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Traffic congestion remains a pressing challenge in many urban areas, particularly within

growing cities such as Calabar Metropolis. The increase in vehicle density on limited road
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networks often leads to delays, fuel wastage, and reduced commuter productivity. Traditional
shortest path algorithms provide efficient distance-based routing but fail to adequately
capture the impact of congestion on travel time and cost. This limitation highlights the need
for a more dynamic and adaptive solution that integrates traffic conditions into route
computation. This research aimed at developing a vehicular traffic optimization system using
a modified Dijkstra shortest path algorithm. The system was designed to compute optimal
paths within Calabar’s major road networks, dynamically adjusting edge weights to reflect
congestion scenarios. Implementation was carried out using we development technologies,
with a structured storage mechanism serving as the system’s database. The interface was
equipped with a “Costometer” sidebar that presented route costs and travel distances,
alongside clear visualization of roads such as Watt Roundabout, Manye Avenue, White House
Street, Palm Street, and their adjoining routes. In its workings, the user selects the starting
point, and target location, the system compute cost in minutes. While in a heavy traffic, the
system recomputes cost from the current position of the user and provided another route
helping the user to escape staying long in traffic. The system also provide information to the
user if it is not possible to leave the traffic based on traffic condition. Experimental testing
showed that the modified algorithm effectively rerouted traffic away from congested roads
while maintaining efficiency in non-congested cases. The Costometer provided real-time route
cost updates, while the storage system ensured efficient retrieval of traffic data. The results
demonstrate that the proposed system offers a practical and reliable tool for congestion-aware
navigation and traffic optimization in Calabar Metropolis.

Keywords: Traffic Congestion, Optimization, Modified Shortest Path Algorithm, Costometer,

Navigation.

1.0 INTRODUCTION

Road transportation plays a critical role in economic and
social development, yet it continues to face persistent
challenges such as traffic congestion, frequent accidents,
and inefficient route utilization. In Nigeria, climatic factors
such as flooding and extreme weather further contribute to
the vulnerability of road networks, disrupting transportation
flow and increasing travel delays [1]. Rapid urbanization
and population growth have intensified these challenges,
in metropolitan where limited

particularly areas,

infrastructure struggles to meet rising vehicular demands
[2]. These realities highlight the urgency of adopting
advanced traffic optimization systems to enhance safety,
efficiency, and resilience of road networks.

In this current research, the proposed modification
introduces a software-based traffic optimization system
designed to overcome the limitations of traditional shortest
path algorithms, which rely on static weights. Unlike
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existing systems, the new solution integrates real-time
traffic data into the pathfinding process, ensuring that
routing decisions reflect current road conditions. The
system ingests live inputs such as average road speeds,
congestion levels, and incident alerts from external
sourcess or simulated feeds, which are then converted into
dynamic edge weights on the traffic graph. A modified
version of algorithms like Dijkstra or A* powers the
dynamic pathfinding engine, continuously recalculating
optimal routes whenever road conditions change, but
without recomputing the entire network to save time. This
enables the system to deliver real-time guidance through a
user-friendly software interface, whether as a mobile,
desktop, or web application, providing drivers with updated
routes, alternative paths, and live traffic visualizations as
conditions evolve.

Technological advancements in intelligent transportation
systems (ITS) and vehicular communication networks have
created opportunities for real-time traffic management and
data-driven decision-making. Emerging methods leverage
algorithms, artificial intelligence, and IoT-enabled devices
to predict traffic conditions, guide vehicles through optimal
routes, and reduce congestion [3],[4]. For instance,
queueing theory-based systems and machine learning
models have demonstrated potential in modeling vehicular
flow and improving traffic control mechanisms [5]. Such
approaches provide a foundation for developing smart
traffic solutions tailored to Nigeria’s unique road
challenges.

In addition, optimization algorithms such as Dijkstra, A*,
and Bellman-Ford have been applied extensively in solving
pathfinding problems within logistics, robotics, and
transportation. Their adoption in vehicular routing allows
for dynamic identification of shortest or least congested
paths, reducing travel time and resource consumption [6],
[7]. However, while these algorithms have proven effective
in controlled environments, their direct application in
Nigeria faces contextual challenges such as irregular road
networks, poor compliance with traffic rules, and
unpredictable driver behaviors [8]. This necessitates
modifications and integration with adaptive, data-driven
systems capable of responding to local complexities.

Furthermore, research in traffic management increasingly
emphasizes the integration of optimization with
sustainability goals. Studies show that well-designed signal
control systems and algorithm-based route guidance not
only reduce travel delays but also minimize fuel
consumption and vehicular emissions, contributing to
greener urban environments [9], [10]. In Nigeria, where
traffic congestion contributes significantly to economic
losses and public health risks, adopting such intelligent
optimization systems presents a dual opportunity:

improving transportation efficiency while addressing
environmental and social concerns [11]. This background
sets the foundation for exploring advanced optimization
models that can effectively enhance vehicular traffic
systems in the Nigerian context.

