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ABSTRACT

Recharge areas play an important role in the subsurface hydrological cycle, especially in karst regions such
as Tuban Regency, which has unique hydrological and topographical conditions with steep morphology.
This research was conducted around the Krawak spring, as this spring is very important for the needs of
the surrounding community, so it must be maintained to ensure that the land function does not change,
especially the recharge area, thus preserving the sustainability of the Krawak spring. Considering the
difficult terrain for direct field surveys, this research utilizes a machine learning method based on
Principal Component Analysis (PCA) with Very Low Frequency (VLF) data and Landsat-8 satellite
imagery as supporting data. VLF data are used as training data for the machine learning model, whereas
Landsat-8 imagery serves as the main data source, which is processed to produce five classification
parameters, namely Normalized Difference Vegetation Index (NDVI), land cover, elevation, slope, and soil
type. The results of this classification are then weighted and scored to produce a map of the potential
recharge area distribution. The results of the PCA analysis show consistency with conventional scoring
methods as well as the results from VLF data, making this method effective for mapping recharge areas in
regions with challenging topography. This research provides an efficient and accurate alternative for
modeling recharge areas in karst environments, where with direct field surveys are limited.
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. INTRODUCTION soil moisture potential, and the earth's gravity [1]. The

) ) groundwater cycle begins in the groundwater recharge area,

Groundwater is the flow of rainwater beneath the earth’s  which is an area where groundwater flows vertically downward
surface that occurs due to geological structures, differences in or follows the slope of the aquifer [2]. Recharge areas play a
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crucial role in maintaining the sustainability of the global water
cycle. East Java Province is among the regions prone to water
crises, with 23 areas, including Tuban, falling into the critical
drought category [3]. In Tuban Regency, there are 9 sub-
districts with drought potential, including Singgahan and
Montong, which have many limestone or karst hills. Therefore,
the analysis and determination of recharge areas in Tuban,
particularly in Singgahan and Montong sub-districts, is very
important for maintaining groundwater sustainability.

Based on its geology shown in Figure 1, the research area
falls within the Rembang Zone with a morphology of hills and
folded valleys, commonly known as "the hilly district of
Rembang" [4]. This zone is bordered by the northern part of the
Java Sea and the Randublatung Depression Zone to the south,
with the Kujung Fault as the boundary. Meanwhile, the western
part is bordered by the Semarang-Rembang Zone and directly
connected to the northern plains of Madura Island in the eastern
part, interspersed with fluvial plains. The Rembang Zone has a
width of approximately 50 km, with the highest peak being
Gading (515 m above sea level), predominantly composed of
carbonate rocks [5]. Then, for the stratigraphic arrangement of

the Rembang Zone, the basement rocks are mainly covered by
metamorphic rocks of Cretaceous age, such as schist, phyllite,
and diorite igneous rocks. The overlying Ngimbang Formation
consists mainly of Oligocene age carbonate deposits of the
Kujung and Prupuh Formations. The formations above the
Kujung Formation, namely the Tuban Formation, Tawun
Formation, and Ngrayong Formation (middle Miocene to late
Miocene), consist of quartz sandstone with intercalations of
bioclastic limestone, sandy limestone, and claystone deposited
in shallow marine environments. For the Bulu Formation (late
Miocene), it is composed of bioclastic limestone, sandy
limestone, and intercalated limestone sandstone deposited in a
foreslope environment. Meanwhile, the Wonocolo Formation
(late Miocene) consists of sandy shale and sandy limestone
lithologies and is deposited in an open shelf environment. The
Ledok Formation (early Pliocene) consists of sandy limestone,
sandy shale, and limestone sandstone. The Mundu Formation
(early Pliocene) consists of types of marl, sandy limestone, and
limestone sandstone, and its depositional environment is in an
open shelf environment. Meanwhile, the Paciran Formation
(Pleistocene) consists of reef limestone, bioclastic limestone,
and chalk limestone [4].
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Fig. 1.

