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Abstract—Urban traffic congestion is a significant challenge
for modern cities, leading to increased travel times, energy
consumption, and environmental pollution. While conventional
traffic signal control methods, such as fixed-time or rule-based
strategies, are still widely used, they often fail to adapt to complex
traffic dynamics, especially in urban roundabouts. This study
proposes a deep reinforcement learning (DRL) framework for
intelligent traffic signal control, specifically trained and tested
in the Gongguan Roundabout in Taipei, Taiwan—an intersection
with high traffic volumes and asymmetric geometry. A simulation
setup is created using the SUMO software, and a Recurrent
Proximal Policy Optimization (R-PPO) algorithm with LSTM
memory is used to address partial observability and temporal
dependencies in the traffic flow. Experiments conducted under
different traffic conditions, including peak traffic hours, demand
fluctuations, and incident disruptions, demonstrated that the
proposed R-PPO framework significantly outperforms baseline
strategies. These findings highlight the effectiveness of memory-
enhanced DRL in achieving adaptive, stable, and fair traffic signal
control in real-world roundabout scenarios.

I. INTRODUCTION

Traffic congestion in urban areas has become a serious
issue worldwide, caused by population growth and the rising
number of private vehicles. This situation results in longer
travel time, increased operating costs, and deteriorating air
quality, which negatively impacts human health [1]. Numerous
studies have demonstrated that effective traffic signal control
is a key solution to alleviating congestion and improving
urban mobility [2], [3]. In recent years, the advent of new
communication technologies, such as the Internet of Things
(IoT), has enabled vehicles and roadside units to exchange in-
formation rapidly [4]. These technologies provide a foundation
for intelligent traffic control, and many adaptive traffic control
systems (ATCS) have been developed, for example, InSync [5],
RHODES [6], and systems based on decentralized cycle-free
methods [7]. However, as ATCS rely on rule-based models
designed by domain experts, even slight changes in traffic
patterns can lead to significant drops in their performance.
To overcome this limitation, reinforcement learning (RL) [8],
[9] has emerged as a powerful alternative, where an agent
learns a control policy through trial-and-error interactions with
the environment. Most existing RL studies, however, were
conducted on simple intersections with synthetic traffic flows.
In contrast, roundabouts are inherently more complex due to
their circular layout, multiple entry lanes, and high merging
pressure. Additionally, in many Asian cities, motorcycles con-
stitute a large portion of traffic flow, further increasing the
unpredictability and difficulty of effective control.
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To address the issues outlined above, this study focuses on
the Gongguan roundabout in Taipei, Taiwan. This roundabout
features six entry and exit approaches and handles over 10,000
vehicles during peak hours. Notably, motorcycles account for
approximately 76% of the total traffic flow. According to
government records, Gongguan has been ranked as the most
accident-prone intersection in Taipei for seven consecutive
years [10], [11]. The complex configuration and high traffic
volume make Gongguan an ideal, yet highly challenging case
for advanced traffic signal control. Therefore, this study aims
to develop a more adaptive and intelligent control framework.
The authors aimed to develop a deep reinforcement learning
(DRL) system capable of efficiently managing traffic signals
in roundabout environments that would help reduce vehicle
delay, improve speed, and control the traffic stability.

II. RELATED WORK

The earliest Al applications in traffic signal control involved
fuzzy logic, artificial neural networks (ANNs), and basic re-
inforcement learning, each offering distinct advantages. Fuzzy
logic [12] allows for the representation of imprecise and quali-
tative knowledge, enabling systems to mimic human decision-
making. However, fuzzy systems require rules designed by
experts, and cannot adapt over time, limiting their effectiveness
in highly dynamic environments. ANNs [13] provide function
approximation capabilities, mapping traffic states to control
actions, based on historical data. They can learn complex
nonlinear relationships in traffic behavior, and were initially
applied in supervised learning settings for signal timing pre-
diction and classification. As for reinforcement learning, early
work with tabular RL methods, such as Q-learning [14], [15],
was aimed at determining action-value functions and then
selecting actions by explicit maximization. The RL studies
demonstrated that Al agents could achieve adaptive control
policies without pre-defined rules or labels.

