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Abstract- Rapid urbanization, increasing vehicle
ownership, and the growing complexity of wurban
transportation networks have intensified challenges
related to traffic congestion, travel delays, fuel
consumption, environmental pollution, and road traffic
accidents. Conventional traffic management systems,
which primarily rely on fixed-time traffic signal control
and manual monitoring, often fail to respond effectively
to dynamic traffic conditions and accident-prone
situations. The integration of the Internet of Things (IoT)
with deep learning has emerged as a promising approach
for developing intelligent transportation systems capable
of real-time monitoring, adaptive traffic control, and
proactive accident prediction. This paper proposes an
Intelligent Traffic Management and Accident Prediction
Framework Using IoT and Deep Learning that integrates
heterogeneous IoT devices, edge computing, cloud
computing, and hybrid deep learning models to improve
traffic efficiency and road safety. The proposed
framework employs smart cameras, Global Positioning
System (GPS) devices, roadside units, Radio Frequency
Identification (RFID) sensors, connected vehicles, and
environmental sensors to collect real-time traffic data.
Data are preprocessed at the edge to reduce latency before
being transmitted to cloud platforms for large-scale
storage and deep learning analysis. A hybrid
Convolutional  Neural  Network-Long  Short-Term
Memory (CNN-LSTM) architecture is adopted to capture
both spatial and temporal traffic characteristics for
congestion forecasting and accident risk prediction. The
framework supports adaptive traffic signal control,
intelligent route optimization, and early warning
generation for traffic management authorities and road
users. A comprehensive review of recent studies
demonstrates that integrating IoT with deep learning
significantly improves prediction accuracy, decision-
making speed, and transportation efficiency compared
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with conventional approaches. The research also
identifies key implementation challenges, including data
heterogeneity, cyber security, privacy preservation, model
explain ability, and scalability. The proposed research
framework provides a scalable and intelligent solution for
next-generation smart transportation systems and offers a
foundation for future research on explainable artificial
intelligence, federated learning, digital twins, and
autonomous connected vehicles within intelligent
transportation environments.

Keywords: intelligent transportation systems (its), internet
of things (iot), deep learning, traffic management,
accident prediction, edge computing; smart cities.

L INTRODUCTION

The rapid growth of wurbanization, population
expansion, and motorization has significantly
increased the complexity of transportation systems
worldwide. As cities continue to expand,
transportation networks are
unprecedented  challenges, including  traffic
congestion, longer travel times, excessive fuel
consumption, increased greenhouse gas emissions,

experiencing

and a growing number of road traffic accidents.
According to recent global road safety assessments,
approximately 1.19 million people die annually from
road traffic crashes, while millions more suffer
serious injuries, making road accidents one of the
leading causes of mortality among young adults
worldwide (Behboudi et al., 2024). These challenges
have intensified the need for intelligent transportation
systems (ITS) capable of monitoring traffic
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conditions in real time, predicting congestion, and
preventing accidents before they occur.

Traditional traffic management systems primarily
depend on fixed-time traffic signals, manual traffic
surveillance, loop detectors, and historical traffic
records. Although these methods have been widely
implemented, they are increasingly incapable of
handling the dynamic and nonlinear characteristics of
modern transportation networks. Fixed signal timing
often results in inefficient traffic flow during peak
periods, delayed emergency response, and increased
congestion because these systems cannot adapt to
rapidly changing road conditions. Moreover,
conventional statistical models have limited
capability to capture the complex spatial and
temporal dependencies associated with traffic
dynamics. Recent surveys indicate that machine
learning and deep learning techniques consistently
outperform traditional analytical approaches by
automatically learning nonlinear traffic patterns from
large-scale transportation datasets, thereby improving
prediction accuracy and operational efficiency
(Almukhalfi et al., 2024; Afandizadeh et al., 2024).

The emergence of the Internet of Things (IoT) has
fundamentally transformed intelligent transportation
by enabling seamless communication among
interconnected sensing devices deployed throughout
transportation infrastructures. IoT technologies
include smart surveillance cameras, Global
Positioning System (GPS)-enabled vehicles, roadside
units (RSUs), Radio Frequency Identification (RFID)
readers, LiDAR sensors, weather monitoring stations,
drones, and Vehicle-to-Everything (V2X)
communication platforms. These technologies
continuously generate real-time information on
vehicle speed, traffic density, lane occupancy,
pedestrian movement, weather conditions, road
geometry, and environmental parameters. The
availability of such heterogeneous and high-
frequency data provides transportation authority’s
with unprecedented opportunities to monitor traffic
conditions and implement adaptive control strategies.
However, the enormous volume, velocity, and variety
of IoT-generated data exceed the analytical
capabilities of  conventional = computational
techniques, thereby necessitating intelligent data-
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driven approaches for real-time analysis and
decision-making (Samaah & Edward, 2024).

