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Abstract: Individuals with visual impairments often encounter substantial challenges navigating outdoor spaces due to their inability to perceive road-surface conditions. This 
study introduces an innovative method that harnesses deep learning to identify and categorize road surfaces, aiming to enhance the independence and mobility of the visually 
impaired. Leveraging the EfficientNetB0 model as a foundational framework and employing unified spatial-channel attention, we classified road surface images captured from a 
wearable camera. Through rigorous training and evaluation on a substantial dataset of road images, our modified system exhibited remarkable performance, accurately identifying 
road surfaces with an impressive 99.39% accuracy rate. This deep learning-driven approach holds promise as a pivotal tool for improving the autonomy and safety of individuals 
with visual challenges by providing instantaneous feedback on road conditions. 
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1 INTRODUCTION  
 

The World Health Organization (WHO) states that 
approximately 2.2 billion individuals experience visual 
impairments [1]. This poses significant challenges for 
visually impaired individuals, who struggle to navigate and 
interact with their surroundings. They lack environmental 
information and have difficulty recognizing objects and 
people, limiting their independence and access to important 
services. To tackle this issue, various navigation solutions 
have been proposed that cater to different GPS-based, audio-
based, and smartphone-based systems. However, GPS-based 
systems can be unreliable in urban areas and indoors owing 
to their poor signal quality [2]. Audio-based systems struggle 
in noisy environments [3] and do not provide object-location 
information [4]. Smartphone-based systems have limitations 
in terms of their battery life and indoor functionality. Given 
these obstacles, there is a growing emphasis on research to 
enhance the freedom and movement of those with visual 
impairments through deep learning-based road surface 
detection. By utilizing deep learning techniques to detect and 
classify road surfaces, this study aims to significantly 
enhance the lives of visually impaired individuals. This 
technology enables them to navigate safely and efficiently by 
providing real-time information about road surfaces, 
including detecting obstacles and changes in elevation. It also 
improves accessibility to public spaces and buildings, 
making it easier to access services and to engage in 
community activities. Ultimately, the following [5] Studies 
can significantly enhance the quality of life for those with 
visual challenges by boosting their freedom and movement.  

We have divided assistive devices that assist visually 
impaired people for a better understanding of Fig. 1. 
Assistive devices have evolved on par with technologies and 
have become increasingly advanced. Physical devices such 
as white cans and guide dogs have been helping visually 
impaired people for a long time. As research progresses, 
various sensor-based systems use built-in sensors and GPS of 
smartphones to provide location information and directions. 

The. It has been used to develop various location information 
and directions, but these can be limited by the battery life of 
the smartphone, and they may not work indoors. 
 

 
Figure 1 Types of Assistive Devices for road surface classification 

 
Enhancing mobility and independence of visually 

impaired individuals through artificial intelligence-based 
road surface detection is an important and significant 
research area because it aims to improve the lives of visually 
impaired individuals by utilizing deep learning techniques to 
detect and classify road surfaces. This technology can help 
visually impaired individuals navigate more safely and 
efficiently by providing them with real-time information 
about road surfaces, such as the presence of obstacles or 
changes in elevation. Additionally, it can improve the 
accessibility of public spaces and buildings for visually 
impaired individuals, making it easier for them to access 
services and participate in community activities. Overall, this 
research has the ability to have a positive impact on the daily 
lives of visually impaired individuals by improving their 
mobility and independence. 

This paper makes the following contributions to assisting 
visually impaired people. 
• Develop a deep-learning-based road surface detection 

system to assist in the navigation and independence of 
visually impaired individuals. 
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• Enhances the precision of detecting road surfaces, 
diminishing accident risks, and bolstering safety for 
those with visual impairments. 

• Provides an immediate and adaptable method for 
identifying road conditions, assisting those with visual 
challenges to traverse unknown terrains more 
comfortably and assuredly. 

 
The objective of this research is to leverage the 

capabilities of a pre-trained deep learning model equipped 
with cutting-edge techniques to detect and classify various 
road surfaces, in order to aid visually impaired individuals in 
navigating their surroundings. The author has further 
enhanced the model's accuracy by incorporating a novel 
attention mechanism. This system can be seamlessly 
integrated into mobile devices, such as smartphones, canes, 
or other assistive devices. 

