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In recent years, the amount of data produced by human activities has 
increased massively, giving rise to a constant flow of data generated in 
real time, known as data streams. Data stream classification requires 
both incremental and adaptive learning approaches, mainly due to the 
challenges inherent in the data stream's rapidly changing patterns. 
The Streaming Random Patches (SRP), investigated in this work, 
offers a robust online ensemble model for evolving data stream 
classification. The latter uses incremental decision trees, Hoeffding 
Trees (HT), as base learners for online forecasts.  Each tree is 
incrementally trained on a unique random patch formed via global 
feature subspacing and online bagging to ensure ensemble variety. 
The OB brings bagging to streaming. It suggests instance weights for 
training frequency instead of sampling with replacement. A drift 
detection strategy replaces outdated base learners in each tree to 
keep ensemble relevance to recent data and prevent outdated 
predictions. The ensemble is incrementally built by testing the HTs 
before training, updating base learner weights based on testing 
predictions. Weighted majority voting determines ensemble 
predictions. Therefore, this study aims to retain good SRP 
performance when identifying high-dimensional streams. The 
unpredictable nature of data stream instances and their controllable 
dimensions can degrade the online classifier's prediction quality, 
availability, and execution time. To increase SRP classifier 
performance, we refine the compressed sensing (CS) technique before 
incremental stream processing to ensure efficient subspace selection.  
Instead of the HT as the base classifier, we employ the Extremely Fast 
Decision Tree (EFDT) as a more statistically efficient base learner in 
the final model. The SRP and other techniques improved high-
dimensional data stream prediction performance. Average accuracy 
gains were +0.15% to +5.43%. The suggested modifications reduced 
execution time by 95.69%, indicating the method's Green AI 
alignment. 
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Data stream mining, online machine 
learning, incremental classification, 
high-dimensional stream, online 
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random patches, compressed 
sensing 
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1. Introduction 
Modern data sources, including social networks, real-time financial transactions, IoT devices, and sensors, 
produce dynamic data generated at very high rates [1][2], known as data streams. A Data Stream (DS) can be 
defined as a real-time unlimited sequence of data instances , whereas each stream 
instance arriving at an instant  is described by an M-dimensional feature vector [3].  

The enormous volume of data produced in real time makes the storage of data streams extremely resource-
intensive, and almost impossible to store in their entirety, as the streams are unlimited. Additionally, a central 
challenge in data streams stems from concept drift, where the underlying patterns in the data at a time  may 
evolve over time . Consequently, traditional batch-based machine learning approaches, which rely on 
static settings and full data storage, are unsuitable for processing real-time evolving  data streams [4]. To assess 
the limitations of these batch data mining methods, incremental data stream mining models [5][6], and online 
learning approaches [4][7] have been introduced to efficiently extract insights from continuous, real-time data 
streams.  

Among online supervised learning [8] methods, several incremental classifiers have emerged in the 
literature to address online classification. Such models are required to continuously process, and learn from 
infinite sequences of data with evolving distributions to assign each stream instance a target class label [3], 
while maintaining high accuracy. These classifiers may operate in single-model mode, or as an online ensemble 
of several single online classifiers that learn simultaneously from the streams and employ a voting mechanism to 
yield classification outcomes. The Adaptive Random Forest (ARF) [9], first proposed in 2017, constitutes the 
first online ensemble implementation that reflects the benefits of conventional random forests in a streaming 
setting. To operate efficiently in an online learning environment, the model replaces static decision trees with 
unique online classifiers, namely incremental decision trees.  These trees are tested, built, and constantly refined 
as stream instances arrive. To promote diversity among the ARF base learners, it incorporates the online 
bagging  [13], and random feature subspace selection at each node.  When a concept drift is detected, the ARF  
updates its ensemble by fully retraining new trees, and substituting its outdated ones.  

A robust online ensemble classifier (OEC) critically requires diversity among its base learners. If all base 
learners become highly similar, they can easily all converge to an outdated representation of a concept. Such 
synchronized obsolescence forces the OEC to initiate frequent training, updates, and deployment of new base 
learners. Consequently, predictive performances suffer until new base learners take effect. In contrast, diverse 
ensembles are more resilient to abrupt performance declines, as they require only partial selected updates.  

Accordingly, the Streaming Random Patches (SRP) [10][11], registers as one of the implementations of the 
OEC architecture, suggesting an alternative approach to foster ensemble diversity, by introducing an 
incremental adaptation of the random patches. Being partially similar to ARF, the model uses a set of adaptive 
mechanisms, including concept drift detection methods, to track changes in the stream distributions caused by 
concept drift and thus initiate updates to the online ensemble model. Along with a set of Hoeffding Trees (HT) 
[12], to progressively grow incremental decision trees as base learners, and ensure the SRP ability to make 
online predictions.  

Different from the ARF per-tree-node subspacing mechanism, known as local subspacing, the SRP online 
ensemble implements a global subspace selection that can be referred to as per-tree subspacing. Combining the 
global subspacing  and online bagging [13], it introduces incremental random patches used to construct sets of 
data to be used for testing and training the ensemble's base learners.  This architecture enables the framework 
to combine the strength of online ensembles along with a systematic base learner's diversity method to enhance 
classifying evolving stream instances. While state-of-the-art ensemble classifiers effectively adapt to concept 
drift by leveraging online learning, nevertheless this mechanism remains insufficient when processing streams 
originating from real-world big data applications.  

