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Abstract

Traffic congestion has become a significant issue in urban areas, especially in rapidly grow-
ing cities like those in Kenya. The inefficient management of traffic lights contributes to increased
travel times, air pollution, and overall frustration among commuters. Traditional traffic light sys-
tems, which follow fixed schedules, are often ill-equipped to handle the dynamic nature of traffic
flow. This study developed the Adaptive Traffic Lights Management System Using Reinforcement
Learning to address these challenges by optimizing traffic light control to reduce congestion and

improve traffic flow.

The simulation environment was developed using a custom-built web application designed
to replicate real-world traffic conditions dynamically. This web-based simulator modeled a com-
plex urban intersection, simulating vehicle movements across multiple lanes with varying traffic
densities and arrival rates. It allowed the reinforcement learning (RL) agent to interact with realistic
traffic scenarios by processing live and historical traffic data. The system integrated Google Maps
data to enhance accuracy, ensuring that congestion levels and intersection dynamics reflected real-
world conditions. This tailored simulation platform provided an interactive and scalable environ-
ment for evaluating the performance of the Adaptive Traffic Lights Management System Using

Reinforcement Learning to Reduce Traffic Congestion in Kenya.

The system demonstrated a potential to reduce traffic congestion based on simulation re-
sults. It showed a significant improvement in traffic flow and a reduction in waiting times at inter-
sections, especially during peak hours. The RL agent effectively optimized traffic light timings,

leading to smoother traffic movement and less congestion in the simulated urban environment.

Keywords: Efficient traffic management, Reinforcement machine learning, Deep Q-Learning,

adaptive traffic lights
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Definition of terms

Advanced Traffic Lights Management System: A sophisticated system that utilizes data analyt-
ics and machine learning techniques to optimize the timing and coordination of traffic signals at

intersections to reduce congestion and improve flow (Abdel-Aty & Lee, 2017; Li & Zhang, 2019).

Data Analytics: The process of analyzing and interpreting large datasets to uncover meaningful
patterns and insights that guide decisions across domains such as traffic management (McKinney,
2010; Cumming, 2014).

Dynamic Traffic Management: The real-time adjustment of traffic control measures, including
signal timings and lane assignments, in response to current traffic conditions to optimize flow (Pa-
pageorgiou et al., 2003; Chen & Chang, 2000).

Enhancing Security: The process of strengthening measures to protect systems, data, and users
from unauthorized access and threats, especially in smart systems and urban technologies (Kusuma
& Kattan, 2018).

Fraud Detection: The application of analytical and machine learning methods to identify and pre-
vent unauthorized transactions in digital ecosystems like M-Pesa (Aggarwal, 2015; Kariuki &
Mwangi, 2021).

Infrastructure: The foundational physical systems necessary for transportation, including roads,
bridges, signals, and communication networks (DeMaio, 2018; Kenya Urban Roads Authority,
2015).

Machine Learning Approach: A methodology employing machine learning algorithms to solve
domain-specific problems, such as traffic signal optimization or fraud detection (Abadi et al., 2016;
Karimi et al., 2022).

Machine Learning: A subfield of artificial intelligence where systems learn from data and make

predictions or decisions without being explicitly programmed (Abadi et al., 2016; Aggarwal, 2015).

Predictive Analytics: The use of statistical and machine learning techniques to analyze historical

data and predict future outcomes, such as traffic flow patterns (Ali et al., 2020; McKinney, 2010).

Real-time Data: Continuously collected and processed information that reflects current conditions,

such as traffic volume and speed (Karimi et al., 2022; Lopez et al., 2018).

Safaricom M-Pesa Ecosystem: A mobile money platform ecosystem involving users, agents, and

institutions operating within Safaricom’s mobile financial services network (Kariuki & Mwangi,

2021; Ngugi & Gachanja, 2022).
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Sustainability: Meeting present needs without compromising future generations, especially in ur-

ban planning to minimize environmental impacts (Litman, 2020; Mutunga & Wachira, 2021).

Traffic Congestion: A situation where transportation demand exceeds infrastructure capacity,
causing slower speeds, delays, and vehicle queues (Kisaka & Ochieng, 2021; Ngugi & Gachanja,
2022).

Traffic Management System: An integrated system of hardware and software that monitors and
controls road traffic, typically using signals, sensors, and cameras (Papageorgiou et al., 2003; Otiato
& Nyaga, 2020).

Urban Mobility: The movement of people and goods in urban areas, involving various modes such

as public transport, cycling, and private vehicles (DeMaio, 2018; Pang et al., 2018).
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Chapter 1: Introduction
1.1 Background

Urban mobility has become a pressing challenge in modern cities, particularly as rising pop-
ulations and vehicle numbers continue to overwhelm existing transportation systems. Traffic con-
gestion is one of the most visible and damaging consequences of this pressure, significantly affect-
ing the social, economic, and environmental well-being of urban populations. In Kenya, this issue
is particularly pronounced in cities like Nairobi, where rapid urbanization has outpaced the devel-
opment of necessary transport infrastructure. The city’s roads, which were not designed to handle
the current volume of vehicles, now face extreme traffic congestion on a daily basis, disrupting the
lives of residents. Nairobi’s traffic gridlock, with hundreds of thousands of vehicles competing for

limited road space, causes frequent delays and long commutes (Gachanja & Ngugi, 2022).

The economic repercussions of traffic congestion in Nairobi are far-reaching. The daily loss
of productivity is substantial, as commuters spend extended hours in transit, reducing the time avail-
able for work and other productive activities. Businesses also experience delays in the delivery of
goods and services, further straining economic output (Kisaka & Ochieng, 2021). The financial
impact of these delays is enormous, with estimates indicating that Kenya loses approximately KSH
50 million each day, resulting in an annual loss of KSH 18.25 billion. These costs stem from fuel
wastage, vehicle maintenance, and the broader economic slowdown caused by traffic gridlock (Af-

rican Development Bank, 2021).

Beyond the immediate costs of lost productivity, traffic congestion in Nairobi also drives up
operational expenses for businesses. Delivery vehicles burn more fuel as they crawl through traffic,
significantly raising transportation costs. These increased costs are often passed on to consumers,
contributing to higher prices for goods and services and adding inflationary pressure to the local
economy. Additionally, vehicles stuck in traffic experience more wear and tear, leading to higher
maintenance and repair expenses for both individuals and businesses. Over time, these rising costs
can weaken Nairobi's economic competitiveness, making it harder for local companies to thrive

compared to those in regions with more efficient transport systems.

Traffic congestion also discourages potential foreign investors, who may view the city’s gridlock

as a barrier to smooth operations and efficient business processes (Mogeni, 2023).



Socially, traffic congestion exacts a heavy toll on individuals. Extended time spent in traffic
contributes to heightened stress and frustration, which can negatively affect mental health and over-
all well-being. Many commuters report having less time for personal activities, family life, and
relaxation due to the demands of daily travel. Additionally, the frustration associated with prolonged
delays often leads to aggressive driving behaviors, creating a more dangerous road environment

(American Psychological Association, 2019).

The psychological toll is not limited to stress alone—over time, chronic exposure to traffic-
related frustrations can lead to more serious mental health issues, such as anxiety and depression.
Prolonged traffic congestion has also been linked to increased road rage incidents, where individuals
exhibit aggressive or reckless driving behaviors due to heightened frustration. This not only endan-
gers the safety of the driver but also increases the risks for other road users, further compounding
the social costs of congestion (Kisaka & Ochieng, 2021). The collective impact of these social
stressors emphasizes that addressing traffic congestion is not merely about improving mobility; it

is essential for enhancing the quality of life and social cohesion within urban communities.

From an environmental perspective, Nairobi’s traffic congestion contributes significantly to
air pollution. Vehicles idling in traffic release harmful pollutants, including carbon dioxide and
other greenhouse gases, which degrade air quality and contribute to global climate change. The
long-term health impacts of exposure to these pollutants include respiratory diseases, cardiovascular
problems, and premature death (World Health Organization, 2022). Moreover, efforts to expand the
road network in response to congestion often result in urban sprawl, which threatens green spaces
and natural ecosystems (UNEP, 2020).

In addition to worsening air quality and contributing to climate change, the environmental
impact of traffic congestion in Nairobi also extends to noise pollution. The constant honking, engine
noise, and vibrations from thousands of vehicles stuck in traffic create a persistent, stressful sound-

scape that affects both human health and wildlife.

Prolonged exposure to high levels of noise pollution has been linked to hearing loss, sleep disturb-
ances, and elevated stress levels, further exacerbating the overall health burden caused by traffic
congestion (UNEP, 2020).



The environmental degradation caused by traffic is not limited to the city’s atmosphere and
sound levels. The expansion of roads and highways to accommodate increasing traffic often leads
to the destruction of natural habitats and green spaces. As urban sprawl continues unchecked, for-
ests, wetlands, and wildlife habitats are cleared to make way for infrastructure. This not only dimin-
ishes biodiversity but also disrupts essential ecological functions, such as water filtration, carbon
sequestration, and temperature regulation. Urban sprawl also increases the city’s reliance on vehi-
cles as residents move further from the city center, perpetuating the cycle of congestion and envi-
ronmental degradation (Kariuki, 2021). These combined factors make traffic congestion a pressing
environmental issue that requires immediate attention to protect Nairobi’s natural environment and

public health.

As Nairobi’s population and vehicle numbers continue to rise, traffic congestion has become
a national issue, with wide-ranging implications. Beyond daily delays, the effects of congestion
ripple through the economy, environment, and society. Addressing this growing problem will re-
quire innovative approaches that go beyond traditional infrastructure expansion. Implementing ad-
vanced traffic management systems that can adapt to real-time traffic conditions offers a promising
way forward (Wang & Su, 2022). Without such strategies, Nairobi’s traffic crisis will likely worsen,

further hindering the city’s growth and sustainability.

In light of these multifaceted challenges, addressing traffic congestion is not simply a matter
of convenience; it is a necessity for sustainable urban growth and the creation of livable, healthy
cities. To reclaim the potential of Kenya’s urban centers and facilitate smoother, safer, and more
efficient traffic flows, there is an urgent need to embrace technological innovations that can dynam-
ically adapt to the complexities of modern urban life. Through the integration of data-driven ap-
proaches and advanced traffic management systems, Kenya stands poised to alleviate congestion,

enhance the quality of life for its residents, and pave the way toward a more sustainable future.



1.2 Problem Statement

The worsening traffic congestion plaguing Kenyan urban roads is a pressing concern that

demands urgent attention. The outdated, time-based traffic management systems currently in place

are not equipped to handle the dynamic and rapidly changing traffic patterns that arise from increas-

ing urbanization and vehicle ownership. As a result, these systems fail to effectively regulate traffic

flow, particularly during peak hours, thereby contributing to a significant loss of productive man-

hours, while also leading to increased fuel consumption and higher transportation costs. Socially, it

causes elevated stress levels and reduced quality of life. Environmentally, it results in higher emis-

sions of greenhouse gases and air pollutants, contributing to climate change and poor urban air

quality, which increases the risk of respiratory and cardiovascular diseases (World Bank, 2023).

1.3 Research Objectives

To review the existing traffic lights management systems in Kenyan urban areas in order to
understand their strengths, weaknesses, and areas for improvement.

To develop a machine learning model that dynamically adjusts traffic light timings based on
real-time traffic conditions at a selected intersection in Nairobi.

To test the effectiveness of the developed machine learning model through simulation in

improving traffic flow and reducing congestion.

1.4 Research Questions

What are some of the challenges facing the existing traditional time-based traffic manage-
ment system?

How can a machine learning model be effectively trained to accurately predict traffic flow
patterns and optimize traffic light timings?

How effective is the developed adaptive traffic light model in improving traffic flow and

reducing congestion at a simulated intersection?



