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AFGBStream: Adaptive Fuzzy Granular-Ball
Framework for Stream Clustering With
Sliding Windows

Qijia Wang ¥, Mingjing Du

Abstract—Existing sliding window-based data stream clustering
methods often struggle with fixed-granularity representations and
delayed responses to abrupt pattern changes, leading to reduced
adaptability and clustering accuracy. To address these limita-
tions, we propose an Adaptive Fuzzy Granular-Ball framework for
Stream clustering with sliding windows (AFGBStream), a novel
sliding window-based data stream clustering framework that in-
tegrates fuzzy set theory with granular-ball computing to support
adaptive and incremental updates. Specifically, a window-guided
data granulation strategy is developed using a fuzzy C-means
(FCM)-based granular-ball generation approach, which enhances
representation robustness and reduces sensitivity to microcluster
parameters. In addition, a window-aware temporal decay mecha-
nism is employed to improve the model’s responsiveness to evolving
data by dynamically filtering outdated information. Our compre-
hensive experimental evaluation on 17 benchmark datasets demon-
strates that AFGBStream achieves superior performance over five
competing methods.

Index Terms—Clustering, data stream, granular ball (GB),
granular computing, sliding window.

1. INTRODUCTION

ATA streams have emerged as a dominant data format
D across multiple domains, including finance, industrial IoT,
and social media. Unlike static datasets, which remain rela-
tively constant after collection, data streams are characterized

Received 15 April 2026; accepted 17 May 2026. Date of publication 21
May 2026; date of current version 6 August 2026. This work was supported in
part by the Qinglan Project of Jiangsu Province of China, the National Natural
Science Foundation of China under Grant 62006104, Grant 62576178, and Grant
U2433216, in part by the National Key Research and Development Program
of China under Grant 2024YFE0202700, in part by the Modern Agricultural
Machinery Equipment and Technology Extension Project of Jiangsu Province
under Grant NJ2024-06, and in part by the Jiangsu Normal University Faculty
Research Excellence Development Program under Grant JSNUGZL2026032.
Recommended by Associate Editor S. Auephanwiriyakul. (Corresponding au-
thor: Mingjing Du.)

Qijia Wang and Mingjing Du are with the Jiangsu Key Laboratory of Ed-
ucational Intelligent Technology, School of Artificial Intelligence and Com-
puter Science, Jiangsu Normal University, Xuzhou 221116, China (e-mail:
ww(qqjj98 @163.com; dumj@jsnu.edu.cn).

Weiping Ding is with the School of Artificial Intelligence and Com-
puter Science, Nantong University, Nantong 226019, China (e-mail:
dwp9988@163.com).

Data is available
AFGBStream.

This article has supplementary downloadable material available at
https://doi.org/10.1109/TFUZZ.2026.3695688, provided by the authors.

Digital Object Identifier 10.1109/TFUZZ.2026.3695688

on-line at  https://github.com/Du-Team/M3W/

, Member;, IEEE, and Weiping Ding

, Senior Member, IEEE

by high-frequency continuous generation and dynamic evolu-
tion [1], posing significant challenges for conventional analysis
techniques [2].

The challenges of analyzing dynamic data streams have led
to significant research into data stream clustering [3], a key
technique for discovering inherent structures and patterns within
data. Clustering enables the identification of groups of similar
data points, offering insights into trends, relationships, and
anomalies [4]. Nevertheless, most conventional clustering mod-
els rely on the assumption of static data distributions, making
them ineffective in handling the evolving and dynamic nature of
data streams [5].

In this context, window models have emerged as a common
strategy for enabling clustering models to operate effectively
in streaming scenarios. Window models typically employ three
fundamental paradigms: sliding window, landmark window, and
damped window methods [6]. Among them, the sliding window
model has gained particular prominence due to its flexibility and
simplicity [7]. Its ability to maintain a fixed-sized, continuously
updated view of the stream makes it especially suitable for
applications where recent data are most indicative of the current
state.

This sliding window mechanism employs a dynamic main-
tenance strategy that continuously integrates new observations
while expiring outdated data, ensuring the clustering model
adapts to evolving data stream characteristics [8], [9]. Cur-
rent sliding window-based data stream clustering methods still
face several challenges. On one hand, many of these methods
use single-granularity processing mechanisms (e.g., microclus-
ter models using fixed-radius thresholds), which cannot ade-
quately capture the multiple density structures inherent in data
streams [10], [11]. On the other hand, sliding window models
typically update the data window at a fixed rate, resulting in de-
layed responses to sudden pattern changes, which can negatively
impact the timeliness and stability of clustering outcomes [12].

To address the aforementioned issues, this article proposes an
Adaptive Fuzzy Granular-Ball framework for Stream clustering
with sliding windows (AFGBStream) method. The proposed
method leverages fuzzy set theory and granular-ball (GB) com-
puting within a three-stage processing framework to achieve
dynamic optimization for data stream clustering. First, during
the data ingestion phase, AFGBStream employs a window-
guided data granulation strategy, which uses a fuzzy partitioning
mechanism to convert incoming data streams into adaptive GB
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online. Next, in the model update phase, the microball (MB)
evolution mechanism dynamically maintains the basic clus-
tering units through generation, expansion, splitting, removal,
shrinkage, and elimination operations. Finally, in the cluster
formation phase, clustering operations are performed on the
active MBs in the current window to achieve dynamic grouping
of the data stream. The main contributions of the algorithm
include the following.

1) We propose a novel sliding window-based data stream
clustering (named AFGBStream), which introduces fuzzy
set theory and GB computing into the sliding window-
based framework, ensuring the model’s adaptability while
reducing its sensitivity to parameters.

2) We develop the window-guided data granulation strategy,
which employs a fuzzy C-means (FCM)-based GB gen-
eration algorithm to granulate newly arrived data within
each window, improving complex pattern recognition.

3) We propose a window-aware temporal decay mechanism,
designed for MBs, that applies exponential decay to out-
dated data, preventing interference from obsolete infor-
mation in the current model, thereby enhancing its ability
to capture sudden changes in patterns.

