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Lightweight model for abnormal state detection of wind turbine blades
based on cross-dimensional feature interaction

Han Hong Wang Jinming Zhang Fei Li Zhonghu

(School of Automation and Electrical Engineering, Inner Mongolia University of Science and Technology, Baotou 014000, China)

Abstract:To address the large parameter count, high computational overhead, and poor minor-defect detection in existing wind turbine
blade surface anomaly detection models, this paper designs a lightweight detection model named CDFNet. The model takes YOLOv10n
as the baseline and introduces a feature enhancement downsampling ( FED) module into the backbone to enhance fine-grained feature
extraction for complex anomaly regions. A cross-dimensional collaborative attention ( CCA) mechanism integrates spatial location with
channel semantic information to improve minor-defect localization and recognition. The method also replaces the original neck with a fast
bidirectional feature pyramid network (FBiFPN) to boost multi-scale feature fusion efficiency and reduce model complexity. Experiments
on a self-built dataset of wind turbine blade surface anomalies show that CDFNet achieves a mAP @ 0.5 of 83.2%, which is 6.4
percentage points higher than the baseline. CDFNet contains 2. 02X 10° parameters, a 25. 5% reduction compared to the baseline. For
minor defects, CDFNet improves detection accuracy over the baseline by 21. 3 percentage points for cracks, 11. 6 for missing diversion
strips, and 11. 1 for surface damages. These results demonstrate that CDFNet strikes a favorable balance between detection accuracy and
model lightweightness, making it suitable for wind turbine blade surface anomaly detection.
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Fig.3 Feature enhancement downsampling module
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Fig. 9 Schematic diagram of defect categories

R1 REEFIRFEITER

Table 1 Defect categories and statistics

BREEZE] BREE B BRI /em BRFETEEE/em
cracking 327 10~30 0.5~2
dirt 1374 150~1 000 5~30
missing part 105 20~30 2~5
erosion 2 610 10~50 3~20
breakage 1 087 10~20 2~5
lightning 1118 15~30 2~8
paint 1574 15~40 5~20
tape 4 465 10~60 2~6
scratches 1320 15~30 3~10

3.2 SKIGINEE

S5 B 8 i B R ] NVIDIA GeForce RTX 3080 Ti
GPU 1 Intel(R) Xeon(R) Silver 4210 CPU,#:/E &4 %
JH Ubuntu18. 04. 6 LTS, 4 F2iE 75 N Python3. 9, IR JE 2% 2]
HESL K Pytorch2. 0. 1,CUDA RAH 11. 8, RIS HLE
Y2k & S 200 %8, R AF 2h & 09 Bl L BE B R
[% ( stochastic gradient descent, SGD ) {1 1k #% M1 7 A5 Y g
SPGB iR 0,937, W1 f 24 2 R M 0. 01, it Ak B
KA 16, A LI AR ECH 0.000 5,

3.3 BWELTMERR

J 1M PEAL CDFNet B 1 BE , >R F H A 45
3o H R BORS B R ( precision, P) . [0 3 ( recall , R) #1532 I
Lt (intersection over union,IoU) B4 0. 5 B4 {E 404G
J (mean average precision, mAP ) A i CDFNet 1 7Y f
R PE BB, SR LAY 2 B (params ) | IF HTE SR
12 (GFLOPs) L) B A AW (frames per second , FPS) P3|
PRI 42 B AL R, 25 AN 18 AR I (15) ~ (18)
B o

TP
pP= (15)
TP + FP
TP
R= (16)
TP + FN
1
AP = [ P(R)dR (17)
0
1 N
mAPzNZAPi (18)
i=1

2 TP SR TE A R B ) IE B AR FP SRR B
BRI IEREA R, PNV S RAS 1 IE R AR B NV 3R
FNIEREA S BB L P T A ARG T 23 2R 17 o
Py RSB SFAG I X 52 ) IR A AR B 5 mAP 255 [ Bt
A A2 B0 4G DU RE 2 B
3.4 GHRASRIE

SR U IR A 38 i 77 =X, 374l FED |, CCA
F1 FBiFPN 3 itk Jy s e A R A PR R 1 4 35081, 5
N FRHER R T SRR FED 10 M B 7 vk A 5 4k 15 b
[ 2 AL CCA Te ekt I ik B, PG X n) 4 F 38
fERA W 45 FBIFPN 0 e ik €, SCm g R ik 2
Frms VR E SRR T,

T2 HMIELER

Table 2 Ablation experiment results (%)

