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Abstract - This paper delivers a thorough analysis of AI-
driven dynamic lane management systems, with an emphasis 
on Dynamic Lane Reversal (DLR) and Dynamic Lane 
Assignment (DLA). It integrates insights from various academic 
studies to assess the strengths and limitations of these 
approaches in improving traffic flow and road safety. The 
paper first underscores the relevance of dynamic lane 
strategies in addressing urban traffic issues and enhancing 
transport systems. It then explores different methodologies 
used in prior studies, ranging from traditional rule-based 
frameworks to advanced machine learning and deep learning 
models. Through systematic evaluation of empirical evidence 
and theoretical insights, the paper presents key outcomes 
related to lane reversal and usage control methods. It also 
examines the impact of these techniques on throughput, travel 
time, pollution, and driver experience. The findings offer 
guidance for urban planners, engineers, and policy developers, 
while also identifying research opportunities and calling for 
multidisciplinary efforts and practical testing of AI-based 
traffic solutions. 
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1.INTRODUCTION  
 

Urban traffic congestion is a widespread problem that 
leads to fuel wastage, delays, higher emissions, and slower 
emergency responses. To address this, artificial intelligence is 
being integrated into dynamic lane management systems as a 
promising way to handle varying traffic conditions effectively. 

These systems, empowered by IoT and real-time analytics, 
continuously adjust traffic lanes and signals based on current 
traffic patterns. By using sensors and smart algorithms, they 
help optimize flow and increase safety. The growing adoption 
of AI-powered autonomous vehicles has further enabled real-
time, automated lane adjustments for more efficient traffic 
handling. 

Traditional traffic control methods, which rely on static 
lane assignments, often fall short in adapting to changing 
traffic volumes. In contrast, intelligent transportation systems 
use dynamic lane grouping, which reassigns lanes based on 
current needs, providing a more adaptable traffic solution. 

This paper focuses on the combination of AI-based lane 
assignment and signal optimization at intersections. Through 
a comprehensive literature review, it aims to enhance 

understanding of dynamic traffic strategies and inform future 
research and practical applications for better urban mobility. 

II.  Workflow of AI-Based Dynamic Lane Management 

To improve urban mobility and ease traffic congestion, 
dynamic lane management systems employ a combination of 
technologies, primarily powered by the Internet of Things 
(IoT) and Artificial Intelligence (AI). This integrated approach 
connects sensors, communication networks, and data 
processing tools to enable real-time decision-making and 
more efficient traffic systems. 

Step 1: 

Strategically placed IoT devices—such as cameras, radar, and 
lidar—constantly gather traffic-related data including vehicle 
counts, speed, and congestion levels. These devices 
communicate with infrastructure through Vehicle-to-
Infrastructure (V2I) systems, exchanging data such as 
position, speed, and direction. This continuous flow of data 
enables the system to monitor traffic conditions and detect 
potential bottlenecks. 

Step 2: 

A centralized control unit processes the incoming data via 
communication technologies like cellular networks or 
Dedicated Short Range Communication (DSRC). Based on the 
analysed data, appropriate algorithms are selected—such as 
Dynamic Lane Switching, Reversal, or Usage Control—to 
manage traffic accordingly. 

Step 3: 

The system then transmits updated lane assignments and 
signal changes to electronic signage and traffic lights on the 
roads. For instance, in case of an accident, it can reroute traffic 
in real time by reallocating nearby lanes to maintain flow. 
Simultaneously, it offers route suggestions to individual 
vehicles using real-time conditions and lane layouts, which 
connected vehicles can access and respond to, resulting in 
smarter travel choices and improved traffic efficiency. 

This sequence outlines the foundational steps of 
implementing AI-powered Dynamic Lane Management 
(DLM). The following sections will explore the specific 
strategies and their effects on traffic congestion. 