Geological map around the Krawak spring source.
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The landscape or morphology of this region is karst, which
has a unique hydrogeological condition resulting from a
combination of high rock solubility and secondary porosity in
the form of intensive faults and well-developed fractures. Areas
with karst landscapes are characterized by surface morphology
(exokarst) such as single hills, dolinas, springs, and the
disappearance of surface rivers that later become underground
rivers, as well as endocast morphology, indicated by the
presence of cave systems and underground river flows due to
the process of karstification [6]. Based on the type of karst
topography in the research area, an effective geophysical
method is needed to map underground rivers. One of the
selected methods is the Very Low Frequency Electromagnetic
(VLF-EM) method, because it can effectively detect
underground river flows in karst areas through differences in
conductivity caused by cracks filled with water [7]. Previous
research in Tuban and Pacitan used the VLF-EM method to
map underground rivers [8, 9]. To accurately determine the
recharge area, a scoring method is used to assess the relevant
parameters [10]. Mapping is carried out by utilizing
Geographic Information System (GIS) and remote sensing
data, as done by Magesh et al. [11], who used various
parameters such as lithology, slope, and land use. Various Al
methods are also used to determine the quality and potential of
groundwater. Che Nordin et al. [12] compared 4 Al methods,
Artificial Neural Networks (ANN), Adaptive Neuro-Fuzzy
Inference System (ANFIS), Evolutionary Algorithms (EA), and
Support Vector Machines (SVM), in modeling the biggest
challenges in determining groundwater quality. Pourghasemi et
al. [13] compared the SVM, Multivariate Adaptive Regression
Spline (MARS), and Random Forest (RF) methods in
determining recharge areas using parameters such as Digital
Elevation Model (DEM) and rainfall. Martinsen et al. [14] used
the RF method to predict recharge areas using satellite data.
Also, Abdelaziz et al. [15] used the Hierarchical Clustering
Analysis (HCA) and Principal Component Analysis (PCA)
methods to classify groundwater quality data and identify the
most critical parameters. Based on this study, there is an
opportunity to design a more effective system for identifying
recharge areas, using Very Low Frequency (VLF) data as
training data.

Through comprehensive analysis and examination of the
issue, it was determined that there is a necessity to develop a
system for automatic identification of recharge areas utilizing
machine learning, with VLF results serving as the training data.
A method is needed to minimize images based on various
parameters, including Normalized Difference Vegetation Index
(NDVI), DEM, land cover, and land slope, utilizing PCA to
enhance the identification process of recharge areas. This study
focuses on developing an automated system that can identify
recharge areas and generate PCA-reduced images based on
various relevant parameters. The Landsat-8 imagery was
obtained from USGS Earth Explorer in August 2023. Several
spectral bands were selected to optimize the identification of
groundwater recharge areas, including band 2 (blue), band 3
(green), band 4 (red), band 5 (near-infrared), band 6 (shortwave
infrared 1), and band 8 (panchromatic). The VLF-EM field
measurements were conducted to provide supporting
geophysical insights. The field survey consisted of multiple

acquisition lines of varying lengths, each measured at three
different frequencies per day to ensure comprehensive
subsurface characterization. Measurement stations were spaced
3 m apart for most of the survey lines, except for one shorter
line where measurements were taken at 1 m intervals to capture
finer subsurface variations. The number of measurement points
for each line varied, ranging from 77 to 105 points, depending
on the total line length. Data acquisition followed specific
orientations, with some lines oriented in a south-north
direction, whereas others were measured in an east-west or
west-east direction using inphase and quadrature components,
tilt, and total field values, which were recorded particularly on
selected survey lines to enhance data accuracy. Consequently,
the findings of this study include:

1. The creation of recharge area mapping models utilizing
VLF geophysical data through a machine Ilearning
approach which enhances identification accuracy and can
act as a reference for water resource management in
comparable regional contexts.

2. Reference for studies on image reduction utilizing the PCA
method and the role of machine learning in locating
recharge areas to assist in drought mitigation strategies.

3. Citation for government policies aimed at preserving
recharge areas, such as the Krawak spring, to guarantee
sustainable water resources and bolster regional spatial
planning.

II.  RELATED WORKS

This research is related to several previous studies, and the
literature review shows that the PCA method has been applied
before, but in a different context and with a different database.
The previous research used as a reference in this study is
presented in Table 1. Based on the literature review, a research
gap was identified regarding the use of VLF-EM geophysical
data in recharge area modeling using a machine learning
approach. Although the VLF method has long been used for
shallow geophysical mapping such as subsurface structure
identification, conductivity mapping, and groundwater zone
detection, its use as a primary data source for recharge area
modeling is still very limited. These limitations are particularly
evident in the minimal integration between the interpretation
results of VLF data and machine learning algorithms, which
have great potential to improve the accuracy of recharge area
predictions compared to conventional GIS-based methods.
Furthermore, the application of PCA techniques has not yet
been further developed, particularly in the field of modeling
and mapping recharge areas. The research is increasingly
relevant because no specific studies have been found that
model and map recharge areas based on VLF data using the
PCA algorithm in the Krawak spring area, Tuban, East Java,
which has wunique hydrological conditions due to its
morphology. Therefore, the development of a predictive model
that integrates VLF geophysical data and machine learning in
this area can be an opportunity to address the research gap.
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TABLE L. RELATED WORKS TO THIS RESEARCH
Reference Topic Method Subject
Undereround Conductive zone
[8] - groul VLF-EM analyzed as river
river mapping S
continuity
. Geological Geological setting of
[16] Geological state study Tuban
[17] Near surf'ace VLE-EM Subsurface resistivity
geophysics anomaly