The rest of this article is organized as follows. Section II
provides a review of related research in the field; Section III
presents the proposed AFGBStream framework; Section IV
evaluates the method using benchmark datasets, comparing it
against key baseline approaches. Finally, Section V concludes
this article and outlines potential directions for future research.

II. RELATED WORK

This section reviews two research areas that are closely related
to our study: data stream clustering and GB clustering.

A. Data Stream Clustering

In data stream clustering, window models are commonly
employed to handle dynamically arriving data and manage ob-
solete information through incremental updates. DenStream [6]
employs a damped window model to dynamically maintain the
microcluster density, and incorporates the concept of density
connectivity from DBSCAN to guide cluster structure updates.
However, the use of a fixed microcluster radius limits the
model’s ability to adapt to changes in data distribution. Unlike
microcluster-based approaches, D-Stream [13], [14] employs a
grid-based partitioning strategy that determines cluster patterns
by density estimation within grid cells, thereby improving ef-
ficiency, especially in high-density regions. However, its fixed
partitioning is sensitive to data scale and encounters the curse of
dimensionality in high-dimensional spaces [15]. To tackle the
challenges of high-dimensional data streams, EmCStream [16]
integrates UM AP-based streaming dimensionality reduction and
k-means clustering, projecting data into a 2-D latent space before
clustering. Unlike the damped window model, B. Kim et al.[12]
introduced an incremental density-based clustering algorithm
for streaming data under the sliding window framework. It
represents clusters through the DenTree structure (a specialized
spanning tree representation) that reduces computational com-
plexity for dynamic updates.
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Beyond density and grid-based models, fuzzy clustering has
evolved to handle complex uncertainties. For static data, AGK-
FCM [17] improves robustness against high-dimensional noise
by employing adaptive sample weighting. To extend fuzzy the-
ory to data streams, AFSDP [3] proposes a diffusion-enhanced
contextual affinity method that utilizes axiomatic fuzzy sets and
spectral clustering to capture evolving patterns. However, rely-
ing on spectral clustering and complex affinity matrix updates
can be computationally intensive, highlighting the need for more
efficient granular frameworks in high-speed stream processing.

B. GB Clustering

To facilitate efficient and robust data representation, the
GBKNN algorithm [18] introduces a GB coverage model for the
sample space, significantly enhancing efficiency, robustness, and
interpretability in data processing. Building on this representa-
tion framework, a variety of GB clustering methods have been
subsequently proposed. For instance, Ball k-means [19] accel-
erates the clustering process by leveraging distances between
data points and GB centers. It represents each cluster using
GB, whose precise geometric structures and coarse-grained
characterizations help identify coarse-grained neighboring rela-
tionships among clusters, thereby reducing unnecessary distance
calculations and enhancing the efficiency of traditional k-means.

To effectively handle complex, nonspherical data, GBC [20]
designs an adaptive GB generation mechanism, which dynam-
ically adjusts the shape and size of each ball through heuristic
quality evaluation and splitting strategies. Based on the con-
structed GB, it further employs a hierarchical clustering frame-
work to efficiently group data with a complex distribution. To
rigorously handle the uncertainty in boundary regions, recent
research has integrated the three-way decision (3WD) theory
into GB computing. Initially, the 3WD-FGBRS model [21] is
constructed based on uncertainty invariance to avoid subjective
parameter definitions. Building on this, the 3WC-GBNRS++
classifier [22] combines GBs with neighborhood rough sets,
utilizing minimum fuzziness loss to objectively determine op-
timal thresholds. More recently, the CS3W-GBG method [23]
introduces a cost-sensitive GB generation approach that incor-
porates sequential decisions to dynamically optimize granularity
structure under uncertain conditions.

Similarly, Cheng et al. [24] proposed a GB-based density
peak clustering algorithm, which computes densities at the GB
level rather than for individual points and performs clustering
using distances between ball centers. To address the high com-
putational cost of spectral clustering, Xie et al. [25] developed
a novel GB-based approach. By modeling data as GBs and
deriving an adjacency matrix from their relationships, the algo-
rithm achieves efficient spectral clustering without the need for
expensive pairwise distance calculations. To improve clustering
performance, GBCT [26] introduces an efficient and flexible
approach for representing and covering the sample space by de-
veloping a center consistency measure based on GBs. Requiring
only the cluster number K as input, it adapts to various complex
datasets, demonstrating notable flexibility. Some work integrates
GB computing into data stream clustering frameworks, such as
GB-FuzzyStream [27].
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Fig. 1. Overall structure of AFGBStream framework.

As discussed, although much effort has been dedicated for
data stream and GB clustering algorithms [28], the noted algo-
rithms suffer from the following limitations and challenges.

1) Most existing data stream clustering methods rely on
fixed-granularity representations, such as constant micro-
cluster radii or rigid grid partitions, which lack the flexi-
bility to adapt to evolving data distributions with multiple
density structures.

While GB computing provides a flexible granularity rep-
resentation, its direct application to streaming scenarios
often results in excessive data accumulation within indi-
vidual balls, necessitating frequent splitting and merging
operations that increase computational overhead.
Conventional sliding window models typically employ
uniform update rates that cannot promptly respond to
sudden pattern changes, leading to delayed adaptation and
unstable clustering performance.

In contrast, our method adopts a sliding window model,
effectively mitigating the issue of data accumulation within GB.

2

3)

III. PROPOSED METHOD

The framework of AFGBStream is illustrated in Fig. 1.
AFGBStream comprises three main stages: data granularity,
MB evolution, and clustering. Specifically, as new data points
arrive within the window, they are processed in batches using

a window-guided data granulation strategy. Each MB, serving
as the basic clustering unit, is constructed with a MB feature
vector and dynamically maintained through a weighted decay
mechanism. Finally, the density peaks clustering (DPC) algo-
rithm is applied to the set of MB within the window to uncover
the underlying cluster structure.

