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ABSTRACT
Traffic signal control (TSC) is crucial for reducing traffic congestion leading to smoother traffic
flow, reduced idle time, and mitigated CO2 emissions. In this paper, we explore the computer
vision approach for TSC that modulates on-road traffic flows through visual observation. Un-
like traditional feature-based approaches, vision-based methods depend much less on heuristics
and predefined features, bringing promising potentials for end-to-end learning and optimization of
traffic signals. Thus, we introduce a simple traffic simulation framework called TrafficDojo to-
wards vision-based TSC and its benchmark by integrating the microscopic traffic flow provided in
SUMO into the 3D driving simulator MetaDrive. This proposed framework offers a versatile traffic
environment for in-depth analysis and comprehensive evaluation of traffic signal controllers across
diverse traffic conditions and scenarios. We establish and compare baseline algorithms including
both traditional and Reinforcement Learning (RL) approaches. This work sheds light on the design
and development of vision-based TSC approaches and opens up new research opportunities1.

Keywords: Traffic Signal Control; Reinforcement Learning; Traffic Simulation; Deep Learning

1All the code and baselines have been made publicly available at https://panhe.org/projects/traffic_
dojo.html

https://panhe.org/projects/traffic_dojo.html
https://panhe.org/projects/traffic_dojo.html
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INTRODUCTION
As per the 2022 INRIX Global Traffic Scorecard annual report (1), a typical American driver
experienced 51 hours in traffic congestion in 2022, resulting in the monetary loss of approximately
$869 in wasted time. A key strategy for mitigating traffic congestion is to develop new Traffic
Signal Control (TSC) algorithms that can effectively coordinate traffic movements at intersections.

Traffic signals are typically controlled by fixed-time, actuated, or adaptive methods. Gener-
ally, these traditional methods must be specifically configured or tuned by experts for regions with
various traffic conditions, which is labor-intensive and limits its large-scale application. Recently,
Reinforcement Learning (RL) has been investigated as a method to optimize adaptive TSC policies
for intersections. By learning from scratch through interaction with dynamic traffic environments,
RL has demonstrated superior performance compared to traditional approaches (2–4). However,
the current study of RL-based methods remains insufficient, as they operate under the strong as-
sumption that all high-level features and observations—such as queue length, waiting time, vol-
ume, delay, speed, vehicle positions, phase duration, and congestion—are readily available (5).
These high-level heuristics are often difficult to extract from raw sensor inputs. Connected and
Autonomous Vehicles (CAVs), leveraging Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure
(V2I) communication, can enhance TSC by providing heuristic information on the speed and lo-
cation of surrounding vehicles, thereby reducing reliance on camera-based systems. However,
they (6, 7) are unsuitable for environments where human-driven vehicles dominate. Such sce-
narios necessitate cameras for sensing and perception algorithms to detect and respond to these
vehicles accurately. It is fair to assert that RL-based TSC needs further exploration to determine if
its policy remains robust when operating with noisy high-level features derived from cameras.

Additionally, manually engineered high-level features may not comprehensively represent
traffic scenarios or align with specific reward designs, hindering RL-based approaches from iden-
tifying the optimal solution. In contrast, the end-to-end policy that directly takes raw images as
input has the potential to learn a better feature extractor and boost the performance of the TSC pol-
icy. Unfortunately, there is a limited body of work exploring vision-based TSC methods, and many
existing studies focus on training TSC policies using simplified or toy top-down snapshots (3, 8).
Moreover, the 2D nature of the simulation limits the ability to study multiview camera setups in a
3D environment. This paper aims to explore end-to-end TSC policy with visual inputs.

Although these aforementioned questions are essential for accelerating the research and
deployment of vision-based TSC methods, we cannot tackle them using existing research infras-
tructures or traffic simulators. Popular traffic simulators, such as Flow (11), Simulation of Urban
MObility (SUMO) (12), CityFlow (13), RESCO (14), and CBLab (15), have been introduced to
simulate diverse traffic scenarios. However, none of them support sensor simulation and thus can
not serve as the test-bed to investigate the impact of the high-level feature estimation for vision-
based TSC methods. A potential solution is to use CARLA (16) with the SUMO bridge where
the images are rendered by CARLA and traffic flows are generated by SUMO. Nevertheless, this
solution is not efficient because CARLA is too slow to render images to train RL algorithms. As a
result, it may take several days or even weeks to collect enough samples for training a TSC policy.

