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ARTICLE INFO ABSTRACT

The Al-powered route optimization system is designed to provide effective travel routes by
analysing real-time traffic conditions. By utilizing a comprehensive dataset that includes
Revised: 21 Feb 2025 source, destination, waypoints, distance, and live traffic data, the system identifies the most
efficient route for any journey. It employs ant colony optimization (ACO), a nature-inspired
algorithm, to find optimal routes by mimicking the foraging behaviour of ants. This ensures
that the selected route is continuously updated based on current traffic conditions, minimizing
delays and enhancing travel efficiency. In addition to route optimization, the system also
estimates fuel consumption to promote economical and environmentally friendly travel. Users
input details about their vehicle's fuel level and mileage, allowing the system to calculate the
approximate distance they can cover and the fuel required for the trip. This feature helps
travellers plan their journeys with a focus on both time and fuel efficiency, ultimately reducing
fuel consumption and environmental impact. The system's real-time adaptability ensures
smooth navigation, especially in congested areas, thereby enhancing the overall driving
experience. By combining advanced route planning with smart fuel management, the system
provides a comprehensive and eco-conscious solution for modern travel needs.
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INTRODUCTION

Efficient route planning is essential in today’s transportation landscape, enabling both individuals and businesses
to reduce travel time and fuel expenses. As urban areas become more congested and traffic conditions become less
predictable, traditional navigation methods often fall short in providing the best routes. To tackle these issues, Al-
driven route optimization systems have been developed, utilizing sophisticated algorithms to identify the most
efficient travel paths. By incorporating real-time traffic data, these systems can adjust routes on the fly, ensuring
users experience minimal delays and maximum efficiency [1]. This project aims to create an intelligent route
optimization system that uses Ant Colony Optimization (ACO) to find the shortest paths. ACO, inspired by the
natural foraging behaviour of ants, is a powerful algorithm that continuously improves the optimal route based on
current traffic patterns and road conditions. The system considers important travel factors such as starting point,
destination, waypoints, distance, and time-sensitive traffic changes to produce the best route possible. By
leveraging Al techniques, the system improves navigation accuracy and offers a flexible solution for real-time traffic
issues. Additionally, the system features a fuel consumption estimation tool. Users can enter their vehicle’s fuel
level and mileage, enabling the system to estimate the travel distance and fuel needed for the trip. This combined
approach not only enhances time and cost efficiency but also helps reduce environmental impact through better
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fuel management. By merging Al-based navigation with intelligent fuel tracking, the system provides a holistic,
sustainable, and user-friendly travel experience.

A. Ant Colony Optimization (ACO):

Ant Colony Optimization (ACO) is an optimization algorithm inspired by nature that imitates how ants forage to
find the shortest path between their food source and colony. In nature, ants use pheromone trails to communicate,
which helps them identify efficient routes over time. At first, ants randomly explore various paths, but as more ants
use a specific route, they leave behind pheromones that reinforce that path. Eventually, the shortest and most
efficient routes gather higher concentrations of pheromones, drawing in more ants and solidifying the optimal
solution. In computational contexts, ACO is commonly applied to tackle complex optimization challenges,
especially in finding the shortest paths and routing networks.

The algorithm simulates artificial ants that navigate a graph (like a road network), assessing different routes based
on constraints such as distance, time, or traffic conditions. The pheromone trails are represented by numerical
values that are updated in real-time to steer future iterations toward more efficient solutions. Additionally,
evaporation mechanisms help avoid premature convergence on suboptimal paths by gradually decreasing
pheromone intensity, which encourages ongoing exploration for better options. In route optimization, ACO aids in
pinpointing the most efficient travel routes by continuously adapting to real-time traffic data [2].
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Figure 1: Ant Colony Optimization

Its flexibility makes it well-suited for ever-changing environments where road conditions can vary. By utilizing
ACO, Al-driven navigation systems can offer travellers the best routes that reduce travel time and fuel usage,
guaranteeing a smooth and efficient driving experience.

