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Abstract: Urbanization in the Philippines presents challenges such as traffic congestion and road safety, particularly 

with the increasing number of vehicles on the road. This study proposes an intelligent traffic management system utilizing 

IoT and Convolutional Neural Networks (CNNs). Specifically, YOLO models were adapted to detect local vehicle types 

unique to Butuan City. A hybrid YOLO classifier and DeepSORT are integrated for real-time vehicle detection, 

classification, and tracking, with transfer learning on local datasets to enhance model precision. To dynamically control 

traffic signals, the system incorporates multiple deep reinforcement learning (RL) methods, including Deep Q-Learning 

(DQL), Covariance Matrix Adaptation Evolution Strategy (CMA-ES), and Advantage Actor-Critic (A2C). The RL-based 

controller learns and adapts real-time traffic signal timing based on vehicle density, waiting times, and phase duration 

at intersections. Among the methods, A2C demonstrated the highest efficiency, significantly reducing vehicle waiting times 

and enhancing traffic throughput. Comparisons showed that both DQL and CMA-ES provided robust performance, each 

contributing unique advantages in different traffic scenarios, though A2C emerged as the optimal solution in simulations. 

This comprehensive approach highlights the potential of combining IoT, CNN-based vehicle detection, and adaptive RL 

controllers, offering a scalable solution to improve urban traffic efficiency and support sustainable city planning 

initiatives.  
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1. INTRODUCTION  
Urbanization in the Philippines results in many 
opportunities that serve as engines of growth if cities are 
adequately planned and managed [1]. However, 
modernized society poses significant challenges for city 
authorities [2], [3], including increased traffic collisions, 
road congestion, and road traffic emissions due to rising 
vehicle numbers [4], [5], [6]. Implementing intelligent 
traffic systems becomes crucial in such scenarios to 
alleviate urban traffic congestion. Intelligent traffic 
systems play a crucial role in urban planning 
development and every city's growth [7]. Approaches and 
technologies like the application of artificial intelligence 
and internet-of-things will help systems be more 
analytical, prescriptive, and self-driven, contributing to 
the efficiency of traffic systems [8]. Modern traffic 
management systems rely heavily on vision-based 
methods, specifically Convolutional Neural Networks 
(CNNs) and their variants, for robust object detection, 
precise localization, and accurate classification tasks [9]. 
You Only Look Once (YOLO) is one of the excellent 
object detection methods that have emerged and are often 
used in vehicle detection [10], [11]. YOLO family 
performs very well in detecting objects[12], [13] and is 
paired with Deep SORT for vehicle tracking as it 
performed well in tracking precision and accuracy [14].  
However, the implementation of intelligent and dynamic 
timed traffic systems deployed in road intersections 
utilizing vision-based methods can only be seen mostly 
in foreign countries [15], [16], [17] and commonly used 
datasets from MS-COCO, OpenImage, PASCAL VOC 
12, ILSVRC [18], KITTI [19], and ImageNet [20].  
Moreover, Reinforcement Learning (RL) has proven to 
be effective in numerous applications, particularly in the 

