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Abstract  

The research work introduces a lightweight Orthogonal Convolutional Neural Network (OCNN) for 

stationary texture recognition and segmentation through the fusion of GLCM-based statistical 

feature extraction with orthogonal CNNs. The main aim is to improve the accuracy of texture 

recognition while at the same time lowering the computational cost as compared to traditional deep 

learning techniques. This paper focuses on addressing the drawbacks of traditional CNN techniques 

in capturing stationary texture features as well as feature redundancy. The research is made up of 

image pre-processing, GLCM feature extraction, orthogonal convolutional feature enhancement, 

and seven-layer CNN classification. The experiments were performed on the Outex datasets, and 

the accuracy and robustness measures used include noise, rotation, and illumination changes. 

Experiment results show that OCNN has an accuracy of 98.0% while AlexNet, VGG, GoogleNet, 

and ResNet have accuracies of 89.4%, 91.2%, 92.1%, and 93.5%, respectively. On average, the 

model yields improvements from 4.5% to 8.6% compared with the baseline approaches. Also, 

statistical validation proves that the method offers consistent results due to 98.0% ± 0.42 of the 

accuracy and [97.62%, 98.38%] of the 95% confidence interval. Furthermore, robustness evaluation 

reveals insignificant losses from 1.8% to 2.5% even under unfavorable conditions, which is 

indicative of excellent generalization ability. In summary, the proposed OCNN model integrates 

handcrafted statistical features and deep learning together and hence achieves efficiency,                 

non-redundancy, and computational effectiveness. 

Keywords: Orthogonal Convolutional Neural Network, Texture Recognition, GLCM Features, 

Stationary Texture, Deep Learning, Image Segmentation, Lightweight CNN. 

1 Introduction 

Texture is among the most significant visual cues employed to describe the surfaces, materials, and 

structures of objects. Texture is vital in several computer vision and image processing tasks such as 

image segmentation, object detection, material recognition, medical image analysis, remote sensing, and 

industrial inspection. In general, texture features consist of the spatial layout of local intensity changes 
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and repetitive structure patterns, providing discriminative power even when the object shape information 

is missing. 

As explained, textures can be formed using basic units referred to as textons that can be organized in 

regular, irregular, periodic, or quasi-periodic patterns. The recognition of such patterns is necessary for 

the interpretation of scenes and the identification of objects in complicated situations. According to 

human visual system research performed by, there exist neurons in the visual system that are highly 

selective to directional spatial frequency stimuli (Liu & Fieguth, 2012). 

Conventional texture descriptors include handcrafted features like Grey Level Co-occurrence Matrix 

(GLCM), Grey Level Run Length Matrix (GLRLM), Local Binary Pattern (LBP), Histogram of Oriented 

Gradient (HOG), and wavelet (Dash & Senapati, 2021). Among these descriptors, GLCM is one of the 

most effective statistical texture descriptors, which can extract second-order statistical features of an 

image, such as contrast, correlation, energy, and homogeneity. Conventional deep learning models have 

greatly boosted the performance of texture recognition. Deep Convolutional Neural Networks (CNNs), 

including AlexNet, VGG, GoogLeNet, and ResNet, have proven to be very effective in representing 

hierarchical features in images (He et al., 2016; Tymms et al., 2018). More recently, Transformer models 

have achieved remarkable improvements in image classification by leveraging self-attention and global 

feature extraction (Mircea et al., 2016; Andrearczyk & Whelan, 2016). Although many breakthroughs 

have been made in texture recognition with deep learning, it is still difficult to recognize stationary 

textures since their statistical properties change rather slowly in images. Deep models tend to learn 

complicated local structures in images and thus neglect to learn some subtle statistical patterns that help 

recognize stationary textures. Besides, increasing the model depth usually leads to redundant feature 

extraction. 

For overcoming the above-stated difficulties, the proposed solution in this paper is a lightweight 

seven-layer CNN with orthogonal convolution and GLCM-based feature extraction for stationary texture 

classification. The proposed framework enhances feature diversity through orthogonal convolution 

while preserving important statistical texture characteristics obtained from GLCM descriptors. 

Experimental evaluation on the Outex texture dataset demonstrates that the proposed approach achieves 

superior recognition performance compared with existing deep learning architectures such as AlexNet, 

VGG, GoogleNet, and ResNet while maintaining lower computational complexity. The suggested 

OCNN allows ubiquitous computing through the provision of real-time and low-power texture 

recognition in IoT and edge devices like intelligent surveillance and manufacturing systems. 

The significance of the study is in overcoming the critical limitation of existing methods of texture 

recognition, especially in cases of stationary textures for which conventional deep learning models 

cannot efficiently learn the detailed statistical regularity. In many practical cases, such as defect 

recognition in industry, tissue classification in medicine, and material surface inspection, the correct 

recognition of stationary textures is necessary for decision-making. Thus, the design of a lightweight 

model for learning statistics of texture along with deep features is very important. 

