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Abstract: For a long time, the detection and extraction of printed surface defects has been a hot issue in the print industry. Nowadays, defect detection of a large number of products still relies on traditional image processing algorithms such as scale invariant feature transform (SIFT) and oriented fast and rotated brief (ORB), and researchers need to design algorithms for specific products. At present, a large number of defect detection algorithms based on object detection have been applied but need lots of labeling samples with defects. Besides, there are many kinds of defects in printed surface, so it is difficult to enumerate all defects. Most defect detection based on unsupervised learning of positive samples use generative adversarial networks (GAN) and variational auto-encoders (VAE) algorithms, but these methods are not effective for complex printed surface. Aiming at these problems, In this paper, an unsupervised defect detection and extraction algorithm for printed surface based on positive samples in the complex printed surface is proposed innovatively. We propose a kind of defect detection and extraction network based on image matching network. This network is divided into the full convolution network of feature points extraction, and the graph attention network using self attention and cross attention. Though the key points extraction network, we can get robustness key points in the complex printed images, and the graph network can solve the problem of the deviation because of different camera positions and the influence of defect in the different production lines. Just one positive sample image is needed as the benchmark to detect the defects. The algorithm in this paper has been proved in “The First ZhengTu Cup on Campus Machine Vision AI Competition” and got excellent results in the finals. We are working with the company to apply it in production.
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1  Introduction

Defect detection of printed surface refers to judging whether the printed surface has defects, and defect extraction refers to defining the type of defects and extract the shape. With the improvement of printing technology, the background of product packaging printing is becoming more and more complex. So the defect detection of printed surface can no longer be carried out manually now. Nowadays there are two main methods of defect detection in industry: traditional image processing and deep learning. Although the traditional image processing is fast, but all images need to be shot at the same angle and position, which requires more precision for production line and needs manual assistance in some times. For different printed surface, the algorithms of traditional image processing need to be redesigned, which prolongs the cycle of product development. Another method is the objection detection based on deep learning, such as YOLO(You Only Look Once) [1], Cascade R-CNN(Region-Based Convolutional Neural Network) [2] etc. Despite this kind of methods can detect the defects of products with strong robustness, it needs a lot of industrial data to screen and label data.

Different from the common surfaces such as steel and concrete, the surface of prints is complex and has many types of defects. For example, the cigarette packages have reflective material printing and some factories use complex printing process such as ‘gold stamping’. There are many types of defects, such as dirty spots, ink lines, ghosting, white leakage and so on. Moreover, the shapes of these defects have great randomness, so it is difficult to enumerate all defect types by labeling data sets and use supervised defect detection algorithms. At present, most methods of defect detection are using supervised learning algorithms based on both positive and negative samples. There were few studies on unsupervised algorithms just based on positive samples. These studies used GAN(Generative Adversarial Network) [3,4] and VAE(Variational Auto-Encoder) [5,6] to train by learning many positive samples to predict the style of the images to be detected in the case of positive images and detect defects. However, the method based on GAN and VAE can only used for the images with smooth surface, simple background and few types of defects such as steel, so it means methods above can not work well in defect detection of printed surface.

In view of the above, defect detection and extraction of printed surface based on the complex background of positive samples has become a hot topic in the field of computer vision. In this paper, the matching algorithm of key points based on full convolutional neural network is applied to defect detection of printed surface in the complex background based on positive samples proposed innovatively, and the graph attention network is creatively used to correct the position deviation different product inspection lines due to the misplacement of cameras and products.

We propose an unsupervised defect extraction algorithm based on positive samples in complex background without manual data annotation innovatively. There is no need for a large number of positive samples, and just need one positive sample image as a benchmark. And using full convolution neural network to extra the key points of printed images for matching, compared with the traditional algorithm, it has higher matching accuracy, and the speed is faster than the SIFT, which is commonly used in images matching. To improve the robustness of the network for different kinds of matter, we using graph attention network instead of the traditional brute force matching algorithm.

