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Génération de données 5G pour les applications d’apprentissage automatique

Rania FARJALLAH

RÉSUMÉ

Les réseaux mobiles de cinquième génération offrent des débits sans précédent, une latence

extrêmement faible et une connectivité massive, donnant lieu à des schémas de trafic haute-

ment dynamiques et complexes. L’optimisation de ces réseaux reposent de plus en plus sur

l’apprentissage automatique, mais des modèles performants exigent des jeux de données à

grande échelle, complets et représentatifs, qui sont rarement disponibles. Pour relever ce défi, ce

travail s’appuie sur de vastes jeux de données issus de la mobilité urbaine, sélectionnés en raison

de leurs schémas de trafic et de leurs dynamiques temporelles, qui reflètent étroitement ceux

observés dans les réseaux 5G. Toutefois, ces jeux de données présentent souvent des observations

manquantes, ce qui motive le développement d’une approche d’imputation adaptative, conçue

pour reconstruire des séries temporelles incomplètes tout en préservant les structures saisonnières

et les dépendances temporelles. Afin d’évaluer la qualité de l’imputation en l’absence des

valeurs réelles, de nouvelles métriques sont proposées, ffrant une alternative aux métriques

traditionnelles et permettant une évaluation plus robuste et plus informative. Après validation,

les jeux de données urbains reconstruits sont transformés en traces préliminaires de trafic 5G,

constituant une base structurée pour des analyses et modélisations ultérieures. Sur cette base,

un cadre de génération de trafic, fondé sur le Principe de Maximum d’Entropie, est proposé ;

il encode des contraintes empiriquement observées afin de produire des données synthétiques

réalistes qui capturent fidèlement les dynamiques temporelles et les propriétés distributionnelles.

Cette approche s’avère efficace dans des scénarios réels où l’accès à des données de trafic 5G de

haute qualité est limité en raison de contraintes liées à la confidentialité, de restrictions opéra-

tionnelles ou de mesures incomplètes. En générant des données synthétiques représentatives et

statistiquement cohérentes, le cadre proposé facilite l’amélioration des prévisions, la détection

d’anomalies et l’évaluation des performances du réseau, permettant ainsi aux opérateurs de

télécommunications et aux chercheurs de concevoir, tester et optimiser plus efficacement les

systèmes mobiles de nouvelle génération. Des expériences approfondies démontrent que le

cadre proposé améliore la qualité des données, favorise la modélisation réaliste du trafic 5G et

permet des prévisions plus robustes, une meilleure détection des anomalies et une évaluation

plus fiable des performances des réseaux de prochaine génération.

Mots-clés: Génération de trafic 5G, Imputation de séries temporelles, Génération de données

synthétiques, Principe d’entropie maximale, Divergence de Jensen–Shannon, Distance de

Wasserstein, Score discriminatif, TimeGPT





5G Data Generation for Machine Learning Applications

Rania FARJALLAH

ABSTRACT

Fifth-generation mobile networks enable unprecedented throughput, ultra-low latency, and

massive device connectivity, giving rise to traffic patterns that are highly dynamic and complex.

Optimizing such networks increasingly relies on machine learning, yet effective models require

large-scale, complete, and representative datasets. To address this challenge, this work relies

on large-scale urban mobility datasets, chosen for their traffic patterns and temporal dynamics,

which closely reflect those observed in 5G networks. However, these datasets often suffer from

missing observations, which motivates the development of an adaptive imputation approach

designed to reconstruct incomplete time series while preserving seasonal structures and temporal

dependencies. To evaluate imputation quality where ground truth is unavailable, novel metrics

are introduced, providing an alternative to traditional metrics and enabling a more robust and

informative evaluation. After validation, the reconstructed urban datasets are transformed

into preliminary 5G traffic traces, providing a structured foundation for further modeling and

analysis. Building on this foundation, a principled traffic generation framework based on the

Maximum Entropy Principle is proposed, which encodes empirically observed constraints to

produce realistic synthetic data that accurately capture temporal dynamics and distributional

properties. This approach is particularly effective in real-world scenarios where access to high-

quality 5G traffic data is limited due to privacy concerns, operational constraints, or incomplete

measurements. By generating representative and statistically consistent synthetic data, the

framework facilitates improved forecasting, anomaly detection, and network performance

evaluation, enabling telecommunication operators and researchers to design, test, and optimize

next-generation mobile systems more effectively. Extensive experiments confirm that the

proposed framework improves data quality, supports realistic 5G traffic modeling, and enables

more robust forecasting, anomaly detection, and network performance evaluation in next-

generation mobile systems.

Keywords: 5G traffic generation, time series imputation, synthetic data generation, Maximum

Entropy Principle, Jensen-Shannon divergence, Wasserstein distance, Discriminative Score,

TimeGPT
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INTRODUCTION

The 5G wireless network introduces a transformative era for digital communication, characterized

by unprecedented data rates, low latency, and support for a vast ecosystem of Internet of

Things (IoT) devices. This evolution in communication technology enables new and complex

applications, including real-time analytics, smart city management, autonomous vehicles, and

remote healthcare services (Li et al. (2022b); Li, Zheng, Xiao & Wang (2023b); Chen, Wang,

Wang, Li & Ren (2023)). The infrastructure of 5G networks is designed to accommodate

these high demands, but it also introduces significant challenges related to data complexity,

volume, and heterogeneity. Managing this data efficiently is critical, particularly with respect

to quality, continuity, and accuracy, since reliable information is essential for optimizing

network performance and resource allocation. Given the complexity and heterogeneity of

5G traffic, machine learning (ML) has become an indispensable tool for understanding traffic

behavior, predicting network demand, detecting anomalies, and optimizing resource allocation

(Fourati, Maaloul & Chaari (2021)). However, ML models require large-scale, complete, and

representative datasets for training and evaluation. In practice, real-world 5G datasets are scarce

due to privacy regulations, proprietary restrictions, and infrastructure limitations. To overcome

this limitation, this work leverages urban mobility datasets as a proxy for 5G traffic, motivated

by the fact that their temporal dynamics, periodicity, and statistical properties closely resemble

those observed in real 5G network traffic. These datasets allow us to simulate realistic network

dynamics and evaluate models where direct access to extensive 5G traces is not feasible.

When working with urban mobility datasets, the challenge of missing data emerges. These

datasets often suffer from missing observations caused by sensor failures, device malfunctions,

intermittent connectivity, or collection errors (Miao, Wu, Chen, Gao & Yin (2023)). For

example, in Montreal urban traffic dataset1, more than 50% of the collected data is missing due

1 Traffic and Pedestrian Counting Dataset of Montreal City : https://donnees.montreal.ca/dataset/

comptage-vehicules-pietons.
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to sensor outages and communication failures. These gaps present a critical issue for time-series

analysis, where each observation typically depends on previous values to capture meaningful

trends and seasonal patterns. Missing data disrupts these dependencies, making it difficult for

predictive models to deliver accurate results. For example, in network management and traffic

forecasting, missing data can lead to inaccurate predictions of network load, inefficient resource

allocation, and degraded service quality, especially under high-demand conditions.

Traditionally, missing data in time series has been handled using techniques such as listwise

deletion or simple imputation methods like forward and backward filling (Saad, Chaudhary,

Karray & Gaudet (2020)). While these approaches are straightforward and computationally

efficient, they often fail to capture the complex temporal structures, periodicity, and burstiness

that characterize modern network and mobility datasets. More advanced imputation strategies

(Bandara, Bergmeir & Hewamalage (2021)), including statistical models and machine learning

algorithms, provide improvements by leveraging hidden patterns within the data to generate

better estimates. Nevertheless, these methods also have limitations, especially when dealing

with long or sequential gaps where retaining the underlying seasonal and trend-based patterns is

essential for accurate reconstruction.

In addition to the problem of missing data, another significant challenge in 5G traffic analysis is

the generation of realistic synthetic data. Since access to large-scale, high-quality 5G datasets

is limited, synthetic traffic generation seeks to produce artificial pattern that maintain the

statistical, temporal, and structural properties of real-world traffic while bypassing privacy and

accessibility issues. However, existing generative approaches such as GANs, VAEs (Yin, Lin,

Jin, Fanti & Sekar (2022); Xu et al. (2022)), and diffusion-based models, while widely used,

tend to be less effective when applied to 5G traffic modeling. A key limitation of these models

is their dependence on extensive volumes of training data to learn complex traffic patterns

reliably. This requirement is often incompatible with the nature of 5G datasets, which are
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typically scarce, noisy, or restricted due to privacy and regulatory constraints. As a result, there

is growing interest in exploring alternative methods that can better accommodate the limitations

of real-world 5G datasets while still capturing essential traffic characteristics.

This thesis addresses these challenges by employing an effective consecutive filling strategy to

handle missing data, ensuring temporal consistency in reconstructed time series. Furthermore,

alternative evaluation metrics are introduced to evaluate the quality of imputed data when ground

truth is unavailable, which is often the case in real-world datasets. As a result, conventional

metrics such as Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) are

insufficient for a comprehensive evaluation. To overcome this limitation, this work explores

statistical measures, enabling a more robust evaluation of imputation performance. After

validation, the reconstructed urban datasets are transformed into preliminary 5G traffic traces,

providing a structured foundation for further modeling and analysis. Building on this foundation,

the thesis presents a Maximum Entropy Principle (MEP)-based traffic generation framework

that encodes empirically observed constraints to generate realistic synthetic 5G traffic while

accurately capturing temporal dynamics and distributional properties of real-world observations.

This manuscript-based thesis is structured into four chapters. Most chapters consist of published

articles or papers in refereed scientific journals or conferences. The contents of each chapter

is almost the same as that of the published paper, with minor modifications for consistency of

notation throughout the thesis. Therefore, an overlap could not be avoided. Although each

chapter may be read independently, it is recommended to read the thesis sequentially.

The first chapter provides an introduction to traffic generation and an overview of existing

imputation techniques, along with the motivation, problem statement, and contributions of

this work. Chapter 2 presents the design and validation of two no–ground-truth evaluation

metrics—the Wasserstein distance and the Jensen–Shannon divergence—for assessing time-

series imputation, together with a comparative study on two real world datasets. Chapter 3
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describes an iterative gap-filling approach and a broader benchmark that includes TimeGPT in

addition to ARIMA, SARIMA, XGBoost, and LSTM, and introduces three validation metrics.

It also reports a real-world case study on the Montreal dataset. Chapter 4 presents a Maximum-

Entropy–based traffic generation framework that encodes empirical constraints and details its

optimization strategy.



CHAPTER 1

GENERAL CONTEXT OF THE PROJECT

1.1 Introduction

This chapter provides the general context of the project and introduces the key concepts related

to 5G traffic analysis. It begins with an overview of 5G traffic generation, highlighting the

different service categories and discussing how they contribute to heterogeneous and dynamic

traffic patterns. It then examines the issue of missing data in time series, exploring common

causes, traditional imputation techniques, and recent deep learning-based approaches, along

with their limitations. Next, the chapter presents the motivation and problem statement, focusing

on the challenges posed by incomplete datasets, traffic variability, and the growing need for

realistic synthetic data in modern 5G environments. Finally, the objectives and contributions of

this work are introduced, summarizing the solutions proposed to address these challenges.

1.2 Overview of 5G Traffic Generation

The evolution of 5G networks introduces a new generation of mobile infrastructure that

supports a broad spectrum of service categories. These include enhanced Mobile Broadband

(eMBB), massive Machine-Type Communications (mMTC), and Ultra-Reliable Low-Latency

Communications (URLLC), each exhibiting unique traffic profiles and usage dynamics. Unlike

earlier generations, where traffic behavior was relatively uniform, modern mobile networks must

now support highly heterogeneous traffic flows (Li et al. (2022b); Chen et al. (2023)). This

multifaceted nature of 5G has introduced new challenges in modeling, simulating, and managing

network traffic.

Traditional traffic models, which typically relied on simplified statistical assumptions or average-

case approximations, fall short in capturing the temporal granularity and spatial heterogeneity

now characteristic of 5G-enabled applications (Ding, Schober & Poor (2021); Jin et al. (2022)).

These approaches often assumed stationarity and homogeneity across users and services, thereby
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limiting their effectiveness in reproducing the dynamic, bursty, and highly context-dependent

traffic patterns seen in modern networks. As network conditions become more variable and

application demands more diverse, there is an urgent need for advanced modeling techniques

capable of representing realistic user behaviors and service-specific requirements.

To address these complexities, recent research has shifted towards data-driven traffic generation

that leverages large-scale empirical datasets collected from operational mobile networks (Lu,

Zhang, Li, Jiang & Abbas (2021)). However, a major limitation of these approaches is the

scarcity of publicly available large-scale mobile network datasets. In many cases, real-world

traces are proprietary or restricted due to privacy and regulatory constraints, which makes

comprehensive data difficult to obtain. As a result, existing works are often trained on limited

datasets that fail to capture long-term temporal patterns and the full variability of real network

dynamics. These real-world datasets, when available, do offer valuable spatiotemporal insights

into mobile usage behavior and network load variations. By analyzing these patterns, researchers

are able to construct generative models that produce synthetic traffic reflecting the nuanced

statistical structure of actual usage. Recent efforts employ deep learning methods such as

Generative Adversarial Network (GAN), Variational Autoencoder (VAE), and diffusion models

to learn these pattern, enabling the simulation of traffic traces that exhibit realistic variations in

time, volume, and location (Yin et al. (2022); Xu et al. (2022)). In a related direction, (Ziazet,

Jaumard, Duong, Khoshabi & Janulewicz (2022)) proposed a dynamic traffic generator that

utilizes open urban mobility datasets from the City of Montreal to construct synthetic 5G traffic

traces. By transforming vehicular and pedestrian counts into multiple classes of 5G network

slices, their work demonstrated the potential of leveraging large-scale urban data to capture

realistic temporal dynamics and peak-hour variations observed in 5G usage.

Nevertheless, such generative models still face limitations. For instance, capturing the multi-scale

periodicity of real-world traffic (e.g., hourly surges, daily cycles, or weekend shifts) remains

a persistent challenge (Zhang (2023); Li, Braud, Li & Hui (2021)). Moreover, the spatial

structure of urban environments shaped by factors such transportation networks, and base

station placement, often leads to regional correlations in traffic that are inadequately represented
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in purely neural architectures (Gong, Jia & Li (2022)). Beyond these technical limitations,

accessibility to high-quality traffic data is constrained by privacy regulations and infrastructure

variability, further complicating model training and validation.

1.3 Data Filling in Time Series

Real-world datasets often suffer from substantial amounts of missing data caused by various

factors, including sensor malfunctions, GPS inaccuracies, device failures, and data collection

errors. These gaps are particularly prevalent in measurements collected through distributed

sensing infrastructures, where data acquisition relies on multiple heterogeneous sources with

varying levels of reliability. In large-scale monitoring systems, such as those used for traffic

analysis and mobility tracking, missing data can occur intermittently or persist over extended

periods due to network outages, hardware limitations, or communication delays. The presence

of missing values compromises the integrity of time series data, distorts temporal patterns,

and introduces substantial challenges for downstream tasks such as traffic forecasting, anomaly

detection, and synthetic data generation ( Pratama, Permanasari, Ardiyanto & Indrayani (2016);

Song & Szafir (2019)).

Although traditional imputation techniques such as forward/backward filling, linear interpolation,

and statistical models like ARIMA and SARIMA offer computational simplicity, they struggle

to recover the complex, non-stationary patterns found in 5G traffic (Saad et al. (2020)). These

methods often fail to model bursty or multi-modal behaviors and tend to oversimplify underlying

temporal dependencies. As a result, imputed values may introduce systematic biases, particularly

in scenarios with high variability or dense service-layer activity.

To improve imputation accuracy, several deep learning-based models have been proposed,

including LSTMs, MLPs, and Transformers (Che, Purushotham, Cho, Sontag & Liu (2018)).

These models can learn intricate time-dependent structures and offer more accurate estimations

under challenging conditions. However, they also come with limitations: they are typically
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data-hungry, sensitive to hyperparameters, and often operate as black-box systems, which reduces

their interpretability.

A particularly difficult aspect of real-world time series imputation lies in the absence of ground

truth. Since the true values corresponding to missing intervals are rarely available, evaluating

the performance of imputation models in practice is particularly challenging. Most existing

studies simulate missing data by artificially removing known values to construct benchmark

scenarios; however, this strategy fails because, in real-world datasets, the actual missing values

are unknown and cannot be used to validate the imputation. Even if artificially removed gaps

are made irregular, this does not replicate the real challenge, which lies in evaluating imputation

quality when no ground truth exists. As a result, such benchmarks cannot fully represent the

structural dependencies and uncertainty associated with real-world missing data (Saad et al.