The proposed system is a web-based traffic optimization
platform that integrates real-time traffic data into a dynamic
shortest path algorithm to improve routing efficiency.
Unlike conventional systems that rely on static road
weights, this solution continuously ingests live inputs—
such as average road speeds, congestion indices, and
incident alerts—from traffic sourcess and road databases,
and translates them into updated edge weights on a traffic
graph. A modified Dijkstra/A* algorithm forms the core of
the pathfinding engine, recalculating only the affected
nodes and edges whenever significant changes occur,
thereby reducing computational overhead while ensuring
accuracy. The decision layer then selects and outputs the
most efficient route in real time, automatically suggesting
alternative paths if traffic conditions change mid-journey.
Through its web interface, the system presents drivers with
an interactive map that highlights the current optimal route,
traffic conditions, and possible detours, offering a user-
friendly solution that adapts instantly to dynamic road
environments

2.0 LITERATURE FOUNDATION
2.1 Vehicular Traffic System in Calabar Metropolise

Vehicular traffic systems form the foundation of modern
transportation networks, facilitating the movement of
people, goods, and services across urban and rural areas.
These systems encompass a wide range of components
including road infrastructures, vehicles, drivers, and
communication technologies that collectively determine
traffic flow efficiency. The effectiveness of a vehicular
traffic system is strongly influenced by factors such as road
design, traffic regulations, climatic conditions, and driver
behavior [12]. In many developing regions, traffic systems
often face wunique challenges due to inadequate
infrastructure, rapid urbanization, and limited integration of
intelligent traffic management solutions.

Technological ~ advancements  have  significantly
transformed vehicular traffic systems over the last decade.
The integration of vehicular communication networks and
connected autonomous vehicles (CAVs) has enhanced real-
time data sharing, enabling advanced traffic monitoring and
congestion management strategies [13]. Similarly,
industrial ToT and artificial intelligence (AI) have been
applied in vehicular logistics and transportation systems to
optimize routing, minimize delays, and improve road safety
outcomes [14]. These developments indicate a shift from

conventional, reactive traffic systems to proactive and
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predictive traffic management frameworks that leverage
real-time analytics.

Despite these innovations, traffic-related issues such as
congestion, accidents, and delays remain pressing concerns.
Studies highlight that traffic accidents are not only
influenced by infrastructural deficiencies but also by human
factors such as poor driver-to-driver communication and
non-compliance with road safety rules [15], [16].
Moreover, climatic factors such as extreme rainfall and heat
events have been shown to exacerbate traffic
vulnerabilities, particularly in regions like Nigeria, where
climate change impacts road infrastructure reliability [17].
These challenges underscore the importance of developing
adaptive vehicular traffic systems that account for both
environmental and human behavioral dynamics.

To address these complexities, researchers have explored
various optimization models. Queueing theory-based
approaches, for instance, have been applied to analyze
traffic flows and reduce congestion by modeling vehicles
as interconnected systems within a network [18]. Similarly,
traffic signal optimization and ensemble learning-based
prediction models have been employed to improve traffic
sustainability and predict flow dynamics in smart
transportation systems [19], [20]. Collectively, these
studies establish the background of vehicular traffic
systems as a multidisciplinary field that combines
engineering, computer science, and behavioral analysis to
create efficient, safe, and resilient transportation networks.

Vehicular traffic systems in Calabar, the capital of Cross
River State, reflect the broader challenges of urban traffic
management in medium-sized Nigerian cities. The city’s
road network, though moderately developed, often
experiences congestion at peak hours due to a mix of private
vehicles, public buses, motorcycles, and tricycles
competing for limited road space. Informal driving
practices and weak enforcement of traffic regulations
further compound traffic inefficiencies, leading to frequent
delays and heightened risks of accidents. Seasonal flooding,
a recurring problem in Calabar, also disrupts traffic flow

Noise l

and highlights the vulnerability of the city’s road system to
climate-related factors, aligning with findings that
emphasize the role of environmental conditions in traffic
performance [21].

On a national scale, vehicular traffic systems in Nigeria face
more significant structural and operational challenges. Rapid
urbanization and population growth in cities such as Lagos,
Abuja, Port Harcourt, and Kano have placed enormous
pressure on existing road infrastructure, resulting in chronic
congestion, delays, and elevated accident rates. Inadequate
integration of intelligent transportation systems (ITS),
insufficient traffic monitoring facilities, and irregular road
maintenance further undermine the efficiency of Nigeria’s
traffic systems [22], [23]. Moreover, driver-related factors
including poor communication skills, disregard for traffic
signals, and high levels of road rage have been identified as
critical contributors to traffic accidents across the country [24].

Efforts to optimize vehicular traffic systems in Nigeria have
begun to leverage both technological and policy-driven
approaches. Some cities are adopting intelligent traffic signal
systems and data-driven congestion monitoring tools to reduce
waiting times at intersections [25]. There is also growing
interest in using machine learning and ensemble-based
predictive algorithms to forecast traffic patterns and guide
route planning [26]. However, the widespread adoption of
these technologies remains constrained by limited
infrastructure, inadequate funding, and weak institutional
support. Consequently, Nigeria’s vehicular traffic system
requires holistic reforms that combine infrastructural
development, climate adaptation strategies, behavioral
interventions, and technological innovation to ensure safe,
efficient, and sustainable mobility.

2.2 Traffic Signal Control Systems

Traffic signal control systems are fundamental components of
vehicular traffic optimization, as they regulate the flow of
vehicles at intersections to minimize congestion and improve
safety. In modern systems, the process follows a structured
flow beginning with data input, proceeding through software-
based processing and decision-making, and culminating in
traffic signal output. This is shown in Figure 2.0 below;
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Figure 1: Traditional Vehicular Traffic Control System [27]

UKR Journal of Multidisciplinary Studies (UKRIJMS). Published by UKR Publisher




1. Input Layer (Data Collection):

Traffic signal systems rely on various data sources to
capture real-time traffic conditions. These include inductive
loop detectors embedded in roads, infrared or video
cameras, radar sensors, and increasingly, connected vehicle
data from vehicular communication networks [28]. The
collected data typically represents traffic volume, vehicle
speed, queue length, and waiting time. In advanced
systems, additional contextual factors such as pedestrian
movements, weather conditions, and even accident alerts
may also serve as input.