III. Strategy 1 – Dynamic Lane Reversal: 

Dynamic Lane Reversal (DLR) is a proactive traffic 
management method used to reduce congestion by 
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temporarily changing the direction of traffic flow on specific 
lanes, particularly during peak hours. This technique helps 
maximize road usage by adjusting lane directions to Favor the 
higher traffic volume side, thereby improving travel efficiency 
and reducing bottlenecks. The process relies on advanced 
traffic monitoring systems that make real-time decisions 
about when and where to apply lane reversals. 

DLR enables cities to move beyond rigid infrastructure 
designs by reallocating road space based on actual traffic 
conditions. This dynamic strategy, first introduced in 
academic research, aims to increase capacity in congested 
areas by using lanes from the less busy direction. 

By applying DLR methods, urban centres can make better use 
of existing roads, adapt quickly to traffic fluctuations, and 
respond to emergencies more effectively. These systems 
depend on real-time data—such as vehicle counts, queue 
lengths, and speeds—and intelligent algorithms to determine 
the optimal moments for changing lane directions. An 
evacuation strategy ensures lanes are cleared safely and 
swiftly before the direction is reversed. This concept is 
typically tested using the SUMO (Simulation of Urban 
Mobility) software under different traffic conditions. 

1. Literature Review  

The initial concept of dynamic space allocation began with 
Intermittent Bus Lanes (IBL), and later extended to Reversible 
Lane Systems (RLS). RLS allows traffic to flow in either 
direction on a lane at different times, improving capacity with 
minimal infrastructure upgrades. These systems are used 
globally to alleviate congestion, especially during rush hours 
or emergencies. 

However, traditional RLS approaches rely on fixed 
schedules and manual control, which can be inefficient and 
operationally complex. Recent studies proposed automated 
DLR models using real-time traffic data and autonomous 
vehicle technologies. These models treat the problem of traffic 
direction as a complex optimization task, solved through 
techniques like Integer Linear Programming (ILP) and genetic 
algorithms. Yet, these solutions can be computationally 
intensive and not always feasible for large networks. 

The paper referenced in [1] is considered a key 
contribution in the DLR domain, and its methodology and 
results are analyzed in depth here. 

2. Methodology: 

The study’s methodology is built on three core components: 
the simulation environment, the lane reversal strategy, and a 
reinforcement learning (RL) agent. 

A. Simulation Setup: 

The researchers used the SUMO traffic simulation 
platform to model a four-way intersection with specific 

lane arrangements. Traffic signals were controlled by an 
actuated system based on vehicle gaps, ensuring 
responsiveness to real-time flow. 

 

 

Figure 1: Intersection environment 

B. Lane Reversal Strategy: 

Initially, vehicles were blocked from entering the 
reversible lane to ensure it could be cleared before 
allowing traffic from the opposite direction. However, 
this created traffic disruptions. To address this, a new 
method introduced "dynamic special zones" within the 
reversible lane. These zones guided vehicles to switch 
lanes more efficiently, using a buffer zone of 50 meters to 
reduce disruptions and ease transitions during lane 
evacuation. 

 

Figure 2:Initialization of reversible lane evacuation 

C. Reinforcement Learning Agent: 

A reinforcement learning (RL) model was implemented to 
decide when to reverse lane directions at five-minute 
intervals. Using the Double Deep Q-Network (DQN) approach 
with a dueling architecture and an e-greedy strategy, the RL 
agent made data-driven decisions based on traffic conditions 
like average wait times and vehicle counts. 
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Figure 3: Finalization of lane reversal 

Together, these elements created a system capable of 
dynamically adapting lane directions at an intersection to 
reduce delays and enhance traffic flow. The following 
sections go into greater detail on each component and the 
outcomes of the simulation. 

3. Components 

This part describes the internal workings of the 
Reinforcement Learning (RL) agent used for managing 
dynamic lane reversal. 

A.RL Architecture: 

The RL agent applies a Dueling Deep Q-Network (DQN) 
approach. This setup helps the system determine which 
actions are more beneficial in various traffic scenarios. The 
agent follows an epsilon-greedy exploration strategy with 
exponential decay, which balances trying new decisions and 
relying on previously successful ones. 

