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Abstract

Traditional clustering algorithms in fingerprint-based localization often struggle with outliers,
overlapping clusters, and irregular RSS variations in fingerprint databases, which reduces clustering
accuracy. To address these issues, this study proposes a hierarchical hybrid approach, the closest ~ K-Means;

access point-medoids (CAP-medoids) algorithm, which combines the closest access point (CAP)  Pre-Clustering Approach;
method with _k-mec_joids clustering. The CAP algorit_hm generates in_itial clusters _based on t_he Proximity-Based Clustering.
strongest received signal strength (RSS) from nearby wireless access points (APs), while k-medoids

refines clusters by selecting actual fingerprint vectors as cluster centers, improving robustness

against noise and irregular RSS variations. The algorithm was evaluated on four publicly available

fingerprint databases of varying size and density. Performance was assessed using Euclidean,

Manhattan, and cosine similarity distances as similarity metrics, with silhouette scores and Davies ] )

Bouldin (DB) indices as clustering performance metrics. Results show that the CAP-medoids ~Article History:

algorithm consistently produces more compact and well-separated clusters than standard k-medoids

in small databases, with silhouette scores increasing up to 75% and DB indices decreasing up to  Received: 21 October 2025
6_3%. For Iarger, high-density data_bases, p_erform_ance Qeclines, indicating sensitivity to _database Revised: 07 May 2026
size. Comparisons with other hybrid algorithms, including CAP+k-means++ and k-density-based

spatial clustering of applications with noise (k-DBSCAN) algorithms, confirm its overall robustness ~ Accepted: 11 May 2026

and adaptability. Published: 01  June 2026

1- Introduction

Fingerprint-based localization systems with received signal strength (RSS) measurement as a position-dependent
signal parameter (PSDSP) have emerged as a pivotal technology in numerous applications, ranging from indoor
navigation to asset tracking. The localization performance of the system consists of two phases: the offline and online
phases [1]. The offline phase involves generating an RSS-based fingerprint database, while the online phase focuses on
predicting an unknown target location based on fingerprint measurements. A fingerprint is a set of RSS measurements
collected from spatially deployed wireless access points (APs) at a fixed reference location [1, 2]. RSS measures the
signal power detected at the receiver after transmission from the wireless AP.

The density of the fingerprint database is essential for determining localization accuracy. Generally, a higher density
results in better performance; however, this improvement is often accompanied by increased localization times [3]. To
address this challenge, clustering algorithms for fingerprint databases are employed to divide larger databases into
smaller, more manageable groups [4, 5]. However, the accuracy and efficiency of the clustering process depend on the
robustness of the algorithm employed. Traditional clustering algorithms often struggle with handling non-Euclidean
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distance metrics, managing overlapping clusters, outlier fingerprints, and fingerprint database irregularities [6]. These
limitations lead to suboptimal cluster formations, increased computational demands, and reduced reliability, especially
in real-world scenarios marked by complexity and variability [6, 7]. Overcoming these challenges requires innovative
approaches that combine the strengths of multiple clustering algorithms.

Proximity-based clustering algorithms, such as the closest access points (CAP) algorithm, which operates using the
principle of dominant wireless access points (AP), efficiently group fingerprint vectors based on their spatial proximity
to wireless APs [3, 8, 9]. These algorithms offer speed and simplicity in generating clusters, but their effectiveness is
often limited when confronted with challenges like overlapping clusters. On the other hand, centroid- or medoid-based
partitioning algorithms, such as k-medoids, are better at handling noise and outliers due to their robust nature [6, 10].
However, they tend to perform poorly when applied to unstructured or highly variable fingerprint databases, where the
underlying signal patterns do not match the assumptions of the algorithm [10]. By combining multiple clustering
algorithms to perform the clustering process in a hierarchical manner, the combined strength of both algorithms could
mitigate their individual limitations and improve overall clustering performance [8, 11].

By leveraging the combined strengths of two clustering algorithms, this paper improves the clustering performance
of a clustering-based fingerprinting system. It proposes a hierarchical hybrid clustering method called the CAP-medoids
algorithm. In the first stage of the clustering process, the CAP algorithm quickly forms initial clusters based on proximity
to dominant wireless APs, while in the second stage, the k-medoids algorithm is used to refine these clusters, thereby
minimizing intra-cluster dissimilarity. This hierarchical structure uses the speed of the CAP algorithm to generate
structured initial clusters and the robustness of k-medoids to improve cluster quality. The approach reduces the effect of
overlapping clusters and noise. It also controls computational cost and improves performance on unstructured fingerprint
databases. The main contributions are as follows. First, the development of a hierarchical hybrid clustering algorithm
that integrates CAP and k medoids algorithms. Second, the evaluation of the proposed CA-medoids algorithm and the
identification of its optimal clustering configuration.

The remainder of the paper is organized as follows: Section 2 presents the review of related works, while Section 3
presents the theoretical foundation and clustering methodology for the proposed CAP-medoids algorithm. The
simulation results and discussion are presented in Section 5, with the conclusion and recommendation for future works
in Section 5.

2- Literature Reviews

In the realm of fingerprint-based localization, several clustering algorithms have been proposed through the
modification or hybridization of existing clustering techniques, each with unique strengths and limitations. This section
reviews notable works in clustering algorithm hybridization, highlighting their shortcomings and justifying the need for
the proposed clustering algorithm.

