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Abstract 

Within the context of fingerprint database clustering, the density-based spatial clustering of applications with noise (DBSCAN) is notable 

for its robustness to outliers and ability to handle clusters of different sizes and shapes. However, its high computational burden limits its 

scalability for dense fingerprint databases. A hybrid two-stage clustering method, the CAP-DBSCAN algorithm, is proposed in this paper, 

designed to accelerate DBSCAN clustering while ensuring accuracy for fingerprint-based localisation systems. The CAP-DBSCAN 

algorithm employs the closest access point (CAP) algorithm to pre-cluster the database, while the DBSCAN algorithm performs clustering 

refinement. It dynamically adjusts the neighborhood radius (Eps) value for each pre-cluster using the k-distance plot method. The 

performance of the CAP-DBSCAN algorithm is determined across four publicly available received signal strength (RSS)-based fingerprint 

databases with Euclidean and Manhattan distances as fingerprint similarity metrics. This is benchmarked against the performances of the 

standard DBSCAN (s-DBSCAN) and k-means++-DBSCAN (k-DBSCAN) algorithms presented in previous research. Simulation results 

show that the CAP-DBSCAN algorithm consistently outperforms both the s-DBSCAN and k-DBSCAN algorithms, achieving higher 

silhouette scores, which indicates the generation of more compact and well-defined clusters. Furthermore, the CAP-DBSCAN algorithm 

demonstrates superior computational efficiency as a result of the CAP algorithm generating well-structured pre-clusters better than those 

generated by the k-means++ algorithm. This significantly reduces the computational burden of the cluster refinement process. Overall, 

using Manhattan distance as a fingerprint similarity metric results in the best clustering performance of the CAP-DBSCAN algorithm. 

These findings underscore the potential of the CAP-DBSCAN algorithm for practical applications in resource-constrained fingerprint-

based localization systems. 

Keywords: DBSCAN; Computational Efficiency; Proximity-Based Clustering; Fingerprint-Based Localization; Pre-clustering Approach. 

1. Introduction 

A fingerprint-based localisation system is commonly used for indoor localisation and estimates the position of an 

indoor target in two phases [1]: the offline phase and the online phase, with the offline phase being the focus of this 

paper. The offline phase involves creating a fingerprint database [2, 3]. This process begins with the reception and 

estimation of position-dependent signal parameters, such as received signal strength (RSS), from multiple spatially 

placed wireless access points (APs) at several reference locations (RLs) [1]. Next, fingerprint vectors are generated, 

which consist of all RSS measurements collected at each RL. Finally, these fingerprint vectors are stored in a database, 

commonly referred to as the fingerprint database or radio map, and mapped to their corresponding RLs [1]. In the second 
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phase, the online phase, the system estimates or predicts the location of an unknown indoor target using the fingerprint 

vector generated at the target's location [4]. This is achieved by searching the fingerprint database with a localization 

matching algorithm, such as the k-nearest neighbors (k-NN) algorithm [5], to identify the RL whose fingerprint vector 

has the highest similarity to the fingerprint vector obtained at the unknown target’s location. The RL of this fingerprint 

vector is considered the estimated location of the unknown indoor target. 

The density of the fingerprint database created at the offline phase of the localisation process has a significant impact 

on the accuracy with which the location of targets is determined in the online phase [6, 7]. The higher the density, i.e., 

the more RLs are used in generating the fingerprint database, the greater the localisation accuracy. However, this 

increases the localization computation time, as the matching algorithm requires more time to search through the 

fingerprint database to identify the fingerprint vector with the highest similarity. To solve this trade-off, clustering 

algorithms are used to partition the fingerprint database [8]. The accuracy of the clustering process is critical for 

improving the localization accuracy of the system. Among the various clustering algorithms, the density-based spatial 

clustering of applications with noise (DBSCAN) algorithm is preferred due to its ability to handle noise and discover 

arbitrary cluster shapes [7]. However, the standard DBSCAN (s-DBSCAN) algorithm has several limitations, one of 

which is its high computational cost, which can hinder its performance in large-scale or irregularly structured fingerprint 

databases [9, 10]. 

Several researchers have proposed different methods to reduce the computational burden of the DBSCAN algorithm 

while at the same time ensuring an accurate clustering process [7, 9–14]. These methods can be categorised into two, 

namely, algorithm modification and hybrid pre-clustering methods. The algorithm modification methods focus on 

altering the DBSCAN algorithm to reduce its computational burden. In contrast, the hybrid pre-clustering methods focus 

on using other clustering algorithms to perform pre-clustering and applying the DBSCAN algorithm to refine the pre-

clusters generated [15]. The pre-clustering using the auxiliary algorithms aims to generate well-structured and smaller 

sub-clusters for the DBSCAN algorithm to process efficiently. To accelerate the clustering process of the DBSCAN 

algorithm while ensuring accurate clustering, this paper proposes a new hybrid pre-clustering method referred to as the 

CAP-DBSCAN algorithm. The proposed algorithm uses the closest access point (CAP) algorithm to perform pre-

clustering with the DBSCAN algorithm performing cluster refinement. The CAP algorithm is a proximity-based 

clustering algorithm that groups fingerprint vectors based on the closest wireless APs, which are identified by the 

wireless AP having the highest RSS value in the fingerprint vector [16, 17]. Performing pre-clustering using the CAP 

algorithm ensures that well-structured and compacted initial clusters are generated for the DBSCAN algorithm to refine. 

