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ABSTRACT

Accurate identification of road surface conditions is essential for autonomous driving, Intelligent
Transportation Systems (ITS), and driver-assist technologies. This paper proposes an integrated hybrid
framework that combines multi-resolution texture decomposition, attention-based deep learning,
handcrafted statistical descriptors, and evolutionary feature optimization. The approach begins by
applying Stationary Wavelet Transform (SWT) to extract stable texture characteristics from road images.
A Vision Transformer enhanced with Squeeze-and-Excitation (ViT-SE) blocks captures global spatial
relationships, whereas Gray-Level Co-Occurrence Matrix (GLCM) descriptors contribute fine-grained
statistical features. These complementary features are filtered using Mutual Information (MI) and
optimized using Enhanced Grey Wolf Optimization (EGWO), enabling compact and discriminative feature
selection. The optimized feature subset is classified using a Support Vector Machine (SVM). Experiments
conducted on a multi-class road surface dataset demonstrate that the proposed SWT-ViT-SE-GLCM-
MI-EGWO-SVM pipeline achieves 99.52% accuracy, outperforming state-of-the-art Convolutional
Neural Network (CNN), Transformer, and hybrid models. The results confirm the synergy of multi-
domain features and metaheuristic optimization in real-time road condition assessment applications.

Keywords-road surface classification; Vision Transformer (ViT); Stationary Wavelet Transform (SWT); Gray-
Level Co-Occurrence Matrix (GLCM); Mutual Information (MI); Enhanced Grey Wolf Optimization

(EGWO); Support Vector Machine (SVM)

I.  INTRODUCTION

Reliable perception of road surface conditions is
fundamental for Advanced Driver-Assistance Systems
(ADAS), Intelligent Transportation Systems (ITS), and fully
autonomous vehicles because variations in surface state—dry
asphalt, wet pavement, compacted snow, gravel, and standing
water—directly influence tire-road friction, braking distance,
and vehicle stability [1, 2]. Misclassification of these
conditions can lead to unsafe control actions, particularly at
high speeds or under adverse weather. Figure 1 illustrates
representative road surface images considered in this study,
including snowy footprints, cracked asphalt, dry concrete,
debris-covered surfaces, potholes filled with water, and highly
reflective wet asphalt; these examples highlight the large intra-
class variability and inter-class similarity that any robust
classifier must handle. Recent research has increasingly

adopted deep learning and Transformer-based architectures to
address such challenges. Vision Transformers (ViTs) have
been used for crack detection on asphalt and concrete,
achieving superior robustness to noise and complex
backgrounds compared with conventional Convolutional
Neural Networks (CNNs) [1], whereas fast inference ViT
variants such as LeViT have demonstrated efficient and
accurate automatic pavement distress classification [2]. Hybrid
and multimodal approaches further extend these ideas:
multimodal Transformer models fuse road images with
auxiliary time-series data to classify winter road surface
conditions [3], and deep neural network—Support Vector
Machine (SVM) hybrids integrating Gray-Level Co-
Occurrence Matrix (GLCM), Histogram of Oriented Gradients
(HOG), and ResNet-50 features have been shown to improve
road surface condition identification across dry mud, fresh
snow, and water-asphalt categories [4]. At the same time,
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CNN-Transformer fusion networks for visual-tactile sensing
exploit both camera images and intelligent tire measurements
to enhance terrain recognition under varying illumination [5].
In the broader context of road and remote-sensing scene
understanding, Swin-Transformer encoders and hybrid
attention networks have proven highly effective for high-
resolution road extraction and semantic parsing [6, 7]. More
recently, contrastive-learning-based methods that first extract
road areas and then classify their surface conditions have
reported additional gains in classification accuracy and
generalization [8]. Building on these advances, the present
work focuses on a hybrid multi-domain framework that
leverages global attention, multi-resolution texture information,
and optimized feature selection to accurately distinguish the
diverse road surface types exemplified in Figure 1.

Reliable road surface identification directly affects braking
distance, tire-road friction, and vehicle stability, making it a
crucial component of ADAS and autonomous vehicles.
Although deep learning and Transformer-based models achieve
promising accuracy, they often ignore multi-resolution texture
cues and suffer from feature redundancy. This motivates a
hybrid framework that integrates texture, global attention, and
optimized feature selection.