Lin et al. (2023) proposed a two-stage clustering algorithm combining the group matching method (GMM) and a
modified k-NN algorithm to improve indoor fingerprinting system localization accuracy [12]. The GMM segments the
database using reference signal received power (RSRP) values, while the modified k-NN assesses device locations within
these sub-databases. However, the GMM algorithm has limitations, including sensitivity to parameter selection and the
creation of uneven group sizes due to its reliance on grouping based on the few strongest signals within each fingerprint.

Another hybrid clustering algorithm, k-DBSCAN, was presented in Gholizadeh et al. [11], which uses k-means++ to
generate initial clusters and refines them with the DBSCAN algorithm. However, k-means++ assumes spherical clusters
and may struggle with non-convex or irregular data distributions, leading to suboptimal initializations. This can
negatively impact the performance of DBSCAN, particularly in databases with varying densities or noise.

Yaro et al. (2023) presented a hybrid clustering algorithm based on the sequential hybridization of the CAP and k-
means++ algorithms [8]. The CAP algorithm generates the initial clusters, which are refined using the k-means++
algorithm. However, k-means++ may produce suboptimal results in the presence of noise or outliers, as it relies on
centroids that may not represent actual fingerprints and assumes spherical clusters, which can be problematic.

Guo et al. (2024) proposed a hybrid density peak clustering (DPC) and mean-shift algorithm to enhance accuracy and
robustness, addressing limitations in traditional DPC methods [13]. While this approach offers improvements, it still
faces challenges in dealing with noisy databases that have significant variations in density, which can affect clustering
performance and stability.

Kaur & Singh (2015) proposed a hybrid clustering algorithm combining the Balanced Iterative Reducing and
Clustering using Hierarchies (BIRCH) algorithm with k-means to enhance clustering performance [14]. BIRCH
generates numerous initial clusters, later refined by k-means. However, managing these clusters becomes increasingly
challenging in large, incrementally growing databases. Additionally, k-means’ requirement for predefined cluster
numbers can result in suboptimal performance when the true number of clusters varies.
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Amiri et al. (2017) presented a hybrid clustering algorithm combining k-means with single linkage clustering [15].
This method uses k-means to generate initial clusters, followed by single linkage clustering for merging. However, k-
means performs poorly on unstructured data, making it unsuitable for initial cluster generation, while single linkage
clustering is prone to chaining effects, producing elongated or irregular clusters.

Liu et al. (2025) proposed a hybrid clustering algorithm combining k-means with particle swarm optimization (PSO)
[16]. The PSO optimizes the cluster centroids instead of relying solely on random initialization, while k-means refines
clusters using a fitness function based on minimum spanning tree (MST) and local centroids. This improves cluster
compactness and separation. However, the method inherits k-means’ sensitivity to the number of clusters to be generated
and the spherical cluster assumption, and the added PSO and MST computations increase complexity for large databases.

Woo et al. (2025) proposed a two-phase hybrid clustering framework that integrates deep feature extraction with
K-means (HDF-Kmeans) clustering [17]. Autoencoder and LSTM models extract latent features, which K-means then
uses to form clusters. This improves clustering quality compared to using K-means alone. However, the method relies
on supervised training for feature extraction, increases computational complexity, and depends on fixed data
segmentation, which may limit flexibility.

Al-Nussairi et al. (2025) proposed a hybrid clustering framework that uses K- means to initialize HDBSCAN,
combining centroid-based and density-based clustering [18]. This approach improves cluster stability, accuracy, and
noise handling compared to using HDBSCAN alone. However, it increases computational complexity and still depends
on careful parameter tuning for optimal performance.

A summary of hybrid clustering approaches presented in earlier research works and their limitations is provided in
Table 1.

Table 1. Summary of proposed hybrid clustering strategies and their limitations

Re\:‘veorfli\ce Hybrslg ;:::;;erlng Limitations
Lin et al. [12] GMM-Modified GMM i§ sensitive to parameter selection and may create uneven group sizes due to grouping based on a few strongest
k-NN RSRP signals
Guo et al. [13] DPC-Mean-shift Performance drops with noisy database and highly varying densities, affecting clustering stability
Yaro et al. [8] CAP-k-means++ k-means++ assumes spherical clusters and is sensitive to noise/outliers; centroids may not represent real fingerprints

Difficult to manage large, growing database; k-means requires predefined cluster numbers, which can reduce

Kaur & Singh [14]  BIRCH -k-means performance if the true number of clusters varies

k-means-Single

Amiri et al. [15] k-means performs poorly on unstructured data; single linkage is prone to chaining, leading to elongated/irregular clusters

Linkage
Gholizadeh et al. K-DBSCAN k-means++ struggles with non-convex or irregular distributions; suboptimal initialization can affect DBSCAN’s
[11] performance, especially with noisy or varied-density databases
. Inherits k- means’ sensitivity to the number of clusters and its assumption of spherical cluster shapes, while the
Liuetal. [16] PSO-k-means additional PSO and MST computations increase complexity for large databases.
Woo et al. [17] HDF-k-means Relies on supervised training for feature extraction which increases computational complexity

Al-Nussairi et al.

18] k-means- HDBSCAN Increase in computational complexity and requires careful parameter tuning for optimal results.

