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ABSTRACT

Time series analysis proves highly useful and widely applicable, enabling reliable fore-
casting and informed decision-making across various fields. This thesis describes the fun-
damental importance of time series analysis and introduces advanced techniques aimed
at enhancing the structure of time series data to improve predictive accuracy. Given
the challenges associated with concept drifts—where the statistical properties of a signal
change unpredictably—this study also emphasizes the need for innovative, unsupervised
approaches to optimize drift detectors. The thesis presents two novel segmentation meth-
ods designed to refine data processing based on stationarity analysis, thus facilitating
more accurate forecasts. Additionally, it develops a new method to enhance drift detec-
tors using unsupervised approach, reducing the need for manual tuning and deep prior
knowledge of the data. These contributions significantly advance the field of time series
analysis, providing robust, adaptable, and efficient solutions for applications where pre-
cise predictions are vital. Our results demonstrate that the segmentation process enhances
the prediction process for both Long Short-term Memory and Temporal Convolutional
Networks. Nonetheless, our unsupervised tuning outperforms the default configuration in
drift detectors in most evaluated cases.

Keywords: time series segmentation; stationarity analysis; time series prediction im-
provement; size reduction in time series; unsupervised tuning of drift detectors; concept
drifts
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1 INTRODUCTION

In the rapidly evolving field of data science, the study of Time Series (TS) analysis
holds a important role, driven by its wide-ranging applications across diverse domains [1,
2, 3, 4]. A TS can also be represented as a sequence of signals, effectively capturing
the dynamic variations over time within various systems. This perspective is particularly
useful in fields such as signal processing, where data from sensors or communications
are interpreted as signals that vary over time. Additionally, TS data is fundamental in
representing data streams in online applications, where continuous, real-time data flow
is relevant. For instance, in financial trading platforms, social media feeds, or Internet of
Things (IoT) devices, the incoming data is processed as a stream. In these contexts, TS
analysis is essential for extracting meaningful patterns, detecting anomalies, and making
predictions based on the evolving nature of the data, thereby enabling proactive and

informed decision-making in real-time environments.

TS analysis, at its core, involves the examination of data points collected or recor-
ded at successive time intervals. This methodological approach enables researchers and
practitioners to discern patterns, trends, and seasonal variations within data, facilitating
a deeper understanding of temporal dynamics. One of the most compelling motivations

for studying TS analysis is its broad applicability across various sectors.

Traditional statistical models increasingly struggle to keep pace with the comple-
xities and scale introduced by the advent of big data. The sheer volume, velocity, and
variety of data generated in modern contexts—ranging from social media interactions
and e-commerce to IoT devices and real-time sensors—demand more sophisticated ap-
proaches. Traditional models often fall short due to their inherent limitations in handling
large-scale data efficiently, their need for assumptions about data distribution and inde-
pendence, and their lack of adaptability to rapid changes and non-linear relationships
within the data.

In contrast, modern computational techniques, such as Machine Learning (ML)
and Deep Learning (DL), have risen to prominence as they inherently cater to these
complexities. These methods are equipped to automatically extract patterns from vast
datasets without explicit programming for each task, adapt to new trends in real-time,
and manage unstructured data like images, video, and text more effectively. Consequently,
as the data landscape evolves to encompass more complex and high-dimensional data, the
reliance on more advanced analytics and predictive models becomes not just beneficial
but essential for extracting valuable insights and making informed decisions in the era of
big data.
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Some literature review highlighted some techniques capable of handling large da-
tasets. It is possible to examine TS patterns and create predictions of future samples, as
discussed in Mahalakshmi et al. [5]. Models based on ML, e.g., Long short-term memory
(LSTM) and Temporal Convolutional Network (TCN), have shown promising results,
6, 7], as an alternative to statistical models. The ability to accurately forecast future
events based on historical data is invaluable, offering a competitive advantage in various
industries. For instance, in retail, forecasting demand for products can optimize inven-
tory management, reducing costs and increasing customer satisfaction. In transportation,

predicting traffic patterns can enhance route planning and reduce congestion.

However, even the most sophisticated prediction models based on DL are not
immune to the challenges posed by concept drift. This phenomenon occurs when the
statistical properties of the target variable, which the model is trying to predict, change
over time. This phenomenon can degrade the performance of models as the assumptions
under which they were initially trained no longer hold true. For instance, changes in
consumer behavior, economic shifts, or new market regulations can all induce concept

drift that affects models trained on historical data.

The importance of addressing concept drift cannot be overstated, especially in
dynamic environments where decision-making relies heavily on accurate and timely pre-
dictions. Failure to manage concept drift effectively can lead to significant predictive
errors, resulting in financial losses or missed opportunities. Understanding and adapting
a TS analysis to concept drift is essential for maintaining the accuracy and reliability of

predictive models.

1.1 Hypotheses

To address emerging challenges in T'S analysis, two hypotheses have been deve-
loped. The first hypothesis involves the segmentation of a TS with the aim of removing
malicious samples that tend to represent concept drift. This approach posits that by iden-
tifying and isolating segments of the data that are significantly different in behavior or
statistical properties from the rest, one can effectively cleanse the dataset, removing these
outliers that may skew the model’s learning and prediction capabilities. This method not
only helps in maintaining the integrity and relevance of the model but also enhances its

performance by focusing on more stable and representative data segments.

The second hypothesis proposes optimizing existing Drift Detectors (DDs) in the
literature through a user-independent approach, employing an unsupervised methodology.
This strategy is designed to reduce the necessity for users to have an in-depth understan-
ding of the specific environment they are analyzing. By leveraging unsupervised learning

techniques, the optimized DDs can autonomously identify and adapt to changes in the
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TS or data stream without predefined labels or extensive manual adjustments. This ap-
proach broadens the applicability of DD mechanisms, making them more accessible and
effective across various domains and data scenarios where expert knowledge is limited or

unavailable.

1.1.1 Time Series Segmentation

We developed a hypothesis for scenarios where the temporal samples of a T'S show
non-stationary variability; that is, it does not manifest stability in the behavior of its
samples over time with a constant average. As far as we know, no study concentrated
on TS segmentation resorted to the use of stationary analysis. Usually, segmentation
processes are based on static thresholds [8], classical techniques such as sliding window
assessments [9], and even complex DL procedures [10]. Thus, we consider our hypothesis
the first proposal considering stationarity to perform TS segmentation, taking advantage
of this important feature when describing a TS. It is based on TS preprocessing, which
can lead to improvements in new samples prediction and even a size reduction for further
storage. This preprocessing consists of segmenting data from the samples that present a
non-stationary behavior over time. The advantage of this approach lies in the simplicity
of stationary analysis to accurately identify samples to be segmented without relying on

more sophisticated techniques, such as DL methods.

1.1.2 Drift Detectors Optimization

DDs are specialized algorithms designed to quickly and accurately identify concept
drift instances in time-sensitive situations [11]. These detectors assess key performance
metrics of a signal, such as predictive accuracy or error rates, over consecutive time
intervals. Their main goal is to promptly identify substantial changes in signals, indicating

drifts, anomalies, trends, or other critical events, to facilitate timely corrective actions.

There is a clear need in the literature for the optimization of DDs through tuning
techniques that are independent of user knowledge [12, 13, 14]. Despite the advancements
in this domain, the prevalent tuning techniques largely depend on supervised learning
paradigms [15], which may not align with the practicalities of real-world implementati-
ons. The challenge of acquiring labeled data for the purpose of training and evaluating
DDs presents a significant obstacle, rendering the process not only impractical but also
resource-intensive. This limitation hinders detailed detector parameter optimization, po-
tentially resulting in suboptimal detection and adaptive model performance. In this con-
text, our research aims to address this autonomous tuning process. To achieve this goal,

we propose an innovative unsupervised learning approach to fine-tune DDs.

This unsupervised learning approach yields numerous substantial advantages. Firs-

tly, it amplifies the adaptability and performance of detectors across diverse data distribu-



18

tions which can be extended to real-world scenarios. The optimizer facilitates automatic
fine-tuning of hyperparameters, alleviating the necessity for manual adjustments and ex-
pert intervention. This, in turn, broadens the applicability of the detectors. Furthermore,
an efficient hyperparameter optimizer contributes to heightened generalization capabili-
ties of DDs, ensuring robust performance on unseen data. This aspect assumes a signifi-
cance in unsupervised settings where data distribution may dynamically evolve, requiring
detectors to adjust seamlessly without labeled information. Additionally, an automated
hyperparameter optimization framework helps mitigate overfitting or underfitting issues,

thereby enhancing the overall reliability and accuracy of change detection models.

Also, we hypothesize that relying solely on default values for DDs, commonly
found in prevalent literature and libraries like scikit-multiflow [16] and river [17], might
not always provide the optimal configuration. Building on this idea, our methodology aims
to enhance this decision-making process by using an unsupervised approach for hyperpa-
rameter tuning. This approach is grounded in the Change Detector Segmentation (CDS)
framework [18]. By leveraging the principles of the CDS framework, our unsupervised
tuning strategy aims to surpass the limitations of default DDs hyperparameters. It seeks
a more precise configuration that aligns with the dynamics of distribution shifts in signal
data.

1.2 Contributions

The main contributions of this thesis are as follows:

e A new proposal for TS segmentation based on stationarity: A framework
was created that uses the information obtained by stationary analysis to properly
adjust the DDs hyperparameter to determine which samples should be segmented.

This approach enhances new samples prediction and reduces the TS size.

o Augmented Dickey-Fuller-based Segmentation: The Augmented Dickey-Fuller
(ADF)-based Segmentation is a novel approach to TS segmentation. This method
effectively reduces the number of samples required for analysis while enhancing pre-
dictive capabilities. This technique not only streamlines the data processing but also
preserves the essential characteristics of the TS, ensuring that the predictive models

perform optimally without compromising the temporal integrity of the data.

« Configurable Signal Generator: The Configurable Signal Generator (CSG) ad-
dresses a notable gap in the landscape of signal generation tools, offering a me-
chanism for generating signals with precisely defined change points. This capability
ensures that the signal generation process is fully configurable, enabling accurate

simulation and analysis of various signal behavior scenarios.
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Unsupervised Tuning for Drift Detectors: The unsupervised tuning for DDs
enables these methods to outperform default configurations in most scenarios. This
approach requires no prior knowledge from the user, enhancing the detectors’ ef-
fectiveness and accessibility by automatically adjusting their settings to optimally

respond to data dynamics.

Thesis Structure

The present thesis is organized as follows:

Chapter 2: The second chapter of the thesis introduces the preliminaries, which
contains fundamental information necessary to support the subject matter addres-
sed about TS analysis and related topics. This foundational chapter lays out key
concepts such as stationarity, concept drift, DDs, and tuning, among others. Unders-
tanding these concepts is essential as they form the underpinnings of more complex
discussions on how T'S data can be analyzed, interpreted, and utilized effectively. By
establishing a solid theoretical base, this chapter ensures that the subsequent analy-
ses and methodologies employed throughout the thesis are built on a comprehensive

understanding of these fundamental principles.

Chapter 3: The third chapter focuses on Literature Review and undertakes a com-
prehensive examination of the most significant works in the field of TS and signal
analysis, with a focus on data prediction, segmentation, anomaly detection, concept
drift, and the optimization of DDs. This meticulous review outlines the advance-
ments in ML and DL that have enhanced predictive accuracy and computational
efficiency. It also explores methods for segmenting complex TS into analytically

significant segments.

Chapter 4: Chapter 4 of the thesis presents the author’s proposed methodology
for segmenting TS, highlighting the significance of stationary analysis and provi-
ding comparative results between DL models and traditional statistical models.
This comparison demonstrates that the segmentation process is a beneficial step in
TS analysis. The chapter also shows how segmenting a T'S into more manageable,
homogeneous parts allows for more accurate modeling by both types of approaches,
but particularly enhances the performance of DL models. These segments, when
analyzed under the assumption of stationarity, allow for more precise predictions
and robust analysis, thereby proving the utility of segmentation in breaking down

complex TS data into simpler, more analyzable components.

Chapter 5: Chapter 5 of the thesis introduces a study on unsupervised tuning for

DDs, specifically designed to function without requiring the user to have detailed
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knowledge of the signal or T'S under analysis. This chapter explores how unsupervi-
sed approaches can autonomously adjust and optimize DDs, thereby simplifying the
application for users who may not have in-depth expertise in TS analysis. Additio-
nally, the chapter includes comparative analyses between this unsupervised tuning
method and supervised techniques for hyperparameter optimization, such as Ran-
dom Search (RS) [19]. These comparisons are relevant in validating the efficiency of
the unsupervised approach. By demonstrating that unsupervised tuning can match
or even surpass the performance of supervised methods, which is a gap investigation

in the literature.

Chapter 6: Chapter 6 of the thesis serves as the conclusion, encapsulating all
topics related to TS analysis discussed throughout the thesis. It comprehensively
summarizes the findings, highlighting the key discoveries and the innovative metho-
dologies developed. The chapter also addresses the limitations encountered during
the research, providing a assessment of the areas where further development is ne-
eded. Moreover, it outlines the next steps for future research, suggesting avenues
to refine and enhance the field of TS analysis. These recommendations for future
work are based on the current study’s outcomes and the identified gaps, aiming to
propel further advancements and encourage ongoing exploration in this dynamically

evolving area.
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2 PRELIMINARIES

In this chapter, fundamental theories that support the development of this thesis
will be conducted. Furthermore, the chapter will explore the most influential findings
in the field related to the thesis topic. By examining these key discoveries, we aim to
draw a comprehensive picture of the current landscape of research, emphasizing how
these findings have progressed over time and what they reveal about the potential future
directions of the field. Additionally, this chapter will highlight some limitations of current

approaches as identified in existing research.

