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Abstract:

This project presents a deep learning-based
approach for automatic road detection and
segmentation from high-resolution aerial images. A
Convolutional Neural Network (CNN) architecture
is designed and trained to identify road networks
from complex aerial scenes. The proposed method
leverages spatial context and multiscale feature
extraction to accurately detect and segment roads.
The CNN model is trained on a large dataset of aerial
images with annotated road masks. Experimental
results demonstrate superior performance compared
to traditional computer vision techniques. The
proposed approach enables efficient and accurate
road mapping, facilitating applications in urban
planning, autonomous vehicles, and geographic

information systems.

1-INTRODUCTION
The rapid advancements in technology, particularly
in the fields of aerial imagery acquisition and
computational power, have catalyzed significant
developments in urban planning and transportation
management. With the increasing accessibility of
high-resolution images captured by drones,
satellites, and aircraft, urban planners and engineers
are presented with an unparalleled opportunity to
analyze cities from above. This bird's-eye view
enables a comprehensive understanding of urban
environments, facilitating informed decision-
making regarding infrastructure development,
transportation ~ routing, and  environmental

monitoring. However, the effectiveness of these

analyses heavily relies on the accurate detection and
segmentation of roads within these aerial images,
essential for both understanding existing
infrastructure and planning future expansions.

Road detection and segmentation is a process that
involves identifying the physical outlines of roads
and distinguishing them from surrounding features
in an image. This task is made complex by several
factors intrinsic to aerial imagery. Variations in road
type, such as highways, local roads, and gravel
paths, introduce differences in visual characteristics
that can confuse traditional detection meth
Additionally, occlusions caused by trees, buildings,
or other structures can obscure sections of roads,
leading to incomplete data that may skew analyses.
Moreover, differing lighting conditions at different
times of day or under varying weather conditions
can impact the reflectivity and color of roads, posing
yet another challenge for effective detection.
Consequently, the traditional methods relying on
handcrafted features and classical machine learning
techniques often fall short, lacking the robustness
required to navigate this inherent variability.

In light of these -challenges, deep Ilearning
methodologies, particularly Convolutional Neural
Networks (CNNs), have emerged as powerful tools
for image analysis, including road detection and
segmentation from aerial images. CNNs excel in
learning hierarchical features directly from raw pixel
data, allowing them to adapt to the complex
variations present in aerial imagery without the need
for extensive manual feature extraction. By

leveraging large datasets, these networks can
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generalize well across different types of images,
accommodating variations in road appearance
caused by illumination changes, occlusions, and the
influence of complex urban backgrounds. This
adaptability positions CNNs as a revolutionary
approach in the domain of road detection, as they
can significantly enhance accuracy and reliability

compared to traditional methods.

2-LITERATURE SURVEY
Road  detection and segmentation using
Convolutional Neural Networks (CNNs) has gained
significant attention in recent years due to the
increasing demand for autonomous driving and
intelligent transportation systems. Traditional image
processing techniques for road detection often
struggled with variations in lighting, weather, and
road characteristics. However, CNNs have shown
remarkable ability to learn hierarchical features from
raw pixel data, making them well-suited for complex
tasks such as road segmentation. Numerous studies
have explored specialized CNN architectures and
techniques, including fully convolutional networks
(FCNs) and U-Net configurations, which have been
specifically optimized for pixel-wise classification.
These approaches leverage large annotated datasets
and augmentation  strategies to  improve
performance, demonstrating robustness across

diverse environments and conditions.

Recent advancements in this field also emphasize
the importance of integrating multi-modal data, such
as LiDAR and GPS information, alongside
traditional RGB images. Researchers have proposed
hybrid models that combine CNNs with recurrent
neural networks (RNNs) to capture temporal
information for dynamic road scenes or utilize
attention mechanisms to enhance the model's focus
on relevant features. Furthermore, the introduction

of benchmark datasets like Cityscapes and Mapillary

ISSN 2277-2685
IJESR/Jan-Mar. 2025/ Vol-15/Issue-1s/150-160

P Nanditha et. al., /International Journal of Engineering & Science Research

Vistas has facilitated performance comparison
among different methods, leading to significant
breakthroughs in accuracy and efficiency. As road
detection and segmentation continue to evolve with
the advent of more sophisticated neural architectures
and cross-domain learning techniques, the potential
applications range from smart city planning to real-
time navigational aids, underscoring the critical role

of CNNss in the future of transportation technology.

