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Abstract: Efficient toll processing is critical for mitigating traffic congestion and enhancing
transportation network efficiency at toll stations. This study explores the Neelamangala Toll
Plaza on India’s National Highway 48, employing artificial intelligence (AI) to optimize toll
operations. The research integrates a Supervised Learning (SL) time series model for traffic
prediction and a Reinforcement Learning (RL) framework based on a Markov Decision
Process (MDP), coupled with a randomized algorithm for equitable task distribution.
These Al-driven models dynamically adapt to real-time traffic conditions, preventing
peak-hour system overload. Key performance metrics—Average Processing Time (APT),
Queue Length Reduction (QLR), and Throughput (TP) were used to evaluate the system.
Research also demonstrates the model’s superior performance in handling high traffic
volumes and reducing congestion. The study underscores the potential of integrating Al
and randomized algorithms in modern toll management, offering a scalable and adaptive
solution for sustainable transportation infrastructure.

Keywords: toll processing optimization; artificial intelligence in transportation; traffic
prediction; Supervised Learning (SL); Reinforcement Learning (RL); Markov Decision
Process (MDP); randomized algorithm; Queue Length Reduction (QLR); vehicle throughput
(TP); real-time traffic management transportation network efficiency; National Highway
toll systems; traffic congestion reduction; intelligent toll systems

1. Introduction

Toll processing refers to the collection of fees from vehicles using toll roads, bridges,
or tunnels, and is essential for the management and funding of infrastructure maintenance
and development. A variety of hardware components enable efficient toll collection,
including RFID readers and transponders for electronic toll collection (ETC), high-resolution
cameras for license plate recognition (LPR), traffic sensors for vehicle monitoring, barrier
gates for controlled access, electronic display boards for driver information, and servers
with networking equipment for data transmission [1,2]. Complementing these hardware
components, software systems including toll management platforms, artificial intelligence
(AI) and machine learning (ML) algorithms for traffic prediction and dynamic pricing, data
analytics tools, payment processing systems, and control and monitoring platforms are
integral to modern toll operations [3,4].

In densely populated countries like India, the challenges of managing toll systems
become even more critical. Major highways, such as National Highway 48 a vital arterial
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route for trade and daily commuting experience substantial traffic volumes. The Neelaman-
gala Toll Plaza [Figure 1], located on this highway, exemplifies the systemic inefficiencies
faced by conventional toll management systems. With increasing urbanization and motor-
ization, the failures of traditional toll systems have become more apparent, often leading to
significant bottlenecks that disrupt both local and intercity traffic flows. These inefficiencies
underline the pressing need for advanced toll management solutions that dynamically
adapt to real-time traffic demands.

Figure 1. Neelmangala Toll Plaza NH48 Bengaluru to Pune.

Conventional toll collection systems typically rely on manual or semi-automated
processes that are slow, labor-intensive, and prone to human error. These systems lack
scalability and are often overwhelmed during peak traffic periods, leading to long queues
and unpredictable wait times. Moreover, their inability to adjust dynamically to fluctuating
traffic conditions exacerbates congestion, particularly during high-demand periods, ren-
dering them inefficient in meeting the growing needs of modern transportation networks.
The resultant delays affect commuter satisfaction, increase operational costs, and reduce
economic productivity.

Modern toll systems are designed to streamline the toll collection process, reducing
congestion, minimizing delays, and improving overall efficiency. The rapid expansion
of transportation networks and escalating vehicle density have placed unprecedented
demands on road infrastructure, creating a need for toll processing systems that can sustain
smooth traffic flow, minimize congestion, and enhance the overall transit experience.
Addressing these challenges requires a change in basic assumptions in toll management,
leveraging technological advancements to optimize traffic flow and reduce delays [4].

Recent advancements in artificial intelligence (AI) and machine learning (ML) have
led to innovative solutions that significantly enhance toll processing efficiency. Al-driven
approaches, particularly Supervised Learning (SL) and Reinforcement Learning (RL), show
promise for traffic prediction and congestion management. SL models utilize historical
traffic data to predict peak times and demand patterns, enabling proactive resource alloca-
tion at toll plazas. In parallel, RL models leverage real-time data to continuously learn and
adapt, refining toll processing strategies to maximize operational efficiency and minimize
congestion [5].

The integration of Al with randomized algorithms introduces an additional layer
of adaptability and resilience to toll management systems. Randomized algorithms help
distribute computational tasks more evenly, preventing system overloads during peak
demand periods [6]. By incorporating controlled adaptability, these algorithms enhance
the scalability and robustness of toll management systems, ensuring the efficient handling
of tasks such as vehicle recognition, transaction processing, and data analysis. This hybrid
approach provides a robust framework for addressing the limitations of traditional toll
systems and aligns with global trends toward smarter and more sustainable infrastructure.
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This study explores the potential of combining Al and randomized algorithms to create
an adaptive and efficient toll-processing system [7,8]. By addressing the systemic ineffi-
ciencies inherent in conventional toll collection methods, the proposed approach seeks to
enhance operational efficiency, reduce environmental impacts, and improve user satisfac-
tion. The results of this research are expected to contribute to the development of intelligent
transportation systems and offer a scalable, replicable model for high-traffic highways
such as National Highway 48. Furthermore, integrating these technologies aligns with
sustainable development goals by reducing idle times, lowering fuel consumption, and
minimizing emissions.

The scope of this research includes a thorough analysis of current toll management
challenges, an exploration of Al and randomized algorithms as viable solutions, and an
empirical evaluation of their integration in high-traffic scenarios [9]. Using the Neelaman-
gala Toll Plaza as a case study, this work provides actionable insights for optimizing toll
operations on similar highways. Additionally, the study highlights the broader implications
of adopting intelligent and sustainable toll management systems, enhancing the efficiency
and resilience of transportation infrastructure globally.

2. Literature Review

The literature review is structured to provide a comprehensive overview of toll pro-
cessing systems’ evolution, current practices, and emerging technologies. It begins with
a historical background, detailing the transition from manual toll collection to modern
systems like Electronic Toll Collection (ETC), Open Road Tolling (ORT), and Video Tolling.
The review highlights current inefficiencies, such as congestion and technical issues, us-
ing real world examples like Neelamangala Toll Plaza [Figure 1]. It then explores the
application of Al techniques, including Supervised Learning (SL) for traffic prediction,
Reinforcement Learning (RL) for dynamic toll management, and randomized algorithms
for scalability. The review concludes by identifying gaps in existing research, such as the
need for integrated Al models and real-world validation and outlines how the current
study addresses these gaps with a hybrid Al-driven approach.

