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Infrared pedestrian vehicle detection algorithm
based on improved YOLOVS

QIN Hai-yang" >, TAN Gong-quan'*,DENG Hao'? ,WANG Yao'>,CAI Da-yang'* ,WEN Li'*
(1. School of Automation and Information Engineering,Sichuan University of Science & Engineering, Yibin 644000, China;
2. Artificial Intelligence Key Laboratory of Sichuan Province,Sichuan University of Science & Engineering, Yibin 644000, China)

Abstract : Given that infrared pedestrian-vehicle images are difficult to detect due to their low resolution, poor quality,
and high noise, an infrared image pedestrian and vehicle target detection algorithm based on YOLOVS is proposed,
namely PSWG-YOLO. For the YOLOv8n network ,a 160 x 160 maximum feature map P2 is added to improve the mod-
el’s detection ability of pedestrian small targets. At the same time,the SPD-Conv part is used to replace the stride-2
convolutional layer of the original network to improve the feature extraction capability of low-resolution images. In ad-
dition, the loss function is replaced with WIoU to optimize the model’s processing of low-quality images. Finally, the
Ghost module is introduced to reduce model complexity. The experimental results show that the improved PSWG-YO-
LO algorithm significantly reduces the model volume and parameter amount while ensuring high detection accuracy.
Compared with the original YOLOv8n algorithm,the P,R,and mAP@0.5 on the public infrared data set FLIR_v2 are
increased by 1.6 % ,6.3 % ,and 7.2 % respectively,and the number of parameters is reduced by 16 % ,and the
model size is reduced by 15.8 % ,which improves the accuracy of the pedestrian-vehicle detection in infrared scenari-
os and is easy to deploy.
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Fig. 1 Schematic diagram of YOLOv8n's network structure and details of main modules

3 PSWG-YOLO M4 44
T B N L AN TN T R I AR, AR S

T —F3ETF YOLOv8n fy PSWG-YOLO # 3%,
TS 5 A PR3 Xk /0 A I ) A R AR A



132 5 RS AN

K P2, 1EET5I AT SPD-Conv, Il [l WloU 1 ik
FHEWNH K s %L, B , [ Ghost FBUAZ AL R2S
PSWG-YOLO M55k an1E 2 fim . BARSEan
ik

%55 %
3.1 WREH&ZAN
J5L YOLOV8 [ 2% fiff i = Fifr A [) RS AR A P ok

R RN S0 H AR 2S5 A BHR KN 640 x
640 Bf, 20t T W28 FURRAE il & B E i A0 B i

Backbone ORI AT PR SF 4031 20 x 20,40 x 40 Fil 80 x
80, 3 fH L AT K F 32 x 32,16 x 16 F1 8 x 8
Tt SUTH R, AT RS EUNRS AR 5
B0, BT WA B XU o Ay AR — ) B, AR S
N 1E Head 1) 80 x 80 FRAE [&] | 4k 2 — % [ RAE, 15
F] 160 x 160 WYFFAEE] o FlJE , B3 — B A= B R
P B5 T W% 4 £5 T R RHEZ S TR G TP
BT AR PUAS 160 x 160 [ M RRFAE & p2 , ff Hfig
PR, KEDE] 4 x4 KNI N B AR 31X — ek (75 0 2%
TE R T VU ROEE RN 23, AH A T 0 1) = RO A ) 2%
___________ (AR ARt e o8 S X S O WANI =R TR VAR =9 4]
2 PSWG-YOLO %45 WPERE ST, NI $E T T/ B AR Rz i d: e . DU R
Fig. 2 PSWG-YOLO structure K ZE A an i 3 s o
|— — Teoeion 1 [ — — — — — — — T — 1

! Down samile

Downsample I
Concat
Downsample I | Upsample
ﬁ WL

=i 160%160 '—
p2

Concat I—bl Concat 80x80
p3

lDownsample

Downsample | TUpsample
Concat |—>| Concat 4OX40

Upsample

Downsample

i Downsamile

1
|
Backbone I |

Concat 20%20
pS

I
I
I
|
I
Down sample I
I
I
I
|
|

3 PURERIIEH

Fig. 3 Structure of four-scale detection
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Fig. 8 Example data set and bounding box size distribution
4.3 HRIFNER

ASSCAH FAE 28 ( Precision, P) (73 [1] 3 ( Recall,
R) SE¥AE# 2R (mAPO. 5, mAPO. 5 : 0.95) BRI
FBR/IN(MB) (S48 (Params ) DL KA R A5 #0461
AW (FPS) MBI 45 bR . PR \mAP B,
R B bR ARG 0 v 5 FPS g, A0 264G T s
Horp,mAPO. 5 35 ToU BI{EN 0.5 WA H AR5
A B R IR B, mAP@O. 5 : 0. 95 fAERTE ToU B {E
M 0.5 ~0.95, 45K N 0.05 454 mAP fyF- 1
{EHo KPR A 0] SRR B LK FPS /935 5K
R s

TP

Precision = TP + FP (7)
TP

Recall = TP + FN (8)
|

AP = jP(R)dR (9)
0
L2

mAP = I;APL. (10)
N(p)

FPS = —+~ 11
T(p) ()

Hodp, TP o IF 28 1E 6 b W00 4 1E 28 0 FP
S SR M T A IE S B FN AR IE 2R
R TN A 1 2R AR s K ARRZEANEL N(p) %
ANAEFRIER B EHG T(p) s Ak BRGSO
4.4 KB FA LR