C. State Representation 

The agent observes the following variables to understand the 
traffic state: 

 deast and dwest: indicators of the current direction 
of the reversible lane. 

 wteast and wtwest: average wait times of vehicles 
heading eastbound and westbound. 

 veast / least and vwest / lwest: number of vehicles 
per lane in the eastbound and westbound directions. 

The full state vector can be expressed as: 

 

This state is updated every five minutes and aggregated over 
that duration. 

 

D. Action Space 

The agent has two possible actions: 

 0: Keep the current direction of the reversible lane. 

 1: Reverse the direction. 

The action to reverse is only executed after the reversible 
lane has been fully evacuated. 

D. Reward Function 

To measure performance, the RL agent uses a reward based 
on reducing vehicle delay. The reward at time step i is 
calculated as: 

 
 
This means that the lower the combined average wait time 
for both directions, the higher the reward, guiding the agent 
to make traffic-efficient decisions.10 
 

4. Results and Conclusions 

The researchers evaluated the Dynamic Lane Reversal (DLR) 
strategy across seven simulated traffic scenarios to 
determine how well it adapts to different traffic patterns. 
These scenarios varied in the intensity and frequency of 
demand fluctuations, especially along the main road of a four-
way intersection. 

 

Figure 4: Scenario 1- Severe demand change every 15 
minutes 

Parameter Value 

Number of episodes 4000 

Experience replay size 100000 

Discount factor gamma 0.85 

Batch size 32 

Interpolation parameter tau 0.001 

Learning rate 0.0001 

Number of steps before NN weight update 4 

 
Table 1: Parameter Values of Dueling-DDQN Agent 
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The reinforcement learning (RL) agent was trained using the 
most demanding scenario—where traffic volumes alternated 
sharply between 1,400 and 600 vehicles per hour every 15 
minutes—then tested on all seven scenarios without further 
training. This allowed the team to assess the agent’s ability to 
generalize across varied conditions. 

Key findings include: 

 The DLR system consistently outperformed 
traditional static lane configurations across all test 
scenarios. 

 It significantly improved metrics like average trip 
duration, fuel use, and emissions (including CO₂, CO, 
and NOx). 

 The greatest performance gains occurred in 
scenarios with severe and less frequent demand 
shifts, as this minimized disruptions caused by 
frequent lane changes. 

 
 

Figure 5: Scenario 7- Morning and evening peak 

Scenario Demand Changes Duration 

1 Every 15 minutes: 600 – 1400 veh/h 2 Hours 

2 Every 15 minutes: 800 – 1200 veh/h 2 Hours 

3 Every 30 minutes: 600 – 1400 veh/h 2 Hours 

4 Every 30 minutes: 800 – 1200 veh/h 2 Hours 

5 Every 60 minutes: 600 – 1400 veh/h 2 Hours 

6 Every 60 minutes: 800 – 1200 veh/h 2 Hours 

7 Every 4 hours: 600 – 1000 – 1400 veh/h 12 Hours 

 

 

 

Table 2:Demand 
Patterns of the 
Different 
Scenarios scen. 

Aver. 
Trip 
Dur. 

Total 
Fuel 
Cons. 

Total 
CO₂ 
Emis. 

Total 
CO₂ 
Emis. 

Total 
NOₓ 
Emis. 

1 -9.1% -8.7% -8.7% -17.4% -9.6% 

2 -2.0% -1.9% -1.9% -4.3% -2.1% 

3 -12.2% -11.3% -11.3% -21.1% -12.4% 

4 -2.4% -2.4% -2.4% -5.2% -2.7% 

5 -19.9% -16.4% -16.4% -30.6% -18.1% 

6 -4.7% -4.7% -4.7% -10.1% -5.3% 

7 -17.7% -15.1% -15.1% -29.6% -16.7% 

 
Table 3: DLR Scheme Results Compared to Static Lane 

Configuration 

One notable insight was that the timing of lane reversals 
aligned closely with traffic build-up, showing that the RL 
agent made intelligent and timely decisions. However, in 
some cases—such as scenario 7—certain reversals seemed 
unnecessary. To refine the model, the study suggests 
introducing a penalty in the RL reward system for excessive 
lane switching, which could reduce unneeded reversals and 
further improve traffic flow. 