The stream mining community highlights that the drifting and dynamic behavior of these streams is not the 
only burden that arises in the incremental learning, as many other challenges coexist, namely class imbalance 
[14], stream high dimensionality [15], in addition to energy and resource constraints [16], multi-label and multi-
class stream instances.   

The ARF, registered as the first implementation of steam mining random forests, was often established as 
the benchmark of several works, addressing the aforementioned challenges in both case studies and theoretical 
investigations [17][18][19] . Nevertheless, a notable evolution in online random forest subspacing was proposed 
in 2025, which advocated moving from local feature selection at individual tree nodes to a global subspace 
strategy, with the aim of improving ARF predictive stability.  This concept stands at the core of the contribution 
introduced in the Adaptive Random Trees Ensemble (ARTE) [20] framework, which posits that superior 
prediction accuracy is achieved through the implementation of variable-sized subspaces for each ensemble 
element.  

Consequently, while addressing previously mentioned stream mining challenges in the OEC, the usage of 
global subspacing started to become a recurring pattern in many recent works.  Notable studies with prominent 
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contributions include :  The Online Ensemble of Multi-Label Hoeffding Adaptive Trees (OEMLHAT) [21] is an 
online classifier for real-time predictive maintenance, addressing multi-label data streams from industrial 
environments.  OEMLHAT is built on a global subspace strategy to promote diversity among base learners and 
distinguishes itself by incorporating dynamic feature subspaces within its ensemble of Hoeffding trees.  This 
adaptation allows the model to adjust feature usage adaptively as data evolves.  Furthermore, recent efforts to 
address class imbalance within online ensembles have yielded notable approaches, exemplified by the Smart 
Adaptive Ensemble Model for Multiclass Imbalanced Non-Stationary Data Streams (SAEM) [22].   Established for 
multiclass imbalanced data streams subject to concept drift, SAEM begins by initializing its ensemble with base 
learners trained on globally selected feature subspaces and continuously monitors feature distributions for 
shifts that signal a warning level. Upon detecting concept drift, SAEM deploys a background set to train new 
classifiers exclusively on the affected attributes. Concurrently, SAEM adjusts instance weights to prioritize 
minority classes, effectively tackling both class imbalance and distribution shifts in a cohesive manner. 

Before the emergence of ARTE, OEMLHAT, SAEM, and other recent ensemble methods that leverage global 
subspace selection, its conceptual origins can be traced back to earlier research. As previously noted, the 
Streaming Random Patches (SRP)  [10][11] effectively applied a global feature sampling strategy across online 
bagging weighted stream instances to obtain incremental random patches to promote diverse base learners.  
Despite its foundational basis in global subspacing, the SRP contribution to online ensembles' diversity through 
random patches was rarely explored in depth.  In previous studies, SRP's role has often been restricted to acting 
as a reference point in accuracy comparisons during the evaluation of new ensemble approaches, as illustrated 
in [23], [24], and [25] . 

Consequently, the current study addresses the high dimensionality challenge that arises in a stream 
classification scenario when building the SRP model. In incremental learning, the dimensional parameter , 
representing the feature space of incoming instances cannot be predicted. Given this critical uncertainty, in this 
work, we suggest that the SRP model should implement a dimensionality reduction mechanism. Particularly as 
this model utilizes both global and random feature subspace selection, we hypothesize that global subspacing 
would lead base learners to be stuck with irrelevant features, notably as high-dimensional data inevitably 
includes such attributes. In addition, random feature selection potentially neglects informative features. This 
leads to the acquisition of insignificant concepts, and frequent resets of base learners, thus elevating resource 
consumption.  

Consequently, our research aims to ensure the relevancy of subspaces chosen for each SRP base learner 
construction, when addressing high-dimensional stream instances, by integrating the Compressed Sensing (CS) 
mechanism [26]. Moreover, our contribution is extended by modifying the existing core matrix implemented 
with state-of-the-art CS. Refining the sensing matrix, would guarantee that each patch will contain the maximum 
amount of crucial information. Furthermore, this study investigates the usage of the Extremely Fast Decision 
Tree (EFDT) [27] as a base learner in the SRP classifier. This statistically efficient incremental tree 
implementation operates via fast splits, and demonstrates superior performance over HT.   

The present paper is organized as follows: The first section provides an overview of data stream 
classification, focusing on online ensembles implementing incremental decision trees, namely the Streaming 
Random Patches (SRP), which will constitute the baseline of this study. The next section outlines the challenges 
experienced within the SRP when addressing the curse of high dimensionality in data streams, which motivated 
this study. Afterwards, we detail our suggested contributions.  Subsequently, a description of the experimental 
setup, datasets, and obtained results are highlighted. Lastly, the manuscript is accompanied by a conclusion 
summarizing the main results. 

2. Background 
Data stream classification, also known as incremental classification [28], emerged as a key research topic due to 
its applicability in many real-world applications [29][30].  Considering that data streams require real-time 
acquisition and online processing [31], literature states that batch (static data) classifiers are inefficient to 
accomplish the online classification task, particularly since they assume that the entire data set would be 
accessible before they initiate the model construction [32].  

Consequently, incremental (data stream) classifiers have been utilized because of their ability to 
continuously learn from each incoming stream instance. These models constantly refine the classifier accuracy 
and ensure it is trained on unseen data, as each instance is first used for testing and then training the model. In 
real-world stream classification contexts, once the online classifier is established, the latter is suggested for 
drops in prediction performance due to changes in the underlying stream distribution, namely when concept 
drift starts to occur. As outlined in the literature, this challenge arises under 04 distinct scenarios: sudden, 
gradual, recurrent, and incremental [33]. Sudden drift is a phenomenon where the data distribution changes 
suddenly from a concept C1, to a C2 concept in a short period of time. Incremental drift consists of a sequence of 
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small changes that evolve slowly over time. Gradual drift occurs when the transition from one data distribution 
to another is slow and gradual.  

