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Abstract

Traffic congestion caused by temporary road repairs often forces bidirectional traffic to alternate through a single lane, leading
to increased delays and imbalanced traffic flow. This study investigates the impact of reward scheme design on the performance
of a Deep Q-Network (DQN)-based adaptive traffic signal control system in such constrained environments. Using the
Simulation of Urban Mobility (SUMO), a traffic scenario involving 1,656 vehicles over 1,800 seconds was modeled to evaluate
six reward scheme configurations combining Traffic Flow (TF), Waiting Time (WT), and Average Speed (AS): TF-TF, TF-WT,
WT-TF, WT-WT, AS-TF, and AS-WT. The DON agent, implemented with a two-layer neural network and trained for 50 epochs,
dynamically adjusted signal timing to balance traffic from opposing directions. Experimental results indicate that the AS-WT
configuration achieved the most balanced performance, producing the best fairness index (1.04) while maintaining stable
traffic flow. In contrast, schemes with misaligned or redundant metrics showed significantly poorer performance. These
findings highlight the importance of reward design in reinforcement learning-based traffic signal control and suggest that
carefully selected reward schemes can improve fairness and efficiency in temporary road repair zones.
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1. Introduction

Traffic congestion represents a pervasive and costly
challenge in wurban environments, significantly
impacting socioeconomic activities and environmental
quality. Globally, it leads to increased journey times,
higher fuel consumption, and excessive operational
costs [1]. Furthermore, the environmental quality is
critical, as heightened emissions from idling and stop-
and-go vehicles contribute significantly to urban air
pollution and climate change [2].

A particularly disruptive scenario arises from
temporary road blockages, such as alternating lane
closures caused by road repair and maintenance works.
This temporary road blockages forces opposing traffic
flows to share a single open lane, creating a bottleneck.

As illustrated in Figure 1, this alternating flow
arrangement demands an adaptive coordination to
prevent severe congestion and vehicle delays.

Figure 1. Illustration of research case study: Road Repair Zones

The deployment of temporary traffic lights is a common
solution in alternating flow arrangement [3], [4].
However, conventional Fixed-time Traffic Signal
(FTS) systems prove inadequate in this dynamic,
asymmetric traffic flow. Since FTS utilizes
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predetermined cycles, it fails to adapt to the
unpredictable fluctuations in traffic volume between
opposing directions. This inflexibility results in
inefficiencies, where one direction may receive
excessive green time while the other endures prolonged
waiting periods, extended congestion that leads to
driver frustration and reduced compliance [5]. This
emphasizes the critical need for optimization systems.

Recent literature has increasingly highlighted
Reinforcement Learning (RL) as a promising method
for intelligent traffic signal control [6-10]. Unlike
supervised learning, RL agents learn optimal control
policies through direct interaction with the
environment, receiving immediate feedback via
rewards or punishment [11]. This approach is
invaluable in complex, novel scenarios like road repair
zones, where historical data is often non-existent or
unrepresentative of the current constraints. The advent
of Deep Q-Networks (DQN) [12], which integrates Q-
learning with deep neural networks to manage high-
dimensional state representations, has proven effective
in complex simulations, such as those conducted using
the Simulation of Urban Mobility (SUMO) [13], [14].

While previous studies have successfully demonstrated
RL's potential in general intersection optimization,
often focusing on metrics like reduced waiting time [3],
there remains a significant gap in addressing the issue
of fairness and equity in highly asymmetric and
constrained environments, such as alternating lane
closures. Research into reward scheme design for
adaptive signals has shown that misalignment between
state representation and the reward function can lead to
biased outcomes, where the agent prioritizes
maximizing flow for one direction at the expense of
severe queuing in the opposite direction [15], [16].
Thus, ensuring balanced performance metrics that
minimize disparity in waiting times and queue lengths
between opposing flows is important for achieving fair
treatment of all road users [17], [18].

This research is motivated by the limitations of existing
RL approaches in handling these directional
imbalances. The purpose of this study is to develop and
evaluate a DQN-based adaptive traffic signal control
system for temporary road blockages, with a core focus
on a systematic reward scheme analysis. Specifically,
this work investigates how different combinations of
key traffic metrics influence overall system
performance and fairness. The evaluated metrics
include Traffic Flow (TF), Waiting Time (WT), and
Average Speed (AS), which are used as state variables
and reward signals.

