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Abstract—Conventional fixed-time traffic light control systems
cannot accommodate real-time fluctuations in vehicle volume,
making adaptive approaches based on reinforcement learning an
increasingly popular alternative. This study implements a Deep Q-
Network (DQN) architecture combined with a Faster R-CNN
ResNet-50 FPN v2 object detection sensor for smart traffic light
control. Traffic data were collected from CCTYV recordings of a T-
intersection in the city of Surabaya via the SITS application and
processed into a Discrete Traffic State Encoding (DTSE)
representation sized 4x20x3 as the model input. Evaluation was
carried out under three time conditions (morning, afternoon, and
night) using the average queue length, average reward, and total
departed metrics. The Faster R-CNN detector achieved a recall of
96.21%, outperforming comparable single-stage detection
methods and providing more reliable traffic observations for the
reinforcement learning agent. Among the evaluated checkpoints,
the model trained for 500 episodes delivered the best overall
performance, with an average queue length of 127.34, an average
reward of 161.75, and 1,046.97 departed vehicles. These findings
suggest that accurate vehicle detection plays an important role in
improving reinforcement learning performance for adaptive
traffic signal control.

Keywords—Deep Q-Network, Faster R-CNN, Adaptive Traffic
Light, DTSE, Reinforcement Learning.

1. INTRODUCTION

Rapid population growth and urbanization have driven a
significant increase in the number of motor vehicles in
Indonesia’s urban areas. Statistics Indonesia (BPS) recorded
more than 140 million motor vehicle units in 2022 [1], [2]. The
imbalance between vehicle growth and road capacity causes
congestion that results in economic losses exceeding IDR 1.5
trillion across major Indonesian cities [3], as well as increased
pollutant emissions and reduced productivity [4].

Conventional fixed-time traffic light control systems
cannot adapt to real-time variations in vehicle volume, resulting
in long queues and inefficient waiting times [5], [6].
Reinforcement Learning (RL) has emerged as one of the most
widely explored approaches for traffic signal optimization
because it enables an agent to learn effective control policies
directly through interaction with its environment instead of
depending on predefined traffic models [7], [8].

One of the most widely adopted Deep Reinforcement
Learning (DRL) algorithms is Deep Q-Network (DQN) [9],
which has demonstrated promising results in traffic signal
optimization tasks [10], [11]. However, most previous studies
validate their methods only in simulation environments.

Consequently, their reported performance may not fully
represent real-world deployment, where decisions rely on
visual information captured from actual traffic scenes.

This study implements a DQN combined with a Faster R-
CNN ResNet-50 FPN v2 object detection sensor [12], [13], [14]
for adaptive traffic light control based on real CCTV data. The
main contributions of this study include: (1) an end-to-end
pipeline implementation from real CCTV video to traffic light
control decisions via DTSE representation, and (2) an analysis
of the effect of object detection sensor quality on DQN
architecture performance.

II. LITERATURE REVIEW

A. Deep Q-Network (DON)

DQN [9] combines Q-learning with a deep neural network
to approximate the value function Q(s, a), enabling the agent to
learn an optimal policy from high-dimensional input. DQN’s
two main innovations are experience replay and a target
network, which stabilize the training process. The optimal Q
function underlying the DQN algorithm is defined as:

Q(s,a) = E[r + y - max* Q(s',a") | s,a] €))

where s is the current state, a is the action taken, r is the
immediate reward, s’ is the next state, and vy is the discount
factor (0 <y < 1), which determines how much the agent values
future rewards.

B. Faster R-CNN

Faster R-CNN [12] is a two-stage object detector that
combines a Region Proposal Network (RPN) with a classifier.
The ResNet-50 FPN v2 version [13], [14] leverages a Feature
Pyramid Network to detect objects at multiple scales, making it
more sensitive to distant or small vehicles than single-stage
detectors.