A. Data Preprocessing

In data stream processing, the complete storage and analysis
of data streams are inherently impossible, as they are unbounded
and grow continuously, while processing systems are fundamen-
tally limited by finite memory. Therefore, we adopt the sliding
window model, which is widely used to capture the recent state
of data streams. This model operates by maintaining a fixed-size
window over the stream to incorporate new data and discard
obsolete observations. Based on this, we provide the relevant
definitions of the sliding window.

Definition 1 (Window and slide): Let the data streambe X =
{x1, @2, ...}. Given a sliding window of size W (the number
of data points analyzed per window) and stride length S (the
interval between consecutive window updates), the subset of
data in the wth window, denoted as X (“’), is defined as

X = {® (0 1)511 T(w-1)842s - B-nys1w - (1)
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The set of new data points that enter the wth window, denoted

o (@)

as X 7, is defined as

o (w)

X = {T (1) S4W=5+1>- - s B(w—1)S+W }- (@)

The S data points removed in the wth window are

X = {2541, T(-2)542: - B(w-2)545} - (3)
Itis worth noting that all data points in the set X ) are assigned
a unified timestamp ¢(“), corresponding to the starting time of
the wth window.

To manage dynamic data streams efficiently, we design a
sliding window management module based on the above def-
initions. This module is responsible for window initialization
and ongoing updates. Specifically, a buffer is initialized with
a predefined window size W, and the initial timestamp ¢(!) is
recorded. The first window is formed once the buffer is saturated.
In each subsequent update, the sliding window advances by a
step size of .S, where the newest S data points are incorporated,
and the oldest S data points are removed, resulting in the
formation of an updated window. The timestamps of all new
data points in the updated window are aligned to the window’s
sliding timestamp ¢(“).

B. Data Granulation

1) GB Feature Vector: To efficiently store and summarize
information in continuous data streams, microclusters are com-
monly employed to provide compact representations of local
data distributions. However, traditional microcluster approaches
based on a fixed radius struggle to adapt to the evolving density
and shape of data distributions in streaming environments. To
address these challenges, we design a granularization strategy
(i.e., window-guided data granulation strategy) under the sliding
window model by introducing the concept of the GB. During
each window update, the window-guided data granulation strat-
egy partitions the newly arrived data points into GB. In other
words, these GB serve as temporary structures for maintaining
new data points entering each window. To facilitate the introduc-
tion of these concepts, we first provide the relevant notations and
definitions.

To record essential information of each GB, we define the
concept of the GB feature vector.

Definition 2 (GB feature vector): For each granular ball g;,,
the corresponding GB feature vector is defined as a tuple

GBFQk = (@k’0k7r9k’Cgk759k’,ygk) (4)

where @y, denotes the set of data points within the GB g,,, 0}, is
the center of the granular ball (see Definition 3), g, is its radius
(see Definition 4), (4, quantifies the distribution measure of the
GB (see Definition 5), g4, is the GB splitting threshold [see (8)]
and g4, denotes its influence radius (see Definition 6).

Definition 3 (Center of GB): For a single GB g,,, its center
is determined by the mean of the data points within the GB

> a ()

k ;€0

1
0 =
k No
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and /varTheta;, denotes the set of data points within the GB.

Definition 4 (Radius of GB): For asingle GB g, its radius is
defined as the maximum Euclidean distance from the data points
within the GB to its center

rg, = :crinezg(]c |0k — xi|2- (6)

To evaluate the stability of a GB (i.e., whether it needs further
partitioning), the distribution measure can be employed as an
indicator of internal compactness [27].

Definition 5 (Distribution measure of GB): For a GB g,
which has center 8}, and data point set @, containing Ng, data
points, its distribution measure is defined as the reciprocal of
the average proximity between all data points in the GB and its
center

Ne,
.
Yzico, 10k — il

Notably, an increase in the GB distribution measure corre-
sponds to greater compactness and higher stability of the GB,
and conversely.

Based on the concept of the distribution measure, the splitting
threshold is defined as the weighted sum of the distribution
measures of the two sub-GB, as follows:

Neo, Neo
Egk = N@ Cga + ]\]@ﬁ Cgﬂ (8)
k

k

g = @)

where Ng, denotes the number of data points contained in the
parent GB, while Ng_ and Ng, represent the number of data
points in the two resulting sub-GB, respectively. The terms (g
and (g, denote the distribution measures of the corresponding
sub-GB.

After GB partitioning (see Algorithm 1) is completed, it is
necessary to determine whether these new GB can be merged
with existing MBs (see Definition 7). The merge criterion relies
on the influence radii of both MBs and GB. The definition of the
influence radius, in particular for GB, is provided below.

Definition 6 (Influence radius of the GB): For a given GB g,
its influence radius is defined as the Euclidean distance from its
center to the center of the nearest neighboring MB

Y0, = i 105 — il ©

where 0, denotes the center of a GB, B = {by,bs,...,b}is
the set of all MBs, and ¢, denotes the center of MB b; € B (see
Definition 7).

2) Window-Guided Data Granulation Strategy: Inspired
by [25] and [27], we incorporate the GB generation mechanism
into a sliding window model and propose a window-guided data
granulation strategy that transforms newly arriving data points
within the window into adaptive GB. The window-guided data
granulation strategy is detailed in Algorithm 1.

First, the newly arriving data points within the window are
treated as a candidate set for processing. This set is then granu-
lated into a single GB (see Lines 1 and 2). Next, the distribution
measure of the GB is computed according to Definition 5 to
assess its compactness and stability (Line 3).
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Algorithm 1: Window-Guided Data Granulation Strategy.

Input: new data points in w-th window X

Output: granular balls in w-th window GW)

Initialize: queue Q < 0; granular-ball set G(*) « 0 index k < 1;

Construct root granular ball gg covering X W),

Compute the distribution measure (g, of a granular ball gg
accroding to Eq (7);

4 Enqueue go into Q;

5 while Q is not empty do

6 Dequeue a granular ball g from Q);

7 Apply FCM to split g two sub-granular balls: go and gg;

8

9

-

(I}

Compute (g, and (g, accroding to Eq (7);
Compute 4 according to Eq (8);

10 if eg > (g then

11 | Enqueue g, and gg into Q;

12 else

13 gk < g

14 Compute GBF attributes of gy;
15 G — GW U{gy}:

16 k+—k+1;

17 end

18 end

19 return G()

To determine whether further refinement is necessary, a two-
class FCM algorithm is applied, generating two sub-GB, where
the resulting clusters represent the new sub-GB and their cen-
troids serve as the centers of the sub-GB (see Lines 6 and 7).

