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Abstract. Density-based clustering can discover
clusters of arbitrary shapes while filtering noise, but
its scalability for large datasets remains a challenge.
Recent density-based clustering algorithms for large
datasets employ different scalability strategies, such as
parallelization, sampling, or reduction of the number
of comparisons, to address this issue. This study
compares density-based clustering algorithms for large
datasets by explicitly evaluating the above-mentioned
scalability strategies for processing large datasets under
the same framework. Experiments were conducted on
synthetic datasets scaled up to 50×. The results provide
a comparative analysis that highlights that parallelism
allows improving scalability, sampling reduces runtime
with a potential loss in quality, and reducing comparisons
between objects maintains clustering quality. These
findings support the selection of algorithms according
to available computational resources and dataset size,
which is very valuable in practice.
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1 Introduction

Clustering is a fundamental unsupervised learning
technique that groups objects into clusters
according to their similarity [23, 11]. Among the
different approaches, density-based clustering is
widely used because it can discover clusters of
arbitrary shapes while filtering noise [26, 20, 9].
However, as the volume of data increases, scaling
density-based clustering algorithms remains
a challenge [19].

Several scalability strategies for density-based
clustering algorithms have been proposed [15].
Some of these algorithms utilize parallelization
strategies by distributing the workload across
multiple processing cores. Others employ sampling
strategies to analyze only a representative subset of
the dataset. Another strategy focuses on reducing
the number of object-to-object comparisons to
enhance the speed of the clustering process.

Previous works have compared density-based
clustering algorithms for large datasets, focusing on
runtime and clustering quality [21], listing the main
characteristics of each algorithm [3], or evaluating
their effectiveness in distributed architectures that
exploit their parallelizable components [22, 14].
However, these studies do not explicitly evaluate
how different scalability strategies, such as
parallelism, sampling, or reducing the number
of object-to-object comparisons, improve the
scalability of density-based clustering algorithms
under the same framework.

This work builds upon those studies and makes
the following contributions:

— We evaluate the scalability of parallel
algorithms (S-DBSCAN, K-DBSCAN, and
RS-DBSCAN) by varying the number of
processing cores.

— We analyze the effect of sample size in
sampling-based algorithms (Improved KMeans
and RS-DBSCAN) on clustering quality
and runtime.
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— We present a comparative framework that
contrasts parallelism, sampling, and reduction
of comparisons (KNN-BLOCK-DBSCAN) under
the same experimental conditions.

The remainder of this paper is organized as
follows. Section 2 reviews related work on scalability
strategies for density-based clustering algorithms
for large datasets. Section 3 reviews the algorithms
under study. Section 4 describes the experimental
design. Section 5.1 presents and discusses the
results, and Section 6 concludes this work and
outlines directions for future research.

2 Related Work

Density-based clustering, introduced with
DBSCAN [8], has been widely studied due to
its ability to handle noise and non-convex cluster
shapes. However, DBSCAN is computationally
expensive for large datasets, which has motivated
the development of scalable algorithms. Existing
works on density-based clustering identify three
main scalability strategies to improve efficiency:
reduction of object-to-object comparisons,
parallelism, and sampling [4, 3, 16].

The process of identifying density-reachable
objects to compute density is costly; therefore,
reducing the number of comparisons between
objects to identify neighborhoods improves the
efficiency of density-based algorithms [4]. In parallel
processing, data is distributed across multiple
cores and processed simultaneously, which has
led to algorithms that apply different partitioning,
processing, and merging strategies [3, 14].
Sampling strategies reduce dataset size while
attempting to preserve representative structures
and subsequently propagate the clustering results
to the rest of the dataset. Consequently, the quality
of the result depends on the representativeness of
the sample [16, 6].

Using these three strategies, several
density-based clustering algorithms for large
datasets have been proposed [4]. Comparative
studies among these algorithms have also been
reported [15]; however, most of these comparisons
focus exclusively on parallel algorithms, since
they can be implemented in distributed computing

frameworks such as MapReduce and Apache
Spark [22, 14], and therefore center the comparison
on implementation and data-handling strategies
in those architectures. Other works compare
density-based clustering algorithms for large
datasets [21], but do not include the effect of
scalability strategies.

