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ABSTRACT

This research evaluates the effectiveness of robust regression techniques, specifically
Theil-Sen and Repeated Median Regression (RMR) as benchmarks for regression-
based Federated Learning (FL) across a range of simulated sensor configurations.
FL is a privacy-preserving paradigm that enables collaborative model training across
distributed nodes without centralizing the raw data. Standard regression techniques
such as linear regression, which is not robust against outliers and heterogeneity are
commonly employed in real world FL environments. In contrast, RMR demonstrates
the highest resilience and lowest error rates, with Theil-Sen also showing strong per-
formance as a more computationally efficient alternative. RMR achieves the overall
highest performance gains, with the best efficiency improvement with respect to the
linear federated regression. The findings of the study support the use of robust regres-
sion as a dependable alternative in distributed, real-world sensor networks.

Keywords: Federated Learning, Repeated Median Regression, Linear Regression, Theil-Sen

Regression
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CHAPTER 1
INTRODUCTION

FL is a key machine learning technique which can use as a solution to critical concerns
in the latest context, such as data privacy, distributed computation, and model personal-
ization. FL enables decentralized training by aggregating model updates from local de-
vices without transferring raw data, while conventional machine-learning frameworks
rely on centralized data storage[1]. This centralized approach is important in sensi-
tive domains that contain confidential data, like finance, healthcare, business data, and
mobile applications, where safeguarding data privacy and security is of utmost impor-
tance [2]. Regression analysis is a statistical method used in statistical modelling to
identify the relationships between the variables. This method plays a crucial role in FL
because it supports decentralized predictive modelling, handling heterogeneous data,
privacy-preserving forecasting and proving robustness against outliers. However, it
needs advancements in robust regression methodologies and the development of tech-
niques to minimize statistical biases in distributed settings.

Conventional regression models frequently assume that the data for all training
examples is uniformly distributed. But in a federated environment, data is usually
dispersed among several devices, each with its unique distribution determined by vari-
ables including device capabilities, user demographics, and geographic location[3].
Because of the statistical bias that emerges, traditional regression procedures are less
useful in federated contexts. Robust regression techniques are showing promise as
solutions to these issues, guaranteeing more accurate and dependable regression mod-
els in FL[4]. The goal of this thesis is to assess robust regression as a standard for
regression-based FL, with an emphasis on how well it handles situations, including
heterogeneous and non- Independent and Identically Distributed (IID) data.

1.1 Research Problem

FL has shown promise in a number of fields in the present context, but regression-based
FL has some serious drawbacks in the handling of noisy and skewed data distributions.
Since data collected on various client devices and device types frequently exhibits
non-uniformity and follows diverse statistical distributions due to the data heterogene-
ity. The assumption that data set which consider is independently and identically dis-
tributed is commonly made by conventional regression models, although it is not true
in FL situations. Due to this reason, normal regression procedures in these situations
frequently result in less generalization and less than ideal model performance.
Outliers in practical scenarios are a key concern which needs to be addressed when
working with the FL implementations. Due to theis noise, variations in device quality,



user behaviour, or inadequate data collection, data gathered from a variety of client
devices may contain notable variations in real-world FL situations. Further, conven-
tional regression models are extremely susceptible to outliers due to those mentioned
reasons, which frequently leads to skewed predictions and lower model accuracy. Im-
proving the dependability of FL-based regression models requires the development of
strong regression strategies that can reduce and manage the impact of such outliers.

In FL, it entails repetitive interactions for data transfer between a central server and
numerous dispersed clients. Due to this high number of transactions, communication
efficiency needs to be optimized to reduce the over resource utilization. Normally,
FL systems are vulnerable to latency and bandwidth issues as they require frequent
model updates. Robust regression techniques can be effectively used to sustain model
stability and convergence while lowering communication overhead. However, in FL,
achieving a balance between resilience and communication efficiency is critical for
practical deployment in bandwidth-constrained contexts.

Privacy restriction in FL is a key consideration, and regression techniques need to
be created to function well inside these privacy-preserving frameworks [5]. Mainly FL.
was specifically developed to safeguard user data privacy by storing raw data on local
devices. Due to that reason, it can sometimes be difficult to maintain the accuracy of
robust regression models while adhering to privacy laws in each scenario. This mainly
occurs when modifications to the model incorporate sensitive data or unintentionally
reveal patterns of private information throughout the FL process. During the FL pro-
cess, all the users may provide the equal amount or quality of data. This imbalance
of data also can lead to biases in the global model, making it unfair or skewed toward
certain user groups.

In the client data unbalanced or non-representative scenarios, standard regression
models may unintentionally introduce or magnify such biases, resulting in unfair and
distorted forecasts. To solve this issue and guarantee equitable performance across
various client demographics, fairness considerations must be incorporated into reliable
regression techniques. The objective of this thesis is to thoroughly examine, evaluate,
and contrast several robust regressions approaches in the framework of FL. Through
a thorough assessment of these resilient regression techniques, this study aims to set
a standard for their performance in regression-based FL applications, ultimately ad-
vancing the creation of FL. models that are more trustworthy, equitable, and privacy-
preserving.

1.2 Scope and Objectives of the Research

Regression-based FL is the subject of this study, with a focus on robust regression
methods as a standard. This research objective is to explore how robust regression
methods can strengthen federated learning models when dealing with varied and noisy



data. It focuses on generating synthetic datasets that reflect real-world differences
across sensors by comparing techniques such as linear regression, Theil-Sen, and
RMR. The goal is to understand and evaluate how these approaches perform at scale,
measuring accuracy, efficiency, and their ability to handle outliers. This study aims
to offer practical guidance and approach for building more reliable and fair regression
models in distributed environments. The study highlights the difficulties presented by
decentralized and varied data sources by methodically examining the effects of data
heterogeneity and non-IID data distributions on regression performance in federated
systems. Regression-based FL is the subject of this study, with a focus on robust
regression methods as a standard. The study highlights the difficulties presented by
decentralized and varied data sources by methodically examining the effects of data
heterogeneity and non-IID data distributions on regression performance in federated
systems. Furthermore, because device quality, user behavior, and data gathering meth-
ods vary widely in decentralized contexts, it assesses how resilient various regression
models are to outliers and noisy data. The evaluation of computational and communi-
cation efficiency is another essential component of this study because reliable regres-
sion techniques in FL need to strike a compromise between accuracy and real-world
factors like latency and bandwidth consumption.

It should be noted that this study primarily examines how robust regression can im-
prove predictive accuracy and fairness in decentralized machine learning frameworks,
thereby focusing exclusively on regression-based FL. models and purposefully exclud-
ing classification-based FL approaches.

1.3 Contribution

This thesis addresses important issues and advances the status of research in the fields
of robust regression and FL, making several important contributions and improve-
ments. One of the main contributions is the methodical benchmarking of reliable
regression algorithms in federated contexts. This study creates a framework for perfor-
mance comparison by thoroughly analyzing several robust regression techniques and
determining their advantages and disadvantages when used with decentralized data. In
this work, non-IID data distributions that are frequently found in practical applications
are modelled to explore the impact of data heterogeneity. This research highlights
the importance and significance of model selection when working with heterogeneous
datasets by offering insightful information. Further, it discusses how various robust
regression models react to data variability through in-depth analysis.