Ry TR G ) B E A ST A R e WIoU-v2
PIPEE, B T A R0 2% pR IR LG S 55, L YOLOVS-
CloU S 2%, 76 AR UF AH G L B A AR I 00,
WloU-v3 5145 s 502390 5 i CLoUM™ 1 H Al 32 7 0t
42 BB SToUM) EToU™" ) & WIoU-vl FI WIoU-v2
HEFFXT L, SEB 25 3 2 iR .



e 5 4 Ab No.l 2025

ZHFPELE IR T YOLOVSn BYLT AMT A ZE 60K I 2 vk

135

%2 TR KEHAE YOLOEn T # ¢

Tab. 2 Comparison of different loss functions

under YOLOv8n
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Tab. 3 Ablation experiment

R P2 S W | G| P/% | RY% | mAP@0.5/% | mAP@0.5 :0.95/% SR KB/ MB FPS
YOLOv8n 82.9 | 67.2 76 45.9 3006233 6.3 175. 4
A Vv 84.3 | 71.9 81.6 50.3 2921436 6.3 161.3
B vV 83.8 | 68.7 77.9 47.6 3267353 6.8 153. 8
C vV 83.9 | 67.1 76.7 46. 1 3006233 6.3 169.5
D Vo o| 823 | 66.6 75.5 45.5 2293225 4.9 175.4
E VoV 85.4 | 72.2 82.4 51.4 3238972 6.6 156.3
F A2 VAR BV 84.5 | 73.2 83 51.4 3238972 6,9 151.5
Ours V|V | V| V| 845 | 735 83.2 51.6 2525964 5.3 147.1

H1 28 3 AP 7E A LSE6 T, 5] ARERARIE ] P2
&, P A EE R, LK mAP@O. 5 fil mAP@0. 5 :0.95
GRS T B E RS, b mAP@O. 5 42
T 5.6 % ,iX—e iRyl T S 80 R I B
FEWEA T B AR R B = TR DUORS B, A > T
#7255 B 415256+ %3 T Spd-Conv J5, 7E5| A
D ESEESMATRRTR T, BB PR \mAP@
0.5 F1 mAP@O. 5 : 0. 95 $5H5 43R5 T AR AR 1Y
P, P mAP@O.5 24T 1.9 %, XUEH] T
Spd-conv R LU 04 R Ao DK B2 5 7627 C 4152,
FIAT WloU-v2 $ii K ek, Z5 R BR, P AT
1 % ,mAP@O0.5 Lk T 0.7 % , 1S5 % HAbTE
FRILT R FEAAE . JEB T WloU-v2 #5125 B A
B 7E D 415250, 5] A Ghost #ik, mAP@0. 5 i
HTFEO.5 % NS T23.7 % fRFUT
T22.2 %, XFWALEMPE— &K ENELT,
Ghost 5 He AT LA 8500k /D A 8 1 R /NN S 5t ; 7

E 415255 H, 454 17 P2 I Spd-Conv 1 4~ Bl i 45
ZER R ,mAP@O. 5 4-T1 T 6.4 %, RESHEM
TRBUA P, AEE AR PR AR P2 T 18 355 7 F 415558
o7 E SRR iR T WloU-v2 512K iR
o SLIGEEREM, mAP@O. 5 HE— 4R TT7 %,
7R H 2 R I A R P B R A
WGk A ER A B YOLOVSn i, 255 lUR,
mAP@O0.5 {HikF| | 83.2 % , MHIL R A LS T
7.2 % SHCE AR A T 16 % F115.8 % , i
SR FPS Mg I 2 147. 1,525 JE SR RS B 1) K iR 42 7+
DA BASETR AT 2% B 1) S 25 BRI, X — TR/ MY FPS TR
IR . 28 TR AR SCE i 1 bR 56 560 145
TR B T B A B, IR TR T B AT B AR
Al AT AT 4 B 7 T R A
4.6 HHAfhEREEX LR

Shr k25 ™ S A SO B B 1 R | K AR S
kS HETE R BRI A TR SR, SEE



136 5 RS AN

55 %

iR 4 N, AR SO Y YOLOV8-PSWG 57k
TEL A KM Ar LRI 6, HAS R &k
84.5 % , { W& AL T £ B & £ 1Y YOLOV8s 5 ik
1.7 % , 8 & T HAL S 5% i k. 761 [l
L R EER BT 73.5 % | [l RE R T oAt Jor
HEE . AR, TR X 25 51T
WEehr b, it mAP@ 0. 5 3842 5 4 244 () mAP
@0.5 :0.95, 34 45 FHABR L . HAh, fEA
TUR/INFISR Z B 5 1, I G I R B T AR R
#, HBSHER(UH 2525964  FLAMATUL N 5.3 MB,

AR T H At 3 9 BB 3k 40 yolovss, S5 PR T
64 % EFUHA T 63.2 %, XA FPS BEAK T35 40
SR AR IR 147, 1 )y a7 8 S AP A 0 ) S A
SR(FPS=30) , 7840 0iE B 1 HAE FR UE = A RS B2 1)
[FIBs), 5L i S PEfE

ZE i, A SCRT 4R ) e 5L PSWG-YO-
LO FEHS & FIASE A /N Z (] S 0 T R A1 °F
i, AN AR R AN Ty T A T 3 Ak, i L
IRAEARAFAG I 38 B R ARSI RN T T R B i T o
FEPERE o

k4 HEREHELER

Tab. 4 Comparison with mainstream algorithms
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