Journal of Image and Signal Processing B8 515 5 4:3, 2026, 15(2), 282-293 Hans X0
Published Online April 2026 in Hans. https://www.hanspub.org/journal/jisp
https://doi.org/10.12677/jisp.2026.152024

ET e YOLOVSHYE S R S EAR AL
L5

IRE, #FFH, RAF
hERAET5EE LR R, &R L]

Woks . 20264F3H22H; FHER: 20264F4H12H; KA HI: 20264F4H24H

R

B ERN R B BB BR M R AN EEHRT . RS RRFMT BEX ERFEKR. RHEE
MR EREBRA. FEAE, UAERDGTEMEEZENRENHRHER, 2R T —
FhEYOLOVS G S R AT EMR MM AL . B, EETMEHTIAGCConvIRR, DIERE %
T HIRHMEREURE /15 HIR, FELSCDAE ISk A ZEatt BB i SA-LSCDA IS, LR RERISHEMTHHE
BHWIRE RERMERIERES; BJ5,. X Focaler-PloU2iR & K3 B R CloUR K K, DURFH/ H bRl
FIERSREE. R RRH, HEEBYOLOVSn, BUHERNSHEH3.01 MEKE2.36 M, FLOPs
H18.1 GF&1KE6.5G, FPSH1251RF+F 141, mAP50H181.7%3R T+ E£84.4%, mAP50-95H 53.2%3EF
Z55.6%. ZHEEARFRISENALRERRR, BRRATEBELERS TXERERNBEES
Bt

K §Eia

YOLOVS, SBE KRR, XEHRIEEN, BEh

Improved YOLOvS8 for Traffic Sign Detection
Algorithm in Adverse Weather Conditions

Qixing Wang, Zhiyong Hong’, Liping Xiong*

School of Electronics and Information Engineering, Wuyi University, Jiangmen Guangdong

Received: March 22, 2026; accepted: April 12, 2026; published: April 24, 2026

Abstract

Traffic sign detection is an essential component of environmental perception systems for autonomous
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driving. To address the problems of missed detections and false detections caused by reduced image
contrast, blurred features, and loss of detail under adverse weather conditions, as well as the require-
ments for lightweight design and real-time performance on vehicular edge platforms, this paper pro-
poses an improved YOLOv8-based algorithm for traffic sign detection in adverse weather. First, the
GCConv module is introduced into the backbone network to enhance feature extraction capability in
complex scenarios. Second, the SA-LSCD detection head is developed based on the LSCD head to reduce
the number of model parameters and computational cost while strengthening multi-scale feature rep-
resentation. Finally, the Focaler-PloU2 loss function is adopted to replace the original CloU loss so as
to improve the bounding box regression accuracy for small targets. Experimental results show that,
compared with the original YOLOv8n, the improved model reduces the number of parameters from
3.01 Mto 2.36 M, the FLOPs from 8.1 G to 6.5 G, and increases the FPS from 125 to 141, while improving
mAP50 from 81.7% to 84.4% and mAP50-95 from 53.2% to 55.6%. The proposed method effectively
improves the accuracy and robustness of traffic sign detection in adverse weather while maintain-
ing a lightweight model design and real-time performance.
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X T 22 bR EAT I /N H AR 3R, Sun 28 A [9]#& H T MDSF-YOLO #3Z:. % /7% LL YOLOv11s
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REME LS ) f . - ERF RN AT
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Figure 1. Network structure diagram of the improved YOLOv8 model
B 1. 2t YOLOVS M4 45HE
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Figure 2. GCConv network structure
B 2. GCConv MI4E L5

2.2. SA-LSCD

NI ZHOUR S EIFE, RN R A R RERME R REE R, Akt 7 — TR
B 142 B N S $t = E0= 46 3k (Scale-Aware Lightweight Shared Convolutional Detection Head, SA-
LSCD). Al Sk 7585 R EE S HOLZ R B, 5INBREHREE AR IC, WA ERBERHEZAT H &
REYET, AT E DR FF ar i Sk B8 V1) (R Isf 3G o 22 RUE H Akl e /g, Hegh i anl& 3 s .

