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Abstract

Rapid urbanization has intensified traffic congestion, emissions, and safety concerns, necessitating
intelligent solutions for sustainable urban mobility. This paper proposes an integrated Al-driven
framework for smart urban traffic management that combines deep learning, reinforcement learning,
and graph-based optimization into a unified architecture. The system leverages real-time data from
multiple sources including cameras, GPS devices, and IoT sensors—to enable predictive traffic
forecasting, adaptive signal control, and network-wide coordination. Evaluated using real-world
datasets from Tehran, Barcelona, and a synthetic city, the framework demonstrates significant
improvements over conventional methods: average travel time reduced by 34%, fuel consumption
and CO, emissions decreased by 24%, and over 15 incidents prevented daily. These results highlight
the framework’s effectiveness in enhancing efficiency, sustainability, and safety in modern cities. The
modular design supports scalability and extensibility, offering a practical pathway toward smarter,
greener, and safer urban environments.

Keywords: smart cities; artificial intelligence; urban traffic management; deep reinforcement
learning; sustainable transportation; real-time optimization; IoT; Mobility as a Service (MaaS)

1. Introduction

Urbanization is reshaping the global landscape: over 56% of the world’s population now lives
in cities a share projected to reach nearly 70% by 2050 (United Nations, 2019). This demographic shift
intensifies pressure on urban transportation systems, manifesting in chronic congestion, elevated
greenhouse gas emissions, and rising road safety risks. Conventional traffic management approaches
predominantly based on fixed-time signal plans and centralized monitoring struggle to adapt to the
spatiotemporal volatility of modern urban mobility (Kuang et al., 2020). In response, artificial
intelligence (AlI) has emerged as a transformative enabler of intelligent, adaptive, and sustainable
traffic control. Recent breakthroughs in deep learning (DL), multi-agent reinforcement learning
(MARL), and graph-based network modeling offer unprecedented capabilities for real-time
prediction, coordination, and optimization across complex urban road networks (Chen et al., 2023;
Liu et al., 2021). However, despite promising advances, most existing Al-driven solutions remain
siloed, focusing narrowly on isolated tasks such as short-term traffic forecasting or single-intersection
signal control. Crucially, they often lack integration across prediction, control, and sustainability
objectives, and rarely incorporate real-time policy feedback or cross-city generalizability. This
fragmentation limits both operational effectiveness and strategic alignment with urban sustainability
goals, such as those outlined in the UN Sustainable Development Goals (SDGs 11 and 13).

Recent advances in artificial intelligence particularly deep reinforcement learning, graph neural
networks, and edge-enabled real-time inference have begun to address the limitations of traditional
traffic control. For instance, CNN-LSTM hybrids enable accurate short-term forecasting of traffic
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states (Li et al., 2020), while multi-agent reinforcement learning (MARL) frameworks allow

intersections to coordinate signal timing in response to dynamic demand (Liu et al., 2021). Graph-

based representations further enhance system-wide awareness by modeling congestion propagation

and identifying critical network bottlenecks (Chen et al., 2023).

Nevertheless, a critical gap persists: most existing approaches treat prediction, control, and
optimization as decoupled modules, leading to suboptimal decisions and limited scalability. Even
state-of-the-art systems rarely embed sustainability metrics such as CO, emissions or fuel efficiency
directly into the learning objective, nor do they support dynamic policy adaptation based on evolving
urban priorities (e.g., prioritizing pedestrian safety during events or reducing emissions during air
quality alerts). Moreover, cross-city generalizability remains underexplored; models trained in one
metropolis often fail to transfer to cities with different topologies, traffic cultures, or infrastructure
maturity (Al-Tamimi et al., 2023).

To bridge these gaps, this study proposes a unified, policy-aware Al framework for smart urban
traffic management that integrates three core capabilities within a single, end-to-end architecture:

1. Holistic AI Integration: A synergistic combination of (i) a CNN-LSTM module for
spatiotemporal traffic forecasting, (ii) a multi-agent deep reinforcement learning (MARL)
controller for adaptive, coordinated signal timing, and (iii) a dynamic graph-based optimizer
that models the road network as a time-varying graph to guide routing and incident response.

2. Sustainability-Embedded Learning: The MARL reward function explicitly incorporates real-
time estimates of fuel consumption and CO, emissions, derived from vehicle dynamics and
traffic flow models, ensuring that operational decisions align with environmental objectives
(e.g., UN SDGs 11 and 13).

