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The object of this study is the clustering of water
quality data characterized by complex distribution
patterns, irregular cluster shapes, and local densi-
ty variations. The main problem encountered is the
limitation of conventional methods such as K-means
in achieving optimal cluster separation when the
data has uneven distribution, overlap between clus-
ters, and density imbalance. To overcome this, a clus-
tering approach based on local density optimiza-
tion (LDO) was developed, integrated with principal
component analysis (PCA) for dimension reduction
and Pasca distance (PaDi) to adjust distance cal-
culations according to local density variations. In
this approach, LDO serves to improve data distribu-
tion by maintaining global topology and local den-
sity consistency before performing cluster forma-
tion using the K-means algorithm. Testing on a real
water quality dataset shows that the combination of
PCA + LDO + PaDi + K-means achieves a Silhouette
score of 0.3450, a Davies-Bouldin index of 0.9149, and
a Calinski-Harabasz Index of 616.1674, which is supe-
rior to both standard K-means and PCA + K-means.
This improvement was achieved due to the LDO’s
ability to reduce density distortion, resulting in more
compact clusters, clearer boundaries, and reduced
classification errors in transition areas. The pro-
posed approach is characterized by adaptive density-
based transformation, sensitivity to local variations
through PaDi, and high stability in iterations, ensur-
ing robustness in diverse data conditions. Thus, this
approach is relevant for large-scale and real-time
water quality monitoring systems and can be extended
to other multidimensional datasets in the environ-
mental, industrial, and ecological fields with com-
plex distributions, providing a strong analytical basis
for decision-making and policy development
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1. Introduction

Advances in remote sensing technology, sensors, and en-
vironmental information systems have produced large-scale,
high-dimensional water quality data with increasingly com-
plex spatial and temporal structures [1]. This data not only
contains physical, chemical, and biological parameters, but
also represents the dynamic interaction between natural fac-
tors and human activities across various spatial and temporal
scales [2]. These characteristics result in uneven data distri-
bution, irregular cluster shapes, and significant local density
variations. This condition requires an analytical method that
can accurately reveal the data structure without ignoring
important information, thereby supporting effective water
resource monitoring and management processes.

One widely used analytical approach is cluster analysis,
which is a technique for grouping data based on the simi-
larity of characteristics [3]. In the context of water quality
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studies, this method has proven useful for identifying specific
conditions in a region, detecting anomalies, and mapping pol-
lution patterns [4], However, conventional algorithms such
as K-Means have limitations because they assume uniform
density and simple cluster shapes. In water quality data with
complex distributions, this classical method often produces
clusters that are less representative, blurred cluster boundar-
ies, and low accuracy in capturing important subtle patterns.
This phenomenon of uneven distribution and local density
variation is not merely a statistical disturbance, but rather an
inherent property of aquatic ecosystems [5]. If these condi-
tions are not properly accommodated, the results of the analy-
sis could potentially lead to misinterpretation and trigger
misguided policy decisions.

This issue has become increasingly critical amid global
challenges such as climate change, population growth, and
intensive industrialization, which have a significant impact
on water quality. Therefore, the development of the local




density optimization (LDO) method has become very im-
portant. LDO utilizes local density information as an active
element in the data transformation process, thereby balancing
local variations, maintaining global topology, and clarifying
the boundaries between clusters. The integration of LDO
with dimension reduction techniques and adaptive distance
formulations is expected to produce more compact, clearly
separated clusters with high accuracy, even in data with com-
plex distributions. Thus, research focused on developing local
density optimization methods to improve cluster structure
and separation in water quality data holds high scientific
relevance and significant strategic value. This topic has the
potential to make a major contribution to the improvement of
environmental monitoring systems and water resource man-
agement in the future.

These unresolved problems are mostly related to the de-
pendence on static parameters, high computational cost, low
sensitivity to outliers, and the inability of existing methods to
actively transform the data space structure to clarify cluster
boundaries. A way to overcome these difficulties is to develop
the new local density optimization method, which makes
density information an active mechanism in feature space
transformation. This approach aims to clarify cluster bound-
aries adaptively, efficiently, and improve sensitivity to density
variations and outliers. All these indicate that it is advisable
to conduct research on the new local density optimization
method for improving arrangement and separation in water
quality clustering, in order to produce water quality data seg-
mentation that is more accurate, stable, and representative of
natural distribution patterns.

2. Literature review and problem statement

3. The aim and objectives of the study

The paper [6] presents the results of a research on clus-
tering method based on shared neighbor graph and entropy,
which is shown to strengthen cluster separation and improve
resilience to outliers in medium-density data, but it is not
able to handle extreme density variations and overlapping
clusters. The paper [7] discussed a nonparametric adaptive
clustering (NAPC) approach that combines automatic cluster
center selection with divergence distance. It is shown that
this method reduces dependence on external parameters and
is effective on data with uneven distributions, but unresolved
issues arise on data with overlapping clusters, where the ac-
curacy of the method decreases.

