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Abstract 

In the field of garment and textile manufacturing, the detection and classification of 
fabric defect usually rely heavily on manual vision, which has extremely low efficiency 
and high cost. In this paper, we propose an automated detection-classification scheme 
for fabric defects based on machine learning, which can contribute to the quality 
valuation of textiles. In the proposed scheme, the Single Shot MultiBox Detector (SSD) 
algorithm is firstly implemented to detect and locate fabric defects, and the Support 
Vector Machine (SVM) algorithm is then implemented to classify fabric defects. This 
scheme can sufficiently improve the speed of defect detection and reduce the labor cost 
due to the stability of computer vision. Our experimental results demonstrate the 
feasibility and effectiveness of the proposed scheme. 
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1. Introduction 

In many clothing and textile industries, fabric defects can have a great damage on the quality, grade 

and use of textiles, resulting in a possible decrease of price by 45% to 65% [19]. Therefore, defect 

detection plays a very important role in the clothing and textile industry. In the traditional way, fabric 

defect detection mainly relies on workers’ visual detection, however, inevitably leading to a high 

failure rate of missed detection, let along it wastes a lot of resource of time and effort.  

In recent years, with the rapid development of computer-aided technology, fabric defect detection has 

made great progress. Particularly, many automatic fabric defect detection methods have been 

proposed [9, 8, 5, 17, 16, 18, 10, 20, 12, 3, 6]. It is generally believed that the computer-aided test, 

instead of artificial test is not only the inevitable trend of the industry, but also the inevitable trend of 

development of artificial intelligence era.  

In general, the detection methods of fabric defects can be divided into three categories: spectral 

method, statistical method and model-based method. For the spectral method, in [9], a method based 

on spectral estimation technology was proposed to extract features from fabrics and to identify grease 

on fabrics by using rotation invariance technology. In [8], a wavelet filter is used to detect and 

preprocess fabric defects. In [5], spectral method and statistical method are combined together to 

carry out defect detection on fabrics with regular patterns through multi-resolution theory. The 

performance of the above methods usually depends on the filter selected. As for the statistical method 
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[17, 16, 18], one of the representative methods is the grayscale symbiosis matrix, a statistical method 

used to represent the generation of texture features, which can reflect the periodicity and correlation 

between pixels of texture image. Unfortunately, it is usually difficult for them to achieve the detection 

if the changes in the fabric are emerged at random. On the other hand, by utilizing the intrinsic feature 

of fabric texture, the model methods [10, 20, 12, 3] can achieve defect’s detection by avoiding pixel 

gray value in the different images and neighborhood grayscale values of correlation, at the expense 

of a small decrease of detection precision. In addition, with the rise and use of neural network 

technology in various fields, there are more and more related researches implementing neural network 

technology [21, 7] to achieve the detection of fabric defects. In [21], the authors argued that defects 

can be detected and classified by using a genetic algorithm aided neural network, at the expense of a 

decrease in training speed. In [7], the wavelet transform and the neural network are combined together 

to detect standardized defects.  

In this paper, we propose a novel detection-classification scheme for fabric defects based on machine 

learning. We implement the Single Shot MultiBox Detector (SSD) algorithm [11, 14, 15] to detect 

and locate the defects, which are further classified by the Support Vector Machine (SVM) algorithm 

[13]. The overall proposed scheme is illustrated in Fig. 1. Our experimental results demonstrate that 

the proposed scheme is fast and accurate, which well can shorten the detection time and save costs.  

 

Figure 1. Schematic diagram of SSD detection and SVM classification. 

 

The remainder of the paper is organized as follows. Section 2 introduces SSD neural network structure, 

which is employed to detect fabric defects. Section 3 presents SVM and the classification tasks. 

Simulation results are given in Section 4. Finally, Section 5 concludes this paper.  

2. Fabric Defect Detection by SSD Algorithm 

In this paper, we achieve fabric defect detection based upon a large number of cloths image containing 

different defects as the training material, all of which are marked by the labelme tool. SSD neural 

network, one of widely- used deep learning technology, is implemented to train the marked pictures, 

i.e., all kinds of defects are detected by SSD algorithm to achieve detection of the fabric defects. 

2.1 SSD Structure 

An SSD neural network is an extension of a forward propagation CNN network, which generates a 

series of fixed- size bounding boxes and outputs the possibilities (scores) of object instances in each 

box, which is further transformed to be the final prediction by using a Non-Maximum suppression. 

Particularly, SSD retains the first five layers of VGG- 16 as the base network, which is a standard 

architecture for image classification, and further extracts fabric image features for the detection of the 

latter step. Notice that, an additional convolution layer is appended at the base feature- extraction 

network. That is, replacing the full-connection connection layers Fc6, Fc7 by the convolution layers 

whose sizes are decreasing step by step to achieve multi-scale predictions (see Fig. 2). With shared 

parameters, such neural network is easy to calculate and thus can improve training efficiency.  
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Figure 2. SSD neural network structure. The figure is reproduced from [11]. 

