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Abstract: Texture is essential information for image representation, capturing patterns, and structures. 

Consequently, texture plays a crucial role in the manufacturing industry and has been extensively studied in 

the fields of computer vision and pattern recognition. However, real-world textures are susceptible to defects, 

which can degrade the image quality and cause various issues. Therefore, there is a need for accurate and 

effective methods to detect texture defects. In this study, a simple autoencoder and Fourier transform were 

employed for texture defect detection. The proposed method combines Fourier transform analysis with the 

reconstructed template obtained from the simple autoencoder. Fourier transform is a powerful tool for 

analyzing the frequency domain of images and signals. Moreover, analyzing the frequency domain enables 

effective defect detection because texture defects often exhibit characteristic changes in specific frequency 

ranges. The proposed method demonstrates effectiveness and accuracy in detecting texture defects. 

Experimental results are presented to evaluate its performance and compare it with those of existing 

approaches. 

Keywords: texture; defect detection; anomaly detection; fourier transform; reconstruction 

 

1. Introduction 

Defect detection can be classified into two types: texture defect detection and object defect 

detection. Both texture defect detection and object defect detection are visual inspection techniques 

used in manufacturing and production environments to identify product defects visually. However, 

each type focuses on detecting distinct types of defects and employs unique methods and objectives. 

Texture defect detection is primarily used to identify defects related to the texture of a product 

surface. It identifies irregularities in texture, color variations, pattern changes, and similar attributes 

on a product surface to detect defects. On the contrary, Object defect detection is utilized to detect 

flaws in components or parts within or outside the product. It identifies issues, such as flaws in the 

component shape, size, and composition, which could impact the functionality or safety of the 

product. 

Texture defect detection is a crucial topic in image processing and computer vision because 

texture provides important information about patterns and structures in images. Texture defects are 

particularly significant in the manufacturing industry where they are essential for evaluating product 

quality and detecting defects in manufacturing processes. 

In the manufacturing industry, it is crucial to ensure that products meet the required standards. 

Texture defects in products can significantly affect their quality. Texture defect detection allows for 

the identification and resolution of anomalies or irregularities in texture patterns or structures, 

enabling the evaluation of product quality. This study proposes a new approach that combines the 

Fourier transform and a convolutional autoencoder to effectively detect and address texture defects. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
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Texture defects can arise during the manufacturing process, and their detection is essential for 

maintaining product quality. By applying texture defect detection techniques, manufacturing 

companies can swiftly detect issues and take prompt action. Furthermore, texture defect detection 

offers advantages in terms of cost reduction. Companies can minimize the occurrence of defective 

products, reduce waste, and optimize production efficiency by implementing robust texture defect 

detection methods. 

Manual inspection of texture defects is time-consuming and subjective. Automation of the 

texture defect detection process using computer vision technology enables faster and more objective 

evaluation. This study aims to contribute to the improvement of product quality, optimization of 

manufacturing processes, cost reduction, and automation by highlighting the importance of texture 

defect detection and proposing a novel approach that integrates the Fourier transform and a 

convolutional autoencoder. 

Various techniques have been used for texture defect detection, including the combination of 

deep learning and image processing methods. In this study, the Fourier transform and a simple 

autoencoder were utilized for texture defect detection. Fourier transform is a useful tool for analyzing 

the frequency domain of images or signals, enabling the characterization of texture frequency 

properties. Because texture defects may exhibit characteristic changes in certain frequency ranges, 

analyzing the frequency domain using the Fourier transform allows for effective defect detection. 

Additionally, an autoencoder was employed to learn the normal characteristics of the textures and 

reconstruct them. An autoencoder is a model that encodes and reconstructs the input data into a 

latent space, thereby extracting features from the input data. In this study, an autoencoder was used 

to reconstruct the normal texture data and generate a template for normal reconstruction. This 

template is utilized for defect detection by analyzing the differences between the reconstructed 

texture and normal state. This study provides a detailed explanation of the reconstruction process of 

the autoencoder and a method for generating a normal reconstruction template for texture defect 

detection. The aim was to contribute a fresh perspective and advancements to the field of texture 

defect detection. 

The contributions of this study are as follows: 

· Performance Improvement: The proposed simple autoencoder architecture achieved a high 

level of performance comparable to that of State-of-the-Art (SOTA) methods. Despite its 

simplicity, the autoencoder demonstrated effectiveness in texture defect detection, proving that 

efficient defect detection can be achieved without the need for complex deep learning models. 