As far as we know, no study has conducted an
empirical comparison of scalability strategies
in density-based clustering algorithms for
large datasets within a unified experimental
framework. This motivates our study, which
investigates the advantages and limitations of these
scalability strategies.

3 Algorithms Under Study

This work analyzes five density-based clustering
algorithms designed for large datasets. All of them
are based on the density analysis and incorporate
different strategies to improve scalability.

S-DBSCAN [17] is a parallel adaptation of
DBSCAN. The algorithm randomly partitions
the dataset, applies DBSCAN independently to
each partition in parallel, and then merges the
resulting clusters based on their centroid distances.
Partitioning reduces the number of comparisons
because each object is only compared with
members of its partition, and all partitions can be
processed simultaneously.

Improved KMeans [16] is a density-based
algorithm that selects a random sample of the
dataset, analyzes the sample to extract an initial
set of clusters, and then assigns the remaining
objects either to these clusters or to new clusters if
needed. This reduces runtime but depends on the
representativeness of the sample.

K-DBSCAN [10] also uses a parallel strategy, but
the partitioning is not random. Instead, it partitions
the dataset using the KMeans++ algorithm. Each
partition is analyzed with DBSCAN in parallel. Then,
cluster merging is determined by measuring the
distance between their centroids and border points.
The final combination of clusters is also performed
with DBSCAN in parallel. This approach reduces
the number of comparisons while preserving the
DBSCAN result.

Computación y Sistemas, Vol. 30, No. 1, 2026, pp. 119–129
doi: 10.13053/CyS-30-1-6307

Adrián J. Ramírez-Díaz, José Fco. Martínez-Trinidad, et al.120

ISSN 2007-9737



KNN-BLOCK-DBSCAN [7] reduces the
complexity of density computation by minimizing
the number of comparisons between objects. It
builds a search structure that identifies neighboring
points without comparing all objects in the dataset.
The algorithm creates blocks of objects, classifies
them as core, non-core, or noise, and then forms
clusters by merging core blocks. This reduces
redundant comparisons and reduces runtime.

RS-DBSCAN [6] integrates sampling and parallel
processing. It extracts random samples, processes
them with RNN-DBSCAN (a density-based
clustering algorithm), and generates representative
objects from the resulting clusters. These
representative points are then clustered again
using RNN-DBSCAN, and finally all objects in
the dataset are assigned to the clusters derived
from the representative objects. This combination
leverages both parallelism and sample reduction.

The known time complexity of DBSCAN is
O(n2) [18], and algorithms that build on it, such as
S-DBSCAN and K-DBSCAN, reduce this cost to
approximately O((n/p)2) by processing p partitions
in parallel. RS-DBSCAN reports a complexity
of O(nr), where r represents the number of
representative categories, whereas Improved
KMeans has a complexity of O(ns), with s denoting
the size of the sample. KNN-BLOCK-DBSCAN
reports quadratic complexity in the worst case;
however, subquadratic behavior is expected
in practice because its block-based KNN
construction reduces the number of object-to-object
distance evaluations. Algorithms that process
independent partitions (S-DBSCAN, K-DBSCAN,
and RS-DBSCAN) are suitable for distributed
execution, while those based on sampling
(enhanced KMeans, RS-DBSCAN) benefit from
working on a smaller subset.

In summary, the density-based clustering
algorithms for large datasets analyzed in this
study are categorized according to the scalability
strategies employed, as follows:

— Parallelism: S-DBSCAN, K-DBSCAN,
RS-DBSCAN.

— Sampling: Improved KMeans, RS-DBSCAN.

— Reduction of comparisons:
KNN-BLOCK-DBSCAN.

Table 1. Datasets and parameter settings used to
evaluate density-based clustering algorithms

Dataset Objects Dim. MinPts ε

Flame 240 2 6 1.0
Pathbased 300 2 4 1.0
Jain 373 2 3 2.9
Compound 399 2 5 1.0
R15 600 2 3 0.3
Aggregation 788 2 6 1.21
2G unbalance 1050 2 7 0.1
Complex8 2551 2 4 14.89
Complex9 3031 2 5 12.1
Cluto-t4-8k 8000 2 10 9.5

4 Experimental Design

This section describes the design of the
experiments to evaluate the performance of
density-based clustering algorithms for large
datasets in terms of clustering quality and runtime.

