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Abstract :  Identifying fabric patterns in the textile industry is a critical task, but relying on manual process is often a bottleneck. 

It’s a slow, repetitive process that is not only exhausting for workers but also prone to simple human errors. To fix this, we have 

developed an automated system that uses a Convolutional Neural Network (CNN) to take the guesswork out of cotton fabric 

classification. Through a streamlined web interface, we enable users to upload fabric photos for immediate evaluation. The system 

automatically enhances image clarity before employing deep learning models to extract distinctive pattern characteristics. By 

moving away from inconsistent manual inspections, our approach generates a reliable confidence score that ensures faster and more 

precise industrial verification.  

 

IndexTerms – Feature extraction, CNN features, cotton classification, pattern recognition.  

I.Introduction 

1.1 DOMAIN INTRODUCTION  

The textile industry depends on accurate fabric pattern recognition to ensure quality control and effective inventory management. 

In earlier practices, this work was mostly done manually. However, human inspection is slow, tiring, and often inaccurate, especially 

when fabrics contain complex or repetitive designs. Cotton fabrics create additional challenges because small variations in weave 

structure and surface texture are difficult to notice with the naked eye. These problems become more severe when images are 

captured under uneven lighting conditions, which can hide important pattern details. Due to these limitations, there is a strong need 

for an automated system that can reliably identify and distinguish cotton fabric patterns based on their physical characteristics.  

Role of Convolutional Neural Networks (CNNs):  

Convolutional Neural Networks (CNNs) provide an effective solution for handling such visual challenges. Unlike traditional 

machine learning techniques that require manually defined features, CNNs automatically learn important patterns directly from 

image data. Their architecture includes convolutional layers to extract meaningful features, pooling layers to reduce unnecessary 

information, and fully connected layers for accurate classification. This layered structure allows CNNs to capture fine and repetitive 

details in cotton fabric patterns that are often missed during manual inspection.  

1.2 Project Introduction  

Cotton Fabric Feature Extraction and Identification:   

The proposed approach focuses on identifying cotton fabrics by extracting their unique visual characteristics through feature 

extraction and similarity comparison. Instead of depending entirely on deep learning models, the system emphasizes physical fabric 

properties such as texture patterns and weave direction to create a precise digital representation. By comparing these extracted 

features, the system can accurately verify fabric types based on their actual structural composition, resulting in reliable and 
consistent identification performance.  
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FIGURE 1. SAMPLE IMAGES OF COTTON FABRIC PATTERN 

Fabric Feature Analysis  

 

The proposed method aims to capture the unique visual identity of cotton fabrics by examining their surface texture, weave 

irregularities, and color characteristics. To ensure reliable color representation, the HSV (Hue, Saturation, Value) color model is 

used instead of the traditional RGB format. HSV separates color information from lighting intensity, which helps reduce the impact 

of shadows, brightness variations, or overexposure during image capture. As a result, the system can consistently analyze fabric 

appearance under different environmental conditions.  

Texture and Structural Details  

Cotton, being a natural fiber, has an uneven surface texture and inherent roughness. These properties are captured using gradient-

based techniques that highlight fine patterns and structural details present in the weave. By combining texture information with 

color data, histograms are generated to represent the overall surface characteristics of the fabric. This approach ensures that even 

minor differences in weave structure or texture are effectively included in the analysis.  

The Identification Process  

 

After feature extraction, the color and texture information is combined into a single feature vector. L2 normalization is applied to 

maintain uniform scaling across all feature values. The normalized vector is then compared with stored fabric samples using cosine 

similarity. If the similarity score crosses a predefined threshold, the fabric is confirmed as cotton. This process acts as a strict 

filtering mechanism, allowing only verified cotton samples to proceed further and ensuring accuracy in the identification system.  

CNN Integration and Reliability  

 

The final stage involves a Convolutional Neural Network (CNN) for high-level pattern identification. Once the initial feature 
check confirms the material is cotton, the image is resized and normalized specifically for the CNN. By using the handcrafted  

features as a preliminary filter, we significantly improve the system's overall reliability and ensure the deep learning model focuses 

only on valid samples.  