The paper [8] proposed UIFDBC, a method without user
parameters designed to detect arbitrary-shaped clusters. It is
shown that this method is able to reduce manual intervention
and detect complex clusters with its limitations seen in low
sensitivity to outliers resulting in unstable clustering results
on high noise data. The paper [9] developed a fuzzy and
neighbor-weighted density peaking algorithm, which was
shown to effectively handle datasets with uneven densities
with the problem of maintaining stability of clustering results
on datasets with highly heterogeneous densities, along with
high computational cost for fuzzy weight adjustment. Re-
search [10] presents a comprehensive review of peak density
algorithms in the past decade. It is shown that most existing
methods are passive, using density information only as a stat-
ic indicator, thus failing to clarify cluster boundaries in data
with complicated distribution structures.

The paper [11] introduced local density based on weighted
K-nearest neighbors (LW-DPC), which redefines local density
based on the probabilistic contribution of neighbors. It is
shown that this method is more adaptive in detecting clusters
with varying densities. However, the high computational
cost on large datasets is a major bottleneck in its application.
The paper [12] developed three-way graph of local density
trend (3W-GLDT), which utilizes local density trend and
isolation forest to divide data into core and boundary regions.
It is shown that this method improves cluster mapping on
data with complex distributions, but the intensive parameter
tuning makes it less practical for large-scale datasets. The
paper [13] presents quick density clustering (QDC), which
combines the number of neighbors within a fixed radius with
the distance to the k nearest neighbors. It is shown that QDC
efficiently distinguishes areas of varying density, but remains
susceptible to noise in real-world data such as water quality.

This atudy aims to develop an adaptive clustering ap-
proach to the complexity of data distribution by optimizing
local density information. This approach is built through the
integration of LDO, PCA, and PaDi as a preprocessing stage
to improve the data structure, before clustering using the
K-Means algorithm. In this way, it is expected that the quality
of the cluster structure can be improved, the separation be-
tween clusters becomes clearer, and the analysis results are
more reliable to support water quality monitoring and various
other multidimensional applications.

To achieve these objectives, the activities carried out are:

- to design and implement local density optimization (LDO)
as a core component in the proposed approach, to improve data
distribution by maintaining global topology and local density
consistency;

- to integrate LDO with Principal Component Analysis (PCA)
for dimensionality reduction and Pasca distance (PaDi) for
adaptive distance calculation, and apply the transformation
results to K-Means for forming more compact and well-sepa-
rated clusters;

—-to compare the clustering visualization of the pro-
posed approach with conventional methods (K-Means and
PCA + K-Means) to demonstrate improvements in cluster
structure and quality;

- to evaluate the clustering performance using internal
validation metrics such as Silhouette coefficient, Davies-Boul-
din index, and Dunn index to prove the effectiveness and
robustness of the developed approach.

4. Materials and method

4.1. Object and hypothesis of the study

The object of this study is the clustering of water quality
data characterized by complex distribution patterns, irregu-
lar cluster shapes, and local density variations. The present
study employs a water quality dataset consisting of 120 sam-
ples measured across eight numerical parameters: total sus-
pended solid (TSS), dissolved oxygen (DO), chemical oxygen
demand (COD), biological oxygen demand (BOD), total phos-
phate, fecal coliform, total coliform, and pH. These parameters
are widely established in environmental research as funda-
mental indicators of water quality, covering physical, chem-
ical, and microbiological dimensions. Each parameter pro-
vides ecological significance, where TSS represents turbidity,



DO reflects the availability of dissolved oxygen essential for
aquatic organisms, COD and BOD describe the pollutant load,
total phosphate is associated with the risk of eutrophication,
while fecal coliform and total coliform are markers of biological
contamination. The pH parameter indicates acidity or alkalin-
ity, a factor that directly influences aquatic ecosystem stability.
Collectively, these variables provide a comprehensive per-
spective for characterizing the state of aquatic environments.

Initial observation of the dataset demonstrates substantial
heterogeneity in data distribution. Parameters such as DO,
pH, and total phosphate display relatively narrow ranges,
while microbiological indicators, particularly fecal coliform
and total coliform, vary across several orders of magnitude,
ranging from tens to millions. Such disparity generates out-
liers and complex local density variations that complicate
cluster formation. Conventional clustering algorithms such
as K-Means, which are constructed under the assumption of
homogeneous distribution and Euclidean distance, often fail
to provide reliable cluster separation under these conditions.
Based on this challenge, the central hypothesis of the research
is that integrating local density optimization (LDO), Principal
component analysis (PCA), and Pasca distance (PaDi) will en-
able the construction of cluster structures that are more rep-
resentative, stable, and clearly separable than those obtained
through traditional methods. Within this framework, LDO is
expected to balance local density and mitigate the influence
of outliers, PCA reduces data dimensionality while preserving
essential variance, and PaDi introduces an adaptive distance
that accounts for density differences between samples. To-
gether, these methods are anticipated to enhance intra-cluster
compactness, increase inter-cluster separation, and reduce
overlap, ultimately yielding improved internal evaluation
metrics such as the Silhouette score, Davies-Bouldin index,
and Calinski-Harabasz index.

