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ABSTRACT: Intelligent Traffic Management (ITM) has progressively developed into a critical component of modern
transportation networks, significantly enhancing traffic flow and reducing congestion in urban environments. This
research proposes an enhanced framework that leverages Deep Q-Learning (DQL), Game Theory (GT), and Stochastic
Optimization (SO) to tackle the complex dynamics in transportation networks. The DQL component utilizes the
distribution of traffic conditions for epsilon-greedy policy formulation and action and choice reward calculation,
ensuring resilient decision-making. GT models the interaction between vehicles and intersections through probabilistic
distributions of various features to enhance performance. Results demonstrate that the proposed framework is a scalable
solution for dynamic optimization in transportation networks.
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1 Introduction
The Internet of Things (IoT) has emerged as a technological paradigm shift, revolutionizing various sec-

tors, including transportation networks, smart agriculture, healthcare, and sensor networks [1–6]. Intelligent
Traffic Management (ITM) enables real-time data monitoring and dynamic decision-making in transporta-
tion control systems, ensuring smoother traffic flow, reducing congestion, and mitigating environmental
impacts [7,8]. The sustainable development of a smart traffic environment has led to a decrease in traffic
accidents, reduced fuel consumption and emissions, and alleviation of vehicular congestion. Additionally,
incorporating AI-driven systems and IoT devices with ITM has contributed to a smarter and more responsive
transportation network [9].

Machine Learning (ML) and Reinforcement Learning (RL) have emerged as transformative technolo-
gies in ITM environments, addressing the complex challenges inherent in smart transportation networks.
In particular, the RL Deep Q-Learning (DQL) is gaining importance in ITM environments due to its
ability to refine the numerical performance metric and drive systems toward a long-term optimization
goal [10,11]. The learning agent in DQL receives feedback or rewards for the predicted favorable actions
through constant interaction with the system, enabling the agent to improve decision-making and enhance
real-time traffic flow.

Game theory has also emerged as a key tool in the context of ITM, particularly for implementing the
Nash Equilibrium concept, enabling decision-making that resolves conflicting objectives among various
participants [12–14]. The game-theoretical framework in the context of ITM environments models the
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intersections as players, where the status of the vehicles is monitored at various intersections, and decisions
are made based on the Nash equilibrium using cost functions. This concept helps improve the traffic flow
at different intersections and optimizes the entire transportation network. Stochastic optimization has also
gained prominence in solving complex traffic situations for sustainable transportation networks [15,16].

The growing challenges, including increased vehicle density, inefficient signal management, and traffic
congestion in a modern traffic system, have motivated us to develop this optimized framework. The current
system has deficits in handling uncertain real-time traffic and may fail to control traffic congestion effectively.
The IoT technologies and innovative approaches are capable of handling an intelligent traffic control system
that facilitates efficient traffic flow. The research aims to develop a scalable and effective traffic management
system for an efficient intelligent system under uncertain conditions.

This research proposes an enhanced ITM framework using DQL and GT approaches. The novelty of the
proposed framework lies in the combined functionality of all these methods within the specified multi-agent
reinforcement learning paradigm. This approach models traffic flow as a dynamic, non-cooperative game
among agents (vehicles or intersections). Each agent learns optimal strategies based on local observations
and global traffic states. The proposal also incorporates stochastic optimization techniques such as uniform
and normal distributions to further enhance the system’s performance. A key enhancement lies in the
introduction of randomness within the action selection process, enabling the decision-making system to
explore a more comprehensive range of potential solutions.

Additionally, the model’s capability is improved as it learns from real-time data collected by IoT
devices, resulting in a more adaptive and optimal traffic management system. It is beneficial for urban traffic
management systems from a practical point of view, as a hybrid decision-making architecture is introduced
that advances the IoT-based traffic management system. This not only enhances the effectiveness of current
traffic management systems but also lays the foundation for an innovative and self-optimizing network.

The rest of the paper is structured as follows. Section 2 presents a detailed literature review on the
interactions between RL and GT within ITM environments. Section 3 introduces the proposed framework,
highlighting its methodology and the implementation of DQL, GT, and stochastic optimization within such
a framework. Section 4 details and discusses the obtained results, while Section 5 presents conclusions and
recommendations for future work.