Due to the variations in device quality, user behaviour, and data collection tech-
niques, real-world data in federated contexts is frequently susceptible to outliers. This
research work addresses the significant issue of outlier resilience in FL by carefully
examining the impacts of outliers on FL-based regression models and determining the



best robust regression strategies for reducing these effects. To address the scalabil-
ity and efficiency concerns in FL, this study evaluates the impact of robust regression
techniques on FL’s performance. It provides helpful suggestions for maximising effec-
tiveness without sacrificing robustness. Furthermore, this work covers the gap between
the traditional regression models and FL environments by tackling these important con-
cerns highlighted previously. The results of this research and approaches presented in
this thesis help to improve the robustness, scalability, and adaptability of FL-based re-
gression algorithms to practical applications, which in turn improves the dependability
and equity of decentralised machine learning systems.

1.4 Organization of the thesis

This thesis consists of five main chapters and is organized as follows. Chapter 1 is
“Introduction” and discussed background of the topic,the research problem, scope and
the objectives of the research work and the contribution.

In Chapter 2, "Literature Review" the literature on FL, regression models, and
resilient regression procedures is thoroughly examined. This chapter examines earlier
research on regression-based FL and talks about different strategies meant to solve
issues with model robustness and data heterogeneity. This chapter lays the groundwork
for the research challenge this thesis addresses by critically assessing the corpus of
existing knowledge.

In Chapter 3, "Methodology," the experimental design and theoretical underpin-
nings of the robust regression approaches used in the study are described. The theo-
retical formulations, dataset selection criteria, and FL. model implementation are pre-
sented, together with the evaluation measures that are used to gauge the models’ ef-
fectiveness. This chapter also outlines the simulation environment designed to test the
efficacy of several robust regression techniques in a FL setting.

"Experimental Results", the fourth chapter, provides the empirical results of ap-
plying robust regression techniques to the FL framework. A thorough examination
of performance measures, method comparisons, and in-depth explanations of the out-
comes are all included in this chapter. It demonstrates how well each robust regression
technique handles non-1ID data, assesses communication efficacy, and guarantees ro-
bustness against outliers. The conclusions derived from these findings are examined
closely in order to comprehend their practical significance .

In Chapter 5, "Conclusion and Future Work," the main conclusions drawn from the
study are outlined. In addition to outlining possible directions for further research, this
chapter considers the contributions made to the field of regression-based FL. It recom-
mends investigating cutting-edge privacy-preserving strategies to improve regression
accuracy and model fairness in decentralized contexts, as well as expanding the strong
regression benchmarking framework to support deep learning models within FL sce-



narios. By structuring the thesis in this manner, the research progresses from founda-
tional concepts and literature to methodological implementation, empirical analysis,
and future perspectives, providing a holistic understanding of robust regression as a
benchmark for regression-based FL.



CHAPTER 2
LITERATURE REVIEW

2.1 Introduction to Federated Learning and Robust Regression

Mobile phones, tablets laptops and many of the recent devices have become essen-
tial part of daily life of the most of the people [6, 7]. The online connectivity in-
creases day by day and the amount of data generated in those devices also increases
in a higher phase. From staying connected with loved ones to managing work, fit-
ness,communties and even entertainment, these digitally empowered devices handle it
all. As highlighted, these devices collect a massive amount of personal data including
photos, messages, health stats, locations, user browsing behaviors and many personal
and highly confidential information. Most apps collect and share user data to improve
functionality and enhance the overall user experience [8, 9]. While this can lead to
better services, it also poses a significant risk especially when sensitive or confidential
information is involved. For instance, imagine a user working on a highly confiden-
tial project at their workplace, storing critical documents alongside everyday files on
their device. If an app is granted permission to share data for optimization purposes,
there’s a risk that confidential files could be included in the shared data. This creates
a serious vulnerability if the shared data is compromised, sensitive information could
fall into the wrong hands, posing risk of potential data breaches, financial losses, or
reputational damage. This highlights the urgent need for privacy preserving technolo-
gies like FL. FL allows apps to improve their performance without directly accessing
or transmitting raw user data.

FL is a decentralized machine learning technique that facilitates collaborative train-
ing of a model across multiple clients while ensuring the data remain localized. This
innovative approach ensures that training data remains decentralized, thereby main-
taining the privacy and confidentiality of data on each individual device [10]. As shown
in the 2.1 training data is distributed across the number of end devices, which act as
individual workers. In the process, a central aggregator collects local model updates
from these devices, using their locally stored training data to refine and update a global
model [11] iteratively. FL focuses on protecting privacy by allowing models to train
directly on user devices, eliminating the need to share raw data with a central server.
In Some FL scenarios, only essential updates are shared to improve the model while
strengthening privacy. However, the level of privacy maintained depends largely on
how these updates are designed and handled during the process [12].



Federated Learning
Server

Model Updates Model Updates
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Fig. 2.1: Federated Model Architecture

2.2 Elimination of Statical bias

Statical bias is a critical challenge in FL, and one of the reasons for that is the non-
independent and identically distributed nature of data across different clients. This
imbalance available in data distribution can lead to biased model updates, reducing
fairness and generalization across diverse populations [13]. Addressing the statistical
bias in FL is extremely important to obtaining fair and robust machine learning models
[14]. This chapter of the thesis reviews existing research regarding the statistical bias
in FL and a few methods discussed in this work to mitigate its impact.

2.2.1 Sources of Statistical Bias in Federated Learning

One of the main reasons for bias in FL occurs due to data heterogeneity, where individ-
ual clients possess datasets with varying distributions [15],[16]. In normal centralized
learning, data is aggregated into a common repository. FL operates with local data, and
that may differ in size, quality, and feature representation across clients. This reason
can lead clients to drift and models favoring dominant data distributions under repre-
senting minority groups and needing to be properly addressed throughout a FL-based



implementation[ 17].

In FL, imbalanced participation or uneven contribution also result the over repre-
sentation of their data in the final model. Recent research demonstrates that clients
with limited computational capacity or connectivity may engage less often, which can
cause bias in federated models [12]. furthermore, clients with different data collection
practices may introduce additional bias, as observed in real-world applications such as
healthcare and finance [18, 19].

2.2.2 Methods for Eliminating Statistical Bias in FL

Statical bias elimination methods are critical to obtaining accurate predictions and re-
sults. Below are some of the methods that can be used for bias elimination.

2.2.2.1 Data Reweighting and Resampling

Data reweighting and resampling is a widely adopted method to address the bias in FL.
That process involves assigning different weights to client updates based on their data
distribution. For example, [17] presented FedProx, a method using a proximal term to
vary each client’s contribution, hence reducing the effect of biased updates.

2.2.3 Personalized Federated Learning

Personalized FL. methodologies aim to establish models customized for unique client
distributions while preserving a global model. One such approach is meta-learning,
where models are trained to adapt to client-specific distributions [20, 21]. Another
method is clustered FL, where clients with similar data distributions are grouped, al-
lowing models to learn from more homogeneous subsets [22, 23].

2.2.4 Fair Aggregation Algorithms

Bias can also be mitigated at the aggregation level using fair aggregation techniques.
For instance, FedAvg [12] was an early approach that averaged model updates, but it
often amplified bias due to data imbalance. Later methods, such as FedOpt [24] intro-
duced adaptive learning rates for different clients to equalize their influence. Another
technique, g-Fair FL [25] prioritizes the worst-performing clients during aggregation
to ensure fairer model updates.

2.2.5 Differential Privacy and Bias Correction

Although differential privacy is mostly applied in security, it can also help reduce bias
by stopping overfitting dominant client distributions. Researchers have combined dif-
ferencial privacy with bias correction methods as an improvement. That approach



works as fair representation learning to ensure models are less sensitive to disparities
in client data [26].