3. Adaptive Policy Engine: A lightweight feedback mechanism adjusts the weights of competing
objectives (e.g., delay vs. emissions vs. safety) based on contextual triggers such as weather
conditions, special events, or air quality indices enabling the system to shift its operational mode
in real time.

4. Cross-City Validation: The framework is rigorously evaluated on heterogeneous datasets from
Tehran (high-congestion, mixed traffic) and Barcelona (structured European grid), as well as a
synthetic city for scalability testing—demonstrating robustness across diverse urban contexts.

5. Practical Deployability: Designed with modularity and edge-cloud compatibility in mind, the
system interfaces with legacy infrastructure via standard protocols (e.g.,, NTCIP, MQTT) and
supports incremental deployment—making it viable for mid-sized cities with limited digital
readiness.

By unifying predictive intelligence, adaptive control, and sustainability-aware policy execution,
this work moves beyond fragmented Al applications toward a cohesive, actionable vision of
intelligent urban mobility one that is not only technically advanced but also socially and
environmentally responsible.

2. Literature Review

The integration of artificial intelligence into urban traffic management has gained significant
momentum over the past decade, driven by advances in data acquisition technologies and
computational power. Early efforts focused on rule-based systems and heuristic algorithms for signal
timing optimization (Ghosh et al., 2018). While these approaches provided foundational
improvements in traffic efficiency, they lacked adaptability to dynamic conditions such as accidents,
road closures, or sudden changes in demand patterns (Tong et al., 2020). In recent years, machine
learning techniques have emerged as powerful tools for modeling complex urban traffic dynamics.
Among these, deep learning models particularly Convolutional Neural Networks (CNNs) and Long
Short-Term Memory (LSTM) networks have demonstrated superior performance in capturing
spatiotemporal dependencies in traffic data. For example, Li et al. (2020) employed CNN-LSTM
hybrids to predict short-term traffic flow across multiple intersections, achieving higher accuracy
than traditional time-series models. Similarly, Wang et al. (2022) developed a multi-scale deep
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learning architecture that integrates real-time video feeds with historical traffic records to detect
congestion hotspots and forecast their evolution. Despite these successes, most studies remain
confined to isolated tasks, such as traffic prediction or incident detection, without addressing the
broader systemic challenges of coordination and scalability. A key limitation lies in the fragmentation
of Al modules: predictive models often operate independently from control systems, resulting in
delayed or suboptimal responses (Chen et al., 2023). Moreover, many frameworks fail to incorporate
long-term sustainability goals, such as emission reduction or equitable access to transportation
services (Zhang et al., 2021). Reinforcement Learning (RL) has emerged as a promising approach for
adaptive traffic signal control due to its ability to learn optimal policies through interaction with the
environment. Several RL-based systems have been tested in simulation environments, showing
reductions in average waiting times and fuel consumption (Kuang et al., 2020). However, practical
deployment remains limited by issues related to training complexity, reward function design, and
generalization across different city layouts (Al-Tamimi et al., 2023). Furthermore, most RL
applications focus on single-intersection scenarios, neglecting the interconnected nature of urban
road networks where coordinated control is essential. Another growing trend involves the use of
graph-based representations to model traffic networks. These methods treat intersections as nodes
and roads as edges, enabling the application of graph neural networks (GNNs) for route optimization
and congestion propagation analysis (Liu et al, 2021). Such approaches offer enhanced
interpretability and support multi-objective optimization, including minimizing travel time, energy
usage, and environmental impact. Nevertheless, integrating GNNs with real-time sensor data and
reinforcement learning agents presents significant technical challenges, particularly in terms of
computational overhead and data fusion. A notable gap in the literature concerns the lack of
integrated frameworks that unify predictive modeling, adaptive control, and policy evaluation under
a single architecture. Most existing solutions are modular and siloed, relying on separate components
that communicate via predefined interfaces rather than operating cohesively. This fragmentation
undermines system resilience, limits real-time responsiveness, and hinders scalability in large
metropolitan areas (Wang et al., 2022). Additionally, few studies address the interplay between traffic
management and broader urban objectives such as public health, social equity, and climate change
mitigation. Recent developments in edge computing and fog-based architectures have begun to
bridge some of these gaps by enabling decentralized processing and faster decision-making at the
network periphery (Zhao et al., 2023). Cirianni et al. (2023) propose an Al-based Mobility Control
Centre (MCC) as a functional and integrated IT framework to support sustainable, cooperative, and
data-driven urban mobility in medium-to-large cities. Their study presents a layered architecture that
consolidates heterogeneous data sources—such as IoT sensors, traffic cameras, floating car data, and
event logs—into a unified digital ecosystem, enabling real-time monitoring, predictive analytics, and
adaptive decision-making. The framework embeds artificial intelligence across key modules
including traffic supervision, intelligent signal control, demand-responsive transport, smart parking,
and incident management, while ensuring interoperability with existing infrastructure and Mobility-
as-a-Service (MaaS) platforms. By linking Al capabilities with strategic urban planning instruments
like Sustainable Urban Mobility Plans (SUMPs), the authors demonstrate how such a control centre
can translate real-time operational intelligence into long-term sustainability outcomes, aligning with
broader goals such as the UN’s SDG 11. The paper also emphasizes the importance of governance,
data standardization, and human-in-the-loop oversight to avoid fragmented or inequitable mobility
solutions (Cirianni et al., 2023).
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Figure 2. Architectural Scheme of Mobility Control Centre (Cirianni et al., 2023).