This reduces the computational burden on the DBSCAN algorithm and ensures robust clustering performance, even for 

irregularly shaped fingerprint databases.  

The contributions of this paper are as follows: (a) the development of a clustering algorithm that integrates the CAP 

algorithm for pre-clustering with the DBSCAN algorithm for cluster refinement; and (b) the evaluation and identification 

of the optimal clustering configuration for the CAP-DBSCAN algorithm.  

2. Review of Related Works 

As previously stated, researchers have proposed various methods to reduce the computational burden of the DBSCAN 

algorithm, either by modifying the algorithm itself or by hybridizing it with other clustering algorithms. This section 

reviews and presents previous hybridization methods presented by researchers to reduce the computational burden, 

accelerate the clustering process, and improve the clustering accuracy of the DBSCAN algorithm. 

Thang et al. [15] proposed a method to accelerate the clustering process of the DBSCAN algorithm, referred to as 

FastDBSCAN. The FastDBSCAN algorithm groups the fingerprint database using the k-means algorithm, and each 

group is subsequently refined using the DBSCAN algorithm. While the k-means algorithm is effective for clustering 

fingerprint databases with spherical clusters, its performance degrades when applied to databases with non-spherical 

clusters or irregular fingerprint vector distributions. Additionally, the clustering performance of the k-means algorithm 

is highly dependent on the selection of the optimal number of clusters to be generated and fingerprint vectors chosen 

during the centroid initialization process. 

In Gholizadeh et al. [9], the authors presented another method referred to as the k-DBSCAN algorithm, which uses 

the k-means++ algorithm instead of the k-means algorithm to accelerate the clustering process of the DBSCAN 

algorithm. In this method, the k-means algorithm is replaced by the k-means++ algorithm, which addresses the poor 

initialisation of centroids in the standard k-means algorithm, resulting in more reliable and efficient 

clustering. Nonetheless, both k-means and k-means++ exhibit performance degradation when handling non-spherical 

clusters or irregular fingerprint vector distributions. 

Perafan-Lopez et al. [13] proposed a method called FA+GA-DBSCAN that integrates dimensionality reduction with 

the DBSCAN algorithm to accelerate the clustering process. The factor analysis (FA) method reduces the dimensionality 

of the fingerprint database, and then the DBSCAN algorithm is applied to the reduced fingerprint database. This reduces 
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the overall computational burden of the DBSCAN algorithm. However, the use of the FA method may lead to the loss 

of valuable information that could be important for the subsequent phase of the fingerprinting-based localization process, 

specifically the online phase. This loss of information could potentially degrade localization performance.  

Another method, namely BIRCHSCAN, was presented by Ventorim et al. [11], which uses the balanced iterative 

reducing and clustering using hierarchies (BIRCH) algorithm to pre-cluster the fingerprint database before refining using 

the DBSCAN algorithm. The BIRCH algorithm performs best when fingerprint databases have clusters that are 

approximately spherical and evenly distributed. However, in scenarios where a fingerprint database contains clusters 

with varying shapes or densities, the BIRCH algorithm may fail to accurately capture all relevant subclusters, leading to 

a biased sub-clustering. This will negatively impact the computational time of the DBSCAN algorithm, as it may require 

more time to process the subclusters. 

Kumar & Reddy [10] presented a method called the G-DBSCAN algorithm to accelerate the clustering process of 

the s-DBSCAN algorithm. The method involves applying grouping partition methods to identify subclusters using 

nearest neighbors with similar patterns in a specific fingerprint database. The G-DBSCAN algorithm has several 

limitations, including its reliance on the order in which the patterns are processed, which can affect the clustering results. 

Additionally, determining threshold distances between clusters requires scanning the entire fingerprint database.  

Sridevi & Rajanna [18] proposed the MBK-DBSCAN algorithm to reduce the computational burden of DBSCAN. 

It first applies the mini-batch K-means (MBK) algorithm for fast, scalable clustering, partitioning large datasets into 

fixed clusters using mini-batches. DBSCAN then refines these clusters by detecting outliers and improving boundary 

definitions. While MBK-DBSCAN improves efficiency and accuracy, it faces challenges such as the sensitivity of MBK 

to centroid initialization. 

Cheng et al. [19] propose GB-DBSCAN, a clustering algorithm that integrates granular-ball (GB) representation with 

DBSCAN to improve efficiency. Instead of clustering individual fingerprint vectors, the GB-DBSCAN algorithm groups 

nearby fingerprint vectors into GBs using k-nearest neighbors (KNN) and clusters them, significantly reducing 

computational cost. The approach enhances the clustering time of the DBSCAN algorithm while maintaining accuracy. 