In this work, we develop an open-source traffic simulation framework, TrafficDojo, for fast-
prototyping and comparing TSC algorithms. Our TrafficDojo seamlessly integrates MetaDrive (17)
and SUMO simulators into a unified simulation system where traffic is controlled by SUMO while
MetaDrive serves as a rendering engine that provides multi-view visual observations. Compared
with CARLA (18), which achieves roughly 45 FPS with a single camera on low-quality settings
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FIGURE 1: Overview of TrafficDojo. TrafficDojo supports generating rich 3D visual scenar-
ios from SUMO maps, leveraged by a visual rendering engine of MetaDrive. At each time step,
TrafficDojo implements a synchronization mechanism to direct the synchronous creation, updat-
ing, and removal of vehicles and pedestrians between SUMO and MetaDrive. TrafficDojo thus
provides a Gym interactive environment tailored for traffic signal control, equipped with the ca-
pability to capture visual data from sensors like RGB cameras and LIDARs positioned at a traffic
intersection. Additionally, it directly connects to the common RL training platforms such as Stable-
Baseline3 (9) and RLLib (10) where a wide range of RL algorithms can be evaluated.

in a moderately complex scene, MetaDrive provides a more favorable balance between rendering
fidelity and simulation efficiency. Notably, MetaDrive can sustain up to 300 FPS on a standard
PC while maintaining high-quality visuals and a lightweight footprint of only about 100 MB per
instance (17). Also, it is lightweight and can be easily parallelized. To facilitate the applicability of
standard RL libraries, we follow the standard OpenAI Gym interface and provide a TSC environ-
ment that enables capturing visual data from RGB cameras. The system is programmed in Python
and will be open-sourced.

In summary, the main contributions of the paper are:
• We develop TrafficDojo, a traffic signal simulation framework that bridges MetaDrive

with microscopic simulation and facilitates the research of vision-based TSC policies.
The modular-based design enables customizable configurations of visual sensors and
map topologies.

• We benchmark various vision-based adaptive TSC approaches across two standard traffic
scenarios and offer a comprehensive set of evaluation metrics reflecting quality of service
and environmental impact.

• We investigate the vision-based adaptive TSC approaches and provide valuable insights
into their model design and development and demonstrate that using a pre-trained foun-
dational model as a feature extractor for vision-based TSC approaches is highly effective,
surpassing traditional feature-based methods.

Experimental results highlight the promising potential of end-to-end learning and control
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for vision-based TSC in simulated environments. We hope this approach will open up new research
opportunities for both the reinforcement learning and transportation communities.

RELATED WORK
In this section, we delve into recent research that aligns with our work, specifically focusing on
traffic signal control, simulation environments, and road network generation and descriptions.

Traffic Signal Control
TSC strategies, categorized into fixed-time, actuated, and adaptive control strategies (5), aim to
optimize signal timings for efficient traffic flow. Fixed-time methods (19) rely on historical data to
establish predetermined signal control sequences, assuming stable traffic conditions over a specific
period, typically the past five minutes. Actuated signal methods adapt to real-time traffic data
from sensors like pressure plates and loop detectors, via determining phase and duration based on
current demand and follow predefined logical rules. Adaptive methods (20) optimize signal timing
and excel at automatically adjusting to unexpected traffic changes by monitoring and addressing
performance gaps.

Recent advancements in TSC leverage RL methods that adapt to real-time traffic condi-
tions through trial-and-error (3, 8, 21), unlike non-RL approaches relying on specific assumptions.
Traditional RL methods often use low-dimensional, hand-crafted features as state representations,
limiting performance (5). RL-based methods can generally be categorized by reward, state, and
action designs. Typical rewards include queue length, waiting time, change of delay, speed, num-
ber of stops, throughput, frequency of change, accident avoidance, and pressure (5). Many state
representations have been employed to describe the traffic conditions, such as queue length, wait-
ing time, volume, delay, speed, positions of vehicles, phase duration, and congestion. In terms of
action designs, several common choices exist, such as establishing the current phase duration (22),
determining the ratio of the phase duration relative to a predetermined total cycle duration (23),
transitioning to the next phase in a predetermined cyclic phase sequence (8, 24, 25), and choosing
the phase to transition to from a set of available phases (26, 27). We refer the readers to (28) for
a comprehensive overview of RL algorithms. However, recent deep RLs have made processing
high-dimensional input data like images feasible, offering new TSC possibilities. This paper uses
visual data to compare RL-based TSC algorithms against traditional controllers.