However, these infrastructures require robust data governance mechanisms and standardized
communication protocols to ensure interoperability across heterogeneous systems a challenge that
remains largely unaddressed. In summary, while significant progress has been made in applying Al
to traffic management, current approaches suffer from fragmentation, limited scalability, and
insufficient integration with sustainable urban planning principles. There is a clear need for a unified,
intelligent framework that combines advanced Al techniques such as deep learning, reinforcement
learning, and graph-based optimization within a scalable, extensible, and policy-aware architecture.
The proposed framework in this study addresses these limitations by offering a holistic solution that
supports real-time adaptation, cross-modal data integration, and alignment with long-term
sustainability goals.

3. Methodology

To address the limitations of fragmented Al-based traffic systems, this study introduces a
cohesive, end-to-end framework that integrates predictive modeling, adaptive control, and network-
wide optimization. The methodology is structured around four pillars: (1) a modular system
architecture, (2) multi-source data acquisition and preprocessing, (3) design of core Al components,
and (4) a rigorous validation protocol. Each component is described below with sufficient technical
detail to ensure reproducibility.

3.1. System Architecture

The framework adopts a four-layer modular architecture designed for interoperability with
legacy infrastructure and scalability across urban scales:

e Data Acquisition Layer: Aggregates heterogeneous real-time data from traffic cameras (150
fixed locations), GPS trajectories (12,000 vehicles), inductive loop detectors, weather APIs, and
city event logs (e.g., festivals, road closures). Data are timestamp-synchronized using a unified
time server (UTC+3.5 for Tehran, UTC+1 for Barcelona).

e  Preprocessing and Feature Engineering Layer: Applies noise filtering (via Savitzky—-Golay
smoothing), missing value imputation (linear interpolation for gaps <5 min), and min-max
normalization. Key features extracted include: average speed per lane, queue length at
intersections, hourly traffic volume, and incident severity scores (0-5 scale based on trajectory
anomalies).

e  Al-Driven Intelligence Layer: Hosts three tightly coupled modules:
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o  CNN-LSTM Predictor: Forecasts traffic states (speed, density) for the next 30 minutes at 5-
minute intervals.

o  Multi-Agent Reinforcement Learning (MARL) Controller: Coordinates signal timing across
intersections.

o Dynamic Graph Optimizer: Models the road network as a time-varying graph for routing and
congestion mitigation.

e  Decision and Control Layer: Fuses Al outputs into actionable commands (e.g., phase extension,
early green) and transmits them to traffic controllers via MQTT protocol. A feedback loop
continuously updates model weights using field-reported outcomes (e.g., actual delays, incident
confirmations).

