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The silicon panel is the core component of photovoltaic power generation, whose surface quality is related to its service life and power generation efficiency. However, microcracks, fragments, incomplete welding, broken grids, and other defects often occur in industrial production. The edge detection algorithm is usually used to detect defects in silicon panels, but the common edge detection algorithm has an impact on defect detection because of the grid shadow of the panel. The current mainstream defect detection algorithm based on convolutional neural network requires a large number of positive and negative samples of image data sets for pretraining the model, which consumes a lot of time and GPU computing power, and the steps are cumbersome. To solve the problem, a defect detection method based on Prewitt and Canny operators is proposed in this article. In this method, Prewitt and Canny operators are combined to eliminate the effect of grids on the detection. The microcrack defects and their specific positions can be detected efficiently and intuitively, therefore improving the detection accuracy. The experimental results indicate that the purity and integrity of the defect profile of the image processed by the algorithm are greatly improved. The foreground edge is clear, and the defect recognition accuracy is higher, which effectively prevent the impact of grid shadow on weld testing.
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INTRODUCTION
Amid traditional energy declining, the development of renewable energy has become one of the hottest issues of global concern. The new energy technology represented by solar utilization technology is one of the main ways to solve the energy crisis of the world. With the wider application of silicon panels, their demand is also increasing. Also, the industry and national standards are generating the requirements for solar panels’ quality and service life in an even higher direction. Even minor defects on silicon panels will affect their working efficiency and service life, so it is very important to detect solar cells accurately, sensitively, quickly, and efficiently in large-scale production. Solar panels, as the core photovoltaic module, are mainly used to convert solar energy directly into electric energy. At present, silicon-based solar cells have been widely used in photovoltaic systems. With thin panels, thickness generally ranging between 180 and 200 μm, they are easily prone to cracking. Once the panel cracks, it will seriously have a strong impact on the conversion efficiency of solar cells and greatly shorten the service life. Therefore, in the production process of solar cells, if silicon panels with microcracks are not detected, the resources and production costs will be wasted, and the quality of the product will be reduced, harming the production efficiency of enterprises.
In this article, in order to solve the microcrack problem of the silicon panel, the edge detection technology is applied to detect defects. So far, there have been many different edge detection methods, such as Roberts, Laplace, Prewitt, Sobel, and Canny edge detection operators. These edge detection operators are relatively simple in the implementation process, and each edge detection operator has its own advantages and disadvantages and will not achieve better edge detection effect for all images. However, through the combination of Prewitt and Canny operators applied in this article, the relatively ideal effect can be obtained. The accuracy of defect detection can be improved through the method, guaranteeing the quality stability of qualified products.
STUDY ON SURFACE DEFECT DETECTION IN SILICON PANELS
The article mainly focuses on the surface defect detection in silicon panels [1]. At present, the common methods in the field of defect detection are manual visual inspection, infrared inspection, machine vision inspection, etc. [2–4]. There are many studies on defect detection in silicon panels in China and abroad, which have greatly improved the production and quality inspection.
There are many methods for detecting surface defects in silicon panels, such as the ray method [1], acoustic method [2], mechanical method, artificial vision method, and machine vision method [3]. Manual detection is greatly affected by experience and subjective factors. Mechanical detection is generally contact detection. The object needs to be adjusted constantly during the detection which may damage the silicon panel. Although ray detection can implement high resolution, its structure is complex and the hardware cost is high. The detection method based on machine vision has obvious advantages in detection accuracy, immediacy, intelligence, and so on. In the context of large-scale industrial production, this method has gradually become the mainstream. However, there are primary and secondary grid lines on the surfaces of monocrystalline silicon and polysilicon cells. Moreover, most of the defects are not obvious to human vision, such as microscratches and microcracks. In the field of machine vision, algorithms have become the key factor to identify the surface defects in panels. Mechanical image detection includes electroluminescence (EL) detection, photoluminescence (PL) detection, infrared imaging detection, electroluminescence (EL) image detection by a CCD (Charge Coupled Device) camera, the clustering method, and so on.