2. Processing Layer (Software and Algorithms):

The collected input data is transmitted to the traffic control
software, where it is processed using algorithms designed
to optimize traffic flow. Traditional systems rely on fixed-
time control based on pre-set schedules, but more advanced
systems employ adaptive algorithms that adjust signal
timing dynamically. For example, queueing theory and
optimization models can calculate the most efficient
allocation of green and red times [29]. Recent innovations
use machine learning models and ensemble learning-based
prediction algorithms to forecast near-future traffic states
and proactively adjust signal plans [30]. The software
integrates these models into decision rules that determine
which traffic movement should be prioritized at any given
moment.

3. Decision Layer (Control Logic):

Once the data has been processed, the system generates
control signals based on its decision logic. For instance, if
a heavy queue is detected on one approach while cross
traffic is light, the software may extend the green phase for
the congested direction. Similarly, if pedestrian activity is
detected, the system may allocate a dedicated crossing
phase. In coordinated traffic management systems, multiple
intersections are linked, and the control software ensures
synchronization to maintain smooth flow along major
corridors [31].

4. OQutput Layer (Signal Execution):

The final stage is the transmission of commands from the
control software to the physical traffic signal controllers at
intersections. These controllers execute the timing changes
by adjusting the duration of green, yellow, and red lights.
In intelligent traffic systems, this output is continuously
updated in real time, ensuring that the signals adapt
dynamically to changing traffic conditions rather than
operating on static cycles. The result is improved traffic
throughput, reduced idle time, lower emissions, and
enhanced road safety [32].

2.3 Importance of Optimization in Traffic Systems

Optimization in traffic systems is essential for improving
mobility, reducing delays, and ensuring efficient utilization
of limited road infrastructure. As urban populations and
vehicular ownership continue to rise, cities experience
increasing traffic congestion that hampers economic
productivity and contributes to higher transportation costs.
Optimization strategies, such as adaptive signal control,
dynamic route guidance, and real-time monitoring, enable
road networks to handle larger traffic volumes more
effectively while minimizing gridlock [33], [34]. Without
such measures, traffic systems risk becoming
overstretched, resulting in longer travel times, fuel wastage,
and greater driver frustration.

Beyond congestion reduction, optimization is critical for
enhancing road safety. Studies reveal that poor traffic
management and ineffective driver-to-driver
communication significantly contribute to accidents,
especially in developing regions with weak enforcement of
traffic rules [35], [36]. By incorporating intelligent
transportation systems (ITS), predictive analytics, and real-
time decision-making models, traffic optimization
frameworks can mitigate accident risks by identifying
hazards early and adapting traffic flows accordingly. For
instance, queueing theory-based optimization techniques
ensure smoother traffic distribution, reducing the likelihood
of bottlenecks and collision-prone intersections [37].

Environmental sustainability also underscores the
importance of optimization in traffic systems. Prolonged
congestion increases greenhouse gas  emissions,
deteriorates air quality, and exacerbates urban pollution
levels. Smart traffic signal optimization and ensemble
learning-based flow prediction models have been shown to
significantly cut idle times and fuel consumption, thereby
reducing the environmental footprint of road transportation
[38], [39]. This makes optimization a vital tool not only for
improving mobility but also for advancing climate action
goals, particularly in regions such as Nigeria where climate-
related vulnerabilities already affect road infrastructure
reliability [40].

Optimization enhances economic and social efficiency by
ensuring reliable connectivity within and between cities. In
logistics and supply chain management, optimized traffic
systems reduce delays in the movement of goods and
services, leading to lower operational costs and improved
customer  satisfaction [41]. Likewise, vehicular
communication networks and connected autonomous
vehicles (CAVs) rely on optimized data offloading and
routing mechanisms to function effectively in real-time
[42]. These benefits highlight that traffic optimization is not
merely a technical challenge but a socio-economic
necessity that underpins sustainable urban development,
economic resilience, and improved quality of life.
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2.4 Dynamic Route Guidance in Traffic Systems

Dynamic Route Guidance Systems (DRGS) are intelligent
frameworks designed to provide real-time navigation
support for vehicles by suggesting the most efficient routes
based on prevailing traffic conditions. Unlike static
navigation systems that rely on predefined maps, DRGS
dynamically integrates live data streams such as congestion
levels, accident reports, weather conditions, and road
closures to guide drivers toward optimal paths [43]. This
makes them especially relevant in urban areas where traffic
conditions change rapidly and require adaptive decision-
making.

A core component of DRGS is their reliance on algorithms
for shortest and optimal path determination. For instance,
modifications of classical algorithms such as Dijkstra’s
have been developed to allow dynamic weight adjustments
based on traffic density and road constraints [44]. By
embedding these adaptive routing algorithms, route
guidance systems can continuously update the suggested
paths as conditions change, reducing travel times and
minimizing unnecessary congestion. Such adaptability
ensures that road users benefit from more efficient
journeys, while overall network performance improves.

Integration with Artificial Intelligence (AI) and predictive
modeling has further advanced the efficiency of DRGS. Al-
driven approaches enable systems to not only react to
current conditions but also anticipate congestion patterns,
thereby recommending preventive rerouting strategies [45].
For example, machine learning techniques analyze
historical traffic data alongside real-time input to forecast
future congestion hotspots, which can then inform dynamic
route allocation. This predictive capability makes DRGS
indispensable in smart city infrastructures.