Fig. 1.
covered, pothole, and wet reflective surfaces.

Road surface images — examples of snowy, cracked, debris-

II. RELATED WORK

Road surface analysis research falls into three categories:
image-based categorization of surface types, deep and
Transformer-based pavement fault and condition models, and
hybrid feature engineering and optimization for robust
classification. Classical texture descriptors and basic classifiers
were used in early road surface studies. Authors in [9]
evaluated road marking visibility for camera and LiDAR
systems under varying weather conditions, highlighting the
influence of surface material and reflectivity on machine vision
performance. Authors in [10] used GLCM descriptors to
characterize surface texture and traditional machine-vision
techniques to distinguish road types, whereas authors in [11]
used GLCM features with an LGBM classifier to automatically
categorize damaged road surfaces from camera images. These
studies demonstrate the discriminative capability of second-

order texture statistics, but their use of hand-designed features
hinders scalability for complicated, large-scale datasets.

Multimodal and sensor-fusion techniques have been studied
more recently due to deep learning. Authors in [12] developed
an artificial neural network that classifies pavement types using
audio and picture data, boosting robustness when visual
information is compromised by shadows or low illumination.
Authors in [13] suggested a Transformer-based model that
predicts paved and unpaved road conditions from onboard
accelerometers and gyroscopes, enabling surface classification
even when cameras are blocked. Authors in [3] developed a
multimodal Transformer that blends road images with weather
and traffic data to achieve state-of-the-art performance on dry,
slushy, slippery, and snow-packed winter roads.

Pavement fracture and distress detection, although not
focused on surface-type classification, provides useful insights
into feature learning and model construction. Authors in [14]
presented a comprehensive evaluation of machine-vision-based
crack detection algorithms and highlighted the increasing
relevance of CNNs and Transformers for managing noisy and
heterogeneous pavement data. Authors in [15] suggested a
Transformer-based crack segmentation network for embedded
hardware that balances accuracy and computational cost using
ViT architectures. Authors in [16] used CNNs trained on the
CRACKS500 dataset to automatically classify cracks, showing
great performance but generalization issues. Crack-focused
experiments show that attention-based models are better at
capturing long-range contextual information on road surfaces,
but they miss multi-resolution texture cues and suffer from
feature redundancy.

Recent attention has therefore focused on hybrid deep—
handcrafted systems that incorporate the strengths of both
paradigms. Authors in [4] proposed a GHRS50 model that fuses
ResNet-50 features with GLCM and HOG descriptors,
followed by an SVM classifier, achieving high accuracy across
several road surface categories but at the cost of a high-
dimensional feature space. Additional studies employed
GLCM- and Local Binary Patterns (LBP)-based descriptors
with k-Nearest Neighbors (kKNN) or SVM classifiers to
discriminate asphalt, gravel, and other surface types, supporting
the importance of texture modeling. In parallel, wavelet-
domain approaches have been employed to characterize
pavement texture. Wavelet- and stationary-wavelet-based
descriptors correlate with skid resistance and provide robust
multi-scale texture representations in related surface inspection
tasks.

Many hybrid techniques lack global attention modeling,
which is typical of Transformer designs, or systematic feature
selection mechanisms to reduce redundancy and computational
cost. Thus, high-dimensional road surface analysis pipelines
require effective feature selection and dimensionality reduction
algorithms. Authors in [17] proposed a normalized Mutual
Information (MI)-driven band grouping and minimum-
redundancy-maximum-relevance scheme for hyperspectral
feature extraction, which performed competitively with kernel
SVM classifiers. MI has been widely used to measure feature
relevance and redundancy. The Grey Wolf Optimizer (GWO)
and its variations are powerful feature selection metaheuristics
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for high-dimensional classification problems. In security and
biomedical datasets, adaptive and multi-strategy GWO
frameworks remove extraneous features and improve classifier
accuracy [18-20].