B. Native Application:

Platform, like Android, i0OS, Windows, or macOS. Unlike web or cross-platform apps, native apps are developed
using programming languages and tools that are unique to each platform—such as Java or Kotlin for Android and
Swift or Objective-C for iOS [3]. This enables them to fully utilize the device’s hardware and software features,
including the camera, GPS, accelerometer, and push notifications. Generally, native apps are faster, more efficient,
and offer a smoother user experience compared to web-based or hybrid applications. One of the main advantages of
native applications is their high performance and responsiveness, as they a native application is a software program
specifically created for a certain operating system or are tailored for the specific platform. Because they interact
directly with the device’s operating system, they provide seamless integration with system features and enhanced
security.

Native apps can work offline, allowing users to access certain features without needing a constant internet
connection. This makes them perfect for applications that require real-time processing, like navigation, gaming,
and financial services. However, creating a native application has its challenges, such as higher development costs
and longer timelines. Since native apps are specific to each platform, separate versions need to be developed and
maintained for different operating systems, which increases resource demands. Despite these hurdles, native
applications continue to be a favoured option for businesses and developers aiming to provide high-performance,
reliable, and feature-rich mobile experiences tailored to the specific needs of users [4].

RELATED WORK

Areas in Danamaliga often face significant traffic congestion at intersections, leading to wasted time, increased fuel
consumption, and environmental pollution. Traditional traffic signal systems, which rely on fixed timers, struggle
to adapt to fluctuating traffic patterns. This project proposes the development of a smart traffic light control system
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that leverages machine learning algorithms and vehicle detection technologies to optimize signal timing [5]. By
accurately detecting real-time traffic patterns with sensors and using adaptive algorithms to analyse the data, the
system can adjust signal timings dynamically to reduce congestion and enhance traffic flow efficiency. Additionally,
by synchronizing signals at intersections, this technology aims to improve safety, minimize delays, and create more
sustainable urban transportation systems. In conclusion, this innovative approach represents a significant
advancement in addressing traffic congestion challenges and improving the overall quality of city transportation
systems.

Cognitive algorithms with the Internet of Things (IoT), the proposed smart traffic management system aims to
address the urban mobility challenges faced by metropolitan areas. This technology enhances traffic light control by
utilizing cameras and sensors to monitor traffic density through digital image processing. Additionally, it employs
algorithms to predict future traffic conditions, thereby improving traffic flow and reducing congestion. To prioritize
emergency vehicles, RFID tags are implemented, while smoke and fire sensors enhance safety by detecting
potentially hazardous situations. Users can access real-time traffic updates and emergency alerts through a mobile
application that connects to a centralized server. A prototype of this technology was tested in a city in Pakistan,
along with an online program that assists authorities in future road planning by providing visual data. This
innovative approach represents a significant advancement toward smarter and more efficient urban environments

[6].

The proposed solution leverages Vehicle-to-Infrastructure (V2I) technology to address traffic congestion and
enhance road safety in Nigeria's megacities. This innovative technology features an intersection control station that
communicates with vehicles equipped with Dashboard Traffic Light (DBTL) sensors. Central to the system is the
Safe-to-Pass-First (SPF) algorithm, which analyses real-time data on vehicle positions and speeds to determine safe
crossing at intersections. By assessing the conditions of conflicting lanes, the system boosts overall traffic flow and
reduces average waiting times at junctions by 23%. Simulations conducted with Python and SUMO have
demonstrated the system's effectiveness compared to existing traffic management methods, highlighting its
potential as a viable solution for urban traffic challenges [7].

To enhance traffic signal control at intersections, this article combines computer vision and machine learning to
tackle the increasing issue of traffic congestion. The proposed solution aims to optimize traffic flow by adjusting
signal phases based on real-time data, such as queue density and vehicle waiting times. It utilizes the advanced real-
time object detection system You Only Look Once (YOLO), which relies on deep convolutional neural networks. By
applying transfer learning techniques, YOLO is deployed on embedded controllers, enabling efficient processing
and decision-making that ultimately improves vehicle flow and reduces delays at traffic signals.

In recent decades, significant traffic issues have emerged due to the rapid increase in vehicle numbers outpacing
the growth of road capacity [8]. To tackle this challenge, researchers have turned to adaptive traffic management
systems that make smart and efficient use of existing infrastructure. This study offers a comprehensive review of
various road traffic management strategies found in the literature, focusing on modern technological advancements
such as artificial intelligence (AI), the internet of things (IoT), and big data. It categorizes and evaluates different
approaches, starting with routing methods and progressing to traffic light management systems and network traffic
optimization techniques. The discussion highlights the pros and cons of each method.