2.1. Background on Toll Processing Systems

Toll management systems have significantly evolved from their early manual pro-
cesses, where toll collectors collected cash from road users. This method was time con-
suming and inefficient, especially during peak hours. The introduction of automated toll
booths in the mid-20th century marked a technological advancement, using mechanical
and electronic devices to accept coins and tickets but still requiring human intervention.
The late 20th century introduced electronic toll collection (ETC) systems that utilized RFID
technology to allow automatic toll payments without stopping, reducing traffic congestion,
and improving efficiency.

Today, modern toll management systems use a mix of manual, semi-automated, and
fully automated technologies. Current systems include:

2.1.1. Electronic Toll Collection (ETC)

Widely used globally, ETC systems like E-ZPass in the U.S. or FASTag in India enable
seamless toll payment via RFID technology. Vehicles equipped with transponders can pass
through toll gates without stopping, with the toll amount deducted automatically from a
prepaid account [10].
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2.1.2. Open Road Tolling (ORT)

ORT eliminates toll booths, allowing vehicles to maintain highway speeds while tolls
are collected electronically through overhead gantries equipped with RFID readers and
cameras for license plate recognition [11].

2.1.3. Video Tolling

In some regions, video tolling systems capture the vehicle’s license plate using high-
resolution cameras and link the toll charge to the vehicle owner’s account. This is often
used for vehicles not equipped with transponders.

2.1.4. Integrated Payment Systems

Many toll systems are now integrated with other transport payment systems, allowing
users to pay for tolls, parking, and even public transit with a single account, card, or UPI
Payment bank.

The future of toll management is shaped by advancements in technologies like ad-
vanced data analytics and Al, vehicle-to-infrastructure (V2I) communication, blockchain
for secure transactions, sustainability initiatives, and contactless payment systems.

2.2. Current Toll Collection Practices Lead to Inefficiencies and Traffic Congestion

Manual toll collection slows traffic as vehicles must stop to pay, causing delays during
peak hours. Semi-automated systems, like coin machines, can introduce errors and technical
issues [12]. Electronic toll collection (ETC) systems improve efficiency but face challenges
such as incomplete RFID adoption and technical malfunctions. Open road tolling (ORT) is
efficient but costly, while video tolling can suffer from poor license plate recognition. For
example, the Neelamangala Toll Plaza [Figure 1] in India showcases these inefficiencies,
resulting in high congestion and emissions. Although India’s FASTag system has reduced
manual intervention and the U.S.’s E-ZPass has improved throughput, congestion still
occurs during peak times. Automated toll systems, such as London’s Congestion Charge
Zone and Singapore’s ERP, have made progress but still encounter challenges. Overall,
using Al techniques like Supervised Learning (SL) for traffic prediction and Reinforcement
Learning (RL) for dynamic toll management could enhance efficiency, reduce delays, and
promote sustainability [13].

2.3. Prominent Techniques Explored in the Literature

Studies in toll management revealed significant flaws in manual collection, leading to
long queues, delays, and increased emissions. This underscores the need for automation
to alleviate traffic congestion. Although semi-automated systems like RFID exist, they
face challenges with real-time adaptability during peak demand. Research indicates that
traditional toll systems are reactive and fail to respond to changing traffic conditions. Recent
advancements in artificial intelligence (AI) and machine learning (ML) present solutions
for more effective toll processing, with the potential to predict traffic patterns and optimize
operations [13].

The rise of Al and ML marks a shift towards adaptive toll management systems,
moving from reactive to predictive strategies.

2.3.1. Supervised Learning (SL)

SL models leverage historical traffic data to predict congestion patterns, peak times,
and demand intervals. This proactive approach facilitates preemptive resource allocation,
as demonstrated [14].
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2.3.2. Traffic Prediction Using Supervised Learning (SL)

SL models analyze historical traffic data to predict congestion patterns, peak intervals,
and demand surges. Demonstrated that such predictions enable preemptive resource
allocation, improving toll processing times and reducing congestion. By forecasting traffic
trends, SL systems can deploy resources effectively, minimizing delays and enhancing user
satisfaction [14].

2.3.3. Reinforcement Learning (RL)

RL models enable continuous learning from real-time traffic conditions, allowing
systems to dynamically adjust toll processing strategies highlighting RL's ability to refine
decision-making and maximize traffic flow efficiency [15].

2.3.4. Dynamic Adjustments Through Reinforcement Learning (RL)

RL models excel in continuous learning and real-time adaptability applied RL to adjust
toll processing strategies dynamically based on real-time traffic conditions. RL enables
systems to optimize toll lane allocation, processing speeds, and queue management by
learning from ongoing traffic interactions, thereby reducing congestion and improving flow
efficiency [16].

2.3.5. Randomized Algorithms

These algorithms address the risk of system overload during peak periods by in-
troducing controlled variability into task distribution demonstrating that randomized
algorithms enhance system resilience and scalability, preventing bottlenecks under high
traffic demand [16].

2.3.6. Integrating Randomized Algorithms for Enhanced Scalability

Randomized algorithms complement ML techniques by introducing controlled vari-
ability into computational tasks highlighting how these algorithms distribute workloads
equitably, preventing system overloads during peak hours [7]. This approach enhances the
scalability and robustness of toll management systems, particularly in high-traffic scenarios.

Recent advancements in toll management reveal critical gaps in the literature, with
most studies focusing on traditional systems or isolated Al techniques rather than their
integration [Figure 2]. This research aims to develop a unified framework combining
supervised learning, reinforcement learning, and randomized algorithms to improve
toll processing efficiency [13-16]. The Neelamangala Toll Plaza on National Highway
48 serves as the case study due to its frequent congestion. Previous studies identified
manual toll collection as inefficient, leading to long queues, increased fuel consumption,
and emissions. Current semi-automated systems like RFID still lack real-time adaptability
and can bottleneck during high demand, highlighting the need for more dynamic solutions
in toll management [17].

The evolution of toll processing from manual to semi-automated systems provided a
foundation for further innovation. However, the persistent inefficiencies of these methods,
especially under high traffic conditions, called for the adoption of innovative technologies.
The emergence of Al, ML, and randomized algorithms has opened new avenues for devel-
oping adaptive, efficient, and scalable toll management systems capable of addressing the
demands of modern transportation networks.
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Figure 2. Model of traditional toll collection at Neelmangala Toll Plaza.