2  Related Works

2.1 Defect Detection Algorithms

In the field of defect detection, the unsupervised algorithms based on positive samples are mostly based on images with simple defect types such as steel and concrete, or repetitive background texture images such as textiles. Mei et al. [7] proposed a network based on image pyramid and convolution denoising auto encoder(CDAE) to get different resolution channels. Reconstruction residuals of the training patches are used as the indicator for direct pixelwise defect prediction, and the reconstruction residual map generated in each channel is combined to generate the final inspection result. However, this method is only suitable for the images with repetitive texture background, and can not be applied to the other surface detect detection. Tao et al. [8] used Cascaded auto-encoder(CASAE) to reconstruct images, segment and located defects on metal surfaces and they use cascading network which can generate a pixel-wise prediction mask based on semantic segmentation. We found through the experiments that the CDAE and CASAE is invalid for the defect extraction problem of printed matter surface based on complex background of positive samples.

2.2 Image Matching Algorithms

The meaning of image matching is to match two or more images by improving the saliency and invariance of feature descriptors. Compared with the defect detection algorithms were commonly used, the defect detection algorithms based on image matching only needs a small number of positive samples, and do not need to manually label the data set, but also can extract defects with strong randomness effectively. It is very suitable for surface defect extraction of printed surface with complex background.

Traditional image matching algorithms include SIFT [9], ORB [10], speeded up robust features (SURF) [11], A-SIFT [12] and so on. Fast corner detector [13] is the first system that applies matching learning algorithm to high-speed corner detection and carries out scale-invariant feature transformation.

With the development of deep learning, a large number of image matching algorithms based on deep learning have emerged, such as universal correspondence network (UCN) [14], learned invariant feature transform (LIFT) [15], LF-Net(Learning local features from images) [16], SuperPoint [17] and so on. Universal correspondence network matches by retaining the feature space of geometric or semantic similar. LF-Net generates a scale-space score map along with dense orientation estimates to select the key points. Image patches around the chosen key points are cropped with a differentiable sampler(STN) and fed to the descriptor network, which generates a descriptor for each patch. The full convolution model of SuperPoint can directly input the full-scale images and output pixel-level key point positions and feature descriptors in a single forward pass. With the rapid development of image processing [18,19], compared with the traditional algorithms, algorithms based on deep learning are more flexible.

In addition, there are a large number of studies on whether the matching of feature points is correct and extracting deeper information to get robust descriptor [20–22]. The traditional random sample consensus(RANSAC) [23,24] algorithm can use geometric information to alleviate the problem that it is difficult to distinguish whether the matching is correct due to the complete dependence on descriptor. GMS [25] algorithm leads to the principle that there are more matching points in the neighborhood of the matched feature points through the smoothness of the motion and count the number of matching points in the neighborhood to judge whether a match is correct or not. Deep learning usually focus on using convolutional neural network(CNN) to learn better sparse detectors and local descriptors from images in the field of image matching. SuperGlue [26] uses graph network to match two sets of local features by jointly finding correspondences and rejecting non-matchable points.

By integrating the previous work, we innovatively proposed feature points extraction network based on full convolution neural network and using graph attention mechanism to match the images, which can deal with the problem of defect detection in complex background better. The idea of defect extraction used in this paper to work out the key point vector and feature descriptor vector of positive samples and samples to be detected respectively through the feature points extraction network, and then match them through the graph attention network. Finally, correcting the images and then making residual, the area that have differences are regarded as defects. The overall framework is shown in Fig. 1.
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Figure 1: Defect extraction algorithm. We propose a kind of defect extraction based on image matching network which divided into the full convolution network of feature points extraction and the graph attention network. This model can input the full-scale images directly and extract the defects in a single forward pass

3  Key Points Extraction Network

The feature points extraction network designed in this paper is shown in Fig. 2. Because the images taken by industrial defect detection equipment are generally high-definition images, we design a full convolution neural network which can input full-scale images. The network can complete a forward propagation in a short time, and obtain the pixel level key point scoring matrix and descriptor vector of key points. The key point extracting network can be subdivided into feature coding network, key point generation network and feature descriptor generation network.
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Figure 2: Feature point extraction network. The feature coding network is a full convolution neural network which can input full-scale images, and the output of feature coding network is the input of key points generating network and feature descriptor generation network

3.1 Feature Coding Network

The feature coding network designed in this paper is similar to VGG(Visual Geometry Group) network [27], which is composed of convolution layer, spatial down sampling and nonlinear activation function. The main function of the feature coding network is to compress the spatial dimension of the input full-scale image. The feature coding network has eight 3×3 convolution layers sized 64-64-64-64-128-128-128-256 which both performance and speed can be balanced. There are three maximum pooling layers in the network, which can reduce the length and width of the original images to one eighth and convolution layers can increase the number of channels. It is used to learn the key point generation network and feature descriptor generation network. The size of the input image is I∈RH×W, and the size of output tensor is I′∈RH8×W8×128.