The key contributions of this paper are as follows: 

1. The lightweight, seven-layer Orthogonal Convolutional Neural Network (OCNN) model is 

designed for the purpose of identifying stationary textures with high accuracy through low 

computational cost. 

2. The hybrid feature extraction technique is devised by combining the statistical texture descriptors 

using the GLCM method with deep features using the CNN method to enable better identification 

of fine stationary textures. 
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3. Orthogonal convolution operation is used to minimize the redundancy of the learned filter functions 

and increase the discriminative learning ability. 

This paper has been divided into seven parts. Section 1 consists of the background, motivation, and 

contributions of the research work. Section 2 includes an analysis of relevant literature in the field of 

texture recognition techniques. Section 3 includes the motivation and architecture comparison of OCNN. 

Section 4 explains the methodology with GLCM and orthogonal convolution. Section 5 includes results 

and discussion. Part 6 includes benefits, limitations, and deployment aspects of the system. Section 7 

concludes the paper. 

2 Literature Survey 

Texture analysis is another subject of investigation for computer vision, neuroscience, and machine 

learning researchers. Biological studies regarding human perception have found that the contrast 

sensitivity of the primary visual cortex is vital for the discrimination of texture, which allows the creation 

of a computational model for texture perception (Himmelberg et al., 2022). Early statistical models like 

random features have proven that texture recognition can be performed successfully through stochastic 

modeling of image patterns (Liu & Fieguth, 2012). Traditional manually crafted features such as 

GLRLM have been commonly applied to model texture properties, especially in varying lighting 

conditions, which has allowed increasing the robustness of methods (Dash & Senapati, 2021). The same 

way, multiresolution Gabor wavelets allow obtaining excellent results in representing grayscale textures 

by encoding frequency and orientation information (Hadizadeh, 2015). The co-occurrence histograms 

of oriented gradients allowed increasing the modeling of spatial dependencies in texture images 

(Watanabe et al., 2010). 

With the development of deep learning, the advent of CNNs marked a revolution in texture 

recognition through hierarchical feature learning from raw data automatically (Krizhevsky et al., 2017). 

The introduction of deep learning architecture in the form of ResNet further enhanced representational 

capability because of the use of residual learning and solving the issue of vanishing gradients (He et al., 

2016). However, based on recent studies, it was revealed that in certain situations, humans' tactile and 

visual sensitivity to roughness is superior to that of standard CNNs for texture recognition, particularly 

when distinguishing fine textures (Tymms et al., 2018). In addition, the creation of texture in practice 

involves the stages of filtering, lighting, and bidirectional reflection distribution, resulting in inefficient 

CNNs when not in controlled conditions (Kautz et al., 2007). 

This problem has been solved by developing large texture databases such as Describing Textures in 

the Wild to allow generalization of the trained models in a realistic environment (Song et al., 2017). 

Moreover, some scientific studies proved that the application of deep filter banks could improve texture 

representation via classical filter banks and CNNs (Mircea et al., 2016). 

Hybrid models that include filter banks in CNN architectures have also proven to be more effective 

at performing texture classification (Andrearczyk & Whelan, 2016). Simultaneously, various 

architectures based on CNNs, such as ShuffleNet and MobileNetV2, were created to decrease 

computational costs without sacrificing accuracy (Zhang et al., 2018; Sandler et al., 2018). Texture 

recognition was enhanced through deep learning and orthogonal convolution techniques (Loke, 2024). 

In general, the research on this matter revealed the existence of a clear trend of moving away from the 

traditional handcrafted texture descriptors to deep learning techniques; however, there are still some 

problems with redundancy, information loss, and computational complexity in the capture of stationary 
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textures, which is why there is a need to use handcrafted texture descriptors alongside lightweight 

orthogonal CNNs. 

The literature has shown that there is a tendency to use handcrafted texture descriptors with deep 

learning models, yet both methods have some challenges when capturing stationary textures. The former 

technique does not offer adaptability, while the latter one has a problem of redundancy and 

computational complexity. 

3 Motivation and Architectural Comparison 

However, despite the great success of deep CNNs in applications such as image classification and texture 

recognition, the efficiency of such deep CNN models in working with stationary textures is rather poor 

due to the presence of uniform statistics in stationary images. Besides, the deeper architecture of such 

CNNs leads to redundancy in feature learning, additional computational costs, high memory 

consumption, and loss of details related to texture. The traditional CNN architectures mainly consist of 

convolutional layers, pooling layers, and fully-connected layers, which automatically learn hierarchical 

feature representations from raw images. Although the architectures perform well for the recognition of 

the non-stationary textures with diverse local structure, they might be insufficient for preserving the 

statistical properties necessary for the recognition of the stationary textures. To overcome the problems, 

proposed the OCNN architecture, which combines GLCM-based statistical texture features with 

orthogonal convolution operations. The GLCM-based features offer useful second-order statistical 

properties such as contrast, correlation, energy, and homogeneity that can be helpful in representing the 

stationary textures effectively. Additionally, orthogonal convolution contributes to making feature 

representations diverse by eliminating the correlation between filters. Due to the mentioned properties, 

the proposed architecture has the potential to capture the details of the texture without the unnecessary 

learning of features. One more important characteristic of the proposed approach is its lightweight 

nature. Since the traditional deep CNN architectures need many trainable parameters, the proposed 

seven-layer orthogonal CNN architecture offers reduced computation, memory usage, and training time 

with good recognition accuracy. 