· Integration of Techniques: This study employs a hybrid approach that combines deep learning 

and image processing methodologies to address texture defect detection. Specifically, deep 

learning was applied to achieve denoising and reconstruction tasks, whereas image processing 

methods were used to extract pertinent texture features and facilitate defect detection. This 

fusion of techniques yields notable benefits, including the elimination of the need for extensive 

data training. Consequently, this study proposes a streamlined and efficient methodology for 

texture defect detection achieved through the integration of deep learning and image processing 

techniques. 

· Experimentation and Analysis: Detailed experiments and analyses were conducted using the 

necessary parameters. Various parameters were adjusted and compared to optimize texture 

defect detection performance. This provides insights into the parameters that impact the 

performance most significantly and offers practical guidelines for real-world applications. 

Through these contributions, this study demonstrates the potential for performance 

enhancement in texture defect detection and the benefits of combining deep learning and image 

processing techniques. 
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2. Related Work 

2.1. Anomaly Detection with Reconstruction 

In anomaly detection research, methods based on reconstruction have been widely studied. 

These methods typically involve training on normal data to generate reconstructed data and utilize 

the difference between the input anomalous data and the original image for detection. Models such 

as autoencoder and GAN are commonly employed for reconstruction and leveraging reconstruction 

errors for anomaly detection. 

AnoGAN [1] proposes a basic approach to anomaly detection that combines unsupervised 

learning with a GAN. It learns the distribution of normal data by inputting only normal data and 

calculates anomaly scores to compare and detect anomalies. f-AnoGAN [2], an extension of AnoGAN 

[1], improves performance by introducing fast mapping techniques for new data and incorporating 

an Encoder into GAN for more refined reconstruction. The data generated by f-AnoGAN [2] exhibit 

high generation performance, and even experts find it difficult to distinguish them from real data. 

GANomaly [3] learns both generation and latent spaces using only normal data. Anomaly scores 

were computed based on the differences in latent vectors. Skip-GANomaly [4] extends GANomaly 

[3] with a U-Net-based network architecture and introduces adversarial training that includes a loss 

function for discriminator’s feature maps, leading to improved reconstruction performance. MemAE 

[5] overcomes the limitations of using an autoencoder for anomaly detection by incorporating a 

Memory Module, which makes reconstruction more challenging for abnormal samples. Although the 

autoencoder generalizes well, it can also reconstruct abnormal regions, which is a drawback. This 

study focuses on postprocessing methods to address this issue. OCGAN [6] is a model for one-class 

anomaly detection that learns latent representations of in-class examples and restricts the latent space 

to a given class. By utilizing a denoising autoencoder network and discriminator, it generates in-class 

samples and explores anomalies outside the class boundaries. This approach achieved high-

performance results. 

These studies [1–6] mainly focused on reconstruction-based methods for anomaly detection, in 

which training on normal data was used to assess and detect anomalies. Anomaly detection 

encompasses various subfields [7–9] that can be applied to real-life scenarios, including disease 

detection, accident detection, and fall detection. 

Y. Zhao et al. [7] aimed to effectively detect plant diseases. However, the study mentions the 

issue of data imbalance between diseased and healthy samples and proposes a solution called 

DoublaGAN, which applies Super-Resolution to augment the diseased data. This research achieved 

the goal of detecting various plant diseases while enhancing the resolution by a factor of four and 

demonstrated high performance. J. Si et al. [8] introduced the structure of a Generative Adversarial 

Serial Autoencoder consisting of autoencoders connected in series. This study presents a method for 

detecting diseases in chili peppers using the GrabCut technique to segment pepper regions and apply 

a reconstruction process. It addresses the limitations of reconstruction and improves the performance 

by calculating all scores based on reconstruction. J. Si et al. [9] focused on detecting traffic accidents 

using black-box videos. The proposed method generates the next frame of the video using 

information from previous frames and compares it with the actual frame to detect accidents. 

However, this study mentioned the need to address the issue of background misclassification when 

dealing with moving videos. 

2.2. Defect Detection 

D. M. Tsai et al. [10] proposed the use of Fourier transform to detect defects in PCBs. This study 

demonstrated the ability to detect small irregular pattern defects by comparing the Fourier spectra of 

an image and a template, demonstrating the effectiveness of this method. While inspired by the idea 

of using templates, this approach differs from the proposed method in that it does not utilize Fourier 

spectrum comparison and incorporates the element of deep learning. J. Si et al. [11] serves as a 

preliminary study of the proposed method, introducing the ability to detect defects by applying the 

Fourier transform to the results of an autoencoder and removing specific components. Unlike [10], 
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which used templates, this study demonstrates that improved performance can be achieved by 

focusing solely on component removal. Consequently, this study introduces additional methods and 

achieves performance enhancement for various textures. 