These findings indicate that MI-based relevance filtering
combined with advanced GWO-based feature selection can
produce compact and highly discriminative feature subsets. To
the best of our knowledge, no prior study has integrated
Stationary Wavelet Transform (SWT), Vision Transformer
enhanced with Squeeze-and-Excitation (ViT-SE) blocks,
GLCM texture descriptors, MI-based ranking, and an Enhanced
Grey Wolf Optimization (EGWO)-driven feature selection
strategy within a unified road surface classification framework.
To address this gap, the SWT-ViT-SE-GLCM-MI-EGWO-
SVM pipeline uses multi-domain features and metaheuristic
optimization to achieve high classification accuracy and feature
efficiency.

III. METHODOLOGY

The proposed hybrid road surface classification framework
integrates multi-resolution texture decomposition, attention-
based deep feature extraction, handcrafted statistical
descriptors, feature relevance evaluation, metaheuristic feature
selection, and SVM-based classification. The complete design
pipeline is illustrated in Figure 2, where the input road surface
images undergo sequential processing beginning with
preprocessing, followed by SWT, ViT-SE, GLCM feature
extraction, MI scoring, EGWO, and final decision-making via
SVM.

Input Road Surface
Data Multi Resolution

HIESroneesng Decomposition
of Data - po
(SWT)

==
. I

Feature Extraction (ViT with
SE block, GLCM)

}

Feature Relevance
Evaluation

}

Optimal Feature Selection
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" —_—

(SVM)

Fig. 2. Design flow of the proposed methodology.
Preprocessing of road surface images is performed to
minimize variations in illumination, noise, and camera artifacts.
Each input image is resized to a fixed resolution to maintain
consistency and processed using a Gaussian filter, which

reduces high-frequency noise and stabilizes the texture patterns
essential for SWT and GLCM. The Gaussian transformation
applied to the dataset is shown in Figure 3. Mathematically,
resizing is performed according to:

I =T(I) (D

resized

and Gaussian smoothing follows:

1 X +y
G(x,y)= exp| — 2
(x,y) Py P[ Py j 2

whereas normalized pixel intensities are obtained by:

; Iznm 3)

Gaussian blurred Image

Gaussian Blurred Image Gaussian Blurred Image

v

Fig. 3.

Gaussian processed images.

After preprocessing, SWT decomposition is applied to
obtain multi-resolution texture representations that are shift-
invariant and robust to illumination changes. SWT decomposes
the input image into approximation and detail coefficient sub-
bands at different scales. The outputs of Level 1 and Level 2
SWT, comprising horizontal, vertical, diagonal, and
approximation components, are depicted in Figure 4. These
multi-scale coefficients preserve both global structure and fine-
grained texture cues necessary for accurate road surface
discrimination. SWT's ability to capture subtle irregularities has
been emphasized in recent studies on multi-resolution image
analysis and pavement texture modeling [21, 22].

Next, deep feature extraction is performed using a ViT-SE
module. The ViT processes images by dividing them into
sequences of fixed-size patches, enabling the model to learn
long-range contextual relationships through multi-head self-
attention. The complete processing flow—including input
tokenization, positional encoding, and Transformer encoding—
is illustrated in Figure 5. SE blocks further refine the extracted
features by recalibrating channel-wise responses, using global
average pooling followed by two fully connected layers. This
enhances the discriminative power of the learned features,
especially for visually similar surface types. Recent
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advancements demonstrate that ViT-based models significantly
outperform conventional CNNs for road and material surface
classification due to their superior global attention mechanism
[23, 24].
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Fig. 5. Flow of the ViT.

To complement the Transformer-based global features,
handcrafted texture descriptors are extracted using the GLCM,
which captures second-order statistics such as contrast,

correlation, energy, homogeneity, and entropy. The normalized
co-occurrence matrix is defined as:

C(, ])

4
Z i “)
and texture measures are computed using:
Contrast = Y_ (i — j)*P(i, j) 5)
ij
2= ) = )P G J)

Correlation = (6)

0,0;
Energy = Y P(i, j)’ )

i

P@, j)
Homogeneit —_— 8
geneity = Z T (8)
Entropy = —Y_ P(i, j)log(P(i, j) +€) )

iJ

GLCM descriptors have been widely used for modeling
subtle pavement textures such as cracks, roughness, or wetness
[25]. Once both deep and handcrafted features are extracted,
MI is used for relevance filtering, retaining only the most
discriminative attributes. MI between a feature X and surface-
class label Y is expressed as:

p(x,y)
10
P(X)p(y) (10

which eliminates redundant and non-informative features. This
improves the efficiency of the subsequent optimization stage.
To further refine the feature set, EGWO is employed. EGWO
simulates the leadership hierarchy and hunting strategies of
grey wolves—alpha, beta, and delta—to perform optimal
feature subset selection. The wolf position updates follow:

D,=|CX,-X|. X,=X,-AD, (11)

MI(X;Y) = ZZp(x y)log———=—

with the final update rule:

X +X, +X
x<t+1)=% (12)

and feature-selection fitness evaluated as:
F=a- Acc+ﬂ( | |J (13)

where |S | is the selected feature count, ensuring both accuracy

and compactness. Recent research confirms EGWO's superior
performance in high-dimensional optimization tasks and its
effectiveness in classification problems requiring minimal
feature redundancy [26]. Finally, the optimized features are
classified using an SVM equipped with a Radial Basis Function
(RBF) kernel. SVMs are chosen for their excellent
generalization ability in high-dimensional feature spaces and
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their proven reliability in surface condition classification tasks.
The combination of SWT, ViT-SE, GLCM, MI, EGWO, and
SVM enables a powerful multi-domain learning framework
capable of accurately identifying various road surface
conditions under diverse environmental scenarios. An SVM is
employed instead of the ViT Multi-Layer Perceptron (MLP)
head due to its superior generalization performance on
optimized hybrid feature sets and limited training samples.

IV. EXPERIMENTAL RESULTS

A. Experimental Setup

The performance of the proposed hybrid SWT-ViT-SE—
GLCM-MI-EGWO-SVM  framework  was  rigorously
evaluated through a series of controlled experiments designed
to assess both classification accuracy and computational
efficiency. All experiments were conducted using a high-
performance computing environment equipped with an Intel®
Core™ i9-12900K processor, 32 GB of DDR5 RAM, an
NVIDIA® RTX 3080 GPU, and running Windows 11. The
complete system configuration is summarized in Table I,
whereas the hyperparameters and model settings—including a
batch size of 32, an Adam optimizer with a 1e-4 learning rate, a
feature vector length of 1024 prior to optimization, an RBF
kernel SVM classifier, and GWO settings of 20 wolves over 50
iterations—are listed in Table II. These settings were
determined empirically to ensure optimal convergence and
stability during training.

TABLE L. SPECIFICATIONS FOR IMPLEMENTATION
Device Specification
Processor Intel® Core™ i9-12900K CPU @ 3.20 GHz
RAM 32 GB DDRS
GPU NVIDIA® GeForce RTX 3080 (10 GB
VRAM)
Storage 1 TB NVMe SSD
Operating system ‘Windows 11 Pro

TABLEIL EXPERIMENTAL PARAMETERS AND SETTINGS
Parameter Value
Training batch size 32
Learning rate (ViT fine-tuning) le-4
Optimizer Adam
Feature vector 1§ngth (pre- 1024
optimization)
SVM kernel RBF
GWO population size 20 wolves
Max iterations 50

A balanced multi-class road surface dataset with 200-500
images per class was used. Nevertheless, the model's
dependence on static images may limit generalization under
extreme real-world conditions.

Although the proposed framework achieves high
classification accuracy, several measures were incorporated to
prevent overfitting and ensure reliable generalization. First, a
stratified data partitioning strategy was adopted, dividing the
dataset into 70% training, 15% validation, and 15% testing
subsets to avoid bias across surface classes. Second, MI-based
relevance filtering and EGWO were applied to eliminate

redundant and non-informative features, thereby reducing
model complexity and variance. Additionally, an ablation study
was conducted to verify that performance gains were
incremental and consistent across pipeline stages. The use of an
RBF kernel SVM further enhances generalization by
controlling decision boundaries in high-dimensional feature
spaces. The consistent results observed in confusion matrices
and Receiver Operating Characteristic (ROC) curves across all
classes confirm that the reported accuracy is not a result of
overfitting.