The reliability of this study rests on several key assump-
tions. The dataset comprising 120 samples and eight variables
is assumed to be accurate, valid, and representative of actual
aquatic conditions. Preprocessing procedures including nor-
malization and handling of missing values are assumed to
have reduced potential measurement errors to a minimum,
ensuring that the variation analyzed reflects natural environ-
mental conditions. It is further assumed that the integration
of LDO, PCA, and PaDi constitutes an appropriate method-
ological strategy for addressing heterogeneity of distribution,
in contrast to the baseline K-Means which is limited by its ho-
mogeneous assumptions. Moreover, external environmental
dynamics not recorded in the dataset are considered constant
so as not to interfere with the clustering process. These as-
sumptions not only serve as methodological prerequisites but
also reinforce the conceptual foundation of the study.

In order to ensure methodological clarity and reproduc-
ibility, several simplifications were applied. The LDO com-
ponent was limited to two fundamental functions, namely
maintaining global structure and balancing local distribution,
without introducing more advanced mechanisms such as
multi-scale regularization or nonlinear transformations. PCA
was utilized in its linear form rather than kernel or nonlinear
variants to maintain transparency and facilitate interpretation
of results. Similarly, PaDi was extended only by adding a den-
sity-difference factor into its distance computation, avoiding
more complex adaptive weighting or probabilistic models.
The experimental scope was restricted to a medium-scale
dataset to keep the computational process efficient and to
enable detailed observation of the interaction among com-

ponents. These simplifications, while deliberately restrictive,
provide consistency and reproducibility, and conceptually
demonstrate that the integration of density optimization, lin-
ear dimensionality reduction, and distribution-based distance
is sufficient to generate cluster structures that are clearer,
more distinct, and ecologically meaningful in the interpreta-
tion of water quality data. To illustrate the characteristics of
the dataset, a subset of ten samples is presented in Table 1.
The table highlights the contrast in scale across variables,
where relatively stable values of DO and pH stand in stark
opposition to the highly variable fecal coliform and total co-
liform values, even within a limited number of observations.

Table 1
Sample dataset
Total Fecal Total
TSS | DO | COD | BOD | phos- coli- coli- pH
phate form form
2.0 4.0 8.0 2.6 0.1 92.0 150.0 0.76
3.0 4.5 19.2 3.1 0.14 92 150 0.88
3.0 4.4 16.0 2.9 0.12 930 2400 0.91
4.0 41 |4.793 | 1.32 0.18 1100 1400 0.87
4.0 4.2 8.0 2.5 0.11 230 750 0.81
5.0 4.1 8.0 2.6 0.1 150 210 0.78
5.0 4.0 8.0 3.0 0.21 750 2100 0.87
6.0 4.4 32.0 2.1 0.12 36 740.0 0.99
6.0 4.6 16.0 2.3 0.12 92.0 740.0 0.88
9.0 4.0 8.0 2.4 0.0016 280.0 350.0 0.96
7.0 4.0 8.0 2.9 0.22 750.0 1500.0 0.9
8.0 4.1 8.0 3.2 0.09 280.0 350.0 0.82
9.0 4.1 8.0 3.0 0.13 430.0 1500.0 0.82
11.0 | 425 | 16.0 2.1 0.12 230.0 1500.0 0.84
12.0 3.8 8.0 2.6 0.19 750.0 2100.0 0.81

4. 2. Research approach

This research approach is designed in an integrated
process flow consisting of three main interconnected stages,
namely data preparation, development of local density op-
timization, and evaluation of clustering performance. The
process starts with the selection of the dataset and the de-
termination of the appropriate data transformation formula,
followed by the application of transformation techniques such
as dataset transformation, dimensionality reduction, and the
evaluation of clustering performance. [14], and determination
of distance formula [15] to ensure the data is in optimal con-
dition before clustering. Next, the approach continues with
the development of a local density optimization formula that
begins with an evaluation of the local connectedness in the
data, followed by the formulation and initial testing of the
optimization formula, as well as performance validation to
ensure its effectiveness. The developed formula is used in the
formulation of local-based clustering and visualized to display
a clearer cluster structure. The final stage is done by evaluat-
ing the performance of the clustering results with Silhouette
score [16], Davies-Bouldin index [17] and Calinski-Harabasz
index [18] and visualization comparisons to assess the clarity
and separability of clusters. These processes form a com-
prehensive research approach, as illustrated in Fig. 1 which
systematically depicts the logical linkages between each stage.
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Fig. 1. Research work steps

Fig. 1 illustrates the research process, which consists of
three main stages, starting with data preparation through
transformation and dimension reduction, followed by the de-
velopment of local density optimization to improve the cluster
structure, and ending with the evaluation of clustering per-
formance through a comparison of the visualization results.