Simulation Environments
Traffic simulation includes three main categories: macroscopic, microscopic, and mesoscopic.
Macroscopic approaches describe traffic flow at an aggregate level, focusing on parameters like
traffic speed, flow, and density and large-scale road simulation. Microscopic approaches model
individual road users, such as vehicles, and their interactions with the environment, including ac-
celeration, braking, lane-changing, and traffic signals. Traffic3D (29) leverages Unity’s graphical
and physics engines but is limited to a narrow range of road traffic scenarios. Sumounity (30), a
concurrent work, integrates SUMO with Unity to enhance traffic simulation capabilities. SUMO, a
popular microscopic simulator, supports 2D simulations of vehicles, public transport, and pedestri-
ans, with extensions like CityFlow (13) and FLOW (11) enabling diverse traffic scenarios. SUMO
also allows co-simulation with 3D platforms like CARLA (16) and Unity 3D. We focus on SUMO
for its ability to simulate long-term traffic scenarios, despite its limitation in generating synthetic
sensor data. Mesoscopic approaches are intermediate approaches bridging macroscopic and mi-
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croscopic. We refer the readers to (31) for a comprehensive review. In this paper, we aim at
developing the benchmark and library for vision-based TSC.

Road Network Generation and Descriptions
Effectively acquiring and modeling road networks is a crucial yet challenging task in traffic simu-
lation. While digital representations of real-world road networks are increasingly available, their
direct integration in simulations often require multi-step procedure and refinements, requiring do-
main expertise for seamless incorporation. CityEngine (32) proposes a procedural modeling ap-
proach in the generation of 3D urban environments. MITSIM describes the semantics of a road
network using terms node, link, segment, and lane. VISSIM (33) introduces link and connec-
tor to represent the topology of a road network. OpenSCENARIO defines an open standard for
describing the dynamic content of driving scenarios. OpenDRIVE (34) standardizes the logical
road description between different driving simulators. OpenCRG (35) is developed to describe 3D
geometries such as inclination, pitch, and yaw angles of the roads. CommonRoad (36) leverages
lanelets (37) to describe road networks. SCENIC (38) introduces a new probabilistic programming
language for describing driving scenarios. Using procedural generation and importing real-world
data, MetaDrive (17) can create an infinite number of scenarios. A comprehensive surveys is
suggested in (39). In this paper, we utilize MetaDrive’s scenario definitions to represent traffic sce-
narios. Additionally, we integrate MetaDrive as the rendering engine due to its lightweight nature
and efficiency.

PRELIMINARIES
In this section, we provide the preliminary knowledge about traffic signal control tasks.

Terminologies
We use a standard intersection with four approaches as an illustrative example to demonstrate the
key concepts. These concepts can be extended to intersections with various topological structures,
such as varying numbers of approaches and skewed intersections.

• Approaches refer to the road segments or lanes directing traffic into or out of an inter-
section, specifying the distinct directions from which road users approach or depart. In
a typical intersection, there are four incoming approaches, namely North, South, West,
and East. Accordingly, there are outgoing approaches on which vehicles can leave the
intersections.

• Traffic Movement describes the various ways in which road users navigate through an
intersection. Each movement corresponds to a specific path or direction a vehicle, pedes-
trian, or cyclist can take within the intersection. Some examples of traffic movements
include a left turn, right turn, through movement, or U-turn.

• Traffic Signals, commonly known as traffic lights, serves as mechanisms for regulating
traffic flows at intersections. They determine when specific traffic movements are per-
mitted or required to stop, guaranteeing the safe and efficient movement of vehicles and
pedestrians. The standard components include red, green, and yellow lights.

• Phases describes the distinct operations of a signalized intersection, equipped with multi-
ple lanes for incoming and outgoing roads. Each phase represents a specific combination
of traffic movements. Phases are identified as “in conflict” when simultaneous assign-
ment is not feasible, often due to intersecting traffic movements. A signal controller
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is responsible for assigning non-conflicting phase sequences to optimize the long-term
objective function. We direct readers to (5) for illustrative examples depicting both non-
conflicting and conflicting phases, and commonly used phases.

• Green Time, also referred to as the duration of the green phase, designates the period
during which traffic can safely pass through the intersection. The actual duration of this
phase is determined by the traffic conditions in the studied area and the space available
for vehicles waiting in the queues. To ensure the safety of vehicles and pedestrians, it
is critical to minimize travel time and simultaneously prevent any skipping of the green
phase. Therefore, there is often a minimum green time associated to an intersection.

