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ABSTRACT: Active semi-supervised fuzzy clustering integrates fuzzy clustering techniques with limited labeled
data, guided by active learning, to enhance classification accuracy, particularly in complex and ambiguous datasets.
Although several active semi-supervised fuzzy clustering methods have been developed previously, they typically face
significant limitations, including high computational complexity, sensitivity to initial cluster centroids, and difficulties in
accurately managing boundary clusters where data points often overlap among multiple clusters. This study introduces
a novel Active Semi-Supervised Fuzzy Clustering algorithm specifically designed to identify, analyze, and correct
misclassified boundary elements. By strategically utilizing labeled data through active learning, our method improves
the robustness and precision of cluster boundary assignments. Extensive experimental evaluations conducted on three
types of datasets—including benchmark UCI datasets, synthetic data with controlled boundary overlap, and satellite
imagery—demonstrate that our proposed approach achieves superior performance in terms of clustering accuracy and
robustness compared to existing active semi-supervised fuzzy clustering methods. The results confirm the effectiveness
and practicality of our method in handling real-world scenarios where precise cluster boundaries are critical.

KEYWORDS: Clustering algorithms; semi-supervised classification; active learning; fuzzy clustering; boundary ele-
ments; boundary identification; boundary correction

1 Introduction

With the rapid growth of Information Technology and the increasing demand for information across
various fields, there has been an exponential rise in the volume of stored data, creating a vast repository of
knowledge. The challenge now lies in effectively harnessing this immense source of information. Knowledge
discovery, which involves the automated extraction of useful information from large databases, is essential
in addressing this challenge. Techniques employed in this field are primarily drawn from databases, machine
learning, artificial intelligence, information theory, statistical methods, and high-performance computing.
Among these techniques, clustering has gained significant popularity for its ability to group data points into
clusters based on their similarities, particularly in complex data models such as text, web, and image data.
Clustering aims to ensure that each cluster contains data points with similar characteristics while different
clusters consist of dissimilar data points [1,2]. However, traditional clustering methods face challenges,
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especially with complex data types where a single data point may belong to multiple clusters with varying
degrees of membership. This is a significant limitation of conventional (or “crisp”) clustering methods.

In 1965, Zadeh introduced the concept of fuzzy sets [3] to overcome traditional limitations in clustering,
enabling data points to partially belong to multiple clusters. Building on Zadeh’s concept, Bezdek et al.
developed the Fuzzy C-means (FCM) algorithm in 1984 [4], which remains one of the most widely used clus-
tering methods today [5-7]. Despite its widespread popularity and extensive application, FCM encounters
significant difficulties when handling complex datasets characterized by highly overlapping clusters. Issues
such as sensitivity to initial cluster centroids can result in suboptimal clustering outcomes if improperly
initialized. Moreover, identifying the optimal number of clusters can be problematic, as traditional clustering
validity indices may not clearly guide optimal clustering, necessitating alternative approaches to accurately

capture data structures.

One of the most critical challenges associated with FCM and similar clustering algorithms is the issue
of cluster boundaries. Cluster boundaries refer to regions where data points lie close to decision thresholds
between clusters, creating ambiguity and uncertainty in cluster assignments. In real-world datasets, data
points frequently exhibit mixed characteristics, complicating precise classification and negatively affecting
clustering accuracy. For example, in image segmentation tasks, unclear boundary clusters can result in
blurred or inaccurate object boundaries. Similarly, in bioinformatics, gene clusters with overlapping func-
tions present significant classification challenges. The fuzzy nature of FCM, which allows varying degrees of
cluster membership, further exacerbates the ambiguity at these boundaries, highlighting the need for more
sophisticated approaches that explicitly address boundary-related uncertainty.

