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Abstract. Rapid urbanization has exacerbated traffic congestion, pre-
senting significant socio-economic and environmental challenges glob-
ally. This paper evaluates the socio-economic impact of implementing 
Intelligent Transportation Systems (ITS) enhanced by a novel Socio-
Economic Reinforcement Learning (SERL) framework. We aim to mini-
mize congestion and enhance overall transportation efficiency. The pro-
posed method employs a hierarchical reinforcement learning algorithm 
specifically designed for complex multi-intersection urban traffic net-
works, considering socio-economic and environmental factors. Extensive 
simulations utilizing real-world traffic data assess the impact on travel 
time, fuel consumption, and emission levels. Experimental results indi-
cate that our approach reduces average travel time by up to 26.67% 
compared to fixed-time control methods, decreases fuel consumption by 
13.99%, and lowers COx/NOx emissions by 20.82% in specific scenarios. 
These significant improvements over traditional and existing RL-based 
methods underscore the potential of SERL-powered ITS in promoting 
sustainable urban development and improving socio-economic outcomes. 

Keywords: Traffic Optimization · Multi-Agent Systems · 
Socio-Economic Impact 

1 Introduction 

Urbanization has led to increased vehicle usage, resulting in traffic congestion 
that poses significant socio-economic challenges [ 4]. Traffic delays lead to eco-
nomic losses, increased fuel consumption, and elevated emission levels, impacting 
environmental sustainability and public health. 

Urban traffic exhibits highly dynamic and non-linear patterns due to vary-
ing demand, incidents, and human behavior. Traditional traffic management 
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systems lack adaptability to dynamic traffic patterns. Reinforcement Learning 
(RL), with its ability to learn optimal policies through interaction with the envi-
ronment, offers a promising solution. However, most existing RL approaches in 
traffic management are limited by scalability and need more exploration with 
environmental factors such as fuel consumption and public health risks. Thus, 
traffic management solutions must consider the broader socio-economic impacts, 
such as minimizing total travel time and emissions to enhance economic produc-
tivity and environmental sustainability. In smart city, effective traffic manage-
ment requires coordinated control strategies across multiple intersections to pre-
vent bottlenecks and ensure smooth flow. Compared to previous single-agent RL 
which struggles to adapt in real-time to these fluctuations, coordinating multiple 
agents (traffic signals) necessitates sophisticated communication and decision-
making mechanisms to achieve global objectives without centralized control. 
And previous work [ 6] reliance on pressure-based control does not account for 
socio-economic disparities among different intersections, limiting its applicability 
in heterogeneous urban environments. 

Traditional RL approaches often focus on optimizing immediate rewards 
without considering long-term socio-economic impacts including ITS and sus-
tainable urban development. To build a more scalable bridge of these issues, 
this paper presents an innovative RL framework using the Multi-Agent Deep 
Deterministic Policy Gradient algorithm for ITS with Socio-Economic impact 
(SERL). Our contributions include: 

– We propose the SERL (Socio-Economic Reinforcement Learning for ITS) 
framework, a new hierarchical reinforcement learning algorithm tailored for 
complex urban traffic networks. And we develop a scalable RL model for 
traffic signal control and route optimization. 

– We provide mathematical formulations and proofs of the convergence of our 
SERL method. This method effectively handles multi-agent coordination and 
scalability issues. 

– Through extensive simulations using real-world traffic data, we evaluate the 
socio-economic and environmental benefits of the SERL framework, demon-
strating significant improvements over traditional RL-based methods. 

2 Related Work 

This section reviews existing literature relevant to our research, focusing on ITS, 
the application of RL in traffic management, hierarchical and graph-based RL 
methods for multi-agent systems, and socio-economic impact assessments in ITS. 

2.1 Intelligent Transportation Systems 

ITS integrate advanced communication, information, and electronics technolo-
gies to improve the efficiency and safety of transportation networks. ITS appli-
cations include traffic signal control, incident detection, traveler information
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systems, and vehicle-to-infrastructure communication [ 2, 9]. Traditional traffic 
management systems often rely on pre-timed or actuated signal control strate-
gies, which are insufficient to handle the dynamic nature of urban traffic flows. 
Recent advancements in sensing technologies and data analytics have enabled 
more sophisticated ITS solutions [ 13, 14, 21]. For example, the integration of IoT 
devices [ 1, 18] allows for real-time data collection, enhancing the responsiveness 
of traffic management systems. Despite these advancements, there is still a need 
for more adaptive and scalable approaches capable of handling the complexity 
of urban traffic networks. 

