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Abstract

Efficient traffic-state prediction at urban intersections is a critical component of intelligent
transportation systems(ITS), as traffic conditions are influenced by dynamic factors such
as traffic demand variability, infrastructure constraints, and operational traffic-control
policies. This study proposes a deep-learning-based approach for short-term traffic-state
classification using real-world traffic data collected during 2022 at the Alésia intersection in
Paris. The objective is to classify traffic conditions into five operational states: Unknown,
Flowing, Pre-saturated, Saturated, and Blocked. To investigate the impact of temporal modeling
on traffic-state recognition, four deep learning architectures were evaluated under identical
experimental conditions: Artificial Neural Networks (ANN), Simple Recurrent Neural
Networks (RNN),Long Short-Term Memory networks (LSTM), and Gated Recurrent Units
(GRU). Considering the highly imbalanced nature of the dataset, model performance was
assessed using complementary metrics including Accuracy, Precision, Recall, F1-score,
Macro-F1 score, and Balanced Accuracy. Experimental results demonstrate that recurrent
architectures substantially outperform the ANN baseline, highlighting the importance
of temporal dependencies in traffic-state classification. While the conventional RNN
achieves high overall accuracy, its performance on minority traffic states remains limited.
Among the evaluated models, the LSTM achieves the highest Balanced Accuracy (70.91%),
indicating superior recognition of underrepresented traffic conditions. The GRU attains the
highest overall F1-score (0.9256) and Macro-F1 score (0.497), while maintaining competitive
classification accuracy (91.01%), providing the most favorable trade-off between global
predictive performance and balanced class-wise recognition.The analysis of learning curves,
classification reports, and confusion matrices further confirms the effectiveness of gated
recurrent architectures for handling highly imbalanced multiclass traffic-state classification
problems. These findings provide practical insights for the deployment of intelligent traffic-
monitoring systems capable of supporting real-time traffic management and decision-
making in urban environments.

Keywords: intelligent transportation systems; traffic forecasting; time series analysis;
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1. Introduction

Urban traffic management remains a critical issue in modern large cities, where
congestion, delays, polluting emissions, and accidents are the direct consequences of
inefficient planning. Road intersections, in particular, play a central role in the regulation
of the flow of vehicles and pedestrians. Their operational complexity, reinforced by time
variability, human behavior, and environmental conditions, makes them critical areas for
decision-makers. The need for intelligent and adaptive solutions to predict, understand,
and manage traffic behavior in these hotspots has never been more pressing.

In this context, artificial intelligence(AlI) approaches, including deep learning models,
offer promising potential to address the challenges of traffic prediction. Many studies have
already explored the use of ANN to predict environmental variables such as air pollution
(PM2.5, ozone) [1-3], or to anticipate temporal developments in health areas such as the
spread of COVID-19 [4]. These studies demonstrate the ability of these models to capture
non-linear trends in complex time series [5,6]. However, their practical application in the
field of urban traffic, and particularly at intersections, remains under-exploited [7,8].

Despite the progress made, several limitations remain in the existing literature. On the
one hand, the performance of models is often presented only in the form of quantitative
measures (precision, recall, F1 score), without explanation on how the results can be used
concretely by decision-makers [9]. On the other hand, the data used are sometimes simu-
lated or collected in too generic contexts, which limits their application to real, dynamic,
and heterogeneous urban environments [10].

In order to fill these gaps, our study proposes an intelligent approach for short-term
traffic forecasting at a real urban intersection, using different deep learning models. We
use real data collected in 2022 at the “Alésia” intersection of Paris, an area characterized by
dense road and pedestrian activity. The objective is not only to obtain accurate forecasts,
but also to assess how these forecasts can be interpreted and used in an intelligent traffic
management approach.

The main objective of this article is to accurately predict short-term road traffic condi-
tions at a real urban intersection using locally collected traffic data. The contributions of
this research are summarized as follows:

(1) The exploitation of a real-world traffic dataset collected during 2022 at the Alésia
intersection in Paris, including occupancy rate, traffic flow, and temporal information;

(2) The implementation and comparative evaluation of four deep learning architec-
tures—ANN, RNN, LSTM, and GRU—for the multiclass classification of traffic states
(*Unknown*, *Flowing*, *Pre-saturated®, *Saturated*, and *Blocked*);

(8) A comprehensive performance assessment based on Accuracy, Precision, Recall, F1-
score, Macro-F1 score, Balanced Accuracy, classification reports, learning curves,
and confusion matrices, enabling a detailed analysis of both majority and minority
traffic-state recognition;

(4) The identification of the strengths and limitations of each architecture under highly
imbalanced traffic conditions, highlighting the superior minority-class recognition ca-
pability of the LSTM model and the favorable overall performance trade-off achieved
by the GRU model.

This study is deliberately focused on the predictive performance of deep learning mod-
els and provides a solid foundation for future integration into intelligent traffic monitoring
and traffic management systems.

The rest of the article is organised as follows: Section 2 presents the work related to
traffic prediction and the models used; Section 3 describes the data; Section 4 the proposed
methodology; Section 5 presents the results and their interpretation; Finally, Section 6
concludes the study and opens up future perspectives.
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The novelty of this study does not lie in proposing a new deep-learning architec-
ture, but rather in addressing traffic-state prediction as a highly imbalanced multi-class
classification problem using real-world operational traffic data collected from a major
urban intersection. Unlike most previous studies that focus on traffic-flow forecasting as
a regression task, this work investigates the classification of five operational traffic states
(Unknown, Flowing, Pre-saturated, Saturated, and Blocked), which are directly relevant for
intelligent traffic management and real-time decision-making.

A major challenge of the considered dataset is its severe class imbalance, where the
dataset exhibits a highly imbalanced distribution, where the Flowing class represents the
vast majority of observations, while the Blocked, Pre-saturated, Saturated, and Unknown
classes are considerably underrepresented. Such distributions are commonly encountered
in real traffic-monitoring systems and may lead to biased models if not properly evaluated.

Therefore, beyond conventional accuracy assessment, this study emphasizes robust
evaluation metrics including Precision, Recall, F1-score, Macro-F1, and Balanced Accuracy
to provide a fair assessment of model performance across both majority and minority
traffic states. Furthermore, a comprehensive comparison of ANN, RNN, LSTM, and
GRU architectures is conducted under identical experimental conditions to analyze their
capability to learn temporal dependencies while maintaining reliable detection of rare traffic
states. The findings provide practical guidelines for selecting deep-learning architectures
in ITS operating under realistic and highly imbalanced traffic conditions.

2. Related Works

Traffic management is an important topic with major social and economic benefits,
especially at metropolitan crossings. To improve traffic management and forecasting,
numerous researchers have put up a number of strategies, most notably the use of intelligent
transport systems (ITS) [11]. These systems, which offer increased comfort, safety, and
efficiency, are crucial to the transition of conventional transportation networks [12-14].

Several recent studies have focused on urban congestion management and traffic
forecasting. Ref. [15] proposed a deep learning model to predict congestion levels in real
time, which can guide proactive urban traffic planning. Ref. [16] explored different smart
approaches to reduce congestion in sustainable cities, including through the integration
of intelligent transport systems (ITS). In addition, Ref. [17] demonstrated the importance
of coordination between land use planning and traffic modelling for effective flow man-
agement. These approaches complement our algorithmic proposal by adding an essential
predictive dimension to the optimization of journeys.

Traffic state prediction has emerged as a key area of study within the ITS. Its foundation
is the gathering, processing, and analysis of extremely non-linear time data, the variability
of which is influenced by a wide range of variables (e.g., events, peak hours, weather
conditions, etc.). Traffic forecasting is a key component of Traffic Status Indicators (TSI),
which are crucial tools for decision support.