However, it relies on proper GB formation and may struggle with databases where local density variations make defining 

GBs challenging. 

As seen from the earlier review literature, several methods have been presented to improve the performance of the 

DBSCAN algorithm by addressing its computational burden. The FastDBSCAN algorithm uses the k-means algorithm 

to initially group the fingerprint database, but its performance suffers with non-spherical and irregularly distributed 

clusters. The k-DBSCAN algorithm, which replaces the k-means algorithm with the k-means++ algorithm to improve 

fingerprint vector centroid initialization, also struggles with non-spherical clusters. The FA+GA-DBSCAN algorithm, 

which employs dimensionality reduction, results in information loss, which could degrade performance in the online 

phase. The BIRCHSCAN algorithm that performs pre-clustering using the BIRCH algorithm suffers degraded 

performance when applied to a fingerprint database with varying cluster shapes and density, leading to biased sub-

clustering and increased DBSCAN algorithm clustering time. The G-DBSCAN algorithm, which uses pattern-based 

grouping to create subclusters, suffers from dependence on fingerprint vector pattern processing order and challenges in 

determining threshold distances between subclusters. Similarly, the MBK-DBSCAN algorithm, which applies mini-

batch K-means (MBK) before DBSCAN to enhance efficiency, is sensitive to MBK centroid initialization, which can 

affect clustering accuracy. The GB-DBSCAN algorithm, which integrates GB representation with DBSCAN to reduce 

computational cost, relies on proper GB formation and may struggle with databases where local density variations make 

defining GBs challenging.  

The CAP algorithm considered in this paper for pre-clustering in the CAP-DBSCAN algorithm overcomes some 

limitations of pre-clustering methods used by other researchers. It is robust in handling non-spherical clusters, unlike the 

BIRCH algorithm in BIRCHSCAN, the k-means algorithm in FASTDBSCAN, and the k-means++ algorithm in k-

DBSCAN. The CAP algorithm is also insensitive to fingerprint vector pattern input order and threshold settings, unlike 

the grouping partition method in G-DBSCAN. It does not cause fingerprint feature information loss due to 

dimensionality reduction, as seen in FA+GA-DBSCAN, and does not rely on proper GB formation, unlike GB-

DBSCAN. 

3. Proposed CAP-DBSCAN Algorithm Clustering Methodology 

This section presents the clustering methodology for the proposed CAP-DBSCAN algorithm. As mentioned earlier, 

the CAP-DBSCAN algorithm integrates the CAP algorithm for pre-clustering and the DBSCAN algorithm for cluster 

refinement. This approach aims to improve clustering accuracy and reduce the computational burden of the DBSCAN 

algorithm. The CAP-DBSCAN clustering process consists of two stages, each detailed in the subsections below, with a 

graphical illustration provided in Figure 1. 
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Figure 1. Graphical representation of the CAP-DBSCAN clustering methodology 

3.1. First-Stage Clustering Process: Generation of Initial Clusters 

As earlier mentioned, the initial clusters for the proposed CAP-DBSCAN algorithm are generated using the CAP 

algorithm. The CAP algorithm partitions the fingerprint database based on the proximity to the wireless AP, which is 

identified by the wireless AP with the highest RSS value. 

Given a fingerprint database represented as F, containing N fingerprint vectors, where each fingerprint vector consists 

of a set of RSS measurements from M wireless APs, the database can be expressed as shown in Equation 1: 

F =  {f1, f2, f3, … , f𝑁} (1) 

where: f𝑖 represents the i-th fingerprint vector in the database, for 𝑖 = 1,2, … , 𝑁. Each fingerprint vector f𝑖 contains RSS 

measurements from M wireless APs, given by: f𝑖 = [𝑟𝑠𝑠𝑖,1, 𝑟𝑠𝑠𝑖,2, … , 𝑟𝑠𝑠𝑖,𝑀], where 𝑟𝑠𝑠𝑖,𝑗 denotes the RSS value from 

the j-th AP for the fingerprint vector f𝑖, with 𝑗 = 1,2, … , 𝑀 

The initial clusters are generated using the steps below: 

Step 1: AP selection: 

For each fingerprint vector, f𝑖, determine the index of the wireless AP with the highest RSS value using Equation 2. 

𝑘𝑖 = arg_max{f𝑖} (2) 

where 𝑘𝑖 denotes the index of the wireless AP with the maximum RSS value for the fingerprint vector, f𝑖. 

Step 2: Cluster assignment: 

Assign f𝑖 to the cluster corresponding to 𝑘𝑖. Thus, the fingerprint database is divided into M clusters, where the m-th 

cluster is defined as:  

𝐶𝑚 = {f𝑖 ∈ F|𝑘𝑖 = 𝑚}   𝑓𝑜𝑟 1 ≤ 𝑚 ≤ 𝑀 (3) 

where 𝐶𝑚 represents the set of fingerprint vectors assigned to the m-th cluster and each of the m-th cluster consists of 

fingerprint vectors in which the AP with the highest RSS value is AP m. 

