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Abstract

To address the high false positive and false negative rates of existing pedestrian detection models
in complex scenes, particularly for small and densely clustered targets, we propose Swin-YOLO, an
improved pedestrian detection model based on YOLOVS. First, the SE-Conv module was designed,
which effectively enhances the model’s feature selection capability by integrating convolutional
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operations with attention mechanisms. Second, the Swin Transformer (ST) module was introduced
to leverage its large receptive field for improved long-range modeling. Finally, a multi-scale convolu-
tional module based on deep convolutions and dilated convolutions was constructed at the output
layer to achieve efficient multi-scale feature fusion with reduced computational complexity. Exper-
imental results demonstrate that on the TinyPerson dataset for small-object scenarios. The Swin-
YOLO model outperforms the YOLOv8 model by 6.5 and 2.5 percentage points in mAP@0.5 and
mAP@0.5:0.95 respectively. This effectively reduces false positives and false negatives, to address
intelligent driving assistance and road condition warnings, an effective improved YOLOv8 pedestrian
detection model is provided.
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1. 518

17 KRR SR RAT 55 B — DI BOR, H H B Tkt 501 B sh e R sl A
FEN I AT N o X LR, 1588 TR 5 S BRI RF S R R, B4 M 45 (Convolutional Neural Net-
works, CNN)FEAS HAL S FOAFAE SR HUAE J1, ARORHLAEHE 1 TH SN o AUk ) b A e (1], TR R )
AT N MGG I T V2 AE A 207 T AR 1 R 38T, e 1. B3 A B Ss @ B AU 2 1
2R o AR R FAAE T 3 i AR SIS L], ANTRE Ay TR, AT AR I I 2% B
iy AN B T2 R S AR 95 A SR A RORFE 2] 7E B PRI U, TR S SR A A o
BEIEM— BEEM KR . BT P BREESC RS, BN BARIRGe oA 2, B s BeAr
NBEUGRBIEIZ L N T FIRE T

— B BRI EAEAE B ONN fE 2 BT R B AR TN, BENS — B 58 AT NRIE AL 570 RAE 55, R illid
FER, 7R/ HARK I B R 3 5 E . AREREVEA SSD (Single Shot MultiBox Detector) [3]« YOLO (You Only
Look Once) [4]R%1]. Mz REF[S]E YOLOV3 HiE, 5] A% (A4 F5th{k(SPP, Spatial Pyramid Pooling)
P R IERRAL RE T, AEBLIEA EAT 7T 0 T 22 RUBEARHE R Bl & 7570, SERURHAS I 44 1) 2 1) 5 1 SO
JiH RGBS, DLe IR AR R 5 He NG SR ) . Fu S5 [6]52H 1 — ML T YOLOVSs i
] YOLOvSs-DC &32:, 1@ BN RS YOLO Sk AT i e, DA RIRIAE /328458, I
HAEAR R S 73 AT 55 (0 R A R T T

BOR EIRTNEA BRI AT NEMBAR B 55 RS R, (E 2 58 H AR /> HARSE A6 0L
H T HERZ R AR SEOEABZ B A TR, MLV Rt R BT UER,  HIAT R Z 0 By
MERYRVERRRE, WY SERFR ARG o 28 S Y B A R g o 45 1) 7L

BEXE R A, ASCHR TR YOLOVS (AT AR Swin-YOLO, Swin-YOLO f£#ix K FE
JEORHF YOLOVS JRA Gk i) 3eail EakAT 7 okcik: #ok, ASCIRM 1 — Mk Tl e = AL ) SE-Conv
B, 2GR KB = ) SE-Net [7] S hr G B BEAT IR BERE &, A3 RO 5 17 A0S S BARFAIE 1) 5
ERE . R, N THRIPER KRB ), RS LN UEE, I T Swin Transformer [8]
JEAeAk, T ST (Swin Transformer, ST)REER . A 2%, FEALAY 4 o A4 28 1 3L TV BE B AR 9 FN 25 Vi 45
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1011 22 ] B AU B (Multi-scale Convolution Module, MCM), 33 34 i1 94 2% 55 5 48 AN [R) R~ i 3
B, SEll@EAE REERHERLNG . B ERFF BT R AR R RNy, 3G am AR 2 RBEARFIE 142
IEE ), $RTF TRAERIS I 2 FEIEAI & .

