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Abstract

To address the loss of small-defect details, weak edge-texture representation, complex background
interference, and insufficient multi-scale feature fusion in UAV-based wind turbine blade inspection,
this paper proposes an improved YOLO11n method integrating SPDConv, C3k2_EMA, and AWFF.
SPDConv is used to replace ordinary strided convolutions at key down sampling positions in the
backbone, reducing spatial information loss for slender cracks and edge defects. The EMA attention
mechanism is embedded into deep feature extraction units to construct C3k2_EMA, which enhances
responses to defective regions while suppressing shadows, highlights, and blade texture interfer-
ence. In the neck, AWFF is introduced at key fusion nodes to adaptively balance shallow detail fea-
tures and deep semantic features through learnable weights. Experimental results show that the
improved model achieves Precision, Recall, mAP@0.5, and mAP@0.5:0.95 of 84.8%, 84.3%, 86.7%,
and 57.6%, respectively, improving the original YOLO11n by 1.2, 3.9, 2.5, and 2.4 percentage points
and demonstrating its effectiveness for wind turbine blade surface defect detection.
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Figure 1. Network architecture of YOLO11n
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2. i YOLOI 1n M4RLEH[E

FERFIEA G AT, EH Concat BARIRE 1 2 RUZHFIL, (HA0 SCotikE i, MELOERN LT, 155,
BTSRRI R RS SR I 2SR T ANt — D e SEE S, 5 23 B 2 4071 B JZ 15
XA . AWFF Sl 7] 2 SR AMUE — AL Q500 AS AR R A HEAT EE R BE, 3009 44 RE S AR 4 5]
18 N 25 Bh 25 3R VR 2 40T BURZ B Lo ARSCH AWFF B 7 Neck ' B Backbone % H RFAEIEN FH T ) T
RS RSB A3, DM 245 2, HEE& 548 Concat M1 C3K2 SERUARAERE &, MIMIAEREEHE
THE SRR A2 T8 U BT 1

3.2. SPDConv TR

KM R TR BR R TR A DGR R 5 H s — AR RN . TR 3 A
ANGCELNT L EE AR o J4G YOLOT In AEREATRFALSE UL AR p, R 24T stride = 2 (A RAHRAE SE
PURRAE, MMga NSEERME, TEEERE, HEEPRESSET PR TS, B9 FBUMNE
TREAIIL S SO AL B RS S )2 F R SRR S R e 851k, s B AHLESR ) /N R BEE B IE
FER SR UG R UL, W it B s DA E AR IR

Rk, ARSCHE T WS ek N RFEALE 5] N SPDConv AR (W1 3 FiaR), H T B #ii okl K
#. SPDConv [ Space-to-Depth #{EFIE:F(stride = 1)2H %, HAZ O AR S B3 F 3556 5 25 (AR FE A,
T2 S AH A0 77 () o B A5 BT HR A BB 42, F I I 5 AR 50 Ul R 48 5 R R E R & . kit

DOI: 10.12677/csa.2026.168263 72 THREHURL: 5 R


https://doi.org/10.12677/csa.2026.168263

PN

REREAE 56 BT RAE I RN R B 8 2 AH SR R A Rl e &, AR T 1Y s A /NS, T2k TN 55 80
BRRE I RIBRE ST, I JE S IG5 AN 22 RORE Rl & B A B 58 B 1) BERRRALE
3.3. C3k2_EMA $5{F18i5i5E5

T AN G b BB R IR ZECE . P52 56U 15158 DA OR 25 Bl T 75 5%
FTHMHE, XX IS, SEMSEE Frlfe s JasfE AL G C3k2 B A B BIRHE S X
B, (RN SCB BB XI5 TR TS S (RN X 23 BE R PR o A Bk A 21 55 B e SO R 2R I
HATYZS TR S S i R ) g il B S SR o v R 4 Ak 225

4c,

——m@

w2 w/2

&

(G — 112

Figure 3. Structure of the SPDConv module
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Table 1. Ablation experiment results
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Table 2. Performance comparison of different models
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