To address the limitations of traditional FCM, various semi-supervised fuzzy clustering techniques
have been developed, building primarily on the foundational principles of FCM. To increase the number
of applications and improve the quality of clusters, semi-supervised fuzzy clustering techniques were
introduced using additional data supplied by users [8-11]. One such approach is DC-SSDEC, introduced by
AlZuhair et al. [12], which transforms deep clustering into a semi-supervised version by integrating fuzzy
memberships with “should-link” and “shouldNot-link” soft pairwise constraints to guide clustering using
limited labeled data. Wang et al. [13] suggested a novel semi-supervised fuzzy clustering technique called
MMRFCM based on pairwise constraints. This approach maximizes clustering efficiency by constraining
the memberships of data objects to locate in different manifolds guided by pairwise constraints and local
structures of data. Additionally, these semi-supervised algorithms often integrate additional mechanisms,
such as weight functions [14] and adaptive techniques, to enhance the clustering process. For instance,
Gan et al. [15] introduced a weighting mechanism to establish the reliability of labeled samples, aiming to
minimize the risks associated with labeled instances. Subsequent works by Gan [16,17] expanded on this idea,
though challenges remain in handling pair constraints and assessing risks between labeled and unlabeled
samples. Moreover, adaptive algorithms have been proposed as a promising direction in semi-supervised
fuzzy clustering. Casalino et al. [18] introduced an FCM-based method employing adaptive functions to
dynamically estimate the number of clusters, adjusting to data distributions. Although these methods show
promise, they often require significant computational resources, particularly for large-scale datasets [19].

Recently, advanced models such as Multi-View Picture Fuzzy Clustering (MPFC) [20], Weighted
Semi-Supervised Possibilistic Fuzzy C-Means (WSPFCM-DS) [21], and latent representation-based semi-
supervised fuzzy clustering [22] have been developed to improve robustness and performance. These models
enhance traditional clustering by incorporating features like multiple-view integration [23], data stream
adaptability and deep latent learning with information fusion, showing significant improvements in real-
world datasets. In parallel, active learning has gained attention for reducing labeled data dependency. For

example, Dogan and Avvad [24] proposed fuzzy clustering guided by activity sequences and time features
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in process mining. Meanwhile, contrastive learning models such as FCACC [25] apply fuzzy principles to
contrastive time-series clustering, further highlighting the importance of refined membership boundaries.

Fig. 1 illustrates the evolution from Traditional Clustering to Active Semi-Supervised Fuzzy Clustering.
Active learning has emerged as a promising approach to enhance semi-supervised fuzzy clustering by
incorporating prior knowledge into the clustering process [26-28]. This method leverages a small set of
labeled data, known as seeds, to guide the clustering algorithm effectively. Notable works in this area include
seed-based K-Means [29] and seed-based Fuzzy C-Means [30]. A primary challenge in semi-supervised
clustering is selecting the most informative data points to guide the algorithm. Active learning addresses this
by strategically selecting data points for labeling, reducing the need for extensive labeled datasets. In many
data mining applications, while large quantities of unlabeled data are readily available, obtaining labeled data
is often expensive and time-consuming. Active learning minimizes labeling costs by selectively requesting
labels for data points that provide the most information, contrasting with passive learning, where samples
are chosen uniformly randomly.
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Figure 1: The evolution from traditional clustering to active semi-supervised fuzzy boundaries clustering

By applying active learning to correct these boundary errors, our approach aims to significantly improve
clustering accuracy, particularly in complex datasets with overlapping clusters. The combination of semi-
supervised clustering and active learning has proven effective, particularly for clusterable data [31]. Key
advantages include leveraging both labeled and unlabeled data through iterative clustering refinement,
utilizing active learning to uncover accurate cluster structures with minimal labeled data by selectively
querying instances near decision boundaries, refining cluster boundaries or resolving conflicts through
instance selection, which helps identify hidden patterns, and achieving better accuracy than regular semi-
supervised clustering while using fewer labeled examples [32]. Besides, numerous studies have demonstrated
that this targeted approach maximizes clustering accuracy with minimal training data [33]. Overall, semi-
supervised fuzzy clustering methods, by integrating active learning techniques, bring a new approach that
improves the quality of clustering methods.