FRER A B C P R mAP@ 0. 5
YOLOv10n 78.4  69.1 76. 8
YOLOvI0-A 81.1  73.7 79.9
YOLOv10-B Vv 81.2  72.2 79.8
YOLOv10-C V.o 8.4 735 80. 4
YOLOvIO-AB V.V 78.2  74.6 81.3
YOLOvI0-AC V| V.o 8.9  73.4 81.9
YOLOv10-BC vV 8.3 732 80. 8
CDFNet vV Vo 8.8 754 83.2
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Fig. 10 Comparison of the Loss curves of the two optimizers
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Table 3 Comparison of Backbone network optimization

L gin P/% R/% mwAP@0.5/%  Param/(x10°%)
YOLOvIOn  78.4  69.1 76.8 2.71
+GhostConv ~ 80.8  71.5 78.8 2.83
+FasterNet ~ 76.1  67.2 75.6 2.57
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Table 4 Comparison of different attention mechanism
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Table 5 Comparison of Neck network optimization

[ sii] P/% R/% mAP@O0.5/%  Param/(x10°)
YOLOviOn  78.4  69.1 76.8 2.71
+AFPN 73.8  64.8 72.1 1.86
+CFNet 73.5  65.2 73.7 2.35
+BiFPN 79.9  73.4 79.2 2.38
+FBiFPN  82.4 73.5 80. 4 2.05

5) A T i I SR A R L

TR 11 s SRR AL S R A 45 SR % b, A
R JFEAEL YOLOVIOn B R I 45 38, A5 A Ay A SC e it A 74
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Xof 5 2 A S oH RS 1 RS IR BE X A B T R 0l e X
cracking  breakage . missing part % /N H A5 5 % #1547 K D
i, CDFNet A7 T 2 (4 e TR BE R 8 (2 e ) o
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FE R, CDFNet B84 X0 4% S8 i J7 1T S5 5 (006 DU ~F- 24k
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E bR S A I RO S THER B R 23042 71 21.3 (11,6
FU1L 1A 43 20, #E— 2D B0AIE CDFNet A5 805 42 7H/h R
JEE S ARG 2 A A A
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Table 6 Average precision comparison (%)

Class YOLOv10n CDFNet
cracking 63.4 84.7
dirt 97.2 97.9
missing part 78.1 89.7
erosion 63.6 64.4
breakage 64.5 75.6
lightning 90. 6 92.9
paint 82.4 84.2
tape 71.5 72.6
scratches 81.8 86.7
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Fig. 11 Comparison of detection results
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Table 7 Comparison of results from different models

FRETR mAP@0.5/% Params/(x10°) FPS  GFLOPs

Faster R-CNN 79.5 41.39 32 208
TOOD 82.3 32.04 24 199
ATSS 78.9 38.92 36 110
YOLOv8n 78. 4 3.01 104 8.1
YOLOv10n 76.8 2.71 122 8.2
YOLOv10s 80.5 8. 04 94 24.5
YOLOvl1n 79.1 2.59 106 6.4

RT-DETR 77.9 32.01 77 103.5
CDFNet 83.2 2.02 110 9.7

Hy 52 3 45 5L W] %00, CDFNet #H %5 T 5 ) 4% 45 751
YOLOv10n S8 F I 25. 5% , mAP 427+ 6. 4 D143,
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L K2 RT-DETR #f [t , CDFNet SZ30 T 5 25 A ikk , H. mAP
IYRHRTET 4.8 2.7 41 M5 3 NE A, AN, E
IR Bt H bR A I 1% Faster R-CNN Jz— [y BEE 1 ATSS
H1 TOOD Y mAP {54354 79. 5% .78. 9% .82. 3% , {HAH
Lt CDFNet £7FERE A 245 f RORIAS DUk B 18 1% [ T, 2%
I+, CDFNet 5 Jinid A WAL R 21 55 4
3.6 HEELZMELIE ST

AR SCAEARTR] 256 P58 B R B2 N SR A NEU-DET #4441
BSOS TT B B2 JE 4T CDFNet B8589 1) 72 4k M 5286
NEU-DET %% #% 4 6 45 JF 2 ( cracking ) . & 42 ¥
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Table 8 Model generalization experiment (%)
Class YOLOv10n CDFNet
cracking 34.3 40.4
inclusion 77. 1 78.9
patches 91.6 89.4
pitted surface 85.3 85.7
rolled-in scale 64.1 66. 8
scratches 80.8 90.5
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Table 9 Comparison of model detection performance

(%)
T P R mAP@0. 5
YOLOv10n 67.2 64.9 72.2
CDFNet 72.5 69.3 75.3
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