Next, the distribution measures of the two sub-GB are calcu-
lated, followed by the computation of the splitting threshold for
the parent GB (see Lines 8 and 9).

Subsequently, we adopt a commonly used splitting criterion:
if the distribution measure of the parent GB is lower than the
computed splitting threshold, the GB is divided into two sub-GB;
otherwise, the parent GB is retained (see Lines 10-18).

This splitting procedure is recursively applied to each result-
ing GB until no GB satisfies the condition for further splitting
(see Lines 5-19).

C. MB Evolution

1) MB Feature Vector: To address abrupt pattern changes
in data streams within the sliding window model, a common
strategy is the design of an adaptive window size. However,
this strategy faces two critical limitations. First, the need for
continuous monitoring and frequent computation of statistical
measures introduces significant computational overhead, which
can paradoxically degrade real-time processing capabilities.
Second, the strategy typically requires the setting of mutation
detection thresholds for the desired statistics. The choice of these
thresholds is highly sensitive and often requires fine-tuning,
as a single static threshold may not be suitable for different
data distributions. Unlike the adaptive window size strategy,
we introduce the concept of MBs into the sliding window
model and propose an incremental MB management module,
which involves three aspects: the MB feature vector, a window-
aware temporal decay mechanism, and MB evolution opera-
tions (generation, expansion, splitting, removal, shrinkage, and
elimination).

2533

In our framework, MBs serve as fundamental clustering units.
To capture their essential characteristics, we define the MB fea-
ture vector—a temporal extension of the GB feature vector that
incorporates time-dependent attributes (e.g., timestamp, activity
score) for precise modeling of evolving patterns in data streams.

Definition 7 (MB feature vector): For each MB b, the
corresponding MB feature vector is defined as a tuple

MBFy, = (D1, &1, b, Cous o0 S L)) (10)
where @; denotes the data points within the MB, ¢ is the center
of the MB, 7y, is the radius, (p, represents the distribution
measure, 7yp, 1S the influence radius (see Definition 8), &p, is

the MB splitting threshold [see (8)], télﬂ) denotes the timestamp

of the window in which the MB was originally created, né‘;’)

denotes the window-aware activity score (see Definition 9).

As previously discussed, the MB feature vector is an extension
of the GB feature vector, where key components—including the
set of data points within the MB, the MB’s center, its radius, its
distribution measure, and the splitting threshold—retain defini-
tions analogous to those in the GB feature vector. This structural
consistency ensures that the MB inherits the fundamental prop-
erties of GB.

However, the definition of the influence radius for a MB
exhibits slight differences from that of a GB.

Definition 8 (Influence radius of the MB): For a given MB
by, its influence radius is defined as the Euclidean distance from
its center to the center of the nearest neighboring MB
1 — byl (11)

= min
Vo b,eB\{b,}

where B = {by,bs,...,br} denotes the set of all MBs, ¢,
denotes the center of MB by, and ¢, denotes the center of another
MB b, € B\ {b;}.

Since explicit timestamps are often unavailable in real-world
data streams, temporal information must be inferred indirectly
from the sequence of sliding operations. Within the sliding
window framework, and in accordance with Definition 1, the
arrival time of newly added data points is uniformly assigned
as the timestamp of the window in which they arrive, thereby
establishing consistent temporal relationships. To incorporate
temporal dynamics into the clustering process, each data point
inherits its temporal attribute from the window it resides in,
and this temporal attribute is further associated with the MB
it is assigned to. Formally, let t* denote the timestamp of the
wth window. Then, for a given MB b;, we define télg) as the
timestamp of the window in which b; was originally created.
This temporal initialization serves as the basis for tracking the
evolution of MBs across successive windows, and is essential
for the formulation of the window-aware activity score defined
below.

To adaptively handle evolving data streams, we propose a
window-aware temporal decay mechanism that progressively
downweights historical information and emphasizes recent be-
havior within the sliding window framework. Unlike conven-
tional decay strategies, this mechanism is explicitly aligned with
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the temporal structure of sliding windows, allowing it to dynami-
cally track the evolution of each MB across successive windows.
By applying an exponential decay function over window-aligned
timestamps, the mechanism provides a principled way to quan-
tify the temporal relevance of each MB. This enables the model
to detect and eventually eliminate outdated or inactive MBs,
thereby improving its responsiveness to sudden pattern shifts
while mitigating the influence of obsolete data.

To operationalize the proposed window-aware temporal de-
cay mechanism, we define a window-aware activity score that
incorporates both the data accumulation history and time decay
effects to quantify the recent activity level of each MB. The
formal definition is given as follows.

Definition 9 (Window-aware activity score): For a MB by, its
window-aware activity score at the wth window is defined as

» w1 (1) o

w b; —a(t) -G

m = 3 ) (12)
’ingl b;

where ngl”) denotes the total number of data points contained in
. (i+1)

b; at the wth window, Tp, indicates new points added in b; at
the (i 4- 1)th window, wy, represents the window in which b; was
created, t“) and t() are the timestamps of the corresponding
windows, and X is a positive decay coefficient that controls the
rate at which past contributions diminish.

The activity score reflects the effective contribution of recent
data to the current state of a MB. A high score indicates sustained
recent activity, while a low score suggests temporal inactivity.
This score is used to identify and eliminate inactive MBs.

2) Incremental Update Operations of MBs: Our model in-
corporates six distinct types of MB evolution: generation, ex-
pansion, splitting, removal, shrinkage, and elimination, each
governed by different algorithmic rules. These evolutionary op-
erations are designed to accommodate the dynamic nature of data
streams under a sliding window mechanism. After newly arrived
data points are granulated into GB, the model performs gener-
ation or expansion operations to transform them into MBs or
merge them into existing ones; however, during expansion, some
MBs may become structurally unstable, potentially triggering a
splitting operation to preserve their compactness. Conversely,
as outdated data points slide out of the current window, removal
and shrinkage operations are employed to adjust the affected
MBs accordingly. In addition, a decay mechanism is introduced
to update the activation scores of MBs over time, leading to the
elimination of inactive MBs.