Recharge area

Recharge area mapping
using geomorphology,

[18] determination AHP, overlay geology, soils, slope,
land use, and data
lineage
Apply remote sensing
Classification Remote t echr}ologles n
[19] . . delineating sugarcane
and mapping sensing

plantations and
identifying its growth

GIS, scoring,

Recharge area mapping

(20] Recharge area overlay, AHP using scoring method
Estimating water quality
Monitoring Remote using PH, DO, turbidity,
[21] . - -
water quality sensing and conductivity
parameters
Racah Improvement of image
(22] Image polynomial, classification accuracy
classification Discrete using discrete moment
Moment variant
. Better interpretation,
[23] Geophysical PCA and minimization of
data dimension . .
information loss
[24] Clustering PCA Selsmlc. fac.les clust'ermg
for seismic mapping
Hidden feature detection
. Wavelet S
[25] Image analysis . of landslide image from
transformation .
remote sensing data
. Object detection using a
Object CNN, combination of CNN
[26] prediction in
. tranformer and transformer
UAYV images .
architecture
[27] Data reduction PCA Enhanced PCA based
dimensionality reduction
III. METHODOLOGY

In this research, several approaches are used, which are

explained in detail in the following section.

A. Classification Standard

The classification criteria of this research are based on the
scoring methodology. The scoring approach involves assigning
scores or values to each parameter to assess its level of
competence, and this assessment is based on established
criteria [28]. Each criterion has a distinct weight or score and
classification that is used to determine the recharge area. The
land cover classification is shown in Table II with the
corresponding scores ranging from 1 to 5. Table III presents the
classification criterion for the NDVI, which is based on its
impact and is divided into five classes. For elevation, the
classification criterion is outlined in Table IV, based on the
elevation of the area, suggesting that regions at higher
elevations are more likely to function as groundwater recharge
zones. Table V presents the classification of the slope or

inclination of the land and Table VI presents the classification
of the soil type.

TABLE II. LAND COVER CLASSIFICATION [29]
Land Cover Class Score
Dense forest Very high 5

Production forest High 4

Meadow, field, moor Medium 3
Settlement Low 2
Water body Very low 1
TABLE IIL. NDVI CLASSIFICATION [30]
NDVI Score
Very high 5
High 4
Average 3
Low 2
Very low 1
TABLE IV. TOPOGRAPHY CLASSIFICATION [31]
Topography Score
Very high 5
High 4
Average 3
Low 2
Very low 1
TABLE V. SLOPE CLASSIFICATION [29, 32]
Slope Class Score
<8% Very high 5
8-15% High 4
15-25% Medium 3
25-40% Low 2
>40% Very low 1
TABLE VL SOIL TYPE CLASSIFICATION [29, 33]
Soil Type Class Score
Regosol Very high 5
Aluvial High 4
Kambisol, gleisol Medium 3
Litosol, mediteran Low 2
Grummusol Very low 1

B. Research Location

The research site illustrated in Figure 2 is located in
Krawak, Singgahan, Krajan, Guwoterus, Montong, Tuban
Regency. The exact coordinates of the Krawak spring source
are -6.96334, 111.804103 and it is located within the protected
Krawak forest area in Guwoterus village, Montong district,
Tuban Regency, East Java. The surrounding area benefits from
it as a source of clean water, irrigation for rice fields, and daily
living needs [34]. This spring is located in the Rembang zone
of the Bulu Formation, which is characterized by a lithology
that includes bioclastic limestone and sandy limestone with
interspersed limestone sandstone [28]. In the area of the
Krawak spring, multiple water sources emerge from below the
surface, and there is a cave located approximately 200 m north
of the spring. The present sources are shown in detail in
Figures 3, 4, and 5.
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Fig. 2. Research site map.

Fig. 4. Underground spring.