4. 3. Pasca distance (PaDi)

Pasca distance is an approach to measuring the distance
between data designed to improve the quality of spatial repre-
sentation in the clustering process, especially when the data
has an uneven density distribution [19]. This formula consid-
ers not only the geometric distance between two points, but
also the difference in local density levels around those points.
As such, it is more adaptive to spatial variations and is able to
reduce the influence of extreme values in a multidimensional
space. Mathematically, the Pasca Distance between two data
points x; and x; with the formulation

Po-x]
1+|p(x;)-p(x, )

In this equation Djqqi(X;, ;) shows the Pasca distance value
between points x; and x;. Numerator ||x; — xj|| is the Euclide-
an norm that calculates the linear distance between the two
points in feature space. However, the main difference of this
approach lies in its denominator, which is 1 + |p(x;) — p(x)|,
which takes into account the absolute difference in local
density values around each point. Local density value p(x) is
calculated based on the number of neighbors within a certain
radius of the point. The greater the difference in density be-
tween two points, the greater the denominator, so the Paska
distance will be increased.

Dpaai (xi’yi) = ®

4. 4. Local density scenario in dimensional reduction
The local density problem in dimensionality reduction can
be done by calculating the local density using the distance be-
tween data points in low-dimensional space [11]. Illustration

of local density visualization of N data points {xi, x,}, x is in
a high-dimensional space and is mapped to a low-dimension-
al space {y1, y», ..., ¥} defining the distance between points in
high and low space d(x;, X)) = ||x;, /|2 and di(vi, yp) = |[ys yil |2
neighbors within a certain radius (r) using the original data
coordinates in high-dimensional space [20] with equation

m
inal
p;{mglna = 21(||yk —yj" < r). (2)
=
Local density pY"™#" is a data point, y; refers to how dense

other data points are around it in a space, be it the original
high-dimensional space or the reduced-dimensional space.
This value is determined by considering the total number of
data points in the dataset as m, where index j is used for iter-
ation or comparison of every other data point against point k.
The proximity measure between data points is calculated using
the distance d(x;, x;) which generally uses the Euclidean norm
or other appropriate norms depending on the context. To de-
termine whether a point y; is a local neighbor of yy, the radius R
is used, which is the maximum distance allowed for a point to
be categorized as part of the local neighborhood of point yj.

5. Development of local density optimization approach

5.1. Local density optimization formulation

Local density aims to ensure that the distribution of data
in a multidimensional projection becomes more uniform and
representative. This is done by adjusting the local density of
certain areas in the projection to match the expected density
based on the original data distribution. This approach aims to
reduce data density imbalances that often occur in the dimen-
sionality reduction process, such as areas that are too dense
or too sparse. In the local density constraint formula, the first
step is to calculate the number of neighbors within a certain
radius (r) using the original data coordinates in high-dimen-
sional space with the basic equation
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where y, denotes the position of point k, while y; denotes the po-
sition of point j in the data space. The parameter r is defined as
the distance threshold. The indicator function 1 (|[yx-y;l| <)
takes the value of one if the distance between points k and
Jj is less than or equal to r, and zero otherwise. Accordingly,
pgréinal represents the total number of points located within
the radius r around point k, thereby serving as a measure of the
local density of the data distribution at that point. This concept
aims to measure the local relationship of the original data as
a reference distribution. After the data is projected to a low
dimensional space (Projected), the local density is recalculated
with the same formula, but using the projection coordinates

pProjected:il(" _ -||<7’) (4)
K = Yk y] =0p

yr and y; are the positions of points k and j in low dimensional
space, function measures the distribution of neighbors after
projection, which will be compared to the original distribu-
tion in high-dimensional space. The distribution difference
between the high dimensional and low dimensional space
is calculated for each point k by the local density difference
using the following equation
2

Ak — (pfrojected _ pl(c)riginal) (5)

The difference of the formulas indicates how much
the distribution in the low space deviates from the original
distribution. To ensure that the deviation is calculated posi-
tively (regardless of direction), the equations used to calculate
the faithful distribution error of point k in formula (6) and
formula (7) are used to measure the total distortion of the
distribution in the entire dataset, the distribution error of all
points using the formula:

m . - 2
Lk — Z (plfnyected _ pltgrzgznal) , (6)
k=1

m 2
Projected Original
Ldensity _ z (pk rojected p rigina ) ] )
k=1

Equation (7) gives an overview of the main loss function
that will be minimized to maintain data distribution. By mini-
mizing Lgensiy» the distribution of data in projected space will be
closer to the original distribution in original space, to minimize
Lgensity» the gradient of the loss function calculated with respect
to the position of each point y, in low space with equation

6Ldensity _
Yk
_ < .[ Projected _  Original | . v, . yk_yj
;2 (Pk 2 ) 1("J’k YJ||SV) "yk _yT_"‘ ®)

The gradient in formula (8) provides a direction of change
to correct the position of the yy, so the local density in low space
is close to the density in high space. With update iterations
using the gradient descent rule with the following equation

8Ldensity
0 —.

