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RESUMO

A mineração de dados tem se tornado cada vez mais popular devido à sua capacidade de
oferecer algoritmos e metodologias que atendem demandas da Internet das Coisas (IoT)
e dos sistemas modernos de aprendizado de máquina. Dentro desse contexto, a detecção
de mudanças de conceito é primordial, especialmente para identiĄcar alterações na dis-
tribuição dos dados durante a operação de soluções de aprendizado de máquina. Um dos
maiores desaĄos enfrentados por algoritmos de detecção de mudanças de conceito é a ca-
pacidade de lidar com diferentes tipos de mudanças, como mudanças abruptas, graduais
e incrementais. Este trabalho atua em duas frentes para melhorar a detecção dessas mu-
danças heterogêneas. Primeiramente, realizamos um estudo que estabelece um benchmark
para quatro algoritmos de detecção de mudanças de conceito (EDDM, DDM, HDDMW
e HDDMA), avaliando seu desempenho em termos de detecção, tempo de resposta e
atraso na detecção, utilizando conjuntos de dados sintéticos. Os resultados indicam que o
HDDMW oferece o melhor equilíbrio entre os indicadores de desempenho, especialmente
na detecção de mudanças de conceito abruptas, embora apresente limitações em termos de
tempo de resposta e detecção de mudanças incrementais. Na segunda frente de atuação,
propomos o método Self-tuning Drift Ensemble (StDE), um novo algoritmo de ensemble
para detecção de mudanças de conceito que utiliza mecanismos dinâmicos para adaptar-se
às mudanças nas características dos Ćuxos de dados em tempo real. Diferente de outros
detectores de mudanças de conceito baseados em ensemble, o StDE ajusta dinamicamente
o número de detectores base, mantendo uma solução leve e eĄciente. Experimentos reali-
zados em diversos cenários de mudança de conceito demonstram que o método proposto
supera os algoritmos estabelecidos, apresentando alta taxa de precisão na detecção de
mudanças.

Palavras-chave: Stream Mining, Concept Drift, Drift Detection, Tuning, Ensemble Le-
arning
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ABSTRACT

Data mining has become increasingly popular due to its ability to offer algorithms and
methodologies that address the challenges of the Internet of Things (IoT) and modern
machine learning systems. In this context, concept drift detection is crucial, especially for
identifying changes in data distribution during the operation of machine learning solutions.
One of the biggest challenges faced by concept drift detection algorithms is the ability to
handle different types of drifts, such as abrupt, gradual, and incremental changes. This
work addresses this issue in two ways to improve the detection of these heterogeneous
drifts. First, we conduct a study that establishes a benchmark for four drift detection
algorithms (EDDM, DDM, HDDMW, and HDDMA), evaluating their performance in
terms of detection accuracy, response time, and detection delay using synthetic datasets.
The results indicate that HDDMW offers the best balance among performance indicators,
especially in detecting abrupt drifts, although it has limitations in terms of response time
and incremental drift detection. Secondly, we propose the Self-tuning Drift Ensemble
(StDE) method, a novel ensemble algorithm for drift detection, which utilizes dynamic
mechanisms to adapt to real-time changes in data stream characteristics. Unlike other
ensemble-based drift detectors, StDE dynamically adjusts the number of base detectors,
maintaining a lightweight and efficient solution. Experiments conducted in various concept
drift scenarios demonstrate that the proposed method outperforms established algorithms,
showing high precision in drift detection.

Keywords: Stream Mining, Concept Drift, Drift Detection, Tuning, Ensemble Learning
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1 INTRODUCTION

The rapid development witnessed in recent years in wireless sensor networks, cloud

computing, and big data has led to the widespread use of devices that gather, transmit,

and process online data across various domains. Examples of applications include weather

forecasting, network traffic analysis, power grid control, and stock market trading. These

applications may produce data streams with challenging characteristics such as massive

size (potentially inĄnite) and high velocity. As a result, mining algorithms designed for

these streams have to meet strict constraints in terms of response latency and storage.

Additionally, as these data streams may evolve over time, mining algorithms must be able

to incorporate new knowledge as the streams are processed [2, 3].

The dynamic and inĄnite nature of real-world data streams often results in chan-

ges in their behavior, known as concept drifts. Seasonal events, changes in the underlying

system conĄguration, or other unexpected situations can cause these drifts. For instance,

in credit card fraud detection systems, user habits and transaction patterns evolve over

time, and fraudsters continuously develop new techniques [4]. This ongoing change, re-

ferred to as concept drift, necessitates that machine learning solutions adapt to temporal

variations to maintain their effectiveness. As these drifts represent changes in data distri-

bution, they must be detected and handled to ensure that mining algorithms can adapt

to the new reality they impose.[3, 5, 6]. Concept drift types include: abrupt drifts, where

changes occur suddenly; gradual drifts, where changes happen slowly over time; incremen-

tal drifts, where small changes accumulate gradually; recurring or periodic drifts, where

patterns change cyclically; sudden drifts, where unexpected sharp changes occur; mixed

drifts, where different types of drifts happen together; and blip, where there are temporary

short-term changes.

Given the diversity of drift types, designing detectors that can cover multiple types

is difficult. They may require different detection techniques or particular hyperparameter

conĄgurations to be effective. Korycki et al. [7] noted that simple, independent detectors

may fail to manage complex drifts effectively.

Ensemble-based approaches offer a potential solution, but some open issues remain.

Perez et al. [8] highlighted that while ensemble methods with various classiĄers offer

advantages, they can introduce signiĄcant computational overhead. Du et al. [9] also

pointed out scalability issues with multiple detectors, and Komorniczak et al. [5] noted

that a Ąxed number of detectors might limit Ćexibility. Abbasi et al. [10] added that

offline classiĄers, typically supervised, might slow down the adaptation to new data. While

these approaches handle various drift types well, they can be slow to respond to real-time

changes. New solutions are expected to be more adaptive, i.e., able to change their internal
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conĄgurations to keep operating with limited memory and high accuracy over unbounded

and changing streams that may present heterogeneous drifts.

This work addresses the detection of different types of drift from two approaches.

Firstly, we investigate the performance of four commonly used methods (DDM, EDDM,

HDDMW, and HDDMA) across hundreds of synthetic datasets to tackle the challenge

of selecting a suitable change detection algorithm in a wide range of possible scenarios.

These datasets were designed using a tool developed in this work to simulate various

types of concept drift, with varying amplitude and duration. The number of drifts and the

stream size were also manipulated to increase the diversity. We evaluated the algorithms

based on several criteria, including detection accuracy, detection time, and detection delay.

By exploring these perspectives, we aimed to provide insights into the strengths and

limitations of each method, as well as their suitability for different types of concept drift

scenarios.

As a second step, we propose the Self-tuning Drift Ensemble (StDE), an ensemble-

based method for concept drift detection. StDE adapts to changes in the data stream

and drift characteristics by dynamically adjusting the number and conĄguration of its

base learners based on their voting behavior. To detect drifts, StDE employs a hard

voting scheme: a drift is detected when at least a simple majority of the base learners

agree. The operation of StDE involves two phases. In the Ąrst phase, the Warm Start

phase, an ensemble of three detectors is self-tuned over a Ąnite, offline labeled stream.

In the second, Online phase, StDE monitors the incoming stream in real-time to detect

drifts. The voting results determine the adjustments needed for the ensemble. Unanimous

decisions suggest a stable situation, prompting a reduction in the number of detectors to

save resources. Conversely, divided decisions indicate uncertainty, leading to the addition

of new detectors with slightly modiĄed hyperparameters. Tests conducted on streams with

both homogeneous and heterogeneous drifts demonstrated that StDE is robust to various

drift types and effectively adjusts the number of detectors in response to stream changes,

maintaining a lightweight structure.

The present dissertation seeks to answer the following research question:

"How can existing drift detection methods (namely, DDM, EDDM, HDDMW, and

HDDMA) be applied to detect different types of drifts in data streams, considering both

homogeneous and heterogeneous drift scenarios?"

Based on the existing literature and preliminary studies, we propose the following

hypothesis:

"The application of an ensemble method may enhance drift detection performance

by effectively combining the complementary strengths of individual algorithms. An ensem-

ble approach is expected to improve overall detection accuracy, and adapt more efficiently
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to varying drift patterns in data streams."

To test this hypothesis, the research establishes the following objectives:

• A systematic comparison among DDM, EDDM, HDDMW, and HDDMA change

detectors when processing streams with abrupt, gradual, and incremental drifts.

Three different performance perspectives (accuracy, time, and delay) were analyzed.

• The proposal of the Self-tuning Drift Ensemble (StDE) method, which dynamically

adjusts its conĄguration based on real-time data stream characteristics to detect

concept drifts efficiently.

• The introduction of a free online tool to generate synthetic streams with different

concept drift setups.