(2020)).

1.4 Motivation and Problem Statement

One of the major challenges in 5G traffic prediction is the lack of realistic, large-scale datasets

spanning long time periods. Due to privacy concerns, proprietary restrictions, and infrastructure

limitations, publicly available datasets that fully capture the dynamics of mobile networks are

extremely scarce. To address this limitation, this work relies on urban mobility datasets as a

proxy for 5G traffic, motivated by their similar temporal dynamics and statistical properties.

However, these datasets introduce a critical challenge: they often contain significant amounts

of missing data caused by sensor failures, GPS inaccuracies, connectivity issues, and data

collection errors.

Handling these missing values is essential before generating realistic datasets for 5G traffic

modeling. Gaps in the data distort temporal dependencies, bias statistical distributions, and

compromise the performance of downstream tasks such as traffic forecasting, anomaly detection,

and network optimization. Existing imputation techniques remain impractical, as they are

often evaluated using ground truth data and fail to capture the non-stationary, highly variable,
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and periodic nature of traffic data. On the other hand, deep learning-based approaches,

while potentially more accurate, require extensive amounts of training data and often lack

interpretability, making them unsuitable in scenarios where datasets are sparse or fragmented.

The challenge becomes even greater when the missing intervals are long or irregular, making it

difficult to reconstruct the underlying patterns faithfully. Once the missing data is addressed, the

goal is to generate a realistic and statistically consistent 5G traffic dataset. Since no large-scale

real-world traces are publicly available, producing such datasets is essential for developing

and evaluating forecasting models, anomaly detection techniques, and network optimization

strategies.

In summary, this study focuses on two interconnected research problems in 5G traffic generation.

The first concerns the challenge of reconstructing incomplete urban datasets in the presence of

irregular and long-term gaps, where existing imputation methods are inadequate and reliable

evaluation is difficult due to the absence of ground truth. The second concerns the difficulty

of generating realistic synthetic datasets when no comprehensive 5G traffic traces exist and

current generative techniques fail to capture the temporal dynamics and distributional structure

of real traffic. These challenges must be addressed to enable more accurate traffic analysis,

support effective forecasting, and improve the evaluation of next-generation mobile network

performance.

1.5 Objectives and Contributions

The primary objective of this study is to generate large-scale and realistic 5G traffic datasets that

can support advanced analytics, machine learning models, and network performance evaluation.

Achieving this goal requires addressing two subobjectives.

The first subobjective is to handle missing data in urban mobility datasets used as a proxy for

5G traffic. Since these datasets often contain incomplete observations due to sensor failures,

GPS inaccuracies, or data collection errors, it is essential to reconstruct reliable and continuous

time series while preserving temporal dependencies and structural patterns. To enable a reliable
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assessment of imputation quality, we also propose three novel evaluation metrics that measure

the consistency between imputed values and observed data distributions. These metrics provide

a robust alternative to traditional error-based measures, such as RMSE and MAE, and allow for

accurate evaluation even when ground truth values are unavailable.

The second subobjective is to propose a data-driven approach for generating realistic synthetic

traffic based on the Maximum Entropy Principle (MEP). The aim is to create synthetic datasets

that reproduce the temporal dynamics and statistical properties of real-world traffic, enabling

more accurate forecasting, anomaly detection, and resource optimization in mobile networks.

Together, these contributions establish a comprehensive foundation for improving traffic analysis,

forecasting, and performance evaluation in next-generation mobile networks.

1.6 Conclusion

This chapter provided an overview of the general context surrounding 5G traffic generation and

highlighted the growing complexity introduced by modern mobile environments. We examined

the challenges posed by heterogeneous traffic patterns, high data variability, and incomplete

measurements, which significantly affect forecasting accuracy, anomaly detection, and network

performance evaluation. By establishing this context, the chapter sets the foundation for the

subsequent sections, where we explore noval methodologies for addressing these challenges.

The following chapters will introduce data-driven techniques for handling missing values and

generating realistic synthetic traffic, aiming to improve the accuracy, reliability, and adaptability

of 5G traffic modeling.
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2.1 Introduction

As data traffic and application demands surge with the deployment of 5G networks, communication

systems face unprecedented challenges in complexity. Applications like real-time video streaming,

autonomous vehicles, and IoT devices require high data throughput, ultra-low latency, and

reliable, adaptive resource management. To meet these demands, machine learning (machine-

learning (ML)) and deep learning (DL) techniques have become indispensable for optimizing

network performance. These models enable adaptive traffic forecasting, real-time bandwidth

allocation, efficient energy management, and proactive congestion control, which identifies and

mitigates network bottlenecks to prevent performance degradation Jaumard & Ziazet (2023);

Sarkar & Debnath (2021). However, the accuracy of these ML-driven optimizations depends

heavily on high-quality, complete data—an ideal that is often unattainable, as real-world datasets

are typically riddled with missing values or inconsistencies. Consequently, effective data filling

strategies are essential to ensure that ML models function reliably and unlock the full potential

of 5G network capabilities. While imputation might seem similar to prediction, it differs in the
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availability of ground truth. Prediction forecasts future values using observed data, whereas

imputation reconstructs missing values without access to ground truth.

In practice, 5G network datasets, such as performance measurement counters, frequently contain

missing values due to factors like system failures, storage constraints, and synchronization issues

within the network’s data collection infrastructure Miao et al. (2023). These data gaps can

undermine the accuracy of ML models used for network management tasks, such as traffic

forecasting and resource allocation, thereby impacting overall network performance. Traditional

imputation methods, such as deletion or simple filling techniques, often fall short because they do

not account for the dependencies and correlations among metrics in 5G network data. Advanced

ML-based imputation methods offer more accurate results by modeling these relationships;

however, they introduce a new challenge: the need for reliable validation mechanisms to ensure

that imputed values faithfully represent the missing data. Existing imputation methods typically

assume access to ground truth data to validate their performance, but in data-filling tasks, this

original data is inherently missing. Without ground truth, assessing the accuracy of imputed

values becomes challenging, highlighting the need for alternative metrics to evaluate model

performance effectively.

This chapter explores the use of statistical tools as validation metrics for evaluating imputation

performance. These tools measure differences or distances between distributions, a common

approach in synthetic data evaluation. By comparing distributional differences between imputed

data and the original data, they provide a practical method for assessing imputation accuracy

without relying on ground truth. To validate the proposed metrics, we apply them to complete

datasets that share characteristics with incomplete 5G network data.

The remainder of this chapter is organized as follows. Section 2.2 describes related works.

Section 2.3 presents the proposed metrics. Section 2.4 illustrates the datasets and the validation

methodology. Section 2.5 discusses the experimental settings and results, and Section 2.6

concludes the chapter and provides future research directions.
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2.2 Related Works

The quality and completeness of datasets are essential for effective analysis, especially in time

series applications where missing values can obscure key patterns, such as seasonality, and

reduce predictive accuracy. Seasonality, characterized by periodic fluctuations over time (e.g.,

daily or weekly patterns), can critically impact model performance by introducing systematic

variations that imputation methods must account for. However, many imputation methods do

not incorporate seasonality, relying only on remaining observed data, which simplifies modeling

but reduces accuracy.

For small gaps, basic interpolation methods are commonly used, fitting smooth curves between

known data points to estimate missing values. While simple, these methods fail to capture

temporal dependencies and can lead to biased results. Other approaches include single-

imputation techniques, such as Hot Deck, Cold Deck, and expectation maximization (EM),

which replace each missing value with a single estimate but may not reduce bias effectively

Donders, van der Heijden, Stijnen & Moons (2006). In contrast, multiple imputation (MI)

techniques offer advantages by providing information on how missing data impacts parameter

estimates Donders et al. (2006). Advanced methods, such as regression-based imputation, self

organizing maps (SOM) Junninen, Niska, Tuppurainen, Ruuskanen & Kolehmainen (2004), and

K-nearest neighbors (KNN), have proven more effective, particularly in datasets where temporal

relationships are significant. KNN, for instance, fills missing values by identifying the k-closest

patterns around the missing data point, utilizing local similarity to improve imputation accuracy

Tarsitano & Falcone (2011).

Incorporating seasonality into imputation methods can markedly improve accuracy. Techniques

such as seasonal adjustment with Kalman filters and linear interpolation on seasonally

decomposed data, available in tools like the forecast and zoo R-packages, have proven useful

Moritz, Sardá-Espinosa, Bartz-Beielstein, Zaefferer & Stork (2015). Additionally, seasonal

auto regressive integrated moving average (SARIMA) has been applied to seasonal time

series, although it struggles with consecutive missing values Sutiene, Vilutis & Sandonavicius
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(2011). More advanced approaches include neural network-based methods, such as multi-

layer perceptron (MLP) Wijesekara & Liyanage (2023) and long short-term memory (LSTM)

networks, as well as hybrid neural models Bandara et al. (2021). Pattern-based methods, like the

top-k case matching (TKCM) algorithm, have also been used to handle missing data Wellenzohn,

Böhlen, Dignös, Gamper & Mitterer (2017). However, many of these methods are limited to

single-seasonal patterns and are not well-suited for multiple seasonalities.

All imputation validation approaches rely on ground truth data to evaluate accuracy. Typically,

studies create artificial gaps in complete datasets, then fill these gaps and compare the imputed

values to the known originals. This approach enables traditional metrics like RMSE and MAE

to measure a model’s ability to accurately reconstruct missing data. However, this validation

strategy assumes that ground truth data is available—an assumption that often does not hold in

real-world applications, especially in dynamic environments such as 5G networks.

This chapter addresses this gap by introducing two statistical metrics to evaluate imputation

methods without relying on ground truth. These metrics assess how closely the distributions

of imputed data align with those of the original data, providing a way to evaluate imputation

effectiveness based on internal structure and data consistency. By adapting these metrics, we

offer a set of tools that complements existing validation approaches and extends evaluation

capabilities to real-world applications where complete datasets are not available.

2.3 Proposed Data Filling Validation Metrics

To validate the performance of data imputation methods in the absence of ground truth, we

propose two statistical metrics, namely the wasserstein distance (WD) and the jensen-shannon

divergence (JSD), as described in this section, to measure distributional similarity. These

metrics, originally used for synthetic data validation Stenger, Leppich, Foster, Kounev & Bauer

(2024), allow us to evaluate how closely the imputed data match the pre-gap distribution. Table

2.1 provides a summary of the no ground truth and traditional ground truth metrics considered

in this work.
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Table 2.1 Comparison of no ground truth and ground truth metrics

Metric type No ground truth metrics Ground truth metrics

Metrics Wasserstein distance (WD),

Jensen-Shannon divergence

(JSD)

Root mean squared error

(RMSE), Mean absolute error

(MAE)

Ground truth
requirement

Not required, uses pre-gap data

as reference

Requires actual ground truth

values for accuracy assessment

Evaluation
principle

Evaluates distributional and

structural alignment between

imputed and pre-gap data

Measures direct error by

comparing imputed values to

true values

Interpretation Lower values indicate better

alignment with original data

distribution

Lower values indicate more

accurate gap filling compared to

true values

2.3.1 Wasserstein Distance

The WD, also known as the earth mover’s distance, measures the dissimilarity between two

probability distributions by calculating the minimum effort required to transform one distribution

into another Villani (2009). Formally, the 𝑊 (𝑃,𝑄) between two distributions 𝑃 and 𝑄 over a

metric space X is defined as:

𝑊 (𝑃,𝑄) = inf
𝛾∈Γ(𝑃,𝑄)

∫
X×X

‖𝑥 − 𝑦‖ 𝑑𝛾(𝑥, 𝑦), (2.1)

where Γ(𝑃,𝑄) represents the set of all possible joint distributions (or couplings) 𝛾 with marginals

𝑃 and 𝑄. In this context, ‖𝑥 − 𝑦‖ quantifies the distance between points 𝑥 and 𝑦 in the space X.

The WD gives the minimum “cost” required to "move" probability mass from the distribution

𝑃 to match distribution 𝑄, with “cost” referring to the product between the probability mass

and the distance it must be moved. This metric is particularly suitable for evaluating imputed

data without ground truth because it directly compares the distribution of pre-gap values with

that of the imputed values. A smaller WD means that the imputed data closely aligns with the
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patterns of the pre-gap values, showing that the imputation method maintains the original data

characteristics well Stenger et al. (2024).

2.3.2 Jensen-Shannon Divergence

The Jensen-Shannon Divergence is a statistical measure for quantifying the similarity between

two probability distributions Stenger et al. (2024). It is based on the kullback-leibler (KL)

divergence, which measures the divergence of one probability distribution 𝑃 from a reference

distribution 𝑄. However, KL divergence presents two limitations that make it unsuitable

for evaluating imputation techniques. Firstly, KL divergence is asymmetric, meaning that

𝐷𝐾𝐿 (𝑃‖𝑄) ≠ 𝐷𝐾𝐿 (𝑄‖𝑃), which can lead to biased comparisons depending on the order in

which the distributions are considered. Second, KL divergence can yield infinite values if there

are points in the support of 𝑃 that have zero probability in 𝑄. This sensitivity to non-overlapping

supports can lead to instability, producing values that are disproportionately large or undefined,

even when the distributions are similar in other regions. Such behavior makes KL divergence

unreliable for assessing the similarity between pre-gap and imputed distributions. Unlike the

KL divergence, JSD is symmetric, making it more robust for comparing distributions. The JSD

between distributions 𝑃 and 𝑄 is defined as:

𝐽𝑆(𝑃‖𝑄) = 1

2
𝐷𝐾𝐿 (𝑃‖𝑀) + 1

2
𝐷𝐾𝐿 (𝑄‖𝑀), (2.2)

where 𝑀 = 1
2
(𝑃 + 𝑄) represents the average distribution, and 𝐷𝐾𝐿 is the KL divergence. A

JSD close to 0 indicates high similarity between distributions, signifying that the synthetic data

closely replicates the real data’s statistical properties.

2.4 Metrics Validation Methodology

This section outlines our approach for validating the proposed no ground truth metrics to ensure

their suitability for evaluating imputation quality.
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2.4.1 Validation Methodology

To ensure our approach is both effective and reliable, we introduce a validation process for the

proposed metrics. By validating these metrics, we aim to confirm that, in the absence of ground

truth data, they accurately reflect the performance of different imputation methods and can be

considered a reliable alternative to traditional validation metrics.

The methodology begins by validating the proposed no ground truth metrics using two complete

datasets. To simulate real-world scenarios, we artificially create N gaps of different lengths at

random positions within the datasets. This approach allows us to compare the gap-filled values

with the true held-out observations as well as analyze and compare the performance of different

gap-filling methods using both ground truth and the no ground truth metrics. The gaps are

filled using three different imputation methods: an interpolation-based approach, a ML-based

approach, and a DL-based approach.

After filling the gaps with each method, we evaluate the accuracy of the proposed metrics by

calculating and comparing them with traditional metrics, namely the RMSE and MAE, which

use the original data as ground truth. For ground truth-based metrics, we compare the gap-filled

values directly to the true observations. In contrast, for the proposed metrics, we use pre-gap

values as a reference. The reason behind this is that we do not have ground truth data in practice,

and as shown in Figure 3.2, when considering the same gap size, the distribution of pre-gap

values closely matches that of the true values. This similarity in distribution ensures that the

pre-gap segment serves as an appropriate proxy for evaluating how well the gap-filled data aligns

with the original data distribution, without needing access to true values. This approach enables

us to evaluate whether the statistical metrics can effectively measure how well the gap-filled data

aligns with the general data distribution, without requiring the ground truth.

By demonstrating that the results from both types of metrics are closely aligned, we establish

that the no ground truth metrics can serve as reliable alternatives for traditional metrics.
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Figure 2.1 Distribution of the pre-gap and actual values

2.4.2 Description of the Datasets

We considered two datasets to validate the proposed metrics. These datasets consist of seasonal

time series data, capturing vehicle counts across various transportation modes. Since the datasets

are relatively complete, they are well-suited for validating the proposed metrics against ground

truth based metrics.

2.4.2.1 Telraam Dataset

This dataset tracks the movement of pedestrians, cyclists, cars, and heavy vehicles every hour

during the day period. Although Telraam gathers data from various cities, we selected Brussels

for its diverse traffic patterns, also due to low missing rate in this particular intersection. Data

are collected with cameras installed as part of the Telraam device 1 recording data from October

1 Traffic Count Data : https://telraam.net/
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2021 to January 2024. Data can be accessed in real-time via the Telraam API. The missing rate

in this dataset is under 1% over all the captured period.