MR FE S SA-LSCD R 2 REERIEG — Wbt . S A5 EURI 2028 — (0] U f R T Fr B AR AE 2L
B, KB FERIZEFREEDEE 1 x 1 BRGEBOBTEN 55, R B E— R4 MG, EiddtE
1) 3 x 3 BRUBHGEATREE S, AU AN [R) RO A I 3k B A s B A2 R S BT A . 7RG -,
A — ARSI R SN R T T3 50T, R A0 REERHE R 2 5 bR SOE B AR s i i
BEE, S ILERRAEEAT B PR, AT DR B 6 S RS 22 SR K o

FETRIBY Bt, SA-LSCD 115K FH 73 2543 3 5 [R1A 43 Al i 77 e il B ARRT A 2%« Horbr, [R1E 4352
BT FHES, BRI, IF45 G RO PR 0 A R 2 AT 488G 432803 SR Tt E AR 20 R
R, T RENEERER TR, FA 2 5325l sk )52 f 48 .

SAAT S, SA-LSCD —J5 i i 5 R IL B RERS TRl ks M EMTEE, J—J g
REETTEHLGIE T T L A A0 AS [ R EE H AR & FC 8 77, AT 7 42 54k 2 A0 T e ks I kS B 5 350
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Figure 3. SA-LSCD network structure
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2.3. Focaler-PIoU2 15 ER $

T FHE ] 451 25 bR B B 4 8 B ARRT IS AL 8 MRS RS, YOLOVS HEAYER N CloU 4515k iR #7411
FIFEWERE , ToVEARE SEPr i ot B & S A 8 . A% SRR N, Sl bR S H I . R 45 H) @, CloU
XTI i % IR SR 55, HAE TINHE L5 FLSCHE JC B B I 5y R AEBR LI 2R, S ma i AL I SRFIAS FE

TR FOR ), ASOK Focaler-loU M T PloU2 2k B4, $2HH T —F Focaler-PloU2 3 2% B %4

PloU2 ik R#UE X WF, it gl A—ANER H b RSP TTE  p AR EE TS, X B A5
A FREIAE (14 J AR 22 S kAT 7 31T

Ly, =1-32ge (1 ~loU+ (1 —e )) (1)

EHET P& T, Kohd, Ald, RFREA E AR RLb 2 0 1K PRESS, a1 d,, B
T ERRAE RS B2 VT LB S,y 1y 45189 L ARHE 58 J2 A 6

P= l dwl + dwz + dhl + dh2 (2)
4 w, h,

H ) J5 ) Focaler-IoU € X ANF, ToU 3R 4G 1958 3 L (Intersection over Union), @it iE {77
Al w (AR, T DASAS RS SN O R B AR AR, 2 B2 ) 58 S L

0, IoU<d
TIoU|-d
IOUfocaler = &9 d<IoU<u (3)
u—d
1: IoU>u
Focaler-PloU2 i1 5% AL A XN
LPIoUZ-Focaler = 1 - 3ﬂ/qef(lq)2 (1 - IOUFOCaler + (1 - eipz )) (4)
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PEEE N EEAE, W HIRIEH 1472 5B RAENE; FES, M CCTSDB2021 [26]-[32]5#E 4 HIEHL 1500 7K
WHRAACEARE UG, 1T I FA R S0 B AR o P 43 B A A8 R S R T SRR A g — Al
Ttk U4, AR E 2972 TR SGE B 5 BRI 5 RS lbs SHIE S N T R LRI ik,
ARG 1Z% IR BSR4 v THCT Ha 4k - 45 & R0E 55 75 5K, A SCRAS @ ir E g — R e bR
BRI EAR EAE AR E =K Bl A S B EOE SR AE R AR AL It Sof B bR RUBESE 7 T B B 1 2 A6,
AR TR B A0G LB RIS BE N R ST R RIS b, ARSCHe M 8:1:1 MK THCT Hds 4
Ry RIS TR A AE . Hodr, YIS THEAAES], IR T SH0R B 5EA S, Ik
R T B AVERE VAL o A PRUEAS R YR AT AS [ R SR AL &1 B2 R IR 0 A AR S50, 1) 53 BF 5t 4 il ok
THOR A1 CCTSDB2021 (855 RATEBAT LR 73, PR REES 73 & 9F

THCT B EREBI ] 4 fros, HA S —47/2& THOR &% KA T4, % 17/2& CCTSDB2021 %%
RATFHE.