A significant issue impacting traffic operations and control in urban environments is traffic congestion. Current
timer-based traffic systems struggle to adapt to fluctuating traffic volumes and the presence of emergency vehicles.
To enhance traffic flow and improve response times for emergencies, this design proposes a smart traffic system
that utilizes real-time data on average vehicle density and emergency vehicle detection. By employing the Yolov4
and MobileNet v2 convolutional neural network models, the system accurately identifies emergency vehicles and
assesses vehicle counts. This approach offers an effective solution for modern traffic management and emergency
response by dynamically adjusting traffic signals and rerouting vehicles based on the collected data, ultimately
reducing average travel times and improving emergency response efficiency.

To tackle traffic congestion in urban areas, this study introduces an innovative Arduino-based solution. The system
focuses on ensuring that ambulances can quickly navigate through busy intersections while also enhancing overall
traffic flow. It achieves this by integrating advanced traffic signal control with automatic clearance for emergency
vehicles and the identification of stolen cars. By utilizing real-time data processing and decision-making
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algorithms, the system adjusts signal timings based on current traffic conditions. The inclusion of stolen vehicle
detection not only aids law enforcement but also boosts security. Experimental evaluations conducted in both
simulated and real-world settings demonstrate the system's effectiveness, showing significant improvements in
traffic flow and emergency response times [9]. Overall, this proposed solution enhances intelligent transportation
systems by offering a comprehensive approach to optimizing emergency services and urban traffic management.

To improve traffic flow and reduce congestion, the study proposes a smart traffic management system that utilizes
advanced technologies such as sensors, cameras, real-time traffic data, and machine learning algorithms. By
analyzing data from various sources, the system can provide real-time traffic updates, adjust traffic signal timings,
and suggest alternative routes to minimize travel times and conserve fuel. Anticipated benefits include a potential
20% decrease in fuel consumption, enhanced air quality, and improved driving safety. The study's comprehensive
review of existing literature, methodologies, and results demonstrates the effectiveness of this intelligent system in
managing urban traffic.

Study highlights the urgent need for improved traffic control systems due to increasing global populations and
technological advancements. Traditional tri-color traffic signals often lead to accidents and congestion, as they are
not effective in managing traffic flow or prioritizing emergency vehicles. This project explores how emerging
technologies can enhance traffic signal management, utilizing GPS for real-time traffic information, AI and Deep
Learning for traffic forecasting, and IoT for data collection [10]. It also addresses challenges such as algorithm
complexity, scalability, security, and technology integration, proposing a more efficient traffic signal system that
reduces congestion, prioritizes emergency vehicles, and effectively monitors vehicle movements.

In response to the challenges of managing traffic in densely populated urban areas, where traditional solutions
often fail, this study proposes an Intelligent Traffic Management System. This innovative system employs the You
Only Look Once (YOLO) algorithm to automatically identify and count vehicles from video feeds, classifying them
into categories such as cars, trucks, buses, and motorcycles. By leveraging this information, the system seeks to
optimize traffic flow, alleviate congestion, and improve overall road safety by dynamically adjusting traffic light
timings based on real-time traffic density.

PROPOSED SYSTEM

The proposed Al-powered route optimization system aims to provide smart and efficient travel route suggestions by
analysing real-time traffic conditions. It utilizes a comprehensive dataset that includes key factors such as starting
point, destination, waypoints, distance, and live traffic data to find the most effective travel path [12]. To improve
route optimization, the system uses Ant Colony Optimization (ACO), a nature-inspired algorithm that mimics how
ants forage to discover the shortest and most efficient routes. By continuously adjusting to changing traffic
patterns, ACO ensures that the chosen route is dynamically optimized, minimizing delays and enhancing travel
efficiency. Additionally, the system features a fuel consumption estimation module to encourage cost-effective and
eco-friendly travel. Users can input their vehicle’s fuel level and mileage, allowing the system to estimate the
distance that can be travelled and the fuel needed for a specific journey. This functionality helps travellers plan
their trips with both time and fuel efficiency in mind, reducing unnecessary fuel use and minimizing environmental
impact [11]. Moreover, the system's real-time adaptability ensures smooth navigation, particularly in busy urban
areas where traffic conditions frequently fluctuate. By combining advanced route planning with intelligent fuel
management, this proposed system offers a comprehensive and sustainable solution to modern travel demands.
This Al-driven approach not only improves the overall driving experience but also helps lower travel costs, reduce
emissions, and enhance traffic management, making it a valuable resource for both individual users and
transportation networks.