The remainder of this work is organized as follows: Chapter 2 presets the theore-

tical background. Chapter 3 presents the related work. Chapter 4 describes StDE. The

experimental results are presented and discussed in Chapter 5. Finally, Chapter 6 provides

the concluding remarks.
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2 THEORETICAL BACKGROUND

Change detectors are techniques to identify changes in data streams that may

indicate shifts in their underlying distribution. In many applications, the ability to quickly

detect changes and adapt to them is critical. The problem of change detection becomes

even more challenging when dealing with concept drifts, where the concept can change

with time. When a concept drift occurs, the relationships between the input features and

the output variable may change, leading to a shift in the data distribution. This means

that the model trained on the previous data may become less accurate or even useless

for making predictions on the new data. Therefore, detecting and adapting to concept

drifts in a timely and effective manner is crucial for maintaining model performance and

avoiding costly mistakes.

2.1 Stream Mining

Data streams refer to a continuous, potentially inĄnite Ćow of data that arrives at

high speed and often unpredictably. These streams are increasingly common in various

applications, such as sensor networks, social media, Ąnancial transactions, and network

traffic, where data must be processed and analyzed in real-time [11]. Unlike traditional

batch data processing, where data is collected and analyzed in discrete chunks, data stream

processing involves the real-time analysis of data as it Ćows into the system, making it

essential to develop efficient methods for handling this dynamic environment [12].

A key challenge in data stream processing is the classiĄcation of incoming data

points as they arrive, often referred to as stream classiĄcation. This involves creating a

model that can accurately map new data points to their respective class labels, despite the

evolving nature of the data distribution. To formalize this, we can model the generation

of a data stream as a random variable 𝑆, from which objects 𝑜 ∈ 𝑑𝑜𝑚(𝑆) are randomly

drawn. Here, 𝑑𝑜𝑚(≤) represents the domain of a random variable [13]. Let 𝑆t denote a

random variable representing the data stream at time 𝑡, where 𝑡 is a positive integer.

Each data point 𝑖t ∈ 𝑑𝑜𝑚(𝑆t) is generated by the joint distribution 𝑃t(𝑖t, 𝑗t), where 𝑗t

is the corresponding class label of 𝑖t. The goal of stream classiĄcation is to determine a

classiĄer 𝑓t : 𝑑𝑜𝑚(𝑆1)×≤ ≤ ≤×𝑑𝑜𝑚(𝑆t)⊃ ℒ that maps the current and past data instances

to their respective class labels, where ℒ is the set of possible class labels.

2.2 Concept Drift

Changes in data streams in non-stationary environments are reĆected through

alterations in their probability distributions, which are referred to as concept drifts. For-
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mally, let 𝐶t denote the true concept or data distribution at time 𝑡. In a typical machine

learning setting, we train a model 𝑀 on a Ąxed dataset with the assumption that the

distribution of the data will remain the same in the future. However, in a streaming sce-

nario, the distribution of the data may shift or evolve over time, leading to a mismatch

between the model and the true concept. This drift in the concept can lead to a decrease

in the performance of the model over time. A concept drift can manifest in different forms,

including abrupt, gradual, and incremental drift [14].

Abr upt
Dr i f t

Gr adual
Dr i f t

I ncr ement al  
Dr i f t

Figure 1 Ű Types of Concept Drift [1]

As presented in Figure 1, abrupt drift occurs when there is a sudden and signiĄcant

change in the underlying data distribution. In other words, abrupt drift is characterized

by an immediate transition from one concept to another, without any transitional period

where both the old and new distributions coexist. The new data distribution is often

very different from the old one, and the model that was previously effective may become

obsolete. The main challenge with abrupt drift is to quickly detect the change and adapt

the model to the new data distribution [14]. An example of abrupt drift could be a change

in the way that a sensor is calibrated, resulting in an abrupt shift in the readings.

The second type, gradual drift, occurs when the underlying data distribution slowly

changes over time [15]. Gradual drift is marked by a smooth and progressive transition,

where the old and new concepts may coexist for a period. This overlap makes it difficult

to detect the exact moment when the shift begins, as the change unfolds subtly over time.

The main challenge with gradual drift is to continuously monitor the data and update

the model accordingly to reĆect the evolving distribution. An example of gradual drift

could be a change in consumer behavior over time, leading to a slow shift in product

preferences.
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The last type, incremental drift, refers to a continuous, stepwise change in the

data distribution. Although it shares similarities with gradual drift, incremental drift is

distinguished by the accumulation of small, consistent changes over time that eventually

result in a signiĄcant shift. Additionally, there may be a point at which the rate of change

increases suddenly. The main challenge with incremental drift is detecting these small

changes early enough and adapting the model promptly to avoid performance degradation.

An example of incremental drift could be a seasonal shift in a heating system, where the

change occurs gradually over several months but accelerates rapidly during the winter.

According to [15, 16], the formal representation of a concept drift between two-time

points (𝑡 and 𝑡 + 1) over a given period of time is:

∃𝑋 : 𝑃t(𝑋, 𝑦) ̸= 𝑃t+1(𝑋, 𝑦) (2.1)

In Equation (2.1), 𝑃t represents the joint distribution between the set of input va-

riables 𝑋 and the target variable 𝑦 at time 𝑡. Similarly, 𝑃t+1 denotes the joint distribution

at time 𝑡 + 1. Concept drift is related to the covariance shift in the distribution, which

means that a change in the joint probability of 𝑋 and 𝑦 indicates the occurrence of con-

cept drift at time 𝑡. Hence, 𝑃t(𝑋, 𝑦) can be deĄned as a composition of 𝑃t(𝑋)×𝑃t(𝑦♣𝑋).

Change detection algorithms can detect concept drift by monitoring changes in the joint

distribution 𝑃t(𝑋, 𝑦) over time. If the distribution of the input variables or the conditi-

onal distribution of the output variables change signiĄcantly over time, it can indicate

the occurrence of concept drift. Change detection algorithms typically monitor the data

statistical properties, such as the mean, variance, or distribution, to detect changes in the

joint distribution. When a signiĄcant change is detected, the algorithm can trigger the

retraining of the model or some other action to adapt to the new concept.

2.2.1 Concept Drift Detection Algorithms

In this section, we discuss some of the key concept drift detection algorithms from

the literature: DDM [17], EDDM [18], HDDMA, and HDDMW [19]. These algorithms are

widely recognized for their effectiveness in monitoring changes in data streams and are

frequently used in the Ąeld of data stream mining.

2.2.1.1 DDM

The Drift Detection Method (DDM) employs statistical tests to determine whether

a drift has occurred, based on the difference between the observed error rate and the ex-

pected error rate relative to a predeĄned threshold [17]. In this context, the error rate

refers to the proportion of incorrect predictions made by a machine learning model when

classifying incoming data points. SpeciĄcally, as new data points arrive, the algorithm
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tracks the modelŠs performance by calculating the error rate, which is the ratio of incor-

rectly classiĄed instances to the total number of instances observed up to that point.

DDM operates under the assumption that the data are generated by a stationary

process, meaning that the underlying data distribution remains constant over time. Un-

der this assumption, the algorithm continuously monitors the error rate, anticipating a

decrease as the model is exposed to more data, provided that the data distribution re-

mains unchanged. To effectively analyze the modelŠs performance dynamics, the algorithm

calculates both the average error rate and its variance.

When the observed error rate signiĄcantly exceeds a calculated threshold determi-

ned using the Hoeffding bound, which provides a probabilistic guarantee on the difference

between the observed and true error rates, the algorithm signals a drift. This threshold

is adaptive, adjusting as more data points are processed, thus enhancing the algorithmŠs

detection accuracy while minimizing false alarms. The adaptiveness of DDM ensures that

the threshold remains sensitive to real changes in data distribution. Notably, DDM is com-

putationally efficient and has demonstrated strong performance in practice, particularly

in detecting abrupt drifts where the data distribution shifts suddenly.

2.2.1.2 EDDM

The Early Drift Detection Method (EDDM) is a modiĄed technique that enhances

the DDM approach [18]. It is speciĄcally designed to detect drifts as early as possible,

even before signiĄcant changes in the data distribution occur.

The algorithm computes the minimum distance between the reference distribu-

tionŮa baseline representation of the data distribution under normal conditionsŮand

the observed distribution in each windowŮa subset of data points taken from the stream

within a speciĄc timeframe or number of samples. The size of the window is typically

determined based on the speciĄc application and desired sensitivity, striking a balance

between detecting subtle changes and maintaining computational efficiency.

When the minimum distance exceeds a predetermined threshold, the algorithm

signals a drift. This threshold is calculated using statistical tests, such as the StudentŠs

t-test and the Chi-squared test, which are particularly sensitive to small changes in data

distribution. EDDM utilizes different statistical tests compared to DDM and has demons-

trated effectiveness in detecting both abrupt and gradual drifts.

2.2.1.3 HDDMA and HDDMW

Drift detection algorithms created according to the Hoeffding Drift Detection

Method (HDDM) modify the original DDM using HoeffdingŠs inequality [19]. HDDMA is

one of these algorithms and uses the moving average of the observed error rate to estimate
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the true error rate of the classiĄer. The algorithm calculates the average error rate over a

sliding window of Ąxed size and compares it to HoeffdingŠs bound. If the observed error

rate exceeds the bound, the algorithm signals a drift.

