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Abstract: To address the challenges of small-scale defects, strong textural interference, and diverse de-
fect morphologies in textile inspection, a lightweight and high-accuracy model, YOLOv8s-WRHU, is pro-
posed based on the YOLOvS8s framework. The model is designed to enhance robustness and localization
accuracy for defect detection in complex-textured fabrics. Systematic improvements are introduced in three

key aspects: feature fusion, detail enhancement, and localization optimization. First, to alleviate informa-
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tion loss and fixed weight assignment in multi-scale feature fusion, a learnable weighted feature concatena-
tion module is designed, and a weighted feature pyramid network built upon this module is introduced to
adaptively fuse features from different levels. Second, Haar wavelet downsampling is incorporated into the
early stage of the backbone network to replace conventional downsampling methods, thereby reducing the
loss of high-frequency details. Third, a dynamically weighted unified IoU loss function is employed to im-
prove bounding box regression accuracy. In addition, optimizations of the multi-scale fusion strategy in the
neck and the shallow downsampling modules effectively reduce the parameter count and computational
complexity of the model. Experimental results on the public Roboflow fabric defect dataset show that,
compared with YOLOvS8s, the proposed model improves precision, mAP, and recall by 2. 9%, 3.4%,
and 1. 1%, respectively, while reducing the number of parameters by approximately 24. 37 % and compu-
tational cost by 4.4 G. High detection accuracy is maintained with significantly improved inference efficien-
cy. The proposed model achieves a favorable balance between detection accuracy and model complexity,
demonstrating strong potential for practical industrial applications.

Key words: defect detection; lightweight YOLOv8s; weighted feature pyramid network; Haar wavelet

downsampling; unified IoU loss function
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Fig. 6 Fabric defects dataset
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Fig.7 Result comparison of defects detection

TRl A A 2 iR . 3 ek A B
YR : WRepGFPN W % L i Ak 5 R RE R AiE
FlE LA BT 9 28 B 6% AR 40 AT 55 5080 43 0 A Bl
2 AN TR R FRAE 1 A RL BTk s Haar /N R R AR BB

fi O BR RS TR AE /028 5 25 K B9 s A B, ML
A TR B B SCE BB S 55 AR R
UToU i % R S0 Y1 25 A IR S8 54 L 5 A3 P 3
W S22 5 0 300 I 300 A v B ORG E AE , ke



9511 4 TRAMS 45 2T YOLOVSs (9 5 2% 2 312Uy il e A A v 0 82 A6 0 1785

DR AR ot o 2 A R D) S B 2 BT, DA T 4 T 5 ToU B T A9 RE AR B 5 A 1k

R2 HEMXBERNER

Tab.2 Detection results of ablation experiments

mAP@ mAP@O. 5:

"o P/% R/ % 0.5/% 0.95/% Param GFLOPs

YOLOvVS8s 77.5 72.5 76.2 46.2 11127 132 28.4
YOLOv8s+ WRepGFPN 78.3 71.3 77.8 47.0 9 383 270 26.3
YOLOv8s+HWD 78.1 74.4 78 46. 4 10 258 652 26.4
YOLOv8s+UloU 77.9 75.3 79.5 49.5 11127 132 28.4
YOLOv8s+ WRepGFPN+HWD 75.7 72.2 76.8 45.5 8431712 24.0
YOLOv8s+ WRepGFPN+ UloU 77.4 74.2 78.7 49.2 9 300 192 26.1
YOLOv8s+HWD-+UloU 78.5 74.1 78.7 47.2 10 258 652 26.4
YOLOv8s—WRHU 80. 4 73.6 79.6 47.9 8415070 24.0