However, despite these advances, existing methods still face significant challenges, particularly in
handling boundary clusters, where data points lie near the decision boundaries between multiple clusters.
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These boundary regions are prone to misclassification due to the ambiguity in data point assignments,
which active learning strategies have yet to address fully. Furthermore, the computational complexity of
active learning, coupled with its sensitivity to the choice of initial seeds and its focus on selecting a limited
number of data points, can limit its effectiveness in dealing with complex and overlapping clusters. These
limitations are also the motivation for our research, which requires research and development to improve
the effectiveness of semi-supervised fuzzy clustering methods, especially for points at the boundaries of
clusters. This paper concentrates on enhancing a semi-supervised fuzzy clustering algorithm (SSFCM) by
integrating active learning techniques. We propose a novel approach that addresses the common issue of
misclassification at the boundaries between clusters, where the likelihood of errors is highest.

The main contributions of this paper can be concluded as follows:

o Propose a novel algorithm to determine the boundaries between clusters in overlapping regions, where
elements near the cluster edges are at a higher risk of being misclustered due to ambiguity in their cluster
memberships;

e An active learning-based boundary adjustment process to refine cluster memberships and centroids
using expert feedback;

o Propose a novel algorithm model, “Active Semi-Supervised Fuzzy Clustering Based on Clusters Bound-
ary” (ASSFBC) that combines active learning and semi-supervised fuzzy clustering to improve the
performance of clustering algorithms, especially in cases where data has many noise points at the cluster
boundaries;

o Suggest an algorithm that generates synthetic 2D datasets with adjustable cluster overlap, enabling
controlled evaluation of clustering algorithms in challenging scenarios. It provides a systematic way to
test robustness and performance under varying levels of ambiguity in cluster boundaries.

o Prove the effectiveness of the proposed algorithm compared to other methods through experiments
on data types, including UCI, manually generated data, and satellite image data. The results show that
ASSFBC achieves better performance than existing related algorithms.

The paper is structured as follows: Section 2 overviews the basic concepts used in researching and
developing the proposed model; Section 3 describes the construction of a fuzzy semi-supervised clustering
model based on active learning; Section 4 presents experimental results validating the proposed model;
and the final section provides conclusions and recommendations. This new approach actively corrects the
dependencies of boundary elements to improve clustering accuracy by first identifying the boundary regions
using fuzzy semi-supervised clustering and then applying active learning to refine these boundaries. For
detailed information, refer to the sections in the document where the main contributions are described and
explained in context.

2 The Proposed Active Semi-Supervised Fuzzy Clustering Method
2.1 Main Ideas

The proposed method starts with clustering the data using the Fuzzy C-means (FCM) algorithm. This
step groups the data points into clusters but also identifies overlapping regions between clusters. These
regions are characterized by data points that are not confidently assigned to a specific cluster, indicating
potential misclassifications. The next step involves applying active learning techniques to these overlapping
regions. By selectively querying an expert or an oracle about the true class of these ambiguous data points,
the algorithm can adjust their cluster memberships, thereby improving the overall clustering quality.

In the subsequent phase, the centroids of the overlapping regions and the data points adjusted through
active learning are utilized to refine the clustering process. A new clustering algorithm is developed with the
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objective of moving the cluster centroids closer to the centroids of the overlapping regions. This reduces the
size of the boundary regions between clusters and improves the compactness and separation of the clusters.

For example, after performing FCM clustering, we have three clusters, 1, 2, and 3, corresponding to
centroids C;, C; and Cs. We can also identify the boundary centroids Cy,, Ci3 and C,3 between these clusters.
After applying our proposed clustering model, we expect to obtain new cluster centroids C,, C,, and C;,
as well as new boundary centroids C{z, C13 and C;3. These adjusted centroids should be closer, with the
boundaries narrowed, thereby enhancing the quality of the clustering results. Based on these main ideas, we

can draw a diagram to illustrate the proposed method, as shown in Fig. 2.
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Figure 2: Active semi-supervised fuzzy clustering based on clusters boundary model