  

Mathematically, CNN operations can be expressed as:  

𝑍  𝑏                 (1)  

𝐴  max                   (2)  

Here, the input image 𝑋 is convolved with learnable filters 𝑊 and a bias 𝑏is added, producing intermediate outputs 𝑍. ReLU 

activation removes negative values, keeping only meaningful responses. By repeatedly applying these operations across layers, 

the network learns hierarchical features capturing cotton fabric texture, weave, and design patterns.  

The convolution operation in a CNN is mathematically  

represented as 𝑍 =    + 𝑏 , where 𝑋 denotes the input image,  𝑊 represents the learnable filter, and 𝑏 is the bias term. For 

example, consider a small 3 × 3 image patch   

 

     𝑋 = [  1  2  1                                             W= [ 1 0 -1 

                  0  1  0                                                        1 0 -1 

                  2  1  2 ]                                                     1 0  -1 ] 

with bias 𝑏 = 1 . During convolution, each element of the image patch is multiplied with the corresponding filter value and summed, 
resulting in (1 × 1 + 2 × 0+ 1 × (−1))+ (0 × 1 + 1 × 0+ 0 × (−1))+ (2 × 1 + 1 × 0+ 2 × (−1)) = 0 . After adding the bias, the output 
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becomes 𝑍 = 1. This value shows how strongly the filter detects a specific pattern, such as vertical texture, in the cotton fabric 

image. The result 𝑍 is then transferred through the ReLU activation function defined as 𝐴 = max (0, 𝑍) . Since 𝑍 = 1 is positive, the 

activated output remains 𝐴 = 1, whereas any negative value would be converted to zero. By repeatedly applying convolution and 

ReLU across multiple layers, the CNN gradually learns hierarchical features, starting from basic edges and texture patterns and 

progressing to more complex structures such as weave characteristics and fabric design patterns, enabling accurate cotton fabric 

pattern recognition  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 2. RESNET18 FEATURE EXTRACTION FLOWCHART 

ResNet18: Deep Feature Extraction  

To dive deeper into the fabric's details, we use the ResNet18 architecture. Before processing, every uploaded image is converted to 

RGB and resized to 224 x 224 pixels to ensure it fits the model's requirements perfectly. As the image passes through the network, 

ResNet18 scans for intricate patterns, textures, and edges, eventually condensing all that visual data into a 512-dimensional feature 

vector. We then apply L2normalization to this vector. This step is crucial because it turns the image into a consistent numerical "ID 

card," allowing  us to accurately compare it against other fabrics in our database. The Role of Convolutional Neural Networks 

(CNNs)  
At its core, a CNN is a deep learning model built specifically for visual tasks. What makes CNNs special—and different from older 
methods—is their ability to "learn" features from raw images rather than needing a human to define them. By using a group of 

specialized layers, the CNN can capture everything from simple lines to complex, repetitive textures. This makes them incredibly 

effective at recognizing the detailed, structural nature of cotton fabric patterns. 

  

CNN Algorithm and Processing Flow  

Step 1: Preparation – The confirmed image is resized and normalized to ensure the data is clean and ready for analysis.  

Step 2: Feature Learning – The image travels through convolution layers where digital filters automatically pinpoint the fabric's 

unique structural traits.  

Step 3: Refinement – We apply ReLU activation to filter out noise, keeping only the most meaningful feature responses.  

Step 4: Dimension Reduction – Pooling layers shrink the data size, focusing only on the most important pattern information to 

speed up the process.  
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Step 5: Final Vectorization – The final CNN features are extracted and normalized to maintain a consistent scale.  

Step 6: Pattern Matching – These deep features are compared against our stored pattern library using cosine similarity.  

Step 7: Final Identification – The system selects the pattern with the highest match score and displays the result along with a 

confidence value.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 3.  CNN PATTERN MATCHING FLOWCHART  

By learning these specific details, the system is able to identify and sort different fabric patterns with high accuracy.Users upload 

cotton fabric images through a web interface, where the system preprocesses the images and classifies the pattern. The final 

prediction with confidence level is displayed to the user.  

The automated system reduces manual effort, improves accuracy, saves time, and provides a scalable solution for industrial fabric 

inspection.  