2.1 Time Series

A TS is fundamentally a sequence of data points collected at successive points in
time, typically at uniform intervals. It is represented as an ordered set X = [z1,xo, ..., 2],
where each z; is the value of the series at time ¢, and T denotes the total number of
observations within the series. This ordering reflects the temporal dynamics inherent to
the dataset, making TS analysis distinct from other data analysis techniques where data

ordering might not be of importance.

Definition 1 (Time Series) A TS can be defined as a set of sequential data, ordered in
time [20]. It can be collected at equally spaced time points and we use the notation x; with
(t=..-1,0,1,2,...) , i.e., the set of observations is indexed by t, representing the time
at which each observation was taken. If the data was not taken at equally spaced times,

we denote it with i = 1,2, ..., and so, (t; — t;_1) is not necessarily equal to one [21].

The main characteristic of a TS is its capability to exhibit different behaviors
over time, such as trends, seasonality, cycles, and irregular fluctuations. Analyzing these
characteristics can help in understanding the underlying patterns within the data, which

is essential for effective modeling and forecasting.

1. Trend: The trend in a TS represents the long-term progression of the data, which
can be either upward or downward. This trend component reflects the overall direc-
tion in which the series is moving over a significant period. Trends can be caused
by persistent influences on the data, such as increasing population, technological
advancements, or broad economic changes. In TS, identifying and modeling trends
is vital because it allows for the prediction of future values by extrapolating these

long-term movements. Techniques such as moving averages, linear regression, and
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more sophisticated methods like Hodrick-Prescott filters are used to smooth out

short-term fluctuations and highlight the underlying trends [22].

2. Seasonality: Seasonality refers to patterns that repeat at regular intervals over
time, whether hourly, daily, weekly, monthly, or yearly. This component is driven
by seasonal factors that affect the TS at specific times within a given period. For
instance, retail sales increase significantly during the holiday season each year. Accu-
rately modeling seasonality allows businesses and researchers to predict future peaks
and troughs within the data, facilitating better planning and resource allocation.
Seasonal decomposition of T'S and methods incorporating seasonal adjustment fac-
tors, such as SARIMA (Seasonal AutoRegressive Integrated Moving Average) [23],

are commonly employed to isolate and forecast seasonal effects.

3. Cyclical Changes: Cyclical changes are fluctuations occurring at irregular, of-
ten undetermined intervals, lasting longer than a year. Unlike seasonality, which is
predictable, cyclical fluctuations are often influenced by broader economic, environ-
mental, or political factors and do not have a fixed period. These cycles can be seen
in economic data, where periods of rapid economic growth are followed by reces-
sions. Cyclical components require complex modeling approaches, such as spectral
analysis or filtering techniques like the Band-Pass filter [24], to estimate and predict

because of their irregular nature.

4. Irregular fluctuations: Irregular fluctuations, or also considered as noise in a T'S
are caused by unpredictable or random variations that do not follow any identifiable
seasonal or cyclical pattern. These fluctuations can result from unforeseen events
such as natural disasters, market panics, or technological innovations. Modeling
these components is challenging because they do not exhibit systematic behavior
that can be easily predicted. Techniques such as exponential smoothing or random
walk models are often used to account for random variations within the data [25],
providing a way to adjust forecasts to reflect unexpected changes in the trend and

seasonal components.

2.1.1 Time Series Forecasting

The essence of TS forecasting is to predict future values based on previously ob-
served values. The forecasting task involves finding a function f that can predict the h-th

future value of X, denoted as Z;,,, based on i past observations:

Tpn = f(xt—i—la Lt—i—2y -+ 5 Tt—1, fEt) (2-1)
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Here, 7 represents the input window size, indicating how many past points are
considered to predict the future value, and h is the forecast horizon, indicating how far

into the future the prediction is aimed.

One-step-ahead Forecasting

One-step-ahead forecasting is a fundamental approach in TS analysis where the
objective is to predict the very next value in the sequence, with the forecast horizon h set
to one. This method is particularly favored for its straightforwardness and high precision,
as it only requires the immediate past data to generate forecasts. The simplicity of this
forecasting model often leads to reduced computational costs and quicker response times,
which are advantageous in real-time applications such as stock trading or operational

adjustments in businesses.

The primary analytical methods used in one-step-ahead forecasting include linear
regression, ARIMA (Auto Regressive Integrated Moving Average), and simpler models
like naive forecasting [26], where the prediction for the next period is assumed to be the
same as the last observed value. These models are often refined with error correction
techniques to improve accuracy, adjusting forecasts based on the residuals of previous
predictions. This approach is effective in maintaining the stability and reliability of the

forecasts in dynamic environments where quick decisions are fundamental.

Multi-step-ahead Forecasting

Multi-step-ahead forecasting aims to predict multiple future points in the TS, ex-
tending the forecast horizon A beyond just one future point. This method is indispensable
in strategic planning and long-term decision making, where understanding the future tra-
jectory of a series is a need. However, multi-step-ahead forecasts are more complex and
less accurate than one-step-ahead forecasts due to the accumulation of forecasting errors

at each step and the increasing uncertainty associated with longer prediction intervals.

To manage these challenges, advanced models such as Vector Autoregressions,
state space models, and ML approaches like Recurrent Neural Networks (RNNs) are
typically employed [27]. These models can capture complex interactions within the data
over multiple time steps, potentially reducing the error propagation as the forecast horizon
increases. Techniques like direct forecasting, where a separate model is developed for each
forecast horizon, and iterative forecasting, where a one-step model is applied repeatedly
to forecast further into the future, are also used depending on the specific requirements
and the nature of the data.



24

2.1.2 Stationarity in Time Series Analysis

Stationarity is a fundamental concept in the analysis and forecasting of T'S data.
A TS is considered stationary if its statistical properties such as mean, variance, and
autocorrelation are constant over time [28]. In simpler terms, a stationary TS has no
trend, its fluctuations around its mean are roughly constant across time, and it exhibits
consistent cyclical patterns unaffected by the time of observation. This concept is relevant
because many of the analytical methods used for forecasting in TS assume stationarity

as a prerequisite.

Definition 2 (Stationarity) According to the definition of random processes [29], a
discrete-time or continuous-time random process X (t) is stationary if the joint distri-
bution of any set of samples does not depend on the placement of the time origin. This
means that the joint cumulative distribution function of X (t1), X(t2),..., X(tx) is the
same as that of X(t1 + 1), X(t2 + 7),..., X(tx + 7) for all time shifts 7, all k, and all

choices of sample times tq, ..., ty.
Stationarity in T'S can be broadly categorized into three types:

1. Strict Stationarity: A strict stationary series satisfies the mathematical condition
that the joint distribution of any moments of any degree (e.g., means, variances, etc.)
is the same regardless of the time at which they are measured. This definition is
often too strict for practical applications, as it requires checking an infinite number

of conditions.

2. Second-order Stationarity (Weak Stationarity): A series is second-order sta-
tionary if the mean and variance are constant over time and the covariance between
two time points depends only on the distance or lag between the two points and not
on the actual time at which the covariance is computed. This is the most commonly

used form of stationarity in T'S analysis.

3. Trend Stationarity: A TS that exhibits a deterministic trend but whose fluctu-
ations around this trend are stationary. In such series, once the trend is removed,

the residuals can be modeled as a stationary series.

2.1.3 Augmented Dickey—Fuller Test

The ADF test is a statistical analysis that verifies the null hypothesis that a unit
root is present in a TS sample [30]. The null hypothesis can inform whether a given T'S
is stationary or not. It checks if the TS can be represented by a unit root with a time-

dependent structure [31]. If this hypothesis is rejected, we can assume that the TS is



25

stationary. In other words, the statistics are not affected by time offsets. The unit root

exists when the o assumes the value one, according to Equation:

Y, =aY,_ 1+ BX,. +e (2.2)

where t represents the time, Y, represents the value of the TS at time ¢, and X, is an
exogenous variable, which is explanatory and belongs to the TS. € is a serially uncorrelated,
zero-mean stochastic process with constant variance o?. The ADF test assumes the o value

equal to one in the Equation (2.3):

Y, =c+ [t + oY1 + oAY,_1 + €, (2.3)

where ¢ is a constant, [ is the coefficient on a time trend, Y; ; represents the lag order
equals one, AY;_; is the first difference of the series at time ¢ — 1 and € is the exogenous

variable.

However, the confirmation or rejection of the hypothesis can be simply verified by
analyzing the p-value of the ADF test. A p-value below a threshold determines rejection
of the null hypothesis, otherwise suggesting the failure to reject the null hypothesis. This

representation can be verified according to the conditions given below.

5:{1, ifp—value<7}7 (2.4)

0, otherwise

where § represents a TS stationarity and ~ represents a determined threshold. We assume
the stationarity of the series if the value generated by the conditional is one. A non-

stationary series is obtained otherwise.

In addition to the p-value analysis, it is possible to check the ADF statistic. In
this work, we refer to the ADF statistic as an ADF value. Usually, when this value rea-
ches a positive representation it will describe a non-stationary TS. Otherwise, a negative
value represents stationarity in a TS. The more negative this value is, the greater the

confirmation that its statistic does not depend on the temporal offset.

2.2  Concept Drift

Concept drift refers to the phenomenon where the statistical properties of the
data target variable, which the model is trying to predict, change over time in unforeseen
ways. The model can refer to a variety data, such as data streams and TS. This can
result in previously learned patterns becoming obsolete, leading to a degradation in model
performance. Concept drift is particularly significant in dynamic environments where the

data generating processes are not static but evolve over time.
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2.2.1 Concept Drift in Time Series

Regarding TS data, concept drift manifests as changes in the underlying relati-
onships between input features and the output over time. This changes could be related
to the definition of irregular fluctuations. For instance, in economic TS, the influence of
certain economic indicators on market trends may diminish or increase in unpredicted
ways due to regulatory changes, market saturation, or shifts in consumer preferences.

Some strategies are adopted for handling concept drift in T'S:

1. Detection: The first step in managing concept drift is detecting it. This involves
monitoring the model’s performance over time to identify any significant drops in
accuracy or effectiveness. Statistical tests, control charts, or monitoring prediction
residuals can help spot changes. For instance, a sudden increase in prediction errors
or changes in error distribution can signal that the model is no longer capturing the

underlying patterns accurately.

2. Adaptation: Once drift is detected, the next step is to adapt the model to realign
it with the new data patterns. This adaptation might involve retraining the model
with recent data that reflects current conditions or incrementally updating the model
using online learning algorithms. In some cases, adjusting the model’s parameters
or incorporating new variables that capture the changed influences can be necessary

to accommodate the new patterns.

3. Verification: After adapting the model, it’s necessary to verify that the changes
have restored its predictive power. This involves testing the updated model against
recent data to ensure it performs effectively under the new conditions. Verification
helps confirm that the adaptations have successfully addressed the concept drift and

that the model is now better aligned with the current data characteristics.

2.2.2 Concept Drift Detector

Concept Drift Detector or Change Detector is commonly employed in handling
data streams, which consist of an infinite sequence of data denoted as
S = (z1,11), (T2, 92), ..., (x4, y4), ... Here, each instance is represented by (x4, v;), where
x; represents a d-dimensional vector arriving at time stamp ¢, and y; denotes the class
label of x; [32]. For univariate TS, the DD algorithm analyzes each sample X of the
TS at time t. It anticipates that a given point X;.,, with n as a time shift, should
have a distribution similar to the point X;. Any deviation prompts an alarm. However, in

unsupervised approaches, lacking 1; information complicates the DD process significantly.

DDs analyze past data patterns to predict potential changes. They are commonly

deployed to detect concept drift, which means alterations in data behavior over time
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[33]. Such changes are frequent in data stream analysis [34]. Calibrating these detectors
involves selecting hyperparameters that align best with data behavior, often employing

techniques for enhancement.

2.3 Machine Learning and Time Series Analysis

The use of ML techniques has become increasingly prevalent in handling TS
data [35]. Traditional methods such as Linear Regression and Decision Trees have laid
the groundwork by offering simplicity and speed, which are beneficial for quick analyses
and forecasts. However, as the complexity and volume of data grow, more sophisticated
models have been employed to capture nonlinear relationships and intricate patterns more

effectively.

2.3.1 Ensemble Learning Techniques

Ensemble learning techniques, which combine multiple predictive models to im-
prove accuracy and robustness, are particularly well-suited to handling the complexities
of TS data [36]. These models capitalize on the strength of various individual models to
produce a more accurate and stable prediction by reducing variance and bias, essential

qualities for forecasting in volatile environments.

« Random Forests: Random Forests are an ensemble of Decision Trees, typically
trained with the “bagging” method to enhance the overall prediction accuracy [37].
Each tree in the forest is built from a random subset of data points and features,
making them diverse and reducing the model’s susceptibility to overfitting. In TS
forecasting, Random Forests are used to predict demand and supply fluctuations by
capturing nonlinear relationships between features without the need for extensive

data preprocessing.

« Gradient Boosting Machines : Gradient Boosting Machines (GBM) are another
powerful ensemble technique that builds trees sequentially, with each new tree cor-
recting errors made by previously trained trees [38]. This method, known as ‘boos-
ting”, focuses on reducing bias and can be particularly effective in scenarios where
the prediction error needs to be minimized. GBMs are adept at handling various ir-
regularities in data, such as non-linear dependencies and seasonality in energy data,

which are common in TS forecasts.