2 Literature Review
Machine Learning (ML), Reinforcement Learning (RL), and Game Theory (GT) are the latest emerging

approaches that are being utilized in solving the complex challenges of transportation networks systems,
including Intelligent Traffic Management (ITM) and enhancing security and scalability, and reliability
features in such dynamic environments [17–19]. Indeed, numerous ML and RL models, particularly Deep
Q-Learning (DQL), are implemented in ITM environments to promote smoother traffic flow, improve traffic
light control, enable seamless lane changes, and mitigate environmental side effects.

Alruban et al. presented an AI-based optimization algorithm for traffic flow prediction [20]. The
Hierarchical Extreme Learning Machine (HELM) was employed in their approach to predict flow levels, and
the Artificial Hummingbird Optimization Algorithm (AHOA) was utilized for enhancing hyperparameter
selection. The authors in [21] proposed an ML-based approach for traffic flow prediction and monitor-
ing, integrated with cloud data warehousing, to enhance ITM services. The study’s experimental results
demonstrated significant improvements in traffic flow prediction, highlighting the crucial role of combining
advanced data warehousing techniques with machine learning (ML) algorithms for enhanced accuracy
and performance.
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Numerous studies have demonstrated that single-agent and multi-agent reinforcement learning (RL)
techniques are crucial in enhancing both cybersecurity and road safety within green transportation sys-
tems. Furthermore, deep learning-based security solutions in intelligent transportation systems have been
introduced to reduce accidents and safeguard against various cyberattacks [22,23].

IoT-assisted traffic signal control systems leveraging deep learning (DL) and real-time modeling have
been analyzed to enhance the optimal policy results [24]. Various mathematical models, including the
Markov decision process (MDP), policy iteration method, and fuzzy-based Deep Reinforcement Learning,
have been utilized for optimal action selection [25,26]. The consideration of normal and emergency vehicle
categories enabled the highest priority assignment for smart traffic control. The traffic light control and
navigation for different intersections, both between and within sub-zones of the road infrastructure, were
also considered in the proposed work.

Some studies have shown that combining the GT approach with RL not only enhances the compu-
tational requirements of ITM but also lowers the communication latency. Various GT approaches have
been proposed for various ITM applications, including, for instance, GT for vehicular edge computing [27],
bi-hierarchical GT [28], deep inverse RL [29], and Bayesian GT combined with a Deep RL framework [30],
showing promising results. Additionally, stochastic optimization and 5G/6G-based smart transportation
systems have attracted significant attention in recent years [31,32].

Furthermore, several studies have demonstrated that AI-enabled techniques can optimize flow manage-
ment, traffic signal control, congestion control, and environmental effects within the context of intelligent
traffic management [33–36]. These techniques offer comprehensive solutions to a wide range of challenges
within transportation networks. In light of the literature above, the ITM capabilities to solve complex traffic
problems are extensive. The individual and integrated novel technologies have made the system simpler and
more effective. There is a need to utilize the combined properties of GT, RL, and SO optimization to further
enhance and improve the system’s performance. This study proposes a novel ITM system that utilizes an
integrated approach. In the next section, a comprehensive description of the proposed methodology for ITM
has been presented.

3 Methodology
This research proposes an innovative, integrated framework that leverages Deep Q-Learning (DQL),

Game Theory (GT), IoTs, and Stochastic Optimization (SO) to optimize Intelligent Traffic Management
(ITM) in transportation networks. The proposed framework gathers real-time traffic data from a network of
IoT devices, including smart sensors, traffic lights, and cameras, which provide the system with a multifaceted
view of current traffic scenarios and environmental conditions, capturing crucial metrics such as vehicle
speed, traffic flow, traffic light timing, and CO2 emissions. DQL agents process this rich dataset to create a
state representation of the traffic scenario at various critical intersections. Indeed, these agents are tasked
with selecting the optimal actions, such as adjusting signal durations or proposing lane changes, with the
primary objectives of minimizing wait times and optimizing traffic flow. The GT component has been
integrated into the framework through the implementation of Nash Equilibrium. This integration ensures
that no single intersection can update its conditions in isolation, thus promoting a holistic approach to
traffic management. Uniform and normal distributions have been introduced for random action selection to
further enhance decision-making. This approach allows the DQL and GT components to explore a broader
range of potential strategies. It also improves the framework’s ability to balance exploration and exploitation,
optimizing ITM solutions in dynamic environments. The detailed methodology for the proposed framework
is presented next.
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3.1 DQL for ITM
In our proposed framework, the DQL agent perceives the current state (st) in a traffic environment for

various episodes through continuous learning. The agent selects the action (at) using the Q-value function,
and a reward (rt) is received based on the action’s effect on traffic states, which results in the creation of a
new state (st+1). The mathematical representation of the Q-value rule is expressed as follows