9
P ©)

y](€t+1) =y

The position of yy is incrementally improved to reduce the
distribution error with the Local Density Constraint formula

m . . 2
Lk _ z (pi’rqected _ pl(c)ngmal) . (10)

k=1

The optimization process starts with inputting the data, pro-
jection space dimension, local density radius, and learning rate,
followed by determining the distance matrix between points as
a basis for comparison. Two components of loss are calculated,
namely topological loss which measures the difference in dis-
tance between points, and local density loss which assesses the
consistency of density after projection. The gradients of both
losses are used to correct the position of the points through
a gradient descent algorithm until an optimal projection is ob-
tained that preserves the global structure and local density of
the data. All these steps are summarized systematically in Fig. 2.
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Fig. 2. Local density optimization (LDO) diagram



Fig. 2 illustrates the optimization calculation flow, which
begins with the dataset and initial parameters such as space
dimensions, local density radius, and learning rate, followed
by the calculation of the distance matrix as the basis for eval-
uating the data structure. This process comprises two main
components the topological loss, which preserves the original
distance relationships between points, and the local density
loss, which maintains the density distribution according to
the target. These two components are derived into gradients to
determine the direction of data position improvement, which
is then applied in the coordinate update stage using the gradi-
ent descent method, resulting in an optimal data representa-
tion in terms of both topology and local density.

5. 2. Clustering with local density optimization

Local density optimization (LDO) is an approach that fo-
cuses on improving the spatial structure of data before the
clustering process is performed. This technique is designed to
balance two main aspects, namely global topological structure
and local density, so that the data distribution becomes more
representative and structured. In its implementation, LDO is ap-
plied before the dimensionality reduction and clustering process,
with the aim of ensuring that the spatial relationship between
points is maintained and the density distribution is not unequal:

1. Stability and dynamics of local density optimization
metrics.

Quality evaluation of the optimization process is con-
ducted through the visualization of the progression of four
key metrics: local density loss and its gradient, as well as
topological loss and its gradient. This visualization not only
provides a quantitative overview of the variation and stability
of the data at each iteration but also serves as the basis for
determining the most appropriate radius parameter to achieve
a balance between local density and global topological stability.
Therefore, the following graphs are presented to illustrate the
patterns of change in these four metrics over 100 iterations of
the LDO process, as visualized in Fig. 3.

Fig. 3 shows the transition of evaluation metrics in the lo-
cal density optimization process from a fluctuating initial con-
dition to stability. The local density loss increases sharply in
the initial phase, reflecting a high diversity of neighbors, and
then decreases and stabilizes, indicating a more uniform dis-
tribution of density among points. A similar pattern is shown
by the gradient local density loss, which rises early in the
process in response to spatial variation, then levels off as den-
sity consistency is achieved. Meanwhile, topological loss and
gradient topological loss display relatively constant low values
from the beginning, indicating that the spatial structure is
maintained without significant disturbance throughout the
process. Overall, these four metrics reflect the achievement
of a balanced and stable spatial representation, making them
a strong basis for proceeding to the clustering stage.

2. Cluster formation with local density optimization (LDO).

The process of cluster formation with LDO is done grad-
ually through iterations. Each iteration results in a change in
data position that increasingly forms a clearer cluster pattern.
Projected results are displayed in the form of two-dimensional
visualization after the application of LDO and PCA. Visualiza-
tion is done for 8 iterations with a total of 3 clusters in Fig. 4.

Fig. 4 presents the results of the clustering process per-
formed incrementally over eight iterations using a combined
approach of local density optimization (LDO), principal
component analysis (PCA), and the K-means algorithm with
the PaDi (Pasca distance) distance scheme. Each subplot
illustrates the distribution of data in the two-dimensional
space of PCA projections that have been optimized through
LDO, so that the dimensions displayed not only represent
the largest variations in the data, but also have been adjusted
to the local density. In the initial iterations, the clustering
results still show overlap between clusters, especially in the
transition area between two or more groups. This reflects the
initial condition where the spatial structure of the data is not
yet fully formed. However, as the iterations increase, there is
a significant improvement in the cluster structure formed.
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Starting from the fourth iteration, the data distribution
shows a more visually separated cluster pattern, with clear-
er and more compact inter-group boundaries. This indicates
that the LDO process has gradually succeeded in optimizing
the local density distribution, so that the K-means algo-
rithm can recognize and separate the cluster structure more
effectively. The stability of the cluster pattern that occurs
between the fifth and eighth iterations indicates that the
process has reached a convergent state, where the spatial
representation of the data is stable enough to maintain the
cluster configuration formed. Thus, these visual results
prove that the combination of LDO, PCA, and K-means
with PaDi adaptive distance is capable of producing more
structured and separate data segmentation, while improv-
ing the quality of clustering results in terms of topology
and density. After clustering is formed, the evaluation of
the clustering results is displayed in the evaluation metric
diagram in Fig. 5.

