ] BRAS TR 4R
S, e YOLOVSs Ak a5 )2 AE S SL A A, an
K1 PR,

8080x256 8080x256 80%80x256
) IIEHHH:II———————————— @3 >
A
80x80%256 80x80>256
UpSample Conv
40405256 40<40x256
40x40x256
SR -
[
40<40+512 407407256
40%40x512
i — €3 [
A
40405512 40x40x256
20%20x1 024
) Concat Conv
20%20x512
40x40x512
UpSamplel 20720~512
i
20x20x512 20x20x1 024
20%20x1 024
20x20x1 024
Conv @5 >

Conv HAEFHE; UpSample Ay 1 RAEJE;C3 1 3 RBERUZG
Concat A2
K1 YOLOvS RYRHIERLE 245

Fig. 1 The feature fusion layer structure of YOLOvVS
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Fig. 4 Network structure of the improved feature fusion layer
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Fig. 6 Multi-scale detection layer structure
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Fig. 7 Loss curves for training and testing sets
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Table 3 Multi-algorithm performance comparison results
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Fig. 8 Detection effect before and after algorithm improvement
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