To handle high-dimensional state spaces in traffic control,
deep Q-Network (DQN) [16]-[18] uses a neural network to
replace the Q-table and applies target networks and experi-
ence replay to stabilize learning. Various actor-critic methods,
including A3C [2], [19], DDPG [20], [21], and PPO [22],
[23] were developed to allow the agent to learn policies and
value functions separately, supporting continuous control and
improving stability.

In these and many other DRL-based traffic signal control
methods, agents operate under partial observability. For ex-
ample, upstream congestion or residual queues may not be
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Fig. 2: Proposed system architecture.

directly measurable, resulting in a partially observable Markov
decision process (POMDP), where the agent must infer hidden
dynamics from limited observations. Standard feedforward
models, such as DQN and PPO, are not well-suited to these
settings. To address the predicament, recurrent neural networks
(RNNs) can be integrated into RL architectures, allowing
agents to retain and reason over the past observations. Re-
current Proximal Policy Optimization (R-PPO) [24], [25],
which incorporates LSTM layers into both the actor and critic
networks, enables policy updates based on the current inputs
and past states.

III. PROPOSED METHOD

Fig. 1 illustrates the closed-loop interaction of traffic signal
control using deep reinforcement learning. The DRL agent
continuously interacts with the environment in three sequential
steps:

1) Observation: The agent receives the current traffic state.

2) Action: Based on the observation, the agent selects
an action, such as switching the traffic light phase or
extending the current (green) phase.

3) Reward: After the action is applied, the environment
updates and returns a reward signal to evaluate the
action. The agent then updates its policy, based on this
feedback.

Step 1: Observation
Collect Traffic Information

— DRL Agent

\ Step 3: Reward
Evaluate performance

Step 2: Action
Decide the traffic signal phase

1

Fig. 1: Conceptual loop of DRL-based traffic signal control.

The proposed system integrates the traffic simulator

TABLE I: Notation used in the DRL training framework

Symbol Definition

ot Observation vector at timestep ¢ (e.g., lane
occupancy, queue length).

at Action at timestep t (e.g., phase decision ).

Tt Reward signal based on traffic performance
after executing a¢.

Ot41 Observation after environment transition

following at.

(ot,a¢,r¢,0¢41)  Transition tuple stored in the rollout buffer.

{00, ...,0t} Historical observation sequence used by the
policy.

mo(at|o<y) Stochastic policy with parameters 6 generating
actions.

Vg (ot) Value function estimating return from oy.

Ay Advantage estimate computed using GAE.

SUMO [26] with a reinforcement learning agent, based on
Recurrent Proximal Policy Optimization (R-PPO). SUMO
provides for detailed urban traffic simulations, while the R-
PPO agent learns to control traffic signals by interacting with
the simulated environment. Fig. 2 illustrates the proposed
system architecture, and Table I lists the notations used. The
system operates in a closed loop where the SUMO simulator
executes one step (t — t + 1) to update vehicle and signal
states, followed by the environment module collecting traffic
features to produce the observation vector o;. The R-PPO agent
utilizes the observation history {og,...,0:} to generate an
action a; by applying a stochastic policy mg(a;|o<;), which
is then realized in SUMO via the TraCI API. After executing
the action, the environment transitions to the next state 0,4
and provides the reward 7, reflecting the traffic performance.
The tuple (o, at,7¢,0141) is stored in the rollout buffer, and
after collecting a batch, the agent updates its policy my and
value function Vj,(o;), using PPO with advantage estimates A;
computed through Generalized Advantage Estimation (GAE).