To further clarify these evolutionary operations, we divide
them into two categories based on the source of change: opera-
tions triggered by newly arrived data and those induced by data
removal.

To handle newly arrived data points, the model triggers
adaptive operations based on their structural relationship with
existing MBs. Specifically, a GB derived from new data is
either merged into an existing MB or initialized as a new one,
determined by a a comparison of influence radii and proximity:
if its influence radius is smaller than that of at least one existing

IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. 34, NO. 8, AUGUST 2026

Algorithm 2: MB Growth Algorithm.

Input: new granular balls G(“), existing micro balls B
Output: updated micro balls B

1 Initialize: queue Q < 0; index | < |B| + 1;

2 foreach g; € G() do

3 if 3b; € B where vg; < p; then

4 Find nearest eligible bg with vg; < vb,;
5 Apply FCM to split by into two sub-granular balls: b, and
bg;

6 Compute Cp,, Co,, Cbﬁ and ep;
7 if qu > €bp, then

// Expansion operation
8 Py — Py UO;;
9 Update by’s other MBF attributes using current @;
10 else

// Splitting operation
1 B+ B\ {bg}:
12 l+—1—-1;
13 Enqueue b, and bg into Q;
14 while Q is not empty do
15 Dequeue micro ball b from Q;
16 Apply FCM to split b into two sub-micro balls:

b, and bgr;
17 Compute Cp, (b, /> Cby/s
18 Compute ep;
19 if (p < ep then
20 | Enqueue b, and bg/ into Q;
21 else
22 b, <+ b;
23 Compute MBF attributes of by;
24 B+ BU({b;};
25 I+ 1+1;
26 end
27 end
28 end
29 else
// Generation operation

30 Initialize new micro ball b; from g;;
31 Compute MBF attributes of by;
32 B <+ BU{b};
33 I+ 1+1;
34 end
35 end

36 return B

MB, it merges into the nearest eligible one; otherwise, it forms
anew MB.

When a MB expands (i.e., when a GB is merged into it),
the resulting MB may become structurally unstable, potentially
triggering a splitting operation to preserve its compactness. To
determine whether a split is necessary, the model evaluates the
distribution measure of the expanded GB following each expan-
sion operation. Specifically, the updated MB is provisionally
divided into two candidate subMBs using the FCM clustering,
and a distribution measure is computed for both the original and
the partitioned structures. Based on these, a splitting threshold
is calculated. The splitting criterion is then applied: if the dis-
tribution measure of the parent MB is lower than the threshold,
it is deemed structurally loose and is therefore split into the two
sub-MBs; otherwise, the parent MB is retained. This evaluation
process repeats recursively for each newly formed MB until no
further division is warranted under the splitting criterion.

The operations triggered by newly arrived data (generation,
expansion, and splitting) are termed the MB growth algorithm,
as detailed in Algorithm 2.
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Algorithm 3: MB Pruning Algorithm.

Algorithm 4: DPC on MBs.

Input: current micro balls B, expired data points X (@), activity
threshold 7
Output: updated micro balls B
1 foreach b; € B do

2 EJ(.“’> +— X nby;
s | it EY £ 0 then

4 if |bj| = [E\“)| then

// Removal operation
5 B+ B\ {b;};
6 else

// Shrinkage operation
7 P;  ;\ B
Update b,’s other MBF attributes using current & ;;

9 end
10 end
11 end
12 foreach b; € B do
13 Compute nt()“j’) via Eq. (12);
14 if nl(f) < 7 then
J
// Elimination operation
15 B +— B\ {b;};
16 end
17 end

18 return B

To handle data removal caused by the sliding window mecha-
nism, the model performs shrinkage and removal operations,
ensuring MBs maintain their structural validity. Specifically,
each time the window slides forward, all existing MBs are
examined to identify whether any of their constituent data points
have been discarded. If only a subset of data points is discarded,
the MB undergoes a shrinkage operation that updates its MBF
attributes (e.g., the data subset, center, radius, etc.) based on the
remaining valid points. If all data points within a MB have been
removed, it is promptly deleted through a removal operation.

To manage outdated but not yet structurally invalid MBs,
the model introduces an elimination operation guided by a
window-aware activity score. Unlike removal operations trig-
gered by data expiration, this operation targets MBs that may
still contain data but have become temporally irrelevant due to
prolonged inactivity. Specifically, after each window slide, the
model recalculates the activity score of every existing MB using
the proposed window-aware temporal decay mechanism. The
updated score is then compared against a predefined threshold
7 if the score exceeds 7, the MB is retained as active; otherwise,
it is eliminated from the system. This selective elimination
strategy improves its responsiveness to sudden pattern shifts by
prioritizing MBs with recent contributions while phasing out
inactive ones.

The operations induced by data expiration (removal, shrink-
age, and elimination) constitute the MB pruning algorithm,
whose complete procedure is specified in Algorithm 3.

D. Clustering

Traditional offline clustering methods typically require access
to the entire dataset, leading to high computational costs. To

Input: micro-ball set B = {b1,...,br} with centers {¢p1,..., ¢}
Output: cluster assignment vector C € N
// Density peak selection
1 Compute distance matrix D € REXE where D;; = ||pi — o5 l;
2 Calculate local densities p € RE: p; = > exp(—(Dy;/0)?);
3 Determine minimum distances § € RL: §; = ming.p; >p, (Di5);
4 Identify cluster centers as {¢y} with both p; > pipre and
81 > Othres
// Cluster assignment
5 Initialize C < O;
6 for [ < 1to L do
7 if ¢; is a cluster center then
8 | Cj < new cluster ID;

9 end

10 else

1 | C) + Cj= where j* = argminj:pj>pLDlj;
12 end

13 end

14 return C,

TABLE 1
DATASETS USED IN EXPERIMENTS

Data Streams #Instances ~ #Features  #Clusters
Benchmark1 5,500 2 2
Benchmark2_1 10,000 2 3
Benchmark2_2 20,000 2 3

Synthetic
R_1 35,946 2 3
R_2 33,976 2 7
R_3 35,233 2 7
Powersupply 29,928 2 24
NOA Aweather 18,159 8 2
Electricity 45,312 6 2
Real-world
Rialto 82,250 27 10
Covertype 581,012 54 7
Sensor 2,219,803 5 54

address this issue, our method’s final clustering step utilizes mi-
croballs (i.e., micro balls’ centers) as input to the DPC algorithm,
rather than using all data points.

