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| ABSTRACT 

Fabric defects directly influence the surface appearance and overall quality of textile products, which makes their reliable 

detection and classification an essential component of quality control in the textile industry. This study applies deep learning, 

specifically transfer learning with a pretrained convolutional neural network, to automatically recognize six fabric image 

categories: vertical defects, defect-free fabric, holes, horizontal defects, lines, and stains. A dataset of 2,739 fabric images was 

divided into 1,369 images for training and 1,370 images for validation. Prior to model input, all images were converted to three-

channel colour format, resized, centre-cropped to 224 × 224 pixels, and normalized. An 18-layer residual neural network 

(ResNet18), pretrained on a large image corpus, was fine-tuned for five epochs using the Adam optimizer with a learning rate of 

0.001 and a batch size of 32. Performance was evaluated on the validation partition, which was also reused for final testing, 

yielding an overall accuracy of 91.17%, a macro-averaged F1 score of 81.10%, and a support-weighted F1 score of 91.12%. 

Classification results differed noticeably across defect categories: defect-free images and stains achieved F1 scores of 98.12% 

and 92.27%, respectively, whereas holes proved more difficult to recognize, reaching an F1 score of 68.31% and a recall of 

60.58%. These outcomes demonstrate that a fine-tuned deep learning model can effectively distinguish multiple categories of 

fabric surface condition within the evaluated dataset, while also exposing uneven recognition performance for certain defect 

types, particularly those with subtle or irregular visual patterns. By linking established textile defect categories with quantitative 

deep learning evaluation metrics, this work offers a preliminary baseline for automated, CNN-driven fabric quality assessment. 

The approach is relevant to textile manufacturing organizations, including those in Russia, seeking to integrate intelligent visual 

inspection systems into their production and quality assurance workflows. 
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1. Introduction  

Fabric inspection is a fundamental component of textile quality control, since surface defects such as holes, stains, and 

directional irregularities can adversely affect both product appearance and functional performance [1]. In image-based 

inspection, a class label identifies an observed surface condition, but it does not necessarily determine the underlying 

manufacturing mechanism. For this reason, classification outcomes should be interpreted in relation to the textile condition 

represented by each label rather than judged exclusively by aggregate accuracy. In the present study, fabric inspection is treated 

as the application context; however, the dataset does not provide verified information on fibre composition or fabric 

construction. 

Deep learning has become an effective framework for image classification, particularly when combined with transfer 

learning from pretrained convolutional neural networks [2]. Residual networks are especially suitable for this setting because 
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shortcut connections improve optimization and facilitate feature reuse during fine-tuning [3]. Accordingly, this study investigates 

whether a pretrained ResNet18 model can provide consistent recognition of six fabric surface categories: vertical defects, defect-

free fabric, holes, horizontal defects, lines, and stains. Because the dataset is imbalanced, overall accuracy alone may obscure 

performance differences across classes, making class-wise evaluation essential for meaningful assessment. This is especially 

important in textile inspection, where correct recognition of normal material and correct identification of rare defect classes 

represent different but equally relevant quality-control requirements [4]. 

The contribution of this paper is an application-oriented analysis of a six-class ResNet18 transfer-learning baseline for 

fabric defect classification. Rather than proposing a new architecture, loss function, or dataset, the study interprets the recorded 

model outputs in terms of textile surface conditions and examines variation in recognition performance across categories. This 

perspective highlights the distinction between detecting a visible defect and inferring its textile cause, while also providing a 

preliminary benchmark for automated fabric quality assessment within the limits of the available dataset and evaluation design. 

2. Related Work 

Textile defect classification has attracted increasing attention as deep learning methods have matured for image 

recognition and industrial inspection. Residual learning, introduced by He et al. [5], established a widely used approach for 

training deep neural networks through shortcut connections that facilitate optimization in image recognition tasks. In textile 

inspection, this development has supported the adoption of convolutional architectures for automated defect recognition, 

particularly in settings where classification performance depends on subtle texture variation and limited labelled data. 

Transfer learning has been especially prominent in this area. Beljadid et al. [6] applied GoogLeNet to textile texture defect 

classification on the TILDA database and demonstrated that pretrained models can be effectively adapted to fabric inspection 

tasks. Their results also underscore an important methodological point : direct numerical comparison across studies is generally 

inappropriate unless the datasets, label definitions, and evaluation protocols are closely aligned. Accordingly, the present work 

should be interpreted as a dataset-specific six-class baseline rather than as a direct competitor to previously reported results. 

Related studies have also highlighted the importance of the production context in defining the inspection problem. 

Chakraborty et al. developed a printed-fabric database and employed a convolutional neural network to analyse print-related 

abnormalities, illustrating how the formulation of the task depends on the material type and manufacturing process [7]. In a 

different direction, Zhou et al. [8] proposed a one-class defect detection framework based on defect-free fabric images, 

combining Gabor feature extraction, autoencoder-based representation learning, and nearest-neighbour density estimation to 

identify abnormal regions. Although these methods differ from supervised multi-class classification, they collectively 

demonstrate the range of deep learning strategies available for textile inspection. 

