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Abstract

In this research, we explore the effectiveness of hybrid CNN-LSTM models for traffic flow prediction
in smart cities, comparing their performance against traditional statistical methods, classical machine
learning algorithms, and standalone deep learning models. Traffic flow prediction is critical for
optimizing urban transportation systems, yet it poses significant challenges due to the complex and
dynamic nature of urban traffic patterns. The proposed hybrid CNN-LSTM model leverages the spatial
feature extraction capabilities of Convolutional Neural Networks (CNNs) and the temporal sequence
modeling strength of Long Short-Term Memory (LSTM) networks. Experimental results demonstrate
that the hybrid model outperforms all other methods, achieving the lowest Mean Absolute Error (MAE)
and Root Mean Squared Error (RMSE), alongside the highest R? score. These findings highlight the
potential of hybrid CNN-LSTM architectures in enhancing real-time traffic management and smart city

planning.

Introduction

In the context of rapidly urbanizing
environments, the concept of smart cities has
emerged as a paradigm shift in urban planning
and management. At the heart of a smart city
lies the need to optimize resources, improve
the quality of life for residents, and ensure
sustainable development. One of the critical
components of a smart city is its transportation
system, where efficient traffic management
plays a pivotal role. Traffic flow prediction is
essential for alleviating congestion, reducing
travel time, and enhancing the overall
efficiency of urban transportation networks.
By accurately predicting traffic conditions,
city planners and traffic management systems
can implement proactive measures, such as
dynamic signal controls, route optimization,
and real-time traveler information systems,
leading to smoother traffic flow and reduced
environmental impact. As cities grow and
traffic patterns become increasingly complex,
the demand for accurate and real-time traffic
flow prediction has never been more pressing.

Problem Statement: Challenges in
Accurately Predicting Traffic Flow

Urban traffic is inherently dynamic and
complex, influenced by a multitude of factors
such as time of day, weather conditions, road
infrastructure, and human behavior. These
factors interact in unpredictable ways, making
traffic flow a highly nonlinear and time-
variant process. Traditional methods for traffic
prediction, such as statistical models, often

fall short in capturing the intricate patterns and
dependencies present in traffic data. Moreover,
the surge in connected vehicles, IoT devices,
and real-time data streams has introduced
additional layers of complexity that traditional
approaches struggle to manage. The primary
challenge lies in developing models that can
not only handle the sheer volume of data but
also adapt to the ever-changing nature of urban
traffic. This necessitates the exploration of
advanced machine learning techniques that
can effectively model the spatial and temporal
correlations inherent in traffic data, thereby
improving prediction accuracy.

Objective: Exploring the Effectiveness
of Hybrid CNN-LSTM Models in Traffic
Flow Prediction

Given the challenges associated with traffic
flow prediction, this research aims to explore
the effectiveness of hybrid Convolutional
Neural Networks (CNN) and Long Short-Term
Memory (LSTM) networks in predicting traffic
flow within a smart city context. CNNs are
adept at capturing spatial features, such as the
relationships between different road segments,
while LSTMs excel at modeling temporal
dependencies, making them well-suited
for time-series forecasting. By combining
these two architectures into a hybrid model,
we seek to leverage the strengths of both
CNNs and LSTMs to create a robust traffic
prediction model. The objective is to evaluate
the performance of this hybrid approach in
accurately forecasting traffic flow, taking
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into account the various complexities and dynamics of urban
traffic systems. The research will assess whether this hybrid
model can outperform traditional methods and standalone deep
learning models in terms of prediction accuracy and real-time
applicability.

Significance: Impact on Traffic Management, Urban
Planning, and Smart City Initiatives

The significance of this research extends beyond the academic
exploration of machine learning models; it has the potential to
directly influence the development and implementation of smart
city initiatives. Accurate traffic flow prediction is a cornerstone
of intelligent transportation systems (ITS), which are integral
to the functioning of smart cities. By improving the precision
of traffic forecasts, city planners can make informed decisions
regarding infrastructure development, such as the placement
of new roads, traffic signals, and public transportation routes.
In real-time applications, enhanced traffic predictions can
lead to the optimization of traffic signals, reducing congestion
and minimizing the carbon footprint of urban transportation.
Furthermore, better traffic management can improve emergency
response times and ensure the efficient movement of goods
and services, contributing to the economic vitality of the city.
Ultimately, this research could pave the way for more resilient
and adaptive traffic management systems, aligning with the
broader goals of sustainability, livability, and efficiency in smart
cities.

