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 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, and let the agent adapt to the network 
and events during the simulation runs, and make 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.     
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 With the objective of minimizing its delay, the agent activates its 
“delay sensor,” which scans the available toll lanes and presents 
the relevant environment as an input message consisting of 
binary values.  

 Input is compared with the classifiers and an action is selected 
via rules  matching component of XCS. 

The agent can perform four mutually exclusive 
actions in this plaza.  

 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 results show that the agent learning with XCS framework ends up making safer decisions.  
 During peak period 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. 

 It is shown that RL methods can be applied in microscopic simulation where the agent(s) adapt to the network and its characteristics. 

 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 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.  
 In classifier systems 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. 

Methodology 

Objectives 

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 API 
feature. 

 With the objective is of minimizing risk, then the agent will activate 
its “crash risk sensor,” which forms a proximity vector                  
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. 

 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. ,  

Decisions Based on Delay Decisions Based on Crash Risk 

Findings 
 The hypothetical toll plaza is placed on 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. Two demand levels were considered. 

Learning Results for Delay with Periodic Congestion 
 It is assumed that there exists periodic congestion during peak hours on the exit lane 1 only. 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. 

Learning Results for Crash Risk 

 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. 

Motivation 

Conclusions 
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