 

2.2 SSD Prior Boxes 

In order to detect defects of various sizes in the images, we used feature layers 4, 7, 8, 9, 10 and 11 

of SSD neural network to extract features. By this way, fabric defects of different sizes can be 

identified through the drop sampling of feature map.  

In each feature map cell, we need to predict the offsets between the resulting box, the default box, 

and the confidence score of the object contained in each box. Each cell within a feature map requires 

(c + 4) · k filters [11], where c is the number of classes while k is number of prior boxes. Without 

loss of generality, here we assume the size of feature map is 𝑚 · 𝑛. Totally, (𝑐 + 4) · 𝑘 · 𝑚 · 𝑛 results 

will be output. Therefore, the number of prior box in layers 4, 10, 11 is 4, while that in layer 7, 8 and 

9 is 6, with the prior box ratio of [[2, 0.5], [2, 0.5, 3, 1/3], [2, 0.5, 3, 1/3], [2, 0.5, 3, 1/3], [2, 0.5], [2, 

0.5]], respectively. SSD algorithm for im- age feature extraction process signal (red external rectangle 

for Damage, blue external rectangle for Stains) is shown in Fig. 3.  

 

 

Figure 3. SSD prior boxes with different size. (a) Image with GT boxes. (b) 8 × 8 feature map. (c) 4 

× 4 feature map. 

 

3. Fabric Defect Classification by SVM and HOG Feature 

SVM is a generalized classifier that performs multi classification on data in a supervised learning 

mode. On the other hand, the Histogram of Oriented Gradient (HOG) feature is a feature descriptor 

widely-used in object detection in computer vision and image processing. HOG is used to calculate 

the histogram of gradient direction of the local area of the image to form features, and then SVM [13, 

4, 1] algorithm is used to classify the image information within the box, that is, to classify the fabric 

defects.  
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3.1 Basic Principles of SVM 

The basic idea of SVM is to solve the separated hyper- plane which can divide the training data set 

correctly with the largest geometric interval. Mathematically, it is given by:  

𝑤 ·  𝑥 +  𝑏 =  0                             (1) 

where 𝑤 is weights and 𝑏 is, say, the offset. SVM is trained in a way such that the training data 

(𝑥𝑖, 𝑦𝑖) satisfy:  

𝑦𝑖 · (𝑤 · 𝑥𝑖 + 𝑏) ≥ 0.                           (2) 

where 𝑖 =  1, . . . , 𝑛; 𝑥𝑖 ∈  𝑅𝑑, 𝑦𝑖 ∈  {+1, −1} and 𝑑 is the number of features. Notice that, (2) is 

the optimal classification hyperplane for binary classification, which can also be easily extended for 

multiclass outputs according to a one-vs-rest scheme [2].  

3.2 Feature Selection and Extraction 

HOG is used to extract image features of fabric defects. After normalizing the image, the image 

gradient is calculated by the following:  

𝐺𝑥(𝑥, 𝑦)  =  𝐻(𝑥 +  1, 𝑦)  −  𝐻(𝑥 −  1, 𝑦)                    (3) 

𝐺𝑦(𝑥, 𝑦)  =  𝐻(𝑥, 𝑦 +  1)  −  𝐻(𝑥, 𝑦 − 1)                    (4) 

𝐺(𝑥, 𝑦) = √ 𝐺𝑥(𝑥, 𝑦)2 + 𝐺𝑦 (𝑥, 𝑦)2                       (5) 

𝑎(𝑥, 𝑦)  = tan−1(
𝐺𝑦(𝑥,𝑦)

𝐺𝑥(𝑥,𝑦)
).                           (6) 

where, 𝐺𝑥(𝑥, 𝑦), 𝐺𝑦(𝑥, 𝑦) and 𝐻(𝑥, 𝑦) represent the horizontal gradient, vertical gradient and pixel 

value of the current pixel point, respectively. 𝐺(𝑥, 𝑦) and 𝑎(𝑥, 𝑦) are the gradient amplitude and 

gradient direction of the current pixel, respectively. After that, the histogram of gradient direction is 

constructed for each cell unit. Particularly, we firstly divide each cell into 8 ×  8 pixels, and then 

divide the gradient into 12 different directions. Finally, each pixel in the cell is weighted projected in 

the histogram with the gradient direction. In this way, the histogram of the gradient direction of the 

cell can be obtained, that is, the 12-dimensional eigenvector corresponding to the cell. Each cell has 

8 ×  8 pixels, and 4 ×  4 cells compose large blocks, and normalize the gradient histogram in the 

blocks to eliminate the influence of illumination. The normalized descriptor vector 𝑉 is calculated 

by the following:  

𝑉 =
𝑣

√||𝑣||2
2+𝜀2

 .                               (7) 

where 𝑣 is an original descriptor vector, and ||𝑣||2 is the 2 norm of 𝑣, and 𝜀 is a negligibly small 

constant. 

