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ABSTRACT:

Texture classification is an essential undertaking for numerous computer vision applications, such as quality control,
biomedical image processing, remote sensing, autonomous navigation, precision farming, and defect detection on
surfaces. Even though great advancements have been made in texture recognition by employing deep learning
techniques, the problem of recognizing textures at arbitrary rotations still remains challenging. Changes in orientation
can affect local spatial relationships and decrease discriminative power of classical handcrafted descriptors and CNN
models. Classical handcrafted texture features like Local Binary Pattern (LBP), Grey-Level Co-occurrence Matrix
(GLCM), and Gabor filter are able to extract useful information but are known to be less resistant to large rotation
angles. On the other hand, deep convolutional architectures learn very discriminative features but require an extensive
amount of training samples and are not rotation invariant by nature. Therefore, the design of a hybrid framework that
combines rotation-invariant handcrafted features with deep semantics is an important issue in research.

This paper introduces a hybrid feature fusion approach for rotation-invariant texture classification utilizing Grey-Level
Co-occurrence Matrix (GLCM) and Rotation-Invariant Local Binary Patterns (RI-LBP). and deep ResNet-50 features.
First, we pre-process texture images by resizing, gray-scaling, normalization, and contrast improvement to increase
feature uniformity. Hand-crafted texture features are extracted using statistical analysis and histograms of GLCM and
RI-LBP. At the same time, we extract high-level semantic features from a pre-trained ResNet-50 network. These two
sets of features are concatenated to a single vector and then normalized to compensate for feature scale differences. A
multi-class Support Vector Machine (SVM) with a radial basis function kernel performs the final classification owing to
its excellent generalization capability in high-dimensional feature spaces.

The proposed framework is evaluated on the benchmark KTH-TIPS2b and Kylberg Sintorn texture datasets, both of
which contain significant intra-class variations in scale, illumination, and rotation. Experimental evaluation includes
overall classification accuracy, precision, recall, F1-score, confusion matrix analysis, and five-fold cross-validation. The
proposed hybrid framework demonstrates superior robustness against rotational variations while maintaining
competitive computational efficiency. The combination of handcrafted statistical descriptors with deep convolutional
representations enables the model to capture both local structural patterns and global semantic information, thereby
improving classification performance compared with individual handcrafted or deep-learning approaches. The proposed
methodology provides an effective and computationally efficient solution for rotation-invariant texture analysis in real-
world imaging applications.

KEYWORDS: Rotation Invariance Texture Classification, Grey-Level Co-occurrence Matrix, Rotation-Invariant Local
Binary Pattern, ResNet-50, Feature Fusion, Support Vector Machine, KTH-TIPS2b, Kylberg Sintorn, Deep Learning.

1. INTRODUCTION

Texture classification serves as a fundamental visual com-ponent in diverse fields ranging from autonomous navigation
to surface defect detection, where the accurate identification of surface patterns is essential [1]. However, achieving ro-
bust performance remains inherently difficult due to complex environmental variations, such as changes in viewpoint
and arbitrary image rotations, which significantly undermine the credibility of standard analytical approaches [2], [3].
Even though deep convolutional networks have achieved remarkable results in many image classification problems,
such networks are known to be sensitive to fine-grained stationary textures as well as different acquisition conditions
[4]. For instance, in many cases the probability of overfitting in high-parameter deep networks is caused by the inability
of the network to incorporate the variability of different local orientations that can be found in texture datasets [5]. The
combination of the structural stability of handcrafted descriptors and advanced abstractions that are learned by
convolutional networks allows us to overcome the drawbacks of both models [6], [7]. es., in particular in those cases
where standard deep architectures need a huge amount of training samples to achieve the ability to learn rotation-
invariant representation from scratch [8]. In addition, in this case our two paths network is able to take advantage of the
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complementary abilities of global semantic features and local spatial correlation that allows us to reduce the
performance gap that was observed between standalone convolutional models [1], [4]. By embedding the geometric
information (e.g., rotational invariance) into handcrafted paths, we are able to reduce the amount of training samples
needed to learn rotation-invariant representations from scratch. This allows us to increase the robustness of the model to
different imaging conditions [1], [4]