Traffic Signal Control as Markov Decision Process
Reinforcement Learning trains an agent how to act to maximize a given numerical reward function.
In our TSC setting, RL will train the agent to map situations to a favorable action to control the
traffic light. It is modeled as a Markov Decision Process (MDP) defined as M = {S,A,Pa,R,γ},
where S is the state space, A is the action space, Pa(s,s′) = Pr(st+1 = s′ | st = s,at = a) defines
the probability of transitioning from state s at time t to state s′ at time t + 1 given action a. R :
S×A → R denotes the reward function, and γ ∈ [0,1] is a discount factor. At each timestep t,
an agent relies on a state st ∈ S to take an action at ∈ A, which is driven by a policy π : S→ A.
The next state st+1 is then determined by the transition probability Pr(st+1 | st ,at) while the agent
received a reward r(st ,at)∈R. To learn the decision-making process, we leverage the accumulated
award GT = ∑

T
t=0 γ tr(st ,at) to find the optimal policy π∗ such that GT is maximized. Popular RL

approaches generally include value-based, policy-gradient, and actor-critic approaches.
The TSC can be formulated as an MDP using RL approaches. The State Space S describes

the state of incoming traffic and current phase information. Specifically, the state of incoming traf-
fic is determined by the sensing capability and ranges that are assumed in the environment. Our
TSC agent representing the state via directly mapping RGB images (with a resolution of 256×256)
to actions for controlling the traffic signal. This leads to an end-to-end learning, that might elim-
inate the need for pre-specification of traffic environment features, such as vehicle density and
queue length. At each timestep, the agent chooses an action, i.e., changing to a signaling phase
for assigning right-of-passage (green light), from the Action Space A. Figure 2 illustrates a visual
example of observations and actions. A mandatory yellow phase is enforced for a specified du-
ration if the chosen phase differs from the current phase, so as to obey the the real-world phase
transition rules. The Transition Function Pa is determined by traffic progression models for sim-
ulated environments, i.e., MetaDrive and SUMO. The Reward Function R reflects the objectives
or interests of traffic agents. In this paper, we focus on optimizing traffic throughput and reducing
travel time or delay of vehicles. Therefore, we adopt the popular diff waiting time as the reward,
which measures the change of waiting time of vehicles (40).

OVERVIEW OF TRAFFICDOJO
In this section, we introduce an open-source traffic simulator, called TrafficDojo for developing and
benchmarking vision-based adaptive TSC algorithms. We describe the key designs of TraffiDojo
and introduce its executing logic for TSC tasks.
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Overview
Both SUMO and MetaDrive have been chosen as key simulation tools within our TrafficDojo
framework. MetaDrive, specifically, stands out as a lightweight and flexible framework built on
Panda3D. It offers a precise physics simulation and supports a range of sensory inputs. Notable
is MetaDrive’s remarkable balance between visual rendering and physical simulation, achieving
up to 300 FPS on a standard PC with a single instance of 100 MB in size (17). TrafficDojo
seamlessly integrates MetaDrive, leveraging its distinctive features while maintaining comparable
simulation speed. However, MetaDrive exhibits limitations in its ability to comprehensively an-
alyze diverse traffic flow conditions, primarily due to its original design focusing on short-term
self-driving scenarios from the perspective of the ego vehicle. Hence, we have seamlessly in-
tegrated SUMO (12), an open source, highly portable, microscopic traffic simulation platform,
into our TrafficDojo framework. This choice is attributed to SUMO’s exceptional capability in
efficiently managing large-scale networks and accurately simulating realistic traffic flows. Signifi-
cantly, SUMO utilizes the TraCI (Traffic Control Interface) API for dynamic traffic modeling and
quick customization of traffic scenarios.

We make efforts in bridging MetaDrive with SUMO for large-scale traffic simulation.
While CARLA offers co-simulation with SUMO, it sees limited adoption in the TSC commu-
nity due to the intricacy of creating custom maps and using them to run simulations in CARLA.
We offer a more practical and efficient choice for researchers to train and test their algorithms and
protocols, focusing on the downstream TSC application. Specifically, our research developments
equip TrafficDojo with several key features:

• a map manager to facilitate the seamless transformation of road network configurations
and the support of importing maps and managing traffic flow.

• a synchronization manager to direct the synchronous creation, updating, and removal of
vehicles and pedestrians between SUMO and MetaDrive.

• a traffic signal agent manager takes charge of traffic signal controllers at intersections, re-
sponsible for retrieving critical traffic information and making transitions between traffic
phases. It also provides an interface to adjust the behaviors and actions of traffic con-
trollers, facilitating the exploration of diverse TSC approaches.

• an observer function linked to traffic signals, capturing visual information from a specific
viewpoint. This functionality enhances data collection capabilities, providing valuable
insights into traffic dynamics and contributing to a more comprehensive understanding
of the traffic environment through the utilization of visual data.