Existing hybrid clustering approaches have improved clustering-based fingerprinting localization systems, but they
face notable limitations, as shown in Table 1. The GMM algorithm used in the hybrid GMM-modified k-NN algorithm
is sensitive to parameter selection and produces uneven cluster sizes. The DBSCAN algorithm used in the k-DBSCAN
algorithm is computationally intensive. Additionally, the k-means++ algorithm assumes spherical clusters and struggles
with non-convex or irregular data, which negatively affects DBSCAN algorithm performance in noisy or variable-
density databases. A similar limitation affects the CAP-k-means++ algorithm due to the reliance on the k-means++
algorithm. The DPC algorithm used in the DPC-mean-shift algorithm struggles with noisy fingerprint databases with
varying densities. The BIRCH algorithm in the hybrid BIRCH-k-means algorithm faces challenges in large,
incrementally growing databases. The single linkage clustering used in the hybrid k-means-single linkage clustering
suffers from chaining effects, producing elongated clusters, while k-means poorly handles unstructured fingerprint
databases. The PSO-k-means algorithm inherits k-means’ sensitivity to the number of clusters and spherical cluster
assumption, and the additional PSO and MST computations increase complexity for large databases. The HDF-k-means
algorithm relies on supervised training for feature extraction, which increases computational complexity. Finally, the k-
means-HDBSCAN algorithm has increased computational complexity and requires careful parameter tuning for optimal
results.

To address the limitations of previous hybrid clustering approaches, this paper proposes a hierarchical combination
of the CAP algorithm and the k-medoids algorithm, referred to as the CAP-medoids algorithm. In this approach, the
CAP algorithm performs coarse clustering by generating the initial clusters, while the k-medoids algorithm performs
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refinement within each initial cluster to improve intra-cluster compactness. This hierarchical structure enables the CAP-
medoids algorithm to achieve both computational efficiency and clustering robustness, offering a balance that other
hybrid methods do not provide. For example, in the hybrid CAP-k-means++ algorithm, the k-means++ algorithm can be
heavily affected by noise or outliers, and its assumption of spherical clusters often leads to suboptimal results. Similarly,
the k-DBSCAN algorithm relies on the k-means++ algorithm for initialization, which can produce poor starting clusters
that reduce the effectiveness of the DBSCAN algorithm. Additionally, the DBSCAN algorithm is computationally
intensive compared to either CAP or k-medoids algorithm. In contrast, the CAP algorithm quickly forms initial clusters
based on proximity to APs, providing a structured starting point, while the k-medoids algorithm refines these clusters by
minimizing dissimilarities, handling noise, RSS outliers, and irregular cluster shapes more effectively.

In the next section of the paper, the CAP-medoids algorithm clustering methodology is presented.

3- Proposed CAP-Medoids Algorithm Theoretical Foundation and Clustering Methodology

This section presents the theoretical foundation and a detailed description of the clustering methodology employed
by the proposed CAP-medoids algorithm. The proposed approach follows a hierarchical two stage structure. The first
stage performs coarse partitioning using the CAP algorithm, which operates on the principle of wireless AP dominance.
The second stage refines each initial partition using the k-medoids algorithm.

3-1-Theoretical Foundation of the Proposed CAP-Medoids Clustering Framework

RSS fingerprint vectors are strongly influenced by spatial proximity, multipath propagation, shadowing, and hardware
variability. In indoor environments, signal strength generally decays with distance according to large-scale path loss
models. As a result, the strongest RSS value in a fingerprint vector is often associated with the physically nearest wireless
AP. However, in realistic indoor environments, factors such as multipath fading, interference, and dynamic obstacles
can occasionally alter the dominant wireless AP measurement.

Despite these variations, the dominant wireless AP still provides a meaningful coarse indicator of spatial proximity.
Fingerprint vectors that share the same dominant wireless AP tend to be closer to one another than to vectors dominated
by other wireless APs. The CAP algorithm leverages this property for coarse clustering, grouping fingerprint vectors
based on dominant wireless APs to partition the global database into subspaces that reflect the spatial distribution of
signals. This approach reduces intra-cluster variance and limits the search space for subsequent refinement.

The second stage of the CAP-medoids framework applies the k-medoids algorithm to refine each coarse cluster. The
theoretical foundation of k-medoids is based on robust partitioning and representative selection. Unlike centroid-based
methods such as k-means, which compute cluster centers as the mean of all fingerprint vectors and assume convex cluster
shapes, k-medoids selects actual fingerprint vectors known as medoids as cluster representatives. This makes the
algorithm resilient to outliers, non-Gaussian distributions, and irregular cluster shapes, which are common in RSS
fingerprint databases.

Within each coarse cluster, k-medoids iteratively assigns each fingerprint vector to the nearest medoid according to
the chosen similarity metric, such as Euclidean or Manhattan distances, and updates medoids to minimize the total intra-
cluster dissimilarity. This process theoretically ensures that clusters are compact and homogeneous, with medoids
serving as physically meaningful representatives of the underlying data. By reducing intra-cluster distances and
improving cluster cohesion, k-medoids enhances the separability of subclusters and preserves the intrinsic spatial
relationships in the fingerprint space.

By combining CAP for coarse partitioning and k-medoids for fine refinement, the hierarchical CAP-medoids
framework maintains robustness under realistic indoor conditions, producing clusters that are both physically meaningful
and statistically compact. This theoretical foundation supports improved localization accuracy and reliability in
subsequent processing.

3-2- CAP-Medoids Clustering Methodology

This section describes the step-by-step implementation of the proposed CAP-medoids clustering algorithm. As earlier
stated, the clustering methodology follows a hierarchical two-stage approach. The first stage performs coarse partitioning
of the fingerprint database using the CAP algorithm, exploiting the dominance of the strongest wireless AP to create
physically meaningful clusters. The second stage refines these initial clusters using the k-medoids algorithm, improving
cluster compactness and reducing intra-cluster variability.

