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Abstract. Efficient traffic flow prediction is paramount in modern urban
transportation management, contributing significantly to energy efficiency
and overall sustainability. Traditional traffic prediction models often
struggle in complex urban traffic networks, especially at multi-intersection
junctions. In response to this challenge, this research paper presents a
pioneering approach that not only enhances traffic flow prediction accuracy
but also indirectly supports energy efficiency. This study leverages deep
learning techniques, specifically the Gated Recurrent Unit (GRU), to
analyze traffic patterns simultaneously at multiple intersections within a
city. By treating the entire traffic network as a distributed system, the model
provides real-time predictions, allowing for better traffic management and
reduced fuel consumption. Moreover, the incorporation of data fusion
techniques, which integrate data from various sources, including traffic
sensors and historical traffic information, bolsters the accuracy and
robustness of predictions. By predicting traffic flows with precision, this
research aids in optimizing traffic signal timing, reducing congestion, and
ultimately promoting more efficient transportation systems, which, in turn,
reduces fuel wastage and emissions. This study, therefore, advances
intelligent transportation systems and offers a promising pathway toward
improved energy efficiency in urban mobility.
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1 Introduction

In addressing the issue of traffic congestion in urban areas, a multitude of challenges arise,
affecting diverse facets of societal and economic domains. Beyond the overt inconveniences
such as prolonged travel times and heightened fuel consumption, this predicament engenders
substantial environmental and public health concerns. A comprehensive resolution
necessitates the incorporation of intelligent traffic management technologies and
infrastructural enhancements[1]. At the core of these multifaceted endeavors lies the
imperative of traffic dynamics prediction. While forecasting routine traffic congestion
occurrences is relatively straightforward, attaining a high degree of precision in predicting
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traffic flow within specific temporal intervals presents a formidable task. Conventional
statistical models are heavily reliant on predetermined structural expressions and underlying
assumptions about variables, resulting in varying degrees of predictive accuracy[2]. The
fundamental challenge lies in the inflexibility of these assumptions, rendering them ill-suited
for accommodating the erratic and highly variable nature of traffic data. In this context, data-
driven deep neural models have emerged as an influential paradigm for traffic flow
prediction[3]. Among these models, Recurrent Neural Networks (RNNs) have garnered
significant attention for their capacity to capture historical input data and thereby enhance
predictive accuracy[4, 5]. Nonetheless, RNNs are plagued by the vanishing gradient problem,
which causes them to lose track of longer temporal sequences over time. To address this
inherent limitation, researchers have proposed various adaptations of RNNs, among which
Long Short-Term Memory (LSTM)[6, 7] and Gated Recurrent Unit (GRU) have emerged as
prominent solutions. Of particular note, the GRU model, tailored to alleviate the vanishing
gradient problem, exhibits enhanced efficacy in modeling intricate temporal dependencies
within traffic data.

The principal objective of this research is to advance the domain of traffic flow
prediction, with a particular focus on the simultaneous prediction of traffic conditions at
multiple intersections[8]. Our study centers on the analysis of a dataset encompassing
information from four distinct nodes, each characterized by distinct traffic dynamics,
temporal trends, and seasonal fluctuations. In line with our commitment to harnessing
machine learning techniques, specifically the Gated Recurrent Unit (GRU) neural network
model, we aim to achieve accurate predictions of traffic flow within this intricate multi-
intersection milieu[9]. The significance of this research is underscored by the invaluable
insights it offers into traffic behavior, thereby facilitating the development of infrastructure-
oriented remedies to alleviate congestion[10]. Through the prediction of traffic patterns, our
research equips city planners and policymakers with the essential information required for
making informed decisions regarding traffic management strategies, road expansion
initiatives, and the deployment of intelligent transportation systems. Notably, this paper
yields a substantial contribution to the realm of energy efficiency in urban areas. Through the
precise prediction of traffic flow and congestion patterns, it enables the implementation of
more efficient traffic management practices, thereby curtailing wasteful idling times,
superfluous acceleration and deceleration, and the ensuing traffic gridlock, all of which are
deleterious to fuel efficiency. The ultimate result is a reduction in fuel consumption and
greenhouse gas emissions, thereby harmonizing with the broader aspiration of fostering
sustainable urban development. In the forthcoming sections, we expound upon our chosen
approach, elucidate the data preprocessing techniques that we employ, and introduce the
evaluation metrics utilized to gauge model performance. Additionally, we present the results
derived from our experimental endeavors, illustrating the model's proficiency in capturing
the intricate dynamics of traffic[11, 12]. Through this research endeavor, we aspire to make
a substantive contribution to the ongoing initiatives aimed at refining traffic management
strategies, mitigating challenges associated with congestion, while concurrently advancing
energy efficiency and promoting environmental sustainability[13].