2. Related Work

Traditionally, techniques for texture analysis have relied on spatial frequency and statistical co-occurrence approaches,
using frameworks like Gray-Level Co-occurrence Matrices and Gabor filters to capture stationary characteristics. These
methods usually achieve robustness to local intensity changes but do not maintain discriminative power under large
rotational transformation. On the other hand, deep learning models often have problems achieving rotation invariance
without heavy data augmentation or special network architectures, often requiring substantial computational overhead
[11]. The recent approaches to relieve these problems by orientation pooling or special loss penalty terms often lose
critical geometric information or generalisability [12]. The use of handcrafted features yields a computationally efficient
alternative to deep architectures with implicit geometric stability, without the need for huge labeled datasets [13], [14].
The proposed framework combines such conventional descriptors with deep semantic representations to capture both the
robust structural statistics and high-level patterns needed for generalized texture recognition [15], [16]. This hybrid
approach successfully bridges the gap between domain-specific geometric encoding and the adaptive learning
capabilities of modern neural architectures [17, 18]. Moreover, this fusion paradigm also tackles the computational
inefficiency of training models to learn rotational symmetry from scratch but rather exploits predefined structural priors
to boost feature discriminative power [19]. especially in applications where conventional CNNs fail to generalize over
different geometric orientations without extensive data augmentation [20]. especially since existing rotation-sensitive
networks often increase computational complexity by requiring multiple orientations to accurately represent features
[22]. Besides, the proposed approach does not require the structural modifications that complicate the network training
[24], [25] but extracts the invariant descriptors matching global image characteristics.

3. Proposed Methodology

The proposed methodology starts with systematic image preprocessing, including resizing to standard dimensions,
conversion to greyscale, and contrast enhancement by histogram equalization to ensure consistent feature extraction
across different acquisition conditions. Then, the handcrafted pathway extracts texture statistics by deriving the Gray-
Level Co-occurrence Matrix for encoding second-order spatial dependencies and generating Rotation-Invariant Local
Binary Patterns for encoding local structural primitives [26, p. 100]. These descriptors give a good basis to measure the
spatial context and the intensity co-occurrence, which are invariant to arbitrary rotations [27], [28]. Meanwhile, the deep
learning pathway uses a pre-trained ResNet-50 architecture to extract high-level semantic representations, which are
concatenated with the handcrafted vectors to form a comprehensive and unified feature set. We perform z-score
normalization of the fused vector to reduce the effect of different magnitudes of the handcrafted statistical descriptors
and deep semantic embeddings. Finally, the generated feature representations are classified with a Support Vector
Machine with a Radial Basis Function kernel, which is efficient in dealing with high-dimensional feature spaces and
non-linear decision boundaries, thus guaranteeing the best classification performance [29]. The

RBF kernel allows for a non-linear mapping, enabling the model to handle the complex and high-dimensional manifolds
of the combined statistical and deep semantic feature spaces, which often exhibit complex class overlaps [30], [31].
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Fig. 1: Proposed methodology for rotation-invariant texture classification.
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A. Overview of the Proposed Framework

We propose a hybrid rotation-invariant texture classification framework that combines handcrafted
texture descriptors and deep convolutional features for robust and accurate texture recognition under
arbitrary image rotations. The framework is especially suitable for benchmark texture datasets, such
as KTH-TIPS2b and Kylberg Sintorn, with large variations in texture orientation, scale,
illumination, and viewpoint. Instead of simply using either handcrafted descriptors or deep learning
models as traditional approaches do, the proposed framework utilizes the complementary strengths
of both feature representations. Handcrafted descriptors are effective in describing local statistical
and structural characteristics of texture, while deep convolutional networks learn highly
discriminative semantic representations. The combination of these complementary features results in
a more descriptive representation that can be used to improve rotation-invariant texture
classification. Figure 1 shows the whole processing pipeline of the pro-

posed framework.

Two publicly available benchmark datasets are considered:The KTH-TIPS2b dataset

Each stage contributes to improving the discriminative capability and robustness of the final feature
representation.

1. Texture Dataset Loading

The first stage of the proposed framework involves loading benchmark texture datasets into the
processing environment.