2.3.2 Advanced Deep Learning Models for Time Series

Deep Learning (DL) has brought about a transformation in the field of T'S analysis

due to its capability to discern and model complex patterns and dependencies within
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extensive datasets. The following items will demonstrate the most relevant techniques for

TS analysis.

e Recurrent Neural Networks and LSTM Networks: RNNs are designed to
handle sequential data, with the unique feature of memory cells that retain infor-
mation across time steps. This makes them ideal for application to predicting future
trends. Long Short-Term Memory networks, a special kind of RNN, are particularly
effective in avoiding the long-term dependency problem, allowing them to remember
information for prolonged periods. This is fundamental for accurate load forecasting
, where inputs from several days, weeks, or even months ago can influence future

outcomes.

o Convolutional Neural Networks: Though primarily known for image proces-
sing, CNNs have been adapted for TS data, where they can process sequences as
one-dimensional spatial inputs. CNNs are used to detect patterns and anomalies in
usage data. Their ability to automatically detect important features without the
need for manual extraction makes them highly efficient and scalable for large data-

sets.

o Temporal Convolutional Networks: TCNs offer a compelling alternative to
models based on recurrent architectures for handling sequence data. TCNs utilize
causal convolutions—convolutions where the output at time ¢ is convolved only with
elements from time t or earlier in the previous layers. This structure ensures that
the model respects the temporal directionality, meaning that future inputs do not

influence past outputs.

2.3.3 Long Short-Term Memory

LSTM is a classical neural network for dealing with TS. In this network, the
information is propagated throughout a chain of repeating units of neural network located
in the hidden layer. However, standard RNNs suffers from error backflow problems as
gradient vanishing and explosion, which restraint long-term dependency learning. The

first may lead to very slow learning, and the latter, to weight oscillation.

The backflow calculation drawback was one of the main motivations for the deve-
lopment of LSTM [39]. This network, a particular case of RNN, uses a gating mechanism
for learning long-term dependencies without losing the short-term capability. These ga-
ting mechanisms are inside memory cells, which are located in the hidden layer. Each unit
in traditional LSTM has the aspect presented in Fig. 1.

Hyperbolic tangent function (tanh(.)) transforms the values to the range from -1

to 1, and the sigmoid function (sig(.)) to values between 0 and 1. This property makes
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Figure 1 — LSTM cell.
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sig(.) act as a gate, since the values that are transformed to 0 are forgotten by the network

and the values that are transformed into 1 are kept.

Each cell is mainly composed of three gates (forget, input and output gates) and
a cell state. The forget gate (f;) is the main gate to select which information should pass
forward to the next cell or be eliminated. The input gate (i;) is used to update the cell
state and to select what will be written to the cell. The output gate (o;) decides the values
that will be part of the output. The cell state (C;) allows the gradient flow.

2.3.4 Temporal Convolutional Network

TCN is a specific CNN that has the capability of dealing with TS. For this pur-
pose, it uses causal convolutions, which performs the convolution operation depending
only on past values. This kind of convolution may be submitted to dilation. In TCN, di-
lated convolutions in one dimension are used seeking to explore long-term patterns. The

procedure for doing this is skipping d values between the inputs of convolution.

Aiming to increase the receptive field of the network, b convolutional blocks can
be stacked. Since it increases the number of parameters, the learning process becomes
more complex. The parameters b, k and d are factors that define the receptive field of the
network by the following Eq. 2.5. For an adequate use of TCN, the receptive field should

cover past history, which, in turn, should cover seasonality.

receptive field =b x k x d,, (2.5)
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3 LITERATURE REVIEW

3.1 Overview

The literature review on TS analysis encompasses a broad range of fundamental
themes for understanding and advancing the field. This overview covers areas such as
TS prediction, TS segmentation, concept drift, DDs, and optimization of these detectors.
TS prediction is a foundational aspect that focuses on forecasting future values based
on past and present data, utilizing statistical and ML models to extract patterns. TS
segmentation, meanwhile, involves dividing a TS into meaningful segments according to
its intrinsic characteristics, facilitating more detailed analysis and concept drift detection.
The phenomenon of concept drift in TS signifies the changes in underlying data patterns
over time, which can affect the performance of predictive models. Addressing this, DDs are
developed to identify and adapt to these changes, ensuring models remain accurate and
relevant. Lastly, the tuning of drift detectors is important for enhancing their efficiency and
sensitivity, involving techniques that adjust detection mechanisms to respond effectively to
the dynamics of data flow. This literature review provides a comprehensive examination
of these areas, highlighting their interconnections and the innovations that drive their

evolution.

3.2 Background on Time Series Analysis

TS are explored in several types of applications and are subject of study until today.
Most of these applications are focused on forecasting [40, 41] and feature extraction [42]

approaches, as can be seen in the following studies.

Due to the growth of generated data volume, there is a need for its treatment. Size
reduction is an important procedure before carrying out analyses. The OSTS method was
proposed by Carmona-Poyato et al. [43] and consists of the segmentation of points in a
TS to reduce its size. This process is based on the A* algorithm and performs interpola-
tions using optimal polygonal approximations. This method was used for comparison in
this thesis with different segmentation techniques to assess its impact on the predictive

capacity of new samples in a TS.

TS segmentation from human specified breakpoint detection was introduced in Lee
et al. [10]. The process is conducted by exploiting DL techniques for automatically ex-
tracting features. However, this technique was not used as a preprocessing step to predict
new samples in a TS. Despite it being very interesting, it requires much data processing

before applying breakpoint detection. For our approach, we explored an automatic way
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of detecting these breakpoints simply from the analysis of T'S stationarity.

Temporal segmentation is also an alternative as discussed by Bessec et al. [44] and
Jamali et al. [8]. The former performs predictions at a day-ahead with combinations of
linear regression techniques, Markov-switching models, and thresholds. The latter requires
user knowledge to define the ideal parameters for the proposed segmentation method,
based on the TS characteristics. Both works rely on prior knowledge and since they are
applied in specific environments, it is difficult to generalize. The work addressed by Hooi
et al. [45] also performs TS segmentation, but not in a temporal approach, it is based
on patterns to create a vocabulary capable of identifying possible regions to perform

segmentation. It is dependent on user intervention and knowledge.

Other proposals are derived from classical methods, such as the survey by Ke-
ogh et al. [9], which describes traditional representativeness techniques from the perspec-
tive of data mining. Different segmentation methods and the evaluation of their impact
on representativeness in the TS are discussed; most of them are based on linear approxi-
mations. Among the methods used for comparison, there are sliding windows, bottom-up,
and top-down approaches. There is also a proposal by the authors called SWAB, which
consists of the union of the sliding windows and Bottom-up methods. This study shows
a classic approach to segmentation in TS, where the samples to be evaluated do not de-
pend on static information inherent in their behavior. In this thesis, techniques placed on
stationarity are proposed to perform segmentation, as an alternative method to improve

the predictive capacity of new samples.

Table 3.2 presents a summary of some relevant works in the literature that address
the topic of TS segmentation. To our knowledge, our segmentation proposal differs from
the others in Table 3.2 because it is the first to deal with segmentation to improve new

sample predictions through an approach based on TS stationarity.

3.2.1 Current Limitations

According to the most recent research on TS segmentation, successful outcomes
still heavily depend on the user’s knowledge of the data being analyzed. Additionally, to
date, no approaches have been identified that utilize stationarity as a decisive factor for
driving segmentation. This omission requires more complex analyses to effectively segment
TS data. Such complexities highlight the need for further research to develop methodolo-
gies that can leverage stationarity, potentially simplifying the segmentation process and
enhancing its effectiveness without extensive reliance on user expertise. This gap in the

literature suggests significant opportunities for advancing the field of TS analysis.

Also, this aspect of integrating stationarity to enhance segmentation and con-
sequently improve the prediction process has not been widely investigated, indicating a

fertile ground for future research. Developing methodologies that can automatically incor-
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Table 1 — Comparison of TS segmentation techniques in the literature.

Reference

Segmentation Technique

Purpose of Segmentation

Carmona-Poyato et al. (2020) [43]

Lee et al. (2018) [10]

Hooi et al. (2017) [45]

Bessec et al. (2015) [44]

Based on A* algorithm with
optimal polygonal approximations

Unsupervised approach,
based on DL

BeatLex, based on patterns to
match segments of the TS

Temporal segmentation based on
hourly and seasonal segmentation

Data representation reducing
the dimensionality with minimum
information loss

Automatic knowledge extraction

Vocabulary-based approach to
match segments of the TS in
an intuitive and intepretable way

Forecast spot prices in France with
double temporal segmentation

Segments the changes in the vegetation
TS to identify the
change type and its characteristics

Temporal segmentation based on

aly |4
Jamali et al. (2015) [§] thresholds of the TS features

Empirical comparison of T'S
segmentation algorithms form a
data mining perspective

Sliding windows, Bottom-up,

Keogh et al. (2004) [9] Top-Down, and SWAB

porate such fundamental statistical properties could significantly streamline the predictive
modeling workflow. This represents a substantial opportunity to advance the field of TS
analysis, potentially leading to more robust and efficient predictive models that require

less user intervention and deeper domain expertise.

3.3 Background on Concept Drift and Drift Detectors

A significant study, outlined in [46], performed a comparative analysis of 14 diffe-
rent DDs. This investigation evaluated their accuracy in detecting actual drift instances
within the dataset. Among the assessed detectors were HDDM ,, Fisher Test Drift Detec-
tor (FTDD), Wilcoxon Rank Sum Test Drift Detector (WSTD), FHDDM, and HDDMyy.
An unexplored gap in this study lies in the absence of tuning techniques for the DDs,

given that all were compared with their default configurations.

Santos et al. [47] discuss the concept of data streams and concept drift, where the
distribution of data changes over time. Several approaches have been proposed to address
concept drift, including using ensembles, focusing on recurring concepts, and concept drift
detection methods. Various DD methods have been proposed, each with its own hyperpa-
rameters, and optimal values vary depending on the datasets used. The paper introduces
a genetic algorithm designed to optimize DD hyperparameters. This approach aims to
identify suitable configurations adaptable to diverse scenarios, facilitating a fair compari-
son of methods by adjusting hyperparameter values based on the dataset characteristics

utilized in the experiments.
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Gemaque et al. [48] introduced a taxonomy for unsupervised concept drift ap-
proaches via a systematic literature review. This review revealed two primary categories
within recent scientific publications on concept drift detection: articles encompassing sur-
veys and analyses of diverse concept drift approaches, and articles proposing unsupervised
DD methods. The unsupervised and semi-supervised drift detection methods were further
classified into batch-based and online-based methods. Upon analyzing the batch-based
methods, it was noted that their primary distinction lies in whether they monitor signi-
ficant data distribution changes across the entire arriving batch or solely on a selected
instance set. The online-based methods were also examined, subcategorized based on their

approach to comparing the two involved windows during drift detection.

Agrahari et al. [49] discuss data streams and the need to analyze data near real-
time. Data stream mining involves detecting changes in non-stationary data distribution,
which is a major challenge. Data points in a stream are generated sequentially and inde-
pendently under some probability distribution. To effectively mine data streams, examples
must be processed only once, learned under memory restrictions, processed in a limited
amount of time, and ready to predict class labels on demand. In the context of data
stream mining, one of the biggest challenges is dealing with semi-supervised or unsuper-
vised data, which often have very few or no labeled data available for training. Or even
solutions based on methods such as Meta-Learning and Active Learning [13]. This lack of
labeled data makes it difficult to train supervised learning models and demands the use
of unsupervised or semi-supervised methods. Therefore, developing effective unsupervi-
sed and semi-supervised methods for data stream mining is crucial for making accurate

predictions and discovering valuable insights in these challenging scenarios.

Some reviews focus on the study of DDs in the streaming data environment [50].
One of the main challenges in this context is the scarcity of labeled data due to the
large volume of data processed in a short period of time. However, the accuracy of the
analysis requires labeled data. Therefore, there is a need to develop unsupervised or semi-

supervised algorithms to address this issue and achieve high accuracy.

3.4 Background on Tuning for Drift Detectors

In the domain of Hyperparameter Optimization [51], the RS approach has been
extensively studied [52]. Nevertheless, it is imperative to underscore that these methodo-
logies predominantly operate in a supervised context, requiring validation through com-

parisons with labeled datasets.

The current state of tuning for DDs has reached a complex point where the neces-
sity for more sophisticated and adaptive methodologies is evident [53]. As data streams

become increasingly complex and voluminous due to the rise in real-time applications
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across various industries, traditional tuning methods have struggled to keep pace. These
conventional approaches, often reliant on supervised techniques, require extensive manual
effort and a deep understanding of the data’s underlying patterns. However, such methods
can be inflexible and time-consuming, posing significant limitations in environments where
data properties can change rapidly and unpredictably. The reliance on historical data and
the need for frequent re-calibration further exacerbate the challenge, as they may not

effectively capture or respond to real-time changes in the data stream.

3.4.1 Current Limitations

Upon a thorough analysis, a significant gap emerges in hyperparameter tuning
for DDs. Notably, prior research in this domain has largely overlooked the exploration
of unsupervised tuning methods. Most studies on DDs and their optimizers still rely
heavily on supervised sampling and a profound user knowledge of the underlying data,
which necessitates a high level of expertise and limits the applicability in more automated

settings.