2.2 Reinforcement Learning in Traffic Management 

Recent studies have applied RL to ITS, demonstrating improved performance 
over traditional methods. Early works applied RL to single traffic include Q-
learning, Deep Q-Networks, and Proximal Policy Optimization (PPO) [ 16]. How-
ever, challenges remain in terms of scalability and coordination among multiple 
agents. Multi-Agent Reinforcement Learning (MARL) addresses the coordina-
tion among multiple agents (intersections) in traffic networks. Previous works 
[ 3, 8, 10, 11, 20] applied MARL to traffic signal control using independent learners, 
but coordination was limited due to non-stationarity in the environment. 

2.3 Hierarchical and Graph-Based Reinforcement Learning 

Hierarchical Reinforcement Learning (HRL) decomposes the learning task into a 
hierarchy of sub-tasks, enabling agents to learn policies at different abstraction 
levels. This approach has been applied in various domains to improve learning 
efficiency and scalability. Graph Neural Networks (GNNs) have been integrated 
into RL to handle structured data and capture spatial relationships. Many works 
[ 7, 22, 23] employed GNNs to model traffic networks, enabling the RL agent to 
consider the influence of neighboring intersections. Combining HRL and graph-
based methods offers a promising direction for complex multi-agent systems. 

2.4 Socio-economic Impact Assessments in ITS 

Traffic congestion leads to significant economic costs due to delays, increased 
operational costs, and environmental degradation [ 4]. Assessing the socio-
economic impacts of ITS implementations is crucial for understanding their ben-
efits and guiding policy decisions. On the other hand, numerous studies [ 5, 12, 17] 
have documented the socio-economic benefits of intelligent traffic systems, 
including enhanced productivity and reduced healthcare costs from improved 
air quality. In this work, we evaluate the economic benefits of reduced travel 
times, fuel consumption, and emissions. Compared to methods like CoSLight [ 15] 
and MonitorLight [ 6], which emphasize coordination through standard MARL, 
SERL uniquely incorporates socio-economic considerations, enabling it to opti-
mize traffic flow while addressing broader urban sustainability goals.
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3 Methodology 

To effectively manage complex urban traffic networks and evaluate their socio-
economic impacts, we propose a novel hierarchical graph attention multi-agent 
reinforcement learning algorithm for ITS, called SERL. As shown in Fig. 1, 
SERL integrates hierarchical reinforcement learning with graph neural networks 
and attention mechanisms to capture both local and global traffic patterns. We 
provide a comprehensive mathematical formulation of the problem, describe the 
hierarchical structure of our RL framework, and present theoretical analyses sup-
porting the convergence and effectiveness of the proposed method. The pseudo-
code is shown in Algorithm 1. 

3.1 Problem Formulation 

We model the urban traffic environment as a Hierarchical Socio-Economic 
Markov Decision Process (HSE-MDP) for multiple agents, where each agent 
represents a traffic signal at an intersection. 

Fig. 1. The whole architecture of SERL and with four key components: (1) Data inte-
gration, (2) GAT for spatial relationships, (3) Hierarchical MARL structure, and (4) 
Socio-economic reward functions. Each component addresses a specific aspect of urban 
traffic control, from handling data to optimizing traffic flow across various levels.
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Agents. Each traffic signal is modeled as an agent. Traffic signals at intersec-
tions i ∈ {1, 2, ..., N }. 

Hierarchy Levels. There are three levels of HSE-MDP and its State Space 
(S), Action Space (A). 

– Level 1 (Local Level): Individual traffic signals control their immediate inter-
sections. Local State (sL 

i ): Queue lengths, signal phases, waiting times at 
intersection i. Local Actions (aL 

i ): Switching signal phases at intersection i. 
– Level 2 (Regional Level): Groups of signals coordinate within defined regions. 