II. LITERATURE REVIEW  

2.1 Foundational and Feature-Engineered Approaches :   

 

Early fabric pattern recognition systems mainly depended on manual feature extraction using classical computer vision. Yuan et al. 

(2010) developed a camera-based clothes-matching system for visually impaired users, but its need for specialized hardware limited 

usability. Rao (2018) improved accuracy by combining SIFT, Radon Transform, Morphological Operators, and Statistical 

Descriptors to classify patterns such as plaid, striped, irregular, and patternless. However, these featureengineered methods were 
computationally heavy and highly sensitive to noise and lighting variations, reducing their robustness for real-world textile 

applications.  

 

2.2 Hybrid Models and Transfer Learning:  

 

Deep Learning gained momentum, the research community shifted toward adopting Transfer Learning and hybrid models that 

combine pre-trained CNNs with lightweight classifiers. Stearns et al. (2018) fine-tuned ResNet-101 to classify six fabric pattern 

types with 96.5% accuracy, but the model relied on a finger-mounted camera and was limited to a small pattern set. Challa et al. 

(2025) used a CNN–SVM hybrid for real-time pattern and color recognition, though the dataset size and missing performance 
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metrics restricted reliability. Studies such as Wang (2020) confirmed the superiority of CNN-based approaches over traditional 

handcrafted methods however they fell short of fine-grained textile pattern classification.  

 

2.3. Advanced Deep Network Architectures  

 

Recent studies have researched that deep CNN architectures for clothing image analysis. Liu et al. (2019) proposed a hierarchical 

CNN to handle variations within clothing categories, while Zhang et al. (2020) introduced a Texture– Shape Two-Stream Network 

that improved accuracy by learning texture and shape separately. However, these models still depend heavily on ImageNet-biased 

features, limiting their ability to capture fine-grained textile patterns required for cotton fabric inspection. Rao et al. (2020) 
combined CNNbased recognition with voice output for accessibility, but challenges in pattern generalization remained.  

 

2.4. Research Gap and Project Justification  

 

Although deep learning has improved fabric pattern recognition, most studies are limited to small or non-textilespecific pattern sets, 

require specialized hardware, or fail to generalize well to detailed cotton fabric textures. To address this gap, the present work 

develops a CNN specifically trained on real-world cotton fabric patterns and deploys it through a low-latency web interface. This 

system eliminates hardware dependency while offering fast, accurate, and widely accessible pattern identification for practical 

textile applications.  

III.PROPOSED METHODOLOGY  

 

3.1. System Architecture Overview   

The system is deployed using a three-tier architecture to ensure high accuracy and accessibility.  

1. Client Interface: A responsive front-end interface (developed using HTML/CSS/JavaScript) allows users to 

upload a cotton fabric image from any standard web browser.  

2. Application Server (Flask): The Flask framework is used for creating a lightweight RESTful API, which manages 

user requests, preprocesses images, and hosts the deep learning model for inference.  

3. Model Inference Core: The specialized CNN model processes the image tensor and outputs the pattern prediction.  

3.2. Dataset Acquisition and Preparation  

To overcome the generalization issues associated with models biased toward generic ImageNet features [4], a dedicated dataset  

focused exclusively on fine-grained cotton fabric patterns was curated.  

• Data Source: Images were collected from a combination of proprietary industrial textile samples and high-

resolution public domain textile image repositories.  

• Pattern Categories: The dataset comprises N distinct fine-grained cotton pattern classes (e.g., Plain Weave, Twill, 

Herringbone, Dobby Print, Geometric Print), chosen for their relevance in industrial quality control.  

• Preprocessing: All images were resized to the standard \times 224*224 input dimension required by the base 

architecture. Pixel values were normalized to the range [0, 1] and then normalized using the channel means and standard 

deviations of the ImageNet dataset.  

• Data Augmentation: To ensure the model's robustness against real-world variations (creases, minor rotation), 

augmentation techniques including random rotation +/- 15 horizontal/vertical flipping, and minor zoom were built for the 

training set.  

3.3 Deep Learning system Architecture and Training  

  

Model Selection  

 The ResNet-50 architecture was selected as the foundational model. This choice is justified by the architecture's efficiency in 

maintaining high accuracy through residual connections while offering a better balance of performance and computational overhead 

than larger, more complex networks.  