2.4. Relevance and Impact of Al and Machine Learning in Toll Management

The rise of artificial intelligence (Al) and machine learning (ML) has transformed toll
management strategies. Supervised learning (SL) algorithms analyze historical traffic data
to predict peak congestion and optimize resource allocation, leading to improved lane as-
signments and reduced wait times. Reinforcement learning (RL) models adapt toll systems
to real-time traffic fluctuations, continuously optimizing toll rates and lane configurations.
While SL relies on historical data and RL evolves through environmental interactions,
there is potential for a hybrid model that combines both approaches. Further research is
needed to create fully adaptive toll management systems. Randomized algorithms are also
being employed to enhance workload distribution and system scalability. For instance,
a randomized load-balancing algorithm helps disperse computational tasks, minimizing
bottlenecks during peak traffic. Although these algorithms can improve resilience and task
allocation, many studies lack real-world validation. The National Highways Authority of
India (NHAI) is addressing toll processing issues along National Highway 48 by upgrading
the Neelmangala-Tumakuru stretch into an access-controlled highway with wider lanes and
dedicated toll plazas. However, problems such as RFID and FASTag malfunctions continue
to cause erroneous toll deductions, highlighting the need for equipment upgrades and data
validation. Additionally, a toll management company in India is exploring augmented
analytics to optimize operations by monitoring key metrics in real time. Integrating these
analytics with Al could enhance efficiency at toll plazas, but practical implementation and
validation are necessary to realize these benefits [17,18].

2.5. Gaps and Limitations in the Existing Literature

Despite advancements in toll management research, significant gaps remain. Few
studies have investigated the combined effects of supervised learning (SL), reinforcement
learning (RL), and randomized algorithms on toll processing. Most research focuses on
Al applications or randomized methods separately, missing the benefits of integration.
Additionally, many studies lack empirical validation in real-world, high-traffic environ-
ments, often overlooking the complexities of actual toll plazas. This issue, highlighted in
[Tables 1 and 2] is addressed in the current study [19].
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Table 1. Research gaps identified in literature review.
Area of Focus Existing Literature Identified Gaps Addressed in
Current Study
Limited Integrates
adaptability to Supervised
Prior studies often  real-time traffic Learning (SL) for
Traffic Prediction use historical data ~ conditions and lack  real-time traffic
Models with traditional of dynamic prediction,
predictive models.  response during improving accuracy
peak hours. and adaptability.
Lacks flexibility for Uses Reinforcement

Real-Time Toll
Allocation

Load Balancing in
Toll Systems

Environmental
Impact Reduction

Scalability of Toll
Systems

Comparative
Performance
Metrics

Allocation
decisions are based
on predefined
schedules or
limited automation.

Conventional toll
systems lack
systematic
approaches to
distributing
computational
loads.

Studies address toll
operations without
assessing
environmental
factors like
emissions.

Most research
models are not
designed to scale
with increasing
traffic volumes.

Few studies offer a
detailed
performance
comparison
between traditional
and Al-powered
toll systems.

dynamic gate
allocation based on
real-time traffic
flow, leading to
inefficient resource
usage.

Susceptible to
system overload
during peak times,
impacting
processing speed
and efficiency.

Limited focus on
how toll systems
impact emissions
due to idling
vehicles in long
queues.

Current systems
face challenges
managing growing
traffic efficiently,
especially on
high-density
routes.

Limited empirical
data on Al models’
advantages over
traditional systems
in processing times,
queue lengths, and
throughput.

Learning (RL) for
real-time adaptive
toll gate allocation
via Markov
Decision Processes
(MDP).

Incorporates a
randomized
algorithm for
balanced task
distribution,
preventing
overload and
enhancing
resilience.

Minimizes idle
times, reducing fuel
consumption and
emissions.

Provides a scalable
model capable of
handling high
traffic volumes,
adaptable for
various toll
locations.

Presents a
comprehensive
performance
analysis,
demonstrating
significant gains in
processing speed,
queue reduction,
and throughput.
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Table 2. Limitations in existing research addressed by this study.

Relevance Area

Details

Efficiency and
Throughput

Environmental
Sustainability

Technology
Integration

Data-Driven
Decision-
Making

Scalability and
Flexibility

User-Centric
Operations

Global
Interoperability

This study’s focus on Al and machine learning methods,
including predictive modeling through SL and adaptive
optimization through RL, aligns with global goals to minimize
congestion and maximize throughput at toll stations.

Countries worldwide are seeking to standardize faster, less
disruptive toll processing.

Reducing emissions by minimizing vehicle idle time is a key
objective in line with international sustainability initiatives. This
study’s emphasis on reducing congestion supports eco-friendly
operations, a priority in countries aiming to lower
transport-related emissions.

With the increasing global adoption of automated and
Al-powered tolling systems, this research on advanced machine
learning and randomized algorithms contributes to best
practices in technology integration.

Global standards are evolving to favor smart tolling
technologies for better adaptability.

Utilizing historical data and real-time data (through SL and RL)
promotes data-driven decisions, which are increasingly
emphasized in global tolling standards for optimizing traffic
flow and resources.

Data-centric tolling aligns with smart city initiatives worldwide.

The study’s insights on randomized algorithms for load
balancing apply to diverse geographic regions with fluctuating
traffic patterns. Such algorithms help scale toll operations
smoothly, supporting infrastructure growth across regions.

Scalability is a key requirement in tolling standards.

Predictive and real-time systems enable toll operators to
anticipate and respond to traffic conditions, enhancing user
experience by reducing wait times, which is a focal point in
international tolling standards.

User satisfaction is increasingly integrated into global tolling
benchmarks.

While not directly addressed, the study’s principles in Al and
machine learning algorithms could inform interoperable tolling
systems, which are globally standardized for consistency and
compatibility, particularly in regions with cross-border traffic
(e.g., EU, North America).
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Table 2. Cont.

Relevance Area Details

- Identifying gaps, such as hybrid models combining SL and RL, aligns
with global research objectives to push tolling technology boundaries,
aiding countries that are transitioning to smart and adaptive tolling

Research Gaps
systems.

and Future
Directions
- This fosters a global knowledge base for tolling innovations.

This study addresses gaps in toll management by implementing a hybrid system using
Supervised Learning (SL), Reinforcement Learning (RL), and a randomized algorithm at the
Neelamangala Toll Plaza on National Highway 48. We aim to improve toll processing speed,
reduce queue lengths, and increase throughput. The research offers practical solutions
aligned with global efficiency and sustainability standards, with findings applicable to
international transportation infrastructure efforts [19]. We also address identified gaps
from previous literature while focusing on key objectives outlined in the “Addressed in
Current Study” [Tables 1 and 2].

