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Abstract 
Urban transportation systems are facing unprecedented pressure due to rapid 
urbanization, infrastructure strain, and persistent mobility inequalities. As congestion, 
environmental degradation, and service unreliability intensify, there is a growing need 
for transformative approaches that go beyond incremental reforms. This study 
explores the role of Artificial Intelligence (AI) as a catalyst for modernizing transport 
networks by enhancing operational efficiency, advancing transport equity, and 
supporting climate resilience. Utilizing a systematic review grounded in the PRISMA 
framework, the research synthesizes insights from 43 peer-reviewed sources and 
policy reports spanning 2018–2025, with comparative analysis of three diverse urban 
contexts: Singapore, Shanghai, and Lagos. The study investigates AI applications in 
traffic optimization, public transit planning, freight logistics, and predictive 
infrastructure maintenance. Findings reveal measurable gains, such as a 30% reduction 
in congestion and up to 20% improvement in logistics efficiency. However, these 
outcomes vary widely depending on digital infrastructure, institutional capacity, and 
local data availability. Importantly, the analysis highlights underexplored dimensions 
of AI implementation, including gender-based mobility disparities, affordability 
constraints, and the risk of algorithmic bias in underserved regions. The research 
concludes that AI holds immense potential as a tool for enabling more inclusive, 
adaptive, and environmentally sustainable transport systems. Yet its successful 
deployment requires ethical governance, phased investment strategies, gender-
responsive design, and stakeholder engagement, especially in emerging cities where 
resource constraints are significant. The paper offers actionable policy 
recommendations tailored to diverse urban settings, positioning AI not as a luxury 
technology but as a strategic lever for equitable urban mobility transformation. 
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1. Introduction 

1.1 Background and Rationale 

Transportation systems have long served as a cornerstone of human development, enabling trade, fostering urban growth, and 

connecting societies across regions and eras. From traditional trade corridors to today’s app-based ride services and high-speed 

rail networks, the evolution of transportation reflects humanity’s enduring drive to innovate and adapt. However, this progress 

has introduced mounting pressures, particularly in rapidly urbanizing environments. Cities across the globe now grapple with 

chronic traffic congestion, deteriorating infrastructure, escalating greenhouse gas emissions, and persistent disparities in mobility 

access (World Bank, 2023; Fagnant & Kockelman, 2022) [15]. 

These complex challenges demand more than incremental improvements. They require bold, system-wide innovations. In this 

context, Artificial Intelligence (AI) has emerged as a transformative force redefining how transport systems are designed, 

managed, and experienced.
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1.2 The Emergence of AI in Transportation 

Once confined to laboratories and science fiction narratives, 

AI technologies now underpin many transportation systems 

people interact with daily; from digital navigation and ride-

hailing platforms to adaptive traffic lights and intelligent 

surveillance networks. By processing real-time data and 

enabling predictive, dynamic decision-making, AI enables 

more efficient, safer, and environmentally sustainable 

transport solutions (Ajibade & Gbadamosi, 2022; Choubassi, 

El Faouzi, & Saunier, 2020) [2, 11]. What distinguishes AI is its 

capacity to learn from patterns, anticipate future conditions, 

and optimize system performance in real time. Tools such as 

machine learning algorithms, computer vision systems, and 

autonomous technologies are now being used to create 

transport networks that are both intelligent and adaptive. 

Cities like Singapore and Dubai are at the forefront of 

embedding these tools into their urban mobility 

infrastructures, while cities in Africa and South Asia are 

experimenting with scalable AI-driven solutions for route 

optimization and service delivery (Kumar & Singh, 2021; 

UN-Habitat, 2022; Sun, Zhang, & Zhou, 2023) [22, 39, 43]. In 

Shanghai, for instance, smart systems support real-time 

congestion monitoring, intelligent tolling, and emissions 

forecasting (Lee & Park, 2024) [25]. 

Over centuries, transportation has evolved from human-

powered mobility and animal-drawn carts to complex, 

interconnected systems powered by steam, fossil fuels, and 

now electricity and data. Each technological leap from the 

invention of the wheel to the development of high-speed rail 

and GPS navigation has not only expanded physical access 

but also redefined social and economic possibilities. In recent 

decades, the convergence of digital innovation, urban 

analytics, and automation has accelerated the integration of 

Artificial Intelligence (AI) into transport planning, 

operations, and governance. Figure 1.1 below illustrates this 

evolutionary journey, highlighting key technological 

milestones that have shaped modern transportation and set 

the stage for AI as a transformative force in urban mobility. 

 

 
 

Fig 1: Evolution of Transport Technologies & the Rise of AI 
 

 

1.3 AI for Inclusive and Sustainable Mobility 

Beyond operational efficiency, AI holds significant promise 

for promoting transport equity and advancing environmental 

justice. Intelligent mapping and analytics systems are now 

being used to identify underserved communities, optimize 

transit routes for vulnerable populations, and improve public 

health by identifying and mitigating pollution hotspots 

(Doran, 2021; Pereira et al., 2023) [13, 31]. In Lagos, pilot 

programs using AI-supported transit data analytics have 

begun targeting low-income neighborhoods that were 

historically cut off from mainstream public transport options 

(Ajibade, 2021) [1]. 

This creates new opportunities for developing cities to 

leapfrog outdated transport models. By adopting “digital-

native” AI applications, many can bypass legacy 

infrastructure constraints and pursue smart, inclusive 

mobility systems from the ground up. This reflects the 

"leapfrogging" model described by Rong et al. (2025) [32], 

who argue that AI offers emerging economies a unique 

opportunity to reshape transport development trajectories. As 

Cheng, Zhang, Nazarian, and Bogdan (2021) [9] note, trust-

aware design frameworks are essential in these contexts to 

build public confidence in algorithmic systems and promote 

responsible innovation. 