2.4.2.2 Madrid Dataset

This dataset provides historical and real-time traffic data in the city of Madrid with a frequency

of 15 min 2. The data is recorded from July 2013 to October 2024 with a missing data of 0%.

The dataset captures the intensity of car traffic across different segments.

2.5 Numerical Results

In this section, we demonstrate that gap-filling approaches can be effectively evaluated using both

ground truth and no ground truth metrics. By comparing gap-filled values to true observations

and pre-gap values, we evaluate the consistency of these metrics.

2.5.1 Experimental Setup

In this study, we optimized different imputation models to accurately fill missing values in time

series data. This section details the training set, model optimization techniques, and feature

selection used across different imputation methods.

2.5.1.1 Interpolation-Based Imputation

Polynomial interpolation is applied directly to the available hourly data to estimate missing

values. This method fits a flexible curve through known data points, ensuring continuity in the

imputed data.

2 City of Madrid : https://datos.madrid.es/portal/
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2.5.1.2 ARIMA-Based Imputation

The auto regressive integrated moving average (ARIMA) model addresses missing values by

modeling both autoregressive (AR) and moving average (MA) components, capturing trends

and autocorrelations in data. For both datasets, ARIMA is trained on six weeks of data. Using

the auto_arima function, the parameters 𝑝, 𝑑, and 𝑞 are optimized automatically to represent

the autoregressive, differencing, and moving average components of the model.

2.5.1.3 SARIMA-Based Imputation

The SARIMA model extends ARIMA by including seasonal terms to capture periodic patterns

in data. SARIMA followed the same training durations as ARIMA, with six weeks for both

datasets, incorporating seasonal terms. The auto_arima function optimizes parameters 𝑝,

𝑑, and 𝑞 for non-seasonal components, as well as 𝑃, 𝐷, 𝑄, and 𝑠 for seasonal terms, with 𝑠

representing the seasonal frequency.

2.5.1.4 XGBoost-Based Imputation

XGBoost is an advanced boosting algorithm combining multiple weak learners to improve

prediction accuracy iteratively. The model is trained on two years of data for the Madrid

dataset and one year for the Telraam dataset. Additionally, we optimize four hyperparameters

using GridSearch, including max_depth, learning_rate, n_estimators, and subsample,

to enhance model accuracy and prevent overfitting. To capture complex temporal patterns,

XGBoost uses time-based features namely simple moving average (SMA), exponentially weighted

moving average (EWMA) and hour of day.

2.5.1.5 LSTM-Based Imputation

LSTM networks, a type of recurrent neural network (RNN) optimized for sequence prediction,

are used to address missing values in time series data. LSTM is trained on two years of data for

the Madrid dataset and one year for the Telraam dataset, with look-back periods of 20 hours for
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Madrid and 7 hours for Telraam. Hyperparameters including, number of units in the hidden

layers, dropout rate, learning rate, and batch size are optimized using GridSearch to

allow LSTM to capture temporal dependencies effectively. The LSTM model also incorporates

previously mentioned time-based features used in XGBoost.

2.5.2 Results and Discussion

In the following section, we present the performance of data filling methods using the proposed

no ground truth and ground truth metrics. The models are applied to fill 100 distinct artificial

gaps with lengths ranging from 2 to 48 hours. The results are then averaged over these gaps.

Figure 2.2 (a) Average Jensen-Shannon divergence and (b) Wasserstein distance for

different gap sizes considering the Madrid dataset

As shown in Figures 2.2 and 2.3, the analysis of the Madrid dataset highlights a strong alignment

between the proposed no ground truth metrics and traditional ground truth based metrics. For

instance, both sets of metrics show that the LSTM model outperforms the other methods across

all gap sizes. For example, in the case of a 6-hour gap, LSTM shows the lowest values for

JSD and WD, as well as the smallest average RMSE and MAE. This similarity between the no

ground truth and ground truth metrics suggests that JSD and WD can accurately capture the

distributional consistency of the imputed values with pre gap data. Additionally, the XGBoost

model also performs well in the Madrid dataset, showing a strong alignment between proposed
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and traditional metrics, further reinforcing that JSD and WD can provide insights comparable to

RMSE and MAE in evaluating model effectiveness.

In contrast, Interpolation and ARIMA show significantly higher JSD and WD values, especially

as gap sizes increase. This trend mirrors the increases in RMSE and MAE for these models,

underscoring their limitations in preserving the original data pattern over longer gaps. These

observations validate that JSD and WD can highlight deviations in model performance, capturing

the same limitations as RMSE and MAE without needing ground truth data. Furthermore, the

SARIMA model performs moderately well, with lower deviations than ARIMA and interpolation

in both JSD and WD. SARIMA demonstrates a balanced capability to retain seasonal patterns

and trends in shorter gaps, although it underperforms compared to LSTM and XGBoost for

larger gaps. Overall, the close alignment between the proposed no ground truth and traditional

error metrics across all gap sizes and different models confirms that the proposed no ground

truth metrics can reflect model performance. The strong performance of LSTM and XGBoost

underscore the performance of these models. In contrast, the higher JSD and WD values for

Interpolation and ARIMA highlight their limitations, further validating the use of the proposed

metrics as reliable performance metrics even in the absence of ground truth.

Figure 2.3 Results of MAE and RMSE for Madrid dataset
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For the Telraam dataset, we apply the same gap-filling methods and evaluate them using the

proposed no ground truth and ground truth based metrics, as illustrated in Figures 2.4 and 2.5.

Across all gap sizes, XGBoost consistently shows the lowest JSD and WD values, which indicates

that it closely maintains the original data’s distribution, even for longer gaps. Furthermore,

Figure 2.4 (a) Average Jensen-Shannon divergence and (b) Wasserstein distance for

different gap sizes considering the Telram dataset

traditional ground truth based metrics also confirm XGBoost’s superior performance, particularly

for larger gaps, where it sustains low error rates compared to other models. In contrast, the

LSTM model also performs well on the Telraam dataset but shows higher JSD and WD values

than XGBoost. While LSTM achieves comparable performance for shorter gaps, this divergence

may be due to the limited size of the training set, which affects LSTM’s ability to generalize

over larger gaps and makes it more sensitive to certain underlying patterns in the Telraam

dataset. Similarly, as with the Madrid dataset, Interpolation and ARIMA display significant

limitations for the Telraam data. Interpolation, in particular, shows notable increases in both

proposed no ground truth and ground truth based metrics with growing gap sizes, indicating that

it diverges from the original distribution. For instance, in the case of a 40-hour gap, interpolation

results in a high JSD and RMSE, which suggests that it fails to preserve the data’s distributional

characteristics effectively. ARIMA demonstrates a similar trend with increasing JSD and WD

for larger gaps, although it maintains slightly better stability than interpolation. Additionally,

the SARIMA model shows moderate performance, achieving lower JSD and WD values than

ARIMA and interpolation, though it still falls behind XGBoost and LSTM. However, for larger
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gaps, SARIMA presents a higher divergence from the original data distribution, as seen in the

proposed no ground truth and ground truth based metrics results.

The analysis of both datasets reinforces the capabilities of JSD and WD as reliable no ground

truth metrics for evaluating model performance in the absence of real values. The strong

performance of XGBoost in the Telraam dataset and LSTM in the Madrid dataset highlights the

potential of these models to adapt to dataset-specific characteristics. Meanwhile, the limitations

of Interpolation and ARIMA across both datasets, as evidenced by higher JSD and WD values,

further validate the performance of the proposed metrics in evaluating model quality. This

alignment across models, datasets, and gap sizes underscores the suitability of JSD and WD as

reliable performance metrics, enabling effective evaluation even in the absence of ground truth

data.

Figure 2.5 Results of MAE and RMSE for Telraam dataset

2.6 Conclusion

This chapter introduced WD and JSD as alternative validation metrics for evaluating data

imputation techniques in the absence of ground truth data. By assessing the alignment between
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the distributions of imputed and pre-gap data, these metrics offer a reliable method for evaluating

imputation quality based on statistical consistency rather than direct comparison with known

values. Experimental results with Telraam and Madrid traffic datasets demonstrate that WD and

JSD effectively capture imputation quality, suggesting their potential for broader applications

in environments where ground truth is unavailable. Future work will explore integrating these

metrics with adaptive ML models to further improve robustness and accuracy in complex data

settings.
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3.1 Introduction

In recent years, the proliferation of data-driven solutions has significantly transformed wireless

communication systems, particularly with the emergence of 5G and beyond. ML and DL

techniques are increasingly integrated into communication networks to optimize performance,

improve efficiency, and enable real-time decision-making (see, e.g., Fourati et al. (2021)).

However, training such models requires access to large-scale, high-resolution traffic datasets.

Concurrently, publicly available 5G datasets are extremely scarce, and the existing ones are

typically small due to privacy and proprietary restrictions. One proposed approach to address

this limitation is using semi-realistic urban datasets that replicate user mobility and behavioral

patterns, thus enabling the modeling and generation of synthetic 5G traffic Ziazet et al. (2022).

However, these urban datasets, frequently, suffer from missing values arising from sensor errors

or connectivity issues. Since the corresponding traffic data serve as the foundation for model

training and evaluation, effective handling of missing data is critical to ensure modeling accuracy
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and reliability—particularly for data-driven solutions in communication systems Pratama et al.

(2016); Song & Szafir (2019).

Despite being computationally efficient and simple in implementation, traditional methods, such

as forward or backward filling and linear interpolation, fail to capture temporal dependencies,

seasonality, and trends inherent in complex datasets Saad et al. (2020). Accordingly, these

methods frequently lead to inaccurate imputations, thereby compromising model accuracy and

even overall network performance. While imputation of missing values in time series may

seem similar to prediction, the key distinction lies in the availability of ground truth. Whereas

prediction models focus on forecasting future values based on observable data, imputation

models reconstruct missing values within an existing time series i.e., without access to ground

truth. Recently, inspired by recent advances in ML and DL, more sophisticated imputation

methods for dealing with missing data in time series have been proposed Che et al. (2018). These

models are capable of capturing complex dependencies, making them particularly suitable for

imputation tasks in dynamic and high-dimensional time series. However, a limitation of these

models is that they are typically evaluated and optimized using traditional error metrics Saad

et al. (2020), which rely on the availability of ground truth. Yet, in real-world applications, this

ground truth is often unavailable, making it difficult to evaluate the quality of imputed values.

This highlights the need for alternative validation approaches capable of evaluating accuracy

and consistency of imputed values with observed data.

In this study, we address key challenges in time series data imputation, with a particular focus on

both filling missing values and validating the quality of imputed data without relying on ground

truth. Our contributions include a comparative analysis of different imputation techniques using

an iterative approach that sequentially fills gaps, as well as providing the definition of three novel

validation metrics designed to assess the alignment between imputed and original data. More

specifically, key contributions of the present study can be summarized as follows:

• We present a comparative study of imputation models using an iterative filling methodology

that progressively imputes missing values while preserving temporal and structural characteristics

of the data.



29

• We propose three novel metrics for evaluating imputed values in the absence of ground truth.

By evaluating distributional similarity and structural integrity, these metrics enable robust

evaluation of imputed values.

• We demonstrate the effectiveness of the proposed metrics and imputation methods through

extensive experiments on three distinct datasets.

• We illustrate the applicability of our approach by filling missing values in a real-world dataset

and validating imputation quality using our proposed metrics. Doing so allows us to assess

the reliability of imputed data without ground truth, thereby addressing a critical challenge

in real-world scenarios where complete datasets are often unavailable.

The remainder of this paper is organized as follows. Section 4.3 reviews related work in the field

of time series imputation and its evaluation. In section 4.3.1 describes the imputation models

used for filling missing values in time series data. In section 3.4 presents the iterative imputation

methodology used to enhance robustness in handling multiple consecutive gaps and provide an

overview of the proposed evaluation metrics. In section 3.5 the proposed evaluation metrics

are validated for time series imputation, while Section 3.7 showcases the applications of the

proposed approach to a realistic dataset. Finally, Section 4.5 concludes the work.

3.2 Related Work

Time series data often exhibit trends such as seasonality, which introduces systematic variations

that predictive models should be capable of accounting for to ensure accurate performance.

Missing values in these datasets can affect these trends, making imputation essential to

maintaining data integrity.

Imputation is the process of replacing missing data with substituted values to restore the

completeness of a dataset. An important limitation of traditional imputation methods is that they

focus on using ground truth to estimate missing values, but often fail to account for temporal

dependencies or seasonality, which considerably limits their ability to reconstruct complex

relationships within the data. Overall, imputation techniques can be categorized into single
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and MI Donders et al. (2006). Single-imputation-based techniques, such as Hot Deck, Cold

Deck, and EM-based imputation, replace missing value with a single estimated value. However,

these techniques do not necessarily reduce bias, as they may introduce systematic errors into

the imputed dataset. Conversely, MI-based techniques are more advantageous as they provide

information about the impact of missing data on parameter estimates–namely, mean, variance,

regression coefficient, and standard error Donders et al. (2006). More advanced methods include

regression-based methods, SOM Junninen et al. (2004), and KNN, all of which have been shown

to be more effective. KNN, in particular, fills missing values by considering the 𝑘-closest points

to the missing data point Tarsitano & Falcone (2011). Previous studies also used evolutionary

learning to handle missing values in time series data. This technique employs the bidirectional

forecasting built into automated machine learning (AutoML) to accurately and adaptively fill

gaps Sarafanov, Nikitin & Kalyuzhnaya (2022).

Yet, while these approaches effectively address missing data, imputation can be further

improved by incorporating seasonality. Seasonality reflects recurring patterns that can guide

the reconstruction of missing values. Previously, techniques such as seasonal adjustment

with Kalman filters and decomposition-based imputation applied to seasonal datasets Moritz

et al. (2015). In addition, SARIMA models have also been used to fill gaps in seasonal time

series, though their performance is limited when handling consecutive missing values Sutiene

et al. (2011). Overall, deep learning models like MLP Wijesekara & Liyanage (2023), LSTM

networks, and hybrid neural networks Bandara et al. (2021) are particularly effective in capturing

non-linear dependencies and long-term trends, excelling in reconstructing missing values in

high-dimensional time series data. These methods are particularly effective in reconstructing

missing values in high-dimensional time series data. Moreover, several previous studies used

pattern-based methods that deal with missing data, including the Top-k CaseMatching (TKCM)

algorithm Wellenzohn et al. (2017).

However, despite the progress afforded by imputation techniques, evaluating their performance

remains a major challenge. Most relevant studies artificially create gaps in comprehensive

datasets and evaluate imputation performance using traditional metrics, such as RMSE and
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MAE. These metrics, which largely rely on ground truth, are unsuitable for real-world scenarios

where actual values are unavailable, highlighting the need for new metrics to evaluate imputation

quality without relying on ground truth. To the best of our knowledge, no prior studies on time

series imputation have employed no-ground-truth evaluation metrics to systematically assess

imputation quality. To this end, in the present study, we introduce three metrics to evaluate the

alignment between imputed and observed data distributions. Our approach enables validating

imputed time series by examining their consistency with inherent temporal and structural patterns

in the absence of ground truth. This capability is essential for real-world applications, such as

5G traffic management, where data reliability is critical.

3.3 Gap Filling for Time Series Data

In this section, we provide an overview of the methods used in this study to fill gaps in time series

data. The methods were selected based on their extensive use in time series data, their ability to

capture temporal dependencies, and their practical relevance in handling missing data across

different domains. We include traditional statistical models, such as ARIMA and SARIMA,

a machine learning technique (namely, XGBoost), and deep learning models, such as LSTM

and TimeGPT–a transformer-based approaches. While this study focuses on five representative

methods, this selection aims to span multiple methodological families, including statistical,

machine learning, deep learning, and transformer-based approach. These methods have been

widely used in literature and real-world applications due to their interpretability, availability in

open-source toolkits, and suitability for temporal modeling. Our goal in this paper is to establish

the utility of our evaluation methodology on a tractable yet diverse subset of techniques, without

claiming to exhaustively cover all existing approaches.

3.3.1 ARIMA-based imputation

ARIMA is commonly applied for time series forecasting, capturing trends and autocorrelations

in data Brockwell & Davis (2018). ARIMA can also be used to estimate missing values by

modeling both AR and MA terms Chen, Lin & Zeng (2022). The AR(𝑝) model predicts the
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value 𝑦𝑡 at time 𝑡 based on the 𝑝 most recent observations:

AR(𝑝) : 𝑦𝑡 = 𝜇 +
𝑝∑

𝑖=1

𝜙𝑖𝑦𝑡−𝑖 + 𝜀𝑡, (3.1)

where 𝜇 is the mean of the series, 𝜙𝑖 and 𝑦𝑡−𝑖 are the AR coefficients and lagged values,

respectively, for 𝑖 = 1..𝑝, and 𝜀𝑡 represents random noise.