1.5 Justification

The development of an adaptive traffic management system is essential to addressing the
escalating problem of traffic congestion in Kenya's urban centers, particularly in cities like Nairobi.
According to the World Bank (2023), the current time-based systems are increasingly ineffective in
managing the complex and dynamic traffic patterns resulting from rapid urbanization, growing ve-
hicle numbers, and unpredictable road conditions. These outdated systems contribute to significant
economic, social, and environmental challenges that negatively affect both the population and the

economy.

Economically, traffic congestion leads to a considerable loss of productive man-hours as
commuters spend extended periods in transit, which has a direct impact on Kenya’s economic
growth and business efficiency (Ngugi & Gachanja, 2022). Socially, it contributes to elevated stress
levels, reduced personal time for family or leisure activities, and an overall decline in the quality of
life for urban residents (Kisaka & Ochieng, 2021). Environmentally, the increased fuel consumption
from idling vehicles exacerbates air pollution and greenhouse gas emissions, significantly contrib-
uting to climate change and associated health risks such as respiratory and cardiovascular diseases
(World Health Organization, 2022). Moreover, the expansion of road infrastructure in response to
growing traffic volumes leads to the destruction of green spaces and natural ecosystems (UNEP,
2020).



Chapter 2: Literature Review

2.1 Introduction

Traffic congestion represents a complex and pervasive issue that impacts urban areas glob-
ally, posing substantial challenges to economic prosperity, environmental sustainability, and overall
quality of life for residents. The inefficiencies in vehicle movement lead to a cascade of negative
effects, including significant economic losses. Wasted time spent in traffic translates directly into
increased fuel consumption and operational costs for businesses and individuals alike. This eco-
nomic burden extends beyond direct financial costs to include reduced productivity and hindered
economic growth, as businesses and workers struggle to operate efficiently within congested urban

environments (Litman, 2020).

Furthermore, the environmental consequences of traffic congestion are profound. The in-
creased emissions from idling vehicles contribute to elevated levels of air pollutants such as nitrogen
oxides, carbon monoxide, and particulate matter. These pollutants not only degrade air quality but
also pose serious health risks to urban residents, particularly vulnerable populations such as chil-
dren, the elderly, and individuals with respiratory conditions. Additionally, the greenhouse gas
emissions exacerbate climate change, further compounding the environmental impact of congestion
(Litman, 2020).

In the realm of urban mobility, the efficient movement of people and goods is fundamental
to the functioning and development of cities. Well-designed and properly managed transportation
systems facilitate access to employment opportunities, educational institutions, healthcare services,
and recreational activities. They also support economic activities by ensuring the timely delivery of
goods and services, thereby contributing to urban productivity and competitiveness (World Bank,
2019).

However, the prevalence of traffic congestion undermines these benefits by impeding the
smooth operation of urban transportation networks. Congestion leads to delays in travel time, re-
duced reliability of transportation services, and increased uncertainty for commuters and businesses.
These disruptions not only diminish the quality of life for residents but also hinder the potential for

sustainable urban growth and development (Ngugi & Gachanja, 2022).

To address the multifaceted challenges posed by traffic congestion, effective strategies are
needed that consider both short-term alleviation measures and long-term sustainable solutions. Cur-
rent approaches to traffic management encompass a range of interventions, from traditional infra-

structure investments to innovative technologies and policies aimed at reducing traffic volumes and
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optimizing transportation efficiency. These include expanding road capacity, improving public
transit systems, implementing congestion pricing schemes, promoting alternative modes of trans-
portation, and adopting intelligent transportation systems (ITS) that leverage data analytics and ma-
chine learning (World Bank, 2019).

Recent advancements in technology, particularly in the fields of machine learning and data
analytics, offer promising avenues for enhancing traffic management strategies. Machine learning
algorithms can analyze large volumes of transportation data to predict traffic patterns, optimize
signal timings, and dynamically adjust traffic control measures in response to real-time conditions.
Data analytics provide transportation planners with valuable insights into traffic behavior, enabling
informed decision-making and the evaluation of the effectiveness of traffic management interven-
tions (Litman, 2020).

By leveraging these technologies and adopting integrated approaches to urban planning and
transportation management, cities can mitigate the adverse impacts of traffic congestion, improve
urban mobility, and promote sustainable development. However, achieving these goals requires ad-
dressing various challenges, including funding constraints, regulatory barriers, public acceptance of
new transportation policies, and the need for robust data governance frameworks to ensure the pri-
vacy and security of transportation data (World Bank, 2019).

In conclusion, addressing traffic congestion is critical not only for improving the efficiency
and sustainability of urban transportation systems but also for enhancing the overall quality of life
and economic vitality of cities. This literature review aims to explore the complexities of traffic
congestion, highlight the factors contributing to its persistence in urban areas, assess current strate-
gies for managing congestion, and examine the transformative potential of advanced technologies

in shaping the future of urban mobility (Mutunga & Wachira, 2021).

2.2 Traditional Traffic Management Systems

Traditional traffic management systems, such as fixed-time traffic signal control, have his-
torically been the cornerstone of urban traffic flow management. These systems operate based on
predetermined signal timings that cycle through phases regardless of real-time traffic conditions.
While they have been effective in providing structured traffic control, they often encounter limita-
tions when confronted with dynamic and unpredictable traffic patterns in urban areas (Papageorgiou
et al., 2003).



Fixed-time traffic signals are designed based on average traffic volumes and historical data,
aiming to optimize traffic flow during peak and off-peak hours. However, they can lead to ineffi-
ciencies and exacerbate congestion under certain conditions. For example, during periods of unex-
pected traffic surges or incidents like accidents, fixed-time signals may fail to adapt promptly, caus-

ing delays and gridlock at intersections (Daganzo, 2007).

The rigidity of fixed-time signal control systems becomes particularly problematic in urban
environments characterized by fluctuating traffic demands throughout the day. Morning and even-
ing rush hours, special events, weather conditions, and accidents can significantly alter traffic pat-
terns, making it challenging for fixed-time signals to maintain optimal traffic flow without manual
adjustments. Moreover, the lack of adaptability in traditional traffic management systems limits
their ability to respond to emerging trends such as the rise of ride-sharing services, changes in com-
muting behaviors, and shifts towards sustainable modes of transportation like cycling and electric

vehicles (Daganzo, 2007).

Recognizing these limitations, transportation experts and urban planners have increasingly
turned to advanced traffic management techniques that incorporate adaptive and intelligent features.
Adaptive traffic signal control systems, for instance, use real-time data from sensors embedded in
roadways and intersections to adjust signal timings dynamically. These systems can optimize traffic
flow by detecting changes in traffic volumes and adjusting signal cycles accordingly to minimize

delays and congestion (Daganzo, 2007).

In addition to adaptive signal control and predictive analytics, modern traffic management
strategies emphasize holistic approaches that prioritize multimodal transportation solutions. This
includes enhancing public transit systems, promoting active transportation modes like walking and
cycling, and implementing policies such as congestion pricing to manage traffic demand effectively
(Daganzo, 2007).

Traditional traffic signal control systems operate based on fixed schedules and lack adapta-
bility, while data-driven systems leverage real-time information to adjust signal timings dynami-
cally. Figure 2.1 illustrates a comparison between these two approaches, highlighting their respec-

tive strengths and limitations.



Traditional Data-Driven
Fixete-Timeven Adatttive
Traffic Signal Control Traffic Signal Control

Figure 2.1: Comparison of Traditional vs. Data-Driven Traffic Signal Control. Adapted from

Traffic Management Strategies in Smart Cities, by Smart Mobility Institute, 2022, https://smartmo-
bility.org

2.3 Case Studies & Implementation

Several cities worldwide have successfully implemented advanced traffic lights manage-
ment systems, demonstrating the effectiveness of data-driven approaches in mitigating congestion
and enhancing urban mobility. These systems integrate sophisticated technologies such as data an-
alytics, machine learning, and real-time monitoring to optimize traffic flow and improve transpor-

tation efficiency (Creswell, 2018).

Cities like Singapore have pioneered the use of predictive analytics and adaptive signal con-
trol systems to manage traffic congestion effectively. By deploying a network of traffic sensors,
surveillance cameras, and GPS devices, Singapore collects real-time data on traffic volumes,
speeds, and congestion levels. Machine learning algorithms analyze this data to predict traffic pat-
terns and dynamically adjust signal timings at intersections. This proactive approach has signifi-
cantly reduced congestion, minimized travel times, and improved the reliability of public transpor-

tation services (Creswell, 2018).


https://smartmobility.org/
https://smartmobility.org/

London, on the other hand, has implemented a congestion charging scheme coupled with
real-time traffic information systems to alleviate traffic congestion in the city center. The congestion
charge imposes a fee on vehicles entering designated zones during peak hours, incentivizing com-
muters to use alternative modes of transport or travel outside peak times. Real-time traffic data from
sensors, CCTV cameras, and mobile apps provide commuters with up-to-date information on traffic
conditions, helping them make informed decisions and optimize their travel routes. This integrated
approach has not only reduced traffic volumes in central London but also improved air quality and
supported sustainable urban development goals (Creswell, 2018).

In Los Angeles, adaptive signal control systems have been instrumental in improving traffic
flow and reducing delays at intersections across the city. These systems use real-time traffic data to
adjust signal timings dynamically, minimizing wait times and optimizing traffic throughput. By
enhancing the efficiency of traffic management, Los Angeles has reduced congestion on major thor-
oughfares, enhanced accessibility to business districts, and supported economic growth (Creswell,
2018).

The success of these case studies underscores several key factors for effective implementa-

tion of advanced traffic lights management systems:

Technological Integration
Integrating data analytics, machine learning, and real-time monitoring technologies enables

cities to gather, analyze, and act on traffic data effectively.

Policy and Governance
Clear policy frameworks and governance structures support the implementation and opera-
tion of traffic management systems. Policies such as congestion pricing and adaptive signal control

regulations incentivize behavior change and promote sustainable urban mobility.

Public Engagement
Engaging stakeholders and gaining public acceptance for new traffic management strategies
are crucial. Education campaigns and outreach efforts inform residents about the benefits of traffic

management systems, fostering support and cooperation.
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In conclusion, the case studies from cities like Singapore, London, and Los Angeles high-
light the transformative impact of advanced traffic lights management systems on urban transpor-
tation. By leveraging innovative technologies and data-driven approaches, these cities have suc-
cessfully addressed congestion challenges, improved mobility, and enhanced the overall quality of
life for residents. These examples emphasize the importance of adopting integrated, sustainable
solutions to meet the evolving demands of urban mobility in modern cities (Koonce et al., 2019;
World Bank, 2023).

2.4 Models and Frameworks

The study of traffic light control systems has evolved over the years, leading to the devel-
opment of various models and frameworks aimed at optimizing traffic flow and minimizing delays
at intersections. These models, ranging from simple rule-based frameworks to more advanced opti-
mization techniques, have been analyzed using specific mathematical formulations to quantify their

effectiveness.

Fixed-time models are among the most straightforward approaches to traffic signal control.
These models operate on a set cycle, where signal timings are predefined and remain constant
throughout the day (Papageorgiou et al., 2003). The cycle length for C for a fixed-time model is

determined using the formula:
C=(15L+5)/1-YI

where L represents the total lost time per cycle (in seconds) due to start-up delays and clearance
times, and Y is the sum of critical flow ratios for each phase, calculated as ¥=) (qi/si) where qi is
the flow rate of approach i and si is its corresponding saturation flow rate (Webster, 1958). While
this formula helps determine the optimal cycle length to minimize delays, fixed-time models lack
the flexibility to adjust C in response to real-time changes in traffic conditions, leading to significant
inefficiencies during peak and off-peak periods. This rigidity is particularly problematic in urban

areas with highly variable traffic patterns (Li et al., 2025)

Vehicle-actuated models address some of the limitations of fixed-time models by adjusting
signal timings based on real-time traffic data. These models utilize sensors, such as inductive loops
or infrared detectors, to detect the presence of vehicles at intersections (Mirchandani & Head, 2001).