During this transition, the two concepts coexist simultaneously until the new concept dominates. Recurrent 
drift occurs when an old concept that has disappeared resurfaces either regularly or randomly. Therefore, 
proactive monitoring of data stream status and classifier progressive adaptations are essential to overcome 
concept drift in its four types and prevent the model from becoming obsolete [34]. Incremental classifier 
adaptivity implements either active or passive update mechanisms. The passive approach consists of triggering 
updates when data stream instances arrive. Active updates, on the other hand, can only be triggered when 
concept drift is detected by the specific drift detection methods to provide more systematic model updates. A 
more detailed description of drift detection methods may be found in [35].  

2.1 Online Single Classifiers 
The Hoeffding Trees (HT) [12] are the pioneers among single passive stream classifiers, offering a systematic 
implementation of incremental decision trees. Literature states that HT can create a tree classifier in an online 
context that is equivalent to a tree generated under batch learning conditions [11]. The incremental growth of 
the HT tree leaves is regulated by the Hoeffding bound, guaranteeing model stability.  As referenced by authors 
in [10], this stability is characterized by the consistent selection of the optimal splitting attribute at time t, 
remaining invariant to new data instances or stream chunks arriving at subsequent times  t+k .  

Despite the HT being a fundamental approach to incremental classification, several studies [2] [36] have 
shown that the passive update mechanism inherent in its implementation leads to inefficient adaptation to 
concept drift. Consequently, the literature has been expanded by various studies targeted at ensuring systematic 
updates to the Hoeffding tree to maintain the model's performance in the presence of highly drifting stream 
instances.  

The main contributions to Hoeffding tree-based stream classifiers can be divided into two main categories: 
online ensemble classifiers and single HT models that are further broken down into two categories (passive and 
active) according to how they detect and react to concept drift. Drift detection algorithms are explicitly used to 
implement responsive model updates for single active variants, such as  Hoeffding Adaptive Trees (HAT) [37] 
and Extremely Fast Hoeffding Adaptive Trees (EFHAT) [38].  In contrast, passive single classifiers, including 
Hoeffding  Trees and Hoeffding Any Time Trees [27], implement regular model updates in order to address any 
changes in data distribution. 

 Literature emphasizes that maintaining model robustness and prediction availability are essential for 
addressing all kinds of data stream challenges. This includes high dimensionality, concept drift, and data 
velocity. According to the authors of [39], single models (passive or active) may fail to achieve the necessary 
efficiency levels or accurately capture the complexity associated with data streams on occasions when such 
flows are highly variable. Consequently, our paper focuses on improving the implementation of an online 
ensemble classifier.  

2.2 Online Ensemble Classifiers 
Online ensembles [29] employ a set of single classifiers, referred to as base learners, trained from various 
segments of a data stream to generate a collective decision [3]. In addition to drift detection approaches that are 
used in two stages: at the warning and drift levels, thus guaranteeing that base learners are trained and updated 
on the most recent data distribution [11]. These online ensemble learning algorithms have been shown to offer 
several advantages over single classifiers when dealing with data streams undergoing severe conceptual drift in 
any of its 4 scenarios [2][14]. This efficacy is attributed to their natural approach in responding to new concepts 
by creating a new base classifier, updating existing classifiers, and deleting obsolete ones [3][36].  

As such, several contributions in online ensembles were observed, implementing either online bagging or 
online boosting [13], which are incremental adaptations of the batch machine learning techniques, bagging and 
boosting [30].  

In this study, we detail two of the leading online ensembles that use online bagging [40], namely the 
Adaptive Random Forest (ARF) [9] and Streaming Random Patches (SRP) [10][11]. Online bagging was chosen 
as the basis for this study because of its superiority over online boosting in data stream mining. As stated in [40],  
incorporating online boosting lowers the model's efficacy when dealing with drifting streams. The difficulty 
stems from identifying which booster elements must be reset. This complication arises because each step of 
incremental amplification relies on previous predictions [40]. 
 

2.2.1 Adaptive Random Forests 
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When the Adaptive Random Forest (ARF) [9] classifier was launched, it consistently outperformed other single 
HT solutions for classifying evolving data streams. ARF builds the model using online bagging and several 
Hoeffding trees as base learners. Drift detection methods are used to initiate model updates.  The detection 
approaches are applied in two modes: warning and detection. They enable model upgrades and the systematic 
replacement of outdated base learners within the ARF.   

Online bagging is implemented in the ARF to introduce diversity into the model's base learners. This is 
accomplished by simulating instance replacement by having each instance allocated a weight, a procedure 
controlled by the λ parameter. Such a parameter controls how frequently an instance is shown to a base learner 
in online sampling while also assisting in denoting levels of randomness. In ARF, the λ default value is set to 6, as 
this value has been shown to increase the model's prediction accuracy. Furthermore, rather than using the 
complete feature set throughout the learning process and at each leaf level, each instance is represented by a 
randomly selected subset of features. The construction of the ARF ensemble begins with the initialization of a set 
of HT base learners. Subsequently, each base learner grows incrementally, powered by subspaces of instance 
samples that are randomly selected and repeated based on the weights established by the online bagging 
technique. Possible concept drift occurrences are continuously monitored using the warning-level drift 
detection technique. When drift alerts are received, new base learners are initiated, and these models are built 
alongside current ones. The replacement of current base learners with these new models occurs after a drift is 
confirmed by drift detection methods. This architectural approach ensures that models adapt to emerging 
concepts and recover from potential drifts. 