 

1.4 Ethical, Technical, and Institutional Challenges 

Despite its potential, the deployment of AI in transportation 

raises critical ethical, infrastructural, and governance 

challenges. Concerns surrounding data privacy, algorithmic 

bias, cybersecurity, and institutional readiness must be 

addressed to avoid deepening existing inequalities. For 

example, how can public agencies ensure that AI tools do not 

marginalize vulnerable groups or entrench socio-spatial 

exclusion? What strategies can help developing countries 

build indigenous AI capabilities instead of becoming overly 

reliant on imported technologies? Research by Mohammed et 

al. (2022) [28] emphasizes the need for public-private 

partnerships, localized algorithm development, and capacity-

building efforts as essential strategies for enabling equitable 

AI deployment. Without inclusive governance frameworks, 

even the most advanced AI systems risk exacerbating rather 

than alleviating transport injustices. 

 

1.5 Research Aim and Scope 

This study aims to critically investigate how Artificial 

Intelligence (AI) is catalyzing the modernization of urban 

transportation systems, with a central focus on enhancing 

operational efficiency, improving equitable access to 

mobility, and promoting environmentally sustainable 

solutions. To achieve this aim, the research adopts a 

systematic review methodology, drawing on insights from 

more than forty peer-reviewed journal articles, reports, and 

case studies published between 2018 and 2025. The analysis 

centers on three global cities: Singapore, Shanghai, and 

Lagos, each selected for their contrasting levels of digital 

readiness, infrastructural development, and governance 

capacity. These comparative cases serve as lenses through 

which the opportunities, trajectories, and constraints of AI 

implementation in transport systems are critically explored. 

Figure 1.2 presents the global map highlighting the 

geographic locations of these cities, emphasizing their 

strategic relevance to this study's comparative framework. 
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Fig 2: Geographic Distribution of Study Areas (Singapore, Shanghai & Lagos) 

 

A key objective of the study is to identify and categorize the 

main applications of AI in urban transportation, particularly 

in the domains of traffic management, public transit 

optimization, freight logistics, and predictive infrastructure 

maintenance. These thematic areas are examined in Chapter 

4, where performance outcomes such as congestion 

reduction, improved scheduling, increased cargo throughput, 

and enhanced fleet reliability are evaluated. The study also 

aims to assess how these AI interventions vary across cities 

with different infrastructural and technological baselines. 

Singapore and Shanghai, representing digitally mature and 

transitional systems respectively, offer instructive contrasts 

to Lagos, which reflects the realities and ambitions of cities 

in the Global South where innovation often occurs under 

resource constraints. In addition, the study seeks to uncover 

the principal barriers to AI adoption in transport, including 

algorithmic bias, ethical dilemmas, infrastructural limitations 

and policy, and governance gaps. These issues are 

particularly salient in emerging urban contexts where limited 

data access, digital divides, and socio-technical complexities 

can exacerbate exclusion. The results and discussion 

presented in Chapter 4 show how such challenges manifest 

differently across geographies, with Lagos and similar cities 

facing significant yet surmountable constraints. Furthermore, 

the research aims to provide forward-looking, evidence-

based policy recommendations that promote scalable, 

ethically guided, and inclusive AI deployment. These 

recommendations, to be developed in the concluding chapter, 

are grounded in lessons drawn from case-based evidence, 

emerging trends, and best practices across regions. To guide 

this investigation, the study poses four central research 

questions. First, how is AI currently being applied to urban 

transport systems, and how do these applications differ across 

cities with varying digital capacities? Second, what 

measurable outcomes have AI technologies produced in the 

areas of traffic flow, public transit, logistics, and 

infrastructure resilience? Third, what ethical, institutional, 

and infrastructural challenges constrain the equitable 

implementation of AI in urban transport, especially in 

developing regions? And fourth, how can AI be leveraged to 

build more inclusive, climate-resilient, and people-centered 

transportation systems, particularly in the Global South? 

These questions inform the structure of the results and 

discussion, where each theme directly engages with the 

objectives and provides empirical and conceptual insights 

into AI’s transformative potential. 

 

1.6 Significance of the Study 

Ultimately, this research positions Artificial Intelligence (AI) 

not merely as a technical enhancement of transport systems, 

but as a transformative enabler of human-centered, climate-

resilient, and socially inclusive mobility frameworks. In an 

era defined by rapid urbanization, rising greenhouse gas 

emissions, and accelerating technological disruption, the 

thoughtful and strategic deployment of AI offers a critical 

opportunity to reshape the future of transportation. By 

harnessing AI for decision-making, real-time adaptation, and 

equitable service delivery, cities can move toward transport 

systems that are not only smarter and more efficient, but also 

more just, accessible, and environmentally sustainable. This 

study is particularly significant for developing and 

transitional economies seeking to leapfrog legacy 

infrastructure constraints and adopt forward-thinking 

mobility solutions. By analyzing the differentiated 

application of AI in cities like Singapore, Shanghai, and 

Lagos, the research highlights both scalable opportunities and 

context-specific challenges that can inform global best 

practices. 