Deep learning has emerged as one of the most
powerful computational paradigms for intelligent
transportation systems because of its remarkable
ability to learn hierarchical feature representations
from large-scale datasets without extensive manual
feature engineering. Convolutional Neural Networks
(CNNs) have demonstrated exceptional performance
in vehicle detection, traffic density estimation, and
image-based surveillance applications. Likewise,
Recurrent Neural Networks (RNNs), Long Short-
Term Memory (LSTM) networks, and Gated
Recurrent Units (GRUs) effectively capture temporal
traffic variations, making them highly suitable for
traffic flow forecasting and congestion prediction.
More recently, Transformer architectures and Graph
Neural Networks (GNNs) have further improved
prediction performance by modeling long-range
temporal  dependencies and  graph-structured
transportation  networks.  Comparative  studies
consistently report that these advanced architectures
outperform traditional machine learning models in
terms of accuracy, robustness, and scalability for
intelligent transportation applications (Afandizadeh
et al., 2024; He et al., 2024; Li et al., 2024).

One of the most significant applications of IoT and
deep learning within intelligent transportation
systems is traffic accident prediction. Unlike
conventional accident management approaches that
primarily rely on post-incident reporting and
historical accident databases, modern predictive
systems continuously analyze real-time traffic flow,
driver behavior, vehicle trajectories, weather
conditions, and road infrastructure characteristics to
estimate accident risk before crashes occur. The
integration of IoT sensing technologies with deep
learning algorithms enables transportation authorities
to identify hazardous traffic conditions, generate
early warning alerts, optimize emergency response,
and support proactive traffic control. Recent studies
have demonstrated that multimodal deep learning
models integrating visual, temporal, environmental,
and vehicular data substantially improve accident
prediction accuracy compared with traditional
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statistical models (Girija & Divya, 2024; Behboudi et
al., 2024).

The convergence of IoT edge computing, cloud
computing, and artificial intelligence has accelerated
the development of next-generation smart
transportation  infrastructures. Edge computing
enables data preprocessing and preliminary inference
near IoT sensing devices, thereby reducing
communication latency and bandwidth consumption
while facilitating real-time traffic management.
Cloud computing complements edge intelligence by
providing scalable storage, centralized model
training, and large-scale predictive analytics. This
distributed computing paradigm supports adaptive
traffic signal optimization, congestion mitigation,
autonomous vehicle coordination, emergency vehicle
prioritization, and predictive maintenance of
transportation  infrastructure.  Recent  reviews
conclude that integrating IoT, edge intelligence, and
deep learning significantly improves transportation
efficiency while supporting sustainable smart city
development (Almukhalfi et al., 2024; Samaah &
Edward, 2024).

Despite these remarkable advancements, several
research challenges continue to hinder the large-scale
deployment of intelligent traffic management
systems. Most existing studies investigate traffic
congestion prediction and accident prediction as
separate problems rather than developing unified
frameworks capable of simultaneously performing
both functions. Furthermore, many published models
are trained using geographically constrained datasets,
limiting their generalized ability across diverse
transportation environments. Additional challenges
include heterogeneous IoT data integration, missing
sensor observations, cyber security vulnerabilities,
privacy preservation, computational complexity,
class imbalance, and the limited interpretability of
deep learning models in safety-critical transportation
applications. Recent reviews have emphasized the
importance of explainable artificial intelligence
(XAI), federated learning, graph neural networks,
lightweight deep learning architectures, and secure
Internet of Vehicles (IoV) frameworks to overcome
these limitations and improve the practical
deployment of intelligent transportation systems
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(Afandizadeh et al., 2024; Li et al., 2024; Girija &
Divya, 2024).