H G 235 2R AT AL, ] YOLOv8s i 17 41 AR N

R B U A D Ik [ 385k 72,500, U kT SR T RS 45 SR R, YOLOvV8s-WRHU [

5 76.2% o 43 5K WRepGFPN, Haar /N T 2R 2 B 5RO 45 5 RLME L, R TORS B R T
FE DL UToU 4t 2% R &L 3 /> B 43 ) 45 I 21 YO- 2.9% , °F 4 IO BE 48 3.4 0%, A [l F 4R T
LOv8s, 7] 153 2 #F J5 /9 B9 45 & i A B2 43 51 A 1.1% ., 80 PR 30% , it A EHEMIK4. 4G,
78.3%, 78.1%, 77.9% ; mAP@O0. 5 & 43 % K DA L A 5 2R 45 L AN 8 IF R o YOLOvSs-
77.8%,78%,79.5% . Al LLE H, WRepGFPN WRHU #i il 45 59 1) P 58 % 42 T+, BoA B4y
Xof A AR BE R ALK, 51 A UloU X F ¥k B FaE 1 o
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Fig. 8 Comparison of detection precision and average precision between YOLOv8s-WRHU and YOLOv8s
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A 1 v 09 52 55 2R 58 fR £ 2 Windows F- £ .Ul
tralytics YOLO 8. 3.86, PyTorch 2. 6.0 % AR
1 640X 640 I ZR 48 KN 150,

HY & 3 AT AT, A ] 458 2% b 5008 I A5E A 118 2 8K
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BR8N S U AT TR A 3L B A S R R 2R
#H It CIoU, ElIoU #il WIoU,UIoU £ P, R, mAP@
0.5 LA M mAP@O. 5: 0. 95 $& bx I ¥ B T 5 4
g5 R W E TR Y10 2L Bk B A AT 55 Hh B T
I i 3 FAE LA fiE . CloU 5 EloU AY %% {4 4
RERC 23T, 1 W IoU 78 AR AT 45 Hh i) A6 14 B
R
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Tab.3 Comparison experiment results of different bounding box regression loss functions

"ok P/% R/% mAP@0.5/% mAP@0. 5:0. 95/ % Param GFLOPs
YOLOv8s-WRHC(CIoU) 45.5 50. 1 44.7 23.8 8415070 24.0
YOLOv8s-WRHE(EIoU) 49.3 48.8 43.8 23.2 8415070 24.0

YOLOv8s-WRHW (WIoU) 30.8 17.2 15.0 6.9 8415070 24.0
YOLOv8s-WRHU(UIoU) 80. 4 73.6 79.6 47.9 8415070 24.0

3.5 BHESZARIE
Shy E 25 6 HIE T 4R A4S AR 1 B2 N 4 A Y BB
I A SCAE TR 8 FF 204 50 B 300 4 52 50 L b
b RNFE R RS AN B AR RTINS IR
XiF Fb 4l B AT e A5 RO A S b A R 4
K IR G A RSE B P A 48 BR ¥ 5 i S
B0 DR A — 350, A0 B8 ke R R AT T 4

H R4 AT, 7658 84 4R |, YOLOVSs-

WRHU B mAP@O0. 5 t 80. 2% &7+ %= 82.5%,
PE T 2.3% s mAP@O. 5:0. 951 38. 5% &7+ =
40.4% ,$E @ T 1.9% s A ZH 76.9% A =
80.5% ,#&m 1 3.6% . HULRIET, el i A A 24
B 11 127 906 f& & 8 415 844, 8 11 28. 4
GFLOPs f& % 24. 0 GELOPs, i3 B Jir 42 45 72 75 {3
T 52 B AR AR 09 [R] A5 BB 0% 1 307 0 BHlE 0 A
AT A A 0 2 G e o

R4 FEHEEZURIEER

Tab.4 Generalization validation results on second dataset

AN P/% R/% mAP@0.5/% mAP@0. 5:0. 95/ % Param GFLOPs
YOLOVS8s 85.0 76.9 80.2 38.5 11 127 906 28.4
YOLOv8s-WRHU 84.7 80. 5 82.5 40.4 8415 844 24.0

RS R FEESEEE RIS, YO-
LOv8s-WRHU 1/ 8 £ 47 ¢ 4 ) Ao M M i 42 Tt
A e HAE A W R A mAP $8 45 BRI AL
S5, UL BT 4R O 1k O AR AR B — B0 AR A R
M X 52 2% 30 3 2040 ke % A DA 55 LA — o 1) B85
BIGEE N RE SN . AR EERTUE
R SO I RR IR RS R SR AR B BHHE [T 05
R N R I ol = S I
.