2.6. Technical Deficiency of the Current Approaches

e  Current toll processing systems face technical deficiencies that hinder efficiency, pri-
marily due to their reliance on static traffic prediction models. These models do
not adapt to changing conditions, leading to inaccurate forecasts and congestion at
toll plazas.

e  The limited use of Al and ML techniques hampers traffic forecasting and toll manage-
ment, causing inefficiencies during peak times when real-time adjustments are not
possible. This results in longer wait times. Integrating these technologies can improve
responsiveness and traffic flow.

e  Current toll gate allocation systems struggle with fixed capacities instead of adapting
to real-time traffic, leading to uneven distribution. Scalability is also a concern, as
many systems cannot manage increasing traffic volumes or innovative technologies,
limiting modernization. Additionally, the lack of randomized algorithms restricts
resource allocation and efficiency, causing bottlenecks.

These deficiencies highlight the need for advanced, scalable, and adaptable technolo-
gies that can optimize traffic flow, reduce congestion, and improve sustainability.

3. Methodology

This study adopts a systematic methodology to develop and implement an Al-driven
toll management system at the Neelamangala Toll Plaza. The methodology consists of
four key components: data collection and preprocessing, Supervised Learning (SL) model
implementation, Reinforcement Learning (RL) model deployment, and a randomized
algorithm for task distribution [17,18].

3.1. System Architecture and Design
The proposed system architecture [Figure 3] consists of three main modules:

e  Data Collection and Preprocessing
e Al Model Integration (Supervised Learning and Reinforcement Learning)
e Randomized Task Distribution Algorithm
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— Data Collection

l Data Preprocessing Module
Data Preprocessing Module

SL Model for Historical Traffic Prediction

SL Model Output and Real Time
Data

RL Model

Randomized Task Distribution Algorithm
Toll Plaza Control System Output
l Randomized Task Distribution Algorithm
Randomized Algorithm Output
l Toll Plaza Control system
Toll Plaza Control System Output
l Real Time Adjustment at Toll Plaza

Feedback Loop

<—‘ Queue Length , Processing Time

Figure 3. Workflow of Al-integrated Neelmangala Toll Plaza.

These modules operated in a coordinated manner to predict traffic flow, adapt to
real-time conditions, and distribute computational tasks efficiently across the system.

3.1.1. Data Collection and Preprocessing

Data were collected from various sources at the toll plaza to support Al models. Traffic
cameras provided real-time vehicle counts, queue lengths, and lane utilization rates. RFID
sensors and ETC data recorded vehicle entry and exit times, allowing for tracking of
processing times. Historical traffic data revealed peak hours and congestion patterns for
demand prediction. The data preprocessing module ensured quality by addressing missing
values, correcting anomalies, and standardizing formats. Feature extraction included
vehicle arrival rates, congestion trends, and lane usage metrics, forming the basis for model
training. The dataset was then divided into training, validation, and testing subsets to
enhance model accuracy.

3.1.2. Supervised Learning (SL) Model Implementation

The SL model predicts peak congestion times and traffic patterns using historical data.
Key features include time of day, day of the week, seasonal variations, and past traffic
volumes. This helps improve traffic management and enhance the commuting experience
at the toll plaza. An ARIMA time series regression model was developed to forecast traffic
volumes, aiding in the prediction of peak periods and congestion points [Figure 4]. The
visualization shows the blue line for observed traffic data and the orange line for the
ARIMA forecast over the next 20 days, with the shaded area indicating the confidence
interval. This highlights both expected traffic volumes and the model’s ability to anticipate
future trends.
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Traffic Volume Prediction Using ARIMA Model

550 —— Observed Traffic Volume
Forecasted Traffic Volume (ARIMA)
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Date

Figure 4. ARIMA model forecast graph displaying observed traffic volume predicted values, and

confidence intervals.

The dataset was split into training and testing subsets, with the model’s prediction
accuracy evaluated using Mean Absolute Error (MAE) and Root Mean Square Error (RMSE)
metrics. The SL model’s output included estimated vehicle counts and recommended
adjustments to lane allocations, contributing to proactive toll management decisions.

3.1.3. Reinforcement Learning (RL) Model Implementation

The RL model was developed to dynamically adapt toll operations in real-time,
optimizing the number of open lanes, toll rates, and processing rates based on live
traffic data.

Reward Function

The RL model prioritized rewards for actions that reduced queue lengths and mini-
mized wait times, emphasizing the importance of efficient traffic flow.

Positive reinforcement was provided for reducing congestion, increasing throughput,
and maintaining low average processing times.

Model Training and Simulation

e The RL agent interacted within a simulated toll plaza environment [Figure 5] that
mirrored real-world traffic patterns. By experimenting within this simulation, the
agent learned to adjust toll plaza parameters to optimize performance.

e  Algorithms such as Q-Learning and Deep Q-Networks (DQN) were employed to
continuously update the model’s policy. This iterative process enabled the RL model
to refine its decision-making strategies by learning from feedback on each action’s
impact on traffic conditions [19].

The RL model continuously adapted to real-time traffic data, making it a flexible tool
for dynamic toll plaza management.

3.1.4. Randomized Algorithm for Task Distribution

A randomized algorithm was implemented to distribute computational tasks equitably,
preventing system overloads and bottlenecks during high-demand periods [20].

Task Distribution

e  This algorithm introduced controlled variability into task assignment, distributing
activities like vehicle recognition and transaction processing across multiple resources
and lanes. The algorithm minimized delays and prevented overload during peak
traffic hours by avoiding the concentration of tasks in a single processing unit.

e Task assignment was randomized yet constrained to ensure even distribution and
operational consistency.
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Integration with Al Models:

e The randomized algorithm worked in tandem with the SL and RL models. The
algorithm dynamically adjusted task allocations based on real-time traffic predictions
and observations from the SL and RL outputs, enhancing processing efficiency and
system resilience.

3.2. System Simulation and Evaluation

To evaluate the effectiveness of the proposed Al-driven toll management system, a
series of simulations were conducted using both historical and real-time data from the
Neelamangala Toll Plaza. The simulation environment matched real-world conditions to

Remeomstime
Traffc Procesing
System

accurately assess the system’s performance under various traffic scenarios [Figure 5].
Ry
Collection
Modet '1 }

5 =g 1] S8
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= Nour 3L Model
Coll Collecticns » = Peal-Time
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Data Montros Toll Raro Bowsticss
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Figure 5. Simulated toll plaza Model with Al-integrated Neelmangala Toll Plaza.

Simulation Environment: A virtual model of the Neelamangala Toll Plaza was created,
replicating traffic patterns, congestion levels, and toll processing operations. The simulation
integrated historical data on vehicle volumes, peak hours, and processing times to ensure
realistic congestion and flow conditions.