2.2.6 Conclusion- Elimination of Bias Federated Learning

Eliminating statistical bias in FL is essential for building fair and reliable artificial
intelligence systems. Researchers have explored various approaches, such as data
reweighting, personalised learning, fair aggregation, and privacy-preserving techniques,
to address this challenge. Although these strategies have significantly enhanced model
fairness, practical applications still encounter challenges because of different client
participation rates and inconsistent data distributions. As FL evolves, future research
must focus on developing adaptive bias mitigation strategies that can dynamically re-
spond to changing data patterns, ensuring that models remain equitable.

2.3 Regression

2.3.1 Introduction

Regression models are frequently used in various industries and domains such as
healthcare, finance, telecommunications, manufacturing, and many other industries
for predictive modeling and analysis [27]. However, data imbalance, omitted variable
bias, and measurement errors are some issues associated with regression [28]. Bias
in regression can lead to some issues such as incorrect inferences, poor generalization,
and unfair, incorrect decision-making, particularly in critical applications such as med-
ical diagnostics [29]. Statical bias in regression models and methods to mitigate those
are discussed in this chapter.

2.3.2 Sources of Statistical Bias in Regression Models

One of the main causes of statistical bias in regression analysis is omitted variable bias
and it results from the exclusion of a significant explanatory variable from the statis-
tical model. The omission that appears can lead to biased and inconsistent parameter
estimates [30]. As an example, in a salary prediction model the education level is a
key factor and if fail to include it in the model may result in an overestimation of the
effect of work experience on salary. Furthermore, that predicted model is also a biased
result due to the omission. For this kind of salary estimation, both education and work
experience contribute, and omitting one differs the results and skews the precision of
the model predictions that leading to incorrect and misleading conclusions [31].
Mainly data imbalance and skewed distribution occur when the specific data dom-
inate in the data set. In some practical situations, data can be unbalanced such that
one group has way more examples than another. This is a problem because the model



learns mostly from the bigger group and struggles to make accurate predictions for the
smaller group. As a result, the model becomes biased and less reliable [32]. Simi-
larly, measurement errors in input variables can introduce bias, as inaccuracies in data
collection propagate through the model and affecting regression coefficients and pre-
dictions [33].

Endogeneity is another issue that contributes to bias in regression models[34]. It
arises when an independent variable is correlated with the error term, leading to biased
and inconsistent estimate results. This can be mitigated and addressed by using the in-
strumental Variable methods, which are used to estimate the causal effect of a variable
when there is a potential for endogeneity, meaning the variable of interest is correlated
with the error term in a regression model [35].

2.3.3 Methods for Eliminating Statistical Bias in Regression

Statical bias elimination methods are critical to obtaining accurate predictions and re-
sults. Below are some of the methods that can be used for bias elimination.

2.3.4 Regularization Techniques

There are few methods used to eliminate statical bias and regularization technique is
one of the widely used approach[36]. This technique involves adding penalty terms to
the regression coefficients to reduce the over-lifting and improve the generalization of
the model. Ridge regression [37] and Lasso regression [38] apply L2 and L1 penalties,
respectively, to shrink coefficient values. This helps reduce variance and address bias
caused by multicollinearity. Elastic Net, a hybrid of Ridge and Lasso, further enhances
stability in cases with highly correlated predictors [39].

2.3.5 Robust Regression Methods

One of the main issues in traditional least squares regression is that it is susceptible
to outliers and data anomalies, which introduce bias to models. Robust regression
techniques such as Huber regression and quantile regression [40] can be used for more
improved results, which help mitigate the influence of outliers by using alternative loss
functions that are less sensitive to extreme values. These robust regression methods
improve the reliability of regression estimates, especially in datasets with heavy-tailed
distributions [41].

2.3.6 Instrumental Variable Approach

The instrumental variable statical bias elimination method is used to address the bias
that arises due to endogeneity, which involves identifying external instruments that
are related to endogenous regressors but have no association with the error term [42].
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After identification, the rest of the filtered variation is used to estimate the causal effect
of the independent variable on the dependent variable. The Two-Stage Least Squares
method is commonly used to obtain unbiased estimates. In such cases, the first stage
predicts the endogenous variable utilizing the instrument, and the second stage uses
this prediction to estimate the causal effect [43].

2.3.7 Bias Correction Techniques

A number of bias correction techniques have been developed to improve the accuracy
of regression estimates and results by addressing potential estimation errors. The post-
stratification weighting introduced by Little [44] is one of the widely used methods that
are highly useful in the correction of bias in survey-based regression models. In this
technique, the weights of the survey responses adjust based on the known population
characteristics, supporting the correction of sample bias and ensuring that the results
more accurately reflect the broader population.

Bayesian hierarchical modelling is another practical bias elimination approach,
which incorporates prior distributions to regularise parameter estimates [45]. This
method is mainly beneficial when working with small sample sizes or sparse data
and helps stabilise estimates and reduce the impact of extreme values. Significantly,
Bayesian models can mitigate and improve the robustness of the statical inferences by
combining the prior knowledge and hierarchical structures.

These statical bias elimination methods play an important role in enhancing the
reliability of regression analysis In cases where typical techniques may not yield trust-
worthy or accurate findings.

2.3.8 Fairness-Aware Regression

Recent research has increasingly focused on developing fairness-aware regression mod-
els to mitigate bias, especially in social and economic applications [46]. Fair regression
is one of the widely used approaches under fairness-aware regression, which introduces
fairness constraints to ensure that model predictions remain equitable across different
demographic groups [47]. By including fairness constraints directly into the regres-
sion framework, these fairness-aware regression models help reduce disparities in out-
comes. This approach is beneficial in domains such as hiring, lending, and healthcare
decision-making [48, 49]. Adversarial debiasing is another fairness-aware regression
that utilizes supplementary models to detect and mitigate biased representations within
regression predictions. This method was initially proposed by Zemel [50], and this
method utilizes adversarial networks to enforce fairness by minimizing the extent to
which protected attributes, such as race or gender, influence model predictions. By
integrating an adversarial element that identifies and rectifies bias during the training
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of the primary model, adversarial debiasing improves the fairness and generalizabil-
ity of regression models, making them more effective in real-world scenarios. These
fairness-aware regression techniques are essential for addressing unbiased issues in
predictive modelling. Research related to this area is continuously evolving, and fur-
ther advancements in algorithmic fairness and debiasing strategies will be critical for
contributing to transparency and accountability.

Addressing statical bias in regression modelling is critical for ensuring accurate
results and reliable, fair predictions. There are a lot of challenges that remain in real-
world applications with large data sets and, especially with dynamic evolving data
and hidden biases included. Future research in this area should focus on adaptive bias
mitigation strategies that integrate fairness and interpretability in regression modelling.

2.4 Robust regression

Although FL offers significant potential, one of the biggest challenges in the FL is ad-
dressing the non-independent and identically distributed nature of client data sets. The
existence of outliers and noise in data can introduce biases and instability in models if
not properly managed. To address this, robust regression techniques play a crucial role
in maintaining the reliability of the learning process, even when data quality varies sig-
nificantly among clients. This chapter explores the advancement of robust regression,
its incorporation into FL, and the practical impact of these methodologies in real-world
applications.