Figure 4. Sample images of the THCT dataset
4. THCT BUREHHIE

3.2. LSRR

ARSI FETF 64 71 Ubuntu 18.04.6 LTS #:1F &4, GPU A NVIDIA A100-PCle, E17A 40 GB, it
T Python 3.10 #3%, ¥H PyTorch 1.10.0 /ENIRFES SHESE, CUDA MRASN 12.0. HIANEUER N 640 x
640 155, WZH R (epoch) ¥ 200, bk K/ N(batch size) A 32. I HKEE N 0.001, HALSHONERINE.
3.3. iNiERR

T PSR R it AU RSB P (Precision). 73 [A1Z R (Recall). F-¥J45 FE ¥ 8 (mAP50,
mAP50-95). #i7 Z 45 (Params). 75 518 5B (FLOPs) fIAFF2 i 5L FPS 1E NiFHEdR. AR

TP
" TP+FP )

TP
k= TP+FN ©
AP = j'P(R)dR ™
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mAP:lZ":APl (8)
n =

Hr, TP (True Positives) 5 A Tl IEAf () IEAE A% &, FP (False Positives)# 7 Tl & 7 i A A2
i, FN (False Negatives)Z/n FIAS % I MFEARSUE . P 3R IERA T 21 (1) IEREATE BTG 00 A IEFE A A
M7 b, R 27 IR TN 2 i) IEAE ARAE BT A S IEFEAR 1) i B . AP (Average Precision) 7 7~ 5 28 Pl Bt
— R BIAEREE, mAP (mean Average Precision)&/RFTH AP KM . mAPS0 R/ 1E FUINAE 5 L SAE
(K132 I L (ToU) BI{E 4 0.5 I (1 mAP B, mAPS50-95 F/R7ETRIMHE 5 FLSEAE 138 I LE (ToU) BIME A 0.5~0.95
T mAP [ P2 .

3.4. SCIGEER

3.4.1. JHRASCIS

NEGIUE GCConv. SA-LSCD #il Focaler-PloU2 = {iidt S m& (145 241, A SCLL YOLOv8n yBE 2k A5 7Y
BT 7RSS, SRR 1R,

1 al%n, Hk5| N GCConv J&, A EMIHHEMRFAZL, (H mAPSO H 81.7%RF £
83.3%, mAP50-95 [F54TF, FPS H1 125 i E] 126, 5 W% REE 76 NG I & 2% B 05 o 1 1 5
FRAEFRELAE I R R o 8 25 . AR ] SA-LSCD i, 7S E Al FLOPs 4> 5% % 2.36 M All
6.5G, FPS $2F+ 2 139, MR BT RS BCR, [RII R IR B2 JE AR FE AR, 1 B R AE PRI
TTFRS 77 T B A W 2 A% . 24 GCConv 5 SA-LSCD 20418 FI I, K65 R 7E 45 #4254 10 [R) ) 3 — 2B 42 7
TRCMKEEE, mAPS0 1 mAP50-95 ¥ T 5 — Sudk 5%, FPS ik H 141, R =& HARUF 1) B AME.
TR FE Al b 4822 5] N Focaler-PloU2 #5125 bR U , 15 B HU A3 B A0 14 B, Precision.Recall.mAP50 1 mAP50-
95 ¥Jik i, Hrt mAP50 Al mAP50-95 73 il $2 T 2 84.4%41 55.6%, HARIINA SN SHOITHS, FPS
HOREF 141,

LE4 KT, GCConv L EARFHEFEHEENAE /7, SA-LSCD 3= TR AR Y & 2% i HE 3R FHHEFE AR, Focaler-
PloU2 WE— Bk T FHERAVERE. = FH 4G5, MEAIERE. BRihsem e M 75
(P, BOIE T AN SCROEE 7 VE A