In figure 1 shows the difference between the traditional CNN model and the proposed Orthogonal 

CNN model. While the traditional CNN is mostly reliant on automatic feature extraction via convolution 

and pooling processes, the proposed model utilizes GLCM-based statistical texture features in addition 

to orthogonal convolution layers for better feature extraction and discrimination, thus achieving more 

precise texture classification and segmentation. The combination of manual statistical features with 

orthogonal feature learning in the proposed architecture helps solve the problems of stationary texture 

analysis. 

The performance analysis of the conventional CNN model and the suggested Orthogonal 

Convolutional Neural Network (OCNN) is provided in table 1 below. The analysis reveals the main 

aspects of divergence between the two neural networks in terms of feature learning, computing 

capabilities, and texture recognition performance. In contrast to the conventional CNN model, which is 

based purely on automatic feature learning, the proposed OCNN model combines the use of statistical 

texture descriptors generated via GLCM along with deep feature learning. 
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Figure 1: Comparison of the conventional CNN model and the orthogonal CNN architecture 

From table 1, it can be seen that the OCNN model obtains greater feature diversity owing to 

orthogonal convolution that decreases feature correlation and redundant learning. Moreover, the 

proposed light-weighted model significantly reduces computational complexity, training time, and 

memory compared to the conventional deep CNN models. These improvements positively affect texture 

recognition performance, especially in the case of stationary textures where statistical features play a 

crucial role. 

Table 1: Comparison between conventional CNN and proposed orthogonal CNN 

Feature Conventional CNN Proposed Orthogonal CNN 

Feature Extraction Automatic feature learning GLCM + Automatic feature learning 

Feature Diversity Moderate High 

Redundant Learning High Reduced 

Computational Complexity High Low 

Stationary Texture Recognition Moderate High 

Recognition Accuracy Moderate Improved 

Training Time High Reduced 

Memory Usage High Low 

The proposed Orthogonal CNN is an efficient method to integrate hand-crafted texture descriptors 

based on statistical measures with feature extraction using deep learning techniques. Incorporation of 

GLCM features and orthogonal convolution facilitates the proposed network to retain fine texture details 

and reduce the computation complexity. Thus, the proposed method offers an efficient approach for the 

identification of stationary textures. 
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4 Proposed Methodology 

The newly developed OCNN model aims to enhance the recognition of stationary textures by combining 

Grey Level Co-occurrence Matrix (GLCM) based statistical texture descriptors with orthogonal 

convolution. The overall structure of the method contains five steps, namely image preprocessing, 

GLCM features extraction, orthogonal convolution for feature learning, texture classification, and 

performance evaluation. The proposed model is implemented using a lightweight seven-layer CNN in 

order to decrease computation complexity, preserve fine texture patterns, and increase feature diversity. 

The overall process of the proposed architecture is depicted in figure 2 below. The structure of the 

method contains a number of steps, such as texture image acquisition, image preprocessing,            

GLCM-based statistical feature extraction, orthogonal convolution, lightweight CNN-based feature 

learning, fully connected classification, and final texture recognition output formation. Thus, by 

combining statistical texture descriptors and deep feature learning, the proposed model allows to capture 

both local and higher-level texture features efficiently. 

 

Figure 2: Proposed orthogonal convolution-based lightweight CNN architecture for stationary texture 

recognition and segmentation 

A. Texture Image Input Acquisition - First, static texture images are acquired from the Outex 

Database. The database consists of texture images obtained in different illumination and rotation 

scenarios and is appropriate for testing texture recognition algorithms. These texture images are used as 

the inputs in the framework. 

B. Image Preprocessing - The acquired texture images might have noise, lighting problems, and           

non-uniform dimensions. Hence, some preprocessing procedures are conducted before the feature 

extraction phase. In this stage, resizing, normalization, grayscale processing, and noise reduction 

procedures are conducted to enhance the quality of the images and provide uniform inputs for the CNN 

model. 

C. Feature Extraction Using GLCM - Post-preprocessing stage, texture features are computed with 

the help of the Grey Level Co-occurrence Matrix (GLCM). GLCM is an efficient statistical technique 

for studying the spatial relationship between adjacent pixels within a texture image. Contrast, 

Correlation, Energy, and Homogeneity are some of the essential features that can be computed to extract 

fine texture features. 

The contrast feature is computed as:∑ (𝑖 − 𝑗
𝑖,𝑗

)2𝑃(𝑖, 𝑗)        (1) 

The energy feature is calculated as: ∑ 𝑃(𝑖, 𝑗
𝑖,𝑗

)2                  (2) 
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The homogeneity feature is calculated as:∑
𝑃(𝑖,𝑗)

1+∣𝑖−𝑗∣𝑖,𝑗
           (3) 

In equation (1) (2) (3) where  𝑃(𝑖, 𝑗)   represents the normalized GLCM probability matrix. 

