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Abstract To improve the current low efficiency process in artificial defect detection on aero-engine surface, a YOLOv5-
CE model, based on improved YOLOVS, is proposed. First, the data enhancement strategy search algorithm is integrated
into the network to automatically search the best data enhancement strategy for the current dataset to improve the training
effect. Second, the coordinate attention mechanism is introduced into the backbone network while the coordinate
information is embedded on the basis of channel attention to improve detection of small defect targets. Finally, the location
loss function of YOLOV5 is improved to efficient intersection over union loss which can accelerate the model convergence
and improve the precision of prediction box regression. Experimental results show that compared with the original

YOLOVSs network, the proposed YOLOvVS5-CE model improves the mean average precision by 1. 2 percentage points to

98.5% and can efficiently, as well as intelligently, detect four common types of defects in aero-engines.
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Data augmentation

Description Range of V,

agnitude

substrategy
Adjust the contrast of the image. V, ....—0 gives a gray image and
Contrast ) g gnitude g gray g [0,2]
V aminae— 1 gives the original image
Adjust the sharpness of the image. V.= 0 gives a blurred image and
Sharpness i [0,2]
V agmimae— 1 gives the original image
. Adjust the brightness of the image. V.= 0 gives a black image and
Brightness . o [0,2]
V egninae=1 gives the original image
Rotation Rotate the image by V.. degrees [—90°,90°]
Scale Enlarge or reduce the image to Vi Scales [0.5,2]
Flip Flip the image Flip up-down/flip left-right

HSV augmentation Adjust the H(hue), S(saturation), and V(value) of the image H:[0°,360°], S:[0,1], V:[0,1]

. . ) Gaussian noise and salt and pepper
Noise Add noise to the image )
noise
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Fig. 7 Defect labelling example

<annotation>
<folder>JPEGImages</folder>
<filename>gap211.jpg </filename>
<path>D:\VOC2007\JPEGImages\gap211.jpg</path>

<source>
<database>Unknown</database>
</source>
<size>
<width>3455</width>
<height>2445 </height>
<depth>3</depth>
</[size>
<segmented>0</segmented>
<object>
<name>gap</name>
<pose>Unspecified</pose>
<truncated>0</truncated>
<difficult>0</difficult>
<bndbox>
<xmin>2041</xmin>
<ymin>1169</ymin>
<xmax>2192</xmax>
<ymax>1406</ymax>
</bndbox>
</object>

K8  xmlbpgs
Fig. 8 xml label file
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Table 2 Comparison of the detection performance of algorithms

P /%

Model - Pow/% Speed /(frame/s)  Capacity /MB
crack gap pit scratch
Faster
R.CNN 75.4 78.1 58.7 83.1 73.8 14.29 109
YOLOV3 82.1 89.8 85.1 76.1 83.3 22.63 235
YOLOv4 90.0 93.2 86. 6 79.0 87.2 24.72 244
YOLOvV5s 94.9 99.5 98.4 96. 5 97.3 41.32 14. 4
YOLOXs 90. 8 90.7 90.9 90. 8 90.8 110. 62 68.7
YOLOvV5-CE 97.3 99.4 99.2 98. 2 98.5 40.65 14.5
HE T T AR I AR R I R R R YOLOVS-C R 1E I YOLOVSs M 4% s
PN YOLOXs 19 21. 1% . I CAFEE AHLE ; YOLOVS-E & /n#f i YOLOVSs
4.6 HELEI 2% v 1 78 7 302K BR B CToU# 2k Biett S EToU#R 2k

TR I A B R WS 4 R R CA R L YOLOvV5-CE R FT #2587 YOLOV5s [ 45 (1) 3L i
il LA & EToU 5 ¢ pR R A st , 33T 1 78 al S2 56 ok b [R) sEEF T RR  E  E R RE  CA TR AL A
IO UE B A o E R AR S R K S ron . Hop, SE S PR BRAE RadE
YOLOV5 A FRAER YOLOvVSs W45 dfil A #3158
23 WL

Table 3 Ablation experiments

Py /%
Model R}m*m.\mn /% R /% R P /% Speed /(frame/s)
crack gap pit scratch
YOLOv5s 97.7 94.7 94.9 99.5 98.4 96. 5 97.3 41.32
YOLOvVS5_A 96. 8 95.7 95.2 99.5 98.9 97.8 97.9 40. 49
YOLOV5-C 97.8 95.7 96.9 99.5 99.3 96.9 98.2 41.15
YOLOVS5-E 97.3 96.6 96. 4 99.5 99.3 98.2 98.4 46.73
YOLOVS5-CE 98.1 95.4 97.3 99.4 99.2 98.2 98.5 40. 65

2 3 AT YOLOvVS A B8R e J R0 4% A9 4 ff B R IS A T B R AR T, i 20 A 4 R
ARG B PR B B R TRETE EE P LT ES RS
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BIETE P BN T 0. 94N E 40 s, 10 A6 0 32 F LT XoF S B L 4 A s AL A 3 T 4 i B 2R AT T AR S A
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pit 0.94

scratch 0.87

pit 0.92

pit 040

L pit 0.81

PO PRI RL A U AR H . (a) (B) (¢) YOLOVSs Kl &R 5 (d) (e) () YOLOVS-CE Kl % 5
Fig. 9 Comparison of the detection effect of two models. (a) (b) (¢) Detection effect of YOLOV5s;
(d) (e) (f) Detection effect of YOLOv5-CE
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