3.6 ItEb=I
B T B AIE YOLOv8s-WRHU % v i1 4 B

JIRNRR E R EAH R SE B B R L 43 AR YO-
LOv8-p2, YOLOv10s, YOLOv12, YOLO26-s 5%
TR KT SV e B A TR I I A I R AT
L, SEge 45 R AN 3R 5 FiR .

i # 577 1, YOLOvS8s-WRHU # #3 [1] % 1k
B 73.6% , W E AL, [\ B AE RO $8 bR EUS
mAP@0.5=79.6% 5 mAP@0.5: 0.95=
A7.9% , T4 kg 3 a4, U I A2 AR RS X fig
T 38 43 MRS H Bk B H AR 38 BETE BT ™ A% 11 ToU 5]
HFRFE SR M . 5 YOLOvVSs
A, YOLOvV8s-WRHU £ mAP@0. 55 mAP@
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Tab.5 Comparative experiment data of complex-textured fabric defects detection by different algorithms

CRS P/%  R/% mAP@0.5/% mAP@0. 5:0. 95/ % Param GFLOPs
YOLOVSs 77.5 72.5 76.2 46. 2 11127 132 28.4
YOLOvS8-p2 70.9 68. 8 71.6 41.6 2921 568 12.2
YOLOvV10s 60.9 66.3 61.8 36.3 8038 056 24.5
YOLOvI2 66. 1 60.8 63.6 33.6 2 557 508 6.3
YOLOZ26-s 56.2 61.4 59.1 32.8 9466 728 20.5
YOLOv8s-WRHU 80.4 73.6 79.6 47.9 8415070 24.0

0.5:0.95 E4r 5127+ 3.2% 5 1.7% ., 3 HES
B 1113 MFEZE 8. 41 M (1% i F A7 52 B
PR B R R R R R RURRE R iR
WA AR 5K E . 5 YOLOvSs, YO-
LOvV8-p2,YOLOv10s & YOLOv12 445 %I H I,
YOLOv8s-WRHU 7E mAP $§ tr I [7) FE 4 45 i &
g,
3.7 REUBERDEHRERHASN

Ry 1 — A 1 B T B AR AR A TR AT R, AR S
IR AT J P A A BT S B A Sl
Bk S = AT H A YOLOvVSs-WRHU $E47 73 #7 .
5 YOLOvS8s # H , o #F B2 & ) 2 % &
11127 132/ 2 8 415 070, T2 24.37% ;1%
1 28.4 GFLOPs [f# % 24.0 GFLOPs, F [ %y
15.49% , 3R W JT £ Jr 0 76 £ 35 ko 1 e 42 7 1Y
[Fi) B 52 30T B 1 R AR ARCR
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Fig.9 Structural comparison of key lightweight nodes be-
tween YOLOvS8s and YOLOv8s-WRHU
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Tab.6 Parameter comparison of key lightweight nodes
between YOLOvS8s and YOLOv8s-WRHU

S Rk WRHU REAR
SRR SRR W/ %
Downsample-1 18 560 8 384 54.83
Downsample-2 73 984 33152 55.19
Downsample-3 295424 131 840 55.37
Downsample-4 1180672 525824 55.46
KHEBATTS A 591 360 509 696 13.81
FHEATAB 1969152 160 640 91. 84
Detect Head 2118370 1233634 41.76
S 11127 132 8415070 24.37
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