A. Reinforcement Learning Component Design

At each simulation timestep ¢, the environment provides an
observation vector o, € RS that captures traffic and signal-
related information. This includes 18 approach-level features
(lane occupancy, vehicle inflow, and speed for six approaches),
3 ring-level features (mean occupancy ring, and the 25th and
75th percentile velocities on the ring), and 5 phase-related
features (the phase mask, timer ratio, and episode progress).
These are arranged as follows:

_r,.m O 1 (6) (6) (6)
0y = [Oocc’ 0ﬂ0w7 Ospeed7 <oy Ooces Oﬂow7 Ospeed’
Approach-level (18D)
Oring_occy Ospeed_p25) Ospeed_p75; (1

Ring-level (3D)

Omask, Otimer; Oprogress ]

Phase-related (5D)

At each timestep, the agent selects a discrete action a; = ¢y,
where ¢; € {0, 1,2} indicates the target green phase index. A
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currently active phase holds for at least 15 seconds before
switching and is forcibly switched after 30 seconds to prevent
starvation. A 3-second yellow buffer is applied between green
phases to ensure safety during transitions.

The reward at timestep ¢ is defined as:

Tt = Toutflow + Tspeed T Tslow + Tqmax + Tswitch)

where, Toufiow 1NCreases when more vehicles leave the round-
about, 7gyecq reflects the average speed of all vehicles, and 70w
is a penalty term for when many vehicles move under 2 m/s.
Tqmax 18 also a penalty for when the queue is long, while 7syiich
when the agent changes the phase. The latter penalty becomes
greater during training to make the agent learn to switch only
when needed.

B. Recurrent Proximal Policy Optimization

Recurrent Proximal Policy Optimization (RPPO) is em-
ployed to handle sequential traffic signal control under partial
observability, which is a common condition in urban environ-
ments with evolving queues and delayed vehicle responses. In
terms of RPPO implementation, this study deployed Stable-
Baselines3 [27] for its modular PPO framework with LSTM
policy. The policy network (Fig. 3) receives the observation
vector o, which is first processed by a multi-layer perceptron.
The encoded features are passed to the LSTM module and then
forwarded to two processing heads, the Actor Head and Critic
Head. Actor Head produces a categorical distribution over
three traffic signal phases, from which an action ¢; € {0,1,2}
is sampled at each decision step. Critic Head outputs a state-
value estimate V'(o¢, ht) to evaluate expected future returns,
which helps assess the advantages during updates. The train-
ing procedure of RPPO is detailed in Algorithm 1. In each
timestep, the agent interacts with the SUMO environment and
collects the transition data. These data are stored in a recurrent
rollout buffer for training. After collecting enough samples, the
Generalized Advantage Estimation (GAE) method is used to
calculate the advantages A, and the target returns R;. The
agent then updates the policy and value networks by using the
clipped surrogate loss and the value loss functions. An entropy
term is added during training to encourage the agent to explore
different actions.

IV. EXPERIMENTS
A. Network and Traffic Settings

The simulated Gongguan Roundabout has six arms with lane
configurations extracted from OpenStreetMap and adjusted,
using SUMO’s NETEDIT tool, to accurately reflect the real-
world geometry 4. Traffic demand is modeled based on morn-
ing peak-hour survey data provided by the Taipei City Traffic
Engineering Office. The vehicle mix includes motorcycles,
cars, trucks, and buses, each assigned specific size and speed
parameters. Vehicles are generated using . rou.xml files with
probabilistic arrival patterns. To introduce variability across
episodes while maintaining consistent demand ratios, different
random seeds are applied during traffic generation.

Actor Network

Observation Shared Dense Layer . LST_M Softmax _Action
Linear(256) + ReLU Hidden size: 256 Phase ID
< @
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Fig. 3: RPPO policy network with observation encoder, LSTM
memory, and actor-critic heads.
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Fig. 4: Simulated Gongguan Roundabout.

B. Evaluation Scenarios

Two scenarios are designed to evaluate the proposed RPPO

traffic signal control:

1) High-Demand Scenario: In this scenario, the overall
traffic is increased to 130% of the baseline morning
peak-hour traffic. Additionally, a noise of 10% is applied
to the arrival rates for each route to introduce fluctuations
in vehicle arrivals. This scenario evaluates the trained
model’s ability to handle high and varying traffic demand
while maintaining a stable signal control performance.