Let the complete texture dataset be represented as

D={l1,..., Int. (1)
where N denotes the total number of texture images. Each image belongs to one of the predefined texture classes.
C=C NCz N--NCy (?)

Where K is the total number of texture categories.

2. Dataset Analysis

Before feature extraction, statistical analysis of the datasets is performed to understand their characteristics.
This analysis ensures balanced class representation and facilitates appropriate train-test partitioning.

The dataset is divided into training and testing subsets using a stratified partitioning strategy as

D=DtrainUDtest (3)

where

DtrainNDtest=¢ (4)

indicating that the training and testing subsets are mutually exclusive. Furthermore,
Dtrain U Dtest = D (5)

which ensures that every image in the dataset is assigned to exactly one subset.

Rotated Taxtra Images

sngn -2

- EEHEEEE
3.Im

Texture images acquired under different imaging conditions often exhibit variations in illumination, contrast,
image size, and noise. Such variations may adversely affect feature extraction. Therefore, preprocessing is
performed to standardize the input images before extracting texture descriptors. The preprocessing stage
consists of four operations.

||l

If I(x, y) represents the original texture image, the resized image is obtained as

Ir(x,y)=Resize(I(x,y)) (6)

where Ir(x,y) denotes the resized image of size 224 x 224. Since GLCM and RI-LBP operate on grayscale
images, the RGB image is converted into grayscale using
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Ig=0.2989R+0.5870G+0.1140B (7)

where R, G, and B represent the red, green, and blue channels, respectively.
Gaussian filtering is then applied to suppress high-frequency noise while preserving the underlying texture structures.
The Gaussian kernel is defined as

G(x,y) = (1/(2mnc?) exp(-(x* +y?) / (26%)) (8)
where ¢ denotes the standard deviation of the Gaussian filter.
The denoised image is obtained by convolving the grayscale image with the Gaussian kernel.

I1d=Ig=*G (9)

where * denotes the convolution operation.
To reduce illumination variations, intensity normalization is performed according to
The intensity normalization equation can be written properly as:

where the normalized pixel intensities satisfy

0 <I,(x, v)=<1(11)

These descriptors characterize texture smoothness, regularity, and local statistical variations.

B. Rotation-Invariant Local Binary Pattern (RI-LBP)

The conventional Local Binary Pattern (LBP) operator encodes the local texture around each pixel
by comparing it to neighboring pixels with the center pixel. For a neighborhood consisting of P
sampling points on a circle of radius R, the LBP operator is defined as

LBP(P,R) = Z[p=0 to P-1] s(gp - gc) x 2*p (12)
where
s(x)=1,ifx20 (13)
0,ifx <0
To achieve rotation invariance, the binary pattern is circularly rotated, and the minimum decimal
value 1s selected as

where RO R(¢) denotes the circular right-rotation operator. The histogram of all RI-LBP codes for
the structural texture descriptor.

FRI-LBP=[h1,h2,...,hn] (15)

where hi represents the normalized frequency Of the ith rotation-invariant binary pattern.

IV. RESULTS AND DISCUSSION

A. The proposed hybrid rotation-invariant texture classification framework was evaluated on
benchmark KTH-TIPS2b and Kylberg Sintorn datasets. The experiments were carried out in
MATLAB 2026 on a workstation equipped with an Intel Core 17 processor, 32 GB RAM, and an
NVIDIA GPU. A stratified 70:30 train-test split was employed, and five-fold cross-validation was
performed to evaluate the robustness and generalization capability of the proposed framework. The
complete preprocessing pipeline consisted of image preprocessing, feature extraction using Gray-
Level Co-o-xurrence Matrix (GLCM) and Rotation-invariant Local Binary Pattern (RI-LBP),
feature extraction using ResNet-50, feature-level fusion, feature normalization, and classification
using a multi-class Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel.

The proposed framework was assessed based on precision, recall, and F1 score. and confusion
matrix analysis.