Observing the Traffic Situation
Our framework allows flexible sensor placement (e.g., LIDAR, RGB cameras, depth cameras) and
fine-tuning of parameters like field of view and mounting height. It also features an observer func-
tion that dynamically adjusts sensors based on traffic signal location and surrounding environment.
This enables the strategic placement of multiple cameras, each precisely directed towards the ap-
proaching lanes. By doing so, it effectively captures and monitors traffic from those lanes. The
heights of street light poles vary depending on the area they serve, which in turn affects the mount-
ing height of the cameras. According to (41), cameras are typically mounted at heights ranging
from 30 to 60 feet (9 to 18 meters). Therefore, in this paper, we heuristically place each camera at
a height of 10 meters and set its pitch angle to be −35◦. Figure 2 presents exemplary illustrations
of the multiview camera setup (left) and the corresponding bird’s-eye view (right).
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FIGURE 2: (Left) The multi-view observation setup at an intersection. It involves cameras po-
sitioned at a height of 10 meters, each focusing on the respective approaching lanes. The camera
height can be adjusted to provide images in different views. (Right) The coordination of traffic
signals and participants between MetaDrive and SUMO is achieved through synchronization. The
status of traffic lights for specific links is represented by green, yellow, and red lines. The left
image is the rendered image from MetaDrive and the right image is the SUMO visualization.

Generation of Road Networks
We provide the map manager to generate rich 3D scenarios from SUMO maps. It translates the
SUMO format for scenario definitions into a unified description, providing precise geometric de-
tails for map objects such as driving roads, sidewalks, shoulders, lanes, and crossings. By har-
nessing OpenStreetMap data, which offers detailed road network models, including layouts, inter-
sections, traffic rules, and geographical features, TrafficDojo enables the design and evaluation of
TSC approaches using real-world geographical data. It’s crucial to note that in cases where the
conversion encounters errors, such as confusing connections or sidewalk overlapping, particularly
in large-scale urban networks sourced from OpenStreetMap, manual refinement is still necessary
via tools such as SUMO-GUI for customized maps.

Synchronization of Traffic Signals and Participants
Inspired by CARLA co-simulation, we developed a synchronization manager to efficiently handle
the dynamic creation and removal of vehicles and pedestrians while seamlessly updating their
positions between SUMO and MetaDrive. Furthermore, our framework provides an interface for
controlling and synchronizing the status of traffic signals between both. A visual example is shown
in Figure 2 (right). The traffic signal manager takes charge of controllers at intersections. At each
fixed-time step, the controller selects a non-conflicting phase to receive the right-of-passage (green
light). If the selected phases differ from the currently active ones, a mandatory yellow phase is
triggered for a predefined duration, such as two seconds. Additionally, a minimum green time is
ensured for all phases.
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FIGURE 3: The execution logic of TrafficDojo. Multiple managers are registered and executed in
specific orders for managing traffic signal controllers, synchronizations, and maps.

The Execution Logic
At every simulation step, TrafficDojo oversees the simulator’s status, managing static objects like
maps and dynamic objects’ attributes such as positions, headings, and velocities of vehicles, along
with traffic signal status. Figure 3 depicts TrafficDojo’s execution logic, with several defined key
functions for each manager.

• before_reset. It involves the specification of essential preparation functions required be-
fore initializing the manager including tasks like cleaning up traffic objects and detaching
the map from the scene.

• reset. This step generates objects according to some predefined rules such as initializing
and attaching the map to the scene and initializing/restarting simulators.

• before_step. It is used to configure manager actions for tasks such as communication
with SUMO and setting the light status in our specific context.

• step. This function preprocesses actions for specified agents, e.g., TSC agents, and per-
forms the underlying physics simulation using the Bullet engine.

• after_step. It allows post-processing, calculation, and information collection after ad-
vancing the simulation.

It is important to note that the inclusion of each key step is optional and depends on the spe-
cific requirements of a given task. In our framework, managers serve as comprehensive controllers
for almost everything, including maps, vehicles, pedestrians, traffic lights, etc.

EXPERIMENTS
In this section, we establish different baseline TSC controllers and compare their performance with
feature- and vision-based TSC algorithms in different datasets.

Benchmark Algorithms
Baseline controllers: 1) FixedTime controls the traffic signal according to a predefined time dura-
tion and phase order, whether traffic is present or not. 2) Self-Organizing Traffic Lights (SOTL) (42),
is a cycle-based dynamic phase length TSC based on self-organizing principles. 3) MaxPres-
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sure (43) is designed to create an acyclic, dynamic phase length TSC, via modeling vehicles in
lanes as a substance flowing through a pipe and implements control to maximize the relief of
pressure between incoming and outgoing lanes.
RL controllers: 1) Deep Q Network (DQN) (44) is a powerful algorithm that combines deep neural
networks with Q-learning to learn optimal policies in complex environments. 2) A2C, short for
Advantage Actor Critic, presents a synchronous variant of the A3C method (45). Unlike A3C, A2C
is synchronous and deterministic, waiting for each actor to complete its experience segment before
updating, subsequently averaging across all actors. 3) Proximal Policy Optimization (PPO) (46)
integrates concepts from A2C and TRPO.