The obtained GLCM features ensure retention of critical statistical texture information which 

otherwise gets lost in highly deep CNN architectures. 

D. Orthogonal Convolution Layer – In order to enhance feature diversity and avoid redundant 

feature learning in the CNN, after extraction of statistical texture descriptors, orthogonal convolution 

operation is performed. As opposed to regular convolution operations, orthogonal convolution 

guarantees minimal correlation between the learned feature maps. This enables better preservation of 

fine stationary texture patterns along with enhanced discriminative learning capability. 

In order to minimize redundancy amongst the learned filters, orthogonality conditions are enforced 

on the convolution filters. Let 𝑊𝑖  and 𝑊𝑗   be two convolution filters as represented in equation (4). 

• Orthogonality is enforced such that:  

𝑊𝑖
𝑇𝑊𝑗 ≈ 0, 𝑖 ≠ 𝑗                 (4) 

The orthogonality regularization term is defined in equation (5): 

𝐿𝑜𝑟𝑡ℎ =∥ 𝑊
𝑇𝑊− 𝐼 ∥𝐹

2       (5) 

In equation (5), where 𝑊 is the weight matrix, and 𝐼 is the identity matrix. 

The orthogonal convolution layer ensures that the texture features learned by the model become 

unique and avoid unnecessary redundancies. In turn, this results in an improvement in the recognition 

of textures by the framework with less computational complexity. 

E. Lightweight Seven-Layered CNN – The enhanced feature maps are then fed into the framework's 

lightweight seven-layer CNN architecture. The CNN architecture in question consists of convolution 

layers, Rectified Linear Unit (ReLU) activations, max-pooling layers, orthogonal convolution layers, 

fully connected layers, and Softmax Classification Layer. 

Table 2: Layer-wise architecture of the proposed orthogonal CNN 

Layer Type Filters/Neurons Kernel Size Stride Padding Output Size 

Input Texture Image - - - - 128×128×1 

Layer 1 Conv + ReLU 32 3×3 1 Same 128×128×32 

Layer 2 Max Pooling - 2×2 2 - 64×64×32 

Layer 3 Orthogonal Conv + ReLU 64 3×3 1 Same 64×64×64 

Layer 4 Max Pooling - 2×2 2 - 32×32×64 

Layer 5 Orthogonal Conv + ReLU 128 3×3 1 Same 32×32×128 

Layer 6 Fully Connected 256 - - - 256 

Layer 7 Softmax Output Number of Classes - - - C 

The proposed seven-layer CNN architecture depicted in table 2 below comprises three convolutional 

layers, two max-pooling layers, one fully connected layer, and one Softmax Output layer. Input images 

are resized to 128 × 128 pixels and normalized for input to the CNN. The first convolutional layer uses 

32 filters of 3 × 3 size and a stride of 1 with the same padding, followed by a ReLU activation. A 2 × 2 

max-pooling layer is then used to reduce the dimensions. Orthogonal convolution is used in the second 

and third layers using 64 and 128 filters, respectively, of size 3 × 3 and stride 1. A completely connected 

layer comprising 256 neurons is employed before the Softmax classifier in order to perform texture 

classification. 
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Texture features of the image inputs are automatically learned by the convolutional layers. The 

Rectified Linear Unit (ReLU) activation function provides non-linearity and enhances the efficiency of 

training. Max-pooling reduces the dimensionality of the features. 

The operation performed in the CNN by convolution is given by: 

𝑌(𝑖, 𝑗) =∑ ∑ 𝑋(𝑖 − 𝑚, 𝑗 − 𝑛)𝐾(𝑚, 𝑛)
𝑛

𝑚
             (6) 

In equation (6), where: 

• 𝑋 represents the input image,  

• 𝐾 represents the convolution kernel,  

• 𝑌(𝑖, 𝑗) represents the output feature map.  

F. Classification and Segmentation - The features obtained are passed to the fully connected layer, 

where the high-level texture representation obtained from the CNN is combined. Lastly, the Softmax 

classification layer classifies and assigns probability values to the various categories of textures and 

identifies the final texture category. 

The classification result is further processed to provide the final result for texture classification and 

segmentation. This lightweight architecture is able to effectively minimize memory use and training 

times with excellent texture classification accuracy. 

G. Overall Processing Steps - The overall processing stages involved in the proposed framework 

are summarized below: 

Step 1: Acquire input texture image from the dataset 

Step 2: Perform image preprocessing and normalization 

Step 3: Extract GLCM statistical texture features 

Step 4: Apply orthogonal convolution for feature enhancement 

Step 5: Train a lightweight seven-layer CNN 

Step 6: Perform texture classification using a Softmax layer 

Step 7: Output of the final texture recognition and segmentation results 

The method proposed here successfully combines statistical methods of texture analysis with light 

deep learning methods to achieve higher accuracy of texture recognition and segmentation than that of 

currently used deep CNN models. 