3.2. Al Model Specifications

(a) Traffic Prediction: CNN-LSTM Hybrid

(b) A hybrid architecture processes spatiotemporal traffic data:

e The CNN branch (3 convolutional layers, ReLU activation, kernel size = 3x3) extracts spatial
patterns from camera-derived vehicle density maps (resolution: 64x64 grid per intersection).

e  The LSTM branch (2 layers, 128 hidden units) captures temporal dynamics from historical speed
and flow sequences.

e  The modelis trained on 6 months of data (Jan—Jun 2023) using a sliding window of 12 time steps
(60 min) to predict the next 6 steps (30 min). Loss function:
L=0.6-MAE+0.4-MSE 1)
Performance is evaluated using RMSE and MAPE on a held-out test set (20% of data).
(b) Adaptive Signal Control: Multi-Agent DON
Each intersection operates as an independent agent using a deep Q-network (DQN) with

experience replay and target network (update interval = 100 steps).

e  State space steR12 : includes queue lengths (4 approaches), average speeds, remaining green
time, and binary weather flag (rain/fog = 1).

e  Action space at : 4 discrete phase choices (e.g.,, N-S green, E-W green, all-red, extend current
phase).

e  Reward function rt:

r, =w ,.ADelay +w ,.Afuel +w ,AThroughput —w 1, . )

where w1=0.4,w2=0.3,w3s=0.2,w4+=0.1 (tunable via policy engine), and fuel consumption is estimated
using the VT-Micro model (Rakha et al., 2004).

(c) Graph-Based Network Optimization

The urban road network is modeled as a directed graph G=(V,E) , where nodes Vi€V represent
intersections and edges eij€EE represent road segments. Edge weights wij(t) are dynamically updated
as:

L,
w,(t)=a. ]t +(1-a)C; () €)
i ()
where Lij = segment length, vij(t) = real-time speed, Cij(t) = congestion index (0-1), and a=0.7 . A time-
dependent Dijkstra algorithm computes shortest paths every 60 seconds. Betweenness centrality
identifies critical nodes for proactive intervention.

3.3. Integration and Real-Time Operation

Modules operate in a closed-loop cycle with a 60-second decision horizon:
1. Raw data — preprocessing — feature extraction.

Features — CNN-LSTM — traffic state forecasts.
3. Forecasts + current state - MARL agents — signal actions.
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4.  Graph optimizer — rerouting suggestions for navigation apps.

5. Field feedback (e.g., actual travel time) — experience replay buffer — model update.
Communication between edge devices and the central server uses MQTT over TLS 1.3, ensuring

low latency (<100 ms) and security.

3.4. Validation Protocol

Simulations were conducted in SUMO 1.18.0 using real-world networks:

e Tehran: 12 km? 42 signalized intersections, mixed traffic (cars, motorcycles, buses).
e Barcelona: Eixample district, 38 intersections, structured grid.

Calibration: Parameters calibrated using GEH statistic:

2
GEH = ‘/% (4)
_l_

where O = observed flow, C = simulated flow. Target: GEH < 5 for >90% of detectors (UK DoT
standard).
Baselines:
e  Fixed-Time Control (FTC): Official signal plans from city traffic departments.
e Single-Agent RL (SARL): Independent DQN per intersection (no coordination).
Evaluation Metrics:
e  Average Travel Time (ATT, min)
e  Total Fuel Consumption (TFC, liters)
e CO; Emissions (kg, carbon intensity = 2.5 kg CO,/L)
e  Number of Incidents Avoided (NIA, based on TTC < 1.5 s)
¢  System Response Time (SRT, s)
e  Throughput (TPH, veh/h)
Statistical Rigor: All experiments repeated 5 times with different random seeds; results report
mean * standard deviation. Paired t-tests (a = 0.05) confirm statistical significance of improvements.

4. Results and Discussion

The proposed Al-driven framework was evaluated using real-world traffic data from Tehran
and Barcelona, with performance assessed through simulation experiments in SUMO and
comparative analysis against conventional control strategies. This section presents the quantitative
results, discusses their implications, and compares the framework’s effectiveness with existing
approaches.

1. Performance Metrics and Evaluation Framework

Table 1. To evaluate system performance, six key metrics were defined.

Metric

Description

Average Travel Time
(ATT)

Total Fuel
Consumption (TFC)
CO, Emissions
Number of Incidents
Avoided (NIA)
System Response
Time (SRT)
Throughput (TPH)

Mean time taken by vehicles to traverse a given route (in minutes).
Lower values indicate better efficiency.
Estimated fuel used across all vehicles during the test period (liters).
Reflects environmental impact.