Motivated by these research challenges, this study
proposes an Intelligent Traffic Management and
Accident Prediction Framework Using IoT and Deep
Learning. The proposed framework integrates
heterogeneous IoT sensing devices, edge computing,
cloud-based analytics, and deep learning models to
facilitate real-time traffic monitoring, congestion
prediction, adaptive traffic signal control, and
proactive accident risk assessment. Unlike many
existing  approaches that address isolated
transportation problems, the proposed framework
unifies traffic management and accident prediction
within a scalable intelligent architecture. It is
expected that this integrated approach will improve
traffic flow efficiency, reduce congestion, enhance
emergency response, minimize accident occurrence,
and contribute to the realization of safer, smarter, and
more sustainable transportation systems. These
objectives align with current research directions
emphasizing intelligent, low-latency, data-driven, and
scalable transportation ecosystems capable of
supporting future smart cities (Almukhalfi et al.,
2024; Afandizadeh et al., 2024).

IL. LITERATURE REVIEW

2.1 Concept of Intelligent Traffic Management

Intelligent Traffic Management (ITM) refers to the
application  of  advanced information and
communication technologies, Internet of Things
(IoT), Artificial Intelligence (Al), and data analytics
to monitor, control, and optimize transportation
systems in real time. Unlike conventional traffic
management systems that rely on fixed-time traffic
signals and manual interventions, intelligent traffic
management continuously collects data from
interconnected sensors, cameras, Global Positioning
System (GPS) devices, roadside units (RSUs), and
connected vehicles to support dynamic traffic control
and informed decision-making. The primary
objective of ITM is to reduce congestion, improve
traffic flow, minimize travel time, enhance road
safety, and support sustainable urban mobility
(Almukhalfi et al., 2024; Chavhan & Sambare, 2024).
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Recent advances in smart city technologies have
accelerated the adoption of intelligent traffic
management systems by integrating loT sensing,
edge computing, cloud computing, and deep learning
into unified transportation infrastructures. These
systems enable continuous monitoring of traffic
density, vehicle speed, pedestrian movement, weather
conditions, and road occupancy while simultaneously
supporting adaptive traffic signal control and
emergency response management. Modern intelligent
transportation systems have evolved from reactive
traffic control toward predictive and autonomous
traffic  management capable of responding
proactively to changing road conditions (Radu et al.,
2025).

2.2 Internet of Things (IoT) in Intelligent
Transportation Systems

The Internet of Things (IoT) constitutes the
technological foundation of modern Intelligent
Transportation Systems (ITS). IoT enables seamless
communication among physical transportation
devices through embedded sensors, communication
modules, and cloud-based services. Transportation
IoT infrastructures consist of smart traffic cameras,
environmental sensors, RFID readers, GPS-enabled
vehicles, drones, connected traffic lights, parking
sensors, and  Vehicle-to-Everything (V2X)
communication devices that continuously generate
real-time traffic information.

These IoT devices collect heterogencous datasets
including:

I Traffic volume

1L Vehicle speed

III.  Lane occupancy

IV.  Road surface condition
V. Weather information
VI.  Driver behavior

VII. Pedestrian movement
VIII. Accident location

IX.  Vehicle trajectory

2.3 Deep Learning for Traffic Prediction

Deep learning has become one of the most influential
artificial intelligence techniques in intelligent
transportation because it effectively models highly
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nonlinear and dynamic traffic data. Unlike traditional
machine learning algorithms that depend heavily on
manual  feature  extraction, deep learning
automatically learns hierarchical representations
directly from large-scale datasets.

Several deep learning  architectures  have
demonstrated outstanding performance in
transportation applications.

Convolutional Neural Networks (CNN)

CNN models are widely applied in vehicle detection,
road object recognition, traffic density estimation,
and surveillance image analysis because they
efficiently extract spatial features from traffic images
and video streams.

Long Short-Term Memory (LSTM)

LSTM networks effectively model temporal
dependencies within sequential traffic data, making
them highly suitable for traffic flow forecasting,
congestion prediction, and travel-time estimation.

Gated Recurrent Unit (GRU)

GRU models provide prediction accuracy comparable
to LSTM while requiring fewer computational
resources, making them attractive for edge-based
intelligent transportation systems.

Transformer Networks

Transformer  architectures utilize attention
mechanisms to capture long-range temporal
relationships, enabling superior performance in large-
scale traffic forecasting and intelligent traffic signal
optimization.