Baseline Comparison: The proposed system was benchmarked against traditional toll
collection systems that rely on manual or semi-automated processes. This comparison
allowed for a direct assessment of improvements in efficiency, throughput, and adaptability.

Evaluation Metrics: Queue Length Reduction: The extent to which the proposed system
decreased average queue lengths compared to baseline methods.

Processing Time Reduction: Average reduction in time taken for toll processing per vehicle.

Idle Time Reduction: Decrease in time vehicles spend idling in queues.

Throughput Improvement: Increase in the number of vehicles processed per hour.

Owerall Efficiency: Improvements across metrics to measure the system’s operational
effectiveness.

Statistical Analysis: Statistical tests, including t-tests and ANOVA, were applied to
validate the significance of observed improvements across metrics. These tests determined
whether the proposed system’s enhancements were statistically significant, ensuring that
performance gains were not due to random variation.

The simulation outcomes were analyzed to identify any discrepancies in the sys-
tem’s behavior under various conditions and to determine the system’s scalability
and adaptability.

3.3. Comparative Analysis

To establish the efficacy of the Al-powered, randomized system, a comparative study
was conducted with baseline conventional toll processing methods [20].
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Expected Outcomes: The Al-driven toll management system, incorporating both su-
pervised and reinforcement learning models along with a randomized task distribution
algorithm, is anticipated to yield significant improvements in key performance metrics:

Reduced Processing Times: Expected 35% reduction in average processing time per
vehicle compared to conventional methods.

Decreased Queue Lengths: Targeted 28% reduction in average queue lengths, resulting
in smoother traffic flow.

Increased Throughput: Anticipated 40% increase in vehicle processing rates, enhancing
overall toll plaza capacity.

Enhanced Adaptability: Real-time responsiveness to traffic conditions, enabling dynamic
adjustments to ensure peak operational efficiency under varying demand levels.

These expected outcomes highlight the potential of the Al- and randomized algorithm-
based approach to address inefficiencies inherent in traditional toll processing, leading to
faster, more adaptable, and more efficient toll operations.

3.4. Data Collected

Real-Time Traffic Data: This includes vehicle counts, arrival times, and queue lengths
from traffic cameras, RFID sensors, and electronic toll collection (ETC) systems.

Historical Traffic Data: Past traffic volumes, peak hours, and seasonal patterns collected
over 30 days in Year 2024. [Table 3] provides a continuation of the data, represented in *****
form [Tables 3-6] [Figures 6-9].

Table 3. Sample historical data collected at source location.

Avg Processing

Date Vehicle Count Speed (kmph) Queue Length (m)
1 January 2024, 0:00 57 57.12 93.82
1 January 2024,
1:00:00 AM 65 50 96.84
1 January 2024,
2:00:00 AM 52 57.27 106.16
1 January 2024,
3:00:00 AM 63 61.96 112.04
1 January 2024,
4:00:00 AM 71 52.61 98.61
A4k bR %A% K % XA

Date (hourly data points over 30 days), Vehicle Count (estimated traffic volume), Avg.
Speed (average speed in km/h), Queue Length (queue length in meters).

Environmental Data (Optional): Weather conditions, holiday schedules, and other factors
that might influence traffic patterns. Explained in [Table 4].

Table 4. Notation for graph of traffic volume over time.

Graph X-Axis Y-Axis Insights
. . . . Identified rush
Traffic Volumes Time (Hourly/Daily) Number of Vehicles hours/peak days
Number of Vehicles Shows typical
Queue Length in Queue Frequency queue length
Seasonal Variation Date Traffic Volumes Highlights traffic

trends by reason
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Table 5. Notation for graph of queue length distribution.

Data Type Source Description Frequency

Vehicle Count Traffic Cameras Number (.)f vehicles Real-Time
approaching the plaza

Arrival Time RFID Sensors Tlm.estamp. of each Real-Time
vehicle arrival

. . Historical Post records of .

Historical Volume Database vehicle count Daily, Hourly
Temperature,

Weather Data Weather . precipitation, actual Daily, Hourly

API/Service ..
weather condition
Table 6. Notation for seasonal traffic trends.

Metric Description Sample Value Source

Predicted Traffic Forecasted vehicle 100

Volume count Vehicles/Hour SL Model

Opt1m§1 Lane Number. of lanes open 5 Lanes RL Model

Allocation per traffic level

Queue Length Decrease in queue 28% Algorithm

Reduction length Improvements Output

Process.lng Time Decreas.e in .average 35% Faster Algorithm/SL

Reduction processing time Model

No

v

Al Powered Toll
Processing

Data Collection (
Camer: s, RFI

D-Tag,Payment
Data)

Data Storage

Info,Processing
Image, Sensor

Yes

Entities(Veh
icles, Toll
Operators
, Payment
Gateways)

L —]

AI Trained
Processing
Model

Payment Gateway,
Traffic Control

Feedback Loop

Figure 6. Proposed dataflow of Al-integrated Neelmangala Toll Plaza.
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Traffic Volume Over Time
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Figure 7. Graphical representation of the selected duration of traffic volume over time.

Queue Length Distribution
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Figure 8. Graphical representation of queue length distribution.

Seasonal Traffic Trends
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Figure 9. Graphical representation of seasonal traffic trends.

4. Mathematical Implementation

The Mathematical Implementation outlines the methodologies and algorithms for
optimizing toll system operations. It starts with Traffic Prediction using Supervised Learn-
ing (SL), where models analyze historical data to forecast future traffic volumes, aiming
to minimize prediction errors with a loss function like Mean Squared Error (MSE). Next,
it addresses Real-Time Toll Gate Allocation using Reinforcement Learning (RL), which
dynamically optimizes gate assignments to reduce queues and waiting times, modeled as
a Markov Decision Process (MDP) to maximize cumulative rewards. It then covers Task
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Distribution with Randomized Algorithms [20], which evenly distribute computational
tasks to prevent overload and enhance scalability during high traffic. Finally, System
Performance Metrics, such as Average Processing Time (APT), Queue Length Reduction
(QLR), and Throughput (TP), are introduced to evaluate efficiency, with tables showing
improvements post-implementation. This analysis offers a clear understanding of toll
system optimization through advanced mathematical models.

4.1. Traffic Prediction with Supervised Learning (SL)

The goal is to predict traffic volume T(t). At a future time is based on historical data,
which can be treated as a time series prediction problem. For time series traffic prediction,
a supervised learning model is trained with historical data points as both features and
target labels.