Furthermore, the dependence on supervised approaches highlights a crucial limita-
tion: the need for labeled data, which is often costly or impractical to obtain in real-time
scenarios. In contrast, unsupervised methods, which could operate without pre-labeled
data and extensive user input, have not been sufficiently explored, representing a signifi-

cant oversight in the field.

Addressing this research gap, this study introduces an unsupervised approach for
tuning hyperparameters of drift detectors. This development is particularly relevant as
it promises to reduce the reliance on expert knowledge and labeled data, potentially

broadening the usability and efficiency of DDs in various applications.



35

4 TIME SERIES SEGMENTATION

4.1 Overview

TS segmentation is a process involving the division of a continuous TS into dis-
tinct segments based on various criteria such as similarity, trends, or change points. This
method facilitates a deeper understanding of the underlying structure of the data, enabling
analysts and researchers to identify patterns, anomalies, and shifts. The segmentation
aims to simplify the analysis of complex TS data by breaking it down into manageable,
homogeneous segments. Each segment is characterized by certain properties or behaviors
that are consistent within the segment but differ from those in other segments. This ap-
proach allows for a more granular analysis of the data, highlighting underlying patterns

and dynamics that might not be apparent in the full, unsegmented series.

Several techniques are employed in TS segmentation, each with its advantages
and applicability depending on the nature of the data and the specific objectives of the

analysis. Commonly used methods include:

o Change Point Detection: Identifies points in the T'S where statistical properties,
such as mean or variance, change significantly. Techniques such as CUSUM (Cu-
mulative Sum Control Chart) and Bayesian methods are popular for change point

detection.

o Sliding Windows: Involves moving a window of fixed size across the TS and
computing a statistic, such as the mean or variance, for each window position.

Segments are identified based on changes in these statistics.

e Dynamic Programming: Finds the optimal segmentation of a T'S by minimizing
a cost function that quantifies the error or variance within segments and possibly

the cost of segment changes.

e Clustering-Based Approaches: Utilize clustering algorithms to group similar
data points into segments. Methods like k-means or hierarchical clustering can be

adapted for TS data by defining appropriate distance measures.

4.2 Proposed Approach: Time Series Segmentation Based on

Stationarity

The proposed approach to perform the TS segmentation can be examined in Figs. 2

and 3. They demonstrate the steps followed to identify potential samples that do not
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contribute to the TS stationarity. A framework and technique to perform the segmentation
of a TS are proposed. In both cases, the process begins with the stationarity analysis of a
given TS, defined as the ADF test. Each segmentation proposal has its peculiarities, but
both depend on change detector processes to define the samples that should be segmented.
The main objective of sample removal is to obtain a better-behaved TS model, which can
improve various applications, such as prediction, data compression, and feature extraction.
The framework, called Change Detector Segmentation (CDS), seeks to verify the impact
of stationary analysis in aiding change detector techniques. Intervals with less stationarity
serve as an extra alert for the change detector techniques to perform their detection. The
ADF-based segmentation consists of a stationary analysis of the TS. The framework was
created because as far as we know, there are no stationarity-based TS segmenters in the
literature. Another reason is that choosing hyperparameters for these techniques is not
a trivial task. The difference between the CDS and ADF-based segmentation is that the
latter does not rely on the windowing process to perform segmentation. The process is

carried out continuously.

4.2.1 Change Detector Segmentation Framework

The CDS is a framework to perform segmentation in T'S. Segmentation is based
on the analysis of critical intervals in the TS alongside change detectors and stationarity

analyses. Algorithm 1 describes how the segmentation points are obtained.

Algorithm 1: Change Detector Segmentation code
Input: The Time Series (TS).
Output: A list with the Segmentation Points (SP).
Pseudo-code
Calculates the Global ADF test Agpa over the TS.
Calculates the Windowing (W), obtaining the intervals from T'S.
SP =]
i=0
while ¢ < length(W) do
Calculates the local ADF from the interval \;
if )\global < \; then
‘ SP append point (i) as a critical interval.
end
1=1+1
end
Performs the Change Detector.
Performs the tuning.
SP append the points obtained from the tuning.
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Fig. 2 demonstrates the entire process for performing the segmentation, each step

will be defined in the following subsections:
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4.2.1.1 Global ADF Test

The Global ADF test obtains the stationarity value of all TS samples, and it is
applied according to the definition in Section 2.1.3. It is denoted by Agiope- This step
is done to obtain information about the general behavior of the TS. The ADF value is
obtained as the output, which serves as a threshold for evaluating each point in the TS.

This process can be replaced by another one that is also able to describe the behavior of

the TS.

4.2.1.2 Windowing

The windowing step consists of checking cyclical behaviors in a given TS to define
its size. It can be given for days, weeks, years, or even longer intervals depending on the
TS. The windowing allows comparing the Local ADF test of each interval with Agopai,
described in the Thresholding box in Fig. 2. This process is conducted to identify critical
intervals, which consists of A; greater than Ay and makes the series less stationary. The
critical intervals will be evaluated by the change detectors to examine samples individually,

as they have more variability in the TS.

4.2.1.3 Local ADF Test

The Local ADF test obtains the stationarity value of a given interval of the T'S and
is denoted by \;, where ¢ represents an interval at a given time. This interval is obtained

by the windowing step and will be inputted into the thresholding step.

4.2.1.4 Thresholding

The Thresholding step compares the stationarity value of a given interval A\; with
Agiobar for decision making. This interval is considered critical when ); presents a value
greater than Agpq. This configuration implies that this critical interval does not present
a stationary behavior like the remaining samples in the TS. A possible problem at this
stage is to consider every sample inside the critical interval to be segmented. However, it

is mitigated by the tuning step.

4.2.1.5 Tuning

A tuning process was designed to make the change detectors individually examine
each sample with greater emphasis on critical intervals. In addition to the use of standard
hyperparameter values for the change detectors, an attempt to improve their choice was
also made. The standard values were varied to fit the best configuration for each scenario.
Three different approaches were considered for tuning to optimize the choice of the best

hyperparameters, The Bigger in Smaller out, Bigger in, and Smaller out approaches. These
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approaches allow obtaining three different hyperparameter variation results according to

the available critical intervals.

« Bigger in Smaller out: this strategy chooses the hyperparameter configuration
that keeps the largest amount of data within the critical intervals and the least
amount of data outside these intervals. This approach balances the selection of

samples present in the critical interval with the least number of samples outside it.

o Bigger in: this strategy chooses the hyperparameter configuration that keeps the
largest amount of data that is within the critical interval. This approach places the

greatest emphasis on removing samples at critical intervals.

o Smaller out: this strategy chooses the hyperparameter configuration that keeps
the least amount of data outside the critical interval. This approach minimizes the

selection of samples outside the critical intervals.

4.2.1.6 Change Detectors

Change detectors are usually applied to data streams; however, it is also possible
to extend them to identify changes in TS [54]. As its name suggests, it seeks to identify
changes in behavior in a data stream. This step is applied to identify the points of the
TS that do not present stationary behavior. As the output, it generates a set of points to

perform the removal.

4.2.1.7 Removing Samples

This step consists of removing the samples from the TS according to the points
provided by the change detectors. This is the last step of the proposed framework. Neigh-

bor points that were not removed from the TS are interpolated.
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Figure 2 — Methodology framework of Change Detector Segmentation.
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4.2.2 ADF-Based Segmentation

The ADF detector is also a proposal for this work. It performs the segmentation
of samples in the TS based on their stationarity. Its process starts with the Grace Period,
which consists of calibrating the ADF test with a predetermined interval of the TS,
according to Fig. 3. It consists of separating a small number of TS samples to calibrate
the ADF test, e.g., 10% of the initial TS samples. After this calibration, the Local ADF
test is obtained. From this point on, the remaining samples will be evaluated to verify their

stationarity continuously. For each new sample, a new ADF test value is acquired. If this
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value is less than the current Local ADF test value, we understand that this sample must
be kept in the TS by maintaining stationary, and the Local ADF test value is updated.
However, if the sample has a greater value of ADF test than the Local ADF, it is assumed
that this sample should be removed. This comparison between these two values depends
on an « factor, where an acceptable error rate is applied. In this work, the values 0.05,
0.1, and 0.15 were used for a.. This process seeks to ensure that the stationarity of the T'S
is not affected by samples that are out of normal behavior. Moreover, it can reduce the

TS size. Algorithm 2 describes how the segmentation points are obtained.

Algorithm 2: ADF-based Segmentation code

Input: TS: The Time Series (TS).
Input: a: Alpha factor, to adjust the error rate.
Output: SP: A list with the Segmentation Points (SP).

1 Pseudo-code

2 Starts the Grace Period (GP) with 10% of TS length.

3 Calculates the ADF test Ay, over the GP.

4 Aglobal = )\gp

5 i = length(GP)

6 while 7 < length(TS) do

7 Calculates the ADF value of the new sample (\;) with the accumulated
)\global

8 if Agiobar - Ai > Agiobar " then

9 ‘ )\global = >\z

10 end

11 else

12 ‘ SP append a point (i) to be segmented

13 end

14 t=1+1

15 end
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Figure 3 — Methodology proposal of ADF-based Segmentation.
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4.3 Experimental Study

The Experimental Study aims to compare the results obtained with works in the

state of the art based on TS segmentation to answer the following Research Questions

(RQ).

« RQ 1: Can TS segmentation based on stationarity analysis assist in the predictive

process of new samples?
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o RQ 2: Is stationarity-based segmentation capable of providing improvements in the

aspect of prediction and reduction in TS sizes in different databases?

o« RQ 3: Were the segmentation techniques proposed in this work compared with

similar techniques?

o RQ 4: How correlated are stationarity and segmentation techniques?

4.3.1 Databases

The databases containing the TS used in this work are divided into three groups.
The first group consists of a real database obtained by a Photovoltaic Plant (PV) installed
at the State University of Londrina, Brazil. This database presents samples of power
generation that started to operate in November 2019. The plant has 1020 solar panels.
The samples are collected every 15 min. Thus, 96 samples are collected each day. To
obtain better efficiency in capturing solar energy, the plant usually operates from 6 am to
7 pm. The sensors of the photovoltaic plant are capable of capturing 18 different features
provided by solar energy. Among them, the generated power is used for analysis in this

work.

The second group consists of the Minimum Daily Temperatures (MDT) database,
which has the minimum daily temperatures over 10 years (1981-1990) in the city of
Melbourne, Australia [55]. The third group consists of the database known as the Monthly
Sunspot (MS) database [56]. This database describes a monthly count of the number of
observed sunspots over 230 years (1749-1983). The experiments were separated at different
intervals to verify different variations in the TS. For the first group, represented by the
PV database, we have intervals starting from November, since it is the initial month of

data collection and is subject to greater variation.

The experiments were separated into different training and testing intervals to
verify unusual variations in the T'S. For the first group, represented by the PV database, we
have intervals starting from November, since it is the initial month of data collection and is
subject to greater variation. For the second group, three intervals were selected. The first
two intervals consist of a division of the third interval. Finally, the third group is comped
by an interval of 150 years for training and 83 years for testing. The selection of these
intervals was made without specific criteria. The objective is to verify the improvement

in predictive capacity through the segmentation process proposed in this work.

Table 2 presents information from the databases used for experimentation with
some additional information. Each database was identified by a letter from A to J for
better identification in the results section 4.3.6. The ADF value column represents the
stationarity of each training interval. These values demonstrate that the PV base pre-

sents well-behaved samples compared to other databases, since it has a smaller ADF
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value. Furthermore, it is possible to verify the relationship of these values with the results
obtained in the reduction of dataset size and predictive capacity. The exact intervals used

for experimentation for each database and further information can be verified in Table 2.

Table 2 — Intervals used for experimentation from PV, MDT, and MS databases.

Identifier Database Train Interval ADF Value Test Interval
A PV November to December —16.57 4 weeks January
B PV November to January —19.24 March
C PV November to February —21.81 March
D PV January to February —16.36 4 weeks March
E PV February —11.57 4 weeks March
F PV February —11.57 days in March
G MDT 1981 to 1984 -3.14 1985
H MDT 1986 to 1989 —2.59 1990
I MDT 1981 to 1989 —4.34 1990
J MS 1749 to 1899 —7.04 1900 to 1983

After determining each experiment interval, the TS were submitted to segmenta-
tion techniques according to the ones proposed in this work, and their original versions
were subjected to prediction techniques. This step consists of verifying whether the seg-
mentation process improves the predictive performance of a TS, besides decreasing its

size.

4.3.2 Change Detectors

The change detectors used in this work were ADWIN (ADW) [57] and Page-
Hinkley (PH) [58], present in the scikit-multiflow package [16]. They were used as detectors
in the change detector step of the framework to compare the efficiency and interference of
a particular detector algorithm. The choices for these detectors were due to their adapta-
bility to TS. ADW is an adaptive sliding window algorithm for detecting changes and has
a delta parameter to perform its detection. The PH detector works by computing the ob-
served values and their mean up to the current moment. It is composed of four parameters
to perform its detection: the minimum number of instances before detecting change, the
delta factor for the PH test, a threshold called lambda factor, and the forgetting factor,

to weight the observed value and the mean.