Table 1. Ablation experiments
= 1. JHRLSCIS

GCConv SA-LSCD Focaler-PIoU2  P/% R/%  mAP50/% mAP50-95/% Parms (M) FLOPs (G) FPS

x x x 87.9 72.1 81.7 532 3.01 8.1 125
J x x 88.6 76.9 83.3 54.5 3.01 8.1 126
x J x 88.3 75.7 81.8 53.0 2.36 6.5 139
V V x 91.4 77.3 83.9 55.1 2.36 6.5 141

\/ \/ 92.3 775 84.4 55.6 2.36 6.5 141

3.4.2. ¥TECSELE

N DV AR SRR R G RS, A SCHEA [R1 5008 55 5 S 00 2540 1, # BT i H1¥1 75725 YOLOVSn,
YOLOv8n. YOLOV9t & YOLOvI12n %5 F it AR AR RLEEAT T XF b, SRae e R anse 2 Fios.

M 2 ATLLE Y, ACJIAE Precision. Recall. mAP50 F1 mAP50-95 DYk B 48 br_E 508 T Hodd vt
Py, BRI RAAERNLZEERITERE. Hrh, ARSI Precision F1 Recall 73 HlIA %] 92.3%F1 77.5%, #H

DOI: 10.12677/jisp.2026.152024 289 & 555 Ak #


https://doi.org/10.12677/jisp.2026.152024

Y=

&

EbEEZR YOLOV8n 2 ill$Ft 4.4 /N EH 20 /i 5.4 N EH 20 A mAPS0 Al mAPS50-95 731k 2| 84.4% 1 55.6%,
EREELR IR TE 2.7 N E A 2.4 ANE 4y L R FPS /1 125 42714 141, SU1Z 5 ANV BE S S R
X His 515, EREA SERT H S HARRIRT B Ty, [R5 B Ar e 7 (A e PEAHEE A% o

MRS I 5 R, AR SC 5 104 HUA5 B AN ARG WU 12 6 1 [ B, AT O T 3 i i Ak R . 5 YOLOv8n
FIEL, S8 H 3.01 M K4S 2.36 M, FLOPs i1 8.1 G X% 6.5G, FPS IRTFE 141, RWIiZTIERAE
TR R S a ESC IR RR LAY, T AR B AR RO IS Y RS R EORE FE S T, PRI T A E S
BN G & RIRZ IR 50T .

It4k, YOLOvSn ) mAPSO W T-HE 24658, H FPS i£% 133, {HH mAP50-95 {£F YOLOvSn, ii
B HAE = ToU BME 2 ALAE A A5 YOLOVIt il YOLOvI2n B EA — &R B, HI FPS 2
AN 65 A1 71, H Recall fl mAP $845 F B G, AN MEREA A % BARTE, ACTIEE
TRIFBAR S E AT F =R b, SR T 3w AR RS B . B g 4 1 P A DA S AR R R FR B, 50
HE T HAE TG94 R ARSI R A M55 A 1A R A B A

Table 2. Comparative experiments

2. WL

it P/% RI%  mAP50/% mAP50-95/% Parms (M) FLOPs (G) FPS
YOLOV8n (baseline) 87.9 72.1 81.7 532 3.01 8.1 125
YOLOv5n 86.6 72.4 82.3 52.3 2.5 7.1 133
YOLOV9t 83.5 67.5 73.9 48.2 1.97 7.6 65
YOLOvI12n 83.3 63.9 71.1 472 2.56 6.3 71
AL 923 77.5 84.4 55.6 2.36 6.5 141

3.4.3. AIMLER O

FE YOLOv8n AR

Figure 5. Comparison diagram of traffic sign detection effect

B 5. ZIBIRSAE AR X L
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N E A SCHGE VAR 8 55 R KA T BRIRCR . I THCT Mk&E Il 7 ER. WRME
K 3R FRE, JER R4 YOLOVSn AR 55 A SC bt A 7 R il 4 SR AT rTAAR X LE, 2 2R 5
FoRe BARE, ACEAE =07 3 TR TR MACR, REAR RN R, RMIER AT
PSSR A T Gl Hh B 22 AT AR A F b, ELASHIN A5 BE AR E SO L H AR T S 4R YOLOvV8n. M ik ml LI
H ARSORE RS A MM32E B 25 /0 H b S 4 DX SRS AR 75 A R 2 SE AR E » AE 22 H A RN A2 AR I T REOR 5
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