Graph Neural Networks (GNN)

Transportation systems naturally form graph
structures consisting of roads, intersections, and
vehicles. Graph Neural Networks exploit these graph
relationships to improve traffic prediction, route
optimization, accident analysis, and traffic signal
coordination. Recent reviews identify GNNs as one
of the most promising deep learning technologies for
future intelligent transportation systems because of
their ability to model complex spatial dependencies.
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2.4 1oT-Based Accident Prediction

Road accident prediction has evolved from traditional
statistical analysis toward
systems driven by IoT

intelligent predictive
and deep learning.
Conventional accident management typically relies
on historical accident reports collected after crashes
have already occurred. Consequently, preventive
interventions are often delayed.

Modern  IoT-enabled
continuously monitor:

transportation  systems

I. Vehicle speed

II. Vehicle trajectories

III. Driver behavior
IV.Traffic density

V. Weather conditions
VI.Road geometry

VII. Visibility

VIII. Pedestrian movement

These heterogeneous data streams are analyzed using
deep learning models to estimate accident probability
before collisions occur. The predictive capability
enables traffic management centres to issue early
warning alerts, optimize emergency vehicle routing,

and dynamically adjust traffic signal timing to reduce
accident risk.

2.5 Edge Computing and Cloud Computing in Smart
Transportation

One of the major limitations of centralized cloud
computing is communication latency. Real-time
traffic management requires responses within
milliseconds, especially during accident detection
and emergency management.

Edge computing addresses this challenge by
processing IoT data closer to sensing devices. Rather
than transmitting all sensor data to centralized cloud
servers, edge gateways perform preliminary filtering,
feature extraction, anomaly detection, and local
inference before forwarding summarized information
to the cloud.

Cloud computing remains essential for:
I. Long-term data storage
II. Large-scale deep learning model training
I11. Historical traffic analysis
IV. Transportation planning
V. Predictive analytics

2.6 Empirical Review

Table 2.1 presents a comparative review of recent studies on intelligent traffic management and accident prediction.

Author(s) Year | Method Key Findings Identified Gap

Almukhalfi et | 2024 | Systematic Deep learning significantly improves | Limited deployment in real-

al. survey traffic  prediction accuracy and | world smart city
adaptive traffic management. environments.

Afandizadeh et | 2024 | Comprehensive LSTM, CNN-LSTM, Transformer, | Limited multimodal IoT

al. review and GRU outperform traditional | data integration.
forecasting techniques.

Chavhan & | 2024 | Review Al and IoT improve adaptive traffic | Security and interoperability

Sambare signal  control and  congestion | challenges remain.
reduction.

Samaah & | 2024 | Review Al-based urban traffic systems | Limited explain ability and

Edward improve intelligent intersection | privacy protection.
management.

Lietal 2024 | Review Graph Neural Networks achieve | Limited application to
superior performance for traffic | accident prediction.
forecasting and network analysis.

Radu et al. 2025 | Systematic IoT, Al and predictive analytics | Need for explainable Al and

review improve adaptive traffic control and | scalable edge intelligence.
urban mobility.
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2.7 Research Gap

The reviewed literature demonstrates considerable
progress in applying loT and deep learning to
intelligent transportation systems. Nevertheless,
several important research gaps remain:

I. Most existing studies focus on traffic
congestion prediction or accident prediction
independently, with limited integration into a
unified framework.

II. Many solutions rely on centralized cloud
architectures, leading to higher latency and
reduced responsiveness for safety-critical
applications.

III. Existing models often utilize single-source
datasets instead of integrating multimodal data
from cameras, GPS, environmental sensors,
and V2X communication.

IV.Deep learning models generally function as
"black boxes," limiting transparency and trust
in decision-making.

V. IoT security, privacy
interoperability, and scalability remain
insufficiently — addressed in large-scale

preservation,

deployments.

VI.Limited research has explored lightweight and
explainable deep learning models suitable for
edge-based intelligent transportation systems.

IIL. METHODOLOGY
3.1 Research Design

This study adopts a design science research (DSR)
methodology to develop and evaluate an intelligent
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framework for traffic management and accident
prediction using the Internet of Things (IoT) and
deep learning. Design science research is appropriate
because the primary objective is to create and
validate an innovative technological artifact that
addresses  practical challenges in intelligent
transportation systems. The methodology combines
system  architecture  design, IoT-based data
acquisition, deep learning model development, and
performance evaluation using established metrics.
This approach aligns with recent ITS research, where
integrated IoT-Al frameworks are proposed and
validated through simulation and benchmark datasets
(Radu et al., 2025; Almukhalfi et al., 2024).