This research will likely involve both theoretical and 
practical components, such as developing and training deep-
learning models, collecting and labelling data, and evaluating 
the performance of the system in real-world scenarios. 
Additionally, this research might further examine how the 
suggested system influences the freedom and movement of 
those with visual impairments. 

The following part reviews previous research on this 
topic, including deep learning and image recognition. The 
proposed model is introduced in the Methodology section. 
The study then addresses the model setting, provides the data 
information, performs the trials, and compares the outcomes. 
Finally, the paper concludes with a conclusion. 
 
2  LITERATURE REVIEW 
  

 Several authors have emphasized the significance of 
assistive devices for individuals with visual impairment. In a 
subsequent paper, the author expands on this topic by 
conducting four focus groups with assistive technology 
computer users who are blind or visually impaired to gain 
broader insights [6]. The objective is to better comprehend 
how these individuals obtain information about assistive 
devices and to identify the specific types of information they 
may possess. The author presents two experiments on Social 
Interaction Assistants, one of which aims to reduce 
stereotypical body mannerisms that impede social 
interactions, while the other is designed to provide 
individuals with assistive technology to interpret the facial 
expressions of those they interact with [7]. 

Advances in CNNs have assisted visually impaired 
people by enhancing the accuracy and applicability of 
computer vision systems that are designed to assist them. In 
recent years, CNNs have been widely used for object 
recognition [8], visual place recognition [9], verification of 
CCTV image data through unsupervised learning [10], text 
classification based on neural networks [11, 12], ANN for 
estimating cutting forces during helical end milling of metal 
materials deposited by laser [13], detecting coins and 
banknotes, and many other applications [14]. 

A few of these integrate navigation and recognition 
capabilities into their systems. Based on the above 
requirements, an assistive device is presented that achieves 
both capabilities to aid the Visually Impaired person to 
navigate safely from his/her current location (pose) to a 
desired destination in an unknown environment and to 
recognize their surrounding objects. The author described a 
wearable device designed to help visually impaired 
individuals navigate unfamiliar environments [15]. The 
device takes the shape of a pair of eyeglasses, and can help 
users move safely and efficiently. Additionally, it can help 
interpret complex surroundings and automatically provide 
directions on how to move. This study aimed to create a new 
system that employs OCR and machine learning to assist 
individuals with visual impairments [16]. Specifically, it 
develops an indoor item identification system that utilizes a 
framework based on deep convolutional neural networks. 
Our objective was to create a robust and reliable solution that 
can provide visually impaired individuals with an enhanced 
perception of their surroundings [17]. 
  A new streamlined Convolutional Neural Network 
(CNN) design was created for the swift recognition of Indian 
currency notes on web and mobile platforms [18]. The author 
proposed a walking stick design to help the visually impaired 
commute to their livelihood [19].  Numerous methods are 
available to aid blind individuals in navigating their 
surroundings, including technologies utilizing radio 
frequency identification (RFID), GPS, and computer vision 
modules. In a following paper, the author introduced a 
method for estimating depth from a solitary image, 
leveraging a local depth assumption without the need for user 
input. This solution, aimed at aiding individuals with visual 
impairments, is tailored exclusively for indoor environments 
such as homes, offices, and businesses [20]. A new system 
for NAVI was presented based on visual and range 
information [21]. The author suggested a system that utilizes 
smartphones to provide navigation assistance, specifically 
turn-by-turn guidance, through precise and current 
localization across vast areas [22]. 

This passage explores several novel strategies aimed at 
aiding individuals with visual impairments in navigating 
indoor environments without assistance [23]. One of these 
strategies is an ambient navigation system that enables free 
movement without relying on assistance. Another approach 
utilizes a classification system that employs a Deep 
Convolutional Neural Network (DCNN) model to identify 
indoor objects, and this system can be integrated into mobile 
devices. Moreover, a wearable assistive device shaped like a 
pair of glasses was presented, which can enhance the user's 
perception of their surroundings and provide guidance on the 
direction of movement. Finally, a new indoor object detector 
was developed using a deep convolutional neural-network-
based framework. 
  Upon analyzing the collected papers, it has been 
determined that navigation for the visually impaired is a vital 
area of research, and that deep learning possesses the 
potential to significantly aid visually impaired individuals in 
navigating outdoor environments. The results of the literature 
review indicate that the most recent and pertinent papers 
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provide invaluable insights that will prove beneficial to our 
research endeavors. Our thorough examination of these 
papers has led us to conclude that navigation for visually 
impaired individuals is an area of utmost importance that 
warrants further investigation, and that deep learning can 
play a pivotal role in assisting visually impaired individuals 
in navigating outdoor environments. 
 