2.4.1 Fundamentals of Robust Regression

Mainly robust regression evolved from the classical statical methodologies to address
the limitations of techniques like Ordinary Least Squares (OLS) which more vulner-
able towards the outliers. Researches have demonstrated that even a few irregular data
points can heavily skew OLS estimates, leading to unreliable and biased outcomes
[51]. Huber introduced m-estimators an approach that modifies the loss function to
lessen the impact of large deviations to mitigate this bias issue [52] . Building upon
these foundational insights, Rousseeuw and Leroy developed high breakdown point es-
timators, such as Least Trimmed Squares by further strengthening the field [53]. These
estimators are especially useful when data quality is compromised. They can manage
large volumes of corrupted data while preserving the reliability of regression models.
Over time, robust regression techniques have been widely adopted in various fields,
including econometrics and biomedical research. Their broad applicability has proven
effective in addressing real-world data challenges. Robust regression enhances the ac-
curacy and stability of estimating underlying trends in data by reducing the excessive
influence of outliers. This characteristic makes robust regression an essential tool in
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both theoretical and applied statistical studies. It helps preserve model integrity even
in complex, data-driven environments where anomalies and noise are prevalent.

2.4.2 Integrating Robust Regression into Federated Learning

Robust regression algorithms are highly beneficial in the context of FL. Heterogene-
ity is inherent in FL systems since different clients may collect data under different
circumstances [54]. Because of this variability, some clients’ datasets frequently have
noise or outliers that, if carelessly aggregated, could have a detrimental effect on the
global model. Before the model changes are aggregated at the central server, the im-
pact of these anomalies can be mitigated by using strong regression procedures at the
client level. The use of robust loss functions, like the Huber loss, which has been
modified for FL scenarios, is another intriguing discovery by Huber and Leroy et al
[52]. The resulting updates are more dependable when each client is given the oppor-
tunity to train their local model using a robust loss function. By making sure that no
single client’s data significantly skews the aggregated model, this approach offers two
benefits: it protects the global model from outliers and promotes equity.

2.4.3 Methodological Advances and Practical Considerations

A number of methodological advancements have been presented in recent years, in-
cluding robust regression approaches into the FL framework, and a few of them are
discussed below.

1. Robust Loss Adaptation: Robust loss functions are now directly incorporated
into the training process of many FL systems These functions help to mitigate the
adverse effects of outliers by down-weighting their influence during the learning
process. Each client can dynamically adapt to the quality of their own data
thanks to the adaptive nature of these loss functions as per the studies of [52],
Huber et al.

2. Adaptive Aggregation Schemes: Traditional aggregation techniques, like Fe-
dAvg, consider all client updates equally. However, in a robust setting, adaptive
aggregation schemes weigh updates based on their estimated reliability. In [55],
Yin et al. developed such an approach, which actively diminishes the influence
of erratic updates while promoting those that are consistent with the broader
trend. This results in a more stable and fairer global model.
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3. Personalization and Clustered Learning: Robust regression in FL is also being
paired with personalization strategies. By clustering clients with similar data
distributions, models can be trained to be finely tuned to specific groups while
still benefiting from global insights. This is particularly valuable in settings like

healthcare, telecommunication or finance, where data heterogeneity is the norm
[22].
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CHAPTER 3
METHODOLOGY

3.1 Introduction

The growing use of FL in the real world has increased adoption and brought attention
to the necessity of strong regression techniques, especially when managing adversarial
impacts, data heterogeneity, and statistical bias. Conventional regression techniques
in FL frequently provide less-than-ideal models that lack generalization and fairness
because of noisy settings, outliers, and non-independent and identically distributed
data. To address these challenges, this study explores robust regression as a benchmark
for regression-based FL, evaluating its effectiveness in mitigating statistical bias and
improving model stability.

This methodological chapter covers the procedures for integrating, validating, and
contrasting robust regression approaches inside the FL framework. This methodology
procedure ensures an evaluation of robust regression in FL, which includes data col-
lection, processing, model selection, federated training, evaluation, and comparative
analysis. The process is presented step by step in the following subsections.

3.2 Data Generation and Noise Model

In the context of sensor data analysis, generating synthetic data is a critical step for
testing and evaluating the performance of various regression methods. The synthetic
data simulates real-world scenarios, where sensor measurements are subject to noise
and inconsistencies. In this study, synthetic data is generated using a combination of
linear, Gaussian, and exponential models within the Scilab platform. Each model is
designed to exhibit distinct characteristics that simulate various real-world phenomena
commonly observed in sensor data collection.

The linear model is the simplest and most fundamental form of data representation.
It assumes a linear relationship between the input variable = and the output variable y.
The linear equation used for data generation is given by:

y=mzx+c+e (3.1)

Here, m represents the slope, c is the intercept, and e denotes the noise compo-
nent. Linear data models are particularly useful when the sensor output is expected
to vary proportionally with the input, such as in temperature sensors under controlled
conditions.

Noise is inherent in any real-world data acquisition system and is crucial to simu-
lating synthetic data generation. In this study, three types of noise models are incor-
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porated, namely Gaussian, Exponential, and Non-Linear Quadratic noise, as discussed
below.

3.2.1 Gaussian Noise

Gaussian noise, also known as normal noise, follows a normal distribution with a mean
of zero and a specified standard deviation e. It is mathematically represented as:

e ~ N(0,07%) (3.2)

Gaussian noise is prevalent in many real-world applications due to the Central
Limit Theorem, where the aggregated effect of numerous small disturbances leads to
a normal distribution. This type of noise models scenarios where random fluctuations
affect the sensor readings.

3.2.2 Exponential Noise
Exponential noise is characterized by a distribution where the probability decreases
exponentially as the deviation from the mean increases. It is modeled as:

e ~ Exp(}) (3.3)

This noise model is suitable when sensor errors or measurement anomalies exhibit
an exponentially decaying distribution, often seen in signal attenuation and decay pro-

cesses.
3.2.3 Non-Linear Quadratic Noise

To introduce non-linearity, a quadratic term is added to the synthetic data generation
model. The corresponding equation is given below.

y=mz+c+az’+e (3.4)

Here, o represents the non-linearity coefficient. This model is used when the re-
lationship between the sensor input and output is not purely linear, such as in systems
affected by physical deformation or varying environmental factors.

3.3 Data Generation

Synthetic data is generated using a combination of linear equations integrated with the
previously described noise models. Each dataset consists of 100 samples per sensor,
with the slope and intercept randomly selected from a predefined range to reflect varia-
tions among different sensors. Noise is then incorporated into each data point to mimic
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real-world uncertainties and signal disturbances. Furthermore, outliers are intention-
ally introduced by modifying certain data points with an increased noise factor. This
ensures that the dataset can effectively test the resilience of regression methods when
dealing with noisy conditions.

3.3.1 Experimental Design

This study simulates a FL. environment in which multiple sensors generate data based
on slightly different linear models. The goal is to analyze how different regression
methods perform under various levels of sensor heterogeneity and noise, across a range
of sensor counts from as few as 10 to as many as 10,000. Each sensor collects data
independently and trains a local model, which is then aggregated globally in a federated
manner.

Each sensor follows a general model given by:

y=a-v+b+e+na’ (3.5)

where a and b are the unique slope and intercept for each sensor, € ~ N(0, 0?) is
the Gaussian noise with o = 1, and 1 = 0.05 introduces a minor non-linearity into the
otherwise linear model. In addition, an outlier noise factor of 0.2 is incorporated to
simulate unexpected disturbances, thereby increasing the realism of the dataset.

To evaluate how the system performs as the sensor network expands, the total num-
ber of deployed sensors, denoted by N, was systematically adjusted across a series
of predetermined values. The range started with a minimal configuration of 10 sen-
sors and was incrementally increased through representative steps such as 20, 50, 100,
200, 300 up to a maximum of 10,000 sensors. This gradual scaling approach was
intentionally chosen to thoroughly examine the model’s performance, scalability, and
adaptability as the network size grew from small-scale to large-scale environments.