DRAEM [12] presented a defect detection method based on reconstructing anomalous data, 

which deviates from the conventional approach of training on normal data for reconstruction. This 

method simultaneously learns two networks for reconstruction and discrimination to preserve and 

detect the defective regions. However, the goal of this study was to achieve performance 

improvement using a simple approach by training only on normal data without generating 

anomalous data. Thus, it may achieve a lower performance than the study mentioned. Y. Liang et al. 

[13] mentioned the limitations of the reconstruction capabilities of other methods and introduced a 

method for defect detection from a frequency perspective, which aligns with the viewpoint and 

approach of this study. Two novel methods, Frequency Decoupling, and Channel Selection, are 

proposed to reconstruct from various frequency perspectives and combine them for more accurate 

defect detection. N-Pad [14] introduced a defect detection method that uses the relative positional 

information of each pixel. Relative positional information is represented in eight directions. Using a 

loss function, this study demonstrates the utilization of this positional information. Anomaly Score 

was proposed using Mahalanobis and Euclidean distances, and various experiments on 

neighborhood sizes demonstrated the significance of the method. 

J. Si et al. [15] focused on the application of reconstruction to the thermal images of solar panels 

for defect detection. As the distribution of thermal images is sensitive to color and lacks pronounced 

edge features, this study proposes a method that uses patches instead of reconstructing the entire 

image. The proposed method introduces a technique called “Difference Image Alignment 

Technique” by sorting pixel values, which enables easy detection of defects using only a few specific 

pixels. However, owing to the significant differences in the data characteristics between the focus of 

this study (manufacturing) and thermal images, the application may not be straightforward. C. C. 

Tsai et al. [16] introduces a defect detection method that considers the similarity between patches to 

extract representative and important information from images. By utilizing different-sized patches, 

the method performs representation learning based on different scales and applies K-means 

clustering and cosine similarity to improve defect detection. The advantages of randomly selecting 

multiple patches from an image and including local information through relative angles were 

demonstrated. However, while both the object and texture were detected in this study, it showed 

lower performance, specifically for texture detection, whereas this study focused solely on texture. 

T. Liu et al. [17] proposes a method for enhancing the defect detection performance in grayscale 

images by applying post-processing techniques such as color space and image processing. The 

network was designed to reconstruct the original colors using grayscale images to avoid the incorrect 

classification of color information. This study showed an improved performance by incorporating 

various augmentation techniques and morphologies. Y. Shi et al. [18] is distinct from most other 

studies that have focused on image reconstruction. Instead, this study utilizes a pretrained model to 

extract feature maps from various layers, combine them, and perform reconstruction to better restore 

the features. By basing all content on diverse feature maps, the method can better preserve the 

defective regions in the results. H. Jinlei et al. [17], a divide-and-assemble approach was proposed to 

overcome the limitations of autoencoder models for unsupervised anomaly detection. By applying 

this approach, the reconstruction capability of the model was modulated. This study introduced a 

multi-scale blockwise memory module, adversarial learning, and meaningful latent representations 

to improve the performance of anomaly detection. The results demonstrate enhanced anomaly 

detection performance. 

3. Texture Defect Detection 

Noise is an inevitable factor that arises during image processing, and poses a significant 

challenge to image analysis and defect detection. Particularly, in defect detection, noise can 

complicate the accurate identification of areas where defects occur. This can result in elevated 

detection scores, potentially leading to false positives during defect detection. 
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In this study, we propose a defect detection method using deep learning networks and Fourier 

transformation. The proposed method involves the following steps: 

Generation of Reconstructed Images through Denoising: Initially, a deep learning network 

was employed to perform the denoising process on the input images. This process generates 

reconstructed images from which fine details are removed. The network used in this step is a simple 

autoencoder with a straightforward structure trained only on normal images. The core objective is to 

generate images that closely resemble the input data, with a primary emphasis on noise removal.  

Preservation Defect using Fourier Transform: Defect detection occurs during the inference 

phase. This process was used to create Normal Reconstructed Templates using a set of normal 

experimental data. The term ‘Normal Reconstructed Template’ refers to a collection of results 

generated by a model trained solely on normal videos. This approach utilizes the reconstruction 

mechanism of an autoencoder, acknowledging the limitations of precisely recreating the original 

imagery from normal videos. To overcome these limitations, the generated outcomes were treated as 

representative of the normal distribution. Consequently, by utilizing the Normal Reconstructed 

Template to construct differential images, it is possible to eliminate the normal distribution, 

highlighting only areas containing defects. One template was selected and the same Fourier 

transformation process was applied to it. Upon examining the Fourier spectrum, it is evident that a 

region affected by defects exhibits a dissimilarity compared to a normal region. Notably, the region 

afflicted with defects demonstrates a pronounced energy concentration, particularly within the high-

frequency domain. To preserve the high-frequency components corresponding to the defective 

region exclusively, a high-pass filtering operation is executed. Subsequently, an inverse Fourier 

transform is applied to generate an image that corresponds specifically to the high-frequency 

component. 