3.2 Key Points Generation Network

The key points generation network input is the output of the feature coding network, which can be regarded as the decoding network of the feature coding network. In the key points generation network, the input of I′∈RH8×W8 through two-dimensional convolution and output IG′∈RH8×W8×65. The responses across the 65 values in the channel dimension should sum to 1 so we add an extra value to represent no key point in the image just like we always add the “background” class in the object detection. When there is no key point in the 8×8 patch, the value of the 64th first bins should ideally be 0 and the 65th should equals to 1 and then remove the 65th bin. Finally, through sub-pixel convolution [28] which shown in Fig. 3, the final key points evaluation map Ip∈RW×H is obtained. Each value of the evaluation map represents the score of the key points of the corresponding pixels in the original image, and the appropriate key points are selected through the threshold t.
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Figure 3: Sub-pixel Convolution. A sub-pixel convolution layer aggregates the feature map from low-resolution space and recovers the size of input image in a single step. The 8×8 patch is too large to show, so we use 3×3 patch here to explain the sub-pixel convolution

3.3 Feature Descriptor Generation Network

As same as above, the feature descriptor generation network is the output of the key points generation network. After two-dimensional convolution, the compressed feature descriptor is obtained, which size of the input image is I′∈RH8×W8×128 and the size of output tensor is ID′∈RH8×W8×256, Because of the feature descriptors of adjacent pixels are similar, the bicubic interpolation algorithm [29] is used to expand the feature descriptors to ID∈RH×W×256. The feature of each pixel in the original image ID∈RH×W×256 corresponds to an unique vector αi∈R256 in the feature descriptors.

4  Graph Attention Network

The descriptor vector of the key points of the image can not directly process by the conventional convolutional neural network. So we use the attention mechanism of graph network to carry out image matching and defect extraction. After the feature points are extracted, the self attention and the cross attention mechanism belong to graph network are adopted, in which the self attention mechanism is applied to an image alone, in order to select the key points with good robustness for matching. The cross attention mechanism acts on two images simultaneously, and the two images exchange descriptor vectors for iterations to find similar key points in the two images. After several iterations of self attention cross attention graph network, the two images output more robust descriptor vector. Through the inner product operation of descriptor vector, the matching score matrix can be obtained. After thresholding the score matrix, the matching of the two images is completed. To get the defects, we must make adjustment for gray scale residuals for both images, and the differences are defects. Fig. 4 shows a flowchart of image matching of a graph attention network.
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Figure 4: Matching flow chart. To extract the defects, firstly, working out the key point vector and feature descriptor vector of positive samples and samples to be detected respectively through the feature points extraction network, and then matching them through the graph attention network. Finally, correcting the images and then making residual, the area that having differences are regarded as defects

4.1 Pretreatment

The defects of printed matter often appear in the complex background area. In the case of defects in complex background will influence the descriptors of key points, the pixel level matching may not be achieved by conventional feature points matching algorithms, so we adapt the deep learning algorithm for matching. Since the dimension of the key point vector k is lower than that of the feature descriptor vector d. In order to fuse the key points and the feature descriptors, the low dimensional key points are mapping to the same dimension R256, and the feature descriptor vectors mapping by multi-layer one dimensional convolutional coding. Then the feature descriptor vector is normalized to eliminate the dimensionless influence between the feature descriptor vector and the encoded key point vector. The normalized feature descriptor vector is concatenated with the coded key point vector to obtain zA and zB, zA represents the vector of image without defects and zB is the vector of image to be detected.

