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INTRODUCTION  

It is often difficult to analyze various traffic facilities due to the complex dynamics of traffic flow that 
dictate their capacity. In particular, the simulation modeling and analysis of toll plaza operations is a very 
demanding task due to drivers' complex lane selection decisions. 
 The motivation for this current study stems from need for developing a better toll plaza simulation 
model that can address the shortcomings of the existing studies that focused on toll plaza simulation.  
 The objective of this paper is to demonstrate the feasibility of simulating toll plaza facilities where the 
agent learns the lane selection decision/behavior. The proposed idea is to train a driver (agent) using a 
Reinforcement Learning (RL) method during the simulation until it makes decisions in accordance with 
observed driver behavior. The agent adapts to the network and events during the simulation runs, and 
makes decisions based on assigned objectives. During learning, the agent’s objectives are twofold: (1) 
minimize delay and (2) minimize risk of a crash. The agent learns from its experience and improves its 
decision-making progressively.     
 A hypothetical toll plaza simulation model is utilized to demonstrate the feasibility of the proposed 
approach. Paramics simulation software is used in the analyses, which allows for customization of its 
underlying models using its Application Programming Interface (API) feature. 
 
 
METHODOLOGY 
 
The proposed approach for the agent to learn appropriate lane selection behavior at a toll plaza is the use 
of XCS method, a special case of Learning Classifier Systems (LCS). LCS is a machine learning 
technique that ties RL and genetic algorithms. Classifier systems are predicated on the assumption that an 
agent senses its environment via its many sensors. Its sensors detect and receive binary encoded inputs 
from the environment (state), by which the agent then determines an appropriate response (action). The 
agent’s decision mechanism is driven by a classifier-based system that consists of a population of N 
number of classifiers. These classifiers are in fact condition-action rules that dictate what actions the 
agents should take for a given condition/state. 
 Let us consider the agent approaching the toll plaza as shown in Figure 1. The agent can perform four 
mutually exclusive actions, meaning select one of the four available toll lanes. With the objective of 
minimizing its delay, the agent activates its “delay sensor” which is specific to reading the environment 
characteristics that impact its delay. The sensor scans the available toll lanes and presents the relevant 
environment as an input message consisting of binary values, as mentioned before. For example, it is 
shown in Figure 1 that there are 4, 3, 5 and 1 vehicle at each lane from 1 to 4, respectively. These can be 
translated to binary numeral system as 100 011 101 001. This value is then compared with the classifiers 
of that are responsible for minimizing the agent’s delay, and an action is selected via rule matching 
component of XCS. 
  If the agent’s sole objective is to reduce its risk while selecting a toll lane, then it will activate its 
“crash risk sensor” responsible for extracting the environmental input specific to this goal. One of various 
approaches to defining an appropriate indication for risk is to determine the agent’s proximity to other 
vehicles. In other words, the agent senses its position and the position of other vehicles around it before 
making a lane choice. The agent’s risk sensor picks up its current lane and the position of the vehicles 
surrounding it, and determines its distance to each of them. Using these distances, it forms a proximity 
vector as  D = [d1 d2 d3 d4 d5 d6], where each element respectively represents the distance to vehicles on 
the right lane forward, right lane behind, same lane forward and behind, and on the left lane forward and 
behind. 
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Figure 1: A Hypothetical Toll Plaza 

The severity of a crash is calculated as the kinetic energy loss, ∆Ei
k, immediately before and after 

collision, assuming that the coefficient of restitution, e, is zero during the impact. When e is zero, 
meaning the impact is perfectly plastic and the loss of energy is maximum, where the vehicles couple and 
move with a common velocity. 
 
FINDINGS 
 
The hypothetical toll plaza shown in Figure 1 is developed in Paramics microscopic traffic simulation 
software. The network includes a single roadway connecting one origin and one destination zones with a 
total route distance of 1.4 miles. Paramics’s API feature is used to customize the underlying, default lane 
selection model and implement the XCS framework in C++ programming language. The agent’s 
performance in terms learning to choose an appropriate toll lane is investigated with respect to delays 
with and without an accident, and with respect to crash risk.  