3.3.2 Sensor Parameter Scenarios

3.3.2.1 Scenario 1: Low Heterogeneity (Narrow Uniform Range)

In this baseline scenario, sensor parameters (slopes and intercepts) are drawn from a
narrow uniform distribution within the interval [0.9, 1.1]:

0; ~1(0.9,1.1) (3.6)

This setting represents a controlled environment where all sensors are well-calibrated
and operate under similar conditions. It simulates deployments such as lab-based ex-
periments, newly manufactured devices, or systems with high synchronization and
frequent maintenance. Low heterogeneity is essential for benchmarking algorithm per-
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formance under ideal conditions, helping isolate the impact of increasing diversity in
later scenarios [56].

3.3.2.2 Scenario 2: Moderate Heterogeneity (Wider Uniform Range)

In this scenario, greater variation among sensor parameters is introduced. Slopes and
intercepts are uniformly sampled from the range [0.5, 2.0]:

6; ~U(0.5,2.0) (3.7)

This broader uniform distribution models moderately inconsistent sensors, which
is common in distributed or aging networks. It reflects real-world cases where sensor
wear, minor miscalibration, or environmental differences introduce variation without
skew or bias. This is typical in large-scale, lightly maintained networks.

3.3.2.3 Scenario 3: Normal Distribution (Centered Variation)

Here, sensor parameters are sampled from a normal distribution centered at 1.0 with a
standard deviation of 0.1:

0; ~ N(1.0,0.1%) (3.8)

This configuration mimics sensor deployments where most devices perform con-
sistently, but small deviations exist due to manufacturing tolerances, calibration shifts,
or environmental noise. Such distributions are widely used in simulations of realistic
sensor behavior due to their symmetry and well-understood statistical properties [57].

3.3.2.4 Scenario 4: Skewed Parameters (Exponential Distribution)

This final scenario introduces asymmetry by sampling sensor parameters from an ex-
ponential distribution with rate A = 2:

6; ~ Exponential(A = 2) (3.9)

The exponential distribution captures long-tailed, skewed behavior, typical of sys-
tems under stress or degradation. It is especially suitable for simulating faults, harsh
operating environments, or sporadic but severe deviations in sensor output. These con-
ditions challenge regression robustness and help evaluate model performance under
extreme heterogeneity [58].
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3.4 Implementation of Robust Regression Algorithms

This study discusses and analyses linear regression, Theil-Sen regression, and repeated
median regression under different conditions. Linear regression is a traditional regres-
sion method that minimizes the sum of squared errors to determine the best-fit line.
Theil-Sen regression is a robust regression method that calculates the median slope
from all possible data point pairs [59]. Normally Theil-Sen regression is less sensitive
to the outliers. RMR increases robustness by using an iterative process based on me-
dians. This approach offers stronger resistance to extreme values and noisy data. It is
useful when datasets contain irregular or outlier points. By comparing RMR with other
regression methods, this study evaluates how well each technique performs under such
challenging conditions.

3.4.1 Least Squares Linear Regression

Linear regression is a simple and widely used method for modeling the relationship
between an independent and a dependent variable. It represents this relationship as
below:

y=mx+c+e (3.10)

In this expression, m denotes the slope of the regression line, c is the intercept, and
e captures the random error present in the observations. The parameters m and c are
typically estimated using the least squares approach, which seeks to minimize the total
squared differences between observed and predicted values. This is mathematically
formulated as:

min ) (y; — (ma; +c))* (3.11)
=1

This minimization ensures that the line best fits the given data by reducing the
overall prediction error.

This optimization ensures the best-fitting line that minimizes the error between
actual and predicted values. However, standard linear regression is highly sensitive to
outliers, making it less suitable in federated settings where sensor noise and adversarial
conditions are prevalent.

3.4.2 Theil-Sen Robust Regression

Theil-Sen regression is a non-parametric method that estimates the slope as the median
of all pairwise slopes:
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m = median (u> Vi< (3.12)

ZEj—.TZ‘

The intercept is then estimated as:

¢ = median(y — mx) (3.13)

The Theil-Sen robust regression method is highly robust to noise and outliers. To
incorporate various sensor models in a FL framework, the regression parameters are
aggregated across all sensors. The federated regression model is calculated using a
weighted average of the individual sensor models. For both linear and robust regres-
sion, the federated slope and intercept are computed as follows.

Zwimi o — sz‘cz‘
~ fed =
>owi ’ > w;

Here regression parameters are aggregated across all sensors to include various

Mted = (314)

sensor models in a FL framework. In this approach, the federated regression model is
calculated using a weighted average of the individual sensor models.

3.4.3 Repeated Median Regression

The Repeated Median method extends Theil-Sen by computing local slopes for each
point which formulate as:

Mpare = median (median#i <yj - yi) ) (3.15)

SL’j—IZ’

and the intercept as:

CRMR = median(yi — mRMR[L'i) (316)

This regression method provides increased robustness by eliminating the influence
of extreme outliers. By computing the median of medians, RMR enhances stability,
making it more resilient to both noise and adversarial data variations. The key ad-
vantage of RMR lies in its ability to mitigate the effects of local fluctuations while
maintaining reliable parameter estimation.

The FL model aggregates the regression parameters from multiple sensors to gen-
erate a global model. The key aspects of this implementation are as follows

1. Model Parameter Aggregation : In this approach, main regression parameters in-
cluding slope and intercept are aggregated using a weighted averaging approach.
This approach improves the accuracy of the global parameter estimates by inte-
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grating insights from multiple sensors. At the same time, it reduces the impact
of outliers, resulting in a more stable and reliable model.

2. Equal Contribution of Sensors : All sensors are assigned equal weight in this
aggregation approach to ensure uniform contribution to the resulting federated
model. This method helps mitigate the risk of skewed parameter estimation that
could arise from disparities in individual sensor data by promoting fairness and
consistency in the model.

3. Robustness to Local Fluctuations : The federated regression model improves
stability against fluctuations by aggregating outputs from multiple sensors. This
approach minimizes the effects of local data variations and ensures the consis-
tency of the global model and it makes more resilient to sensor-specific noise
and fluctuations.

This regression method reduces the effect of local data fluctuations which is com-
monly appear in real scenarios from individual sensors and guarantees robustness in
the federated regression model.

3.5 Federated Regression

Federated regression is a specialized regression method within FL designed to conduct
regression analysis. Data privacy can be mainained and data is decentralized. Feder-
ated regression differs from traditional machine learning by keeping raw data on local
devices rather than transferring it to a central server. In federated regression only model
updates are shared by preserving data privacy while enabling collaborative training.
This approach is important when working with sensitive or widely distributed datasets.
Data collected from personal devices or remote sensing equipment are examples for
this kind of privacy related data sets. Each device can perform computations locally
without transferring raw data, and only the resulting model parameters are shared with
a central aggregator. This ensures the learning process stays decentralized and secure.
It is particularly useful in areas such as healthcare, sensor networks, and telecommu-
nications, where protecting data and reducing exposure are key priorities.

3.5.1 Federated Regression Formulation

In the context of federated learning for regression, a distributed setting is considered
where multiple clients collaboratively contribute to learning a global regression model.
In this federated regression, let the local dataset for each client ¢ be defined as:

D; = {(331'1, yn), (%‘27 in)a ceey (*xinm ym)} (3.17)
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as per the above formulation z;; represents the feature vector, and y;; is the corre-
sponding target value. The objective is to establish a global regression model, given
by:

y=f(x)+e (3.18)

where f(x) is the regression function (e.g. linear or polynomial), and € is a noise
term. Here,each client independently trains a local regression model by minimizing its
local loss function expressed as:

1
j:

Once local training is completed, each client transmits its computed model param-
eters 0; to a central server. The server then aggregates these parameters to construct a
global model which formulate as:

| N
Ogiobal = N Z 0; (3.20)
i=1

If client datasets are imbalanced, a weighted averaging strategy can be employed
during aggregation to ensure fair model representation. This FL strategy allows de-
centralized data to contribute to the global model while preserving data privacy and
minimizing communication overhead.

