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Abstract-An essential but unfinished challenge is the
creation of a surface recognition system for
automobiles. In this research, we take a fresh look at
surface categorization by examining photographs of
actual road surfaces. High surface classification
accuracy is achieved by using the suggested
experimental approach in conjunction with a deep
neural network. This study contains original work for
road surface categorization using Deep Learning
architecture. The importance of studying the vehicle's
status has grown as technologies like the advanced
driver assistance system (ADAS) and autonomous
driving have progressed. However, studies on how to
categorize road surfaces have not been done as of yet.
If the control system is capable of classifying and
recognizing road surfaces, it can verify the data from
other sensors and make a more confident decision.
That's why it's so important to categorize the road
surfaces.

Keywords:Deep learning architecture, Advanced driver
assistance(ADAS), Autonomous driving technologies.

1. INTRODUCTION

The development of autonomous vehicle (AV)
technology has been successful during the last several
years. AV is being considered by major corporations
as a means to lessen the number of traffic-related
deaths and injuries. Researchers in Europe found that
motorist mistake was the leading cause of traffic
accidents. This causes over 25,000 fatalities annually

in Europe due to traffic accidents. Financial losses are
substantial even in the event of minor collisions. This
highlights the significance of av as a means to
counteract human mistake and improve road user
safety. Although there has been significant progress
in AV development in recent years, there are still
several unresolved issues, including the creation of a
surface identification (surface ID) system. This
system should remotely categorize the road surfaces
and warn the driver or av computer of potentially
hazardous road surfaces, ice, standing water, or
changes in the road path, allowing and the vehicle to
remain safely under control as it transitions from one
surface to another, thereby minimizing costly
damage, avoiding injury, and potentially saving lives.
One of the most important aspects of offering
autonomous driving is the ability for wvehicles to
automatically adjust their speed based on the terrain.

Keeping tabs on the state of the roads is crucial for
transportation departments worldwide. The quality of
maintenance services given by contractors across
various maintenance yards may be assessed,
alternative treatment techniques compared, and the
demand for maintenance services determined using
the data collected on the state of the roads. Travelers
and drivers may benefit from real-time data on road
surface conditions by making more informed choices
about when, where, and how to get from one place to
another.

Road weather information systems (RWIS) placed at
strategic sites or eye inspection and manual recording

JETIR2302449 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ e438


http://www.jetir.org/

© 2023 JETIR February 2023, Volume 10, Issue 2

www.jetir.org (ISSN-2349-5162)

by maintenance workers are the two most common
methods now used for monitoring the state of roads.
One is restricted in its capacity to cover a certain area,
while the other lacks impartiality, reproducibility,
specifics, and timeliness.

In this study, we propose a method to monitor road
conditions using Google Street View photos collected
by inexpensive video and still cameras installed on
non-dedicated vehicles, such as public transportation
or police cars. The goal of this endeavour is to
develop a method for objective, repeatable, and
cheaply collecting data on road surface covering,
which can then be used for widespread applications.

The purpose of this work is to make a first step in
creating an image-based system that may be used to
differentiate between six distinct road types (asphalt,
uneven, rocky, mud, river, and gravel). In this work,
we take a look at the state of the art in terms of
image-based road condition categorization methods,
present the fundamental notion underlying our
suggested system, and talk about our first findings
and potential next steps in this field.

1.1  OBJECTIVES:

The paper's main requirements for use are detailed
below:

1. A capability to identify the road surface.
2. Find different kinds of roads

3. Recognize the road as a separate element
from the image's background.
4. Accurate data.

2. PROPOSED SYSTEM

Finding sufficient amounts of high-quality, human-
annotated training data may be difficult when
teaching neural networks. Class imbalance, where
certain classes are over-represented (majority classes)
and others are under-represented (minority classes),
presents a difficulty when training neural networks
for classification tasks. Classification performance
might suffer greatly if certain classes predominate in
the training set or if other classes are only represented
by a few of examples. This has the following

ramifications for the use of deep convolutional
networks in the task of road surface classification:
There is not a dedicated dataset for road surface
classification, unlike the several that exist for general
image classification (ImageNet) or autonomous
driving in general (KITTI). Therefore, we have
collected road surface photos from the web and
trained a ResNet model to assign several class labels
to each image.