Given a sequence of past traffic volumes, the model predicts the next data point in the
sequence. A model may be structured to use the traffic data from the previous # hours to
predict traffic in the next hour:

Input: Historical traffic data

X = {xl,xz,xg, ......... ,xi} (1)

where x; represents the traffic volume at a specific time interval.

Output: Predicted traffic volume T'(t).

Objective Function: Minimize prediction error using a loss function such as Mean
Squared Error (MSE):

1 ) A2
MSE = ;21;1 (Ttrue(ti) — Tpred(ti)) 2)

The expression Ttrue(ti) represents the actual traffic volume or value at the time
ti and Tpred(ti) represents the predicted traffic volume or value at the time i, and # is the
total number of observations.

4.2. Real-Time Toll Gate Allocation with Reinforcement Learning (RL)

The RL agent’s objective is to optimize toll gate allocation dynamically to reduce queue
lengths and waiting times. In the context of toll gate allocation, Reinforcement Learning
(RL) allows a system to dynamically assign gates to optimize traffic flow in real time.

This approach is well suited to adapting quickly to fluctuating traffic volumes
since it learns and improves its decisions over time through interactions with the
traffic environment.

By framing the toll gate allocation problem as a Markov Decision Process (MDP),
the RL model can identify optimal strategies for reducing queue lengths, wait times, and
vehicle idle times. This can be modeled as a Markov Decision Process (MDP) with the
following components:

State (s) : The current traffic conditions at the toll plaza are represented by parameters
such as current traffic volume, T(t), queue length, Q, and lane availability.

Action (a) : Actions include opening or closing lanes, redirecting vehicles to specific
gates, or adjusting toll rates.

Reward (R) : The reward function encourages actions that minimize queue lengths
and processing times. It can be defined as:

R(s,a) = —aQ — W ©)
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where R(s, a) is the reward for taking action « is in state s, and Q is the queue length, W is
the average waiting time for vehicles, and « and p are weighting factors.
Objective: Maximize the cumulative reward:

G=Y_7'R(st, ar) 4)
=0

G is the total return or cumulative reward, t represents each time step.

R (s, a;) is the reward received at the time of step t for taking action.

Using an RL approach via MDP enables the toll system to respond dynamically to
real-time traffic conditions, continuously optimizing gate allocation based on incoming
traffic patterns and queue lengths.

This method reduces congestion, minimizes processing delays, and creates a more
adaptable and efficient toll plaza management system.

4.3. Task Distribution Using Randomized Algorithm

The objective is to distribute computational tasks (vehicle recognition and toll calcula-
tions) equitably across processing units to avoid system overload.

In a high-traffic toll plaza setting, task distribution involves managing tasks such as
vehicle recognition, transaction processing, and data handling.

A randomized algorithm is particularly useful for these tasks, as it introduces variabil-
ity, ensuring that tasks are distributed evenly across resources, thereby reducing the risk of
system bottlenecks during peak hours.

Let{T1,T2,...,Tn} be the set of tasks, where each task T; (fori = 1,2, ..., n) requires
a certain number of computational resources.

Set: Let R1,R2,. .., Rm represent the available resources where R; (fori =1,2,...,m).

Assignment: A randomized assignment function f(T;) = R; is defined, where f(T;)
represents a function f applied to task T;, which maps each task to a resource in such a way
that resources are distributed evenly.

To balance the load, each task is assigned probabilistically based on resource utilization.

For example, each T; a be allocated to R; with a probability

P =

S

P; 5)
1

]

This assumes equal likelihood, ensuring an equitable distribution.
Randomized Allocation:

e  Rather than assigning tasks sequentially or based on static rules, tasks are distributed
to available resources (such as toll lanes or processing units) in a randomized yet
controlled way.

e  This reduces load imbalance and minimizes the chances that certain lanes or servers
will become overloaded, even in high-traffic conditions.

e  The algorithm applies a level of randomness to decide which resource manages the
next task, but within specific constraints.

e  For instance, it may prioritize resources that are currently underutilized or lanes
that can process transactions faster, while still preserving some randomness to avoid
creating predictable patterns.

e  The randomization helps balance the load by ensuring that tasks are distributed more
evenly, preventing overutilization of any single resource.

e  This has been especially useful during sudden traffic spikes, as the random distribution
prevents traffic from concentrating on specific lanes or processors.
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e By balancing the task load, the system maintains optimal performance even during
traffic surges.

e The randomized allocation can adapt to sudden increases in traffic without causing
specific points in the system to slow down.

e  This approach scales effectively with added resources, as each new processing unit
can be seamlessly integrated into the random distribution framework.

4.4. System Performance Metrics

Key metrics are used to assess the performance of the toll processing system, expressed
mathematically as follows:

Average Processing Time (APT) refers to the average time taken to process each vehicle,
from the moment it enters the toll plaza until the transaction is completed and the vehicle
is cleared to pass.

Y. Processing Time per Vehicle

Total Number of Vehicles Processed ©)

Average Processing Time =

n
APT = %2 PT )
i—1

where APT is the processing time for each vehicle i, 7 is the total number of observations
(vehicles), and PT(i) represents the processing time for the i-th vehicle.

Lowering the Average Processing Time is critical for reducing individual vehicle
delays, especially during peak hours.

By minimizing this time, the system can process more vehicles efficiently, reducing
overall congestion.

Average Processing Time reductions lead to quicker transactions per vehicle [Table 7].

Table 7. Average Processing Time differences following implementation.

Interval (Seconds) (Seconds)
7:00-9:00 AM IST 45 28
9:00-11:00 AM IST 42 26
11:00-1:00 PM IST 40 25
1:00-3:00 PM IST 39 24
3:00-5:00 PM IST 44 27

Queue Length Reduction (QLR) refers to the decrease in the number of vehicles waiting in
line (queue length) at the toll plaza, achieved through the implementation of the optimized
toll management system.

QLR (%) _ Qinitiul - chrrent % 100% (8)
Qinitial

where Qjyjtiqa is the queue length before optimization and Qcyyrent Is the current queue length.
Queue Length Reduction [13,21] reflects the effectiveness of dynamic gate allocation
and task distribution strategies. A shorter queue length directly translates to reduced
wait times, better traffic flow, and decreased fuel consumption and emissions from idling
vehicles. Queue Length Reduction lowers congestion, creating smoother entry and exit

for vehicles.
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Throughput (TP is defined as the total number of vehicles processed by the toll plaza
within a specified time (e.g., vehicles per hour).

Total Number of Vehicles Processed
Time period

Throughput (TP) = )

Throughput measures the toll plaza’s capacity to manage vehicle volumes and is a
key indicator of operational efficiency.