3  PROPOSED METHODOLOGY 
 

This study presents a road-surface detection technique 
that employs Efficient-Net and a Unified Spatial-Channel 
attention mechanism [24]. The approach is centered on 
developing a classification model and incorporating 
techniques, such as transfer learning and data augmentation, 
to attain precise automatic categorization of road surfaces. A 
flow diagram of the proposed method is shown in Fig. 2.  
 

 
Figure 2 Flowchart of the Classification method proposed in the study 

 
The flowchart in Fig. 2 illustrates a procedure that unites 

EfficientNet B0, a pre-trained model on ImageNet, with 
Unified Spatial Channel Attention (USCA) to categorize 
road surfaces. EfficientNet B0 functions as the foundation for 
extracting features from raw road-surface images. 
Subsequently, USCA is integrated, comprising two primary 
components: Spatial Attention, which concentrates on 
specific spatial regions, and Channel Attention, which 
accentuates vital channels. This mechanism improves the 
feature representation by examining spatial and channel 
dependencies, resulting in a more refined and focused feature 
map. The refined features undergo either fine-tuning or 
transfer learning depending on the chosen strategy. In 
transfer learning, the knowledge of the pre-trained model is 
adapted to the road surface dataset, whereas in fine-tuning, 
the model parameters are adjusted to further refine the pre-
trained features for better performance on the road surface 
images. 

Finally, the refined features were classified using a set of 
fully connected layers, which provided predictions for 
diverse types of road surfaces. The combination of 
EfficientNet-B0, USCA, transfer learning, and fine-tuning 
creates a robust and accurate pipeline for road-surface 
classification. 
 
3.1  Dataset 
 

 We acquired images from the RTK dataset, which were 
captured using low-cost cameras such as the HP Webcam 
HD-4110, under real-world conditions [25]. The dataset 
comprised 77,547 frames from various conditions, including 
asphalt roads, unpaved roads, and paved roads. From the 
RTK dataset, we created a dataset consisting of 5,558 images 
and classified all images into seven different classes. The 
three classes are asphalt, paved, and unpaved. The dataset 
was divided into Training, Validation, and Testing sets as 
shown in Tab. 1. Approximately 70% of the data were in the 
training folder (4015), 20% were in the testing folder (986), 
and 10% were in the validation folder (557). The RTK 
dataset contains real-world images of complex 
environmental scenarios, such as roads with different 
vehicles, potholes, and road damage, as shown in Fig. 3. 
 

  
Figure 3 Sample images from dataset for road surface detection 

 
All images were collected during the daytime with a 

variety of brightness, texture, and other features. In each 
road category, there is a slight difference in the surface 
patterns, such as paved roads that are lighter in color and 
asphalt roads that are darker in color. We have considered 
that asphalt roads are roads that do not have any sort of 
bumps, potholes, or other damage, such as highways and 
expressways. Unpaved roads are considered bad to walk on 
because they are not made up of hard smooth surfaces and 
have different types of road anomalies. These roads are full 
of dirt, which is composed of native material on the land 
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surface. Paved roads are composed of concrete blocks or 
interlocking. They had different types of patterns on their 
surfaces. Most pedestrian ways are paved or concrete. We 
did not perform any type of cropping because we did not 
want to put extra overhead on computation, which can lead 
to difficulty in deploying the model in real-time usage. 
 

Table 1 Summary of dataset for road surface detection 
Name of class Train Test Valid 

Asphalt 1417 343 197 
Paved 1386 359 204 
Unpaved 1212 284 156 

 
We pre-processed the images before feeding them into 

the network. We augmented the images to prevent 
overfitting. Various augmentation techniques, such as 
geometric transformation, color and contrast adjustments, 
noise addition, crop, and resize are used, as mentioned in 
Tab. 2. 