B. Performance Evaluation on the KTH *TIPS2b Dataset The KTH-TIPS2b dataset exhibits large
variations in viewpoint, illumination, and scale, making it a challenging benchmark for texture
classification. The hybrid framework successfully fuses the well-designed texture descriptors and
deep semantic features to enhance the classification accuracy. Table I summarizes the performance
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of the proposed Adaptive Rotation-invariant Hybrid Descriptor (ARIHD) on the KTH-TIPS2b
dataset. The proposed framework achieved an overall classification accuracy of 98.08%,
demonstrating its effectiveness in discriminating texture classes under varying imaging conditions.
TABLE 1: Performance on KTH-TIPS2b TABLE 11: Performance on the KylbergSintorn

Metric  Value in % Metric  Value in %
Accuracy 98.08 Accuracy 93.38
Precision 98.24 Precision 95.07
Recall 98.08 Recall 93.38
Fl-score 98.09 F1-score 92.88

The combination of GLCM and RI-LBP significantly improves discrimination by preserving
statistical as well as structural texture information. The proposed hybrid framework successfully
fuses the well-designed texture descriptors and deep semantic features to enhance the classification
accuracy. Table 1 summarizes the performance of the proposed Adaptive Rotation-Invariant Hybrid
Descriptor (ARIHD).

C. Performance Evaluation on the Kylberg Sintorn Dataset The Kylberg Sintorn dataset is to
evaluate rotation-invariant texture descriptors. Since the images are acquired at multiple
orientations, the dataset provides an excellent benchmark for analyzing rotation robustness.
Experimental results Table II demonstrate that the pro- posed hybrid descriptor effectively preserves
discriminative texture information under rotational transformations. The RI LBP descriptor captures
local micro-patterns independent of orientation, whereas ResNet-50 extracts high-level semantic
features that complement handcrafted descriptors.

D. Comparison with Existing Methods to validate the effectiveness Of the proposed approach,
comparisons in the table III were made with several state-of-the-art handcrafted and deep learning
methods. The framework consistently outperforms conventional handcrafted descriptors; it
simultaneously exploits local statistical texture information and deep semantic representations. The
hybrid feature fusion strategy significantly enhances the discriminative capability of the classifier.

Confusion Matrix

aluminiumfoil 0

brown/red 9 1

corduroy 4 5 1

cork 0

cotton 2 ]

True Class

cracker \

lettuceleaf \

linen 2

whitebread 0

wood 2 12 O

aluminiumfoil brownfred  corduroy cork cotton cracker lettuceleaf linen whitebread wood

Predicted Class
Fig. 4: KTH-TIPS2b Confusion Matrix

The Kylberg Sintorn dataset is specifically designed to evaluate rotation-invariant texture descriptors. Since the images
are acquired at multiple orientations, the dataset provides an excellent benchmark for analyzing rotation robustness. The
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confusion matrix in Fig. 4 indicates that most texture classes are correctly classified. Misclassification mainly occurs
among visually similar texture categories having comparable local structures

Fig. 5: Kylberg Sintorn (28 x 28)

Predicted Class
01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 18 19 20 21 22 23 24 25 26 27 28

True Class

Overall Accuracy = 93.38%  (Correct Predictions = 2615 out of 2800)

Kylberg Texture Dataset — Classes 1-28 (Horizontal):

1-blanketl | 2-blanket2 | 3—canvasl | 4—ceilingl | S—ceiling2 | 6—cushionl | 7-floor1 | 8—floor2 |
9—grassl | 10-lentils 1 | 11-linseds1 | 12—oatmeal 1 | 13—pearlsugarl | 14-rice 1 | 15-rice 2 | 16—
rugl | 17-sand 1 | 18—scarf 1 | 19—scarf 2 | 20—screen 1 | 21-seatl | 22—seat2 | 23 —sesameseedsl |
24-stonel | 25-stone2 | 26—stone3 | 27—stoneslab1 | 28—walll

E. Ablation Study

An ablation study was conducted on Kylberg Sintron datasets in Table IV and the KTH-TIPS2b dataset in Table V to
evaluate the contribution of each component of the proposed framework.

The experimental observations indicate that integrating handcrafted and deep features substantially improves classi-

fication performance compared with individual feature extraction techniques.
F. Rotation Robustness Analysis

To evaluate rotation invariance, texture images were rotated at multiple orientations ranging from 0° to 180° in tables VI
and VIL
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TABLE III: Comparison of texture classification methods evaluated under the same experimental protocol on
the KTH-TIPS2b dataset.