As shown in Algorithm 4, the clustering process is divided into
two stages: the density peak selection stage identifies representa-
tive cluster centers from the microball centers using a combined
density-distance criterion, and the cluster assignment stage prop-
agates labels based on the nearest high-density associations.
This approach not only reduces computational complexity but
also mitigates the negative effects of density variations, enabling
more efficient and robust identification of cluster centers.

E. Complexity Analysis

The computational complexity of the proposed clustering
framework can be analyzed by examining the major proce-
dures, including window-guided data granulation, MB growth,
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MB pruning, and DPC. The window-guided data granulation,
which recursively splits data points into GB using a two-class
FCM algorithm, exhibits a complexity of O(S log(K)MT) per
window, where S is the number of new data points, M is the
dimensionality, K is the number of GB, and I is the number of
FCM iterations. The subsequent MB growth involves operations,
such as generation, expansion, and potential recursive splitting,
contributing O(LK M), where L is the number of MB. It is
worth noting that MB splitting events occur very infrequently
and can be regarded as negligible. The MB pruning, which
processes expired data and inactive MBs, operates in O(LM)
per window. Finally, the DPC applied to L MB centers incurs
O(L? M) due to pairwise distance computations. By combin-
ing the above analysis, the overall complexity of the proposed
method is dominated by the most expensive steps, resulting in
O(Slog(K)MI + L? M) per window update.

IV. EXPERIMENTAL RESULTS

A. Experimental Setup

To evaluate the performance of the AFGBStream method, we
conduct experiments on different types of datasets and compare
it with several stream clustering methods. The experiments are
carried out on a Lenovo Y9000P personal computer equipped
with a 3rd Gen Intel Core i9-13900HX processor and 16 GB
of RAM. All experiments are implemented in Python 3.7 and
involve both the AFGBStream method and other comparison
methods.

1) Datasets: In this study, we use six synthetic datasets and
six real datasets to comprehensively evaluate the performance
of AFGBStream (including the noisy dataset), as summarized in
Table I and Table IV. Due to space limitations, descriptions of
the synthetic and real datasets are provided in the Supplementary
Material. The distributions of the six synthetic datasets are
shown in Fig. 2 .

2) Parameter Setup: In the parameter sensitivity analysis of
the AFGBStream method, we focus on four key parameters:
window size (W), slide step (.5), decay rate (1), and MB removal
threshold (7), and investigate their impact on the clustering per-
formance. A detailed analysis of the influence of each parameter
is provided, along with recommendations for their appropriate
configurations. All parameter ranges for the methods are listed
in the supplementary materials (see Figs. S1 and S2 of the
Supplementary Material). A detailed analysis of the influence
of each parameter is provided, along with recommendations for
their appropriate configurations.

3) Comparison Methods: In the experiments, we select sev-
eral mainstream stream clustering methods as baselines, in-
cluding DenForest [12] and EmCStream [16] (based on sliding
windows), DenStream [6] (based on density), D-Stream [13][14]
(based on grids), and GB-FuzzyStream [27] (a fuzzy
clustering method based on GB). DenStream is sensitive to input
parameters, so we determine its optimal parameter configuration
through grid search. For EmCStream, we set the expected num-
ber of clusters k to match the actual number of classes.

4) Evaluation Metrics: To evaluate clustering performance,
we use Adjusted Mutual Information (AMI), Rand Index (RI),
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and Purity as evaluation metrics [29]. The clustering quality
of AFGBStream is obtained by averaging the clustering results
over all sliding windows. The results of all baseline methods
are averaged over multiple runs to reduce the influence of
randomness.

B. Comparison Experiments

Table II compares the performance of different methods
across various datasets, with bold values indicating the best
results for each metric. Overall, AFGBStream outperforms the
baseline methods in terms of AMI, RI, and Purity on most
datasets. Fig. 3 illustrates its clustering performance on selected
synthetic datasets, showing that AFGBStream can effectively
reveal the true class distributions.

In the Benchl dataset, classes move along the diagonal in
a 2-D space and overlap in the central region. Fig. 3(a)—(c)
shows the clustering results of AFGBStream on this dataset,
demonstrating its ability to accurately track their movement and
effectively separate the overlapping classes. In contrast, other
methods struggle to distinguish overlapping classes, leading to
lower AMI and RI scores (see Table II).

The Bench2 dataset consists of two static Gaussian-
distributed classes and one dynamically moving class, where
slight interclass overlap increases clustering difficulty. As shown
in Fig. 3(d)—(f), AFGBStream maintains clear class separation
even with increasing overlap, demonstrating its handling of
complex distributions.

The R-series dataset simulates a dynamically evolving data
stream environment with partial class overlap, posing a more
complex clustering challenge. Fig. 3(g)—(i) illustrates the per-
formance of AFGBStream on the R series datasets, where it
not only accurately identifies the three true class distributions
in R_1 but also maintains stable clustering performance under
class addition, deletion, and positional changes.

On real-world datasets, AFGBStream also exhibits strong
performance. On the Powersupply dataset, it achieves the highest
AMI, RI, and Purity scores. On the NOAAweather dataset,
although its RI is slightly lower than that of D-Stream, it still
attains the highest AMI and Purity. On the Electricity dataset,
AFGBStream ranks first across all evaluation metrics. On the
Covertype, Rialto, and Sensor datasets, AFGBStream continues
to deliver high clustering quality, with an AMI significantly
surpassing all competing methods. In addition, we evaluate the
runtime comparison of the related sliding window methods,
which can be found in the Supplementary Materials (see Table
S1 and Fig. S3 of the Supplementary Material).

