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Abstract 

Traffic signal optimization is a critical component of modern urban traffic 

management systems. This paper proposes a novel approach to optimizing traffic 

signal control using Markovian Decision Processes (MDPs). By modeling the traffic 

flow at intersections as a stochastic process, the Markovian framework allows for the 

development of decision policies that minimize congestion and improve traffic flow. 

The system considers various factors such as traffic volume, waiting times, and signal 

timings, incorporating these into a dynamic model that adapts to real-time traffic 

conditions. A reinforcement learning algorithm is applied to iteratively improve the 

control policy, aiming to minimize the total delay and improve throughput across the 

network of traffic signals. Experimental results demonstrate that the proposed MDP-

based approach outperforms traditional traffic signal control strategies, providing 

significant reductions in average waiting time and overall traffic congestion. This 

study highlights the potential of advanced decision-making models in creating more 

efficient, responsive traffic management systems in urban environments.
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1. Introduction 

The efficient management of traffic signals is essential for optimizing the flow of vehicles in urban transportation networks. As 

cities grow and traffic congestion increases, traditional traffic signal control methods often fail to meet the dynamic needs of 

modern traffic conditions. To address this challenge, advanced approaches such as Markovian Decision Processes (MDPs) have 

gained attention due to their ability to model traffic dynamics as stochastic processes, enabling more adaptable and efficient 

signal control strategies. Markovian Decision Processes offer a powerful framework for optimizing traffic signal operations by 

providing a way to model the uncertainty and variability of traffic conditions at intersections. In an MDP, the decision-making 

process is based on states, actions, and rewards, where the system transitions from one state to another based on chosen actions, 

with the objective of maximizing a cumulative reward, such as minimizing delays or maximizing traffic throughput. This 

approach allows traffic signal systems to continuously adapt to changing traffic volumes, congestion levels, and other 

environmental factors in real-time. 

Despite the potential of MDPs, the complexity of real-time traffic management requires the development of efficient algorithms 

that can balance short-term decisions with long-term system performance. To tackle this, reinforcement learning (RL) methods 

can be employed to iteratively improve the control policies, enabling systems to learn optimal strategies without requiring 

explicit programming for every scenario. This paper explores the application of MDPs and RL for optimizing traffic signal 

control, aiming to enhance overall traffic flow, reduce congestion, and improve the efficiency of urban transportation systems. 

Through a series of simulations and experimental evaluations, we demonstrate the effectiveness of the proposed MDP-based 

approach in comparison to traditional traffic signal control techniques. The results suggest that our framework offers a significant 

improvement in managing traffic signal timing, with potential benefits for reducing delays, improving throughput, and 

alleviating congestion in busy urban intersections. 
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The Markov decision process (MDP), also known as the 

controlled Markov process, has been extensively explored by 

researchers since the 1950s, as noted in works such as [1]. It 

has found applications across a wide range of fields. A 

discrete-time, stationary Markov control model is 

characterized by the tuple (X, A, P, R), where: X represents 

the state space, with each element x ∈ X referred to as a state; 

A is the set of all possible actions or decisions; P is a 

probability measure space, with 𝑝𝑖,𝑗
𝑘  indicating the probability 

of transitioning from state i to state j under action k; and R is 

a measurable function known as the one-step reward. 

Selecting a specific action leads to an immediate reward and 

a transition probability to the subsequent state. The primary 

goal is to determine the maximum (least upper bound) of the 

total expected discounted reward over an infinite time 

horizon: 

 

𝐽 ≜ 𝐸 [∑ 𝛽𝑡𝑟(𝑋𝑡 , 𝑎𝑡)

∞

𝑡=0

] 

 

Where r is the one-step transition reward, (0 ≤ 𝛽 < 1) ) is 

the discount factor, and a is the policy. The optimal reward 

v* is defined as: 

 

𝑣∗(𝑥, 𝑎∗) = sup
𝑎∈𝐴

[𝐽(𝑥, 𝑎)] 

 

It can be obtained by solving a DPE (dynamic programming 

equation): 

 

𝑣∗ = 𝑇𝑣∗, 
 

Where T is a contraction mapping and: 

 

Tv(𝑥) = max
𝑎∈𝐴

[𝑟(𝑥, 𝑎) + 𝛽 ∑ 𝑉𝑛−1(𝑋)𝑝𝑖,𝑗
𝑎

𝑁

𝑗=1

] 

 

Thus, for a given control problem, once the transition matrix 

and reward matrix are established, the optimal policy can be 

derived by maximizing the total expected reward. This policy 

dictates the best action to take in each state, representing the 

optimal strategy to follow. 