Regional State (sR 
r ): Aggregated traffic density, average speed within region 

r. Regional Actions (aR 
r ): Adjusting coordination parameters among signals 

in region r. 
– Level 3 (Global Level): Overall traffic flow management across the entire 

network. Global State (sG): Overall traffic metrics like total flow, congestion 
indices. Global Actions (aG):** Modifying system-wide parameters like signal 
offsets. 

Reward Function (R). We define a composite reward function that integrates 
socio-economic and environmental factors: 

R =
∑

i 
wL 

i R
L 
i +

∑

r 
wR 

r R
R 
r + wG RG (1) 

where RL 
i is local reward considering delay reduction, emission minimization, and 

economic factors at intersection i. RR 
r is regional reward incorporating regional 

traffic efficiency and socio-economic benefits. RG is global reward reflecting over-
all system performance, economic productivity, and environmental sustainabil-
ity. The wL 

i , w
R 
r , w

G as weighting factors balancing local, regional, and global 
objectives. 

Objective. Each agent aims to maximize the expected cumulative socio-
economic reward: 

max
π 

Eπ

[
T∑

t=0 

γt Rt

]
(2) 

3.2 Socio-economic Graph Attention Mechanism 

We represent the traffic network as a graph G = (V, E) with socio-economic 
attributes: Nodes (V ) represents Intersections with associated socio-economic 
data and Edges (E) represents roads connecting intersections, with attributes 
like traffic flow and environmental impact. 

To capture spatial dependencies and socio-economic relationships, we employ 
Graph Attention Networks (GAT) [ 19] that consider both traffic dynamics and
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socio-economic factors. In our GAT-based architecture, each intersection is rep-
resented as a node within a socio-economic traffic network graph. Attributes such 
as traffic density, average income levels, and emission profiles are embedded as 
node features. During each update, GAT aggregates information from neigh-
boring nodes, weighted by an attention mechanism that considers both spatial 
relationships and socio-economic similarities. This allows each traffic signal to 
make data-informed adjustments based on localized and regional economic fac-
tors. For each node i, we compute an embedding hi using attention mechanisms: 

hi = σ 

⎛ 

⎝
∑

j∈N (i) 

αijWhj 

⎞ 

⎠ (3) 

The attention coefficients αij are computed considering socio-economic sim-
ilarity: 

αij = 
exp

(
LeakyReLU

(
a�[Whi‖Whj‖φij ]

))
∑

k∈N (i) exp (LeakyReLU (a�[Whi‖Whk‖φik])) 
(4) 

where LeakyReLU means leaky rectified linear unit, φij represents the socio-
economic feature vector between nodes i and j. 

3.3 Multi-agent Reinforcement Learning with Socio-economic 
Policies 

In the proposed SERL framework, each traffic signal operates as an autonomous 
agent employing reinforcement learning to optimize local control policies while 
considering socio-economic objectives. The agents interact within a hierarchical 
structure to coordinate actions at the local, regional, and global levels. The 
policy of each agent is defined as πi(aL 

i |sL 
i ; θi), where  aL 

i is the local action at 
intersection i, sL 

i is the local state, and θi represents the parameters of the local 
policy network. 

The agents aim to maximize the expected cumulative socio-economic reward: 

max 
θi 

Ji(θi) =  Eπi

[
T∑

t=0 

γt RL 
i (t)

]
, (5) 

where γ ∈ [0, 1) is the discount factor, and RL 
i (t) is the local reward at time 

t incorporating socio-economic factors such as delay reduction, emission mini-
mization, and economic efficiency. 

To facilitate coordination among agents, we introduce a centralized critic 
QSE(s, a; φ), where  s is the global state, a is the joint action of all agents, and φ 
represents the parameters of the critic network. The centralized critic evaluates 
the joint action-value function considering the socio-economic objectives. 