To further underscore the importance of this inquiry, Figure 

1.3 illustrates the geographical distribution of AI-related 

transportation research between 2018 and 2025. The chart 

reveals a clear dominance of contributions from high-income 

regions such as North America, Europe, and East Asia, while 

also showing a gradual but growing body of research 

emerging from cities in the Global South. This imbalance 

reinforces the need for inclusive scholarship and context-

sensitive frameworks that ensure AI innovations serve a 

broader range of urban environments and populations. 
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Fig 3: Geographical Concentration of AI-related Transportation Research (2018-2025) 

 

2. Literature Review 

2.1 Foundations and Emerging Scope of AI in 

Transportation 

The application of Artificial Intelligence (AI) in 

transportation is a relatively recent yet rapidly expanding 

phenomenon, rooted in earlier research on intelligent 

transport systems (ITS), smart infrastructure, and 

automation. AI technologies including machine learning, 

deep learning, computer vision, and predictive analytics are 

now being deployed globally to improve the functionality, 

safety, and sustainability of transport systems (Choubassi, El 

Faouzi, & Saunier, 2020; Jiang, Luo, & Luo, 2021; Xu, Mao, 

Zhao, & Lü, 2022) [11, 21]. AI’s ability to process large 

volumes of real-time data allows for dynamic decision-

making, setting a new standard in adaptive urban mobility 

systems. To better contextualize the global adoption of AI 

applications in transport, Figure 2.1 presents the number of 

cities with AI-Enabled transport between 2018 and 2025, this 

has been on the increase over the years. 

 

 
 

Fig 4: No of Cities with AI-Enabled Transport (2018–2025). 

 

2.2 AI in Autonomous Mobility and Road Safety 

AI-driven autonomous vehicles are a major focus of recent 

transport innovation. Fagnant and Kockelman (2022) [15] 

argue that autonomous systems could reduce traffic accidents 

by over 90%, attributing most road incidents to human error. 

Features such as adaptive driving behavior, hazard 
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anticipation, and vehicle-to-everything (V2X) 

communication enhance safety. Similarly, Bai et al. (2022) 

have proposed hybrid reinforcement learning models to 

improve fuel efficiency and safety in automated vehicle 

systems, adding depth to the discourse on autonomous 

mobility. 

 

2.3 AI in Freight Logistics and Port Optimization 

AI’s impact on logistics and freight systems has been 

significant, especially in improving efficiency at critical 

nodes. Chin and Tongzon (2023) [10] describe how AI is 

streamlining operations in ports like Singapore and 

Rotterdam by predicting cargo arrivals, identifying customs 

bottlenecks, and optimizing terminal workflows. Barreto, 

Brás, and Oliveira (2022) [4] report that AI-enabled traffic 

counters have improved cargo flow along dense freight 

corridors. Singh, Mehta, and Bauer (2023) [34] further 

demonstrate the use of reinforcement learning in optimizing 

last-mile delivery and reducing freight emissions in India and 

Germany. 

 

2.4 Energy Management and Electric Vehicle 

Optimization 

AI is playing a central role in electric vehicle (EV) fleet 

scheduling and energy use. Gao et al. (2024) [16] show how 

AI algorithms dynamically manage battery allocation and 

vehicle availability in public transit systems, leading to 

reduced energy waste. Mohammed et al. (2022) [28] found 

similar outcomes in the Gulf states, where neural networks 

have optimized autonomous electric fleets by minimizing 

downtime and improving performance. 

 

2.5 Leapfrogging Challenges in the Global South 

In developing countries, AI is enabling a leapfrogging of 

legacy infrastructure. The World Bank (2022) highlights how 

AI-supported mapping, route optimization, and demand 

forecasting are improving public transport access in cities 

like Nairobi and Lagos. Ajibade and Gbadamosi (2022) [2] 

document how smart traffic systems in Lagos powered by AI 

surveillance and adaptive traffic signals have reduced 

congestion and enhanced security. Sayed, Abdel-Hamid, and 

Hefny (2023) [33] add evidence from India, where AI-based 

route scheduling is producing positive results in pilot 

projects. 

 

2.6 Intelligent Traffic Management and Congestion 

Reduction 

AI is revolutionizing urban traffic control, offering tools to 

address congestion, improve travel time, and enhance safety. 

In Shanghai, Guo, Cheng, and Wang (2022) describe how 

deep reinforcement learning coordinates vehicles in real time, 

reducing intersection congestion. Sun, Zhang, and Zhou 

(2023) [43] report that predictive algorithms have improved 

traffic fluidity by up to 20% in Chinese megacities. 

Convolutional neural networks have also been used to 

simulate urban traffic and anticipate congestion hotspots, as 

demonstrated by Cui and Zhao (2023) [12]. 

Singapore, recognized for its Smart Mobility 2030 plan, 

utilizes AI-powered adaptive traffic signal control, reducing 

vehicle idling time and associated emissions by over 30% 

(LTA, 2023). These intelligent systems dynamically adjust to 

real-time traffic conditions using computer vision and cloud-

based analytics. In contrast, Lagos has begun deploying AI-

assisted traffic lights on key corridors such as the Lekki-Epe 

expressway, resulting in an 18% decrease in average 

congestion levels (World Bank, 2022; Ajibade & Gbadamosi, 

2022) [2], although infrastructural gaps and inconsistent power 

supply remain challenges. 

 

2.7 Promoting Equity and Environmental Sustainability 

AI’s ability to address mobility justice and environmental 

resilience is gaining traction globally. Pereira et al. (2023) [31] 

stress the importance of integrating equity considerations into 

AI-driven transport planning to avoid reinforcing digital and 

spatial divides. UNEP (2023) supports this view, linking AI 

to climate-resilient mobility planning in regions facing 

environmental shocks. Zemmouchi-Ghomari (2025) [42] 

underscores the importance of equitable traffic enforcement 

and access to transport data in under-resourced settings. In 

Lagos, AI-based transit mapping conducted in collaboration 

with local universities revealed that over 38% of low-income 

neighborhoods lacked access to nearby public transport stops, 

which helped inform the redesign of BRT routes (Ajibade, 

2021) [1]. Singapore, on the other hand, uses AI-integrated 

systems for carbon scoring and dynamic pricing in urban 

zones to reduce peak-time congestion and emissions (Lee & 

Park, 2024) [25]. In Shanghai, environmental monitoring 

algorithms are embedded in urban planning models to 

forecast air quality impacts from road traffic and inform 

infrastructure investments (Sun et al., 2023) [36]. 