The Fig. 2 illustrates the complete workflow of the proposed clustering method, beginning with FCM

clustering and progressing through boundary analysis and active label querying.
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2.2 Principle of the Method

The Active Semi-Supervised Fuzzy Clustering Based on Clusters Boundary (ASSFBC) method intro-
duces an objective function that integrates fuzzy clustering, semi-supervised fuzzy clustering, and boundary
correction. The process begins with Initial Clustering (Fuzzy Part), where Fuzzy C-Means (FCM) clustering is
performed on the dataset to obtain initial cluster centroids and membership values. The primary objective at
this stage is to minimize the distance between data points and their respective cluster centroids, establishing
a foundational clustering structure.

Following this, the method proceeds with Boundary Identification (Clusters Boundary Definition
and Determination Process), defining the boundaries between clusters by identifying regions where the
difference in membership values between any two clusters for a data point is smaller than a predefined
epsilon (€), expressed as: ‘Uki - Uy j‘ < &. Boundary elements are identified by calculating these membership
differences for each data point and selecting those with the most minor differences, most likely to reside in
boundary regions where the clustering algorithm might face difficulties in assigning the correct cluster.

The process then moves to Active Learning and Membership Adjustment (Adjustment of Wrong Data
Process), where an expert or oracle is consulted to determine the correct classification of the identified
boundary elements. If there is a discrepancy between the expert’s classification and the algorithm’s result,
the membership values of these boundary elements are adjusted to align more closely with the correct
classification, thereby reducing ambiguity in boundary regions and refining the clustering results.

Subsequently, in the Refinement of Cluster Boundaries (Boundary Semi-Supervised Fuzzy Part) step,
the cluster centroids and membership matrix are updated using the corrected boundary information. The
objective is to draw the cluster centroids closer to the corrected boundary centroids, thereby narrowing the
boundaries between clusters and enhancing overall compactness and separation. Finally, the Optimization
process involves iteratively repeating the above steps and refining the cluster boundaries until the changes
in cluster centroids between iterations are minimal or until a maximum number of iterations is reached.
Integrating active learning and boundary correction, this iterative process ensures that the final clusters are
more accurate and robust, particularly in scenarios involving overlapping data points.

The ASSFBC method culminates in an objective function that incorporates these refined membership
values and boundary corrections, optimizing the clustering outcome by addressing the challenges posed by
boundary clusters and enhancing the overall accuracy and robustness of the clustering process:

) N ¢ N ¢ ) 2
min J(u,v) = kz 1uk]||xk—vj|| Z > ‘uki_“kj‘ ||lxk = v
1 j= k=1 j=1
c-1 ¢ ( ) ‘ 2 |2
_ Vi— 17 Xh 1
i=1d=i+1 le|N,y| b Nl he|Njq4| 2
S Y n (-d) |- T mlP
_ Vd — 7o Xh
i=1 d=i+1 le|Ny| —H Nl he|Nyq4

With the constraints: Zle Upjs Ukj» U € [0,1],Vk=1,...,N
Where the dataset X = {X;, X5,..., X, ..., Xy} with the number of data points N, the number of

clusters C, and the membership degree of element k in cluster j: uy;, the distance H Xk -V, H ? from data
element k to the cluster center Vj, |N;4lis the number of data in the boundary between cluster i and cluster d,
1 is element of [N 4|, ! 4 is membership subtraction of element /, IN_ldl > hen,, X is calculated for the centroid
of the boundary between cluster i and cluster d.