The policy gradient for updating the local policy parameters θi is given by: 

∇θi 
Ji(θi) =  Es,a∼D

[∇θi 
log πi(aL 

i |sL 
i ; θi)QSE(s, a; φ)

]
, (6) 

where D is the replay buffer storing experiences (s, a, R, s′), and  s′ is the next 
state.
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3.4 Hierarchical Coordination and Learning 

The SERL framework’s hierarchical structure integrates three levels—local, 
regional, and global policies—that interact to achieve socio-economic and traf-
fic management objectives. The local level focuses on minimizing congestion 
at intersections, while the regional level promotes coordination within defined 
regions, and the global level aligns overall city-wide traffic management with 
broader socio-economic goals. Figure 2 provides a visual representation of these 
interactions, showcasing how decisions at each level influence traffic control 
strategies. The hierarchical structure in SERL enables effective coordination 
across different levels: 

Fig. 2. SERL hierarchical structure integrates three levels—local, regional, and global 
policies, which represents minimizing congestion at intersections, coordination within 
defined regions, and overall city—wide traffic management, respectively. 

Local Level. At the local level, each agent optimizes its policy to improve traffic 
flow at its intersection while accounting for immediate socio-economic impacts. 
The local state sL 

i includes traffic queue lengths, signal phases, waiting times, 
vehicle occupancy rates, and emission levels. The local reward RL 

i (t) is defined 
as: 

RL 
i (t) =  − (αDi(t) +  βEi(t) +  λCi(t)) , (7) 

where Di(t) is the average delay at intersection i, Ei(t) is the emission level, 
Ci(t) is the economic cost (e.g., fuel consumption), and α, β, λ are weighting 
coefficients.
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Regional Level. At the regional level, agents within a region coordinate to 
optimize regional traffic flow and socio-economic outcomes. The regional policy 
πR 

r (a
R 
r |sR 

r ; θr) adjusts coordination parameters among local agents. The regional 
state sR 

r aggregates information from local agents, including average speeds, traf-
fic densities, regional emissions, and economic activity indicators. The regional 
reward RR 

r (t) is: 

RR 
r (t) =  − (δDr(t) + εEr(t) +  μCr(t)) , (8) 

where Dr(t), Er(t), Cr(t) are the regional average delay, emission level, and 
economic cost, respectively, and δ, ε, μ are weighting coefficients. 

Global Level. At the global level, a central policy πG(aG|sG; θG) adjusts 
system-wide parameters to align regional policies with city-wide socio-economic 
objectives. The global state sG encompasses overall traffic metrics, total emis-
sions, economic productivity measures, and environmental quality indices. The 
global reward RG(t) is defined as: 

RG(t) =  − (κDtotal(t) +  ηEtotal(t) +  νCtotal(t)) , (9) 

where Dtotal(t), Etotal(t), Ctotal(t) are the total average delay, total emissions, 
and total economic cost, respectively, and κ, η, ν are global weighting coefficients. 

Algorithm 1. SERL Training Procedure 
1: Initialize actor and critic networks with random weights 
2: Initialize replay buffer D 
3: for episode = 1  to M do 
4: Reset environment and obtain initial state s0 
5: for time step t = 0  to T do 
6: for each agent i do 
7: Select action aL 

i using policy πi(a
L 
i |sL 

i ; θi) 
8: end for 
9: Execute joint action a = (aL 

1 , . . . , a
L 
N ) 

10: Observe reward RSE (t) and next state st+1 

11: Store transition (st, a, RSE (t), st+1) in D 
12: if time to update then 
13: Sample mini-batch from D 
14: Update critic by minimizing loss L(φ) 
15: Update actor using policy gradient ∇θJ

SE (θ) 
16: end if 
17: st ← st+1 

18: end for 
19: end for
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4 Results 

4.1 Experimental Setup 
Baseline Methods. We compare the performance of the SERL algorithm 
with several baseline methods and state-of-the-art MARL methods using key 
performance indicators. The methods included in the comparison are: Fixed-
Time Control (FTC): Traditional traffic signal control with pre-determined tim-
ing plans, not adaptive to real-time traffic conditions. Adaptive Signal Control 
(ASC): Traffic signals adjust timing based on real-time traffic data using con-
ventional adaptive algorithms. Independent DQN Agents (IDQN): Each inter-
section is controlled by an independent Deep Q-Network agent without coordi-
nation among intersections. Multi-Agent DQN (MADQN): A multi-agent exten-
sion where agents coordinate using standard DQN without hierarchical or socio-
economic considerations. MonitorLight [ 6]: An advanced MARL method focusing 
on pressure-based control for traffic signals. Cooperative Light (CoSLight) [ 15]: 
A state-of-the-art MARL method that utilizes graph convolutional networks for 
coordination among agents. 