Generation of Difference Images and Binary-Level Thresholding: The difference images 

between each high-pass-filtered Normal Reconstructed Template and the input image were 

computed. In the difference image, pixels with nonzero values are regarded as potential defect 

regions, and higher values indicate a greater likelihood of defects. The difference image is converted 

into a binary image by applying a binary thresholding operation. This approach allows the creation 

of a defect score by representing items with a potential for defects as one and those with a lower 

likelihood as zero in a binary image. By generating a binary image, the defect score is formulated by 

counting the occurrences of the value one. A higher score implies a greater likelihood of the presence 

of defects. In binary images, pixels corresponding to defects possess values distinct from those of 

normal pixels. Through the binarization process, the defect regions can be effectively emphasized 

and represented. 

The proposed method enables defect detection using the aforementioned steps. This allows for 

differentiation between normal and defective images, highlighting the regions where defects are 

present. The overall flow of the proposed method is shown in Figure 1.  

 

Figure 1. Overall architecture of the proposed method. 
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3.1. Normal Texture Image Reconstruction 

This model processes input images with a size of 256x256, which are composed of RGB color 

channels. Therefore, the input shape was (256, 256, 3) and consisted of 5 layers in depth. The proposed 

network is illustrated in Figure 2. 

The autoencoder is composed of an encoder and a decoder. The input data were compressed 

into a low-dimensional latent vector through the encoder and then reconstructed back to the same 

size as the input image through the decoder. 

The encoder part followed the structure of a Convolutional Neural Network (CNN). The first 

convolutional layer uses 64 filters, each applying a 3x3 kernel. It uses the ReLU activation function 

and applies ‘same’ padding to maintain the output size the same as the input. Subsequently, 

additional convolution layers were used to extract the spatial features of the image and gradually 

reduce its size. The output of the encoder was passed to the decoder for the restoration process. The 

decoder alternately used an up-sampling layer to match the size of each layer mentioned in the 

encoder. It also incorporates a skip-connection structure, in which the information from each layer of 

the encoder is brought and combined. Consequently, it generates high-quality output results of the 

same size as the input image. 

This model combines basic L1 and L2 losses as its loss function. The L1 loss calculates the 

absolute error between the actual and predicted values, whereas the L2 loss calculates the squared 

error between them. By combining these two losses, the reconstruction loss (1) is computed and 

minimized during the model training process. This combined form of a simple loss function provides 

an approach for capturing various aspects of the errors in a balanced manner. By minimizing this 

combined loss, the model can effectively learn and optimize its parameters. 𝐿௥௘௖௢௡൫𝑥, 𝑅ሺ𝑥ሻ൯ ൌ 𝜆௅ଵ𝐿ଵ൫𝑥, 𝑅ሺ𝑥ሻ൯ ൅ 𝜆௅ଶ𝐿ଶ൫𝑥, 𝑅ሺ𝑥ሻ൯   (1)

In this study, this simple autoencoder structure was used for defect-detection tasks. The goal is 

to detect defects using this simple autoencoder structure. By effectively compressing and 

reconstructing the input data, autoencoders can detect and differentiate between normal and 

defective data. 

Furthermore, this structure provides denoising effects. The encoder part extracts features from 

the input image and removes noise. This helps reduce noise in the input data. Noise refers to parts 

that can be misclassified as defects in the texture, such as patterns in the backgrounds of normal 

images. By removing the noise, the reconstructed image can be transformed into an image with a 

nearly uniform color that represents a normal distribution. This approach can help effectively 

distinguish defects or normal in the frequency band. With reduced noise, the input data represent 

clearer and more accurate frequency bands, making it easier to distinguish defect areas from the 

results of the Fourier transformation. Therefore, this simple autoencoder structure with denoising 

effects is highly suitable for Fourier transformation and can be effectively used for tasks such as defect 

detection and frequency-band division. 

 

Figure 2. Model architecture for reconstruction. 
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3.2. Application of Fourier Transform 

The Fourier transform of a 2D image refers to the process of transforming an image from the 

spatial domain into the frequency domain, thereby allowing us to obtain information related to the 

frequency components of the image. The Fourier transform involves converting the original image 

into the frequency domain, performing the necessary operations, and restoring it back to the original 

domain through inverse transformation. 

First, the given 2D square image (256, 256) is represented in the spatial domain using ሺ𝑥, 𝑦ሻ 

coordinates. To perform the Fourier transform on this image, we use Equation (2): 𝐹ሺ𝑢, 𝑣ሻ  is a 

complex number representing the transformed result in the frequency domain and ሺ𝑢, 𝑣ሻ represents 

the coordinates in the frequency domain. Equation (2) implies multiplying the complex exponential 

function in the frequency domain and the image value at each position in the spatial domain, and 

then summing them for all positions. This allowed us to obtain the frequency information of the 

image in the frequency domain.  