Benchmark datasets and label interpretation are also central to the literature. The AITEX Fabric Image Database provides a 

documented resource for developing and evaluating defect detection methods [9]. CottonWorks similarly organises examples 

according to fabric construction, defect appearance, and, in some cases, production mechanism [10]. However, labels such as 

vertical, horizontal, and lines may reflect visible image patterns rather than verified textile fault mechanisms. Their interpretation 

therefore requires explicit label definitions and, where possible, information on fabric orientation and construction. 

Overall, the literature indicates that deep learning can be effective for textile defect inspection, but the meaning of 

reported results depends strongly on dataset composition, class structure, and evaluation design. In contrast to prior studies that 

emphasise backbone comparison, anomaly detection, or dataset-specific defect analysis, the present work offers a six-class 

ResNet18 transfer-learning baseline with class-wise evaluation and textile-oriented interpretation. Its contribution lies not in 

proposing a new architecture or dataset, but in relating recognition performance across categories to fabric surface conditions 

and in distinguishing between the identification of a visible defect and inference about its manufacturing cause. 

 

3. Methods 

This section describes the dataset used in the study, the preprocessing pipeline applied to the fabric images, the ResNet18 

transfer-learning configuration, and the training and evaluation procedures used for six-class fabric surface classification. The 

experimental setup follows a supervised image-classification workflow in which the model is fine-tuned on labelled fabric images 

and assessed using class-wise and aggregate performance metrics. 

3.1 Fabric Image Dataset And Label Encoding 

The study uses the publicly available Fabric Defects Dataset [11], comprising 2,739 images distributed across six categories: 

1,666 defect-free images and 1,073 defected images (281 holes, 398 stains, 157 lines, 136 horizontal defects, and 101 vertical 

defects). In the ImageFolder directory structure, the class indices are assigned as follows: 0 = Vertical, 1 = defect free, 2 = hole, 3 

= horizontal, 4 = lines, and 5 = stain, with capitalization retained from the source folder names. The dataset is strongly 

imbalanced. Defect-free images account for approximately 61% of the full collection, whereas vertical defects represent only 

about 3.7%. This imbalance is preserved in the train/validation split, so the validation partition reflects the same class 

distribution. Because the dataset does not provide verified composition or construction metadata, cotton is treated here as the 
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intended application context rather than a confirmed attribute of every image. In addition, the physical distinction between the 

vertical, horizontal, and lines categories is not documented in the source material. The validation partition contains 1,370 images, 

and its class distribution is reported in Table 1.  

Table 1. Class distribution of the validation partition. 

Class Images Share 

Vertical 49 3.58% 

Defect free 838 61.17% 

Hole 137 10.00% 

Horizontal 63 4.60% 

Lines 84 6.13% 

Stain 199 14.53% 

 
To provide a clearer visual overview of the dataset and to illustrate the appearance of the six fabric surface categories, 

representative sample images from each class are shown in Figure 1, including vertical defects, defect-free fabric, holes, 

horizontal defects, lines, and stains. 

 

Figure 1. Representative examples from the Fabric Defects Dataset used in this study. Each panel shows one of the six classes: 

vertical, defect free, hole, horizontal, lines, and stain. 

3.2 Image preprocessing  

Each image is opened with the Python Imaging Library (PIL) and converted to RGB [12]. The active DataModule [13] 

transformation resizes the shorter side to 224 pixels while preserving the aspect ratio, applies a 224 × 224 central crop, converts 

the image to a tensor, and normalizes it channelwise using the ImageNet statistics [14]: means (0.485, 0.456, 0.406) and standard 

deviations (0.229, 0.224, 0.225). For each channel c, normalization is defined as: 

𝑥𝑐
′ =

𝑥𝑐 − 𝜇𝑐
𝜎𝑐

 

Where x′c is the tensor value before normalization, and μc and σc are the specified channel mean and standard deviation. 

Centre cropping guarantees a uniform input shape but may exclude off-centre defects; the available outputs do not establish 

whether this occurred in any sample. An earlier standalone transformation included random rotation and horizontal flipping, but 

the pipeline used for training does not apply these operations. 

3.3 Model Architecture And Optimization  

A pretrained ResNet18 model was implemented using the timm library [15] and adapted for six-class fabric image 

classification by replacing the final fully connected layer with a six-way output layer. The network accepts RGB images of size 224 

× 224 pixels and processes them through residual blocks with shortcut connections, followed by global average pooling and a 

linear classifier that produces six output logits. The overall architecture is illustrated in Figure 2, which shows the feature-

extraction backbone and the final classification head used in this study. The model contains approximately 11.2 million 

parameters, all of which were left trainable during fine-tuning. 

 

Figure 2. ResNet18 architecture for six-class fabric image classification. 