 

2.8 Governance, Standards, and Policy Guidance 

Institutional frameworks are critical in determining the 

success of AI implementation in transport. According to the 

International Transport Forum (2023), effective AI adoption 

depends on real-time data integration, smart governance, and 

sensor infrastructure. The European Commission (2020) has 

similarly emphasized the need for ethical standards and 

harmonized policies across jurisdictions. Singapore’s 

centralized governance structure facilitates the rapid rollout 

of AI mobility tools, with clear ethical standards and data-

sharing frameworks. Shanghai, through its Smart City 

initiative, has enacted municipal-level AI guidelines to 

manage traffic, logistics, and public surveillance. In contrast, 

Lagos faces regulatory fragmentation and limited digital 

governance infrastructure, highlighting the need for adaptive, 

locally responsive policy frameworks (Ajibade & 

Gbadamosi, 2022) [2]. 

 

2.9 Predictive Maintenance and System Reliability 

Predictive maintenance has become a key AI application in 

ensuring transport system reliability. Kumar and Singh 

(2021) [22] discuss Indian Railways’ use of AI sensors to 

monitor track conditions and predict mechanical failure. 

Arena, Collotta, and Termine (2021) [3] report similar gains 

in Europe, where AI reduces vehicle downtime and enhances 

asset longevity. Chaudhuri (2018) [7] demonstrates that fuzzy 

logic and hierarchical models can predict engine failures and 

optimize repair schedules. In Singapore, metro operators 

utilize AI diagnostics for track wear and escalator function, 

significantly reducing service downtime. Shanghai Metro 

incorporates real-time sensor feedback for structural integrity 

checks. Lagos is beginning to explore predictive maintenance 

within its BRT system through pilot programs focused on 

fleet monitoring and early fault detection, although full-scale 

deployment remains limited due to cost and infrastructural 

hurdles (World Bank, 2022). 
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2.10 Industry Projections and Future Transport Design 

The private sector anticipates substantial gains from AI in 

mobility systems. McKinsey & Co. (2023) [27] estimates that 

AI could enhance global transport efficiency by up to 25% by 

2030 through automation and optimization. Rong et al. 

(2025) [32] extend this projection, exploring generative AI 

tools for urban mobility simulation and participatory design. 

Singapore has already started employing generative AI to 

simulate mobility flows under future population growth and 

climate stress scenarios. In Shanghai, AI co-design tools are 

being used for urban redevelopment projects near metro hubs. 

Lagos, though early in its AI journey, is collaborating with 

universities and private tech firms to model future transport 

needs in rapidly expanding peri-urban areas. 

 

2.11 Ethical Challenges and Inclusive AI Design 

There is growing attention to the ethical and social risks of 

AI-driven transport. Doran (2021) [13] warns that algorithmic 

bias, limited community engagement, and opaque AI systems 

may deepen spatial inequities. Cheng, Zhang, Nazarian, and 

Bogdan (2021) [9] propose trust-aware AI design frameworks 

that prioritize transparency and adaptive learning to build 

public trust. Singapore’s Data Protection Act governs the 

ethical use of mobility data, ensuring responsible AI 

deployment. Shanghai applies audit trails to detect bias in 

surveillance-based transport analytics. In Lagos, however, 

informal settlements often fall outside formal data systems, 

creating digital invisibility that risks exclusion in AI-based 

planning (Ajibade, 2021) [1]. This underscores the urgent need 

for inclusive data strategies and participatory governance. 

 

2.12 Synthesis and Research Gap 

Together, these studies illustrate AI’s transformative 

potential across various transport domains, ranging from 

predictive maintenance and logistics optimization to equity-

centered planning and ethical governance. The comparative 

experiences of Singapore, Shanghai, and Lagos reveal how 

city-level context influences the scope, design, and impact of 

AI applications. However, a clear research gap persists in 

understanding how these technologies can be tailored to 

varying levels of infrastructure maturity, data readiness, and 

governance capacity. Existing literature tends to focus on 

high-income or technologically advanced contexts, leaving 

limited insight into how emerging cities like Lagos can 

leapfrog barriers through context-sensitive and ethical AI 

adoption. This study responds to that gap by examining city-

specific trajectories, challenges, and enabling conditions for 

AI-driven transport modernization. 

 

3. Methodology 

This study explores how Artificial Intelligence (AI) catalyzes 

the modernization of transportation systems, focusing on 

operational efficiency, equity, and environmental 

sustainability. To achieve this, a desk-based comparative 

methodology was employed, grounded in a systematic review 

of secondary data following PRISMA guidelines. The 

research draws on peer-reviewed literature, institutional 

reports, and city-level case data across three diverse urban 

contexts: Singapore, Shanghai, and Lagos. These cities were 

strategically selected for their contrasting levels of AI 

integration, transport infrastructure maturity, and governance 

capacities, providing a well-rounded comparative lens. 

 

 

3.1 Research Design and Rationale 

The methodological approach consists of three interrelated 

components: 

1. Systematic Literature Review 

A structured review process was used to identify and 

synthesize 43 key sources (2018–2025) relevant to AI-

enabled transport systems. 

 

2. Thematic Analysis 

Using NVivo and Excel, the literature was coded into four 

major themes: 

• Traffic management and optimization 

• Public transit and predictive analytics 

• Smart logistics and freight 

• Equity and climate-resilient planning 

3. Comparative Case Analysis 

The selected cities represent a spectrum from high-tech, 

digitally mature environments (Singapore), to transitioning 

megacities (Shanghai), and AI-emerging urban centers in the 

Global South (Lagos). This enabled the evaluation of AI 

impacts across varied socio-technical systems. 