2. KiH7FE

2.1. YOLOVS

YOLO (You Only Look Once) @& — i 5 T 5 [ Bl SEAEL () H Bmer S50, 122 050028 FH i 384t 114 [ 4
WILE LT, 4 H RS E L5 93 FAT S G —TE— DG AR N 45 (CNN)ZEAL o it B 48 e U5 F00 470 Ak fr i
HEALFRFISERIREZS, A R0k G 1 A% Gokar U 5002 o 2 Rk ok XA ot 7, B3R TR R . ol
ZREARENR, YOLO R¥ICKELAHE YOLOVS [11]. YOLOVS [12]2EE N e B E LK &R, Hi
YOLOv8 5 HAR S (I Re T 1tk 7ETH UL E BRI S AT ANV S 13] 5 b 82 A R 3 H 5 K )
SCHAME, HizORE S Tt ae 58 R P AT st

2.2. Swin-YOLO R4& & RILE

AFFEHAN 2B Swin-YOLO MBI 451, Swin-YOLO HE T4 . FMiMLE . SLEBILE =345
Hpl, HEMmE 1 R,
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Figure 1. Structure of Swin-YOLO network model
1. Swin-YOLO RIZ &R 454

2.2.1. BFRE

(1) SE-Conv &

SE-Conv bk 3 x3 HFHZE . fibEIT—4LBN). SiLU 3 R HOR SE vER UL, Haskyhn &
2 fR . EBEHLE SRR 3 x 3 BRI A AIRHAE, [ 508 SE ¥ & 1ML B A5 1 e [a] R AR
Wi 2. SE #EH ) Squeeze B Bl it 42 5 V-3t Ak e 46 2% (A5 5., SREUBIE 1 4 )RR AE, Excitation BBt
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PERE
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Figure 2. Structure of SE-Conv module
2. SE-Conv &R 25y

(2) Swin Transformer fH

B o A 28 A R 8 X 4 R 0 S 52 B Lo 7 ¥ DA S A B B A G AR IR ) f, A ZAE YOLOVS i+
Mg 5] N7 Swin Transformer (ST)fEER, T+ SE-Conv #EERLFRHEERL T SE yEE JIML&], BN T BEGlE
BICRA H YR T R, AZERERIEL Swin Transformer L) MLP, [ iz &,
5 Swin Transformer BRI 3 FoRs. 2RI #% 3 B DN LHIZE ORRRTE 80 (1) [R] IS 5230 1
RE RN B . A, ST BRI Transformer [ HJE = AIHLHISLHLE ) - 8 - HQKV)HIZIZS
AEH, AEMLE RS F S S SRR T AN FA B B OCBRIE, AT 3 = 1) B R SCRHE
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Figure 3. Improved ST module structure

3. BUFRHY ST HRIREEH

DOI: 10.12677/airr.2025.146139 1492 NILERESHLE AT


https://doi.org/10.12677/airr.2025.146139

Sk JE ) ST AR 1) 3 BEAH Rl AL HE B 11 2 3k H V£ & J1 ML (Windows Multi-head Self-Attention, W-
MSA)FIRE 5 i 114 3k ¥ & /7KL (Shifted Windows Multi-head Self-Attention, SW-MSA) B #i4y. Her,
W-MSA [1E R =R NRHE R A ZAA BRI RS E O, E8AE DML B EE ), did R
HE R RG], RS T BRI E R R, R RS TT 228 B (O@m?)) e B 2 &
HFE(O(n)). SW-MSA BECRHF T W-MSA HITHERE, G 7B 4 5 g giae /), (A ke 7 & g
BE IR TR . W-MSA 5 SW-MSA A2 & d /], fli Swin Transformer R ULJZ AL 77 2E
ARG R A R, BRI TRAESAE S T PERE, ST BT R AXQ.DAQR.2)FR.