3-Hardware and Software Requirements
The successful implementation of CNNs for road
detection and segmentation from aerial images
hinges on selecting appropriate hardware and
software resources. Understanding the key
requirements outlined in this chapter will provide a
strong foundation for developing effective models
and will pave the way for innovations in automated
aerial image analytics
Hardware Requirements
When considering the hardware requirements for
optimal system performance, it is essential to focus
on the processor. A system with an Intel Core i3
processor or higher is recommended to ensure
efficient multitasking and responsiveness. This level
of processing power will enable users to run various
applications smoothly, accommodating both basic
and moderately demanding tasks.
In addition to the processor, the system's memory is
critical for performance. A minimum of 4 GB of
RAM is necessary to support effective operation,
allowing the machine to handle multiple
applications simultaneously without lag. Sufficient
RAM is vital for executing programs quickly and
efficiently, particularly when working with
resource-intensive software.
Lastly, adequate storage capacity is required to
manage data and applications effectively. A hard
disk space of at least 40 GB is recommended to

provide enough room for the operating system,
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software installations, and user files. This amount of
storage will ensure that users can save their work
without constantly worrying about running out of
space, while also allowing for future expansions or
additional software installations.

Software Requirements

For this project, the required operating system is
Windows 8 or a newer version. The coding language
utilized is Python, chosen for its versatility and ease
of use. Development and experimentation will be
carried out using Jupyter Notebook, an interactive
computing environment that facilitates the writing
and testing of code in a user-friendly manner. This
setup ensures a robust framework for developing
and executing Python scripts efficiently.

Road Detection and Segmentation from Aerial
Images

In this chapter we will discuss about
Existing/Proposed System, block diagram and
methodology for Compressive spectrum sensing for
Road Detection and Segmentation from Aerial
Images using CNN.

Existing System

Road detection and segmentation are critical tasks in
various domains, including autonomous driving,
urban planning, and geographic information
systems. The methodologies employed in this field
can generally be divided into two main categories:
classical computer vision techniques and earlier
deep learning approaches. Each of these methods
has its advantages, yet they also present significant
disadvantages that can limit their effectiveness in
real-world applications.

Proposed System

The "Road Detection and Segmentation System"
utilizes a Convolutional Neural Network (CNN)
architecture specifically designed to tackle the
complex challenges of road detection in aerial
images. This system is an essential tool for various

applications, including autonomous driving, urban
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planning, and mapping, as it helps identify road
networks in diverse environments. A series of
organized steps culminate in a robust model capable
of accurately identifying roads, beginning with data
acquisition and preprocessing.

The first step involves assembling a diverse dataset
of aerial images accompanied by detailed
annotations, marking the road masks necessary for
training the CNN. This dataset should encompass
various geographical regions, weather conditions,
and times of day to ensure that the model can
generalize well across different circumstances. The
complexity of real-world landscapes, including the
presence of shadows, vehicles, and differing road
conditions, necessitates a comprehensive range of
training data. The preprocessing phase is equally
crucial, as it includes normalization—adjusting
image brightness and contrast for consistency—and
resizing images to a standard dimension that fits the
network’s input requirements. Additionally, data
augmentation techniques are employed, such as
random rotations, flips, and changes in lighting, to
artificially expand the dataset and enhance the
model's robustness against overfitting.

In the CNN architecture phase, choosing an
appropriate backbone is critical to the system's
success. Popular architectures like ResNet provide
deep residual learning capabilities, making them
adept at capturing intricate features in high-
resolution images. U-Net, designed for precise
segmentation tasks, offers an encoding-decoding
structure that helps maintain spatial information
during the down-sampling and up-sampling
processes. Alternatively, a custom CNN architecture
can be built, specifically tailored to the nuances of
aerial images. This involves stacking several
convolutional layers to extract meaningful features
followed by pooling layers to reduce dimensionality.
The final layers consist of up-sampling techniques,

such as transposed convolutions, to generate dense
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segmentation maps that classify every pixel of the
aerial image.

Methodology

The methodology for the proposed "Road Detection
and Segmentation System" revolves around a
systematic pipeline that begins with data acquisition
and preprocessing, followed by model architecture
development, training, validation, and real-time
application. The first step involves gathering a
diverse dataset of aerial images. These images are
annotated with precise road masks, which serve as
the ground truth for training the CNN. To ensure that
the model is robust and generalizes well to unseen
data, several preprocessing techniques are
employed. This includes normalization to maintain
consistent pixel value ranges, resizing to a standard
input size for the CNN, and data augmentation
techniques like rotations, translations, flips, and
brightness adjustments. These augmentations
enhance the model's ability to recognize roads under
varying conditions, such as different times of day,

weather patterns, and geographical locations.