𝐹ሺ𝑢, 𝑣ሻ ൌ  ෍ ෍ 𝑓ሺ𝑥, 𝑦ሻ ∗ 𝑒ି௝ଶగቀ௨௫ା௩௬ே ቁேିଵ
௬ୀ଴

ேିଵ
௫ୀ଴  (2)

The inverse Fourier transform is expressed in Equation (3). Importantly, the property of the 

Fourier transform is that when the original image is transformed and then inverse-transformed, it is 

restored to the original image. This represents the relationship between the Fourier transform and 

the inverse Fourier transform. 

𝑓ሺ𝑥, 𝑦ሻ ൌ  1𝑁ଶ ෍ ෍ 𝐹ሺ𝑢, 𝑣ሻ ∗ 𝑒௝ଶగቀ௨௫ା௩௬ே ቁேିଵ
௬ୀ଴

ேିଵ
௫ୀ଴  (3)

In this paper, multiple reconstructed results for a “Normal Reconstructed Template” 

representing normal data are defined as 𝑇ሺ𝑥௜ሻ. To determine the presence of defects, both the target 

image to be evaluated and the Normal Reconstructed Template are Fourier transformed to convert 

them into the frequency domain. In the frequency domain, the part with frequency 0 was placed at 

the center, and as the frequency increased, it shifted towards the edges of the frequency area through 

a shift process. 

Next, a “Fourier Mask” is defined to remove the low-frequency components, as shown in Figure 

3. For this purpose, an ideal mask with a radius of 𝜏 centered at the origin is created. This mask was 

used to perform pixel-wise operations on the Fourier-transformed result, effectively removing low-

frequency components. This process retains only the high-frequency region where defects exist while 

eliminating the background and unwanted components. Finally, an inverse transformation was 

applied to convert the results from the frequency domain to the spatial domain. Consequently, only 

the defective regions of the texture image were preserved in the spatial domain. 

 

Figure 3. Fourier Mask and Pixel-wise. 
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3.3. Difference Images and Thresholding 

Both 𝐹ሺ𝑅ሺ𝑥ሻሻ and 𝐹ሺ𝑇ሺ𝑥௜ሻሻ generated through this process represent the results of removing 

the low-frequency range and preserving only the high-frequency range, respectively. Therefore, the 

Normal Reconstructed Template retains only fine high-frequency details while removing the rest. If 

we perform the same process using a normal image as the input, the difference from the Normal 

Reconstructed Template is very small. However, when an image with defects is used as the input, 

the defective parts are not completely eliminated through the process, and some noise from the 

background may remain. By subtracting the two generated images, the resulting difference image 

has nonzero values in the defective regions and values close to zero in the remaining areas. This 

difference image is then used to create the final map for defect detection. Finally, by applying a 

threshold value 𝑡ℎ to the generated map, we can generate the final maps that allow us to determine 

the presence of defects. If the values exceeded the threshold, they were set to one. Otherwise, they 

are set to zero. This binary map indicates the presence of defects, where it is set to one, and absence, 

where it is set to zero. By calculating the total number of pixels in the generated map, we derived the 

scores for each image. Because the score range can vary significantly, we normalized the scores based 

on the scores of all the images and calculated an appropriate defect score. To fill the empty areas in 

the resulting image, a dilation operation was performed three times using a (5,5) kernel. 

Therefore, the binary image obtained through this process has one in the locations of defects and 

zero in the unaffected areas. This enables defect detection, and by calculating the scores for the entire 

image and normalizing them, we determined the normalized defect score. Figure 4 shows the process 

of calculating the defect score. 

 

Figure 4. Process of calculating the defect score. 

4. Experimental Results  

4.1. Datasets 

In this study, we focus on texture defect detection using the MV-Tec AD [20]. This dataset 

consists of 5 textures and 10 objects, but we only evaluate the performance using 5 textures. However, 

available data are insufficient for both training and testing. Therefore, data augmentation was 

performed in this study. Table 1 lists the final composition of the dataset in terms of the number of 

samples in each texture category. Because we used only normal data for training, the majority of the 

data were used as training data. To balance the number of samples between the normal and defective 

data, augmentation techniques were applied to the normal data. This process increased the diversity 

of the training data and ensured an adequate number of defective samples, ultimately improving the 

performance of the model.  

Table 1. Detailed datasets with data augmentation. 

