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Abstract

This paper explores the integration of reinforcement learning (RL) into trans-
portation simulations to explore system interventions to reduce greenhouse gas
emissions. The study leverages the Behavior, Energy, Automation, and Mobility
(BEAM) transportation simulation framework in conjunction with the Berkeley
Integrated System for Transportation Optimization (BISTRO) for scenario devel-
opment. The main objective is to determine optimal parameters for transportation
simulations to increase public transport usage and reduce individual vehicle re-
liance. Initial experiments were conducted on a simplified transportation scenario,
and results indicate that RL can effectively find system interventions that increase
public transit usage and decrease transportation emissions.

1 Introduction

The transportation sector is a primary driver of greenhouse gas (GHG) emissions [6]. Presently,
technological advancements are catalyzing a monumental shift in transportation, transitioning the
energy source from mainly fossil fuels to electric power. As a consequence, there’s an imminent need
to reevaluate our current infrastructure, build new capabilities, and formulate progressive policies. In
the last years, extensive data gathering and advances in modeling have enhanced our capability to
forecast mobility trends. Techniques such as agent-based modeling (ABM) and simulation are now
increasingly used for transportation scenario evaluations [5].

Public transportation will play a pivotal role in reducing GHG emissions in any future transportation
scenario. Modern public transit vehicles tend to be more energy-efficient per passenger compared to
private vehicles. If more individuals opt for public transit, it could also lead to a notable reduction in
traffic congestion, subsequently leading to fewer cars idling and releasing GHGs [15]. The reduced
dependence on private vehicles not only lowers the emissions from their direct use but also from
their production, maintenance, and disposal. Additionally, public transport systems foster more
compact, pedestrian-friendly urban developments, facilitating shorter, less carbon-intensive trips [13].
Infrastructure-wise, transportation methods like subways and light rail require less land than roads
meant for personal vehicles, offering potential carbon sequestration if the saved land is employed for
environmental purposes. Furthermore, it is more feasible to transition large-scale public transport
systems, such as buses or trains, to renewable energy sources like solar or wind than transitioning
millions of individual cars, making public transport even greener as our energy grids evolve.
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In this paper, we are interested in the question of how we can utilize reinforcement learning (RL)
[14] to build a tool that can ultimately serve to assist urban planners. For this purpose, we used
the Behavior, Energy, Automation, and Mobility (BEAM) [12] transportation simulation framework
developed at the Lawrence Berkeley National Laboratory combined with the Berkeley Integrated
System for Transportation Optimization (BISTRO) [2] scenario and optimization wrapper, and built an
RL environment that allowed us to perform system interventions in parallel, de-centralized simulation
runs. The resulting framework allows us to train agents that are capable of optimizing transportation
objectives based on a given metric under fixed behavior and transit profiles for individual agents. In
this initial experiments, we are limiting our focus on a simplified transportation scenario with few
action dimensions to show the feasibility of the approach.

2 Agent-based modeling with BEAM and BISTRO

ABM frameworks [1] have evolved as a valuable tool with growing capabilities and versatility to
interactively estimate the effect of different actions and interventions in communities. Based on
real-world data, ABMs allow city planners to model a given city or district based around its existing
transportation and energy infrastructure, population, and vehicular make-up. Starting from an existing
model, different interventions to the existing infrastructure can be applied and simulations of how the
population is affected by these interventions are carried out. Those tools allow us to anticipate several
aspects of policy or infrastructure interventions, e.g., how people adjust their mode preferences and
movement patterns, how EV charging affects the energy grid and transit, and in general anticipate
demand changes for public transport, road usage and the electrical grid.

For our experiments, we are using BEAM and BISTRO; BEAM is an agent-based transportation
simulation framework which can investigate the impacts of new and emerging forms of transportation
and BISTRO provides a Python based interface to BEAM to enable scenario development and an
optimization framework to identify system interventions that best align with policy and planning
objectives. BISTRO can be leveraged for activity-based travel models that integrates optimization
algorithms to automate the search for potential optimal policy parameters evaluated on sets of
defined Key Performance Indicators (KPI) over the diverse transportation system, such as congestion,
travel cost, and GHG emissions. It enables the simulation capabilities of hundreds of thousands of
synthetic agents of urban commuters with unique survey-based socio-demographic characteristics and
commute plan to be executed during the day. Agents can select desired travel modes with re-planning
capabilities to complete their trips to and from activities and improve their mode choice decision at
each iteration until desired convergence condition. Consequently, BISTRO facilitates the algorithmic
optimization of transportation system intervention strategies (e.g., public transit scheduling, changing
vehicle fleet mixes, and altering rate structures for various modes).

Each BISTRO run environment is configured using a set of fixed, scenario-dependent data that
defines the transportation supply elements (street network, vehicle configuration, transit schedule,
etc) and demand elements (agent characteristics and commute plans). Once a metropolitan scenario
is developed and calibrated based on travel demand and survey data, users can deploy BISTRO for
distributed development of algorithms that optimize a feasible set of policy and investment decisions.