Multiple decades of mass production of automobiles
have seen the incorporation of systems for dynamic
control. Estimating the coefficient of friction between
the tyres and the road, which represents the maximum
adhesive force between the tyres and the road, is a
key difficulty for the development of effective control
algorithms. The quality of the road surface has a
significant influence on the maximum transmittable
drive or braking force, the precise amount of which
relies on a number of parameters including the tyre
and road temperatures as well as the tire's
composition. As a result, there is a lot of talk on how
to accurately estimate the friction coefficient in the
subject of vehicle dynamics. Many of the proposed
methods are reactive in nature, making use of, for
instance, the currently observed dynamics of the
vehicle to estimate the friction coefficient in observer-
based systems. Under-vehicle sensors (microphones,
radar, optical sensors) may be employed as an
alternative to reactive estimating in order to capture
the road surface underneath the car. While such
reactive techniques have been proved to improve
control performance, predictive approaches offer even
more advantages for control performance, since a
look-ahead estimate permits an early adaption of
control algorithms to impending road circumstances.
Understanding the road ahead of an autonomous
vehicle is useful not only for its control, but also for
its trajectory planning, since it enables the vehicle to
adopt planning methods, such as slowing down or
swerving to avoid rough or uneven road portions.
Camera photos give high-resolution texture
information, while LIDAR and RADAR sensors are
able to identify river surfaces owing to their varying
reflectance. Texture data may be used to spot
riverbeds, but also to tell the difference between
gravel and asphalt roadways. The new data has
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already been used to make educated guesses about the
friction coefficient of roads. It looks interesting to
employ a CNN-based strategy for surface
categorization since Deep Convolutional Neural
Networks (CNNs) have been successfully used to
numerous classification problems, including with
applications in the area of autonomous driving.
However, the effectiveness is highly dependent on the
structure of the training data. Most existing data sets
were captured under dry, varied terrain conditions,
whereas rainy circumstances yielded mud and river
photos. In this study, we demonstrate ResNet-based
convolutional network designs for differentiating
between six types of road surfaces using this dataset.

As a result, there's a need for a system that can
instantly categorize the road conditions everywhere
(e.g., asphalt, rocky, mud, uneven, gravel, and river).
ResNet techniques will be used to do the
categorization automatically. In particular, a
straightforward method of form: label will be used
instead of the traditional feature-extraction-based
method. We tackle the subject of labeling traffic
situations in the wild. Information is drawn from
footage captured by cameras installed in moving
vehicles. When being trained, each frame is assigned
a label from a set of six categories (asphalt, rocky,
mud, uneven, gravel and river). Our ability to collect
photographs belonging to these categories informed
our decision on which classes to use as the outputs for
our models. Training and testing under dynamic
conditions is a major part of our research. That's why
we think it's important to know about image
processing and road types. In our study, we are using
otsu Segmentation, a method through which 3D
pictures are flattened into 2D representations. It is
unnecessary to do training and testing since the
photos we used came directly from Google and were
therefore fully taught.

IMAGE COMPARING WITH
INPUT IMAGE PREPROCESSING OTSU SEGMENTATION THE DATASET IMAGES

TRAINING LOSS AND
RESULT AccURacY FoUND. (€1 TESTING

Fig2.1: System Architecture

3. RESULTS

Figure 3.1: The Image of The Road To Be Tested

In order to categorize the kind of road shown in the
test image, we have imported the image from
Google's dataset and used it to create our own dataset.

Figure 3.2: The Image Of The Road To Which

Otsu segmentation Is Done

To better detect any objects in the test image, it is first
transformed to a grayscale or black-and-white
version.
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Figure 3.3: This Is The Dataset To Which We

Compare The Image

To determine the classification of the road, these
pictures are extracted from the Google database and
organized into a special category.
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Figure 3.4: The Taken Image Is Plotted Against
The Database Classes

The tested image is compared with dimensions of the
images from the database/unique class and are labeled
with the class names
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Figure 3.5: Checking The Code To Figure Out The

Accuracy And Training Loss

We can notice an improvement in accuracy and a
reduction in training loss once the code has been run.
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Figure 3.6: The Image That Is Of The “Mud”
Road Type

After applying several feature improvement and
extraction methods to the examined picture, it was
determined to be of the "MUD™ type road.
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4. CONCLUSION

To forecast the road friction coefficient, we
introduced a ResNet-based method for classifying
road surfaces. In fact, the trained network models can
tell the difference between six distinct surface labels.
ResNet's overall classification accuracy was increased
by 4% and confusion when discriminating between
the roads was minimized by using photos from
Google search results for minority classes in addition
to data from publicly accessible datasets for
autonomous driving. When it comes to prediction
efficiency, our method has the potential to be a
foundational component of an autonomous driving
system (self-driving automobiles).

FUTURE SCOPE

By expanding the number of layers in the road
network, we may achieve significant improvements in
both accuracy and loss in training over preexisting
methods. If we want faster results, we may also
experiment with alternative CNN and Deep Learning
methods (i.e., time decrease). In addition, we may
tweak the program such that immediate assistance is
sent to the traveler/driver in the event of an accident.
It is possible to create the code for automated
recommendation in addition to the current road type
identification.
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