2 Related work

Traffic congestion is a pervasive and intricate predicament afflicting urban domains, exerting
substantial ramifications on transportation infrastructures, economic systems, and the general
well-being of urban inhabitants. Over the past years, considerable interest has been directed
towards the creation of efficacious models for forecasting traffic flow, with a pronounced
emphasis on the integration of deep learning paradigms. This comprehensive review
undertakes an examination of pivotal scholarly contributions and prevalent trajectories within
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the domain of traffic flow prediction, centering its attention on the utilization of deep learning
methodologies. Within this context, a multitude of strategies has been propounded by
researchers to substantiate and assess the veracity of traffic prognostications [14, 15, 16].
Traffic flow prediction models are commonly categorized into two primary classes:
parametric and non-parametric models [17]. Parametric models entail predefining a
structured expression, which involves making assumptions about the variables [18]. The
effectiveness of a parametric algorithm hinges on the accuracy of these assumptions;
otherwise, its performance may deteriorate. Within the realm of parametric models,
discussions frequently revolve around linear regression, Auto-regressive Integrated Moving
Average (ARIMA) models [19], Kalman Filtering (KF) models, and maximum likelihood
estimation techniques [20]. Despite their historical application in characterizing traffic
features, parametric models exhibit limited adaptability. Furthermore, their efficacy
diminishes due to the inherent non-linearity and fluctuations within traffic data [21]. This
inadequacy has prompted the exploration of alternative approaches, specifically rooted in
Artificial Intelligence (Al), which outperform conventional statistical models by capitalizing
on their capacity to glean insights from complex, multidimensional traffic data. To address
these challenges, researchers have delved into non-parametric prediction models
characterized by their flexibility in accommodating varying numbers of parameters. Notably,
these parameters expand as the model acquires additional data. Consequently, non-
parametric algorithms are computationally more demanding and, albeit computationally
slower, represent a promising avenue for improving traffic flow prediction. In contrast to
parametric models, non-parametric models embrace a more flexible approach by making
fewer a priori assumptions about the underlying data distribution. This category encompasses
diverse protocols, including Support Vector Machine (SVM) [22], K-nearest Neighbor
(KNN) [23], Neural Networks [24], among others. Notably, the emergence of deep learning
techniques has revolutionized the field of traffic prediction, garnering widespread recognition
for their superior capacity to capture intricate traffic dynamics. Diverging from conventional
shallow architectures, deep learning models employ multi-layer nonlinear structures to
encapsulate distributed and hierarchical features within complex traffic flow datasets. Some
researchers have introduced clustering methodologies, such as Deep Belief Networks (DBN),
into the realm of traffic flow prediction [25]. Moreover, [26] have devised an intelligent
swarm-based optimization framework for parameter tuning in DBN, augmenting its
predictive prowess for multiple time steps ahead. Additionally, a novel attention-based model
akin to Stacked Auto-Encoder (SAE) has been proposed, exhibiting superior performance
when compared to Random Walk (RW), Feed-Forward Neural Networks (FFNN), and Radial
Basis Function (RBF) approaches [27]. Fully-connected neural network models represent
another facet of non-parametric modeling, characterized by their dense interconnections,
whereby each neuron within a given layer establishes connections with every neuron in the
subsequent layer. This architecture inherently refrains from imposing any assumptions
regarding feature representations, allowing for automatic feature extraction directly from the
dataset [28]. Furthermore, it has been empirically observed that RNNs and their variants
excel in capturing the stochastic and nonlinear temporal dependencies inherent in traffic data.
Nonetheless, the utilization of RNN in traffic flow prediction poses certain challenges of
academic significance. One notable issue is the occurrence of the vanishing gradient problem,
a well-documented phenomenon in RNNs, which constrains their ability to handle long
sequences effectively. This limitation stems from the inherent short memory retention
characteristic of RNNSs, rendering them less suited for capturing temporal dependencies in
extended sequences. Furthermore, RNNs demonstrate suboptimal performance when
confronted with specific features inherent to traffic data, wherein Convolutional Neural