Total carbon dioxide released (kg), derived from fuel consumption.
Reduction in accidents due to proactive signal adjustments and
congestion detection.

Average delay between data input and control action execution
(seconds).

Number of vehicles passing through an intersection per hour.
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These metrics were measured over a 48-hour test period under peak traffic conditions, comparing
the proposed framework against:
L Fixed-Time Control (FTC): Traditional signal timing based on historical averages.
I Single-Agent RL (SARL): Reinforcement learning applied at individual intersections without
coordination.
1L Baseline AI Model: A standalone deep learning predictor without adaptive control.
All simulations were run on a high-performance server (Intel Xeon Gold 6230R, 128 GB RAM,
NVIDIA RTX 3090).
2. Quantitative Results
Table 2 summarizes the performance comparison across the three test cities (Tehran, Barcelona,
and a synthetic city for scalability testing).

Table 2. Performance comparison of the proposed framework against baseline methods across three urban

settings.
ATT TFC CO, SRT
City Method ) NIA TPH
(min) (L) (kg) (s)
Tehran FTC 18.5 2100 5250 0 75 1200
Tehran SARL 15.2 1850 4625 3 45 1400
Proposed
Tehran 12.1 1580 3950 12 28 1650
Framework
Barcelona FTC 16.8 1900 4750 0 70 1150
Barcelona SARL 13.9 1680 4200 2 42 1350
Proposed
Barcelona 10.7 1420 3550 15 26 1580
Framework
Synthetic FTC 20 2300 5750 80 1000
Synthetic SARL 16.5 2000 5000 50 1200
Proposed
Synthetic 11.3 1650 4125 18 30 1450
Framework

ATT (min)

?”/ ALY \ 117.3
W 12.1

Wf/ﬁfff/ﬁf/ﬁ/f?ﬁgﬁ 16.5
15.2

//K/
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A L AL AL AAll 77777 20

FIc 185

w Synthetic 7 Barcelona M Tehran

Figure 1. Comparison of average travel time across three urban settings under different traffic control strategies.

This bar chart compares the average travel time (in minutes) for three cities Tehran, Barcelona,
and a synthetic city under three control methods: Fixed-Time Control (FTC), Single-Agent
Reinforcement Learning (SARL), and the proposed Al-driven framework. The proposed framework
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achieves the lowest travel times in all test cases, reducing delays by up to 34% compared to FTC. This
demonstrates its superior performance in mitigating congestion during peak hours.
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Figure 2. Environmental impact comparison: fuel consumption and CO, emissions under different traffic

management strategies.

This grouped bar chart illustrates the total fuel consumption (in liters) and CO, emissions (in
kilograms) for the three cities under three control strategies. The proposed framework reduces fuel
use by 24% and CO, emissions by 24% compared to FTC, highlighting its effectiveness in promoting
sustainable urban mobility. These reductions are particularly significant given that transportation
accounts for over 40% of urban greenhouse gas emissions (Zhang et al., 2021).

Incident Avoidance (NIA)

Synthetic

Barcelona

Tehran

W Proposed mSARL EFTC

Figure 3. Number of incidents avoided per day under different traffic control strategies.
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This bar chart shows the number of incidents prevented daily across the three test cities using
three different approaches. While fixed-time control fails to prevent any accidents, the proposed
framework avoids 12-18 incidents per day, demonstrating its capability in proactive safety
management through real-time detection and early warning systems.

SRT (s)

Proposed 5938

rEd
SARL W s

FTC

FL{TIETETL Y TN 80
75

> Synthetic  # Barcelona M Tehran

Proposed
SARL fff{’“/s/sﬁffs/“/S/sfffﬂ iﬁ (1% E 80
rre WSROI 500

« Synthetic 7. Barcelona M Tehran

Figure 4. System responsiveness and network throughput under different traffic control strategies.

This dual-axis bar chart presents system response time (SRT, in seconds) and throughput (TPH,
vehicles per hour) for the three cities under three control methods. The proposed framework reduces
response time to 28 seconds and increases throughput to 1650 vehicles per hour, indicating superior
real-time adaptability and higher network capacity utilization. This is critical for large-scale urban
applications where timely decisions can significantly improve traffic flow.

Key Observations:

The proposed framework achieved an average reduction of 34% in travel time compared to
FTC and 20% compared to SARL.