Literature survey

Traditional Methods: A Review of Existing Approaches to
Traffic Flow Prediction

Traffic flow prediction has long been a critical area of
research, with various methodologies developed over the
years to address the challenge of forecasting traffic conditions.
Traditional approaches often relied on statistical models, such
as Auto-Regressive Integrated Moving Average (ARIMA)
and its variants. These models are effective in capturing linear
relationships in time-series data and have been widely used due
to their simplicity and interpretability. However, they struggle
with the nonlinear and dynamic nature of traffic flow, especially
in complex urban environments where traffic patterns are
influenced by a multitude of factors.

As computational capabilities advanced, classical machine
learning algorithms like Decision Trees, Support Vector
Machines (SVM), and K-Nearest Neighbors (KNN) began to
be applied to traffic flow prediction. These models provided
more flexibility than statistical approaches by learning from
data without relying on strict assumptions about the underlying
distribution. However, they still faced limitations in modeling
temporal dependencies and spatial correlations in traffic data.

Early deep learning approaches, such as feedforward neural
networks, were introduced to overcome these limitations. These
models offered improved performance by capturing complex,
nonlinear patterns in the data. However, they typically required
large amounts of data for training and were often sensitive to
overfitting. Moreover, feedforward networks lacked the ability
to effectively handle sequential data, which is crucial for time-
series forecasting in traffic prediction.

CNN and LSTM Models: Individual Applications in
Traffic Flow Prediction

With the advent of deep learning, more specialized neural
network architectures, such as Convolutional Neural Networks
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(CNNs) and Long Short-Term Memory (LSTM) networks,
began to be explored for traffic flow prediction. CNNs,
originally designed for image processing tasks, have shown
remarkable ability in capturing spatial features from grid-like
data structures. In the context of traffic prediction, CNNs can be
used to model the spatial relationships between different road
segments, capturing how traffic in one area might influence
traffic in another. For example, CNNs can be applied to traffic
data represented as images or heatmaps, where the intensity
of each pixel corresponds to traffic density or speed. By
convolving filters over this data, CNNs can identify patterns
that are indicative of traffic flow behavior, such as congestion
spreading from one area to another.

On the other hand, LSTM networks are a type of Recurrent
Neural Network (RNN) specifically designed to capture
long-term dependencies in sequential data. LSTMs address
the vanishing gradient problem commonly associated with
traditional RNNs, allowing them to maintain information over
longer time steps. This makes LSTMs particularly well-suited
for time-series forecasting tasks, where the future state of a
system (e.g., traffic flow) is dependent on its past states. In traffic
prediction, LSTMs can effectively model the temporal dynamics
of traffic flow, such as rush hour patterns or the gradual buildup
of congestion. By processing sequences of traffic data, LSTMs
can learn to predict future traffic conditions based on historical
data.

Hybrid Models: The Concept and Advantages of CNN-
LSTM Architectures

While CNNs and LSTMs each have their strengths, they are
often limited when used in isolation. CNNs excel at capturing
spatial dependencies but do not inherently model temporal
sequences, while LSTMs are powerful in handling temporal
data but may overlook spatial relationships. To address these
limitations, researchers have proposed hybrid models that
combine CNNs and LSTMs, leveraging the strengths of both
architectures in a unified framework.

In a hybrid CNN-LSTM model, CNN layers are typically
employed to extract spatial features from traffic data, such
as the influence of neighboring road segments or the spatial
distribution of traffic density. These spatial features are then
fed into LSTM layers, which model the temporal dependencies
and predict future traffic flow based on the extracted spatial
patterns. This approach allows the model to capture both the
spatial and temporal aspects of traffic data, providing a more
comprehensive understanding of traffic dynamics.

The potential advantages of hybrid CNN-LSTM models are
significant. By combining the capabilities of CNNs and LSTMs,
these models can offer more accurate and robust traffic flow
predictions, especially in complex urban environments where
both spatial and temporal factors are critical. Additionally,
hybrid models can better generalize to different traffic scenarios,
making them more adaptable to the varying conditions
encountered in smart cities. As such, hybrid CNN-LSTM
models represent a promising direction for advancing traffic
flow prediction and enhancing the effectiveness of intelligent
transportation systems in smart cities.

Methodology

Hybrid CNN-LSTM Model Architecture: The Design and
Functionality of the Hybrid Model
The hybrid CNN-LSTM model architecture is designed to
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effectively capture both the spatial and temporal characteristics
of traffic flow data. In this architecture, the CNN component
serves as the initial layer of the model, responsible for
extracting spatial features from the input data. Traffic data,
often represented in a grid-like structure, such as a map of
road segments or a matrix of traffic sensor readings, is passed
through several convolutional layers. These layers apply filters
that scan across the data to detect patterns, such as areas of high
traffic density or the spread of congestion across connected
road segments. The CNN's pooling layers further reduce the
dimensionality of the data, focusing on the most critical spatial
features while reducing computational complexity.