In the subsequent sections, a novel approach grounded in the 

Markov decision theory outlined above is introduced and 

applied to the traffic signal control problem. 

 

Traffic Dynamic Model for an Intersection 

Modeling traffic flow and optimizing signal control are 

closely related challenges. A typical four-way intersection is 

illustrated in Fig. 1. This intersection consists of four 

approaches, each containing a through movement and a left 

turn movement, resulting in a total of eight movements. The 

number associated with each movement is labeled according 

to the NEMA (National Electrical Manufacturers 

Association) standard. 

Consider a continuous traffic flow process that is sampled at 

discrete time intervals of duration At, indexed by k. The 

output of the intersection (i.e., the number of vehicles exiting 

the intersection) 𝑞𝑜𝑢𝑡(𝑘) can be represented as a vector: 

 

𝑞𝑜𝑢𝑡(𝑘) = [𝑞𝑜𝑢𝑡
1 (𝑘), 𝑞𝑜𝑢𝑡

2 (𝑘), … . . 𝑞𝑜𝑢𝑡
8 (𝑘)]𝑇 

Where the superscript j (j = 1,2, ..., 8) denotes the j-th 

movement. Sinnilarly, the current queue 𝑞 (𝑘) will be defined 

as: 

 

𝑞 (𝑘) = [q1(k), q2(k), … . , q8(k)]T  

 

𝑞𝑜𝑢𝑡(𝑘) can be further expressed as a function of the current 

control of the intersection, 𝑢 (𝑘), and 𝑞 (𝑘): 

 

 𝑞𝑜𝑢𝑡(𝑘) = 𝑓𝑜𝑢𝑡(𝑢 (𝑘), 𝑞 (𝑘)) 

 

Where 𝑓𝑜𝑢𝑡(𝑘) is also vector:  

𝑓𝑜𝑢𝑡(𝑘) = [𝑓𝑜𝑢𝑡
1 (𝑘), 𝑓𝑜𝑢𝑡

2 (𝑘), … . . 𝑓𝑜𝑢𝑡
8 (𝑘)]𝑇 

And  

𝑓𝑜𝑢𝑡
𝑗 (⦁) = {

𝑚𝑖𝑛 [𝑞𝑗(𝑘); 
∆𝑡

ℎ𝑚𝑖𝑛

]  𝑤ℎ𝑒𝑟𝑒 𝑢𝑗(𝑘) = 1 
 

 0 𝑤ℎ𝑒𝑟𝑒 𝑢𝑗(𝑘) = 0 

  

 

Where j = 1, 2, ..., 8. ℎ𝑚𝑖𝑛  is the minimum headway, and 

𝑢𝑗(𝑘) is the control signal for the jth movement: 

𝑢𝑗(𝑘) = 1 denotes a green signal, 𝑢𝑗(𝑘) = 0 indicates a red 

signal. 

 

 
 

Fig 1: A typical traffic intersection 

 

The current queue 𝑞 (𝑘) can also be written as: 

 

𝑞 (𝑘) = 𝑞 (𝑘 − 1) + 𝑞𝑖𝑛 
(𝑘) − 𝑞𝑜𝑢𝑡 

(𝑘) 

 

Where 𝑞 (𝑘 − 1) is the queue at the previous time instant (k-

1) and 𝑞𝑖𝑛 
(𝑘) is the input (number of vehicles) during time 

interval [k- 1, k). 

The duration of the current signal, z, must be constrained 

within a specified minimum and maximum time range: 

 

𝝉𝒎𝒊𝒏 ≤ 𝝉 ≤ 𝝉𝒎𝒂𝒙 

 

In an eight-phase dual-ring control system, the phases are 

grouped into two sets (rings) separated by a barrier. Within 

each ring, four movements (two through movements and their 

corresponding left turn movements) must be served if there is 
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demand. In theory, there are 2 * 4! = 48 possible phase 

sequences, but in practice, to prevent conflicting traffic flows, 

only a subset of sequences (10 out of 48) are permitted (refer 

to [6] for more details). Since each ring can accommodate up 

to three permitted phases, the current control decision 

requires considering the previous three control signals to 

ensure the sequence constraint is satisfied. 