2.2.2 Streaming Random Patches [9] 
Authors in [10][11] illustrate that in incremental classification environments involving online sets, selecting 
feature subsets once per base learner, known as global subsampling, performs better than selecting local subsets 
for each base learner's internal nodes. The Streaming Random Patches (SRP) [10][11] suggest an enhancement 
to ARF to improve the sub-spacing mechanisms applied to stream instances. Unlike ARF, which selects feature 
subspaces separately for each leaf of the base trees and uses online bagging independently, SRP suggests 
combining global subspacing and online instance bagging simultaneously.  This integration leads to the creation 
of “random patches”, where a unique random subset of features is selected globally once before each base model 
is built. 

In addition, SRP incorporates an active drift detection strategy, addressing the challenges posed by non-
stationary data streams in which relevance can change over time. When a drift is detected, SRP regenerates new 
random subspaces for each of the background learners. SRP draws an analogy to the dropout technique in deep 
learning [11]. This technique randomly omits some neural networks to enhance accuracy. In SRP, randomly 
subsampling attributes for each base model is identical to randomly dropping attributes [11]. Meanwhile, during 
testing, all features are taken into account by the ensemble voting mechanism, in the same way that neural 
networks use all neurons after being trained with the exclusion technique [11]. These combined strategies, 
including global selection of subsets, active drift detection, and analogy with dropout, make SRP a more 
systematic incremental ensemble classifier. Consequently, this research centers on improving the SRP model, an 
advancement upon the foundational ARF implementing the global features subspacing and random patches. 

2.3 High Dimensional Data Stream Classification 
Real-world data streams, which are often characterized by high dimensionality [41], impose significant 
challenges for data analysis, decision-making processes [42] and online learning approaches.  A high-
dimensional stream instance is described by having an increasing number of features. Additionally, the dynamic 
nature of these data streams, characterized by a continuous influx of new features and a change in the perceived 
relevance of existing features due to concept drift, makes the identification of an optimal subset of features 
extremely difficult.  

This is further complicated by the presence of both relevant, and redundant features in high-dimensional 
data [43] [44]. Dimensionality reduction is the process of projecting high-dimensional data into a lower-
dimensional space, thereby reducing the number of dimensions while preserving the important information for 
the learning task [45] [46].  Usage of such techniques mitigates the complexities of real-world datasets, thereby 
improving online models' performances [6]. Consequently, this method becomes crucial for ensuring the 
scalability and real-time analysis of dynamic data streams [46]. Projecting this issue into online ensemble 
classifiers, namely ARF, the following improvements have been introduced. Starting with the Principal 
Component Analysis ARF (PCA-ARF) [47], where PCA is applied to reduce the dimensionality of the dataset, 
thereby facilitating the extraction of the most informative features. Subsequently, the Adaptive Random Forest 
algorithm is utilized to build the incremental stream classifier. The second contribution to this topic was 
denoted by Compressed Sensing Adaptive Random Forests (CS-ARF) [48]. The CS technique is implemented as 
an internal online preprocessing mechanism to transform high-dimensional data stream instances into a lower 
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feature vector, while preserving most of the original information, whereas the obtained low-dimensional 
representation of data is used to incrementally build the model.  

In researching the basis for this study, we found that CS-ARF demonstrated good levels of accuracy when 
processing concrete high-dimensional data, unlike PCA-ARF, where no empirical experiments have been 
conducted on real high-dimensional data. The advent of CS has provided a new direction for dimensionality 
reduction techniques, where it has gained importance when applied to batch data mining and processing, as 
shown by recent studies in different fields of medical imaging [49]. Accordingly, our study investigates 
combining compressed sensing (CS) with the SRP classifier.  

2.3.1 Compressed Sensing [26] 
Compressed sensing (CS) [26] is a technique that allows signals or images to be captured and efficiently 
reconstructed using fewer measurements compared to other approaches,  without losing essential information. 
Many different fields frequently use compressed sensing [50], examples of such implementations can be found at  
[51][52][53][54]. The originators of the CS technique argued as follows: Why waste so much energy collecting all 
the data when most of it will be rejected? Is there no method to directly assess the proportion that won't be 
abandoned?. Therefore, they introduced CS to propose a dimensionality reduction mechanism that would work 
as if it were possible to efficiently acquire the important information about the signals/images while ignoring 
the part of the data that would ultimately be discarded by compression. The fundamental aspect of CS is its 
ability to recover sparse or compressible signals from a smaller number of measurements than is usually 
necessary, suggesting that CS can capture the few most informative features of a signal. The mathematical 
expression of the CS process is as follows: 
 

 (1) 
 
Where  is the measurement vector,  the sensing matrix and  is the original signal.  As highlighted in equation 
(1), high-dimensional data is projected into a lower-dimensional subspace by CS using a sensing matrix. A 
mathematical operator that is used in dimensionality reduction, where the important information and features 
of the data are preserved.  Maximum coherence and the restricted isometry property (RIP) are two 
interdependent qualities that are used to choose the best CS measurement matrix.  

Authors in [26][55], emphasize that the restricted isometry property (RIP) is concurrently a necessary and 
sufficient condition for data reconstruction, with randomness playing an important role in the formation of the 
sampling matrix. RIP aims to ensure that a matrix approximates the distances between sparse signals during 
dimensionality reduction.  

