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 With the rapid increase in urban populations, the proliferation of private vehicles, 

and the worsening state of air quality, conventional urban transportation planning 

methods are struggling to meet modern demands. These traditional systems often 

lack the adaptability and intelligence required to respond effectively to dynamic and 

complex traffic patterns. In response to these challenges, this study proposes a 

reinforcement learning (RL)-based approach designed to enhance urban 

transportation efficiency and sustainability. The core objective of the proposed 

model is to determine optimal routes between origin and destination points by 

dynamically avoiding congested areas. Unlike static routing algorithms, the RL 

model continuously learns and adapts to traffic conditions, enabling the selection 

of routes that minimize travel time and reduce vehicle idling. As a result, the 

approach significantly contributes to lowering fossil fuel consumption and energy 

use, while simultaneously addressing the broader environmental concern of urban 

air pollution. The integration of artificial intelligence in transportation systems 

through RL not only enhances service quality and traffic flow but also supports the 

development of smarter, greener cities. This study underscores the transformative 

potential of RL in revolutionizing traffic management systems and presents a viable 

framework for future intelligent transportation networks. 
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1. INTRODUCTION 

Nowadays, global warming is escalating at an alarming rate and has become a major concern among authorities 

and decision-makers. Expanding fossil fuel consumption is one of the primary reasons contributing to climate change 

and global warming. It is undeniable that fossil fuels play a critical role in modern life, being utilized in a wide range 

of areas from domestic use to powering industries and the planet. Also, a significant portion of fossil fuel 

consumption is attributed to public and private transportation, including vehicles [1,2]. 

The Intergovernmental Panel on Climate Change (IPCC) in their report "Climate Change 2021 – The Physical 

Science Basis" highlights the significant impact of fossil fuel consumption on climate change. The report emphasizes 
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that the escalating rate of global warming is directly linked to the increasing use of fossil fuels, which release 

greenhouse gases into the atmosphere [3]. Furthermore, Masson-Delmotte et al. (2022) in their publication "Climate 

Change and Land" underscore the role of fossil fuel consumption in exacerbating climate change. The authors 

elaborate on how land-use changes driven by the demand for fossil fuels contribute to environmental degradation 

and climate change [4]. Tang et al. (2021) present an alternative perspective in their research on electrocatalytic 

refinery for sustainable production of fuels and chemicals. The study explores the potential for sustainable 

production of fuels and chemicals as an alternative to traditional fossil fuel consumption. The findings suggest that 

advancements in electrocatalytic refinery technologies can offer a more sustainable approach to meeting energy and 

chemical demands [5]. The paper is structured as follows: the next section outlines the framework of our proposed 

model; the following section explains the methodology applied in this model; and the final section presents 

simulations and discusses the results. 

2. THE FRAMEWORK OF PROPOSED MODEL 

To determine optimized routes, we propose a method that utilizes single-agent reinforcement learning and Q-

learning. The following steps comprise this method: 

• In the first step, the map is imported as the environment of RL process.  

• Source and destination points are being selected by the user. 

• Then, the training process is done by Q-learning.  

• The output which is the shortest route between source and destination points will be determined. 

3. METHODOLOGY 

In this section some important concepts including Reinforcement Learning, Marcov Decision Process, and Q-

Learning will describe.  

 

3.1. Reinforcement learning 

At present, machine learning (ML) stands as the most influential domain within artificial intelligence (AI). ML 

is a scientific discipline delving into the investigation and design of algorithms and statistical models that empower 

machines to learn tasks without explicit programming. This encompasses various learning approaches, including 

supervised, unsupervised, semi-supervised, and reinforcement learning [6]. The reinforcement learning (RL) 

paradigm, depicted in Figure 1, comprises two fundamental components: the agent and the environment. The 

environment encompasses states, with the agent embodying the RL algorithm interacting within this environment 

[7]. Utilizing a trial-and-error approach, the RL algorithm receives rewards from an interpreter observing the agent's 

interaction with the environment. This interaction involves three pivotal elements: state, action, and reward. 

Technical terms and abbreviations are clarified upon their initial usage. The text adheres to a consistent formatting 

and citation style, ensuring grammatical correctness. 

States represent specific arrangements within the environment, actions denote the choices available to agents for 

modifying the environment, and rewards function as signals defining agent tasks while motivating the selection of 

one action over others [8]. 