Originally, attempts to forecast traffic began in the 1970s and used mostly standard
statistical tools such as [18-20]. But the emergence of Al significantly changed the field
of methodology, and by recent advances in machine learning and deep learning. Several
approaches have been explored in the literature to model traffic behaviors, each with
specific strengths and limitations.

In Ref. [21], a systematic review of microscopic traffic models based on machine learn-
ing is presented. The authors identify a variety of supervised and unsupervised methods
used to simulate individual vehicle behaviors and track change models, identifying critical
gaps in research and proposing future directions, focusing on vehicle behaviour and traffic
patterns rather than driver physiological behaviours.
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At a more operational level, Ref. [22] introduces a deep learning transfer approach
for the classification of path movements at intersections from connected vehicle mass
data.The capacity to anticipate vehicle movements at crossings becomes crucial as linked
vehicles use cutting-edge IT technologies to revolutionise road safety. To increase the safety
of drivers and other vulnerable road users, the project attempts to provide an efficient
path movement categorisation tool that enhances predictions of connected vehicle (CV)
movements at crossings. With an accuracy of 99.73%, the method demonstrated how
convolutional network designs may be used to comprehend spatial traffic patterns.

Furthermore, by modelling demand and capacity by intervals, Ref. [23] suggests a
novel approach to tackling unskilled transport (UTP) problems under uncertainty. This
study presents the UTP with demand defined by interval and supplier capabilities (UT-
PIDS), where these values fluctuate due to economic conditions. Although focused on
transport planning, this innovative approach provides useful insights for managing uncer-
tainties in flow prediction.

Additionally, recent evaluations like [24] offer a thorough study of the various ma-
chine learning approaches used in traffic prediction as well as a full overview of modern
methodologies. The study evaluates the prediction accuracy and robustness of multiple
models, such as SVM, Random Forest, XGBoost, and neural networks, across a range of
data sets. This analysis demonstrates the importance of choosing the algorithm according
to the nature of the data and the deployment objectives in a real environment. Along a
similar lines, Ref. [25] presents an in-depth comparative study on various traffic modelling
techniques, particularly their use in Intelligent Transport Systems (ITS) to predict and
simulate traffic behaviour in different road environments. In addition, it [26] examines
the behaviour of drivers when crossing red lights, identifying existing predictive models
and associated technological countermeasures. Although focused on a specific behavioural
aspect, this analysis highlights the importance of integrating precise predictions to improve
road safety.

Although substantial progress has been achieved in traffic prediction, important
challenges remain, particularly the requirement for large-scale high-quality datasets and the
computational complexity of advanced deep-learning architectures. The results reported in
this study suggest that memory-based recurrent models, namely LSTM and GRU, offer a
more balanced classification performance than ANN and conventional RNN approaches.
Their ability to capture temporal dependencies contributes not only to high predictive
accuracy but also to improved recognition of underrepresented traffic states, which is a
critical requirement in real-world urban traffic monitoring applications.

In the same dynamic of continuous improvement, several recent works have proposed
targeted algorithmic optimizations. In particular, some research has highlighted the use
of the GRU model, coupled with fine-tuning techniques for hyperparameters, allowing
more accurate traffic forecasts and a reduction of errors in real time [27]. Other studies
have explored machine learning to model gas emissions and fuel consumption from actual
driving data, from an environmental monitoring perspective, and to encourage more envi-
ronmentally friendly behaviors [28]. These complementary approaches demonstrate the
adaptability of deep learning models to various intelligent transportation issues, extending
beyond simple traffic modeling.

Table 1 summarizes and compares these major contributions, highlighting their
methodologies, strengths, and limitations. Notably, our study differs by utilizing real
data collected from the busy Alésia intersection in Paris, and by evaluating and comparing
four models—ANN, RNN, GRU, and LSTM—in terms of their ability to classify traffic
states into five meaningful categories. This not only enhances predictive accuracy but also
improves interpretability and potential integration into intelligent traffic control systems.
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Table 1. Comparative synthesis of recent traffic prediction and modeling studies.

Study

Methodology

Strengths

Limitations

Rowan et al. [21]

Review of ML-based
car-following and
lane-changing models in
microscopic traffic flow
simulation

Identifies critical research
gaps, model transferability,
and driver heterogeneity

Lacks quantitative
comparisons and practical
implementation guidance

Komol et al. [22]

Deep transfer learning
applied to connected
vehicle trajectory data for
intersection classification

High classification
accuracy (99.73%), effective
for connected vehicle
environments

Requires large-scale CV
data, limited
generalizability to different
intersections

Silmi Juman et al. [23]

Algorithm for
uncapacitated transport
under uncertainty using
interval values

Effectively models
uncertainty; useful for
strategic transport
planning

Not designed for real-time
traffic prediction, limited to
planning scenarios

Alghamdi et al. [25]

Comparative review of
modeling techniques for
traffic simulation and
prediction

Offers a broad view of ITS
modeling, compares
multiple methodologies

Focuses more on
classification than specific
algorithm performance in
real cases

Komol et al. [26]

Review of red-light
violation prediction
models and prevention
technologies

Emphasizes safety,
integrates behavioral
predictions and
countermeasures

Focuses on red-light cases;
not comprehensive for
general traffic prediction

Performance analysis of

Quantitative comparison of

Less emphasis on

Parashuram & ML models (SVM, RF, models; supports intersection-level behavior
Vijayalakshmi [24] XGBoost, NN) across algorithm selection for or signal timing
datasets deployment applications
GRU model with i . .
Improves prediction Requires careful tuning
hyperparameter

Hussain et al. [27]

fine-tuning for real-time
traffic forecasting

accuracy and reduces
real-time forecasting errors

and high-quality data for
optimal performance

Shahariar et al. [28]

ML-based modeling of gas
emissions and fuel
consumption using real
driving data

Promotes eco-driving and
environmental monitoring
through data-driven
insights

Focuses on environmental
impact; less oriented
toward traffic flow
optimization

Although substantial progress has been achieved in ITS, previous studies have ex-
plored a wide range of approaches, including conventional machine-learning methods,
deep-learning architectures, traffic-flow forecasting models, driving-risk assessment sys-
tems, and intelligent traffic-control strategies. Recent contributions have further extended
these applications to real-time driving-risk prediction using vehicle trajectory data and
traffic-control optimization in connected vehicle environments under cyber-attack sce-
narios [29,30]. These studies demonstrate the increasing importance of data-driven and
Al-based solutions for transportation management.

Nevertheless, most existing works focus on traffic-flow forecasting, risk assessment,
or traffic-control optimization, whereas comparatively fewer studies investigate multiclass
traffic-state classification at the intersection level using real-world operational datasets.
Moreover, limited attention has been given to the challenges posed by highly imbalanced
traffic-state distributions, which may significantly affect model training and evaluation.
Therefore, this study aims to evaluate and compare the performance of ANN, RNN, LSTM,
and GRU models for multiclass traffic-state classification using real-world traffic data
collected from the Alésia intersection in Paris. The study also investigates the effectiveness
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of cost-sensitive learning through class weighting and employs Balanced Accuracy and
Macro-F1 metrics to provide a more reliable evaluation under imbalanced-data conditions.