Algorithm 1: Proposed Orthogonal Convolutional Neural Network (OCNN) for Stationary 

Texture Recognition 

Input: Texture image dataset 𝐷 = {𝐼1, 𝐼2, . . . , 𝐼𝑁}(Outex Dataset) 

Output: Predicted texture class 𝐶 

Step 1: Initialization 

• Set image size 128 × 128 

• Initialize CNN parameters 𝑊,𝑏 

• Initialize orthogonality regularization coefficient 𝜆 
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• Define the number of classes 𝐶 

Step 2: Image Preprocessing 

For each input image 𝐼 ∈ 𝐷: 

• Convert to grayscale 

• Resize to 128 × 128 

• Normalize pixel values: 

𝐼′ =
𝐼 − 𝜇

𝜎
 

• Apply noise reduction filtering (e.g., Gaussian filter) 

Step 3: GLCM Feature Extraction 

For each preprocessed image 𝐼′: 

• Construct GLCM matrix 𝑃(𝑖, 𝑗) 

• Compute statistical features: 

o Contrast: 

∑(𝑖 − 𝑗

𝑖,𝑗

)2𝑃(𝑖, 𝑗) 

o Energy: 

∑𝑃(𝑖, 𝑗

𝑖,𝑗

)2 

o Homogeneity: 

∑
𝑃(𝑖, 𝑗)

1+∣ 𝑖 − 𝑗 ∣
𝑖,𝑗

 

• Form feature vector: 

𝐹𝐺𝐿𝐶𝑀 = [𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡, 𝐸𝑛𝑒𝑟𝑔𝑦,𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦, 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛] 

Step 4: Feature Fusion 

• Concatenate handcrafted and image features: 

𝐹𝑖𝑛𝑝𝑢𝑡 = [𝐼′, 𝐹𝐺𝐿𝐶𝑀] 

Step 5: Orthogonal Convolution Operation 

For each convolution layer: 

• Compute convolution: 

𝑌(𝑖, 𝑗) =∑∑𝑋(𝑖 − 𝑚, 𝑗 − 𝑛)𝐾(𝑚, 𝑛)

𝑛
𝑚
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• Apply orthogonality constraint: 

𝑊𝑖
𝑇𝑊𝑗 ≈ 0, 𝑖 ≠ 𝑗 

• Compute orthogonal loss: 

𝐿𝑜𝑟𝑡ℎ =∥ 𝑊
𝑇𝑊 − 𝐼 ∥𝐹

2  

• Update weights: 

𝑊 ← 𝑊 − 𝜂∇(𝐿𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 + 𝜆𝐿𝑜𝑟𝑡ℎ) 

Step 6: Seven-Layer CNN Forward Propagation 

Pass fused features through: 

1. Conv (32 filters, 3×3) + ReLU 

2. Max Pooling (2×2) 

3. Orthogonal Conv (64 filters) + ReLU 

4. Max Pooling (2×2) 

5. Orthogonal Conv (128 filters) + ReLU 

6. Fully Connected (256 neurons) 

7. Softmax Layer 

Softmax output: 

𝑃(𝑦 = 𝑐 ∣ 𝑥) =
𝑒𝑧𝑐

∑ 𝑒𝑧𝑘𝐶
𝑘=1

 

Step 7: Loss Computation 

Compute total loss: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑐𝑟𝑜𝑠𝑠−𝑒𝑛𝑡𝑟𝑜𝑝𝑦 + 𝜆𝐿𝑜𝑟𝑡ℎ 

Step 8: Model Training 

Repeat until convergence: 

• Forward propagation 

• Loss computation 

• Backpropagation 

• Weight update using optimizer (Adam) 

Step 9: Classification Output 

• Assign class label: 

𝐶̂ = argmax𝑃(𝑦 ∣ 𝑥) 

End of Algorithm 

The proposed OCNN algorithm acts as an ensemble of GLCM texture descriptors and orthogonal 

convolutional layers with a seven-layer architecture of CNN. In this approach, the texture discrimination 

is enhanced due to the fusion of the manual texture features and the learning of the deep features via 
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orthogonal constraints to reduce the redundancy of the filters. Lastly, classification of the texture classes 

is done via the Softmax classifier. 

5 Experimental Results and Discussion 

The proposed Orthogonal CNN based on the orthogonal convolution technique is analyzed in terms of 

its effectiveness for stationary texture classification and segmentation using the Outex Dataset. The 

experiment was performed to evaluate the classification accuracy, computational efficiency, feature 

extraction ability, and segmentation results. The orthogonal CNN model was developed with Python 

and deep learning toolkits on texture images with varying lighting and rotation conditions. 