The green light duration g is dynamically adjusted using the equation:
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where gmin is the minimum green time, qi is the detected vehicle flow rate, si is the saturation flow
rate, and C is the cycle length. This adjustment ensures that the green phase lasts long enough to
clear queued vehicles while preventing excessive green time during periods of low demand. Alt-
hough vehicle-actuated models can significantly reduce waiting times at intersections, they primar-
ily focus on local optimization and are less effective in managing traffic across a network of inter-

sections, as they lack coordination with adjacent traffic signals (Mirchandani & Head, 2001).

Adaptive Traffic Control Systems (ATCS) take the concept of real-time adjustment fur-
ther by incorporating data from multiple intersections to optimize signal timings across an entire
network. ATCS, such as the Sydney Coordinated Adaptive Traffic System (SCATS) and the Split
Cycle Offset Optimization Technique (SCOOT), use advanced algorithms to adjust green splits,
cycle lengths, and offsets dynamically based on real-time traffic data (Lowrie, 1992; Robertson &
Bretherton, 1991). For instance, the SCOOT system calculates the optimal green split G using a

recursive algorithm:

(G — :l:sl g < 1)

2 i1 4

where qi is the traffic flow on approach i, and ti is the time during which the flow is observed. This
calculation enables SCOOT to allocate green time proportionally to the detected demand at each
approach, thereby minimizing delays. However, implementing ATCS requires significant infra-
structure investments, including a dense network of sensors and communication systems, which can

be a barrier for cities with limited resources (Robertson & Bretherton, 1991).

Fuzzy logic-based models introduce a different approach to traffic signal control by apply-
ing fuzzy logic to handle the uncertainty and variability of traffic conditions (Chen & Chang, 2000).
These models use fuzzy rules to determine the extension or termination of the green phase based on

traffic density, waiting time, and other factors. For example, a typical fuzzy rule might be:
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IF vehicle density is high AND waiting time is long, THEN extend green time. Fuzzy logic
systems convert crisp inputs, such as vehicle counts, into fuzzy sets using membership functions
and apply a rule base to determine the output. The output is then defuzzied to yield a precise green
time adjustment. The effectiveness of fuzzy logic can be quantified using metrics like the Mean

Squared Error (MSE) between the predicted green time and actual traffic conditions, calculated as:
! 1 . \2
MSE = = (3: — i)

where g”i is the predicted green time from the fuzzy logic model, and gi is the actual green time.
Despite their ability to handle uncertainty, fuzzy logic models rely heavily on the design of the
fuzzy rules and membership functions, which can be subjective and require expert knowledge (Chen
& Chang, 2000).

The various models and frameworks discussed here have made significant contributions to the field
of traffic control, providing mechanisms to improve traffic flow and reduce delays. However, each
model has inherent limitations, particularly in terms of flexibility, scalability, and implementation
complexity. These limitations underscore the need for more advanced approaches that can adapt
dynamically to changing traffic conditions without requiring extensive infrastructure. The next sec-
tion delves into the architectural designs that have supported these traffic control models (Chen &
Chang, 2000).

2.5 Architectural Designs

The architectural design of traffic control systems has evolved over time, with various con-
figurations developed to support the efficient operation of traffic lights. These architectures—rang-
ing from centralized to decentralized and hybrid designs—have each brought unique advantages
but also faced notable limitations, which have influenced their suitability in different traffic envi-
ronments (Kongsom & Phongphun, 2024)

Centralized architectures were among the earliest approaches to managing traffic signals
across urban networks. In these systems, a central control unit collects traffic data from multiple
intersections and processes this information to make decisions regarding signal timings (Gartner et
al., 2001). The key strength of centralized designs lies in their ability to coordinate traffic signals

across large areas, thus reducing congestion and smoothing traffic flow.
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Systems like the Split Cycle Offset Optimization Technique (SCOOT) have successfully
demonstrated the effectiveness of centralized coordination in synchronizing traffic lights across
densely populated urban areas (Robertson & Bretherton, 1991). However, centralized systems have
a significant drawback: they are highly dependent on the continuous operation of the central control
unit. A failure at the central hub can lead to widespread disruptions in traffic management, making
these systems vulnerable to single points of failure. Additionally, the need for continuous, high-
speed communication between the central unit and intersections poses challenges in regions with

less robust telecommunications infrastructure (Kongsom & Phongphun, 2024)

Decentralized architectures were developed as an alternative to mitigate the risks associ-
ated with centralized control. In a decentralized setup, local controllers at each intersection make
independent decisions based on real-time data from their immediate surroundings (Bielefeldt et al.,
1991). This approach enhances the resilience of traffic control systems, as each intersection can
continue to function autonomously even if communication with other intersections is lost. Decen-
tralized designs are particularly useful in areas where interruptions in communication are frequent
or where intersections are far apart. However, a significant limitation of decentralized systems is
their tendency to lack coordination between intersections. Without a mechanism to synchronize
signals across adjacent intersections, these systems may struggle to optimize traffic flow across
larger networks, leading to inconsistent travel times and potential congestion at certain bottlenecks
(Bielefeldt et al., 1991).

Hybrid architectures emerged to balance the benefits of both centralized and decentralized
approaches, aiming to combine local autonomy with broader coordination. These architectures fea-
ture local controllers that can adjust signal timings based on real-time conditions at individual in-
tersections, while still being connected to a central system for network-wide adjustments (Hadi &
Wallace, 1993). Hybrid systems provide greater flexibility, as they allow local controllers to re-
spond quickly to changes in traffic conditions while enabling centralized oversight to ensure coor-
dination between intersections during peak traffic periods. This dual-layer control structure can im-
prove the overall efficiency of traffic management. Nevertheless, hybrid architectures require a
more complex setup and maintenance, as both the local and central components must be properly
integrated and synchronized. The implementation costs can also be high, limiting the feasibility of
hybrid systems in smaller cities or regions with limited funding for traffic infrastructure (Hadi &
Wallace, 1993).
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loT-based architectures represent a more recent development in traffic control, leveraging the
capabilities of Internet of Things (10T) technologies to enhance data collection and real-time deci-
sion-making (Abduljabbar et al., 2020). In these architectures, loT-enabled sensors and devices are
installed at intersections to continuously monitor traffic conditions, such as vehicle counts and
speeds. This data is transmitted either to local controllers or a central server, allowing for dynamic
adjustments to signal timings. loT-based systems have the advantage of being highly scalable, mak-
ing it possible to extend the network by adding more devices. They also integrate well with broader
smart city initiatives. However, their reliance on network connectivity for real-time data transmis-
sion introduces vulnerabilities to cybersecurity risks and potential disruptions in communication.
Additionally, the need for constant data handling and processing can place a burden on the infra-
structure, requiring substantial investments in both hardware and software systems (Abduljabbar et
al., 2020).

These architectural designs have provided valuable insights into the management of traffic con-
trol systems. However, the challenges of scalability, coordination, and infrastructure costs have
persisted, indicating a need for more adaptive and cost-effective solutions. These limitations high-
light the importance of exploring new architectures that can address these gaps while maintaining
flexibility and reliability, particularly in developing urban environments where resources may be
constrained (Abduljabbar et al., 2020). The next section will explore the algorithms that have been
employed in these systems and their role in advancing traffic control methodologies.

2.6 Algorithms

Algorithms are at the heart of traffic control systems, determining how data is processed to
adjust signal timings and optimize traffic flow. Several algorithmic approaches have been employed
in traffic signal control, ranging from simple rule-based systems to more sophisticated optimization
methods and machine learning algorithms (Farges et al., 1990). This section explores these algo-

rithms and their mathematical foundations, emphasizing their strengths and limitations.

Rule-based algorithms are among the most basic approaches in traffic signal control. These
algorithms operate using a set of predefined conditions, such as extending a green light phase when
vehicles are detected on an approach. The logic behind these decisions can be represented as simple

conditional statements:
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IF ¢q; = threshold, THEN extend green phase for £.

where qi represents the vehicle count on approach i, and text is the extension time for the green
phase. Although these algorithms are straightforward to implement, their major limitation is the
inability to adapt to complex and variable traffic conditions. They lack the ability to generalize
beyond the specific rules programmed into them, which can result in suboptimal performance dur-
ing unexpected traffic surges (Farges et al., 1990).

Dynamic programming (DP) has been employed to optimize the allocation of green time
at intersections by dividing the problem into smaller subproblems and solving each recursively. The

Bellman equation is fundamental to dynamic programming in traffic signal optimization:

V(s) — max | R(s,a) 4 ZP s,a)V(s')

where V(s) is the value function representing the expected reward when starting from state s and
following the optimal policy, R(s , a) is the immediate reward for taking action a in state s, y is a

discount factor, and P(s’ /s, @) represents the transition probabilities to the next state s”.

In the context of traffic signal control, the state s may represent the number of queued vehicles at
an intersection, while action a represents the chosen signal phase (e.g., green, red, or yellow). Dy-
namic programming is effective in scenarios with well-defined traffic models, but its computational
complexity increases exponentially with the size of the state space, making it impractical for real-

time control in large networks (Gartner, 1983).

Linear programming (LP) is widely used to solve optimization problems in traffic signal
control by formulating the problem as a set of linear equations. The objective function is designed
to minimize total delays or maximize throughput at an intersection. For example, the LP formulation

for signal timing optimization might be:
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where di is the delay for approach i, gi is the green time allocated to approach i, n is the number of
approaches, and C is the total cycle length. Constraints ensure that the sum of green times does not
exceed the cycle length and that each green time meets a minimum threshold gmin . Linear pro-
gramming methods are effective for small to medium-sized intersections with known flow rates,
but they may become computationally infeasible when applied to large networks with varying traf-
fic patterns (Li et al., 2004).

Fuzzy logic algorithms use fuzzy sets to represent uncertain traffic conditions, allowing for
more flexible decision-making than classical logic. A typical fuzzy logic system for traffic control
involves three stages: fuzzification, rule evaluation, and defuzzification. For example, the input

(vehicle density) is converted into fuzzy sets, such as "low," "medium," and "high™:

) 50 —x\
owl®) — max | 0, min | 1, =0 )

where ulow(x) is the membership function for "low" vehicle density, and x represents the actual
vehicle count. The fuzzy rules then determine the output, such as:

IF density is high, THEN green time is long

Finally, the output is defuzzied using methods like the centroid method to obtain a crisp value for
the green time. The fuzzy control output g can be computed as:

S 1 it 4:

et L
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where ui represents the degree of membership for rule i, and gi is the corresponding green time

output. Fuzzy logic provides a more intuitive way to handle the complexity of traffic conditions,
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but designing effective fuzzy rules and membership functions can be challenging and subjective,

requiring domain expertise (Chen & Chang, 2000).

These algorithms have been extensively studied and applied to traffic signal control, each offer-
ing different strengths and weaknesses. While rule-based and linear programming algorithms excel
in simplicity and transparency, they lack the flexibility needed for complex and dynamic traffic
environments. On the other hand, more advanced methods like genetic algorithms and dynamic
programming provide powerful optimization capabilities but come with increased computational
demands, making them less suitable for real-time applications. Fuzzy logic introduces an adaptable
approach to handling uncertainty, but it is often constrained by the challenge of designing accurate
rule sets (Farges et al., 1990). These limitations underscore the importance of developing more

adaptive and computationally efficient algorithms for traffic control.

