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YOLOVS8 algorithm is improved in the defect detection of
wind turbine blades applications

Zeng Yongjie Fan Bishuang Yang Yawen Jiang Chong

(School of Electrical and Information Engineering, Changsha University of Science and Technology, Changsha 410000, China)

Abstract: Wind turbine blades, being the core component of wind power generation systems, have their health status directly impacting
the overall power generation efficiency and operational safety. Addressing the challenges of blade defect detection, researchers delved
into the YOLOv8n network and innovatively proposed the Efficient Multi-Scale Convolutional module ( EMSConv ). This module
effectively replaces the convolutional layers in traditional residual blocks, significantly reducing the interference of redundant features on
detection results through grouped convolution techniques, thereby enhancing detection accuracy. Furthermore, in the detection head, a
diverse set of attention mechanisms from Dynamic Head are incorporated. These self-attention mechanisms work in concert, spanning
across different feature layers, to achieve precise perception of target scales, spatial locations, and detection tasks, vastly strengthening
the comprehensive capabilities of the target detection module. Moreover, researchers innovatively integrated Inner-loU, Wise-loU, and
MPDIoU, creatively proposing Inner-Wise-MPDIoU to replace the traditional CloU loss function. This move not only improved the
network” s detection precision but also accelerated the convergence process. During testing on a self-made dataset of wind turbine blade
defects, YOLOvS-EDI exhibited remarkable performance, achieving an mAP50 value of 81.0%, a 2.3% increase compared to the
original YOLOv8n. The recall rate also reached 76. 8%, marking a 3. 7% improvement. While enhancing detection performance, this
model managed to reduce computational requirements by 5.5%, fully meeting the need for efficient, accurate, and large-scale blade
defect detection in industrial settings.
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Table 2 Experimental configuration for deep learning

[[S=#75:5 BLE A4 PR (A
BIERG Windows10
CPU AMD Ryzenn Threadripper 3990X 64-Core Processor
GPU NVIDIA Geforce RTX 4090(24 GB)
PR Python 3. 8
IRBES ST HESR Pytorch 2. 1.2
AR CUDA 12.2

R3 ZHBSHMEE

Table 3 Setting of experimental hyperparameters

ZH s SR
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Table 4 Confusion matrix of classification results
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Table 5 Ablation study results

i EMS- Dynamic Inner-Wise- AP

R ————— mAP50

R Conv  Head MPDIoU T
YOLOv8n X x X 0.801 0.731 0.633 0.911 0.787
Model 1V X X 0.78 0.752 0.668 0.917  0.793
Model2 V'V X 0.82 0.746 0.678 0.92  0.799
Model 3V vV vV 0.812 0.768 0.687 0.932  0.81

M S8 A5 Rn] DL E 3], YOLOv8-EDI % ¢ YOLOvS8n
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Fig. 9 Various parameters in the training process
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Fig. 10 Test result confidence score
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Table 6 Test results of steel surface defect detection

mAP50
R it -

Ry ez PEB JFR A

YOLOv8n 0.614 0.755 0.981 0.94

YOLOv8-EDI ~ 0.794 0.812 0.982 0. 995

3.6 HEBEIXFLELIE

T Al YOLOV8-EDI 75 XUBL I J5- kB Azl |- 4 1
it ¥ YOLOV8-EDI 5 RT-DETR™ | YOLOv5n iX 2 [ Rif
F A ARSIk DA R R B A YOLOVY ™ Bk it
ATHER , SR ZE RN 7 Fis

x7 HEXMIELBER

Table 7 Model comparison experimental results

kA p R mAP50 Np/106
RT-DETR 0. 634 0.572 0. 629 28.4
YOLOv5n 0.763 0.719 0.784 2.5
YOLOv8n -0. 801 0.731 0.787 3.0
YOLOV9 0.797 0. 741 0.794 4.2
YOLOv8-EDI 0.812 0. 768 0.81 2.8

it FERAPIEE, RT-DETR % FH ) /& Transformer
Y TE R LR A PR MR, X A LA BRI A
AP R O [R50 Z A 6 & X Aoy =08 T 4b
PRI gy 5 M 22 00 G2 IR B I, 408 J2 B0 1S O vy 1) o
FIRE (A AR RT-DETR 72 XL R SR A B 5 R —
g, Rl B AT EEE R AT . YOLOVS-EDI i THufk T
B 25 P R A FRERAE | (A5 AR E B BT BN A9 A R0
[FIEF R/ T REAE TO AR B 52 e 5 O HLAE RS DU S 38 2 I AT
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Rz 4 P B A v S B

4 & 8

AT DL 7 B o A 00 ke = A 50 O i 4R T —
ol 2T 0 TGRS 5032 o HE AT XUBILI 7 e o A0, 1 %)
RAEFA PR R TS DL T —Fhor a9 &R0 i 13t
S IF BLHER T OURFAERYZ IR 5 SR 2% 09 KL A
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