2 =W- MSA(LN(ZH ))-l—z”l @.1)
2 =SW - MSA(LN(zf ))+zl 2.2)
o, 27 RIRBNEHIE, LN 2R 21k, 2/ /o) W-MSA [ EFIE, 2 R~ SW-MSA (14 AL .

2.2.2. FIEBRILE

ARSCHEH I Swin-YOLO [P 28 A5 78 [ 20350 9 26 T2 2045 Upsample £, C2f #EUFT SE-Conv itk
SE-Conv FEHR ) 4514 515 TP 2% 1 1) SE-Conv A58 4 — 3. Upsample AL 22 H THFE B F R
1B, R PR RHE BBCR BN S 0 i, DME SR ZRHE BT 2 REE G . A g 22512
B, tHEERG BRVCKRA 2 5 FoRFE, BEREEHINIT G RERY RAFERI RS . FoRFE S (RFE B
2 5RIE R PR EPHESUEN, BE 5 EZ W C2f Bt — DRl E, M s At/ B
P s e

2.2.3. SLERMILE

Sk IS Sk 4R F 22 RS AU (MCM) & 4 T IR P2 3 < 3 BRI, SEBl 1 3 m A
% RERHERREL, HAEMUNE 4 Fios. o200 3Cn A ANRFIE AT 28 BIMEER,  [51U343 SC 10 B FrAE
AR R R SE o A T 3R R/ BRI RS 77, SR BB R T, a4 = s B Rk Ak
L FHEENERERE (RIS XRS5 R AL R A3 SRAT 55 o et i 1 Sk 3R I 28 SR FH 22 R B AR E(MCM)
B VIEARPZ 3 x 3 BRI, ZEHE S = NIET 030 LM SR 3 < 3 BREE G BT I8 N AF
TEAREL, XA KGR T SEEATE R R RS ZES T 3x3 REBR S ERER(SHHE
=2), HZEEBEA 5 x 5 BRUZS B B 0 RIN 532000 7 SH0E, A 004 ScM@Et 7 x 7 %5
BRI E R LN SUE R . A R B a , PR 1> 1 SR AT 5388 1 5 iE
&, BRES T RFERERFHEGEE . R EWASI TR KRB, IRl 2 R R A
WS T I ARIERIARE 17, FEAR IR IIRS BE (0 R S5 3 3T 7 R

) ,,xﬂ/lulti-scale Convolution Module(MCM)\
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Figure 4. Improved head network structure
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3. SKER 54
3.1. BURE ST IR

N T RAIE Swin-YOLO 7E47T NRBMES i IERe, ASCEET I ATF B4R TinyPerson [14].
CrowdHuman [15]3FT 5250, HARETFEHE BWE 1 i,

Table 1. Data set details
= 1. HIEEFEWEER

EAEIIES WG IS IF AR A B AR A i £ 5t
TinyPerson 794 / 816 ANk oRll]
CrowdHuman 15,000 4730 5000 BT N5

T BRI RE, A SCRAREHRP). A RIRR)A T2 E I EmMAP@0.5, mAP@0.5:0.95)
YE NV TR, gk AR R R R AR, (HE T S5 SR RN P8 b5 A BEXT R M e A H 4 T
FIVEDY . KSR B RERAPEREESE T FEARWGE. ). (3.2)s B3)FGA)HTR,
TP