Belyaev et al. [5] mainly used image features for detection. First, the electroluminescence (EL) density image of the battery cell is obtained. Since the nondamaged portion matches the higher density portion and the damaged portion matches the lower density portion, the defect portion information can be obtained. Finally, the defect is detected by filtering technology and segmentation technology. Andrew et al. [6] proposed that defect detection can be carried out by electroluminescence images. They proposed a crack detection system to feed back the crack defect elements in a template, which can realize fast and nondestructive crack detection. Tsai Du-Ming et al. [7] proposed to detect microcrack in solar panels by means of machine vision, mainly for polysilicon surface defects. They used the anisotropic diffusion model for microcrack defects for low gray values and high and low diffusion and then used morphological operations and binarization processing to segment and detect the microcracks. Dong et al. [8] adopted near infrared technology to determine the sudden change of internal resistance by comparing the uniform brightness of the battery, so as to realize the detection of common faults such as fragments, microcracks, and broken grids. BT Imaging Company in Australia uses photoluminescence (PL) for detection. Its equipment enables the detection of misalignment, edge fuzzy defects of polycrystalline cells. Cognex Company of the United States, Panasonic Group of Japan, and Dalsa Company of Canada have successively introduced equipment for solar panel detection. So F. et al. [9] used image processing algorithms to detect battery edge or internal texture defects. Image cracks are detected and classified by analyzing the difference of gray values between pixels in the region and neighborhood. This detection method mainly carries out grayscale transformation and Gaussian Laplace transform on the image, then closes the image and merges the isolated points, and finally completes the crack detection by extracting the potential contour of the defect. Zhang et al. [10] obtained the defect characteristics of solar cells through calculation and realized the detection of solar cell defects by analyzing binary images of defects. The algorithm mainly uses the combination of bimodal method and maximum variance segmentation to process the original image and obtains the binary features of the defect area.
Detection of Solar Panels Surface Defects by EL or PL
Fuyuki proposed a method to detect the surface defects in solar panels by photographic surveying of electroluminescence (EL) under forward bias [11]. The method can detect various factors that affect the carrier density, such as the recombination velocity at surface and interface, minority carrier diffusion length, wafer breakage, and electrode breakdown. Demant uses photoluminescence (PL) imaging and machine learning framework to detect the surface cracks of polysilicon panels [12]. Changmin Yang used electroluminescence (EL) imaging to detect defects on the surface of silicon panels, and the effectiveness of the method was proved by current and voltage experiments [13]. Hao Zhang analyzed the electroluminescence (EL) image of the silicon panel surface with MATLAB, completing the silicon panel detection [14]. Different from the methods above, Rosch proposed the problem of defect detection on the surface of polymer silicon panels and proposed dark lock-in thermography (DLIT), electroluminescence (EL) imaging, and photoluminescence/reflection imaging (PLI/RI) complemented by optical imaging (OI) [15]. And in order to detect texture defect in silicon solar cells, Wujie Zhang proposed a texture defect detection method combining the steerable filters, which is more effective for detecting texture defects than wavelet filter methods [1].
Detection of Solar Panels Surface Defects by CCD Imaging
Compared with other defect detection methods, the application of CCD image sensor to obtain the surface information of solar panels has obvious advantages in terms of equipment volume, cost, and environmental requirements, especially in terms of noncontact between humans and products, protection requirement, shock resistance, and high precision. The overall process of the solar panel detection method based on machine vision is shown in Figure 1. As shown in the figure, the image of the silicon panel is gathered by a CCD camera and then extracted by the LBP (Local Binary Pattern) algorithm, through transformation, normalized frequency domain filtering, etc.; thereby the detection result can be exported [16].
[image: Figure 1]FIGURE 1 | Silicon panel detection process.
Detection of Solar Panel Surface Defects by the CCD Clustering Method
Clustering [9] method completes the detection mainly by extracting the corresponding data between the area of defects and the normal background and then classifying the data according to a certain algorithm. Finally, by setting the threshold or using other segmentation algorithms, the images with only background or defects are obtained. For silicon panel defect detection, a defect detection scheme based on clustering with uniformity measures is proposed by Tsai et al. [7]. The scheme process is shown in Figure 2.
[image: Figure 2]FIGURE 2 | Clustering method process for silicon panel detection.