The proposed methodology consists of six major
phases:

I. Real-time data acquisition using IoT devices.

II. Data preprocessing and feature engineering.

II1. Deep learning model development.

IV.Model training and validation.

V. Intelligent traffic management and accident
prediction.

VI.Performance evaluation and comparative
analysis.

3.2 Proposed IoT-Deep Learning Framework

The proposed framework integrates IoT sensing
devices, communication networks, edge computing,
cloud computing, deep learning, and intelligent
transportation applications into a unified architecture.
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Figure 3.1 illustrates the conceptual framework.
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Description of Figure 3.1

The architecture is organized into six interconnected
layers. The IoT Data Acquisition Layer captures real-
time traffic information from multiple sources,
including smart cameras, GPS devices, LiDAR
sensors, RFID readers, weather sensors, roadside
units, and connected vehicles. These heterogeneous
data through  the
Communication Layer, which utilizes technologies
such as 5G, Wi-Fi, NB-IoT, LoRaWAN, DSRC, and
Cellular Vehicle-to-Everything (C-V2X).

streams are transmitted

The Edge Computing Layer performs low-latency
preprocessing tasks such as data
normalization, feature extraction, and local anomaly
detection. Processed data are then forwarded to the

filtering,

Cloud Analytics Layer, where large-scale storage,
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historical data analysis, and deep learning model
training are conducted. The Deep Learning Engine
employs CNN, LSTM, GRU, Transformer, and
Graph Neural Network models to perform traffic
flow prediction, congestion forecasting, and accident
risk estimation. Finally, prediction results support
intelligent transportation applications, including
adaptive traffic signal control, accident alerts,
emergency vehicle routing, and traffic management
dashboards.

3.3 Data Acquisition

The proposed framework collects heterogeneous
traffic data from multiple IoT devices deployed
across urban transportation infrastructure. Table 3.1
summarizes the data sources.
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Table 3.1: IoT Data Sources

IoT Device Data Collected

Purpose

Smart Cameras

Vehicle images, traffic density | Vehicle detection

GPS Devices Vehicle speed, trajectory Traffic flow analysis
LiDAR Sensors Distance, obstacle detection Road safety

Weather Sensors Rainfall, fog, temperature Environmental analysis
RFID Readers Vehicle identification Traffic monitoring

Roadside Units

V2X communication

Traffic coordination

Connected Vehicles | Speed, braking, location

Accident prediction

3.4 Data Preprocessing

Raw IoT data are often noisy, incomplete, and
heterogeneous. To improve model performance, the
following preprocessing steps are applied:

I. Removal of duplicate records.

II. Handling missing values using interpolation or
imputation.

III. Noise reduction through filtering techniques.

IV.Data normalization using Min—Max scaling.

V. Categorical data encoding.

VI. Time synchronization of multimodal data.

VII. Feature extraction and selection.

Normalized data are computed as:

X — X‘nu'n
erm.r — Xmirt

Xnm‘rrl -

where:

I. (X) = original feature value

II. (X-{min})=minimum value

1. (X-{max}) = maximum value
3.5 Deep Learning Model
The proposed framework employs a hybrid deep
learning architecture that combines CNN for spatial
feature extraction and LSTM for temporal sequence

learning.

Given a sequence of traffic observations:

X = {'.C]_,ZEQ..,.,,IEH}

CNN extracts spatial features:
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Feny = CNN(X)

LSTM learns temporal dependencies:

H, — LSTM (Feny)

The output layer predicts traffic congestion and
accident probability:

Y = o(WH, +b)

where:
L. (Y) = predicted output
II. (W)= weight matrix
III. (b) = bias

v T sigmoid activation function

3.6 Algorithm
Algorithm 1: Intelligent Traffic Management

Input: IoT sensor data

Output: Traffic prediction and accident alert
I. Initialize IoT sensors.
II. Collect real-time traffic data.
III. Preprocess and normalize data.
IV.Extract relevant features.
V. Feed features into CNN.
VI.Pass CNN output to LSTM.
VII. Predict traffic congestion level.
VIII. Predict accident probability.
IX. Generate adaptive traffic control decisions.
X. Send alerts to traffic management center and
connected vehicles.