Figure 3.1 presents the methodological flow, illustrating how 

literature identification, coding, and cross-city comparison 

were integrated. 

 

 
 

Fig 5: Desk-Based Comparative Methodology Framework 

 

3.2 Literature Review Process 

3.2.1 Data Sources and Search Strategy 

Databases used: Scopus, Web of Science, Google Scholar, 

IEEE Xplore, SpringerLink, TRID, OECD eLibrary, and 

institutional repositories (e.g., UNEP, World Bank, LTA 

Singapore). 

Search keywords included: 

• “Artificial Intelligence” AND “Urban Transport” 

• “Smart Mobility” AND “Singapore”, “Shanghai”, 

“Lagos” 

• “AI in Public Transit”, “Predictive Maintenance”, 
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“Transport Equity” 

• Search filters: 

• English-language 

• Publication date between 2018–2025 

• Focus on urban transport, AI techniques, equity, or 

sustainability 

 

3.2.2 Inclusion and Exclusion Criteria 

Inclusion Criteria 

• Peer-reviewed or institutional sources 

• Focused on AI applications in transport systems 

• Empirical or performance-based data 

 

Exclusion Criteria 

• Non-English or non-urban transport focus 

• General digital technologies without AI specificity 

• Opinion pieces lacking data transparency 

• Out of 245 initial records, 43 documents were included 

after screening and full-text review. 

 

3.2.3 Data Coding and Thematic Extraction 

Using Braun and Clarke’s (2006) method, a structured coding 

matrix captured: 

• AI technique used 

• Transport domain (e.g., traffic, freight, equity) 

• Reported outcomes 

• Implementation barriers/enablers 

 

Themes were refined iteratively and aligned with the study’s 

core questions. A matrix was built mapping each city to 

relevant themes, ensuring comparability and evidence 

traceability. 

 

3.3 Case City Selection Criteria 

The three case cities were selected based on their strategic 

differences in AI readiness, governance, infrastructure, and 

documented interventions: 

• Singapore: An advanced digital ecosystem with robust 

ethical oversight and AI-enabled logistics, public transit, 

and congestion pricing systems. 

• Shanghai: A megacity with rapid urbanization and 

notable use of predictive analytics in metro networks and 

port logistics. 

• Lagos: An emerging African metropolis facing 

infrastructure gaps but experimenting with AI in traffic 

management and inclusive service delivery. 

 

This purposeful selection ensured: 

• A geographically balanced perspective (Asia, Africa) 

• Representation of cities with high, transitional, and 

early-stage AI maturity 

• Availability of secondary datasets and performance 

evaluations 

• Each city contributes uniquely to the analysis of 

operational efficiency, social equity, and institutional 

challenges in AI implementation. 

 

3.4 Ethical Considerations 

As a desk-based study, this research posed minimal ethical 

risk. However, source credibility was prioritized, and all data 

used were from publicly available, peer-reviewed, or official 

institutional materials. Interpretations were cross-validated to 

reduce bias. 

 

3.5 Research Limitations 

This study relies entirely on secondary data sources, which 

although diverse and peer-reviewed, may vary in quality, 

context, or completeness. The absence of primary fieldwork, 

such as interviews or surveys, limits the depth of local 

stakeholder insights, especially in Lagos where data gaps 

persist. Moreover, most reviewed literature originates from 

digitally advanced or transitional cities (e.g., Singapore and 

Shanghai), potentially underrepresenting the nuanced 

realities of low-income or informal transport contexts. Lastly, 

few of the reviewed studies included gender-disaggregated 

data, limiting direct analysis of transport equity across 

demographic lines. Future research should incorporate mixed 

methods and participatory approaches to validate and expand 

upon these findings. 

 

4. Results and Discussion  

This chapter analyses how Artificial Intelligence (AI) serves 

as a catalyst for the modernization of transportation systems 

by examining its practical impacts across three global cities: 

Singapore, Shanghai, and Lagos. Drawing exclusively on 

verified secondary data and peer-reviewed literature, the 

discussion highlights the ways AI enhances transportation 

performance, governance, and sustainability within both 

mature and emerging urban contexts. The analysis is 

organized around four interrelated thematic areas that 

collectively reflect the multidimensional role AI plays in 

urban mobility transformation. 

The first theme explores AI’s contributions to urban traffic 

management and mobility optimization, where real-time 

adaptive systems have significantly reduced congestion and 

improved travel reliability. The second area focuses on the 

role of predictive analytics in public transport, examining 

how AI enhances fleet efficiency, passenger load balancing, 

and schedule forecasting. The third dimension considers AI-

driven improvements in smart logistics and freight 

operations, demonstrating gains in cargo handling, route 

optimization, and last-mile delivery performance. Finally, the 

fourth theme addresses how AI is being applied to promote 

inclusive transport access and climate-resilient infrastructure, 

with particular attention to equity-sensitive planning and 

environmental sustainability. Together, these thematic 

strands provide a comprehensive lens through which the 

potential and limitations of AI in shaping modern 

transportation systems can be critically evaluated. 