 
        Table 2 Different Data Augumentation Techniques Applied 

Type Details 
Random Flip Horizontal and Vertical 
Random Rotation ‒0.2, 0.2 
Random Zoom 0.2 
Random Contrast 0.2 
Random Translation 0.2, 0.2 
Random Height ‒0.2,0.2 
Random Width ‒0.2, 0.2 

 
The implementation of augmentation techniques will 

enhance the intricacy of our dataset, thereby enabling our 
model to exhibit more effective generalization capabilities 
with respect to unseen data. These techniques produce 
additional variations within an existing dataset without 
altering the total number of images. 

 

 
Figure 4 Distribution of dataset for road surface detection for the visually impaired 

individual 
 
The above pie chart, as shown in Fig. 4, ensures that our 

dataset is balanced. Balanced dataset analysis has many 
benefits, such as better generalization to the unseen dataset 
than to unbalanced data, reduced overfitting, improved 
model performance, and faster convergence. 
 
3.2  Efficient Net Neural Network 

 
Many pre-trained models are available, but each one is 

used according to the specific problem domain. The author 
deals with navigation for visually impaired people, which 
requires the model to have a smaller size and fewer 

parameters, making it suitable for a low-edge embedded 
device such as a smartphone for real-time navigation. The 
proposed model is based on the EfficientNetB0 architecture 
[26]. The EfficientNetB0 architecture is a well-known and 
extensively used network architecture designed for computer 
vision applications. It is lightweight and can be deployed 
effortlessly on embedded devices, making it a popular choice 
in many applications. 
 

Table 3 Size and parameter of different models 
Model No. of Parameters (million) Size (MB) 

EfficientNet-B0 [26] 5.3  350  
ResNet-50 [27] 25.6 100 
Vgg-16 [28] 138 553 
DenseNet-121 [29] 8.8 100 

 
From Tab. 3 EfficientNet-B0 can act as a suitable model 

for assisting visually impaired people because of its size and 
the number of parameters used, which makes it suitable for 
real-time operations. Despite being lightweight, 
EfficientNet-B0 is known for its good performance in a 
variety of computer vision tasks, including object detection 
and image classification. EfficientNet-B0 can be fine-tuned 
for a specific task using a smaller dataset. It has a faster 
inference time owing to its small size, which is important for 
real-time applications. Another advantage of EfficientNet-B0 
is its adaptive architecture, which allows it to easily adapt to 
different input sizes and resolutions. 
 

 
Figure 5 EfficientNet-B0 architecture flowchart 

 
EfficientNet-B0, the foundational model of the 

EfficientNet family, offers a novel and holistic approach to 
neural network architecture optimization, balancing both 
accuracy and computational efficiency. The architecture of 
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EfficientNet-B0 is shown in Fig. 5. At the heart of its design 
is the innovative concept of compound scaling, a method that 
diverges from traditional practices by uniformly scaling the 
depth, width, and resolution of the network, as defined in Eq. 
(1). This technique ensures that no single dimension is 
overoptimized at the expense of the others. As the 
architecture delves deeper, these blocks, equipped with 
squeeze-and-excitation operations, manage the intricate task 
of learning channel-wise dependencies, thereby ensuring a 
comprehensive understanding of features. Beginning with a 
convolutional stem that transforms the 3-channel RGB input 
into a 32-channel feature map, the network sequences 
through a series of MBConv blocks. 

The core architecture involved MBConv blocks 
equipped with squeeze-and-excitation operations. These 
blocks manage channel-wise features to understand intricate 
details in the images. Starting with a convolutional stem that 
processes RGB inputs into a feature map, the network 
navigates through these blocks to adaptively recalibrate 
features, making the model more perceptive of essential 
information. 

EfficientNet-B0 boasts a unique design along with 
practical techniques such as DropConnect regularization to 
prevent overfitting during training. This model utilizes global 
average pooling to compress spatial dimensions and a fully 
connected layer for final classification while maintaining 
accuracy across varying computational budgets. Its goal is to 
provide improved accuracy and faster inference without 
sacrificing model size or complexity. The inclusion of 
compound scaling and efficient channel attention allows 
better performance and adaptability in various scenarios. 
 

, , .d w rφ φ φα β γ= = =                                                     (1) 
 
Where EffiecientNetB0 introduced scaling in the depth d, 
width w, and resolution r. α, β, and γ are scaling coefficients, 
and ϕ symbolizes the scaling factor that controls the extent to 
which the depth, width, and resolution of the network should 
be adjusted. 