B. Dataset Description

The experimental evaluation was conducted using a
balanced real-world road surface image dataset comprising 27
surface categories. Each class contains approximately 200-500
labeled images captured under varying illumination, weather,
and surface conditions, ensuring substantial intra-class
variability. The dataset was curated from real traffic
environments and manually verified for label consistency. A
stratified sampling strategy was employed to preserve class
balance during training, validation, and testing. While the
dataset is not publicly hosted due to collection constraints, it
can be made available to researchers upon reasonable request
to support reproducibility and further comparative studies [27].

A stratified split of 70% training, 15% validation, and 15%
testing was employed to guarantee unbiased evaluation across
all surface types. Representative prediction outputs from the
trained model are displayed in Figure 6, illustrating accurate
visual classification across all surface categories.

Input Image Resized Image Gaussian Blurred Image
- ro—— Output
Image
s
¥ fresh_snow
smooth

- =
_ dry_mud

fresh sorrrect
Fig. 6.

Horizontal Detail Coef. Level 1

dry_asphalt
severe

Diagonal Detail Coef. Level 2

dry_concrete

dify_mud

Outputs achieved for the prediction of road surface conditions.

C. Performance Metrics

Performance analysis was conducted using key evaluation
metrics: accuracy, precision, sensitivity, specificity, F1-score
and the number of selected features. These metrics were
computed at every stage of the feature extraction and
optimization pipeline to illustrate the incremental benefits
contributed by each component. The results are provided
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comprehensively in Table III, which compares baseline
configurations (GLCM-only, ViT-only, ViT+SE, and
ViT+GLCM) with the final optimized model. The proposed
method achieved exceptional performance, reaching 99.52%
accuracy, 99.50% sensitivity, 99.49% specificity, 99.38%
precision, and an Fl-score of 99.44%, while reducing the
feature dimensionality from 956 to only 512. This significant
reduction in feature size highlights the impact of MI-based
filtering and EGWO-driven optimization in improving both
accuracy and computational efficiency.

TABLE III. PERFORMANCE METRICS OF BASELINE AND
PROPOSED MODELS
Accurac Sensitivit Specificit, Precision
Model @ | | | o)
GLCM+SVM 87.52 87.75 86.78 87.25
ViT+SVM 91.78 91.76 91.72 91.50
ViT+SE+SVM 93.93 93.91 93.89 93.60
ViT+GLCM+SVM 97.80 97.73 97.70 97.60
Proposed (SWT-
ViT-SE-GLCM-MI- 99.52 99.50 99.49 99.38
EGWO-SVM)
A comparison with state-of-the-art road surface

classification methods reveals that the proposed approach

outperforms all competing techniques, including traditional
SVM models, PSO-SVM, deep learning architectures, and
recent Transformer-based models such as ViT-MLP and
GHR50-SVM. The proposed SWT-ViT-SE-GLCM-MI-
EGWO-SVM framework achieved the highest reported
accuracy of 99.52% and an Fl-score of 99.44%, significantly
surpassing earlier methods with reported accuracies ranging
from 88% to 97.80%.

D. Model Evaluation

To further examine the classification robustness, a
confusion matrix was generated for the final model and is
illustrated in Figure 7. The confusion matrix confirms
consistent classification across all 27 classes with minimal
misclassification, demonstrating high discriminative capability
even for visually similar surface types such as wet versus dry
asphalt. Additionally, the model's diagnostic performance was
assessed using ROC analysis. As depicted in Figure 8, the ROC
curves exhibit a steep rise toward the upper-left corner,
confirming excellent separation between classes and an almost
perfect true-positive versus false-positive trade-off. The
similarity of ROC curves across classes indicates balanced data
distribution and consistent discriminative performance of the
optimized feature set.

Accuracy using SMVG-SVM : 99.52%
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Fig. 7.

E. Ablation Study

An ablation study was conducted to examine the individual
effects of SE blocks, GLCM features, MI filtering, and GWO
optimization. The findings, presented in Table IV, show clear
performance improvements at each stage: adding SE blocks
improved accuracy by approximately 1.95%; combining ViT

Confusion Matrix of the proposed SWT-ViT-SE-GLCM-MI-EGWO-SVM framework.

and GLCM increased classification ability by capturing
complementary global and texture features; MI filtering
enhanced generalization by removing redundant descriptors;
and GWO further reduced the feature set by nearly 45%
without sacrificing accuracy. After EGWO, the reduced feature
set of 512 dimensions achieved the peak accuracy of 99.52%,
confirming the efficiency of the optimization process. Table IV

www.etasr.com

Rajavolu & Langoju: A Novel Hybrid Feature Optimization Framework for Road Surface Identification ...



