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ABSTRACT

Solar cell efficiency is one of the most concerned issues during the
photovoltaic power generation. The existed micro-crack detection
approaches mainly rely on manual work with the detection
efficiency is low. Besides, there lacks exploration in algorithms for
separating the region of damage without much workforce. In this
paper, we propose a two-stage deep scheme, especially for the
polycrystalline micro-crack detection method. A region of interest
(ROI) proposal method based on the canny feature and the wavelet
feature for micro-crack is raised. The computational efficiency and
detection accuracy are greatly improved. Firstly, we split the
original electroluminescent image (EL image) by its grid line and
cut them into fixed-size squares. Then the ROI proposal method is
applied to extract candidate boxes as the inputs of the second stage.
At the second stage, a modified convolution neural network based
on the candidate boxes is supervised by binary labels. Our
experimental results demonstrate that our polycrystalline micro-
crack detection scheme outperforms other traditional frameworks.
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This work is the first attempt to solve engineering problems about
micro-crack by deep learning techniques in photovoltaic systems,
without many high-quality labels and computing power.
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1 Introduction

In recent years, energy and environmental issues highlight the
importance of photovoltaic power generation [1]. Meanwhile, the
solar cell is the core component of photovoltaic power generation
technology. Solar panels can be divided into monocrystalline and
polycrystalline panels. Micro-crack and broke gate [2] are the two
typical damage and we mainly focus on the micro-crack.
Apparently, damages will directly reduce the power efficiency,
reliability, and even the stability of photovoltaic power generation.
Usually, in industrial sites, damage detection is also used as an
essential evaluation basis for photovoltaic power generation
efficiency [3]. However, manual identification is mostly adopted in
actual production.
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Micro-crack on photovoltaic panels is invisible without EL
images. There are several difficulties in the detection of micro-
crack. Firstly, crack is difficult and time-consuming to be
distinguished due to the floccule. Secondly, the grid line on the

panels is probably to result in ambiguity to micro-crack in detection.

Thirdly, due to not only the imbalance between positive and
negative examples but also the requirements of positioning
accuracy, the direct detection of the whole EL image is inefficient
and cannot satisfy the demand.

Owing to the above problems, we propose a deep two-stage
scheme for polycrystalline micro-crack detection. At the first stage,
we have an improved screening strategy to extract five ROI on each
piece. At the second stage, a modified convolution neural network
based on the both ROI and original image features is supervised by
binary labels [4, 5]. After the comparison experiments, we conclude
that the proposed deep two-stage scheme for polycrystalline micro-
crack detection has achieved better results. The critical
contributions of our work are as follows:

[ Compared with Fast R-CNN, a more effective ROI
extraction method is designed for the micro-crack detection.

° Our approach outperforms than traditional machine
learning methods. The reason is that it focuses ROl on the object as
much as possible and excludes other irrelevant information.

o This work is the first attempt to solve engineering
problems about micro-crack by deep learning techniques in
photovoltaic systems, without many high-quality labels and
computing power.

2 Related Work

2.1 Object detection

Object detection dates back for a long time and springs up an
abundance of approaches [6, 7]. Classical work [8, 9, 10] usually
formulated object detection as a sliding window classification
problem. Usually, the algorithm has been SVM or RF [11].
However, these methods were challenging to extract deep semantic
information of some images, and the time complexity was high.
Deep learning methods based on ROI are an essential branch in
object detection [12]. Region-based CNNs (R-CNN) extracted ROI
by selective search, and a detection network was trained to classify
each ROI independently [13]. The drawback lied in that time cost
of the ROI generation algorithm was high. It was extended by Fast
R-CNN [14]. The methods mentioned above are mainly designed
for the salient object while the micro-crack tends to be confused
with the polycrystalline materials. As a result, there remain
problems of not combining the feature of specific objects when
detected by the methods mentioned before.

2.2 Industrial background of micro-crack
detection

Resonance ultrasonic vibrations (RUV) method for crack detection
in Photovoltaic (PV) silicon wafers has been firstly proposed by
[15]. The photoluminescence (PL) detection method was first
developed to enhance the detection of solar cell micro-cracks.
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Another predominantly used method of micro-cracks detection is
Electroluminescence (EL) [16]. The mainstream detection of
micro-crack in solar panels is based on the acquisition of EL images.
However, the detection work of polycrystalline micro-crack still
relies on manual discrimination due to the polycrystalline materials.

3 Methodology

In this chapter, we will introduce the whole process of the micro-
crack detection method, which are pre-processing, region proposal
and our micro-crack detection network [17].