The essence of Eq. (1) allows EfficientNet to adjust its 
model complexity effectively by manipulating the depth, 
width, and resolution through the application of scaling 
coefficients and a scaling factor. This approach enables the 
model architecture to be tailored for different computational 
budgets while striving to preserve high accuracy. 
 

sq c c
1 1

1( ) ( , ).
H W

i j
F u u i j

H W = =
=

× ∑∑                                          (2) 

 
The following equation Eq. (2) calculates the average 

value of all the elements in the tensor by adding all its 
elements and then dividing this sum by the total number of 
elements, which is H × W. This process compresses the 
spatial information and reduces the spatial dimensions of the 
tensor while preserving important information for 
subsequent operations in the network. 
   

( )2 1( ) ,S zσ= ∂W W                                                             (3) 
 
where S represents the output of the excitation operation, W1 
and W2 represent the weight matrices; z is the output of the 
squeeze block, g(z, W) represents an intermediate 
computation; ∂ refers to the intermediate computations 
including ReLU operation and where σ is the sigmoid 
function. 

The above equation Eq. (3) is vital in channel attention 
mechanisms because it enables the neural network to 
concentrate on critical channels by dynamically adjusting the 
significance of each channel in the feature map (z). Weight 
matrices W1 and W2 are learned during training to emphasize 
the relevant channels while deemphasizing the less 
informative ones. The excitation operation facilitates the 
network's ability to efficiently capture channel-wise 
dependencies, leading to enhanced feature representation and 
improved global information access for superior decision 
making. 
 
3.3  Unified Spatial-Channel Attention 
 

Attention mechanisms play a crucial role in assisting 
neural networks to concentrate on essential input data, 
thereby enhancing their learning capabilities and predictive 
accuracy. They are particularly advantageous in handling 
variable sequence lengths because they enable the network to 
focus adaptively on different input segmment. 

Attention mechanisms contribute to an improved model 
performance by capturing intricate patterns and long-range 
dependencies. Moreover, the transparency provided by 
attention mechanisms helps clarify the significance of input 
elements in the decision-making process. Attention 
mechanisms optimize the computational efficiency and 
processing speed by directing attention to specific elements.     

Spatial attention focuses on spatial relationships within 
an image, as defined in Eq. (4), by focusing on specific 
regions or pixels relevant to the task. It helps models 
highlight critical spatial features such as edges or textures, 
enabling them to identify key visual patterns.  
 

( )2 1( ) ,S zσ δ= W W                                                            (4) 
 
where W1 and W2 represent the weight matrices; δ denotes 
ReLU operation; where σ is the sigmoid function and z is the 
output of the spatial squeeze block. 

By contrast, channel attention operates across channels 
or feature maps, as defined in Eq. (5), which allows the model 
to assign different weights to each channel based on its 
importance. By capturing channel-wise dependencies, it 
refines feature representations and enhances the model's 
understanding of the semantic information in the data. When 
combined with unified spatial-channel attention, these 
attention mechanisms enable the network to discern both 
spatial and semantic details, optimizing its ability to extract 
meaningful information from images. 
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( )2 1 sq c( ) ,CA F uσ δ = ⋅ W W                                             (5) 

 
Fsq(uc) denotes the spatially squeezed representation of the 
channel. 

 

 
Figure 6 Architecture of the Unified Spatial Channel Attention 

 
The flowchart in Fig. 6 shows the unified spatial-channel 

attention mechanism, which begins with the input data and 
proceeds through convolutional operations for feature 
extraction. The process then branches into spatial and 
channel attention modules. In the spatial attention module, 
convolutional layers are followed by global pooling 
operations, highlighting spatial details. Conversely, the 
channel attention module utilizes operations such as squeeze-
and-excitation, focusing on the feature interdependencies 
within each channel. These separate pathways converge, 
allowing the unified attention mechanism to successfully 
combine the spatial and channel-wise information. The 
resulting attentional output is reintegrated into the network, 
enhancing feature representation and aiding classification 
tasks. Ultimately, this unified spatial channel attention 
mechanism harmoniously merges spatial and channel-
dependent features, improving the model comprehension and 
classification accuracy, which can increase the accuracy of 
our road surface classification and generalize better for the 
task. 
 