 

4.1 AI-Driven Traffic Management and Urban Mobility 

AI’s deployment in urban traffic management has yielded 

significant improvements in operational efficiency and 

environmental sustainability. As shown in Figure 4.1, AI-

enabled traffic systems have resulted in varying levels of 

congestion reduction across global cities. Singapore’s 

adaptive signal control systems using machine learning and 

computer vision reduced vehicle idling time by 30%, 

contributing to a 12% decrease in CO₂ emissions over four 

years (LTA, 2023). Similarly, in Shanghai, deep learning-

based video analytics enable real-time congestion monitoring 

and signal timing adjustments, resulting in a 22% 

improvement in traffic flow and a 17% reduction in average 

commute times (Sun, Zhang, & Zhou, 2023) [43].  
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Fig 6: % reduction in Traffic Congestion through AI Implementation in selected Cities 

 

Comparative studies in Nairobi and Lagos show early-stage 

but impactful AI implementation. Lagos’ deployment of 

smart traffic lights and mobile-based incident detection 

reduced congestion by 18% on key routes such as the Lekki-

Epe expressway, according to the World Bank (2022). 

However, limitations in digital infrastructure and 

connectivity hinder scalability in such contexts (Ajibade & 

Gbadamosi, 2022) [2]. 

Peer-reviewed meta-analyses further confirm that AI-driven 

traffic systems reduce accident rates by 15–25%, largely due 

to faster incident detection and adaptive rerouting 

(Choubassi, El Faouzi, & Saunier, 2020; Kumar & Singh, 

2021) [22, 11]. 

 

4.2 Predictive Analytics and Public Transport 

Optimization 

Predictive AI models are transforming public transit 

operations by enabling real-time route optimization, fleet 

balancing, and passenger load forecasting. In Shenzhen, 

predictive analytics now govern scheduling for over 16,000 

electric buses, resulting in a 23% increase in fleet efficiency 

and a 35% reduction in peak-time passenger wait times (Gao 

et al., 2024) [16]. 

Shanghai’s Metro AI project leverages real-time turnstile 

data, ridership history, and city events to adjust train 

frequencies dynamically, which has improved train 

occupancy rates by 18% (Rong, Li, & Zhao, 2025) [32]. In 

contrast, Lagos is piloting AI-assisted bus rapid transit (BRT) 

scheduling via a partnership with the private sector. Though 

still nascent, early deployments have yielded a 12% gain in 

reliability and improved service delivery for lower-income 

users (Pereira et al., 2023) [31]. 

Globally, systems documented by ITDP (2024) show that AI 

improves resource allocation and cuts fuel costs by 15-20% 

when integrated into route scheduling platforms in cities such 

as Bogotá and Curitiba. However, developing regions still 

face barriers due to inconsistent GPS coverage and limited 

mobile user penetration. 

 

4.3 AI in Smart Logistics and Freight Operations 

AI's integration in freight logistics enhances delivery 

efficiency, supply chain visibility, and emissions control. 

McKinsey & Company (2023) [27] estimate that AI can boost 

global freight efficiency by up to 25% through route 

optimization, predictive inventory, and automated 

warehousing. 

In Singapore, AI-enabled smart ports like Tuas utilize 

automated cranes, RFID tracking, and predictive unloading 

to cut container dwell time by 40%, improving throughput 

and reducing vessel turnaround (Chin & Tongzon, 2023) [10]. 

Shanghai’s Yangshan Port leverages machine learning to 

optimize yard placement and crane scheduling, enhancing 

container handling capacity by 22% (Barreto, Brás, & 

Oliveira, 2022) [4]. 

In Lagos, AI adoption in logistics is centered on regional 

trade corridors. Ajibade (2021) [1] highlights emerging uses of 

AI in customs clearance and fleet tracking on the Lagos-

Abidjan route. Yet, challenges like data silos, weak internet 

infrastructure, and high deployment costs persist (World 

Bank, 2022; UNEP, 2023). 

 

4.4 Inclusive and Climate-Smart Transport Planning 

AI’s potential to improve transport equity and environmental 

resilience is becoming more evident. Pereira et al. (2023) [31] 

show that spatial AI mapping has enabled cities like Medellín 

and Jakarta to identify service gaps for marginalized 

populations, leading to redesigned transit routes with more 

equitable coverage. 

In Lagos, recent AI-based mapping projects, supported by 

local universities, revealed that 38% of low-income 

communities are located over 800 meters from the nearest bus 

stop, a metric used to redesign Lagos BRT routes (Ajibade, 

2021) [1]. 

While AI-based tools offer promise for improving equity, 
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most existing applications focus on spatial distribution and 

underserved communities without sufficient attention to 

gender, age, and disability-related transport needs. Studies 

such as Pereira et al. (2023) [31] emphasize that women, 

elderly commuters, and persons with disabilities experience 

unique transport barriers; ranging from safety concerns to 

route inaccessibility. However, many AI systems remain 

gender-neutral by design. For example, Lagos’ AI-supported 

BRT improvements have yet to fully account for gender-

based safety metrics or caregiver-related travel patterns 

(Ajibade, 2021) [1]. Integrating gender-disaggregated data and 

universal accessibility standards into AI algorithms can 

enhance inclusivity and address hidden inequities within 

public mobility systems. 

On the climate front, UNEP (2023) documents how AI-

powered models simulate climate impact scenarios on urban 

transport assets. In Shanghai, AI was used to forecast flood 

risk impacts on 300 km of metro infrastructure, prompting 

investments in waterproofing and elevated signaling systems 

(Sun et al., 2023) [36]. 

AI also supports green mobility incentives, such as dynamic 

congestion pricing and carbon scoring for vehicles, adopted 

in parts of Singapore. These mechanisms reduced vehicle 

entry to CBD zones by 20% during peak hours (Lee & Park, 

2024) [25]. 

Doran (2021) [13] warns, however, that AI-driven systems 

may unintentionally reinforce bias if not localized or audited. 

Tools must be trained with community-specific datasets and 

integrated into participatory planning processes to avoid 

perpetuating exclusion. 