We can consider three parts of the objective function:
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Taking derivative of J with respect to uy; so%’:’” = 0 for given element kand cluster j, we get:
]
2upjdi; +2 (ugj—uxj) —A =0
Zu—kjd,ij +A , ,
This leads to : u;j = Skt W(with the distance 2dj* = [| X - VJ||%) (4)
kj kj
oJ (u,v, A <
By setting GG =0 we have: ) uy; =1 (5)

oA &

c 2u_kjd,§j +A

Substitute the form of uy; back into this: Z; P =1 (6)
j= kj
¢ A
Then: Z uj+— | =1 (7)
— 2d?.
j kj
1- Y7,
Thus, we find: A = %1] (8)
j=12dZ;
-G 1
Using A in Eq.(4), we get: uyj=uyj+ ———7-73; 9)
Sizar 2y

The Clusters Boundary Detection Algorithm (Algorithm 1) begins by calculating the number of samples
that can query the expert, determined by the seed rate, which is typically a fixed value for a given dataset. The
seed rate defines the proportion of the dataset selected for expert querying rather than being dynamically
adjusted like the learning rate. The algorithm then evaluates the difference in membership values between
the maximum membership and other clusters for each data point. By identifying and sorting these minimum
differences, the algorithm selects boundary elements for querying, which serve as key inputs for refining the
clustering process.

Algorithm 1: Clusters boundary detection algorithm

Purpose: Identify the boundary elements between clusters in a dataset after performing Fuzzy C-Means
(FCM) clustering. These boundary elements will be used to refine the clustering process through

expert input.

Input: Dataset X containing N elements, number of clusters C, membership matrix U after FCM
clustering, seed rate (proportion of samples that can query the user), max U, min U

Output: Boundary elements between clusters;

BEGIN

1: Calculate the number of samples (N,) that can be queried by the user.

Formula: Ny =N x seed_rate.

2: For each data point X; (where k ranges from 1to N), calculate the absolute difference between its
maximum membership value Uy; and all other cluster memberships Uy; for j=1,...,C.

3: Store the minimum difference Uy_g;y = min H Ui — Uy;j H for each data point Xy, considering Uy; as the
maximum membership value.

4: Sort the data points based on Uy_y;¢ values

5: Select N, elements with the smallest Uy_g4;; values to query the user for ground truth, identifying these
as boundary elements.

END
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The Clusters Boundary Adjustment Algorithm (Algorithm 2) operates by iteratively refining the mem-
bership matrix based on user feedback. In each iteration, the algorithm compares the clustering results with
the user’s ground truth for boundary elements. Adjustments are made by modifying the membership values
according to a predefined epsilon threshold, ensuring that the clustering adapts to the user’s corrections.

Algorithm 2: Clusters boundary adjustment algorithm

Purpose: Adjust the membership matrix based on user feedback for boundary elements to improve
clustering accuracy.

Input: U is the membership matrix of the dataset Y with N elements, Set R Clustering result set from
FCM for points Y, epsilon is a small positive value to adjust the boundary

Output: Adjusted membership matrix U.

BEGIN

1: Initialize the iteration: i = 0

2: Repeat the following steps 3-6:

i=i+1

4: For each boundary element identified, query the user to obtain the true cluster membership (RU;)

5: If the clustering result R;differs from the user’s result RU;, adjust the membership matrix U;.
(Uri+Uy)

6:Ika7dif>s: Uki:T_g; Ukj:w-'_%

Else: exchange the values in U;
Until satisfied i > N

END

The ASSFBC algorithm (Algorithm 3) is a comprehensive approach that integrates FCM clustering
with semi-supervised adjustments based on boundary elements. After initial clustering, the algorithm
detects boundary elements and refines them with user feedback. The final steps involve iterating through
membership and cluster center updates until convergence is achieved, ensuring the clustering is accurate and
well-adapted to the provided data.

Algorithm 3: ASSFBC algorithm

Purpose: Perform semi-supervised clustering with fuzzy boundaries, refining cluster memberships with
user feedback and iterating until convergence.

Input: The dataset X including Ndata elements {Xj, X5, ..., Xy }; membership U; threshold ¢ and
maximum iteration max Step >0

Output: Matrices U and V;

BEGIN

1: Use FCM clustering to generate initial cluster memberships

2: Apply the Algorithm 1 to identify boundary elements between clusters.