3.4 Transfer Learning 
 

The deep learning algorithm addresses the limitations of 
traditional machine learning methods in feature extraction; 
however, it requires many images for training to achieve high 
accuracy. In addition, creating a diverse dataset of rock 
images can be time consuming. To overcome this issue, 

transfer learning was used in this study to fine-tune a specific 
model using the parameters and weights of a pretrained 
model trained on a large-scale annotated image dataset. By 
re-training and fine-tuning the specific model, a more 
accurate classification model can be obtained using fewer 
rock images and a shorter training time. In road surface 
classification using transfer learning, the process begins with 
the selection of a suitable pretrained model for feature 
extraction. The EfficientNet-B0 architecture was used as the 
pre-trained model, and customization involved loading the 
pre-trained EfficientNet-B0 weights and freezing most of the 
layers to preserve the learned features while fine-tuning only 
the final layers for the specific task. This methodology 
captures generalized features from broader image datasets 
and refines them to cater to the nuances of road-surface 
classification. By freezing the layers, the model optimizes 
computational efficiency and reduces the need for extensive 
training on the new dataset.  

After this adaptation, the model proceeds to a training 
phase with the road surface dataset, allowing it to learn task-
specific features while benefiting from the generalizable 
knowledge initially obtained from the pretrained model. 
Through this sequential process, the model gained insights 
into the distinctive characteristics of road surfaces, 
leveraging the foundational knowledge acquired from its pre-
trained state to enhance its classification capabilities. 
 
3.5 Fine Tuning 
 

Fine-tuning is a transfer learning technique that entails 
further training of a pre-trained model on a new dataset while 
retaining the knowledge it previously acquired. This 
approach builds upon the weights learned during the initial 
training and adjusts them to suit the new task or dataset 
better. 

By fine-tuning the pre-trained EfficientNet-B0 model, 
which has already gained knowledge about image features 
and patterns through its previous training, we aimed to refine 
the model's ability to recognize road surface features. We 
achieve this by making slight adjustments to the learned 
features such that they align better with the unique features 
of our new dataset. 

 
Table 4 Hyperparameters used in road surface classification 

Parameters Value 
Optimizer Adam, RMSprop 
Learning rate 1×10‒5 

Batch Size 10 
Dropout 0.3 to 0.5 
Early Stopping Validation loss, Patience = 5 
Activation Function  SoftMax function 
Loss function Categorical Cross Entropy 

 
The fine-tuning process involved two strategic steps. In 

the first step, the core layers of the model remain unaltered, 
whereas we focus on optimizing the newly integrated 
classification components, such as global average pooling 
and dense layers, all hyperparameters details are mentioned 
in Tab. 4. This phase is critical for adapting the model to 
discern unique road surface attributes identified during the 
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transfer learning stage. The second step involves refining the 
accuracy of the model in road surface classification by fine-
tuning specific advanced sections without altering the 
foundational layers. Utilizing the RMSprop optimizer, these 
adjustments aim to amplify the model's discernment of 
crucial spatial nuances that are essential for accurate 
classification. 

Overall, this methodical fine-tuning approach 
meticulously tailors the EfficientNet-B0 architecture, 
bolstered by unified spatial channel attention, to excel in 
discerning the intricate features inherent in road surface 
images. 
 
4  RESULT AND DISCUSSION 
 

We tested the model for detecting road classification for 
visually impaired pedestrians and compared it with the basic 
model EfficientNet-B0 [26] and traditional machine 
learning algorithms,  such as ResNet50 [27]  and Random 
Forest [30],  which are shown in Tab. 5. Compared to the 
models mentioned above, our approach provides promising 
results. We conducted this experiment using our hand-
labelled dataset, which includes three distinct categories: 
Asphalt, Paved, and Unpaved. We allocated 70% of the data 
for training, 20% for testing, and the remaining 10% for 
validation. We calculated the F1-score for each class as false 
negatives and false positives, which are more important than 
true negatives and true positives, as in our case, the dataset 
was not balanced. We ran this test on our manually classified 
dataset which contains 4015 training images, 557 validation 
images, and 986 testing images. In the dataset, we included 
real-world images, including images with other vehicles, 
while avoiding images that contained transitions between 
road surfaces and frames that consist of the very strong glare 
of sun rays causing reflection. Even after including images 
with complex conditions, our approach can detect the 
surfaces of vehicles with good accuracy. The Confusion 
matrix helps us understand the model performance for all 
classes of the dataset. The matrix compares the actual target 
with those predicted by our road surface quality 
classification model.  