The characteristic of the clustering algorithm is that only defect-free images are used as training samples, and then a binary-tree clustering method is proposed to partition defect-free samples that involve tens of groups in the training procedure [18]. Then a uniformity measure based on principal component analysis is evaluated for each cluster as shown in Eqs 1, 2, and the current cluster with the worst uniformity of intersample distances is separated into two new clusters using the fuzzy C-means [19]. In the sample test, the distance from the collected sample data to each individual cluster center obtained by the above process is measured to determine whether the sample contains defects [20].
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For j’th cluster set, the sum of square function J of the distance from each sample point in the cluster set to the center of the cluster is minimized. Sj represents the j’th cluster set, and the clustering center is Zj, and Nj represents the number of samples contained in the j’th cluster Sj [17].
The experimental results indicate that the clustering algorithm mainly focuses on the detection of linear defects and grid lines defects, including broken grids, microcracks, and grid breakage, which are also common in the producing process of solar cells. And the algorithm is not suitable for other types of defects. Moreover, the algorithm needs to determine the number of clusters C and the control constant of distance threshold [17].
Based on the analysis above, there are many detection methods for silicon panels in China and abroad, but the algorithms generally have high time complexity or incomplete functions, and some of them can not meet the needs of actual production. For the purpose of cost saving, the functions that could only be achieved by microcomputers are now done by small devices like Raspberry Pi. A new algorithm design is used for defect detection in silicon panels to achieve real-time and intuitive detection, meeting the actual needs of production. Machine vision technology can be used to help enterprises improve the accuracy of product defect detection, improve the quality of inspection, and improve the existing problems of manual quality inspection [20].
DEFECT DETECTION COMBINING PREWITT AND CANNY OPERATORS
Defect Detection of Solar Panels Using the Prewitt Operator for Edge Detection
The Prewitt operator is a first-order differential operator and an average filter, which can suppress noise well. The principle of noise suppression is realized by averaging pixels, and the average process of pixels is equivalent to low-pass filtering of images [21]. The Prewitt_x edge detection operator can reflect the vertical edge of the image after convolution, and Prewitt_y convolution can reflect the horizontal edge of the image, as shown in Figure 3.
[image: image]
[image: Figure 3]FIGURE 3 | Convolution kernel of the Prewitt operator.
The Prewitt operator uses the values of nine pixels in the 3 × 3 region shown in Figure 4 to calculate the horizontal and vertical gradient values as shown in Eq. 3. By using the Prewitt operator to detect the defects of solar panels, the horizontal and vertical margin lines in solar panels can be clearly detected [22]. Through the two convolution kernels in Figure 3, it can be seen that the Prewitt_x operator is actually the nonnormalized median smoothing of the image in the vertical direction, and then the difference in the horizontal direction is calculated, while the Prewitt_y operator is actually the nonnormalized median smoothing in the horizontal direction. It is precisely for the reason of image smoothing processing that the microcrack is difficult to detect when using the Prewitt operator, but the transverse texture of the panel cell can be detected well, which lays the foundation for the subsequent elimination [23, 24].
[image: Figure 4]FIGURE 4 | The 3 × 3 area of an image (z represents the grayscale value).
Defect Detection in Solar Panels Using the Canny Operator for Edge Detection
The Canny edge detection operator represents a multilevel detection algorithm; the implementation process of this algorithm is as follows:
1) The selected image is converted to a grayscale image.
2) The image performs Gaussian filtering, and the two-dimensional Gaussian distribution matrix is generated, which can be calculated by
[image: image]
Then Eq. 5 is used to implement convolution filtering for grayscale image.
[image: image]
3) For unary function, the gradient value and direction can be calculated by derivation, and for binary function, they can be calculated by partial derivation. In image processing, the first-order finite difference of Eq. 6 is used to approximate the gradient value (change rate) of grayscale value.
[image: image]
where f[i, j] represents the grayscale value of the image, P[i, j] represents the gradient magnitude in the X direction, Q[i, j] represents the gradient magnitude in the Y direction, M[i, j] represents the magnitude of the point, and θ[i, j] represents the gradient direction, that is, the angle.
4) The nonmaximum suppression (NMS) is looking for the local maximum value of the pixel. Along the gradient direction, compare the gradient values at the front and back of it. If the gradient magnitude of the area is the largest in the direction of the gradient, it will be retained; otherwise, it will be suppressed.
5) The experimental results only using Prewitt operator is very sensitive to the transverse grid rather than defect characteristics at the details. So the main reason for the low accuracy lays in undetected number.