3.4 Web Deployment and Inference  

The trained and serialized model was deployed via an application programming interface (API) using the Flask framework.  

 Backend: Flask was used to host the model, ensuring  

              a lightweight and scalable deployment.                                           

 API Endpoint: A RESTful endpoint was established to    receive HTTP POST requests containing the image file.Inference 

Pipeline: Upon receiving an image, the Flask server applies the necessary preprocessing, feeds the image tensor to the 

model, and returns a JSON response containing the top pattern category and its confidence score, ensuring low-latency 

results for the end-user.  
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Figure 4. Proposed Method Flowchart 

 
Table 1. Key Formulas Used  

Concept  Formula  

L2 Normalization  xnorm=x/∥x∥  

Vector Magnitude  ∥x∥=√ ∑xi
2  

Cosine Similarity  CosSim(a,b)=a⋅b/∥a∥∥b∥  

Dot product  a⋅b=∑aibi  

Histogram  Hist(k)=∑[xi∈bink]  

Laplacian(Texture)  L=∂2I/∂x2+∂2I/∂y2  

Accuracy  Conf=CosSim×100  

http://www.jetnr.org/
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IV. RESULTS AND DISCUSSIONS  

 

 

 

 

 

Figure 5.1 User Interface Landing Page.  

Figure 5.1 shows the landing page of the Cotton Detector application, featuring a clean user interface (UI) designed for ease of use. It serves as 

the gateway for users to access the fabric classification tools.  
 

 

 

 

 

Figure 5.2 Image Upload and Preview Interface 

Figure 5.2 shows the core workspace where users upload tex samples. The interface includes a sidebar for result navigation and a central preview 

window showing a successfully uploaded floral cotton sample.  
 

 

 

 

 

Figure 5.3 Pattern Classification Result  

Figure 5.3 displays the output of the pattern recognition . In this figure, the system has analyzed  the visual motifs and co rrectly classified the 

cotton fabric as a "floral" pattern 

.  

 

  

 

 

 

 

 

 

Figure 5.4 Performance and Confidence Metrics 

  

Figure 5.4 is a data-driven view providing the statistical reliability of the analysis. It highlights the model's accuracy (99.94%) in identifying the 

cloth fabric and its confidence level (81.63%) in the pattern detection.  
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Figure 5.5 Feature Extraction Analysis  

Figure 5.5 is a visualization of the technical descriptors used in identification of cotton cloth fabric pattern.It includes an HSV Histogram for 
color distribution and a Local Binary Pattern (LBP) graph, which represents the mathematical analysis of the cotton  fabric's texture.  

 

 

Figure 5.6 Performance Comparison Existing vs Proposed System  

  

Figure 5.6 illustrates the performance comparison of different classification models used for cloth recognition. The KNN and SVM 

models achieved accuracies of 68.5% and 76.2%, respectively, indicating limited performance due to their dependence on 

handcrafted features. The Basic CNN model improved the accuracy to 84.8% by automatically learning spatial and texture features 

from the input images. The proposed system, which combines ResNet-18 with digital image processing techniques, achieved the 

highest accuracy of 93.5%, demonstrating superior feature extraction and classification capability. This improvement highlights 

the effectiveness of deep residual learning and preprocessing in enhancing cloth type recognition performance compared to 

conventional and basic deep learning approaches.  

V. CONCLUSION  

In conclusion, the proposed cloth pattern recognition system effectively combines deep learning and traditional machine learning 

techniques to achieve high accuracy in fabric classification. Using the ResNet18 model for feature extraction and with cosine 

similarity for classification, the system attained an accuracy of around 98%, successfully identifying cotton and non-cotton fabrics 

as well as an accuracy around 82% in  distinguishing between different cotton patterns. The inclusion of HSV and LBP analyses 

enhanced the interpretability of results, confirming the model’s reliability under various lighting and texture conditions. Overall, 

this work explains t that a hybrid deep learning approach can be a robust and efficient solution for real-world textile applications 

such as automated inspection, pattern detection, and fabric identification.  
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