2) Accident Scenario: This scenario introduces a realistic
incident by randomly blocking one lane. The closure
lasts for 15 minutes. This scenario tests the model’s
adaptability under partial road blockage and its ability
to maintain traffic flow during unexpected disruptions.

C. Baselines

To evaluate the proposed RPPO method, three baseline
methods are used for comparison. All reinforcement learn-
ing baselines use the same environment settings, observa-
tion space, reward structure, and action space to ensure fair
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Algorithm 1: Recurrent PPO Training

1 Initialize: For each episode, generate a new dynamic
rou.xml. Actor network pig(oz, h3°") with
parameters 6, and a recurrent critic network
Vi (04, h§™) with parameters ¢. Recurrent rollout
buffer B = {(o¢, a¢, ¢, 0441, dg, R34, b)Y T

2 for episode e =1 to F do

3 for rollout step t =1 to T do

4 Observe normalized state o; and hidden state
hy.

5 Select action a; ~ mg(az | o¢, hyt).

6 Execute a; in SUMO, receive reward r;, next
state o;41.

7 Store (0, as, ¢, ht, Vis(0¢)) in the rollout buffer.

8 Compute GAE advantages A, and returns R,.
9 for each PPO update epoch do
10 Update policy 6 by minimizing:

L = R, [1rnin(r,5((9)zﬁit7
clip(r¢(0),1 — e, 1+ e)flt)],

_ 779(at|0t7ht)
where r;(0) = o {arlorhn)”

11 Update value function ¢ by minimizing:

LY =By [(Vy(or) — Re)?].

12 Add entropy bonus:

L =, [7-[(779(~ \ ot,ht))].

13 Perform gradient updates:

0 < 6 — nVe(LMP — BL)
¢ ¢ —n VLV,

where 7 and 7, are learning rates, and (3 is
the entropy coefficient.

14 Output: Trained Recurrent PPO policy 7y, value
function V.

comparison. The fixed-time control applies a 30-second green
time for each phase without real-time adaptation, serving as a
lower-bound reference. The Double Deep Q Network (DDQN)
baseline is a value-based reinforcement learning method where
the agent selects phases by using double Q-learning to learn Q-
values and reduce overestimation during updates. The Proximal
Policy Optimization (PPO) adopts a policy gradient-based
structure. The agent learns a stochastic policy, using a clipped
surrogate objective, allowing for stable updates. This compari-
son isolates the effect of the recurrent structure in the proposed
RPPO. All the above methods are trained under the same
simulation settings, using consistent random seeds across runs,
with the same traffic variations. The same reward structure is
used to ensure that differences in results come from algorithm
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Fig. 5: Comparison of RPPO and PPO performance.

differences, but not from reward shaping. As for the evaluation
metrics, each method is characterized in terms of average speed
and travel time to measure the traffic efficiency. The average
queue length is used to assess the congestion levels, and the
average step reward to monitor the learning progress during
training. The average phase duration is taken as an indicator
for the phase-switching behavior of the signal controller. The
source code and experimental scripts could be obtained from
https://github.com/chenyuuuuuu/DRL_Gongguan

V. RESULTS

Fig. 5a and Fig. 5b present training results of RPPO and
PPO under the morning peak-hour traffic scenario. RPPO
gradually increases the average step reward to approximately
0.3 after 200K timesteps and maintains it between 0.2 and
0.4, whereas PPO fluctuates near zero with higher variance.
This suggests that RPPO achieves more stable policy updates
during training. It also maintains a higher explained variance,
stabilizing around 0.8-1.0 after 250K timesteps, while PPO
remains lower at approximately 0.3-0.7. A higher explained
variance means that the value function predictions are closer
to the target returns, implying that RPPO provides for more
accurate advantage estimates and more reliable gradient up-
dates.