The HDDMW algorithm is similar to the HDDMA algorithm but uses a moving

weighted average of the observed error rate instead. The algorithm assigns a weight to

each data point based on its recency, with more recent data points having higher weights.

The weighted average is then used to estimate the true error rate of the classiĄer and

then compared to HoeffdingŠs bound. HDDMW is effective in detecting both abrupt and

gradual drifts, and it outperforms DDM and HDDMA in some scenarios.
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3 RELATED WORK

In this section, we introduce the related work corresponding to the two primary

objectives of this study. Sections 3.1 and 3.2 will present the relevant research on the

concept drift algorithms and the ensemble-based concept drift detectors, respectively. This

structured approach aims to provide a comprehensive understanding of the current state

of the art in these areas and to highlight the contributions and innovations introduced by

our work.

3.1 Concept Drift Algorithms

Each change detection algorithm has its advantages and drawbacks, and the choice

of a particular one will depend on the speciĄc characteristics of the data stream and

the requirements of the application [20, 18, 19]. In the context of data stream mining,

monitoring the statistical properties of the data stream is one of the most commonly

used strategies to detect and identify different types of concept drift. However, there is no

single algorithm that works well for all types of drift, and different strategies may be more

appropriate for different types of drift. For example, Adaptive Windowing (ADWIN),

based on monitoring the mean and variance of the data stream, can be effective for

detecting abrupt drifts, where the statistical properties of the data change suddenly [21].

On the other hand, monitoring the distribution of the data stream can be more effective

for detecting gradual drifts, where the statistical properties of the data change slowly over

time, such as the early drift detection method (EDDM) [18]. Thus, there are various types

of related research on drift detection [22, 23, 24] with different biases and contributions.

Poenaru-Olaru et al. [25] assessed the reliability of concept drift detectors by ex-

ploring how late they were in reporting drifts and how many false alarms they signaled.

The study compared the performance of the most popular drift detectors belonging to

two different groups, error rate-based detectors and data distribution-based detectors,

on both synthetic and real-world data, providing an insightful discussion of the methods.

However, the study only covered abrupt and gradual drift, excluding incremental drift. As

incremental changes are prevalent in real-world applications, especially in streaming data

scenarios, their absence in the study opens the door for further investigation. Another

point to consider is that one of the metrics explored to evaluate the drift detectors was

latency, which ranges between 0 and 1 to show how late the detector manages to detect

the drift. Using latency as a metric to evaluate drift detectors might not provide a com-

prehensive analysis of the detectorŠs delay performance. The detectors that operate on a

sliding window of data are grounded on detecting the drift as soon as it occurs, regardless
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of how long it takes to make a prediction on the data within the window.

Gonçalves Jr. et al. [26] evaluated the performance of eight distinct concept drift

detectors using artiĄcial datasets that were subject to both abrupt and gradual concept

drifts, as well as real-world datasets. The experiments compared the accuracy, evaluation

time as well as false alarms and miss detection rates. As with Poenaru-Olaru et al. [25],

incremental change was not considered as a type of drift to be explored. However, an

important metric was used to enable a fair comparison among drift detectorsŮthe distance

to the drift point, which provides information on which method most accurately identiĄed

the position of the drift.

Considering the different applications of drift detectors, Barros and Santos [22]

compared their conĄgurations of the concept drift detectors in artiĄcial datasets. The main

goal was to adequately measure the performance of concept drift detectors and pinpoint

the common challenges in detecting drifts closer to their correct positions. Furthermore,

the study aimed to determine the parameters that had the most signiĄcant impact on

the predictive accuracy of the methods. Following the previous surveys, the authors only

considered abrupt and gradual changes, limiting the scope of the experiments.

In summary, while the reviewed studies explore contexts and types of drift similar

to those in our work, they often lack diversity in their experimental design, leading to

results that may not fully capture the complexities and nuances of real-world scenarios.

Many of these studies use a limited set of performance metrics, which may overlook

critical aspects of drift detection, such as detection time and delay, especially in varied

drift conditions.

Our study addresses these gaps by conducting a comprehensive benchmarking

analysis of four widely-used drift detection algorithmsŮ DDM, EDDM, HDDMA, and

HDDMW Ůacross scenarios involving different types of drifts: abrupt, gradual, and incre-

mental. By systematically evaluating these algorithms using a broad range of performance

metrics, including detection accuracy, time, and delay, our research provides a more detai-

led and nuanced understanding of their strengths and limitations. This approach not only

enhances the generalizability of our Ąndings but also offers practical insights for selecting

the most appropriate algorithm depending on the speciĄc characteristics of the drift en-

countered in real-world data streams. Thus, our work contributes to the Ąeld by offering a

more robust benchmark that can be leveraged in diverse applications, ultimately leading

to more effective and reliable drift detection in practice.

3.2 Ensemble-based concept drifts detectors

The identiĄcation and adaptation to concept drifts in data streams have been ex-

plored through both single-model and ensemble-based approaches. Ensemble methods, in
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particular, offer a promising solution because they combine multiple base learners, each of

which may excel at detecting different types of drifts. By leveraging the diverse strengths

of these base learners, ensembles can provide a more robust and comprehensive detection

mechanism, capable of handling the wide variety of drifts that can occur in data stre-

ams. This section reviews various techniques, with a particular focus on ensemble-based

methods for detecting concept drifts. While strategies for prediction and adaptation, as

well as single-model detectors, are important, they fall outside the scope of our propo-

sal. Instead, we concentrate on how ensembles can effectively identify drifts within data

streams.

Most ensemble drift detectors are based on supervised learning, particularly using

machine learning algorithms. Deckert [27] introduces a Batch Weighted Ensemble fra-

mework that relies on supervised learning models to improve performance over single

detectors. This approach integrates multiple classiĄers and employs a weighted voting

scheme based on the performance of individual classiĄers. Abbasi et al. [10] use an en-

semble of supervised machine learning algorithms to handle concept drift in dynamic

social big data streams. They combine several classiĄers such as K-Nearest Neighbor,

Random Forest, and Multilayer Perceptron to adapt to changes in the data stream ef-

Ąciently. Ramane et al. [28] introduce an ensemble learning framework integrating two

detectors and a classiĄer to manage concept drift. They proposed dissimilarity-based and

performance-based drift detection methods that, when combined, provide effective drift

detection. Mavromatis et al. [29] presented a framework named LE3D, capable of iden-

tifying irregularities in sensor streams. Operating as an ensemble framework, decisions are

based on three estimators: ADaptive WINdowing (ADWIN), Page-Hinkley Test (PHT),

and Kolmogorov-Smirnov Windowing (KSWIN).

It is important to mention that relying on machine learning algorithms require

implementing offline and online phases, creating computationally costly solutions, and

even violating stream mining constraints. For example, Abbasi et al. [10] noted that

reliance on offline classiĄers may slow down the adaptation to new data and Deckert [27]

does not address potential challenges in scalability and computational overhead when

using traditional machine learning.

For this reason, we consider that solutions based on drift detectors Ąt stream

constraints more properly. The Ąrst work grounded on an ensemble of drift detectors

was proposed by Khamassi et al. [30]. The authors discussed integrating drift detection

methods and proposed the Error Distance-based Approach for Drift Detection (EDIST),

a new method that monitors the distance between two consecutive classiĄcation errors.

This proposal differs from ours due to the use of a Ąxed number of detectors with Ąxed

hyperparameters and the combination of classiĄcation procedures.

Du et al. [9] proposed a selective detector ensemble using several detectors like
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Drift Detection Method (DDM), Early Drift Detection Metod (EDDM), ADWIN, and

Statistical Test of Equal Proportions Detection (STEPD) to identify concept drifts. Their

approach leverages supervised learning to maintain model accuracy but has a high level

of false positives due to the early-Ąnd-early-report strategy, which prioritizes early signals

from individual detectors. Samant et al. [31] proposed a selective ensemble method that

dynamically chooses the most relevant detectors (ADWIN, DDM, and EDDM) based on

the performance of a machine learning classiĄer. Their proposal combines detectors and

classiĄers, utilizing the classiĄcation output as an oracle for adapting the detectors.

Korycki et al. [7] discussed the use of an ensemble drift detection with feature

subspaces (EDFS) that operate independently to monitor and detect drifts in data stre-

ams, focusing on the simplicity and efficiency of individual detectors. Perez et al. [8]

introduced the Statistical Tests Ensemble Detector (STED), which detects changing data

distributions using the results of Brown-Forsythe, OŠBrien, and ANOVA statistical tests

combined with two voting strategies. Zhang et al. [32] proposed a drift detection method

that monitors changes in data distribution based on a semi-supervised locally-weighted

ensemble detector (SLED), where the relative performance among its base detectors is

characterized by a set of weights learned in a semi-supervised manner. SLED effectively

deals with situations where different types of drift coexist, only abrupt and gradual ones

are considered though. Komorniczak et al. [5] proposed the Statistical Drift Detection En-

semble (SDDE), which utilizes a Ąxed set of detectors to manage various types of drifts,

including sudden, incremental, and gradual changes, using a Gaussian Naïve Bayes (NB)

classiĄer.