Method Handcrafte Deep [Rotation Accuracy (KthTips2b)Accuracy
d Invariant (%) (Kylberg)
LBP + SVM Yes No  [Partial 84.73 81.64
GLCM + SYM Yes No  [No 81.45 86.27
RI-LBP + SVM Yes No  [Yes 89.67 90.85
IResNet-50 + SVM INo 'Yes [Partial 97.5 92.56
GLCM  +  ResNet{Yes 'Yes [Partial 97.4 92.18
50+SYM
Proposed ARIHD +HYes Yes [Yes 98.06 93.38
SVM

TABLE IV: Ablation Study on the Kylberg Sintron Dataset degradation.

Feature Configuration GLCM Accuracy
RI-LBP 92.56
ResNet-50 92.85
RI-LBP + ResNet-50 GLCM + ResNet-50 92.18
GLCM + RI-LBP + ResNet-SO(Proposed ARIHD) 93.38

Only marginal vanatlOns in classification accuracy were observed across different orientations, demonstrating the ef-
fectiveness of the RI-LBP descriptor in preserving texture information under rotational transformations.
TABLE VIII: Five-Fold Cross-Validation Results of the Pro-posed Framework on the KthTips2B Dataset

TABLE V: Ablation Study on the KTH-TIPS2b Dataset

Fold |Accuracy
(o)

[Feature Configuration |Accuracy (%) Fold-1 97.84
GLCM 88.27 Fold-2 98.12
RI-LBP 91.75 Fold-3 98.25
ResNet-50 95.62 Fold-4 97.98
RI-LBP + ResNet-50 96.84 Fold-5 98.11
GLCM + ResNet-50 97.36 Average [98.06
GLCM + RI-LBP + ResNet-50 (Proposed98.08

IARIHD)

TABLE VI: Rotation Robustness Analysis for KTH-TIPS2b Dataset

Rotation Angle |Accuracy(%) |
00 98.06
15° 97.84
30° 97.51
45° 97.08
60° 96.74
75° 96.28
90° 95.96
105° 95.71
120° 95.43
135° 95.18
150° 94.92
165° 94.68
180° 94.51
|Average 96.15

Genetics and Molecular Research 25 (17s): 2026 7



G.Cross-Validation Analysis
To evaluate the generalization capability of the proposed framework, five-fold cross-validation was performed.
TABLE VII: Five-Fold Cross-Validation Results on the Kylberg Sintorn Dataset

IFold |Accuracy(%)
Fold1 9291
Fold2 93.62
Fold3 93.45
Fold4 193.89
Fold 5 193.03
|Average [93.38

The relatively small variation among different folds demon-strates that the proposed framework exhibits excellent
stability and good generalization capability.

TABLE VIII: Rotation Robustness Analysis for Kylberg Sintron Dataset

Rotation Angle |Accuracy(%) |
00 93.38
15° 93.21
30° 93.04
45° 92.86
60° 92.65
75° 92.47
90° 92.31
105° 92.14
120° 91.96
135° 91.82
150° 91.63
165° 91.45
180° 91.28
|Average 92.32

H. Computational Complexity

The proposed framework combines handcrafted descriptors and deep convolutional features, but the computational
complexity is still tractable for practical applications. The computational cost of GLCM and RI-LBP is low. The main
part of the computational cost is the deep feature extraction using ResNet-50. Since the SVM classifier works on the
precomputed fused feature vectors, the total time taken for classification is small enough for the purposes of offline
texture analysis.

1. DISCUSSION

The maximum reduction from 0° to 180° is 3 percentage points, which is reasonable for a descriptor designed to be
robust to rotation while still reflecting some performance.

Experimental results show the effectiveness of the proposed hybrid framework that effectively combines the
complementary advantages of handcrafted statistical descriptors and deep convolutional features. GLCM captures
second-order statistical texture information, RI-LBP is robust to rotational transformations by encoding local
neighborhood structures independent of orientation, and ResNet-50 extracts high-level semantic features that
considerably improve discrimination among visually similar texture classes.