By contrast, the MA(𝑞) model predicts 𝑦𝑡 based on the 𝑞 most recent forecast errors:

MA(𝑞) : 𝑦𝑡 = 𝜇 +
𝑞∑

𝑖=1

𝜃𝑖𝜀𝑡−𝑖 + 𝜀𝑡, (3.2)

where 𝜃𝑖 is the moving average coefficient and 𝜀𝑡−𝑖 the past error for 𝑖 = 1..𝑝.

The selection of the optimized ARIMA model relies on determining the values of 𝑝 and 𝑞

using a criterion such as the akaike information criterion (AIC) and and bayesian information

criterion (BIC) Chen, Niu, Liu, Jiang & Ma (2018). The performance of ARIMA can be

improved by adjusting parameters such as differencing order, as well as by refining the selection

of AR and MA terms to avoid overfitting or underfitting.

3.3.2 SARIMA-Based Imputation

SARIMA extends ARIMA by incorporating seasonal patterns Hanbanchong & Piromsopa

(2012), making it suitable for imputing missing values in time series data with periodic patterns.

These seasonal terms include seasonal autoregressive (𝐾), seasonal differencing (𝐷), and

seasonal moving average (𝑀) components. The seasonal period (𝑠) defines the length of the

repeating cycle (e.g., 𝑠 = 7 for weekly seasonality). The model is mathematically represented as

shown in Eq. (3) Chen et al. (2018).

𝜙𝑘 (𝐵)Φ𝐾 (𝐵𝑠)𝑅𝑡 = 𝜃𝑚 (𝐵)Θ𝑀 (𝐵𝑠)𝜔𝑡, (3.3)
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where 𝑅𝑡 = (1 − 𝐵)𝛿 (1 − 𝐵𝑠)𝐷𝑟𝑡 is the differenced series, and 𝐵 is the backshift operator such

that 𝐵𝑟𝑡 = 𝑟𝑡−1. The terms 𝑘, 𝛿, 𝑚 represent the non-seasonal autoregressive, differencing, and

moving average orders, respectively, while 𝐾, 𝐷, 𝑀 represent their seasonal equivalents. The

functions 𝜙𝑘 (𝐵) and Φ𝐾 (𝐵𝑠) denote the non-seasonal and seasonal autoregressive components,

respectively, while 𝜃𝑚 (𝐵) and Θ𝑀 (𝐵𝑠) represent the non-seasonal and seasonal moving average

components. The error term 𝜔𝑡 represents random noise. By combining non-seasonal and

seasonal terms, SARIMA effectively fills missing values in time series with recurring patterns.

The effectiveness of SARIMA depends on selecting the appropriate seasonal parameters,

including the seasonal period length and seasonal differencing order, to improve its ability to

model periodic missing values.

3.3.3 XGBoost-Based Imputation

In this study, we applied XGBoost Chen & Guestrin (2016), an advanced boosting algorithm

combining multiple weak learners to iteratively improve prediction accuracy, to fill missing values

in time series data by capturing nonlinear patterns and interactions through gradient-boosted

decision trees. It operates through a process called boosting, where decision trees are built

sequentially. Each new tree is trained to minimize the errors made by the previously constructed

trees. This iterative process enables the algorithm to refine its predictions at each step, ultimately

building a strong predictive model capable of handling complex data patterns. XGBoost uses the

classification and regression tree (CART) model Trendowicz & Jeffery (2014). The objective

function of XGBoost given by Eq. (4) Cherif & Kortebi (2019).

objxgboost =
𝑁∑
𝑖=1

ℓ(𝑣𝑖, 𝑣̂𝑖) +
𝑇∑
𝑗=1

Ω(𝑔 𝑗 ), (3.4)

where 𝑁 is the total number of data points, ℓ(𝑣𝑖, 𝑣̂𝑖) is the loss function measuring the difference

between true value 𝑣𝑖 and predicted value 𝑣̂𝑖, 𝑇 is the total number of trees, and Ω(𝑔 𝑗 ) is the

regularization term that controls complexity of each tree 𝑔 𝑗 , thus helping to prevent overfitting

Cherif & Kortebi (2019). This structure allows XGBoost to capture complex patterns within
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the data. Unlike sequential models like LSTMs, XGBoost relies on feature engineering such

as lags, trends, and seasonality to uncover complex patterns, making it well-suited for filling

missing values in time series data. Optimizing XGBoost involves selecting an appropriate

number of estimators, adjusting the learning rate, and tuning tree depth to balance complexity

and generalization.

3.3.4 LSTM-Based Imputation

LSTM is a type of RNN architecture designed to capture long-term dependencies in sequential

data. LSTM models are used to impute missing time series values by learning long-term

temporal dependencies and nonlinear patterns. Unlike standard RNNs, LSTM addresses the

vanishing gradient problem through the use of a memory cell, which stores important information

over time. The structure of an LSTM unit includes the following three gates: the input gate,

forget gate, and output gate, all of which are essential for updating its state and storing the

information Hochreiter & Schmidhuber (1997). The input gate (𝑖𝑡) is responsible for selecting

which data should be stored for future states, whereas the forget gate ( 𝑓𝑡) decides which data

from the current state should be discarded. Finally, the output gate (𝑜𝑡) controls what data from

the current state are sent to the output. In what follows, we describe the operations of LSTM

Zhang, Chen, Wang & Liu (2019) through forget gate 𝑓𝑡 that identifies the data in the current

state that must be deleted. The forget gate 𝑓𝑡 is given by Eq. (5) Kurri, Raja & Prakasam (2021).

𝑓𝑡 = 𝜎(𝑊𝑓 [ℎ𝑡−1, 𝑧𝑡] + 𝑏 𝑓 ), (3.5)

where 𝑧𝑡 is the input vector at the current time step 𝑡, ℎ𝑡−1 is the hidden state from the previous

time step, 𝑊𝑓 is the weight matrix, and 𝑏 𝑓 is the bias term.

Next, the input gate 𝑖𝑡 is responsible for selecting which data should be stored for future states

and is mathematically represented by Eq. (6) Kurri et al. (2021).

𝑖𝑡 = 𝜎(𝑊𝑖 [ℎ𝑡−1, 𝑧𝑡] + 𝑏𝑖), (3.6)
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where 𝑊𝑖 is the weight matrix and 𝑏𝑖 is the bias term. A candidate cell state 𝑐𝑡 is then computed,

representing new information that could be stored:

𝑐𝑡 = tanh(𝑊𝑐 [ℎ𝑡−1, 𝑧𝑡] + 𝑏𝑐), (3.7)

where 𝑊𝑐 is the weight matrix and 𝑏𝑐 is the bias term.

The new cell state 𝑐𝑡 is updated based on the stored information from the previous state and the

new candidate value:

𝑐𝑡 = 𝑓𝑡 � 𝑐𝑡−1 + 𝑖𝑡 � 𝑐𝑡, (3.8)

where � denotes element-wise multiplication to ensure that only relevant information is combined

and stored in the memory cell during updates, while 𝑐𝑡−1 represents the previous cell state.

The output gate 𝑜𝑡 then determines what part of the current cell state is sent to the output Kurri

et al. (2021):

𝑜𝑡 = 𝜎(𝑊𝑜 [ℎ𝑡−1, 𝑧𝑡] + 𝑏𝑜), (3.9)

where 𝑊𝑜 is the weight matrix and 𝑏𝑜 is the bias term.

Finally, the hidden state ℎ𝑡 is computed as follows:

ℎ𝑡 = 𝑜𝑡 � tanh(𝑐𝑡), (3.10)

where the activation function 𝜎 is the sigmoid function, mapping values to the range [0, 1],
while tanh is the hyperbolic tangent function, mapping values to [−1, 1]. Optimizing LSTM

performance involves adjusting the number of hidden layers to balance model complexity and

prevent overfitting. However, while increasing the depth of the network enables capturing

more complex temporal dependencies, it may lead to longer training times and higher risk

of overfitting. This risk can be mitigated by regularization techniques such as dropout that

randomly deactivate neurons during training, thus improving generalization. In addition, since

smaller batches may introduce more variance in weight updates, while larger batches provide
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smoother gradients at the cost of increased memory usage, selecting an appropriate batch size is

crucial for stabilizing training dynamics and ensuring efficient convergence.

3.3.5 TimeGPT-Based Imputation

TimeGPT is used to impute missing values in time series data by modeling both short- and

long-range dependencies. Its design builds on a transformer-based architecture inspired by Large

Language Models (LLMs) Garza, Challu & Mergenthaler-Canseco (2024). The architecture of

TimeGPT incorporates Positional Encoding (PE), multi-head attention, and Convolutional Neural

Networks (CNNs). These elements, along with residual connections and layer normalization,

enhance the model’s stability during training and accelerate convergence. More specifically, PE

encodes the position of each input feature using sine-cosine positional coding, thus enabling the

model to recognize the sequential structure within the time series data Liu et al. (2023):

PEpos,2𝑖 = sin

(
pos

10000
2𝑖

𝑑model

)
, (3.11)

PEpos,2𝑖+1 = cos

(
pos

10000
2𝑖

𝑑model

)
, (3.12)

where pos denotes the position index, 𝑖 denotes the dimension index, and 𝑑model is the feature

length. With an increase of the position pos, the value of the PE changes, enabling the model to

distinguish features at different positions and better understand the sequential structure of the

input data. Furthermore, the multi-head attention mechanism plays a central role in TimeGPT’s

ability to model both short-term and long-term dependencies. By computing attention scores

across multiple heads in parallel as shown in Eq. (13), the model can simultaneously focus on

different parts of the input sequence Yu et al. (2024):

MultiHead(𝑄, 𝐾,𝑉) = Concat(head1, . . . , headℎ)𝑊𝑂, (3.13)
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where each attention head is defined as follows:

head𝑖 = Attention(𝑄𝑊𝑄
𝑖 , 𝐾𝑊𝐾

𝑖 ,𝑉𝑊𝑉
𝑖 ), (3.14)

Attention(𝑄, 𝐾,𝑉) = softmax

(
𝑄𝐾𝑇

√
𝑑𝑘

)
𝑉, (3.15)

with 𝑄, 𝐾 , and 𝑉 representing the query, key, and value matrices, respectively, while 𝑊𝑄 , 𝑊𝐾 ,

𝑊𝑉 denote their respective learned weights. Additionally, the CNN layers in TimeGPT capture

the latent feature to each position within the time series data. By applying convolution and

pooling operations, the model extracts meaningful features yielding the following:

𝑋conv,out = 𝜎(𝑊conv × 𝑋conv,in + 𝐵conv), (3.16)

where 𝑋conv,out is the output, 𝑋conv,in is the input to the convolution layers, 𝜎 represents the

activation function, 𝑊conv denotes the convolution layer’s weights, and, finally, 𝐵conv represents

the biases.

To further improve training stability and mitigate the vanishing gradient problem, TimeGPT

incorporates residual connections and layer normalization. ln! (ln!) stabilizes the output range

of each sub-layer by performing as shown in Eq. (17) Liao et al. (2025):

𝑋ln =
𝑋sl − 𝜇

𝜎 + 𝜀
· 𝛾 + 𝛽, (3.17)

where 𝑋sl represents the sub-layer output, 𝜇 and 𝜎 denote the mean and standard deviation

of 𝑋sl, 𝛾 and 𝛽 are learnable parameters, and 𝜀 is a small constant to avoid division by zero

errors. Meanwhile, the residual connections prevent gradient degradation by adding the input of

a sub-layer directly to its output as shown in Eq. (18):

𝑋f,out = 𝐹 (𝑋f,in) + 𝑋f,in, (3.18)

where 𝑋f,out and 𝑋f,in denote the output and input of sub-layer 𝐹, respectively.
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TimeGPT is pre-trained on a variety of datasets from various domains, including finance, weather,

and transportation, which enables it to generalize well across different temporal granularities.

By adjusting hyperparameters such as the number of fine-tuning steps and the loss function,

fine-tuning adjusts the pre-trained model to specific tasks, thereby preventing overfitting and

allowing it to process sequences of varying lengths and frequencies. The fine-tuning process is

discussed in further detail in Section. 4.4.3.

3.4 Proposed Missing Data Imputation Approach

In this section, we introduce an iterative imputation approach aimed at improving robustness

and effectively handle multiple consecutive gaps. We also provide an overview of the evaluation

metrics to validate imputed data in the absence of ground truth.

3.4.1 Iterative Filling Approach

In real-world applications, time series datasets frequently suffer from consecutive gaps. These

gaps limit the availability of sufficient data for training ML models, as the absence of surrounding

data points prevents models from learning accurate patterns. For instance, in telecommunication

and 5G networks, missing values frequently occur due to signal loss, hardware failures, or

network disruptions. Such consecutive gaps are particularly challenging in high-frequency data

streams like those in 5G applications, where precise predictions are critical. To address this

issue, iterative imputation sequentially fills missing data, thus enabling models to progressively

use imputed values to reconstruct the dataset and support effective training.

The iterative approach focuses on sequentially filling each gap to incrementally improve data

availability (see in Fig. 3.1). For each gap, imputation methods are applied to estimate the

missing values for the first gap based on the available surrounding data. Once the first gap is

filled, the imputed values are incorporated into the dataset and then treated as if these values

were part of the original data. This filled dataset is then used to predict and fill the next gap. By

iterating this process for all gaps, the dataset is gradually reconstructed. After all gaps are filled,
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Figure 3.1 Iterative approach

the performance of each method is evaluated using appropriate validation metrics, ensuring the

accuracy and reliability of the imputed values.

3.4.2 Evaluation Metrics

Evaluating imputed time series data in the absence of ground truth requires a careful selection of

metrics that can accurately assess data integrity. Since both data imputation and synthetic data

generation aim to create realistic data that maintain statistical properties of the original dataset,

we use the following three metrics commonly applied in synthetic data evaluation: JSD, WD, and

Discriminative score (DS). These metrics are chosen for their relevance in accurately assessing

how closely the imputed data match the original dataset’s statistical properties. Table 3.1

summarizes the definition and relevance of each metric within our context.
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3.4.2.1 Wasserstein Distance (WD)

The WD, also known as the Earth Mover’s Distance Yossi Rubner & Guibas (2000) or the

Monge–Rubinstein metric Cédric Villani (2009), quantifies the distance between two probability

distributions based on the theory of optimal transport. Let Ω ⊂ R
𝑑 be a bounded domain, while

P(Ω) denotes the set of probability measures supported on Ω. Then, for any 𝑃,𝑄 ∈ P(Ω),
the 𝑝-Wasserstein distance is defined by solving the optimal transport problem with the cost

function 𝑐(𝑥, 𝑦) = ‖𝑥 − 𝑦‖𝑝 Soheil Kolouri,Se Rim Park & Rohde (2017):

𝑊𝑝 (𝑃,𝑄) =
(

inf
𝛾∈Γ(𝑃,𝑄)

∫
Ω×Ω

‖𝑥 − 𝑦‖𝑝 𝑑𝛾(𝑥, 𝑦)
)1/𝑝

, (3.19)

where Γ(𝑃,𝑄) is the set of all couplings (joint distributions) with marginals 𝑃 and 𝑄. Metric

𝑊𝑝 defines a true distance on P(Ω) for any 𝑝 ≥ 1, while the corresponding metric space

(P(Ω),𝑊𝑝) is referred to as the 𝑝-Wasserstein space.

In this study, we use the case 𝑝 = 1, where the metric reduces to the classic Earth Mover’s

Distance. For one-dimensional distributions (e.g., time series), the 𝑊1 metric admits a closed-

form solution based on the inverse cumulative distribution functions of 𝑃 and 𝑄, making it

computationally efficient. This metric is particularly well-suited for the evaluation of imputed

data in the absence of ground truth, as it directly compares the distribution of observed pre-gap

values with that of the imputed values. A smaller WD indicates that the imputed data closely

align with the statistical characteristics of the original data, preserving their inherent patterns

and distributions. This alignment demonstrates effectiveness of the imputation method in

maintaining the data’s original characteristics.