The cluster assignment process in Equation 3 ensures that each fingerprint vector is associated with the wireless AP 

that produces the strongest signal. After partitioning the fingerprints into M clusters by the CAP algorithm, each of the 

M clusters is independently further refined using the DBSCAN. 

3.2. Second-Stage Clustering Process: Cluster Refinement 

In the second stage of the CAP-DBSCAN algorithm clustering process, each cluster 𝐶𝑗 generated by the CAP 

algorithm in the first stage is further refined using the DBSCAN algorithm. The DBSCAN algorithm uses 

neighbourhood radius (Esp) and the minimum number of fingerprints required to form a cluster (MinPts) as its clustering 

input parameters. Consider the m-th cluster denoted as 𝐶𝑚 such as 𝐶𝑚 ⊆ F. Below is a summary of the steps involved 

in further refining the m-th cluster using DBSCAN algorithm [7]. 
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Step 1: Parameter initialization:  

o Define the two parameters, namely, Esp and MinPts. In this paper, MinPts is set to 1 to avoid classifying fingerprint 
vectors as outliers, allowing clusters to consist of a single fingerprint vector. Also, the optimum value of Esp for 

each of the M clusters is determined using the k-distance plot method [12].  

Step 2: Neighbours and core fingerprint vectors identification: 

o Determine the similarity value of all possible fingerprint vector pairs in 𝐶𝑚. 

o For each fingerprint vector f𝑖
𝐶𝑚 ∈ 𝐶𝑚, identify the fingerprint vectors with a similarity value less than or equal to 

Esp. 

o If the number of fingerprint vectors (including f𝑖
𝐶𝑚) is greater or equal to MinPts, mark f𝑖

𝐶𝑚 as a core fingerprint 

vector. 

Step 3: Cluster expansion: 

o For each core fingerprint vector, f𝑖
𝐶𝑚 , retrieve all its ε-neighbourhoods, including f𝑖

𝐶𝑚 . 

o If the neighbouring fingerprint vector, f𝑗
𝐶𝑚  is also a core fingerprint vector, recursively fine-tune and add its ε-

neighbourhood fingerprint vectors to the cluster with f𝑖
𝐶𝑚  as the core fingerprint vector.  

o If f𝑗
𝐶𝑚  is not yet assigned to any cluster, assign it to the current cluster. 

Step 4: Handling border fingerprint vectors: 

o If a fingerprint vector is within the ϵ-neighbourhood of a core fingerprint vector but does not meet the core criteria 

(i.e., it has fewer than MinPts neighbours), mark it as a border fingerprint vector. 

o When applicable, assign border fingerprint vectors to the cluster of the nearest core fingerprint vector. 

Step 5: Cluster formation: 

o As the algorithm progresses, a cluster is formed by each core fingerprint vector and its connected fingerprint 

vectors.  

o The process continues until all fingerprint vectors have been assigned to clusters. 

Steps 1 to 5 for the DBSCAN algorithm are used to refine each of the initial M clusters generated by the CAP 

algorithm. Let 𝐶𝑚
𝐷𝐵𝑆𝐶𝐴𝑁  be the refined clusters produced by the DBSCAN algorithm within cluster 𝐶𝑚; then fingerprint 

vectors in 𝐶𝑚
𝐷𝐵𝑆𝐶𝐴𝑁  are: 

𝐶𝑚
𝐷𝐵𝑆𝐶𝐴𝑁 = {core fingerprint ∪ border fingerpint }  for 1 ≤ 𝑚 ≤ 𝑀 (4) 

where a core fingerprint is a fingerprint vector with at least MinPts neighbouring fingerprint vectors within a radius Eps, 

and a border fingerprint is a fingerprint vector within the ϵ-neighbourhood of a core fingerprint but with fewer than 

MinPts neighbours. 

The final clusters produced by CAP-DBSCAN are the refined DBSCAN clusters within each CAP-generated 

partition. If there are M partitions, the total number of clusters is given by: 

𝐶final = ⋃ 𝐶𝑚
𝐷𝐵𝑆𝐶𝐴𝑁

𝑀

𝑚=1

 (5) 

Thus, the total number of final clusters is the sum of the clusters identified by DBSCAN within each partition.  

3.3. CAP-DBSCAN Algorithm Computation Complexity 

In this subsection, the computational complexity (CC) of the proposed CAP-DBSCAN algorithm is determined. For 
a total of N fingerprint vectors in a database with M wireless APs, the CC for the CAP algorithm in the first stage of the 

clustering process is obtained as: 

𝐶𝐶𝐶𝐴𝑃 = 𝑂(𝑀𝑁)  (6)  

where N is the total number of fingerprint vectors and M is the total number of wireless APs. 