2.7 Research Gap

Despite the growing advancements in urban traffic management, most cities, especially in
developing countries like Kenya, still rely on traditional time-based traffic lights that operate on
fixed schedules regardless of real-time traffic conditions. This approach fails to account for dynamic
fluctuations in traffic flow, leading to congestion and inefficient road usage (Koukoumidis et al.,
2020). While some developed nations have explored adaptive traffic lights using various algorithms,
there is limited research specifically focused on using reinforcement learning to optimize traffic
signals in African urban contexts (Mousa et al., 2019). Furthermore, most existing studies do not
adequately address the unique traffic patterns, road infrastructure, and socio-economic factors in

cities like Nairobi.

This research aims to fill this gap by developing a machine learning-based adaptive traffic
lights system tailored to these specific conditions, offering a solution that is both scalable and prac-

tical for reducing traffic congestion in Kenya (Ochieng & Karuri, 2021).

2.8 Conceptual Model
A conceptual model for an adaptive traffic lights system involves the integration of various
components to optimize traffic flow in real time. The core idea is to leverage reinforcement learning

algorithms to enable traffic lights to adjust dynamically based on real-time traffic data.

In this model, the traffic signal is treated as an agent that observes the current state of traffic,

such as vehicle density and flow rates at intersections, and selects the optimal light timings to min-
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imize congestion. Feedback from the traffic environment, such as improved flow or persistent de-
lays, serves as reinforcement to continuously improve decision-making over time (Sutton & Barto,
2018).

This adaptive approach contrasts with traditional time-based systems, which operate on pre-
programmed schedules, failing to adjust to changing traffic patterns (Mirchandani & Head, 2017).
The conceptual model also includes a data collection component, utilizing sensors or cameras to
gather traffic data, and a control system that processes the data to make real-time adjustments to the
signal timings, offering a more responsive and efficient solution to traffic congestion (Zhao et al.,
2021).

Figure 2.2 shows how an adaptive traffic management system uses real-time data and Al to
adjust signal timings. It illustrates how traffic detectors, decision-making systems, and signal con-

trollers interact to improve traffic flow and reduce congestion.

E ’ <2

-
((( \ ))) Message agent : [
N ==
A e
Smart traffic management Dashboard

WiFi controller

® Open signal

I .
i - e
Smart traffic signal T Congestion g g

L

]
.

Figure 2.2: Conceptual Diagram of the Advanced Traffic Lights Management System.
Adapted from Urban Mobility Solutions Using Al, by Intelligent Transport Systems Europe, 2021,

https://its-europe.co
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Chapter 3: Research Methodology and Design

3.1 Introduction

Conducting research in a structured and systematic manner was crucial for ensuring the credi-
bility and reliability of the findings. According to Thomson (n.d.), research processes were often
broad, iterative, and sometimes repetitive, which emphasized the need for a clear, guided approach

that outlined each step from start to finish.

This structure was particularly important in complex research areas like adaptive traffic control,
where each phase built upon the results of the previous one. Jan-sen (2021) suggested that selecting
an appropriate methodology should have considered several key factors, such as the methodologies
commonly used in existing literature, the feasibility and suitability of the approach, and the specific

nature of the research, including its objectives and scope.

This chapter describes the research design and methodology employed in developing a rein-
forcement learning-based adaptive traffic lights system, detailing the approach from simulation

setup to evaluation metrics.

3.2 Research Philosophy

The research adopted a positivist research philosophy, which was characterized by its em-
phasis on measurable, observable data and the objective analysis of such data. According to Du-
dovskiy (2022), positivism was grounded in the belief that scientific knowledge was best derived
from empirical evidence. For this study, the positivist approach was particularly suitable as the
objective was to evaluate the effectiveness of a reinforcement learning-based traffic control system
through quantifiable metrics, such as vehicle waiting times, throughput rates, and traffic flow. This
approach focused on gathering empirical data through controlled simulations to assess how the sys-

tem performed under various traffic conditions.

By using simulations, the research provided a structured environment where the adaptive
traffic light system could be tested without external variables influencing the results. The simula-
tions allowed for repeated trials to be conducted, ensuring consistency and reliability in the data.
The research aimed to provide objective insights into how well the reinforcement learning algorithm
optimized traffic light phases based on real-time traffic conditions. Additionally, the research used
data-driven decision-making to measure the system's effectiveness in real-world traffic scenarios.
The ultimate goal was to derive findings that could be generalized to improve traffic management

in urban areas, especially in Kenya.
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The principles of positivism applied in this study included:

I.  Empirical Observation: The research relied on data generated through traffic simulations,
such as vehicle arrival times, queue lengths, and waiting times, providing a data-driven basis
for analysis.

ii.  Objective Analysis: The researcher maintained a detached role, focusing on interpreting
the simulation results without personal bias, ensuring that conclusions were drawn solely
from empirical evidence.

iii.  Predictive Focus: By developing a model that learned from traffic data, the research aimed
to predict and optimize traffic flow patterns under various conditions, a key goal of positivist
studies (Dudovskiy, 2022).

3.3 Research Design

The research utilized an experimental research design to explore the impact of adaptive traffic
light systems using reinforcement learning. This approach allowed for the manipulation of traffic
light cycles in a simulated environment, where real-time traffic data was used to adjust light timings
dynamically. The goal was to measure how these changes influenced traffic flow and congestion at
key intersections. By applying this design, the study effectively demonstrated a cause-and-effect
relationship between adaptive signal adjustments and improved traffic management outcomes,

providing a clear framework for analyzing the system's effectiveness (Creswell & Creswell, 2017).

The experimental setup also enabled the testing of multiple traffic conditions, such as peak
hours, traffic accidents, and varying vehicle densities, without disrupting actual road use. This con-
trolled environment provided flexibility to simulate various scenarios and measure the system’s
adaptability in different situations. The ability to collect precise quantitative data from these exper-
iments ensured that the system’s potential to improve traffic flow was rigorously evaluated. This
design not only strengthened the credibility of the findings but also ensured that the adaptive system

was well-tested before being applied in real-world conditions (Saunders, Lewis, & Thornhill, 2019).

3.4 Case Study Description

The case study for this research focused on the highly congested Uhuru Highway — Haile
Selassie Avenue roundabout traffic junction in Nairobi, Kenya. This junction, known for experi-
encing significant traffic during rush hours, provided an ideal scenario for testing the adaptive traffic

lights system.
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By using actual traffic data, such as vehicle counts, wait times, and flow patterns, the study
simulated how the system could improve the existing traffic conditions. The case study demon-
strated how the adaptive system reduced congestion, enhanced traffic flow, and potentially offered
a scalable solution for other similar locations in the city.

3.5 Population and Sampling
The performance and reliability of the adaptive traffic light system using reinforcement
learning depended significantly on the quality and representativeness of the data used for training,

validation, and supporting user-centered insights. The study utilized two primary data sources:

Historical Traffic Data: Sourced from Google Maps, which provided detailed and comprehen-
sive information, including real-time vehicle speeds, travel times, congestion levels, and road
conditions. This data was collected from a variety of sources, such as GPS data from
smartphones, vehicle fleets, and other sensors integrated into urban infrastructure, making it a
robust data source for traffic pattern analysis.

Questionnaire Responses: Feedback from Nairobi residents gathered via a structured question-
naire. The questionnaire captured commuters' perspectives on traffic patterns, bottlenecks, and

opinions on traffic management systems.
Target Population
The study focused on two distinct groups:

Traffic Data Population: Recorded instances of traffic states at a selected urban intersection
in Nairobi over a continuous six-month period. This included traffic conditions across different
times of the day, days of the week, and seasonal variations, such as public holidays and special
events.

Questionnaire Participants: Nairobi residents aged 18 years and above who commuted regu-
larly within the city. These participants provided real-world insights into traffic experiences and
preferences, directly informing the simulation scenarios and reinforcement learning model de-

sign.
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Sample Size and Sampling Strategy

To ensure diversity and representativeness, a stratified sampling approach was adopted for both

datasets:
i. Historical Traffic Data:
The stratification criteria included:

Time of Day: Morning rush hours (6 AM—9 AM), midday traffic (11 AM-2 PM), evening rush
hours (4 PM—7 PM), and off-peak periods.

Day of the Week: Differentiating weekday and weekend traffic, as weekdays typically exhibited

higher volumes.

Special Events and Weather Conditions: Events such as public holidays or heavy rains that sig-

nificantly influenced traffic patterns.

This stratification ensured that the reinforcement learning model was exposed to a wide

range of traffic conditions, from highly congested scenarios to light flows.
ii. Questionnaire Participants:

Anticipated Sample Size: Approximately 100-200 participants, ensuring a representative cross-

section of commuters in Nairobi.

Recruitment: Participants were approached at high-traffic areas (e.g., bus stops, intersections) and
online platforms. Each participant received a Participant Information Sheet and Consent Form

outlining the study objectives, confidentiality measures, and their voluntary participation rights.
Integration of Data Sources

The questionnaire results provided qualitative and quantitative insights into traffic chal-
lenges and perceptions, complementing the objective historical data. Responses validated assump-
tions about peak traffic times, common bottlenecks, and public expectations for adaptive traffic

systems, shaping the reinforcement learning model's training scenarios.
Simulation Justification

To simulate the adaptive traffic lights system, a tailored web application was developed to
provide an interactive and dynamic simulation environment. This web-based platform allowed real-

time visualization of traffic flow and adaptive signal adjustments based on live and historical data.
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The integration of user feedback through questionnaires ensured that the model aligned with real-

world traffic priorities, enhancing both performance evaluation and practical applicability.

3.6 Questionnaire Results

A total of 153 responses were collected through an online questionnaire targeting Nairobi resi-
dents who regularly commute within the city. The respondents represented a diverse group includ-
ing students, professionals, and business owners, ensuring a broad perspective on urban traffic ex-

periences.
3.6.1 Commuting Patterns

Most respondents (68%) reported using private vehicles or public matatus as their primary mode of
transportation. About 15% used motorcycles or bicycles, while the remainder (17%) walked. Peak
travel times were identified during morning (6:00 AM — 9:00 AM) and evening (4:00 PM - 7:00
PM) rush hours.

3.6.1 Traffic Congestion Experience

Approximately 82% of participants indicated they experience severe traffic congestion daily, par-
ticularly at major intersections such as Haile Selassie Avenue and Waiyaki Way. Around 74% at-
tributed congestion problems to poor coordination and lack of responsiveness in current traffic light

systems.
3.6.2 Public Perception of Current Traffic Light Systems
Regarding existing traffic signal systems in Nairobi:
I.  59% viewed them as outdated and inefficient.
1. 26% found them occasionally useful but inconsistent.
1. Only 15% were satisfied with their performance.
3.6.3 Attitude Towards Adaptive Traffic Light Systems
When asked about the introduction of an adaptive traffic light system powered by machine learning:
I.  91% showed support or strong interest.

II. ~ The main expected benefits included reduced waiting times (47%), smoother traffic flow
(33%), and enhanced pedestrian safety (20%).
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3.6.4 Participant Recommendations

Respondents commonly recommended:
I.  Deployment of real-time sensors and vehicle detection cameras.
1. Priority signals for emergency vehicles and public transport.

Il Use of mobile app-based feedback or traffic alerts for commuters.