3-2-1- First-Stage: Generation of Initial Clusters

The initial clusters are generated using the CAP algorithm, which partitions fingerprint vectors according to their
dominant wireless AP. The dominant wireless AP is defined as the access point with the highest RSS measurement
within each fingerprint vector, typically corresponding to the physically nearest wireless AP [9].
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Let the fingerprint database (F) consist of N fingerprint vectors:

F = {fl,fz,f3, ""fN} (1)
f; = [rssi1,rsSig, . rssiy| fOr1<i<N )

where, f; is the i-th fingerprint vector M represents the number of wireless APs.

The clustering procedure of the CAP algorithm used for coarse clustering is described in Steps 1 and 2:

Step 1: Dominant Wireless AP Selection:
For each fingerprint vector, f;, determine the index of the dominant wireless AP. The index of the dominant wireless
AP is determined mathematically using Equation 3
k; = arg_max{rssiyl, TSS; 7, ...,rssl-_M} 3

where, k; denotes the index of the dominant wireless AP for f;.

Step 2: Cluster Assignment:
Assign each fingerprint vector f; to the cluster corresponding to its dominant wireless AP. This process generates M
initial clusters. The j-th cluster (C;), is defined as shown in Equation 4:

Ci={fi€Flk;=j} forl<j<M @

By grouping fingerprint vectors according to their dominant wireless AP, the global database F is partitioned into
physically meaningful subspaces. The resulting clusters, C;, are then refined using the k-medoids algorithm in the second
stage of the CAP-medoids clustering process. A detailed description of the cluster refinement stage of the CAP-medoids
algorithm is provided in the following section.

3-2-2- Second-stage: Cluster Refinement

The k-medoids algorithm is employed to further refine the clusters generated by the CAP algorithm (q) by
partitioning each cluster into K subclusters. This is done as follows:
Step 1: Medoids Initialization:

Select K initial medoids, {m,, .., m}, from C; here each m represents a medoid. These medoids are representatives
fingerprint vectors from the cluster.

Step 2: Cluster Assignment:

Assign each fingerprint vector f; ; € C; where f; ; represents the i-th fingerprint in cluster C;, to the nearest medoid
based on the chosen distance - based fingerprint similarity metric.

m, = arg_max d(fj_i,mk)} Q)

my €{my,.,my}

Sk = {fj,l € C]

where: S, is the set of fingerprint vectors assigned to medoids m,,, and d(-,-) denotes the chosen fingerprint similarity
metric.

Step 3: Medoid Update:

Update each medoid by selecting a new medoid from S, that minimizes the total intra-cluster distance determined
using Equation 6.

m; = arg_max Zf].'i d(f, fj,i) (6)
feSy

Step 4: Iteration:

Repeat Steps 2 and 3 until the medoids stabilize (no changes) or the improvement in the total intra-cluster distance
falls below a predefined threshold.
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Step 5: Clustering Result:

The refined clusters C; is partitioned into K clusters:
Cj = Ujk=15k ()

where, S, N S, = @ for k # k.

The cluster refinement from steps 1 to 5 guarantees that the fingerprint vectors within each subcluster are closely
clustered around their respective medoids, resulting in a more refined clustering structure. This refinement improves the
accuracy of subsequent localization processes. Figure 1 shows an overview of the clustering process used in the CAP-
medoids algorithm.

Fingerprint
database

Stage-1: Generation of initial clusters

* The number of clusters generate
corresponds to the number of wireless
APs deployed.

[ l-medoids algorithm J - - - - [ k-medoids algorithm ] Stage-2: Cluster refinement

* Hach cluster generated in the initial

stage 1z refined using k-medoids
LU= Gl s d(fj-f’mk)] algorithm.

my E{my .o}

Fe= Efm €C;

CAP + k-medoids clustered fingerprint database

Figure 1. The hierarchical clustering methodology of CAP-medoids algorithm

The next section of the paper provides a clustering performance analysis of the CAP-medoids algorithm across
different fingerprint databases and clustering configurations.

4- Simulation Results, Comparison and Discussion

This section evaluates the clustering performance of the CAP-medoids algorithm across a range of experimentally
generated fingerprint databases and clustering configurations. First, the simulation parameters used for the evaluation
are presented, followed by the clustering simulation results and comparative analysis.

4-1-Simulation Parameter

The CAP-medoids algorithm is evaluated across four experimentally generated, publicly accessible, RSS-based
fingerprint databases: SEUG_IndoorLoc [19], IIRC_IndoorLoc [20], PIEP_UM_IndoorLoc [21], and MSI_IndoorLoc
[22]. A summary of the characteristics of each fingerprint database, including the number of wireless APs, the number
of RLs, wireless technology, and the coverage area in which the fingerprint measurements were taken, is presented in
Table 2.

Table 2. Database characteristics considered for performance evaluation

Database characteristic

Fingerprint
Database Wireless technology ~ Number of APs (M)  Number of RL (N)  Coverage area (m?)
SEUG_IndoorLoc Wi-Fi 3 49 33
IIRC_IndoorLoc ZigBee 3 68 161
PIEP_UM_IndoorLoc Wi-Fi 8 1000 1000
MSI_IndoorLoc Wi-Fi 11 631 1000

Table 2 presents the characteristics of the fingerprint databases used to evaluate the CAP-medoids algorithm. The
databases differ in the number of wireless APs, ranging from 3 in SEUG_IndoorLoc and IIRC_IndoorLoc to 11 in
MSI_IndoorLoc. Coverage areas vary from 33 m2 in SEUG_IndoorLoc to 1000 m2 in both PIEP_UM _IndoorLoc
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and MSI_IndoorLoc. The number of reference locations (RLs) also varies considerably, with 49 in
SEUG _IndoorLoc, 68 in IIRC IndoorLoc, 1000 in PIEP_UM IndoorLoc, and 631 in MSI_IndoorLoc. These
databases provide diverse scenarios for assessing the performance of the CAP-medoids algorithm across different
wireless configurations.