Moreover, DRGS play a critical role in urban congestion
management by distributing vehicular flows across the
available road network. In urban centers like Enugu, the
analysis of route-way dynamics reveals how uneven traffic
distribution often worsens bottlenecks [46]. By guiding
vehicles along alternative but less congested routes, DRGS
help balance traffic loads, thus enhancing travel efficiency
across entire networks rather than focusing solely on
individual driver benefit. This network-wide optimization
is crucial for reducing systemic congestion in rapidly
growing cities.

The functionality of DRGS is also being enriched by
geospatial analysis and digital mapping technologies.
Geolocation data, when combined with adaptive signal
control, can significantly improve route guidance
accuracy[47]. Additionally, spatial distribution studies,
such as those examining jetty and road access in Port
Harcourt, highlight the importance of accessibility analysis

in designing effective route guidance strategies [48]. By
embedding such geospatial intelligence, DRGS can deliver
more context-aware and location-specific guidance.

Finally, the application of DRGS extends to logistics,
emergency services, and cost-sensitive routing problems.
For example, traveling salesman problem (TSP)-based
models have been employed in mail delivery systems to
minimize cost and improve efficiency through optimized
routing [49]. Similarly, in emergency response scenarios,
DRGS can ensure that ambulances and fire services are
directed through the fastest and most reliable routes,
potentially saving lives. This versatility underscores the
transformative potential of DRGS across multiple domains,
from urban commuting to large-scale transportation
networks.

Beyond personal and commercial vehicle use, integration
with hybrid and electric vehicle systems is another area
where DRGS have shown significant potential. By
combining multistate vehicle-traffic information with
energy management strategies, these systems can optimize
routes not only for time but also for fuel or battery
efficiency [50]. This capability is critical for reducing
emissions in urban areas and promoting sustainable
transportation practices. As cities push toward greener
mobility, DRGS provide the intelligence needed to balance
environmental concerns with mobility demands.

Another important dimension of DRGS is their connection
to infrastructure optimization. Research on smart pavement
design and boundary layer modeling shows that intelligent
infrastructure can be embedded with sensors to provide
continuous updates on road conditions, surface efficiency,
and energy transfer effects [51]. Such data can be fed into
DRGS, enriching their guidance accuracy and enabling
more proactive rerouting. When integrated with pervious
concrete and road material innovations that enhance
drainage and durability, DRGS can recommend routes that
are both faster and safer, especially during adverse weather
conditions [52].

In view of these, DRGS contribute to broader transportation
network resilience by supporting adaptive responses during
disruptions such as accidents, road repairs, or natural
disasters. For example, RoPax ferry designs in Nigeria’s
coastal waters emphasize pliability and adaptability to
changing travel demands [53]. Applying a similar principle,
DRGS provide a flexible routing framework that keeps
urban systems functional under stress, ensuring that people
and goods continue moving efficiently even in the face of
disruptions. This adaptive quality highlights DRGS as a
cornerstone of future smart mobility ecosystems.

2.5 Shortest Path Algorithms in Vehicular Traffic
Optimization
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The shortest path problem forms the foundation of
vehicular traffic optimization, as it directly influences how
vehicles navigate through complex and dynamic road
networks. In urban mobility, determining the most efficient
route is not merely about minimizing physical distance but
also about accounting for real-time conditions such as
congestion, traffic signals, accidents, and road closures.
Over the years, researchers have developed a variety of
algorithms designed to compute optimal or near-optimal
routes that balance speed, accuracy, and scalability. These
algorithms, ranging from classical approaches like
Dijkstra’s and Bellman-Ford to more advanced heuristic
and Al-driven models, play a pivotal role in enhancing
travel efficiency and reducing delays in transportation
systems.

This section provides an overview of shortest path
algorithms as they apply to vehicular traffic optimization.
It highlights the importance of shortest path computation in
traffic routing, the criteria used to evaluate algorithmic
performance, and the practical considerations that
determine their applicability in real-world contexts. By
examining both theoretical principles and applied
strategies, this section establishes the groundwork for
comparing classical approaches with modern techniques,
ultimately identifying gaps that motivate the need for
improved algorithms in intelligent transportation systems.

The shortest path problem is central to the efficiency of
vehicular traffic systems, as it determines the ability of
vehicles to navigate urban networks with minimal travel
time and cost. By identifying optimal routes, shortest path
algorithms help reduce congestion, fuel consumption, and
overall journey delays, which are particularly important in
rapidly urbanizing environments like Abuja, Nigeria [54].
In such cities, poorly optimized routes not only increase
operational inefficiencies but also contribute to elevated
carbon emissions and driver stress. Thus, shortest path
solutions form the computational backbone of sustainable
and effective traffic management.

2.6 Classical Shortest Path Algorithms
A. Dijkstra’s Algorithm

Dijkstra’s algorithm is a foundational pathfinding method
used to identify the shortest route between nodes in a
weighted graph, making it highly relevant for traffic
optimization where roads are modeled as edges with
weights representing distance, time, or congestion. Its
deterministic process guarantees accurate and reliable
shortest paths, which is valuable for applications such as
urban navigation, bus route planning, and intelligent traffic
management [55],[56]. The algorithm has also been
adapted across domains, from production planning to

industrial automation, demonstrating its versatility [57],
[58]. However, despite these strengths, Dijkstra’s algorithm
faces scalability and real-time adaptation challenges, as it
requires significant computational resources and frequent
recalculations to account for dynamic traffic conditions like
accidents or sudden congestion [59]. These limitations have
spurred modifications and hybrid approaches aimed at
improving its efficiency and responsiveness in modern
intelligent transportation systems.