domain of artificial intelligence [21] and optimal traffic 
signal control and the study shows that an RL-based 
approach can operate in a traffic-responsive manner [22]. 
An RL-based model in [23] can dynamically adapt traffic 
flow data in real time, boosting the flexibility and 
efficiency of traffic signal control and successfully 
alleviating traffic congestion. RL-based approach to 
traffic management systems has been quite effective in 
determining optimal traffic light configuration and 
synchronization of multiple traffic light systems at 
adjacent intersections [24], [25]. Yet, a complex traffic 
situation in real cases could lead to inferior traffic 
adjusting performance [26]. 
Reinforcement Learning (RL) involves an agent learning 
to make sequential decisions by interacting with its 
environment and receiving rewards based on its actions. 
It is effective for learning optimal strategies over time. 
Deep Learning (DL) focuses on extracting complex 
patterns from raw data by building hierarchical 
representations. When combined with RL, it forms Deep 
Reinforcement Learning (Deep RL), where deep neural 
networks approximate key RL components like value 
functions or policies. Deep RL has been successfully 
applied in diverse fields, such as biological data analysis, 
communications, robotics, power systems, industrial 
processes, and transportation [27], [28]. In transportation, 
Deep RL is used to optimize traffic management by 
dynamically adjusting signal timings based on real-time 
data, aiming to improve efficiency and reduce 
congestion. 
However, publicly available DL and RL models cannot 
be directly applied in specific locales due to contextual 
differences. These models are typically trained on 
generalized datasets and may not account for unique local 
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factors, such as environmental, social, or economic 
conditions. For example, a model developed using data 
from urban areas may not perform well in rural or 
developing regions due to differences in infrastructure, 
resources, or data distribution. Additionally, these 
models often assume uniform global or regional 
conditions, which may not align with local cultural, legal, 
or societal needs, reducing their accuracy and relevance. 
Butuan City, Philippines, currently lacks an intelligent 
traffic management system utilizing local datasets. 
Implementing pre-trained models directly is impractical 
due to variations in vehicle types not accounted for in 
existing studies, which predominantly use different 
datasets. Local datasets include vehicles specific to 
Butuan City, such as jeepneys, buses, tricycles, vans, 
motorcycles, and more—vehicles that are absent from 
standard pre-trained models. This disparity underscores 
the need for developing customized models trained on 
locally relevant data to effectively address transportation 
challenges specific to the city. 
Consequently, this study proposes the development of a 
vision-based sensor system for dynamically adjusting 
traffic signals using IoT and Convolutional Neural 
Networks (CNNs). Each IoT device will be equipped 
with a camera utilizing a hybrid YOLO classifier for 
vehicle detection and classification, complemented by 
DeepSORT for accurate vehicle counting and tracking. 
To ensure operational efficiency on small devices like 
Jetson Nano, YOLOv3, YOLOv4, and YOLOv5 models 
will be trained using transfer learning techniques with 
local datasets and evaluated using standard criteria. 
Furthermore, this study will use deep reinforcement 
learning to create a system that dynamically adjusts 
traffic light timing based on real-time traffic conditions 
at intersections. To address the challenges of applying 
publicly available DL and RL models, the models will be 
fine-tuned or retrained using localized data and will be 
designed to comply with local traffic rules and 
regulations. 
Lastly, the traffic data captured by the sensors will be 
transmitted to a lightweight device housing a deep 
reinforcement learning-based controller. This controller 
will utilize algorithms such as Covariance Matrix 
Adaptation Evolution Strategy, Advantage Actor-Critic 
(A2C), and Deep Q-learning. This adaptive approach 
allows the system to dynamically adjust signal timings in 
real-time, aiming to maximize traffic flow efficiency and 
minimize congestion. The integration of deep 
reinforcement learning into urban traffic management 
systems represents a cutting-edge approach to improving 
city infrastructure and enhancing transportation 
efficiency. 
 
2. METHODOLOGY 
2.1 Dataset  
The datasets were obtained by video recording vehicles 
at Butuan City's intersections. Vehicle types were 
classified as shown in Table 1. 
 
Table 1. Class Indexation 

Index Class Index Class 
0 Scrum 15 Fire Truck 
1 Sedan 16 Ambulance 
2 CUV 17 Fuel Truck 
3 SUV 18 Box Truck 
4 Bus 19 Garbage Truck 
5 Hatchback 20 Backhoe 

6 Multicab-
Pickup 21 Flatbed 

7 Pickup 22 Motorcycle 
8 Van 23 Electric bus 
9 Coupe 24 L-Tricycle 

10 Mini-Truck 25 Bike 
11 Mini-Van 26 Shuttle 
12 Truck 27 PUJ 
13 Dump Truck 28 C-Tricycle 
14 Big Truck   

 
The collected videos were converted into images, 

extracted using the VLC screenshot function, and 
manually checked and sorted out images having vehicles 
only used for training and annotated using LabelImg 
based on the custom classes. In data cleaning, images 
must correspond to the number of labels being present in 
the folder, if something is missing, it must be traced 
before splitting the data.  

The total number of annotated data was 5,386, a purely 
local dataset from Butuan City with a camera angle of 
45° and 90° and stationed with a 14ft high stand above 
the ground containing 29 unique vehicle types. The 428 
images were occluded and used in testing. The video 
streams of the cameras, provide a stable streaming of 30 
frames per second, supporting a resolution of 2592x1944 
pixels.  
A camera with a resolution of 2592x1944 was utilized 
due to the limited availability of alternative camera 
options. Nevertheless, this resolution of 2592x1944 still 
provides valuable benefits for object detection due to 
high-quality images. 
 