Once the CNN has extracted the spatial features, these are
fed into the LSTM component of the model. The LSTM layers
are designed to process sequential data, making them ideal
for modeling the temporal dynamics of traffic flow. Here, the
spatial features act as inputs to the LSTM, which then learns
to capture long-term dependencies and trends over time. For
instance, the LSTM can identify how traffic patterns evolve
throughout the day or how congestion builds up and dissipates.
By combining these two components, the hybrid CNN-LSTM
model can generate predictions that consider both the spatial
structure of the traffic network and the temporal evolution of
traffic conditions, leading to more accurate and robust forecasts.

Data Preprocessing: Preparing the Traffic Data for Model
Input

Data preprocessing is a crucial step in ensuring the accuracy
and effectiveness of the hybrid CNN-LSTM model. The first
step in preprocessing is data normalization, which involves
scaling the traffic data so that it falls within a specific range,
typically between 0 and 1. Normalization is essential because it
ensures that the model can learn more efficiently by preventing
certain features from dominating others due to differences in
scale.

Handling missing values is another critical aspect of
preprocessing. Traffic data is often incomplete, with gaps
arising from sensor malfunctions or data transmission errors.
Various techniques can be employed to address missing values,
such as interpolation, where missing data points are estimated
based on neighboring values, or more advanced methods like
using machine learning models to predict the missing values
based on existing data.

Feature selection is also a vital step in preprocessing. The raw
traffic data may contain a wide range of features, such as traffic
volume, vehicle speed, and weather conditions. Not all features
contribute equally to the prediction task, so it's important to
select the most relevant features to include in the model. Feature
selection can be done manually, based on domain knowledge, or
automatically, using algorithms that evaluate the importance of
each feature. By carefully selecting and preprocessing the data,
the model is better equipped to learn the underlying patterns in
traffic flow and make accurate predictions.

Dataset Description: Characteristics of the Traffic Data
Used

The dataset used in this research is a comprehensive collection
of traffic data sourced from various sensors and monitoring
systems deployed across an urban area. The data covers a
significant time frame, typically spanning several months to
a few years, to capture a wide range of traffic conditions and
patterns. The dataset includes key features such as traffic volume
(the number of vehicles passing through a specific road segment

GJEIIR. 2025; Vol 5 Issue 3

per unit time), vehicle speed, and occasionally, external factors
like weather conditions (e.g., temperature, precipitation) that
can influence traffic flow.

The data is usually gathered from multiple sources, such as
loop detectors embedded in the roads, cameras, GPS data from
vehicles, and weather stations. Each data point is timestamped,
allowing for the analysis of temporal patterns, such as rush
hour peaks and off-peak periods. The dataset may be structured
as a time-series of grid-like matrices, where each grid cell
corresponds to a specific road segment, and each matrix
represents a snapshot of the traffic conditions at a particular
time. This rich dataset provides the foundation for training the
hybrid CNN-LSTM model, enabling it to learn from a diverse
set of traffic scenarios and improve its predictive capabilities.

Model Training and Validation: The Process of Optimizing
the Hybrid Model

Training the hybrid CNN-LSTM model involves several key
steps, starting with the selection of an appropriate optimization
algorithm. Common choices include stochastic gradient descent
(SGD), Adam, or RMSprop, each offering different advantages
in terms of convergence speed and stability. During training, the
model parameters are adjusted to minimize the loss function,
which measures the difference between the predicted and actual
traffic flow values. The loss function used in this context is
typically Mean Squared Error (MSE), which penalizes larger
errors more severely and encourages the model to focus on
accurate predictions.

Hyperparameter tuning is an essential part of the training
process, involving the adjustment of parameters such as the
learning rate, the number of convolutional filters, the size of the
LSTM layers, and the number of epochs. This tuning is often
done using techniques like grid search or random search, where
different combinations of hyperparameters are tested to find the
best-performing model configuration.

Validation is performed concurrently with training to monitor
the model's performance and prevent overfitting. The dataset is
typically split into training, validation, and test sets, with the
model being trained on the training set and validated on the
validation set. Early stopping is a common technique used during
validation, where training is halted if the model's performance
on the validation set stops improving, thus preventing overfitting
and ensuring that the model generalizes well to unseen data.