Fuel consumption decreased by 24% relative to FTC, primarily due to reduced idling and
smoother traffic flow.

CO, emissions were lowered by 24%, aligning with sustainability goals.

Incident avoidance improved dramatically from zero in FTC to 12-18 incidents avoided per day
due to early congestion detection and adaptive signal adjustments.

System response time dropped to under 30 seconds, enabling near-real-time decision-making.

Throughput increased by 35-45%, indicating higher network capacity utilization.

3. Analysis of Key Findings

(a) Traffic Efficiency and Congestion Mitigation

The most significant improvement occurred in reducing average travel time, particularly during
peak hours. In Tehran, where congestion is severe, the framework reduced delays by 34% equivalent
to saving over 10 million vehicle-hours annually if scaled city-wide. This result stems from two
factors:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.1585.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 October 2025 d0i:10.20944/preprints202510.1585.v1

10 of 15

L Predictive control: Deep learning models accurately forecast congestion up to 30 minutes ahead,
allowing preemptive signal adjustments.

1L Coordinated signaling: Multi-agent reinforcement learning enables intersections to act as a

unified system rather than isolated entities, preventing localized bottlenecks.

For instance, during rush hour in Barcelona, the system detected a surge in northbound traffic
and dynamically extended green phases at key junctions, reducing queue lengths by 40% within 15
minutes.

(b) Environmental Impact and Sustainability

Lower fuel consumption and CO, emissions are direct outcomes of reduced vehicle idling and
smoother acceleration-deceleration cycles. The model’s ability to avoid stop-and-go traffic common
in fixed-time systems played a crucial role. For example, in the synthetic city test, the proposed
framework reduced idle time by 28%, leading to substantial emission reductions.

This supports the broader goal of sustainable urban development, especially in densely
populated areas where transportation accounts for over 40% of total urban emissions (Zhang et al.,
2021).

(c) Safety Enhancement

The framework’s incident detection module identified potential collision risks using trajectory
prediction and abnormal behavior analysis. In Tehran, it flagged 15 high-risk scenarios (e.g., sudden
lane changes, speeding near crosswalks), enabling timely warnings to drivers via smart signage. As
a result, 12 incidents were prevented during the test period a 200% increase over SARL and a 100%
improvement over FTC.

This demonstrates how Al can shift traffic management from reactive to proactive safety
measures.

(d) Scalability and Real-Time Feasibility

The framework demonstrated strong scalability in the synthetic city test, handling 500+
intersections with minimal latency. The modular design allowed each component to operate
independently, minimizing computational load. Edge computing nodes processed local data while
the central server coordinated decisions, ensuring low bandwidth usage.

Response times remained below 30 seconds even under heavy loads, validating the system’s
real-time capabilities.

4. Comparison with Existing Approaches

While previous studies have explored Al-based traffic control, few have integrated multiple
modules into a single, cohesive architecture.

Table 3. Performance Comparative Analysis with Recent Studies.

Innovation in

Study Approach Dataset / City Key Findings Limitation )
This Study
Multi-agent
Reinforcement 18% Limited  to
Kuang et al RL for
Learning Beijing reduction in isolated
(2023) coordinated
(Single Agent) delay intersections )
signal control
Integrates
Graph Neural No
Zhao et al 15% fuel CO; and fuel
Networks  + Singapore sustainability
(2024) reduction ] into reward
RL metrics )
design
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Innovation in

Stud Approach Dataset / Ci Key Findings Limitation
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The proposed framework was evaluated using real-world datasets from Tehran (high-
congestion, mixed traffic), Barcelona (structured European grid), and a synthetic city (500+
intersections) under peak-hour conditions (7-10 AM and 5-8 PM). Simulations were conducted in
SUMO 1.18.0, with parameters calibrated to achieve GEH <5 for >90% of detectors. All experiments
were repeated 5 times with different random seeds to ensure statistical robustness. Results are
reported as mean + 95% confidence interval, and paired t-tests (a = 0.05) were used to assess
significance.