5.1 Dataset Description 

There is various benchmark datasets designed for texture recognition and material classification studies 

(Jarabo et al., 2014). Among the proposed benchmark datasets is the CuRET dataset, which consists of 

texture images obtained under various lighting and viewing conditions (Caputo et al., 2005; Hayman et 

al., 2004). There is also the KTH-TIPS benchmark dataset that consists of texture images obtained with 

variations in scale, pose, and illumination (Sharan et al., 2009). Another benchmark dataset introduced 

is the Flickr Material Database (FMD), consisting of real-world material images obtained from various 

environments (Cimpoi et al., 2014). The Describable Texture Dataset (DTD) was designed to model 

texture in terms of human-understandable visual properties. Outex dataset is among the most popular 

benchmark datasets for texture classification, which consists of texture samples obtained in various 

rotational and illumination conditions (Ojala et al., 2002). Table 3 illustrates the benchmark datasets 

used in texture recognition research. 

Table 3: Benchmark texture datasets 

Dataset Description Classes 
Image 

Characteristics 
Application Reference 

CuRET 

Columbia-Utrecht 

Reflectance and 

Texture Dataset 

61 
Surface reflectance 

textures 

Material 

Recognition 

Jarabo et al., 

(2014) 

KTH-

TIPS 

Texture dataset with 

scale and 

illumination 

variations 

10 
Scale and pose 

variations 

Texture 

Classification 

Caputo et al., 

(2005); Hayman 

et al., (2004) 

FMD 
Flickr Material 

Database 
10 

Real-world material 

images 

Material 

Recognition 

Sharan et al., 

(2009) 

DTD 
Describable Texture 

Dataset 
47 

Natural texture 

attributes 

Texture 

Description 

Cimpoi et al., 

(2014) 

Outex 

Benchmark 

stationary texture 

dataset 

24+ 

Rotation and 

illumination 

variations 

Texture 

Recognition 

Ojala et al., 

(2002) 

Among all the available databases, the Outex database was chosen to experimentally evaluate its 

suitability due to the fact that it has stationary textures with variable illumination and rotation angles. 

Such features make Outex a very convenient database to evaluate the efficiency of the proposed 

Orthogonal Convolutional Neural Network (OCNN) on stationary textures. In addition, the Outex 

database has been widely used as a benchmarking database for texture classifiers (Ojala et al., 2002). 
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5.2 Experimental Setup  

The introduced OCNN model based on orthogonal convolution is tested by means of the Outex dataset 

containing images of static textures taken in different lighting and rotation positions. The dataset 

contains several types of textures and is widely used in order to evaluate the performance of texture 

recognition algorithms. In order to get unbiased results, the Outex dataset is divided into two sets: a 

training set and a testing set in the proportion of 70:30, where 70% of the data is allocated for the training 

set and 30% for the testing set. All images are preprocessed by converting them to the black-and-white 

form and scaling to 128 × 128 pixels with the range of [0,1]. 

The process of pre-processing includes the step of removing noise and normalizing the intensity of 

the images so that are of better quality and no variations are present because of changes in illumination. 

After pre-processing, the statistical metrics of the GLCM are calculated on the basis of forming the 

gray-level co-occurrence matrix P(i,j). The statistical metrics of contrast, correlation, energy, 

homogeneity, and entropy are obtained. These are complementary statistical metrics that are generally 

not obtained in deep convolution models. 

The statistical features of GLCM have been calculated on the texture images, and these features are 

contrast, correlation, energy, homogeneity, and entropy. The features extracted have been tabulated in 

table 4. 

Table 4: Extracted texture features using GLCM 

Feature Description Purpose 

Contrast 
Measures intensity variation between neighboring 

pixels 
Identifies local texture variation 

Correlation Measures dependency between neighboring pixels Detects linear texture relationships 

Energy Measures texture uniformity Identifies repeated texture patterns 

Homogeneity Measures the closeness of pixel distribution Preserve smooth texture regions 

Entropy Measures the randomness in texture Detects texture complexity 

The structure of the lightweight CNN model under consideration includes seven layers, such as 

convolutional layers, orthogonal convolution layers, max-pooling layers, fully-connected layers, and a 

Softmax classification layer. In order to boost the learning process and avoid vanishing gradient issues, 

ReLU activation functions were employed. The experiment parameters are presented in table 5. 

Table 5: Experimental parameter settings 

Parameter Value 

Dataset Used Outex Dataset 

CNN Type Lightweight 7-Layer CNN 

Feature Extraction GLCM 

Convolution Type Orthogonal Convolution 

Activation Function ReLU 

Optimizer Adam 

Loss Function Categorical Cross-Entropy 

Batch Size 32 

Epochs 50 

Learning Rate 0.001 

Classification Layer Softmax 

All the procedure of the experiment is conducted following a certain pipeline in order to make the 

suggested methodology reproducible and clear. The first step involves texture image input from the 
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Outex dataset. This is followed by preprocessing techniques such as resizing, normalization, and 

conversion into gray scale. Thereafter, texture descriptors are extracted using GLCM to represent 

second-order features such as contrast, correlation, energy, homogeneity, and entropy. These are 

subsequently integrated with CNN inputs to improve feature learning of statistics and space. The 

integration of feature sets is then fed to the proposed lightweight Orthogonal CNN, consisting of seven 

layers, where orthogonal convolution filters increase feature diversity and decrease redundancy. 