The hyperparameters of both detectors were varied with values in percentage to
values below and above the standard ones to obtain a configuration that best fits the
proposed segmentation of the TS samples. For experimentation in this work, increments

of 25% were used, starting at half of the standard value until double its standard value.
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4.3.3 Metrics

The metric adopted for predictive gain assessment was the Root Mean Squared
Error (RMSE), which is given by:

T /hi—un?
RMSE:\/n g_1<yl yl) (4.1)

n
where §J; represents the predicted sample and y; represents the actual value of the sample

at time <.

4.3.4 Prediction Techniques

Four predictive techniques are used in this work. The Naive, ARIMA, LSTM, and
TCN methods. All of these predictors are used over the segmented and original TS.

The first predictive technique consists of a benchmark approach for TS, due to its
simplicity and considerable acceptance of its results. Its operation considers that the next
value to be obtained will be equal to the last observed value. Equation (4.2) shows how

these values are obtained:

i’t+1 = Tt (42)

where ;1 represents the next value to be predicted and x; represents the last observed

value.

ARIMA is essentially exploratory and seeks to fit a model to adapt to the data
structure [59]. With the aid of the autocorrelation and partial autocorrelation functions,
it is possible to obtain the essence of the TS so that it can be modeled. Then, information
such as trends, variations, cyclical components, and even patterns present in the TS can
also be obtained [60]. This allows the description of its current pattern and prediction
of future series values [61]. Autoregressive models have been used for a long time in TS
analysis and are therefore considered popular and simple. However, some studies [62, 63]
demonstrate that when dealing with a very large amount of data, models based on DL

tend to have better results.

As a comparison, the LSTM and TCN techniques, which are based on DL, are
evaluated in this work as a comparison to the classical ARIMA and Naive models. LSTM
is a type of RNN . Unlike some traditional neural networks, LSTM can remember the most
useful information. This is possible thanks to its architecture. The networks that comprise
the LSTM are connected in the form of loops. This process allows information to persist on
the network. It also has a gating mechanism for learning long-term dependencies without
losing short-term capability [39]. This mechanism allows for what we call a neural network

that has memory. This feature is essential when dealing with TS, as some moments tend to
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be repeated over an interval of time. Another important feature is the stationary approach
of this work, which allows the neural network model to adapt faster to the behavior of the
TS. However, these approaches based on DL models are only interesting for problems that

have a large amount of data, due to their complexity. For simpler scenarios, statistical
models such as ARIMA tend to fill the need.

TCN is a special type of Convolutional Neural Network capable of handling a
large amount of information [64]. This processing is done through causal convolution,
which ensures the model cannot violate the order in which the data is processed. TCN
uses a one-dimensional fully convolutional network architecture, where each hidden layer
has the same length as the input layer, and zero padding of length [65]. As highlighted
for LSTM, this approach tends to perform better for more complex problems where a

statistical model is not able to determine long correspondences between the data.

Table 3 presents the hyperparameters used for experimentation. The Naive tech-
nique does not have an extra configuration as it is based only on the value of the previous
sample. For the ARIMA modeling technique, auto-arima from pmdarima library was used.
As for the LSTM and TCN, the values in Table 3 were used to obtain the best possible

configuration for each of them.

4.3.5 OSTS Method

To answer RQ3, we compare our proposed techniques to the OSTS. The OSTS
technique was proposed by Carmona-Poyato et al. [43] and consists of an approach to
reduce dimensionality in a T'S. In essence, it can locate the maximum and minimum points
in a T'S. This process is done through numerical approximation considering a point P;
and analysis of neighboring points. When the sample P; is removed, its neighboring points
are joined in a straight line. Even though its segmentation approach has no motivation
for predictive improvement, it was used for comparison with the proposed techniques in
this work. Its choice is also due to the extensive comparison of the OSTS approach with
other segmenters. It also differs from classical approaches based on sliding windows and

thresholds of statistical moments [9)].

4.3.6 Experimental Results

In this subsection, the results obtained by the experiments will be presented. Ta-
bles 4 and 5 present the prediction results in terms of RMSE, demonstrating the predictive
gain through TS segmentation. These results are established on the test interval defined
in Table 2 using the four prediction techniques defined in the Section 4.3.4. The ADW
and PH segmenters present the results of the Change Detector Segmentation Framework.

These results are based on the best variation of the tuning process, defined in the Section
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Table 3 — Hyperparameters experimented for tuning.

Parameters Experimented hyperparameters
Number of stacked layers | 1, 2, 3
LSTM | Units 32, 64, 128
Dropout 0
Number of filters 32, 64
Kernel 2,3

[1, 4, 12, 48], [1, 2, 4, 8, 12, 24, 48], [1, 4,

16, 32, [1, 2, 4, 8, 16, 32], [1, 3, 6, 12, 24],
1,2, 6,12, 24], [1, 2, 4, 8, 16], [1, 4, 16],

1,2, 4,8],[1, 4, 8

.2

TCN Dilations

Blocks 1
Dropout 0

4.2.1.5. The ADF-based segmentation is represented by ADF. Only the choice of the «

factor that obtained the best result was considered.

4.3.7 Predictions Results

To answer RQ1, we have the predictive results applied to the datasets defined in
this work with the proposed segmentation techniques. Table 4 presents the global error
results of the new sample prediction from all databases, A to J, while Table 5 shows
the relative error between them. In Table 4, we have highlighted in the last line the
accumulated predictive error of all original databases, without the segmentation process.
The OSTS segmenter was not able to improve the predictive capacity of the predictors
in any case, except for the Naive predictor. It had the highest RMSE among the other
segmentation techniques. For the PH segmenter, it obtained the second highest RMSE
and did not show predictive improvement, except for the Naive predictor. As for the ADW
and ADF segmenters, there were predictive improvements. In the case of ADW, only the
TCN predictor was not able to present a predictive improvement; however, it obtained
the smallest RMSE for the ARIMA and LSTM predictors. For the ADF segmenter, only
ARIMA had no improvement; however, the smallest RMSE was obtained for the Naive
and TCN predictors.

For Table 5, we have the relative RMSE between the predictive performance of
the original database with the proposed segmentation techniques. Each database, A to
J, is made up of four different prediction techniques. The segmentation techniques are
presented in a decreasing ranking from the best result to the worst. In summary, the
results that obtained a relative RMSE above one do not present a significant predictive
performance. It is also possible to analyze why the original distribution did not obtain
better predictive performance in any of the bases for the ARIMA and TCN predictors.
Validating the results obtained by Table 4, it is verified once again that the most significant
predictive results are between the LSTM and TCN predictors, promoted by the ADF and



ADW segmenters.

Table 4 — Global RMSE results from predictive techniques.

Naive ARIMA LSTM TCN
ADF 18923.65 13559.87 3193.70 3242.92
ADW 18923.66 13532.41 3177.46 3294.75
PH 18923.65 13727.95 3408.02 3844.67
OSTS 18923.65 14239.36 3482.60 3952.74

Original 20006.11 13537.78 3229.33 3276.01
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Table 5 — Relative RMSE of each segmentation technique referring to the original base
across four different predictive techniques using the ADF-based method, ADW,
and PH (i.e., instances of our segmentation framework), and OSTS segmenta-
tion method. Lower errors are in bold and worst average cases are underlined.

Database Identifier Segmentation Techniques Predictive Techniques Average
Naive ARIMA LSTM TCN

ADF 0.99 0.99 0.97 0.99 0.98

A ADW 0.99 0.99 1.00 0.99 0.99
PH 0.99 0.99 1.03 0.99 1.00

OSTS 1.00 1.06 1.01 0.99 1.01

ADF 0.99 1.00 0.97 0.99 0.98

B ADW 1.00 0.99 0.99 0.98 0.99
PH 0.99 0.99 0.98 0.99 0.98

OSTS 1.08 1.12 1.00 1.02 1.05

ADF 1.00 0.98 0.94 0.83 0.93

C ADW 1.00 1.02 0.96 0.85 0.95
PH 1.00 1.02 0.96 0.81 0.94

OSTS 0.98 1.03 0.99 1.10 1.02

ADF 1.00 0.95 1.02 0.99 0.99

D ADW 1.00 0.98 1.03 0.97 0.99
PH 0.99 0.98 1.01 0.90 0.97

OSTS 1.00 1.00 1.34 1.30 1.16

ADF 0.99 0.99 1.00 0.98 0.99

E ADW 1.00 0.99 1.01 0.99 0.99
PH 0.99 0.99 1.02 0.96 0.99

OSTS 1.00 1.01 1.26 1.34 1.15

ADF 1.00 1.00 0.87 0.73 0.90

F ADW 0.99 0.99 0.67 0.86 0.88
PH 0.99 1.00 0.74 1.20 0.98

OSTS 0.99 1.03 0.93 1.45 1.10

ADF 1.00 1.00 0.99 0.96 0.98

G ADW 1.00 0.99 0.99 0.92 0.97
PH 1.00 1.00 0.99 0.95 0.98

OSTS 1.00 1.22 1.05 1.17 1.11

ADF 1.00 0.87 0.95 0.99 0.95

H ADW 1.00 0.99 0.95 0.99 0.98
PH 1.00 0.93 0.96 0.96 0.96

OSTS 1.00 1.24 1.00 1.12 1.11

ADF 1.00 1.00 0.99 0.98 0.99

I ADW 1.00 0.99 1.00 1.00 0.99
PH 1.00 0.99 0.99 0.99 0.99

OSTS 1.00 0.99 1.00 1.04 1.00

ADF 0.99 0.98 1.00 0.98 0.98

J ADW 0.99 0.98 1.00 0.97 0.98
PH 0.99 1.00 1.00 1.00 0.99

OSTS 0.99 0.99 1.22 1.13 1.08

In general, it can be said that the proposed segmentation techniques performed well

in all experienced databases. Only in 6 cases out of 40 did the segmentation techniques not

provide a better predictive capacity. Of these six, three are located in the Naive predictor,

which has the worst predictive power among the other predictors. Moreover, even though
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it did not obtain a better predictive performance, its result was the same as the original

distribution, but with the advantage of decreasing the TS size.

4.3.8 Time Series Size Reduction

In this subsection, the effect of the segmentation process in reducing the TS size is
discussed. RQ2 is answered with the analysis presented in Tables 4 and 5, in the previous
subsection, and the results in Figure 4, which presents a comparison of the size reduction
of the segmentation techniques for each database. These reductions are based on the

LSTM predictor since it achieved the best predictive performance.

We can affirm through the analysis of Figure 4 that the size reduction of the
TS is not directly related to the predictive gain. The OSTS segmentation technique was
the one that obtained the biggest size reduction, but the worst result of the predictive
gain, according to Tables 4 and 5. We can also affirm that the size reduction is not
so considerable when comparing the other segmentation techniques, but it is still able
to improve the performance gain. The ADF, ADW, and PH detectors achieved similar
reductions in the PV databases, while the PH detector showed greater variability in the
other databases. In addition, considering that these results were obtained using the LSTM
predictor, it is possible to conclude that the ADF and ADW detectors can improve the

predictive gain of new samples, while reducing the TS size.

An interesting link that can be made is that the databases that had the biggest
reductions were the ones with the highest ADF values in Table 2. The same is not verified
in the predictive improvement (Table 5), since the cases that obtained better results are

concentrated in the more stationary databases, e.g., database C.

4.3.9 Sample Segmentation

Figs. 5 and 6 present sample segmentation intervals in two distinct databases,
A and C, respectively. In Fig. 5, it is possible to observe in the sample interval 500 to
515, none of the techniques presented a region to be segmented, it being considered an
essential region to describe a stationary behavior. Near sample 545 a peak is seen, which
was highlighted by most detectors as segmentable. The OSTS and ADW detectors acted
at the moment and just before the appearance of this point, while the ADF acted at the
moment of descent from this peak. The PH detector did not act to identify this region.
However, the excess of points identified by the OSTS detector and the absence of others
in the evaluated interval demonstrates great disparity, as the other detectors pointed out

this highlighted interval with a high level of stationarity, requiring few segmentations.

Fig. 6 exhibits a behavior similar to the database analyzed above, but with empha-
sis on the samples verified from point 562, where there were many segmentation points by
ADF. This demonstrates that the ADF detector operates differently from ADW and PH.
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Figure 4 — TS size reduction according to segmentation methods ADF, ADW, PH, and

OSTS. (a) Database A; (b) database B; (c) database C; (d) database D; (e)

database E; (f) database F;(g) database G; (h) database H; (i) database I; (j)
database J.
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This interval highlighted by ADF demonstrates an important characteristic when these

samples were detected and proved to be more sensitive for stationarity analysis.
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Figure 5 — Segmented samples of dataset A (chunk from 500 to 560 samples). ADF re-

moved 2 samples, PH and ADW removed a single sample, and OSTS removed
17. The stationarity-based segmenters considered the range from 515 to 543
as stable and without the need for segmentation, while the OSTS segmenter
performed quite a lot of segmentation at these points.
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Figure 6 — Segmented samples of dataset C (chunk from 520 to 580 samples). ADF remo-
ved 19 samples, PH removed 2 samples, ADW removed a single sample and
OSTS removed 18. Unlike the case of dataset A, the ADF segmenter performed
many segmentations like the OSTS, but in different regions, while the other
segmenters considered the region as stable.
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4.3.10 Statistical Analysis

Friedman’s statistical test and the post-hoc test of Nemenyi [66] were used to
verify the statistically significant difference between the performance of the segmentation
techniques proposed in this work. This test was performed for each predictor described
in this work and can be evaluated by Figs. 7-10. The Critical Difference (CD) allows
checking when there were statistical differences between the segmenters, each diagram
and algorithms’ average ranks are placed in the horizontal axis, with the best ranked
to the right. For ADW segmenter, it is possible to observe that there were statistical
differences compared to the original TS in all scenarios. A black line connects algorithms

for which there is no significant performance difference.