4.1. Quantitative Performance

As summarized in Table 2, the proposed framework consistently outperforms both Fixed-Time

Control (FTC) and Single-Agent RL (SARL) across all metrics and cities:

e  Average Travel Time (ATT) was reduced by 34.1% vs. FTC and 20.4% vs. SARL (p < 0.001). In
Tehran, ATT dropped from 18.5 min (FTC) to 12.1 min (proposed), saving an estimated 10.2
million vehicle-hours annually if scaled city-wide.

e  Fuel consumption and CO, emissions decreased by 24.8% and 24.8%, respectively (p < 0.001),
primarily due to smoother acceleration profiles and reduced idling (idle time | 28% in synthetic
city).

e Incident avoidance improved dramatically: from 0 incidents (FTC) to 12-18 incidents
prevented daily (p < 0.01), using surrogate safety measures (TTC <1.5s).

e  System Response Time (SRT) fell to 26-28 seconds, enabling near-real-time adaptation (vs. 70—
80 s for FTC).

e  Throughput (TPH) increased by 35-45%, indicating higher network capacity utilization.

These improvements are statistically significant (all p-values < 0.01) and consistent across
heterogeneous urban contexts, confirming the framework’s robustness and generalizability.
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4.2. Comparative Analysis with State-of-the-Art

Table 4. contextualizes our results against recent studies.
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In contrast, our framework combines prediction, control, and optimization into one system,
achieving superior performance. Moreover, unlike many Al models that require massive datasets,
our approach uses lightweight CNN-LSTM hybrids trained on regional data, making it suitable for
mid-sized cities with limited resources.

5. Limitations and Future Work

Despite its strengths, the framework has limitations:
L Data Dependency: Performance relies heavily on sensor coverage and data quality. Areas with
sparse loT infrastructure may experience degraded accuracy.
1L Computational Cost: Training the MARL agent requires significant GPU resources, though this
can be mitigated through transfer learning.
1L Policy Sensitivity: Reward functions must be carefully tuned to reflect city-specific priorities
(e.g., pedestrian safety vs. vehicle throughput).

6. Conclusions

This study introduces a unified, policy-aware AI framework that bridges critical gaps in
contemporary urban traffic management by synergistically integrating deep learning, multi-agent
reinforcement learning, and dynamic graph-based optimization. Unlike fragmented approaches that
treat prediction, control, and sustainability as isolated tasks, our architecture embeds environmental
and safety objectives directly into the decision-making loop, enabling real-time adaptation to
evolving urban priorities.

Empirical validation across heterogeneous urban contexts Tehran (high-congestion, mixed
traffic), Barcelona (structured European grid), and a synthetic city (500+ intersections demonstrates
consistent and statistically significant improvements: a 34% reduction in average travel time, 24.8%
decrease in both fuel consumption and CO, emissions, and the prevention of 12-18 traffic incidents
per day through proactive signal adjustments and surrogate safety metrics (TTC < 1.5 s). These gains
are not merely technical; they translate into tangible urban benefits reduced vehicle-hours, lower
public health burdens from emissions, and enhanced road safety aligning closely with UN
Sustainable Development Goals 11 (Sustainable Cities) and 13 (Climate Action).
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A key innovation lies in the framework’s adaptive policy engine, which dynamically reweights
competing objectives (e.g., delay vs. emissions vs. safety) in response to contextual triggers such as
air quality alerts or special events. This feature transforms the system from a static optimizer into a
responsive urban governance tool, capable of supporting data-driven policy implementation.
Furthermore, the modular, edge-cloud compatible design ensures practical deployability in cities
with varying levels of digital infrastructure, addressing a major barrier to real-world adoption.

Nevertheless, the framework’s performance remains contingent on sensor coverage and data
quality —challenges particularly acute in low-resource urban settings. Additionally, while transfer
learning and edge computing mitigate computational demands, training multi-agent systems at scale
still requires substantial resources. Future work will focus on three fronts:

(i) multimodal integration, incorporating public transit, cycling, and pedestrian flows to support
equitable mobility;

(ii) explainability enhancement, using attention mechanisms to make Al decisions interpretable
for traffic engineers and policymakers; and

(iii) real-world pilot deployment, in collaboration with municipal authorities, to evaluate long-
term operational stability and user acceptance.

Ultimately, this research advances the vision of intelligent transportation not as a collection of
isolated algorithms, but as an integrated, sustainability-oriented urban service. By unifying technical
innovation with strategic urban objectives, the proposed framework offers a scalable pathway toward
smarter, safer, and more resilient cities in an era of rapid urbanization and climate urgency.
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