In both machine learning and statistics, the confusion 
matrix is a crucial instrument for assessing the performance 
of the classification models. It offers a detailed comparison 
of predicted results against true values, shedding light on the 
model's overall precision and the nature of mistakes it 
commits. Fundamentally, in tasks involving multiclass 
classification, there are four primary components: True 
Positives (TP), True Negatives (TN), False Positives (FP), 
and False Negatives (FN), where TP and TN capture accurate 
predictions, and FP and FN highlight instances in which the 
model's prediction contradicts the actual outcome. By diving 
deeply into these elements, we can pinpoint areas where the 
model falls short, underscoring the essential role of the 
confusion matrix in fine-tuning and enhancing classifiers. 

The model demonstrates as in Fig. 7 strong discernment 
between Asphalt and Unpaved classes, with high precision 
and true positive rates. However, it shows a slightly higher 
tendency for misclassification within the Paved class, 

resulting in a few false positives and false negatives. Despite 
this, the model maintains a high overall accuracy, especially 
in distinguishing between Asphalt and Unpaved surfaces, and 
has a lower rate of misclassifications within the Paved class. 
 

 
Figure 7 Confusion Matrix for road surface classification 

 

 
Figure 8 Training loss and validation loss graph for the proposed model 
 

 
Figure 9 Training accuracy and validation accuracy graph for the proposed model 
 

Fig. 8 and Fig. 9 show the accuracy and loss values 
during the training and validation phases of our modified 
EfficientNetB0, respectively. The proposed novel 
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architecture, based on EfficientNetB0 with the fusion of a 
unified spatial channel attention mechanism, achieved 
99.39% testing accuracy, whereas EfficientNetB0 achieved 
96.85% accuracy. The model is deployed in the form of a web 
application on the Heroku platform using the Flask 
application, which provides satisfactory results in real-world 
conditions. 

The data presented in Tab. 5 unequivocally demonstrates 
that the proposed model outperformed the other models by a 
considerable margin. 
 

Table 5 Comparative analysis of accuracy of different models 

Classes EfficientNet 
[26] (%) 

ResNet [27] 
(%) 

Random 
Forest [30] 

(%) 

Proposed 
Model (%) 

Asphalt 97.80 92.56 72.34 99.24 
Paved 96.23 93.34 82.67 99.68 
Unpaved 96.54 89.12 78.89 99.15 

 
Table 6 Classification report of proposed model 

Name of the 
class Precision (%) Recall (%) F1-score (%) Accuracy 

Asphalt 98.28 100 99.12 99.24 
Paved 99.44 99.44 99.44 99.68 
Unpaved  98.59 98.59 98.59 99.15 

 

 
Figure 10 Output of the proposed model based on EfficientNet-B0 and Unified 

spatial channel attention 
 
A classification report serves as an instrument for 

machine learning to assess the performance of classification 
models. It provides an overall assessment of the accuracy of 
the model as well as class-specific evaluation, which helps 
identify which classes require improvement. Tab. 6 shows 
the classification report by which we can further determine 

the performance of the proposed model over individual 
classes. 

The output of the proposed model is shown in Fig. 10, 
and it was clearly able to predict the road surface with good 
accuracy.  
 
5  CONCLUSION AND FUTURE WORK 
 
 Previous research on visually impaired pedestrians has 
largely focused on the detection of obstacles in their paths to 
help them avoid potential hazards. However, our work has 
focused on assessing the quality of the road surface upon 
which these individuals must navigate. By increasing 
awareness of their surroundings, this approach can aid 
visually impaired pedestrians in adjusting their walking 
patterns and speeds. In this study, we present a novel 
architecture based on EfficientNetB0 with a unified spatial 
channel attention mechanism that achieves state-of-the-art 
results and outperforms both individual models and 
traditional machine-learning algorithms. Our proposed 
model achieved an accuracy of 99.39%, surpassing the 
96.85% achieved by EfficientNetB0. Additionally, our 
model is well suited for deployment on embedded devices 
with limited computational power. Experimental results 
confirm the efficacy of our proposed approach, and we plan 
to further expand our research by incorporating additional 
classes while maintaining high accuracy and by identifying 
various obstacles and potential hazards on the road surface, 
including stray animals. 
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