We explore four distinct model variants. 1) Feature-based RL approaches (DQN-F, PPO-
F, A2C-F) employ predefined features from SUMO, such as lane density and queue length. 2)
Vision-based RL approaches with multi-view cameras (DQN-MV, PPO-MV, A2C-MV): In contrast
to feature-based variants, these models utilize multiple cameras to capture visual information, as
shown in Figure 2. We limit our exploration to straightforward methods for fusing features from
multi-view cameras with a direct concatenation operation. 3) Vision-based RL approaches with
a single BEV camera (DQN-BEV, PPO-BEV, A2C-BEV): Using a BEV camera to observe the
traffic intersection. 4) Vision-based RL approaches utilizing a single BEV camera and a frozen
foundational model for feature extraction (DQN-BEV*, PPO-BEV*, A2C-BEV*): Addressing the
challenges of learning directly from high-dimensional images (3), these models use a frozen foun-
dational model for feature extraction. Inspired by CLIP (47), we replace feature extractors in
DQN-BEV, PPO-BEV, and A2C-BEV with the pretrained ViT-H-14-quickgelu model from Open-
CLIP (48). This enhancement builds policies on robust features, resulting in the modified DQN-
BEV*, PPO-BEV*, and A2C-BEV*.

Evaluation Metrics
We evaluate TSC algorithm thoroughly using the following metrics: 1) Average travel time, cal-
culating the average duration spent by each vehicle traveling the network including both waiting
and actual travel time; 2) Throughput, normalized on an hourly basis, counts successfully com-
pleted trips; 3) Queue length, the sum of vehicles waiting on lanes; 4) Average delay, calculated
as 1− ∑

n
i=1 vi

n∗vmax
, characterizing the difference between mean vehicle speed and maximum speed limit,

where n is the number of vehicles on the lane, vi is the mean speed of vehicle i, and vmax is the
maximum allowed speed; 5) Accumulated waiting time, the sum of vehicles’ waiting time across
lanes over a specific interval (e.g., 1000); 6) CO2 emissions, evaluating environmental impact by
computing the total emitted CO2 by vehicles.

Experiment Setup
We evaluated two representative traffic scenarios: a synthetic two-way intersection and a real-world
TAPAS Cologne intersection (49) with calibrated traffic demands. Simulations ran for 3,600 sec-
onds, with our map manager converting road networks into suitable representations. Key settings
included a 10-second minimum green time, a 5-second action interval, and a mandatory 2-second
yellow phase before green transitions. All baseline models were implemented in our TrafficDojo.
RGB images from multi-view and BEV sensors are configured with a resolution of 256×356. Ex-
periments were conducted on a server with two AMD EPYC Milan 7713 CPUs and four NVIDIA
RTX A6000 GPUs. Results are based on the best-performing models selected from 200 training
epochs, with evaluations averaged over five runs, reporting means and standard deviations. All
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code and baseline implementations have been publicly released to help readers better understand
the details of TrafficDojo.
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FIGURE 4: Evaluation of the trained policies from various RL controllers in the two-way single
intersection, with a duration of 3,600 seconds. The curves are smoothed using a moving average
with a window size of 50. (Left) Evaluation of CO2 emissions. (Right) Evaluation of average
delay.

Performance Evaluation
We provide a summary of the experimental results shown in Table 1. When trained from scratch,
vision-based RL approaches, especially DQN-BEV, PPO-BEV, A2C-BEV, are better or competi-
tive compared to feature-based methods (DQN-F, PPO-F, A2C-F) in terms of performance metrics.
However, current feature-based approaches depend on the precise extraction and analysis of ag-
gregated traffic features, such as vehicle density and queue length, which hinders the development
of end-to-end solutions. In contrast, vision-based approaches excel in end-to-end learning, despite
the challenge of directly inferring these aggregated features from images.

More impressively, the use of a frozen foundational model as a feature extractor for vision-
based TSC approaches significantly improves the performance of all baseline RL policies. Specif-
ically, in the two-way single intersection scenario, DQN-BEV*, PPO-BEV*, and A2C-BEV*
achieve CO2 emissions of 67.15,70.02, and 66.35 g/sec, respectively. This represents a sub-
stantial reduction in emissions by 7.93%,138.98% and 6.99% compared to the original DQN-
BEV, PPO-BEV, and A2C-BEV models. Moreover, PPO-BEV* improves the model convergence
of PPO-BEV by providing a robust feature representation; without this enhancement, PPO-BEV
would perform poorly. All of these findings highlight the importance of discriminative features in
learning superior RL policies, exemplified by the use of foundational models.