Accordingly, state-of-the-art CS uses the Gaussian random matrix. The Gaussian random matrix is a well-
known class of random sampling matrices that satisfy the restricted isometry property with high probability. It 
is popular because of its simplicity, where the elements of the matrix are drawn independently from a Gaussian 
distribution. Since its emergence, the CS technique has been widely used for signals and images [26][55]. In 
addition, a successful application of this technique to the classification of online data streams has recently been 
introduced in the CS-ARF online classifier variant [48]. 

3. Motivation: Streaming Random Patches when Processing High-Dimensional Data 
Streams 

Real-world data streams, with their unique properties compared to static data, frequently present unpredictable 
behaviors and challenges, among which high dimensionality becomes an unavoidable constraint. Conveniently, 
the online learning approach must demonstrate robust performance. As mentioned in previous sections, the SRP 
patches result from the application of online bagging using the weight (w) assigned to the stream instance.  
Together with the global feature subspacing, that initiates the base learners with the subspaces of the features 
(chosen randomly). Consequently, upon arrival at the SRP, each instance is fully transmitted to every base 
learner. Each base classifier then utilizes its designated subspace and the corresponding instance weights to 
generate patches. These generated patches are subsequently employed to train the HT model associated with 
that base classifier.  

However, when SRP processes and learns from instances of medium- to high-dimensional streams, 
inevitably, some of these base learners become ineffective. This is because the subspaces used for patch 
selection are selected one time only, which may imply that the base learners are blocked by irrelevant features, a 
situation that may be made inevitable by the fact that the subspaces are randomly selected without any basis as 
to their importance to the flows, resulting in unnecessary consumption of resources of the irrelevant base 
learner.  Additionally, in the prediction process, the SRP implementation suggests the use of the full instance to 
make a prediction via a voting mechanism, whereas base learners implementing irrelevant noisy features could 
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easily lower the overall accuracy of the model. The observed characteristics of the SRP model in handling high-
dimensional data streams constituted the principal motivation for this study. 

4. Methodology 
Current applications of compressed sensing require that input data exhibit the sparsity property. Considering 
that such criteria are exhibited in high-dimensional streams, as indicated in [56], where the authors state that 
the curse of dimensionality causes high-dimensional spaces to be sparse. The present study addresses the SRP 
high-dimensional stream classification challenges. We suggest implementing CS, as an additional layer prior to 
random patches that feature selection and tree growth in the ensemble base classifiers (see Figure 1).  
 

Fig. 1 Description of the suggested compressed sensing SRP (CS-SRP) architecture 

The CS will project each -sized stream instance into an -dimensional feature space (with ). The 
SRP ensemble then assigns a random -dimensional subspace (with ) for each of its base classifiers. 
Accordingly, each classifier combines the assigned subspaces and instance weights (W) to construct the random 
patches required to grow and update the incremental tree.  

This layer (denoted as CS in Figure 1) aims to ensure that the model grows utilizing only a relevant 
representation of the high-dimensional feature space, preventing resource waste on irrelevant ones.  On that 
account, we intend to proceed with a two-stage approach: Firstly, we investigate the existence of an improved 
measurement matrix for use in the compressed sensing layer, as the optimal choice of measurement matrix has 
always been a problem in compressed sensing itself, as denoted by authors in [26] [55]. Next, to find a model 
that outperforms the existing HT base learner, we examine the behavior of the CS-SRP obtained in conjunction 
with a recent implementation of the HT, namely the Extremely Fast Decision Tree (EFDT) [27].  Regarding drift 
detection, the proposed CS-SRP framework retains the core SRP drift handling mechanism utilizing the ADWIN 
(Adaptive Windowing) detection method. This involves ADWIN continuous monitoring of individual CS-SRP 
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base classifiers’ performance.  Whereas if the active tree performance deterioration triggers the warning 
threshold, CS-SRP initiates a new base learner with a unique feature subset for constructing its incremental tree.  

This newly initiated model undergoes training in parallel with the existing classifier. Once concept drift is 
confirmed, this model replaces the outdated active classifier, thereby maintaining ensemble effectiveness in 
evolving data environments. Figure 1 highlights the final state of our contribution, called CS-SRP, which, in 
summary, will result from the above improvements, to be carried out in two phases:  

1. Investigating an improved implementation of compressed sensing addressing online learning. 
2. Investigating a variant for the SRP base learner, denoted as incremental tree (IT) in Figure 1, to refer to 

both the default HT and investigated EFDT in the suggested CS-SRP model. 

4.1 Improving the Compressed Sensing: Changing the Gaussian Random Matrix 
Accurate reconstruction of the original signal is achievable through the compressed sensing mechanism. This 
capability persists despite noise or incomplete sampling during acquisition. However, the authors indicate a 
recurring problem. Determining a stable measurement matrix remains an issue. Such a matrix is necessary to 
protect the compressed signal from damage during dimensionality reduction (compression phase) [26] [55].  

Accordingly, the appropriate requirement for a measurement matrix is that it preserves the length of the 
sparse dimensions [55]. The restricted isometry property (RIP) is a fundamental matrix characteristic. It allows 
for the recovery of a sparse high-dimensional signal from its compressed measurement. Matrices satisfying the 
RIP are crucial in compressed sensing [57]. Using random designs for these matrices is the simplest method to 
meet such criteria [26] [55] [57]. Therefore, the random Gaussian matrix is used in the default CS 
implementation to suit this demand. However, while searching for other matrices meeting the RIP characteristic, 
non-random matrices were investigated. The authors of [50] state that the deterministic matrices were found 
not to meet the RIP characteristic, making them unsuitable for use in the CS method. Consequently, the authors 
of [58] suggested as a contribution to design a sensing matrix using a chaotic sequence, and exploit its usage 
within a semi-deterministic matrix called the Toeplitz matrix. Resulting in a Toeplitz-structured Chaotic Sensing 
Matrix (TsCSM).  Their study was motivated by the fact that the chaotic sequence itself succeeds in conforming 
to the RIP characteristic. The authors utilized a widely recognized discrete chaotic system, the logistic map, 
whose difference equation is presented below.  
 