Three commonly used similarity assessment metrics, namely Euclidean distance, Manhattan distance, and cosine
similarity distance, are considered as the fingerprint similarity metrics. To ensure optimal performance evaluation, the
number of clusters generated by the k-medoids algorithm is determined using the elbow method [23]. Additionally, the
silhouette score and Davies—Bouldin (DB) index are used as clustering performance metrics to evaluate the quality of
the clusters formed by the algorithm [24, 25]. The silhouette score for a fingerprint vector is defined as [24, 25]:

_ _b-ady
s(f) = max{b(fy),a(f)} .

where, a(f;) is the average intra-cluster distance and b(f;) is the average inter-cluster distance. The silhouette score
ranges from —1 to 1, with higher values indicating better cluster separation and cohesion.

The DB index is defined as [26]:

DB = %Zlemax (dimj) 9)

where K is the number of clusters, d; is the average distance between fingerprint vectors in cluster C; and its medoid,
and M;; is the distance between the medoids of cluster C; and C;. Lower DB values indicate more compact and well-
separated clusters.

4-2-Clustering Performance Comparison

In this section of the paper, the clustering performance of the CAP-medoids algorithm is evaluated using silhouette
score and DB index as clustering performance metrics. Its performance is compared with the standard k-medoids (sk-
medoids) algorithm, as well as other hybrid clustering algorithms reported in the literature, across all fingerprint
databases with characteristics provided in Table 2. First, the performance comparison between the CAP-medoids and
sk-medoids algorithms is presented, followed by the performance comparison between CAP-medoids and other hybrid
clustering algorithms.

4-2-1- Performance Comparison: CAP-medoids vs. sk-medoids Algorithms

Table 3 compares the silhouette scores of the CAP-medoids and sk-medoids algorithms on the SEUG_IndoorLoc,
IIRC_IndoorLoc, PIEP_UM_IndoorLoc, and MSI_IndoorLoc databases. Entries highlighted in green indicate the
clustering algorithm with the best performance based on the silhouette scores and DB index.

Table 3. Comparison of silhouette scores and DB indices between CAP-k-medoids and sk-medoids across the
SEUG_IndoorLoc, IIRC_IndoorLoc, PIEP_UM_IndoorLoc, and MSI_IndoorLoc database

Silhouette scores DB index
Database Similarity metric
sk-medoids CAP-medoids sk-medoids CAP-medoids
Euclidean distance 0.26 0.37 111 0.84
SEUG_IndoorLoc Manhattan distance 0.24 0.42 1.30 0.68
Cosine similarity 0.45 0.71 0.67 0.25
Euclidean 0.30 0.34 1.04 0.84
IIRC_IndoorLoc Manhattan 0.24 0.36 1.21 0.86
Cosine similarity 0.56 0.63 0.47 0.28
Euclidean distance 0.14 0.10 181 2.30
PIEP_UM_IndoorLoc  Manhattan distance 0.18 0.09 1.60 2.67
Cosine similarity 0.27 0.21 1.55 2.54
Euclidean distance 0.20 0.17 1.67 1.76
MSI_IndoorLoc Manhattan distance 0.18 0.16 1.56 191
Cosine similarity 0.33 0.23 1.60 2.10
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Performance Comparison Across SEUG_IndoorLoc Database

Examining the performance across the SEUG_IndoorLoc database, which can be considered a small-size database
with a fingerprint vector dimension of 3 and density of 49, it can be seen that the CAP-medoids algorithm generated
clusters with higher silhouette scores and lower DB indices compared to the sk-medoids algorithm. This is irrespective
of the similarity metric used, as shown graphically in Figure 2. Specifically, with the Euclidean distance as the similarity
metric, the CAP-medoids algorithm generated clusters with a mean silhouette score of 0.37, while the sk-medoids
algorithm generated clusters with a mean score of 0.26. This corresponds to an increase of about 42% in cluster cohesion
and separation. The mean DB index for the clusters generated decreased from 1.11 for the sk-medoids algorithm to 0.84
for the CAP-medoids algorithm, which represents a reduction of about 24%. These results indicate that the CAP-medoids
algorithm forms more compact clusters with improved inter-cluster separation with the Euclidean distance as the
similarity metric in the SEUG_IndoorLoc database.

m sk-medoids m CAP-medoids msk-medoids ® CAP-medoids
0.8 - 1.4 -
0.7 | 1.2 A
g 0.6 -1 1
& 05 A x
2 808 A
] 0.4 A £
m 4
£ 03 8 06
[%2]
0.2 - 0.4 1
0.1 A 0.2 A
0 - 0 -
Euclidean Manhattan cosine similarity Euclidean Manhattan cosine similarity
Similarity metric Similarity metric
(a) Silhouette scores comparison (b) DB indices comparison

Figure 2. Graphical comparison of silhouette scores and DB indices for CAP-k-medoids and sk-medoids on the
SEUG_IndoorLoc database

With the Manhattan distance as the similarity metric, the CAP-medoids algorithm generated clusters with a mean
silhouette score of 0.42, while the sk-medoids algorithm generated clusters with a mean score of 0.24. This reflects an
increase of about 75% in cluster cohesion and separation. The mean DB index for the clusters generated decreased from
1.30 for the sk-medoids algorithm to 0.68 for the CAP-medoids algorithm, which corresponds to a reduction of about
48%. The magnitude of improvement with the Manhattan distance as a similarity metric suggests that the CAP-medoids
algorithm better captures the structure of the fingerprint space when distance accumulation along dimensions is
considered.