 

4.5 Cost and Economic Feasibility Considerations 

While AI-based transport systems promise efficiency, their 

deployment is not without cost implications, especially for 

cities in the Global South. Infrastructure requirements (IoT 

sensors, data centers, mobile apps, high-speed connectivity), 

system integration, and training can impose significant 

capital and operational expenditures. For example, 

Singapore’s AI-integrated transport systems were supported 

by long-term smart city investments exceeding USD $500 

million (Smart Nation Singapore, 2022). In contrast, Lagos 

faces constraints in maintaining basic road networks, making 

large-scale AI rollout financially challenging (World Bank, 

2022). 

According to McKinsey & Company (2023) [27], global cities 

may recover costs within 5–7 years via reductions in fuel 

consumption, traffic delays, and fleet maintenance. However, 

return on investment (ROI) remains uncertain for resource-

constrained cities unless deployment is phased and co-

financed through international partnerships, development 

banks, or blended finance schemes (UNEP, 2023). Economic 

feasibility must therefore be considered alongside technical 

readiness and governance capacity. 

 

4.6 Summary of Key Findings 

The comparative analysis across Singapore, Shanghai, and 

Lagos reveals that AI technologies are delivering tangible 

benefits in urban transportation systems, though the scale and 

consistency of these benefits vary significantly across 

contexts. In the domain of traffic management, both 

Singapore and Shanghai have reported substantial efficiency 

improvements attributed to AI deployment. For example, 

adaptive signal controls and real-time congestion monitoring 

have led to a 20–30% reduction in average traffic delays and 

improved intersection throughput, particularly in high-

density corridors (Sun, Zhang, & Zhou, 2023; LTA, 2023) [43, 

36]. These interventions exemplify AI’s catalytic role in 

easing congestion and reducing environmental emissions. 

In public transportation, cities integrating AI into predictive 

analytics and scheduling platforms have achieved marked 

gains in system efficiency and service reliability. Evidence 

from Shenzhen and Singapore shows that AI-assisted fleet 

coordination can result in 12–23% increases in operational 

efficiency and user satisfaction (Gao et al., 2024; ITDP, 

2024) [16]. Lagos, while still in early stages of AI adoption, 

has seen modest yet measurable improvements in BRT 

scheduling accuracy and response time. 

Within freight logistics and port operations, AI-enabled 

solutions have enabled faster cargo processing and route 

optimization. Smart logistics systems in Singapore and 

Shanghai have improved port throughput by up to 25% and 

reduced container dwell time by as much as 40% through 

predictive warehousing and automated scheduling (Chin & 

Tongzon, 2023; McKinsey & Company, 2023) [27, 10]. These 

outcomes indicate how AI facilitates seamless freight 

movement in global trade networks. 

Perhaps most critical for long-term sustainability are the 

equity and climate-related dimensions of AI-enabled 

transport planning. AI mapping tools in cities like Medellín 

and Lagos have been instrumental in identifying underserved 

areas, leading to data-informed interventions that improved 

access for vulnerable populations (Pereira et al., 2023; 

Ajibade, 2021) [1, 31]. Moreover, AI is increasingly used in 

climate adaptation planning, especially in flood-prone cities 

like Shanghai, where simulation models guide infrastructural 

reinforcement in vulnerable transport zones (UNEP, 2023). 

In Singapore, AI supports dynamic congestion pricing and 

vehicle carbon scoring—mechanisms that have reduced CBD 

traffic volumes by approximately 20% during peak hours 

(Lee & Park, 2024) [25]. 

Taken together, these findings reinforce the central argument 

of this study: AI is not merely a technical tool but a 

transformative agent in modernizing transportation systems. 

However, its impact is shaped by the readiness of local 

institutions, the inclusivity of deployment strategies, and the 

alignment of technological solutions with broader policy 

frameworks. While cities like Singapore demonstrate high 

maturity in AI governance and infrastructure, emerging urban 

centers like Lagos highlight the need for phased, context-

sensitive implementation approaches to fully unlock AI’s 

potential for sustainable, equitable, and efficient mobility 

systems. 

 

5. Conclusion and Recommendations 

The integration of Artificial Intelligence (AI) into modern 

transportation systems marks a pivotal transformation in how 

cities approach mobility, safety, equity, and sustainability. 

This study explored the extent to which AI is serving as a 

catalyst for modernizing urban transport networks, focusing 

on three contrasting urban centers: Singapore, Shanghai, and 

Lagos. Drawing on over 40 peer-reviewed studies and 

technical reports, the findings confirm that AI has enabled 

cities to manage traffic congestion, improve logistics 

operations, forecast infrastructure needs, and support 

inclusive transport planning. 

Across all three case cities, AI implementation has resulted 

in measurable operational gains. In Singapore, adaptive 

traffic signal control has reduced congestion and emissions 
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by over 30% (LTA, 2023; Sun, Zhang, & Zhou, 2023) [43, 36]. 

In Shanghai, predictive analytics applied to metro scheduling 

have improved train utilization by 18% (Rong et al., 2025) 

[32]. Lagos has begun to leverage AI to enhance BRT 

scheduling and traffic enforcement, with early signs of 

improved traffic flow and commuter reliability (Ajibade & 

Gbadamosi, 2022; World Bank, 2022) [2]. However, the 

success of AI integration is conditioned by contextual factors 

such as infrastructure readiness, digital literacy, and 

governance capacity. 

While the technological promise of AI is clear, the 

governance and ethical dimensions require equal attention. 

Cities must establish frameworks that ensure AI deployment 

aligns with principles of transparency, accountability, and 

fairness (Cheng et al., 2021; OECD, 2020). Without these 

safeguards, AI risks entrenching existing inequalities or 

creating new forms of algorithmic bias in transport access and 

resource allocation (Doran, 2021; Pereira et al., 2023) [13, 31]. 

