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PeleeNet_yolov3 surface crack identification with lightweight model

LIU Xing, MO Site, ZHANG Jiang, WANG Weikang, YANG Shiji, LI Xin

(College of Electrical Engineering, Sichuan University, Chengdu 610065, China)

Abstract: To enhance the stability and speed of surface crack detection, a detection algorithm combining PeleeNet
and YOLOv3 is proposed. PeleeNet framework is used to replace Darknet-53 framework of YOLOv3 so as to
effectively integrate different local features and improve the detection rate. The feature attention module is
integrated into the PeleeNet’ s framework to highlight the saliency of the crack detection in the image, and through
the receptive field module RFB broaden the effective field of view of the network, and increase the detection
accuracy of small targets. Instead of the standard convolution, the depth separable convolution is employed to
reduce the amount of parameter calculation in the feature pyramid network. Then, the CloU loss function is
introduced to strengthen the classification and regression accuracy of the model. The experimental results on the
fracture data set show that AP, and AP, reach 97.68% and 77.87% respectively, 8.4% and 12.4% higher than
the original YOLOv3. Meanwhile, the detection speed reaches 30 frames per second with the size of model
parameters being only 30% of YOLOv3. As can be seen, the PeleeNet_yolov3 lightweight model proposed has
produced an obvious effect on the detection of crack targets, with a small amount of calculations and parameters
involved. Suitable for mobile terminal system, the study presents a great value of application especially for small
volume, low power consumption and low computing power computing platforms.

Keywords: YOLOv3; crack detection; PeleeNet; depth separable convolution; receptive field module; feature
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Tab.1 Results of ablation experiments on the fracture data set
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1 Darknet-53 90.92 85.37 68.20 61.32 0.88 234.0 65.70 25
2 1 + PeleeNet 86.40 84.06 57.62 56.76 0.85 95.0 20.54 41
3 2 + CloU 94.54 88.72 69.41 65.14 0.92 95.0 20. 54 41
4 3 +DSC 94.90 84.53 69. 84 62.19 0.90 53.0 12.00 46
5 4 + P_RFB 96.52 90.40 70.75 66.26 0.94 69.0 13.66 43
6 A 97.68 94.22 77.87 75.12 0.96 70.7 13.68 30
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Tab.3 Experimental results at different positions of CBAM in the fracture data set

kg B APsp/% ARy /% AP.s/ % AR;5/%  F1(50) HEEIA/NMB - VEASGESE/GFLOPs A&l i/ (Mii-s ')
1 1 96. 86 91.89 74.17 70.36 0.94 70.7 13.40 35
2 2 96. 82 90.77 74.45 69. 80 0.94 70.7 13.70 36
3 3 98.92 93.94 72.82 69. 15 0.96 69.4 13.42 15
4 4 99.16 99.35 87.07 87.23 0.99 70.8 13.70 14
5 5 96. 11 92.17 71.91 68.97 0.94 70.7 13.65 29
6 AR 97.68 94.22 77.87 75.12 0.96 70.7 13.68 30
2.3.3  N[E 44X EE S5 SSD #EFE ) SSD300, #EFE VCG16 1E b H T M4, 1F

R T B UEAS P 28 A M A A U b B Sk
PEPE 2 PR HE AT X L, 4303 #E T SSD, Faster-
RCNN D) K& YOLOv3 J Hgh it 8k 44 YOLOv3-
spp, YOLOv3-louLoss,, 5% 5 e & >R A [R] ) e &,
TEMBERAREE Lk AT T, SR IL%E 4,

YOLOv3,SSD J2 5. H A5 A il i A8 2 1, ix B

6 N EUCHIE & L 2E 17 22 RGN , ELHEx 8 732 4
ANTA) RUBE RN Xof 10 F) H Aoz A iR B AT
T, Faster-RCNN & B Be H b i i A8 24 2%
P DX 3 A= 1% ) 4% ( Region proposal network ,
RPN) fUR T BRI R A SR 1 AR X I | 3
ATIHE [RIHFI 326 45 31 H AR AL B AR SIE R

R4 EREHT|E L FEARBXENEER
Tab.4 Comparison of experimental results of different models on the fracture data set
i g LI APsy/%  ARsy/%  APy;s/%  ARy;s/%  F1(50)  BEIK/INVMB - R HiBH R/ GFLOPs
1 YOLOv3 90.92 85.37 68.20 61.32 0.90 234.0 65.70
2 YOLOv3-spp 90.80 86.67 68.30 62.44 0.91 288.0 70.56
3 YOLOv3-iou 91.89 87.42 66.90 62.26 0.91 234.0 65.70
4 Faster-RCNN 68.89 87.51 69.71 40.70 0.77 108.0 63.00
5 SSD300 ( vggl6) 87.38 76. 14 52.20 45.50 0.81 90.7 57.00
6 283 97.68 94.22 77.87 75.12 0.96 70.7 13.68
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Fig. 10 Mobile terminal surface crack detection results
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