Networks (CNNs) exhibit superior capabilities. The specialized requirements of traffic flow
prediction, which often demand the analysis of distant temporal features, pose an additional
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challenge to RNNSs, as they tend to lose the capacity to retain such remote information over
extended time intervals. Another practical challenge associated with RNNs lies in the
determination of the optimal size for the sliding window data. Unlike some models that can
adaptively adjust this parameter, RNNs necessitate a predetermined window size, presenting
a practical impediment to achieving optimal model performance. In response to these
challenges, a viable alternative emerged in the form of the GRU architecture, introduced by
[29]. GRU architecture was specifically designed to mitigate the vanishing gradient problem
associated with traditional RNNs. Empirical investigations within the realm of transportation,
particularly traffic-flow estimation, have demonstrated the superiority of GRU models over
alternative techniques, including Stacked Autoencoders (SAE), Feedforward Neural
Networks (FFNN), and SVM[30]. Notably, the GRU model shares conceptual similarities
with the LSTM architecture and exhibits comparable predictive performance. Both models
effectively address the vanishing gradient and overfitting issues commonly encountered with
traditional RNNs. GRU's streamlined internal structure expedites training, featuring two
crucial control gates—the reset and update gates. The update gate plays a pivotal role in
preserving pertinent historical information, mitigating the risk of vanishing gradients, while
the reset gate governs the degree of forgetfulness regarding past data. Various external
factors, such as weather conditions, shifting population dynamics, and socio-economic
events, can significantly impact traffic flow patterns. While traffic exhibits consistent
temporal patterns throughout day and night cycles, these external factors introduce notable
deviations. Notably, [31] highlighted a limitation in existing LSTM studies, emphasizing the
underutilization of temporal features for traffic prediction. In response, they introduced a
specialized variant of LSTM known as Temporal LSTM (T-LSTM) to predict traffic speed
within a single road section. However, this approach primarily enhances temporal
dependencies and lacks consideration of spatial dependencies. In traffic flow data collected
via Roadside Units (RSUs), a unique temporal and spatial correlation emerges. RSUs
continuously transmit real-time measurements to the Intelligent Transportation System (ITS),
reflecting the dynamic nature of traffic conditions, particularly during rush hours. To
efficiently capture this spatiotemporal correlation, some researchers have turned to SVM.
[32] presents the Adaptive Multi-Kernel SVM with Spatial-Temporal Correlation
(AMSVM-STC) for short-term traffic prediction. This model aims to discern the nonlinear
and stochastic aspects of traffic flow at Points of Interest (POIs) primarily through
probabilistic models. Although the study claims superiority over existing models, it lacks
comparative evaluations with deep learning approaches. Furthermore, [33] introduces the
STANN model, inspired by attention-based models, incorporating spatial and temporal
attention mechanisms for traffic flow prediction. Preliminary results indicate the model's
promise in enhancing prediction accuracy. Additionally, CNNs have gained popularity in
traffic flow prediction due to their robust spatial feature modeling capabilities [34].
Nonetheless, there is a limitation in capturing temporal attributes within the existing
framework. Recognizing the superior capability of RNNs in exploiting temporal
characteristics, some scholars have advocated for the integration of CNNs with RNNs to
mitigate prediction errors. The hybrid CNN-RNN model is designed to capitalize on
historical data to discern temporal characteristics while concurrently utilizing image data to
delineate spatial attributes. Consequently, it facilitates the exploration of spatio-temporal
features inherent in the input sequence [35]. In a pertinent development, Kong et al. have
expounded upon the burgeoning significance of real-time traffic flow data as a constituent of
the realm of big data [36]. This realization aligns with the evolving landscape of Intelligent
Transportation Systems (ITS), which is progressively transitioning into a data-driven
paradigm characterized by the escalating heterogeneity, volume, and intricacy of data
samples generated by the Internet of Things (IoT) [37]. The primary objective of ITS resides
in the establishment of an advanced, well-informed, and more intelligent utilization of
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transportation network systems, catering to the needs of both citizens and governing
authorities.