Architecture Diagram:

The architecture diagram illustrates a well-organized workflow aimed at improving fuel consumption and route
planning through data-driven methods. It starts with data collection, where essential information like geographical
locations, fuel consumption rates, and vehicle mileage is gathered manually. This raw data then goes through pre-
processing, which involves steps such as tokenization, removing stop words, stemming, lemmatization, and part-of-
speech (POS) tagging to clean and standardize the text for analysis.



622 J INFORM SYSTEMS ENG, 10(26s)

O T %
O @& @ S

=9 9 w

DATA COLLECTED
MANUALLY

petrol P

N A

Enter mileage

Test Data Model Creation
ACO

Figure 2: Proposed Architecture System

After pre-processing, the system extracts key features that are vital for training an optimization model. These
features are then input into the Ant Colony Optimization (ACO) model, which simulates how ants find the best
paths to determine the shortest and most fuel-efficient route. The system evaluates its performance using test data
to ensure accuracy. Users can also provide additional information by entering their vehicle’s mileage and the
amount of fuel needed, which the system incorporates into the optimization process [13]. With this data, the system
analyses the information and identifies the shortest and most efficient travel route, optimizing fuel consumption
and minimizing travel costs. This smart workflow improves route planning by utilizing computational techniques
and user-specific details to offer an effective and economical travel solution.

a. Data Collection:

The initial phase of the AI-powered route optimization system is data collection, where relevant traffic and travel
information is manually gathered and saved in an Excel file in .CSV format. This dataset contains important
parameters such as source and destination points, via points, distance, travel time, real-time traffic conditions, and
fuel consumption details. This organized format makes processing and analysis more straightforward. Data can be
collected from various sources, including traffic monitoring systems, GPS devices, and historical travel logs. Since
the data is collected manually, it’s essential to ensure accuracy and consistency to enhance model performance. The
structured CSV format allows for easier handling, preprocessing, and integration with Al algorithms. This dataset is
crucial for training the system, enabling it to optimize routes effectively based on real-time conditions [14]. Proper
data collection is vital to ensure that the Al model provides accurate and efficient route predictions.

b. Pre-Processing:

Once the raw data has been collected, the next vital step is pre-processing, which entails cleaning, formatting, and
preparing the dataset for analysis. Since data gathered manually can contain errors, missing values, or
inconsistencies, pre-processing guarantees that only accurate and relevant information is utilized. This phase
includes eliminating duplicate records, managing missing values, standardizing data formats, and normalizing
values to enhance model performance. Furthermore, data transformation techniques such as scaling numerical
values and encoding categorical data help to improve model efficiency. Outliers and anomalies in the data are also
identified and removed to avoid distorted predictions. Pre-processing is essential because high-quality input data
leads to more accurate and reliable results when applying optimization techniques. By refining the dataset, this step
enhances the AI model's ability to provide precise and effective route recommendations, ensuring smooth and
accurate predictions.

c. Feature Extraction:

Feature extraction plays a crucial role in identifying and selecting important parameters (features) from the pre-
processed dataset for training the AI model. This step is essential for reducing the dataset’s dimensionality by
focusing on the most relevant factors that impact route optimization. Key features include the coordinates of the
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source and destination, road distance, traffic congestion levels, estimated travel time, vehicle fuel efficiency, and
alternative route options. These features are then used as inputs for the AI model, enabling it to accurately predict
the most optimal route. Moreover, feature selection enhances model efficiency by discarding irrelevant or
redundant data, which helps to lower computational complexity [15]. By selecting the appropriate set of features,
the AI model becomes more proficient at recognizing patterns, trends, and relationships in the data, leading to
improved route planning and more effective real-time decision-making. This step significantly enhances the overall
accuracy and performance of the system.