Q(st , at) ← Q(st , at) + α (rt + γ max
a

Q(st+1 , a) − Q(st , at)) (1)

The DQL agent’s policies undergo continuous refinement to maximize cumulative rewards, focusing
on three key objectives: optimizing traffic flow, minimizing delays, and reducing environmental impact.
The DQL utilizes deep neural networks for Q-value approximation, enabling the handling of a large state
space in complex traffic scenarios. A state represents the current traffic condition at an intersection that
includes features such as queue length (qt), waiting time (wt), CO2 emission (et), vehicle speed (vt), fuel
consumption ( ft) and traffic density (dt). Mathematically,

st = [wt , qt , vt , et , dt] (2)

The DQL agent employs a set of actions that includes increasing and decreasing the green light
duration (gt), speed limit (lt), lane change suggestions (ct), as well as a default action (d) for no change.
Mathematically,

A = {g+t , g−t , l+t , l−t , ct , d} (3)

The reward function (rt) is evaluated using the features (vt), (et), ( ft), (dt), (wt), along with the
corresponding weights (w) expressed as,

rt = w1 ⋅ vt −w2 ⋅ et −w3 ⋅ ft −w4 ⋅ dt −w5 ⋅wt (4)

where (w1 , w2, w3, w4, w5) are weights assigned to each performance indicator reflecting the relative impor-
tance of each indicator. The reward can be positive, indicating an improvement in traffic conditions, or
negative, signaling deterioration. The exploration and exploitation are balanced using the epsilon-greedy
condition by implementing the εt decay rule using the parameters ε min for minimum exploration, ε max
for starting exploration rate, and decaying rate λ for the time steps t. Mathematically, this is expressed as
follows:

εt = εmin +(εmax − εmin) × exp(−λt) (5)

The difference between the current and the new estimate is represented by the temporal difference as,

δt = [rt + γ max
a′

Q(st+1 , a′)] − Q(st , at) (6)

The optimal Q-value is obtained using the following condition

lim
t→∞
∣Q(st , at) − Q∗(s, a)∣ = 0 (7)

3.2 GT for ITM
The Nash Equilibrium GT approach is employed in strategy selection at intersections to enhance intel-

ligent traffic management, leading to improved traffic flow, reduced environmental impact, and minimized
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congestion. In this framework, each player, such as a vehicle or a traffic controller, shares the action to
optimize performance, demonstrating that the intersection cannot improve its performance individually.
The set of players is represented by N, and each player follows the strategy si that corresponds to specific
actions such as signal timing adjustment, speed limit control, and lane change suggestion. Mathematically,

s = (s1 , s2, . . . , sN) (8)

The players’ strategies s−i are dependent on their utility ui or reward, where each player focuses on
maximizing its utility by selecting an optimum strategy. The strategies of the adjacent intersections are
represented as,

ui(si , s−i) (9)

s∗i = arg max
s i

ui(si , s−i) (10)

Nash Equilibrium guides individual intersections (players) to independently optimize their strategies,
resulting in a stable and efficient traffic system. Traffic flow, wait time, conditions, and vehicle speeds are the
factors that represent the utility of the player. The utility function ui(si , s−i) for each player i can be denoted
as,

ui(s∗i , s∗−i) ≥ ui(si , s∗−i) ∀i ∈ N ,∀si (11)

and

ui(si , s−i) = w1Rflow(si) +w2Rwait(si) +w3Rspeed(si) +w4Rneighbor(si , s−i) (12)

where R represents the rewards associated with various factors while w denotes the weight given to each
factor, reflecting its relative importance in the utility function.