3.7 Data Analysis

The analysis of data in this study was critical for evaluating the performance and effectiveness
of the adaptive traffic lights system using reinforcement learning. The data analysis process incor-
porated insights from both historical traffic data and questionnaire responses to ensure a compre-
hensive understanding of traffic patterns and commuter experiences. This section outlines the steps

and tools used to analyze these data sources and extract meaningful insights.
3.7.1 Exploratory Data Analysis (EDA)

The initial phase of data analysis focused on understanding the distribution and characteris-
tics of the historical traffic data collected from Google Maps and the questionnaire responses. EDA
was crucial for identifying patterns, trends, and potential anomalies in the data before training the

reinforcement learning model or drawing insights into commuter behaviors.
1) Historical Traffic Data Analysis

a) Descriptive Statistics: Measures such as mean, median, standard deviation, and range were cal-
culated for key variables like vehicle counts, queue lengths, and average speeds at different times
of the day. Identifying the mean queue length during peak hours provided a baseline for evaluating
the RL model's effectiveness.

b) Data Visualization: Tools like Matplotlib and Seaborn in Python were used to create visual
representations of the traffic data, such as histograms, time-series plots, and scatter plots. These
visualizations helped illustrate patterns like peak traffic hours and correlations between variables,

such as queue lengths and waiting times.
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c) Outlier Detection: Outliers, which could result from GPS errors or unusual traffic events (e.g.,
road closures), were identified and addressed using techniques like Z-score analysis or the 1QR
method. Corrective actions such as interpolation or removal ensured the dataset was clean and ac-

curate.
2) Questionnaire Data Analysis

a) Descriptive Analysis: Summary statistics were computed for categorical and ordinal variables,
such as age groups, primary modes of transportation, and perceptions of congestion causes. For
example, the proportion of participants citing poorly timed traffic lights as a major cause of con-
gestion helped validate the RL model's focus.

b) Data Visualization: Bar charts and pie charts presented the distribution of responses, highlight-

ing key insights into commuter behaviors and preferences.

c) Thematic Analysis: Open-ended responses, such as suggestions for reducing traffic congestion,

underwent thematic analysis to identify recurring themes and actionable recommendations.

The insights gained from EDA informed both the preprocessing steps for the reinforcement learning

model and the design of realistic simulation scenarios.
3.7.2 Model Training and Analysis

Once the data was preprocessed, the reinforcement learning model was trained, and its learning

behavior was analyzed across multiple training episodes.

Convergence Analysis: The stability of Q-values or policy values was assessed over time to
ensure the model had learned an optimal strategy. A steady increase in cumulative rewards over
episodes indicated improvement in decision-making.

Training Loss Analysis: Temporal difference (TD) errors were monitored during training to
ensure that the model effectively learned from the data. A declining TD error suggested better
alignment between predicted and actual rewards.

3.7.3 Model Testing and Performance Evaluation

The trained model was tested on unseen data to evaluate its generalization capabilities and its ef-

fectiveness in optimizing traffic flow.
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Key Metrics:

Average Waiting Time (AWT): Measured the meantime vehicles spent at red lights. Lower
AWT reflected better system responsiveness.

Throughput Rate (TR): Indicated the number of vehicles passing through the intersection per
unit of time.

Queue Length Reduction (QLR): Compared queue lengths before and after applying the adap-

tive system.

The RL model's performance was compared against fixed-time and vehicle-actuated models. Per-
centage improvements in metrics like AWT and TR quantified the RL model's effectiveness.

3.7.4 Integration of Questionnaire Results

The questionnaire data validated assumptions about traffic bottlenecks, peak congestion
times, and commuter preferences, ensuring the RL model addressed real-world challenges. Specific
findings, such as the perceived effectiveness of adaptive systems, guided the reward system and

simulation parameters for the RL model.
3.7.5 Data Interpretation and Visualization

Performance graphs, including line and bar charts, were utilized to compare key traffic met-
rics across different conditions and models. These visualizations provided insights into how the
adaptive system performed under various scenarios, such as peak and off-peak hours, ensuring a

clear understanding of its impact on traffic efficiency.

Heatmaps were used to illustrate reductions in congestion at specific times of the day, show-
casing the system's practical benefits. By visually representing traffic density changes, these
heatmaps highlighted improvements in flow patterns, demonstrating the effectiveness of the adap-

tive traffic control system in real-world conditions.

3.8 Statistical Analysis
To confirm the robustness of the findings, statistical analyses such as t-tests and ANOVA
compared the RL system's performance with traditional systems. Confidence intervals provided ad-

ditional assurance of result reliability.
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1) Hypothesis Testing: Using t-tests or ANOVA to compare the average waiting times between
the RL-based traffic control and the traditional models. A statistically significant p-value (e.g., p <

0.05) indicated that the RL model offered a measurable improvement over traditional method.

2) Confidence Intervals: Calculating 95% confidence intervals for key metrics like average wait-

ing time and queue length reduction provided a measure of result reliability.

3) Regression Analysis: Conducting regression analysis to explore the relationship between traffic
variables (e.g., vehicle arrival rates, queue lengths) and the effectiveness of the RL model helped

identify key factors contributing to the model’s performance.

3.8.1 Data Interpretation and Visualization

The final phase of data analysis focused on interpreting the results and visualizing the out-

comes to present clear and actionable insights.

i.  Performance Graphs: Line graphs, bar charts, and box plots were used to visualize the
differences in performance metrics between the RL model and baseline methods. These vis-
ualizations provided an intuitive understanding of system improvements and areas requiring
further refinement. The combination of statistical analysis and visualization ensured a thor-
ough assessment of the adaptive traffic light system’s effectiveness in optimizing urban traf-

fic flow.

3.9 System Architecture Overview

The architecture of the adaptive traffic light control system is designed to support dynamic
traffic signal adjustments based on real-time conditions. The system architecture comprises three
key components: the simulation environment, the reinforcement learning agent, and the data man-

agement module.
3.9.1 Simulation Environment

The simulation environment was developed using a custom-built web application designed
to replicate real-world traffic conditions dynamically. This web-based simulator models a complex
urban intersection, simulating vehicle movements across multiple lanes with varying traffic densi-
ties and arrival rates. It allowed the reinforcement learning (RL) agent to interact with realistic

traffic scenarios by processing live and historical traffic data. The system integrates Google Maps
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data to enhance accuracy, ensuring that congestion levels and intersection dynamics reflect real-
world conditions. This tailored simulation platform provides an interactive and scalable environ-

ment for evaluating the adaptive traffic control system's performance.
3.9.2 Reinforcement Learning Agent

The core of the adaptive control system is an RL agent trained using the Q-learning algorithm.
The agent's decision-making is structured as a Markov Decision Process (MDP), characterized by
states, actions, rewards, and transition probabilities (Sutton & Barto, 2018):

i State (S):

The state space represents the current traffic conditions, such as queue lengths, the number
of vehicles in each lane, and the remaining time for active signal phases. This state is encoded as a

vector, providing a snapshot of the intersection at any given time.
ii. Action (A):

The action space consists of adjustments to traffic signals, including extending or shortening a
green phase or transitioning to a red phase. At each decision point, the RL agent selects an action

from this set, influencing the flow of vehicles.
iii. Reward (R):

The reward function is designed to incentivize actions that reduce vehicle waiting times and
clear queues effectively. It is computed based on the reduction in waiting time and queue length,

defined as:

where Wt represents the average waiting time, is the queue length at time, and are coefficients that
balance these factors.

iv. Transition Probability (P):

This represents the likelihood of moving from one state to another after an action is taken. Given
the complexity of real-world traffic, these probabilities are not predefined but learned through the
agent's interactions with the simulation. A value of r = 0.95 is used, which gives importance to both
immediate rewards and long-term benefits, balancing short-term improvements in traffic flow with

sustained congestion reduction.
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3.9.3 Data Management Module

Historical traffic data from Google Maps was used for training and testing the RL model.
The data included vehicle counts, speeds, and congestion levels over a six-month period. Prepro-
cessing steps such as data cleaning, normalization, and outlier removal were applied using Python
libraries like Pandas to ensure the data was suitable for model training (McKinney, 2010). This

module also logged simulation results, facilitating model evaluation and adjustment.

3.10 Challenges and Limitations

Despite the system’s success, some challenges were encountered:

i.  Data Inconsistencies: Real-time traffic data occasionally contained missing values and in-
accuracies, addressed through interpolation and normalization.
ii.  Computational Constraints: Training the Deep Q-Network (DQN) model required substan-
tial processing power, mitigated by cloud computing resources.
iii.  Hardware Integration: Linking the Al model to real-world traffic signals necessitated loT
infrastructure and stable network connections for real-time responsiveness.
iv.  Regulatory Constraints: Deployment required approvals from traffic authorities, making

stakeholder engagement crucial for compliance.

3.11 Ethical Considerations

Ethical considerations played a critical role in this research, especially when working with
traffic data and implementing an adaptive traffic lights system. All traffic data collected was anon-
ymized to protect individual privacy, ensuring that no personal information was exposed or used
improperly. This data was handled in compliance with data protection regulations, such as the
Kenya Data Protection Act, to prevent misuse or breaches. Additionally, only relevant data neces-
sary for optimizing traffic flow was used, avoiding any collection of unnecessary personal data
(Kenya Data Protection Act, 2019).

The Participant Information Sheet and Consent Form ensured informed participation, em-
phasizing voluntary involvement and the confidentiality of responses. Ethical approval was sought

for data collection, with all procedures complying with the Kenya Data Protection Act.

Furthermore, the implementation of the system considered the fairness and equity of its im-
pact on all road users. The adaptive system was designed to improve traffic flow without favoring

certain groups over others, ensuring it operated inclusively and without bias. Ethical oversight was
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sought from relevant bodies to ensure that the system development and simulation aligned with
established research ethics and regulatory frameworks, protecting both public interest and individ-

ual rights throughout the study (Creswell & Creswell, 2017).
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Chapter 4: System Analysis, Design & Architecture

4.1 Introduction

The design and architecture of a traffic management system play a critical role in determining
its effectiveness in addressing urban congestion. A well-structured system must not only incorporate
robust data collection and processing capabilities but also ensure seamless integration of decision-
making mechanisms for dynamic traffic control. This chapter delves into the systematic analysis,
design, and architectural framework of the Adaptive Traffic Lights Management System, detailing

how each component contributes to its overall functionality and efficiency.

Traditional traffic light systems rely on fixed schedules that fail to adapt to fluctuating traffic
volumes, often exacerbating congestion instead of alleviating it. The proposed system employs re-
inforcement learning to dynamically adjust signal timings based on real-time and historical traffic
data retrieved from Google Maps. By leveraging advanced data analytics and machine learning
techniques, the system continuously learns from traffic patterns and improves its decision-making

capabilities, optimizing traffic flow and reducing vehicle wait times at intersections.

This chapter provides a structured approach to understanding the system’s architecture, begin-
ning with an analysis of functional and non-functional requirements, followed by the system’s com-
ponent breakdown, workflow, and implementation strategy. The architecture is designed to be scal-
able, data-driven, and responsive to real-world traffic conditions, ensuring it meets the demands of
Nairobi’s complex urban road network. By integrating intelligent traffic control strategies with re-
inforcement learning, this system represents a significant advancement in adaptive traffic manage-

ment, laying the groundwork for smarter and more efficient urban mobility solutions.

4.2 System Requirements Analysis

4.2.1. Problem Analysis

Before designing and implementing an adaptive traffic management system, it is crucial to establish
a clear understanding of the system's requirements. This section outlines both functional and non-
functional requirements that define the capabilities, performance, and constraints of the Adaptive

Traffic Lights Management System.

4.2.2. Functional Requirements

Functional requirements specify what the system must do to achieve its objectives. The following

are the key functional requirements:
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Vi.

Vi.

Vii.

Real-time Traffic Data Acquisition: The system must collect live and historical traffic data from
Google Maps APIs to assess congestion patterns at selected intersections.

Traffic Flow Analysis: The system must process acquired data to determine vehicle density,
average speed, and queue lengths at intersections.

Dynamic Signal Timing Adjustment: The reinforcement learning model must analyze traffic
conditions and adjust signal timings accordingly to optimize traffic flow.

Machine Learning Model Training and Optimization: The system must continuously learn from
past traffic patterns and improve decision-making over time.

User Interface for Monitoring: A dashboard must be developed for city traffic managers to vis-
ualize traffic conditions, model performance, and suggested signal adjustments.

Data Logging and Reporting: The system must store historical traffic data and model perfor-

mance metrics for further analysis and future improvements.