4.2 Self and Cross Attention Network

The preprocessed zA and zB are put into the graph attention network. Graph attention networks are divided into self attention network and cross attention network. At the beginning, inputs zA and zB are transformed into feature triples:

{queryi(k)=Wquery(k)zi(k)+bquery(k)[keyj(k)valuej(k)]=[WkeyWvalue](k)zj(k)+[bkeybvalue](k)(1)

The superscript (k) is the index of current layers and subscript i and j are the indexes of key points. In practical application, we use multi-head attention mechanism [30] to enhance the expression ability of the model. Fig. 5 shows the framework of the attention network. The feature triples are used as the input of self attention and cross attention graph network, and they are cycled many times to enhance the robustness of the results. After testing, for common complex background of printed matter, the four layers graph attention network may achieve good performance (two layers of self attention network and two layers of cross attention network). The equation of basic attention mechanism in graph network is:

z=softmax(query⋅keyTd)⋅value(2)
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Figure 5: Graph Attention Network. The key, query, and value are computed as linear projections of deep features of the graph neural network and each layer has its own projection parameters, learned and shared for all key points of both images

Where d is the dimension of the query, which we use d=256 in this paper. We call the output of graph network as attention feature descriptor. The input feature descriptor vector is normalized to eliminate the dimensional influence, and the feature descriptor is re-calculated in the graph attention network. The output of the attention feature descriptor can judge the confidence of the prediction of the matching point by the vector value. We calculate the matching score matrix S∈Ra×b through the attention feature descriptors, and define an assignment matrix P∈[0,1]a×b. Where a and b are the numbers of local features in the images A and B.} Each term of the assignment matrix P represents the confidence corresponding to the feature points of two images, and the assignment matrix ∑i,jSi,jPi,j is obtained by maximizing the total score P:

Si,j=<ziA,zjB>0≤i≤a,0≤j≤b(3)

Where <⋅,⋅> is the inner product. For the feature points that have not been successfully matched, the method commonly used in traditional image matching is adopted. An additional row and column are set to store those feature points with poor matching performance, and the parameter z in the additional row and column is learnable.

S¯i,a+1=S¯b+1,j=S¯b+1,a+1=z∈R(4)

Assume that the additional rejection vector in the positive sample is α=[1aTa]T. Then the attention feature descriptor of the image to be detected will match the attention feature descriptor of the positive sample image or the additional rejection vector. The constraint of augmented matrix is:

P1N+1=α,PT1M+1=β(5)

The discrete distribution α and β in the augmented score matrix S can be regard as the optimal transmission problem. The Sinkhon algorithm [31] is widely used to solve the entropy regularization problem in the transmission problem. In order to solve the numerical instability of the Sinkhorn algorithm, we add the adjacent point algorithm [32] to solve the problem more efficiently. Finally, as shown in Eq. (6), the augmented part of the augmented score matrix is deleted to obtain the final matching score matrix.

P=P¯1:M,1:N(6)

According to the images set the appropriate threshold value and match successfully if the matching score is greater than the threshold value.

5  Experiments and Results

5.1 Experiment Setting

5.1.1 Dataset1

The images of the dataset used in this paper come from the industrial products, which is taken by the global shutter industrial camera. We worked closely with the organizers after the competition and got the raw data of the dataset. There are 16547 images from two different production lines, and the complete image size in Fig. 7 is 8192*2048 which is shown in Fig. 8. In order to facilitate the subsequent comparative experiments, the images are divided into different sizes. There are 7229 images are 128*128, and 8259 images are 256*256, and 1059 images are 512*512.
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Figure 7: Contrast with different algorithms. The ORB algorithm can not solve the problem of complex print surface defects. The YOLO can not identify small defects (top row) and have many other probles in defect extraction, such as data annotations and rectangular box for detection. Compared with brute force(BF) algorithm(OpenCV) and our method, graph attention network can achieve pixel matching in complex environment
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Figure 8: Full size positive sample image. The size of the image is 2048 × 8192

5.1.2 The Evaluation Criteria

The equations of Escape, overkill and mean of Intersection Over Union (mIOU) are:

escape=FNall(7)

overkill=FPall(8)

IOU=area(Rp∩Rgt)area(Rp∪Rgt)(9)

Where, the false positive(FP) represent the number of samples with wrong judgment in the positive example, the false negative(FN) represents the number of samples with wrong judgment in the negative example, and all represents the sum of positive and negative examples. Rgt represents the real defect area and Rp represents the predicted defect area, both of them are the set of pixels.