The key research questions guiding this investigation
are 1) Which combination of traffic metrics, when
configured as the RL agent's state and reward scheme,
achieves the best fairness index in balancing opposing
traffic directions under alternating lane closures?, 2)
How is the identified optimal scheme compared against
conventional fixed-timing baselines and sub-optimal
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RL schemes in terms of reducing overall waiting times
and improving average vehicle speeds?

By systematically comparing six distinct schemes (TF-
TF, TF-WT, WT-TF, WT-WT, AS-TF, and AS-WT),
this research aims to identify the optimal design
principles for RL-based traffic control systems
operating in asymmetric traffic flow from temporary
road blockages. The findings are expected to contribute
to robust design guidelines for implementing fair and
efficient Intelligent Transportation Systems (ITS) in
temporary road blockages.

This study contributes to the growing body of research
on reinforcement learning-based traffic signal control
by focusing on the role of reward function design under
non-ideal traffic conditions, specifically in road repair
zones that require alternating traffic flow. The main
novelty of this work lies in the systematic analysis of
multiple reward scheme configurations within a DQN
framework to evaluate their impact on both traffic
efficiency and fairness between opposing traffic
directions. Unlike many existing studies that emphasize
throughput or delay reduction alone, this research
investigates how combinations of traffic flow, waiting
time, and average speed metrics influence the learning
behavior of the agent and the resulting traffic balance.
From a theoretical perspective, the study provides
insights into how reward structure affects policy
learning in RL-based control systems. From a practical
standpoint, the findings offer guidance for designing
adaptive traffic signal strategies in ITS, particularly in
temporary and constrained environments such as road
repair zones where maintaining fairness and operational
stability is critical.

This paper is organized as follows: Section 2 details the
materials and methods, including the SUMO simulation
environment and the DQN implementation. Section 3
presents and analyzes the experimental results,
highlighting the performance of each reward scheme,
and discusses the implications of the findings. Finally,
Section 4 concludes the paper with a summary and
suggestions for future work.

2. Methods

This study employs a simulation-based experimental
framework to evaluate DQN performance for adaptive
traffic signal control in road repair scenarios. The
research methodology integrates the SUMO traffic
simulator with a custom DQN implementation, creating
a closed-loop system where an RL agent learns to
optimize traffic light timing based on synthetically
generated traffic patterns. The following sections detail
the simulation environment, traffic data generation,
DQN architecture, and experimental design for
comparative reward scheme analysis.

2.1 Simulation Environment and Traffic Data

The traffic simulation environment was developed
using Eclipse Simulation of Urban Mobility (SUMO)
version 1.18.0, a widely adopted traffic simulation
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platform known for its realistic modeling of vehicular
dynamics and comprehensive Application
Programming Interface (API) [10], [13], [19-21]. The
simulation scenario represents a straight two-lane road
segment with opposing traffic directions, incorporating
a temporary blockage zone where road repairs restrict
traffic to alternating single-lane operation. This
configuration models realistic construction sites where
one lane is closed while the other remains operational
for bidirectional traffic flow.

Synthetically generated traffic patterns were created
using SUMO's python script to ensure controlled and
reproducible experimental conditions. The script
generated 1,656 vehicle trips over a 1,800-second
simulation period, resulting in a constant arrival rate of
approximately 0.92 vehicles per second. Vehicle
origins and destinations were randomly assigned while
enforcing a minimum trip distance of 500 meters to
avoid unrealistically short journeys.

All generated vehicles were classified as passenger
cars, with trip data exported in XML format containing
detailed attributes including departure time, speed
profiles, travel duration, waiting time, and route length.
This programmatically generated traffic demand
provided consistent baseline conditions for fair
comparison across all reward scheme evaluations.

2.2 Reinforcement Learning (RL) Framework

RL is a machine learning technique that designs an
agent to learn to make decisions in sequential time-
dependent situations, without a supervisor, where each
decision made by the agent affects the subsequent data
it will receive [22], [23]. RL has six main elements that
support its algorithm: Environment, Agent, State,
Reward, Value, and Policy. First, the Environment is
the setting that directly interacts with the RL agent.
Since the agent usually has no prior knowledge of the
environment’s conditions, it is often treated as a black
box. The Agent is the entity that performs the main
actions within this environment. The State or
Configuration represents all possible situations that the
agent might encounter. Rewards serve as feedback from
the environment, guiding the agent in its learning
process; it is typically expressed as positive rewards
indicating success and negative rewards indicating
failure. The Value of each state or configuration
provides a basis for the agent to decide which actions to
take. Lastly, the Policy is the agent’s learning strategy,
consisting of two options: exploitation, where the agent
leverages known information, and exploration, where
the agent seeks new information. Together, these
elements form the foundation of RL and enable the
agent to learn effectively through trial and error.