3.3 Stochastic Optimization
Stochastic Optimization (SO), leveraging uniform and normal distributions, plays a vital role in enhanc-

ing intelligent traffic management. In uniform distribution, all possible actions have the same occurrence
probability, which supports random exploration, thereby facilitating a balanced exploration of a wide range
of solutions and considering all of them without bias. In normal distribution, optimal actions are assigned
higher probabilities based on historical data. The traffic control system can be improved further by adjusting
probabilities based on current real-time traffic conditions. The probability of each action can be represented
as [37],

f (a) = 1
amax − amin

, for amin ≤ a ≤ amax (13)

The Cumulative Distribution Function (CDF) for uniform and normal distributions is given as [38],

F(a) =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

0, if a < amin
a−amin

amax−amin
, if amin ≤ a ≤ amax

1, if a > amax

(14)
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and

P(a) = 1√
2πσ 2

exp(−(a − μ)2

2σ 2 ) , for a ∈ R (15)

The mean and variance for both the distributions can be expressed as μuni = amin+amax
2 , σ 2

uni =
(amax−amin)2

12 ,
μnor = E[X], and σ 2

nor = E[(X − μ)2].

3.4 DQL with SO for ITM
The Q-value update rule in Deep Q-Learning (DQL), shown in Eq. (1), is crucial for the agent’s learning

process. It enables the agent to revise its estimates of expected future rewards based on current states, actions,
and observed outcomes, thereby facilitating improved decision-making in dynamic environments. In this
research, the Q-value update rule has been modified to address uncertainty in real-world traffic scenarios.
Traffic features, such as vehicle entrance time and green signal interval time, are uniformly distributed within
the interval [a, b], allowing for a more realistic calculation of the expected reward. The DQL agent is designed
to learn from these stochastically generated traffic scenarios. Let U(a, b) denotes the uniform distribution
over the range [a, b], the modified Q-value can be represented as:

Q(s, a) ← Q(s, a) + α [Ex∼U(a ,b) [r(s, a, x) + γ max
a′

Q(s′, a′)] − Q(s, a)] (16)

The DQL algorithm employs an epsilon-greedy policy to balance exploration and exploitation, utilizing
uniformly distributed actions. This policy balances the probability of selecting random actions across various
traffic scenarios, ensuring diverse exploration, and can be expressed as follows:

at =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

random action with probability ε ∼ U(0, 1)
argmax

a
Q(st , a) with probability 1 − ε

(17)

The normal distribution is applied in DQL for both action selection and reward calculation, using
the mean μ and standard deviation σ . The action is selected based on the Q-value, with a small degree of
randomness introduced in the action space to allow for smoother transitions. A random action a′t can be
represented using normal distribution N (μ, σ) as follows:

a′t = at +N (μ, σ) (18)

The reward function can also be represented using a normal distribution as follows:

R(st , at) =
1

σ
√

2π
e
− (vt−μv)2

2σ2
v (19)

The Q-value update using the normally distributed actions and rewards is represented as:

Q(s, a) ← Q(s, a) + α[Ex∼N (μ ,σ 2) [r(s, a, x) + γ max
a′

Q(s′, a′)] − Q(s, a)] (20)

3.5 GT with SO for ITM
In the proposed framework, we integrate Stochastic Optimization (SO) into Game Theory (GT) for

Intelligent Traffic Management (ITM), leveraging both uniform and normal distributions to model the
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inherent variability in traffic systems. The strategies are applied at the intersection, where players interact
and obey probabilistic distributions for various features. The uniformly distributed U(a, b) strategy si of a
player i for a feature like arrival time can be represented in terms of an integral as:

ui(si , s−i) = ∫
b

a
ui(si , s−i , x) 1

b − a
dx (21)

where s−i is the strategy of the players without player si . The normally distributed strategy of a player i for
features like CO2 emission or vehicle speed can be represented as:

ui(si , s−i) = ∫
∞

−∞
ui(si , s−i , x) 1√

2πσ 2
exp(−(x − μ)2

2σ 2 ) dx (22)

The proposed framework for Intelligent Traffic Management (ITM) is comprehensively described in
Algorithms 1 and 2.