Fig. 5 shows the evaluation of LDO + PCA + K-means (PaDi)
clustering results based on three internal metrics, namely Silhou-
ette score, Davies-Bouldin index (DBI), and Calinski-Harabasz
index (CHI). It can be seen that the Silhouette score increases
consistently at each iteration, indicating a more compact and
well-separated cluster. In contrast, the DBI shows a downward
trend, indicating more effective separation between clusters.
CHI also increased sharply, reflecting that the variance between

clusters is more dominant than the variance within clusters.
These three metrics together confirm that the LDO approach
can progressively and significantly improve the quality of the
cluster structure.
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Fig. 5. Clustering evaluation results with local density
optimization

5. 3. Comparison of clustering visualization

A comparison of cluster visualization was conducted to
assess the extent to which each method was able to clearly sep-
arate clusters in complex water quality data. Three K-Means
approaches were compared a combination of PCA, Pasca dis-
tance, and LDO; the use of Pasca distance without dimension



reduction; and a combination of PCA and Pasca distance.
This comparison focused on the separation between clusters,
the density of data points within clusters, and the minimal
overlap between clusters:

1. Visualization of K-means clustering with PCA + Pasca
distance + LDO.

This visualization combines dimension reduction tech-
niques with PCA, distance optimization using Pasca distance,
and improved cluster separation with local density optimiza-
tion (LDO) with Fig. 6.

Fig. 6 shows that this combination produces a more reg-
ular distribution of data points, with clear distances between
clusters and minimal overlap between points.

2. Clustering visualization K-means with Pasca distance.

This approach uses K-means with Pasca distance without
dimension reduction or density optimization in Fig. 7.

Fig. 7 the visualization results show that although the dis-
tance between points in clusters is relatively consistent, some
clusters still have significant overlapping areas, especially in
data with high attribute similarity.

3. Clustering visualization K-means with PCA + Pasca
distance.

This visualization applies PCA to reduce dimensions, then
uses Pasca distance in the K-means process in Fig. 8.

Fig. 8 produces better cluster separation than the method
without PCA, but it is not as optimal as the combination
with LDO. Some clusters still show points that are close to
each other in the area between clusters.
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Fig. 6. Clustering visualization K-means with PCA+Pasca distance + LDO: a — iteration 1; b — iteration 2;
¢ — iteration 3; d — iteration 4
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Fig. 7. K-means with Pasca distance:
a — iteration 1; b — iteration 2; ¢ — iteration 3; d — iteration 4
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Fig. 8. K-means with Pasca distance: a — iteration 1; b — iteration 2; ¢ — iteration 3; d — iteration 4

5. 4. Evaluation of clustering performance

To assess the effectiveness of each clustering approach
used in this study, a quantitative evaluation was conducted
using three internal metrics, namely Silhouette score, Davies-
Bouldin index (DBI) and Calinski-Harabasz index (CHI).
These three metrics provide an overview of the cohesiveness
within clusters, the separation between clusters, and the over-

all distribution of cluster variance. The assessment results for
each activity are shown in Fig. 9.

Comparison of clustering results based on Fig. 9, a—c
shows a strong integration between local density optimi-
zation (LDO), principal component analysis (PCA), and
K-means with Pasca distance in forming a more optimal clus-
ter structure at each iteration.
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Fig. 9. Performance evaluation:
a — clustering with local density optimization; b — evaluation of K-means using PaDi distance with Silhouette score;
¢ — evaluation of K-means using PaDi distance with Davies-Bouldin index; d — evaluation of K-means using PaDi distance
with Calinski-Harabasz index; e — performance evaluation of PaDi clustering and PCA with Silhouette score; f— performance
evaluation of PaDi clustering and PCA with Silhouette score with Davies-Bouldin index; g — performance evaluation
of PaDi clustering and PCA with Silhouette score with Calinski-Harabasz index



Fig.9,a shows a consistent increase in Silhouette Score,
a gradual decrease in Davies-Bouldin index (DBI), and a spike in
Calinski-Harabasz index (CHI), which simultaneously indicate
better cluster cohesion, clearer separation between clusters, and
dominance of variance between clusters over within clusters.
The iterative visualization in Fig. 9, b illustrates the convergence
process of Pasca distance-based K-means, where in the initial it-
erations the distribution of points still overlaps and the centroids
are randomly distributed, but as the iterations increase, the cen-
troids move consistently towards the center of the data distribu-
tion and form increasingly stable clusters. Fig. 7 supports these
findings by showing the dynamics of the evaluation metrics
over the eight iterations, which shows a pattern of progressive
improvement in cluster quality: Silhouette Score increases, DBI
decreases, and CHI stabilizes after a spike in the initial iteration.
These results overall confirm that the integrated approach of
LDO, PCA, and K-means with Pasca distance not only acceler-
ates the convergence of the algorithm, but also produces a more
defined, stable, and appropriate cluster structure according to the
distributional characteristics of the analyzed data. As for the eval-
uation of cluster formation for all activities, it is shown in Table 1.

Table 2 shows that the PCA + LDO + PaDi approach
demonstrates the best evaluation performance across all met-
rics. Furthermore, this trend is illustrated in the comparison
evaluation graph in Fig. 10.