The learning process updates the Value estimation of
states that use value iteration, which is calculated using
Equation 1,

V(Se) « V(Se) + ag[V(Se4+1) — V(S (H
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where V(S;) denotes the value of the state at t €
{1,2,...,T} and ag; denotes the learning rate, which
ranges from 0 to 1. This equation indicates that the new
value of the State t is equal to its current value plus the
difference between the Value of the next state and the
current state's value, all multiplied by a learning rate
o, (assuming the reward for the intermediate state is
0).

In recent years, there have been significant
advancements in RL, especially in addressing various
challenges [24]. In the field of Intelligent

Transportation Systems (ITS), RL can be applied to
optimize several aspects of transportation, including
road traffic, vehicle management, and public transit.
For example, RL can be utilized for traffic signal
control by learning traffic patterns and adjusting light
durations to minimize delays and congestion [25].
Additionally, RL can be applied to vehicle routing and
scheduling to reduce travel time and operational costs
[26]. In public transportation, RL can be used to
optimize routes and schedules while estimating
passenger numbers and arrival times [27]. Overall, RL
holds substantial potential for optimizing transportation
and improving overall efficiency. Implementing RL in
ITS can help reduce congestion, enhance mobility, and
lower vehicle operational costs.

DQN is a RL technique that integrates Q-Learning with
Deep Neural Networks (DNN) [12], [28]. DOQN
algorithm was initially introduced by Mnih in 2015 [12]
and has since served as a foundational study and
reference point for numerous advancements in deep
machine learning. The algorithm has been applied to
train an adaptive traffic light model, enabling it to learn
how to adjust the durations of green, yellow, and red
lights based on data related to vehicle waiting times
[29].

The adaptive traffic signal control implements a DQN,
a value-based reinforcement learning algorithm that
combines Q-learning with deep neural network function
approximation [12], [22]. The DQN agent interacts with
the SUMO environment through the Traffic Control
Interface (TraCI) API, forming a standard RL cycle
where the agent observes traffic state (S;), selects
control actions (A4;), executes these actions in the
simulation, and receives corresponding rewards (R;)
that guide learning optimization.

DQN architecture employs a feedforward neural
network with two hidden layers, each containing 256
neurons with Rectified Linear Unit (ReLU) activation
functions. The input layer receives state vectors of
dimension 2 (representing one traffic metric per lane),
while the output layer produces Q-value estimates for
two possible control actions. Network training utilizes
Mean Squared Error (MSE) loss between predicted and
target Q-values, optimized via the Adam algorithm with
a learning rate (a_optimizer) of 0.1. Experience replay
with a memory capacity of 100,000 transitions
stabilizes training by decorrelating sequential
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experiences, while mini-batch gradient descent with a
batch size of 1,024 ensures efficient parameter updates.
This implementation was adapted from the Dynamic
Traffic Light Management System by Maunish Dave
[30], which was modified according to the needs of this
study. The hyperparameters used in the DQN model
were selected to ensure stable training behavior and
efficient convergence within the simulated traffic
environment. The network architecture, replay memory
configuration, discount factor, and training settings

Initialize Parameter
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were adapted from prior reinforcement learning-based
traffic signal control studies, particularly the
implementation proposed by [30], with adjustments
made to accommodate the asymmetric traffic
conditions and reward scheme evaluation in this study.
The selected parameters provided stable learning
performance during preliminary experiments while
maintaining computational efficiency for repeated
SUMO simulations. Flow chart of the DQN is shown in
Figure 2 .
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Plotting and Logging End

I i
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‘
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Y

Initialize Traffic Light Loop Step

Figure 2. DQN flowchart

2.3. State Representation and Action Space

The state observation provided by the DQN agent
consists of normalized traffic metrics captured from
each controlled lane. Depending on the reward scheme
under evaluation, these metrics include either traffic
flow (vehicle count), waiting time (seconds), or average
speed (meters/second). Each lane's selected metric is
sampled when vehicles are positioned beyond 10 meters
from the intersection, ensuring that only vehicles
actively influencing traffic dynamics are considered.
This filtering prevents distortion from vehicles that
have already cleared the intersection or are too distant
to affect immediate control decisions.