C. Research Procedure

This study consists of a collection of laboratory and field
investigations. The stages of laboratory research include the
collection of Landsat-8 OLI/TIRS data, identification of the
Area of Interest (Aol), as well as preprocessing and processing
steps. The field investigations include VLF-EM measurements
to determine the orientation of the subsurface water continuity.

1) Data Collection

The data collection process utilized two distinct methods:
online and offline approaches. The online approach involves
gathering data from platforms that provide resources, including
Google and Landsat-8 satellite imagery available at
https://earthexplorer.usgs.gov. In contrast, the offline approach
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involves conducting surveys and performing direct
measurements in the field. Field measurements were performed
using the VLF-EM method, which served as training data, as
shown in Figure 6.

VLF Measurement Design Legend
O cawe
End of Line

¥ Krauwak Spring

& Line urernent

Google Earth

Fig. 6. Site of VLF survey, © Airbus, CNES / Airbus, Maxar

Technologies.

2) Examination and Structuring

Both qualitative and quantitative analyses were performed.
The VLF-EM data underwent filtering through Noise-Assisted
Multivariate Empirical Mode Decomposition (NA-MEMD) to
remove noise from the dataset. Quantitative analysis was
conducted using Inv2DVLF software, whereas qualitative
analysis was performed using MATLAB software. The results
of the process include 2D and 3D cross-sections, utilized with
Surfer 11 and SketchUp software, respectively.

The system design is implemented through an analysis of
the VLF-EM data, taking into account various parameters. The
parameters considered include NDVI, land cover, DEM, land
slope, and soil type. All these parameters are subjected to
image classification to generate score labels, and then reduction
is performed using the PCA method. The development of the
system utilizes Python alongside GIS software.

D. Data Processing Procedure

In this study, VLF data are used as training data to identify
the recharge area through the PCA method. The subsequent
phase in the identification of the recharge area involves the
development of a system, which uses an image captured by the
Landsat-8 satellite as an input. The subsequent stage of image
processing by the system involves the analysis of 5 parameters:
NDVI, land cover, elevation or DEM, land slope, and soil type.
Each parameter is categorized according to the pixel value of
the image. The parameters for NDVI, DEM, and land slope
rely on pixel color, whereas land cover segmentation utilizes
both pixel color and pixel pattern, with the satellite image
featuring a pixel resolution size of 30x30 m. The classified
image, with each pixel assigned a value according to the
established class, enters a further stage where the value of each
pixel is subjected to a weighting. The weighting plays a crucial
role in defining the recharge area. The outcome of this
weighting is processed by the PCA method, anticipating that
the PCA results will produce a more practical, accurate, and
efficient representation in identifying the recharge area, as
shown more clearly in Figure 7.

2D array
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IV. RESULTS AND DISCUSSION

A. Area of Interest

Aol is derived from raster data that incorporate the spectral
image of Landsat-8 band 1, along with a shapefile utilized to
define the boundary for extracting the raw raster data. The
procedure typically involves reading the image and shapefile,
verifying and aligning the CRS, then cropping the image
according to the specified geometry, and finally generating a
visual map from the subsequent steps. The region highlighted
in bright blue in Figure 8 represents the focal point of this
study, whereas the areas beyond those limits fall outside the
parameters of this investigation.

50
100
150
200
250
300
350

0 100 200 300 400 500 600 700 800
Fig. 8.

Area of interest.

B. Land Cover Classification Results

The processing of land cover parameters involves the
utilization of Landsat-8 imagery, specifically band 5 (near
infrared), band 4 (red), and band 3 (green). These bands are
derived from clipping for the purpose of clustering based on
spectral data. The data from the three bands are organized into
a 3D array characterized by height, width, and band
dimensions, leading to a spectral combination from each band
that encapsulates color information. The 3D data are converted
into a 2D array, where each row corresponds to a pixel and
each column indicates the value of each band. Subsequently,
K-means clustering is employed to categorize the spectral data
into multiple clusters based on the similarity of the spectral
values. In this study, the K-means algorithm is used to
categorize the pixels into 6 clusters based on their spectral
values. The results are presented as labels and restructured in
2D to align with the original image dimensions, as shown in
Figure 9.

The next step involves evaluating the land cover according
to its clusters and delivering detailed descriptions of the various
land cover types. Cluster 1 receives a score of 0, indicating that
it is unclassified. Cluster 2 is assigned a score of 1, which
characterizes it as surface water. Cluster 3 is assigned a score
of 2, described as settlement. Cluster 4 has a score of 3,
identified as a farm. Cluster 5 is given a score of 4, identified
as plantation, whereas cluster 6 is given a score of 5, identified
as forest. The result of this procedure is an image map where
each pixel is assigned a land cover score according to the
cluster, reflecting the recognized land cover.