We used the Sioux Faux scenario for our experiments, see Figure 1. It is based on Sioux Falls
scenario commonly used as benchmark in ABM research introduced already in 1973 [10]. We used a
population sample size of 15,000 agents as a trade off among population size, behavioral realism, and
computational complexity The transportation network for the Sioux Faux scenario includes a road
network accessible for walking, private and shared vehicles, and public transit vehicles operated by a
single transit agency with 12 transit routes throughout the city. The shared vehicles implemented
for Sioux Faux only allowed single-passenger rides from a fleet of on-demand ride vehicles that was
distributed randomly across the road network at the start of each simulation run.

3 Reinforcement Learning environment

As BISTRO does not have a natural interface to interact with RL algorithms, we relied on RLlib [8]
to build an RL environment capable of adjusting simulation run parameters and starting simulations
in parallel to generate sufficient samples for the RL agent to learn. The multi-process distributed
training, as well as the contained RL algorithms are making RLlib an excellent tool for quickly
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Figure 1: The Sioux Faux scenario is based on a simplified version of the city of Sioux Falls, South
Dakota, transit and road network.

building versatile learning environments. The RL environment was set up in a way to enable either
single agent [7] or multi-agent [16] experiments. In the single agent version, an RL algorithm is used
to find a universal setting for all controllable entities in the environment, for example, a new bus fare
for all lines at the same time, while the multi-agent setting would allow the setting of individual fares
for each line. In this paper, we are only considering the single agent approach.

Each simulation as described above has an approximate run-time of 15 minutes, requiring the RL
agent to learn from few samples even if many simulations can be run in parallel. For this reason, we
selected the Proximal Policy Optimization (PPO) algorithm [11] as underlying learning algorithm as
it has a high sample efficiency and can learn from fewer samples. PPO is a policy gradient method
for RL [4] that stabilizes learning by clipping policy updates and avoiding large changes of a policy
between updates. Its simplicity and ease of implementation have mode it one of the most used RL
algorithms in the existing literature. PPO also allows to use either a discrete or continuous action
space. This enabled us to run two experiments with slightly different settings while leaving much of
the environment identical. We trained the algorithm with 5 samples per batch for 24 hours, where
each sample represented a single simulation with 10 optimization cycles.

First, we formulated the problem as a state-less problem, where every simulation starts with the same
configuration and the agents uses an action to set some parameters. Agents run a single simulation
that ends the episode similar as in the bandit problem [9]. In this case, our actionable parameters
are discrete values for the public transit seat capacity in the range between 0 and 40 and the public
transit standing capacity in the range from 0 to 10. Actions are chosen jointly. Second, we allow
the agent to adjust parameters sequentially. After the first action is chosen, the agent then sees the
value for the first action as part of the state space and can make a better informed decision. Here,
parameters for the simulation fall in the same range of discrete values, however, the agents select a
value in continuous space between 0.0 and 1.0 which is then extrapolated and rounded to the closest
discrete value.

In both cases, we used the same reward function. Every BISTRO simulation provides an output with
scores for a number of different metrics. As our objective was to reduce the number of passengers in
individual travel modes and increase the number of passengers in public transport, we used the total
number of public transport passengers as a key metric for the reward calculation. For this purpose,
we ran the simulation under the original settings to establish a reasonable baseline and note this
target passenger number as pT . At every simulation, we then collect the current passenger number
pc and define the reward for each simulation step t as r(t) = pc

pT
. Under this formulation, a reward

higher than 1.0 indicates a higher usage of public transport and is the desired behavior. It is important
to note that the simulation optimization is multi-faceted , so just setting a high capacity would not
necessarily lead to optimal results as different transit participants have different preferences in terms
of travel duration, destination, and cost.
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Figure 2: Reward development for PPO with discrete action space.

Figure 3: Reward development for PPO with continuous action space.

4 Results and Discussion

In the first setting, the algorithm was able to find better configurations than the standard settings
but was not able to continuously improve the policy throughout the learning process as can be seen
in Figure 2. However, with the continuous action space in the same range and the additional state
information for the second action, PPO successfully learned to improve parameters compared to the
original setting reliably after learning for a few episodes as seen in Figure 3.

Our Results indicate that RL is able to explore and find good simulation parameters to optimize
given transit metrics that can ultimately help reduce transportation emissions, confirming our main
hypothesis in this feasibility study. While we were only able to use a limited scenario and a restricted
action set due to budget reasons, these results confirmed the feasibility of using an RL approach in
ABM that could potentially support human-in-the-loop decision making by finding parameter settings
that optimize a desired KPI in the simulation environment. Future work will focus on working out
more localized KPIs to improve the reward signal in multi-agent learning. This will enable agents to
better optimize their own objectives while keeping system aspects relevant. This could be further
improved by leveraging transfer learning to speed up learning in more complex environments [3].
Eventually, this kind of simulation may be used as support tool for human planners to improve
decision making in infrastructure planning by proposing policies or interventions that can effectively
reduce GHG emissions.
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