Recent advances in traffic prediction have increasingly focused on spatio-temporal
deep learning architectures capable of jointly modeling spatial dependencies and temporal
dynamics. In particular, Spatio-Temporal Graph Neural Networks (STGNNs) have demon-
strated remarkable performance by exploiting the topological structure of transportation
networks. For example, Pan et al. (2025) proposed a physics-guided stepwise frame-
work based on STGNN algorithms for urban intersection traffic-flow prediction, showing
improved forecasting accuracy through the integration of traffic-flow theory and graph-
based learning [31]. Similarly, Transformer-based architectures have recently attracted
significant attention due to their ability to capture long-range temporal dependencies.
Liu and Wang (2025) introduced an improved Transformer-based traffic prediction model
that achieved competitive performance in complex traffic forecasting scenarios [32]. These
recent developments highlight the growing importance of graph-based and attention-based
learning frameworks for ITS. However, such architectures typically require larger datasets,
higher computational resources, and network-level spatial information. Therefore, the
present study focuses on evaluating recurrent deep-learning architectures (RNN, LSTM,
and GRU) under identical experimental conditions using real-world intersection-level
traffic data. Future work will investigate the integration of STGNN and Transformer-based
models to further extend the comparative analysis.

3. Data Collection and Preprocessing

In the context of this study, effective dataset preprocessing is crucial to ensure the
quality and reliability of the subsequent analyses. This section focuses on the various steps
taken to prepare the raw dataset for further investigation [33]. By employing appropriate
techniques and methodologies, we aim to address data inconsistencies, outliers, and
missing values, while also refining the dataset for accurate analysis. Before delving into
the preprocessing procedures, it is essential to provide a comprehensive overview of the
dataset itself [34]. The subsequent subsection, “Dataset Collection,” presents an in-depth
exploration of the data’s characteristics, including its sources, dimensions, and initial
features. Understanding the characteristics, structure, and content of the dataset is essential
as we embark on various preprocessing steps to ready it for analysis.

3.1. Dataset Collection

The Directorate of Roads and Travel-Department of Travel, in conjunction with the
Central Post of Lutetia Operations, focuses on various objectives related to traffic regulation,
public transportation, user education (via the Sytadin website), and research. Their primary
attention is directed towards the main arteries within the City of Paris, where they have
installed stations for vehicle counting and evaluating occupancy rates. There are two types
of stations on the network: one type that solely measures occupancy rates and another
that measures both occupancy rates and vehicle counts. The rate measurement stations
are particularly valuable as they provide accurate and detailed information about traffic
conditions. The less frequent flow stations are typically located near busy intersections,
where traffic flow tends to be maintained between two significant crossing points. For
this study, traffic data were collected from permanent sensors installed at the Alésia urban
intersection in Paris during the year 2022. The characteristics of the dataset are summarized
in Table 2. The original dataset consisted of 144,264 traffic records containing traffic status
information, Hourly Debit measurements, occupancy rates, and timestamp information
collected over a 12-month period.
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The traffic dataset contains several attributes describing the operational conditions
of the Alésia intersection. These attributes include the Arc Identifier, Upstream Node
Identifier, Downstream Node Identifier, Count_date_time, Hourly Debit, Occupancy Rate,
Arc Status, and the corresponding Traffic State label. The Arc and Node identifiers provide
spatial information about the monitored road segment, while Count_date_time records
the timestamp associated with each traffic observation, enabling the analysis of temporal
traffic dynamics.

Table 2. Traffic Data Description.

Data

Description

Arc identifier

Unique identifier of the reference arc object.

Label

Arc description.

Count_date_time

Timestamp (end of development period) in ISO format: YYYY-MM-DD HH:MM:SS.

Hourly Debit

The number of vehicles that have passed the counting point during a fixed
one-hour interval.

Occupancy rate

Vehicle time on loop as a percentage of a fixed time interval (one hour for
data provided).

Traffic status

Traffic status qualification: 0—Unknown, 1—Smooth /Flowing, 2—Pre-saturated,
3—Saturated, 4—Blocked

Upstream node identifier

Unique identifier of the upstream node of the arc.

Upstream node description

Description of the upstream node of the arc.

Downstream node identifier

Arc downstream node identifier.

Downstream node description

Description of the downstream node.

Arc status

Status at arc circulation: 0—Unknown, 1—Open, 2—Closed /Barred, 3—Invalid

Date start dispo data

Data availability start time for the object (axis opening or first data availability).

Date end Dispo data End Data Availability Timestamp for the object (axis closure or last update of data).
Geo point 2d Length of object (meters).
Geo shape Geometry of the object.

Among the collected variables, Hourly Debit and Occupancy Rate constitute the pri-
mary traffic-related indicators used to characterize road conditions.Hourly Debit represents
the number of vehicles detected during a one-hour interval, whereas Occupancy Rate
measures the percentage of time that vehicles occupy the detection loop within the same
period. The occupancy rate is particularly important because similar traffic volumes may
correspond to different traffic conditions depending on the level of road occupancy. For
example, a flow of 100 vehicles per hour may indicate free-flow traffic during nighttime
periods but severe congestion during peak traffic hours.

Furthermore, the Count_date_time attribute provides valuable temporal information
that can be exploited to capture daily, weekly, and seasonal traffic patterns. Consequently,
temporal features such as Hour, DayOfWeek, and Month were extracted during the pre-
processing stage to enrich the representation of traffic behavior. By combining spatial,
temporal, and traffic-related information, each observation can be assigned to one of five
traffic-state categories: Unknown, Flowing, Pre-saturated, Saturated, and Blocked.

Table 3 presents an example of a traffic record collected from the Alésia intersection.
Each observation contains temporal information together with the corresponding traffic
measurements and traffic-state label used in this study.
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Table 3. Example of traffic data from the used dataset.

Field Value 1 Value 2
Identifiant arc 4959 4959
Label Alesia Alesia

Date and Time of Counting

03-03-2022 08:00:00 +01:00

03-03-2022 07:00:00 +01:00

HourlyFlow 107 62

Occupancy Rate 4.56833 1.83833

Traffic State Flowing Flowing

Upstream Node Identifier 399 399

Upstream Node Label Av Rene Coty-Alesia Av Rene Coty-Alesia
Downstream Node Identifier 2626 2626

Downstream Node Label

Alesia-Sante-Glaciere-Tolbiac

Alesia-Sante-Glaciere-Tolbiac

Arc State

Invalid Invalid

Count_date_time

01-01-2005 00:00:00 01-01-2005 00:00:00

geo point 2d 48.82691273165781, 2.3383679454922497  48.82691273165781, 2.3383679454922497
{“coordinates”: [[2.3351115965, {“coordinates”: [[2.3351115965,
geo shape 48.8273981509], [2.3416242945, 48.8273981509], [2.3416242945,

48.8264273124]], “type”: “LineString”} 48.8264273124]], “type”: “LineString”}

3.2. Dataset Preprocessing

To ensure data quality and improve the predictive performance of the proposed
models, several preprocessing steps were applied to the raw traffic dataset. These steps
included data cleaning, feature engineering, and class imbalance handling. The following
subsections describe each preprocessing stage in detail.

3.2.1. Data Cleaning

The original dataset contained 144,264 traffic records collected from the Alésia inter-
section during 2022. To ensure data quality and consistency, records containing missing
values, incomplete measurements, duplicate entries, and invalid observations were re-
moved during the preprocessing stage. In particular, occupancy-rate values exceeding
100% were considered inconsistent with the official dataset definition, according to which
the occupancy rate represents the percentage of time that vehicles occupy the detection loop
during a one-hour interval. Consequently, 37 observations with occupancy rates greater
than 100% (approximately 0.12% of the cleaned dataset) were discarded. After the complete
cleaning process, a total of 30,498 valid observations were retained for subsequent analysis,
model training, and evaluation.

After data cleaning, a statistical analysis was conducted to better understand the
distribution of the key numerical variables. Table 4 summarizes the descriptive statistics of
the Hourly Debit and Occupancy Rate variables in the cleaned dataset.