Fig. 10 provides a comparison of the performance of the
three clustering approaches. The highest Silhouette score is
achieved by LDO + PCA + K-means (PaDi), indicating optimal
cluster cohesion and separation. Meanwhile, the Davies-Boul-
din index decreased dramatically when the PCA component
was added and improved with the integration of LDO, indi-
cating that the clusters became less overlapping. The Calinski-
Harabasz index also improved significantly from the basic
K-means approach, corroborating the argument that the spatial
representation of LDO results facilitates clearer cluster seg-
mentation. Overall, these results show that the addition of the
PCA stage and local density optimization markedly improves
the quality of clustering results both visually and quantitatively.

Performance comparison of clustering evaluation

6. Discussion of the results of the PCA + LDO + PaDi
clustering approach for water quality

The main basis of the approach developed in this study
lies in the local density optimization (LDO) formulation pre-
sented through equations (3) to (10). The formula is designed
to minimize the difference in neighbor distribution between
the high-dimensional original space and the low-dimensional
projection space by utilizing the gradient descent mechanism.
This process enables the redistribution of data points so that the
local density is more balanced, while the global structure is pre-
served. The two main components underlying this formulation,
namely local density loss and topological loss, act as controllers
of the balance between local and global representations. The
conceptual flow of this calculation is shown in Fig. 2, which vi-
sualizes the optimization stages from data input, key parameter
selection (projection dimension, density radius, and learning
rate), to point position update. Thus, Fig. 2 emphasizes LDO’s
position as the foundation that ensures data quality before en-
tering the PaDi distance-based PCA and K-means stages.

The success of this formula in improving the data distribu-
tion can be observed through Fig. 3, which presents the dynam-
ics of the four evaluation metrics. The local density loss, which
at the beginning of the iteration shows a high value, gradually
decreases and reaches stability, indicating that the density
distribution is successfully balanced. This decreasing pattern
is followed by the stabilization of the previously fluctuating
local density loss gradient, thus indicating the convergence of
the optimization process. In contrast, the topological loss and
its gradient remained low throughout the iterations, indicating
that the global spatial structure was not disturbed. This find-
ing is important as it proves that LDO is able to correct local
distribution heterogeneity without compromising the global
integrity of the data.

The consistency of this improvement is further shown
in Fig. 4, which illustrates the dynamics of the data distribution
over the eight iterations. In the first three iterations, the clusters
formed still overlap and the boundaries between groups are not
clear. However, from the fourth iteration, there is a sig-
nificant transformation the clusters become internally
tighter and the distance between clusters widens. The

Table 2

Silhoutte Score

Davies-Bouldin Index

) Comparison of clustering with K-means fifth to eig}}th iteratiops show a stable pattern, thus

Matrix PaDi PCA + PaDi | PCA + LDO + PaDi demonstrating the achlevergent of convergence. These

Silhoustte score 0.0879 0.3401 0.3450 results confirm that density redistribution through

- — LDO directly contributes to the clarity of cluster for-

Davies-Bouldin index 2.6796 0.9361 0.9149 mation, which is an important prerequisite for the
Calinski-Harabasz index | 84.5790 604.5635 616.1674 effectiveness of dimensionality reduction by PCA.
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Fig. 10. Comparison of clustering with K-means: a — PaDi; b — PCA + PaDi; ¢ — PCA + LDO + PaDi



The change in the distribution structure is reinforced by
the results of the internal metrics evaluation in Fig. 5. The
Silhouette score value increases consistently over iterations,
reflecting improved cluster compactness and separability.
In contrast, the Davies-Bouldin index decreased, indicating
a reduced level of overlap between clusters. A significant in-
crease in the Calinski-Harabasz index indicates the dominance
of inter-cluster variance over within-cluster variance. The com-
bination of these three metrics shows the consistency of the
improvement, and confirms that LDO integration contributes
significantly to improving the quality of the cluster structure.

The superiority of the proposed approach becomes clearer
when compared with other methods. Fig. 6 displays the re-
sults of PCA + LDO + PaDi, where the distribution of points
is more even, the clusters are denser, and the boundaries be-
tween groups appear firm. This is in contrast to the condition
visualized in Fig. 7, which is a pure PaDi result. Although basic
clusters are formed, the overlapping areas are still quite large,
making the boundaries between groups unstable. Fig. 8 shows
the results of PCA + PaDi. This approach is better than pure
PaDi because PCA is able to highlight the global variation,
but the closeness between points in the transition area is still
visible. Thus, this visual comparison proves that the addition
of LDO before PCA is key to producing a stable and represen-
tative cluster structure.

The quantitative interpretation of the comparison is shown
in Fig.9 and Table 2. The Silhouette score value increased
sharply from 0.0879 (PaDi) to 0.3401 (PCA + PaDi), and
reached 0.3450 (PCA + LDO + PaDi). The Davies-Bouldin in-
dex value decreased significantly from 2.6796 to 0.9361, then
lower again at 0.9149. The Calinski-Harabasz Index spiked
from 84.5790 to 604.5635, then increased again to 616.1674.
Table 2 systematically summarizes these achievements, show-
ing the consistent superiority of the PCA + LDO + PaDi
approach across all performance indicators. This finding is
reinforced by Fig. 10, which presents the performance compar-
ison of the three approaches in graphical form. This visualiza-
tion clearly shows that PCA 4+ LDO + PaDi always comes out
ahead, with the highest Silhouette score, lowest Davies-Boul-
din index, and highest Calinski-Harabasz index. These graphs
complement the numerical data with visual representations
that reinforce the conclusion that LDO integration before PCA
results in a consistent and significant improvement in cluster-
ing performance.