= r z (1 - z) (2) 
 
With  and  representing the discrete state. They defined  as the output sequence 
produced by the logistic map (equation 2) with an initial condition of . Subsequently,  denotes the 
regularization of , expressed as: 
 

 (3) 
 

To construct the TsCSM matrix, authors in [50] highlight that an initial condition  is first set for the 
chaotic system (see equation 2). From this, a sequence   is generated according to equation 3. These 
steps enable the construction of a Toeplitz-structured matrix , which appears in the following 

configuration, with serving as a normalization factor [50].  

 

   

(4) 

 

Our study examines the application of the TsCSM matrix within compressed sensing to reduce the 
dimensionality of high-dimensional data streams. This reduction aims to ensure that SRP utilizes only pertinent 
features when generating training patches for its base learners.  

4.2  Investigating the Usage of the EFDT as an SRP Base Learner 
Upon setting the CS layer, in the second phase of our contribution, we sought to use the Extremely Fast Decision 
Tree (EFDT) presented in [27] as a base learner in the CS-SRP classifier. Our choice is motivated by the fact that 
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the EFDT proved to be statistically more efficient and more tolerant to concept drift than the HT used in the 
default SRP implementation.  While Hoeffding trees (HT) build a tree by delaying the selection of a split until an 
attribute suggesting high confidence is found (this confidence is controlled using the Hoeffding bound), and do 
not revisit this attribute choice. The EFDT, in contrast, selects an attribute and implements a split as soon as it 
seems beneficial, offering a non-negligible information gain with sufficient certainty, leading to faster learning. 
Then it modifies the split if a better one emerges later in the construction process, a process also known as 
revising the tree's sub-branches.   

Conveniently, the EFDT uses the Hoeffding bound to assess if the potential benefit of splitting on the best 
attribute outweighs the benefit of not splitting, or of splitting on the attribute currently in use.  resulting in the 
EFDT choosing an attribute to begin with and switching when necessary. Given the statistical superiority of 
EFDT over the HT implementation, as demonstrated in prior research by [27], this study seeks to explore EFDT's 
potential advantages on high-dimensional data streams by using it as a base learner within the suggested CS-
SRP, implementing the refined version of compressed sensing.  Table 1 outlines our novel contributions, which 
will be experimentally evaluated with respect to the baseline Streaming Random Patches. In addition, while the 
authors of [48] introduced the CS-ARF method, their work did not include a comparative assessment between 
the full-feature ARF and the proposed CS-ARF variant. Addressing this gap, and to validate the established 
superiority of SRP over ARF as documented in the literature, the state-of-the-art SRP and our suggested variants' 
performances will be compared to the ARF predictive accuracy levels. 

Table 1 Description of online ensemble classifiers employed for evaluating predictive performances 
Approach  Description 
ARF 
SRP 

Default Adaptive Random Forests 
Default Streaming Random Patches (with HT as base learners) 

CSGaussSRPHT SRP (with HT trees as base learners), combined with default 
compressed sensing, implementing the Gaussian random matrix 

CSTsCSMSRPHT SRP (with HT trees as base learners), combined with compressed 
sensing, implementing the TsCSM matrix 

CSTsCSMSRPEFDT SRP (with EFDT trees as base learners), combined with 
compressed sensing, implementing the TsCSM matrix 

5. Experiments and Results 
As part of our study, a suitable online learning environment is needed to run comparative experiments on the 
ARF, the existing SRP and the SRP combined with both CS (using both Gaussian and TSCSM matrices) and the 
EFDT. This setup should enable model implementation, testing, and analysis in an online learning context. 
Therefore, we utilized the River Python library. It is an online learning platform introduced in [59], that 
implements a test-then-train learning paradigm to construct their models, where  stream instances are first used 
for testing and subsequently for incrementally training the model, as opposed to establishing distinct training 
and testing sets.   

The open-source River package provides multiple state-of-the-art learning methods, among which the ARF, 
SRP, HT, and EFDT classifiers were found. The ARF and SRP online ensembles were launched using their default 
implementations and configurations introduced in River. To guarantee a fair comparison, both benchmark 
models were configured with the same base learner hyperparameters.  This configuration, inherited from the 
ARF implementation, included a tie threshold of 0.05, a split decision error tolerance (delta) parameter of 0.01, 
and an information gain split criterion.  The extensible nature of the River platform facilitated the sequential 
integration of our proposed approaches, implementing the same previously detailed base learner’s 
configuration. The hyperparameters for the 5 ensemble components were held constant: the online bagging 
lambda parameter was set to 6, and the sub-spacing size was defined as 60% of the original feature 
dimensionality. Furthermore, while the standard ARF and SRP implementation employs an ensemble of 100 
base learners, this research adapts the ensemble to a condensed configuration of 10 base classifiers, constrained 
by computational resource limitations.  