5.2 Analysis of Experimental Result

We compared our algorithm with the traditional image detection and deep learning algorithms. We randomly selected 10000 images as the training set of YOLO and the proportion of images of different size are nearly the same, and the remaining images as the test set. The backbone of YOLO is CSPDarknet53 network, which is much deeper and larger than VGG network used in ours. Tab. 1 shows the evaluation criteria with different algorithms. Because most of the target detection algorithms are based on rectangular box for labeling and detection, and defects with irregular edges will lead to overkill to a certain extent. On the other hand, most object detection algorithms fail to correctly label unmarked defect types as well as tiny defects in high-resolution images, resulting in an increase in the rate of missed detection. In the image of 128*128 size, the defect area is relatively large, while in the image of 1024*1024 size and only relatively obvious defects can be detected.

The traditional ORB algorithm [10] can not match the complex background of printed surface correctly. Only if the number of feature points is increased in large size images and the matching effect can be improved slightly. A large number of experiments show that our algorithm is superior to all the common image matching algorithms. Fig. 6 shows the result of defect extraction and the effect compared to the traditional algorithms.
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5.2.1 Performance Analysis of Key Point Extraction Network

We compared the key point extraction network with the traditional algorithm. The experimental results are shown in Tab. 2, which respectively show the time (milliseconds) taken by different algorithms to extract key points from images of different size. To ensure fairness, the cost time here is the time of extracting key points from one image and do not include the time of matching.
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5.2.2 Performance Analysis of Graph Attention Network

The graph attention network designed in this paper is compared with traditional brute force matching algorithm. The experimental results are shown in Tab. 3, and the matching results in different production lines are shown in Fig. 6. The brute force matching algorithm used is based on OpenCV3.4. If the positive samples and test samples come from different production line will case the problem of deviation because of different camera positions and so on. The experimental results show that for images obtained from the same production line, the performance of the graph attention network is similar to the brute force matching algorithm, and the performance of the graph attention network is better than that of the brute force matching algorithm for images obtained from different production lines.
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Figure 6: Actual effect of defect extraction. Because of the limitation of anchor, YOLO can not extract the defects in pixel level. All the images to be detected are from the actual industrial production environment

6  Summary

For a long time, the detection and extraction of products surface defects has been a hot issue in the industry. Nowadays, defect detection of a large number of products still relies on traditional image processing algorithms, and researchers need to design algorithms for specific products. On the one hand, most of the current defect detection algorithms are based on object detection of deep learning, which requires manual annotation of a large number of datasets, and the real-time performance is poor. On the other hand, unsupervised learning such as GAN and VAE require a large number of samples and can only deal with surfaces with relatively simple or repetitive texture. Our defect extraction algorithm based on positive samples has been tested on actual industrial datasets, and has achieved good results and meet the needs of manufacturers. Compared with SIFT algorithm, it has higher speed and accuracy. The defect extraction algorithm based on ours can also help label the datasets and save a lot of manpower.

Our algorithm had got excellent results in the finals of “The Frist ZhengTu Cup on Campus Machine Vision AI Competition” and we are working with the company to industrialize the algorithm. To improve the processing speed without changing the performance, we will compress and prune the model. This is one of the key issues that we are studying further.
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Table 1: Experiment results

Algorithms Escape Overkill mIOU

128 256 512 128 256 512 128 256 512
YOLOv4[1] 35.6% 59.3% 71.6% 30.2%  25.6%  20.6% 0.552 0.431 0.398
SIFT [9] 15.6% 13.7% 11.2% 18.3% 15.1%  9.2% 0.786  0.792  0.803
ORB [10] 86.2%  50.6%  30.2% 76.3% 43.2% 36.8% 0.116 0.186  0.335
Ours 12.3%  10.6%  9.8% 15.5% 132% 10.8% 0.767 0.792  0.785
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Table 3: Matching strategy

Same production line Different production line
Algorithm Escape Overkill mlIOU Escape Overkill mlIOU
Ours 9.3% 10.6% 0.803 14.3% 17.5% 0.759
BF 9.5% 11.8% 0.812 26.2% 28.6% 0.713
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Table 2: Run time consuming (ms)

Algorithms 128 % 128 256 x 256 512 % 512 1024 x 1024 2048 x 2048
SIFT [9] 4.01 12.0 47.05 182.17 707.64
ORB[10] 1.01 2.02 6.01 21.01 77.07
AKAZE [13] 1.99 7.03 28.02 113.11 423.39
Ours 3.02 7.01 21.12 70.06 303.28
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