B. A (A-Star) Algorithm

The A* (A-Star) algorithm 1is a heuristic-based
pathfinding algorithm that extends Dijkstra’s algorithm
by incorporating a cost function, f(n)=g(n)+h(n)f(n) =
g(n) + h(n), where g(n)g(n) is the actual cost from the
start node to the current node, and h(n)h(n) is a heuristic
estimate of the cost from the current node to the
destination. This combination enables A* to find the
shortest path more efficiently by prioritizing nodes that
appear closer to the goal [60]. In traffic systems, A* has
been widely applied to vehicle navigation, autonomous
driving, and urban traffic routing due to its ability to
balance accuracy and efficiency [61]. By integrating
heuristic functions such as estimated travel time or
congestion levels, A* adapts to real-world traffic
networks, allowing vehicles to dynamically select routes
that minimize delays and improve mobility.

C. Bellman-Ford Algorithm

The Bellman-Ford algorithm is a classical shortest
pathfinding method that computes the minimum cost
paths from a single source to all other nodes in a
weighted graph, with the unique ability to handle
negative edge weights, unlike Dijkstra’s algorithm. Its
mechanism is based on iterative relaxation of all edges
up to (V—1) times, ensuring accurate results even in
variable or uncertain environments such as traffic
systems where costs may fluctuate due to toll
adjustments, congestion pricing, or incomplete
information [62], [63]. The algorithm’s flexibility makes
it advantageous in modeling complex transport
networks, and it has been extended to fuzzy,
probabilistic, and symbolic contexts to enhance
decision-making in uncertain conditions [63]. However,
its major limitation lies in its higher time complexity of
O(VxE), which reduces efficiency in large-scale, real-
time vehicular networks, where rapid recalculations are
critical for dynamic routing [66]. In comparing the three
algorithms in focus, we present them side by side in
Table 1 as seen below;
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Table 1: Strengths and weaknesses of the three algorithms

Algorithm Strengths Weaknesses
- Efficient in static networks O((V+E)log V)) - - Poor adaptability to dynamic traffic -
Dijkstra Moderate memory usage - Guarantees optimal Requires recomputation for real-time
solution updates
- Faster with good heuristics - Effective for real- - Higher memory usage -Performance
A% time rerouting - Balances accuracy and efficiency | depends heavily on heuristic quality

Bellman-Ford ) )
implementation

- Handles negative edge weights -Works well in
variable/uncertain environments - Simple

- High time complexity O(VE)) -Slow
convergence in large-scale real-time traffic
systems

Review of different works done by other authors on optimization and dynamic traffic systems have been done, and we

present their respective research gaps in Table 2 as below;

2.7 Gaps in the Current System and the Proposed
Solution

Traditional shortest path algorithms such as Dijkstra, A*,
and Bellman-Ford have been widely used in traffic
optimization systems; however, they often operate with
fixed road weights or distances, assuming static traffic
conditions. This limitation prevents them from
responding effectively to sudden road events such as
congestion, accidents, or blockages. Among these
algorithms, Dijkstra’s Algorithm was chosen for this
study because it is computationally efficient, consuming
less memory and processing time compared to others.
Nonetheless, its conventional form lacks the dynamism
needed to reflect changing road conditions in real time.

To address this gap, the current work modifies the
traditional Dijkstra’s Algorithm by incorporating
directional and cost adaptability into its computation
process. The modified version allows the system to
dynamically adjust when congestion or road incidents
occur by reversing direction, rerouting vehicles, and
reassigning road weights to reflect updated traffic
conditions, which is something the existing system could
not achieve [63]. This ensures that when a route becomes
congested, the system automatically evaluates available
alternatives and redirects users to a faster, less congested
path. The integration of this dynamic behavior enables
real-time rerouting, minimizes travel time, and prevents
vehicles from remaining trapped in long queues. The

modified algorithm transforms Dijkstra’s static model
into a flexible, intelligent, and responsive pathfinding
mechanism, suitable for real-world traffic management
in Calabar Metropolis.

3.3 METHODOLOGY

The methodology adopted for this research involves the
design and implementation of a web-based intelligent
traffic navigation system that leverages real-time data to
provide users with optimal routes within Calabar Local
Government Area, Cross River State. The system
follows a layered architectural design that ensures
seamless integration of data collection, processing,
decision-making, and user interaction. The goal is to
deliver a responsive, memory-efficient, and adaptive
routing system that dynamically adjusts to traffic
variations and road events.

3.1 Data Ingestion Layer

This is the foundational layer that connects to various
dynamic traffic data collected from the user while on the
go to the system. It continuously receives updates on
road conditions including starting point, destination,
incident(congestion) alerts, and directional flow
changes. These inputs form the raw information required
for the dynamic routing process, ensuring that the system
operates based on current traffic realities rather than
static assumptions. The conceptual system architecture
of this work is presented in figure 2(a).
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3.4 Decision Layer

The Decision Layer interprets outputs from the modified
pathfinding engine and transforms them into user guidance
actions. Once the optimal route is computed, it is relayed to
the user in real time. If traffic conditions deteriorate or
unexpected events arise while the driver is en route, the
Decision Layer automatically triggers a rerouting process
to compute an alternative path, ensuring continuous and
uninterrupted navigation.

3.5 User Interface Layer

The web-based user interface serves as the interactive
platform where users visualize their routes, traffic updates,
and rerouting notifications. Designed with a modern UI/UX
approach, it features a clean map display, color-coded
traffic indicators, and easy-to-read route suggestions. Users
can access the system seamlessly via desktops, tablets, or
smartphones, enabling widespread usability. The
interactive design ensures intuitive navigation, minimal
cognitive load, and real-time responsiveness to system
updates.