3.5.2 Federated Regression Techniques

Federated regression can be applied using various regression techniques, each tailored
to specific data characteristics and robustness requirements. This study explores three
key techniques such that linear regression, Theil-Sen regression, and RMR, each offer-
ing distinct advantages in handling heterogeneous data.

3.5.2.1 Linear Regression

Linear regression is among the simplest techniques for modeling the relationship be-
tween input and output variables, assuming a direct linear dependency. In a federated
setting, each client independently learns a local model using its private data, which
takes the form:
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y= 0+ bir+e (3.21)

In this equation:

By is the intercept term, 3; denotes the slope or weight assigned to the input variable
x, € 1s the error term capturing randomness or noise in the observations.

After local training, each participant (client) transmits the estimated coefficients
Béi) and ﬂy) to the coordinating server. The global model parameters are then com-
puted using a sample-size-weighted average as follows:

N N
(g]lobal _ Z - B(()z)7 flobal _ Z - BY) (3.22)
=1 =1
Ny
Z;V:1 nj
size n; relative to the total number of samples across all N clients.

Here, o; = represents the weight of each client based on its local dataset

3.5.2.2 Theil-Sen Regression

The Theil-Sen estimator offers a robust alternative to OLS by calculating the slope
as the median of all pairwise slopes formed from the dataset. This non-parametric
approach is known for its resistance to the influence of outliers and skewed data distri-
butions.
In a FL framework, each client node evaluates its local slope by computing the set
of slopes between every distinct pair of data points:
(#) (1)
ml) = % forall j < k (3.23)

(
Ty, — T,

Here, myk) represents the slope between the j-th and k-th points in client 7’s dataset.
After calculating all such pairwise slopes, the client determines its local Theil-Sen

slope estimate BY) as:

B = median ({m{;}) (3.24)
The client also computes the corresponding intercept BSZ) as the median of the

adjusted values:

Béi) = median <y](-i) — ﬂi)x(i)) (3.25)

J

These robust local estimates ( ~((]i), sz)) are then transmitted to the central server,
which aggregates them by taking the component-wise median across all clients:

23



) N B AN
flObal = median ({ ﬁfz)} ) , glOba] = median ({5(()1)} ) (3.26)
i=1 i=1

This median-based fusion helps mitigate the effect of anomalous or skewed lo-
cal data distributions, making Theil-Sen Regression particularly effective in heteroge-
neous and noisy data environments.

4.3.3 Repeated Median Regression

RMR is a robust extension of the Theil-Sen method, specifically tailored to withstand
both vertical outliers and leverage points. This approach enhances stability in the pres-
ence of irregular or noisy data by applying a two-level median filtering process.

For each observation (x;, y;) in the dataset, the method computes the slope to every
other point (xy, yx), where j # k, as follows:

Yk — Yy
Ty — Xy

(3.27)

m]’k

The median of these values for a fixed point j gives the repeated median estimate
for that observation:

m; = median ({m;j | k # j}) (3.28)

The overall slope estimate (3, is then calculated by taking the median across all
repeated median values:

(1 = median ({mj};?:1> (3.29)

Once the slope (3, is established, the intercept f3, is obtained using the median of
the adjusted residuals:

fy = median (yj - lej) (3.30)

In a FL context, each client 7 computes its local parameter estimates (Béi), Bfl))
using the repeated median method on its private dataset. These estimates are sent to
the central server, where a second round of aggregation takes place:

~ NN N YN
%lobal — median ({Bll)} > 7 global — median ({ﬂ(()l)} ) (331)
i=1 i=1

This dual-median process enables RMR to offer high resilience in federated en-
vironments where client data may contain significant noise, any kind of variability or
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outliers.

Federated regression provides multiple advantages, specially in contexts where
data sensitivity is a concern. Data transmission transmits full datasets, and clients
share only model parameters or updates such that substantially lowers communication
requirements and conserves bandwidth. Another significant benefit is the ability of
federated regression to accommodate data diversity. In here, each participating node
trains its model based on its unique local data and the system is inherently capable of
handling non-uniform distributions across clients. Scalability is also a natural advan-
tage of this approach. With more devices contributing, the aggregated global model
becomes increasingly robust and representative of a broader data spectrum. Further-
more, the architecture is resilient to partial client participation even if some nodes are
temporarily offline or fail to contribute. Also the overall model quality remains largely
unaffected due to the distributed and redundant nature of the training process.

3.6 Evaluation Metrics

Evaluating the effectiveness of regression models, particularly in decentralized settings
like FL, requires reliable performance indicators. In this study, mainly three evaluation
metrics used as Mean Square Error (MSE) , Mean Absolute Error (MAE) , and Rel-
ative Federated Error (RFE) . These metrics help assess how well the models predict
target values under different learning configurations.

3.6.1 Mean Absolute Error

The MSE quantifies the average of the squares of the differences between predicted
values and actual observations. It is defined mathematically as:

n

1
MSE = — i — 0:)° 3.32
- ;@ i) (3.32)
This metric penalizes larger errors more heavily due to the squaring operation,
making it suitable for applications where significant deviations are particularly unde-
sirable.

3.6.2 Relative Federated Error

RFE quantifies the relative error of the federated model compared to individual sensor
models. It is calculated as:

MSE e
X

RFE = —
MSE = 35 Eung

100 (3.33)
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MAFE fed

RFE = —
MAE = Eung

x 100 (3.34)

Where:
1. MSE.q=MSE of the federated model
2. MSE,,, = Average MSE of individual sensor models
3. M AE;.q=MAE of the federated model
4. M AFE,,, = Average MAE of individual sensor models

This metric indicates the relative difference in error between the federated model
and the average of standalone models. A lower RFE value suggests that the federated
model performs comparably or better, affirming the success of the aggregation process.
This methodology ensures a rigorous evaluation of regression models in both individ-
ual and federated settings. By incorporating robust regression techniques and federated
learning principles, the approach enhances model resilience against noise, outliers, and
sensor heterogeneity, making it highly effective for real world applications.

3.6.3 Efficiency Metric for Federated Regression Model Evaluation

To comprehensively assess the performance of regression models in a federated learn-
ing setting, an efficiency metric is employed that integrates both Mean Squared Error
(MSE) and Mean Absolute Error (MAE). This provides a unified, scale-invariant mea-
sure of model robustness.

Importantly, the reported MSE and MAE values are not from individual sensor
models but are aggregated from the federated models after the learning process. This
ensures that the efficiency reflects the global performance across the distributed sensor
network.

Efficiency = % (3.35)

Where MSE measures the average squared difference between predicted and actual
values, thereby penalizing larger errors more severely. On the other hand, MAE quan-
tifies the average absolute difference between predicted and actual values, offering a
more intuitive sense of model accuracy.

The squared MAE in the denominator brings both metrics to a comparable scale.
A lower value of Efficiency implies a better-performing model, as it maintains low
squared error relative to its average absolute error.