The descriptive statistics reveal substantial variability in traffic conditions. Hourly
traffic volumes range from 0 to 1488 vehicles per hour, while occupancy rates vary between
0% and 95.35%. The median occupancy rate of 3.10% and the third quartile value of 6.19%
indicate that most observations correspond to uncongested traffic conditions, whereas a
limited number of observations represent highly congested situations. This variability
highlights the complexity of urban traffic dynamics and motivates the use of machine-
learning and deep-learning models capable of accurately discriminating between multiple
traffic states.
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Table 4. Descriptive Statistics of the Main Variables After Data Cleaning.

Measure Hourly Debit Occupancy Rate
Count 30,498 30,498
Mean 169.43 4.86
Standard Deviation 111.82 7.76

Min 0.00 0.00

25% Percentile 74.00 1.20

50% Percentile (Median) 157.00 3.10

75% Percentile 247.00 6.19

Max 1488.00 95.35

3.2.2. Feature Engineering

To enhance the representation of temporal traffic patterns, additional features were
extracted from the original Count_date_time attribute. Specifically, fo temporal variables
were generated: Hour, DayOfWeek, Weekend, and Month. These features enable the
learning models to capture hourly, weekly, and seasonal variations in traffic conditions.

Figures 1 and 2 illustrate the evolution of the average Hourly Debit and Occupancy
Rate according to the day of the week and the month of the year, respectively. The observed
variations indicate that traffic conditions exhibit clear temporal patterns at both weekly
and monthly levels. Such recurring trends suggest that temporal information plays an
important role in traffic-state characterization and prediction.

Consequently, the extracted temporal features were incorporated into the input dataset
to provide additional contextual information for the deep learning models. These engi-
neered attributes allow the models to better learn temporal dependencies and improve
their ability to distinguish between different traffic states.

N

Mean Occupancy Rate and Hourly Debit
)

Day of the Week

Figure 1. Evolution of the Occupancy Rate and Average Hourly Debit according to the days of
the week.
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Figure 2. Occupancy Rate and Average Hourly Debit Grouped by Month of the Year.

3.2.3. Class Imbalance Handling

Figure 3 illustrates the distribution of traffic-state classes in the cleaned dataset. As
can be observed, the dataset exhibits a highly imbalanced class distribution. The Unknown
class represents the majority of observations, followed by the Flowing class, whereas the
Blocked, Pre-saturated, and Saturated classes contain considerably fewer samples.

Such class imbalance may bias the learning process toward the majority classes and
reduce the model’s ability to correctly identify minority traffic states, which are often the
most critical for traffic-management applications. To address this issue, different imbalance-
handling strategies were investigated.

Initially, the Synthetic Minority Over-sampling Technique Synthetic Minority Over-
sampling Technique(SMOTE) was applied to the training set in order to generate synthetic
samples for the minority classes. However, experimental results showed that SMOTE did
not improve the overall predictive performance and led to poorer generalization on the
validation and testing datasets.

Consequently, a cost-sensitive learning strategy based on class weights was adopted.
During model training, higher weights were assigned to minority classes and lower weights
to majority classes, forcing the learning algorithms to pay greater attention to underrepre-
sented traffic states without altering the original data distribution. This approach provided
a better balance between overall accuracy and minority-class recognition and was therefore
retained for all experiments reported in this study.

The effectiveness of this strategy is reflected in the balanced accuracy and Macro-
F1 score obtained by the proposed models, which provide a more reliable assessment
than overall accuracy when dealing with highly imbalanced multiclass traffic-state
classification problems.
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Figure 3. Distribution of Traffic Status in the Dataset.

4. Methodology
4.1. Overview of the Proposed Approach

The proposed study aims to classify urban traffic states from real-world traffic-sensor
data collected at the Alésia intersection in Paris. To ensure reliable and reproducible
traffic-state prediction, a complete data-processing and modeling pipeline was designed,
including data preparation, temporal-sequence construction, class-imbalance handling,
deep-learning model training, and performance evaluation. The overall workflow of the
proposed approach is illustrated in Figure 4.

As illustrated in Figure 4, the proposed approach consists of a sequence of preprocess-
ing, feature-engineering, temporal-modeling, and evaluation stages designed to address
the challenges associated with urban traffic-state classification. Since traffic conditions
evolve over time and exhibit strong temporal dependencies, the construction of temporal
sequences represents a critical step in the proposed methodology. Rather than treating each
observation as an independent sample, consecutive traffic measurements are organized into
fixed-length sequences to capture short-term traffic dynamics and temporal correlations.
The following subsection describes the temporal sequence construction process and the
rationale behind the selected sequence length used as input to the deep-learning models.

4.2. Temporal Sequence Construction

Traffic conditions are inherently dynamic and evolve continuously over time. Conse-
quently, treating individual observations as independent samples may fail to capture the
temporal dependencies that characterize urban traffic behavior. To address this limitation,
the cleaned dataset was first sorted chronologically according to the Count_date_time at-
tribute, ensuring that the temporal order of traffic observations was preserved throughout
the modeling process.
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Figure 4. Overview of the proposed traffic-state classification approach, including data preprocessing,
temporal sequence construction, class-imbalance handling, model training, and performance evaluation.

After chronological ordering, a temporal sequence construction procedure was applied
using a sliding-window strategy. Instead of using a single observation as input, each sample
was represented by a sequence of consecutive traffic measurements. This approach enables
the deep-learning models to learn temporal patterns, traffic evolution trends, and short-
term dependencies that may influence future traffic states.

Let X; denote the feature vector observed at time t. A sequence of length L was
generated by grouping the previous L consecutive observations:

St = Xi—14+1, Xp—142,-- -, Xt 1)

where S; represents the input sequence associated with the target traffic-state label at time
t+1.

In this study, a sequence length of L = 72 was adopted. The selected window size was
empirically determined to provide an appropriate balance between temporal information
retention and computational efficiency. By considering the previous 72 consecutive observa-
tions, the models are able to capture recurring traffic patterns, temporal dependencies, and
short-term fluctuations that characterize urban traffic dynamics, while avoiding excessive
model complexity and training time.

The sliding-window mechanism was applied sequentially across the entire chronologi-
cally ordered dataset. At each step, the window was shifted by one observation, generating
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overlapping sequences and increasing the number of training samples available for model
learning. This strategy preserves temporal continuity while maximizing the utilization of
the available traffic data.
Following sequence generation, the resulting data were organized into a three-
dimensional structure of the form:
(N,L,F) @

where N denotes the number of generated sequences, L = 72 represents the sequence
length, and F corresponds to the number of input features used for traffic-state classification.
In the proposed approach, the input features include the traffic-related variables (Hourly
Debit and Occupancy Rate), the engineered temporal features (Hour, DayOfWeek, Month, and
Weekend), and the spatial descriptors (Arc Identifier, Upstream Node Identifier, and Downstream
Node Identifier). This representation is particularly suitable for recurrent neural-network
architectures, including RNN, LSTM, and GRU models, which are specifically designed to
learn temporal relationships from sequential data.

The generated sequences were subsequently divided into training and testing subsets
using a chronological train—test split procedure. Unlike random partitioning, chrono-
logical splitting preserves the natural temporal ordering of observations and prevents
information leakage from future samples into the training process. This strategy provides a
more realistic assessment of model performance under real-world traffic-monitoring and
forecasting conditions.