3.3 Defect Classification 

Image classification is one of the most practical applications of pattern c1assification, which 

transforms the fabric image data from two-dimensional gray space to target pat- tern space [2]. The 

result of classification is to divide the image into sub-regions of different categories according to 

different attributes. The steps of SVM algorithm for classification are as follows: Firstly, a certain 

number of representative data is selected from the data to be processed as training samples and test 
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samples. From the training set, some appropriate image features are selected for classification, which 

are feed to SVM to obtain the classification model. The overall classification scheme is shown in Fig. 

4. Finally, the classified images are classified by the trained model. When there are new fabric defects 

data, the SVM algorithm can be used to predict them and thus achieve classification. The prediction 

process is illustrated in Fig. 5.  

 

 

Figure 4. Training process of SVM algorithm. 

 

 

Figure 5. Prediction and categorization. 

 

In this paper, we select three representative classes of fabric defects, namely, Damage (a condition in 

which the fabric has been damaged and is no longer intended for use), Nippiness (Excessive tangles 

appear on the surface of the fabric) and Stains, for training. Examples can be found in Fig. 6.  

We collect a fabric dataset with 3360 images containing fabric defects of different colors and styles, 

which is divided into training set and test set. Specifically, 900 pieces of three kinds of fabric defects 

are selected for training, a total of 2700 pieces. Then 220 pieces of three kinds of fabric defects are 

selected for testing, a total of 660 pieces. Be- cause the size of Nepiness shape is relatively small, the 

im- age characteristics is relatively fuzzy compared with other two kinds. Therefore, here we conduct 

some comparative experiments before training and testing: We extend slightly the defect box obtained 

by the SSD algorithm to a relatively large one (see Fig. 7). By comparing the classification accuracy 

of the defects in the outer rectangle with that of the defects in the extended rectangle, we found that 

the detection accuracy of the defects in the extended rectangle is higher. Therefore, we adopt the 

region of interest (ROI) without extending defect for SVM classification.  
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Figure 6. Three different classes of fabric defect. (a) Damage (b) Neppiness (c) Stains. 

 

 

Figure 7. Schematic diagram of outer rectangle and extended rectangle of defects for (a) Neppiness, 

(b) Damages and (c) Stains. Black box represents the external rectangular, while red box rep- resent 

an extension of rectangular box. 

4. Experimental Results 

By training and testing the fabric defect dataset, the feasibility of this method is verified and the 

following experimental results are obtained. First, we implement the SSD neural network for defect 

detection and location. For training, we employ Adam optimizer with a batch size of 20. The learning 

rate is initialized to 0.001 and decays by 0.001 every 25 epochs. The model is trained for 

approximately 250 epochs. Taking the detection result of Fig. 8 as an ex- ample, one can see that 

within three kinds of defect (notice that, at this time the defect has not been classified), the left side 

of the defect detection probability is 0.8481 and the middle of that is 0.8812, while the right side of 

the defect detection probability is 0.8065. Then, SVM algorithm is used to perform classification 

training on the defect in the previous step, and the result of defect classification is obtained, some of 

which are shown in Fig. 9 for illustration.  

 

 

Figure 8. SSD defect detection probability. 
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Figure9. Illustration of SVM classification results. Images (a1), (a2), (a3) and (a4) are classified as 

Damage. Images with (b) and (c) correspond to the Neppiness and Stains, respectively. (a4), (b4) 

and (c4) are illustrated as misclassified images. 

 

When the training process of SVM completes is completed, the trained model is used to a total of 660 

pieces of fabric defect image. For each test image, the SVM predict and mark it out with different 

classification boxes (the value within each classification box denotes the detection probability of such 

defect by SSD algorithm). Examples can be found in Figure 10.  

 

 

Figure 10. Illustration of SVM defect classification. 

 

Finally, the trained SVM model is used for the classification of fabric defects. First, the three types 

of defects are named, and then the test is carried out to obtain the test accuracy of each type of fabric 

defects and the overall detection accuracy of fabric defects. The detection accuracy of all kinds of 
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fabric defects is 0.7682, 0.8864 and 0.8364 respectively, and the overall detection accuracy of fabric 

defects is 0.8303, as shown in Tab. 1. Our experimental environment is intel (R) Core (TM) i7-8700k 

CPU, RAM 16GB, GTX1070, above which the average speed of our scheme is about 40 FPS, 

reaching the standard of real-time testing and thus can be used in the assembly line.  

 

Table 1. Accuracy of the proposed scheme. The results are from 660 testing images of defects, 

including 220 images of each class. The SVM model is trained by 2700 images of defects, including 

900 images of each class of defects. 

 

5. Conclusion 

This paper has developed a novel method to automatically detect and classify fabric defects based on 

SSD and SVM. Particularly, it uses SSD algorithm to detect fabric defects and positioning and uses 

the SVM algorithm to classify the located defect. Using this method to detect fabric defect- s has a 

strong advantage, in terms of reducing the manual cost and improving the detection efficiency. It can 

not only avoid the disadvantages of low detection accuracy, low effi- ciency, high cost, unfavorable 

to physical and mental health, but also effectively avoid external factors. Our experimental results 

verify the effectiveness and feasibility of this method through detecting and classifying fabric defects 

in different degrees.  
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