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Abstract: The background of the EL image of a photovoltaic cell under electroluminescence (EL) presents complex
non-uniform texture features, and there are grain pseudo-defects similar to cracks. At the same time, the cracks
appear as multi-scale features with various shapes. The above mentioned difficulties have presented great chal-
lenges for the detection task. Therefore, this paper proposes a multi-scale Faster-RCNN model that integrates at-
tention. On the one hand, an improved feature pyramid network is used to obtain multi-scale advanced semantic
feature maps to improve the network's feature expression ability of multi-scale crack defects. On the other hand, an
improved attention region proposal network A-RPN is adopted to increase the model's attention to crack defects and
suppress the characteristics of complex background and grain pseudo-defects. At the same time, in the RPN net-
work training process, a loss function Focal loss is used to reduce the proportion of simple samples in the training
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process, so that the model pays more attention to the samples that are difficult to distinguish. Experimental results

show that this algorithm improves the accuracy of crack defect detection in EL images, reaching nearly 95%.

Keywords: multi-scale feature extraction; attention module; focal loss function
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Fig. 1 EL imaging acquisition system
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Fig. 2 EL image of a random background with a non-uniform texture. The rectangular frame is the grain, the triangular frame
marks the pseudo-defects of the grain that are highly similar to the crack, and the ellipse marks the crack
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Fig. 3 Multi-scale Faster-RCNN model with attention
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Fig. 4 Path aggregation feature pyramid PA-FPN
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Fig. 5 Detection model with integrated CBAM
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Table 1 Photovoltaic cell EL image data set
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Table 2 Parameter configuration of the model
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Fig. 6 Visual comparison of feature maps
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Fig. 7 Feature map before and after RPN combined with attention CBAM
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Table 3 EL image detection performance based on Faster-RCNN algorithm

Faster-RCNN Focal loss e Wi PA-FPN AP
87.68
88.93
ResNet50
92.26
v 94.75

A4 FRRIEEEARKER EL B L0

Table 4 Detection performance of different algorithms on photovoltaic cell EL images

Method BT M AP
J5i4f Faster RCNN ResNet50 87.68
ResNet18 85.07
CenterNet!®!
DLA 87.25
RetinaNet(® ResNet50 84.53
ikl Faster RCNN ResNet50 94.75

200112-8



St TH  https://doi.org/10.12086/0ee.2021.200112

JRUA Y Faster RCNN CenterNet RetinaNet Wity Faster RCNN

B8 REHAHAEARKEEEL BB LLNLERTILE

Fig. 8 Comparison of detection results of different algorithms on photovoltaic cell EL images
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Multiscale crack detection network structure

Overview: Electroluminescence (EL) images of photovoltaic cells have a non-uniformly textured complex background,
and the background contains grain pseudo-defects that are highly similar to the crack structure. At the same time, the
cracks are characterized by various sizes and shapes. Existing target detection algorithms based on convolutional neural
networks cannot adapt to the above problems. From the perspective of suppressing interference from complex back-
ground and improving the adaptability of the model to multi-scale crack defect detection, this paper proposes a mul-
ti-scale Faster RCNN model that integrates attention. In photovoltaic cell EL images, the scale of the cracks varies great-
ly, including a large number of small target cracks. In order to improve the network's ability to express multi-scale crack
defects, a path aggregation feature pyramid network (PA-FPN) is proposed. Based on the combination of the residual
network ResNet50 and the feature pyramid network FPN, PA-FPN adds a bottom-up path to fuse features. PA-FPN
effectively retains shallow feature information, which improves the model's adaptability to multi-scale cracks in EL im-
ages and especially the detection results of small-scale cracks. In order to improve the model's attention to crack defects
and suppress the characteristics of complex background and grain pseudo-defects, this paper proposes a regional rec-
ommendation network A-RPN that incorporates convolutional block attention module (CBAM). CBAM is composed
of a channel attention module and a spatial attention module. In this paper, it is experimentally verified that the detec-
tion result of the RPN network fused with CBAM is better than that of using an attention modules alone. K-means clus-
tering is used to cluster the crack sizes in the data set to guide the RPN to set the anchor box closer to the actual crack
size, which improves the speed and accuracy of the target box regression in the defect detection process. In addition, in
the RPN network training process, the loss function Focal loss is used to replace the original cross-entropy loss function,
so as to reduce the proportion of simple samples in the training process and make the model pay more attention to the
samples that are difficult to distinguish. The entire network can achieve end-to-end training. In order to verify the effec-
tiveness of the improved algorithm, the performance of the original Faster RCNN model, RetinaNet, and CenterNet on
multi-scale crack detection of EL images is compared. Through training and testing of 1024 pixelsx1024 pixels of pho-
tovoltaic cell EL images, experimental results show that the improved Faster RCNN is better than the above mentioned
target detection algorithms in accuracy, and has good robustness to the strip-shaped multi-scale cracks, which can be
adapted to the EL image with changing complex background.
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