4.1 Datasets

We conducted the experiments using a set of
ten synthetic datasets obtained from the Tomas
Barton repository [2], which have been widely
used in previous works to compare density-based
clustering algorithms. These datasets were
selected because they include diverse clustering
challenges representative of density-based
analysis, such as clusters with different densities,
non-convex shapes, and noise levels, as well as
clear ground-truth labels that facilitate reproducible
evaluation. Moreover, they have been commonly
used in previous studies to evaluate density-based
clustering algorithms. Table 1 summarizes the main
characteristics of these datasets, including the
name, number of objects, dimensionality, and the
parameter values for ε and minPts that, according
to the literature, provide suitable clustering results
with density-based algorithms [24, 10, 13].

To analyze the scalability of the algorithms, we
increased the number of objects in each dataset by
scaling them 10×, 20×, 30×, 40×, and 50×. Each
additional object was generated by selecting an
existing object as a reference and slightly perturbing
its position at random. The magnitude of this
perturbation was limited to a radius computed as
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the average distance to the nearest neighbors of
each selected object. In this way, the overall cluster
structure of the dataset was preserved, while only
the density of the regions was increased.

Although the original benchmarks contain
up to 8,000 objects, we utilized their scaled
versions, which contain up to 400,000 objects, a
data size considered in the literature as a large
dataset [6, 10, 16]. This dataset size enabled
us to establish a computational bottleneck in our
controlled environment. This was particularly
important for evaluating the performance benefits
and trade-offs associated with the scaling
strategies used in algorithms that exhibit quadratic
complexity (O(n2)).

4.2 Evaluation Metrics

Two external clustering quality metrics were
employed, both requiring ground-truth labels:
Normalized Mutual Information (NMI) [25] and
Adjusted Rand Index (ARI) [12]. These metrics
are commonly used in the literature to evaluate
density-based clustering algorithms [5, 1]. For
runtime experiments, execution times were
measured in seconds, excluding input/output
operations such as data loading and result storage.

4.3 Parameter Setting

Each algorithm under study was evaluated using
the parameters described below:

— S-DBSCAN and K-DBSCAN: Both algorithms
use three parameters: ε, minPts, and the
number of partitions. For ε and minPts, we
adopted the values reported in the literature
(see Table 1). The number of partitions
was varied across experiments with values
{2, 5, 10, 15, 20}.

— Improved KMeans (IKMEANS) and
KNN-BLOCK-DBSCAN: These algorithms
also rely on ε and minPts, for which we used
the values specified in Table 1. In addition,
IKMEANS requires the sample size as a
parameter. We evaluated the algorithm using
sample sizes corresponding to 10%, 20%, 30%,
40%, and 50% of the dataset.

— RS-DBSCAN: Unlike the previous algorithms,
RS-DBSCAN does not use ε or minPts.
Instead, it requires two parameters, k1 and k2,
to determine density. Following the authors’
recommendation [6], both parameters were set
equal to minPts. RS-DBSCAN also requires
the sample size and the number of partitions.
For these, we adopted the same criteria as
those applied to IKMEANS (sample size) and to
S-DBSCAN/K-DBSCAN (number of partitions).

5 Results and Discussion

This section presents the results of the experimental
evaluation. We analyze the effect of parallelism and
sampling on clustering quality and runtime. For
clarity, results are reported as averages across
all datasets for each configuration of parameters.
Quality was measured using the NMI and ARI
metrics, and runtime is reported in seconds. For a
fair comparison between the analyzed algorithms,
we implemented all of them in Python. The
experiments were performed on a computer with
two Intel Xeon E5-2620 processors at 2.40 GHz,
256 GB of RAM, and Linux Ubuntu 22.