3 Methodology and Implementation

In this research, we aimed to predict traffic flow at four different junctions using a GRU
neural network model. The proposed architecture to predict the future traffic flow at an
intersection is defined below in Fig. 1. In order to analyse pre-processed data and evaluate
the effectiveness of traffic flow prediction models, the neural network model based on the
GRU architecture was employed for model training and evaluation. Prior to the training and
evaluation process, the data underwent preprocessing steps such as normalization, and
principal component analysis. It's important to note that the same preprocessing techniques
were applied consistently to the data before training and evaluating each algorithm.

1. Data pre-processing module 2.GRU Model training

Mullntersecton data i
{Four junctons) ; Model training
Split data into 4
junctons
GRU prediction model

Spit data
(train , test)

Data cleaning
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feaures
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Transforming and
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model evaluation
optmization

Test set (X.Yi)

The loss doesnt improve

3.Model prediction and evaluation

GRU prediction model

R ve seasonality Prediction the resuits of Xj

and trends
RMSE calcutaion

Fig. 1. Flowchart of proposed architecture

3.1 Data Collection and Preprocessing

Beginning our analysis with exploratory data analysis is consistently a wise decision as it
helps us understand important dataset properties such as data format, number of samples, and
data types. In this case, the dataset we are working with contains more than 48000 data points
with 4 attributes. Table 1. shows a sample of the data, providing a visual representation. The
dataset comprised hourly counts of vehicles at four junctions, each represented by features
such as DateTime, Junctions, Vehicles, and ID.
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Table 1. Sample Data Illustration and Dataset Overview.

DateTime Junction Vehicles ID
0 2015-11-01 00 1 15 20151101001
1 2015-11-01 01t 1 3 20151101011
2 2015-11-01 1 10 20151101021
3 2015-11-01 1 7 20151101031
4 2015-11-01 04:00:00 1 9 20151101041
5 2015-11-01 1 6 20151101051
6 2015-11-01 1 9 20151101061
7 2015-11-01 1 8 20151101071
8 2015-11-01 08: 1 11 20151101081
9 2015-11-01 09:00:00 1 12 20151101091

Variations in data collection times across different intersections introduced disparities in
traffic data periods and sparsity issues, necessitating comprehensive data exploration and
preprocessing procedures. Our preparatory steps encompassed the following phases:

3.2 Data Exploration

Commencing with the analysis, we initially plotted the vehicle count against the date
variable. This preliminary examination revealed distinct trends, notably an upward trajectory
in the data pertaining to the first intersection. In contrast, the fourth intersection exhibited
significant data sparsity, with records only becoming available after 2017. Seasonal patterns
were not readily apparent in the initial plots, prompting us to delve deeper into the
exploration.

3.3 Feature Engineering

A critical component of our data analysis involved feature engineering. We derived
additional features from the DateTime variable, including Year, Month, Date within the
month, Day of the week, and Hour. This feature engineering approach uncovered recurring
yearly, monthly, daily, and weekly patterns spanning all intersections, contributing valuable
insights to our subsequent data preprocessing endeavors.

3.4 Data Transformation

Recognizing the non-stationary nature of the time series data, we applied differencing
transformations aimed at ecliminating trends and seasonality effects specific to each
intersection. It is worth noting that distinct differencing strategies were employed for
intersections one and two, aligning with their unique data characteristics.

3.5 Model Development

Our model construction centered on the implementation of a neural network model based on
the GRU architecture, tailored for traffic flow prediction. To facilitate model fitting for each
intersection, a dedicated function was formulated. These models were trained using the
transformed training datasets, accounting for the differential preprocessing requirements
dictated by each intersection's distinct data profile.
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3.6 Model evaluation

Upon concluding the model training phase, it becomes imperative to assess the accuracy of
the prediction model utilizing distinct testing data. In the context of comparing forecasting
techniques operating on the same unit scale, a prevalent and robust metric employed is the
Root Mean Square Error (RMSE). The RMSE is computed through a defined mathematical
expression, quantifying the magnitude of disparities between the predicted values generated
by the model and the ground truth values present in the testing dataset. This evaluative metric
offers a quantitative gauge of the model's predictive prowess, facilitating substantive
juxtapositions among various forecasting methodologies.

~ 1 - ~
RMSE(,9) = [2Zi5d0i - 907 o

Where:

n : Number of samples
y : Observed traffic flow
¥ : Predicted traffic flow

4 Results and discussion

4.1 Model Fitting

Our traffic flow prediction model is constructed using a deep learning architecture with
specific configurations for GRU layers, dropout layers, and output layer, followed by a
meticulous compilation and training process. The model architecture and training details are
outlined below.