 
Fig. 1.  Reinforcement Learning structure 
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The iterative learning process involves the agent engaging with the environment by executing actions generated 

through a policy. This policy comprises stimulus-response rules, mapping each environmental state to a list of actions 

from which the agent can freely choose. A straightforward implementation of this policy may involve a lookup table. 

Following action execution, the environment offers feedback in the form of a reward and transitions to the 

subsequent state. Subsequently, the agent repeats this process, continually refining its actions based on the 

environment's responses. To develop the necessary skills, the agent explores the policy to maximize the reward [8]. 

However, relying solely on the reward from a single learning episode is insufficient for determining the optimal 

policy. Immediate rewards lack insight into the future rewards a specific action may yield, emphasizing the need for 

a new form of reward, denoted as Rt, which considers long-term gains. It is crucial to highlight that all formulas and 

equations employed in this method are grounded in references [8, 9-10]. According to [4], formula (1) defines the 

return value over a finite-length time horizon T, with rt representing the reward the agent receives at time-step t. 

Rt =  rt+1 + 𝛾rt+2  + 𝛾2rt+3  + ⋯ + 𝛾𝑇−𝑡−1rT =  ∑ 𝛾𝑖

𝑇−𝑡−1

𝑖=0

rt+i+1  (1) 

Formula (2) is sometimes used to evaluate the return value for time horizons that have no defined endpoint: 

Ri = ∑ 𝛾𝑖

∞

𝑖=0

ri+1 (2) 

Where γ is a discounted factor such that 0≤γ<1. To assess the quality of a specific state or state-action pair, two 

value functions can be defined. Specifically, the state's value function is computed as equation (3) under a policy p. 

V𝜋(s)  =  E[𝑅|𝑠𝑡 = 𝑠, 𝜋] (3) 

 

and the value faction of the state–action pair is calculated as (4):  

𝑄𝑛(𝑠, 𝑎) = 𝐸[𝑅𝑡|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎, 𝜋] (4) 

 

A value function can be represented as the connection between two sequential states, st and st+1, determining the 

Bellman Equations (5) and (6). 

Vπ(s) = ∑ π(st, a) ∑ p(st+1|st, a)

 

st+1

 

a

(Wst→st+1|a
+ γVπ(st+1)) (5) 

𝑄𝜋(𝑠, 𝑎) = ∑ 𝑝(𝑠𝑡+1|𝑠𝑡 , 𝑎) (𝑊𝑠𝑡→𝑠𝑡+1|𝑎 + 𝛾 ∑ 𝜋(𝑠𝑡+1, 𝑎́)𝑄𝜋(𝑠𝑡+1, 𝑎́)
 

𝑎́
)

𝑠𝑡+1

 (6) 

Approximating solutions for these equations often involve dynamic programming, which requires comprehensive 

information about the problem's dynamics. An alternative and effective approach is to employ model-free 

reinforcement learning (RL) algorithms [8]. 

 

3.2. Marcov Decision Process 

In single-agent RL, the environment is typically modeled as a Markov decision process (MDP). Formally, a 

Markov decision process is defined by a tuple (S, A, P, R, g), where: 

• A is the action space 

• S is the state space 

• P : S × A →δ(S)is the transition probability from state s ∈ S to s' ∈ S given the action a ∈A 

• The reward function R:S×A×S→R represents the reward received by the agent when transitioning from 

the state–action pair (s, a) to the state s′. 

• The discount factor, γ ϵ[0,1], is a parameter that compensates for the effect of instantaneous and future 

rewards [8,10]. 

3.3. Q-Learning 
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Q-learning stands as a model-free, value-based approach to reinforcement learning, drawing inspiration from 

dynamic programming [8]. The primary goal of Q-learning is to formulate a policy that guides the agent in deciding 

which action to take in each given circumstance [11]. The Q-learning agent is entrusted with the task of deducing 

the optimal policy, aiming to maximize the total discounted reward [8], as calculated using equation (7). 

𝑉∗(𝑠) = 𝑉𝜋∗
(𝑠) = 𝑚𝑎𝑥 {𝑅𝑠(𝑎) + 𝛾 ∑ 𝑝𝑠𝑠́[𝑎]𝑉𝜋∗

(𝑠́)
 

𝑠́
} (7) 

The estimation of the state-action pair value function (Q-values) involves determining where the average reward, 

Rs(a), is received by an agent in state s upon selecting action a. The transition probability from state s to s ́ given 

action a is denoted by pss ́[a]. To establish estimates of all the value functions at time-step n, a matrix Qn(s, a) with 

dimensions S×A is created. The Q-values are then improved in each iteration n of the learning process using equation 

(8). 