The sensing matrices size will be , with m set to 50; the standard deviation is minimal for this value, as 
emphasized in [48], and n denotes the initial stream instance size. Each base learner will be given a grace period 
value of 50 (g=50) denoting when the latter starts learning. While the EFDT tree's split reevaluation period was 
configured based on the processed dataset size: 2000 for large datasets, 300 for medium, and 100 for small. We 
suggest that in a deployment environment with infinite data streams, the default value of 2000 provides a stable 
and effective configuration.  The chaotic sequence parameter, r, was set to 4, as this value sits at the upper bound 
of its theoretically valid interval, r ∈ ]0,4].  Considering the stochastic initialization of the z parameter and to 
ensure methodological consistency, each experiment was repeated 3 times. Reported results reflect the average 
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(avg) and standard deviation (std) of performance metrics across conducted runs.  Although the river package 
provides so-called stream generators. The present study will use real-world high-dimensional data sets. These 
data sets simulating both binary and multiclass online classification scenarios (see Table 2) were obtained from 
the UCI repository [60]. According to the authors of [61], when assessing the performance of online stream 
classifiers, the most crucial factor is their accuracy, which they consider to be a sufficient evaluation measure.   
For the purpose of evaluating the methods proposed in this study, two parameters will be examined: CPU time 
(measured in seconds) and the accuracy that quantifies the rate of correctly classified stream instances.  
Powered by an 11th Generation Intel® Core™ i5-1145G7 processor, our local system was used for conducting 
our research experiments. The latter is equipped with 4 physical cores and 8 logical processors, operating at a 
base frequency of 2.60 GHz, and supported by 16 GB of physical memory (RAM). 

Table 2 Description of used data streams 
Datasets Features Instances Classes 

Toxicity 1203 171 2 
Enron 1000 1702 2 
Ads 
Parkinson 
Cnae 
Gas Sensor 
Har 
Nomao 

1558 
754 
856 
128 
561 
118 

3279 
756 

1080 
13910 
10299 
34465 

2 
2 
2 
6 
6 
2 

5.1 Results 
The empirical results presented in Table 3 validate the established superiority of SRP over ARF in terms of 
predictive performance, as posited by [10] [11].  Nevertheless, the obtained accuracy gains come at a substantial 
computational expense, which aligns with conclusions made by the authors of [24][62] , and  more importantly, 
lends strong support to our hypothesis that SRP is a non-optimal learner for high-dimensional data streams. 
Accordingly, we now shift our focus to use the obtained  results when comparing the performances of the 
proposed CS-SRP variants against the default SRP. Starting with a simple comparative analysis targeting model 
runtime, the empirical results highlight that by using compressed sensing, the runtime of any of the CS-SRP 
variants (implementing either HT or EFDT as base learners or using the default Gaussian random detection or 
TsCSM matrices) is significantly optimized. Optimizations ranged from 27% to 95.69% of the initial runtime.  

Across all three CS-SRP variants, this runtime efficiency results from utilizing CS as internal preprocessing. 
The latter ensured that the subspaces for each base learner are selected from a smaller, relevant representation 
containing the same information as the original. Although theoretically the usage of EFDT involves several split 
revisions, when used with CS-SRP, CS reduced the need for reevaluating splits, as the likelihood of initiating 
node splits with irrelevant or noisy features is decreased.  Similarly, the results underline that the EFDT model, 
when used as a CS-SRP base learner, causes the classifier to perform in a more optimal, energy-efficient mode, 
having an execution time always bounded by that of the default SRP, affirming the EFDT-suggested fast splits 
mechanism.  Furthermore, while the HT base learner does not revise splits, using it in the default SRP yields high 
execution time [24] [62]. The root cause is that the HT base learner would wait until it finds a feature that 
ensures high confidence before splitting, which leads to iterative splitting attempts and causes model growth 
delays. Consequently, our findings validate the proposed hypotheses concerning execution time and inadvertent 
resource consumption caused by high-dimensional stream classifications.  
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 Table 3 Online classification performances of the SRP and CS-SRP variants on high-dimensional streams 
Datasets Algorithm Mean Acc. (%) Std Acc. (%) Mean Time(s) Std Time(s) 
Gas Sensor ARF 