2.2 Models for Detection and Tracking of Vehicles 
A hybrid implementation of vehicle detection and 
tracking was used to detect, classify, track, and count the 
vehicles in every lane. Thus, this study evaluates three 
YOLO variants, namely, YOLOv3, YOLOv4, and 
YOLOv5s. These models were chosen since they are 
state-of-the-art and in terms of architecture. These 
models are lightweight and can be deployed in smaller 
devices such as Jetson Nano and RasPi.  
• The YOLO Classifier: Each version of YOLO 

introduces improvements from its predecessor in 
terms of accuracy, speed, and feature extraction 
capabilities. YOLOv4 builds upon YOLOv3 by 
incorporating state-of-the-art techniques and 
architectural changes, while YOLOv5 is a separate 
implementation that offers further improvements 
and is implemented in PyTorch for greater 
accessibility. The main differences between 
YOLOv3, YOLOv4, and YOLOv5 lie in their 
architecture and feature enhancements. YOLOv3 
uses the Darknet-53 backbone and introduces multi-
scale predictions for small object detection, 
alongside anchor boxes and skip connections for 
better predictions. YOLOv4 builds upon YOLOv3 
with an upgraded CSPDarknet53 backbone, 
incorporating CSPNet for improved information 
flow, state-of-the-art techniques (BoF, BoS) for 
accuracy and speed, and PANet for feature 
aggregation along with SPP for spatial information. 
YOLOv5, an unofficial separate implementation, 
features a custom CSPNet-based backbone and 
multiple model sizes for trade-offs. It also includes 
automatic anchor box generation and mosaic data 
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augmentation and is implemented in PyTorch for 
greater accessibility. 

• Deep SORT: The Deep SORT was released in 2017. 
It is a combination of a deep learning-based 
appearance model with Simple Online and real-time 
tracking. It is a powerful tool for tracking objects in 
real-time since it incorporates a Kalman filter to 
predict the motions of objects that handle occlusions 
and missed detections. The combination of deep 
learning-based appearance modelling and the 
Kalman filter, allows the algorithm to track objects 
in a video accurately. This study developed a 
hybridized model that encompasses both end-to-end 
object detection and tracking pipelines. First, the 
YOLO classifier was used to detect objects in a 
video frame, providing the initial set of detections. 
Then, Deep SORT takes these detections and 
associates them over time to track the movement of 
objects. This hybridized model improves accuracy 
and robustness due to the combination of detection 
and tracking algorithms, leading to more reliable 
results. 

• Transfer Learning: This work used transfer 
learning through freezing layers that use the base 
model as a feature extractor. By freezing the layers, 
the pre-trained weight of YOLOv5s is preserved, 
allowing the model to use the features learned by the 
pre-trained YOLOv5s model while preventing 
updates during training. Since the local datasets were 
highly different from the datasets being trained in the 
pre-trained model, freezing the lower layers of the 
model was the best approach to train the new 
datasets. The researchers employed transfer learning 
for its remarkable efficiency in object detection, 
which conserves time and resources, enhances 
performance, and offers a solid foundation for this 
study. By capitalizing on pre-trained models, the 
resulting model can deliver superior performance 
with limited training data, making it adaptable to 
various datasets and applications tailored to local 
vehicle classifications in Butuan City and nearby 
areas. Furthermore, this approach contributes to 
reduced training time, improved accuracy with small 
datasets, and the ability to generalize to new data. 
 

2.3  Deep Reinforcement Learning-based Traffic 
Controller 

To identify and implement an effective traffic control 
strategy, this study conducted a comprehensive 
evaluation of various reinforcement learning (RL) 
methods, each offering distinct advantages for dynamic 
traffic management. The following RL techniques were 
tested and assessed for their suitability in optimizing 
traffic flow at intersections, adjusting signal timings in 
response to real-time conditions, and minimizing vehicle 
wait times [29]: 
• Deep Q-Learning (DQL): combines Q-Learning 

with deep neural networks to learn optimal policies 
in complex, high-dimensional environments. 
Unlike traditional Q-learning, DQL uses a deep 
neural network, often a convolutional neural 
network (CNN), to approximate the Q-function, 
predicting expected future rewards for each action 
in a given state. Through interaction with the 
environment, the agent updates Q-values based on 

received rewards and future reward estimates [30], 
[31].  

• Covariance Matrix Adaptation Evolution 
Strategy (CMA-ES): a gradient-free optimization 
method that uses random variations to optimize 
real-valued parameters relative to an objective 
function [32]. It generates a covariance matrix to 
model parameter distributions, sampling from a 
multivariate normal distribution based on the mean 
and covariance of top-performing candidates, 
similar to genetic algorithms. Unlike crossover-
based methods, CMA-ES samples "children" 
directly from this distribution, aiming to minimize 
the objective function while maintaining consistent 
performance across linear transformations [33], 
[34].   