P= 3.1
TP + FP 3-1)
R=—1F (3.2)
TP +FN
1
AP = [P(R)dR 3.3)
0
1 N
mAP = —% AP, (3.4)
i=1
PRI B T EE— 25 RN mAP@O0.5 I mAP@0.5:0.95, H 3 EX Bl 2 FioR.
Table 2. Main differences between mAP@0.5 and mAP@0.5:0.95
%2 2. mAP@0.5 1 mAP@0.5:0.95 FEXH
LRI mAP@0.5 mAP@0.5:0.95
ToU RIMH [#] € 5. £5.(0.5) % EAF1(0.5~0.95, K 0.05)
PR RE RN R
Xof 5 AT 5% 22 TURK B RV B KRR Z) (TR EAL)
HH e EEE T AL

3.2. XtEEsCIg

T IAEA SCHE MR Swin-YOLO HIPERE, AT0K Swin-YOLO S5ILA Jeit ikitir 175
k.

B, N THUE Swin-YOLO fE/)N HART NRBMES H LGRS, £ TinyPerson #(#i4E LT T
WEEC LS . A 3 SEIG4E AT 40, ASCHE H AR Swin-YOLO A% T YOLOV8s 154!, Swin-YOLO 1%
6] 3 (Recall)F1 mAP@0.5 73 BTt 7.4 NE D A 6.5 ANE A, BUE T AN B AR R BIAE S5 140 bk
. M YOLOvV10s A1 YOLOvV11s ZE 508284, Swin-YOLO 7 i v #6hs EI R ERATSe 3. 5 2450

RN

OB /792 LMFI-YOLO [17]41EE, Swin-YOLO 7EA&Hi7R (Precision) F#2 T+ 0.4 N 4055, mAP@O.5 $25
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0.4 NE4T A, mAP@O0.5:0.95 3&FF 0.2 NE4r s, BARE IR H IR %, (EREA AR RE AL

Table 3. Comparison experiment of TinyPerson data set

%% 3. TinyPerson & X LL SLLE

it Precision/% Recall/% mAP@0.5/% mAP@0.5:0.95/%
YOLOVSs 36.2 17.0 15.6 5.4
YOLOv10s 37.8 20.6 18.9 6.7
YOLOvlls 37.0 18.8 16.5 5.9
ADE-YOLO [16] / 243 18.6 6.1
LMFI-YOLO [17] 383 24.6 21.7 7.7
Swin-YOLO (ours) 38.7 24.4 22.1 7.9

Swin-YOLO £ YOLOvVS 7E TinyPerson (44 b [ SEFRa il R Xt b &) 5 Fros . AT HeE HmT LA
i, PRI LR RE N 53 (earth person) 1] B ARAS I TG i 3 22 5%, (BAE BH4K 50% UL B3R AN K A g BN
i (sea person) H bl H, YOLOVS 5E & ToikAailiZ H AR, 1 Swin-YOLO WU BEAE A HAS It B F A g iy
PER KA R, R AR G0

YOLOvS Swin-YOLO

person 0.79%=«

person 0.52

Figure 5. Detection comparison on TinyPerson data set

5. £ TinyPerson #{#&5E £ AN *TEL

HIK, RN THAE Swin-YOLO #BFE % AT NIz st I TERE, 7E CrowdHuman £ 45 _LidtAT 7 X b
SeB, HAERAINE 4 FiR. MR T RAER YOLOV8n, Swin-YOLO B8 1 W38T, Hrh mAP@0.5 M1
mAP@0.5:0.95 7 KIEHE = T 8.6 AN 43w fl 10.9 AN 4 1o 5 24 a7 B Se ik i SCHR[201 7772 L, Swin-
YOLO fEASHAZR . H [5] SR ANF-Hy s B 45 (S S 4R b 385230 T R AR FE O VE BEIRTE . BRAR 5 SCHR[20] )7
A mAP@O.5 FEFR H IR R %, (HLZRE S OB RE, Swin-YOLO MBAAMEREIIIRRFFE — 2 M)