We observe a similar trend in the Cologne 1x1 scenario, reducing emissions from DQN-
BEV (48.15), PPO-BEV (50.62) and A2C-BEV (51.00) to DQN-BEV* (46.27), PPO-BEV* (49.40)
and A2C-BEV* (43.64), representing a relative reduction of 3.91%, 2.41%, and 14.43%, respec-
tively. We observe consistent improvements in other metrics by transitioning from feature-based
approaches to vision-based approaches.
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TABLE 1: Comparison across different controllers using travel time, throughput, delay, accumu-
lated waiting, queue (sec), and CO2 emission (g/sec). For each RL method, we bold the one with
the best performance. For all baseline controllers and RL controllers with different feature extrac-
tors, we underline the method with the best performance.

Two-way single intersection

Metric Travel Time↓ Throughput↑ Delay↓ Accumulated Waiting↓ Queue↓ CO2 Emissions↓

FixedTime 95.11 ±2.62 1879.80 ±18.74 5.57 ±0.08 19480.37 ±2417.03 60.28 ±2.29 190.01 ±7.11

SOTL 80.51 ±6.32 2429.40 ±29.58 5.88 ±0.13 5009.64 ±1672.86 45.86 ±6.27 151.31 ±16.53

MaxPressure 44.08 ±0.89 2484.60 ±2.30 4.86 ±0.10 345.40 ±24.23 11.20 ±0.37 56.54 ±1.27

DQN-F 52.35 ±0.62 2478.20 ±3.42 5.02 ±0.06 338.06 ±10.50 15.16 ±0.30 73.92 ±1.41

DQN-MV 76.13 ±5.73 2225.20 ±421.93 5.73 ±0.15 7646.32 ±12560.97 36.33 ±10.89 141.94 ±17.47

DQN-BEV 51.01 ±0.73 2475.00 ±2.00 5.07 ±0.04 334.35 ±6.96 14.88 ±0.24 72.93 ±0.96

DQN-BEV* 50.10 ±0.46 2481.40 ±3.21 4.88 ±0.08 282.07 ±13.08 13.37 ±0.50 67.15 ±1.85

PPO-F 49.75 ±0.76 2476.40 ±3.51 4.95 ±0.05 307.79 ±9.14 13.54 ±0.36 67.53 ±1.10

PPO-MV 100.88 ±0.57 2221.00 ±1.73 5.73 ±0.02 4255.39 ±24.30 47.42 ±0.27 171.21 ±0.92

PPO-BEV 100.01 ±0.55 2120.00 ±1.41 5.59 ±0.02 4356.62 ±19.99 46.59 ±0.33 167.33 ±1.05

PPO-BEV* 51.00 ±0.80 2477.20 ±3.27 5.12 ±0.05 337.32 ±7.30 14.26 ±0.21 70.02 ±1.03

A2C-F 50.66 ±1.20 2471.40 ±3.51 5.05 ±0.12 340.90 ±27.45 14.85 ±0.67 72.86 ±2.33

A2C-MV 98.30 ±0.35 2350.60 ±4.72 5.92 ±0.01 4172.72 ±24.62 48.79 ±0.10 180.39 ±0.30

A2C-BEV 50.87 ±0.39 2475.40 ±2.30 5.04 ±0.11 324.97 ±13.33 14.58 ±0.31 70.99 ±1.27

A2C-BEV* 48.67 ±0.64 2480.00 ±1.58 4.87 ±0.07 277.71 ±6.92 13.22 ±0.22 66.35 ±1.01

Cologne 1x1

Metric Travel Time↓ Throughput↑ Delay↓ Accumulated Waiting↓ Queue↓ CO2 Emissions↓

FixedTime 165.47 ±3.33 1614.80 ±34.02 4.70 ±0.02 35008.23 ±2972.30 90.85 ±1.22 303.39 ±1.74

SOTL 99.20 ±6.20 1930.20 ±16.39 4.68 ±0.09 5667.02 ±1179.61 32.02 ±2.13 118.32 ±6.07

MaxPressure 44.12 ±0.40 1996.20 ±2.39 2.86 ±0.08 112.05 ±12.92 4.69 ±0.29 46.34 ±0.82