 

Figure 6: Scenario 1- Timings of lane reversal with respect 
to accumulations 

 

Figure 7:Scenario 2- Timings of lane reversal with respect 
to accumulations 
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Figure 8:Scenario 3- Timings of lane reversal with respect 
to accumulations 

 

Figure 9: Scenario 4- Timings of lane reversal with respect 
to accumulations 

 

Figure 10: Scenario 5- Timings of lane reversal with 
respect to accumulations 

 

Figure 11: Scenario 6- Timings of lane reversal with 
respect to accumulations 

 

Figure 12: Scenario 7- Timings of lane reversal with 
respect to accumulations 

 

Figure 13: Impact of traffic signal phase during 
initialization of lane reversal 
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Figure 14:Impact of ratio of green time during lane 
evacuation to evacuation 

 
5. Future Work 

This study introduced a novel Dynamic Lane Reversal (DLR) 
model that combines reinforcement learning with a strategic 
lane evacuation plan to improve traffic flow at intersections 
experiencing variable demand. Although the RL agent was 
trained on only one high-demand scenario, it performed well 
across all test cases, showing strong adaptability, efficiency, 
and reductions in both travel times and vehicle emissions. 

Looking ahead, several research directions could further 
enhance this model: 

1. Explore More Traffic Scenarios: 
Testing the model under a broader range of traffic 
conditions will help identify the boundaries of its 
effectiveness. 

2. Improve Evacuation Strategies: 
Investigating alternative methods for clearing lanes 
could reduce transition times and disruptions even 
further. 

3. Refine RL Timing Decisions: 
Analyzing the optimal time intervals for decision-
making (i.e., when the RL agent should act) may 
allow for more flexible and responsive traffic 
control. 

4. Multi-Agent Reinforcement Learning: 
Incorporating additional agents—such as ones 
controlling traffic signals—could enable cooperative 
decision-making between systems, improving 
overall network performance. 

5. Scale to Larger Networks: 
Expanding the model from a single intersection to 
entire corridors or city networks would test its 
practicality on a broader scale and assess how well it 
handles interconnected systems. 

These future directions aim to move DLR strategies closer to 
real-world deployment and establish their viability in diverse 
urban traffic environments. 

IV. Strategy 2 – Dynamic Lane Assignment 

Signalized intersections are essential components of urban 
transportation systems and often become bottlenecks during 
peak hours due to fluctuating traffic volumes. One major 
factor contributing to this congestion is the static assignment 
of lanes—where each movement (left, though, right) is 
allocated a fixed number of lanes regardless of real-time 
demand. 

Traditional signal control strategies typically optimize signal 
timings (like green time or cycle length) to accommodate 
changing traffic, but they maintain constant lane 
assignments. This static approach often results in inefficient 
lane usage and degrades overall intersection performance. 

Dynamic Lane Assignment (DLA) offers a smarter solution. As 
a part of intelligent transportation systems, DLA dynamically 
reallocates lanes based on current traffic volumes for 
different turning movements. For instance, if left-turn 
demand increases during a certain time period, DLA may 
assign more lanes to left-turning traffic while adjusting 
through and right-turn lane allocations accordingly. 

To ensure drivers are informed, Variable Message Signs 
(VMS) are used to display real-time lane configurations as 
vehicles approach intersections. DLA has been successfully 
applied in contexts like freeway shoulder use during rush 
hours, demonstrating its effectiveness in reducing delays and 
enhancing safety. 

1.Literature Review 

A number of studies have examined where and how Dynamic 
Lane Assignment (DLA) can be most effectively applied. One 
study used three criteria to identify suitable intersections for 
DLA: 

 Volume Change over time (daily traffic variation), 

 Volume Per Lane, and 

 Volume to Capacity Ratio, which was found to be the 
most reliable indicator for determining potential 
locations. 