4.3. Feature Representation and Data Preparation

To accurately characterize traffic conditions, each observation was represented using a
combination of traffic-related, temporal, and spatial features extracted from the cleaned
dataset. The traffic-related variables include Hourly Debit and Occupancy Rate, which
provide direct information about traffic demand and road utilization. In addition, several
temporal features were derived from the Count_date_time attribute during the feature-
engineering stage, namely Hour, DayOfWeek, Month, and a binary Weekend indicator. Spatial
information was incorporated through the Arc Identifier, Upstream Node Identifier, and
Downstream Node Identifier, which describe the location and connectivity of the monitored
road segment within the traffic network.

Consequently, each traffic observation was represented using nine input features
combining traffic, temporal, and spatial information. This multidimensional representation
enables the deep-learning models to capture complementary characteristics influencing
traffic-state evolution and classification.

Although traffic conditions may also be influenced by external factors such as weather
conditions, road incidents, special events, and network-level interactions, such informa-
tion was not available in the official dataset used in this study. Consequently, the pro-
posed models were developed using the traffic, temporal, and spatial variables provided
by the traffic-monitoring system. Future work will investigate the integration of addi-
tional contextual variables and feature-importance analyses to further improve traffic-state
classification performance.

Prior to sequence generation and model training, feature scaling was applied to nor-
malize the input variables and reduce the influence of differences in measurement units
and value ranges. Since the selected features exhibit heterogeneous numerical scales, nor-
malization ensures a more stable optimization process and prevents variables with larger
magnitudes from dominating the learning procedure. The normalized features were subse-
quently used to construct the temporal sequences described in the previous subsection.

After sequence generation, the resulting samples were divided into training and
testing subsets using a chronological train—test split strategy. Unlike random partitioning,
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chronological splitting preserves the temporal ordering of observations and prevents future
information from being introduced into the training process. This procedure is particularly
important for traffic forecasting and traffic-state classification applications, where the
objective is to predict future conditions from historical observations. By maintaining
the natural temporal structure of the dataset, the evaluation process more accurately
reflects real-world deployment scenarios and provides a reliable assessment of model
generalization capability.

4.4. Class Weight Strategy

As illustrated in Figure 3, the traffic-state dataset exhibits a highly imbalanced class
distribution. The majority of observations belong to the Flowing and Unknown categories,
whereas the Blocked, Pre-saturated, and Saturated classes contain considerably fewer samples.
Such imbalance may bias the learning process toward majority classes and reduce the
ability of deep-learning models to correctly recognize minority traffic states.

To address this issue, several imbalance-handling strategies were investigated during
preliminary experiments. In particular, data-level resampling techniques were evaluated to
improve the representation of minority classes. However, these approaches did not provide
consistent improvements in model generalization and sometimes introduced additional
noise into the learning process. Consequently, a cost-sensitive learning strategy based on
class weights was adopted for all experiments reported in this study.

The class-weighting mechanism assigns a larger penalty to classification errors as-
sociated with minority classes and a smaller penalty to errors related to majority classes.
During model training, these weights are incorporated into the loss function, encouraging
the optimization process to pay greater attention to underrepresented traffic states while
preserving the original class distribution.

Let N denote the total number of training samples, K the number of traffic-state classes,
and n; the number of samples belonging to class i. The class weight associated with class i

is computed as:
N

7K><Vll‘

)

wi

where larger weights are assigned to minority classes and smaller weights to majority classes.

Compared with data-resampling approaches, the class-weight strategy preserves the
original characteristics of the traffic dataset while reducing the bias toward dominant
classes. This property is particularly important for traffic-state classification problems,
where minority classes often correspond to critical traffic conditions such as congestion,
saturation, or blockage events. The effectiveness of this strategy is subsequently assessed
using class-sensitive evaluation metrics, including Macro-F1 score and Balanced Accuracy.

4.5. Deep Learning Architectures

To evaluate the effectiveness of deep-learning techniques for multiclass traffic-state
classification, four neural-network architectures were investigated in this study: ANN,
RNN, LSTM, and GRU. These architectures were selected because they represent different
levels of complexity and memory capabilities for modeling traffic dynamics.

The ANN model serves as a baseline deep-learning approach and processes traffic
observations without explicitly modeling temporal dependencies. In contrast, the RNN,
LSTM, and GRU architectures are specifically designed to learn sequential patterns from
temporal data. Since traffic conditions evolve continuously over time, these recurrent
architectures are expected to better capture the temporal relationships embedded within
the generated traffic sequences.

To ensure a fair comparison, all models were trained using the same prepro-
cessed dataset, identical train—test partitions, the same class-weight strategy, and con-
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sistent evaluation metrics. The architectural details of each model are described in the
following subsections.

4.5.1. Artificial Neural Network (ANN)

The Artificial Neural Network (ANN) was employed as a baseline classifier for traffic-
state prediction. The architecture consists of fully connected hidden layers followed by a
Softmax output layer that produces the probability distribution over the five traffic-state
categories. Unlike recurrent architectures, the ANN processes each input independently
and therefore does not explicitly model temporal dependencies between consecutive ob-
servations. Nevertheless, it provides a useful benchmark for assessing the contribution of
temporal learning mechanisms in recurrent models.

4.5.2. Simple Recurrent Neural Network (RNN)

The Simple Recurrent Neural Network (RNN) extends the ANN architecture by
incorporating recurrent connections that enable information from previous observations to
influence the current prediction. This memory mechanism allows the network to capture
short-term temporal dependencies within traffic sequences. However, standard RNNs may
suffer from gradient-vanishing problems when processing long sequences, limiting their
ability to learn long-range temporal patterns.

4.5.3. Long Short-Term Memory Network (LSTM)

To overcome the limitations of conventional RNNs, a Long Short-Term Memory
(LSTM) architecture was implemented. LSTM networks incorporate memory cells and
gating mechanisms that regulate the flow of information through time, enabling the learning
of both short-term and long-term temporal dependencies.

The proposed LSTM architecture consists of two stacked LSTM layers containing
128 and 64 memory units, respectively. Batch Normalization layers were introduced after
each LSTM layer to stabilize the learning process, while Dropout layers with a dropout rate
of 0.3 were employed to reduce overfitting. The extracted temporal features were subse-
quently processed through two fully connected layers containing 64 and 32 neurons before
being fed into a Softmax output layer responsible for multiclass traffic-state classification.

4.5.4. Gated Recurrent Unit Network (GRU)

The Gated Recurrent Unit (GRU) network represents a simplified variant of the LSTM
architecture. GRUs employ update and reset gates to control information flow while using
fewer parameters than LSTM networks. This reduced architectural complexity often leads
to faster training while maintaining competitive predictive performance.

Similar to the LSTM model, the GRU architecture was designed to capture temporal
traffic patterns from sequential observations and evaluate whether a lighter recurrent
structure could achieve comparable classification performance under highly imbalanced
traffic conditions.

4.6. Training Configquration

To ensure a consistent and fair comparison among the investigated deep-learning
architectures, all models were trained under similar experimental conditions. The same
training and testing datasets, sequence length, feature representation, and class-weight
strategy were employed throughout the experiments.

Model optimization was performed using the Adam optimizer, which is widely
adopted in deep-learning applications because of its adaptive learning-rate mechanism and
computational efficiency. The Sparse Categorical Cross-Entropy loss function was selected
to address the multiclass traffic-state classification problem.
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A maximum of 50 training epochs was specified for all recurrent architectures, with a
batch size of 16 samples as shown in Table 5. To improve model generalization and reduce
the risk of overfitting, an Early Stopping strategy was implemented. During training, the
validation loss was continuously monitored, and the training process was automatically
terminated when no further improvement was observed for a predefined number of epochs.

To prevent overfitting and improve the generalization capability of the deep learning
models, an Early Stopping strategy was employed during training. The maximum number
of training epochs was set to 50; however, training was automatically terminated when
the validation loss did not improve for a predefined number of consecutive epochs. The
model weights corresponding to the best validation performance were restored for the
final evaluation.