There are three criteria for Canny edge detection:
1. Low error rate edge detection: the algorithm should accurately find as many edges as possible in the image and reduce missed detection and false detection as much as possible.
2. Optimal location: the detected edge point should be accurately located at the center of the edge.
3. Any edge in the image should be marked only once, and image noise should not produce false edges.
The advantage of the Canny operator is that two different thresholds are used to detect the strong edges and the weak edges, respectively, and when they are connected, the weak edge is included in the output image.
DEFECT DETECTION COMBINING THE ADVANTAGES OF PREWITT AND CANNY OPERATORS
In this article, based on the analysis of the advantages and disadvantages of solar panel detection using Prewitt and Canny operators, a solar panel defect detection algorithm combining Prewitt and Canny operators is proposed. Inheriting the advantages of Prewitt and Canny operators, the algorithm improves the accuracy of solar panel detection.
In this article, the edge extraction for all details will be better because the edge of solar panels obtained by the Canny operator is delicate, but the defect position edge obtained also contains the image edge features. Through many observations, it is found that most of the edge features in each patch of the panel extracted by the Canny operator are mainly transverse grid textures. In order to better obtain the edge characteristics of the solar panel defects, this article proposes to use Prewitt and Canny operators which are sensitive to transverse and vertical margin lines to implement image edge extract, respectively. Through the combination of the two algorithms used in this article, the defect edge characteristics of solar panels can be obtained clearly.
In this article, the specific steps of the algorithm are shown in Figure 5. The algorithm combination process is shown in Figure 5.
Step 1: The entire panel is divided by a background foreground. The background is black in the outer circle, the foreground is patches, the whole image is binarized, the threshold is set to 0; 35, and the basic contour can be roughly obtained thereby. The closing operation is used to eliminate grooves and microholes and find out the maximum communication domain, and finally a complete foreground image can be obtained.
Step 2: Locate the silicon panel patches. Since it is evenly distributed at the same size, complete small patches can be geometrically obtained.
Step 3: The image of each patch is processed separately. Since there are horizontal lines in each small block, which do not belong to defect, horizontal convolution kernel (such as the Prewitt operator) can be used to detect horizontal grid lines first. Then attention should be paid to threshold selection, and then the Canny operator can be used to detect all texture boundaries.
Step 4: Eliminate the interference of the grid lines and the boundary line around the patch and retain the defect texture. Here the grid lines detected by the Prewitt operator are inflated to obtain the mask of the nonhorizontal area and then intersect with the mask of Canny to obtain the defect location.
Step 5: Marking defect: after acquiring the identification position, then a three-channel image is reconstructed, marking the gray value of pixels at the defect location in red.
[image: Figure 5]FIGURE 5 | Flowchart of the algorithm proposed in the article.
The visualization of the relevant steps in the algorithm fusion process is shown in Figure 6.
1) After the original silicon panel image is preprocessed, a binary edge profile image detected by the Canny operator is obtained, as shown in Figure 6E. It can be witnessed that the defect profile in the block diagram is detected together with the edge profile of the image. The edge details are very delicate, and the image edge and the transverse grid cause a lot of false edges in the nondefective position.
2) In order to eliminate extra lines caused by the edge profile and transverse grid mentioned in (1), after preprocessing the image in procedure (1), then the edge characteristics of the solar panel are extracted by the Prewitt operator, obtaining the effect diagram as shown in Figure 6A. According to the characteristics of the Prewitt operator, it performs well when dealing with transverse and vertical edges.
3) After morphology processing, the border and the grid edge are removed as shown in Figure 6B.
4) The value of each pixel in Figure 6B is 0 or 255. The grayscale of the image is reversed by using Eq. 7 for each pixel value. In Eq. 7, r and s represent the pixel values before and after processing, L−1 represents the range of [0, L−1] of the grayscale, and the range of binary images is [0, 255]. So a binary graph is obtained as shown in Figure 6C.
[image: image]
5) By implementing “and” calculating each pixel point in Figures 6C,E (corresponding value 0 or 1), respectively, the transverse grid and border part of the two images can be eliminated, leaving behind the defect edge image of the silicon panel.
[image: Figure 6]FIGURE 6 | Detection effect diagram of the algorithm in this article.