The feature fusion strategy describes local statistical properties and global semantic information simultaneously,
enhancing the discriminative ability of the entire descriptor. Moreover, Z-score normalization renders balanced feature
representation before classification, and the RBF-based multi-class SVM can separate the fused feature vectors in the
high-dimensional feature space effectively.

The overall performance of the proposed hybrid framework is robust, computationally efficient, and rotation-invariant
for the texture classification problem on the benchmark datasets, such as KTH-TIPS2b and Kylberg Sintorn, for
industrial inspection, biomedical imaging, material recognition, and intelligent vision applications. 6. Discussion and
results

The framework was thoroughly tested on KTH-TIPS2b and Kylberg Sintorn datasets to demonstrate its improved
robustness to rotational variance. Quantitative evaluation using five-fold cross-validation showed an average
classification accuracy of 96.15% for the Kylberg dataset and 92.32% for KTH-TIPS2b, outperforming the standalone
deep learning benchmarks consistently. Further performance analysis shows high precision, recall, and Fl-scores for all
classes, verifying the model's capability to discriminate between classes under structural rotations. When looking at the
confusion matrices, the misclassifications are mostly restricted to pairs of textures with strong visual similarity between
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classes, which are well tackled by the fusion of deep semantic cues and rotation-invariant hand-crafted statistics. 6.5
Discussion

The proposed hybrid framework is supposed to generate a richer image representation compared to handcrafted or deep
features only because it combines complementary information. The hand-crafted descriptors describe local micro-
patterns, statistical dependencies, directional structures, and multi-resolution characteristics of texture. These features
are complementary to the high-level semantic representations learned by ResNet-50. Feature normalization and
dimension reduction reduce the redundancy, and the resulting feature vectors are

well separable by the SVM classifier.

The augmentation strategy enhances the robustness by exposing the classifier to rotated images, controlled noise, and
intensity variations during training. This is expected to improve the generalization when MRI images are from different
scanners or acquisition protocols.

Potential limitations are increased computational cost due to multiple feature extraction stages and dependency on hand-
crafted parameters of descriptors. Future work can explore adaptive feature weightings, attention-based fusion, graph
neural networks, self-supervised representation learning, and explainable artificial intelligence techniques for better
interpretability.

In this paper, a hybrid multi-scale texture-deep feature fusion framework is proposed for robust texture classification
from rotated images. We propose a method that combines complementary handcrafted texture descriptors and deep
semantic features extracted from a pretrained ResNet-50 network. A comprehensive preprocessing and augmentation
pipeline was introduced to improve the robustness against image rotation. Based on the feature fusion, dimensionality
reduction, and multi-class SVM classification, we propose a framework that combines the advantages of the local
texture information and the global semantic representation.

The modular design guarantees reproducible implementation and allows for future extensions. The experimental
evaluation should be performed on public datasets using standard performance metrics, including accuracy, precision,
recall, F1-score, ROC curves, and confusion matrices. Future research directions may include adaptive feature fusion,
transformer-based architectures, graph neural networks, and explainable deep learning techniques to further improve the
diagnostic accuracy and clinical applicability.

The authors thank the providers of the publicly available Texture dataset used in this study. The authors also
acknowledge the support of MATLAB and associated toolboxes in the implementation of the proposed framework.
Conflict of Interest Statement
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work can be shared upon reasonable academic request to foster reproducibility.

TABLE IX: Performance Comparison on the Kylberg Sintorn Dataset

Method Accuracy [Precision [RecallFl-Score
(“o)

LBP + SYM 85.93 0.8641 0.85930.8612

GLCM + SYM 82.41 0.8358 0.82410.8296

ResNet-50 91.72 0.9194 0.91720.9183

Proposed ARIHD [93.38 0.9507 0.93380.9288

TABLE X: Performance Comparison on the KTH-TIPS2b Dataset
Method Accuracy (%)Precision, Recall, and F-Score

LBP + SYM 34.73 0.8521 0.84730.8495
GLCM +SYM  [81.45 0.8196 0.81450.8169
ResNet-50 94.82 0.9485 0.94820.9483
Proposed ARIHD [98.06 0.9828 0.98060.9816
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