In addition, a ReduceLROnPlateau mechanism was incorporated to dynamically
adjust the learning rate whenever the validation performance stagnated. This strategy
enables a more stable optimization process and facilitates convergence toward better-
performing solutions.

Given the highly imbalanced nature of the traffic-state dataset, the class-weight values
computed in the previous subsection were integrated into the training process. By assigning
larger penalties to minority classes and smaller penalties to majority classes, the models
were encouraged to pay greater attention to underrepresented traffic states while preserving
the original class distribution.

The final model performance was evaluated on the unseen testing dataset using
Accuracy, Precision, Recall, F1-score, Macro-F1 score, and Balanced Accuracy metrics. These
complementary evaluation measures provide a comprehensive assessment of classification
performance, particularly in the presence of class imbalance.

The hyperparameter values reported in Table 5 were selected based on preliminary
exploratory experiments and commonly adopted practices in deep-learning applications for
time-series classification. The objective was to obtain stable convergence while maintaining
a reasonable computational cost. Formal hyperparameter optimization techniques such
as Grid Search, Random Search, or Bayesian Optimization were not considered within
the scope of the present study.Future work will investigate automated hyperparameter
optimization strategies to further improve model performance.

Table 5. Training Hyperparameters.

Parameter Value

Sequence Length 72

Batch Size 16

Maximum Epochs 50

Optimizer Adam

Loss Function Sparse Categorical Cross-Entropy
Output Activation Softmax

Early Stopping Yes
ReduceLROnPlateau Yes

Class Weights Yes

The proposed approach integrates several complementary components to address the
challenges of real-world traffic-state classification. By combining temporal sequence con-
struction, spatial and temporal feature representation, chronological data partitioning, and
cost-sensitive learning through class weighting, the methodology is specifically designed
to handle the dynamic and highly imbalanced nature of urban traffic data. Furthermore,
the comparative evaluation of ANN, RNN, LSTM, and GRU architectures under identical
experimental conditions provides a comprehensive assessment of their ability to model
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complex traffic patterns and recognize both majority and minority traffic states. Through
this unified approach, the study aims to establish a reliable and reproducible benchmark
for multiclass traffic-state classification using real-world traffic observations. The effective-
ness of the proposed methodology and the comparative performance of the investigated
deep-learning models are presented and discussed in the following section.

5. Results and Discussion

This section presents a comprehensive evaluation of the four deep learning archi-
tectures investigated in this study, namely ANN, RNN, LSTM, and GRU, for multiclass
traffic-state classification. Model performance is assessed using several complementary
metrics, including Accuracy, Precision, Recall, F1-score, Balanced Accuracy, confusion
matrices, and class-wise classification reports. In addition, the learning dynamics of each
architecture are analyzed through training and testing accuracy and loss curves in order to
evaluate convergence behavior, model stability, and generalization capability.

Figure 5 presents the learning curves of the ANN model. The training accuracy
increases progressively from approximately 24% to 62.2%, while the testing accuracy
follows a similar trend and reaches 61.3% at the final epoch. Although both curves exhibit
a consistent upward progression, the overall performance remains considerably lower than
that achieved by the recurrent architectures. The relatively small gap between training
and testing accuracy indicates that the model does not suffer from severe overfitting.
However, the modest classification performance suggests that a feedforward ANN is
unable to fully capture the temporal dependencies and sequential patterns inherent in
traffic-state evolution.

The loss curves further support this observation. Both training and testing losses de-
crease steadily throughout the learning process, indicating stable optimization and effective
parameter updates. Nevertheless, the final loss values remain relatively high compared
with those obtained by the recurrent models, suggesting that important temporal informa-
tion is not adequately represented by the ANN architecture. These findings demonstrate
that although the ANN provides a reasonable baseline, it is not sufficiently powerful for
complex traffic-state prediction tasks involving temporal dynamics.

The performance of the Simple RNN model is illustrated in Figure 6. Compared with
the ANN, the RNN achieves substantially higher predictive performance, with training and
testing accuracies stabilizing around 91.4% and 90.3%, respectively. The improvement can
be attributed to the recurrent connections that enable the model to exploit temporal depen-
dencies between consecutive traffic observations. Throughout training, the two accuracy
curves remain relatively close, indicating satisfactory generalization and limited overfitting.

The corresponding loss curves exhibit a continuous decrease, with the training loss
dropping from approximately 1.35 to 0.72 and the testing loss stabilizing near 0.30. Al-
though several fluctuations can be observed in the testing accuracy, these variations remain
limited and do not indicate unstable learning behavior. The results confirm that incorpo-
rating temporal information significantly enhances classification performance compared
with the ANN model. However, the oscillatory behavior of the testing accuracy suggests
that the Simple RNN may still encounter difficulties in preserving long-term contextual
information due to the well-known vanishing-gradient problem.
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Figure 5. Learning curves of the ANN model over 50 epochs: (a) accuracy; (b) loss.
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Figure 6. Learning curves of the RNN model over 23 epochs: (a) accuracy and (b) loss.

Figure 7 presents the results obtained using the LSTM architecture. The training accu-
racy remains highly stable throughout the learning process, converging to approximately
91.4%, while the testing accuracy stabilizes around 90.3%. The close agreement between
training and testing curves indicates excellent generalization capability. Furthermore,
the Early Stopping mechanism halted the training process after ten epochs, demonstrat-
ing rapid convergence and preventing unnecessary iterations that could potentially lead
to overfitting.
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Figure 7. Learning curves of the LSTM model over 50 epochs: (a) accuracy and (b) loss.

The loss curves reveal a similar behavior. Training loss remains stable around 0.58,
whereas testing loss rapidly converges and stabilizes near 0.30. The absence of significant
divergence between training and testing losses indicates that the model effectively learns
representative traffic patterns without memorizing the training data. The memory-cell
mechanism of LSTM enables the preservation of long-term temporal dependencies, result-
ing in a more robust representation of traffic evolution and improved stability compared
with the Simple RNN architecture.

The GRU model results are shown in Figure 8. Among all evaluated architectures, GRU
achieves the highest classification performance, reaching approximately 91.96% training
accuracy and 90.74% testing accuracy. The training and testing curves exhibit a highly
consistent behavior throughout the learning process, with only minor fluctuations. The
limited gap between the two curves indicates excellent generalization and demonstrates
that the model successfully captures the underlying traffic dynamics without overfitting.

The corresponding loss curves show a substantial reduction during training, with the
training loss decreasing from approximately 1.19 to 0.47 and the testing loss converging
near 0.30. Compared with the LSTM model, GRU achieves slightly better accuracy while
maintaining a simpler architecture and lower computational complexity. This result can be
explained by the efficient gating mechanism of GRU, which effectively models temporal
relationships while requiring fewer parameters and shorter training times than LSTM.

A comparative analysis of the four architectures highlights the importance of temporal
modeling for traffic-state classification. The ANN model exhibits the lowest performance
because it processes observations independently and therefore cannot exploit sequential
dependencies. In contrast, the recurrent architectures consistently achieve substantially
higher classification accuracy. Among them, the Simple RNN improves predictive capability
but remains sensitive to temporal information loss. Both LSTM and GRU provide superior
stability and generalization through their gating mechanisms, which alleviate the vanishing-
gradient problem and facilitate the learning of long-term traffic patterns.
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Figure 8. Learning curves of the GRU model across 45 epochs: (a) accuracy and (b) loss.

To further investigate the classification capability of each architecture, the following
subsection presents a detailed quantitative evaluation based on the classification reports
obtained for both training and testing datasets. Subsequently, confusion matrices are
analyzed to identify class-specific strengths and misclassification patterns, providing deeper
insight into the behavior of each model under real-world traffic conditions.