The most pronounced performance improvement across the SEUG_IndoorLoc database was observed when the
cosine similarity distance was used as the similarity metric. The mean silhouette score of the clusters generated increased
from 0.45 for the sk-medoids algorithm to 0.71 for the CAP-medoids algorithm, which represents an increase of about
59%. The mean DB index decreased from 0.67 to 0.25, which corresponds to a reduction of about 63%. The very low
DB index and high silhouette score indicate strong intra-cluster similarity and clear inter-cluster boundaries.

These results confirm that the CAP-medoids algorithm consistently forms more compact and well-separated clusters
for the SEUG_IndoorLoc database. Across Euclidean, Manhattan, and cosine similarity distances as similarity metrics,
the CAP-medoids algorithm generated clusters with higher silhouette scores and lower DB index values, with
improvements ranging from about 42% to 75% in silhouette score and reductions of about 24% to 63% in DB index.
The strongest performance was observed with the cosine similarity distance as a similarity metric, where the algorithm
produced clusters with a mean silhouette score of 0.71 and a mean DB index of 0.25. This indicates strong intra-cluster
consistency and clear inter-cluster separation. Overall, the CAP-medoids algorithm demonstrates superior clustering
quality for this database, regardless of the similarity metric applied.

Performance Comparison Across IIRC_IndoorLoc Database

Extending the analysis to the 1IRC_IndoorLoc database, which has slightly higher density but the same fingerprint
vector dimension and is also categorized as small sized, the CAP-medoids algorithm again achieved better clustering
quality across all evaluated similarity metrics, as illustrated in Figure 3.
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Figure 3. Graphical comparison of silhouette scores and DB indices for CAP-k-medoids and sk-medoids on the
IIRC_IndoorLoc database

With the Euclidean distance as the similarity metric, the CAP-medoids algorithm generated clusters with a mean
silhouette score of 0.34, while the sk-medoids algorithm generated clusters with a mean score of 0.30. This represents
an increase of about 13%. The mean DB index decreased from 1.04 for the sk-medoids algorithm to 0.84 for the CAP-
medoids algorithm, which corresponds to a reduction of about 19%. These results indicate moderate improvement in
cluster compactness and separation with the Euclidean distance as a similarity metric.

Using Manhattan distance as the similarity metric, the CAP-medoids algorithm generated clusters with a mean
silhouette score of 0.36, while the sk-medoids algorithm generated clusters with a mean score of 0.24. This corresponds
to an increase of about 50%. The mean DB index decreased from 1.21 for the sk-medoids algorithm to 0.86 for the CAP-
medoids, which represents a reduction of about 29%. The improvement with the Manhattan distance as a similarity
metric is more pronounced than under the Euclidean distance.

Just like in the SEUG_IndoorLoc database, the strongest performance in the 1IRC_IndoorLoc database was
observed with the cosine similarity distance as a similarity metric. The mean silhouette score of the clusters
generated increased from 0.56 for the sk-medoids algorithm to 0.63 for the CAP-medoids algorithm, which
corresponds to an increase of about 13%. The mean DB index decreased from 0.47 to 0.28, which represents a
reduction of about 40%. The lower DB index indicates improved inter-cluster separation with tighter intra-cluster

grouping.
Overall, the CAP-medoids algorithm maintains superior clustering performance for the IIRC_IndoorLoc database

across all similarity metrics considered. The consistent gains in silhouette score and reductions in DB index confirm its
robustness even with slightly increased database density.

Performance Comparison Across PIEP_UM_IndoorLoc Database

The performance of the CAP-medoids algorithm on the PIEP_UM_IndoorLoc database shows a contrasting trend
compared to the smaller SEUG_IndoorLoc and IIRC_IndoorLoc databases. This database is considerably larger and
denser, with a fingerprint vector dimension of 8 and a density of 1000, which increases the complexity of clustering and
the variability in fingerprint vectors.

Across all similarity metrics considered, the CAP-medoids algorithm produced lower silhouette scores and higher
DB indices than the sk-medoids algorithm, as shown in Figure 4.

Using the Euclidean distance as a similarity metric, the mean silhouette score of the clusters generated decreased
from 0.14 for the sk-medoids algorithm to 0.10 for the CAP-medoids algorithm, while the DB index increased from
1.81 to 2.30. This respectively represents a decrease of about 29% and an increase of about 27% in the mean silhouette
scores and mean DB index. Using Manhattan distance, the mean silhouette score of the clusters generated dropped
from 0.18 for the sk-medoids algorithm to 0.09 for the CAP-medoids algorithm, a reduction of 50%. The DB index
rose from 1.60 to 2.67, which is an increase of about 67%. With cosine similarity distance, the silhouette score of the
clusters generated dropped from 0.27 to 0.21, a decrease of about 22%, while the DB index increased from 1.55 to
2.54, representing a rise of about 64%.
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Figure 4. Graphical comparison of silhouette scores and DB indices for CAP-k-medoids and sk-medoids on the
PIEP_UM_IndoorLoc database

These results indicate that the CAP-medoids algorithm struggles to maintain cluster compactness and separation in
larger, high-density databases. The consistent decreases in silhouette scores and increases in DB indices of the clusters
generated suggest weaker intra-cluster cohesion and greater overlap between clusters. This contrasts with its performance
on smaller databases, highlighting that the CAP-medoids algorithm is more effective for small-sized databases but less
suitable as the dimension and density increase, likely due to the increased diversity and sparsity of RSS patterns in the
fingerprint vectors.