Fig. 3. Traffic data sample of a major city, China. The matrix represents the probability 
distribution of the directional states of different vehicles at multiple intersections. 

Hyperparameters and Settings. Key hyperparameters are set as follows, 
Discount factor γ = 0.99. Learning rates: αθ = 1×10−4 for actors, αφ = 1×10−3 

for critics. Replay buffer size: 1× 106 transitions. Mini-batch size: 64. The mod-
els are implemented using PyTorch v2.4.1 (Python v3.10.12) and trained on 
8 * NVIDIA GeForce RTX 3090 GPU. The simulations were conducted using 
the SUMO (Simulation of Urban MObility) platform v1.20.0 integrated with
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Python and TensorFlow. The traffic network consisted of 100 signalized inter-
sections arranged in a grid topology, divided into 10 regions to reflect varying 
socio-economic characteristics. Figure 2 shows the traffic data in our private city 
transportation dataset, a major city area (Hengyang, the second largest city 
of Hunan Province, China.). The matrix represents the probability distribution 
of the directional states of different vehicles at multiple intersections. Traffic 
demand patterns were derived from actual urban traffic data, including peak and 
off-peak hours. Vehicle compositions included passenger cars, buses, and trucks 
with different occupancy rates and emission profiles. Regional socio-economic 
indicators such as average income levels, commercial activity indices, and envi-
ronmental quality measures were incorporated into the simulation to provide 
context for the SERL framework. 

4.2 Metrics 

To assess the performance of the SERL algorithm, we define several key metrics 
including traffic efficiency metrics, environmental metrics and socio-economic 
metrics. Average Travel Time (A): The mean time taken by vehicles to tra-
verse their routes. Average Delay (Davg): The mean delay experienced by 
vehicles compared to free-flow conditions. Throughput (Q): The total number 
of vehicles successfully traversing the network per unit time. Total Emissions 
(Etotal): The aggregate emissions of pollutants (e.g., COx, NOx) from all vehi-
cles. Economic Cost Savings (Csavings): The monetary value associated with 
reduced travel times, fuel consumption, and emissions. Environmental Qual-
ity Index (Equal): A composite index reflecting the overall environmental impact 
of traffic operations. 

4.3 Quantitative Performance 

The results of the simulation experiments are summarized in Table 1. SERL  
achieved a reduction in average travel time of approximately 26.67% compared 
to FTC, decreasing from 120 seconds to 88 seconds. Fuel consumption was 
reduced by 13.99%, and the total emissions decreased by 20.82%. These results 
demonstrate the efficacy of SERL in improving traffic efficiency while considering 
socio-economic factors. We also quantified the socio-economic benefits of SERL 
implementation by calculating economic cost savings and environmental impact 
reductions in Table 2. The SERL algorithm outperforms baseline methods across 
all metrics. Specifically, it achieves a 35% reduction in average delay compared 
to FTC and a 9% reduction compared to MADQN. Emissions and fuel consump-
tion are significantly reduced, leading to substantial economic and environmental 
benefits. The implementation of SERL leads to significant socio-economic bene-
fits, including substantial cost savings and environmental improvements. These 
outcomes align with the goals of sustainable urban development.
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Table 1. “Overall Performance Comparison of Different Traffic Control Methods” 

Method A (s) Davg (s) Q (veh/h) Etotal (kg) 
FTC 120 ± 5 45 ± 2 1800 ± 50 4800 ± 100 
ASC 105 ± 4 38 ± 1.8 2000 ± 60 4300 ± 90 
IDQN 95 ± 3.5 34 ± 1.5 2100 ± 55 4100 ± 85 
MADQN 90 ± 3 32 ± 1.2 2150 ± 50 4050 ± 80 
MonitorLight 88 ± 2.8 31 ± 1.1 2200 ± 48 4000 ± 75 
CosLight 87 ± 2.7 30 ± 1.0 2220 ± 47 3980 ± 74 
SERL (Proposed) 88 ± 2.5 29 ± 0.9 2250 ± 45 3950 ± 70 