Tables 6 and 7 present the classification performance of the ANN model on the training
and testing datasets. The model achieves comparable results on both datasets, with an
accuracy of 62% for training and 61% for testing, indicating stable learning and satisfactory
generalization capability. The highest performance is obtained for the Blocked and Flowing
traffic states, which achieve relatively high precision and recall values. In contrast, the
Pre-saturated, Saturated, and Unknown classes exhibit lower Fl-scores, highlighting the
difficulty of correctly identifying minority traffic conditions. Moreover, the close agreement
between the training and testing metrics confirms that the ANN model does not exhibit
significant overfitting, although its ability to discriminate between underrepresented classes
remains limited.

Table 6. ANN Training Classification Report.

Class Precision Recall F1-Score Support
Blocked 0.68 0.90 0.77 202
Flowing 0.99 0.62 0.76 23,153
Pre-saturated 0.07 0.69 0.13 402
Saturated 0.46 0.45 0.46 161
Unknown 0.05 0.53 0.09 510
Accuracy - - 0.62 24,428
Macro Avg 0.45 0.64 0.44 24,428
Weighted Avg 0.95 0.62 0.74 24,428
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Table 7. ANN Testing Classification Report.

Class Precision Recall F1-Score Support
Blocked 0.64 0.88 0.74 50
Flowing 0.98 0.61 0.75 5788
Pre-saturated 0.08 0.76 0.15 101
Saturated 0.46 0.30 0.36 40
Unknown 0.04 0.50 0.08 128
Accuracy - - 0.61 6107
Macro Avg 0.44 0.61 0.42 6107
Weighted Avg 0.94 0.61 0.73 6107

Tables 8 and 9 summarize the classification performance of the RNN model on the
training and testing datasets. The model achieves an overall accuracy of approximately 91%
on both datasets, with a weighted F1-score of 0.92, indicating a substantial improvement
compared with the ANN model. The close agreement between the training and testing
metrics demonstrates stable learning behavior and strong generalization capability, with
no evidence of significant overfitting.

Table 8. RNN Training Classification Report.

Class Precision Recall F1-Score Support
Blocked 0.26 0.84 0.40 202
Flowing 0.98 0.94 0.96 23,095
Pre-saturated 0.19 0.03 0.05 402
Saturated 0.17 0.40 0.24 161
Unknown 0.31 0.76 0.44 510
Accuracy - - 091 24,370
Macro Avg 0.38 0.59 0.42 24,370
Weighted Avg 0.94 0.91 0.92 24,370

Table 9. RNN Testing Classification Report.

Class Precision Recall F1-Score Support
Blocked 0.20 0.68 0.31 50
Flowing 0.98 0.94 0.96 5774
Pre-saturated 0.09 0.01 0.02 101
Saturated 0.08 0.20 0.11 40
Unknown 0.34 0.76 0.47 128
Accuracy - - 091 6093
Macro Avg 0.34 0.52 0.37 6093
Weighted Avg 0.94 0.91 0.92 6093

At the class level, the RNN model performs particularly well in recognizing the
dominant Flowing traffic state, achieving an F1-score of 0.96 for both training and testing
datasets. Furthermore, the Blocked and Unknown classes are identified more effectively than
with the ANN model. However, lower precision and Fl-score values are still observed for
the Pre-saturated and Saturated classes, indicating that the classification of minority traffic
states remains challenging. Despite these limitations, the results confirm that incorporating
temporal dependencies through recurrent neural networks significantly enhances traffic-
state classification performance.

Tables 10 and 11 present the classification performance of the LSTM model on the
training and testing datasets. The model achieves high and consistent performance, with
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accuracies of 91% and 90% on the training and testing sets, respectively, and weighted F1-
scores exceeding 0.92. The close agreement between training and testing metrics indicates
stable learning and good generalization capability without significant overfitting.

Table 10. LSTM Training Classification Report.

Class Precision Recall F1-Score Support
Blocked 0.38 0.84 0.52 202
Flowing 0.99 0.92 0.95 23,095
Pre-saturated 0.25 0.39 0.30 402
Saturated 0.22 0.89 0.35 161
Unknown 0.38 0.87 0.53 510
Accuracy - - 091 24,370
Macro Avg 0.44 0.78 0.53 24,370
Weighted Avg 0.96 0.91 0.93 24,370

Table 11. LSTM Testing Classification Report.

Class Precision Recall F1-Score Support
Blocked 0.32 0.76 0.45 50
Flowing 0.99 0.92 0.95 5774
Pre-saturated 0.19 0.35 0.25 101
Saturated 0.18 0.72 0.29 40
Unknown 0.38 0.80 0.52 128
Accuracy - - 0.90 6093
Macro Avg 0.41 0.71 0.49 6093
Weighted Avg 0.95 0.90 0.92 6093

Compared with the ANN and standard RNN models, the LSTM provides a more
balanced classification performance across traffic states. In particular, improvements are
observed for the minority classes Pre-saturated, Saturated, and Unknown, resulting in higher
recall and F1-score values. Furthermore, the model maintains excellent performance for
the dominant Flowing class, achieving an F1-score of 0.95 on both datasets. These results
demonstrate the effectiveness of the LSTM architecture in capturing temporal dependencies
and improving the recognition of complex traffic-state patterns.

Tables 12 and 13 summarize the classification performance of the GRU model on
the training and testing datasets. The results show highly consistent performance across
both datasets, indicating stable learning behavior and good generalization capability. The
Flowing traffic state achieves the highest classification performance, with an Fl-score of 0.96
and 0.95 on the training and testing sets, respectively.

Table 14 presents a comparative evaluation of the four deep learning architectures
using overall performance metrics computed on the testing dataset. The results reveal
substantial differences between the evaluated models. The ANN model achieves the
lowest performance, with an accuracy of 61.26% and an Fl-score of 0.7281, indicating
limited capability to capture the temporal dependencies inherent in traffic-state evolution.
Although its balanced accuracy remains comparable to that of some recurrent models, its
overall predictive performance is significantly lower.
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Table 12. GRU Training Classification Report.
Class Precision Recall F1-Score Support
Blocked 0.41 0.93 0.57 202
Flowing 0.99 0.93 0.96 23,095
Pre-saturated 0.32 0.48 0.38 402
Saturated 0.31 0.92 0.47 161
Unknown 0.39 0.92 0.55 510
Accuracy - - 0.92 24,370
Macro Avg 0.48 0.84 0.59 24,370
Weighted Avg 0.96 0.92 0.93 24,370

Table 13. GRU Testing Classification Report.
Class Precision Recall F1-Score Support
Blocked 0.33 0.76 0.46 50
Flowing 0.99 0.93 0.95 5774
Pre-saturated 0.24 0.37 0.29 101
Saturated 0.20 0.60 0.29 40
Unknown 0.36 0.76 0.49 128
Accuracy - - 0.91 6093
Macro Avg 0.42 0.68 0.50 6093
Weighted Avg 0.95 0.91 0.93 6093

Table 14. Comparison of the overall performance metrics obtained by the evaluated deep learning
models on the testing dataset.

Model Accuracy Balanced Accuracy F1-Score Macro F1-Score
ANN 0.6126 0.6109 0.7281 0.4200
RNN 0.9102 0.5168 0.9204 0.3700
LSTM 0.9025 0.7091 0.9217 0.4900
GRU 0.9101 0.6821 0.9256 0.4970

The recurrent architectures consistently outperform the ANN model, highlighting the
importance of temporal information for traffic-state classification. While the conventional
RNN achieves a high accuracy of 91.02%, its balanced accuracy (51.68%) and Macro F1-
score (0.37) remain relatively low, suggesting that its predictions are strongly influenced by
the dominant traffic class and that minority traffic states are less effectively recognized.