Table 4. Comparison experiment of CrowdHuman data set

%% 4. CrowdHuman #(3E & % EL S256

(e} Precision/% Recall/% mAP@0.5/% mAP@0.5:0.95/%
YOLOv8n 81.6 63.1 75.0 42.4
YOLOv10n 83.6 69.4 81.5 50.6
YOLOvl1In 85.1 69.7 81.6 51.0

YOLOvV5-GB [18] N/A N/A 84.8 N/A
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R
MER-YOLO [19] N/A N/A 82.1 52.9
SCHR[20] 83.4 69.1 79.3 527
Swin-YOLO (ours) 85.2 70.8 83.6 53.3

Swin-YOLO 5 YOLOV8 7E CrowdHuman (5 45E F 1 SEBRs ISR Lhan 4] 6 fras . MERTBUE H,
7£ CrowdHuman HE4E I, YOLOvS {XRERE I B FTHE A ML B bx, Tz i B bea il - A, 1
Swin-YOLO 7 Fif 2 it A 20 7 AT A )36 433814 H bw JA 5zt i 25 48 H AR, I ERS I FRoAS 18 2 B o
e DA RISt aE IR S IER T Swin-YOLO HERU7E %45 N BEI 5t R HGR A E v RZ (bR

J5 YOLOvS Swin-YOLO

Figure 6. Detection comparison on CrowdHuman data set

& 6. 7£ CrowdHuman &5 _RIFMIXTEE

3.3. jEmhscIg

NI UEAS SO HH SO BRI VE A R, FF IR R SO A e AVERE 2 R B, A/NTIEAT T
THRELSZIE, ARl T ST B, ff FFr LA T SE-Conv BilR, f FARENI P Z B B G RRE £
RIEBBBMCM). 7 5 75, SE-Conv BLHRX AL BE HAT RBEVER M, %R AL BRI,
Swin-YOLO 7£ TinyPerson £ 545 [ (RIS 14 B BRI 25 71 B, L Ao 6 538 0 Sl FRAIG 3.3 /N1 40 R 2.1
MNES R ST B R FEUAYAE CrowdHuman #4548 FYERE T %, {H7E TinyPerson $(#54E 21 H
DG B2 A A B R R 4R A PR E IS . T MCM B RS BRI 5 2500 A 20 48 Bt pe 4 R 1%,
HH{E TinyPerson 2 4 b (O VERE S Jkdn 9 3, FE A 2R A A [ 28 73 0 B 0B 3.1 AN 73 il 2.1 M|

Table 5. Ablation experiments
5. JHRSEI

EigiTE S SE-Conv. ST MCM  P/% R/% mAP@0.5/% mAP@0.5:0.95/%

x v Y 35.4 22.8 20.9 6.3

TinyPerson Y x Y 38.8 24.6 22.0 7.8
Y V x 35.6 223 21.0 6.4

Y V Y 38.7 24.4 22.1 7.9

x v Y 84.5 70.0 82.7 52.3

CrowdHuman y x Y 84.7 70.5 82.2 52.1
y S x 84.9 70.2 82.4 52.6

Y v Y 85.2 70.8 83.6 53.3
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ASCHEH T B AT AR AIARE R Swin-YOLO, SHAL R &l 38 o b AT T VRAEIN 41, EFA
I EE S B Swin-YOLO SEUA et AT T HLACSEs:, 50k ol J5 MR R BAAPERE AL 3, IR
TV i S0 BAIE S AR S R B AR RE s . b, 7R/ AR SR SE TinyPerson 1, Swin-
YOLO #RAH L YOLOvSs AL fEAG NS EE HE b mAP@0.5 Al mAP@0.5:0.95 L4y BT+ T 6.5 A1 2.5 A4

P RS HR R IR CrowdHuman 11, Swin-YOLO #ZUAH L YOLOv8n A ZY 7646 MK & 8 bR
mAP@O.S A mAP@0.5:0.95 E4r 4Tt 1 8.6 F110.9 NE 4 s, AR TR FIRAL, HfFUCE B i
B2 T R T SRR O T AR A — o R it YOLOvS A7 AR .
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