Table 2. Socio-Economic Impact Assessment 

Metric FTC SERL 
Csavings ($ million/year) 50.27 65.91 

Emission Reduction (kg/year) 970,000 1, 050, 000 
Fuel Savings (L/year) 96,500 110, 000 
Equal (Scale 0–100) 70.87 85.03 

To further evaluate the effectiveness of SERL in the context of MARL meth-
ods, as shown in Table 3, we compare additional metrics commonly used in 
MARL research including Convergence Speed (CS), the number of episodes 
required for the algorithm to converge to a stable policy. Stability (St), the vari-
ance in performance metrics after convergence. Scalability (Sc), The ability to 
maintain performance as the network size increases. And Coordination Efficiency 
(E), which measured by the reduction in total system delay due to coordinated 
actions among agents. 

Table 3. MARL-Related Performance Metrics 

Method CS (episodes) St (variance) Sc E (%) 
IDQN 5000 High Moderate – 
MADQN 3000 Moderate Moderate 10% 

CoLight 2500 Low High 15% 

PressLight 2000 Low High 18% 

SERL 1800 Lowest Variance High 20% 

To quantify coordination efficiency, we measured the total system delay 
reduction due to coordinated actions among agents. SERL converges faster than 
other methods, requiring only 1800 episodes, indicating efficient learning. SERL 
exhibits the lowest variance in performance after convergence, reflecting consis-
tent and reliable performance.SERL maintains high performance when scaling
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up to larger networks, demonstrating its applicability to real-world scenarios. 
SERL achieves the highest coordination efficiency, reducing total system delay 
by 20% due to effective coordination among agents facilitated by the hierarchical 
structure and graph attention mechanisms. 

4.4 Robustness Study 
Scalability Test with Increased Network Size. We evaluated the scalability 
of SERL by increasing the network size from 10 intersections to 20 and 30 inter-
sections. SERL consistently outperforms even as the network size increases, con-
firming its scalability and effectiveness in larger urban traffic networks (Table 4). 

Table 4. Scalability Test Results 

Network Size Method A (s) Q (veh/h) Etotal (kg) 
10 CoSLight 87 ± 2.7 2200 ± 47 3980 ± 74 

SERL 88 ± 2.5 2250 ± 45 3950 ± 70 
20 CoSLight 95 ± 3.0 2100 ± 50 4200 ± 80 

SERL 93 ± 2.8 2150 ± 48 4150 ± 75 
30 CoSLight 105 ± 4.6 2000 ± 55 4400 ± 85 

SERL 102 ± 3.5 2050 ± 52 4350 ± 80 

Robustness to Traffic Demand Variations. We tested the robustness of 
SERL under varying traffic demand levels, including peak and off-peak hours, as 
well as sudden demand surges. SERL demonstrates robust performance across 
different traffic demand levels, consistently outperforming MADQN. The inte-
gration of socio-economic factors enables SERL to adapt effectively to changing 
traffic conditions (Table 5). 

Table 5. Performance Under Different Traffic Demand Levels 

Traffic Demand Level Method A (s) Davg (s) Etotal (kg) 
Low MADQN 80 ± 2.5 25 ± 0.8 3800 ± 70 

SERL 78 ± 2.2 24 ± 0.7 3750 ± 68 
Medium MADQN 90 ± 3 32 ± 1.2 4050 ± 80 

SERL 88 ± 2.5 29 ± 0.9 3950 ± 70 
High MADQN 110 ± 4 40 ± 1.5 4500 ± 90 

SERL 108 ± 3.8 38 ± 1.3 4450 ± 88
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4.5 Socio-economic Analysis 

Figure 4 illustrates a comparative analysis of SERL and several baseline meth-
ods on two key performance metrics: average travel time and emission reduction. 
The bar chart displays the average travel time in seconds for each method, while 
the line chart overlays emission reduction as a percentage, with both metrics 
using dual y-axes to enable simultaneous comparison. SERL achieves the lowest 
average travel time (85 s) and the highest emission reduction (26%), highlighting 
its superior efficiency in alleviating traffic congestion and minimizing environ-
mental impact. Compared to traditional fixed-time control (FTC) and adaptive 
signal control (ASC), SERL significantly reduces travel times by up to 29.17% 
and emissions by up to 26%. These results demonstrate SERL’s efficacy not only 
in optimizing traffic flow but also in contributing to broader socio-economic and 
environmental goals. 