4.1.1 GRU Layers

The model incorporates four GRU layers, each with varying numbers of units to capture
hierarchical features in traffic patterns:

- First GRU layer: 150 units

- Second GRU layer: 150 units
- Third GRU layer: 50 units

- Fourth GRU layer: 50 units

All GRU layers utilize the hyperbolic tangent (tanh) activation function and are configured
to return sequences (return_sequences=True), as they are stacked to allow for comprehensive
traffic pattern analysis.

4.1.2 Dropout Layers

To mitigate overfitting and enhance generalization, a Dropout layer with a dropout rate of
0.2 is added after each GRU layer. Dropout randomly omits a fraction of input units during
training, contributing to a more robust and reliable model.



E3S Web of Conferences 477, 00049 (2024) https://doi.org/10.1051/e3sconf/202447700049
STAR'2023

4.1.3 Output Layer

The model concludes with a Dense layer comprising a single unit. This architecture aligns
with the regression nature of the task, where the goal is to predict a continuous value
representing traffic flow.

4.1.4 Compilation

The model is compiled using stochastic gradient descent (SGD) as the optimizer. The SGD
optimizer is augmented with a small weight decay (decay=le -7) and momentum
(momentum=0.9) to enhance training stability. The mean squared error (MSE) is employed
as the loss function during training, a suitable choice for regression problems.

4.1.5 Training

The model undergoes training for 50 epochs, with the training data partitioned into batches
of size 150. Early stopping is implemented as a callback, monitoring the validation loss.
Training halts if the validation loss does not improve by at least 0.001 for 10 consecutive
epochs. The model with the best validation loss is restored, ensuring optimal predictive
performance.

The transformed training datasets for all four junctions were meticulously tailored to align
with the specific requirements of the corresponding model, as illustrated in the accompanying
Fig. 3, Fig. 4, Fig. 5 and Fig. 6. These figures provide a visual representation of the intricate
relationship between the transformed training data and the model architecture. Each
junction's distinct characteristics and data intricacies were taken into account during the
model fitting process, ensuring a precise alignment between the data and the predictive
models. This meticulous approach to model-data integration served as a foundational element
in our endeavor to develop accurate and context-aware traffic flow prediction models for
urban intersections.
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Fig. 3. plot of the first junction (predicted vs actual values)
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Fig. 4. plot of the second junction (predicted vs actual values)
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Fig. 5. plot of the third junction (predicted vs actual values)
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Fig. 6. plot of the fourth junction (predicted vs actual values)

The assessment of our traffic flow prediction models has yielded insightful performance
metrics. Specifically, for Junction 1, the model has demonstrated robust predictive
capabilities, characterized by a RMSE of 0.245881, which indicates a high degree of accuracy
in its predictions. In the case of Junction 2, while the RMSE is marginally higher at 0.558597,
the model has still exhibited commendable predictive performance. Junction 3 has similarly
demonstrated competitive predictive prowess, with an RMSE of 0.606137, affirming its
capacity to generate reliable forecasts of traffic flow. However, Junction 4, which presented
inherent challenges due to limited data availability, has registered a comparatively elevated
RMSE of 1.024198. Nevertheless, it is worth noting that the model has consistently displayed
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a noteworthy level of performance across all four junctions, emphasizing its ability to furnish
valuable traffic flow prognostications showns in Table 2.

Table 2. Performance Metrics of Traffic Flow Prediction for Different Junctions.

Junction RSME

1 0.245881
2 0.558597
3 0.606137
4 1.024198

4.2 Inverting the Data Transformation

In order to ensure that our predictive outputs remain consistent with the original data scale,
we meticulously reversed the transformations that had been initially employed to mitigate
the impact of seasonality and trends within the datasets. This pivotal undertaking serves to
realign our predictions with the authentic traffic flow values, thereby bolstering the practical
utility and interpretability of our predictive models. By reinstating the data to its original
scale, we enable stakeholders to readily comprehend and employ the model outputs within
the real-world context of traffic management and decision-making.
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Fig. 7. The inverse transform on the first junction
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Fig. 10. The inverse transform on the fourth junction

Upon reverting the data transformations, a salient observation comes to the fore. Our
predictive accuracy experiences a substantial enhancement. This pivotal step not only reverts
our forecasts to their original data scale but also underscores the precision and reliability
intrinsic to our predictive models. In our endeavor to anticipate traffic dynamics at four
distinct intersections, we harnessed the capabilities of a GRU Neural network. The process
of rendering the time series stationary involved employing a combination of normalization
and differencing transformations, tailored individually to each intersection due to their
unique trends and seasonality patterns.