3.1 Pre-processing

There are 42 images in total. First, the distortion of the EL image is
corrected. We cut the image of the cells according to the boundary
and obtain a total of 42*72 pieces of images with size 40*240.
Finally, 19298 images of size 40*40 are made. The number of
cracks and non-crack images is about 10:1. The usual approaches
of data augmentation are random crop, horizontal/vertical flip, shift
and rotation or reflection [18]. After data augmentation, the ratio of
positive to negative samples is about 1:1. The Haar wavelet is used
to extract the low-frequency features of the original image, while
the high-frequency image is discarded. Low-frequency wavelet
image can effectively filter the high-frequency noise in the
background and keep the micro-crack feature.

3.2 Region proposal

The expected ROI obtains local valid information, such as micro-
crack and floccule. The purpose of ROl is to extract and fuse more
local features, to facilitate subsequent convolutional neural
network learning rules and improve the accuracy.

To begin with, we use the selective search to extract ROI and
screened out some boxes according to the moderate size. For 40*40
images, if the contour is more massive than 140, the ROI should be
abandoned because it almost contains global information. Similarly,
if the outline is too small, it does not satisfy the requirement. Next,
to make the areas contain more floccule or micro-crack features,
we combine the edge information to conduct a secondary screening
of ROI. The edge is obtained by the Canny algorithm, and150 is
chosen as the threshold after the experiment with different
luminance. The effective information proportion EX,,, of the k
ROI is larger than 25%:

k
Ek,. = e 5 250,k =1,2,...,5 (1)
Nedg

edge

Nk is the number of edge information of the k ROL Neqge is
the total number of edge information in each image. Or the effective
size S¥,m of k ROI is bigger than 40%:

k k
Srec Nrec

Skim = = > 40% )

k k= k k
Wrec*Hrec Wrec*Hrec

Wik . and HE,. are the width and height of the k ROI. Edges are
composed of pixels, so the number of edge pixels in an ROI equals
the area. Only if the ROI satisfied (1) or (2), it can be kept. The ROI
prioritization strategy follows in descending order:


http://dict.cn/engineered

A Deep Two-Stage Scheme for Polycrystalline Micro-Crack
Detection

° The area is greater than 40.

° When the mean pixel in the ROI is less than the mean
pixel of the whole image, it is arranged in descending order of area
and grayscale. If the area is the same, the ROl with more excellent
gray value is preferred.

° The mean pixel of ROI is higher than the whole image.

[ Experiments and analyses are conducted on several
images to study the relationship between ROI number, area,
medium gray of ROI and full image. Then an ROI priority strategy
is developed. For images with more than 5 ROI, the top 5 ROI will
be selected. While other situations, the ROl is added by the priority
until 5 ROI is selected. The ROI is extracted by the following
procedures in Table 1, and then they are sent into the micro-crack
detection training network. Figure 1 shows the process of the whole
region proposal.

Table 1. Experiment Procedures.

1. Cut images into small pieces (from 240*240 to 40*40).
2. Enhance the negative data.

3.Traverse each image:
®  Extract wavelet low-frequency image
®  Extract ROI by selective search on the wavelet
image

If the number of ROI > 5:
Canny features and areas are prioritized for ROL
Delete the tail of the queue until the queue
length is 5.
If the number of ROI < 5:
Canny features and areas are prioritized for ROL
Add the front of the queue until the queue
length is 5.

®  Obtain the top-left coordinates of the 5 ROI.

o / /
Selective|
Search

‘

' ,-.-A

OUTPUT

Figure 1: Region proposal.
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3.3 Micro-crack detection network

The complete process is illustrated in Figure 2.
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Figure 2: The Proposed Architecture.

After obtaining the ROI coordinates, we will not get the
accuracy and the recall rate for each ROI. On the one hand,
considering the small proportion of micro-crack in the whole figure,
the accuracy rate of ROI will be biased. For example, in the
negative sample, due to the small area of micro-crack, there is a
certain probability that ROI is a positive sample. That is why the
accuracy rate will be low, and the number of ROI is controlled. On
the other hand, the ROI is only used as local features to integrate
original image information in the binary network, which makes the
system pay more attention to local information.

4 Experiment

In this part, the detection accuracy of our model and some common
approaches will be demonstrated and compared. The detection
result will be illustrated in the original image directly.

