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Abstract: The rapid evolution of autonomous mobility and intelligent transportation
systems (ITS) necessitates robust and accurate traffic prediction models. This chapter
explores the application of hybrid intelligent systems to address the complexities of au-
tonomous mobility and traffic forecasting. We propose a novel hybrid deep learning frame-
work that integrates Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU),
and Convolutional Neural Networks (CNN) with an attention mechanism to enhance
prediction accuracy. The proposed model is evaluated on a simulated traffic dataset,
demonstrating superior performance compared to standalone LSTM and GRU models.
The chapter provides a comprehensive overview of the methodology, from data prepro-
cessing and feature engineering to model implementation and evaluation. The results and
discussion section offers a detailed analysis of the model’s performance, highlighting the
benefits of the hybrid approach in capturing complex temporal and spatial traffic pat-
terns. The chapter concludes with a summary of the key findings and a discussion of
future research directions in the field of intelligent transportation systems.
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1. Introduction

The 21st century has witnessed a paradigm shift in urban transportation, driven by the
convergence of autonomous technology, artificial intelligence, and the Internet of Things
(IoT). Autonomous vehicles (AVs) are no longer a futuristic concept but are increasingly
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becoming an integral part of our daily lives, promising safer roads, reduced traffic conges-
tion, and enhanced mobility [1]. However, the full realization of this vision is contingent
upon the development of sophisticated intelligent transportation systems (ITS) that can
effectively manage and predict traffic flow in real-time. Accurate traffic prediction is
a cornerstone of ITS, enabling dynamic route optimization, congestion mitigation, and
proactive traffic management strategies. Traditional traffic prediction models, often based
on statistical methods, struggle to capture the highly non-linear and dynamic nature of
urban traffic [2]. The advent of deep learning has opened up new avenues for traffic pre-
diction, with models like Recurrent Neural Networks (RNNs), Long Short-Term Memory
(LSTM) networks, and Gated Recurrent Units (GRUs) demonstrating remarkable success
in time-series forecasting [3].

This chapter delves into the realm of hybrid intelligent systems for autonomous mobil-
ity and traffic prediction. We propose a novel hybrid deep learning architecture that syn-
ergistically combines the strengths of LSTM, GRU, and Convolutional Neural Networks
(CNNs) to deliver highly accurate traffic forecasts. The proposed model is designed to
capture both the temporal dependencies and spatial correlations inherent in traffic data,
leading to a more comprehensive and robust prediction framework. The chapter is struc-
tured as follows: Section 2 provides a review of the relevant literature. Section 3 details
the proposed methodology, including the dataset, data preprocessing, and the architecture
of the hybrid model. Section 4 presents the experimental results and a detailed discussion
of the model’s performance. Finally, Section 5 concludes the chapter with a summary of
the findings and a look at future research directions.

2. Literature Review

The field of traffic prediction has been a subject of extensive research for several decades.
Early approaches were predominantly based on statistical models such as ARIMA (Au-
toregressive Integrated Moving Average) and its variants. While these models are simple
and interpretable, they are limited in their ability to capture the complex non-linearities
of traffic flow. With the rise of machine learning, models like Support Vector Regression
(SVR) and Random Forests have been applied to traffic prediction, showing improved
performance over traditional statistical methods[4].

In recent years, deep learning has emerged as the state-of-the-art for traffic predic-
tion. The ability of deep neural networks to learn complex patterns from large datasets
makes them particularly well-suited for this task. Recurrent Neural Networks (RNNs),
with their inherent ability to model sequential data, have been a popular choice for time-
series forecasting. However, standard RNNs suffer from the vanishing gradient problem,
which limits their ability to learn long-term dependencies. To address this limitation,
Long Short-Term Memory (LSTM) networks and Gated Recurrent Units (GRUs) were
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introduced. LSTMs and GRUs incorporate gating mechanisms that allow them to selec-
tively remember or forget information over long sequences, making them highly effective
for traffic prediction [5].

Several studies have demonstrated the effectiveness of LSTM and GRU models for
traffic prediction. For instance, proposed an LSTM-based model for short-term traffic flow
prediction, which outperformed traditional models. Similarly, [6] used a GRU-based model
to predict traffic speed and showed its superiority over other machine learning models.
While LSTMs and GRUs are adept at capturing temporal dependencies, they do not
explicitly model the spatial correlations in traffic data. To address this, researchers have
started exploring the use of Convolutional Neural Networks (CNNs) in conjunction with
recurrent networks. CNNs are excellent at extracting spatial features, and by combining
them with LSTMs or GRUs, it is possible to create models that can capture both the
temporal and spatial dynamics of traffic.

More recently, hybrid models that combine different deep learning architectures have
gained significant attention. These models aim to leverage the strengths of different
architectures to achieve superior performance. For example, proposed a hybrid model
that combines a CNN with an LSTM to predict traffic flow, where the CNN is used
to extract spatial features and the LSTM is used to model the temporal dependencies.
Another trend is the use of attention mechanisms, which allow the model to focus on
the most relevant parts of the input sequence when making a prediction. This has been
shown to be particularly effective for long-term traffic prediction.