EXPERIMENTAL RESULTS AND ANALYSIS
In order to verify the effectiveness of the algorithm proposed in this paper, the solar panels which contain only micro-cracks are selected for comparison. And some of the defects are shown in Figure 7. Here the prewitt operator, the canny operator and algorithm in this article are used to detect whether there are defects in solar panels and find the corresponding positions of these defects.
[image: Figure 7]FIGURE 7 | Original image of solar panel.
Through the comparison of the above three sets of detection results, it can be witnessed that there are Prewitt_x and Prewitt_y operators in the Prewitt algorithm. And the former operator is sensitive to vertical edge information which enjoys good detection, while the Prewitt_y operator is nonnormalized median smoothing of the image in the vertical direction. So it can be seen from Figure 8 that the information detected lays on more elimination of transverse false edge. When using the Prewitt operator alone and under the intervention of elimination of transverse false edge, it can be witnessed that the defect includes more edge lines during the detection procedure, which makes the false result. From the perspective of the Canny operator and combined with the result of Figure 9, the Canny operator finds out the shape of microcracks but also detects the elimination of transverse false edge. So, the detection effect of using the Prewitt operator alone and the Canny operator alone is not enough. And from Figure 10, it can be found that the microcrack position is marked in red lines and without misdetection of transverse false edges which has a great leap compared with using one single operator.
[image: Figure 8]FIGURE 8 | The effect diagram obtained by using the Prewitt operator alone.
[image: Figure 9]FIGURE 9 | The effect diagram obtained by using the Canny operator alone.
[image: Figure 10]FIGURE 10 | The effect of the algorithm proposed in this article.
From the analyses above, there are several different operators and each has its advantages and limitations. If the advantages of each operator can be combined, it can be ensured that the detection result will be better. Based on the idea of that, a method combined with Canny and Prewitt operators is proposed, improving the accuracy of defect detection. The combination, to a certain extent, overcomes the disadvantages of the single operator and the advantages of different operators are combined. Therefore, the method proposed in the article can detect defects in silicon panels such as microcracks effectively, and the method can get rid of the intervention of the grid edge of silicon panels.
The experimental results of the algorithm are shown in Table 1. The total number of samples is M. The number of samples with microcracks is G. The number of undetected panel is W1. The number of missed detection panel is W2. The accuracy is L1. The mistake rate is L2. And the undetected rate is L3. The relevant accuracy, mistake rate, and undetected rate are shown in Eqs 8–10.
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TABLE 1 | Microcracks detection result.
[image: Table 1]In the table, it can be seen that the Canny operator is more delicate, but there is a problem that false edges are misdetected and undetected at the same time. According to Table 1, the reason for the low accuracy of the Canny operator is mainly due to the high mistake number. The experimental results only using Prewitt operator is very sensitive to the transverse grid, Prewitt operator is not sensitive enough when detecting irregularly shaped defects. So the main reason for the low accuracy lays in undetected number. But the algorithm proposed in this article combines the advantages of Canny and Prewitt operators, and the accuracy of the algorithm is the highest compared with the first two items.
In this experiment, the algorithm needs to preprocess the images caused by small noise, such as salt-pepper noise, but it can not smooth the features with microcracks, because this processing will reduce the sensitivity of the algorithm to the features of microcracks. So the next step is to reduce the mistake rate of the algorithm.
CONCLUSION
Focusing on silicon panel defect detection, the article proposed a detection method on the basis of the complementary advantages of Prewitt and Canny operators. This method has achieved good results in defect detection of solar panels. It has solved the problem that the mainstream convolution neural network requires a lot of training data and high hardware requirements. By using the method proposed in the article, one can intuitively detect the presence of defects in silicon panels, and it is not limited to certain fixed features of defects and the size of the anchor. Comparably speaking, the method is more generalized and robust. It can directly detect defects in silicon panels such as microcracks, improving the accuracy of detection. But as for the algorithm proposed in the article, there are limitations, especially the misdetection for the special microcracks (cracks that are completely coincidental or completely parallel with transverse grid lines). On the other hand, for the different defects of panels, the algorithm in this article cannot implement pattern recognition. Therefore, the classified recognition for various defects should be the focus of the research in the future. This method can be used by the production company for quality assurance in the silicon panel production procedure and can better detect a variety of defects in real time.
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