The action space comprises two discrete control options
representing extreme allocation strategies: Action 0
allocates the entire green phase duration to the first
traffic direction while halting the opposing direction,
whereas Action 1 reverses this allocation. This binary
action design establishes a challenging control problem
where the agent must learn to alternate efficiently
between directions rather than implementing
proportional allocation. Each action determines not

only which direction receives right-of-way but also the
duration of the subsequent green phase, with maximum
phase duration constrained to 30 seconds to prevent
excessive waiting for stopped vehicles. Figure 3
illustrates RL framework, DQN state representation and
action space.

State (S)——»
ENVIRONMENT
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* DNN (2-256-256-2)
= Experience replay
= Q-earning update
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Figure 3. DQN Agent-Environment Interaction Diagram
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2.4 Reward Scheme Design and Evaluation

The experimental investigation evaluates six reward
schemes that vary the relationship between state
observation metrics and reward calculation objectives
as shown in Table 1. These schemes combine the three
fundamental traffic metrics: Traffic Flow (TF), Waiting
Time (WT), and Average Speed (AS) in different
configurations. The naming convention follows "X-Y"
format, where X denotes the state observation metric
and Y represents the reward calculation metric. For
instance, the TF-WT scheme uses traffic flow for state
representation while optimizing waiting time reduction,
whereas the TF-TF scheme uses the same metric for
both purposes.

Table 1. Reward Scheme Configurations

Reward State Reward Design Rationale
Scheme  Observation  Calculation
TF-WT  Traffic Waiting Decouple congestion
[30] Flow Time measurement from delay
optimization
TF-TF Traffic Traffic Direct congestion
Flow Flow minimization
WT- Waiting Waiting Direct delay
WT Time Time minimization
WT-TF  Waiting Traffic Delay-informed
Time Flow congestion optimization
AS-WT  Average Waiting Mobility-informed delay
Speed Time optimization

Each reward scheme was evaluated based on fairness in
waiting time distribution between opposing traffic
directions, quantified as the ratio between maximum
and minimum directional waiting times. A fairness
value approaching 1.0 indicates fair treatment, while
larger values signify increasing imbalance. Additional
performance metrics included total system waiting
time, average vehicle speed, and traffic throughput.
Comparative evaluation included baseline performance
from conventional fixed-time traffic control with equal
phase durations, establishing

2.5 Experimental Procedure and Implementation

The experimental implementation was developed in
Python 3.8, utilizing PyTorch for neural network
operations and the SUMO-TraCl interface for real-time
simulation control. Training consisted of a 50 epoch per
reward scheme, with each epoch comprising a complete
1,800-second simulation.

The DQN agent employed an e-greedy exploration
strategy with € initialized at 0.3 and decayed linearly to
0.05 over training, balancing exploration of novel
strategies with exploitation of learned knowledge. A
discount factor (y) of 0.8 emphasized medium-term
consequences  of  control  decisions.  Code
implementation followed modular design principles
with separate components for simulation management,
DQN agent operations, traffic light control logic, and
data logging.
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3. Results and Discussions

This section presents the experimental findings from
implementing six reward schemes for DQN-based
adaptive traffic signal control in road repair scenarios.
We analyze performance based on fairness metrics,
waiting time distributions, and comparative
effectiveness of different reward configurations.

3.1 Experimental Results Overview

The performance evaluation of six reward schemes was
conducted through 30-minute simulation periods (1,800
seconds) with synthetically generated traffic patterns
comprising 1,656 vehicles. Table 2 summarizes the
waiting time distributions and fairness values obtained
for each scheme, comparing traffic flow from right-to-
left (RTL) and left-to-right (LTR) directions.