Training was performed using the multiclass cross-entropy loss function [16] computed from the six output logits and the 

corresponding class labels. Optimization employed the Adam algorithm with a learning rate of 0.001, a batch size of 32, and a 
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total of five epochs. The optimization workflow is summarized in Figure 3, where gradients are propagated backward through 

the network and Adam updates the model parameters during each training step. 

 

Figure 3. Training loop using cross-entropy loss and Adam optimization. 

Table 2 provides a compact summary of the implemented architecture and training configuration, including the backbone, 

input format, optimizer, learning rate, loss function, number of epochs, and fine-tuning strategy. 

Table 2. Implemented model and training configuration. 

Item Recorded configuration 

Backbone Pretrained ResNet18 through timm 

Output classes 6 

Input RGB, 224 × 224 pixels 

Training / validation 1,369 / 1,370 images 

Batch size 32 

Optimizer Adam 

Learning rate 0.001 

Loss Multiclass cross-entropy without explicit class weights 

Epochs 5 

Fine-tuning All model parameters trainable 

Active augmentation None 

Hardware CPU; no GPU used 

Lightning version 2.5.2 

Independent test partition Absent; validation partition reused 
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Evaluation was carried out on the validation partition, which consisted of 1,370 images and was also reused as the final test 

set. Performance was reported using accuracy together with class-wise precision, recall, and F1 score, as well as macro-averaged 

and support-weighted summaries [17]. In this single-label classification setting, macro recall is equivalent to balanced accuracy. 

3.4 Results And Discussion  

The classifier was trained using PyTorch and timm, with Lightning 2.5.2 managing the five-epoch training process on a CPU 

[12]. Evaluation was performed on the reused validation partition, and the classification report was generated from the restored 

checkpoint with gradient computation disabled. The model achieved an overall accuracy of 91.17%, a macro-averaged F1 score 

of 81.10%, a support-weighted F1 score of 91.12%, and a cross-entropy loss of 0.2150. Because defect-free images accounted for 

61.17% of the evaluation set, overall accuracy alone does not fully describe class-level performance, and the lower macro F1 

indicates that recognition quality varied across the six categories. 

As shown in Figure 3, the class-wise precision, recall, and F1 scores differ substantially across categories. Defect-free fabric 

and stains achieved the strongest results, with F1 scores of 98.12% and 92.27%, respectively. In contrast, holes were the most 

difficult category to recognize, with an F1 score of 68.31% and a recall of 60.58%, corresponding to approximately 83 correctly 

classified images out of 137 hole samples. The remaining hole images were assigned to other categories, although the available 

report does not allow the exact confusion pattern to be reconstructed. Lines achieved a high recall of 94.05% but a lower 

precision of 64.75%, indicating that this label was frequently assigned to images belonging to other categories. Vertical and 

horizontal defects obtained intermediate performance, with F1 scores of 77.42% and 73.77%, respectively. 

 
Figure 4. Class-wise precision, recall and F1 on the reused validation partition of 1,370 images. Scores are expressed as 

percentages. 

These results suggest that the model is more reliable for defect-free fabric and stain recognition than for hole classification. 

Such variation is expected in an imbalanced multi-class setting, where visually distinctive categories are easier to learn than 

subtler or more irregular defect types. The results should therefore be interpreted as a class-wise baseline rather than as 

evidence of superiority over other textile inspection methods. For textile quality control, this distinction is important because 

recognition of a visible surface condition is not the same as inference about its manufacturing cause. 

Transfer learning for fabric classification has also been investigated by Beljadid et al. [6], while Chakraborty et al. [7] 

examined printed-fabric defects and Zhou et al. [8] used one-class abnormality detection. However, differences in datasets, label 

definitions, and evaluation procedures prevent a direct numerical ranking against these studies. The present experiment 

therefore provides a six-class baseline without demonstrating superiority over competing methods. The weaker recognition of 

holes deserves particular attention in cotton fabric inspection, although the dataset composition is unverified. In practical terms, 

the category predictions may support operator review, but the experiment does not establish roll-level defect grading or 

deployment performance in industrial settings. 
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4. Conclusion 

This study combines textile fabric assessment and machine learning through a six-class ResNet18 transfer-learning 

experiment. The recorded model was fine-tuned on 1,369 images and evaluated on a reused validation partition of 1,370 images. 

It achieved 91.17% accuracy, 81.10% macro F1 and 91.12% weighted F1. Defect-free fabric and stains obtained the strongest F1 

scores, whereas hole recognition was substantially weaker, with F1 of 68.31% and recall of 60.58%. Line classification showed 

high recall alongside lower precision. The findings demonstrate that overall classification accuracy is insufficient to describe 

recognition of every fabric defect category. The study contributes an interpretation that connects machine learning metrics with 

textile surface conditions and distinguishes identification of a visible fault from diagnosis of its manufacturing cause. Cotton 

fabric inspection provides the principal material context, while unverified composition records prevent a cotton-specific 

performance claim. The evidence supports a preliminary baseline relevant to textile quality assessment and intended inspection 

applications in textile organizations, including those in Russia, within the limits of the recorded evaluation design. 
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