C. Related Work

Nguyen and Vo [10] showed that DQN can significantly
reduce vehicle waiting time compared to fixed-time systems.
Park and Han [11] demonstrated the effectiveness of DQN
across various traffic scenarios. Putra et al. [15] showed that a
well-designed reward function can improve DQN performance
by up to 90% compared to conventional systems. This study
complements that literature by validating DQN using real
CCTV data through a Faster R-CNN sensor.

III. RESEARCH METHOD
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A. Research Design

This study uses a two-stage approach: a DQN model
training stage within a simulation environment based on real
CCTV data, and an evaluation stage on test data separated via
a Stratified Temporal Split. The model built is a DQN paired
with a Faster R-CNN ResNet-50 FPN v2 sensor as the source
of the environment’s state representation.

B. Dataset and Extraction Pipeline

The data are sourced from CCTV video recordings of a T-
intersection (3 lanes: A, B, C) in the city of Surabaya via the
Department of Transportation’s SITS application. The
recordings cover three time conditions (morning, afternoon,
night). Vehicle detection uses fasterrcnn resnet50 fpn v2
(pretrained on COCO) with a confidence threshold of 0.1 and
per-lane ROI-based filtering.

The detection results are converted into a Discrete Traffic
State Encoding (DTSE) grid with dimensions (4, 20, 3). The
dataset contains 5,061 samples, split sequentially per time
condition using an 80/20 Stratified Temporal Split, yielding
4,048 training samples and 1,013 test samples.
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Figure 1. Smart Traffic Light Control System Pipeline Based on DQN

Baseline
TABLE [
DATASET DESCRIPTION
Characteristic Description
Data Source CCTV via SITS, Surabaya Dept. of
Transportation

Number of Lanes 3 lanes (A, B, C)

Time Conditions Morning, Afternoon, Night
5,061 rows

4,048 rows (80%)

Total Samples

Training Data

Test Data 1,013 rows (20%)
Dataset Format PyTorch Tensor (.pt)
DTSE Grid Dimensions (4 x20x%3)

C. DON Model Architecture

The proposed DQN receives a DTSE representation with
dimensions of (4, 20, 3) as its input. Feature extraction is
performed using three convolutional layers that progressively
increase the number of channels from 4 to 32, then 64, and
finally 64 feature maps. Each convolution is followed by a
ReLU activation function, while adaptive average pooling is
applied before the extracted features are flattened. The resulting

256-dimensional feature vector is transformed into 128 neurons
through a fully connected layer and subsequently processed by
two hidden layers containing 64 neurons each. A final linear
layer produces the Q-values for the two available traffic signal
actions. In contrast to the DQN Attention model, this network
relies solely on features learned by the convolutional layers,
without incorporating any channel attention mechanism. In
addition, traffic signal transitions are permitted only after the
current green phase has remained active for at least five

timesteps.
State: DTSE grid (4x20x3) — Presence, Density, Phase,
Phase Duration -
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Figure 2. DQN Training Process Flowchart

D. Reward Function and Hyperparameters

The reward function is designed to encourage queue
reduction and increased throughput:
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R, = —% — 0.5 Tgyyren + 0.3D, — 0.1 1, (2)
e TABLE II
DQN HYPERPARAMETER CONFIGURATION
Hyperparameter Value
Learning Rate 0.001 (Adam)
Batch Size 64
Gamma (y) 0.99
Epsilon Decay 0.995
Target Network Update Every 10 episodes
Replay Buffer 10,000 transitions
Max Steps/Episode 150
Total Episodes 1,500

Checkpoints 500, 1,000, 1,500 ep

E. Simulation Environment

The experiments were carried out in a simulated three-lane
T-intersection composed of lanes A, B, and C with a cyclic
traffic signal sequence. Each training episode consisted of 150
timesteps, and the traffic condition at the beginning of every
episode was randomly assigned as morning, afternoon, or
nighttime. At each timestep, the agent received a four-channel
DTSE representation containing vehicle presence, vehicle
density, the current signal phase, and phase duration. To better
reflect realistic traffic operation, signal switching was restricted
until the active green phase had lasted for at least five timesteps.