Clustered Image

Fig. 9.

Clustered land cover image.

The land cover parameter in this study accounts for 20% of
the total parameters utilized. This parameter is a key
consideration in identifying potential recharge areas in a
region. Land that has been converted into settlements or
productive areas, such as rice fields, gardens, or farms, will
influence the dynamics during the rainy season. In such cases,
rainwater is likely to become surface runoff rather than seeping
into areas devoid of vegetation or woody plants. This condition
leads to a reduction in recharge areas or spring sources.
According to the analysis of Landsat-8 bands 3, 4, and 5
presented in Figure 10, the land cover classes can be
categorized into 5 primary types: surface water, represented in
light blue, which is less prominent than other land covers;
residential areas shown in green, which notably dominate the
Siggahan and Montong regions; agricultural land, represented
in light brown and plantations, represented in dark brown,
which are adjacent and exhibit a similar distribution; and
finally, forests, represented in white on the map, which are
located in the southwestern part of the Aol as well as in the
northwestern and southeastern regions.

C. Normalized Difference Vegetation Index Classification
Result

The NDVI parameter utilizes Landsat-8 band 5 (near-
infrared) and band 4 (red) imagery in its processing, following
the standard equation [35]:

NIR- Red

NDVI = SR+ Red M

The final process displays the vegetation value of a specific
area, with values spanning from -1 to +1. Higher values
indicate a greater amount of vegetation present. The clustering
process involves stacking 2 bands into a 3D format, then
converting it back to 2D and applying the K-means algorithm
for clustering, which yields 6 clusters as illustrated in Figure
11. Analysis of the 6 existing clusters revealed the following
vegetation levels and corresponding scores: cluster 1 is
categorized as "Unclassified" with a score of 0, cluster 2 is
classified as "Very Low" with a score of 1, cluster 3 is
designated as "Low" with a score of 2, cluster 4 is identified as
"Average" with a score of 3, cluster 5 is marked as "High" with
a score of 4, and cluster 6 is recognized as "Very High" with a
score of 5.
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Pixel Scores for Clusters
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Fig. 11.  Clustered NDVI image.

In the NDVI parameter, areas of very low vegetation are
represented in orange, dispersed among regions of agricultural
and plantation land cover. Low vegetation is represented in
yellow, whereas average vegetation is represented in light
green, both predominantly found in areas of residential land
cover. High and very high are shown in green and represent
areas of forest land cover, which may include dense forest.
Regions exhibiting elevated NDVI values may serve as
potential recharge zones beneath them, as the presence of trees
allows for root systems that can effectively retain water
underground.

Figure 12 presents the NDVI values, providing a
comprehensive overview of the vegetation density levels in the
area. High NDVI scores (green) indicate regions with denser
vegetation, which plays a crucial role in maintaining
hydrologic balance. This is due to the fact that dense vegetation
typically slows surface runoff and improves the soil's ability to
absorb water. This map corroborates the findings from the
recharge map, indicating that regions with significant recharge
often coincide with areas of dense vegetation, particularly
forests and certain plantation areas. In contrast, regions
exhibiting low NDVI scores, highlighted in red, typically
feature minimal vegetation and often align with low recharge
zones, including residential neighborhoods and other developed
areas.

NDVI Scores for Clusters

100

150

200

250

300

350

400 3
@l unclassified (0)
. Very Low (1)
Low (2) 200 300 400 500 600 700 800
Average (3)
B High (4)
= Very High (5)
Fig. 12. NDVlI area classification.

D. Elevation Classification Results

This elevation data processing utilizes a DEM, which
serves as a digital representation of the area's elevation. The
initial step involves examining the DEM data, which provides
elevation information structured as a 2D array that illustrates
the geographic height of the region. A visualization is then
performed to illustrate the variations in elevation, with lighter
hues representing higher elevations and darker hues
representing lower elevations. To perform the clustering
analysis, the DEM data, initially structured as a 2D array, are
transformed into a 1D array. In this 1D array, each element
corresponds to the elevation value at a specific point. The K-
means algorithm is then used for clustering.