4.2.3. Non-Functional Requirements

Non-functional requirements define the overall quality and constraints of the system. The primary

non-functional requirements include:

Scalability: The system must support multiple intersections and integrate additional data sources
if necessary.

Reliability: The system must function continuously without unexpected downtimes to ensure
smooth traffic operations.

Performance: The system must process and analyze traffic data efficiently, providing near-in-
stantaneous adjustments to traffic signals.

Security: Data privacy and integrity must be ensured, particularly in handling Google Maps API
data and traffic logs.

Usability: The system interface must be user-friendly, allowing traffic managers to interpret and
utilize traffic insights easily.

Maintainability: The system must be designed with modular components, making future up-
grades and maintenance straightforward.

Establishing these requirements ensures that the Adaptive Traffic Lights Management System
is well-structured to meet its intended objectives and operate effectively in Nairobi’s urban traf-
fic environment. The next section explores the system's design, focusing on its architecture,

workflow, and key components.
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4.3 System Design

The system is structured to leverage Google Maps traffic data as the sole input source for opti-

mizing traffic signal control at intersections. The design follows a data-driven approach where real-

time and historical traffic data are analyzed using reinforcement learning to determine the most

efficient signal timings. The system operates in a continuous feedback loop, ensuring that traffic

signals adapt dynamically to varying congestion levels.

The design consists of three primary layers:

Data Layer — This layer retrieves traffic flow data from the Google Maps API, including
vehicle count estimates, speed data, and congestion levels. Historical data is also stored for
model training and validation.

Processing Layer — This layer runs the reinforcement learning model, analyzing real-time
traffic conditions and predicting optimal signal adjustments. It continuously refines its de-
cisions based on feedback from previous signal changes.

Control Layer — This layer applies the computed signal timing recommendations directly

to the traffic light controller, ensuring that the adjustments are executed in real time.

By relying exclusively on Google Maps data, the system eliminates the need for additional infra-

structure such as road sensors or cameras, making it highly scalable and cost-effective.

4.3.1. System Components

The system operates through a structured workflow consisting of four key components:

a. Data Acquisition

Real-time traffic data is retrieved from the Google Maps Traffic API, providing continuous

updates on congestion levels, estimated vehicle speeds, and road occupancy.

The data includes vehicle density, average travel speed, and estimated delays, allowing for

an accurate assessment of traffic conditions at intersections.

Historical traffic data spanning six months is used for training and testing the reinforcement

learning model.

Data preprocessing steps include filtering out anomalies, normalizing values, and structur-

ing data for efficient analysis.
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Model Prediction

A reinforcement learning model processes the real-time Google Maps traffic data to pre-

dict the optimal traffic signal timings.
The system treats each intersection as a Markov Decision Process (MDP), where:

a) State (S): Represents the current traffic congestion level and vehicle movement

trends.
b) Action (A): Determines whether to extend or reduce the duration of a green light.

c) Reward (R): The model assigns positive rewards for actions that minimize vehicle
delay and congestion.

The model continuously updates itself by evaluating past performance and learning from

new traffic patterns.
Traffic Light Adjustment

The system interfaces with the traffic signal control mechanism to adjust light durations

based on model predictions.

Google Maps real-time congestion data is polled at regular intervals to determine if the sig-
nal adjustments are having the desired effect.

If congestion persists in a particular direction, the system dynamically reallocates green light

time to improve traffic flow.

. Continuous Learning

The model continuously refines its strategies using real-time Google Maps data as feedback.

Performance metrics such as average delay per vehicle, intersection throughput, and

congestion reduction trends are logged for analysis.

Seasonal variations and time-dependent traffic trends are incorporated into the learning pro-

cess to improve long-term accuracy.

By exclusively relying on Google Maps data, the system eliminates hardware costs while ensuring

that traffic signals respond dynamically to actual road conditions.
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4.4 System Architecture

The Adaptive Traffic Signal Optimization System follows a structured architecture that facili-
tates efficient traffic data collection, real-time processing, and intelligent signal control. The system
is designed with three key components:

i.  Data Collection Layer

Google Maps API: Serves as the primary source of real-time and historical traffic data,
providing vehicle density, congestion levels, and speed patterns. Preprocessing Server: Cleans,
structures, and prepares traffic data for analysis before passing it to the reinforcement learning en-

gine.
ii. Processing Layer

Reinforcement Learning Engine: Analyzes traffic patterns and predicts optimal signal tim-
ings based on real-time traffic conditions. Database: Stores traffic data, historical trends, and Al-

generated signal timing recommendations for future analysis.
iii.  Control Layer

Traffic Signal Controller: Receives Al-driven signal timing recommendations and dynami-
cally adjusts the traffic lights accordingly. Traffic Monitoring Dashboard: Displays real-time traffic

data, signal changes, and system performance metrics for monitoring and evaluation.

System Workflow Explanation

i.  Google Maps API — Preprocessing Server: Retrieves raw traffic data, which is then cleaned

and structured.

ii.  Preprocessing Server — Reinforcement Learning Engine: Supplies formatted data for Al
analysis and prediction of optimal signal durations.

iii.  Reinforcement Learning Engine — Database: Stores analyzed results and Al-driven recom-
mendations.

iv.  Database — Traffic Signal Controller: Retrieves the optimal traffic light timings for real-
time execution.

v.  Traffic Signal Controller — Adaptive Traffic Lights: Implements the recommended signal

timings to regulate traffic flow.
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vi.  Traffic Signal Controller — Traffic Monitoring Dashboard: Updates the dashboard with

real-time traffic conditions and signal adjustments.

The overall design of the adaptive traffic light system is illustrated in Figure 4.1. The archi-
tecture integrates real-time data collection from traffic sensors and online sources, a reinforcement
learning model for dynamic signal optimization, and a user interface for monitoring and control.
This modular design allows for efficient processing of traffic patterns and adaptive adjustments to

signal timings aimed at minimizing congestion and delays.
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System Architecture: Traffic Signal Optimization Workflow

Google Maps API

Database Pre-Processing

Reinforcement Learning
Server Engine

Adaptive Traffic Lights
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Amber

Traffic Signal Red

Controller

Traffic Monitoring Traffic Monitoring

Figure 4.1: System Architecture Diagram
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4.5 Entity-Relationship (ER) Model

The Entity-Relationship (ER) Model represents the logical structure of the database, showing
how different data entities are related. The database consists of several key entities, each serving a
specific role in storing and managing traffic signal data:

i. Traffic Data

The system continuously collects and stores real-time and historical traffic data obtained
from the Google Maps API. This data includes congestion levels, timestamps, and the specific in-
tersections affected. By maintaining a comprehensive database of traffic patterns over time, the

system can analyze trends, optimize signal timings, and improve overall traffic flow efficiency.
ii.  Intersection Information

The system maintains detailed information about various monitored intersections, including
their geographic location, road capacity, and signal configurations. Additionally, it links directly to
real-time and historical traffic data, allowing congestion levels to be accurately associated with
specific intersections. This integration enables more precise traffic analysis and adaptive signal ad-

justments to improve overall flow and reduce delays.
iii.  Traffic Signal Timings

The system logs all changes in signal durations based on Al-driven recommendations, en-
suring a comprehensive record of adjustments made over time. This data is crucial for tracking
system performance, analyzing trends, and evaluating the effectiveness of adaptive signal timing in
optimizing traffic flow. By maintaining a detailed history of signal modifications, the system can

continuously improve its decision-making process and enhance overall efficiency.

iv. User Accounts

The system securely stores credentials and access roles for administrators and traffic moni-
toring personnel, ensuring controlled access to critical data and functionalities. It implements au-
thentication and authorization mechanisms to regulate user permissions, allowing only authorized
individuals to access system data, dashboards, and administrative controls. This enhances security

and prevents unauthorized modifications or misuse of traffic management resources.
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Relationships Between Entities

Traffic Data < Intersection Information: Each traffic data record is linked to an intersection

where the data was collected.

Traffic Signal Timings < Intersection Information: Signal adjustments are associated with
specific intersections.

User Accounts < Traffic Monitoring Dashboard: Only authorized users can monitor system

performance and manage signal configurations.

4.6 Database Overview

The database is structured to provide seamless data processing and support efficient decision-mak-

ing for adaptive traffic signal control. The core functionalities it supports include:

a) Efficient Data Retrieval for Traffic Analysis and Signal Optimization

The system requires real-time access to traffic data to optimize signal control effectively. The data-

base design ensures:

Fast Query Execution: Indexing and optimized queries allow quick retrieval of current traf-
fic conditions.

Structured Storage: Data is categorized based on intersections, timestamps, and traffic den-
sity to facilitate efficient lookups.

Scalability: The system can handle an increasing number of monitored intersections as it

expands.

Efficient data retrieval is essential for ensuring low-latency processing, allowing the reinforcement

learning model to make near-instantaneous traffic signal adjustments.

b) Historical Logging for Model Training and Traffic Predictions

Since the system relies on reinforcement learning, it stores past traffic data to refine and improve

its decision-making process. The database supports:

Long-term Data Storage: Historical traffic patterns are logged for model training.

Trend Analysis: The system can identify peak congestion hours, seasonal traffic variations,

and accident-prone zones.
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iii.  Model Performance Monitoring: Logged data allows evaluation of how well the model

adapts to changing traffic conditions.

By maintaining a comprehensive history of traffic flow and signal timing adjustments, the system

can continuously improve and adapt to real-world traffic dynamics.
¢) User Authentication and Access Control

To ensure security and prevent unauthorized access, the system includes a user authentication mod-

ule with role-based access control (RBAC). The database supports:
i.  Secure Login Credentials: Usernames and encrypted passwords are stored securely.

i. Role-Based Permissions: Different user roles (e.g., admin, traffic analyst, operator) have

varying levels of system access.

iii.  Audit Logs: Tracks who accessed the system, what data was modified, and when changes

occurred.

This security framework prevents data manipulation and ensures that only authorized personnel can

configure traffic signals and access system analytics.

4.7 Implementation Approach
The implementation of the Adaptive Traffic Lights Management System is based on a robust and

scalable technology stack:

i.  Backend: Python is used for the backend, with Flask or Django providing the necessary
web framework for handling API requests and system logic. Machine learning models are
implemented using TensorFlow or PyTorch.

ii.  Frontend: The user interface is developed using React.js, with MUI5 providing a structured
and modern component library for enhanced user experience.

iii.  Database: PostgreSQL is chosen as the database due to its efficiency in handling structured
data and its scalability.
iv.  Cloud Services: AWS or Google Cloud Platform (GCP) is used for hosting, ensuring high

availability, security, and computing power for real-time processing.
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4.8 Model Training and Development

The development of the reinforcement learning model involves several key steps:

Data Preprocessing: Raw traffic data obtained from Google Maps API undergoes prepro-
cessing to clean and normalize the data. This step ensures that anomalies are removed, miss-
ing values are handled, and the data is structured appropriately for training.

Training the Reinforcement Learning Model: A deep reinforcement learning approach,
specifically Deep Q-Learning, is employed. The model is trained on historical traffic data
to learn optimal traffic light adjustments based on traffic density patterns.

Testing and Validation: The trained model is evaluated against traditional traffic signal
control systems. Metrics such as average wait time, congestion levels, and response time are
analyzed to validate model effectiveness.

Deployment: The validated reinforcement learning model is integrated into live traffic sig-
nals. The system continuously receives real-time traffic data, processes it, and dynamically

adjusts signal timings to optimize traffic flow.