5.1 Effect of Parallelism

Three algorithms incorporate parallelism:
K-DBSCAN, RS-DBSCAN, and S-DBSCAN.
Figures 1 and 2 show their average quality and
runtime, respectively. In the plots, the x-axis
corresponds to the dataset scaling factor (10×,
20×, 30×, 40×, and 50×), and within each scaling
factor, different numbers of cores are shown (2,
5, 10, 15, and 20). Each line corresponds to one
algorithm: K-DBSCAN (red), RS-DBSCAN (blue),
and S-DBSCAN (green).

Regarding clustering quality (Fig. 1), all
three algorithms show consistent results across
parameter combinations, with values around 0.6
on average. S-DBSCAN outperforms K-DBSCAN,
which in turn surpasses RS-DBSCAN. However,
neither the number of cores nor the increase
in dataset size produced noticeable changes in
clustering quality.

In contrast, runtime (Fig. 2) is highly affected by
dataset size; the runtime growth is approximately
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Fig. 1. Clustering quality mean (NMI) of parallel algorithms across dataset scales and number of cores
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Fig. 2. Runtime mean of parallel algorithms across dataset scales and number of cores

quadratic, as expected in density-based algorithms.
From 2 to 5 cores, there is the largest runtime
reduction, followed by a smaller but still notable
one from 5 to 10 cores.

The gain decreases from 10 to 15 cores,
and the smallest decreases from 15 to 20
cores. These results indicate that increasing the

number of cores beyond a certain point does not
substantially reduce runtime. Among the algorithms,
RS-DBSCAN required the highest runtime, followed
by K-DBSCAN, and S-DBSCAN achieved the
lowest runtime. Despite these differences, the
three algorithms consistently exhibited the same
expected parallel behavior.
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Fig. 3. Clustering quality mean (NMI) of sampling-based algorithms across dataset scales and number of cores
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Fig. 4. Runtime mean of sampling-based algorithms across dataset scales and number of cores

5.2 Effect of Sampling

Figures 3 and 4 show the results of the
sampling-based algorithms, IKMEANS (orange)
and RS-DBSCAN (blue). In these experiments, the
x-axis corresponds to the dataset scaling factor,
and within each factor, different sample sizes are

shown as percentages of the dataset (10%, 20%,
30%, 40%, and 50%). In contrast to the parallel
algorithms, which vary the number of partitions or
processing cores, this scalability strategy varies the
fraction of the dataset used as the sample.

For clustering quality (Fig. 3), IKMEANS shows
stable behavior across dataset sizes, indicating
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that the number of objects does not affect quality.
However, the quality strongly depends on sample
size: values are close to zero for 10% samples
and increase to around 0.6 for 50% samples.
RS-DBSCAN shows a slight decrease in quality
as dataset size increases, but this effect is minor.
The main trend is also linked to sample size: larger
samples yield lower quality, which indicates that the
process of extracting information from the sample
is affected by redundant data. In almost all cases,
RS-DBSCAN consistently achieves higher quality
compared to IKMEANS.

Regarding runtime (Fig. 4), both algorithms
exhibit increasing runtimes as sample size grows,
consistent with the higher computational effort of
processing larger samples. The increase in runtime
follows a quadratic trend, consistent with the
density-based clustering algorithms applied to each
sample. RS-DBSCAN required more runtime than
IKMEANS; however, both algorithms demonstrated
the same tendency: runtime increases as sample
size grows.

5.3 Evaluation of Scalability Strategies in
Density-Based Clustering for Large
Datasets

KNN-BLOCK-DBSCAN relies on reducing the
number of object-to-object comparisons and does
not use sampling or parallelism. To compare it
fairly with the other algorithms, we considered each
algorithm under its best-performing configuration:
IKMEANS with 50% sampling, S-DBSCAN and
K-DBSCAN with 20 cores, and RS-DBSCAN with
20 cores and 10% sampling. Figures 5 and 6 show
the results in terms of ARI and runtime, respectively,
across dataset sizes.

Regarding runtime (Fig. 6),
KNN-BLOCK-DBSCAN was the slowest algorithm,
reaching over 8000 seconds, being unable to
process datasets beyond the 40× scale. This result
indicates that reducing comparisons alone does
not guarantee lower runtime for large datasets. In
contrast, S-DBSCAN achieved the lowest runtime
among all algorithms.