The CAP algorithm in the first stage generates a total of M clusters, where the size of each cluster is approximately 

𝑁𝐶𝑚
, which means: 

𝑁 =  ∑ 𝑁𝐶𝑚

𝑀

𝑚=1

 (7) 

where 𝑁𝐶𝑚
 represents the number of fingerprint vectors in the m-th cluster. 
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Let 𝐶𝑚 be the m-th cluster generated by the CAP algorithm. The CC for refining 𝐶𝑚 by the DBSCAN algorithm is 

obtained as: 

𝐶𝐶𝐷𝐵𝑆𝐶𝐴𝑁
𝐶𝑚 = 𝑂(𝑁𝐶𝑚

2 )  for 1 ≤ 𝑚 ≤ 𝑀 (8) 

For a total of M clusters, the total CC by the DBSCAN algorithm is: 

𝐶𝐶𝐷𝐵𝑆𝐶𝐴𝑁 =  ∑ 𝐶𝐶𝐷𝐵𝑆𝐶𝐴𝑁
𝐶𝑚

𝑀

𝑚=1

= 𝑂 ( ∑ 𝑁𝐶𝑚
2

𝑀

𝑚=1

) (9) 

The overall CC for the CAP-DBSCAN algorithm is obtained as: 

𝐶𝐶𝐶𝐴𝑃−𝐷𝐵𝑆𝐶𝐴𝑁 =  𝐶𝐶𝐶𝐴𝑃 + 𝐶𝐶𝐷𝐵𝑆𝐶𝐴𝑁  = 𝑂(𝑀𝑁) + 𝑂 ( ∑ 𝑁𝐶𝑚
2

𝑀

𝑚=1

) (10) 

4. Simulation Results, Comparison and Discussion 

The clustering performance of the CAP-DBSCAN algorithm is determined and presented in this section of the paper. 

First, the simulation parameters and setup are presented, followed by the clustering and CC performance comparison. 

4.1. Simulation Parameters and Setup 

Four experimentally generated, publicly available RSS-based fingerprint databases are used to evaluate the CAP-

DBSCAN algorithm: SEUG_IndoorLoc [20], PIEP_UM_IndoorLoc [21], IIRC_IndoorLoc [22], and MSI_IndoorLoc 

[23]. These databases differ in wireless technology, number of wireless APs, coverage area, and reference locations 

(RLs). SEUG_IndoorLoc, PIEP_UM_IndoorLoc, IIRC_IndoorLoc, and MSI_IndoorLoc contain 3, 8, 3, and 11 wireless 

APs, respectively. In terms of RLs, SEUG_IndoorLoc has 49, PIEP_UM_IndoorLoc has 1000, IIRC_IndoorLoc has 68, 

and MSI_IndoorLoc has 631. These variations provide diverse environmental scenarios for evaluating the CAP-

DBSCAN algorithm. Table 1 summarizes the characteristics of each fingerprint database. 

Table 1. Fingerprint database characteristics 

Fingerprint 

Database 

Database characteristic 

Wireless technology Number of APs (𝑴) Number of RL (𝑵) coverage area (m2) 

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 

The choice of fingerprint similarity metric greatly affects the clustering performance of the DBSCAN algorithm. 

Distance-based similarity metrics, particularly Euclidean and Manhattan distances, are commonly used and are both 

considered in this study. For clustering performance evaluation, the silhouette score is used. This metric measures how 

similar a fingerprint vector is to its assigned cluster compared to other clusters. The silhouette score ranges from 1 

(indicating well-defined, compact clusters) to -1 (representing poorly defined, overlapping clusters). Table 2 provides a 

summary of silhouette score ranges and their interpretations in the context of fingerprint database clustering. In this 

study, a silhouette score threshold of 0.25 is set as the minimum benchmark for acceptable clustering performance. A 

score above this threshold indicates that the clustering algorithm has successfully produced well-defined and distinct 

clusters. 

Table 2. Silhouette score ranges and their interpretation 

Silhouette Score Range Interpretation 

0.7 ≤ S ≤ 1 Very good clustering performance 

0.25 ≤ S < 0.7 Moderate clustering performance 

0.25 < S ≤ -1 Poor clustering performance 

The proposed CAP-DBSCAN algorithm is evaluated against the s-DBSCAN and k-DBSCAN algorithms presented 

by Gholizadeh et al. [9]. To prevent any fingerprint vector from being treated as an outlier, the MinPts parameter is set 

to 1. For a fair comparison, the clustering performance of all three algorithms is assessed at their respective optimal 

configurations, determined by the Eps parameter. The optimal Eps values for CAP-DBSCAN, k-DBSCAN, and s-

DBSCAN are identified using the k-distance plot method. Additionally, the optimal number of clusters for the k-

means++ algorithm in the pre-clustering stage of k-DBSCAN is determined using the elbow method [24]. 
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4.2. Clustering Performance Comparison With S-DBSCAN And K-DBSCAN Algorithms 

As previously stated, the proposed CAP-DBSCAN algorithm is evaluated against s-DBSCAN and k-DBSCAN using 
the silhouette score as the clustering performance metric across the four fingerprint databases summarized in Table 1. 
Table 3 presents a comparison of the silhouette scores for CAP-DBSCAN, s-DBSCAN, and k-DBSCAN across these 

databases. 