Supported by the current literature review on ensembles of drift detectors shown

in Table 1, we observed that while existing approaches provide valuable insights, there is

still a need for further research to develop methods that can Ćexibly detect a wide range

of drifts while maintaining a lightweight and efficient structure. Many of the existing

ensembles focus on speciĄc types of drifts or require extensive computational resources,

limiting their applicability in dynamic and resource-constrained environments.

In contrast, our proposed Self-tuning Drift Ensemble (StDE) addresses these li-

mitations by offering a versatile ensemble framework capable of dynamically integrating

multiple drift detectors. This allows for the detection of various types of driftsŮabrupt,

gradual, and incrementalŮin real-time, adapting to the evolving characteristics of the

data stream. The StDEŠs Ćexibility in adding or removing detectors based on the streamŠs

behavior ensures that it remains both effective and efficient, providing a robust solution

that can outperform existing methods in diverse scenarios. By leveraging this dynamic

approach, our work not only Ąlls a critical gap in the literature but also paves the way

for more adaptive and scalable drift detection strategies that are better suited to the

complexities of real-world data streams.
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Author Technique Base Learners # Learners

[27] Supervised Decision Trees HP (2)
[9] Drift Detectors DDM, EDDM, ADWIN,

STEPD
HP (10)

[30] Hybrid EDIST and Hoeffding Tree HP (2)
[33] Drift Detectors HDDM, DDM, ECDD and

ADWIN
Fixed (3)

[7] Drift Detectors EDFS and Hoeffding Tree HP (10)
[8] Supervised Brown-Forsythe, OŠBrien and

ANOVA
Fixed (3)

[32] Semi-
supervised

SLED HP (10)

[10] Supervised RF, XGB, and MLP HP (3)
[31] Drift Detectors ADWIN, DDM and EDDM Fixed (3)
[28] Hybrid DDBM and LPBM Fixed (2)
[5] Hybrid Gaussian NB HP (30)
[29] Hybrid ADWIN, KSWIN and PHT Fixed (3)

StDE Drift Detectors DDM and EDDM Dynamic

Table 1 Ű A summary of ensemble drift detectors from different techniques (Supervised,
Semi-supervised, Hybrid, and Drift Detectors), sorted by year, considering the
base learners used and the number (#) of base learners. The number of base
learners was organized as hyperparameter-based (HP), Ąxed, and dynamic num-
bers of learners. The number in parentheses represents the standard value or
the explored value in the paper.
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4 STDE: SELF-TUNING DRIFT ENSEMBLE

In this section, we describe our proposed approach, the Self-tuning Drift Ensem-

ble (StDE), designed to enhance the predictive performance of drift detectors through a

voting-based and windowed ensemble method. The core idea behind StDE is to provide a

robust solution that effectively handles various types of drifts in data streams. As illustra-

ted in Figure 2, StDE consists of two main phases: the Warm Start phase and the Online

phase. During the Warm Start phase, the approach performs hyperparameter tuning for

DDM and EDDM to establish optimal settings. The subsequent Online phase involves

dynamically managing the drift detectors based on the evolving data stream behavior,

enabling the ensemble to adapt and self-tune in response to different drift types. This

dynamic and self-tuning capability ensures that StDE remains effective and adaptable

under varying conditions, making it well-suited for diverse drift scenarios.
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Figure 2 Ű Self-tuning Drift Ensemble (StDE) overview.

4.1 Voting and Windowing Mechanisms

We propose a voting ensemble method that incorporates multiple instances of

DDM and EDDM. Each detector independently monitors the data stream and votes on

whether a concept drift has occurred. The Ąnal decision is based on the majority vote

among these detectors.
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In our ensemble algorithm for drift detection, a windowing mechanism is imple-

mented to determine whether successive bits in a data stream represent the same drift

or different ones. The size of the window is a parameter that inĆuences the sensitivity

and robustness of our drift detection process. A smaller window can detect abrupt chan-

ges quickly, enhancing the systemŠs responsiveness to sudden shifts in the data stream.

However, this may also increase the likelihood of false positives. Conversely, a larger win-

dow provides a more stable and reliable detection environment, reducing false alarms but

potentially delaying the recognition of drifts or increasing the number of false negatives.

When the Ąrst detector in the ensemble detects a drift, the window is initiated,

and all bits with drifts identiĄed within this window are considered to be indicating the

same drift. The ensemble uses a voting mechanism, where each detector contributes a

vote when it signals a drift. The windowing process helps to aggregate these votes over

the speciĄed window size, ensuring that drifts identiĄed by multiple detectors within the

window are treated as a consensus on the same drift event. If a majority of detectors

within the window agree on the presence of a drift, it is conĄrmed as a true drift.

Figure 3 shows an example where the window size is 3 bits. Detector 1 initializes

the window, and any detector that signals a drift within this window interval is considered

to be indicating the same drift point. The votes from these detectors are combined to

reinforce the detection. Conversely, if a detector signals a drift outside of this window, it

is considered to be indicating another drift point, and a new window and voting process

would be initiated.

0 0 0 0 1 1 1 1 0 0 1 1

Det ect or  1
Dr i f t  #1 Det ect ed

Det ect or  2
Dr i f t  #1 Det ect ed

Det ect or  n
Dr i f t  #1 Det ect ed

Wi ndow

1

Wi ndow

Det ect or  1
Dr i f t  #2 Det ect ed

Det ect or  2
Dr i f t  #2 Det ect ed

Det ect or  n
Dr i f t  #2 Det ect ed

0

Figure 3 Ű Windowing mechanism overview.

4.2 Warm Start Phase

The Warm Start phase initializes the ensemble operation by tuning the hyperpa-

rameters of the drift detection algorithms (base learners). This offline process utilizes a
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Ąnite labeled data stream and requires a minimum of three base learners. This minimum

number is essential to effectively implement the majority/minority voting system used

in the ensemble. By tuning the algorithms based on this speciĄc subset of data streams,

we seek to ensure that the ensemble is robust and well-adapted for the subsequent on-

line learning phase. The Warm Start phase consists of four steps, which are presented as

follows:

1. Hyperparameter Space DeĄnition: the search space for hyperparameters is de-

Ąned to explore various conĄgurations for the ensemble components. For both DDM

and EDDM, the tuned hyperparameter is the threshold for triggering a warning (Ð).

The value ranges are determined based on the speciĄc characteristics and require-

ments of the problem at hand.

2. Hyperparameter Optimization: this step involves exploring the hyperparameter

space to Ąnd the optimal settings for the ensemble. Various hyperparameter optimi-

zation techniques can be applied here, depending on the speciĄc requirements and

constraints of the problem. In our case, we employ a Random Search algorithm,

which involves sampling a large number of hyperparameter combinations randomly

and evaluating each set using a validation subset of the data streams. Random Se-

arch is chosen for its simplicity and effectiveness in Ąnding good hyperparameter

settings without the computational burden of exhaustive grid search, but another

method for hyperparameter optimization and tuning could be used [34].

3. Performance Evaluation: each hyperparameter combination is assessed based on

its performance in detecting concept drifts, measured through the F1-score metric.

4. Selection of Hyperparameter Values: the combination of hyperparameters that

achieves the best performance across the data streams is selected. These parameters

are then used to initialize DDM and EDDM instances for the subsequent online

phase.

Algorithm 1 implements the Warm Start phase, formalizing the process of iterati-

vely optimizing hyperparameters for a voting ensemble of drift detectors.
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Algorithm 1 Warm Start Phase for Self-tuning Drift Ensemble (StDE)
Input:

- 𝐷: Initial Ąnite data stream

- 𝑀 : List of drift detectors

- 𝐻: Dictionary of hyperparameter ranges for each detector in 𝑀

- 𝑛_𝑖𝑡𝑒𝑟: Number of random hyperparameter conĄgurations

Output:

- 𝑏𝑒𝑠𝑡_𝑝𝑎𝑟𝑎𝑚𝑠: Dictionary of best hyperparameters for each detector in 𝑀

begin 𝑏𝑒𝑠𝑡_𝑝𝑎𝑟𝑎𝑚𝑠⊂ ∅

𝑏𝑒𝑠𝑡_𝑠𝑐𝑜𝑟𝑒⊂ ⊗∞

for 𝑖 ∈ [1, . . . , 𝑛_𝑖𝑡𝑒𝑟] do

𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑑𝑒𝑡𝑒𝑐𝑡𝑜𝑟𝑠⊂ ∅

for 𝑚 ∈𝑀 do

- Generate random hyperparameter conĄguration ℎi for detector 𝑚

from 𝐻[𝑚]

- ConĄgure detector 𝑑i of type 𝑚 with hyperparameters ℎi

- Add 𝑑i to 𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑑𝑒𝑡𝑒𝑐𝑡𝑜𝑟𝑠

end

- Create hard voting ensemble 𝐸i using 𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑑𝑒𝑡𝑒𝑐𝑡𝑜𝑟𝑠