d. Model Creation Using Ant Colony Optimization (ACO):

The system is fundamentally based on creating models through Ant Colony Optimization (ACO), which is a nature-
inspired algorithm that mimics how ants forage to discover the shortest and most efficient paths. In the ACO
model, artificial ants explore various route options and leave behind virtual pheromones on the paths they take.
The more frequently a path is used, the stronger the pheromone signal becomes, which helps guide subsequent ants
toward the best routes over several iterations. When it comes to optimizing routes, ACO takes into account factors
such as distance, traffic congestion, and estimated travel time to identify the most effective path. The algorithm also
updates routes in real-time based on current traffic conditions, ensuring that users receive the best travel
recommendations available. Thanks to its self-learning capabilities, ACO continuously enhances route selection,
making it particularly effective for adaptive and real-time traffic management. This model guarantees that travel
routes are always optimized for minimal delays and maximum efficiency.

e. Test Data:

After developing the ACO-based model, it is essential to validate it using test data to ensure its accuracy and
effectiveness. The test dataset includes new, unseen travel and traffic data that were not part of the training process.
The purpose of this testing phase is to evaluate how well the model performs in real-world scenarios by analysing
its ability to predict optimal routes, estimated travel times, and fuel consumption. This test data is vital for
assessing the model’s accuracy, reliability, and its capacity to adapt to changing traffic conditions [16]. Key
performance indicators, such as the prediction error rate, efficiency in suggesting routes, and adaptability to new
data, are carefully examined. If the model shows good performance on the test data, it indicates readiness for
deployment. Conversely, if errors are identified, further tuning, feature adjustments, or re-training may be
necessary to improve its accuracy.

I Prediction:

The final step in the system involves making predictions, where the trained AT model takes into account real-time
traffic conditions, vehicle mileage, and fuel availability to suggest route options and estimate fuel consumption. By
considering user inputs such as starting location, destination, and current fuel level, the system identifies the
shortest and most efficient travel path while also calculating the fuel needed for the journey. The AI model
continuously refreshes its predictions as new traffic data comes in, ensuring it adapts in real-time. This predictive
feature empowers users to make informed choices about their trips, optimizing both time and fuel usage. By
providing dynamic, real-time route adjustments, the system improves overall travel experiences, cuts down on
unnecessary fuel consumption, and lessens environmental impact. The predictive model guarantees that users
always have access to the best travel routes, even during peak traffic times.

g. Implementation:

Ant Colony Optimization (ACO) and similar optimization algorithms draw on the principles of swarm intelligence
to tackle complex problems, inspired by the natural behaviors of ants. In this approach, artificial ants deposit
pheromones on the paths they traverse, mimicking the food-finding behavior of real ants. Other ants can then
follow these pheromone trails to discover the fastest and most efficient routes [17]. This method is particularly
useful for problems with multiple potential solutions, such as path finding, scheduling, or clustering, where
identifying the best solution is crucial. ACO is employed in artificial intelligence to enhance model designs and
optimize hyperparameters through systematic exploration of the solution space.

The pheromone trails left by artificial ants are continuously updated as they navigate various routes, based on the
quality of the solutions they uncover, allowing the algorithm to refine its approach further. This iterative process
not only reduces computation time but also increases the accuracy of the models being optimized. Consequently,
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ACO plays a vital role in identifying the best configurations for Al systems, ultimately enhancing their effectiveness
and efficiency in tackling complex tasks.

h. Pheromone Trail:

In Ant Colony Optimization (ACO), pheromone deposition plays a vital role in steering the search process toward
the best solutions. As ants move along a path, they leave behind pheromones to signal the quality of that route to
their fellow ants [18]. The more advantageous a solution is—such as a shorter path—the more pheromone is laid
down. This enables subsequent ants to make better choices about which paths to follow, drawing on the experiences
of those that came before them.

Pheromone Deposition Formula:

The pheromone update is formula is typically structured as follows:

Tij «— Tij + ATij
Where:
o Tj is the current pheromone level on the edge between nodes i and j.
o AT;; is the amount of pheromone deposited by ants on the edge(i,j).