This calculation was consistently applied for each value of N and for all three
federated regression models: linear regression , Theil-Sen, and RMR.
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Percentage Improvement

In this study, where efficiency is derived from error-based metrics such as MAE and
MSE, lower values indicate better model performance as discussed. Therefore, the
percentage improvement is computed using the following formula:

Method Value — Linear Value
Linear Value

Percentage Improvement = ( ) x 100 (3.36)

A negative percentage value signifies that the method under evaluation achieves a
lower error than the baseline linear regression, indicating a better performance. Con-
versely, a positive percentage implies higher error and hence poorer performance com-
pared to the baseline. In this context, more negative percentage improvements reflect
greater robustness and accuracy relative to the baseline.
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CHAPTER 4
EXPERIMENTAL RESULT

4.1 Results and Discussion

This section presents a comprehensive analysis of the results obtained from simulat-
ing different sensor configurations under three primary regression techniques: linear
regression, Theil-Sen regression, and RMR. The behavior of the system was investi-
gated under varying numbers of sensors and across three statistical distributions: uni-
form, normal (Gaussian), and exponential. The performance of each regression method
was evaluated based on the accuracy of trend estimation and robustness to outliers and
noise.

4.2 Initial Evaluation Under Uniform Sensor Parameters

To evaluate the performance of federated regression methods under a controlled and
consistent setup, simulations are first conducted using a uniform distribution for sen-
sor model parameters. Specifically, slope and intercept values are generated from a
uniform range between 0.9 and 1.1. These parameters govern the behavior of each
synthetic sensor’s linear trend, while controlled Gaussian noise, synthetic outliers, and
a small non-linearity component are incorporated to better reflect real-world sensor
variability. Each sensor generated 100 data points, which were then used to fit three
types of regression models independently:

1. Linear Regression: Standard least-squares fitting.
2. Theil-Sen Regression: A median-based robust estimator.

3. Repeated Median Regression: A highly robust estimator less sensitive to out-
liers.

For each regression method, local model parameters (slope and intercept) were cal-
culated individually for each sensor. The federated model was obtained by averaging
the local parameters across all sensors. To assess the accuracy of the federated mod-
els, Mean Squared Error (MSE) and Mean Absolute Error (MAE) are computed based
on the true underlying model, which is defined by the average of the base parameters.
Furthermore, RFE is computed as the ratio (expressed as a percentage) of the federated
model error to the average error of individual sensor models. The results of these ex-
periments are presented across a range of sensor counts, increasing from N =10 to N =
10,000 in logarithmic increments. Each figure illustrates the generated sensor data and
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Fig. 4.1: Linear regression federated model for N=10
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Fig. 4.2: Theil-sen regression federated model for N=10
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Fig. 4.3: Repeated mean regression federated model for N=10

the regression line produced by each federated method. Figure 4.1 Figure 4.2 and Fig-
ure 4.3 respectively show the regression line produced by each federated method and
Figure 4.4 shows the three federated regression lines in a single figure. Separations
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Fig. 4.4: Regression models federated model for N=10

of the lines are difficult to observe due to the federated model of each lying nearby.
This initial uniform configuration forms the baseline for comparison with further eval-
uations under normal and exponential parameter distributions, discussed in the next
section.

4.2.1 Performance of Regression Techniques

The performance comparison among the three regression methods reveals distinct ad-
vantages and limitations associated with each approach. Linear Regression, being the
most basic of the three, performed adequately in well-distributed datasets, particularly
under the normal distribution.

However, due to its sensitivity to outliers, linear regression showed noticeable de-
viation when sensor values exhibited large variance as shown in the Figure 4.5 and
Figure 4.6. This behavior was specially prominent in scenarios where sensor read-
ings included extreme values, which skewed the regression line, leading to inaccu-
rate trend estimation. Theil-Sen Regression offered a significant improvement over
linear regression, particularly in its ability to handle noisy and skewed datasets. Its
median-based approach ensured better resistance to outliers and allowed more con-
sistent trend estimation even when the sensor distribution included high variance or
irregular sampling. This robustness was most evident under exponential distribution
scenarios, where Theil-Sen produced smoother and more stable fits compared to linear
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Fig. 4.7: Relative federated error (MAE) of exponential distribution
RMR emerged as the most robust technique in the study. By computing the me-

31



RFE (MSE)
-3

g e o e S R R S A [ e e e A g

Fig. 4.8: Relative federated error (MSE) of exponential distribution

dian of pairwise slopes, RMR effectively nullified the influence of extreme data points.
This characteristic made it exceptionally reliable under all three sensor configurations.
As per the results plotted in the in the Figure 4.5 and Figure 4.6 exponential distribu-
tion setting where most regression models struggled with stability RMR consistently
produced the most accurate and stable trend lines. Its performance advantage was es-
pecially clear in scenarios involving smaller sample sizes or non-uniform data spacing,
highlighting its suitability for real-world systems where noise and data imbalance are
common. From a computational perspective, RMR does have slightly higher overhead
compared to linear regression and Theil-Sen, but the trade-off is justified by the ac-
curacy gains and the increased resilience to corrupted data. In resource-constrained
environments, Theil-Sen provides a middle ground, offering better robustness than lin-
ear regression with lower computational cost than RMR.

4.2.2 Effect of Sensor Configuration Distributions

The behavior of the regression models was further analyzed under three sensor deploy-
ment configurations: uniformly spaced sensors, normally distributed sensors (concen-
trated around a mean), and exponentially distributed sensors (densely packed in low-
value regions with a long tail).

In the uniform distribution, which is shown by Figure 4.9 and Figure 4.10, all three
regression methods showed comparable performance with minimal deviations. The
evenly spaced sensors provided a balanced dataset that aligned well with the assump-
tions of standard regression techniques. Here, linear regression produced relatively
reliable estimates as the absence of outliers minimized its weaknesses. Theil-Sen and
RMR maintained their robustness, although their advantages were not as apparent due
to the uniformity of the data.

The normal distribution introduced mild clustering around the center as shown by
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Fig. 4.11: Relative federated error (MAE) of Gausian distribution

Figure 4.9 and Figure 4.10, simulating real-world scenarios where sensors are denser
in high-interest zones. Linear regression started showing slight deviations due to oc-
casional high-value outliers. Theil-Sen demonstrated improved trend consistency and
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was less influenced by these outliers. RMR maintained the most stable results, demon-
strating a reliable pattern that converged well with increased sensor numbers.

The exponential distribution posed the greatest challenge due to the long-tailed na-
ture of the data. A high density of sensors near the origin and sparse data in higher val-
ues caused regression lines to shift and stretch non-linearly. Linear regression, in this
setting, struggled the most, producing unstable and erratic lines that failed to capture
the central trend accurately. Theil-Sen fared better, although some instability remained
at higher ranges. RMR, once again, outperformed the other methods by consistently
modeling the trend line with the least sensitivity to extreme values.
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Fig. 4.13: Efficiency comparison for exponential method across sample sizes

This study further investigates how the number of participating sensors influences
the trade-off between efficiency and predictive accuracy. As shown in Figure 4.13,
the findings of exponential model indicate that model performance generally improves
as the sensor count increases. Understanding this trend provides practical guidance

34



for identifying an approximate minimum sensor count required to achieve a desired
accuracy level, thereby informing how to balance resource allocation with predictive
performance in real-world federated learning deployments. Each method shows an
initial improvement in accuracy and efficiency as the number of sensors increases. This
consistent pattern across models further supports the insight that careful consideration
of sample efficiency is essential when designing scalable federated learning systems.
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Fig. 4.14: Efficiency of federated regression models

As described in the methodology, efficiency is calculated across all sensor distri-
butions, as shown in Figure 4.14. Here, lower values indicate better performance, as
they reflect lower average errors and better model robustness. RFE mainly focuses
on relative variability, and efficiency metrics focus on the outliers and the error distri-
bution. Across all distribution types, Theil-Sen and RMR methods consistently yield
lower efficiency values than standard linear regression, indicating superior robustness
and predictive accuracy in federated model settings.