- Evaluate 𝐸i on subset 𝐷 using F1 Score metric

- 𝑠𝑐𝑜𝑟𝑒i ⊂ Evaluation metric for 𝐸i

if 𝑠𝑐𝑜𝑟𝑒i > 𝑏𝑒𝑠𝑡_𝑠𝑐𝑜𝑟𝑒 then

𝑏𝑒𝑠𝑡_𝑠𝑐𝑜𝑟𝑒⊂ 𝑠𝑐𝑜𝑟𝑒i

𝑏𝑒𝑠𝑡_𝑝𝑎𝑟𝑎𝑚𝑠⊂ ¶ℎi ♣ 𝑚 ∈𝑀♢

end

end

return 𝑏𝑒𝑠𝑡_𝑝𝑎𝑟𝑎𝑚𝑠

4.3 Online Phase

The Online phase is executed after the Warm Start phase. Its Ąrst step is to

conĄgure an odd number of detectors, DDM or EDDM, with the hyperparameter values

obtained in the previous phase. After conĄguring the initial detector set, this phase moves

on to the data stream monitoring, during which drifts are detected and the number of

detectors is managed in real-time. This detector dynamic management relies on two main

methods:

1. Increasing Number of Detectors: when the ensemble experiences a divided vote

scenario, where a simple majority of detectors agree on the presence of a concept

drift, this indicates potential uncertainty or the emergence of new patterns in the

data stream. To address this and maintain an odd total number of instances, two
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additional detectors are added to the ensemble. For our case, these new detectors

are either DDM or EDDM, selected randomly. Each new detector is instantiated

with hyperparameters perturbed by a Gaussian noise, centered around the optimal

values deĄned in the Warm Start phase. This perturbation introduces variability,

enhancing the ensembleŠs ability to capture and adapt to diverse drift patterns. By

introducing controlled randomness into the hyperparameters of newly added drift

detectors, the risk of the ensemble becoming overly specialized or biased towards

the initial conditions set during the Warm Start phase is mitigated. Additionally,

the mean-centered nature of the Gaussian distribution around optimal values en-

sures that while diversity is introduced, the detectors remain close to their optimal

conĄgurations.

2. Decreasing Number of Detectors: when there is an unanimity vote scenario,

the detectors indicate strong conĄdence in the presence of a drift, which suggests a

stable concept. In this case, the ensemble reduces its complexity by removing two

randomly selected detectors. This reduction helps maintain computational efficiency

and prevents over-Ątting.

Algorithm 2 implements the Online phase to dynamically update the ensemble by

changing the number of detectors based on data stream behavior.
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Algorithm 2 Online Phase for Self-tuning Drift Ensemble (StDE)
Input:

- 𝐸𝑛𝑠𝑒𝑚𝑏𝑙𝑒: Set of initialized detectors 𝐷1, 𝐷2, . . . , 𝐷n with optimal

hyperparameters

- Streaming data: Incoming data stream

- 𝑘: Threshold for Minority Sequence Count

- 𝑚: Threshold for Unanimity Sequence Count

begin

1. Set MinorityThreshold⊂ |Ensemble|
2

2. Set UnanimityThreshold⊂ ♣Ensemble♣

3. Initialize MinoritySequenceCount⊂ 0

4. Initialize UnanimitySequenceCount⊂ 0

5. While streaming data is available:

a) Collect votes from all detectors in Ensemble if warning detected

b) Count votes indicating drift (𝑑𝑟𝑖𝑓𝑡𝐶𝑜𝑢𝑛𝑡)

c) If 𝑑𝑟𝑖𝑓𝑡𝐶𝑜𝑢𝑛𝑡 < MinorityThreshold then

i. MinoritySequenceCount⊂ MinoritySequenceCount + 1

ii. If MinoritySequenceCount = 𝑘 then

• Add two new random detectors 𝐷new1, 𝐷new2

• Perturb hyperparameters of new detectors with Gaussian noise

• Ensemble⊂ Ensemble ∪𝐷new1, 𝐷new2

• Reset MinoritySequenceCount to 0

iii. Reset UnanimitySequenceCount to 0

d) Else

i. StDE detects the drift

ii. Reset MinoritySequenceCount to 0

iii. If 𝑑𝑟𝑖𝑓𝑡𝐶𝑜𝑢𝑛𝑡 = UnanimityThreshold then

A. UnanimitySequenceCount⊂ UnanimitySequenceCount + 1

B. If UnanimitySequenceCount = 𝑚 then

• Remove two random detectors 𝐷remove1, 𝐷remove2

• Ensemble⊂ Ensemble \𝐷remove1, 𝐷remove2

• Reset UnanimitySequenceCount to 0

e) Update detectors in Ensemble with new data

end
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5 EXPERIMENTAL EVALUATION

This section outlines the experimental framework used to evaluate our proposed

methods and compare various drift detection algorithms. We begin by introducing the

automatic stream generator, which was used for producing the synthetic data streams in

both the benchmarking and ensemble tests. This generator ensured that the data streams

were consistent and controlled across experiments. Next, we describe the evaluation me-

trics applied to assess the performance of the algorithms, including detection accuracy,

detection time, and detection delay. After detailing the metrics, we present the results

from the benchmarking phase, where we evaluate the performance of four drift detec-

tion algorithmsŮDDM, EDDM, HDDMA, and HDDMWŮimplemented using the River

Framework version 0.19.0 [35]. These algorithms were assessed across various drift types.

Finally, we detail the ensemble tests, focusing on the performance of the Self-

tuning Drift Ensemble (StDE) and its ability to adapt to varying drift scenarios. This

structured approach provides a comprehensive view of how each method performs and

their effectiveness in different contexts.

5.1 Automatic Generation of Streams

To conduct the experiments, we developed a synthetic data stream dataset gene-

rator capable of creating binary streams driven by multiple variables to simulate a wide

range of scenarios. The tool, publicly available1, enables the deĄnition of variables such as

drift type (abrupt, gradual, or incremental), data stream size, sample range, dataset size,

percentage of maximum duration, and drift divisions or amplitude. The start and end

positions of the drift are randomly generated for each sample of the data stream dataset.

Developed in Python 3.8.8 using the open-source Streamlit framework [36] version

1.12.2 , the tool provides an intuitive user interface that facilitates the selection of the

necessary parameters for creating data streams as desired. Additionally, it allows for the

generation of homogeneous data streams, with drifts of only one type, or heterogeneous

data streams, with multiple different drift types.

It is important to clarify that different data streams were used for the validation

of the benchmark algorithms and the StDEŠs validation. In the benchmarking phase, data

streams with homogeneous characteristics were prioritized, focusing on generating speciĄc

types of drift, such as abrupt, gradual, and incremental, to facilitate a direct and control-

led comparison between the baseline algorithms. On the other hand, for the validation

of StDE, heterogeneous data streams were created, designed to simulate more complex
1 Available on <https://github.com/gysakurai/datastream-synthetic>
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and diverse scenarios. This distinction ensures that each approach is tested under condi-

tions best suited to evaluate its performance, with the homogeneous streams providing

a clear benchmark for comparison, and the heterogeneous streams reĆecting the broader

adaptability of the ensemble method.

All streams were generated with drifts characterized by pseudo-random properties.

Both the initiation and termination of each drift were randomly determined within the

stream, adhering to speciĄc attribute intervals.

For streams with homogeneous drifts, the following parameters were established:

Table 2 Ű Parameters for Homogeneous Drifts

Drift Type Stream Size Duration Division

Abrupt 100 to 10,000 bits 1 to 15% of drift size 5 to 15 divisions
Gradual 100 to 10,000 bits 1 to 5% of drift size 5 to 10 divisions

Incremental 100 to 10,000 bits 1 to 20% of drift size N/A

In the case of streams with heterogeneous drifts, the mentioned characteristics

and intervals remain applicable. However, a key distinction is the inherent randomness

involved in the selection of drifts for each stream. This variability ensures that the drift

characteristics are not only diverse but also reĆective of real-world scenarios, where data

distributions can change unpredictably.

We generated 1800 data streams Ů 900 homogeneous and 900 heterogeneous.

Homogeneous streams each contain 300 samples of a single drift type, while heterogeneous

streams mix all three drift types in varying sequences. Stream sizes and drift locations

were randomly deĄned to introduce variability and ensure unbiased algorithm evaluation.

5.2 Evaluation Metrics

The drift detectorsŠ performances were assessed according to four main criteria:

detection performance, processing time, detection delay and memory cost to detect drifts.

In this section, we provide further details on how the metrics for these criteria were

calculated.