3.4.2.2 Jensen-Shannon Divergence

The JSD, is a statistical measure for quantifying the similarity between two probability

distributions Stenger et al. (2024), based on the KL divergence, which measures the divergence

of one probability distribution, 𝑃, from another, 𝑄. Unlike the asymmetric KL divergence, which
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can produce infinite values when probabilities in one distribution are zero, the JSD is symmetric

and always bounded. These properties make the JSD more robust for comparing distributions,

particularly in time series imputation. The symmetry of the JSD ensures that the comparison

between two distributions, 𝑃 and 𝑄, remains unbiased, as the order of the distributions does

not affect the results. Moreover, in cases where 𝑃 or 𝑄 contain zero-probability points, JSD

avoids instability, which makes it a reliable choice for evaluating the similarity between observed

(pre-gap) data and imputed values. The JSD between distributions 𝑃 and 𝑄 is defined as follows:

𝐽𝑆(𝑃‖𝑄) = 1

2
𝐷𝐾𝐿 (𝑃‖𝑀) + 1

2
𝐷𝐾𝐿 (𝑄‖𝑀), (3.20)

where 𝑀 = 1
2
(𝑃 +𝑄) represents the average distribution, and 𝐷𝐾𝐿 is the KL divergence. A JSD

value close to 0 indicates a high similarity between distributions, demonstrating that the imputed

data preserves the statistical characteristics of the original data.

3.4.2.3 Discriminative Score (DS)

The DS evaluates the similarity between real and synthetic data by measuring the performance

of a binary classifier trained to distinguish between them. Every sample from the real dataset

is labeled as real while each sample from the synthetic dataset is labeled as synthetic. These

labeled samples are then combined to form a two class dataset, which is then split into training

and testing sets Stenger et al. (2024).

A simple LSTM network is trained on this two class dataset, learning to classify samples as

either real or synthetic. The accuracy of the LSTM model on the test set serves as the basis for

calculating the discriminative score, defined as the model’s accuracy minus 0.5, yielding the

following:

𝐷𝑆 = Accuracy − 0.5. (3.21)

This score ranges from zero (indicating optimal similarity, where the classifier cannot distinguish

real from synthetic data) to 0.5 (indicating complete distinguishability). A lower discriminative

score suggests that the imputed data closely resemble the real data, thus implying high quality.
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Table 3.1 Proposed evaluation metrics for time series imputation without ground truth

Metric Theoretical Basis Evaluated Feature Relevance Without
Ground Truth

Wasserstein
Distance
(WD)

Defined via the optimal

transport problem with

cost function 𝑐(𝑥, 𝑦) =
‖𝑥 − 𝑦‖𝑝; for 𝑝 =
1, it reduces to the

Earth Mover’s Distance

Cédric Villani (2009);

Soheil Kolouri & Rohde

(2017)

Global distributional

alignment

Evaluates how much the

imputed values deviate

from the distribution of

original values; useful

for the detection of

global distortions

Jensen-
Shannon
Divergence
(JSD)

Evaluates distributional

similarity between two

probability distributions

using a symmetric and

bounded divergence

derived from KL

distance; uses the average

of both distributions as

a reference Stenger et al.
(2024)

Entropy-based

distribution

similarity

Robust to zero

probabilities; quantifies

how well imputed data

retains variability

Discriminative
Score (DS)

Based on the accuracy of

a binary classifier trained

to distinguish real from

imputed data Stenger et al.
(2024)

Structural realism Measures how

indistinguishable

the imputed values are

from real data using a

learned classifier

3.5 Validation of the Proposed Evaluation Metrics

In this section, we validate the proposed metrics to evaluate imputation quality in time series

data. The first describe the methodology, which involves introducing artificial gaps into two

complete datasets to simulate missing data. Traditional metrics are then compared against the

newly proposed metrics, with a particular focus on their ability to assess imputation quality

without ground truth. Next, we show that these metrics demonstrate a strong alignment with the

traditional ones, thus confirming the reliability of the latter.
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3.5.1 Datasets

To validate the proposed methodology, we considered two datasets. The first dataset is obtained

from Telraam 1, a citizen-driven solution designed to collect multimodal traffic data through

an easy-to-use traffic counter. While various datasets from Telraam are available, including

some on Kaggle, we specifically selected one street segment in Brussels for its data quality and

completeness. The second dataset was the Madrid dataset obtained from the open data portal of

the city of Madrid 2 . Both selected datasets are comprehensive and include seasonal time series,

counting the number of vehicles in different transport modes. They are suitable for validating

the proposed metrics against traditional ground-truth-based evaluation metrics.

Brussels Telraam Dataset 1. This dataset tracks the movement of pedestrians, cyclists, cars, and

heavy vehicles every hour during the day period at a single street intersection. We selected

Brussels for its diverse traffic patterns, as well as for its low rate of missing rate in this particular

intersection (below 1% over the entire recorded period). The data were collected with cameras

installed as part of the Telraam device 1 recording data from October 2021 to January 2024.

Madrid Dataset2. This dataset provides historical and real-time traffic data in the city of Madrid

with a frequency of 15 min. The data were recorded from July 2013 to October 2024 with a 0%

missing data. This dataset captures the intensity of car traffic across different segments.

3.5.2 Validation process

To ensure the reliability of the proposed evaluation metrics, a comprehensive validation process

is proposed. This process evaluates the capability of the metrics to evaluate performance of

imputation methods in the absence of ground truth data, thereby establishing their suitability as

alternatives to traditional validation metrics.

1 Traffic Count Data : https://telraam.net/

2 City of Madrid, Open Data Portal : https://datos.madrid.es/portal/site/egob
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The validation process starts with introducing artificial gaps at random positions within the

datasets, simulating real-world missing data scenarios. This approach enables a comparison

between the gap-filled values and the true held-out observations, as well as the analysis and

comparison of performance of different gap-filling methods using both ground truth and no

ground truth metrics. The gaps are filled using imputation methods detailed in Section 4.3.1.

The performance of each method is evaluated using traditional metrics, namely the RMSE and

MAE, which rely on the original ground truth (complete) data. These metrics involve a direct

comparison of the gap-filled values to the true observations. By contrast, for the proposed

metrics, we use pre-gap values as a reference to measure the alignment of the imputed data.

The reason behind this decision is that we do not have ground truth data in practice and, as

shown in Fig. 3.2, when considering the same gap size, the distribution of pre-gap values closely

matches the one of the true values. This similarity in distribution ensures that the pre-gap

segment serves as an appropriate proxy for evaluating how well the gap-filled data align with

the original data distribution, without needing access to true values. This approach enables an

evaluation whether the statistical metrics can effectively measure the alignment between the

gap-filled data align and the general data distribution, without requiring the ground truth.

Figure 3.2 Comparison between the distribution of the missing data and pre-gap data for

short and large gaps
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Figure 3.3 TimeGPT results with and without fine-tuning for Madrid dataset

Figure 3.4 TimeGPT results with and without fine-tuning for Brussels dataset

After filling the artificially created gaps using each method, the results of the proposed metrics

are compared with those of traditional, ground truth-based metrics. This comparison validates

the ability of the proposed metrics to reliably evaluate imputation quality. The strong alignment

between the proposed and traditional metrics confirms their effectiveness as metrics for the

evaluation of imputation methods in scenarios where ground truth data are unavailable.

Once validated using complete datasets, these metrics can also be applied to real-world incomplete

datasets containing naturally occurring gaps. The details of this application and the numerical

Table 3.2 Evaluation of missing data imputation on Madrid dataset across different gap

lengths

Gap size Gap Size = 6 Gap Size = 24 Gap Size = 48
Metrics RMSE MAE JSD WD RMSE MAE JSD WD RMSE MAE JSD WD
ARIMA 28.1905 25.0250 0.0094 0.8552 33.6463 28.6690 0.0364 3.6348 36.4362 31.2825 0.0718 7.3482

SARIMA 25.1812 22.5349 0.0089 0.7290 29.0241 24.4845 0.0255 2.2389 30.7317 25.5677 0.0658 4.3320

XGBoost 13.8550 11.6012 0.0032 0.2380 15.1938 11.7691 0.0094 0.7073 16.0360 11.9523 0.0181 1.3160

LSTM 8.9863 7.3817 0.0024 0.1882 9.4338 7.2649 0.0066 0.4935 9.8739 7.4922 0.0101 1.0427

TimeGPT 3.8951 3.2083 0.0008 0.0630 4.3536 3.3662 0.0027 0.2265 4.5682 3.4525 0.0058 0.4545
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results is presented in Section 3.7. By demonstrating reliability of the proposed metrics and

their applicability to real-world data, the proposed methodology establishes a robust approach to

address missing data in time series without requiring access to ground truth values.

3.6 Numerical Results

In this section, we demonstrate that our proposed metrics can effectively evaluate the quality

of imputed data without ground truth. In order to ensure ensure robust performance, we first

optimize the hyperparameters of each model, which plays a crucial role in enhancing accuracy

and generalization across diverse datasets. The optimization process varies depending on

the model type. For statistical models such as ARIMA and SARIMA, parameter selection is

automated using the auto_arima function from the pmdarima library. This function explores

various combinations of (𝑝, 𝑑, 𝑞) for ARIMA and (𝑃, 𝐷,𝑄, 𝑠) for SARIMA, where 𝑠 represents

the seasonal period. The model with the lowest AIC is selected, balancing model accuracy and

complexity to avoid overfitting.

Figure 3.5 Data filling on Madrid dataset
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For ML models like XGBoost, a systematic hyperparameter optimization is conducted using

GridSearchCV, an exhaustive search approach that evaluates all possible combinations of

predefined hyperparameters. The optimized parameters include the learning rate, which is tested

with values of 0.1, 0.01, and 0.001; the maximum depth of the trees, with values of 3, 5, 7, and

9; the number of estimators, which ranges from 50 to 200 in increments of 50; and, finally, the

subsample ratio, with values of 0.5, 0.7, and 0.9. This approach ensures that the most effective

parameter settings are identified for accurate imputation of missing data.

Similarly, for the LSTM model, hyperparameter tuning is performed using GridSearchCV

to systematically explore all possible combinations of key hyperparameters. The activation

function is tested with relu and tanh, while the optimizer is set to adam. The learning rate is

optimized across the values of 0.1, 0.01, 0.001, and 0.0001, while the loss function is set to

mean-squared-error. The number of neurons per layer varies among 32, 64, and 128, while the

dropout rate is tested with the values of 0.1, 0.2, and 0.3. Finally, the batch size is optimized with

the values of 16, 32, and 64. To ensure consistent performance across training and validation,

each configuration is evaluated using cross-validation to ensure consistent performance across

training and validation sets, and the best-performing configuration is selected for the final model.

Table 3.3 Evaluation of missing data imputation on Brussels dataset across different gap

lengths

Gap size Gap Size = 6 Gap Size = 24 Gap Size = 48
Metrics RMSE MAE JSD WD RMSE MAE JSD WD RMSE MAE JSD WD
ARIMA 16.6071 14.7049 0.0215 0.9653 18.8103 15.7392 0.0863 4.0319 19.1740 15.9330 0.1481 6.4287

SARIMA 14.2548 12.1787 0.0151 0.7038 15.9922 12.3009 0.0515 2.6972 16.9085 12.7198 0.0903 4.5555

XGBoost 5.9712 4.9187 0.0052 0.1246 6.5084 4.9819 0.0119 0.3430 6.6382 5.0505 0.0177 0.5792

LSTM 11.1637 9.2738 0.0092 0.4545 12.2004 9.3780 0.0320 1.7115 12.3971 9.3911 0.0547 2.8116

TimeGPT 3.7529 3.0647 0.0004 0.0147 4.4210 3.2233 0.0018 0.0552 4.4631 3.2616 0.0024 0.0762

The TimeGPT model is also fine-tuned to improve its performance in predicting missing

values for various gap sizes. This fine-tuning process involves setting finetune_steps, which

controls the number of gradient descent updates, and finetune_depth, which determines

how many layers of the model are updated. The MAE is selected as the loss function to focus
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Figure 3.6 Data filling on Brussels dataset

on minimizing absolute differences between predictions and actual values. In addition, the

timegpt-1-long-horizon variant of the model is used, designed specifically for long-range

forecasts. We optimize over the following parameters and their ranges during fine-tuning:

• finetune_steps ∈ {30, 60, 100, 150}
• finetune_depth ∈ {1, 2, 3, 4, 5}
• model ∈ {timegpt-1, timegpt-1-long-horizon}
• finetune_loss ∈ {mae, mse, rmse, mape, smape}
• Exogenous variables

The impact of fine-tuning adjustments on the TimeGPT model for both datasets is illustrated in

Figures 3.3 and 3.4. In the Madrid dataset, the performance before fine-tuning (orange bars)

shows a noticeable increase in errors as the gap size grows from 6 to 120 hours. The JSD and

WD values are particularly high for larger gaps, implying that the imputed values substantially

deviate from the original data distribution. Similarly, the RMSE and MAE values also increase,

indicating a lower accuracy. However, after applying the fine-tuning step (blue bars) a significant

improvement across all metrics is observed. The JSD and WD scores remain consistently low,

demonstrating that the fine-tuned model maintains the statistical structure of the data even for
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large gaps. The RMSE and MAE values also substantially decrease, indicating more precise

predictions that closely align with the true values.

Similarly, in the Brussels dataset, the model struggles with larger gaps before fine-tuning, as

indicated by high JSD, WD, RMSE, and MAE values. The imputed data show a noticeable

drift from the original patterns, particularly for the gaps beyond 48 hours. After fine-tuning,

the model’s performance significantly improves, with much lower values across all metrics.

The JSD and WD scores demonstrate that the imputed values remain closely aligned with the

pre-gap distribution, highlighting the model’s ability to maintain both short-term fluctuations

and long-term seasonal patterns. The RMSE and MAE values also demonstrate substantial

reductions, indicating better accuracy. Therefore, fine-tuning significantly improves TimeGPT’s

imputation performance. By adjusting the model’s layers and parameters, it becomes more

effective at handling longer gaps, resulting in imputed values that closely reflect the original

data distribution.

After optimizing the models, we now analyze their imputation performance. Tables 3.2 and 3.3

show the results on the performance of different imputation methods for different gap sizes in the

Madrid and Brussels datasets, including a comparison between traditional error-based metrics

and the proposed metrics.

Table 3.4 Discriminative score by method

Method Madrid dataset Telraam dataset
ARIMA 0.1060 0.1453

SARIMA 0.0453 0.1085

Xgboost 0.0242 0.0755

LSTM 0.0053 0.0977

TimeGPT 0.00098 0.0033

For the Madrid dataset, the results reveal that TimeGPT outperforms other models for all gap

sizes. For small gaps, as indicated by the lowest RMSE and MAE values among all methods,

TimeGPT’s imputed values remain closest to the original data. This is reflected in its low

JSD and WD scores, thus confirming that the imputed values preserve the same distribution
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as the pre-gap data. Other models–namely XGBoost and LSTM– also perform well for small

gaps, but show slightly higher error and divergence values as compared to TimeGPT. With an

increase of the gap size to 24 and 48 hours, TimeGPT continues to provide accurate imputations,

maintaining low JSD and WD scores. By contrast, ARIMA and SARIMA show significant

increases in RMSE, MAE, JSD, and WD, highlighting a decline in performance. XGBoost also

reveals inconsistencies for longer gaps, as seen by higher scores as compared to TimeGPT. The

discriminative score further confirms TimeGPT’s superior performance, as shown by low values,

meaning the imputed data are almost indistinguishable from the original. Taken together, these

results confirm that JSD, WD, and DS are reliable alternatives to traditional metrics, providing a

comprehensive evaluation of imputation methods and enhancing the effectiveness of data filling

in real-world applications.

Figure 3.7 Hourly traffic counts for different transport categories

Similarly, the results of the analysis of Brussels dataset further validate the reliability of the

proposed metrics. Across all gap sizes, the alignment between no ground truth and traditional
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metrics remains high, demonstrating their effectiveness in evaluating imputation quality without

ground truth. TimeGPT consistently outperforms the other models, achieving the lowest RMSE,

MAE, JSD, WD, and DS values across all gap sizes. Of note, for small gaps, most imputation

methods produce reasonable results; however, TimeGPT provides the closest match to the

original data in terms of both metrics. For longer gaps, ARIMA and SARIMA struggle to

maintain distributional consistency, as indicated by high JSD and WD scores. LSTM performs

better for small gaps, but becomes less reliable for 48-hour gaps, as seen in the higher RMSE and

WD values. Yet, TimeGPT maintains low scores across all metrics, which clearly demonstrates

its ability to preserve the underlying structure and trends in the data.