 Train (Normal) Test (Normal) Test (Defect) 

Carpet 280 84 89 

Grid 264 63 57 

Leather 245 96 92 

Tile 230 99 84 
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Wood 247 57 60 

4.2. Training Details 

For texture defect detection in this study, the following training approach was used. The pixel 

values of the input image data were normalized to fall within an interval of 0 to 1. Data augmentation 

was performed to generate diverse forms of training data. This augmentation procedure 

encompasses diverse techniques including shearing (20% magnitude), zooming (20% magnification), 

and both horizontal and vertical flipping. During the training process, the Adam optimizer was 

employed with an initial learning rate of 1e-4. Training was conducted for 500 epochs on the entire 

dataset, with a batch size of 16. In the loss function, the hyperparameter λ୐ଶ is set to 100 for L2 loss, 

and λ୐ଵ is set to 1 for L1 loss, resulting in a combination of simple loss functions. 

4.3. Performance Evaluation and Ablation Study 

The network proposed in this study was trained solely on normal data, which generated areas 

with distributions different from those of normal images when processing images containing defects. 

Figure 5 illustrates the images reconstructed from examples of defective data for each category. All 

the data in the figure contain defects, and the types of defects appear differently. The first row shows 

the original images with defects, whereas the second row shows the images reconstructed using the 

autoencoder. The original images exhibit patterns even in the background, indicating prominent 

features. However, the defective regions possess even more pronounced features. Therefore, by 

removing noise from the background, the defective regions can be highlighted more effectively. The 

overall reconstructed results appear blurred, with a significant reduction in background noise, except 

for the grid. Although the defective regions also become blurry, the removal of background patterns 

makes it easier to extract the defects. The grid exhibited a consistent pattern and closely resembled 

the original, except in areas with defects, where differences could be observed. 

 

Figure 5. Some samples of reconstructed results for images with defects. 

The reason for using Normal Reconstructed Templates is the limitations in the reconstruction 

performance of the network. Consequently, significant differences were observed when creating 

different images from the original images. In practice, even normal data cannot be perfectly 

reconstructed to match the original. Hence, this approach can help retain only the defect regions by 

maximizing the reconstructed outcomes for the original images. The Normal Reconstructed Template 

represents the restoration results of normal data and possesses various forms and patterns. These 

templates were used to generate difference images and were subsequently employed to detect the 

defective regions. Given that the network was trained exclusively on normal images, the processing 

of images containing defects led to reconstructed images that exhibited minor deviations in their 

distributions. Consequently, the adopted approach entails the computation of differences between 
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the normal reconstructed templates and the regions within the images that manifest defects. This 

process facilitates the extraction of defects. 

This approach allows the precise detection of defects by distinguishing between normal and 

defective regions. By removing non-defective areas through differences in the reconstructed images, 

the remaining areas were composed of defective regions, making the defects more distinct and 

enabling more accurate detection. Accordingly, this approach seeks to utilize the inherent constraints 

of the autoencoder’s reconstruction capabilities. It employs the Normal Reconstructed Template to 

improve defect detection performance. More accurate defect detection can be achieved by removing 

the normal areas and emphasizing the defective areas. The images reconstructed from normal data 

exhibit a variety of normal restoration templates. Therefore, selecting the most suitable template for 

each data category is crucial. Figure 6 presents the selection of appropriate templates for each 

category based on the experimental results. These templates can be utilized to generate difference 

images and consistently improve performance across all data. In addition, when generating 

difference images, the 10-pixel edge was excluded from the evaluation. This is because the edge 

exhibits a different distribution from the original owing to padding, which increases the likelihood 

of misclassification. 

 

Figure 6. Normal Reconstructed Template. 

As mentioned in Section 3, we need to find the most suitable template by combining the Fourier 

mask, denoted as 𝜏, and the binary-level thresholding represented by 𝑡ℎ. To evaluate performance, 

we used the Area Under the Curve (AUC) as an evaluation metric. The AUC is a common metric 

used to assess the performance of classification models, ranging from 0 to 1, where a value closer to 

1 indicates better performance. Because each category has different characteristics, they have 

different parameter values, and we explored various combinations of these parameters. Therefore, 

we used AUC to determine the optimal parameter combination for each category and selected the 

combination with the highest AUC value. Based on this, we inferred the AUC values for various 

parameter combinations. The results are presented in Table 2. The parameter combinations that 

showed the highest AUC for each category are as follows (𝜏, 𝑡ℎሻ: Carpet: (41, 11), Grid: (44, 20), 

Leather: (2, 6), Tile: (40, 2), Wood: (1, 11) 

The overall average AUC was 93.1%. This indicates that our proposed simple method achieves 

a performance similar to that of the state-of-the-art approaches. These results demonstrate that the 

proposed method effectively detects defects despite its simplicity. However, the Carpet category had 

a relatively lower AUC than the other categories. This can be attributed to the relatively smaller 

difference between the defect regions and background in the Carpet category compared to the other 

categories. When the difference between the defect regions and the background is small, removing 

noise from the background may also result in the removal of defect regions, making accurate 

detection more challenging. Therefore, the Carpet category may require different parameter values 

and additional adjustments. We demonstrated that a simple method can achieve high performance. 