5 Conclusion

In the present study, we have adeptly harnessed the capabilities of a neural network,
specifically a GRU model, to undertake the intricate task of predicting traffic flow dynamics
across four distinct junctions. To achieve this objective, we judiciously applied a range of
data preprocessing techniques, including data normalization, and differencing
transformations, to ensure the uniformity and appropriateness of the time series data for each
junction, accounting for their idiosyncratic trends and seasonality patterns. Our meticulous
scrutiny of the dataset has yielded noteworthy insights into the traffic dynamics. It is of
particular significance to note that Junction 1 displayed a marked surge in vehicular volume
when compared to Junctions 2 and 3, although conclusive inferences regarding Junction 4
remained elusive due to data constraints. Moreover, Junction 1 exhibited conspicuously
pronounced hourly seasonal patterns, distinguishing it from the remaining junctions. This
research constitutes a substantial contribution to the field of traffic flow prediction by
elucidating essential techniques for both model development and evaluation. Notably, it
underscores the paramount significance of data preprocessing in mitigating the intricate
nuances intrinsic to junction-specific traffic datasets, with potential implications for the
reduction of energy consumption in the realms of traffic management and urban planning.

References

1. W.; Zeng et al., “Traffic Flow Prediction Based on Hybrid Deep Learning Models
Considering Missing Data and Multiple Factors,” Sustainability 2023, Vol. 15, Page
11092, vol. 15, no. 14, p. 11092, Jul. 2023, doi: 10.3390/SU151411092.

2. H.F.Yang, T. S. Dlllon, and Y. P. P. Chen, “Optimized Structure of the Traffic Flow
Forecasting Model with a Deep Learning Approach,” IEEE Trans Neural Netw Learn
Syst, vol. 28, no. 10, pp. 2371-2381, Oct. 2017, doi: 10.1109/TNNLS.2016.2574840.

3. B. L. Smith and M. J. Demetsky, “Traffic Flow Forecasting: Comparison of Modeling
Approaches,” J Transp Eng, vol. 123, no. 4, pp. 261-266, Jul. 1997, doi:
10.1061/(ASCE)0733-947X(1997)123:4(261).

11



E3S Web of Conferences 477, 00049 (2024)

STAR'2023

10.

11.

12.

13.

14.

15.

16.

17.

18.

N. Zafar, I. U. Haq, J. U. R. Chughtai, and O. Shafiq, “Applying Hybrid Lstm-Gru Model
Based on Heterogeneous Data Sources for Traffic Speed Prediction in Urban Areas,”
Sensors 2022, Vol. 22, Page 3348, vol. 22, no. 9, p. 3348, Apr. 2022, doi:
10.3390/522093348.

M. Pan et al., “Water Level Prediction Model Based on GRU and CNN,” IEEE Access,
vol. 8, pp. 60090-60100, 2020, doi: 10.1109/ACCESS.2020.2982433.

B. Yang, S. Sun, J. Li, X. Lin, and Y. Tian, “Traffic flow prediction using LSTM with
feature enhancement,” Neurocomputing, vol. 332, pp. 320-327, Mar. 2019, doi:
10.1016/JNEUCOM.2018.12.016.

Y. Tian, K. Zhang, J. Li, X. Lin, and B. Yang, “LSTM-based traffic flow prediction with
missing data,” Neurocomputing, vol. 318, pp. 297-305, Nov. 2018, doi:
10.1016/JNEUCOM.2018.08.067.

B. L. Smith, B. M. Williams, and R. Keith Oswald, “Comparison of parametric and
nonparametric models for traffic flow forecasting,” Transp Res Part C Emerg Technol,
vol. 10, no. 4, pp. 303-321, Aug. 2002, doi: 10.1016/S0968-090X(02)00009-8.

A. Ait Ouallane, A. Bakali, A. Bahnasse, S. Broumi, and M. Talea, “Fusion of
engineering insights and emerging trends: Intelligent urban traffic management system,”
Information Fusion, vol. 88, Pp- 218-248, Dec. 2022, doi:
10.1016/J.INFFUS.2022.07.020.

T. A. Haddad, D. Hedjazi, and S. Aouag, “An loT-Based Adaptive Traffic Light Control
Algorithm for Isolated Intersection,” Lecture Notes in Networks and Systems, vol. 199
LNNS, pp. 107-117, 2021, doi: 10.1007/978-3-030-69418-0 10/COVER.