• Advantage Actor-Critic (A2C): a method that 
combines policy-based and value-based 
approaches. While policy-based agents determine 
actions based on probability distributions, value-
based algorithms select actions based on state or 
action values. A2C improves training stability by 
using an advantage function to update weights, 
which assesses an action’s benefit over the average 

for a given state. The advantage function is often 
approximated with estimators like temporal-
difference error for efficient computation [35], 
[36].  

 
2.4 Training  
The object detector and classifier were trained using a 
total dataset of 4,958 images, excluding 428 occluded 
datasets. These were divided into 80% for training (3,967 
images) and 20% for validation (991 images). The 
models were trained on hardware consisting of an Intel 
Xeon 216B Workstation running Windows 10, equipped 
with a GTX 1060 GPU. Python 3 in the Anaconda 
environment was used for coding, leveraging the CUDA 
v10 Toolkit for efficient GPU acceleration.  
To train the RL-based controller, we used a Dell T640 
HPC with four Tesla V100 GPUs, leveraging PyTorch as 
the deep learning framework. SUMO-Webots provided 
realistic traffic simulation, while Deepbots acted as a 
middleware to interface Webots with PyTorch for 
reinforcement learning. This setup enabled effective 
training of RL models to optimize traffic management 
strategies. 
Additionally, the setup for reinforcement learning 
involves three main components: State (observations), 
Action, and Reward. The State includes Phase ID (one-
hot encoded to denote the current green phase), Lane 
Waiting Time (cumulative waits per lane), and Lane 
Density (occupancy near the intersection). Phase ID 
specifies active traffic lanes, Lane Waiting Time 
indicates congestion levels, and Lane Density shows lane 
occupancy. These inputs guide the Neural Network 
Policy. Actions for the RL-based Traffic Control Agent 
include setting green-phase durations (0, 15, 30, 45 
seconds) and potentially skipping phases to prioritize 
lanes. Rewards are based on total vehicle waiting time 
per phase: 100 for no waiting time, or 100 divided by the 
total waiting time otherwise. This system encourages the 
agent to minimize congestion and optimize traffic flow 
effectively using real-time data from a State 
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Representation Model that tracks vehicles in specific 
road segments. 
 
2.5 Wireless Sensor Network and IoT Protocols 
The IoT Traffic Controller is one of the essential modules 
in developing the Intelligent Traffic Control System. The 
traffic state estimator devices' primary function is to 
collect insights into the state or situation of the traffic 
(number of vehicles, speed, vehicle types), which will 
then be fed as input to the Deep RL-based traffic 
controller. As shown in Figure 1, the system has several 
microcomputer systems as the main part and other 
electronic peripherals such as a traffic light, camera 
(sensor), solar panel, and LED display counter. The 
design is portable and can be towed by any vehicle for 
urgent deployment in case of a traffic problem. 
 

 
Fig. 1. Design of Mobile-Solar Powered Intelligent 
Traffic System 

 
3.  RESULTS AND DISCUSSION  
3.1  Performance of the Trained Models 
The performance of the trained model is based on the 
commonly used parameters that include the mAP, 
precision, recall, and F1 Score which are undertaken in 
almost all analyses. Accordingly, YOLOv5s 
outperformed its predecessors, YOLOv4 and YOLOv3 
[37] , when trained using COCO and other various 
datasets [38]. Moreover, this study supports the work [39] 
by training the models using Transfer Learning and 
localized traffic datasets.  
 
Table 2. Performance of YOLO Variants with Transfer 
Learning Method 

Measure YOLOv3 YOLOv4 YOLOv5s 
Precision 1.0 1.0 1.0 
Recall 0.87 0.75 0.94 
F1-Score 0.41 0.41 0.81 

mAP@0.5 0.53 0.410 0.858 
 
Table 2 shows all models have the same precession, and 
YOLOv5s has the highest recall, followed by YOLOv3, 
and the worst in YOLOv4. F1 Score and mAP also state 
that YOLOv5s is better compared to its predecessors. 
However, YOLOv5s required more time to train despite 
having the same number of epochs. For further 
experimentation, the researchers compared the parameter 
values of the three versions using transfer-learned models 
with occluded custom datasets (Table 3). Occluded 
datasets refer to the images of vehicles partially or 
completely obstructed by other vehicles. In general, a 
situation where a vehicle is not fully visible from a 
particular vantage point or the vehicle’s visual 

information is unclear. Precision, recall, F1 Score, 
runtime, and mAP were shown in Table 2 to measure the 
performance of the model. In Table 3, Intersection over 

Union shows the measuring parameters of YOLOv3, 
YOLOv4, and YOLOv5s with its corresponding results. 
The results indicate that the highest mAP belongs to 
YOLOv5s, followed by YOLOv4 and YOLOv3. In terms 
of precision, recall, and F1 Score, YOLOv5s outlearned 
its predecessors. Each confusion matrix is shown in 
Figure 2. 
 