In summary, the experimental results on both synthetic and
real-world datasets demonstrate that AFGBStream outperforms
baseline methods in dynamic class identification and overlap-
ping class discrimination, demonstrating its effectiveness and
robustness for data stream clustering tasks.

C. Ablation Experiments

To evaluate the contribution of each key component in the
proposed AFGBStream framework, we perform ablation studies
by constructing three simplified variants: w/o DG (removing the
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Fig. 2.

window-guided data granulation strategy), w/o FCM (replacing
FCM with a hard partitioning algorithm), and w /o TD (removing
the window-aware temporal decay mechanism). The clustering
results of the full model and its ablated variants across multiple
datasets are reported in Table III, with the best scores in each
setting highlighted in bold.

After removing the window-guided data granulation strategy
(w/o DG), the clustering process operates directly on the raw
data points within each sliding window using the DPC algo-
rithm. This variant shows a noticeable decline in performance,
highlighting the importance of the GB module in enhancing
clustering quality. The performance deterioration occurs be-
cause DPC is more vulnerable to parameter sensitivity, noise
interference, and irregular cluster shapes, and often struggles to
cope with overlapping clusters. By abstracting and smoothing
local structures, the GB mechanism significantly improves the
stability and robustness of the overall framework.

(h)

Distributions of synthetic datasets. (a) Benchl. (b) Benchl. (c) Benchl. (d) Bench2_1. (e) Bench2_1. (f) Bench2_1. (g) R_1. (h) R_2. (i) R_3.

0.8 0.4 0.8

®

After removing the FCM mechanism, we introduce two vari-
ants: w/o FCM, which employs a geometry-based hard par-
titioning strategy, and w/o FCM_2, which utilizes K-means
to generate GB. Compared with the full model, both variants
perform significantly worse on datasets with overlapping or
ambiguous class boundaries. This demonstrates that the fuzzy
partitioning ability of FCM is essential for generating robust GB
in our method, effectively improving clustering performance.

Finally, after removing the window-aware temporal decay
mechanism (w/o TD), the method ceases to compute activation
scores for MBs and no longer eliminates inactive ones. The
results show that this variant performs worse, especially on data
streams with frequent changes, underscoring the crucial role
of the window-aware temporal decay mechanism. The perfor-
mance degradation arises from accumulating obsolete MBs that
distort cluster structures while failing to properly weight recent
data or detect emerging stream patterns. The temporal decay
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mechanism addresses these issues by automatically phasing
out outdated information while preserving relevant historical
context, thereby maintaining the framework’s responsiveness to
stream evolution.

The ablation studies collectively demonstrate that each
component plays a vital role in enhancing the adaptability,
stability, and overall effectiveness of the proposed stream clus-
tering framework.

Sl eeecee

0.6 0.8 1.0 0.2 0.4 0.6

(h) ©)

Clustering of synthetic datasets. (a) Benchl. (b) Benchl. (c) Benchl. (d) Bench2_1. (e) Bench2_1. (f) Bench2_1. (g) R_1. (h) R_2. (i) R_3.

D. Noise Robustness Experiments

To evaluate the robustness of different stream clustering
methods in noisy environments, we introduce noise points into
the R-series and real-world datasets (R_1, R_2, R_3, Power-
supply, NOA Aweather; see Table I) to construct corresponding
noisy versions: R_1_N, R_2_N, R_3_N, Powersupply_N, and
NOA Aweather_ N, as shown in Table IV.
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TABLE IT
PERFORMANCE COMPARISON OF METHODS ON SYNTHETIC AND REAL-WORLD DATASETS
Algorithm | Metric | Benchl Bench2_1 Bench2_2 R_I R_2 R_3 Powersupply NOAAweather Electricity Rialto Covertype Sensor
AMI | 0.649  0.500 0474 0724 0739 0.686 0.205 0.008 0.043 0256  0.142 0309
GB-FuzzyStream | RI 0.817  0.746 0734 0.876 0.895 0.868 0.802 0.507 0513  0.627 0558 0616
Purity | 0.840  0.733 0719  0.888 0.842 0.801 0.146 0.694 0.623 0311 0675 0132
AMI | 0.646 0726 0728  0.799 0.807 0.747 0.240 0.042 0.058 0141 0152 0.150
Denstream | RI 0.850  0.826 0.825  0.884 0.897 0.881 0.733 0.464 0511 0559 0551 0310
Purity | 0.873  0.821 0.818 0908 0.846 0.852 0.137 0.692 0.663 0203  0.664  0.049
AMI | 0.000  0.031 0.016  0.000 0.000 0.000 0.000 0.000 0.000 0022 0002  0.009
D-stream RI 0423 0352 0343 0334 0239 0226 0.041 0.526 0519 0188 0482 0214
Purity | 0470  0.366 0358 0350 0294 0.264 0.042 0.691 0582 0350 0597  0.031
AMI | 0.002  0.000 0.000  0.000 0.000 0.000 0.000 0.000 0.000  0.000  0.001  0.000
Denforest RI 0423 0334 0333 0333 0235 0226 0.041 0.572 0519 0.091 0481 0016
Purity | 0481 0384 0382 0381 0307 0.291 0.042 0.687 0.583 0100 0597  0.040
AMI | 0.046 0017 0.084  0.013 0028 0.017 0.001 0.005 0.000 0005 0001 0012
EmCStream | RI 0513 0.564 0591 0562 0613 0.608 0.648 0.481 0497 0611 0538  0.638
Purity | 0.500  0.416 0469 0409 0276 0.266 0.050 0.680 0.567 0120 0491  0.039
AMI | 0907  0.801 0788  0.945 0936 0.883 0.291 0.062 0105 0480 0214 0344
AFGBStream | RI 0.960  0.868 0.870  0.970 0.965 0.946 0.805 0.536 0530 0717 0577  0.649
Purity | 0973  0.850 0.855  0.974 0.947 0.925 0.182 0.716 0.674 0469 0712 0.136
TABLE III TABLE IV
ABLATION EXPERIMENT DATASETS USED IN THE NOISE EXPERIMENT
Algorithm ’ Metric ‘ Benchl Bench2_1 Powersupply NOAAweather Data Streams Real/Synthetic | #Instances #Features #Clusters
R_IN S 40000 2 3
AMI | 03644  0.7135 0.1219 0.0414
R 2N S 40000 2 7
w/oDG | RI 0.6288  0.7954 0.2828 0.5411 =
Purity | 0.7021  0.7754 0.1686 0.6951 R3N 5 40000 2 !
Powersupply_ N | R 34117 2 24
AMI 0.579 0.733 0.283 0.028
NOAAweather N | R 20701 8 2
w/o FCM | RI 0.770  0.832 0.794 0.539
Purity | 0.845  0.824 0.168 0.688
declines to varying degrees after the addition of noise. Partic-
AMI | 0522 0.731 0.278 0.026 o
ularly, GB-FuzzyStream, DenStream, and EmCStream exhibit
w/o FCM_2 | RI 0739 0.828 0.779 0.541 notable declines across AMI, RI, and Purity metrics when tested
Purity | 0.817 0.809 0.163 0.692 on noisy datasets (R_1_N, R_2_N, and R_3_N), indicating that
noise adversely affected their clustering performance. Notably,
AMI | 0.622  0.735 0.276 0.040 . .
while GB-FuzzyStream and DenStream show relatively stable
w/oTD | RI 0807  0.835 0777 0.546 RI scores, their AMI scores drop significantly on datasets with
Purity | 0.865  0.832 0.162 0.703 high class overlap, such as R_2_N. When tested on real-world
datasets (Powersupply_N and NOA Aweather_N), AFGBStream
AMI 0.907 0.780 0.291 0.045 " . . . . . ..
exhibits only a slight decline in each metric, maintaining stable
AFGBStream | RI 0.960  0.863 0.805 0.549 performance.
Purity | 0.973  0.859 0.182 0.706 Furthermore, D-Stream and DenForest exhibit unsatisfactory