 

𝑢 (𝑘) = 𝑓𝑢 
(𝑞 (𝑘), 𝜏, 𝑢 (𝑘 − 𝜏1), 𝑢 (𝑘 − 𝜏2), 𝑢 (𝑘 − 𝜏3)) 

 

Traffic Signal, Control using Markov Decisions 

To implement Markovian control in traffic systems, it is 

necessary to define a state space X and a probability measure 

P. A threshold (in terms of vehicle count) is selected for the 

queue of each movement at an intersection. If the queue 

length for a particular movement exceeds the threshold, that 

movement is considered to be in a congestion mode; 

otherwise, it is in a non-congestion mode. These two modes 

(congestion/non-congestion) are treated as the two states 

within the state space X. The signal phasing can be regarded 

as different alternatives for each state. For simplicity, let’s 

assume traffic flow occurs in only two directions: north/south 

(denoted as 1) or east/west (denoted as 2). In this case, four 

possible scenarios exist: a) both directions are non-congested; 

b) direction 1 is congested while direction 2 is non-congested; 

c) direction 2 is congested while direction 1 is non-congested; 

and d) both directions are congested. These four scenarios 

can be defined as the four states of the Markov process. 

Moreover, in a system with 8 independent movements 

controlled by an 8-phase signal, the traffic control problem 

can be modeled as a 256-state Markov process, with 8 

alternatives available in each state. 

The state space is discrete, so the probability measure P is 

defined as a discrete transition rule. An element of this 

matrix, P𝑖,𝑗
𝑘 , represents the transition probability from state i 

to state j under alternative k. Let π(k) be a row vector of state 

probabilities, where 𝜋𝑖(𝑘) is the probability that the system 

will be in state i after k transitions. In the traffic control 

problem, the probability matrix P is time-varying due to the 

fluctuating traffic flow, hence: 

 

𝜋(𝑘 + 1) = 𝑓𝜋 
 [𝑢 (𝑘), P (𝑘)] 

 

where the probability matrix P(k) depends on the current 

queue, the predicted number of arrivals in the next time 

interval, and the control signal: 

 

P (k) =  𝑓𝑝 
 [𝑞 (𝑘), q̂in 

(𝑘 + 1), 𝑢 (𝑘), 𝑞𝑔] 

 

The probability matrix can be defined based on various 

arrival patterns. In most cases, vehicle arrivals at an isolated 

intersection follow a Poisson distribution, i.e.: 

 

𝑝(𝑛) =
(𝜆∆𝑡)𝑛𝑒−𝜆∆𝑡

𝑛!
 

 

Where n = 1, 2, ..., λ represents the arrival rate, and At is the 

time interval. Assuming that at a given time, the current 

queue length for a specific movement i is denoted by q, and 

𝑞𝑔vehicles pass through the intersection when the signal for 

that direction is green, then: 

 

𝑃𝑆𝑖→𝑁𝑖

𝑢𝑖 = 𝑃(𝑞̂𝑖𝑛
𝑖 + 𝑞𝑖 − 𝛿(𝑢𝑖)𝑞𝑔

𝑖 ≤ 𝑞𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝑖  

 

And  

 

𝑃𝑆𝑖→𝐶𝑖

𝑢𝑖 = 1 − 𝑃𝑆𝑖→𝑁𝑖

𝑢𝑖  

 

Where  

 

𝛿(𝑢𝑖) = {
 1, 𝑤ℎ𝑒𝑟𝑒 𝑢𝑖 = 𝐺𝑖

0, 𝑜𝑡ℎ𝑒𝑟𝑒 𝑤𝑖𝑠𝑒
 

 

and Si = Ni, Ci ( Ni for non-congestion and Ci for congestion); 

ui = Gi, Ri ( Gi for green signal and Ri for red signal). 

The reward matrix R has identical dimensions and a 

comparable definition to the probability matrix. The goal in 

this case is to minimize the queue length, so the queue length 

functions for various states are selected to form the reward 

matrix: 

 

𝑅𝑠𝑡𝑎𝑡𝑒1,𝑠𝑡𝑎𝑡𝑒2
𝑢𝑖 =  𝑓𝑢(𝑞0

𝑖 , 𝑞𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝑖 , 𝑢𝑖) 

 

Once the transition matrix and reward matrix are determined, 

an optimal policy for selecting a specific alternative in each 

state can be derived by maximizing the total expected reward. 

It has been demonstrated that this optimal solution is unique 

and can be computed iteratively [1]. Therefore, the problem of 

selecting signal phasing becomes a decision-making problem 

for a Markov process. 

The adaptive control process for a traffic intersection 

involves two components: a probability calculation and a 

Markov decision-making step that utilizes both the 

probability and the reward (Fig. 2). 