Results from this research showed that using DLA led to a 
noticeable improvement in traffic flow, including a 15% 
reduction in overall intersection delay, confirming its ability 
to mitigate congestion. 

Another research effort by Zhang et al. introduced a 
mathematical model to identify the best lane configuration. 
Their goal was to minimize the critical lane flow ratio, which 
compares the number of vehicles to the saturation flow 
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capacity of a lane. After testing their model at four 
intersections, they observed lower delay times and better 
lane utilization—demonstrating that DLA significantly 
improved traffic operations. 

In a separate study, researchers focused on one intersection 
approach and created a time-space optimization model. Their 
method produced an ideal lane configuration that offered the 
highest operational benefits. 

However, most past studies have concentrated on the 
theoretical or performance aspects of DLA. There’s still a lack 
of practical implementation guidelines. Additionally, many of 
these methods require extensive delay calculations for every 
possible lane configuration, which can be time-consuming 
and reduce the agility of DLA systems in real-time. 

To address these limitations, the current paper turns to a 
study that developed an Artificial Neural Network (ANN) to 
rapidly predict optimal lane configurations. This model 
proved useful for determining lane setups based on varying 
traffic volumes without running exhaustive simulations each 
time. 

2.Methodology 

The methodology of the study focused on training and 
evaluating an Artificial Neural Network (ANN) model 
designed to optimize lane assignments at signalized 
intersections. This model was based on a previously 
developed MATLAB tool that generated a synthetic dataset of 
turning movement volumes and their corresponding optimal 
lane assignments. 

The primary objective was to minimize vehicle delay, using 
delay estimation methods defined in the Highway Capacity 
Manual. A minimum cycle time of 60 seconds was maintained 
to ensure pedestrian safety at crossings. 

 

 

Figure 15: Approach-based phasing scheme 

Lane Assignment and Signal Phasing 

The DLA model used an approach-based phasing scheme, 
meaning each approach to the intersection had its own phase 
that included all turning movements (left, though, and right). 
Only protected left turns were considered, assuming no 
conflicts with opposing traffic. 

The model was adaptable to different lane and approach 
layouts, with the assumption that the number of incoming 
and outgoing lanes remained equal. A binary variable was 

used to define whether a movement was allowed from a 
specific approach. 

Traffic Demand Adjustment Equations 

To generate various traffic scenarios, the study applied the 
following formulas: 

 

 

Figure 16:Geometric layout of the study intersection 

Study Intersection 

To validate the model, real traffic data was collected from a 
four-leg intersection in Dhahran, Saudi Arabia. The 
intersection used pre-timed signals and the same phasing 
scheme described above. Approach volumes were recorded 
during morning and evening peak hours. 
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Figure 17: Lgcs considered in the developed model 

Period WA NA EA SA   

AM peak (6:30–7:30) 1628 474 1462 80 3644 

PM peak (16:00–17:00) 2199 669 1921 525 5314 

 
Table 4: Approach-based phasing scheme 

Only outer lanes were allowed to serve as shared lanes. All 
valid lane group combinations (LGCs) for three- and four-
lane legs were identified and analyzed using the DLA model. 

 

 

Figure 18: Flowchart for the developed DLA model 

From this process, over  600,000 possible turning movement 
combinations were generated and paired with optimal lane 
assignments. These datasets were then used to train and test 
the ANN model. 

3. ANN Model Development 

Artificial Neural Networks (ANNs) are machine learning 
models inspired by the human brain. Like how people learn 
from experience, ANNs learn from data, recognizing patterns 
and relationships between inputs and outputs. They are 
especially useful in transportation problems due to their 
ability to model complex, nonlinear systems without 
requiring explicit mathematical relationships. 

In this study, a feedforward ANN was developed using 
MATLAB to predict the best lane configurations at a 
signalized intersection. The network consists of: 

 An input layer that receives traffic volume data, 

 Hidden layers that process the information, and 
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 An output layer that provides the optimal lane 
assignments. 

Each neuron in the network connects to those in the previous 
and following layers, processing inputs with assigned weights 
and biases. 