Table 3. Performance of Transfer Learned Model tested 
on Occluded Datasets 

Measure YOLOv3 YOLOv4 YOLOv5s 
Precision 1.0 1.0 1.0 
Recall 0.59 0.94 0.97 
F1-Score 0.36 0.67 0.86 
mAP@0.5 0.369 0.706 0.88 

 

 
Yolov3 (a)                             Yolov4(b) 

 
Yolov5s (c) 

Fig 2. YOLO Variants Training Loss Statistics/Graphs 
 
3.2 Overfitting 
As shown in Figure 3, YOLOv3 (a) demonstrates strong 
performance on both the training and validation sets, with 
relatively low losses across all three loss functions. The 
training box_loss, obj_loss, and cls_loss are 0.10, 0.08, 
and 0.08, respectively, while the validation box_loss, 
obj_loss, and cls_loss are 0.09, 0.064, and 0.07. The 
small difference between the training and validation 
losses suggests that the model is not overfitting and can 
generalize well to new, unseen data. 
Similarly, in YOLOv4 (b), the training loss values are 
lower compared to the validation loss values, particularly 
for the box_loss and obj_loss functions. The training 
box_loss, obj_loss, and cls_loss are 0.10, 0.078, and 0.08, 
while the validation box_loss, obj_loss, and cls_loss are 
0.091, 0.082, and 0.072. This suggests that while the 
model predicts bounding boxes with lower accuracy 
during training, it can accurately predict objectness and 
object class labels. 
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Yolov3 (a)                             Yolov4(b) 

 
Yolov5s (c) 

Fig. 3. YOLO Variants Training Loss Statistics/Graphs 

However, the model’s performance on unseen data is not 

as strong as on the training data. The higher obj_loss on 
the validation set implies difficulties in detecting objects 
in validation images, and the slightly elevated validation 
object loss compared to the training object loss (0.082 vs. 
0.078) may indicate some overfitting. The model 
performs well for YOLOv5s (c), with both training and 
validation losses being relatively low and comparable 
across the different loss functions. Specifically, the 
training box_loss, obj_loss, and cls_loss are 0.082, 0.058, 
and 0.071, respectively, indicating accurate predictions 
for bounding boxes, objectness, and class labels during 
training. The validation box_loss, obj_loss, and cls_loss 
are 0.054, 0.054, and 0.059, respectively, indicating that 
the model generalizes effectively to new, unseen data, 
with no significant overfitting observed. 

3.3 Example Detection 
The sample detection of each model was visually 
compared using both pre-trained and transfer-learned 
models, as shown in Figure 4. A threshold of 0.65 was 
used for all three models with similar pictures with 45° 
and 90° camera angles from the validation set to compare 
the differences in detection. The comparison is presented 
with bounding boxes above the vehicles to show the 
detection accuracy. 
 

 

 

 
Fig. 4. Sample Detections of Pretrained and Transfer 
Learning 

3.4 State Estimator using DEEPSORT 
The state is a feature representation of the observed 
environment and may be represented by queue length, 

waiting time, volume, delay, speed, position of vehicles, 
and phase duration. Since our Traffic Controller utilizes 
a camera for traffic observation, and the model is limited 
only to tracking and classifying objects, the feature 
representation will focus only on vehicle position over 
time. The speed feature is derived from the vehicle's 
initial and final grid position, shown in Figure 5. 
 

 
Fig. 5. The State Estimator: Speed, Volume, and Vehicle 
Position 
 
3.5 Dynamic Timed Traffic Controller 
We evaluated the performance of our trained RL traffic 
controllers through simulations, focusing on minimizing 
total vehicle waiting times during each green-phase state. 
Over a simulation period of 250,000 seconds, the A2C 
(Advantage Actor-Critic) method emerged as the most 
effective traffic controller in terms of reducing waiting 
times. Shown in Table 6 are the comparisons with fixed-
time controllers, which revealed significant 
improvements in traffic flow efficiency, clearly 
demonstrated in comparative plots using the same 
vehicle routing pattern in SUMO simulations. The 
superior performance of A2C indicates enhanced vehicle 
throughput at the intersection, translating to smoother 
traffic operations. A2C, known for its combined 
approach of Direct Policy Search and Value-based RL, 
represents our optimal Deep Reinforcement Learning-
based traffic control solution for forthcoming testing 
phases in this project. 
 