3: Utilize the Algorithm 2 to refine the membership matrix U based on user feedback

4: Use the adjusted membership matrix from Step 3 as the supervised memberships for further refinement.
5: Initialize the iteration: t = 0

6: Initialize initial cluster centers: Vj(t) < random, j=1,...,C

7: Repeat the following steps 8-10:

8:t=t+1

9: Calculate U* based on Eq. (9)

(Continued)
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Algorithm 3 (continued)

10: Calculate V' based on Eq. (2)
Until the condition | V(Y — V=D|| > & or t > max Step

END

3 Empirical Experiments

This section presents experimental results to demonstrate the effectiveness of the proposed method
compared to other fuzzy semi-supervised methods for the problem of assessing the quality of clusters.

3.1 Experimental Datasets

With the desire to demonstrate the effectiveness of the proposed method in the case of many noise
points at the boundaries of data clusters, the experiment compares and proposes experimental scenarios on
the following three types of data: UCI standard data, manually generated datasets, and satellite image data.
These datasets were chosen to comprehensively evaluate our algorithm’s performance across different data
types and clustering challenges. Testing on all three types of data allows for rigorous evaluation, ensuring the
effectiveness of the clustering model in many different real-life situations.

3.1.1 The UCI Benchmark Data Sets

There are six datasets taken from the UCI standard database, from the UCI Machine Learning
Repository [34], including IRIS, Wine, Breast, Thyroid, Soybean, and Glass. Details of the UCI benchmark
data sets are described in Table 1.

Table 1: Detailed UCI datasets summary

No. Dataset No. of instance  No. of attributes No. of label
1 IRIS 150 4 3
2 Wine 178 13 3
3 Breast 569 30 2
4 Thyroid 215 5 3
5 Soybean 47 35 3
6 Glass 214 9 6

3.1.2 The Manually Generated Data Sets

To further test our algorithm’s performance with noisy data, we generated two synthetic datasets, Data
1 and Data 2, each with 2 or 3 clusters and 500 or 750 samples. These datasets were explicitly designed to
have many noisy points near the cluster boundaries, providing a challenging environment for our algorithm
to demonstrate its effectiveness. The paper proposes an algorithm that generates synthetic 2D datasets with
adjustable cluster overlap, specifically designed to contain numerous noisy points near cluster boundaries.
This enables controlled and rigorous evaluation of clustering algorithms, particularly our ASSFBC method,
in challenging scenarios, by providing a systematic way to test its robustness and performance under varying
levels of ambiguity in cluster boundaries, which is the core problem ASSFBC aims to address. The data
generation algorithm is performed according to the steps described in Algorithm 4.
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Algorithm 4: Generation of a 2D dataset with overlapping clusters algorithm

Purpose: Generate a 2D dataset with multiple clusters and controlled overlap between them.

Input: num_clusters: Number of clusters; num_elements_per_cluster: Number of data points per cluster;
overlap_percentage: Percentage of data points that should overlap between clusters.

Output: data: Matrix of generated data points; labels: Cluster labels for each data point.

BEGIN

Step L: Initialize Parameters: Validate num_clusters, num_elements_per_cluster, overlap_percentage, and
calculate total_points.

Step 2: Generate Cluster Centers: Create num_clusters cluster centers in 2D space (data).

Step 3: Generate Data Points: For each cluster, generate num_elements_per_cluster points around each
center (data, labels)

Step 4: Generate Overlap points: Shift a portion of points based on overlap_percentage to create overlap
(data).

Step 5: Return Results: Output the data matrix of points and corresponding

END

3.1.3 Satellite Image Data

Our experiment utilized Landsat-8 satellite imagery of the coastal region of Nghe An province, Vietnam,
captured in 2020 (coordinates: 19.518729, 105.807984). The dataset was divided into three distinct sites,
and the objective was to classify the land cover into six clusters: grass and shrubs, bare land, surface
water, perennial tree crops, planted forests, and low woods. An illustrative example of a satellite image is
shown in Fig. 3. The Fig. 3 presents an example of the Landsat-8 satellite imagery that was utilized in the
experiments for land cover classification.