At this stage, the K-means algorithm analyzes the elevation
data and classifies the DEM pixels into clusters according to
the similarity of their elevation values. From the 4 clusters, 6
elevation classifications were derived: cluster 1: "Unclassified"
with a score of 0 and a mean elevation of 141.9 m; cluster 2:
"Very Low" with a score of 1 and a mean elevation of 245.899
m; cluster 3: "Low" with a score of 2 and a mean elevation of
0.0 m; cluster 4: "Average" with a score of 3 and a mean
elevation of 48.10 m; cluster 5: "High" with a score of 4 and a
mean elevation of 309.63 m; cluster 6: "Very High" with a
score of 5 and a mean elevation of 193.9 m. The results are
presented as a 2D array, reflecting the true dimensions of the
DEM data, as shown in Figures 13 and 14. Regions
characterized by elevated terrain are more likely to serve as
rainwater recharge zones, as precipitation tends to gather and
generate surface runoff that naturally flows toward lower
elevations under the influence of gravity.

E. Slope classification results

Using the available DEM data, we conducted calculations
to assess elevation changes in both the horizontal (X) and
vertical (Y) directions. The slope is then determined by
applying the fundamental gradient formula as outlined in (2).

Slope = arctan(y/x? + y? 2

The results provide the slope value in radians, which is then
converted to degrees. Once the slope values are obtained, the
next stage involves clustering using the K-means algorithm. In
this study, 6 clusters and 6 classifications were used: cluster 1:
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"Outside" with a score of 0 and a mean slope value of 68.8
degrees; cluster 2: "Very Low" with a score of 1 and a mean
slope value of 0.0 degrees; cluster 3: "Low" with a score of 2
and a mean slope value of 30.6 degrees; cluster 4: "Average"
with a score of 3 and a mean slope value of 79.2 degrees;
cluster 5: "High" with a score of 4 and a mean slope value of
47 degrees; cluster 6: "Very High" with a score of 5 and a
mean slope value of 58.4 degrees, as illustrated in Figure 15.

DEM Dimensions: (447, 864)
Digital Elevation Model (DEM)

—766000
—768000
—770000
=772000
—774000
—776000

585000
Fig. 13.
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Clustered elevation image.
DEM Scores for Clusters

~766000
~768000
—770000
~772000
~774000

—776000
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. Very Low (1)
. Low (2)
. Average (3)
= High (4)
Very High (5)

585000

590000 595000 600000 605000

Fig. 14.  Topographic area classification.

Very low classifications are shown in orange, low
classifications are shown in dark blue, and average
classifications are shown in red. These classifications are
typically found in regions characterized by residential,
plantation, and field land cover, which are predominant in the
study area. One notable classification is high slope, which is
frequently observed at both the northern and southern
boundaries of the study area, in addition to the southern
boundary of the study area. These steep regions continue to
serve as productive land. Another classification refers to the
region characterized by the steepest slopes or very high slopes,
predominantly located in the western part of the study area, and
is associated with forest cover. Regions with high infiltration
potential are typically located in areas with flat topography and
permeable soils. In contrast, regions with low potential are
often found on steep terrains or consist of soils that are poorly
conducive to water infiltration. Slopes maps illustrate the
categorization of slopes according to their degree of steepness.
Areas with low to very low slopes exhibit significant recharge
capacity, as water can be absorbed more readily. Conversely,

areas with steep slopes tend to experience increased surface
runoff, leading to a decreased recharge potential.

-766000

—768000

=770000

Cluster

=772000
=774000

—77600n0

 5core 0: Outside

- Score 1: Very Low
Score 2: Low

Score 3: Average 585000 590000 595000 600000 605000
W Score 4: High
- Score 5: Very High

Fig. 15.  Slope area classification.

F. Soil Type Classification Results

The parameter for this soil type was derived from the
Normalized Difference Soil Index (NDSI), utilizing input data
from Landsat-8 satellite imagery bands 5 and 6, and
subsequently calculated using (3).

NDSI = Band 5 — Band 6 (3)

Band 5 + Band 6

The data are stacked and converted to a 3D array, then
converted back to a 2D array for K-means clustering, as shown
in Figure 16. Six clusters were identified: cluster 1: "Kambisol"
with a score of 3; cluster 2: "Outside" with a score of 0; cluster
3: "Litosol" with a score of 2; cluster 4: "High" with a score of
2; cluster 5: "Mediteran" with a score of 2; cluster 6: "Gleisol"
with a score of 3.

Clustered NDSI

W Cluster 1
B Cluster2 @
Cluster 3 B
Cluster 4
Cluster 5 100
Cluster 6

Fig. 16.

Clustered NDSI image.