Table V presents the experimental results of all methods on
both the original and noisy datasets. AFGBStream achieves
RI scores of 0.96, 0.942, and 0.935 on R_1_N, R_2 N, and
R_3_N, respectively, showing only slight decreases compared
to the corresponding nonnoisy datasets (0.97, 0.965, and 0.946).
AFGBStream also maintains stable performance in terms of
AMI and Purity, indicating strong noise resilience. As observed
in Table V, the clustering performance of all baseline methods

performance on the original datasets, and their clustering quality
degrades significantly with added noise, reaching zero AMI
scores in several cases. This indicates that these methods lack
effective mechanisms for handling noise and exhibit insufficient
robustness.

In summary, the experimental results demonstrate that AFG-
BStream exhibits the strongest robustness among all compared
methods when facing noisy data streams. This resilience can be
attributed to the structural characteristics of GB, which mitigate
the influence of local noise through collective decision-making.
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TABLE V
NOISE COMPARISON TEST
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Algorithm | Metric | R_L1I_.N  R_1 R_2N R 2 R_3 N R_3 Powersupply N Powersupply NOAAweather N NOAAweather
AMI 0.682 0.724 0.689 0.739 0.663 0.686 0.071 0.205 0.001 0.008
GB-FuzzyStream | RI 0.870 0.876 0.880 0.895 0.871 0.868 0.790 0.802 0.413 0.507
Purity | 0.830 0.888 0.801 0.842 0.774 0.801 0.131 0.146 0.602 0.694
AMI 0.712  0.799 0.695 0.807 0.665 0.747 0.203 0.240 0.003 0.042
Denstream RI 0.891 0.884 0.879 0.897 0.879 0.881 0.725 0.733 0.460 0.464
Purity | 0.896 0908 0.798 0.846 0.837 0.852 0.120 0.137 0.568 0.692
AMI 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
D-stream RI 0.280 0.334 0.200 0.239 0.192 0.226 0.005 0.041 0.496 0.526
Purity | 0.314 0350 0.264 0.294 0.239 0.264 0.001 0.042 0.592 0.691
AMI 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Denforest RI 0.279 0333 0.200 0.235 0.193 0.226 0.037 0.041 0.456 0.572
Purity | 0.345 0.381 0.279 0.307 0.264 0.291 0.012 0.042 0.604 0.687
AMI 0.002 0.013 0.128 0.028 0.101 0.017 0.000 0.001 0.004 0.005
EmCStream RI 0.557 0562 0.628 0.613 0.615 0.608 0.643 0.648 0.499 0.481
Purity | 0.351 0409 0495 0276 0.318 0.266 0.123 0.050 0.597 0.680
AMI 0.906 0945 0.875 0936 0.858 0.883 0.222 0.291 0.018 0.062
AFGBStream RI 0.960 0970 0.942 0.965 0.935 0.946 0.783 0.805 0.503 0.536
Purity | 0.954 0974 0.898 0947 0.886 0.925 0.155 0.182 0.617 0.716

V. CONCLUSION

This article presents AFGBStream, a sliding window-based
data stream clustering method that integrates an adaptive incre-
mental update framework built upon sliding windows and GB.
In the data ingestion phase, we introduce a window-guided data
granulation strategy that effectively alleviates the sensitivity to
microcluster radius parameters observed in existing methods,
thereby improving the robustness of data representation. Dur-
ing the model update phase, a window-aware temporal decay
mechanism is incorporated to strengthen the model’s respon-
siveness to sudden pattern changes in evolving data streams.
Experimental results across multiple benchmarks demonstrate
the effectiveness, adaptability, and robustness of AFGBStream.

In the future, we aim to utilize a center consistency metric
based on GB to enable efficient and flexible representation and
coverage of the sample space. In addition, we plan to extend
AFGBStream to distributed or federated learning settings, facil-
itating scalable streaming clustering for large-scale, decentral-
ized data sources.
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