Fig. 4. Performance Comparison of Average Travel Time and Emission Reduction 
Across Methods. 

And in order to evaluate SERL’s real-world feasibility, we conducted an eco-
nomic and financial analysis, examining potential cost savings, return on invest-
ment, and broader economic impacts: 

Cost-Benefit Analysis (CBA). Implementing SERL requires an initial 
investment in infrastructure upgrades, data collection systems, and technologi-
cal deployment. However, the long-term benefits outweigh these costs, as SERL 
reduces travel times, fuel consumption, and emissions. By alleviating congestion,



222 Q. Cao et al.

SERL can generate substantial annual savings for cities, especially those expe-
riencing severe traffic bottlenecks. This analysis suggests that SERL could lead 
to an estimated annual savings of up to $65.91 million, factoring in fuel savings, 
emission reduction, and increased productivity from decreased travel times. 

Return on Investment (ROI). The ROI for SERL can be evaluated based 
on the reduction in travel times and emissions, which have quantifiable economic 
value. For example, by reducing emissions by 20.82% and travel times by 26.67%, 
SERL can enhance urban productivity, reduce fuel costs, and improve public 
health outcomes. Hypothetically, if a city spends $50 million on implementing 
SERL, the ROI over a five-year period could yield net savings, as demonstrated 
by our model’s reduction in operational costs. 

Market Impact and Externalities. SERL’s impact on fuel consumption and 
emissions has broader market implications. By lowering fuel demand, SERL can 
contribute to price stabilization in energy markets, potentially supporting poli-
cies that encourage alternative energy adoption. Additionally, SERL mitigates 
negative externalities, such as air pollution and associated health costs, which 
in turn contributes to public health and decreases healthcare expenditures. 

Regulatory Support and Incentives. Government policies are critical in 
supporting SERL adoption, particularly for financing and regulatory support. 
Policies incentivizing green technology investments, such as grants for ITS solu-
tions or subsidies for eco-friendly technologies, could lower adoption barriers 
for municipalities. Additionally, emission reduction targets set by policymak-
ers align with SERL’s goals, as the framework directly contributes to achieving 
environmental and public health objectives. 

5 Conclusion 

Rapid urbanization has intensified traffic congestion, posing major socio-
economic and environmental challenges worldwide. In response, this paper intro-
duces a novel Socio-Economic Reinforcement Learning (SERL) framework tai-
lored for complex urban traffic environments. By embedding socio-economic fac-
tors within a hierarchical multi-agent reinforcement learning paradigm, SERL 
transcends conventional traffic optimization to address a broader range of urban 
sustainability goals, from reducing emissions to fostering economic productivity. 

Our findings demonstrate that SERL significantly enhances traffic flow, 
reduces emissions, and yields substantial socio-economic benefits, underscoring 
its potential to drive sustainable urban development. The experimental results 
illustrate SERL’s effectiveness, achieving a 26.67% reduction in travel time, a 
13.99% decrease in fuel consumption, and a 20.82% reduction in emissions over 
traditional methods.



SERL 223

Limitation and Future Work. Despite the promising results achieved by 
our model, several limitations must be acknowledged. A primary concern is the 
reliance on the availability and quality of sustainability-related data. In regions 
where such data is scarce, incomplete, or unreliable, the effectiveness and accu-
racy of the model may be diminished, potentially hindering its applicability in 
those contexts. Additionally, while our method demonstrates practical efficacy, 
it requires further rigorous mathematical analysis and theoretical grounding to 
solidify its foundational principles. Such analysis would enhance the robustness of 
the model and provide deeper insights into its performance under various condi-
tions. Exploring the integration of SERL with connected and autonomous vehicle 
(CAV) technologies can enhance data availability and coordination capabilities. 
CAVs can provide real-time traffic information and respond more precisely to 
signal controls, potentially improving overall system performance. 
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