When linked to previous literature, the advantages of
this approach are even more prominent. Graph-based and
entropy-based methods have advantages in dealing with out-
liers, but are limited to medium-density data. NAPC is able
to reduce dependence on the initial cluster center, but is still
weak in dealing with overlapping areas. UIFDBC offers flexi-
bility in cluster shape, but is not sensitive enough to outliers.
Fuzzy density peaking and variant-based approaches such as
LW-DPC and 3W-GLDT are adaptive to density variation, but
face the constraints of high computation and complex parame-
terization. In contrast, PCA + LDO + PaDi requires only two
main parameters, namely the number of PCA components
and the LDO radius, but remains superior in efficiency and
robustness to noise interference. From an applied perspec-
tive, this approach has great potential in environmental
quality monitoring, especially water quality analysis with
complex physical, chemical and microbiological variables.
A clearer cluster structure can be utilized for early detection
of pollution, policy evaluation, and more accurate mapping of
environmental conditions. The ideal application condition is

on medium-sized numerical datasets with preprocessing that
includes normalization, missing value handling, and outlier
detection. Expected impacts include firmer cluster separation,
reduced overlap, and improved stability of results, which in
turn supports data-driven decision-making.

Despite showing promising results, this study has some
limitations. The LDO process is relatively computationally
intensive, making it less efficient for very large datasets, and
the approach is only suitable for numerical data so categor-
ical variables need to be transformed first. In addition, the
determination of the number of PCA components and LDO
radius is still done manually, potentially resulting in subop-
timal configurations. Future research needs to be directed
at automating parameter selection through metaheuristic
optimization algorithms such as Bayesian optimization or
genetic algorithm, as well as enriching data representation
with autoencoder-based deep learning methods. These efforts
can be linked to the integration of the Internet of Things (IoT)
ecosystem for real-time water quality monitoring, so that
the PCA + LDO + PaDi model can be dynamically updated
following changes in data distribution. Thus, this approach
has the potential to support an early warning system against
pollution and build an environmental monitoring system that
is adaptive, scalable, and relevant to the needs in the era of
digital transformation.

Overall, the results of this study confirm that the integra-
tion of PCA, LDO, and PaDi is capable of producing more
stable, representative, and efficient clustering than other
approaches. Consistent improvements in evaluation metrics
as well as clarity of cluster structure prove the relevance of
this approach for water quality analysis with complex data
distributions. Furthermore, future development directions
that integrate metaheuristic optimization, deep learning, and
real-time data-driven IoT ecosystems open up great oppor-
tunities to build environmental monitoring systems that are
adaptive, scalable, and responsive to the dynamics of chang-
ing conditions in the field. Thus, this research not only pro-
vides methodological contributions, but also broad applicative
prospects for environmental resource management in the era
of digital transformation.

7. Conclusion

1. Local density optimization (LDO) successfully main-
tains the balance of data density distribution between the
high-dimensional space and its projection. Calculation of local
density loss and topological loss shows that after 100 iterations,
the distribution deviation can be suppressed to near zero with
more than 80% reduction in imbalance. This proves that the
LDO formulation is able to reduce overly dense or sparse areas
while maintaining the consistency of the global structure.

2.LDO integration before dimensionality reduction and
clustering results in a more balanced data distribution. Visu-
alization of the eight iterations shows that from the 4% to the
8™ iteration, the cluster pattern becomes clearer with more
compact inter-cluster boundaries. The process reaches conver-
gence at the 5th iteration with stability of the cluster pattern,
confirming that LDO accelerates the formation of separate and
uniform clusters.

3.LDO integration before dimensionality reduction and
clustering results in a more balanced data distribution. Visu-
alization of the eight iterations shows that from the 4™ to the
8™ iteration, the cluster pattern becomes clearer with more



compact inter-cluster boundaries. The process reaches conver-
gence at the 5% iteration with stability of the cluster pattern,
confirming that LDO accelerates the formation of separate and
uniform clusters.

4. Evaluation results with Silhouette score, Davies-Bouldin
index (DBI), and Calinski-Harabasz index (CHI) confirmed the
effectiveness of this approach. PCA + LDO + PaDi achieved
a Silhouette score of 0.3450 (292.3% improvement from the
baseline of 0.0879), DBI decreased to 0.9149 (65.8% improve-
ment from 2.6796), and CHI increased dramatically from
84.5790 to 616.1674. This achievement proves that the inte-
gration of LDO, PCA, and PaDi produces a more compact,
clearly separated, stable, and robust cluster structure against
iteration variations.
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