With the efficiency calculation data , a further percentage increment percentage is
calculated, and the result is shown in figure 4.15. Percentage improvement is com-
puted as the relative difference between a method and the Linear baseline, scaled by
100. The efficiency improvement analysis compares Theil-Sen and RMR methods
against the baseline linear regression across four metrics. As per the results, RMR is
the most robust method in noisy, federated settings.
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4.2.3 Impact of Sensor Quantity and Convergence Trends

Another important aspect explored in this study was the influence of the number of
sensors on regression accuracy. As expected, all methods exhibited improved accu-
racy and convergence with increasing sensor count. However, the rate of convergence
and the stability of the estimation varied significantly depending on both the regression
technique and sensor distribution. Linear regression showed high sensitivity to small
sample sizes, especially under exponential and skewed distributions, where even a sin-
gle outlier could drastically alter the trend line. In contrast, both Theil-Sen and RMR
demonstrated better convergence characteristics. RMR, in particular, converged faster
and exhibited less fluctuation, even with a relatively low number of sensors. Interest-
ingly, a saturation point was observed where adding more sensors beyond a certain
threshold resulted in diminishing improvements. This asymptotic behavior suggests
that after a certain number of sensors, the additional information becomes redundant.
For uniformly distributed sensors, this threshold was reached earlier, while for ex-
ponential distributions, more sensors were needed to compensate for the sparse tail
regions.

4.2.4 Selecting the Best Method

Based on empirical results, RMR stands out as the most effective approach across all
distributions and sample sizes. Its high robustness, especially under noisy and skewed
data, makes it ideal for real-world applications involving sensor networks. Theil-Sen
offers a solid compromise between robustness and computational efficiency and is suit-
able where processing resources are limited. Linear Regression, while simplest and
fastest, should be reserved for controlled environments where data is well-distributed.
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CHAPTER 5
CONCLUSION AND FUTURE WORK

5.1 Conclusion

This research aimed to evaluate and compare the performance of various regression
methods. For the research scope selected linear regression Theil-Sen regression, and
RMR methods with a FL context over generated sensor data. Through simulation
experiments conducted using Scilab, a synthetic environment was created to mimic
real-world sensor behavior. The sensor data was generated with intentional incorpora-
tion of noise, variance in slope and intercept, and non-linear distortion. Furthermore,
allows for a thorough assessment of each regression technique’s performance under
different conditions.

A key takeaway of this study is the importance of robust regression techniques in
federated settings. Linear regression has remained appealing due to its simplicity and
low computational requirement. However, its performance degrades significantly with
increasing data heterogeneity and sensor count continuously as per the results of this
study. This was clearly reflected in the rising MSE and MAE values, particularly once
the network scaled to hundreds or thousands of sensors. Theil-Sen and specially RMR
maintained stable, low error rates even under highly noisy and non-linear conditions,
proving their robustness.

TABLE 5.1: Comparison of Regression Methods

Method Strengths Weaknesses Best Use Cases
Fast, simple, uses low | Sensitive to noise and Controlled environments
Linear computational outliers; weak under with clean, well-behaved
resources skewed data data
. May miss nonlinear Real-world applications
. Robust to outliers, Y PP
Theil-Sen . . patterns; slower than where moderate
relatively efficient . . .
linear regression robustness is needed
Highly robust to noise; | Heavier computation; less | Noisy, distributed sensor
Repeated . . .
Median stable under data ideal for linear-only networks in federated
heterogeneity patterns learning

Efficiency analysis added another layer of insight beyond the error metric analysis.
Efficiency, defined as the ratio of error metrics MSE and MAE of the method under
test to those of an ideal baseline. Importantly, lower efficiency values indicate better
performance and the higher efficiency values demonstrate a less performance. The
results showed that RMR consistently achieved the lowest average efficiency scores,
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particularly under exponential and normal distributions. Even the efficiency increment
percentage metric revealed that robust regression methods yield measurable improve-
ments over standard linear regression. In large federated systems, their benefits are
notable even if their percentage increases in efficiency seem to be small. Minor im-
provements in dependability can result in significant advantages in overall model per-
formance when performed across multiple distributed nodes.

The findings of the study also highlighted how the federated averaging process con-
tributes positively to model generalization. Despite the local inconsistencies in model
parameters due to distributed, noisy data, the aggregated global models closely approx-
imated central trends properly. This supports the idea that FL can build accurate global
models without centralized data sharing, and it is essential for privacy-preserving ap-
plications. However there are some tradeoffs in the well performing models as well.
while robust methods like RMR provide superior accuracy and resilience, they come
with greater computational demands. This is mainly relevant in real-world applications
where edge devices operate under tight resource constraints. Theil-Sen regression, of-
fering a good balance between computational efficiency and robustness and possible
to use as a strong alternative where RMR is too costly to deploy.

In conclusion, the study demonstrates that RMR is the most reliable and efficient
model for federated sensor networks, mainly under conditions such as high noise, out-
liers, and data skew. Theil-Sen regression is a viable compromise but offers improved
performance over linear regression with moderate computational needs. Linear regres-
sion is fast but not performed accuralty in a environment where outliers and variations
exists. These insights provide a strong empirical foundation for choosing regression
methods in future deployments of large-scale federated sensor systems, where accu-
racy, robustness, and efficiency must all be carefully balanced.

Overall, this research work contributes not only to the methodological understand-
ing of regression modeling in federated settings, but also paves the way for more scal-
able, resilient, and privacy-preserving data analysis frameworks for future distributed
systems. Overall comaprison summary of regression methods are summarized by the
table 5.1.

5.2 Future Work

Current research has successfully demonstrated and discussed the value of robust re-
gression techniques in federated sensor environments. However, several directions
remain open for future exploration, which are connected to different areas. A promis-
ing direction for future research lies in exploring heterogeneous data environments. In
this heterogeneous data environments sensor nodes vary not only in noise characteris-
tics but also in aspects such as feature distributions, sampling frequencies, and sensing
technologies. Recognizing these variations can result in more resilient and applicable
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federated regression models that can adjust to various real-world applications. Due to
the heterogeneous behaviors of data, the collective approach needs to be implemented
to find a correlation between each feature. Such kind of diversity reflects real-world
deployments more accurately and presents unique challenges in model aggregation.
Another important area to study is using adaptive federated aggregation methods. In
this method of approach, each sensor’s model is given a weight based on its trust level,
reliability, or how effective it is on local data before aggregating it with others. This
could lead to more personalized and context-aware global models. Furthermore, ver-
ifying these regression methods on actual data sets from fields like wearable health
sensors or environmental monitoring would provide useful information and assist in
the identification of limits not evident in synthetic simulations.

Another important scope that can further improve the current modeling framework
is including time-based patterns in the data. This could be achieved using time-series
models like federated auto regressive integrated moving average or recurrent neural
networks. Improving efficiency in communication is another key area that can focused
on due to the importance of energy reserving. Developing lighter, more efficient re-
gression models would make the system better suited for low-power environments.
Light and efficient regression models would help systems to perform robustly and save
energy in end devices. Finally, integrating privacy-enhancing technologies such as dif-
ferential privacy or secure multiparty computation would strengthen the confidentiality
of sensor data in federated systems. This is a very important aspect for applications
that handle sensitive personal or operational data.
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