This chapter builds upon this body of work by proposing a novel hybrid intelligent
system that integrates LSTM, GRU, and CNN with an attention mechanism. The pro-
posed model is designed to capture the complex spatio-temporal patterns in traffic data,
leading to more accurate and reliable predictions.

3. Proposed Methodology

Our proposed methodology for traffic prediction is based on a hybrid deep learning model
that integrates LSTM, GRU, and CNN architectures. The overall workflow of our method-
ology is depicted in Figure 1.

3.1 Dataset

We use a simulated traffic dataset that captures the typical patterns of urban traffic
flow. The dataset contains 2880 samples, representing 30 days of traffic data at 15-
minute intervals. Each sample includes the following features: traffic flow (vehicles per
15 minutes), average speed (km/h), and congestion level (%). The dataset is designed to
exhibit realistic temporal patterns, including daily peak hours and weekly variations [6].

ISBN: 978-81-994969-7-2 (Print); 978-81-994969-1-0 (Online)
67



Principles of Hybrid Intelligent Systems

Figure 1: Proposed methodology for traffic prediction

3.2 Data Preprocessing

Before feeding the data into our model, we perform several preprocessing steps. First, we
normalize the data to a range of [0, 1] using Min-Max scaling. This is a crucial step as it
ensures that all features have the same scale, which helps to improve the convergence of
the model during training. The data is then split into training, validation, and test sets,
with a ratio of 70%, 15%, and 15%, respectively.

3.3 Hybrid Model Architecture

The architecture of our proposed hybrid intelligent system is shown in Figure 2. The
model consists of three parallel branches: an LSTM branch, a GRU branch, and a CNN
branch. The LSTM and GRU branches are designed to capture the temporal dependencies
in the data, while the CNN branch is used to extract spatial features. The outputs of the
three branches are then fused and passed through an attention mechanism, which learns
to assign different weights to the features from each branch. Finally, the output of the
attention layer is fed into a dense layer to make the final prediction. The individual model
architectures are shown in Figure 3.
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Figure 2: Architecture of our proposed hybrid intelligent system

Figure 3: Individual Model Architectures

ISBN: 978-81-994969-7-2 (Print); 978-81-994969-1-0 (Online)
69



Principles of Hybrid Intelligent Systems

4. Results and Discussion

To evaluate the performance of our proposed hybrid model, we compare it with standalone
LSTM and GRU models. The models are trained on the training set and evaluated on the
test set. We use four standard metrics to evaluate the performance of the models: Mean
Squared Error (MSE), Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
and the coefficient of determination (R2).

4.1 Traffic Data Analysis

Before diving into the model performance, we first analyze the traffic dataset to under-
stand its characteristics. Figure 4 shows the traffic flow, speed, and congestion levels
over a period of 5 days. As can be seen, the traffic flow exhibits clear daily patterns,
with peaks during the morning and evening rush hours. The vehicle speed is inversely
correlated with the traffic flow, with lower speeds observed during periods of high traffic.
The congestion level follows a similar pattern to the traffic flow [7].

Figure 4: Traffic Data Analysis

Figure 5 provides a heatmap of the hourly traffic flow over a month. The heatmap
clearly shows the recurring daily and weekly patterns in the traffic data. The traffic flow
is generally higher during weekdays compared to weekends, and the morning and evening
peaks are clearly visible.
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Figure 5: Heatmap of the hourly traffic flow

4.2 Model Performance

The performance of the three models is summarized in the Table 6.1 and in Figure 6. The
hybrid model consistently outperforms the standalone LSTM and GRU models across all
four metrics. This demonstrates the effectiveness of the hybrid approach in capturing the
complex patterns in the traffic data [8].

Figure 6: Performance Comparison

Figure 7 shows a comparison of the model predictions versus the actual values for a
subset of the test set. The hybrid model’s predictions are much closer to the actual values
compared to the LSTM and GRU models. This is particularly evident during the peak
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Table 6.1: Performance Comparison of Deep Learning Models
Model MSE MAE RMSE R2

LSTM 0.005449 0.056910 0.073815 0.905263
GRU 0.003294 0.044491 0.057392 0.942729
Hybrid (LSTM+CNN+Attention) 0.001531 0.030380 0.039133 0.973373

traffic periods, where the hybrid model is able to capture the sharp changes in traffic flow
more accurately

Figure 7: Model predictions versus the actual values

Finally, Figure 8 shows the distribution of the prediction errors for the three models.
The hybrid model has a much narrower error distribution compared to the other two
models, with the majority of the errors being close to zero. This indicates that the hybrid
model is not only more accurate but also more reliable..

Figure 8: Prediction Error Distribution
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5. Conclusion

This chapter has presented a novel hybrid intelligent system for autonomous mobility and
traffic prediction. The proposed model, which integrates LSTM, GRU, and CNN with
an attention mechanism, has been shown to be highly effective in capturing the complex
spatio-temporal patterns in traffic data. The experimental results demonstrate that the
hybrid model significantly outperforms standalone LSTM and GRU models, achieving a
higher prediction accuracy and reliability. The findings of this chapter have important
implications for the development of intelligent transportation systems. By providing more
accurate and reliable traffic predictions, our proposed model can help to improve the
efficiency and safety of urban transportation. Future work will focus on extending the
proposed model to incorporate other sources of data, such as weather and social media
data, to further improve its prediction accuracy.
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