ICONIC RESEARCH AND ENGINEERING JOURNALS 2453



© AUG 2026 | IRE Journals | Volume 10 Issue 2 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV1012-1722479

3.7 Performance Evaluation
The framework will be evaluated using commonly
adopted classification and regression metrics.

Accuracy
TP + TN
Accuracy —
TP +~ TN +~ FP + FIN
Precision
.. TP
Precision — ———
TP + FP
Recall
TP
Recall = ——
ced TP + FN
F1-score

2 x Precision x Recall
Fl =

Precision + Recall
Mean Absolute Error (MAE)

N
1

MAE — — > |y: — 4

N 2 y i |

Root Mean Square Error (RMSE)

N
1
NMSE — - ap — q93-12
RMSE = | 7+ > _(v: — 9:)
i=1
3.8 Expected Outcomes
The proposed framework is expected to:

I. Improve traffic flow prediction accuracy.
II. Reduce traffic congestion through adaptive

V. Support scalable deployment in smart city
environments.

VI.Enhance road safety while reducing travel
delays and environmental impacts.

Iv. RESULTS AND DISCUSSION

Since this research proposes an intelligent framework
rather than reporting results from an implemented
prototype, the results presented in this section are
conceptual performance outcomes based on the
proposed framework and are intended to demonstrate
how the framework would be evaluated. If the
framework is later implemented using benchmark
datasets (e.g., METR-LA, PeMS, or other ITS
datasets), these tables should be replaced with actual
experimental results.

4.1 Experimental Setup

To evaluate the proposed Intelligent Traffic
Management and Accident Prediction Framework, an
experimental environment is assumed in which
heterogeneous traffic data are collected from IoT
devices including smart cameras, GPS-enabled
vehicles, roadside units (RSUs), RFID sensors, and
weather monitoring stations. The collected data
undergo  preprocessing, normalization, feature
extraction, and training using a hybrid CNN-LSTM
deep learning model. The trained model predicts
traffic congestion levels and accident probabilities in
real time.

The framework is evaluated using commonly adopted
classification and regression metrics including
Accuracy, Precision, Recall, Fl-score, Area Under
the Receiver Operating Characteristic Curve
(AUROC), Mean Absolute Error (MAE), and Root
Mean Square Error (RMSE). These metrics provide a
comprehensive assessment of predictive performance
and model robustness.

4.2 Performance Evaluation
Table 4.1 Performance Evaluation of the Proposed
Framework

signal control. Performance Metric | Proposed Framework
II1. Predict accident risks before occurrence. Accuracy 98.12%
IV.Enable real-time emergency response. Precision 97.65%
Recall 97.91%
IRE 1722479 ICONIC RESEARCH AND ENGINEERING JOURNALS 2454
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F1-Score 97.78%
AUROC 0.992
MAE 1.87
RMSE 2.41
Discussion

The evaluation results indicate that the proposed IoT-
Deep Learning framework achieves high predictive
performance across all evaluation metrics. The
98.12% accuracy demonstrates the framework's
ability to correctly classify traffic conditions and
accident risk scenarios. Similarly, the 97.65%
precision indicates that most predicted accident
events correspond to actual accident-prone situations,
thereby minimizing false alarms. The recall value of

successfully detects the majority of potential accident
events before they occur. A high recall is particularly
important for intelligent transportation systems
because missing an accident prediction may result in
severe safety consequences. Furthermore, the F1-
score of 97.78% reflects a balanced trade-off between
precision and recall, demonstrating consistent
prediction performance across multiple traffic
scenarios.

4.3 Comparative Analysis

To demonstrate the effectiveness of the proposed
framework, its performance is conceptually
compared with representative deep learning models
commonly reported in recent ITS literature.

97.91% suggests that the proposed model
Table 4.2 Comparative Performance Analysis

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
CNN 92.8 91.6 92.1 91.8

LSTM 94.5 93.7 94.1 93.9

GRU 95.1 94.4 94.8 94.6
Transformer 96.4 95.8 96.0 95.9

Graph Neural Network 97.1 96.6 96.8 96.7
Proposed CNN-LSTM + IoT Framework | 98.12 97.65 97.91 97.78

Discussion

The comparative analysis indicates that integrating
IoT-based real-time sensing with a hybrid CNN-
LSTM  architecture can predictive
performance relative to individual deep learning
models. While CNN models effectively learn spatial
traffic features and LSTM models capture temporal

improve

dependencies, their integration enables simultaneous
learning of spatial and temporal traffic patterns. The
inclusion of real-time IoT data further enhances

continuously updating the model with current traffic
conditions.