Collectively, the findings across both datasets and gap sizes consistently demonstrate that

the proposed metrics closely align with traditional metrics. This alignment validates their

reliability as performance measures, even in the absence of ground truth. The ability of JSD

and WD to capture distributional consistency makes these metrics particularly valuable for

real-world applications where direct comparison with ground truth is not possible. Figures 3.5

and 3.6 illustrate the performance of the imputation models for Madrid and Brussels datasets,

respectively. As can be seen in the figures, TimeGPT’s predictions closely follow the original

patterns, highlighting TimeGPT’s superior performance in preserving statistical and temporal

patterns of the data. Despite slight declines for longer gaps, XGBoost and LSTM also demonstrate

strong performance for small gap sizes. By contrast, ARIMA and SARIMA exhibit higher

JSD and WD values, particularly for large gaps, highlighting their limitations in capturing

long-term dependencies and complex patterns. It is important to note, however, that this superior

performance of TimeGPT comes at the cost of higher computational overhead compared to

XGBoost and LSTM. While XGBoost remains highly efficient and LSTM offers a reasonable

trade-off between performance and computation, the Transformer-based architecture of TimeGPT

requires more memory and inference time, particularly for longer input sequences. Based on

this evidence, we can conclude that, by accurately reflecting the strengths and weaknesses of

different imputation methods, JSD, WD, and DS provide a robust alternative to traditional



52

Figure 3.8 Data filling for Montreal dataset

metrics, offering a comprehensive way to evaluate imputation quality. These metrics enhance the

assessment of data filling approaches in real-world scenarios where ground truth is unavailable.

3.7 Case Study

Table 3.5 JSD, DS, and WD performance of different imputation methods on the

Montreal dataset

Gap size Cars Trucks Buses
Metrics JSD WD DS JSD WD DS JSD WD DS
ARIMA 0.1949 11.6503 0.3745 0.2742 4.3894 0.2733 0.1642 1.2349 0.1346

SARIMA 0.0963 4.83093 0.2019 0.0918 2.0208 0.1053 0.1249 1.1419 0.1106

XGBoost 0.0788 3.35968 0.1901 0.0876 1.2962 0.0786 0.1036 1.0956 0.0920

TimeGPT 0.0249 1.20856 0.0546 0.0483 1.0618 0.0098 0.0323 0.5098 0.0093

In this section, we demonstrate the practical applicability of the proposed methodology by

applying it to a Montreal vehicle dataset 3 characterized by a high missing rate and several

consecutive gaps, depicted in Figure 3.7. In what follows, we present hourly traffic counts of

3 Traffic and Pedestrian Counting Dataset of Montreal City : https://donnees.montreal.ca/dataset/

comptage-vehicules-pietons.
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the Montreal dataset for different vehicle categories—including cars, trucks, and buses—over a

selected period and highlight the numerous consecutive gaps.

The Montreal dataset 3 comprises the data associated with different types of vehicles and

recorded since 2008 using sensors placed on traffic lights with a sampling interval of 15 minutes.

Each point corresponds to a type of vehicle for 15 minutes. Considering the large volume of

missing data, we resampled the data to an hourly frequency by computing the mean within each

hour.

This dataset had to be refactored for 5G data generation and traffic prediction (see Ziazet

et al. (2022)). Accordingly, it was adapted to generate traffic patterns that mimic network

slices/services in 5G applications. Using the available urban traffic data, one can create more

realistic network scenarios, rather than rely solely on synthetic data. The study refactors the

dataset to simulate various classes of network traffic, enabling the use of traffic prediction

models and resource management algorithms using machine learning. Using real-world mobility

models, it makes it possible to test accuracy of predictive traffic models for 5G network slicing

and proactive resource allocation.

To improve usability of the dataset, we applied a clustering approach similar to the one used

in Jaumard & Ziazet (2023). Specifically, certain vehicle categories (i.e., buses, school buses,

different types of trucks) were grouped together. Similarly, bicycles and motorcycles were

combined due to their comparable road behavior.

We then used the previously mentioned models—ARIMA, SARIMA, XGBoost, LSTM, and

TimeGPT—to sequentially impute missing values, evaluating their performance using the

validated proposed metrics. To enhance model accuracy, we applied hyperparameter optimization

and fine-tuning, as previously described in Section. 3.5. Over a 4 month period, from 2015-08-24

to 2015-12-22, we filled 15 distinct gaps in the dataset, with gap lengths ranging from 11 to 144

hours. The total duration of missing data across all gaps amounts to 937 hours. The size of the

training data set was initially seven days, it was later increased while imputing the gaps, ensuring

that the model used recent temporal patterns before each missing period. Due to the small size
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of the initial training set, we did not use LSTM, as deep learning models typically require larger

datasets for an effective generalization. The results, highlight the superiority of the TimeGPT

model, which achieves the best results across all vehicle categories, with the lowest JSD, DS, and

WD values (see Table 3.5). Figure 3.8 provides a visual comparison of the imputation results for

the car category, illustrating how different models reconstruct missing values. Among the tested

models, TimeGPT effectively preserved the underlying structure of the dataset, retaining both

short-term variations and long-term trends. This finding underlines robustness of TimeGPT in

handling large gaps. Likewise, XGBoost also displayed excellent performance, with lower JSD,

WD and DS values than SARIMA. However, XGBoost was outperformed by TimeGPT in all

categories.

Meanwhile, SARIMA performed moderately well, benefiting from its ability to capture seasonal

trends, but struggled with abrupt traffic fluctuations, which resulted in higher JSD and WD values

as compared to those obtained using XGBoost and TimeGPT. Although SARIMA maintained

seasonal consistency, it lacked precision to align imputed values with the original distribution.

Conversely, ARIMA consistently delivered the lowest performance across all categories, with

the highest JSD and WD values, particularly for car traffic, which exhibited substantial variations.

This finding highlights the limitations of ARIMA in handling complex, long-term dependencies.

Table 3.5 provides a breakdown of the performance metrics across different vehicle types,

reinforcing TimeGPT’s effectiveness in preserving data distribution consistency.

The Montreal dataset results underscore the practical applicability of JSD and WD as reliable

evaluation metrics. Their ability to capture discrepancies between imputed and original data

distributions, even in the absence of ground truth, highlights the value of these metrics for

real-world scenarios with incomplete datasets.

3.8 Conclusion

In this study, addressing the challenge of handling multiple consecutive gaps, we introduced an

iterative filling approach to sequentially impute missing values in time series data. To evaluate
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quality of imputed values without relying on ground truth, we proposed WD, JSD, and DS as

alternative evaluation metrics to evaluate data imputation techniques. The results revealed that,

by assessing the alignment between the distributions of imputed and pre-gap data, these metrics

offer a reliable method for evaluating imputation quality based on statistical consistency, rather

than direct comparison with known values. However, these metrics evaluate only distributional

similarity, they may overlook essential temporal properties such as phase, autocorrelation, or

seasonality patterns. In scenarios where such temporal dynamics are critical, supplementary

metrics or visual diagnostics should be considered. Furthermore, experimental results with

Brussels and Madrid traffic datasets demonstrated that WD, JSD, and DS effectively capture

imputation quality, suggesting their potential for broader applications in environments where

ground truth is unavailable. Future research should explore integrating these metrics with

adaptive ML models to further improve robustness and accuracy in complex data settings.
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4.1 Introduction

In recent years, mobile applications have become deeply embedded in everyday life, driving

unprecedented growth in mobile data consumption. This surge is not merely a matter of user

engagement, but rather reflects changing needs in mobile network management. From social

media and streaming to e-commerce and navigation, these services generate vast volumes of

traffic, producing rich spatiotemporal datasets that expose detailed patterns of network usage

and human activity across urban environments Li et al. (2022b, 2023b); Chen et al. (2023).

The continuous evolution of mobile technology, particularly with the proliferation of advanced

5G networks and the expansion of IoT devices, has accelerated the scale and complexity of

data generation. Understanding and effectively interpreting these complex data patterns is

essential for enabling intelligent and adaptive approaches to network control and optimization Jin

et al. (2022); Lu et al. (2021); Ding et al. (2021). Spatiotemporal datasets play a foundational

role in this process, supporting data-driven decisions related to infrastructure provisioning,

energy-efficient operations, and service quality enhancement. Beyond operational utility, these
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datasets underpin the development and evaluation of artificial intelligence (AI) and ML models

used for traffic forecasting, anomaly detection, and resource allocation. However, while these

models rely on high-quality, comprehensive traffic datasets, these data are frequently difficult to

obtain due to limited infrastructure, irregular sampling, and privacy constraints. As a result,

existing datasets frequently fail to capture variability and richness of modern mobile traffic,

posing significant challenges for training reliable predictive models and deploying them in

dynamic network environments.

To address these limitations, there has been growing interest in generating synthetic yet realistic

traffic data as an alternative to empirical measurements Wu, He, Chen, Yu & Zhang (2022).

Synthetic datasets provide a practical solution for the development and evaluation of ML

models, particularly when access to real-world traffic data is limited due to privacy concerns

or incomplete coverage. These datasets can be used to train predictive algorithms, evaluate

performance under varying traffic conditions, and support scenario-based planning and testing.

More specifically, the ability to generate realistic traffic data that reflects temporal fluctuations

and spatial heterogeneity is essential for the simulation of modern mobile networks.

However, although recent advances in generative modeling, including GAN, VAE, and diffusion

models, have improved the ability to learn from real traffic data, existing methods still face

difficulties with high controllability Yin et al. (2022); Xu et al. (2022). One major limitation is the

difficulty that these models encounter in capturing the multi-scale temporal patterns characteristic

of real mobile traffic. Regular patterns such as hourly usage peaks, daily commuting cycles, and

weekend variations are frequently underrepresented or smoothed out during generation Zhang

(2023); Hui (2023); Li et al. (2021). This limits the effectiveness of synthetic data in enabling

accurate traffic forecasting and adaptive network resource management. Another common

limitation concerns how spatial relationships are represented in synthetic mobile traffic. In

real-world networks, traffic patterns are affected by the physical and functional structure of

cities, such as correlations between adjacent regions or areas with similar land use. However,

many models fail to represent these inter-regional interactions and generate instead the data

that appears realistic in some locations, but lack spatial consistency observed in empirical
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datasets Yin et al. (2022); Gong et al. (2022); Xu et al. (2022). This can reduce fidelity of

generated data when used to train models for spatial prediction, anomaly localization, or load

balancing.

Instead of relying on DL architectures, in the present study, we adopt a statistical modeling

approach based on the Maximum Entropy Principle (MEP). By encoding known empirical

constraints, such as average traffic volumes, variances, and periodicity into the modeling process,

the MEP ensures that the generated distributions remain consistent with observed behavior while

making no additional assumptions about unknown aspects of the data Jaynes (1957a,b). Said

differently, the model reproduces what is known from data without adding patterns that have

no empirical basis. It also offers a transparent modeling process, since it is guided entirely by

clearly defined constraints Jaynes (1957a,b). These constraints are derived from observed traffic

behavior, thus enabling tracing how each one shapes the generated output. Unlike black-box

models, where the influence of inputs on results frequently remains unclear, the MEP-based

approach provides a direct link between assumptions and outcomes. This transparency allows

the model to be adapted to specific scenarios, as well as justified in terms of the data it reflects.

Most importantly, our MEP-based approach offers a significant advantage in scenarios where

empirical data are limited. Unlike deep generative models, which typically require large-scale

training data and extensive tuning, the MEP framework defines a distribution based on a small

number of observed statistical properties Jaynes (1957a,b). Such data efficiency makes it

particularly suitable for mobile environments with sparse measurements or short observation

histories. In addition, the MEP framework’s reliance on statistical constraints, rather than

on extensive empirical datasets, ensures greater robustness and interpretability, facilitating

its application in regions with developing network infrastructures or stringent data privacy

regulations.

We evaluate our approach using real-world urban traffic datasets collected by the City of

Calgary, recorded at 15-minute intervals, and preprocess the data through scaling, shifting, and

transformation functions prior to modeling. These adjustments are deemed to be necessary
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because the statistical patterns of urban traffic differ from those typically found in network traffic

datasets, such as those related to gaming Tarng, Chen & Huang (2008) or video streaming

Rahman et al. (2018). Our Maximum Entropy model is designed to capture the statistical

structure of the transformed data, thus providing a flexible, distribution-based approach to traffic

synthesis that avoids the complexity of black-box generative neural networks.

Major contributions of this paper can be summarized as follows:

• The proposed novel approach for traffic generation based on the MEP, offers a transparent,

interpretable, and data-efficient alternative to conventional deep generative models. This

approach explicitly incorporates known statistical properties to ensure realistic and unbiased

synthetic traffic.

• We explore different statistical formulations within the Maximum Entropy framework and

demonstrate how they influence the model’s ability to reflect observed traffic patterns.

• We validate effectiveness of our approach using two traffic datasets with 15-minute granularity

from the City of Calgary. Through comprehensive evaluation, we show that the generated

traffic pattern exhibit high fidelity, closely aligning with the statistical behavior and temporal

dynamics of empirical observations.

• To ensure numerical stability and enhance generalization in diverse urban traffic scenarios,

we develop a robust optimization and tuning strategy using L-BFGS-B method and cross-

validation.

The remainder of this paper is organized as follows. Section 4.3 reviews the state-of-the-art in

network traffic generation, highlighting limitations in traditional approaches and advances in

machine learning and generative models. Thereafter, section 4.3.1 provides a detailed description

of the proposed MEP-based traffic modeling framework, including the optimization process,

and hyperparameter tuning strategy. Section 4.4.3 presents experimental results, evaluating the

performance of the proposed method on real-world traffic data. Finally, section 4.5 concludes

the paper with a summary of findings and directions for future work.
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4.2 Literature Review

In recent years, the synthesis of mobile traffic has gained considerable importance due to its

crucial role in network optimization, service evaluation, and adaptive network management

Zhang, Tang, Zhang, Ouyang & Wang (2015). As network environments become increasingly

complex and dynamic, generating realistic traffic patterns has become essential for effective

network evaluation and strategic planning. However, while traditional approaches primarily

relied on analytical modeling and simulation-based techniques to estimate mobile data Biasio,

Chiariotti, Polese, Zanella & Zorzi (2019); Bothe, Qureshi & Imran (2019), these methods

frequently struggled to capture the inherent complexity and high-dimensional variability observed

in real-world scenarios. Recent research in this field addressed both traffic prediction and traffic

generation. While traffic prediction focused on forecasting future traffic based on historical data,

traffic generation aimed to synthesize realistic traffic samples that reflect real-world conditions

for simulation and planning.

With advancements in ML, more robust methodologies to accurately model and synthesize mobile

traffic emerged. In previous research, time series forecasting methods using autoregressive

models, RNN, and LSTM networks were extensively employed to capture temporal correlations

within traffic data Zhu, Liu & Lin (2020); Dalgkitsis, Louta & Karetsos (2018a); Cardoso & Vieira

(2019a). For instance, Wang et al. Wang et al. (2022) proposed an adaptive mechanism using

Q-learning to dynamically adjust thresholds in LSTM models, which significantly improved

their responsiveness to fluctuating traffic conditions. Beyond temporal modeling, the complex

behavior of mobile traffic was found to be strongly influenced by spatial factors such as user

mobility, base station topology, and urban environments. Recent research also increasingly

adopted spatio-temporal learning techniques that integrate spatial and contextual dependencies.

For instance, Graph Convolutional Networks (GCN)-based models were coupled with attention

mechanisms to effectively capture interdependencies across both time and space Li et al. (2023a);

He, Chen, Wu, Yu & Zhou (2022). For instance, Fang et al. Fang, Ergüt & Patras (2022)

proposed a model, which used dynamic graphs derived from handover frequency to capture

interactions between network nodes. In another relevant study, authors Wu et al. (2022) extended
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this by integrating GCN with GAN, thus enabling the model to learn spatial correlations across

multiple cities. The MVSTGN model Yao, Gu, Su & Guizani (2023) further advanced spatial

modeling by partitioning urban areas into multi-attribute graphs, facilitating the learning of

low-dimensional yet informative spatial representations of traffic dynamics.

Yet, while traffic prediction was widely explored in previous studies, traffic generation is emerging

as a complementary research direction focused on generating realistic mobile traffic data for

modeling and network simulation. In this context, GAN architectures became prominent, as

evidenced by methods employing multiple GAN to generate diverse network flows simultaneously

Ring, Schlör, Landes & Hotho (2019). Similarly, a GAN-based data augmentation model

incorporating LSTM networks was used to generate realistic cellular traffic sequences that

preserve temporal dependencies, thereby enhancing the performance of sequence-to-sequence

prediction models Wang, Hu, Min, Zhao & Wang (2021).