Engineering, Technology & Applied Science Research

Vol. 16, No. 1, 2026, 32498-32505 32504

demonstrates that each component contributes incrementally to
performance improvement, with EGWO yielding the most
compact and accurate feature set.

ROC Curve: FPR vs. TPR (Final Improved)
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Fig. 8. ROC curves for the proposed and baseline models.
TABLEIV. FEATURE COUNT AND ACCURACY IN THE
ABLATION STUDY
Feature selection Number of Accuracy
stage features (%)

Before MI-GWO 956 94.65
After MI 726 97.48
After GWO 512 99.52

F. Limitations and Discussion

Although the results demonstrate outstanding performance,
the study also acknowledges limitations. The reliance on 2D
still images may reduce temporal continuity in rapidly
changing surface conditions. The ViT component, while highly
accurate, is computationally expensive during training,
suggesting the need for lightweight transformer alternatives.
Future enhancements could incorporate additional modalities
such as thermal images or LiDAR, as well as Explainable
Artificial Intelligence (XAI)-driven interpretability for safety-
critical deployments. The experimental findings strongly
validate that the proposed hybrid multi-domain learning
framework achieves state-of-the-art performance in road
surface classification, combining high accuracy, low feature
dimensionality, and superior robustness across multiple real-
world conditions. The integration of wavelet decomposition,
Transformer-based attention, texture statistics, MI filtering, and
EGWO optimization yields a highly reliable classification
pipeline suited for ITS and autonomous vehicle platforms.

Although the proposed framework integrates multiple
processing stages, its design carefully balances classification
performance and computational efficiency. Computationally
intensive components such as ViT feature extraction are
applied only during offline training and feature generation.
Feature dimensionality is significantly reduced from 956 to 512
using MI filtering and EGWO optimization, resulting in faster

inference and lower memory requirements. The final SVM
classifier operates on a compact optimized feature set, enabling
real-time decision-making. Hardware specifications and
execution parameters are reported to demonstrate feasibility on
standard GPU-enabled systems. Thus, the framework maintains
high accuracy while remaining practical for deployment in ITS
and autonomous driving applications.

V. CONCLUSION

The proposed hybrid Stationary Wavelet Transform
(SWT)-Vision Transformer enhanced with Squeeze-and-
Excitation  (ViT-SE)-Gray-Level Co-Occurrence Matrix
(GLCM)-Mutual Information (MI)-Enhanced Grey Wolf
Optimization (EGWO)-Support Vector Machine (SVM)
framework demonstrates a powerful and efficient solution for
automatic road surface classification. By combining multi-
resolution  wavelet decomposition,  attention-enhanced
Transformer features, and handcrafted texture descriptors, the
model effectively captures both global and fine-grained surface
characteristics. The integration of MI and EGWO significantly
reduces feature redundancy while improving discriminative
quality.

Experimental results confirm outstanding performance,
achieving 99.52% accuracy, strong class separability, and
excellent robustness across all road surface categories. In
addition, the framework achieves high sensitivity, specificity,
precision, and F1-score, highlighting its reliability for real-
world applications. Overall, the system provides a reliable and
computationally efficient approach suitable for Intelligent
Transportation Systems (ITS), Advanced Driver-Assistance
Systems (ADAS), and autonomous vehicle applications. Future
work may explore lightweight Transformer variants,
multimodal sensor fusion, and real-time deployment strategies
to further enhance practical applicability.

While the proposed framework demonstrates strong
performance on a balanced multi-class road surface dataset,
evaluation on additional datasets would further strengthen
generalization claims. Due to limited availability of publicly
annotated road surface datasets with consistent labeling, cross-
dataset testing was not conducted in the current study.
However, robustness was examined through extensive ablation
studies, class-wise confusion analysis, and Receiver Operating
Characteristic (ROC) evaluation, all of which indicate stable
performance across visually similar surface types. Future
research will focus on validating the framework on larger and
heterogeneous datasets, including cross-domain and multi-
modal inputs, to further assess real-world deployment
capability.
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