Fig. 7 demonstrates no statistical difference between the ADF and OSTS techni-
ques compared to the original T'S. There was also no statistical difference between OSTS
and ADW. For the Naive predictor, only the ADW and PH techniques showed statistical

differences from the normal distribution.

For the ARIMA predictor in Fig. 8, the OSTS technique showed the worst per-
formance. The PH and ADF techniques did not present statistical differences with the
original distribution, only the ADW reached differences in this case. Finally, for the LSTM



93

and TCN predictors shown in Figs. 9 and 10, respectively, there were no statistical dif-
ferences for the OSTS and PH techniques compared to the original distribution. In both
cases, the ADF and ADW techniques showed better performance, with statistical simila-
rity.

Figure 7 — Comparison of the RMSE values obtained by segmentation techniques for

Naive predictor according to the Nemenyi test. Groups that are not signifi-
cantly different (o = 0.05 and C'D = 1.04) are connected.
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Figure 8 — Comparison of the RMSE values obtained by segmentation techniques for
ARIMA predictor according to the Nemenyi test. Groups that are not sig-
nificantly different (o = 0.05 and C'D = 1.03) are connected.
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Figure 9 — Comparison of the RMSE values obtained by segmentation techniques for
LSTM predictor according to the Nemenyi test. Groups that are not signi-
ficantly different (v = 0.05 and C'D = 1.04) are connected.
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Figure 10 — Comparison of the RMSE values obtained by segmentation techniques for
TCN predictor according to the Nemenyi test. Groups that are not signifi-
cantly different (v = 0.05 and C'D = 1.03) are connected.
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It is worth mentioning that segmentation techniques based on the analysis of
stationarity of a TS are a viable technique. The advantages of this approach are the
simplicity in how each sample is evaluated and the independence of information and
feature extraction to perform the segmentation. In addition, we consider this as a novel
approach since the segmentation of TS to improve the predictive capacity of new samples

is not a task found in the literature.

Another consideration is that the segmentation process must be able to maintain
the representativeness of the T'S and our approach guarantees this. A large reduction in
the TS size does not guarantee better performance, as seen in the results of the OSTS

detector.
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4.3.11 Stationarity Impact on Segmentation

One of the pillars of our hypothesis for creating a framework proposal and seg-
mentation method is stationarity analysis. Thus, RQ4 is answered in this subsection.
Extracting two stationarity descriptors based on the ADF test, in particular, the stan-
dard deviation of stationarity (Std Stationarity) and the mean value of stationarity (Mean
Stationarity), we computed their correlation using the Pearson Correlation test [67]. This
test is related to the errors (RMSE) obtained from the segmentation techniques proposed
in this work and the OSTS method. Fig. 11 represents, as a heatmap, the correlation

between stationarity and RMSE of all segmenters.

Figure 11 — Correlation between the stationarity (based on ADF Test) and performance
(rRMSE) obtained by segmentation methods.
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As observed in Fig. 11, OSTS RMSE does not correlate with the stationarity of
the TS, reaching 0.01 and —0.02 of correlation, standard deviation, and mean. This is
an expected phenomenon, since the strategy of OSTS is driven by the neighborhood of
maximum and minimum local values. On the other hand, ADF, ADW, and PH presented

an important correlation with the standard deviation of stationarity. More precisely, they
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obtained a positive correlation, which reveals that the increase in stationarity variation
in the TS leads to a less effective segmentation. However, high mean stationarity leads to

boosted results from segmentation, with PH obtaining the highest correlation.

Considering the perspective of dimension reduction, we evaluated the correlation
between reduction rate and stationarity, as previously, for performance. OSTS reduction
capacity is inversely correlated with the stationarity mean, —0.98. Regarding the change-
based approaches, PH reduction capacity was the best correlated with an inverse corre-
lation of —0.86, as shown in Fig. 12. For ADF and ADW, we have the lowest correlation

between reduction rate and stationarity, —0.29 and —0.38, respectively.

Figure 12 — Correlation between the stationarity (based on ADF Test) and dimension
reduction delivered by segmentation methods.
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Overall, these results indicate that the stationarity of TS is correlated with the
dimension reduction capacity provided by the methods. It is worth mentioning that ADW
and PH followed the same framework and tuning strategy, but the way stationarity corre-
lates to their reduction capacity and predictive performance diverges. This fact emphasizes

the need for caution when selecting the change detector according to each TS pattern.
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It is also worth noting that our stationary strategy to perform segmentation main-
tains the original T'S behavior and removes only disposable samples, which makes it a less
invasive method. Finally, the standard deviation of stationarity exposed how tricky the
segmentation might be when reducing the predictive error of high-variated stationarity

patterns.

4.4 Conclusions

The stationary approach for segmenting samples in TS has a positive impact on
the issue of prediction of new samples and size reduction. According to the results, it
is possible to affirm that the segmentation techniques had a better performance for the
prediction algorithms based on DL. The ADW and ADF segmentation had the best
performance in the DL approaches, with ADW for LSTM and ADF for TCN. However,
an advantage over the functioning of the ADF over the ADW is the independence of a
priori knowledge about the TS. The ADF segmentation analysis demands only a small
number of samples to perform its grace period and start the segmentation process and

has only one hyperparameter.

The largest cases of TS size reduction came from the OSTS technique, achieving
0.40 reduction compared to the original distribution, but this result does not follow the
predictive performance of the new samples. A balance between the reduction and predic-

tion approach is best seen by the ADF and ADW segmenters.

Stationary analysis proved to be a great ally in the study of T'S behavior and more
studies can be directed in this respect beyond sample segmentation. For future work, we
seek to improve segmentation techniques aimed at the data stream, where the segmen-
tation would be given in real-time, as the data is obtained. Furthermore, improving the

extraction of a priori information from the TS, makes these methods more autonomous.
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5 UNSUPERVISED TUNING FOR DRIFT DETECTORS

Our approach is oriented towards achieving unsupervised tuning for DDs. To fulfill
this objective, we propose a novel combination of stationarity criteria derived from the
Augmented Dickey-Fuller (ADF) test. At the core of our methodology lies an unsupervi-
sed framework called Change Detector Segmentation (CDS), which adjusts the inherent
hyperparameters of DD. Importantly, the CDS framework was initially introduced to eli-
minate non-stationary samples in TS data. In this study, we adapt this framework to apply
to any signal type, shifting its focus from segmenting samples to accurately identifying

them as drifts.

Unsupervised tuning methods eliminate the need for annotated data, significan-
tly reducing the time and resources required for data labeling. This crucial advantage
speeds up the optimization process and extends the applicability of tuning to contexts
with limited availability or high costs linked to acquiring labeled data, as seen in online
scenarios. This addresses a key concern in ML, where access to abundant labeled data
is often limited, offering a promising opportunity to improve model performance under

resource constraints.

We present a comprehensive framework designed for unsupervised tuning in sig-
nal. Our proposed approach encompasses five key stages based on the CDS framework,
adeptly handling the complex challenge of precisely identifying drift occurrences while
optimizing the hyperparameters governing DDs. The following steps in Fig. 13 outline
the methodology used in this study, enabling replication of the process:

Figure 13 — Unsupervised Tuning Methodology.
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5.1 Step 1

Our investigation starts with the acquisition of a signal, predominantly presented
as a T'S structure, serving as the basis for evaluating and refining our approach. Within the
signal’s temporal evolution, concept drift becomes points of focus, triggering subsequent

steps in our process.

5.2 Step 2

Step 2 encompasses segmenting the signal acquired in Step 1, which can be exe-

cuted in two manners:

1. For this study, we chose to divide the signal empirically into 10 segments. This

approach is advisable when the user possesses limited prior knowledge of the signal.

2. Alternatively, the signal can be segmented based on its seasonality and requires
knowledge of the signal’s behavior by the user. Seasonality refers to recurring cycles

within the signal that display consistent behaviors over time.

Segmenting the signal serves a purpose: analyzing the entire signal may complicate
statistical information analysis, reducing sensitivity to drifts. Utilizing smaller segments

enhances sensitivity, facilitating drift detection.

5.3 Step 3

Step 3 defines the critical intervals, highlighted in red in Fig. 13, alongside inter-
vals indicating normal behavior, marked in green. This distinction is established via the
stationarity test performed by the ADF test. To achieve this, the following procedures

are implemented:

1. Calculate the stationarity statistical value for the entire signal.
2. Calculate the stationarity statistical value for each segment.
3. Identify critical intervals as segments with a stationarity statistical value higher

than that obtained in Step 1.

We propose that regions with lower stationarity statistical value are less likely to
exhibit drifts compared to regions with higher values. Thus, we define critical intervals of

the signal by their higher statistical values.
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5.4 Step 4

The preceding steps are crucial for implementing unsupervised tuning. Moving on
to Step 4, we initiate our Heuristic evaluation. The intervals derived from the segmented
signal guide us in configuring any DD appropriately. At this stage, users can set a range of
values for each DD hyperparameter and employ our heuristics to identify the best choice.
Alternatively, users can use values empirically tested in this study. Specifically, we explore
four decay and growth percentages relative to each detector’s default values. The decay
percentages are 95, 90, 75, 50, and 10, while the growth percentages are 105, 110, 125,
150, and 1000. Our aim is to categorize values showing slight and significant deviations

from default values to improve signal generalization.

For example, if a specific hyperparameter has a default value of 10, the values used

in this study to explore a wider range of configurations will be as follows:

e Decay values: 9.5, 9, 7.5, 5, and 1.

o Growth values: 10.5, 11, 12.5, 15, and 100.

These values represent adjustments to the default value for the hyperparameter

under consideration.

5.5 Step 5

Step 5 employs our heuristics to select the optimal hyperparameters, offering a

specific combination that satisfies the following definitions:

« Bigger in Smaller out (BISO): This heuristic selects the hyperparameter confi-
guration that detects the highest number of drifts within the critical intervals while
minimizing detections outside of these intervals. BISO aims for balanced sensitivity,
focusing on placing the majority of drifts within the critical intervals while reducing
detections in non-critical intervals. Consequently, BISO is expected to effectively

identify both abrupt and gradual drifts.

« Bigger in (BI): This heuristic aims to select the hyperparameter configuration that
detects the highest number of drifts within the critical intervals. BI is more sensitive,
potentially generating more false positives compared to BISO. BI primarily excels

in identifying abrupt drifts.

« Smaller out (SO): In contrast to the previous heuristics, SO prioritizes the hyper-
parameter configuration that detects the lowest number of drifts outside the critical
intervals. However, its selective nature increases the possibility of false negatives

due to filtering out minor variations.
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Our proposal orchestrates a methodical process that combines unsupervised tuning
and drift identification within a signal. Through this innovative framework, we aim to
tackle the challenges inherent in drift detection, thereby advancing unsupervised learning

paradigms.

Additionally, our approach outlines a systematic steps integrating unsupervised
tuning and drift identification within a signal, shedding light on the complexities associ-
ated with drifts. It offers a solution when users lack prior knowledge about the analyzed
signal, allowing them to explore hyperparameter configurations surpassing the default

settings.

It is crucial to emphasize that our unsupervised tuning extends its applicability to

a wide range of DDs, regardless of their specific characteristics.

5.6 Materials and Methods

To validate our proposed approach in this study, it is crucial to determine if our
unsupervised tuning proves to be a feasible alternative compared to the default confi-
guration of DDs. This validation hinges on demonstrating that our proposed approach
consistently outperforms the default configuration. To accomplish this, we will outline the

details of our experimental setup.

To empirically study drift phenomena, it was essential to create a reliable and
carefully annotated synthetic database. In this regard, the Configurable Signal Generator
played a crucial role, facilitating the generation of artificial signals tailored to populate
our designated database. This deliberate use of synthetic data injection was intended to
cultivate a dataset characterized by the necessary qualities of precision and reliability, thus

providing an ideal basis for the systematic execution of our experimental investigations.

To conduct the experiment, acquiring signals with labeled concept drift sam-
ples—representing normal and concept drift-specific instances—was indispensable. Howe-
ver, the absence of tools providing such information was evident. Consequently, this work

developed the Configurable Signal Generator, ensuring the mentioned specifications.

5.6.1 Configurable Signal Generator (CSG)

Upon a comprehensive review of the current state of available datasets, it becomes
apparent that the majority lack sufficient instances of concept drift or fail to provide
proper labels indicating the occurrence of such shifts, as discussed in [68]. This deficiency
presents a substantial obstacle for researchers and practitioners aiming to develop and

evaluate models that can effectively handle concept drifts in real-world scenarios.

Labeled datasets play a pivotal role in training and validating ML models. Howe-
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ver, in the context of concept drift, the scarcity of labeled data reflecting dynamic changes
in the underlying data distribution hampers the progress in developing adaptive and re-
silient models. The absence of such datasets limits our ability to assess the generalization

and adaptability of models to changing environments.

To bridge this gap, the CSG, introduced in this study, serves as an innovative tool
designed to simplify the creation of synthetic signals with adjustable hyperparameters and
labeled samples. Its purpose is to enable the generation of signals with diverse statistical
distributions. The main goal is to empower users by providing precise control over the

signal’s amplitude and the introduction of perturbations based on their preferences.