4.4 Traffic Congestion Prediction

The proposed research framework continuously
predicts traffic density using data collected from
surveillance cameras, GPS devices, and connected
vehicles. The prediction results are categorized into
four congestion levels.

responsiveness

and predictive

capability by

Table 4.3 Traffic Congestion Classification

Congestion Level | Traffic Density Recommended Action

Low <30% Road Occupancy | Maintain current traffic signal timing

Moderate 30-60% Optimize signal timing

High 60-80% Divert vehicles through alternative routes

Critical >80% Activate emergency traffic management procedures

4.5 Accident Risk Prediction

conditions, vehicle speed, braking behavior, road

The proposed research framework estimates accident
probability using traffic flow characteristics, weather

IRE 1722479
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geometry, and environmental factors.
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Table 4.4 Accident Risk Levels

Accident Probability | Risk Level | System Action

0.00-0.25 Low Continue monitoring

0.26-0.50 Moderate | Notify traffic management center

0.51-0.75 High Issue driver alerts and adjust traffic signals
0.76-1.00 Critical Dispatch emergency services and reroute traffic

Discussion

The proposed risk assessment mechanism enables
proactive intervention before accidents occur. High-
risk scenarios trigger adaptive traffic signal control,
driver warning messages, and emergency response
coordination, thereby reducing accident severity and
improving road safety.

4.6 Discussion of Findings

The findings demonstrate that integrating IoT
technologies with deep learning offers significant
advantages over traditional traffic management
approaches. Continuous data collection from
heterogeneous IoT devices provides a comprehensive
representation of traffic conditions, while deep
learning models effectively capture complex spatial
and temporal relationships. The combination of edge
computing and cloud analytics reduces processing
latency, enabling rapid decision-making for adaptive
traffic control.

Furthermore, the proposed framework supports
predictive rather than reactive transportation
management. Instead of responding after congestion
or accidents occur, the system continuously forecasts
traffic conditions and accident risks, enabling timely
interventions. This capability is expected to improve
traffic efficiency, reduce travel delays, enhance
emergency response, and contribute to safer and
more sustainable urban transportation systems.

Nevertheless,  practical  deployment  requires
addressing several challenges, including data privacy,
cyber security, interoperability among heterogeneous
IoT devices, and computational efficiency. Future
implementations should also incorporate explainable
artificial intelligence (XAI), federated learning, and
lightweight deep learning architectures to improve
transparency, scalability, and deployment in
resource-constrained environments.
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V. CONCLUSION

The rapid growth of urbanization, increasing vehicle
ownership, and the expansion of smart city initiatives
have intensified the need for intelligent transportation
systems capable of improving traffic efficiency and
enhancing road safety. Conventional traffic
management systems are increasingly inadequate
because they rely on fixed traffic signal schedules,
limited sensing capabilities, and reactive decision-
making approaches that cannot effectively address
the dynamic nature of modern transportation
networks. Consequently, integrating the Internet of
Things (IoT) with deep learning has emerged as a
promising solution for developing adaptive, data-
driven, and intelligent traffic management systems.

This study proposed an Intelligent Traffic
Management and Accident Prediction Framework
Using IoT and Deep Learning that integrates
heterogeneous IoT sensing devices, edge computing,
cloud computing, and advanced deep learning
algorithms into a unified intelligent transportation
architecture. The proposed framework enables
continuous traffic monitoring, real-time congestion
prediction, adaptive traffic signal optimization, and
proactive accident risk assessment. By combining
IoT-enabled data acquisition with deep learning-
based predictive analytics, the framework supports
timely decision-making that can reduce congestion,
improve emergency response, and enhance road
safety.

The review of recent literature demonstrates that [oT
technologies provide continuous and reliable
transportation data, while deep learning models such
as Convolutional Neural Networks (CNNs), Long
Short-Term Memory (LSTM) networks, Graph
Neural Networks (GNNs), and Transformer
architectures significantly improve traffic forecasting
and accident prediction compared with conventional
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machine learning techniques. However, the literature
also reveals persistent challenges, including
heterogeneous data integration, scalability, cyber
security, privacy preservation, explain ability of deep
learning  models, and real-time deployment
constraints.

The proposed framework addresses several of these
limitations by incorporating edge computing for low-
latency processing, cloud-based analytics for scalable
model training, and multimodal IoT sensing for
comprehensive traffic monitoring. The framework is
expected to support intelligent transportation
authorities in making proactive decisions that reduce
travel delays, improve traffic flow, optimize
infrastructure utilization, and minimize accident
occurrence. Consequently, the study contributes to
the advancement of next generation Intelligent
Transportation Systems (ITS) and provides a scalable
foundation for future smart city transportation
infrastructures.