S. M. Odeh, A. M. Mora, M. N. Moreno, and J. J. Merelo, “A hybrid fuzzy genetic
algorithm for an adaptive traffic signal system,” Advances in Fuzzy Systems, vol. 2015,
Jan. 2015, doi: 10.1155/2015/378156.

T. Mao, A. S. Mihaita, F. Chen, and H. L. Vu, “Boosted Genetic Algorithm Using
Machine Learning for Traffic Control Optimization,” IEEE Transactions on Intelligent
Transportation Systems, vol. 23, no. 7, pp. 7112-7141, Jul. 2022, doi:
10.1109/T1TS.2021.3066958.

A. Agga, A. Abbou, M. Labbadi, Y. El Houm, and I. H. Ou Ali, “CNN-LSTM: An
efficient hybrid deep learning architecture for predicting short-term photovoltaic power
production,” Electric Power Systems Research, vol. 208, p. 107908, Jul. 2022, doi:
10.1016/J.EPSR.2022.107908.

L.Li, Y. Lv, and F. Y. Wang, “Traffic signal timing via deep reinforcement learning,”
IEEE/CAA Journal of Automatica Sinica, vol. 3, no. 3, pp. 247-254, Jul. 2016, doi:
10.1109/JAS.2016.7508798.

X. Zheng et al., “Big Data for Social Transportation,” IEEE Transactions on Intelligent
Transportation Systems, vol. 17, no. 3, pp. 620-630, Mar. 2016, doi:
10.1109/TITS.2015.2480157.

X. Wang, X. Zheng, Q. Zhang, T. Wang, and D. Shen, “Crowdsourcing in ITS: The State
of the Work and the Networking,” IEEE Transactions on Intelligent Transportation
Systems, vol. 17, no. 6, pp. 15961605, Jun. 2016, doi: 10.1109/TITS.2015.2513086.
A.J. Khattak and B. Wali, “Analysis of volatility in driving regimes extracted from basic
safety messages transmitted between connected vehicles,” Transp Res Part C Emerg
Technol, vol. 84, pp. 48—73, Nov. 2017, doi: 10.1016/J.TRC.2017.08.004.

B. Mao et al., “Routing or Computing? the Paradigm Shift Towards Intelligent Computer

Network Packet Transmission Based on Deep Learning,” IEEE Transactions on
Computers, vol. 66, no. 11, pp. 1946—1960, Nov. 2017, doi: 10.1109/TC.2017.2709742.

12

https://doi.org/10.1051/e3sconf/202447700049



E3S Web of Conferences 477, 00049 (2024) https://doi.org/10.1051/e3sconf/202447700049
STAR'2023

19. B. M. Williams and L. A. Hoel, “Modeling and Forecasting Vehicular Traffic Flow as a
Seasonal ARIMA Process: Theoretical Basis and Empirical Results,” J Transp Eng, vol.
129, no. 6, pp. 664—672, Nov. 2003, doi: 10.1061/(ASCE)0733-947X(2003)129:6(664).

20. G. Bao, Z. Zeng, and Y. Shen, “Region stability analysis and tracking control of
memristive recurrent neural network,” Neural Networks, vol. 98, pp. 51-58, Feb. 2018,
doi: 10.1016/J.NEUNET.2017.11.005.

21. “Predicting Short-Term Traffic Flow by Long Short-Term Memory Recurrent Neural
Network | IEEE Conference Publication | IEEE Xplore.” Accessed: Oct. 01, 2023.
[Online]. Available: https://iecexplore.ieee.org/abstract/document/7463717

22. Y.Zhang and Y. Liu, “Traffic forecasting using least squares support vector machines,”
Transportmetrica, vol. 5, no. 3, pp. 193-213, 2009, doi: 10.1080/18128600902823216.

23. L. Zhang, Q. Liu, W. Yang, N. Wei, and D. Dong, “An Improved K-nearest Neighbor
Model for Short-term Traffic Flow Prediction,” Procedia Soc Behav Sci, vol. 96, pp.
653-662, Nov. 2013, doi: 10.1016/J.SBSPR0O.2013.08.076.

24. H. Chang, Y. Lee, B. Yoon, and S. Baek, “Dynamic near-term traffic flow prediction:
System-oriented approach based on past experiences,” IET Intelligent Transport
Systems, vol. 6, mno. 3, pp. 292-305, Sep. 2012, doi: 10.1049/IET-
1TS.2011.0123/CITE/REFWORKS.