Table 2. Performance Comparison of Reward Schemes

Waiting Waiting

Reward . . Fairness Relative
Scheme Time Time Value Performance
RTL(s) LTR(s)

Timing-

based 15.25 16.53 1.28 Reference

(baseline)

TF-WT 25.00 26.23 123 ~ Moderate

[30] improvement

TF-TF 0.00 265753 2657.53 Sovere
imbalance

WT-WT 15.37 16.53 11g  Good
improvement

WT-TF 0.00 265753 2657.53 Sovere
imbalance

AS-WT 18.04 17.00 104  Optimal
performance

AS-TF 2675.31 000 267531 Severe
imbalance

The fairness metric, calculated as the ratio between
maximum and minimum directional waiting times as
shown in Equation 2

max (WERTLWELTR)

fairness = —
min (WtRTLWELTR)

)
where wtgr; denotes directional waiting times of RTL
and wt; g denotes directional waiting times of LTR. It
serves as the primary indicator of fair traffic
management.

3.2 Performance Analysis by Reward Scheme Category

The experimental results show a performance hierarchy
among the evaluated reward schemes. The AS-WT
scheme achieved optimal performance with the best
fairness value of 1.04 and balanced waiting times
(18.04s RTL, 17.00s LTR), leveraging average speed
for comprehensive traffic state representation while
using waiting time to directly optimize delay reduction.
This approach provides congestion and user experience
awareness. The WT-WT scheme also performed
strongly (fairness: 1.16), though its slightly inferior
results suggest that incorporating contextual speed
information enhances decision-making beyond pure
waiting-time optimization. The TF-WT scheme
demonstrated moderate improvement (fairness: 1.23)
but suffered from fundamental limitations, as traffic
flow metrics fail to distinguish between vehicles with
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short versus extended waiting times, potentially
prioritizing high-volume directions regardless of
individual delay durations.

Critically, schemes TF-TF, WT-TF, and AS-TF
exhibited extreme performance degradation with
fairness values exceeding 2,657. The schemes
consistently favored one traffic direction entirely while
neglecting the other. This failure occurs because the
agent learns that maximizing the metric for one
direction while minimizing it for the other results in the
highest cumulative reward, leading to a "rich-get-
richer" effect that worsens traffic imbalances instead of
resolving them.

3.3 Discussion of Implementation Insights

The choice of state representation significantly
influences agent performance. Average speed proved
most effective as it encapsulates both congestion levels,
through reduced speeds, and traffic flow quality. In
contrast, traffic flow alone provides quantitative but not
qualitative information, for example a lane may have
many vehicles moving efficiently or few vehicles
experiencing severe congestion. Waiting time as a state
representation creates a direct but potentially myopic
optimization target, as it focuses exclusively on current
delays without considering broader traffic dynamics.

Our experimental results support several reward design
principles for RL-based traffic control. These include
the Complementarity Principle, Fairness Explicitness,
and the Multi-metric Advantage, where state and
reward metrics should provide complementary rather
than identical information; the need for Fairness
Explicitness, as efficiency-focused rewards naturally
favor already-advantaged directions; and the Multi-
metric  Advantage, suggesting that real-world
implementations would likely benefit from combining
fairness, efficiency, and safety considerations.

Several implementation-level factors influenced the
experimental outcomes, including the Binary Action
Space that amplified performance differences, the
Deterministic Traffic Patterns that simplified real-world
variability, and the Single Intersection Focus that
excluded coordination complexities present in larger
networks.

Our findings align with and extend previous research in
adaptive traffic control. While Dave [30] demonstrated
the feasibility of TF-WT for basic traffic management,
our results show that AS-WT achieves superior
fairness. Koch et al. [4] emphasized the importance of
multi-objective optimization, a perspective supported
by our discovery that single-metric approaches often
produce imbalanced outcomes. The severe imbalance
observed in TF-TF, WT-TF, and AS-TF represents a
novel contribution, highlighting a previously
undocumented pitfall in reward scheme design.

The superiority of average speed as a state metric
corroborates findings from Kumar et al. [5], who noted
that speed-based metrics better capture traffic quality
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than volume-based measures, though our research
extends this insight by demonstrating that speed metrics
are most effective when paired with delay-focused
rewards rather than volume-focused ones.

The experimental results offer several practical
implications for traffic management in road repair
zones. Traffic authorities implementing RL-based
adaptive control should prioritize AS-WT or WT-WT
schemes over TF-based approaches for better fairness
outcomes. Systems should track fairness metrics
alongside traditional efficiency measures to detect and
correct emerging imbalances. In addition, reward
schemes might require adaptive adjustment based on
time of day, traffic patterns, or specific repair zone
characteristics. Combining multiple reward signals or
implementing scheme switching based on traffic
conditions could further optimize performance.