5.2.1 Detection Performance

F1 score was applied to evaluate the detection performance of all change detection

algorithms. F1 score, as presented in Equations (5.1)Ű(5.3), is derived from two other

metrics, namely precision and recall [37]. Precision measures the ability of the assessed

algorithm to avoid false positives, while recall expresses its capacity to detect as many

drifts as possible. By combining these two metrics, F1 score provides a broader picture of

the algorithmŠs accuracy.
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In this context, true positives (TP) correspond to the number of correctly detected

drifts, whereas false positives (FP) represent instances where the algorithm incorrectly

signals a drift that did not actually occur. Conversely, false negatives (FN) denote actual

drifts that the algorithm failed to detect. Using these deĄnitions, the precision, recall, and

F1 score are computed as follows:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP + FP
(5.1)

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP + FN
(5.2)

𝐹1 = 2 ≤
Precision ≤ Recall

Precision + Recall
(5.3)

5.2.2 Processing Time

The notion of processing time plays a critical role in the context of data stream

drift detection since it directly impacts the ability of a detector to process incoming data

streams in real-time. Applications requiring the timely detection of concept drifts need

the use of fast and efficient detectors. The processing time for a data stream drift detector

corresponds to the time required to process each incoming instance, and it is inĆuenced

by various factors, such as data complexity, data stream size, detector implementation

speciĄcs, and available computational resources. Given the trade-off between accuracy and

processing time, careful consideration of both factors is vital in selecting and optimizing

the data stream drift detectors. Therefore, an evaluation of the processing time of detectors

is essential to ensure their ability to operate in real-time and fulĄll the requirements of the

given application. For our studies, the processing time of each algorithm was measured

by assessing the amount of time it takes for the algorithm to process all the bits of each

data stream.

5.2.3 Detection Delay

Detection delay is another metric related to time that must be assessed for drift

detectors. This metric refers to the time interval between the occurrence of a concept

drift and its detection by the detector. Drift detectors with low detection delays enable

applications to make decisions about detected changes quickly, allowing them to meet

real-time constraints. On the other hand, a high detection delay may result in missed

opportunities, false alarms, or incorrect decisions, which can have serious consequences in

critical applications. Therefore, the detection delay of data stream drift detectors must be

evaluated in addition to their accuracy and processing time, to ensure that they can detect

concept drifts in a timely and reliable manner. The detection delay depends on various
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factors, such as the complexity of the data, the frequency and magnitude of the drifts,

the performance of the detector and the decision threshold used. The trade-off between

the detection delay and accuracy is an important consideration in the selection and opti-

mization of data stream drift detectors and may depend on the speciĄc requirements of

the intended application.

In Figure 4, the calculation of the detection delay is illustrated as the difference

between the exact onset point of each drift (true detection) and the point at which it

was detected by the algorithm, as described in the work by Asghari et al. [38]. Notably,

when detection occurs outside of the drift area, it is disregarded and excluded from any

calculations related to detection delay metrics.

Time

Actual drift start point True Detection

Detection Delay

False Detection

No Drift
Drift Area

Figure 4 Ű Visualization of data drift over time: Detection Delay, True and False Detec-
tions, and Drift Area.

5.2.4 Memory Cost

The memory cost in drift detection algorithms refers to the amount of memory

allocated and utilized during their execution. This metric helps assess the algorithmŠs

efficiency and scalability, especially in resource-limited environments. It includes average

memory usage, reĆecting typical memory footprint. Efficient memory management is re-

levant for handling large data streams and adapting to changes without causing memory

overĆow or slowdowns, ensuring real-time performance and reliability. In our study, we

use Python 3.10 and the tracemalloc library2 to measure this memory cost, providing

precise tracking of memory usage over time. We report memory usage in megabytes (MB)

for comparisons.
2 Available on <https://docs.python.org/3/library/tracemalloc.html>
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5.3 Benchmarking Change Detector Algorithms

In this study, we conducted a benchmarking analysis of four drift detection algo-

rithmsŮDDM, EDDM, HDDMA, and HDDMWŮusing a synthetic data stream designed

to evaluate their performance in detecting various types of concept drifts: abrupt, gradual,

and incremental. The primary goal of this research is to assess the effectiveness of these

algorithms across different drift scenarios and to determine whether certain algorithms

are better suited for speciĄc types of drift. By evaluating their performance in terms of

detection accuracy, detection time, and detection delay, our Ąndings aim to provide valu-

able insights into which algorithms are most effective for each drift type, thereby guiding

the selection of the most appropriate algorithm based on the characteristics of the drift

encountered in practice.

To ensure a comprehensive evaluation, we employed consistent performance me-

trics across all detectors, including the F1 score, processing time, and detection delay.

The synthetic data streams were randomly generated with three types of concept drifts:

abrupt, gradual, and incremental. This rigorous comparison allows us to fairly assess and

compare the accuracy and speed of each detection method.

5.3.1 Detection Performance

The initial results presented in this study focus on the detection of abrupt drifts.

To thoroughly assess the performance of the drift detection algorithms, we conducted

experiments by varying the number of drifts present within the data streams. SpeciĄcally,

we generated multiple synthetic data streams with a homogeneous distribution, introdu-

cing different quantities of abrupt drifts ranging from 1 to 5 per stream. This approach

allowed us to evaluate how the algorithms respond to varying levels of abrupt changes in

the data, simulating scenarios that could occur in real-world applications.

Figure 5 displays the F1 score results across the different quantities of abrupt

drifts. As shown in the Ągure, all algorithms achieved their maximum performance, with

equivalent F1 scores when only one abrupt drift was introduced. However, as the number of

drifts increased to 2, the HDDMW, HDDMA, and DDM algorithms consistently displayed

reduced F1 scores, while the EDDM algorithm yielded a markedly inferior score. This

trend of decreasing F1 scores continued as the number of drifts increased, highlighting

the challenges these algorithms face in handling multiple abrupt drifts within a single

data stream. Notably, the HDDMW algorithm maintained the most consistent average

F1 score across different drift quantities, whereas the EDDM algorithm produced the

lowest average score.
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Figure 5 Ű F1 score of detection methods when dealing with abrupt drifts.

For incremental drifts, the experimental setup was similar, but with only one drift

per stream, given the nature of incremental changes that gradually evolve over time.

As shown in Figure 6, only the EDDM algorithm achieved a satisfactory result, with

an F1 score close to the maximum possible. In contrast, HDDMW had the second-best

performance, though signiĄcantly lower than EDDM, while HDDMA and DDM yielded

much lower and almost negligible scores. This setup allowed us to assess the algorithmsŠ

ability to detect subtle, incremental changes, which are often more challenging to identify

than abrupt shifts.
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Figure 6 Ű F1 score of detection methods when dealing with incremental drifts.

The detection performance for gradual drifts, where the change occurs over a more

extended period, is presented in Figure 7. For this scenario, we also varied the number of

drifts per stream, similar to the abrupt drift experiments. When the number of drifts was

1 or 2, all algorithms showed identical performance, with F1 scores close to 1, indicating

high detection accuracy. However, as the number of gradual drifts increased to 3 or 4,

the HDDMW, DDM, and EDDM algorithms maintained their performance levels, while

the HDDMA algorithm exhibited a decline in its average F1 score. When Ąve drifts were

introduced, all four algorithms achieved comparable performance levels, with F1 scores

around 0.8.
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Figure 7 Ű F1 score of detection methods when dealing with gradual drifts.

Overall, the results demonstrate that while the HDDMW, DDM, and EDDM al-

gorithms performed similarly across various scenarios, the HDDMA algorithm tended to

perform less favorably, particularly as the complexity of the drift patterns increased. The

experimental design, with varying drift quantities and types across homogeneous data

streams, provides a comprehensive evaluation of each algorithmŠs robustness and adapta-

bility in handling different drift scenarios.

We evaluate the drift detection performance in terms of F1 score based on a statis-

tical analysis grounded on the non-parametric Friedman statistical test [39] to determine

any signiĄcant differences among EDDM, DDM, HDDMW, and HDDMA with 300 stre-

ams. Following the Friedman test, we performed a Nemenyi post hoc test [40] with a

signiĄcance level of 0.05. The null hypothesis posits that the drift detectorsŠ performan-

ces are comparable based on the average F1 score per stream. If the null hypothesis is

rejected, the Nemenyi post hoc test can be used. This test establishes that the perfor-

mance of two detectors is signiĄcantly distinct if the average ranks differ by at least a

critical difference (CD) value. Figure 8 shows the CD diagram for F1 score. Particularly,

we assume that there are no signiĄcant differences between HDDMA and DDM. All other

differences are signiĄcant. In other words, EDDM was statistically the most accurate

method, followed by HDDMW. HDDMA and DDM are statistically similar.
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Figure 8 Ű Critical distance diagram using the CD of 0.469 based on the Nemenyi post hoc
test considering the F1 score of four drift detection methods (EDDM, DDM,
HDDMW and HDDMA) with 300 paired streams.

5.3.2 Processing Time

Regarding the algorithmsŠ processing time performance, our experiments revealed

that the DDM algorithm achieved a notably lower processing time (y axis) compared

to the others, overall. The drift detection methods based on the Hoeffding algorithms

exhibited similar behavior, albeit with a higher processing time. In contrast, the EDDM

algorithm displayed a marked distance from the other algorithms, with the results varying

considerably throughout the analysis of each sample (identiĄed on the x axis), as shown

in Figure 9.
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Figure 9 Ű Time of processing when dealing with different drifts.
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We made the same evaluation process as when assessing the detection performance

to evaluate the processing time using the non-parametric Friedman statistical test to

identify any signiĄcant differences among EDDM, DDM, HDDMW, and HDDMA with

300 streams. Figure 10 presents the CD diagram for detection time. According to the

statistical test, there are no statistically signiĄcant differences between only HDDMA and

HDDMW. Thus, we can infer that these two detectors are the fastest in comparison to the

others. When selecting a drift detector, both processing time and detection performance

should be considered. HDDMW is a better option than HDDMA, DDM, and EDDM

since it signiĄcantly reduces the detection time while maintaining adequate predictive

performance.