25. 1. Moumen, J. Abouchabaka, and N. Rafalia, “Adaptive traffic lights based on traffic
flow prediction using machine learning models,” International Journal of Electrical and
Computer Engineering (IJECE), vol. 13, no. 5, pp. 5813-5823, Oct. 2023, doi:
10.11591/JECE.V1315.PP5813-5823.

26. B. Hussain, M. K. Afzal, S. Ahmad, and A. M. Mostafa, “Intelligent traffic flow
prediction using optimized GRU model,” IEEE Access, vol. 9, pp. 100736—100746,
2021, doi: 10.1109/ACCESS.2021.3097141.

27. Y. Lv, Y. Duan, W. Kang, Z. Li, and F. Y. Wang, “Traffic Flow Prediction with Big
Data: A Deep Learning Approach,” IEEE Transactions on Intelligent Transportation
Systems, vol. 16, no. 2, pp. 865-873, Apr. 2015, doi: 10.1109/TITS.2014.2345663.

28. Y. Wu, H. Tan, L. Qin, B. Ran, and Z. Jiang, “A hybrid deep learning based traffic flow
prediction method and its understanding,” Transp Res Part C Emerg Technol, vol. 90,
pp. 166-180, May 2018, doi: 10.1016/J.TRC.2018.03.001.

29. K. Cho et al., “Learning Phrase Representations using RNN Encoder-Decoder for
Statistical Machine Translation,” EMNLP 2014 - 2014 Conference on Empirical
Methods in Natural Language Processing, Proceedings of the Conference, pp. 1724—
1734, Jun. 2014, doi: 10.3115/v1/d14-1179.

30. G. Lin, A. Lin, and D. Gu, “Using support vector regression and K-nearest neighbors for
short-term traffic flow prediction based on maximal information coefficient,” Inf Sci (N
Y), vol. 608, pp. 517-531, Aug. 2022, doi: 10.1016/J.INS.2022.06.090.

31. Y. Tian, K. Zhang, J. Li, X. Lin, and B. Yang, “LSTM-based traffic flow prediction with
missing data,” Neurocomputing, vol. 318, pp. 297-305, Nov. 2018, doi:
10.1016/JNEUCOM.2018.08.067.

32. X. Feng, X. Ling, H. Zheng, Z. Chen, and Y. Xu, “Adaptive multi-kernel SVM with
spatial-temporal correlation for short-term traffic flow prediction,” IEEE Transactions
on Intelligent Transportation Systems, vol. 20, no. 6, pp. 2001-2013, Jun. 2019, doi:
10.1109/T1TS.2018.2854913.

33. L.N.N. Do, H. L. Vu, B. Q. Vo, Z. Liu, and D. Phung, “An effective spatial-temporal

attention based neural network for traffic flow prediction,” Transp Res Part C Emerg
Technol, vol. 108, pp. 12-28, Nov. 2019, doi: 10.1016/J.TRC.2019.09.008.

13



E3S Web of Conferences 477, 00049 (2024) https://doi.org/10.1051/e3sconf/202447700049
STAR'2023

34. X. Ma, Z. Dai, Z. He, J. Ma, Y. Wang, and Y. Wang, “Learning Traffic as Images: A
Deep Convolutional Neural Network for Large-Scale Transportation Network Speed
Prediction,” Sensors 2017, Vol. 17, Page 818, vol. 17, no. 4, p. 818, Apr. 2017, doi:
10.3390/S17040818.

35. Y. Wu, H. Tan, L. Qin, B. Ran, and Z. Jiang, “A hybrid deep learning based traffic flow
prediction method and its understanding,” Transp Res Part C Emerg Technol, vol. 90,
pp. 166-180, May 2018, doi: 10.1016/J.TRC.2018.03.001.

36. F. Kong, J. Li, B. Jiang, T. Zhang, and H. Song, “Big data-driven machine learning-
enabled traffic flow prediction,” Transactions on Emerging Telecommunications
Technologies, vol. 30, no. 9, p. €3482, Sep. 2019, doi: 10.1002/ETT.3482.

37. 1. Moumen, J. Abouchabaka, and N. Rafalia, “Enhancing urban mobility: integration of
IoT road traffic data and artificial intelligence in smart city environment,” Indonesian

Journal of Electrical Engineering and Computer Science, vol. 32, no. 2, pp. 985-993,
Nov. 2023, doi: 10.11591/1JEECS.V32.12.PP985-993.

14