F. Evaluation Metrics

Sensor evaluation uses Precision, Recall, and F1-Score
against 90 ground-truth samples (10 frames % 3 lanes x 3
conditions). Control evaluation uses three metrics: Average
Queue Length (the average queue length, lower is better),
Average Reward (the average reward per timestep, higher is
better), and Total Departed (the total number of vehicles that
successfully passed through the intersection, higher is better).

F.1 Average Queue Length

Average Queue Length measures the average number of
vehicles waiting across all intersection lanes during one

episode:
T
-1
Q=7 Z n; (1)
i1EL
t=1

F.2 Total Departed

Total Departed measures the total number of vehicles that
successfully passed through the intersection within one
episode:

3)

(4)

n= Ndeparted

F.3 Average Reward

Average Reward measures the overall quality of the
agent’s decisions, computed as the average reward per

timestep:
1y
k= TZ no O
t=1

The reward function components that make up the value 1
at each timestep are defined by Equation (2).

F.4 Precision, Recall, and F1-Score

Precision, Recall, and F1-Score are used to measure the
detection quality of the Faster R-CNN sensor against ground
truth:

precicion — TP ;
r601s10n—TP+FP 6)
Recall = i 7
AT TP Y FN )

_ 2 X Precision X Recall

F1 (3

Precision + Recall

where TP is the number of correctly detected vehicles, FP
is the number of false detections, and FN is the number of
undetected vehicles.

IV. RESULTS AND DISCUSSION

A. Faster R-CNN Sensor Evaluation

The object detection model was assessed using 90
manually annotated ground-truth samples. Faster R-CNN
ResNet-50 FPN v2 achieved a precision of 68.65%, a recall of
96.21%, and an F1-score of 80.13%. The high recall indicates
that most vehicles were successfully detected, while the lower
precision suggests that false-positive detections still occurred.
Detection performance also differed across traffic conditions.
The afternoon dataset produced a perfect recall of 100% (FN =
0), whereas nighttime conditions proved more difficult,
reducing recall to 95.23%.

TABLE IIT

FASTER R-CNN SENSOR EVALUATION RESULTS (90 SAMPLES)

Condition Precision Recall F1-Score TP/FP/FN
Morning 0.7785 0.9406 0.8519 935/266/59
Afternoon 0.6083 1.0000 0.7564 705/454/0
Night 0.6611 0.9523 0.7805 519/266/26
Aggregate 0.6865 0.9621 0.8013 2159/986/85

This high recall directly affects the quality of the state
representation received by the RL model. The DTSE grid
produced by Faster R-CNN more densely and accurately
reflects actual traffic conditions, enabling the DQN agent to
build a more discriminative policy.
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B. Training Curve Analysis

Figure 3 through Figure 5 show the training curves of the
Faster R-CNN-based DQN over 1,500 episodes. During the
first 500 episodes, the model maintained an average reward of
~100-120 with a stable avg queue, indicating a productive
exploration phase. Loss remained under control, staying below
55 during this period.

Training Curve (Ep. 0-500)
DQN Baseline [Faster R-CNN]
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Figure 3. Training Curve of DQN [Faster R-CNN] — Episode 0-500 (Red
dashed line = Checkpoint 500ep)

From episode 501-1,000, the model began to show
instability. The avg queue experienced a massive spike around
episode 900, reaching more than 220 vehicles, accompanied by
training loss exploding to above 1,500. This is a sign of
uncontrolled gradient divergence resulting from the absence of
a regularization mechanism in the architecture.
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Training Curve (Ep. 501-1000)
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Figure 4. Training Curve of DQN [Faster R-CNN] — Episode 501-1000
(Orange dashed line = Checkpoint 1000ep)

From episode 1,001-1,500, the model underwent total
divergence, with loss exceeding 40,000 and an avg queue that
remained unstable throughout this training range. This finding
confirms that only the 500-episode checkpoint is valid for the
Faster R-CNN-based DQN model.
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Training Curve (Ep. 1001-1500)
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Figure 5. Training Curve of DQN [Faster R-CNN] — Episode 1001-1500
(Purple dashed line = Checkpoint 1500ep)

