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Abstract

Aircraft engine blade surface defects are complex and diverse. To address the current challenges of
low detection efficiency and accuracy, a modified YOLOv7 network with an embedded attention
mechanism is proposed for aircraft engine blade surface defect detection. By embedding the ECA
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attention mechanism at the end of the backbone network, the model’s ability to learn the depend-
encies between different feature channels is enhanced. Replacing SiLU with FReLU as the activation
function improves bounding box regression rate and object localization accuracy. The improved
network is trained and tested on a self-developed dataset. Experimental results show that the
YOLOv7-ECA network achieves a precision of 97.9%, a recall of 96.4%, and an average precision of
97.6% on the self-developed dataset. Compared with CBAM and CA attention mechanisms, ECA im-
proves the detection accuracy of all four defect types. Compared with current mainstream object
detection models such as Faster-RCNN and YOLOVS5, the average detection precision increases by
1.5% and 2.1%, respectively, demonstrating the superior detection accuracy of this method for air-
craft engine blade defect detection.
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Figure 1. Network structure of YOLOV7
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Figure 2. Structure of ECA attention mechanism
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Figure 3. ECA attention mechanism embedded in backbone network
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Figure 4. Dataset acquisition platform
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Figure 5. Partial samples of the self-built dataset

E 5. BHBEERSEAR

3.2. XWSHKE

AL AE window11 248 F#4T, GPU A Nvidia GeForce RTX 3060Ti, 1% 2% ~) 3155y Anaconda3.
Python-3.10.13. ERHIA K/ 640 x 640, ¥IaG¥>I% )y 0.01, EXECH 300, XA 16 PHliTEhR
AFEREFIZE®R) BIHZEP). F1AH U E 25 B E (mAP) .

4. RS
4.1. BUHRENIZLER

YNERITFEH I mAp W 6 FTom o e U R RY BORE 1 55 N 97.9%, B BN 96.4%, mAP50 N 97.6%.
K 7 &Nt FE R PR 2R, BT DR HOR R BB A Bl 28 N A AR EEE T 1, PR A A -2

DOI: 10.12677/mo0s.2026.155077 134 e RSE TR


https://doi.org/10.12677/mos.2026.155077

KA, FE

AT ICR.
mMAP@O0.5
1.0
0.8
0.6
0.4 l
0.2
0.0 5
0 200

Figure 6. Average precision curve
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Table 1. Defect parameters
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S ZAHE/% B Y% A% RI9R/% HER /%
YOLOv7 96.1 95.3 94.2 96.2 96.1
YOLOv7 + CBAM 96.6 96.5 95.4 97.1 96.6
YOLOv7 + CA 96.9 97.9 96.9 97.5 96.0
YOLOv7 + ECA 99.6 99.5 97.6 98.9 97.9

Table 2. Training parameters

2. N&EsH

EES HEE /% F1/% SSRGS AE %% A MTHE P 7]
YOLOvV7 943 94 952 9.6 ms
YOLOvV7 + CBAM 948 95 95.9 10.8 ms
YOLOV7 + CA 95.0 95 96.5 12.1 ms
YOLOV7 + ECA 96.4 98 97.6 10.9 ms
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Faster-RCNN 95.8 95.1 95 96.2 26
YOLOVS 96.2 95.4 95 97.1 86
YOLOv7-ECA 97.9 96.4 98 97.6 90
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Figure 8. Partial detection results
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