The results are shown in the map in Figure 17. The study
revealed that the "Kambisol" and "Gleisol" soil types,
characterized by a dark brown color, are predominantly found
in the northern region and areas with forest cover. In contrast,
the southern region of the study is primarily characterized by
"Litosol", "High", and "Mediterranean" soil types, which are
indicated by a yellow color. The "Kambisol" and "Gleisol"
soils exhibit excellent permeability, indicating their significant
potential as subsurface recharge areas. "Kambisol" soils exhibit
excellent water absorption properties and are often found in
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regions with significant recharge potential. Conversely,
"Litosol" and "Mediterranean" soils, which are characterized
by their lower permeability, are often found in regions with
steep slopes and limited water infiltration capabilities.
"Gleisol", characterized by poor drainage, can impede the
infiltration process even in relatively flat areas.

NDSI Scores for Clusters

L% W Kambisol (score 3)
~ BN Outside (score 0)
Litosol (score 2)
High (score 2)
Mediteran (score 2)
. Gleisol (score 3)

0 100 200 300 400 500 600 7

Fig. 17.  Soil type area classification.

G. Principal Component Analysis

Following the identification of 5 key parameters as input
variables in the PCA, namely land cover, NDVI, soil type,
elevation, and slope, the first action required is to gather and
organize the training data to be used in the PCA analysis. At
this point, several critical aspects must be considered to ensure
the precision and significance of the analysis, such as data
normalization, variance ratio, eigenvalue, and loading factor.

1) Variance Ratio and Eigenvalue

The explained variance, or variance ratio, indicates the
proportion of the total variance in the dataset accounted for by
each principal component. A higher value of explained
variance for a component indicates a greater contribution to
explaining the data distribution, as shown in (4).

=L, (Xi- X)?
(n-1)

§? = “)

Variance quantifies the extent to which the data deviate
from the mean. In PCA, variance measures the extent to which
the principal component can account for the variation in the
original data. A greater variance in a principal component
indicates that the component contains a greater amount of
information derived from the original data.

2) Loading Factor

The loading factor shows the relationship between the
initial variables and the principal components in PCA. The
loading factor is used to clarify the degree to which a variable
influences each principal component. A higher value of the
loading factor indicates a more significant contribution of that
variable to a particular principal component.

H. Training Data

The training of data is derived from the pixel coordinates of
the VLF data. At this stage, a radius of 500 m is defined,

yielding training data consisting of 30x30 pixels, each pixel
representing an area of 30 m, as shown in Figure 18.

Training Data Coordinates

® Target Coordinate

Y (Pixel)

r r r T T T T T
0 100 200 300 400 500 600 700 800
X (Pixel)

{ Value in pixel coordinates: 267
©value in pixel coordinates: 1se

Fig. 18.  Coordinates of the VLF training dataset.

The data are normalized using StandardScaler to be
compatible with PCA standards and then the eigenvalue
calculation is performed with n components set to 5. The
results obtained from the analysis of the PCA training dataset,
as shown in Figure 19, indicate the presence of two primary
components with eigenvalues greater than 1, which account for
the majority of the variance in the dataset. The first component
exhibits an eigenvalue of 4.11, accounting for 35.24% of the
overall variance, whereas the second component shows an
eigenvalue of 2.69, contributing 25.39% of the total variance.
Together, these two components account for 61.18% of the
overall variance, suggesting that a significant portion of the
information in the dataset can be captured by these two primary
dimensions. Next, the loading factor reflects the proportionate
influence of each variable on each principal component. The
first component reveals variables with the highest loading
factor values, highlighting their significant influence on the
overall structure of the data. This suggests that the variable
plays a more prominent role in the data distribution pattern
revealed by the PCA, as shown in Figure 20. Loading factor
analysis indicates that in the first principal component (PCA1),
the land cover and NDVI variables make significant positive
contributions, whereas the slope variable makes the largest
negative contribution. The first dimension in the PCA analysis
primarily reflects the variability in land cover and vegetation
levels, whereas slope serves as a factor that counteracts this
variability. In the second principal component (PCA2), the
DEM variable has a significant positive contribution, whereas
the land cover variable has the largest negative contribution.
The analysis indicates that the second dimension is closely
associated with elevation variation, with alterations in land
surface elevation serving as the primary factor in elucidating
the data patterns, whereas variations in land cover play a
contrasting role.
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Fig. 19.

Training dataset visualization.