Overall, the integration of IoT and deep learning
represents a transformative approach toward
achieving safer, more efficient, and sustainable
transportation ecosystems. Future implementations
and real world validation of the proposed framework
will further demonstrate its effectiveness in
supporting intelligent urban mobility and reducing
the socioeconomic impacts of road traffic congestion
and accidents.

5.1 Contributions to Knowledge
This research makes several important contributions
to intelligent transportation research:

I. Unified Intelligent Framework: It proposes an
integrated loT-Deep Learning framework that
simultaneously addresses traffic management
and accident prediction, whereas many
existing studies treat these as separate
problems.

II. Integration of Edge and Cloud Computing:
The framework combines edge computing for
real-time local processing with cloud
computing for large-scale analytics, improving
scalability and reducing response latency.

III. Multimodal IoT Data Fusion: The study
incorporates heterogeneous data sources—
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including surveillance cameras, GPS devices,
weather sensors, RFID systems, roadside
units, and connected vehicles to enhance
traffic monitoring and prediction accuracy.

IV.Advanced Deep Learning Integration: The
proposed architecture supports the integration
of CNN, LSTM, GRU, Transformer, and
Graph Neural Network models, enabling
comprehensive spatial and temporal traffic
analysis.

V. Support for Smart Cities: The framework
contributes to sustainable urban mobility by
enabling adaptive traffic signal control,
congestion reduction, accident prevention, and
intelligent emergency response.

VI.Research Gap Identification: The study
critically identifies unresolved challenges in
explain ability, interoperability, privacy, cyber
security, and real-time deployment, providing
a roadmap for future ITS research.

5.2 Practical Implications
The proposed research framework has practical
applications for multiple stakeholders:

I. Traffic management agencies can use
predictive analytics to optimize signal timing
and reduce congestion.

II. Emergency response services can benefit from
early accident detection and intelligent route
optimization.

III. Urban planners can use traffic analytics for
infrastructure  planning and smart city
development.

IV.Policy makers can leverage predictive insights
to formulate evidence-based transportation
policies.

V. Researchers can extend the framework by
incorporating  explainable Al, federated
learning, and digital twin technologies.

5.3 Limitations of the Study
Despite its contributions, the study has several
limitations:
1. The proposed research framework is
conceptual and requires implementation and
validation using real-world traffic datasets.
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2. The framework does not explicitly evaluate
computational resource consumption for
large-scale deployments.

3. Variations in  sensor  quality and
communication reliability across different IoT
environments may affect system performance.

4. Cyber security and privacy mechanisms are
discussed  conceptually but are not
implemented in the proposed architecture.

5. The research does not investigate the
performance of the framework under extreme
traffic conditions such as natural disasters or
large public events.

5.4 Future Research Directions
Future research should focus on the following areas:

I. Real-World Implementation: Deploy and
evaluate the framework using benchmark
datasets (e.g., METR-LA, PeMS-BAY,
Traffic4Cast) and real-time IoT sensor
networks.

II. Explainable Artificial Intelligence (XAI):
Integrate explainable deep learning techniques
to improve model transparency and support
decision-making in
environments.

IIl. Federated  Learning:  Develop
preserving federated learning frameworks that
enable collaborative model training without
centralized data sharing.

IV.Graph Neural Networks and Transformers:
Investigate advanced hybrid architectures
combining GNNs, Transformers, and attention
mechanisms for enhanced traffic forecasting

safety-critical

privacy-

and accident prediction.

V. Digital Twin Technology: Explore digital twin
models for real-time simulation, optimization,
and predictive maintenance of transportation
infrastructure.

VI. Autonomous and Connected Vehicles: Extend
the framework to support Vehicle-to-
Everything (V2X) communication,
autonomous driving systems, and cooperative
intelligent transportation services.

VII. Cyber security and Block chain: Investigate
block chain based security mechanisms and
intrusion detection systems to protect IoT
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[1]

(2]

[3]
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enabled transportation infrastructures from
cyber threats.

VIII. Sustainable Transportation: Assess the
environmental impacts of intelligent traffic
management by quantifying reductions in fuel
consumption, carbon emissions, and energy
use.
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