𝑄𝑛(𝑠, 𝑎) = {
(1 − 𝛼𝑛)𝑄𝑛−1(𝑠, 𝑎) + 𝛼𝑛[𝑟𝑛 ∗ 𝛾 𝑉𝑛−1(𝑠𝑛+1)]    𝑖𝑓 𝑠 = 𝑠𝑛 𝑎𝑛𝑑 𝑎 = 𝑎𝑛

 
𝑄𝑛−𝑎(𝑠, 𝑎)                                                                          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (8) 

 

Where αn is the learning rate, rn is the instant reward received, also  

 

𝑉𝑛−1(𝑠𝑛+1) = max(𝑄𝑛−1(𝑠𝑛+1, 𝑎́)) (9) 

 

Under the assumption of bounded rewards |rn |≤R and learning rate 0≤αn<1 such that 

 

∑ 𝛼𝑛𝑖(𝑠,𝑎) = ∞, ∑[𝛼𝑛𝑖(𝑠,𝑎)]
2

∞

𝑖=1

∞

𝑖=1

< ∞, ∀𝑠, 𝑎 (10) 

 

The estimates Qn(s, a) will converge to the optimal Q-value Q*(s, a) with probability 1. 

4. SIMULATION AND DISCUSSION OF RESULTS 

To determine the shortest path between source and destination points, this paper first imports a transportation 

map matrix as an environment for the algorithm. In this case, a 5*5 matrix is used. Each edge in the matrix represents 

a pathway between two points. Following this, the user selects both source and destination points. Fig. 2 depicts the 

5*5 matrix as the environment with the chosen source and destination points. Also, there are three areas marked as 

forbidden due to traffic congestion which the agent must avoid. 

 
Fig 2. A 5*5 matrix as an environment 
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Then, the Q-learning algorithm is implemented in this environment. Algorithm 1 contains the pseudo code of the 

main algorithm, which has been applied in the environment shown in Figure 2. Algorithm 1 outlines how Q-learning 

discovers the optimal route. The agent initiates movement by taking an action, choosing from four options at each 

position: up, down, left, or right. The optimal choice is determined either randomly or by selecting the action with 

the highest Q-table value based on the agent's position. The Q-table is initially populated with random values but is 

updated as the agent takes actions. In reinforcement learning and Q-learning, forbidden paths result in a maximum 

penalty of -100, and reaching the destination yields a reward of +100. The agent receives penalties based on its 

distance from the destination, with greater distances incurring greater penalties. The path with the highest rewards 

is considered the shortest route from source to destination points. Table 1 displays crucial parameter values for 

Algorithm 1. 

Figure 3 illustrates the rewards received by the agent during each learning episode in the environment (Figure 2). 

Initially, incorrect choices led to negative rewards, but with trial and error, the agent improved its choices, resulting 

in higher rewards. The maximum reward indicates convergence, and Table 2 shows the average reward every 50 

episodes, demonstrating convergence over time. After 500 episodes, the algorithm achieves the maximum reward. 

 
Table 1. the parameters of Q-Learning algorithm 

LEARNING_RATE DISCOUNT(  DISCOUNT FACTOR) EPS_DECAY(EPSILON DECAY ) EPSILON 

1.03 0.237 0.0723 0.584 
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Fig 3. the received reward by the agent per episode of learning process  

 
Table 2. the mean of received reward every 50 episodes 

# episode the mean of received reward 

1 -90.63 

50 -52.15 

100 -0.62 

150 39.56 

200 60.25 

250 84.90 

300 80.73 

350 97.38 

400 93.46 

450 92.22 

500 97.52 

550 97.52 

600 97.52 

650 97.52 

700 97.52 

 

5. CONCOLUTION 

In this groundbreaking paper, we introduce a cutting-edge model that leverages Q-learning to ascertain the 

shortest route between two given points. Q-learning, a model-free, value-based reinforcement learning technique, 

engages in a trial and error process, garnering rewards or penalties for each action taken. The proposed methodology 

implements this model across a spectrum of scenarios encompassing distinct starting and ending points. Through 

comprehensive simulations, our findings underscore a remarkable convergence rate in pinpointing optimal routes. 

This underscores the effectiveness of the Q-learning model in effectively addressing the shortest route problem 

across diverse and complex scenarios, positioning it as a versatile and powerful solution in route optimization. 
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