Performance Comparison Across PIEP_UM_IndoorLoc Database

Figure 5 presents a graphical comparison of clustering performance for the PIEP_UM_IndoorLoc database across all
evaluated similarity metrics, highlighting the differences between the CAP-medoids and sk-medoids algorithms.
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Figure 5. Graphical comparison of silhouette scores and DB indices for CAP-k-medoids and sk-medoids on the
MSI_IndoorLoc database

The results for the MSI_IndoorLoc database show a similar trend to the PIEP_UM_IndoorLoc database, where the
CAP-medoids algorithm does not outperform the sk-medoids algorithm. This database is also large and dense, with a
fingerprint vector dimension of 11 and a density of 631. Compared to the smaller SEUG_IndoorLoc and IIRC_IndoorLoc
databases, the increase in database size and dimension appears to reduce the effectiveness of the CAP-medoids algorithm.

Using Euclidean distance as a similarity metric, the CAP-medoids algorithm generated clusters with a mean silhouette
score of 0.17, compared to 0.20 for the sk-medoids algorithm, representing a decrease of about 15%. The DB index
increased from 1.67 to 1.76, which is an increase of about 5%. With the Manhattan distance, the silhouette score
decreased from 0.18 to 0.16, a reduction of 11%, while the DB index increased from 1.56 to 1.91, corresponding to an
increase of about 22%. For cosine similarity distance, the silhouette score dropped from 0.33 to 0.23, a decrease of 30%,
and the DB index increased from 1.60 to 2.10, representing a rise of about 31%.
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These results indicate that the CAP-medoids algorithm struggles to maintain cluster compactness and separation in
larger, high-density databases. The consistent declines in silhouette scores and increases in DB indices of the clusters
generated suggest weaker intra-cluster cohesion and greater cluster overlap.

Overall Performance Analysis and Comparison: CAP-Medoids vs sk-Medoids Algorithms

The comparative analysis across all four evaluated fingerprint databases highlights a clear relationship between
database size, density, and the relative performance of the CAP-medoids and sk-medoids algorithms.

For small, dense databases such as SEUG_IndoorLoc and IIRC_IndoorLoc, the CAP-medoids algorithm consistently
outperforms the sk-medoids algorithm across all similarity metrics considered. The algorithm generated clusters with
higher silhouette scores, with increases ranging from about 13% to 75%, and lower DB indices, with reductions of
approximately 19% to 63%. The largest gains were observed using cosine similarity distance as a similarity metric,
where the CAP-medoids algorithm achieved strong intra-cluster cohesion and clear inter-cluster separation. These results
confirm that the CAP-medoids algorithm effectively captures the natural partitioning in small, dense fingerprint
databases, producing compact and well-separated clusters.

In contrast, for larger and high-density databases such as PIEP_UM _IndoorLoc and MSI_IndoorLoc, the performance
advantage of the CAP-medoids algorithm diminishes. Across Euclidean, Manhattan, and cosine similarity distances, the
CAP-medoids algorithm consistently produced clusters with lower silhouette scores and higher DB indices compared to
the sk-medoids algorithm. The declines in silhouette scores ranged from approximately 11% to 50%, while DB indices
increased by 5% to 67%. The largest discrepancies occurred with cosine similarity distance as a similarity metric,
suggesting that the CAP-medoids algorithm has difficulty maintaining angular separation in large and complex
fingerprint databases.

These observations indicate that the effectiveness of the CAP-medoids algorithm is strongly dependent on database
characteristics. It excels in small, dense databases with limited fingerprint vector dimensions and densities, but its
advantages decrease as database size and density increase. The sk-medoids algorithm, while slightly less effective in
small databases, provides more stable clustering outcomes in larger and dense fingerprint databases.

Overall, the comparison demonstrates that the CAP-medoids algorithm is the preferred choice for small, dense
fingerprint databases, whereas the sk-medoids algorithm may be more reliable for large-scale and high-density databases.
This trend is visually supported by Figures 2 to 5, which show the performance differences across all similarity metrics
and databases.

4-2-2- Performance comparison: CAP-medoids vs CAP-k-mean++ vs k-mean++-DBSCAN

Following the analysis of CAP-medoids versus sk medoids, it is important to examine how the CAP-medoids
algorithm performs relative to other hybrid clustering algorithms reported in the literature. This comparison highlights
its competitiveness not only against the sk-medoids algorithm but also against other hybrid approaches. Specifically, the
CAP-medoids algorithm is compared with CAP-k-means++ [8] and k-DBSCAN [11] to assess its relative effectiveness
in forming compact and well-separated clusters across the SEUG_IndoorLoc and 1IRC_IndoorLoc databases. Table 4
provide the silhouette score comparison between the CAP-k-medoids, CAP-k-means++, and k-means++-DBSCAN
algorithms across the SEUG_IndoorLoc and IIRC_IndoorLoc databases. Entries highlighted in green indicate the
clustering algorithm with the best performance, that is, the algorithm with the highest silhouette scores for each similarity
metric.