Among the advanced recurrent architectures, both LSTM and GRU provide superior
and more balanced performance. The LSTM achieves the highest balanced accuracy
(70.91%), demonstrating its strong ability to handle class imbalance and correctly identify
minority traffic states. In contrast, the GRU attains the highest overall F1-score (0.9256) and
Macro F1-score (0.497), while maintaining a competitive accuracy of 91.01%. These results
indicate that the GRU offers the most favorable compromise between overall predictive
performance and class-wise recognition capability.

Overall, the comparative analysis confirms that incorporating gated recurrent mech-
anisms significantly improves traffic-state classification performance. While the LSTM
demonstrates greater robustness to class imbalance, the GRU achieves the best overall
trade-off between accuracy, generalization capability, and balanced recognition of different
traffic conditions, making it the most suitable architecture for the considered traffic-state
classification task.
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Figures 9-12 provide additional insights into the class-wise behavior of the evaluated
models. For the ANN model, substantial confusion can be observed between minority
traffic states and the dominant classes, which explains its relatively low overall classifi-
cation performance. Although the model correctly identifies a large proportion of the
Flowing observations, it struggles to distinguish the Pre-saturated, Saturated, and Unknown
traffic states.

The RNN model significantly improves the recognition of the dominant Flowing class
and achieves higher overall accuracy. However, the confusion matrices reveal that the
model still encounters difficulties in correctly identifying the Pre-saturated and Saturated
classes, resulting in frequent misclassifications of these minority traffic conditions.

In contrast, the LSTM and GRU architectures exhibit noticeably better discrimination
of minority traffic states. The confusion matrices show that both models reduce the mis-
classification of the Blocked, Saturated, and Unknown classes, demonstrating their ability to
capture more complex temporal dependencies and traffic evolution patterns. Although
some confusion remains between neighboring traffic states, the GRU model achieves the
most balanced classification behavior overall, while the LSTM provides the strongest
recognition of minority classes, which is reflected by its superior Balanced Accuracy score.
These findings further confirm the advantage of gated recurrent architectures for multiclass
traffic-state classification under highly imbalanced real-world traffic conditions.
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Figure 9. Confusion matrices of the ANN model for training and testing phases.
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Figure 10. Confusion matrices of the RNN model for training and testing phases.
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Figure 11. Confusion matrices of the LSTM model for training and testing phases.
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Figure 12. Confusion matrices of the GRU model for training and testing phases.

Overall, the experimental results highlight the importance of temporal modeling for
traffic-state classification. While the ANN model provides acceptable performance for
dominant traffic conditions, its limited ability to capture temporal dependencies leads to
weaker recognition of minority traffic states. The introduction of recurrent architectures
significantly improves classification performance, as evidenced by the substantial increase
in Accuracy and F1-score obtained by the RNN, LSTM, and GRU models.

However, the comparative analysis demonstrates that overall Accuracy alone is insuffi-
cient for evaluating performance on highly imbalanced traffic datasets. Although the RNN
achieves a high overall Accuracy, its lower class-wise performance indicates difficulties
in recognizing underrepresented traffic states. In contrast, both LSTM and GRU exhibit
a more balanced classification behavior, as confirmed by their improved recognition of
minority classes in the classification reports and confusion matrices.

Among the evaluated architectures, the LSTM achieves the highest Balanced Accuracy,
demonstrating a stronger capability to correctly identify different traffic conditions regard-
less of class frequency. Meanwhile, the GRU attains the highest overall F1-score and Macro
F1-score while maintaining competitive Accuracy, indicating a favorable trade-off between
global predictive performance and class-wise discrimination. These findings suggest that
gated recurrent architectures are better suited for real-world traffic-state classification,
where both dominant and minority traffic conditions must be accurately recognized.
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The consistency observed between the learning curves, classification reports, confusion
matrices, and comparative performance metrics further confirms the robustness of the
obtained results and supports the effectiveness of recurrent deep-learning architectures for
urban traffic-state prediction and monitoring applications.

6. Conclusions and Perspectives

This study investigated the effectiveness of four deep-learning architectures, namely
ANN, RNN, LSTM, and GRU, for multiclass traffic-state classification using real-world
traffic observations collected at the Alésia urban intersection in Paris. Unlike many traffic
prediction studies that focus primarily on overall predictive accuracy, the present work
addressed a highly imbalanced classification problem involving five traffic states (Flowing,
Pre-saturated, Saturated, Blocked, and Unknown). To provide a comprehensive assess-
ment of model performance, multiple complementary evaluation criteria were considered,
including Accuracy, Precision, F1-score, Macro-F1 score, Balanced Accuracy, class-wise
classification reports, learning curves, and confusion matrices.

The experimental results demonstrated clear differences among the evaluated archi-
tectures. The ANN model exhibited limited capability in handling complex traffic-state
patterns and minority classes, resulting in the lowest overall performance. The conven-
tional RNN substantially improved global accuracy; however, its lower Macro-F1 score and
Balanced Accuracy revealed difficulties in correctly identifying underrepresented traffic
conditions. These findings highlight the limitations of simple recurrent architectures when
dealing with highly imbalanced traffic datasets and complex temporal dynamics.

The memory-based recurrent architectures achieved more robust and balanced results.
The LSTM model obtained the highest Balanced Accuracy and showed superior recognition
of minority traffic states, indicating a stronger ability to capture long-term temporal depen-
dencies and preserve important contextual information. The GRU model achieved the best
overall compromise between Accuracy, F1-score, and Macro-F1 score while maintaining
a simpler architecture and lower computational complexity. Furthermore, the confusion
matrices confirmed that both LSTM and GRU significantly reduced the misclassification of
critical traffic states compared with ANN and conventional RNN models.

The analysis of the learning curves revealed stable convergence behavior and limited
evidence of overfitting for the recurrent architectures. In addition, the use of Early Stopping
contributed to efficient training while preserving generalization capability. These observa-
tions emphasize the importance of temporal modeling for traffic-state classification and
demonstrate the effectiveness of gated recurrent mechanisms in handling real-world traffic
data characterized by substantial class imbalance.

Overall, the results indicate that no single metric is sufficient to evaluate model
performance in multiclass traffic-state classification. While GRU achieved the strongest
overall predictive performance, LSTM provided the most balanced recognition of minority
traffic conditions. Consequently, the choice between these architectures should depend on
the operational objective, whether maximizing global predictive performance or improving
the detection of less frequent but operationally critical traffic states.

It should also be noted that the conclusions of this study are restricted to the evaluated
ANN, RNN, LSTM, and GRU architectures within the considered traffic-state classification
framework. Recent approaches based on STGNNSs and Transformer architectures have
shown promising results for large-scale traffic-flow forecasting tasks. However, these
methods are generally designed for traffic-flow regression problems and exploit explicit
spatial relationships within transportation networks. In contrast, the present work focuses
on traffic-state classification at a real urban intersection under highly imbalanced conditions.
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Therefore, the findings presented here provide complementary insights into the behavior
of recurrent deep-learning models in realistic urban traffic-management scenarios.

Future work will investigate the integration of additional contextual information,
including weather conditions, traffic incidents, roadwork events, and signal-control pa-
rameters, to further improve prediction robustness. Moreover, extending the proposed
framework to recent architectures such as STGNNs and Transformer-based models, as well
as integrating the prediction system into adaptive traffic-management and ITS, represents
a promising direction for real-time urban traffic optimization.
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