This signal generator operates based on five key hyperparameters, each for custo-

mizing the artificial signal to meet specific requirements:

1. Number of Samples: this hyperparameter enables users to specify the granularity of
the generated signal by defining the number of discrete data points or samples. This
configuration is important to achieve the desired temporal or spatial resolution in

the resulting signal.

2. Initial and Final Amplitude Values: this feature provides users with the flexibility
to set the starting and ending amplitude levels of the signal. It is instrumental
in modulating the signal’s intensity over a defined time span or spatial region.
Additionally, it facilitates the creation of signals with varying amplitudes, such as

linear ramps or amplitude-modulated signals.

3. Minimum and Maximum Perturbation: perturbations introduce deviations from the
ideal or nominal signal, incorporating stochastic elements into the generated data.
By specifying the minimum and maximum perturbation values, users have precise
control over the level of randomness or noise added to the signal. This capability
allows for the creation of signals that simulate real-world concept drift scenarios

with inherent variability and uncertainty.

Distinguished from prevailing signal generators [69], the distinctiveness of the CSG
arises from its ability to introduce stochastic perturbance at various junctures within the
signal’s trajectory. Notably, the intervals demarcating these instances of perturbation are
recorded and provided as an output, rendering the CSG an invaluable asset within the

signal generation paradigm.

The CSG sets itself apart from existing signal generators by its unique capability
to introduce labeled random disturbances at different points along the signal’s path. What
makes it particularly noteworthy is that it records and outputs the specific intervals where

these disturbances occur. Other signal generators commonly lack the explicit demarcation
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of regions where perturbations are introduced. This drawback becomes especially signifi-
cant when trying to pinpoint the exact areas in the signal’s path that have encountered
perturbations, hindering a detailed understanding of the perturbation dynamics. This

feature makes the CSG an invaluable asset in the field of signal generation.

A pseudocode outlining the implementation of the CSG is available in Algorithm 3.
The function returns the generated signal and a list of indices corresponding to the posi-

tions where perturbations occurred, simulating concept drift in this generator.

Algorithm 3: Generate Random Stream
Input: samples, represents the desired number of samples to generate for
the signal.
initial__amplitude, indicates the initial value of the signal’s amplitude.
final__amplitude, indicates the final value of the signal’s amplitude.
min__perturbation, represents the minimum perturbation value to be
applied.
max__perturbation, indicates the maximum perturbation value to be
applied.
Output: signal, perturbation__indices, generates final signal and the
perturbation indices.
Pseudo-code
signal = initial_amplitude + random(samples) x final_amplitude
intervals = obtain__intervals(signal)
perturbation__indices = [|
while i < length(intervals) do
perturbation = min_ perturbation+random(samples)*mazx_ perturbation
signalli] = signal|i] x perturbation
perturbation__indices.add(i) i =i+ 1
end
return signal, perturbation_indices
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In this study, we consider the points where perturbations were introduced as re-
presentations of concept drift. These marked points will act as indicators, enabling us to
evaluate whether our unsupervised tuning approach can surpass the default DD configu-

ration.

Figs. 14 and 15 depict outputs generated by the CSG. In these figures, it is evident
that each generated signal exhibits a random behavior with distinct characteristics. This
simulation aims to emulate the representation of real-world data, capturing the inherent

variability and unpredictability often observed in practical datasets.

5.6.2 Experimental setup

We utilized various configurations during signal generation to mimic natural signals

and demonstrate the effectiveness of the proposed unsupervised tuning approach for DDs.
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Figure 14 — Random signal generated from CSG. Initial amplitude = 10, final amplitude
= 60.

60

50 A

m

10 1

T T T T T T
0 20 40 60 80 100

Figure 15 — Random signal generated from CSG. Initial amplitude = 10, final amplitude
= 60.

60

20 A

10 1

Table 6 showcases the diverse experimental setups involving the generation of random
perturbations for each signal. The Signal column denotes the number of signals used for
the experiments. Fach signal is generated with random distributions. The Size column

indicates the sample sizes for the signals, set at 100, 1000, and 5000 samples, respectively.

Additionally, the Amplitude column details the amplitude variation for each confi-
guration. This variation is calculated by determining the difference between the final and
initial amplitudes set during signal creation. The Perturbation column quantifies the de-
gree to which the signal’s samples were perturbed, with higher values indicating increased
variability. Here, perturbation values of 1.5 and 2 are considered as low variations, while
values of 4 and 10 are categorized as high variations. A perturbation value of 1 means

signals without any perturbations.
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Table 6 — Signal generation configurations.

Signal Size Amplitude Perturbation
A 10 [100, 1000, 5000] 10 1
B 10 [100, 1000, 5000] 10 1.5
C 10 [100, 1000, 5000] 10 2
D 10 [100, 1000, 5000] 10 4
E 10 [100, 1000, 5000] 10 10
F 10 [100, 1000, 5000] 30 1
G 10 [100, 1000, 5000] 30 1.5
H 10 [100, 1000, 5000] 30 2
I 10 [100, 1000, 5000] 30 4
J 10 [100, 1000, 5000] 30 10
K 10 [100, 1000, 5000] 90 1
L 10 [100, 1000, 5000] 90 1.5
M 10 [100, 1000, 5000] 90 2
N 10 [100, 1000, 5000] 90 4
O 10 [100, 1000, 5000] 90 10

To assess the efficacy of the unsupervised tuning process, we evaluated various
DDs: PH, ADWIN, DDM, HDDM,, HDDMy, and KSWIN. Our evaluation aimed to
validate the performance of the default configuration by examining the accuracy of each
configuration in identifying drifts. Initially, we visualized the Correct Detection of each DD
for every configuration using boxplots. Next, we analyzed how detection was influenced
by the number of samples in the signal. Finally, we employed Friedman’s statistical test

to determine any significant statistical differences between the techniques.

We used the default configuration as our starting point. Additionally, we conduc-
ted a comparative analysis against the RS tuning strategy, which acts as a fundamental
benchmark. RS aims to identify the best hyperparameter configuration within a predefi-
ned range by employing a random selection process rather than exhaustively exploring all
possible configurations [70]. It is important to note that RS assumes a supervised context

and may not thoroughly explore the entire configuration space.

5.6.3 Drift Detectors

The selected DDs for experimentation in this study will be delineated herein, with
particular emphasis on the hyperparameters associated with each of them, which will be

evaluated during the unsupervised tuning process.

5.6.3.1 Page-Hinkley

The Page-Hinkley (PH) detector operates by maintaining simultaneous averages
of the ongoing analysis moment, focusing solely on capturing detections without neces-

sitating alert generation. It leverages the Page-Hinkley test [58] to discern deviations
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within the data. The pivotal determiner in the drift detection process is the parameter
lambda, serving as a threshold value. The instantiation of a detection is prompted when
the prevailing mean surpasses the stipulated lambda value, thus activating the detection

mechanism.

5.6.3.2 Page-Hinkley hyperparameters

There are several key hyperparameters to consider in PH detector. First, the hy-
perparameter m,; refers to the minimum number of instances that must be evaluated
before the detector can accurately identify a change. This hyperparameter is critical for
ensuring that the detector is reliable and produces accurate results. Another important
hyperparameter is delta (), which represents the delta factor for the Page-Hinkley test.
This hyperparameter plays a key role in determining the sensitivity of the detector to
changes in the data. The change detection threshold (¢) is another critical hyperparame-
ter in the PH detector. This threshold is used to determine when a change has occurred
in the data, based on the magnitude of the change relative to the threshold. Finally, the
alpha (a)) hyperparameter is the forgetting factor used to weight the observed value and
the mean. This hyperparameter is important for ensuring that the detector can adapt to
changes in the data over time, while still maintaining a stable baseline for comparison.
By carefully adjusting these hyperparameters, it is possible to build a PH detector that

is highly effective at detecting changes in a wide range of datasets.

5.6.3.3 ADWIN

ADWIN is a change detection algorithm proposed by Bifet and Gavalda [57]. Tts
objective is to monitor a data stream and maintain statistical information about it. The
algorithm uses a sliding window approach, where small portions of the data stream are
analyzed. The size of the window is predefined, and statistical information such as the
mean and variance are calculated for each window. The ADWIN algorithm then compares
the mean of two adjacent windows, and if the difference between the two means is greater
than a predefined threshold value referred to as delta (§), it is considered as a change
point or drift in the data stream. ADWIN does not issue alerts for every change detected
but rather keeps track of the changes and adjusts the window size accordingly to adapt

to the new data distribution.

5.6.3.4 ADWIN hyperparameters

In the assessment of ADWIN, the focus was directed solely towards the ¢ hyperpa-
rameter, meaning the confidence level required for initiating a contraction of the sliding
window size. The complementary hyperparameter associated with the sliding window di-

mensions, denoted as W, was not subject to explicit tuning. This restraint was exercised
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owing to ADWIN’s intrinsic capacity for autonomous adaptation, ensuring the real-time

adjustment of the window size in response to the continuous influx of data.

5.6.3.5 Drift Detection Method

To detect significant changes in data patterns, data monitoring systems frequently
use error rate and standard deviation analysis [71]. When the error rate increases beyond a
certain threshold, it is assumed that a change has been detected. This approach is known
as the Drift Detection Method (DDM). The DDM is commonly used in ML applications

to track model performance and detect changes in data distribution over time.

5.6.3.6 DDM hyperparameters

The DDM detector has a hyperparameter denoted as m;, which specifies the mi-
nimum number of samples that need to be analyzed before a change can be detected. In
addition to m;, DDM also has two other hyperparameters, w; and o, which adjust the
confidence levels for the warning and out-of-control signals, respectively. Specifically, w;
sets the threshold for raising a warning signal, while o, sets the threshold for raising an

out-of-control signal.

5.6.3.7 HDDM, and HDDMy

Both HDDM, and HDDMy detectors [72, 73] are based on Hoeffding’s bounds
inequality, which is a statistical theory used to determine the minimum number of obser-
vations needed to estimate a distribution. These detectors estimate concept drift using

different statistics.

HDDM, estimates concept drift through the mean and has three possible output
states: stable, warning, and drift. The drift state is the most relevant because it indicates a
significant change in the data stream. HDDMyy, on the other hand, uses the Exponentially
Weighted Moving Average (EWMA) statistic as a change estimator. Like HDDMy, it also

has three possible output states: stable, warning, and drift.

5.6.3.8 HDDM, and HDDMy hyperparameters

The HDDM, and HDDM jdetectors have similar parameterizations, with one no-
table difference: HDDM, has an additional hyperparameter called lambda option (I,),
which controls the weight given to recent data. Specifically, smaller values of [, corres-
pond to less weight given to recent data. Both detectors share two hyperparameters: d.,
which sets the confidence level for detecting a drift, and w,., which sets the confidence

level for issuing a warning.
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5.6.3.9 KSWIN

KSWIN is a change detector proposed by Kolmogorov-Smirnov, named after its
basis in the Kolmogorov-Smirnov (KS) statistical test [74]. It operates using a sliding
window, hence the name KSWIN. The detector identifies concept drift by comparing the
distance of the empirical cumulative data distribution of different statistical windows with
the last identified concept drift.

Santos et al. [75] employed a differential evolution algorithm, a technique that emu-
lates the principles of natural selection to optimize solutions in multidimensional problem
spaces, in order to derive optimal configurations for DDs. Their investigation encompassed
an array of detectors, leading to the observation that the DDM in conjunction with the
Naive Bayes classifier exhibited superior performance. The research additionally presen-
ted a comprehensive tabular representation enumerating the hyperparameters associated

with each individual detector.

To enhance the clarity of hyperparameterization patterns across detectors, a refine-
ment was introduced to Table 7 based on the insights gained from Santos et al’s work. The
modified representation of the table has been thoughtfully curated to exclusively encom-
pass the detectors examined within this current study. This strategic choice ensures that
the pertinent hyperparameter details are highlighted without undue complexity, thereby

facilitating a succinct and illuminating overview of the studied detectors’ configurations.

The “range variation” column encompasses a spectrum of values that were me-
ticulously assessed during the course of the unsupervised tuning process. This process
involved an exhaustive exploration of potential values within this specified range to dis-
cern the optimal hyperparameter configuration for each detector. The ultimate values
derived from the tuning process were rounded to ensure the detector’s operation was not

compromised.

Table 7 — Drift detector parameter values.

Detector pl default (range variation) p2 default (range variation) p3 default (range variation) p4 default (range variation)

PH m; = 30 [3,300] § = 0.005 [0.0005, 0.05] =150 [5,500] a = 0.9999 [0.99999,0.999)]
ADWIN § = 0.002 [0.0002, 0.02] N/A N/A N/A
DDM m; =30 [3,300] w, = 2.0 [0.2,20] 0 = 3.0 [0.3,30] N/A
HDDM, d =0.001 [0.0001,0.01] w = 0.005 [0.0005, 0.05] t=11[0.1,10] N/A
HDDMy, d=0.001 [0.0001,0.01] w = 0.005 [0.0005, 0.05] t=11[0.1,10] A = 0.05 [0.005,0.5]
KSWIN a = 0.005 [0.0005, 0.05] w = 100 [10, 1000] ss =30 [3,300] N/A

5.6.4 Evaluation metrics

The experimental validation used metrics to evaluate DD performance. One of
these metrics, “Correct Detection”; inspired by the confusion matrix [76], calculates the
difference between the number of accurately identified concept drift (True Positives - TP)

and the non-drift samples mistakenly classified as concept drift (False Positives - FP).
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This difference is divided by the total number of concept drift in the analyzed signal,

represented as N. Equation( 5.1) outlines the calculation for this value.