SRP 
CSGAUSSSRPHT 
CSTsCSMSRPHT 
CSTsCSMSRPEFDT  

92.27 
92.87 
96.33 
95.81 
97.56 

±0.11 
±0.1 

±0.22 
±0.38 
±0.15 

355 
1013 
585 
483 
697 

±106 
±289 
±184 
±147 
±111 

Har ARF 
SRP 
CSGAUSSSRPHT 
CSTsCSMSRPHT 
CSTsCSMSRPEFDT 

87.46 
88.41 
87.06 
86.06 
82.03 

±0.07 
±0.46 
±1.06 
±0.84 
±0.03 

1587 
3755 
473 
476 
821 

±223 
±572 
±24 
±55 
±68 

Toxicity ARF 
SRP 
CSGAUSSSRPHT 
CSTsCSMSRPHT 
CSTsCSMSRPEFDT 

72.35 
71.96 
80.39 
79.61 
83.92 

±0.48 
±0.73 
±1.54 
±1.69 
±0.55 

10 
30 
2 
2 
2 

±1 
±2 
±0 
±0 
±0 

Enron ARF 
SRP 
CSGAUSSSRPHT 
CSTsCSMSRPHT 
CSTsCSMSRPEFDT 

95.85 
95.75 
95.83 
95.67 
93.83 

±0.35 
±0.14 
±0.13 
±0.15 
±1.45 

97 
266 
22 
24 
25 

±7 
±26 
±1 
±1 
±3 

Ads ARF 
SRP 
CSGAUSSSRPHT 
CSTsCSMSRPHT 
CSTsCSMSRPEFDT 

99.58 
99.61 
99.61 
99.61 
99.35 

±0.01 
±0.03 
±0.14 
±0.14 
±0.01 

103 
598 
41 
49 
56 

±19 
±13 
±5 
±2 
±8 

Parkinson ARF 
SRP 
CSGAUSSSRPHT 
CSTsCSMSRPHT 
CSTsCSMSRPEFDT 

81.98 
82.82 
75.43 
75.63 
81.59 

±1.15 
±0.72 
±0.45 
±0.96 
±0.71 

48 
115 
13 
11 
24 

±1 
±3 
±2 
±1 
±1 

Cnae ARF 
SRP 
CSGAUSSSRPHT 
CSTsCSMSRPHT 
CSTsCSMSRPEFDT 

99.72 
99.72 
99.72 
99.72 
99.72 

±0 
±0 
±0 
±0 
±0 

34 
93 
12 
13 
4 

±2 
±7 
±1 
±1 
±0 

Nomao ARF 
SRP 
CSGAUSSSRPHT 
CSTsCSMSRPHT 
CSTsCSMSRPEFDT 

97.15 
97.27 
96.72 
96.42 
96.20 

±0.06 
±0.04 
±0.07 
±0.1 
±0.1 

506 
1559 
1171 
515 
539 

±78 
±293 
±78 
±50 
±46 

 
The second stage of this discussion addresses the models performances on high-dimensional data stream 

classification. The approaches CSGAUSSSRPHT, CSTsCSMSRPHT and CSTsCSMSRPEFDT exhibited competitive accuracy gains 
compared to the basic SRP. Their average accuracy gains over the default SRP performance were +2.78%, 
+0.15%, and +5.43%, respectively.  This can be attributed to Gaussian random and TsCSM matrices preserving 
the RIP property. The RIP property emphasizes maintaining signal distance approximations during 
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dimensionality reduction. Incorporating these methods into the CS-SRP variants ensures the preservation of 
concepts outlined by stream instances in high-dimensional spaces. 

 The semi-deterministic nature of TsCSM makes it a preferable choice for severe high-dimensional binary 
classification tasks. This is demonstrated by CSTsCSMSRPEFDT performance on the Toxicity dataset as features 
dimensionality surpasses stream length indicating improvements of +11.96% over SRP, with a standard 
deviation highlighting stability compared to the bases SRP.  This is further supported by TsCSM performances on 
Ads (1558 features) binary stream sets where models show both stability and predictive efficiency without 
additional computational runtime as seen in SRP.  

The slight randomness implemented in the chaotic sequence of the TsCSM further suggests a better 
performance rate for multiclass streams of non-severe dimensionality, as highlighted in the GasSensor dataset 
with an accuracy gain estimated at +3.46% , +2.94% and +14.69% by theCSGAUSSSRPHT , CSTsCSMSRPHT and 
CSTsCSMSRPEFDT, respectively. Among the 3 variants, the CS-SRP implementing the Gaussian random matrix was a 
better proposition for multiclass classification. CSGauss offered excellent performance for the severely high-
dimensional multiclass HAR dataset, reaching an accuracy level of 87.06%.  

Further comparisons with default SRP performance on the same multi-class HAR dataset (500 feature), 
revealed that the SRP achieves an accuracy level of 88.41%, but at the cost of an exponential rise in execution 
time (9 times slower than the CSGAUSSSRPHT ). This inefficiency is caused by base learners struggling with 
irrelevant features, triggering a corrective, yet computationally expensive, retraining process. At severe high-
dimensionality, this leads to a decline in the overall performance of SRP, as observed in the GasSensor and 
Toxicity datasets. 

6. Conclusion 
In today's world, many applications generate unlimited amounts of dynamic data in real time, known as data 
streams. Online learning approaches can learn progressively and efficiently from these data streams. This study 
aimed at improving the performance of an online ensemble classifier, namely Streaming Random Patches (SRP), 
when processing high-dimensional streams. We suggested incorporating a dimensionality reduction mechanism, 
namely compressed sensing (CS), as a preprocessing layer to overcome the curse of data streams' high 
dimensionality. Furthermore, instead of using only the default CS implementation, the current study examined 
the behavior of the CS towards another sensing matrix, namely the Toeplitz-structured Chaotic Sensing Matrix 
(TsCSM), to maintain the consistency of compressed data in an online learning stream classifier. Additionally, we 
investigated combining the resulting CS-SRP with a statistically more optimal base learner, known as Extremely 
Fast Decision Tree (EFDT). The CS-SRP variants introduced in this study outperformed SRP, suggesting robust 
stream classification performances. They mitigated accuracy degradation caused by high-dimensional streams 
in binary and multiclass scenarios. The average accuracy gains were +2.78%, +0.15%, and +5.43% for the 
respective CS-SRP variants, namely the CSGAUSSSRPHT, CSTsCSMSRPHT and CSTsCSMSRPEFDT. Moreover, they achieved 
better execution times, with improvements attaining 95.69%.  As the current experiments were necessarily 
limited to 10 base learners due to resource constraints, future efforts will examine the model’s performance and 
any exposure to overfitting with a larger ensemble size. To mitigate any potential information loss,  the 
reliability of the sensing matrices will be tested against more complex concepts in high-dimensional data 
streams.   Furthermore, acknowledging that concept drift remains a significant challenge for online learning 
algorithms, a promising work venue lies in refining the CS-SRP base learners' drift detection and adaptation 
sensitivity by exploring recent literature [38] [63] [64]. 
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