Table 3. Silhouette scores comparison across varying fingerprint databases and similarity metric 

Database Similarity metric 
Silhouette scores 

s-DBSCAN k-DBSCAN CAP-DBSCAN 

SEUG_IndoorLoc 
Euclidean 0.44 0.26 0.57 

Manhattan 0.44 0.26 0.67 

IIRC_IndoorLoc 
Euclidean 0.02 0.33 0.55 

Manhattan -0.06 0.28 0.31 

PIEP_UM_IndoorLoc 
Euclidean 0.20 0.26 0.52 

Manhattan 0.32 0.44 0.68 

MSI_IndoorLoc 
Euclidean 0.41 0.20 0.64 

Manhattan 0.61 0.56 0.68 

As shown in Table 3, the CAP-DBSCAN algorithm exhibits superior clustering performance across all four 
fingerprint databases and similarity metrics. It consistently achieves higher silhouette scores than both k-DBSCAN and 
s-DBSCAN, indicating the formation of more well-defined and compact clusters. In the SEUG_IndoorLoc database, all 
three algorithms produced clusters with silhouette scores above the 0.25 threshold, reflecting good clustering 
performance. However, the k-DBSCAN algorithm recorded the lowest silhouette scores among the three. In contrast, 

the CAP-DBSCAN algorithm achieved the highest silhouette scores of 0.57 and 0.67 using Euclidean and Manhattan 
distances as fingerprint similarity metrics, respectively. These scores represent improvements of approximately 23% and 
34% over s-DBSCAN and 54% and 61% over k-DBSCAN, respectively. Overall, for the SEUG_IndoorLoc database, 
CAP-DBSCAN delivers the best clustering performance, particularly when using Manhattan distance as the fingerprint 
similarity metric. 

For the IIRC_IndoorLoc database, both the k-DBSCAN and CAP-DBSCAN algorithms generated clusters with 
silhouette scores above the 0.25 threshold using Euclidean and Manhattan distances as fingerprint similarity metrics. In 
contrast, the s-DBSCAN algorithm produced clusters with scores below this threshold, indicating poor clustering 

performance. Among the three algorithms, CAP-DBSCAN achieved the highest silhouette scores of 0.55 and 0.31 with 
Euclidean and Manhattan distances, respectively. This represents a significant improvement of approximately 96% and 
120% over s-DBSCAN and 40% and 10% over k-DBSCAN. Overall, the CAP-DBSCAN algorithm demonstrated 
optimal performance on the IIRC_IndoorLoc database when using Euclidean distance as the similarity metric.  

Extending the analysis to the PIEP_UM_IndoorLoc database, both the k-DBSCAN and CAP-DBSCAN algorithms 
produced clusters with silhouette scores above the defined threshold using Euclidean and Manhattan distances as 
similarity metrics, indicating well-defined and compact clusters. In contrast, the s-DBSCAN algorithm only achieved 
scores above the threshold when using Manhattan distance. Among the three algorithms, the proposed CAP-DBSCAN 

algorithm achieved the highest silhouette scores of 0.52 and 0.68 with Euclidean and Manhattan distances, respectively. 
Compared to s-DBSCAN and k-DBSCAN, the CAP-DBSCAN algorithm generated clusters that were 62% and 60% 
more well-defined with Euclidean distance, and 53% and 35% more well-defined with Manhattan distance. Overall, the 
CAP-DBSCAN algorithm delivered optimal clustering performance on the PIEP_UM_IndoorLoc database when using 
Manhattan distance as the similarity metric. 

Finally, for the MSI_IndoorLoc database, both the s-DBSCAN and CAP-DBSCAN algorithms generated clusters 
with silhouette scores well above the defined threshold for both similarity metrics. In contrast, the k-DBSCAN algorithm 
only achieved scores above the threshold when using Manhattan distance. Notably, the CAP-DBSCAN algorithm 

produced clusters with the highest silhouette scores of 0.64 and 0.68 using Euclidean and Manhattan distances, 
respectively. This demonstrates its superior ability to generate well-defined and compact clusters compared to both s-
DBSCAN and k-DBSCAN. Specifically, the clusters generated by CAP-DBSCAN were 36% and 69% more well-
defined and compact than those of s-DBSCAN and k-DBSCAN, respectively, when using Euclidean distance. With 
Manhattan distance, the improvements were 10% and 18%, respectively. Overall, the CAP-DBSCAN algorithm 
achieved its best clustering performance on the MSI_IndoorLoc database when using Manhattan distance as the 

similarity metric. 