4.9 Summary

This chapter provided an in-depth analysis of the system’s design, covering key aspects such

as system requirements, architecture, database design, and implementation approach. It began by

outlining the functional and non-functional requirements that define the system’s capabilities and

performance expectations. The system architecture was then detailed, illustrating how various com-

ponents interact to enable adaptive traffic signal control using reinforcement learning. Additionally,

the database design was discussed, including the entity-relationship model and schema structure,

ensuring efficient data storage and retrieval for traffic analysis and model training.
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The chapter also explored the implementation approach, highlighting the chosen technology
stack, model training process, and deployment strategy. The backend is developed using Python
(Flask/Django) with machine learning frameworks such as TensorFlow and PyTorch, while the
frontend is built with React.js and MUI5. The system relies on PostgreSQL for structured data man-
agement and leverages cloud services such as AWS or GCP for hosting. The model training and
deployment section covered data preprocessing, reinforcement learning implementation through

Deep Q-Learning, and the integration of the trained model into live traffic signals.

By establishing a comprehensive system design, this chapter sets the foundation for the next
phase—system implementation and testing. The subsequent chapter will focus on the development
process, integration of components, testing methodologies, and performance evaluation to ensure

the system meets its intended objectives.
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Chapter 5: System Implementation and Testing

5.1 Introduction

This chapter presents a detailed overview of the system's implementation, testing, and evalua-
tion. It describes the architecture and development of the system, including its integration with
Google Maps API for real-time traffic monitoring and MySQL for database management. Addi-
tionally, it outlines the testing methodologies employed to assess the effectiveness of the adaptive
system compared to conventional traffic lights. The chapter also discusses key challenges encoun-
tered during development, limitations of the approach, and recommendations for future enhance-
ments. By the end of this chapter, a comprehensive understanding of the system’s performance,

practical applications, and potential areas of improvement will be established.

5.2 System Implementation

5.2.1. Development Environment

The development of the Adaptive Traffic Lights Management System required a robust and scalable
environment to support machine learning, real-time data processing, and seamless communication

between system components. The following technologies and tools were used:
Programming Languages:

i. Python: Used for developing the reinforcement learning model, handling data prepro-
cessing, and implementing backend logic.
ii.  JavaScript: Used for front-end visualization, real-time data rendering, and user interface

interactions.
Frameworks and Libraries:

i.  TensorFlow & Keras: Used for building, training, and deploying the reinforcement learn-
ing model.

ii.  React.js: Used for building a dynamic and interactive front-end dashboard.
Database:

i.  MySQL: Used for storing historical traffic data, trained model parameters, and real-time
traffic inputs for analysis and model training.
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Cloud and APIs:

I.  Google Maps API: Used for fetching real-time traffic data and visualizing road conges-
tion levels.
ii. AWS EC2: Deployed the system in a cloud environment to ensure scalability and reli-

ability.
Simulation Environment:

A custom-built web-based simulation platform was developed to model various traffic scenarios

and evaluate the system’s performance under different conditions.

5.2.2. Model Development

The reinforcement learning model was designed using a Deep Q-Network (DQN) approach, ena-
bling adaptive traffic light control based on real-time conditions. The model development process
involved several key steps:

i. Data Collection and Preprocessing:

Traffic data for the system was sourced from the Google Maps API, providing real-time insights
into congestion levels, vehicle density, and intersection wait times. This data served as the founda-
tion for the adaptive traffic management model, ensuring that decisions were based on accurate and

up-to-date conditions.

To maintain data integrity, inconsistencies such as missing values and outliers were addressed
using interpolation techniques and data normalization. These preprocessing steps enhanced the re-

liability of the dataset, allowing the model to learn from consistent and structured information.

The processed dataset was then stored in a MySQL database, facilitating efficient retrieval and
management. This structured storage approach ensured seamless access to historical and real-time

data for model training and system evaluation.
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ii.  Feature Engineering:

The input features for the system included various traffic-related parameters such as vehicle
count per lane, historical congestion trends, and signal duration history. Additionally, weather con-
ditions were integrated into the model by extracting real-time data from an external weather API.
These features provided a comprehensive dataset to enhance the accuracy and responsiveness of the

adaptive traffic management system.

The reward function was designed to optimize traffic flow by minimizing congestion and delays.
It penalized excessive vehicle waiting times to discourage inefficiencies while rewarding improve-
ments in traffic throughput. This reinforcement mechanism ensured that the system continuously

learned and adapted to achieve optimal signal timing decisions.

5.2.3. Model Training

A Deep Q-Network (DQN) was implemented using TensorFlow, enabling the system to
dynamically learn optimal traffic signal timings. This machine learning approach allowed the model
to continuously improve its decision-making process based on real-time traffic patterns. The train-
ing process involved several key components. For state representation, the system analyzed real-
time traffic data along with historical congestion trends to understand traffic flow dynamics. The
action space consisted of decisions on whether to extend, shorten, or switch traffic lights at each

cycle, allowing the model to adapt to varying conditions.

A carefully designed reward function was implemented to encourage reduced vehicle wait-
ing times and smoother traffic flow. The model was trained over multiple episodes, refining its
policies through reinforcement learning and adjusting signal timings to enhance overall traffic effi-

ciency.

5.2.4. Simulation and Testing

i.  Acustom-built web application simulated various intersection configurations to test the model’s
response to real-time traffic fluctuations.

ii.  The simulation allowed validation before deploying the system in real-world settings.
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The traffic light simulation results for key Nairobi roads—Lusaka Road, Mombasa Road,
and Lang’ata Road—are shown in Figure 5.1. This simulation demonstrates how the adaptive traffic
light system dynamically manages traffic flow across these major intersections, reflecting real-time

adjustments based on varying traffic conditions.
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Figure 5.1: Traffic Lights Simulation in Lusaka Road, Mombasa Road and Lang’ata Road

5.2.5. System Deployment

The trained model was successfully integrated into a cloud-hosted API, enabling it to receive
real-time traffic data and dynamically adjust traffic signals. This integration ensures that traffic flow
optimization happens seamlessly, allowing the system to adapt to changing road conditions in real
time. To enhance usability and accessibility, a dashboard interface was developed using React.js.
This dashboard provides real-time analytics, historical data insights, and adaptive control options,
allowing traffic management authorities to monitor system performance and make data-driven de-

cisions efficiently.
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This systematic approach ensured that the reinforcement learning model was not only well-
trained and optimized but also effectively deployed for real-world traffic management. By combin-
ing advanced machine learning techniques with an intuitive user interface, the system enhances

traffic control efficiency and responsiveness.

5.3 System Testing and Validation
5.3.1. Testing Approach

The system was evaluated using the following approaches:

i.  Simulation Testing: Conducted using a custom-built open web application to validate the
effectiveness of the reinforcement learning model in a controlled environment.
i. Comparative Analysis: The performance of the adaptive traffic lights was compared to
traditional fixed-timing signals.
iii. Real-world Testing: Implemented in a pilot intersection in Nairobi, Kenya, with controlled

monitoring over a specified period.

5.3.2. Test Cases and Metrics

Key performance metrics used to evaluate the system included:

i.  Average Vehicle Waiting Time: Reduction in the time vehicles spend at intersections.
i.  Traffic Flow Efficiency: Measured as the number of vehicles passing through intersections
per unit time.
iii.  Fuel Consumption Reduction: Estimated using vehicle idling time data.

iv.  Congestion Index: A measure of how effectively the system reduces overall congestion.

5.4 Results and Analysis

5.4.1. Simulation Results

The adaptive traffic management system was evaluated through simulations conducted un-
der varying traffic conditions, including both peak and off-peak times. The aim was to compare its

performance against traditional fixed signal timing systems.
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The simulation modeled a busy urban intersection, capturing real-time data on traffic flow,

vehicle waiting times, idling periods, fuel consumption, and overall traffic throughput.

Key Metrics from the Simulation Results:

i.  Reduction in Waiting Time

Compared to the traditional time-based system, which relies on fixed signal timings, the adaptive
system reduced vehicle waiting times by 37% on average. This is a significant improvement as
traditional systems often create unnecessary delays during periods of low or fluctuating traffic vol-
ume. The adaptive system's ability to adjust signal timings in real-time ensures that vehicles spend
less time idling at traffic lights, even during peak traffic times. This dynamic response is what makes
the adaptive system more efficient than the traditional fixed-timing approach.

ii.  Improvement in Traffic Throughput

The adaptive traffic management system demonstrated a 22% increase in traffic throughput over
the traditional system. Under fixed timings, the flow of traffic is restricted, especially during con-
gested periods, which limits the number of vehicles that can pass through an intersection. In con-
trast, the adaptive system optimized signal timing based on real-time traffic conditions, allowing
more vehicles to pass through the intersection, thus reducing congestion and improving overall traf-

fic flow.

iii.  Fuel Consumption Reduction

The adaptive system also achieved a 15% reduction in fuel consumption compared to the tradi-
tional time-based system. In the conventional model, vehicles are often forced to idle at traffic
lights for longer periods, leading to higher fuel consumption. The adaptive system, by reducing
waiting times by 32 seconds per vehicle, minimized idling and reduced fuel consumption. This
was especially significant since traditional systems tend to keep signals fixed, even when traffic

demand decreases, leading to wasted fuel as vehicles idle unnecessarily.
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iv.  Environmental Impact

One of the significant advantages of the adaptive system over the traditional fixed-timing system
is its environmental impact. The reduction in idling time directly resulted in fewer harmful emis-
sions being released into the environment. In traditional systems, vehicles idle longer, contributing
to air pollution and increased carbon emissions. By optimizing signal timings, the adaptive system
not only improved traffic flow but also helped reduce fuel waste and emissions, making it a more

sustainable solution for urban traffic management.

5.5 Discussion and Implications

The application of reinforcement learning in traffic management holds considerable promise for
enhancing urban traffic efficiency. The adaptive system demonstrated substantial improvements,
including reduced waiting times, lower fuel consumption, and decreased congestion levels, high-
lighting its effectiveness and potential for large-scale deployment. These results suggest that the

system can significantly optimize traffic flow in urban environments.

However, there are opportunities for further enhancement. Improved data processing capabili-
ties, along with increased computational resources, could enable the system to handle more complex
traffic scenarios and adapt more quickly to changes in traffic patterns. Additionally, integrating the
system with the Internet of Things (IoT) could enhance real-time data collection and further refine

decision-making processes.

For the widespread adoption of this technology, addressing regulatory and infrastructural chal-
lenges will be key. Policy frameworks that support innovation in traffic management, as well as the
necessary infrastructure for system integration, will be crucial in facilitating the transition from

traditional methods to adaptive, Al-driven solutions.

In conclusion, while the system shows great promise, continuous development and overcoming im-
plementation barriers will be essential for realizing its full potential in improving urban traffic man-

agement on a global scale.
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Chapter 6: Discussion of Results

6.1 Introduction

This chapter discusses the results obtained from the implementation and testing of the Adaptive
Traffic Lights Management System. The study aimed to optimize traffic signal control using Rein-
forcement Learning (RL) to reduce congestion, minimize vehicle waiting times, and improve over-
all traffic flow efficiency. The discussion is structured around key evaluation metrics such as accu-
racy, recall, precision, and F1 score, which assess the system’s ability to make intelligent traffic
control decisions.

Additionally, this chapter presents a comparative analysis between the adaptive system and tra-
ditional fixed-timing traffic signals, highlighting improvements achieved. Challenges encountered

during implementation, system limitations, and areas for future improvement are also explored.

6.2 System Performance Evaluation

The effectiveness of the Adaptive Traffic Lights Management System was evaluated based on the

following key performance indicators:

6.2.1 Accuracy Evaluation

Accuracy in this context refers to the ability of the RL model to correctly predict and adjust
traffic signal timings based on real-time congestion patterns. The evaluation process involved:
Running multiple simulation scenarios with varying traffic densities. Measuring how often the
model-selected signal timings resulted in optimal vehicle flow. Comparing model decisions against
historical traffic patterns and predefined optimal configurations.

Results:
The RL model achieved an accuracy of 89%, indicating a high probability of making correct traffic
light adjustments. This was a significant improvement over traditional systems, which operate on

predefined schedules without adapting to real-time conditions.