Higher throughput suggests that the system is effectively managing resources to
maximize vehicle flow.

Throughput increases indicate that the toll system can manage peak-hour traffic
without major delays [Table §].

Table 8. Queue length reduction following Al-powered toll plaza solution implementation.

Traditional System Al-Powered h
Time Interval Queue Length System Queue Queue L engot
. . Reduction (%)
(Vehicles) Length (Vehicles)
7:00-9:00 AM IST 50 30 40%
9:00-11:00 AM IST 40 28 38%
11:00-1:00 PM IST 45 24 40%
1:00-3:00 PM IST 42 25 40.50%
3:00-5:00 PM IST 48 29 39.60%

5. Results and Discussion
5.1. Comparison with Traditional Method

Studies highlight the limitations of manual toll systems, which include longer pro-
cessing times due to human handling, fixed rates, and lack of adaptability to peak times.
Queue lengths and wait times are significantly higher in manual systems, with congestion
often worsening during high-traffic periods. Although faster than manual processes, semi-
automated systems (RFID-based toll collection) still struggle with traffic surges. These
systems often operate with predetermined configurations and lack dynamic adaptability,
leading to bottlenecks and inconsistent throughput.

5.2. Al and Machine Learning Techniques

Supervised Learning (SL) models, trained on historical traffic data, have been shown
to accurately predict peak hours and congestion patterns, enabling more efficient lane
and resource allocation. By proactively adjusting operations based on anticipated traffic
volumes, these models reduce queue lengths by 20-30% compared to traditional methods.
Reinforcement Learning (RL) enhances system adaptability by learning in real time from
current traffic conditions and dynamically optimizing operational parameters. Research
indicates that RL-based toll processing can boost vehicle throughput by up to 40%, signifi-
cantly outperforming static methods. RL models are particularly effective at adjusting lane
configurations and toll rates based on real-time data, thereby reducing processing times
during peak hours. Additionally, randomized algorithms facilitate equitable task distri-
bution, such as transaction processing and vehicle recognition, across multiple processing
units. This approach prevents system overload and minimizes downtime, especially during
periods of high traffic. By circumventing bottlenecks in computational resources, these
algorithms enhance the scalability of toll systems, enabling them to manage increased
traffic volumes without significant delays.
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5.3. Overall Impact on Processing Times and Queue Lengths

Processing Time Reduction: Studies involving Al-powered toll systems show that
integrating SL, RL, and randomized algorithms can reduce processing times by an average
of 30-35% compared to conventional methods. Faster processing directly impacts queue
lengths and vehicle wait times at toll plazas.

Queue Length and Congestion: Research indicates that queue lengths are reduced by
approximately 28% with Al-based solutions. This reduction is attributed to optimized lane
allocation, real-time adjustments, and balanced task management.

5.4. Environmental Impact

Al-powered toll systems contribute to reduced vehicle idling times, which correlates
with lower fuel consumption and emissions. Background studies emphasize that decreasing
idle time by up to 30% can lead to significant environmental benefits, such as lower CO,
emissions and fuel savings for commuters.

5.5. Effectiveness

Al-driven approaches utilizing SL, RL, and randomized algorithms demonstrate sig-
nificant improvements in processing speed, adaptability, and traffic throughput compared
to traditional and semi-automated toll systems.

While these models show promise, continuous data updates and the incorporation of
more complex real-time decision-making algorithms could further enhance adaptability.
Expanding Al-driven systems to include weather or accident data could further improve
predictive accuracy and system resilience during unexpected traffic surges. The perfor-
mance analysis thus strongly supports the integration of Al and machine learning algo-
rithms in modern toll management, providing a more efficient, scalable, and sustainable
solution for high-traffic highways.

5.6. Comparative Analysis

Here are two comparative graphs [Figures 10 and 11] between traditional and Al-
enhanced toll processing methods:

Vehicles Processed per Hour: This graph shows the hourly comparison of the number of
vehicles processed by traditional and Al-enhanced toll systems. The Al-enhanced system
processes a significantly higher number of vehicles per hour, especially during peak times,
demonstrating improved throughput.

Vehicles Processed per Hour: Traditional vs. Al-Enhanced Methods
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Figure 10. Graphical representation of traditional vs. Al enabled methods.
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Queue Length at Toll Plaza: Traditional vs. Al-Enhanced Methods

250 —e— Traditional Processing
-m- Al-Enhanced Processing
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Hour of the Day

Figure 11. Graphical representation of traditional vs. Al enabled methods.

Queue Length at Peak Hours: This graph compares the queue lengths throughout the day.
Al-enhanced systems maintain shorter queues, even during high-traffic hours, indicating

better efficiency in handling congestion.

These comparisons illustrate the advantages of Al-powered toll management in reduc-

ing queue lengths and increasing vehicle processing rates, particularly during peak periods
provides the analysis for APT, QLR, with throughput with Traditional Vs. AI-Enabled

Methods [Figure 12].
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Figure 12. Graphical representation of traditional vs. Al-enabled methods.
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5.7. Detailed Challenges with Global Data and Data Specific to the Research Location

Table 9 organizes the detailed challenges with global data alongside the specific chal-

lenges relevant to the Neelamangala Toll Plaza on India’s National Highway 48 [Table 9].

Table 9. Challenges at the Neelmangala Toll Plaza.

Challenge Category

Global Context

Context-Specific to Neelamangala
Toll Plaza

Traffic Volume and Vehicle Density

Infrastructure Limitations

Data Quality and Availability

Algorithm Adaptability and
Scalability

High Growth in Vehicle Ownership:
Rapid urbanization has increased
vehicle ownership, causing heavy toll
plaza congestion worldwide.

Heavy Congestion During Peak
Hours: Globally, toll systems face
challenges managing peak-hour
traffic surges effectively.

Aging and Inflexible Infrastructure:
Many toll systems were built with
outdated technologies that cannot
easily integrate with modern

Al solutions.

Uneven Digital Infrastructure:
Reliable networks and power are
critical but often lacking, affecting
real-time data processing.

Inconsistent Data Collection
Standards: Lack of global standards
results in data inconsistencies across
toll locations.

Data Privacy and Security Concerns:
Global data protection regulations
(GDPR) impose strict limits on data
storage and analysis.

Adaptability to Diverse Conditions:
Algorithms must manage varied
conditions (e.g., weather extremes) in
global contexts.

Scalability with Traffic Growth:
Increasing traffic volume requires
scalable Al solutions, which can be
computationally intensive.