 
Fig. 6. Performance of RL-based and fixed-timed traffic 
controller 
 
3.6 Deployment of the Models 
Figure 7 illustrates the IoT setup, consisting of several 
components: Jetson Nano, responsible for data capture 
and analysis; RasPi, which receives vectorized data from 
Jetson Nano and communicates with the server via a 
wireless router; Relay, facilitating communication with 
the traffic controller; and Power Supply, providing 
specific voltage to the system. The setup includes a Box 
containing electronic devices and a 720-pixel camera. 
The system's power supply will be sourced from solar 
panels, enabling real-time monitoring. To enhance 

 

 

 

 

 

 

766



 
 

operational efficiency, the deployment will leverage 
YOLOv5s object detection, trained using custom datasets. 
The A2C controller was integrated into the system; 
however, the device was designed with reconfigurability, 
allowing it to accommodate various model types, 
whether based on reinforcement learning algorithms, 
fixed-timing, or rule-based controllers. This flexibility 
ensures adaptability to different operational requirements 
and enhances its capability to optimize performance 
based on evolving traffic conditions and environmental 
factors.  
 

 
Fig. 7. Mobile intelligent traffic system based on A2C 
and Internet-of-things 
 
Additionally, the traffic light has a height of 14 feet, a 
light with dimensions of 750x250x155mm, and a 
countdown timer with dimensions of 800x600mm. 
Additionally, the traffic light is fitted with a solar panel 
with a capacity of 130W, a battery with a capacity of 
12V/55AH, and a DC-AC converter with a maximum 
output of 220V and a maximum power of 900W.  
For testing purposes, traffic is currently deployed on 
University Avenue. The traffic lights would be able to 
detect vehicles and adjust the amount of time that should 
be spent at each traffic light accordingly. The time 
allotment is dynamic and can be between 15, 30, and 45 
seconds, depending on the traffic volume.  
 
4. CONCLUSION 
This study presents a mobile-solar-powered Intelligent 
Traffic Control System designed to enhance urban traffic 
management through dynamic, real-time traffic light 
control. By integrating a traffic state estimator using 
advanced object detection models (YOLOv5s) and deep 
reinforcement learning (RL), specifically the A2C 
(Advantage Actor-Critic) algorithm, the system 
demonstrates significant improvements in traffic flow 
efficiency compared to traditional fixed-time controllers. 
The system's ability to adjust traffic light timings based 
on real-time traffic conditions, coupled with the use of 
solar power for sustainability, highlights its potential for 
deployment in diverse environments, including those 
with limited infrastructure. The results show that 
YOLOv5s, trained using transfer learning on custom 
traffic datasets, outperforms its predecessors (YOLOv3 
and YOLOv4) in terms of precision, recall, F1 score, and 
mean Average Precision (mAP), even under occlusion 
scenarios. The state estimator effectively tracks vehicle 
positions and calculates critical traffic metrics such as 
speed, volume, and delay, enabling the dynamic 
adjustment of green-phase durations. The performance of 
the A2C controller, as demonstrated in SUMO 
simulations, validates the feasibility of RL-based traffic 
control in real-world applications, significantly reducing 
vehicle waiting times and enhancing overall intersection 
throughput. However, despite the promising results, there 
are certain limitations in the current design and 

implementation. First, the model was trained on a limited 
set of custom datasets primarily focused on vehicle 
detection and tracking. This may affect the model’s 

generalizability to other regions or environments with 
different traffic patterns or road configurations. 
Additionally, while the occluded datasets were effective 
in evaluating the system’s robustness, they may not fully 

represent all real-world traffic conditions. Second, while 
the system operates efficiently in simulations, real-time 
data processing and control adjustments in a highly 
dynamic urban environment may face latency issues due 
to the complexity of deep learning models and sensor 
data processing. Future work will involve expanding the 
dataset to include diverse traffic scenarios, road types, 
and environmental conditions. Lastly, this study makes a 
significant contribution by introducing an innovative, 
scalable, and sustainable solution for intelligent traffic 
control that leverages state-of-the-art AI techniques and 
renewable energy to address urban traffic management 
challenges. 
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