Different machine learning models were applied to compare the
effects of our micro-crack detection scheme. We extracted four
features of the image, which were hog feature, Fourier spectrum
feature, LBP feature and Haar wavelet low-frequency feature [19].
The Multi-Layer Perception (MLP) and Support Vector Machine
(SVM) were selected for comparison [20]. The input of MLP was
the fusion of the LBP feature and Haar feature, the fusion of hog
feature and Haar feature. While the input of SVM was the fusion of
hog feature and Fourier feature, the fusion of hog feature and Haar
feature.

The different features of each image were transposed after
vertical splicing. The length of the feature was compressed from 80
to 30 utilizing principal component analysis (PCA). Then they were
sent to the neural network for training. The experiment shows that
more than 99% of information can be fully characterized after
compression, which means the compression is feasible.

CNN was also chosen for the experiment, and we used two
layers of convolution, one layer of pooling and two layers of full
connection. The size of the convolution kernel template was 5. The
reason for reducing the pooling layer is that the pooling will reduce
the gradient information when the amount of computation is small
[21].
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Table 2: Accuracy in Different Models

Accurac

Number Structure y TP TN
LBP+HAAR
0, 0, 0,
1 UM 51.5%  51.351% 51.656%
HOG+HAAR
0, 0, 0,
2 oM 5298%  50.993%  54.967%
3 HOGHFOURIER o) 66706 46.667%  58.667%
+MLP
5 HOGYHAAR 41 33306  55.998%  66.667%
+MLP
CNN 83.05%  69.6%  96.5%
OURS 89.89%  895%  90.25%

After the comparison of Table 2, conclusions follow. TP means
the proportion of positive samples that are classified rightly while
TN represents the negative samples. The accuracy is the average of
TP and TN. When it comes to 1 and 2, it can be found that since the
hog feature integrates gradient information and pay more attention
to the edge, so the TN in Model 1 is better than 2. Considering the
uncertainty of no micro-crack information, which means the
floccule, the effect of TP is not good. By comparing 3 and 4, the
classification accuracy can be significantly raised in the wavelet
low-frequency information, which makes us decide to seek ROI on
the Haar image. The accuracy of MLP is much better than SVM.
Therefore, the classical approach is infeasible in the scenario where
the character is not apparent.

We also compared the classical CNN with the depth model
adopting the improved ROI screening. It can be seen that the
accuracy rate of micro-crack detection is up to 96%, which refers
to the micro-crack images. However, the price of non-crack image
detection is relatively low, which is only 69%. This is not an ideal
result. Although the classifier can tell us whether the plate has
micro-cracks, there is a great disturbance to the location of the
target. In our proposed algorithm, even though the accuracy of
negative samples is reduced by 5%, the recognition rate of the
positive sample is necessarily increased, which means the overall
efficiency is much higher.

_ —— g — i —

Figure 3: Detection Results of CNN and Our Model (a): more
floccule (b): less floccule
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As shown in Figure 3, the parts identified as micro-cracks are
marked with red boxes on each image to realize positioning. We
selected two representative panels, (a) for the panel with more
floccule, and (b) for the picture with cleaner background, to observe
the effect of the algorithm for these two graphs.

Table 3: Mistaken detection results.

Index  Origin CNN Our Model
of Cracked

Images Size Sp Sn Sp Sn
794 25% 25% 11.11% 25% 2.78%
813 31.94%  31.94% 25% 25% 13.89%
829 30.56% 20.83% 23.61% 20.83%  9.72%
757 50% 38.89%  6.94%  29.17%  9.72%
802 1528% 13.89% 18.06% 13.89%  2.78%
819 33.33% 22.22% 18.06% 23.61% 15.28%
704 30.56% 20.83% 13.89% 20.83%  2.78%
701 30.56%  2639% 27.78%  20.83%  18.06%

The origin cracked size is the ratio of origin defect size to the
image’s full size. Sy, is the ratio of detected micro-crack size Scyqck
to the full size Spyy;. Sy, is the ratio of the mistakenly detected
micro-crack size S, to the full size Sg,y;.

— Scrazk
Sp - Sfun (3)
_ Sw
"= S “

These two methods can cover the crack area. However, as
shown in Table 3, the false detection area of CNN is larger than
that of our model, such as Image 794, Image 802 and Image
704.Therefore, both algorithms need to be improved.

5 Discussion

In this work, we propose a deep two-stage scheme for
polycrystalline micro-crack detection based on ROI. The accuracy
of crack detection can reach 89.89%. In practical engineering
applications, the false detection rate is as important as the correct
rate. Because the crack area is relatively small, less false detection
rate is more important, so our algorithm is effective. Compared
with other methods, it can locate the crack location better and
reduce the area of false detection.
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