Travel Selection
Start

Marian Rd

Marian Rd

Compute Route

Officer / User Update

Road (edge)

Mayne Ave i Marian Rd (3m)

4. RESULTS AND DISCUSSION

This section presents results obtained from the
implemented system and interprets them in the context of
the research objectives. We begin by summarizing how the
system was developed (start/destination pairs, officer
updates, congestion toggles and reversal/diversion choices)
and what kinds of outputs were collected: route lists, path
visualizations, the costometer gauge values, and diversion/
deadlock decisions. The input data used are the in-memory
network and manually injected updates representing real-
time officer reports. The results are organized to showcase
(1) baseline routing behavior under no congestion, (2)
behavior under single-edge congestion updates including
the “block original path” policy, (3) the diversion logic
when reversing is not possible, and (4) the costometer
outputs that represent the computed travel cost
dynamically. Each panel brings a concise textual result with
a visualization and a short interpretive discussion so
findings are reproducible and traceable to the algorithmic
decisions made in implementation. In figure 3 below, we
present the full system interface.

=
TRAFFIC JAM

Selected Path
Blocks clesred.
Explanation

Driver cannot reverse: diverting via
Parliamentary Ext.

Om

~ Safe’Jolirmey! Diive Carefully.

Figure 3: Full system Ul with network and costometer visible

In Figure 3, the interface is composed of three functional
regions: the left sidebar (controls: start, destination, current,
choose edge, toggle congestion, reversal checkbox,
apply/clear), the central SVG map (network graph with
edges, nodes, and inline weight labels), and the right panel
that contains the selected path, explanation text and the
costometer gauge. The costometer visually maps the
computed route cost onto a semi-circular gauge for quick
perception by users, and shows the numeric total below the
gauge. Graphical affordances include colored edges
representing relative congestion (weight/base ratio), special
“NO ROAD” styling for blocked edges, highlighted
nodes/edges for original and updated routes (cyan and
orange respectively), and background white rectangles

behind edge labels to maintain readability when edges and
labels are close. The central map is interactive only in the
sense that control changes update visualization — nodes are
not dragged but are positioned to minimize overlaps. This
Ul layout allows an officer or driver to (a) simulate
congestion events, (b) evaluate whether reversing is
possible, (c) see available diversion options (buttons appear
when reversing is disallowed and local neighboring roads
exist), and (d) immediately see the costometer update
reflecting the recalculated travel cost. The diagram in
Figure 4 illustrates the logical structure used in the system,
showing how nodes, edges, and update actions interact to
support real-time path recalculation.
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Figure 4: Database Structure of the Proposed System

The database structure for the developed system as seen in
Figure 4, is implemented directly within the program using
in-memory data representations in JavaScript. This
structure captures the core elements required for traffic
optimization, namely nodes (intersections or locations),
roads (edges between nodes), and the weights that represent
travel costs. Each road is associated with a numerical
weight that reflects travel conditions, which can change
when congestion is reported by users or officers. This
simple but effective structure ensures that the modified
Dijkstra’s algorithm always processes the most recent
conditions in order to compute the optimal travel path.

The structure consists of three main components. First, the
nodes are represented as key locations within Calabar, such

as Watt Market, Mary Slessor Avenue, or Marian Road.
These nodes form the endpoints of the network graph.
Second, the edges connect these nodes and include
attributes such as the road name and the travel cost.
Initially, costs are low to represent free-flow conditions, but
when congestion is indicated, the weights are dynamically
increased to reflect delays. Finally, the update records are
applied directly within the program, where congestion
status for a selected road is changed by the user through the
interface. This triggers an immediate recalculation of the
shortest path, with both the original and updated routes
displayed alongside their respective costs. For the database
features and type, we present their descriptions in Table 3.

Table 3: Data Features (Nodes) and Type

Field Name Data Type Description
NodelD Integer Unique identifier for each road junction
LocationName Varchar(50) Name of the junction or road intersection

The database for the proposed traffic optimization system
was designed to be simple yet efficient, focusing on the
minimum entities required to capture the road network,
traffic conditions, and dynamic updates. Three major tables
were implemented: Nodes Table as seen in Table 3, Edges
Table presented in Table 4, and Updates Table as seen in
Table 5. These tables form the foundation for storing graph-

related information used by the modified Dijkstra’s
algorithm to compute optimal routes in real time. The
Nodes Table stores all points of interest (intersections or
junctions) in the road network. Each node has a unique
identifier and a location name that corresponds to real road
junctions in Calabar, Cross River State.
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Table 4: Edges Table

Field Name Data Type Description
EdgelD Integer Unique identifier for each road segment
StartNode Integer ID of the starting junction (foreign key to Nodes)
ID of the destination junction (foreign key to Nodes)
EndNode Integer
RoadName Varchar(50) Name of the road segment
Weight Float Travel cost or time assigned to the road

The Edges Table in Table 4 stores all connections between nodes, representing actual roads. For each edge, the start node,
end node, road name, and weight (travel cost or time) are defined.

Table 5: Updates table

Field Name Data Type Description
UpdatelD Integer Unique identifier for each update
RoadName Varchar(50) Name of the road being updated
CongestionStatus Boolean Indicates whether congestion is reported (Yes/No)
UpdatedWeight Float New travel cost assigned to the road after

update

The Updates Table presented in Table 5 records the latest
traffic conditions as reported by officers or users, where
a congestion status can be toggled, and an updated
weight value is applied to the corresponding road. This
design ensures that the graph structure dynamically
adapts to changing road conditions while preserving
consistency in path computations.