Table 4. Comparison of silhouette scores between CAP-k-medoids, CAP-k-means++, and k-DBSCAN on the
SEUG_IndoorLoc and IIRC_IndoorLoc databases

Silhouette scores

Database Similarity metric

CAP-k-mean++ k-DBSCAN CAP-medoids

Euclidean 0.37 0.13 0.37

IIRC_IndoorLoc Manhattan 0.37 0.24 0.42

Cosine similarity 0.64 0.25 0.71

Euclidean 0.37 0.29 0.37

SEUG_IndoorLoc Manhattan 0.34 0.30 0.42

Cosine similarity 0.69 0.29 0.71

The results show that the CAP-medoids algorithm generally generates clusters with higher mean silhouette scores
across both the IIRC_IndoorLoc and SEUG_IndoorLoc databases. For the IIRC_IndoorLoc database, using Euclidean
distance as a similarity metric, the CAP-medoids and CAP-k-means++ algorithms both generated clusters with a mean
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silhouette score of 0.37, while k-DBSCAN generated clusters with a mean score of 0.13. Using Manhattan distance, the
CAP-medoids algorithm generated clusters with a mean score of 0.42, slightly higher than those of the CAP-k-means++
algorithm at 0.37 and significantly higher than the k-DBSCAN algorithm at 0.24. With cosine similarity distance, the
CAP-medoids algorithm again performed best, generating clusters with a mean score of 0.71, compared to 0.64 for
CAP+k-means++ and 0.25 for k-DBSCAN.

A similar trend is observed for the SEUG_IndoorLoc database. Using Euclidean distance, the CAP-medoids and
CAP-k-means++ algorithms both produced clusters with a mean score of 0.37, while k-DBSCAN produced clusters with
a mean score of 0.29. Using Manhattan distance, CAP-medoids generated clusters with a mean score of 0.42,
outperforming 0.34 for CAP-k-means++ and 0.30 for k-DBSCAN. With cosine similarity distance, CAP medoids again
generated clusters with the highest mean score of 0.71, slightly higher than 0.69 for CAP-k-means++ and significantly
higher than 0.29 for k-DBSCAN.

These results indicate that the CAP-medoids algorithm consistently matches or outperforms other hybrid clustering
approaches, particularly for similarity metrics that capture angular relationships in fingerprint vectors. The CAP-k-
means++ algorithm shows competitive performance in some cases, while k-DBSCAN consistently underperforms across
all evaluated metrics. For the Euclidean distance metric, where the CAP-medoids and CAP-k-means++ algorithms show
comparable performance in both databases, the advantage of using the CAP-medoids algorithm arises from the second
stage of its processing. In this stage, the k-medoids algorithm selects actual fingerprint vectors as cluster centers, reducing
sensitivity to outliers and irregular RSS variations that frequently occur in fingerprinting-based indoor localization
environments. Overall, the CAP-medoids demonstrates robust clustering quality and strong adaptability across different
fingerprint databases, confirming its advantage over both traditional and hybrid alternatives.

5- Conclusion

The paper presents a hierarchical hybrid clustering approach that integrates CAP and k-medoids algorithms to enhance
clustering operations in fingerprint-based indoor localization systems. In the first stage, the CAP algorithm quickly
generates initial clusters based on the strongest RSS values from wireless APs, leveraging the natural dominance property
of fingerprint vectors. The second stage applies k-medoids to refine these clusters by selecting actual fingerprint vectors
as cluster centers, reducing sensitivity to noise, outliers, and irregular RSS variations. This approach ensures both
computational efficiency and improved cluster quality, addressing challenges commonly encountered in fingerprinting-
based indoor localization systems.

Simulation result and analysis across four fingerprint databases namely SEUG IndoorLoc, IIRC_IndoorLoc,
PIEP_UM _IndoorLoc, and MSI_IndoorLoc databases, demonstrates that the CAP-medoids algorithm consistently
produces more compact and well-separated clusters than the sk-medoids algorithm for small, dense fingerprint databases.
In SEUG_IndoorLoc and IIRC_IndoorLoc databases, silhouette scores of the clusters generated increased by 13% to
75%, and DB indices decreased by 19% to 63% across Euclidean, Manhattan, and cosine similarity distance metrics.
These results highlight the algorithm’s ability to maintain strong intra-cluster cohesion and clear inter-cluster separation.
For larger and high-density databases such as PIEP_UM_IndoorLoc and MSI_IndoorLoc, the CAP-medoids algorithm
showed reduced effectiveness, with silhouette scores of generated clusters decreasing by 11% to 50% and DB indices
increasing by up to 67% compared to the sk-medoids algorithm, suggesting that database size and density significantly
influence clustering performance.

Comparison with other hybrid algorithms, including CAP-k-means++ and k-DBSCAN algorithms, further confirms
the robustness of the CAP-medoids algorithm. It consistently matched or exceeded the CAP-k-means++ algorithm
performance and outperformed the k-DBSCAN algorithm across all similarity metrics considered, particularly for
angular metrics such as the cosine similarity distance. This demonstrates its adaptability across different fingerprint
databases and clustering contexts.

Overall, the CAP-medoids algorithm hybrid approach provides a reliable and flexible solution for fingerprinting-
based indoor localization clustering operations, particularly in small to moderately sized databases. Future research could
extend its applicability by exploring pattern-based similarity metrics, such as the context similarity coefficient (CSC),
or integrating CAP with alternative clustering techniques like affinity propagation or DBSCAN to further improve
clustering quality and robustness.
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