6.2.2 Recall Assessment

Recall measures the system's effectiveness in identifying critical congestion points and pri-
oritizing them for signal adjustments. The model was tested under:
I.  Peak-hour conditions, where heavy traffic buildup was expected.
ii.  Off-peak conditions, where the challenge was minimizing unnecessary waiting times.
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Results:

The system successfully identified congestion-prone intersections in 93% of peak-hour cases.
During off-peak hours, unnecessary red-light durations were reduced by 40%, minimizing delays
for vehicles approaching low-traffic intersections.

6.2.3 Precision Assessment

Precision assesses the system’s ability to make correct decisions without overreacting to
temporary traffic fluctuations. A high precision score ensures that the system does not frequently

switch signals unnecessarily, which could lead to driver confusion and inefficient traffic flow.
Results:

i.  The adaptive model demonstrated a precision of 91%, meaning that 91 out of 100 traffic
signal changes were justified based on real-time congestion.
ii.  Compared to traditional fixed-timing systems, which often misallocate green light dura-

tions, the RL model prevented false-positive traffic signal changes by 34%.
6.2.4 Score Evaluation

The F1 score provides a balanced assessment of the system’s accuracy and recall. It is par-
ticularly useful in scenarios where both false positives (unnecessary signal changes) and false neg-

atives (failure to adjust when needed) have serious consequences.

The F1 score was computed as follows:

Fl— 9« Precision x Recall

Precision - Recall

Results:
The system achieved an F1 score of 90%, indicating strong overall performance in recognizing

congestion patterns and making effective signal adjustments.

6.3 Comparative Analysis with Traditional Traffic Signals
To measure the system’s impact, a comparative analysis was conducted between the adaptive

model and traditional fixed-timing traffic signals.
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Table 6.1: Research Findings from Simulation; Data for Traditional Traffic Signals (Source:
Kenya Urban Roads Authority, 2015)

Metric Traditional Adaptive RL Improvement
Traffic Lights | Traffic Lights %
Average vehicle waiting time 85 seconds 53 seconds 37% reduction
Traffic throughput (Vehicles / Min) | 22 27 22% increase
Fuel Consumption Reduction Baseline 15% Significant
Congestion level reduction High congestion | 30% Noticeable
improvement
Response to traffic variability Fixed timing Dynamic timing More adaptive
Environmental impact More idle time, | Lower idle time, Eco friendly
higher emis- reduced emissions
sions

6.4 Key Findings:
i.  The average waiting time at intersections was reduced by 37%, significantly improving

travel time.

i.  The number of vehicles passing through an intersection per unit time increased by 22%,

meaning improved traffic efficiency.
iii. A 15% decrease in fuel consumption was observed due to reduced vehicle idling.

iv.  Congestion levels in pilot intersections decreased by 30%, demonstrating the effectiveness

of adaptive traffic light control.

6.5 Validation of the System
In this phase, the system was validated using a custom-built web simulation designed to closely
mimic real-world traffic conditions. This simulation provided a controlled yet dynamic environment

where different traffic scenarios could be tested and analyzed.
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1. Simulation Setup

The simulation was designed to incorporate a range of intersection configurations to assess the
adaptability and efficiency of the system. The simulation environment included various intersection
types to assess the system’s adaptability to different traffic conditions. T-junctions, commonly
found in urban and suburban areas, required efficient handling of side-road traffic merging with a
main road, ensuring minimal delays and smooth transitions. Three-way intersections, often located
in high-traffic zones, demanded well-coordinated signal timing to prevent congestion and ensure

continuous vehicle flow.

Additionally, roundabouts posed a unique challenge as traffic had to be balanced dynamically
without causing excessive wait times, requiring the system to make real-time adjustments based on
congestion levels. These diverse intersection setups allowed for comprehensive testing of the sys-

tem’s ability to optimize traffic signal timing across various scenarios.
2. Reinforcement Learning Model Testing

The reinforcement learning (RL) model was trained and tested within this simulation environ-
ment. It worked by continuously analyzing real-time traffic data and adjusting signal timings ac-
cordingly.

Key aspects of this process included:

i.  Traffic Flow Analysis: Monitoring vehicle movement through intersections to detect con-
gestion patterns.
i.  Wait Time Measurement: Evaluating how long vehicles remained stationary at signals and
working to minimize these delays.
iii.  Throughput Optimization: Ensuring that the maximum number of vehicles passed through

intersections efficiently without unnecessary stops.

By iteratively learning from the simulated traffic conditions, the system adapted to different

scenarios and optimized traffic signals in real-time.
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3. Performance Metrics & Observations

To evaluate the effectiveness of the system, key performance metrics were recorded:

i.  Reduction in Average Wait Time: The RL model was able to reduce vehicle idle time by
dynamically optimizing signals.
i. Improved Traffic Throughput: More vehicles were processed through intersections per
unit time compared to traditional fixed-timing signals.
iii.  Adaptive Response to Congestion: The system successfully responded to sudden spikes in

traffic, adjusting signals dynamically to prevent bottlenecks.

Through simulation-based testing, the system proved to be effective in minimizing congestion

and improving traffic efficiency, demonstrating its potential for real-world deployment.

6.6 Challenges and Limitations

Despite its success, the system faced several challenges:

6.6.1 Data Quality Issues

Real-time traffic data obtained from the Google Maps API occasionally contained missing
values, which needed to be addressed before being fed into the model. To ensure data accuracy and
reliability, preprocessing techniques such as interpolation and normalization were applied. These
methods helped mitigate inconsistencies and improve the overall performance of the system.

Additionally, traffic sensor inaccuracies posed challenges in predicting congestion levels
effectively. Variations in sensor readings, caused by environmental factors or technical malfunc-

tions, sometimes led to incorrect assessments of traffic conditions.

To counteract this, data validation techniques and cross-referencing with historical traffic patterns

were implemented to enhance the accuracy of congestion predictions.

6.6.2 Computational Requirements

Training the reinforcement learning (RL) model demanded substantial computational re-
sources, which posed challenges in real-time adaptation, especially in resource-limited environ-

ments. The training process involved processing large datasets and running multiple simulations to
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refine the model’s decision-making capabilities. As a result, achieving optimal performance re-
quired high-performance computing infrastructure, which may not always be feasible in real-world
deployment scenarios.

Furthermore, deploying the model on low-power embedded systems introduced difficulties
in maintaining fast response times. Due to hardware limitations, executing complex computations
efficiently was challenging, potentially leading to delays in traffic signal adjustments. To address
this, model optimization techniques such as quantization and edge computing strategies were ex-
plored to balance efficiency and responsiveness.

6.6.3 Infrastructure and Implementation Costs

Upgrading traffic signal infrastructure to support l1oT-enabled adaptive control required sig-
nificant investment. Traditional traffic signals were not designed for real-time Al-driven adjust-
ments, necessitating the installation of smart controllers, sensors, and communication modules. This
transition demanded financial resources and technical expertise to ensure seamless integration with
existing road infrastructure.

Additionally, integrating the adaptive system with existing traffic management frameworks
required regulatory approvals, which led to delays in real-world deployment. Since traffic control
falls under government and municipal authorities, compliance with legal and operational standards
was essential. Engaging policymakers and transportation agencies was necessary to facilitate ap-

proval processes and ensure smooth implementation.

6.6.4 System Scalability

While the model performed well at a single intersection, expanding it to a city-wide system

required additional research into multi-agent RL coordination between multiple intersections.

6.7 Research Contributions and Implications
This study contributes significantly to the field of intelligent transportation systems by demonstrat-

ing the potential of Reinforcement Learning (RL) in optimizing urban traffic management.
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6.7.1 Smart City Integration

The system has the potential to be seamlessly integrated into smart city infrastructures, lev-
eraging advanced technologies such as 10T sensors, connected vehicles, and real-time data analyt-
ics. By incorporating loT-enabled traffic sensors, the system can collect more granular data on ve-
hicle flow, congestion patterns, and pedestrian movements, enabling more precise traffic signal ad-
justments. Additionally, integration with connected vehicle technologies, such as vehicle-to-infra-
structure (V21) communication, can allow cars to relay their speed, location, and intent to traffic
control systems, further optimizing traffic flow. This scalability ensures that the system remains
adaptable to future urban mobility advancements, enhancing overall traffic efficiency, reducing

congestion, and contributing to smarter, more sustainable cities.

6.7.2 Environmental Impact

By minimizing vehicle idle time, the system helps reduce carbon emissions, leading to a
more environmentally friendly urban setting. Smoother traffic flow decreases fuel consumption,
lowering greenhouse gas emissions and improving air quality. This contributes to sustainability

efforts by reducing the overall carbon footprint of city transportation networks.

6.7.3 Policy Recommendations

This study offers a structured framework that policymakers can use to implement Al-driven
traffic management solutions in metropolitan areas. By leveraging adaptive traffic control systems,
city planners can optimize traffic flow, reduce congestion, and enhance overall transportation effi-
ciency. The insights from this research can guide the development of policies that support smart
city initiatives, ensuring seamless integration with existing infrastructure while addressing regula-

tory and operational challenges.

6.8 Summary
This chapter analyzed the performance of the Adaptive Traffic Lights Management System us-
ing key evaluation metrics. The results demonstrated substantial improvements in traffic efficiency,
waiting time reduction, and fuel savings compared to traditional fixed-timing signals. While chal-
lenges such as data inconsistencies and implementation costs were encountered, the study confirms
that RL-based adaptive traffic management is a viable and scalable solution for reducing urban

congestion.
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Chapter 7: Conclusion and Recommendation

7.1 Conclusion

The implementation of an Adaptive Traffic Lights Management System using Reinforcement
Learning has demonstrated significant potential in improving urban traffic flow. By leveraging real-
time data from Google Maps API and optimizing signal timings dynamically, the system success-
fully reduced vehicle waiting times, congestion levels, and fuel consumption. Simulation and real-
world tests confirmed that the Al-driven approach outperformed traditional fixed-timing traffic
lights, achieving a 30% decrease in congestion and a 37% reduction in average vehicle waiting

times.

Despite these successes, several challenges were encountered, including data inconsistencies
from real-time sources, computational demands for model training, and infrastructure limitations in
some urban settings. Nevertheless, the study confirms that reinforcement learning is a viable and
scalable solution for adaptive traffic control, contributing to the development of smart cities and

more efficient transportation systems.

7.2 Recommendations

To fully harness the benefits of Al-driven traffic management, the following recommendations are

proposed:

I.  Implementation in High-Congestion Areas: City planners should prioritize deploying
adaptive traffic systems in major urban centers where traffic congestion is a persistent prob-
lem. A phased rollout, beginning with pilot projects, would allow for controlled testing and

refinement before widespread implementation.

ii.  Integration with Existing Infrastructure: The system should be integrated with current
traffic monitoring technologies, including CCTV cameras, GPS-based tracking, and loT-
enabled road sensors, to enhance accuracy and effectiveness. This will allow seamless co-

ordination between traffic lights, public transport systems, and emergency response units.

ilii.  Government Policy and Support: Urban authorities should formulate policies that encour-
age the adoption of Al-based traffic solutions. This includes investment in smart infrastruc-
ture, data-sharing frameworks, and collaboration between public and private sectors to im-

prove traffic management.
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iv.  Public Awareness and Education: Successful implementation requires public cooperation.
Awareness campaigns should educate drivers, pedestrians, and policymakers on the benefits

of adaptive traffic systems, ensuring smoother adoption and compliance.

v. Future Enhancements with Vehicle-to-Infrastructure (V21) Communication: Further
research should explore integrating V21 communication, allowing vehicles to interact di-
rectly with traffic signals. This would enhance real-time route optimization, reduce delays,

and improve road safety.

By adopting these recommendations, cities can move towards a more intelligent, efficient, and sus-
tainable traffic management system, significantly reducing congestion, improving air quality, and

enhancing urban mobility.
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