1234

EDDM
DDM HDDMA

HDDMW

CD

Figure 10 Ű Critical distance diagram using CD of 0.469 based on the Nemenyi post hoc
test considering the time of four drift detection methods (EDDM, DDM,
HDDMW, and HDDMA) with 300 paired streams.

5.3.3 Detection Delay

Figure 11 presents the results for detection delay in seconds in the logarithm scale.

The HDDMW algorithm had the best performance for abrupt drifts, detecting drifts in a

much shorter time than the others. HDDMW is followed by HDDMA, DDM, and EDDM,

respectively, but with similar times among them. For gradual drifts, HDDMW showed

again a signiĄcantly shorter time than the other algorithms, followed by HDDMA, DDM,

and EDDM. For incremental drifts, the HDDMA algorithm had the best detection delay

performance, followed by HDDMW and EDDM with markedly different results. In none

of our experimentŠs samples, the DDM algorithm was able to detect an incremental drift,

so there were no delay results.
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Figure 11 Ű Delay in logarithmic scale of seconds.

5.3.4 Memory Cost

Figure 12 presents the results for memory cost in Megabytes, shown on a logarith-

mic scale. For abrupt drifts, HDDMA proved to be the least memory-intensive. Gradual

drifts were more costly to detect compared to other types of drift, with EDDM perfor-

ming slightly better than the other algorithms. When dealing with incremental drifts,

the results across all algorithms were quite similar, but once again, EDDM demonstrated

superior performance compared to the other contenders.
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Figure 12 Ű Memory Cost logarithmic scale of Megabytes

5.3.5 Discussion

Incremental drifts proved to be the most difficult to simulate and validate. The

creation of multiple samples with various random variables with our tool helped us Ąnd

the best detector for this type of drift. Other works in the literature, such as those by

Gonçalves Jr. et al. [26], Poenaru-Olaru et al. [25], and Barros and Santos [22] did not

consider incremental drift in their analyses.

Our experiments have also shown that there is a signiĄcant trade-off among drift

detection performance, detection time, and detection delay for the analyzed algorithms.

Upon the analysis of the DDM algorithm, it demonstrated commendable proĄciency in

detecting abrupt and gradual drifts, as evidenced by its noteworthy average algorithm

detection time. However, it was observed that the algorithm suffers from a relatively su-

boptimal detection delay, ranking as the second slowest algorithm in this regard. Notably,

the algorithmŠs most pronounced limitation lies in its capacity to identify incremental

drifts, which were unable to successfully detect during our experimental investigation.

In contrast to other algorithms, the EDDM algorithm excels in detecting incre-

mental drifts, with a better F1 score performance than the other algorithms. However,

it has a weakness in time-related criteria, such as a longer processing time and detection
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delay. The algorithm encounters challenges in detecting abrupt drifts when the frequency

of drifts increases in comparison to other algorithms. Additionally, EDDM has a signiĄ-

cant limitation in terms of delay, generally across all types of drifts, where it exhibits a

considerable lag in detecting drifts compared to other algorithms.

The HDDMW algorithm has demonstrated strong consistency in detecting abrupt

drifts, even as their frequency increases. However, its detection time performance is less

effective, ranking as the second slowest among the evaluated methods. Additionally, the

algorithm faces challenges in detecting incremental drifts, as reĆected in its reduced de-

tection performance and increased delay. Conversely, its greatest strength lies in achieving

the best detection delay for both abrupt and gradual drifts, surpassing all other algorithms

in this aspect.

The HDDMA algorithm demonstrated slightly lower performance in handling gra-

dual drifts when the frequency increases. However, it maintains a balanced processing

time and has a better detection delay compared to the DDM and EDDM algorithms,

only being outperformed by HDDMW.

Finally, our experiments have shown that choosing the best algorithm heavily

depends on the objective and weaknesses we want to avoid, our prior knowledge of the

data stream that will be subjected to drift detection analysis, and the type of drift.

Throughout our studies, we were able to analyze the behavior of some of the most famous

concept drift algorithms in detecting different types of drift, as well as their detection time

and delay. Additionally, we were able to ensure replicability by varying several parameters

in the construction of each type of drift using the tool developed for synthetic datasets.

Our Ąndings have important implications for understanding data stream behavior.

The ability to detect drifts in real-time allows for adjustments in strategies to better align

with the evolving nature of these streams. However, it is crucial to recognize that the

performance of drift detection algorithms can vary depending on the type of drift en-

countered. This variability can complicate the management of data streams that exhibit

heterogeneous drifts, where different algorithms may perform better under speciĄc con-

ditions. Also, the results from this phase largely conĄrmed what we expected based on

Ąndings from the existing literature. SpeciĄcally, the strengths of certain algorithms, such

as the superior performance of EDDM in gradual and incremental drifts, aligned with

previously reported outcomes in related work.

Furthermore, the use of drift detection algorithms can enhance the overall accuracy

and reliability of machine learning models in these settings. In future research endeavors,

it would be advantageous to explore more sophisticated drift detection algorithms and te-

chniques, including others methods and deep learning-based approaches. Nonetheless, it

is important to acknowledge that while deep learning-based techniques may yield promi-

sing results in detecting concept drifts across multiple domains, their efficacy is frequently
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constrained by the requirement for large volumes of labeled data and computational re-

sources. Moreover, the black-box nature of these methods can impede the interpretation

and understanding of their predictions, thereby restricting their utility in domains where

interpretability is essential. Therefore, efforts to enhance the precision and efficiency of

drift detection in both synthetic and real-world data streams should take these limitations

into account when assessing and selecting the appropriate techniques. Additionally, the

use of more diverse and larger datasets would help increase the quality of the Ąndings,

making them applicable to a broader range of applications and industries.

5.4 StDEŠs Evaluation

This subsection presents the results of the evaluation of our proposed Self-tuning

Drift Ensemble (StDE) method. To thoroughly assess its performance, we compared StDE

with multiple baseline methods to understand how it stands up to established techniques

in various scenarios. One of the key advantages of StDE is its Ćexibility, as it allows

the integration of any drift detection algorithm within the ensemble framework. In our

evaluation, we employed DDM and EDDM as base learners within StDE. These algorithms

were selected due to their simplicity, which facilitates better hyperparameter control,

and because they share a similar nature, ensuring a more systematic assessment of our

approach.

The comparative analysis includes:

• A Drift Detection Method (DDM) instance with the optimal hyperparameters iden-

tiĄed during the Warm Start Phase.

• An Early Drift Detection Method (EDDM) instance, also optimized with hyperpa-

rameters determined during the Warm Start Phase.

• A modiĄed version of our proposed ensemble method, referred to as Fixed-StDE.

This variant maintains a Ąxed number of base learners throughout the stream,

equivalent to the maximum number of detectors utilized by StDE during its online

phase for the same data stream.

• The LE3D framework [29], a Ąxed ensemble of three base learners. It integrates

ADWIN, KSWIN, and Page Hinkley algorithms for drift detection. This framework

was selected for comparison due to its ensemble structure, which is similar to the

one we are proposing, and its use of base learners that are well-established in the

literature.

Additionally, the benchmarks were tested across both homogeneous and heteroge-

neous data streams to evaluate model performance under different data environments and
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drift behaviors. For the testing of StDE, we employed the following parameters: Threshold

for Minority Sequence Count = 1000, Threshold for Unanimity Sequence Count = 5, and

Window Size = 5. These values were chosen based on preliminary tests that indicated

they provided the best performance.

In the following sections, we will delve into the results and discuss how StDE and

the other algorithms performed across these conditions.

5.4.1 Detection Performance

For detection performance in homogeneous data streams, StDE substantially out-

performs the baselines and achieves the highest F1 score, indicating superior performance

in handling drifts of the same type within a stream, as shown in Figure 13. StDEŠs F1-

score exceeded Fixed-StDEŠs by 20 percentage points, which suggests that dynamically

adjusting the number of detectors can be more effective than merely maximizing their

quantity in this scenario. Additionally, StDE demonstrated signiĄcantly better perfor-

mance compared to the LE3D, which failed to perform well in our validations.