C. Evaluation per Time Condition

TABLE IV
EVALUATION RESULTS PER TIME CONDITION (DQN [FASTER R-CNN],
CHECKPOINT 500 EP)
Condition Avg Queue | Avg Reward 1 Total Dep. 1
Morning 106.59 163.12 982.37
Afternoon 146.39 17291 1,147.67
Night 176.98 135.70 1,125.60

The afternoon condition produced the highest total
departed (1,147.67) with an avg reward of 172.91, indicating
that the model is more effective under moderate traffic volume
and optimal lighting. The night condition showed both the
highest avg queue (176.98) and the lowest avg reward (135.70),
reflecting the sensor’s detection challenges under low-light
conditions, which affect the quality of the state representation.

Avg Reward Avg Queue Length

Total Departed (vehicles)

(a) Average Queue Length per Time Condition

200 -

176.98

Morning Afternoon Night

(b) Average Reward per Time Condition
200 -

175 - 172.91

Morning Afternoon Night

(c) Total Departed per Time Condition

1300 -

1200 -

1147.67
1125.60

Morning Afternoon Night

Figure 6. Performance Visualization per Time Condition: (a) Avg Queue, (b)

Avg Reward, (c) Total Departed

D. Aggregate Evaluation and Checkpoint Selection

987

TABLE V

AGGREGATE EVALUATION — ALL CHECKPOINTS (DQN [FASTER R-CNN])

Checkpoint Avg Queue | Avg Reward 1 Total Dep. 1

500 ep v 127.34 161.75 1,046.97
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Checkpoint Avg Queue | Avg Reward 1 Total Dep. 1
1,000 ep 129.94 161.21 1,052.77
1,500 ep 127.34 161.75 1,046.97

The final model was selected by considering both
evaluation performance and training stability. Although the
checkpoints trained for 1,000 and 1,500 episodes achieved
evaluation metrics comparable to the 500-episode model, both
experienced loss explosion during training, indicating unstable
optimization. Therefore, their similar evaluation results should
not be interpreted as evidence of successful convergence but
rather as a consequence of policy degradation after gradient
divergence. Based on these observations, the checkpoint at 500
episodes was selected as the final model. Using this model, the
Faster R-CNN-based DQN achieved a total departed value of
1,046.97. This result is likely supported by the detector's high
recall of 96.21%, which provides more dependable DTSE
observations for the reinforcement learning agent.

E. Implementation Environment Specification
All training and evaluation processes were carried out on
the hardware and software listed in Table VI.

TABLE VI
IMPLEMENTATION ENVIRONMENT SPECIFICATION

Component Specification

Operating System Windows 11

Processor Intel Core i5-13450HX
RAM 12 GB

GPU NVIDIA RTX 3050 6 GB VRAM
CUDA 11.8

Python 3.12

PyTorch 2.7.1+cul18

Ultralytics (YOLOVS) 8.4.52

OpenCV 4.13.0

RL Framework Custom (PyTorch DQN)

V. CONCLUSION

This study implements and evaluates a Deep Q-Network
combined with a Faster R-CNN ResNet-50 FPN v2 sensor for
adaptive traffic light control based on real CCTV data. Three
main conclusions are drawn.

First, Faster R-CNN, with a recall of 96.21%, produces an
accurate and informative DTSE state representation, enabling
the DQN model to build a more discriminative control policy
than sensors with lower recall. Second, the Faster R-CNN-
based DQN achieves optimal performance at the 500-episode
checkpoint, with an avg queue of 127.34, avg reward of 161.75,
and total departed of 1,046.97 — before undergoing
uncontrolled gradient divergence in subsequent episodes.
Third, computer-vision sensor quality is shown to act as the
upper bound on DQN architecture performance — without an
informative state representation from a high-quality sensor,

even a DQN architecture trained with a well-designed reward
function cannot produce an optimal policy.
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