4.1 Pathfinding Without Congestion (Baseline Results)

Under baseline conditions (no congestion toggles and
blockedEdgelds empty), the modified Dijkstra algorithm
reduces to standard Dijkstra: the cost of a path (P =(v_0,
v_1, ..., v_k))is computed as

k—1

(cost(P) = Zw(vi, Vit1))eevnoeonennn [1]

=0

with each (w) initialized to the edge base. The algorithm
selects a path that minimizes this additive cost. For several
test start/destination pairs we show the route string, the total
cost (displayed textually), and the costometer reading.
Experimental observations: baseline routes tend to follow
the main arteries (e.g., Calabar Rd — Efio-Ette — Big Qua
— MCC). The costometer mapping uses a precomputed
gauge scale gaugeMax derived by scanning max baseline
path values across node pairs (with a safety margin) so the
gauge has sensible dynamic range. Baseline costs serve as
the reference for subsequent congestion experiments.
Report these baseline runs as Table rows (start, dest, path,
costometer value) and include one screenshot with the
highlighted path and gauge at the reported cost. This helps
quantify the incremental cost produced by later congestion
updates.
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Figure 5: Example baseline path and costometer reading

4.2 Pathfinding With Congestion Updates but neighbors linked by blocked id are skipped entirely. The
practical outcome is either (a) a detour route that
circumvents the blocked sequence, (b) a longer route that
still uses some remaining unblocked edges, or (¢) no path

When a congestion event is applied to a selected edge id,
its effective weight is updated (in the experiments,
weight := base * 3). Additionally, when the "block
original path" policy is in force the implementation adds
all edges that comprised the original route to
blockedEdgelds. The modified shortest-path
computation then proceeds in the same additive manner

found when the network is partitioned by blocks. The
system records the original route (cyan) and the updated
route (orange) and displays both to help an officer see the
effect of the update, while the costometer shows the new
remaining (or combined) cost. Include an example where

but with the set of available edges reduced by blocked congestion is placed near Watt Roundabout and compare
edges. Formally, the relaxation step is unchanged: the original vs updated path and costs. Empirical output is
( dist[v] «— min(dist [,U], dist [u] + w(u, 'v))) o [2] illustrated with screenshots and a short quantitative table

showing original cost, updated remaining cost (from
current or start as relevant), and the combined cost when
the driver has traversed part of the original route.

3m m : NO ROAD .
9'“ /. m: —m @ ottt . 8ig Goldie St
® Vo rp— @ =i \\uom
. 4m Selected Path
3m \
NoROA, (@) Muri Nta Ble Ave
i Tum @ vecra iei
» — Original Path: Etta Agbor Rd » Calabar Rd +
@ B v @ vicorsanst amyedve (@ Effo-tie Roundabout Watt Roundabout -+ Goldie St - Big Qua Rd -
o i, S A MCC Rd » Atamunu St
@ UnicaiMainGate (@) Mary Stessor Roundabout [ ] Sassey Duke st T —@ Vinite House st Original cost: 28m

3 -
= (@, 0rok Orok Roundabout v /.} Wt Roundabo@) Noidem Usang-tso Rd
\ M . [ } w Traversed (start » current): Etta Agbor Rd -+
\ @ teson Mancei ) paciamentary Calabar Rd » IBB Ulay » Marian Rd

‘m ’. Mary Slessor Ave . Calsbar Rdmeam @) PaimSt | Etta Aghor R B T
— NOEO}. Hawkins Rd
kot ls
@ ioners  em b Updated Path (from Marian Rd): Marian Rd +
- @ o IBB Way -+ Barracks Rd -+ Mary Slessor Ave -+
) sm n T Mobil Rd + Eta-Agbor Layout » 0ld Ikang Rd -+
Mobil R Eta-Agbor La)
m @ v .\“A" e / Atamunu St
. - sm Updated cost (remaining): 35m
/ \ / Combined route (start » current » diverted):
@ m @ - . 04 hang Rd b . Jrom— Etta Agbor Rd » Calabar Rd » IBB Way >

Marian Rd » Ikot Ishie Rd + Mary Slessor Ave
+ Mobil Rd » Eta-Agbor Layout » Old Ikang Rd
+ Atamunu St

Combined total cost: 5@m

Explanation

Driver cannot reverse: diverting via Ikot Ishie
Rd.

50m
Figure 6: Original and updated paths with blocked edges shown as NO ROAD
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4.3 Costometer (Dynamic Travel Cost Display)

The costometer is a semi-circular gauge that maps
computed path cost to an angle on the dial. We scale the
needle by gaugeMax, which is computed by scanning the
(temporarily unblocked) pairwise shortest path max cost
across the graph and applying a safety multiplier (1.2). The
visual mapping is linear:

t
(6 = —110° +220° - ——

The numeric display below the gauge shows cost in the
same human units used for edge weights (m/min). If no path
exists the numeric display shows infinity () and the needle

4
@50 Que R

is clamped to the max. One important behavior: the
costometer displays either (a) the total cost of the single
computed route (compute button), (b) the remaining cost
from the current position after an update, or (c) the
combined cost (cost(start—current) + cost(current—dest))
when the driver has traversed a portion and reversing is
allowed. The gauge helps the user quickly assess the
magnitude of penalty introduced by congestion compared
to baseline. For reporting, present several snapshots
showing the gauge at baseline, after moderate congestion,
and after heavy congestion (including deadlock/infinite
reading). A small table of numeric values should
accompany the images for precise comparison.