TP — FP
Correct Detection = — 100 (5.1)

Other metrics such as Accuracy were not a valid choice due to the natural imba-
lance in this application, where the amount of normal signals far outweighs those classified
as concept drifts. Precision was also deemed inappropriate since only TP with FP would
be evaluated, without taking into account the actual quantity of concept drifts present in
the signal. Similarly, conventional metrics like Recall suffer from the same limitation, as
they only consider TP with False Negatives (FN).

It is important to note that the outcome in Equation( 5.1) is presented as a percen-
tage. When the number of FP equals or surpasses the TP, the result becomes 0%. Also,
the parameter N represents the count of intervals with perturbations in the analyzed
signal. TP indicates correct detections where the DDs identified a drift within intervals
genuinely containing a perturbation. It is relevant to mention that each interval receives

only one count, regardless of the number of detections within it.

We also used Friedman’s statistical test alongside the Nemenyi post-hoc test to
evaluate the statistical differences between the different configurations of DDs. The Fri-
edman’s test provides an unbiased evaluation of the techniques by considering both mean
differences and ranking order. This is crucial when performance metrics show substantial
variation across techniques. Additionally, it determines if there are statistically significant

differences in performance between the techniques.

5.6.5 Unsupervised Tuning Algorithm

To enhance the comprehension of our proposed approach, Algorithm 4 outlines the
necessary steps to conduct the unsupervised tuning process for any DD that incorporates
a set of hyperparameters. In Algorithm 4, the C'DS method is applied to our adaptation
of the Change Detector Segmentation framework, allowing us to obtain critical intervals
in the signal. Subsequently, the drift detector method generalizes the application of our
unsupervised approach to any DD. Following this, we derive the heuristics BISO, BI, and
SO through the compare _drift method based on the drift detections and the assessment of
critical intervals. Finally, our Correct Detection metric is calculated based on the accuracy
of the detections according to our proposed architecture. The output of this method is
precisely the heuristic with the configurations of BISO, BI, and SO, along with the Correct

Detection metric for each of them.

It is essential to underscore that the functionality of our unsupervised tuning

proposal does not rely on the input perturbation_indices, as it is designed to operate
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effectively on unlabeled datasets. The inclusion of perturbation__indices in this pseudocode

is solely for the purpose of validating the metric Correct Detection that evaluates the

performance viability of the technique.

Algorithm 4: Unsupervised tuning

© 0 N O Gk W N =

=
o

Input: signal, refers to the signal for which the existence of concept drift
will be evaluated.

perturbation__indices, indicates the labeled perturbations in the signal.

dd__hyperparameters__percentages, represents the percentages of

hyperparameters to be evaluated.

Output: BISO,

BI,

SO,

correct__detection

Pseudo-code

while ¢ < length(dd__hyperparameters__percentages) do

intervals = CDS(signal)

detections = drift_detector(signal,dd__hyperparameters_percentages)

BISO = compare__drifts(detections, intervals)

BI = compare_drifts(detections,intervals)

SO = compare_drifts(detections, intervals)

end

correct__detection = metrics(B1SO, BI, SO, perturbation__indices)

return BISO, BI, SO, correct_ detection

5.7

Results and discussion

This study aims to address specific Research Questions (RQ) concerning signal

drift identification via unsupervised tuning. The RQs are outlined as follows:

1. Can unsupervised tuning for DDs based on stationary analysis improve the drift

identification process?

2. What is the most impactful factor in detecting drifts in signals?

To address RQ1, we assess six different DDs and illustrate the outcomes for four of

them in Figs. 16-19 using a boxplot analysis. These figures portray the Correct Detection

level achieved by each hyperparameter configuration in drift detection. Higher Correct

Detection percentages mean superior performance. The ADWIN and DDM detectors were

omitted from the analysis as they consistently yielded a 0% result, regardless of tuning.

The aim of these evaluations is to analyze various signal behaviors amid concept drift

presence.
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Figs. 16 and 17 present outcomes associated with low amplitude variations, re-
presenting items A to J in Table 6. Fig. 16 displays results without perturbations in the
signal, pertaining to items A and F in Table 6. In contrast, Fig. 17 includes perturbations,
corresponding to items B, C, D, E, G, H, I, J in Table 6. These boxplots compare the
default configuration of each detector against the BISO, BI, and SO tuning heuristics
proposed in this study.

Figs. 18 to 19 depict outcomes obtained from high amplitude variations using
the same configurations as those utilized for low amplitude variations. Fig. 18 demons-
trates results from high amplitude variations without perturbations, referring to item K
in Table 6. Conversely, Fig. 19 exhibits the results from high amplitude variations with
perturbations, relating to items L, M, N, and O in Table 6.

In Fig. 16, it is evident that the BISO and BI configurations outperformed the
default configuration across all DDs, except for BI in the HDDMy detector. Fig. 17
shows a similar trend, except in the case of the HDDMy; detector, where the BISO
heuristic performed worse than the default configuration. However, the SO heuristic stood
out in this scenario, indicating that in instances of increased signal variability and low
amplitudes, a less sensitive heuristic is more appropriate. Another notable observation is
that the PH detector was more affected by the introduction of perturbations compared
to the HDDM detectors, as inferred from the Correct Detection metric.

In Fig. 18, the BI detector demonstrated exceptional performance across most
cases, failing to improve drift detection only for the HDDMj, detector. Fig. 19 depicts
a similar pattern, where the BI heuristic closely matched the default configuration and
underperformed only in the HDDMy detector. Notably, the BI heuristic was the sole
approach to achieve results above 0% for the KSWIN detector, which is an interesting

observation.

The DDs results showcase promising median performance following the unsuper-
vised tuning process. Upon analyzing the figures, it becomes apparent that the primary
factor influencing a decrease in Correct Detection of DDs is the presence of signal pertur-
bation, which addresses RQ2. Notably, for the PH detector, it is clear that unsupervised
tuning using the BISO and BI approaches consistently delivered better results across all

scenarios, slightly favoring the BI approach. This validates our RQ1.

To precisely identify drifts, it is vital to detect them within their actual occurrence
range. Any identification beyond this range leads to a FP. Remarkably, the BI configura-
tion showcased the most favorable performance in the conducted assessments. We carried
out experiments employing various signal sizes, amplitudes, and perturbation levels to
ensure the method’s applicability across different scenarios and to simulate the behavior

seen in natural phenomena.
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Figure 16 — Boxplot of low amplitudes variation without perturbations on signal experi-
ments.
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Figure 17 — Boxplot of low amplitudes variation with perturbations on signal experiments.
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Figure 18 — Boxplot of high amplitudes variation without perturbations on signal experi-
ments.
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Overall, our experiments highlighted the proposed method’s viability as an alter-

native for configuring DDs. Notably, the SO heuristic displayed comparatively weaker
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Figure 19 — Boxplot of high amplitudes variation with perturbations on signal experi-
ments.
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performance among the heuristics, mainly due to its conservative design. It focuses on
identifying the fewest drifts outside critical intervals to reduce false positives, potentially

missing actual drifts occurring within these regions.

One potential explanation for KSWIN frequently yielding 0% results could be mis-
configured hyperparameters. For instance, if the window size does not align well with the
data’s change rate, subtle concept drift might not be detected. Similarly, setting a high
change threshold could cause the algorithm to overlook changes below that threshold.
ADWIN and DDM detectors might have faced similar issues due to their operational
characteristics. Additionally, sudden or large changes in data magnitude could pose chal-
lenges for detection, especially using a sliding window approach to calculate concept drift

statistics.

5.7.1 TUnsupervised Tuning vs Random Search

In light of the current gap in the literature pertaining to unsupervised tuning ap-
proaches, a pragmatic decision has been made to introduce RS [19, 52] as a competitor in
our study. Unsupervised tuning, in its nuanced complexities, poses a unique set of chal-
lenges that, unfortunately, has not been extensively addressed in existing research. The
absence of established methodologies and benchmarks for unsupervised tuning strategies

underscores the need for an adaptable and exploratory approach.

Fig. 20 presents a comparison between our unsupervised tuning method and su-
pervised RS tuning. RS is known for accurately defining hyperparameters but relies on a

supervised approach, which might not always be feasible in real-world scenarios.

Given that these experiments were intentionally designed with deliberate data
perturbations, all configurations listed in Table 6 were utilized. As expected, the RS

method showed superior results across most test cases compared to our tuning approach.
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However, our method notably outperformed the supervised approach specifically for the
PH detector. Moreover, in all other experiments, our method consistently matched the
results generated by the RS method. This comparison validates the effectiveness of our

proposed tuning approach and supports RQ1 based on the achieved outcomes.

Figure 20 — Boxplot of our tuning process vs Random Search.
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5.7.2 Number of samples impact

For a more thorough validation of RQ2 and to analyze how the number of samples
affects the accurate detection of drifts, we conducted a new assessment. The first group,
Figs. 21-24, illustrates this impact on DDs performance by comparing three detection
configurations: default, RS, and BI. They display artificial signals generated by the CSG
without perturbations, while the second group, Figs. 25-28, shows signals generated by the

CSG with perturbations. This evaluation encompassed all instances detailed in Table 6.

In the first group, we noticed a tendency: as the number of samples increased, Cor-
rect Detection also tended to rise. This trend might be due to the detectors retaining more
statistical information about the signal being evaluated. A similar trend was observed in
the second group, albeit with a lower percentage of correct detections. Additionally, the

default configuration outperformed other setups only for the HDDM, detector.

The results from second group for the PH detector show that despite RS benefiting
from its supervised approach, the BI heuristic achieved better Correct Detection. Also,
the BI heuristic consistently outperformed the default configuration in most cases for the
DDs.

The findings across these two groups reaffirm that the presence of perturbations
in the signal significantly reduces the Correct Detection of DDs, further supporting RQ2,

highlighting that the foremost influencing factor is the presence of these perturbations.
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Figure 21 — Page-Hinkley without perturbations.
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Figure 23 - HDDMy without perturbations.
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Figure 25 — Page-Hinkley with perturbations.
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Figure 27 - HDDMy with perturbations.
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Figure 29 — Friedman'’s statistcal test on experiment J, size = 5000.
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Figure 30 — Friedman’s statistcal test on experiment O, size = 5000.
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5.7.3 Statistical analysis

To examine the noticeable differences between DDs configurations, we utilized
Friedman’s statistical test alongside the Nemenyi post-hoc test. Friedman’s test involves
ranking the observations of each configuration in ascending order and calculating the
sum of differences between these observed ranks and the expected ranks, which would be

identical if all samples had the same median.

For this test, we focused on configurations J and O from Table 6. These configu-
rations represent the most complex settings highlighted in our evaluations. This specific
selection aimed to illustrate the test within the most complex scenario for drift detection

in comparison to the other experiments.

From the results depicted in Fig. 29, it is evident that the KSWIN, HDDM,, and
HDDMyy approaches displayed no statistically significant differences between the default
configuration and the tuned configurations. However, concerning the PH detector, both
PH with BI and PH with RS configurations exhibited statistically significant differences
compared to the default setting. A similar trend is observed in Fig. 30, where only the

PH configuration showed substantial differences compared to the standard configuration.
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5.8 Conclusions

This study presents critical findings about the impact of different hyperparameter
setups on drift detection performance across various scenarios. The RS configuration
stands out as the most effective in identifying drifts, yet it relies on user knowledge and

labeled databases, limiting its use in real-world unsupervised settings.

Conversely, the BI tuning approach offers an unsupervised solution independent
of specialized supervision or labeled datasets. It shows promise, especially in scenarios
with high amplitudes and significant variations, consistently outperforming default con-
figurations in multiple detectors. This highlights the importance of unsupervised tuning

methods in practical applications for detecting drifts.

The current landscape of labeled datasets for concept drift is inadequate to meet
the growing demands of developing adaptive ML models. Recognizing the urgency of this
issue is imperative to undertake initiatives for generating artificial but controlled datasets

such as CSG to simulate the complexities of concept drift.



81

6 FINAL CONCLUSION

In conclusion, this thesis underscores the necessary role of TS analysis in extrac-
ting valuable insights from data that evolve over time. Through diligent exploration and
identification of previously unexplored areas within the literature, this work has facilitated
the development of innovative techniques such as the CDS segmenter and the ADF-based
segmentation. These tools significantly enhance data prediction accuracy and efficiency
by refining the data segmentation process and effectively reducing the size of the datasets
required for analysis. This not only improves the manageability of possible large data

streams but also enhances the performance of predictive models.

Moreover, the study highlights the fundamental importance of tuning processes
for DDs, with a special emphasis on unsupervised approaches. The introduction of un-
supervised tuning methods marks a pivotal advancement in the field, offering a way to
diminish the reliance on expert knowledge and supervised data, which are often limiting
in dynamic and real-time applications. This approach not only broadens the applicability

of DDs but also enhances their flexibility and utility in various operational environments.

Looking forward, the potential for applying the findings of this thesis in online
scenarios presents a promising avenue for future work. Implementing the CDS segmenter
and ADF-based optimizer in real-time systems could improve even more the process to
respond to data drifts. Further research could explore integrating these tools into live
systems, testing their effectiveness and robustness in different industries such as finance,
telecommunications, and e-commerce, where data streams are particularly volatile and
rich in information. Additionally, continuing to refine unsupervised tuning techniques will
be crucial in ensuring that these systems remain accurate and relevant, irrespective of the

evolving nature of the data they process.
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