The pheromone update formula is typically structured as follows:

Ty < Ty + AT
Where:
o T is the current pheromone level on the edge between nodes I and j.
o ATj; is the amount of pheromone deposited by ants on the edge(i,j).

In Ant Colony Optimization (ACO), the deposition of pheromones plays a crucial role in how ants convey the quality
of the paths they take [19]. The quantity of pheromone laid down is inversely proportional to the length of the path,
meaning that shorter, more efficient paths receive a greater amount of pheromone. This establishes a feedback loop
where paths with higher pheromone concentrations draw in more ants, steering them toward better solutions. As a
result, this mechanism promotes both the exploration of new routes and the exploitation of established good paths,
enabling the algorithm to effectively converge on optimal solutions over time.

i Probability of Path Selection:

When an ant is choosing its next move, it evaluates paths based on pheromone levels and heuristic information
(like distance). The probability P; of an ant moving from node ; to node jis given by:

Py = [Tyle[ngl?

Zkeallowed| Tik] [nk]P

Where:

o Pj: Probability of moving from I to node j.

o Tjj: Pheromone level on the edge from node i to node j.

o n;j: Heuristic information associated with the edge from node i to node j.
. a:Weighting factor for pheromone influence.

o B:Weighting factor for heuristic influence.

J. Pheromone Update:

After all ants have completed their tours, the pheromone levels are updated based on the quality of the solutions.
The pheromone update rule typically consists of two parts:

Evaporation: A fraction of pheromone evaporates over time to avoid stagnation:

Tjj« (1 - p).Tj
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Where:
o Ti;: Pheromone level on the edge from node i to node j.
o p: Pheromone eveporation rate( 0 <p < 1).

Deposit pheromone: The amount of pheromone deposited by each ant is proportional to the quality of the
solution it found:

Tij “«— Tij + ATij

The Shortest Path Cost vs. Iterations graph is a tool for assessing how the Ant Colony Optimization (ACO)
algorithm enhances route selection over time. At the beginning, the cost of the chosen path is high because the ants
are exploring randomly [20]. As the algorithm progresses through its iterations, it improves its solution by
reinforcing the most effective paths with pheromones, which leads to a gradual decrease in path cost. With each
iteration, the ACO algorithm moves closer to the optimal shortest path, reducing travel distance, time, or fuel
consumption. Typically, the graph displays a downward trend that stabilizes once an optimal or near-optimal
solution is reached. This visualization is useful for evaluating the efficiency of ACO in identifying the best route
while adapting in real-time to changing road conditions [21].

The Fuel Consumption vs. Different Routes graph is a valuable tool for examining how the choice of route affects
fuel efficiency. Each route presents different traffic conditions, elevation changes, and distances, all of which play a
role in total fuel consumption. By comparing various routes, the graph highlights which option is the most fuel-
efficient for a particular journey. Ideally, the Ant Colony Optimization (ACO) algorithm would choose a route that
minimizes fuel use while also considering travel time and traffic conditions. Routes that lead to higher fuel
consumption may involve longer distances, stop-and-go traffic, or steep grades, while more efficient routes tend to
have smoother traffic flow and shorter distances. This analysis empowers travelers to make cost-effective and
environmentally conscious decisions, helping to lower fuel expenses and reduce their carbon footprint. Integrating
this method into real-time navigation systems ensures users can achieve optimal travel efficiency with minimal fuel
consumption.

RESULT AND DISCUSSIONS

The results from the Al-powered route optimization system show its effectiveness in finding the shortest path and
estimating fuel consumption through the Ant Colony Optimization (ACO) algorithm. By analyzing real-time traffic
data alongside historical travel information, the system successfully pinpoints the best travel route while adjusting
to changing traffic conditions. It was tested across various travel scenarios, revealing a notable decrease in both
travel time and fuel consumption, which confirms the ACO's capability in addressing route optimization challenges.
By taking into account user inputs like vehicle mileage and fuel availability, the system can accurately forecast the
fuel needed for a trip, aiding users in planning their journeys more effectively. The discussion emphasizes that real-
time adaptability is a key strength of the system, as it continuously refreshes route suggestions based on current
road conditions. In contrast to traditional static navigation systems, this method ensures users face minimal delays.
The ACO-based optimization reliably identifies the best route even in heavily congested areas, demonstrating its
robustness and precision. However, the findings also suggest that the system's performance can be affected by the
quality and quantity of input data. When faced with incomplete or outdated traffic information, the model's
accuracy may be slightly compromised. Overall, the results affirm that the proposed system effectively optimizes
travel routes and lowers fuel consumption, making it a practical, cost-efficient, and eco-friendly solution. Future
enhancements could include the integration of machine learning techniques for improved traffic forecasting and
expanding the dataset to encompass a broader array of real-world travel situations. The discussion wraps up by
stating that Al-driven optimization models like ACO can greatly improve navigation systems, boosting overall
transport efficiency and sustainability.
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a. Shortest Path Cost Over Iterations:

ACO Convergence: Shortest Path vs. Iterations
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Figure 3: Shortest path cost over iterations

The Shortest Path Cost vs. Iterations graph is a tool for assessing how the Ant Colony Optimization (ACO)
algorithm enhances route selection over time. At the beginning, the cost of the chosen path is high because the ants
are exploring randomly. As the algorithm progresses through its iterations, it improves its solution by reinforcing
the most effective paths with pheromones, which leads to a gradual decrease in path cost. With each iteration, the
ACO algorithm moves closer to the optimal shortest path, reducing travel distance, time, or fuel consumption.
Typically, the graph displays a downward trend that stabilizes once an optimal or near-optimal solution is reached.

This visualization is useful for evaluating the efficiency of ACO in identifying the best route while adapting in real-
time to changing road conditions.

b. Error Rate Decreasing Over Iterations:

ACO Convergence: Error Rate vs. Iterations
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Figure 4: Area rate decreasing over iterations

In Ant Colony Optimization (ACO), the error rate measures how much the current path deviates from the optimal
shortest path. Initially, the error rate is high due to the exploration phase, but as the algorithm goes through more
iterations, it starts to refine its path choices by strengthening the more favourable routes with pheromones. As a
result, the error rate gradually decreases, showing an improvement in the accuracy of finding the optimal path.

Eventually, the error rate stabilizes, indicating that ACO has effectively learned the best route, leading to efficient
and reliable path optimization.
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c. Fuel Consumption vs. Different Routes:

Fuel Consumption vs. Different Routes

Fuel Consumption (Liters)

Route A Route B Route C Route D Route E
Different Routes

Figure 4: Differentiate the Fuel Consumption and Routes

The Fuel Consumption vs. Different Routes graph is a valuable tool for examining how the choice of route affects
fuel efficiency. Each route presents different traffic conditions, elevation changes, and distances, all of which play a
role in total fuel consumption. By comparing various routes, the graph highlights which option is the most fuel-
efficient for a particular journey. Ideally, the Ant Colony Optimization (ACO) algorithm would choose a route that
minimizes fuel use while also considering travel time and traffic conditions. Routes that lead to higher fuel
consumption may involve longer distances, stop-and-go traffic, or steep grades, while more efficient routes tend to
have smoother traffic flow and shorter distances. This analysis empowers travelers to make cost-effective and
environmentally conscious decisions, helping to lower fuel expenses and reduce their carbon footprint. Integrating
this method into real-time navigation systems ensures users can achieve optimal travel efficiency with minimal fuel
consumption.

CONCLUSION AND FUTURE WORK

The Al-driven route optimization system effectively boosts travel efficiency by analyzing real-time traffic conditions
and optimizing routes using Ant Colony Optimization (ACO). By constantly adjusting routes based on live traffic
updates, the system minimizes delays and facilitates smoother navigation, particularly in congested areas.
Additionally, by estimating fuel consumption, it empowers travelers to make economical and environmentally
conscious choices, thereby lowering fuel costs and carbon emissions. The results show that this intelligent approach
to route planning significantly enhances transport efficiency, fuel management, and the overall driving experience.
The system's adaptability to changing road conditions makes it a reliable and practical solution for modern
transportation needs. Future developments could focus on integrating machine learning for improved traffic
predictions, expanding datasets, and incorporating real-time vehicle tracking for even greater accuracy. This system
represents a smart, efficient, and sustainable method for optimizing travel in today’s fast-paced world.
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