Algorithm 1: DQL with stochastic optimization for intelligent traffic management
Initialize:
Initialize Q-network Q(s, a; θ) with random weights θ.
Initialize replay memory D with capacity Dmax.
Set learning rate α, discount factor γ, and exploration rate ε.
Set distribution parameters for uniform U(a, b) and normal N (μ, σ) distributions.
for each episode e = 1 to N do

Initialize state s from Traffic Environment.
for each time step t do

Action Selection:
Generate random number from uniform distribution ut ∼ U(0, 1).
if ut < ε then

Select random action at from a normal distribution at ∼ N (μ, σ) (exploration).
else

Select action at = arg maxa Q(s, a; θ) (exploitation).
end if
Execute Action:
Apply selected action at in the Traffic Environment.
Observe reward rt and next state st+1.
Store experience (s, at , rt , st+1) in replay memory D.
Replay Sampling: Sample a minibatch from D.
for each sampled experience (s j , a j , r j , s j+1) do

Q-value Update:
if s j+1 is terminal then

y j = r j.
else

y j = r j + γ maxa′ Q(s j+1 , a′; θ).
end if
Update Q-network by minimizing loss L(θ) = 1

M ∑ j (y j − Q(s j , a j; θ))2.
end for

(Continued)
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Algorithm 1 (continued)
Periodically update target network

end for
Decay exploration rate ε for reduced exploration over time using:

ε← ε ⋅UniformDecay(a, b)
end for

Algorithm 2: Game theory with stochastic optimization for intelligent traffic management
Incorporate Game Theory:
if condition_for_nash_equilibrium then

Use Nash Equilibrium to optimize actions based on vehicle interactions.
Nash Equilibrium Condition:

ui(s∗i , s∗−i) ≥ ui(si , s∗−i) ∀i ∈ N ,∀si ∈ S
else

Use an alternative game-theoretic approach for action optimization.
end if
Action Probability Calculation:
if condition_for_uniform_distribution then

Uniform Distribution:
Evaluate strategies using the uniform distribution:

P(a) = 1
∣A∣ ∀a ∈ A

Every action has an equal probability of being chosen.
else

Normal Distribution:
Evaluate strategies using the normal distribution:

P(a) = 1
σ
√

2π e−
(a−μ)2

2σ2

end if
Strategy Selection:
Select action a∗ based on the calculated probabilities P(a):
a∗ = arg maxa P(a)

4 Results and Discussion
In this section, we present a detailed evaluation of the proposed framework, focusing on assessing its

performance across various metrics and comparing results under both uniform and normal distribution
scenarios. The proposed model, based on deep game stochastic optimization (DGSO), is designed for a
moderate traffic management system. It confirms compatibility with agents and the state space size to
minimize memory and computational usage. The CPU and memory operated at a reasonable range of up to
40% and 60%. It demonstrates that the framework is well-supported by the memory and CPU requirements
in an intelligent traffic management environment.

4.1 Simulation Setup
To evaluate our proposed intelligent traffic management system, we conducted comprehensive simu-

lations using the Simulation of Urban Mobility (SUMO) simulator, a highly regarded open-source traffic
simulator. Key simulation parameters are summarized in Table 1. Inter-agent communication is conducted
using a message-passing protocol. The simulated road network comprises seven key intersections, each
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equipped with IoT-assisted smart traffic lights. In this setup, each intersection is connected to alternative
routes, allowing for dynamic detour simulations. The transmission ranges for incoming traffic are 175, 650 m
for urban areas, 450 m for suburban areas, between intersections, and 350 m for alternate paths. Each
simulation episode involves 8000 vehicles, comprising 10% trucks, 20% buses, and 70% cars, reflecting a
realistic traffic scenario. The green and yellow light durations are set at 6 and 3 s, respectively, with traffic
light control intervals set to one second. The simulation setup utilizes 35 re-routers and 18 lane area detectors
to monitor traffic flow. Each simulation run lasts for 15,000 s, providing a substantial time frame to observe
the system’s performance across various traffic conditions and patterns.

Table 1: SUMO simulation parameters

Parameter Value
Number of intersections 12
Transmission range for 175 m

incoming traffic
Transmission range between Urban (650 m)

intersections Suburban (450 m)
Transmission range for 350 m

alternative paths
Number of vehicles per episode 8000

Green light duration 6 s
Yellow light duration 3 s
Number of re-routers 35
Lane area detectors 18

Simulation time 15,000 s

Table 2 shows the simulation parameters for the proposed DGSO framework. The key hyperparameters
include learning rate, discount factor, exploration rate, and batch size. Their values were selected using a
grid search to explore their broad range. A refined random search was then applied based on average reward
and training loss. The parameters were tested with various values, and a final refined value was selected,
demonstrating improved performance and efficiency. The complexity of the multi-agent environment was
accommodated by maintaining a moderately deep network architecture.