In terms of clustering quality (Fig. 5),
KNN-BLOCK-DBSCAN consistently achieved
the highest ARI values, outperforming all other

algorithms. This suggests that the scalability
strategy of reducing object-to-object comparisons
better preserves cluster structure compared to
sampling or partitioning strategies, but with a longer
runtime. S-DBSCAN reached the second-best
quality, showing that parallel scalability strategies
reduced runtime while only moderately affecting
clustering quality.

Improved KMeans, although it has often been
reported as the fastest algorithm in prior studies,
required larger samples (50%) to achieve quality
comparable to that of K-DBSCAN and RS-DBSCAN.
Under these conditions, its runtime was similar
to that of the other algorithms, indicating that the
sample size plays an important role in balancing
quality and runtime.

Statistical analysis using one-way ANOVA
and post-hoc tests (α = 0.05) showed
that KNN-BLOCK-DBSCAN exhibited
significantly longer runtimes than the other
algorithms (p < 0.001). For clustering quality,
KNN-BLOCK-DBSCAN and S-DBSCAN obtained
the highest scores, with statistically significant
differences between KNN-BLOCK-DBSCAN and
Improved KMeans, RS-DBSCAN, and K-DBSCAN
(p < 0.001). No significant difference in quality
was observed between KNN-BLOCK-DBSCAN
and S-DBSCAN (p = 0.088). These results
indicate that S-DBSCAN achieved clustering
quality comparable to KNN-BLOCK-DBSCAN while
requiring substantially lower runtime.

To summarize the findings, Table 2 links each
scalability strategy to the corresponding algorithms
and the observed trade-offs between clustering
quality and runtime.

6 Conclusion and Future Work

This work presented an empirical evaluation
of five density-based clustering algorithms for
large datasets, each incorporating different
scalability strategies: parallelism (S-DBSCAN,
K-DBSCAN, RS-DBSCAN), sampling (Improved
KMeans, RS-DBSCAN), and object-to-object
comparison reduction (KNN-BLOCK-DBSCAN).
The experiments were conducted on synthetic
datasets scaled up to 50×, varying parameters
such as the number of cores and sample size.
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Fig. 5. Clustering quality mean (ARI) of density-based clustering algorithms across dataset scales
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Fig. 6. Clustering runtime mean of density-based clustering algorithms across dataset scales

From our experiments, we can conclude
that parallel scalability strategies effectively
reduce runtime without introducing statistically
significant losses in clustering quality. Specifically,
S-DBSCAN achieved the lowest runtime while
maintaining clustering quality comparable to

KNN-BLOCK-DBSCAN, indicating that parallel
partitioning successfully balances quality and
runtime. Conversely, sampling scalability strategies
achieve faster runtime but are highly sensitive to
sample size: small samples produce poor clustering
quality, while larger samples improve quality at the
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Table 2. Summary of scalability strategies, algorithms, and observed trade-offs between clustering quality and runtime

Scalability strategy Algorithms Quality Runtime
Parallelism S-DBSCAN, K-DBSCAN, RS-DBSCAN High–moderate Lowest
Sampling Improved KMeans, RS-DBSCAN Moderate–variable Low (depends on sample size)
Comparison reduction KNN-BLOCK-DBSCAN Highest Highest

cost of quadratic runtime growth. RS-DBSCAN
consistently achieved higher clustering quality
compared to improved K-means, but it also requires
longer runtime. Finally, KNN-BLOCK-DBSCAN,
based on a reduced object-to-object comparison
scalability strategy, obtained the highest clustering
quality but was the slowest algorithm.

Overall, our study indicates that each scalability
strategy involves trade-offs between quality
and runtime. Parallelism is the most effective
for large-scale scenarios when multiple cores
are available, sampling can be useful when
approximate solutions are acceptable, and
comparison reduction preserves quality at the
expense of runtime. These findings offer insights
for selecting algorithms depending on dataset size
and available computational resources, which is
very valuable in practice.

Future work should focus on developing new
density-based clustering algorithms that integrate
parallelism, sampling, and comparison-reduction
strategies. This approach could be explored
to achieve better scalability while preserving
clustering quality.
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