m
9'“ /. MayneA\H—W. Efio-Ette Jct

. w— .=
. Barracks Rd

. Unical Main Gte . MaryS\essochundabom

4m 5m / m Y
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@ e

; /. MaryS\essorAve @ PomSt i AgborRd
5 g
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@ otinieRd  NOROAD n Sost:s0 far:1am
\ Updated Path (from Mobil Rd): Mobil Rd =
61 Target Rd
\ . Mabil NO ROAR . L —‘—’__. g Parliamentary Ext » Ndidem Usang Iso -
obil Eta-Agbor Layout S
m / Calabar Rd » Watt Roundabout + Goldie St -
m Hawkins Rd + Target Rd + Eta-Agbor Layout
/ \ / Updated cost (remaining): 39m
@ Pariamenary £t (e @ tdidem Usang so @ 0uliang Ri e @) Atamun St Driver waiting at current position.

\\ sm
4m
A
sm 7 @ MuriNta Ere e

_ n e |
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=== 0ok Orok Roundzbout ‘. Wt Roundabo @) Ndidem Usang-Iso R
am m |
\. Nelson Mands(.. Pariiamentary Rd

@ Goldiest
Selected Path

@ crs Original Path: Unical Main Gate » Mary

Slessor Roundabout » Mary Slessor Ave -+
Mobil Rd -+ Eta-Agbor Layout
Original cost: 19m

Traversed (start + current): Unical Main
Gate » Mary Slessor Roundabout -+ Mary
Slessor Ave » Mobil Rd

Explanation

Deadlock: driver cannot reverse and chooses
to wait.

14m

Figure 7: Costometer in three states: baseline, congested, deadlock

4.4 User Road Update Functionality

Users update via the left-side controls; a user selects an
edge, toggles the congestion button, marks the current
position (if appropriate), and clicks Apply. The system
then (1) records the changed edge weight, (2) computes
the original and the traversed portion
(start—-current), (3) if congestion is active adds original-
route edges to blockedEdgelds, and (4) computes new
routes respecting blocked edges. The Ul responds with
updated path displays, the costometer, and diversion
options if reversing is disallowed.

route

This flow was tested across multiple update cases,
including isolated single-edge congestion, congestion on

a sequence of edges,
partition the graph. The officer-level control allowed us

and updates that effectively

to reproduce scenarios where driver decisions matter:
whether to reverse, to divert, or to wait. The “Deadlock
— Wait” option simulates the real-world situation where
neither forward nor backward movement is possible.

Document these interactions as a sequence of short-case
narratives in the thesis: starting state (Ul screenshot),
officer update action, resulting UI state and costometer
value, and the final decision chosen (divert via X or
wait).
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Figure 8: Example of officer update interaction and resultant Ul states

4.5 Comparing Old Path vs New Path after Congestion
Update

We present side-by-side comparisons of original (pre-
update) and updated (post-update) routes for representative
origin—destination pairs. Quantitatively, report the original
total cost (C o), the new remaining cost (C r), and the
percentage increase

Cr - Co
Co
where applicable. When the combined route is used

(start—current—new-route), report the combined cost
which is expressed as seen below;

(A =100 Ve 4]

(Cc - Cstart%current + Ccurrent%dest)- EEEREEREY 5

The example in Figure 9 shows that local edge congestion
can cause modest detours (10-40% cost increase) or
significant rerouting when the original route is blocked
entirely. In some experiments blocking the original route
forced the algorithm to route through longer branches of the
network (e.g., detouring via Big Qua — IBB Way instead
of direct Calabar Rd), with corresponding changes in edge-
level colorings that make the magnitude of change visually
apparent.

Visual figures (overlay maps and path-highlighted
snapshots) should accompany each quantitative example,
and a small table listing (C o, C r, C c) helps readers
quickly understand trade-offs between waiting (if allowed)

and taking a diversion.

TRAFFIC JAM

Selected Path

Original Path: Mary Slessor Ave -+ Mobil Rd -+
Eta-Agbor Layout
Original cost: 11m

Traversed (start - current): Mary Slessor
Ave -+ Mobil Rd
Cost so far: ém

Updated Path (from Mcbil Rd): Mobil Rd -
Parliamentary Ext + Ndidem Usang Iso -
Calabar Rd -+ Watt Roundabout -+ Goldie St -+
Hawkins Rd - Target Rd - Eta-Agbor Layout
Updated cost (remaining): 39m

Combined route (start -+ current -+ diverted):
Mary Slessor Ave - Mobil Rd - Parliamentary
Ext + Ndidem Usang lso -+ Calabar Rd + Watt
Roundabout -+ Goldie St -+ Hawkins Rd -+ Target
Rd -+ Eta-Agbor Layout

Combined total cost: 45m

Explanation

Driver cannot reverse: diverting via
Parliamentary Ext.

45m

Figure 9: Side-by-side before/after route
comparison with table of costs
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5. CONCLUSION

The study successfully developed and implemented a
system that applies a modified Dijkstra’s algorithm for
shortest path computation with congestion handling. The
algorithm proved capable of dynamically recalculating new
routes when blockages occurred, while ensuring that
previously traversed costs were not ignored. This outcome
validates the robustness and practical relevance of the
modification.

The integration of dynamic cost tracking through the
costometer and the visualization of updated paths represent
significant advancements over traditional pathfinding
models. The study establishes a foundation for further
research in intelligent routing systems and demonstrates
how algorithmic improvements can contribute to solving
real-world challenges in transportation and mobility
planning.
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