 5.3 Implementation and Runtime Environment 

The Orthogonal Convolution-Based Lightweight CNN (OCNN) architecture described above was 

implemented through Python 3.9 in a deep learning environment based on PyTorch framework 2.1, 

providing efficient support for the construction of a convolutional neural network architecture and 

implementation of orthogonality constraint on convolution operation. Libraries like NumPy, OpenCV, 

and Scikit-learn were used for image preprocessing, features extraction and evaluation, while GLCM 

features extraction was performed through scikit-image library, ensuring the standardization of statistical 

texture computation. All the experiments were carried out on a computer with an Intel Core i7  

12th-generation CPU and 32 GB of RAM. For the purpose of a faster training process, an NVIDIA RTX 

3060 GPU with 12 GB VRAM was used. CUDA 11.8 and cuDNN 8.6 were utilized for optimized 

parallel processing on GPU, while Ubuntu 20.04 LTS was selected as an operating system for a stable 

deep learning training process. 

5.4 Performance Evaluation Metrics 

The performance of the proposed OCNN model is evaluated using standard classification and 

segmentation metrics. Accuracy represents overall classification correctness, whereas precision and 

recall measure class-wise prediction accuracy. 

The mathematical definitions are expressed in equation (7): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
              (7) 

Where, 𝑇𝑃 = True Positive 𝑇𝑁 = True Negative, 𝐹𝑃 = False Positive, 𝐹𝑁 = False Negative.  

5.5 Comparative Analysis 

Performance analysis of the proposed orthogonal convolution-based lightweight CNN (OCNN) is 

carried out using the Outex dataset to analyze the effectiveness of the proposed network in texture 

classification for stationary textures under varied illumination and rotations. Five trials were performed 

(n = 5) in order to get statistically significant results, and the mentioned performance values are average 

values. Performance analysis is mainly based on the accuracy of classification, robustness, feature 

efficiency, and computational efficiency. Table 6 provides a comparative analysis of the proposed 

OCNN with respect to other deep learning models, such as AlexNet, VGG, GoogleNet, and ResNet. 

It can be seen from the above results that the OCNN proposed in the current paper performs much 

better than all other models in the literature and provides a gain in performance from 4.5% to 8.6% when 

compared to deep CNNs. The gain is obtained thanks to using GLCM statistical features, which preserve 

the second-order statistics of texture, and orthogonal convolutions, which reduce the redundancy of 

filters. Unlike deeper networks, where the abstraction hierarchy is important, the OCNN combines the 

advantages of both deep and statistical approaches. 
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Table 6: Performance comparison of different models 

Method Accuracy (%) Computational Complexity Training Time 

AlexNet 89.4 High High 

VGG 91.2 Very High High 

GoogleNet 92.1 High Moderate 

ResNet 93.5 High Moderate 

Proposed Method 98.0 Low Low 

 

Figure 3: Comparative confusion matrix analysis of baseline models (AlexNet, VGG, GOOGLENET, 

ResNet) and proposed OCNN on the Outex dataset 

From figure 3, it can be seen that the newly developed OCNN classifier has been tested using the 

confusion matrix technique in relation to the AlexNet, VGG, Google Net, ResNet, and Outex datasets. 

The elements found in the diagonal are associated with the correctly predicted classes, whereas the     

non-diagonal elements represent the incorrectly classified cases. It has been observed that the traditional 

CNN classifiers have poor performance when compared to their deep counterparts due to their poor 

texture discrimination capacity. On the other hand, the proposed OCNN performs better in classification 

with a lower misclassification rate due to feature diversification and reduction of redundancies through 

integration of GLCM-based features and orthogonal convolution. 

5.6 Robustness Analysis Under Real-World Conditions 

For testing the robustness of the model, the experiments were conducted on OCNN subjected to 

Gaussian noise, rotations, and varying illumination. From the results, it is evident that OCNN achieves 
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stability when subjected to noise and varying lighting due to the robustness of the GLCM features and 

orthogonal constraints for stabilizing feature learning. 

Table 7: Robustness analysis of OCNN 

Condition Variation Type Accuracy Drop (%) Performance Stability 

Noise σ = 0.01–0.05 1.8% High 

Rotation 0°–180° 2.1% High 

Illumination 0.5×–1.5× 2.5% Moderate-High 

The results presented in table 7 reveal that the minimal performance decrease is evidence of the high 

stability and applicability of the proposed architecture to practical texture analysis tasks. Additionally, 

the statistical significance test was conducted on the basis of five independent trials, with the accuracy 

of 98.0% ± 0.42, being obtained with the 95% confidence interval equal to [97.62%, 98.38%]. The paired 

t-test for ResNet provides the p-value<0.01, which is evidence of the statistical significance of OCNN 

improvement. 

An ablation experiment was performed to measure the effect of each part in the proposed model. The 

findings in table 8 show that each module plays a positive role in the overall performance. 