Additionally, because the optimal parameter combinations may vary for each category, it is 

important to adjust the parameter values accordingly. Thus, our method offers both flexibility and 

simplicity, making it applicable to various defect-detection problems. 
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Table 2. Performance analysis (row: Fourier mask radius 𝝉, column: threshold value 𝒕𝒉). 

Carpet 7 8 9 10 11 12 

37 0.736 0.727 0.720 0.715 0.712 0.713 

38 0.732 0.731 0.730 0.726 0.725 0.731 

39 0.763 0.758 0.758 0.762 0.766 0.771 

40 0.815 0.820 0.822 0.821 0.825 0.822 

41 0.869 0.871 0.874 0.864 0.845 0.836 

42 0.845 0.827 0.812 0.783 0.759 0.743 

Grid 18 19 20 21 22 23 

42 0.907 0.815 0.920 0.931 0.925 0.913 

43 0.918 0.918 0.921 0.919 0.915 0.902 

44 0.919 0.934 0.939 0.933 0.922 0.903 

45 0.928 0.934 0.937 0.929 0.919 0.889 

46 0.923 0.931 0.929 0.929 0.915 0.890 

47 0.931 0.924 0.926 0.921 0.906 0.867 

Leather 4 5 6 7 8 9 

1 0.910 0.932 0.924 0.901 0.892 0.871 

2 0.955 0.964 0.975 0.900 0.824 0.788 

3 0.968 0.951 0.888 0.847 0.825 0.793 

4 0.953 0.914 0.887 0.845 0.785 0.760 

5 0.946 0.909 0.859 0.800 0.752 0.722 

6 0.948 0.890 0.846 0.787 0.745 0.716 

Tile 1 2 3 4 5 6 

37 0.685 0.898 0.818 0.766 0.696 0.643 

38 0.695 0.915 0.820 0.748 0.685 0.637 

39 0.727 0.896 0.786 0.743 0.685 0.631 

40 0.736 0.932 0.786 0.741 0.679 0.625 

41 0.735 0.914 0.794 0.735 0.667 0.625 

42 0.733 0.923 0.791 0.723 0.655 0.625 

Wood 7 8 9 10 11 12 

1 0.875 0.897 0.929 0.953 0.976 0.962 

2 0.886 0.910 0.939 0.932 0.938 0.935 

3 0.914 0.918 0.944 0.940 0.939 0.946 

4 0.906 0.930 0.917 0.918 0.918 0.917 

5 0.901 0.925 0.911 0.904 0.912 0.910 

6 0.900 0.911 0.898 0.906 0.915 0.912 

Figure 7 shows a partial process of generating the final decision map for each category. The first 

column shows the reconstructed image. The second and third columns show the frequency-domain 

images of the input image and the normal reconstructed template, respectively. The fourth column 

illustrates the result of binary-level thresholding applied to the difference Fourier image. The white 

areas indicate defective regions, and it can be observed that the actual defective areas are well 

preserved. 

Table 3 presents the results of evaluating various anomaly detection algorithms on different 

categories. The performance of each algorithm is measured by the Area Under the Curve (AUC) 

value, where a value of 1 indicates the presence of defects and 0 indicates their absence. 

Analyzing the results for the Grid and Wood category, DAAD [19] shows high AUC values of 

0.957 and 0.982, respectively, indicating its superior performance in anomaly detection. In the Leather 

category, the proposed method achieved the highest AUC value of 0.975. This suggests that the 

proposed method has a strong anomaly detection performance for Leather data. For the Tile category, 

the proposed method achieved the highest AUC value of 0.932. This indicates that the proposed 

method demonstrates excellent anomaly detection capability for Tile data. In the case of the carpet, 
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although it exhibited a relatively low value of 0.874 compared with related studies, it demonstrated 

the highest value. This results in a 0.8% superior performance compared to DAAD [19]. 

Overall, AnoGAN [1] shows relatively lower performance across all categories, whereas 

GANomaly [3] and Skip-GANomaly [4] exhibit highly irregular results compared to the other 

categories. DAAD [19] demonstrated high performance for specific categories, but the proposed 

method showed excellent performance in all categories except Carpet. Notably, the proposed method 

stands out because it does not rely heavily on deep learning networks compared to previous studies, 

and it exhibits the smallest category-wise variation with the highest average AUC of 93.9%. The 

significant difference observed in the Leather category can be attributed to the simplicity of the 

background, which facilitates noise removal. 