Table 2: Simulation parameters for the proposed DGSO framework

Parameter Value
Learning rate (α) 0.01

Discount factor (γ) 0.9
Exploration rate (ε) 0.1

Exploration decay rate 0.995 per episode
Minimum exploration rate 0.01

Replay memory size 10,000
Batch size 64

Traffic light duration Uniform (5, 8) seconds
Rerouting decision Uniform (0, 1) probability

(Continued)
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Table 2 (continued)

Parameter Value
Vehicle speed Normal (50, 10) km/h

Arrival time variability Normal (μ = 0, σ = 5 s)
Congestion level Normal (μ = 0.5, σ = 0.2)

4.2 Simulation Results
In this subsection, we present the results of our proposed framework under three distinct configurations:

1) Baseline Configuration: without Deep Q-Learning, Game Theory, and Stochastic Optimization (DGSO),
2) DGSO with uniform distribution, and 3) DGSO with normal distribution. Fig. 1 shows the average travel
time (ATT) per vehicle for each configuration under various episodes. As can be observed from the figure, the
baseline configuration, without DGSO, exhibits ATT values ranging from 240 to 270 s, reflecting inefficient
traffic flow, suboptimal travel times, and high congestion. The DGSO under uniform distribution shows
improved performance, reducing the ATT to 180–220 s, approximately 18%–25%, across various episodes.
This can be attributed to the system’s capacity to introduce a more balanced distribution of traffic across
the network, resulting in reduced congestion and smoother flow. Further optimization is achieved with
the DGSO using a normal distribution, which exhibits ATT values between 160 and 190 s, enhancing the
performance by 11%–22% compared to the uniform distribution. The normal distribution’s superiority can
be attributed to its ability to accurately model real-world traffic patterns.

Figure 1: Average travel time per vehicle across episodes

Fig. 2 shows the average waiting time (AWT) at intersections under various episodes for the three
simulated configurations. Similarly, the DGSO with a uniform distribution shows a marked improvement,
with AWT values ranging from 60 to 80 s, compared to the baseline scenario, which recorded AWT values
between 92 and 114 s. This represents a reduction in average waiting time at intersections of approximately
30%–35%, highlighting the enhanced efficiency in traffic management achieved through the application of
DGSO under uniform distribution. Further optimization has also been achieved with the DGSO using a
normal distribution, which exhibits AWT values between 45–55 s. The AWT for uniform distribution shows
noteworthy improvements in wait time at the intersections, whereas the AWT for the normal distribution
demonstrates significant enhancement in the model performance.
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Figure 2: Average waiting time at intersections across episodes

Fig. 3 shows traffic light utilization and congestion levels before and after model implementation. The
comparison has been conducted for all three traffic lights (green, yellow, and red). The durations of the green,
yellow, and red lights before optimization were 30, 7, and 23 s, respectively. After optimization, the durations
were 24, 5, and 18 s, respectively. The reduction in time indicates a traffic flow adjustment aimed at balancing
congestion. It is worth mentioning that the congestion time for all the lights has been reduced after the
model implementation.

Figure 3: Traffic Light utilization before and after DGSO implementation

The average rewards over various episodes for DGSO with uniform distribution and DGSO with normal
distribution are depicted in Fig. 4. The results reveal that the DGSO with normal distribution consistently
achieves higher average rewards, reflecting improved performance and greater stability in the learning
process compared to the uniform distribution.
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Figure 4: Average reward over episodes for DGSO with uniform and normal distributions

Fig. 5 illustrates the average training loss over various episodes for DGSO with uniform distribution
and DGSO with normal distribution. The figure reveals that the uniform distribution has a slightly lower
initial loss of 0.051 compared to the normal distribution’s 0.080. However, the final loss value for the uniform
distribution is slightly higher, at 0.077, whereas the final loss value for the normal distribution is 0.071.
Notably, the uniform distribution demonstrates a faster initial reduction in loss, indicating more aggressive
exploration in the early stages of training. In contrast, the normal distribution maintains a consistently lower
overall loss curve, suggesting a more optimized and stable learning process throughout.