4-Advantages and Applications
Advantages
Road detection and segmentation from aerial images
using CNN offer several significant advantages.
e High Accuracy: CNNs are particularly good at
capturing spatial hierarchies and patterns in images,
allowing for high accuracy in segmenting roads
from complex backgrounds. Their ability to learn
features automatically reduces the reliance on
manual feature extraction.
e Automation: The use of CNNs allows for
automated road detection and segmentation,
reducing the need for manual intervention and
speeding up the process. This is particularly useful
for large datasets generated from aerial imagery.
e Robustness to Variability: CNNs can learn to

recognize roads under various conditions, such as
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changes in lighting, weather, and seasonal
variations. This robustness allows for more reliable
detection in diverse environments.

e Scalability: Once trained, CNN models can
process large volumes of aerial imagery quickly,
making them suitable for extensive geographic areas
or continuous monitoring applications, such as
urban development or disaster response.
Applications

Road detection and segmentation from aerial images
using CNN is a rapidly advancing area in both
computer vision and geographic information
systems (GIS). Aerial imagery provides a unique
perspective for analyzing road networks, and CNNs
excel at extracting features from these images. Here
are some key applications of road detection and
segmentation in this context:

e Urban Planning and Infrastructure Development:
Road Network Analysis: Understanding the current
layout of roads helps urban planners design more
efficient road networks and assess traffic flow.Site
Selection: Identifying areas that lack road
infrastructure to plan new developments or
enhancements.

e Autonomous Vehicles:

Navigation Systems: Accurate road detection is
critical for the safe navigation of autonomous
vehicles, enabling them to wunderstand their
surroundings and make real-time decisions.

Path Planning: Helps in developing algorithms for
route optimization by providing up-to-date

information about road conditions.

5-RESULTS
The workflow of road detection and segmentation
from aerial images using Convolutional Neural
Networks (CNN) follows a systematic pipeline that
effectively transforms raw aerial imagery into
processed road maps. The process begins with the

uploading of an aerial image, which serves as the
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input for the entire workflow. This initial step is
crucial as the quality and resolution of the input
image directly influence the accuracy and
effectiveness of the subsequent analyses. Aerial
images can come from various sources, such as
satellite imagery or drones, and may contain
complex features like buildings, vegetation, and
varying road textures, all of which need to be
addressed in the processing stage.

Once the aerial image is uploaded, it proceeds to the
CNN processing phase. CNNs are particularly suited
for image analysis due to their ability to
automatically learn hierarchical features from the
data. During this phase, the network analyzes the
image to identify patterns and features associated
with road structures. This involves multiple layers of
convolutions and activations, where the CNN
extracts increasingly complex features—from edges
and textures in the early layers to more abstract
representations in the deeper layers. As a result, the
network is able to distinguish between roads and
non-road elements in the imagery, enabling precise

detection of road boundaries and structures.

UML Diagrams
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The Unified Modeling Language is a standard
language for specifying, Visualization, Constructing
and documenting the artifacts of software system, as
well as for business modeling and other non-
software systems.

The UML represents a collection of best engineering
practices that have proven successful in the
modeling of large and complex systems.

The UML is a very important part of developing
object-oriented software and the software
development process. The UML uses mostly
graphical notations to express the design of software
projects.

Use Case Diagram

A use case diagram in the UML is a type of
behavioral diagram defined by and created from a
Use-case analysis. Its purpose is to present a
graphical overview of the functionality provided by
a system in terms of actors, their goals (represented
as use cases), and any dependencies between those
use cases. The main purpose of a use case diagram
is to show what system functions are performed for
which actor. Roles of the actors in the system can be

depicted.

\ Road Detection Syste\m\

;
—_— A (.

.'ﬂ;ﬂnadierja?lmage"' View Detected Roads | | Adjust Segmentation Parameters | Download Segmented magé b '!;'l-araqes'lcde']“ ""\-lecateﬂa:aset' )

Fig. Use Case Diagram

Class Diagram

In software engineering, a class diagram in the
Unified Modeling Language (UML) is a type of
static structure diagram that describes the structure

of a system by showing the system's classes, their

attributes, operations (or methods), and the
relationships among the classes. It explains which

class contains information
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@ User

e uploadimage()

e viewDetectedRoads()

o adjustSegmentationParameters()
o downloadSegmentedimage()

@ CNNModel

@ Admin

o manageModell()
e updateDataset()

o trainModel()
o predict{imageData)
o updateModel()

views uploads processes manages
Y Y
@ RoadSegment @Aen‘allmage @ Dataset
o segmentiD o imagelD

o addimage(aeriallmage)
o updatelmage(imagelD)
e getimages()

o coordinates
o confidenceScore

o imageData
o uploadDate

Fig. Class Diagram

Sequence Diagram
A sequence diagram in UML is a kind of interaction
diagram that shows how processes operate with one

another and in what order. It is a construct of a

e

Usar Web Interface

| uploadimage(image} i

.
|

| processimage(image)

Message Sequence Chart. Sequence diagrams are
sometimes called event diagrams, event scenarios,

and timing diagrams

Road Detection SystemJ l CNN Model

displayResults(detectedRoads) |

UI_EL%F Web Interface

< showDetectedRoads(detectedRoads)

L
F |

| predict{imageData) ___:

. detectedRoads |

| confirmation

Road Detection System | | CNN Model

Fig. Sequence Diagram

Activity Diagram

Activity diagrams are graphical representations of
workflows of stepwise activities and actions with
support for choice, iteration and concurrency. In the

Unified Modeling Language, activity diagrams can

Architecture

be used to describe the business and operational
step-by-step workflows of components in a system.
An activity diagram shows the overall flow of

control

155



ISSN 2277-2685
IJESR/Jan-Mar. 2025/ Vol-15/Issue-1s/150-160

P Nanditha et. al, /International Journal of Engineering & Science Research

T

I: Upload aerial Image |
L \
| Process image with CHN |

|. View Detected Roads |
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l
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&

This system implements a U-Net architecture using
TensorFlow and Keras, which is a popular neural
network design often used in image segmentation
tasks. Let's break it down step by step:

e Encoder Path (Contracting Path):

Fig. 5.5 General U-Net Architecture

input
IMEGE -
tile

¥ =z
Ao

==
The proposed model architecture resemﬁles a U-
shape (hence the name "U-Net') where the left side
(encoder) captures context (feature extraction) and
the right side (decoder) enables precise localization
(image reconstruction). The use of skip connections
through concatenation helps mitigate the vanishing
gradient problem and enables better gradient flow

during training.

s K"

The encoder path, also referred to as the contracting
path, progressively down samples the input image to
extract features. The key operations in this part
include convolutional layers, batch normalization,
dropout for regularization, and max pooling for

down sampling.

ol || OULRUL
| segmentation
o = | map

= conv 3x3, RelU
copy and crop
§ max pool 2x2
4 up-conv 2x2
e Conv Ixl

This U-Net architecture is designed for image
segmentation tasks, utilizing a combination of
convolutional layers with normalization and dropout
for feature extraction in the encoder, followed by up
sampling and skip connections in the decoder to
reconstruct the output image.

The below tables show the dataset description and
training parameters used in the development of the

model.
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Table 5.1 Dataset Description

Dataset Size Resolution
Training Set 12,452 images
(6,226 * approx. 6.2KB) 1024*1024
(6,226 * approx. 450KB)
Validation Set 1,243 images
(1,243 * approx. 450KB) 102471024
Testing Set 1,101 images
(1,101 * approx. 450KB) 102471024
Table 5.2 Training Parameters
Parameter Value
Learning Rate 0.001-0.01
Epochs 30
Optimizer Adam
o Original: The actual, real-world image of the road o Predicted: The output image generated by the road
scene. detection model, where the pixels are classified as
e Ground Truth: The manually annotated image, "road" or "background".
where the road pixels are labeled e Predicted Overlay: The predicted image overlaid
as "road" and non-road pixels are labelled as on the original image, highlighting the detected road
"background". This serves as the reference standard. area.

The user interface for the system is shown below.

# Road Detection and Segmentation [=

Read Detection and Segmentation frem Aerial Tmages

Upload Dataset Preprocess Datavet Appiy CHIN Architecture

Detest Road by Image Predicted Overtay Exit
|

Dataset uploaded from: C:/Users/tishr/Desktop/Road Detection and Segmentation from Aerial I
No images found afier preprocessing.

Pre-trained CNN model applied to the preprocessed data.

Road detection completed for image: 2704_sat jpg

Displayed the predicted overlay image.

Fig. 5.6 User Interface of the System

The below image shows the input given to the model and final output.
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Fig. 5.7

Original Image

original Ground Truth

=

Original Ground Truth

oOriginal Ground Truth
o

Predicted
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Road Detection

Road Detection

Fredicted Fredicted Overlay

Fredicted Overlay

Predicted

Fig. 5.8 Predicted Overlay

6-Conclusion

In conclusion, this project successfully demonstrates
the efficacy of Convolutional Neural Networks

(CNNs) in detecting and segmenting roads from

aerial images. By leveraging deep learning
techniques, we achieved significant improvements
in accuracy and precision compared to traditional
image processing methods. The dataset used for

training and testing encompassed diverse
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geographical regions and road types, ensuring the
model's robustness and generalizability. Through
rigorous evaluation metrics and validation
processes, our results showcased the model's ability
to adapt to various environmental conditions,
highlighting its potential for real-world applications
in urban planning, traffic management, and
autonomous vehicle navigation.

Furthermore, the insights gained from this study
underscore the importance of integrating advanced
machine learning algorithms in geospatial analysis.
Future work could involve refining the model by
incorporating larger and more diverse datasets,
experimenting  with  different  architecture
enhancements, and exploring transfer learning
techniques. Additionally, the development of real-
time processing capabilities could extend the
model's applicability for drone and satellite data,
paving the way for smarter infrastructure monitoring
and management systems. This project sets a
foundation for further exploration and innovation in
road detection and segmentation, ultimately
contributing to enhanced intelligent transportation

systems.
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