Topology and Training: 

Since there’s no universally agreed-upon method for 
selecting the best network architecture, the researchers used 
a trial-and-error approach. They started with a small 
network and gradually increased complexity until they 
achieved high accuracy without overfitting. 

To train and test the ANN, a random sample of 150,000 lane 
assignment examples was drawn from the larger dataset—
75,000 each from AM and PM peak hour scenarios. The data 
was split: 75% for training and 25% for testing. 

Training Algorithms Tested 

Several training algorithms were evaluated, including: 

 Levenberg-Marquardt, 

 Resilient Backpropagation, 

 Scaled Conjugate Gradient, 

 BFGS Quasi-Newton, 

 Bayesian Regularization Backpropagation, and 

 Variable Learning Rate Backpropagation. 

 

Figure 19: Example of 2-layered network 

The Bayesian Regularization Backpropagation method was 
chosen for its superior prediction accuracy. It combines the 
Levenberg-Marquardt optimization technique with a 
regularization process that improves generalization, reducing 
overfitting by balancing error minimization and weight 
control. 

In this case, the optimal ANN structure included three hidden 
layers, each with 14 neurons, achieving an average testing 

accuracy of 92%. This model effectively predicted the best 
lane assignment for varying traffic conditions. 

4. Conclusion 

Signalized intersections greatly influence the performance of 
an entire traffic network. The Dynamic Lane Assignment 
(DLA) method is an intelligent transportation strategy that 
improves traffic operations at these intersections by 
adjusting lane usage in real time according to current traffic 
demands. 

In this study, the authors utilized a previously developed DLA 
model to generate large datasets of turning movement 
volumes and their ideal lane assignments. Traffic data were 
collected from a four-leg intersection during morning and 
evening rush hours, capturing the natural variability in traffic 
flow throughout the day. 

By altering the percentage of turning volumes in 10% 
increments, the researchers produced over 600,000 traffic 
scenarios for each peak period. The model computed the 
optimal lane assignments for each scenario, resulting in 
detailed datasets. 

From these datasets, a sample of 150,000 turning 
combinations was selected. 75% of the data was used to train 
an Artificial Neural Network (ANN), and the remaining 25% 
was used for testing. After extensive testing, the best-
performing ANN model was configured with three hidden 
layers of 14 neurons each, achieving an average testing 
accuracy of 92%. 

The study demonstrates that the ANN model is a reliable and 
efficient tool for determining optimal lane configurations. It 
holds significant potential for improving real-time traffic 
control at signalized intersections by quickly and accurately 
responding to changes in traffic volumes. 

5.Future Work 

Building on the promising results of the Dynamic Lane 
Assignment (DLA) model, several areas have been identified 
for future research to enhance its practicality and 
effectiveness: 

1. Real-World Testing: 
The next crucial step is to move beyond simulations 
and validate the model in real-world traffic 
conditions. Implementing DLA at live intersections 
with variable demand would help confirm its 
reliability and performance in actual settings. 

2. Parameter Optimization: 
Fine-tuning model parameters—such as how 
turning volumes are incrementally adjusted—could 
further improve DLA’s decision-making accuracy. 
This involves tailoring the system to real traffic 
dynamics for better responsiveness. 
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3. Advanced Machine Learning Methods: 
While this study used Artificial Neural Networks, 
exploring other techniques like Deep Learning or 
Reinforcement Learning may yield even better 
results. Comparing different models can help 
identify the most efficient approach for lane 
optimization. 

4. Applicability Across Various Intersection Types: 
Testing the model in a wider range of intersection 
designs and traffic patterns would help evaluate its 
generalizability. Understanding how it performs in 
different layouts would support broader 
implementation. 

5. Long-Term Impact Assessment: 
Studying how DLA affects traffic patterns, 
congestion levels, and network performance over 
extended periods is essential. Longitudinal studies 
could reveal the lasting benefits and limitations of 
dynamic lane strategies. 

By exploring these areas, researchers and transportation 
planners can further refine DLA systems to make urban 
traffic management more efficient, adaptive, and sustainable. 
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