An important evolution within generative modeling is the incorporation of contextual urban

factors, such as population density, land use, and points of interest (POIs), directly influencing

mobile traffic synthesis. Context-aware architectures like SpectraGAN implemented an encoder

that transformed these inputs into spatial embeddings, guiding a conditional GAN in generating

high-fidelity, city-scale spatiotemporal traffic data Xu et al. (2021b). In Hui et al. (2022) and Hui

et al. (2023), the authors further extended this concept by developing contextual embeddings for

base stations and incorporating device-specific features to generate traffic realistically. Other

relevant studies used CNNs to extract spatial urban image characteristics, enabling context-

driven synthetic mobile traffic generation at the web service level Sun et al. (2022). Moreover,

transfer learning paradigms, based on hierarchical GAN architectures, enabled improved traffic

generation across distinct urban areas through unified knowledge graph alignment techniques

Zhang et al. (2023). One of the most recent advancements in traffic generation involves the use of

transformer-based architectures. The PAC-GPT approach, which uses multiple GPT-3 language

models in sequence, demonstrated a remarkable potential in efficiently generating highly diverse

and realistic network traffic Zhang et al. (2015). This method benefits from the strong sequence

modeling capabilities of transformers and offers an alternative to traditional GAN-based systems.
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Despite their demonstrated utility, GAN-based models frequently encounter challenges in

mobile traffic synthesis, particularly in terms of effectively modeling contextual dependencies

and generalizing across different spatial environments. This limitation considerably reduces

flexibility and representational fidelity, particularly when specific contextual environmental

conditions must be accurately modeled. These shortcomings highlight the need for a more

controllable and reliable approach capable of producing diverse, high-fidelity traffic data that

would remain sensitive to spatial and contextual variations.

4.3 Maximum entropy principle model and hyperparameter optimization

In this section, we provide a detailed description of the MEP and the optimization strategy used

to infer traffic flow distributions under empirically derived constraints.

4.3.1 Maximum Entropy Principle (MEP)

The Maximum Entropy Principle (MEP), originally introduced by Jaynes in 1957 Jaynes

(1957a,b), establishes a systematic methodology for probabilistic inference under incomplete

information. When the available information about a system is limited to partial knowledge—such

as mean values or higher-order moments—multiple probability distributions may satisfy the

corresponding constraints. MEP points to the distribution that maximizes entropy, ensuring that

the result is maximally unbiased and noncommittal with respect to the missing information. In

the context of traffic generation, where full knowledge of underlying distributions is frequently

unavailable due to the dynamic and heterogeneous nature of user behavior and network demands,

MEP provides a principled approach to infer realistic traffic profiles while adhering to known

constraints, such as average packet rates, flow durations, or session inter-arrival times. This

approach is grounded in the concept of entropy, originally introduced in information theory by

Shannon, which quantifies the uncertainty in a probability distribution.

Shannon’s information theory Karmeshu & Pal (2003)introduces entropy as a measure of

uncertainty associated with a discrete probability distribution 𝑝 = {𝑝1, 𝑝2, . . . , 𝑝𝑛}. Mathematically,
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it is expressed as shown below:

𝐻 (𝑝) = −
𝑛∑

𝑖=1

𝑝𝑖 log 𝑝𝑖 (4.1)

This expression is derived from several intuitive axioms: continuity, symmetry under permutation,

maximality under uniformity, and the branching principle. Shannon’s goal was to measure

information loss in communication systems and although this formula mirrors the one for

thermodynamic entropy, the connection was originally coincidental. Jaynes Jaynes (1957a,b)

later formalized this connection by interpreting entropy as a tool for inference, thereby laying

the foundation for MEP.

Historically, the challenge of assigning probabilities under uncertainty has prompted different

philosophical perspectives. In Principle of Insufficient Reason Jaynes (1957a,b), Laplace

suggested that, in the absence of distinguishing information, all outcomes should be considered

equally likely. MEP extends this idea by accommodating additional constraints and justifying the

resulting distribution via entropy maximization. This aligns with the subjectivist interpretation

of probability, where it represents degrees of belief based on current knowledge, as opposed to

the objectivist view which relies strictly on empirical frequencies Jaynes (1957a,b).

Building on this foundation, the MEP framework formulates entropy maximization as a

constrained optimization problem. Let us assume that a system has 𝑛 possible discrete states,

each associated with a probability 𝑝𝑖. To reflect known information, the probability distribution

must satisfy certain constraints—namely, normalization and the expected values of specific

observable functions 𝑓 𝑗 (𝑥). These constraints are given by the following Kouvatsos (2003):

𝑛∑
𝑖=1

𝑝𝑖 = 1 (4.2)

𝑛∑
𝑖=1

𝑝𝑖 𝑓 𝑗 (𝑥𝑖) = 〈 𝑓 𝑗 (𝑥)〉, 𝑗 = 1, 2, . . . , 𝑚 (4.3)
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To determine distribution {𝑝𝑖} that maximizes the entropy subject to these constraints, we use

the method of Lagrange multipliers. This leads to the construction of the following Lagrangian

function:

L = −
𝑛∑

𝑖=1

𝑝𝑖 log 𝑝𝑖 + 𝜆0

(
𝑛∑

𝑖=1

𝑝𝑖 − 1

)
+

𝑚∑
𝑗=1

𝜆 𝑗

(
𝑛∑

𝑖=1

𝑝𝑖 𝑓 𝑗 (𝑥𝑖) − 〈 𝑓 𝑗 (𝑥)〉
) (4.4)

Maximizing L involves taking its derivative with respect to each 𝑝𝑖 and setting it equal to zero,

as shown below:
𝜕L
𝜕𝑝𝑖

= − log 𝑝𝑖 − 1 + 𝜆0 +
𝑚∑
𝑗=1

𝜆 𝑗 𝑓 𝑗 (𝑥𝑖) = 0 (4.5)

Solving for 𝑝𝑖, we obtain the following:

𝑝𝑖 = exp
�	
𝜆0 − 1 +

𝑚∑
𝑗=1

𝜆 𝑗 𝑓 𝑗 (𝑥𝑖)��
 (4.6)

To satisfy the normalization condition, we define the partition function 𝑍 as follows:

𝑍 =
𝑛∑

𝑖=1

exp
�	


𝑚∑
𝑗=1

𝜆 𝑗 𝑓 𝑗 (𝑥𝑖)��
 (4.7)

Substituting 𝑍 into the expression for 𝑝𝑖 yields the following final form of the maximum entropy

distribution:

𝑝𝑖 =
1

𝑍
exp

�	

𝑚∑
𝑗=1

𝜆 𝑗 𝑓 𝑗 (𝑥𝑖)��
 (4.8)

This form ensures that all imposed constraints are satisfied. The expected value of each function

𝑓 𝑗 (𝑥) can be computed by differentiating the log-partition function as shown below:

〈 𝑓 𝑗 (𝑥)〉 = − 𝜕

𝜕𝜆 𝑗
ln 𝑍 (4.9)
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The corresponding maximum value of entropy under these constraints is given by Eq. (4.10):

𝑆max = 𝜆0 +
𝑚∑
𝑗=1

𝜆 𝑗 〈 𝑓 𝑗 (𝑥)〉 (4.10)

Moreover, the variance of each constraint function is derived from the second derivative of the

log-partition function:

Δ2 𝑓 𝑗 = 〈 𝑓 2
𝑗 〉 − 〈 𝑓 𝑗 〉2 =

𝜕2

𝜕𝜆2
𝑗

ln 𝑍 (4.11)

In 5G traffic modeling, the MEP offers a powerful solution to the challenge of synthesizing

realistic traffic traces from limited or aggregate statistical data. Instead of assuming arbitrary

models or relying solely on empirical sampling, MEP allows for the generation of traffic patterns

that match the observed metrics—such as average packet size, session duration, inter-arrival

times, or throughput—without introducing unjustified assumptions about higher-order structure.

This makes it possible to create synthetic traffic datasets that are both statistically consistent and

maximally non-committal.

The aforementioned approach is particularly valuable for network simulation, emulator design,

and AI-driven traffic classification tasks, where a lack of fine-grained labeled data tends

to limit model accuracy. By adjusting the constraint functions, MEP can flexibly adapt to

diverse 5G use cases, from enhanced mobile broadband (eMBB) to massive machine-type

communications (mMTC), and generate traffic scenarios reflecting variability and complexity

of real-world deployments.

Accordingly, MEP serves not only as a theoretical framework, but also as a practical tool

for bridging the gap between abstract statistical knowledge and concrete, reproducible traffic

generation. This makes it well-suited for evaluating 5G architectures under realistic, yet

controlled, conditions.
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4.3.2 Optimization of MEP-based models

To improve the predictive performance and stability of the MEP-based model, several components

of the optimization process should be carefully designed and tuned. These components include

parameter initialization, choice of optimization algorithm, probabilistic structure through log-

partition functions and hyperparameter tuning. In this study, we systematically address each of

these components to develop a robust training pipeline for learning traffic distributions under

empirical constraints.

4.3.2.1 Parameter Initialization

The Maximum Entropy model includes several key parameter groups, each requiring a careful

initialization to ensure numerical stability and reliable convergence.

At the core of the model lies latent variable 𝑣𝑡 ∈ R
𝑁 , which represents a linear combination of

lagged traffic inputs modulated by temporal interaction weights and bias terms. It is defined as

shown below:

𝑣𝑡 = ℎ +
lag∑
𝑑=1

𝐽𝑑𝑥𝑡−𝑑, (4.12)

where ℎ ∈ R
𝑁 is a bias vector, 𝐽𝑑 ∈ R

𝑁×𝑁 are interaction matrices corresponding to lag 𝑑, and

𝑥𝑡−𝑑 are past traffic observations. This latent variable serves as input to the log-partition function

and directly governs the expected value and shape of the resulting probability distribution under

the Maximum Entropy formulation.

To ensure stable optimization and improve convergence, parameter initialization is aligned with

the analytical form of the chosen distribution (e.g., exponential-like or Gaussian-like), thus

ensuring that the initialization lies within a feasible and well-scaled region of the parameter

space. The model parameters are initialized as follows:

• Interaction Matrices (𝐽): These matrices encode temporal and inter-zone dependencies.

Each 𝐽𝑑 is initialized with Gaussian noise (mean 0, standard deviation 0.01) to introduce

weak prior structure while preserving flexibility during training.
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• Bias Vectors (ℎ): Representing baseline traffic levels in each zone, vector ℎ is initialized to

10% of the empirical mean traffic. This provides a small positive offset encouraging faster

convergence without overly biasing the model.

• Distribution Parameters (𝑎): These parameters control the dispersion of the distribution:

- Exponential-like models: The probability density is given by the following:

𝑝(𝑥) ∝ 𝑒−(𝑎−𝑣)𝑥, (4.13)

which requires 𝑎 > 𝑣 to ensure positivity and normalizability. Therefore, 𝑎 is initialized

to exceed the maximum observed traffic values.

- Gaussian-like models: The distribution takes the following form:

𝑝(𝑥) ∝ 𝑒−𝑎𝑥2+𝑣𝑥, (4.14)

where 𝑎 relates to the inverse variance. In this case, 𝑎 is initialized proportionally to the

empirical variance and is clipped to a small positive threshold to maintain numerical

stability.

• Mixture Weights (𝑤𝑘 ): In mixture models, component weights 𝑤𝑘 control the contribution

of each distribution component. They are initialized uniformly in logit space and normalized

via softmax to satisfy the following constraint:

𝐾∑
𝑘=1

𝑤𝑘 = 1. (4.15)

4.3.2.2 Optimization Procedure

The model parameters are optimized by minimizing the Negative Log-Likelihood (NLL) of the

observed data, with added regularization to improve generalization. The parameter set is defined

as follows:

𝜃 = {𝐽, ℎ, 𝑎, weights}, (4.16)
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where 𝐽 ∈ R
lag×𝑁×𝑁 are temporal interaction matrices, ℎ ∈ R

𝑁 are bias terms, 𝑎 ∈ R
𝐾×𝑁 are

per-zone distribution parameters, and weights ∈ R
𝐾 are mixture component weights (when

applicable). The objective function to be minimized is a regularized NLL, given by Eq. (4.17):

min
𝜃

NLL(𝜃) + 𝜆reg‖𝐽‖2
2, (4.17)

where 𝜆reg = 0.01 is a small constant that penalizes large temporal interactions, thus encouraging

smoother and more generalizable models. To compute the NLL, we rely on the latent input vector

𝑣𝑡 (see Eq. (4.12)), which integrates lagged traffic observations through temporal interaction

weights and a bias term.

This loss function is derived from the exponential family form of distributions, as established by

the Maximum Entropy Principle. The general form of the model distribution is as follows:

𝑝(𝑥) = 1

𝑍 (𝜆) exp
�	


𝑚∑
𝑗=1

𝜆 𝑗 𝑓 𝑗 (𝑥)��
 , (4.18)

where 𝜆 𝑗 are learned parameters corresponding to constraint functions 𝑓 𝑗 (𝑥). Log-partition

function log 𝑍 (𝜆) ensures proper normalization and encodes the statistical structure of the

distribution. Minimizing the NLL under this form aligns the model with the empirical data

while preserving consistency with the selected distributional assumptions.

Depending on the distribution type, the NLL is computed differently. In what follows, we

provide both single-component and mixture-based formulations for each supported distribution.

4.3.2.2.1 Exponential Distribution

For exponential models, the per-zone conditional log-likelihood is computed as follows:

log 𝑝(𝑥𝑡,𝑖 | 𝑣𝑡,𝑖) = − log 𝑍𝑖 + 𝑥𝑡,𝑖 · 𝑣𝑡,𝑖 (4.19)
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The corresponding log-partition function log 𝑍𝑖 is defined as follows:

log 𝑍𝑖 =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
− log(𝑎𝑖 − 𝑣𝑡,𝑖) (single)

log

(∑𝐾
𝑘=1 𝑤𝑘 · 1

𝑎𝑘,𝑖 − 𝑣𝑡,𝑖

)
(mixture)

(4.20)

The total negative log-likelihood for exponential models is given in Eq. (4.21):

NLLexp =
𝑇−1∑
𝑡=𝐷

𝑁∑
𝑖=1

[
log 𝑍𝑖 − 𝑥𝑡,𝑖 · 𝑣𝑡,𝑖

]
(4.21)

4.3.2.2.2 Gaussian-like Distribution

For Gaussian-like models, the conditional log-likelihood includes a quadratic term as shown

below:

log 𝑝(𝑥𝑡,𝑖 | 𝑣𝑡,𝑖) = −𝑎𝑖𝑥
2
𝑡,𝑖 + 𝑥𝑡,𝑖 · 𝑣𝑡,𝑖 − log 𝑍𝑖 (4.22)

Log-partition function log 𝑍𝑖 is given by the following:

log 𝑍𝑖 =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
−1

2
log 𝑎𝑖 + 𝑣2

𝑡 ,𝑖

4𝑎𝑖
+ log

(
1 + erf

(
𝑣𝑡 ,𝑖

2
√
𝑎𝑖

))
(single)

log
(∑𝐾

𝑘=1 𝑤𝑘 · exp(log 𝑍𝑘,𝑖)
)

(mixture)

(4.23)

The complete NLL for Gaussian-like models then becomes

NLLgauss =
𝑇−1∑
𝑡=𝐷

𝑁∑
𝑖=1

[
𝑎𝑖𝑥

2
𝑡,𝑖 − 𝑥𝑡,𝑖 · 𝑣𝑡,𝑖 + log 𝑍𝑖

]
(4.24)

In previous research, a variety of optimization algorithms was proposed for high-dimensional

parameter learning, including stochastic gradient descent (SGD) Li, Xiong & Shang (2022a),

Adam Kingma & Ba (2017), Root Mean Square Propagation (RMSprop) Xu, Zhang, Zhang & Mandic
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(2021a), conjugate gradient methods, and second-order approaches such as Broyden Fletcher

Goldfarb Shanno (BFGS) Dai (2002) and its limited-memory variant L-BFGS Liu & Nocedal

(1989). However, although SGD-based methods are widely used in deep learning due to their

scalability and simplicity, they frequently require careful tuning and may converge slowly or

unstably in deterministic environments. Standard BFGS offers robust convergence, but becomes

impractical in high dimensions due to its memory requirements and full Hessian computation.

To overcome these challenges, in this study, we adopt the L-BFGS-B algorithm Zhu, Byrd,

Lu & Nocedal (1997), a limited-memory quasi-Newton method tailored for large-scale problems

with simple bound constraints. L-BFGS-B combines second-order curvature information with

efficient memory use and allows for enforcing positivity constraints (e.g., 𝑎𝑖 > 0) on model

parameters. It also provides significantly faster and more stable convergence as compared to

SGD in our structured optimization landscape.