To further validate the improvement in clustering performance achieved by the CAP-DBSCAN algorithm, a paired 

t-test was conducted using the silhouette scores from all four fingerprint databases. The test was performed at a 
significance level of α = 0.05 with a degree of freedom of 1. Since the objective was to determine whether the CAP-
DBSCAN algorithm exhibits superior clustering performance compared to the s-DBSCAN and k-DBSCAN algorithms, 
a one-tailed t-test was employed. Table 4 summarizes the p-values obtained from the paired t-tests comparing s-
DBSCAN vs. CAP-DBSCAN and k-DBSCAN vs. CAP-DBSCAN. 
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Table 4. Paired t-test results comparing clustering performance of s-DBSCAN, k-DBSCAN, and CAP-DBSCAN 

Comparison p-value Significance (α = 0.05) 

s-DBSCAN vs. CAP-DBSCAN 0.0010 Significant 

k-DBSCAN vs. CAP-DBSCAN 0.0012 Significant 

At a significance level of α = 0.05, the results demonstrate that the CAP-DBSCAN algorithm significantly 

outperforms both the s-DBSCAN and k-DBSCAN algorithms, with p-values of 0.0010 and 0.0012, respectively—both 

well below the significance threshold. This provides strong evidence of a statistically significant improvement in the 

clustering performance of the CAP-DBSCAN algorithm compared to the other two algorithms. These findings further 

underscore the effectiveness of combining the CAP algorithm for pre-clustering with the DBSCAN algorithm for 

clustering refinement. 

Overall, the analysis of results across the four fingerprint databases underscores the superior clustering performance 

of the CAP-DBSCAN algorithm, which can be attributed to the effectiveness of the CAP algorithm used for pre-

clustering. By leveraging the CAP algorithm, CAP-DBSCAN consistently achieves higher silhouette scores compared 

to the s-DBSCAN and k-DBSCAN algorithms, demonstrating its ability to generate more well-defined and compact 

clusters. The statistical significance of these improvements is further confirmed by paired t-test results, with p-values 

below the significance threshold of 0.05, indicating that the performance gains are robust and not due to random chance. 

Additionally, the CAP-DBSCAN algorithm performs optimally when using Manhattan distance as the fingerprint 

similarity metric, suggesting that the databases favor similarity determination based on absolute distance differences 

rather than Euclidean distance. This aligns with the CAP algorithm's ability to handle complex data structures effectively 

during the pre-clustering stage. 

However, while the CAP-DBSCAN algorithm excels in clustering quality due to its innovative pre-clustering 

approach, it is equally important to evaluate its computational efficiency. A thorough assessment of the computational 

burden imposed by CAP-DBSCAN, relative to the s-DBSCAN and k-DBSCAN algorithms, is essential to determine its 

practicality for real-world applications. This evaluation is presented in the following subsection. 

4.3. Time Computational Complexity Comparison With S-DBSCAN And K-DBSCAN Algorithms 

Table 5 compares the computational complexity (CC) of the CAP-DBSCAN algorithm with the s-DBSCAN and k-

DBSCAN algorithms using big O notation. As previously stated, N represents the total number of fingerprints or RLs in 

the database, M denotes the number of wireless APs, K is the number of clusters generated by the k-means++ algorithm, 

𝑁𝑚 is the number of fingerprints within each initial cluster obtained by the CAP algorithm, and 𝑡 refers to the number 

of iterations performed by the k-means++ algorithm. 

Table 5. CC comparison with other algorithms [9] 

Clustering Algorithm CC 

DBSCAN 𝑂(𝑁2) 

k-DBSCAN 𝑂 (𝑡𝑁𝐾 + (
𝑁

𝐾
)

2

(1 +
𝐾(𝐾 − 1)

2
)) 

CAP-DBSCAN 𝑂 (𝑀𝑁 + ∑ 𝑁𝐶𝑚
2

𝑀

𝑚=1

) 

where: N is the total number of fingerprint vector in the database, K is the number of cluster generated during the k-

DBSCAN pre-clustering stage by the k-means++ algorithm, t is the number of iterations required for clustering in k-

DBSCAN algorithm, M is the number of initial clusters formed by the CAP algorithm in CAP-DBSCAN and 𝑁𝐶𝑚
 is the 

number of fingerprint vectors in the m-th cluster in CAP-DBSCAN. 

Table 6 presents the numerical CC values of the CAP-DBSCAN algorithm compared to the s-DBSCAN and k-

DBSCAN algorithms across all four fingerprint databases with varying characteristics, as shown in Table 3. 