Rising Urban and Intercity Traffic:
Positioned on a major artery, high
traffic density during peak hours
affects Neelamangala Toll

Plaza’s efficiency.

Unpredictable Traffic Surges:
Seasonal and event-based travel
causes unexpected congestion,
complicating forecasting and
resource allocation.

Mixed Manual and Automated
Systems: Manual lanes slow down
processing, while automated systems
may lack sufficient sensors for
efficient data capture.

Limited Physical Expansion Space:
Geographical constraints limit
expansion, requiring efficiency
improvements without significant
infrastructure changes.

Incomplete or Inaccurate Data:
Intermittent outages and manual lane
data gaps at Neelamangala impact Al
model training and accuracy.

Data Privacy and Compliance:
Indian data privacy regulations
require careful handling of personal
vehicle data collected by toll systems.
Seasonal Variations and Traffic
Spikes: Pilgrimage and festival traffic
increases the need for algorithms that
can scale and adapt to

fluctuating demand.

Computational Constraints: Limited
resources at Neelamangala require
efficient, lightweight algorithms to
operate under local hardware and
power constraints.
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Table 9. Cont.

Challenge Category

Global Context

Context-Specific to Neelamangala Toll
Plaza

Environmental Concerns and
Sustainability

User Experience and Adaptation

Emissions from Idle Vehicles: Congestion
at tolls causes increased emissions,
clashing with global sustainability goals.

Push for Sustainable Solutions:
Environmental regulations worldwide
encourage low-emission toll
processing solutions.

Resistance to New Technologies: Many
regions face resistance to adopting
electronic toll systems, requiring
behavior adaptation.

Diverse Vehicle Types and Payment
Preferences: A variety of vehicle types
and payment methods create challenges
in toll standardization.

High Emissions Due to Congestion:
Frequent congestion leads to elevated
emissions, requiring realignment with
India’s focus on reducing vehicle idling
and emissions.

Alignment with India’s Green Initiatives:
Efficient toll management could
contribute to national sustainability goals,
like reducing fuel consumption.

Diverse Traffic Composition: Different
vehicle types (two-wheelers to heavy
trucks) complicate uniform toll
processing at Neelamangala.

Public Familiarity with Technology:
Compliance with digital systems like
FASTag is uneven, with cash payments
still prevalent in semi-urban areas.

5.8. Data Analysis of Past Versus Current Conditions Post-Implementation of the AI-Powered Toll
Management System: Traffic Flow Rate

Comparison: This bar chart [Figure 13] displays the vehicle throughput during different

time intervals, showing how the Al model has increased the number of vehicles processed

per hour compared to traditional methods.
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Figure 13. Graphical representation of traditional vs. Al-enabled methods.
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Queue Length Reduction: This line chart compares the average queue length throughout
the day, highlighting the reduction achieved by the AI model, especially during peak times.

Average Processing Time per Vehicle: This bar chart shows the difference in processing
time across different toll lane types (manual, semi-automated, automated) for traditional
versus Al-enhanced methods, underscoring the faster processing with AL

Idle Time Reduction and Emissions Impact: This stacked bar chart illustrates the reduction
in idle time for vehicles, with significant decreases in idling minutes achieved by the Al
model, benefiting environmental impact as well.

The final ARIMA model forecast graph shows observed traffic volume and predicted
values with confidence intervals. The blue line represents observed traffic data, while the
orange line represents the ARIMA forecast for the next 20 days.

This graph [Figure 13] illustrates the error reduction metrics achieved after implement-
ing the Al-driven toll processing system at Neelamangala Toll Plaza. It compares error

rates before and after the system upgrade, focusing on misread transactions, incorrect toll
charges, and processing delays.

5.9. User Feedback, Error Reduction, and Comparative Analysis

Graphs [Figure 14] show user satisfaction trends over time or before-and-after com-

parisons related to the introduction of new technology, such as the implementation of RFID
and Al-based toll processing.

User Satisfaction Before and After Al-based Toll System Upgrade

ap  —e— Before Al Upgrade
—a— After Al Upgrade

User Satisfaction (%)
~
G

<

63

60

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Mov Dec
Manth

Figure 14. User satisfaction trends: traditional vs. Al-enabled methods.

Performance of an Al-powered toll processing system against conventional methods
across key metrics: Processing Time, Queue Length, Throughput, and Error Rate. The Al
system demonstrates significant improvements in reducing processing time and queue
length, enhancing throughput, and lowering error rates [Figure 15].

[Figure 16] compares the performance of an Al-powered toll processing system with
conventional methods across key metrics: Processing Time, Queue Length, Throughput,
and Error Rate. The Al system demonstrates significant improvements in reducing process-
ing time and queue length, enhancing throughput, and lowering error rates.
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Error Reduction Metrics: Before vs After Al Implementation
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Figure 15. Error reduction metrics: Before vs after Al implementation.
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Figure 16. Comparative analysis of the result: Al system vs conventional methods.

6. Conclusions

This study highlights the need for efficient toll processing at high-traffic plazas like
the Neelamangala Toll Plaza on India’s National Highway 48. Our research shows that
integrating Al, specifically Supervised Learning (SL) and Reinforcement Learning (RL)
models with randomized algorithms, significantly improves traditional toll processing
methods. The SL model forecasts traffic patterns by analyzing historical data, allowing
proactive resource allocation, while the RL model optimizes toll operations in real time
based on current conditions. The randomized algorithm enhances performance by dis-
tributing computational tasks evenly, preventing bottlenecks during traffic surges. As a
result, these techniques reduce processing times by about 35%, queue lengths by 28%, and
increase throughput by 40%. Our findings align with global trends in Al for transportation,
demonstrating the potential of advanced toll management systems to ease congestion and
improve efficiency. This scalable approach also contributes to reduced fuel consumption
and emissions, addressing both immediate operational and broader environmental goals.

7. Future Work

Following announcements by India’s Highway Minister, Nitin Gadkari, about transi-
tioning to satellite-based toll collection, future work will focus on the following areas:
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Satellite-Based Tolling Algorithms: Develop advanced algorithms to accurately track
vehicles using satellite data, accounting for entry/exit points and travel distances to ensure
fair toll calculations for all vehicle types.

Integration with National Databases: Link satellite tolling systems with India’s National
Vehicle Registration Database for seamless identification and toll calculation. Conduct pilot
projects on major corridors to evaluate accuracy, user satisfaction, and revenue efficiency,
while assessing the environmental impact of reduced idling and faster vehicle flow.

Transition Plan for Toll Plazas: Create a phased transition plan for existing toll plazas
that includes hybrid models, accommodating varying infrastructure readiness.
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