During training, several key strategies are employed to ensure model robustness and generalization.

The process begins by initializing parameters based on empirical statistics computed from

the data, which provides a meaningful starting point for optimization. To maintain stability

during training, bound constraints are applied, particularly on sensitive parameters such as 𝑎. In

addition, to control model complexity and prevent overfitting, regularization is applied to the

temporal interaction matrix 𝐽. To further enhance generalization and avoid overtraining, early

stopping is used, with training terminated once performance on a validation set shows no further

improvement.

Overall, this optimization procedure enables effective training of high-dimensional probabilistic

models with rich temporal and spatial structure, while ensuring well-calibrated uncertainty

through the Maximum Entropy formulation.
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4.3.2.3 Hyperparameter Tuning and Cross-Validation

Hyperparameter selection exerts a strong impact on model expressiveness and generalization.

We adopt a rolling-window cross-validation approach to systematically evaluate the following

configurations:

• Temporal lag values: {24, 48, 96},
• Distribution types: Exponential, Gaussian, mixture-exponential, and mixture-Gaussian,

• Number of mixture components: 𝐾 ∈ {1, 2, 3}.

Each configuration is evaluated using the mean squared error (MSE) computed on held-out

validation windows. The optimal hyperparameter set is selected based on the lowest average

MSE across all validation splits.

4.4 Numerical experiments

To evaluate effectiveness of our proposed MEP-based traffic generation approach, we conducted

a series of numerical experiments using real-world urban mobility data. In this section, we

first describe the datasets and the preprocessing steps applied to align their characteristics with

mobile network traffic. This is followed by a description of the experimental setup used to

evaluate our approach. The section concludes with a detailed presentation and discussion of the

results.

4.4.1 Datasets Description

In this study, we used two publicly available traffic datasets from the City of Calgary’s Open

Data Portal1. Both datasets provide traffic observations and are recorded every 15 minutes,

enabling detailed modeling of temporal dynamics in urban mobility.

1 City of Calgary Open Data Portal: https://data.calgary.ca
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The first dataset comprises bicycle and pedestrian counts collected via Eco-Counter2 sensors

installed at key active transportation corridors. These sensors detect cyclists using embedded

induction loops and pedestrians via infrared sensors. The dataset spans the data collected from

January 1, 2018 to December 31, 2024, providing continuous 15-minute interval data supporting

the analysis of mobility patterns across daily, weekly, monthly, and annual timeframes.

The second dataset consists of permanent vehicle count station data3, gathered from fixed traffic

sensors deployed across the city. These stations continuously record vehicle flows every 15

minutes and are primarily used to monitor long-term traffic trends. The dataset used in this

study spans the data collected from January 1, 2020 to December 31, 2021, enabling the analysis

of seasonal and weekly variations the aforementioned 2-year period. It is also commonly used

to normalize short-term portable traffic studies.

Together, these datasets provide comprehensive insights into Calgary’s multimodal traffic

landscape and serve as a robust foundation for the development and evaluation of generative

models for spatiotemporal traffic synthesis.

4.4.2 Setup of numerical experiments

To generate synthetic mobile network traffic from urban mobility data, we adopted a transformation

strategy inspired by Ziazet et al. (2022), who proposed refactoring real-world vehicular and

pedestrian traffic into representative 5G service classes. The aforementioned approach involves

mapping categories of mobility data—such as cars, cyclists, and pedestrians—to different types

of mobile traffic (e.g., video streaming, cloud gaming, MIoT). This mapping is complemented

by the application of scaling, shifting, and pattern reshaping techniques to ensure the resulting

synthetic traffic aligns with the temporal and intensity characteristics of typical 5G network

demands.

2 Eco-Counter dataset: https://www.eco-counter.com/

3 Calgary Permanent Traffic Count in 2020: https://data.calgary.ca/Transportation-Transit/2020-Traffic-

Counts-at-Permanent-Stations/undq-t5qf/about_data
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In our case, we adapted this methodology by using traffic count data recorded at 15-minute

intervals to maintain high temporal fidelity. Each mobility observation was associated with

a specific service slice and is subsequently rescaled to reflect the expected traffic volume of

the corresponding mobile service. This mapping, detailed in Table 4.1, allowed us to emulate

distinct service patterns and peak usage times, such as evening surges for video streaming or

midday peaks for urban mobility.

Table 4.1 Mapping of Urban Traffic to 5G Slices

Service Chains Slices User Types
MIoT Slice 0 Cars

Industry 4.0 Slice 1 Pedestrians

Video Streaming Slice 2 Bikes

Once transformed, the data underwent a temporal normalization procedure to remove periodic

fluctuations and stabilize intra-week variability. This was achieved by grouping observations

according to their exact time slot within the week (e.g., “Monday at 08:15”) and computing the

mean and standard deviation of counts for each cluster and time slot. Each data point was then

normalized using its corresponding temporal pattern statistics. This approach allowed the model

to focus on deviations from expected behavior at specific times, rather than being dominated by

routine patterns. As a result, it could learn more meaningful patterns, such as unusual peaks

or drops, while preserving the relative dynamics and anomalies that are essential for accurate

modeling and prediction.

This normalization process ensured that all spatial clusters were treated consistently and that

temporal behaviors—such as rush hours or weekend effects—were captured in a standardized

manner. It also improved robustness and generalization capacity of downstream machine learning

models trained for traffic prediction, classification, or resource allocation.

Further detail on the optimization procedures, including parameter initialization methods, the

selection and application of optimization algorithms, hyperparameter tuning rationale, and the
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cross-validation strategy used to achieve robust and stable model performance, is provided in

Section 4.3.2.2.

To quantitatively evaluate the generated traffic, we used standard performance metrics—namely,

RMSE, MAE, and the Coefficient of Determination (R²). RMSE and MAE capture the

magnitude of error between real and generated traffic data, while R² measures how well

the generative model explains the variance in the observed data. This enabled a systematic

comparison of generative quality across the different distributional assumptions explored in our

MEP-based approach.

4.4.3 Results and discussion

Instead of focusing on architectural comparisons, in this study, we prioritized evaluating the

statistical consistency of the generated traffic with realistic patterns observed in actual mobile

network data. Considering that empirical traffic frequently exhibits characteristics aligned

with Gaussian or Poisson-like behaviors Navarro-Ortiz et al. (2020), we explored different

distributional assumptions within the Maximum Entropy framework to ensure fidelity to the

intrinsic properties of traffic data. This approach allowed for the generation of traffic patterns that

are both temporally coherent and statistically representative, which is critical for downstream

tasks such as simulation, anomaly detection, and network performance evaluation.

Table 4.2 Evaluation metrics (RMSE, MAE, 𝑅2) of different distributions on the MIoT

dataset across clusters

Cluster Cluster 0 Cluster 1 Cluster 2
Distribution RMSE MAE 𝑅2 RMSE MAE 𝑅2 RMSE MAE 𝑅2

Gaussian 9.69 6.80 0.9940 9.38 7.04 0.9819 16.28 11.85 0.9760
Exponential 10.95 7.57 0.9910 11.47 8.82 0.9712 17.21 12.43 0.9734

Mix. Gaussian 10.84 7.47 0.9933 8.84 6.58 0.9839 17.12 12.38 0.9752

Mix. Exponential 25.22 17.80 0.9601 11.70 8.94 0.9729 17.22 12.44 0.9711

The performance of our MEP-based traffic generation model was evaluated by comparing the

synthetic traffic it generates with real observations. We evaluated both visual and statistical

fidelity using various distributional assumptions, including Gaussian, exponential, and their
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mixtures. The detailed numerical results for each service type are summarized in Table 4.2

for MIoT traffic, Table 4.3 for Industry 4.0 traffic, and Table 4.4 for video streaming traffic.

These tables summarize the RMSE, MAE, and 𝑅2 metrics for the evaluated distributions, thus

providing a quantitative basis for the subsequent analysis.

Table 4.3 Evaluation metrics (RMSE, MAE, 𝑅2) of different distributions on the Industry

4.0 dataset across clusters

Cluster Cluster 0 Cluster 1 Cluster 2
Distribution Type RMSE MAE 𝑅2 RMSE MAE 𝑅2 RMSE MAE 𝑅2

Gaussian 9.46 6.48 0.6265 7.35 4.90 0.5190 21.16 14.35 0.8564

Exponential 9.73 6.37 0.6350 7.63 5.16 0.4651 21.53 14.57 0.8531

Mix. Gaussian 9.44 6.30 0.6260 6.56 4.08 0.5992 20.43 13.33 0.8928
Mix. Exponential 21.90 14.93 -0.8923 17.98 12.99 -1.9706 21.45 14.58 0.8521

The comparative results, visualized through CDF and KDE plots in Figures 4.1 and 4.2, reveal

that, across all clusters and services, the Gaussian and mixture Gaussian distributions consistently

provided the closest alignment to actual traffic patterns. The CDF illustrates the proportion

of observations falling below a given value, enabling for a direct assessment of the alignment

between generated and real traffic distributions over the entire range. The KDE plots approximate

the underlying probability distribution of the data, allowing us to visually compare the shape,

spread, and modality between actual and synthetic samples.

For MIoT traffic, Gaussian-based models excelled in replicating multi-modal behaviors and

capturing the full shape of the distribution. The KDE plots in Figure 4.2 show a close alignment

of peaks and troughs between the actual and generated data, while the CDF plots in Figure 4.1

exhibit the minimal divergence across the cumulative probability range, indicating a strong

match not only in central tendency but also in tail behavior. The quantitative metrics in

Table 4.2 reinforce this observation, with Gaussian models achieving the lowest RMSE and

MAE in Clusters 0 and 2, and mixture Gaussian models outperforming others in Cluster 1.

This demonstrates that, while Gaussian models are robust across most traffic patterns, mixture

Gaussians offer added flexibility in handling clusters with more complex.
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Figure 4.1 CDF comparison between real vs. generated traffic in each service type

In the case of Industry 4.0 traffic, mixture Gaussian models achieved the lowest RMSE, MAE,

and the highest 𝑅2 values in all clusters (see Table 4.3). These models demonstrated the ability

to preserve subtle distributional features such as secondary peaks or gradual decay rates usually

smoothed over by pure Gaussian models. Conversely, both exponential and mixture exponential

models consistently underperformed: the KDE plots show oversimplified distributions with

distorted peak amplitudes, and the CDF plots reveal misalignment in both mid-range probabilities

and tail regions, confirming their inability to represent the more intricate statistical patterns

present in this dataset.

Video streaming traffic, characterized by high throughput and pronounced periodicity, was best

modeled by Gaussian distributions across all clusters (see Table 4.4). The KDE plots demonstrate

an accurate reproduction of both the magnitude and location of primary peaks, while CDF

curves show a strong overlap in cumulative probabilities, suggesting that temporal regularity
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of video streaming is well-suited to Gaussian modeling. Mixture Gaussian models offered

negligible improvement here, reinforcing that the simpler Gaussian assumption is sufficient for

traffic with this degree of regularity.

Overall, the quantitative metrics (RMSE, MAE, 𝑅2) are well-aligned with the visual analyses,

with mixture Gaussian models being generally the most adaptable, particularly for heterogeneous

and multi-modal traffic patterns, whereas pure Gaussian models excelled for traffic with stable

periodicity and moderate variance. Exponential-based models, including mixtures, consistently

failed to capture statistical complexity of the observed traffic, making them unsuitable for

high-fidelity synthetic traffic generation in this context. Taken together, the results confirmed that

Figure 4.2 KDE distribution comparison between real vs. generated traffic

best-performing distributions in each service type

our MEP-based framework, when combined with Gaussian or mixture Gaussian distributions,

can robustly reproduce both the temporal coherence and statistical structure of real-world network
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traffic, highlighting its suitability for realistic synthetic traffic generation in mobile network

contexts.

Table 4.4 Evaluation metrics of different distributions on the Video Streaming dataset

across clusters

Cluster Number Cluster 0 Cluster 1 Cluster 2
Distribution Type RMSE MAE 𝑅2 RMSE MAE 𝑅2 RMSE MAE 𝑅2

Gaussian 31.61 20.23 0.7497 17.05 11.70 0.8439 23.16 16.18 0.8639
Exponential 32.20 20.11 0.7408 17.19 11.80 0.8415 23.19 16.20 0.8636

Mix. Gaussian 32.04 20.77 0.7428 17.08 11.72 0.8435 23.18 16.19 0.8637

Mix. Exponential 32.34 21.01 0.7380 49.27 35.91 -0.3032 23.99 17.53 0.8443

4.5 Conclusion

In this paper that aimed to address critical limitations in existing generative models, we introduced

a MEP-based approach for generating synthetic traffic. Using comprehensive real-world datasets

from the City of Calgary, the results of our evaluation demonstrated that the proposed method

can faithfully reproduce the complex temporal dynamics and statistical properties characteristics

of urban network traffic. Both Gaussian and Gaussian mixture models achieved a high fidelity

in capturing periodic fluctuations, multi-modal structures, and fine-grained distributional

patterns across diverse traffic scenarios. This framework offers substantial benefits in terms

of interpretability, flexibility, and data efficiency, which makes it highly suitable for practical

applications in network simulation, anomaly detection, and optimization. To further enhance

its applicability to various mobile network scenarios, future research should aim to integrate

additional contextual and spatial variables into the MEP framework.





CONCLUSION AND RECOMMENDATIONS

The evolution of fifth-generation (5G) mobile networks has introduced unprecedented opportunities

for high-throughput communications, massive device connectivity, and support for advanced

applications such as autonomous systems, real-time analytics, and smart city services. However,

these advances come with significant challenges, particularly in modeling, forecasting, and

optimizing network traffic, which is inherently dynamic, heterogeneous, and highly complex.

Machine learning (ML) has emerged as a powerful tool for addressing these challenges, but

its success depends on the availability of large-scale, representative, and high-quality datasets.

Unfortunately, publicly available 5G datasets remain scarce due to privacy concerns, proprietary

restrictions, and infrastructure limitations.

To overcome this limitation, this thesis leveraged urban mobility datasets as a proxy for 5G

traffic, motivated by their similarity in temporal patterns, statistical properties, and traffic

dynamics. However, these datasets often contain missing observations caused by sensor failures,

device malfunctions, and connectivity issues, which significantly degrade the performance

of downstream forecasting and optimization models. To address this, an adaptive imputation

approach was proposed, specifically designed to fill incomplete time series while preserving

temporal dependencies and seasonal structures.

Furthermore, evaluating the quality of imputation presents a critical challenge when ground

truth values are unavailable. To tackle this issue, The thesis introduced novel distribution-based

evaluation metrics that serve as an alternative to traditional metrics, enabling more robust and

informative evaluation of filled data. Comprehensive experiments conducted on real-world

urban datasets demonstrated that these metrics are consistent, interpretable, and effective across

different gap sizes and model families.

Building upon the reconstructed datasets, the thesis proposed a Maximum Entropy Principle

(MEP)-based traffic generation framework. By encoding empirically observed constraints, this
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approach produces realistic synthetic 5G traffic traces that accurately capture both temporal

dynamics and distributional properties without relying on unsupported assumptions. Extensive

experiments demonstrated that the MEP-based approach is data-efficient, interpretable, and

capable of generating synthetic 5G traffic that accurately preserves the temporal dynamics and

distributional properties observed in real-world data.

The contributions of this thesis collectively enhance the robustness and reliability of data-

driven 5G traffic analysis. By addressing the challenges of data scarcity, missing information,

evaluation reliability, and synthetic data generation, this work provides a complete framework that

supports improved traffic forecasting, anomaly detection, and network performance evaluation

in next-generation mobile networks.

Looking forward, several research directions remain open. First, extending the proposed

imputation framework to handle multi-modal and multi-source datasets that combine traffic,

mobility, and contextual information could further improve reconstruction accuracy and

robustness. Second, enhancing the traffic generation framework by incorporating adaptive

mechanisms capable of capturing evolving network behaviors would make it more suitable

for real-time applications in operational 5G environments. Finally, as sixth-generation (6G)

networks emerge, future research could focus on adapting the proposed methodologies to model

new traffic characteristics introduced by ultra-reliable low-latency communications, integrated

sensing, and AI-driven network services.

In summary, this thesis bridges critical gaps in 5G traffic modeling by improving data preparation,

introducing robust evaluation methodologies, and enabling realistic traffic synthesis. The

proposed frameworks lay the groundwork for more reliable machine learning models and provide

a foundation for advancing data-driven solutions in next-generation wireless networks.
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