Table 6. Numerical CC comparison 

Database 
TIME CC 

s-DBSCAN k-DBSCAN CAP-DBSCAN 

SEUG_IndoorLoc 2,401 1,3475 1,000 

IIRC_IndoorLoc 37,636 19,400 2004 

PIEP_UM_IndoorLoc 1,000,000 508,000 134,440 

MSI_IndoorLoc 398,161 206,021 54,234 
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The CC numerical values in Table 6 show that the CAP-DBSCAN algorithm has the lowest CC values, with 
significant time reductions compared to the k-DBSCAN and s-DBSCAN algorithms across all four fingerprint databases. 
For instance, in PIEP_UM_IndoorLoc, which is the largest fingerprint database, the CAP-DBSCAN algorithm has a 
processing time of about 134,400, compared to 508,000 and 1,000,000 for the k-DBSCAN and s-DBSCAN algorithms, 
respectively. This means that the CAP-DBSCAN algorithm achieved a percentage processing time reduction of about 
277% and 643% in comparison to the k-DBSCAN and s-DBSCAN algorithms, respectively. Similarly, in the 
MSI_IndoorLoc database, which is the second largest database, the CAP-DBSCAN algorithm has a processing time of 
about 54,234, which is substantially less than the 206,021 for k-DBSCAN and 398,161 for s-DBSCAN. This translates 
to about 280% and 634%, respectively, reductions in processing time achieved by the CAP-DBCAN algorithm in 
comparison to the k-DBSCAN and s-DBSCAN algorithms. 

Extending the analysis to the small-scale fingerprint databases, which are the SEUG_IndoorLoc and IIRC_IndoorLoc 
databases, the CAP-DBSCAN algorithm has the lowest processing time. In the SEUG_IndoorLoc database, the CAP-
DBSCAN algorithm has a processing time of about 1,000, which is about 35% and 140% faster than that of the k-
DBSCAN and s-DBSCAN algorithms, respectively. Also, in the IIRC_IndoorLoc database, the CAP-DBSCAN 
algorithm has a processing time of about 2,004, which is about 868% faster than the k-DBSCAN algorithm and 1,778% 
faster than the s-DBSCAN algorithm. The improved performance achieved by the CAP-DBSCAN algorithm can be 
attributed to its optimised pre-clustering processing using the CAP algorithm, which generates well-structured and 
compacted sub-clusters that minimise unnecessary computations. This low computational efficiency is especially 
valuable in large-scale, fingerprint-based localization systems where computational resources are limited. Overall, the 
CC analysis across the four fingerprint databases suggests that the CAP-DBCAN algorithm is a robust choice for 
clustering tasks in resource-constrained fingerprinting-based localization systems. This is due to its reduced 
computational costs with high clustering accuracy. 

In summary, based on silhouette score and CC comparison analysis, the CAP-DBSCAN algorithm has been 
established as a robust and efficient clustering technique, effectively addressing the limitations of the s-DBSCAN and 
k-DBSCAN algorithms. The s-DBSCAN algorithm suffers from a high computational burden, which is mitigated in the 
CAP-DBSCAN and k-DBSCAN algorithms through pre-clustering processing using the CAP and k-means++ 
algorithms, respectively. However, the performance of the k-DBSCAN algorithm heavily depends on the effectiveness 
of the k-means++ algorithm, which, in turn, is influenced by factors such as the structure of the fingerprint database and 
the predefined number of clusters. In contrast, the CAP-DBSCAN algorithm consistently produces well-structured 
clusters for the DBSCAN algorithm refinement process, regardless of whether the fingerprint database is structured or 
unstructured. Notably, this is achieved without requiring optimal input parameter selection for the CAP algorithm. These 
findings highlight the potential of the CAP-DBSCAN algorithm for practical applications in resource-constrained 
fingerprint-based localization and other applications requiring robust clustering techniques. 

5. Conclusion 

This paper aims to improve the clustering performance and computational efficiency of the DBSCAN algorithm, 
particularly when dealing with fingerprint databases of varying densities, as a single Eps value cannot effectively 
accommodate all cluster types. To address this, the paper proposes a hybrid pre-clustering algorithm called the CAP-
DBSCAN algorithm. The CAP-DBSCAN algorithm integrates the CAP algorithm, a wireless AP proximity-based 
clustering approach, to generate initial clusters. Each of these clusters is subsequently refined using the DBSCAN 
algorithm, with the Eps value for each cluster determined dynamically using the k-distance plot method. The 
performance of the CAP-DBSCAN algorithm is evaluated on four fingerprint databases with varying characteristics, 
using both Euclidean and Manhattan distances as similarity metrics. Simulation results demonstrate that the CAP-
DBSCAN algorithm is computationally more efficient compared to the s-DBSCAN and k-DBSCAN algorithms 
presented in previous studies. Clustering performance, assessed using the Silhouette score as a performance metric, 
reveals that the CAP-DBSCAN algorithm consistently generates clusters that are better separated and more compact 
across all four fingerprint databases considered. Additionally, the CAP algorithm’s pre-clustering process is independent 
of input parameters, unlike the k-means++ algorithm employed in the k-DBSCAN algorithm. Overall, the optimal 
clustering performance of the proposed CAP-DBSCAN algorithm is achieved when Manhattan distance is used as the 
fingerprint similarity metric.  

Since the performance of the DBSCAN algorithm is also influenced by the choice of fingerprint similarity metric, 
future work will explore the potential of incorporating a pattern-based fingerprint similarity metric. This approach 
contrasts with the commonly used distance-based metrics and aims to further enhance the effectiveness of the CAP-
DBSCAN algorithm. 
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