The demonstrated effectiveness of AS-WT in achieving
both efficiency and fairness suggests promising
potential for real-world deployment, particularly in
constrained environments like road repair zones where
equitable access is both practical and ethical. Recent
studies on reinforcement learning-based traffic signal
control have primarily focused on improving global
traffic efficiency metrics such as queue length,
throughput, and average waiting time using DQN and
other deep reinforcement learning variants. Recent
approaches have also explored enhanced learning
architectures, multi-objective  optimization, and
distributed reinforcement learning to improve
scalability and robustness in urban traffic environments
[31], [32]. In parallel, fairness-aware traffic signal
control has gained increasing attention, as several
studies have shown that efficiency-oriented reward
functions may produce significant imbalance between
traffic flows [33], [34]. However, most existing studies
focus on generalized urban intersections and symmetric
traffic conditions, while studies specifically addressing
temporary road repair zones with alternating lane
closures remain relatively limited. In contrast to
previous work that mainly prioritizes congestion
reduction, this study systematically evaluates how
different reward scheme combinations influence
fairness and adaptive decision-making behavior in
constrained and asymmetric traffic scenarios. The
findings indicate that combining complementary
reward metrics can produce more balanced control
policies, reinforcing the growing view that reward
engineering plays a critical role in reinforcement
learning-based Intelligent Transportation Systems
operating under non-ideal traffic conditions.

Although the simulation results demonstrate the
effectiveness of the proposed reward schemes, several
challenges remain for real-world deployment. Practical
implementation of reinforcement learning-based
adaptive traffic signal control requires reliable traffic
sensing, continuous real-time data acquisition, and
stable communication between roadside infrastructure
and control systems. Traffic conditions in actual road
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repair zones are also more dynamic than simulated
environments, as they may be influenced by weather
conditions, driver behavior variability, emergency
vehicles, and unexpected traffic disturbances. In
addition, real-world deployment must consider
computational latency, sensor inaccuracies, and
integration with existing Intelligent Transportation
System (ITS) infrastructure. These factors may affect
the stability and adaptability of the learned policy,
particularly in highly asymmetric traffic conditions.

4. Conclusions

This study investigated the impact of reward scheme
design on a DQN-based adaptive traffic signal control
in temporary road repair zones characterized by
alternating lane closures. Six reward configurations
combining Traffic Flow (TF), Waiting Time (WT), and
Average Speed (AS) were evaluated through systematic
SUMO simulations. The results show that the AS-WT
configuration achieved the most balanced performance,
producing the best fairness index (1.04) while
maintaining stable traffic flow. Other configurations
demonstrated weaker performance, with several
schemes leading to severe directional imbalance.

The findings highlight the central role of reward design
in reinforcement learning-based traffic control. In
asymmetric traffic environments, reward structures that
combine complementary metrics enable more balanced
decision-making. Average speed reflects global traffic
conditions, while waiting time directly captures
localized delay reduction. From a theoretical
perspective, these results support the view that effective
adaptive decision-making in RL systems depends on
aligning state representation with optimization
objectives, allowing agents to learn policies that
balance competing system goals.

The main contribution of this study lies in
demonstrating how carefully designed reward schemes
can improve fairness in adaptive traffic signal control
under non-ideal and constrained traffic conditions. The
results provide practical guidance for ITS, suggesting
that fairness-aware reward functions should be
prioritized when managing temporary bottlenecks such
as road repair zones.

This study has several limitations, including a
simplified binary action space, synthetic traffic
demand, and a single-intersection scenario without
network coordination. Future research should
investigate proportional green-time allocation, multi-
agent reinforcement learning for larger networks,
hybrid reward designs incorporating additional
objectives such as emissions reduction, and validation
through real-world traffic data. Future research should
also validate the proposed reward schemes using real-
world traffic datasets and field observations from actual
road repair zones to evaluate model robustness under
dynamic traffic conditions.
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Overall, the findings reinforce the potential of RL to
support adaptive traffic management in constrained
environments and contribute to the development of
more robust and fairness-aware control strategies for
next-generation ITS.
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