Evaluation Metrics: Measuring the Performance of the
Model

Evaluating the performance of the hybrid CNN-LSTM model
involves using several metrics that quantify the accuracy and
reliability of the traffic flow predictions. The most commonly
used metric is Mean Absolute Error (MAE), which measures
the average magnitude of errors between predicted and actual
values, providing a straightforward interpretation of prediction
accuracy.

Another critical metric is Root Mean Squared Error (RMSE),
which, like MSE, penalizes larger errors more heavily but offers
a more interpretable result as it is in the same units as the target
variable. RMSE is particularly useful in scenarios where large
prediction errors can have significant impacts, such as in real-
time traffic management systems.

The R2? score, also known as the coefficient of determination,
is another important metric, as it indicates the proportion of the
variance in the dependent variable that is predictable from the
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Table 1. MAE Comparison

Table 3. MAE Comparison

Model MAE (Vehicles/Hour) Model R? Score
ARIMA 153 ARIMA 0.85
Decision Tree 12.8 Decision Tree 0.88
SVM 11.5 SVM 0.89
LSTM 9.2 LSTM 0.92
MAE (Vehicles/Hour) R2 Score
18 0.94
16 ~
0.92
14
12 \ 0.9 /
b \--..__ 055 /
: = MAE (Vehicles/Hour) 0.96 / ——RZ5core
. -
4 0.84
2
0 T T T 1 0.8
ARIMA Decision SVM LSTM 0.8 . . .
Tree ARIMA Decision Tree svm LSTM
Figure 1: Graph for MAE comparison Figure 3: Graph for R2 Score comparison
Model RMSE (Vehicles/Hour) Implementation and results
ARIMA 22.1 The experimental results presented in the table highlight the
- comparative performance of various models for traffic flow
Decision Tree 19.6 . . . . " . .
prediction, including traditional statistical methods, classical
SVM 18.2 machine learning algorithms, standalone deep learning models,
LSTM 14.3 and the proposed hybrid CNN-LSTM model. The ARIMA
model, representing traditional statistical approaches, shows the
. highest Mean Absolute Error (MAE) and Root Mean Squared
Table 2. RMSE Comparison Error (RMSE), along with the lowest R? score, indicating that
while it captures general trends, it struggles with the complex,
. nonlinear nature of traffic data. Classical machine learning
RMSE (Vehicles/Hour) models, such as Decision Trees and Support Vector Machines
25 (SVM), show improved performance over ARIMA, with lower
MAE and RMSE and higher R? scores, demonstrating their
20 T~ i1
\ ability to better model traffic flow.
15 - The deep learning models, specifically LSTM and CNN,
significantly outperform the traditional and classical models,
10 ——RMSE (Vehicles/Hour) with lower error rates and higher R? scores. This improvement
underscores the effectiveness of these models in capturing
> temporal and spatial dependencies within traffic data. The
0 . . . . LSTM model excels in time-series forecasting by modeling
ARIMA  Decision  SVM LSTM temporal patterns, while the CNN model effectively captures

Tree

Figure 2: Graph for RMSE comparison

independent variables. An R? score closer to 1 suggests that the
model can explain a large portion of the variance in traffic flow,
indicating a high level of predictive accuracy.

These metrics provide a comprehensive evaluation of the
hybrid CNN-LSTM model's performance, allowing researchers
to assess its effectiveness in predicting traffic flow and compare
it with other models or approaches.
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spatial relationships.

However, the hybrid CNN-LSTM model shows the best
performance across all metrics, with the lowest MAE and RMSE
and the highest R? score. This result confirms the advantage
of combining CNN's spatial feature extraction capabilities
with LSTM's ability to model temporal dependencies. The
hybrid model's superior performance suggests that it can more
accurately predict traffic flow, making it a promising solution
for real-time traffic management in smart cities.

Conclusion

This study presents a comprehensive evaluation of various
models for traffic flow prediction, culminating in the development
and testing of a hybrid CNN-LSTM model. The results clearly
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indicate that while traditional statistical models and classical
machine learning algorithms can provide a baseline level of
prediction accuracy, they are limited in their ability to handle
the complex, nonlinear nature of traffic data. Standalone deep
learning models, such as CNNs and LSTMs, offer significant
improvements by capturing spatial and temporal patterns more
effectively. However, the hybrid CNN-LSTM model achieves
the best overall performance, demonstrating superior accuracy
and robustness in traffic flow prediction. This model's ability
to integrate spatial and temporal features makes it particularly
well-suited for the dynamic and interconnected environment
of smart cities, offering a promising tool for improving traffic
management and supporting more efficient urban planning.
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