DQN-F 50.28 ±1.69 1994.80 ±2.17 3.12 ±0.07 299.14 ±19.96 6.26 ±0.26 50.77 ±1.02

DQN-MV 50.63 ±1.81 1981.60 ±10.19 3.41 ±0.11 389.67 ±90.84 8.55 ±0.76 57.89 ±2.24

DQN-BEV 44.78 ±1.43 1991.60 ±4.93 2.81 ±0.05 114.32 ±29.87 5.14 ±0.58 48.15 ±1.81

DQN-BEV* 43.83 ±0.72 1997.60 ±0.55 2.74 ±0.05 94.78 ±16.43 4.39 ±0.24 46.27 ±0.99

PPO-F 48.14 ±0.43 1997.00 ±0.00 2.97 ±0.02 156.14 ±17.06 5.73 ±0.18 49.72 ±0.76

PPO-MV 48.44 ±0.74 1997.00 ±0.00 3.01 ±0.03 206.09 ±24.93 6.65 ±0.21 52.63 ±0.64

PPO-BEV 47.71 ±0.55 1996.80 ±0.45 3.00 ±0.05 141.80 ±15.19 5.93 ±0.19 50.62 ±0.35

PPO-BEV* 47.19 ±0.32 1997.00 ±0.00 2.95 ±0.03 122.43 ±8.22 5.51 ±0.12 49.40 ±0.55

A2C-F 42.38 ±0.42 1996.60 ±0.89 2.56 ±0.01 85.57 ±8.50 3.88 ±0.02 44.72 ±0.19

A2C-MV 47.64 ±0.16 1997.00 ±0.71 3.03 ±0.02 160.98 ±14.74 6.03 ±0.17 50.65 ±0.50

A2C-BEV 47.90 ±0.27 1996.80 ±0.45 3.00 ±0.03 184.74 ±10.40 6.17 ±0.10 51.00 ±0.21

A2C-BEV* 43.30 ±0.60 1998.20 ±1.30 2.55 ±0.03 89.23 ±9.51 3.71 ±0.15 43.64 ±0.53
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FIGURE 5: Evaluation of the trained policies from model variants of DQN in the Cologne 1x1
scenario, with a duration of 3,600 seconds and a start time of the 25,200th second. The curves are
smoothed using a moving average with a window size of 50. (Left) Evaluation of the accumulated
waiting time. (Right) Evaluation of average queue length.

Ablation Study and Visualization
Comparison of models with BEV and multi-view camera observations. It is highlighted that vision-
based RL approaches with a BEV camera demonstrate a clear advantage over multiview cameras.
This observation is expected, given that our fusion of features from multiview cameras involves
a straightforward concatenation that might ignore useful context information for coordinated con-
trol. Additionally, the poor performance of PPO-MV in the two-way single intersection scenario
suggests a likely failure in achieving model convergence. We encourage researchers to explore
more sophisticated fusion mechanisms to mitigate performance gaps between BEV and multi-view
camera observations.
Visualizations of different RL controllers. We further analyzed and plotted the results of CO2
emissions and delay for policies trained by different RL controllers—specifically DQN-BEV*,
PPO-BEV*, and A2C-BEV*—at the two-way single intersection. As depicted in Figure 4, when
leveraging discriminative features from foundational models, A2C-BEV* demonstrates slightly
superior performance compared to DQN-BEV* and PPO-BEV*. Both DQN-BEV* and A2C-
BEV* adopt effective policies that promptly minimize traffic delays and CO2 emissions at critical
time points, such as at 0, 900, 1800, and 2700 seconds, where traffic patterns change, leading to
superior overall performance.
Visualizations of model variants. We evaluate the policies learned from various model variants of
a single RL algorithm, using DQN as an example. Specifically, we compare DQN-F, DQN-MV,
DQN-BEV, and DQN-BEV*. As shown in Figure 5, DQN-BEV* exhibits negligible fluctuations
throughout the evaluation period. All model variants exhibit similar policies at certain timesteps
(as evidenced by similar curves and trends), with superior models showing better performance at
critical points to minimize sudden increases.

DISCUSSIONS AND CONCLUSIONS
Our current TrafficDojo has several limitations. Firstly, it exclusively supports and evaluates
single-agent TSC tasks. However, it is highlighted that our framework is designed with flexi-
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bility in mind, and future enhancements are planned to extend its capabilities to accommodate
multi-agent TSC tasks where scenarios involve multiple traffic intersections. This incurs addi-
tional sensing and computational cost in capturing and processing visual data from the simulated
environment. Furthermore, while transitioning from feature-based methods to vision-based meth-
ods contributes to a reduction in metrics such as traffic delay and CO2 emissions and facilitates
progress towards end-to-end learning, it is imperative to acknowledge that the sim-to-real gap are
still observable. Promising directions include works such as (50, 51).

In this paper, we have developed a holistic traffic simulation framework towards vision-
based TSC with microscopic simulation.We have provided a benchmark for training and test-
ing TSC approaches with comprehensive evaluation metrics. Experimental results highlight the
promising potential of the end-to-end learning and control for vision-based TSC. It opens up new
research opportunities for both reinforcement learning and transportation communities.
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