 

Figure 7. Process for locating defect detection (1st column: reconstruction, 2nd-3rd columns: Fourier 

transform results, 4th column: binary-level thresholding). 

Table 3. Performance analysis (row: Fourier mask radius 𝝉, column: threshold value 𝒕𝒉). 

 
AnoGAN 

[1] 

memAE 

[5] 

OCGAN 

[6] 

GANomaly 

[3] 

Skip-

GANomaly 

[4] 

DAAD 

[19] 
Ours 

Carpet 0.337 0.386 0.348 0.699 0.795 0.866 0.874 

Grid 0.871 0.805 0.855 0.708 0.657 0.957 0.939 

Leather 0.451 0.423 0.624 0.842 0.908 0.862 0.975 

Tile 0.401 0.718 0.806 0.794 0.850 0.882 0.932 

Wood 0.567 0.954 0.959 0.834 0.919 0.982 0.976 

Average 0.525 0.657 0.718 0.775 0.826 0.910 0.939 
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The method proposed in this study has two main aspects: using a simple autoencoder for a 

Normal Reconstructed Template and combining it with the Fourier transform to separate and remove 

defective features. Therefore, the performance was evaluated based on the usage of the Normal 

Reconstructed Template and Fourier transform. Without the Normal Reconstructed Template, 

performing only Fourier transform makes it extremely challenging to separate defective features in 

the frequency domain, resulting in a slightly higher AUC of 75.2% overall compared with the results. 

Especially in the “leather” category, it records a significantly low value of 0.344 when compared to 

other categories. This can be attributed to the characteristics of the data, as they possess an intensity 

that makes it difficult to detect defects using frequency bands, unlike other categories. When only the 

Normal Reconstructed Template was used along with the Fourier transform, it yielded a very low 

performance with an average AUC of 63.4% across all categories except for Leather. This indicates 

that using only the Normal Reconstructed Template to preserve defective regions is difficult for other 

categories, whereas the reconstructed results alone can preserve defective regions. In contrast, the 

proposed method, which combines both the Normal Reconstructed Template and Fourier transform, 

achieved the highest performance with an AUC of 93.9%. Therefore, the method proposed in this 

study demonstrates a higher performance compared to evaluating using the existing methods alone. 

In particular, although utilizing only the Fourier transform is a common approach when compared 

with this method, there was a performance improvement of 18.7%, achieving the highest 

performance across all categories. 

Table 4. Ablation Study. 

Normal Reconstructed Template X O O 
Fourier Transform O X O 

Carpet 0.791 0.659 0.874 
Grid 0.885 0.508 0.939 

Leather 0.344 0.634 0.975 
Tile 0.819 0.505 0.932 

Wood 0.923 0.867 0.976 
Average 0.752 0.634 0.939 

The proposed approach uses a high-pass filter. In this study, a method based on an ideal filter is 

introduced. The ideal filter sets only the high-frequency region to one through the cutoff and the rest 

to zero. However, because of the tendency of filters to cause a ringing effect frequently, the 

Butterworth filter is preferred over the ideal filter. A significant point of comparison between the 

Butterworth and the ideal filter is the smoother transition of boundaries offered by the former. In this 

study, post-filtering, a binary image was generated through a post-processing step employing a 

threshold. The primary purpose is to retain only the defects. Consequently, both the ideal and 

Butterworth filters were resilient to the ringing effect. Table 5 presents the performance evaluation 

results corresponding to different filters. The preference for the ideal filter over the Butterworth filter, 

considering the generation of binary images, confirms its superior performance in terms of defect 

preservation. 

Table 5. Performance Comparison of Ideal Filter and Butterworth Filter. 

Filters Butterworth Ideal (ours) 

Carpet 0.828 0.874 

Grid 0.920 0.939 

Leather 0.969 0.975 

Tile 0.881 0.932 

Wood 0.963 0.976 

Average 0.912 0.939 
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5. Conclusions 

This study proposes a method in the field of image analysis that combines a simple autoencoder 

and Fourier transform for texture defect detection. The experimental results showed that the 

proposed method achieved an overall high performance, although there were cases in which it did 

not show effectiveness for some data. Therefore, in future research, it will be necessary to enhance 

the performance of the proposed method by utilizing deep learning networks to improve noise 

removal. By developing and applying more sophisticated denoising techniques through deep 

learning networks, defect detection performance can be further improved. Additionally, future 

research directions include conducting comparative studies with other anomaly detection algorithms 

to validate the superiority of the proposed method and performing experiments on a wider range of 

datasets to evaluate its generalization performance. 
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