Table 8: Ablation Study of Proposed Model Components 

Configuration Accuracy (%) Improvement Contribution 

CNN only 92.3 Baseline 

CNN + GLCM 95.1 +2.8% 

CNN + Orthogonal Conv 95.8 +3.5% 

GLCM + OCNN (Proposed) 98.0 +5.7% 

From the results obtained by the ablation study, it is clear that the GLCM texture descriptor is quite 

useful in providing a better statistical description of the features, and orthogonal convolution helps in 

reducing redundancy and provides discriminative learning capabilities. In combination, the framework 

obtains the best result, indicating that there is strong synergy between the manually crafted statistical 

features and deep learning representation. Moreover, from the confusion matrix analysis, it can be seen 

that there is better class-wise separation without any inter-class misclassification as compared to the 

baseline methods. This shows that OCNN is quite effective in recognizing visually similar stationary 

textures, which pose a challenge for traditional CNN architectures. Therefore, it can be concluded that 

the proposed OCNN provides better accuracy and robustness along with computational efficiency. 

5.7 Convergence and Qualitative Analysis 

It can be observed from the training process of the OCNN model that the convergence is well established 

in about 40 iterations, with minimal loss fluctuations arising from the orthogonality constraint. A 

qualitative analysis shows that the model was effectively able to differentiate among various classes of 

visual texture. The orthogonal feature maps have the edges and textures intact, while the segmentation 

outputs have clear boundaries. From the confusion matrix, it is evident that there is minimal confusion 

among different classes. 
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Figure 4: Training and validation accuracy and loss curves demonstrating convergence behavior of the 

proposed OCNN model 

In figure 4 shows the graph for training and validation accuracy and loss of OCNN after 50 iterations, 

in which smooth convergence, consistent learning, and very little overfitting can be observed because 

of the similarity of the training and validation processes. 

6 Discussion 

The above-stated model works efficiently for static textures when the statistical nature does not change 

over different sections of images. The conventional deep CNN models concentrate mostly on capturing 

local microstructures, and usually fail to conserve fine texture statistics. With the inclusion of           

GLCM-based statistical features, the proposed model can capture the crucial texture information 

efficiently. Orthogonal Convolution operation helps in decreasing the redundancy associated with the 

learning process of features and extracting efficient discriminative features. The proposed lightweight 

CNN architecture of seven layers reduces computation. 

The major advantages of the proposed method over conventional CNN models are summarized in 

table 9. 

Table 9: Advantages of proposed method 

Feature Existing CNN Models Proposed Method 

Stationary Texture Recognition Moderate High 

Redundant Feature Learning High Reduced 

Computational Complexity High Low 

Feature Diversity Limited Improved 

Segmentation Accuracy Moderate High 

Memory Usage High Reduced 

Training Efficiency Moderate Improved 
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The experimental analysis confirms that the proposed Orthogonal Convolution-Based Lightweight 

CNN provides an efficient and reliable solution for stationary texture recognition and segmentation in 

computer vision and industrial image analysis applications. 

The introduced OCNN shows the effectiveness of real-time inference in terms of high efficiency and 

low latency, with accuracy of inference on unknown texture samples. Lightweight architecture and 

orthogonal convolution make the model effective and computationally inexpensive enough to be used 

in resource-limited settings with high efficiency. 

The OCNN model is tested mostly using the Outex dataset, which might cause problems with the 

performance of the model in very complex real-world situations. GLCM features are hard to adapt to 

non-stationary textures, and the use of grayscale input makes the model inapplicable to color images. 

Besides, the lightweight design might become a problem when processing large and diverse sets of data. 

7 Conclusion and Future Work 

In this research work, an Orthogonal Convolution-Based Lightweight Convolutional Neural Network 

(OCNN) is proposed for stationary texture recognition and segmentation through the integration of 

GLCM-based statistical descriptors with orthogonal convolutional learning. The central focus was on 

improving the accuracy in classifying stationary textures. Experiments conducted using the Outex data 

set have proven that the suggested OCNN model outperforms all other deep learning models, such as 

AlexNet, VGG, Google Net, and ResNet, achieving maximum accuracy up to 98.0% with an average 

gain from about 4.5% to 8.6% over the base models. The results indicate that the use of manually 

constructed statistical texture descriptors along with deep features is discriminative for stationary 

textures. The validity of the suggested model has also been proven by conducting statistical tests, as 

OCNN achieves a mean accuracy of 98.0% ± 0.42 at a 95% confidence interval of [97.62%, 98.38%]. 

Furthermore, the paired t-test in comparison with ResNet obtains a value of p<0.01, showing that the 

improvement is statistically significant. The robustness test under noise, rotations, and changes in 

illuminations proves that there is only a small loss in performance (1.8% to 2.5%), indicating high 

generalization power. The improved performance can be explained by the following factors:           

GLCM-based feature preservation, orthogonal convolutions to eliminate redundancies, and a 

lightweight seven-layer network that provides efficient training due to lower computational costs. Thus, 

the model can be used for real-time and limited-resource settings. In future research, the authors plan to 

expand their framework to deal with coloured textures and to develop transformer architectures. 
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