Tables II and III show results obtained for the accident and
high-demand scenarios, respectively. In both scenarios, RPPO
demonstrated the best performance. It yielded the highest aver-
age step reward, the lowest average queue lengths, the shortest
travel times, and the highest average speeds. In comparison,
PPO and DDQN showed moderate improvements but failed
to reach optimal performances. Fixed-Time Control performed
the worst, especially under the high demand conditions. When
the overall traffic demand increased to 130%, the network
became nearly deadlocked, with new vehicles attempting to
enter the roundabout while the vehicles already there could
not leave. These results showed that RPPO effectively reduces
congestion and improves traffic flow in both the accident and
high-demand scenarios.

A. Discussion

Results obtained in the experiments confirmed that traffic
exhibits temporal patterns, such as gradual increases in flow
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TABLE II: Performance under High-Demand Scenario

Method Avg. Step Reward Queue (veh) Speed (m/s) Travel Time (s) Phase Duration (s)
Fixed-Time —1.08 +0.09 70.48 +13.81 2.43 +£0.27 119.18 +6.34 30.00 £ 0.00
DDQN —0.84 +0.04 26.70 + 1.35 3.71+0.10 75.27 + 2.70 27.59 +0.82
PPO —0.63 +£0.04 23.42 +1.05 4.18 +0.08 66.57 + 2.10 21.90 & 0.27
RPPO —0.13 £ 0.02 12.84 +0.48 5.18 £ 0.06 49.76 + 0.90 21.25 4+ 0.24
TABLE III: Performance under Accident Scenario
Method Avg. Step Reward Queue (veh) Speed (m/s) Travel Time (s) Phase Duration (s)
Fixed-Time —1.374+0.14 122.70 + 33.00 1.61 £0.34 94.80 + 39.90 30.00 £ 0.00
DDQN —1.25 +£0.09 42.60 £ 8.50 2.87 +£0.28 108.70 =+ 20.40 26.02 +1.18
PPO —0.37 £ 0.08 17.10 £2.10 4.65 +0.18 65.00 + 4.90 21.23 +0.19
RPPO —-0.17+0.11 13.40 +2.70 5.17 +0.25 55.90 + 5.30 20.60 +0.13

and queue buildups. Recurrent models are capable of cap-
turing these trends, enabling the agent to proactively adjust
signal phases before congestion worsens. However, under a
persistently heavy congestion, queues remain long and vehicle
speeds drop to near zero. In such conditions, reward signals
exhibit minimal variation, making it difficult for recurrent
models to learn effective control strategies from the temporal
dynamics. In contrast, DDQN performs better in these scenar-
ios by relying on single-step Temporal Difference (TD) errors
to select efficient greedy actions without depending on the
historical patterns. This suggests that the effectiveness of a con-
trol method depends on characteristics of the traffic environ-
ment. Recurrent models are better suited to intersections with
variable demand and observable traffic fluctuations, whereas
value-based methods like DDQN can be more effective in
consistently congested settings. In addition to model selection,
the design of the reward structure also influences learning
and control behavior. The phase-switch penalty in the reward
function introduces a trade-off between immediate congestion
relief and long-term signal stability. Frequent switching may
temporarily reduce queue lengths but can lead to stop-and-go
driving conditions and reduced intersection efficiency due to
the increased number of yellow signal phases. By gradually
increasing the switch penalty during training, the agent learns
to assess whether a phase change is necessary, based on the
current traffic conditions.

VI. CONCLUSIONS

This study applied deep reinforcement learning to improve
traffic signal control at the Gongguan Roundabout in Taipei,
Taiwan, under varying demand conditions. To address the
unique characteristics of the roundabout traffic, the observa-
tion space and reward structure were designed to enable the
agent to effectively learn and adapt to dynamic traffic pat-
terns. The experimental results demonstrated that the proposed
approach outperformed the popular traffic control strategies
tested. Future work will extend this method to urban traffic
networks involving multiple intersections and roundabouts to
study coordinated control in more complex traffic situations.
In these networks, mixed traffic modes, such as bicycles and
pedestrians, will also be included to make the method more

practical for real-world deployment.
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