Learning Results for Delay 
The simulation model is run with different random number seed values for multiple times during which 
the agent learns via XCS framework. Negative route travel time is used as the agent’s reward during 
training runs. The results show the comparison of the agent’s performance with respect to random lane 
selection and minimum queue lane selection approaches. It was determined that the agent’s performance 
approaches to that of minimum queue lane selection through iterative simulation runs, and that both yield 
superior results compared to random lane selection approach. 

Learning Results for Delay with Periodic Congestion 
In this scenario, the simulation network is modified such that there are two roadways diverging from the 
toll plaza, namely an express and a local road. In order to implement this scenarios, the exit lanes 1 and 2 
on the link immediately after the toll plaza as shown in Figure 1 are separated to two single lane 
roadways, named exit roadways 1 and 2, both leading to the same destination. Furthermore, toll lanes are 
assumed to be divided after the tolls by barriers so that toll lanes 1 and 2 are connected to exit roadway 1 
(i.e. local road), and toll lanes 3 and 4 are connected to exit roadway 2 (i.e. express road).  
 Furthermore is assumed that there exists periodic congestion during peak hours on the local lane only. 
This scenario is devised to demonstrate the advantage of the proposed approach, where the agent decides 
which lane to select not only on delay at the toll plaza but also along the route. By introducing additional 
bits to its classifier indicating the time of the day, it is expected that the agent will learn to avoid toll lanes 
1 and 2 leading to the local lane during rush hours. This specific scenario is analogous to a route choice 
problem in a one origin-destination network with two routes. 
 Figure 3 demonstrates the agent’s lane selection performance in terms of wait at the toll plaza and 
total route travel time for two demand levels. The results are shown for the peak and off-peak periods 
separately. 
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Figure 2: Performance of the Agent Based on Delay during Peak and Off-Peak Periods 
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Learning Results for Crash Risk 
The agent learns during multiple episodes, only this time with its crash risk sensor activated, consisting of 
seven 2-bit classifiers representing its current lane, and the distance set values of the vehicles in its 
proximity. The agent’s lane selection performance is tested using the original toll plaza setup shown in 
Figure 1 at the demand levels of 575 vph and 675 vph. The results are demonstrated in Figure 3. The 
agent’s crash risk is calculated only during the exploit cycles. The agent’s performance is compared with 
an ideal lane selection decision behavior that minimizes the crash risk. In the ideal behavior, the agent’s 
decisions are not controlled by XCS rather it chooses the safest toll lane depending on its current 
approach lane. In other words, if the agent is on lane 1 it chooses either lane 1 or 2 at the toll plaza, and if 
it is on lane 2 it chooses lane 3 or 4 with equal probability. The results indicate that the XCS agent 
reaches approximately the same safety performance of a purely risk-averse agent. The results also 
demonstrate superior safety performance of the agent compared to minimum queue lane and random lane 
selection approaches.  
 
 

 
Figure 3: Performance of the Agent Based on Crash Risk 

 

CONCLUSIONS 

In this paper, the use of XCS learning algorithm is used to simulate drivers’ lane selection decisions in a 
microscopic simulation model of a toll plaza. The underlying idea is to train a vehicle (agent) using the 
XCS framework through multiple simulation runs where the agent adapts to the network by learning its 
possible states via its environmental input sensors, and make decisions based on assigned objectives. 
During learning, the agent’s objectives are to minimize delay and crash risk. The agent learns from its 
experience and improves its decision-making progressively.  
 The results demonstrate that when the agent’s only goal is to minimize its delay, its toll lane selection 
decision converges to minimum queue lane selection behavior, the performance of which is superior to 
random lane selection. However, the minimum queue lane selection behavior yields undesired levels of 
crash risk. The analyses results show that the agent learning with XCS framework ends up making safer 
decisions. In addition, the agent’s performance is also evaluated when there is periodic congestion at one 
of the two downstream roadways. The agent is observed to accept higher toll plaza wait time in order to 
minimize its overall route travel time. This scenario is similar to a route choice problem, and the results 
demonstrate superior performance by the agent compared to minimum queue lane selection. Although a 
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more comprehensive analysis should include the objectives of delay and crash risk simultaneously during 
learning, and the effectiveness of using multi-agents, these are left as future work. 
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