This concern is particularly relevant for rapidly urbanizing 

cities like Lagos, where informal settlements often lack the 

digital visibility required for data-driven planning. 

The study’s findings lead to the following set of strategic 

recommendations: 

 

5.1 Policy and Governance 

Governments must develop clear and enforceable AI mobility 

governance frameworks, ensuring ethical oversight, data 

transparency, and public accountability (International 

Transport Forum, 2023; Cheng et al., 2021). Such 

frameworks should address questions around data ownership, 

liability in autonomous decision-making, and public-sector 

readiness to manage complex AI systems. 

 

5.2 Investment in Digital Infrastructure 

Robust AI integration depends on digital infrastructure, 

including high-speed internet, IoT sensors, cloud storage, and 

real-time mobility data platforms. Singapore and Shanghai 

have demonstrated the value of early infrastructure 

investments (McKinsey & Company, 2023; Gao et al., 2024) 

[27, 16]. For Lagos and other emerging cities, public–private 

partnerships and international development aid can play 

crucial roles in bridging technological gaps (World Bank, 

2022; UNEP, 2023). 

 

5.3 Capacity Building and Collaboration 

Effective AI implementation requires collaboration among 

public agencies, academia, and industry stakeholders. 

Knowledge-sharing platforms and local innovation hubs can 

strengthen institutional capacity, reduce dependence on 

foreign solutions, and foster culturally relevant AI tools 

(Mukorombindo, Khayesi, & Rojas-Rueda, 2021; Guo, 

Cheng, & Wang, 2022) [29]. Equipping urban planners and 

transport engineers with AI skills should also be prioritized. 

 

5.4 Ethical Design and Inclusivity 

AI algorithms must be designed to minimize bias and 

promote transport equity. Equity audits should be integrated 

into the development lifecycle of AI systems to ensure that 

mobility services reach vulnerable populations (Pereira et al., 

2023; Zemmouchi-Ghomari, 2025) [31, 42]. In cities like Lagos, 

datasets must reflect spatial realities of informal and low-

income communities to avoid digital exclusion (Ajibade, 

2021; Barreto et al., 2022) [1]. 

 

5.5 Public Engagement and Transparency 

Public trust in AI systems depends on transparent 

communication and user participation. Governments should 

publish algorithmic impact assessments, establish feedback 

channels, and engage citizens in the design of AI-enabled 

services (Doran, 2021; UNEP, 2023) [13]. Tools like 

interactive dashboards and community workshops can 

demystify AI and build democratic legitimacy around data 

use. 

 

5.6 Phased and Adaptive Implementation 

Emerging cities should follow a phased deployment strategy, 

beginning with pilot projects in high-priority corridors and 

scaling gradually. This staged approach allows cities to learn 

iteratively, adjust based on user feedback, and develop 

governance mechanisms before full-scale implementation 

(Fagnant & Kockelman, 2022; Chaudhuri, 2018) [15, 7]. 

 

 
 

Fig 7: AI Implementation Roadmap for Urban Transport Systems. 

 

5.7 Final Reflection 

The findings of this research position AI not merely as a 

technical enhancement but as a strategic enabler of equitable, 

climate-resilient, and future-ready transport systems. When 

applied thoughtfully, AI can reduce emissions, improve 

access, and support inclusive city-building. However, this 

potential will only be realized if technological innovation is 

matched by ethical governance, robust infrastructure, and 

inclusive policymaking. Cities must avoid deploying AI 

solely where it is easiest and instead prioritize its use where 

it is most impactful, in serving the needs of the underserved, 

protecting the environment, and preparing urban 

infrastructure for the future. 
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Appendix A 

 
Table A.1: Summary of Search Strategy and Data Coding Process 

 

Components Details 

Study Type Desk-Based Comparative Case Study 

Search Period January, 2018 - April, 2025 

Databases & Sources 

Searched 

Scopus, Web of Science, Google Scholar, TRID, OECD e-library, UNEP, ITF, World Bank Open Knowledge 

Repository, LTA (Singapore), Shanghai Transport Bureau, LAMATA 

Search Keywords & Phrases 

“Artificial Intelligence” & “Transportation” & “Singapore”; “AI Enabled Public Transport” & “Shanghai”; 

“Smart Mobility” & “Lagos”; “AI in Freight Logistics” or “Predictive Maintenance”; “Transport Equity” & 

“Algorithmic Bias”; “Climate-Resilient Infrastructure” & “Machine Learning” 

Inclusion Criteria 
- Published 2018-2025 - Includes Empirical or Performance Data - Urban Transport Focus - English Language 

- Relevant to Efficiency, Equity, Sustainability, or Governance 

Exclusion Criteria 
- Opinion pieces - Non-English sources - Non-Urban or Non-transport-focused Documents - Commercial white 

papers with no data transparency 

No. of Documents Screened 130 initially identified 

Final Documents Reviewed 43 documents (Peer Reviewed Articles, Policy Reports, Institutional Datasets) 

Thematic Coding Method 
Braun & Clarke (2006) thematic analysis: 1. Familiarization 2. Initial coding 3. Theme generation 4. City-by-

theme matrix 5. Refinement 6. Extraction 

Emergent Themes 
- Operational Efficiency and Automation - Equity & Inclusive Access - Environmental Sustainability & 

Climate Resilience - Governance, Ethics, & Institutional Readiness 

Cities Coded Singapore, Shanghai, Lagos 

Triangulation Method Cross-verification from at least two sources per insight (e.g., LTA report + TomTom index + Journal article) 

Data Tracking Tools Spreadsheet-based matrix coding and digital annotation 

Replicability Statement 
Full coding matrix and document index available upon request. Search & coding procedures documented for 

transparency. 
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