When it comes to heterogeneous data streams, StDE also outperformed the base-

lines. DDM and Fixed-StDE also achieved satisfactory results. Conversely, EDDM pro-

duced signiĄcantly poor results, as shown in Figure 13. This outcome indicates that

the balanced integration of different methods within the proposed StDE method, along

with the hyperparameters tuning Ů making some detectors more sensitive and others less

sensitive Ů results in superior detection performance even when multiple drift types are

present in the same stream. By carefully adjusting these hyperparameters, we are able

to enhance the overall performance, achieving more satisfactory results compared to the

other methods.
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Figure 13 Ű Heat-map of F1 score in detection methods

5.4.2 Processing Time

In terms of processing time, StDE tends to exhibit signiĄcantly higher times com-

pared to the baseline methods DDM and EDDM as shown in Figure 14. This is primarily

due to the fact that StDE is an ensemble method that can aggregate multiple instances of

the baseline detectors, resulting in a proportional scaling of the processing time. It is also

important to highlight that, when using the Fixed-StDE approach, which limits the num-

ber of detectors to a Ąxed maximum, the processing time increases considerably compared

to the more Ćexible StDE approach. Furthermore, compared to LE3D, StDE achieved a

shorter processing time even when LE3D operated with a Ąxed number of detectors. This

is likely due to the fact that LE3D is an ensemble method with a computationally more

demanding base of detectors.
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Figure 14 Ű Heat-map of Processing time in detection methods

5.4.3 Detection Delay

For detection delay in homogeneous data streams, StDE performed slightly better

than DDM and Fixed-StDE, as shown in Figure 15. Moreover, StDE signiĄcantly out-

performed LE3D in terms of delay. Conversely, EDDM yielded signiĄcantly worse results.

For detection delay in heterogeneous data streams, StDE is also slightly better than DDM

and Fixed-StDE, with StDE exhibiting a higher delay when compared to homogeneous

streams, though. LE3D, however, achieved better results for heterogeneous delay, attai-

ning a reasonably lower delay than StDE. EDDM presented a very rapid reaction, as

observed in Figure 15, but performed poorly in terms of predictive capacity.
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Figure 15 Ű Heat-map of delay in detection methods

5.4.4 Memory Cost

Figure 16 presents the results for this metric. As expected, StDE required more

memory than the baselines based on DDM and EDDM. StDE utilizes a minimum of three

base learner instances but only consumes up to twice the memory of a single base learner

(DDM or EDDM), which can be deemed satisfactory. Another positive aspect here is that

StDEŠs memory consumption is much lower than that of Fixed-StDE. This demonstrates

that the dynamic adjustment of the number of base learners allowed for good predictive

performance alongside a signiĄcant reduction in memory footprint.

Importantly, it should also be noted that StDE exhibited lower memory consump-

tion compared to the LE3D framework. This can be attributed to the same reason for its

superior performance in terms of processing time: the base detectors used in the LE3D

ensemble demand more computational resources than those employed in StDE.

Although the memory costs observed in these comparisons represent a negligi-

ble amount for modern computers and personal devices, it is worth noting that these

algorithms may be deployed in environments where memory availability is restricted or

limited. In such cases, even small differences in memory consumption could have a signi-

Ącant impact.
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Figure 16 Ű Heat-map of Memory Cost in detection methods.

5.4.5 Number of Detectors Fluctuation

In this section, we provide an illustrative example of how StDE adapts to changes

in the data stream. As presented in Figure 17, we use this speciĄc case to demonstrate

the internal workings of the ensemble and its ability to adjust to varying conditions. The

blue line represents the number of detectors over time, while the red dashed lines indicate

the points at which potential drifts were signaled by the detectors. The actual drifts in

the data stream are highlighted by gray intervals.

Initially, the number of detectors is set at three. As potential drifts are detected,

the number of detectors increases or decreases based on the voting results. For instance,

at the point where 2 out of 5 detectors signal a potential drift and the threshold for

minority votes is reached, the number of detectors increases. Conversely, when 9 out

of 9 detectors vote unanimously and the threshold for unanimous votes is reached, the

number of detectors decreases. This dynamic adjustment reĆects the ensembleŠs adaptive

response to changes in the data distribution, showcasing its capability to handle different

drift scenarios effectively.
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Figure 17 Ű Fluctuation in the number of detectors in response to the signaling of potential
drifts by the detector

5.4.6 Discussion

StDE demonstrated robust predictive performance across different types of drifts

Ů abrupt, gradual, and incremental. By dynamically adjusting its internal conĄguration

to incorporate multiple drift detectors, StDE was able to effectively respond to a wide

range of drift patterns. This adaptability allowed the ensemble to maintain high accuracy

even in complex scenarios where single detectors might struggle. Notably, StDE achieved

better predictive performance than the LE3D framework. The results indicate that StDE

consistently achieved F1 scores comparable to or better than the individual algorithms

it encompasses, highlighting the ensembleŠs ability to leverage the strengths of multiple

detectors and providing a more comprehensive and reliable approach to drift detection.

A major strength of StDE lies in its dynamic adaptability to various drift types.

Unlike static ensembles, StDE can adjust its internal conĄguration in real time, selecting

and Ąne-tuning the most effective detectors for the speciĄc drift scenario at hand. This

Ćexibility is especially relevant in real-world applications, where data streams can change

unpredictably. Additionally, the introduction of new instances of detection algorithms

with perturbed hyperparameters during the online phase of StDE plays a crucial role in

identifying diverse types of drift. Even small perturbations introduced via Gaussian noise

signiĄcantly enhance the systemŠs ability to detect more complex drifts, particularly in

heterogeneous data streams.

Our experimental results highlight the advantages of this dynamic approach, as

StDE consistently delivered high performance across all tested drift scenarios, swiftly
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adapting to new patterns and reducing detection delays. The ability to incorporate con-

trolled hyperparameter variations ensures that the ensemble remains sensitive to subtle

distributional shifts while maintaining robustness against noise, further strengthening its

effectiveness in dynamic environments.

In terms of computational efficiency, StDE was designed to balance accuracy with

resource usage. The dynamic nature of the ensemble allows it to adjust the number of

active detectors based on the characteristics of the data stream, which helps manage

memory consumption. The experimental results show that while StDE requires more

resources than individual detectors, the increase is justiĄed by the signiĄcant gains in

detection accuracy and reliability. Moreover, the adaptive conĄguration ensures that the

ensemble does not unnecessarily inĆate computational costs, as it can deactivate certain

detectors when they are not needed, thereby optimizing performance based on the current

drift situation. To provide a clearer understanding of the computational environment in

which the proposed methods may be important, it is relevant to consider the hardware

speciĄcations of low-power embedded systems. For instance, the LE3D study uses the

Raspberry Pi (RPi) Compute Module 3b+, which features a BCM2837B0 Cortex-A53

64-bit 1.2 GHz System-on-a-Chip (SoC) and 1 GB of RAM [29]. That helps contextualize

the computational limitations and feasibility of implementing the proposed techniques in

real-world scenarios.

The results were particularly surprising in terms of performance, processing time,

and memory usage, especially when compared to the LE3D framework. StDE not only sur-

passed LE3D in predictive accuracy but also demonstrated superior efficiency in handling

computational and memory demands, underscoring the beneĄts of its dynamic, adaptive

conĄguration.

In conclusion, StDE offers a signiĄcant advantage over traditional, static drift

detection methods, particularly in environments where data characteristics are dynamic

and unpredictable. Additionally, our results demonstrate that StDE surpasses the LE3D

method in terms of robustness and adaptability. Its ability to maintain high accuracy

while optimizing resource usage makes it a compelling choice for real-time data stream

analysis, conĄrming the worth of investing in a dynamic, adaptive ensemble conĄguration.
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6 CONCLUSION

Drifts in data can be classiĄed into different types, including abrupt, gradual, and

incremental drifts, each presenting speciĄc challenges for detection algorithms. Hetero-

geneous drifts increase the complexity of detection and adaptation for models. Unders-

tanding how detection algorithms perform in the presence of these diverse drift types is

crucial for developing more robust and effective methods.

In conclusion, the studyŠs results demonstrate signiĄcant variations in the perfor-

mance of drift detection algorithms based on the type of drift. HDDMW exhibits superior

performance for abrupt and gradual drifts, followed by HDDMA, DDM, and EDDM.

Conversely, EDDM achieves the best performance for incremental drifts, with HDDMW

ranking second, and HDDMA and DDM receiving notably lower scores. As the number of

drifts increases, the performance of the algorithms deteriorates, although HDDMW main-

tains the most favorable detection performance, while EDDM exhibits the least favorable

scores. DDM achieves the lowest detection time, followed by the drift detection methods

based on Hoeffding algorithms, while EDDM shows signiĄcant variability in detection

time.

In light of these Ąndings, the Self-tuning Drift Ensemble (StDE) presents an advan-

cement in concept drift detection for data streams. By dynamically adjusting the number

and conĄguration of its base learners based on their voting behavior, StDE addresses the

challenges posed by diverse and evolving data streams. Its dual-phase operationŮinitial

Warm Start phase with offline data followed by real-time monitoringŮensures adaptabi-

lity to various drift types.

The results demonstrate that StDE outperformed its individual base learners and

also surpassed the LE3D framework ensemble proposed in the literature, particularly in

scenarios involving complex drift patterns. This highlights the robustness and versatility

of StDE, which consistently maintained high efficiency and accuracy across different drift

scenarios. These Ąndings emphasize the potential of StDE as a reliable and adaptive

solution for real-time data stream analysis.

Future research should explore advanced drift detection algorithms, such as ensem-

ble methods or deep learning-based approaches, and use more diverse and larger datasets

to improve the quality of Ąndings for various applications. Optimizing StDEŠs hyper-

parameters and integrating additional types of base learners could further enhance its

performance in complex data environments.
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