Contrast

i 4

Image
~

_ Segmented Image

100 ) o 0 ik 100
200 % "w 200
300 / 0N 300
4001 ¢ Al | ,, 400
500 / 500
60 " 600

1000 0 1000

0 200 400 600 800
Figure 3: Illustration of the satellite image

3.2 Experimental Setup

The experiments were conducted using MATLAB R2021a (64-bit) as the primary programming and
simulation environment. The simulations were executed on a Windows 10 operating system using an LG
Gram laptop equipped with an Intel(R) Core(TM) i5-6200U CPU @ 2.30 GHz-2.40 GHz and 8 GB of RAM.
MATLAB was chosen for its robust support for numerical computation, matrix manipulation, and clustering
algorithm implementation. All algorithms, including the proposed ASSFBC, were implemented from scratch
or adapted within MATLAB to ensure consistency in experimental conditions. The environment setup was
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kept consistent throughout all runs to ensure reproducibility and to minimize variability in performance
evaluation. Experiments are executed to compare the proposed ASSFBC and some related methods, FCM,
SSECM [35], eSFCM [36], AFFC [37], and AFFC [38] with a focus on performance under boundary
noise conditions.

Some clustering quality indicators are the criteria for evaluation, including the Rand Index (RI) [39],
The traditional F-measure or balanced F-score (F1 Score) [40], Normalized Mutual Information (NMI) [41],
and Davies-Bouldin (DB) Index [42].

3.3 Experimental Results and Discussion

After performing the experiments on the datasets, the results are shown in detail in Figs. 4-6,
corresponding to the UCI data sets, manually generated data, and satellite image data.
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Figure 4: Comparison results on the UCI datasets
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Figure 6: Comparison results on the satellite image datasets

Fig. 4 presents the performance comparison of the ASSFBC algorithm against other clustering methods
on various standard UCI benchmark datasets, including IRIS, Wine, Breast Cancer, Thyroid, Soybean,
and Glass. Based on the experimental results, the ASSFBC algorithm consistently demonstrates superior
performance across various datasets compared to other clustering methods. For the IRIS dataset, ASSFBC
achieved the highest RI 0f 0.99114, the highest F1 of 0.98653, and the highest NMI of 0.97019, indicating strong
clustering performance and a high correlation with true labels. Similarly, for the Wine dataset, ASSFBC
attained the highest RI of 0.76366, F1 of 0.65287, and NMI of 0.49039. However, the DB Index for ASSFBC
on this dataset was higher (2.27730), suggesting room for improvement in cluster separation. ASSFBC is
designed to improve clustering accuracy by actively correcting misclassified boundary elements through
expert feedback, which enhances alignment with true labels—reflected in high RI, F1, and NMI scores.
However, this focus on semantic correctness rather than geometric regularity can lead to slightly less compact
or separated clusters, as captured by a somewhat higher DB index. On the Breast Cancer dataset, ASSFBC
performed well, with an RI of 0.78120, F1 of 0.70118, NMI of 0.55698, and a lower DB Index of 0.89140,
indicating better cluster separation and compactness.

In other datasets, ASSFBC also showed outstanding performance. For example, in the Soybean and
Thyroid datasets, ASSFBC achieved the highest RI of 0.8631; 0.7604, F1 of 0.7526; 0.7327, NMI of 0.7735; 5246,
and a lower DB index of 2.7521; 2.0829, indicating improved cluster separation. The Glass dataset further
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demonstrated ASSFBC’s effectiveness, with an RI of 0.84694, F1 of 0.81931, NMI of 0.73148, and a lower DB
Index of 0.79230.

Fig. 5 illustrates the performance of the proposed ASSFBC algorithm on two synthetic 2D datasets,
Data 1 and Data 2, which were specifically generated with many noisy points near cluster boundaries to
provide a challenging environment. In synthetic datasets like Data 1 and Data 2, the proposed ASSFBC
algorithm reached near-perfect clustering performance, particularly in Data 1, where the RI was 1.0000,
F1 was 0.9980, NMI was 0.9562, and the DB index was 0.4371. Similarly, in Data 2, ASSFBC achieved the
highest RI of 0.86638, F1 of 0.80147, NMI of 0.68920, and a lower DB index of 0.9023, confirming its strong
clustering capabilities. These results highlight ASSFBC as a highly effective algorithm for various clustering
tasks, consistently delivering high accuracy and well-defined clusters.