The probability matrix and reward matrix are time-varying in 

the traffic control problem, as they depend on the current state 

of each traffic movement. Adaptive control requires future 

arrival information, but accurately predicting long-term 

arrivals is challenging due to the inherent randomness of the 

traffic system. Therefore, the sampling frequency should be 

as high as possible. However, a higher sampling rate 

increases both the cost and computation time. For this reason, 

we select ∆𝑡 = 𝜏𝑚𝑖𝑛𝑖
 (the minimum green extension time). 

Every At seconds, the time-varying probability matrix P and 

reward matrix are recalculated, and a decision is made on the 

control signal for the next time interval based on current 

measurements from the detector and our estimation. Once the 

optimal policy is determined, it is implemented for At 

seconds. In the next time interval, the probability and reward 

matrices are updated, and the decision-making process is 

repeated. 

 

 
 

Fig 2: Block diagram of traffic control system for one intersection 
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Simulation Results 

The proposed Markovian adaptive control algorithm was 

tested through simulations for an isolated intersection, where 

a Poisson arrival pattern was used as the external input, in 

order to assess its performance against a fully actuated 

control method. The following is a summary of some of the 

simulation parameters: 

• Minimum green time: 3 seconds  

• Maximum green time: 30 seconds  

• Extension (gap) time: 3 seconds  

• Yellow time: 3 seconds  

• Minimum departure headway: 2 seconds 

 

The two algorithms were evaluated using four different 

arrival rates: 200 vehicles per hour per movement, 300 

vehicles per hour per movement, 400 vehicles per hour per 

movement, 500 vehicles per hour per movement, and 600 

vehicles per hour per movement. For each arrival rate, the 

algorithms were tested across forty different sets of random 

data. The mean, covariance, and standard deviation of the 

average steady-state delay (across the 40 data sets) were 

calculated and presented in Table 1, where "MAC" refers to 

the Markov adaptive control algorithm and "FAG" refers to 

the fully actuated control. Additionally, the means of the 

steady-state delay for the 40 data sets are plotted in Fig. 3, 

with the solid line representing the Markov algorithm and the 

dotted line representing the fully actuated control. 

 
Table 1: Mean, covariance, and standard deviation of two 

algorithms 
 

 
200 300 400 500 600 

FAC MAC FAC MAC FAC MAC FAC MAC FAC MAC 

Mean 11.25 11.51 16.61 12.26 29.60 13.34 41.64 18.27 68.09 53.73 

Cov. 2.50 4.12 6.94 3.10 22.63 4.10 13.22 8.62 92.44 26.15 

Std. 1.58 2.23 2.64 1.76 4.76 2.03 3.64 2.94 9.61 15.04 

 

Table 2: Bounds for simulation results 
 

 
200 300 400 500 600 

FAC MAC FAC MAC FAC MAC FAC MAC FAC MAC 

Lower 

Limit 
8.6 7.22 12.2 9.46 21.7 9.56 34.4 13.15 51.5 19.62 

Upper 

Limit 
14.6 15.20 24.2 16.40 42.3 4.10 18.75 48.0 91.5 96.67 

 

 
 

Fig 3: Mean of two algorithms  

 

 
 

Fig 4: Bounds for simulation results 

 

By applying the concept of distribution-free order statistics, 

the limits within which at least 90% of the steady-state delay 

probabilities, as obtained from the simulation, are found with 

92% confidence, are shown in Table 2. In other words, there 

is a 92% probability that 90% of the delay times will fall 

between the specified lower and upper bounds. These bounds 

are also illustrated in Figure 4. 

The data indicates that when traffic volume is low (e.g., 

arrival rate of 200 vehicles/hour/movement), the performance 

of the Markov algorithm is similar to that of the fully actuated 

controller. However, as traffic volume increases, particularly 

for arrival rates (λ) of 400 and 500 vehicles/hour/movement, 

the Markov algorithm outperforms the traditional controller. 

For instance, at λ = 300, the Markov algorithm improves the 

average steady-state delay by approximately 26.19%. At λ = 

400 and λ = 500, the average steady-state delay with the 

Markov controller is about half that of the fully actuated 

controller. As λ continues to increase, the intersection 

becomes saturated, leading to significant delays for both 

algorithms. 

 

Conclusions 

The traffic system is inherently stochastic. This paper 

introduces a novel approach to traffic signal control based on 

Markov decision theory, with computer simulation results 

and analysis provided. The simulation demonstrates that the 

proposed approach outperforms the traditional fully actuated 

control method. Ongoing evaluation and further testing are 

being conducted. 
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