Figure 5: Average training loss over episodes for DGSO with uniform and normal distributions

Table 3 shows the performance summary of the proposed DGSO model for both uniform and normal
distributions. The DGSO (normal) configuration presents superior performance, achieving the lowest train-
ing loss compared to DGSO (uniform). It indicates more efficient learning and better model convergence.
Moreover, DGSO (normal) yields a higher average reward compared to DGSO (uniform), suggesting
improved decision-making. Additionally, the standard deviation of the rewards remains constant for both
configurations, indicating consistent performance throughout the training episodes. Furthermore, the final
epsilon for the DGSO (normal) is lower, indicating that the agent transitions confidently from exploration
to exploitation.
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Table 3: Performance summary of the proposed DGSO model

Configuration Avg training loss Avg reward Reward std dev Final epsilon
DGSO (uniform) 0.078 11.823 5.177 0.050
DGSO (normal) 0.069 14.682 5.085 0.030

In larger and more complex networks, the deployment of the proposed DGSO framework is a critical
consideration. The increasing number of agents increases the computational and memory requirements.
This system supports decentralized training and execution, allowing agents to learn policies and coordinate
in congested regions. The parallel processing feature enhances scalability, thereby reducing the load on
centralized computation. The Q-learning component further improves generalization among similar states,
handling the dimensionality issues. The multi-agent feature of the proposed DGSO frameworks shows a
resilient potential for real-time traffic environments. Reinforcement learning, edge computing, and IoT
infrastructure allow the system to operate across a large transportation network. Data collected from various
sensors, vehicular communication, and automated traffic signals can be processed at low-edge servers. Real-
time decision making can be achieved with minimal computational overhead and reduced delays. The
model’s ability to learn optimal policies helps mitigate congestion in random traffic conditions.

The performance improvements of the proposed framework was conducted using statistical testing. The
average reward and training losses were compared by employing a two-sample t-test for both the uniform
and normal configurations. Results reveal that DGSO (normal) outperforms DGSO (uniform) in terms of
average reward and training loss. It demonstrates that the performance enhancement is not due to random
variation but rather to the stochastic game optimization model, which further highlights the effectiveness of
the proposed framework.

Table 4 presents a detailed comparative analysis between the baseline model and the proposed study.
This comparison highlights the various models using stochastic optimization and game theory approaches.
Specifically, the proposed DGSO approach outperforms the other approaches in terms of average travel time,
average waiting time, congestion control, and average training loss.

Table 4: Comparative analysis of various models

Year Reference Algorithm/Model Findings
2022 [11] Fusion-based intelligent system Achieved accuracy of 95%
2021 [12] Markov game Achieved maximum cumulative rewards
2022 [13] Game-theoretic multi-agent

planning
Efficient prediction of actions of other agents

2025 [14] Game-theoretic approach Efficiently resolved the driving conflicts
2009 [15] Stochastic optimization Fuel consumption and emission

minimization
2017 [16] Stochastic optimization optimization of traffic light controls
2024 [20] Artificial hummingbird

optimization
Enhanced forecasting of traffic patterns and

congestion

(Continued)
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Table 4 (continued)

Year Reference Algorithm/Model Findings
2025 Our

work
Deep game stochastic

optimization
18%–25% reduction in the ATT, 11%–22%

performance enhancement, 30%–35%
reduction in AWT, 20% congestion control
in traffic light utilization, average training

loss 0.073

5 Conclusion
This research advances intelligent traffic management (ITM) by proposing an innovative framework that

integrates Deep Q-learning, Game Theory, and Stochastic Optimization (DGSO) to address complex traffic
scenarios. The framework leverages IoT infrastructure to enable real-time traffic monitoring and dynamic
decision-making across multiple intersections. To address the inherent uncertainties in traffic behavior,
both uniform and normal distribution techniques are employed, enhancing the model’s adaptability and
effectiveness. The DQL agent is trained on uniformly distributed traffic scenarios, utilizing exploration and
exploitation rates to implement the epsilon-greedy policy. A normal distribution is employed to guide action
selection and reward calculation. The game-theoretic approach is applied at the intersection, modeling them
as players following probabilistic distributions for key features. Experimental results validate the effectiveness
of our proposed framework, showing significant improvements, including reduced congestion and shorter
travel times. This research represents an important step forward in developing more efficient, sustainable, and
responsive urban transportation systems. Future work focuses on enhancing the scalability and effectiveness
of the framework in complex traffic networks. Real-world sensor data and edge intelligence will improve the
practicality and applicability of the model.
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