Fig. 6 presents the evaluation of the ASSFBC algorithm against other methods using Landsat-8 satellite
imagery of the coastal region of Nghe an province, Vietnam, with the objective of classifying land cover into
six distinct clusters. According to the information from the experimental results, the ASSFBC algorithm
demonstrates superior performance across most measured indices on the Satellite Image dataset. It achieves
the highest RI value of 0.8563, indicating the best agreement with the true labels compared to other
algorithms. Additionally, ASSFBC records the highest FCCI value of 0.8343, reflecting strong clustering
performance and the best correlation between data points and their respective clusters. It also outperforms
the other algorithms with a NMI of 0.7854, showing a high mutual dependence between the clustering results
and the true labels. Although ASSFBC’s DB index is 0.7475, which is slightly higher than other algorithms,
it still indicates relatively good cluster separation and compactness.

In conclusion, the experimental results suggest that the ASSFBC algorithm is highly effective for
clustering tasks, particularly in scenarios involving complex and overlapping data, such as satellite imagery.
Its superior performance in RI, F1, and NMI highlights its ability to accurately cluster data points and
maintain strong correlations with accurate labels, making it a reliable choice for applications where precision
is critical. While the slightly higher DB index suggests there may be room for improvement in cluster
compactness, the overall effectiveness of ASSFBC in providing accurate, well-correlated, and strongly
separated clusters makes it a valuable tool in fuzzy clustering. This performance underscores its potential for
further application and development in various data-intensive domains.

4 Conclusions

This paper introduced an innovative approach to active semi-supervised fuzzy clustering that focuses on
refining clusters’ boundaries. This method effectively addresses the challenge of ambiguity in boundary clus-
ters by integrating active learning techniques to improve the accuracy of membership assignments at these
critical points. Our approach not only enhances the robustness of clustering results but also offers a novel
semi-supervised fuzzy clustering model that iteratively refines cluster boundaries through the combination
of fuzzy clustering and active learning. The experimental results across benchmark datasets demonstrate that
the proposed method, Active Semi-Supervised Fuzzy Clustering Based on Clusters Boundary (ASSFCMB),
outperforms traditional fuzzy clustering algorithms and other semi-supervised clustering methods. This
is evidenced by higher scores in key metrics such as the RI, Fl-score, and NMI, as well as lower DB
indices compared to existing methods. While models like MMRFCM [12] improve clustering using pairwise
constraints and manifold learning, they do not explicitly target ambiguity at cluster boundaries. In contrast,
our proposed ASSFCMB model uniquely focuses on correcting misclassified boundary points through active
learning, offering a more targeted and robust solution for boundary-aware clustering in complex datasets.

Several areas can be explored to enhance the applicability and performance of the ASSFCMB model
further. Future research should prioritize improving the scalability and computational efficiency of the
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model, particularly for large-scale datasets, potentially through techniques like parallel processing and
optimized data structures. Extending the model’s application to real-world problems, such as medical
diagnosis, remote sensing, and social network analysis, will help validate its practical utility and address
domain-specific challenges. Integrating deep learning techniques—such as using convolutional neural
networks (CNNs) for feature extraction in image data or graph neural networks (GNNs) for capturing
relational structures—could significantly enhance clustering performance in complex and structured data
scenarios. Moreover, developing automated boundary detection and correction methods, minimizing the
need for human intervention, would streamline the clustering process. Lastly, exploring different active
learning strategies, such as uncertainty sampling and query-by-committee, could provide valuable insights
into the most effective approaches for specific clustering contexts. Together, these future directions promise
to significantly advance the field of fuzzy clustering and broaden its applications.
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