The explained variance graph in Figure 21 shows that the
two primary components (PCA1 and PCA2) together account
for 61.18% of the total variance in the data, with individual
contributions of 35.24% and 25.39%, respectively. This
suggests that both components can effectively capture a
substantial amount of the information present in the dataset,
thereby serving as strong representatives of its underlying data
structure. Figure 22 illustrates the values of PCA 1 and PCA 2
categorized into zones according to the first quartile (Q1) and
the third quartile (Q3). The classification of these zones into
"Low Zone" (green), "Average Zone" (yellow), and "High
Zone" (red) facilitates the identification of data distribution
patterns. Each data point is annotated with coordinates to
indicate its relative position within the PCA space. The
representation of the data distribution within the PCA space
illustrates the grouping of data into three primary areas: zone 1
(green), zone 2 (yellow), and zone 3 (red). Zone 1 (green)
indicates a low recharge area, zone 2 (yellow) indicates a
moderate recharge area, and zone 3 (red) indicates a high
recharge area.

Figure 23 shows the two primary components of the PCA
results through a scatter plot that represents the data
distribution based on the two principal dimensions, specifically
the first and second components (PC1 and PC2). The scatter
plot is generated by plotting each pixel of the processed data in
a two-dimensional space, with PC1 as the X-axis and PC2 as
the Y-axis. The scatter plot illustrates individual pixels from

the map and facilitates observation of the data distribution
patterns derived from the key results of the PCA. The observed
distribution pattern suggests that PCA successfully identifies
and distinguishes data according to recharge area
characteristics that are predicted to be influenced by
environmental parameters such as land cover, vegetation, slope,
and elevation.

Loading Factors for Each PCA Component
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Fig. 20.  Loading factors for the PCA components of the training dataset.
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Fig. 21.  Explained variance for the training dataset.

1. Testing Data

The testing dataset was obtained from the entire Singgahan
and Montong regions, resulting in a testing dataset of 447x864
pixels, with each pixel measuring 30 m in size. The results are
illustrated in Figure 24.
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Distribution of PCA 1 and PCA 2 values (Training Data)
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Fig.22.  PCA values distribution of the training dataset.
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Fig. 23.
dataset.

Scatter plot of the PCA components (PC1 & PC2) of the training

The dataset was then normalized using StandardScaler to
meet the standards required for PCA. After normalization,
eigenvalues calculations were performed using a total of 5
components, yielding the following results: component 1:
2.3327; component 2: 0.3597; component 3: 0.4744;
component 4: 0.9845; component 5: 0.8487. The PCA results
indicate that there is a single principal component with an
eigenvalue greater than 1 that accounts for most of the variance
in the dataset. The first component has an eigenvalue of
2.3327, accounting for 46.65% of the overall variance. In total,
these 5 main components represent 100% of the overall
variance; however, it is primarily the first component that plays
an important role in representing the information in the dataset.

The loading factor results indicate that the first component
contributes the largest amounts and has the highest weight on
certain variables.

Next, the feature extraction was carried out by determining
a dynamic threshold of -0.1721, which enabled the creation of a
binary mask. In turn, a performance evaluation was conducted
by calculating the Intersection over Union (IoU) score, which
gave a value of 0.3306, reflecting the degree of agreement
between the predictions and the actual results. The loading
factor analysis shown in Figure 25 indicates that in the first
principal component (PCA1), the land cover and DEM
variables have significant positive contributions, whereas the
NDVI variable has the most significant negative contribution.
The first dimension in the PCA analysis represents changes in
land cover and elevation, with vegetation levels used as an
independent factor to these variations. In the second principal
component (PCA2), the slope variable has a significant positive
contribution, whereas the NDSI variable has the most crucial
negative contribution. This suggests that the second dimension
is closely associated with the terrain's slope, where variations in
slope emerge as the primary factor in explaining the data
pattern, with NDSI influencing it in the opposite direction.

The explained variance graph shown in Figure 26 illustrates
that the two principal components (PCA1 and PCA2)
collectively account for the majority of the variance in the
dataset. PCA1 has the most significant contribution at 67%,
whereas PCA2 follows with a contribution of 15%. The
combined total of these two values is 82%. This means that
these two primary components effectively illustrate the
structure of the data.
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Figures 27 and 28 present the two primary components of
the PCA results through a scatter plot that represents the data
distribution based on the two principal dimensions.

The input data used in this process are derived from the
previous PCA results where spatial data surrounding various
variables such as land cover, DEM, slope, NDVI, and NDSI
were subjected to a weighting process. The following
procedure is to perform PCA analysis on the data, which is
designed to simplify complexity while preserving the
maximum variance. The PCA process generates several
components that represent linear combinations of the initial
variables. Among the generated components, two primary
components, specifically PC1 and PC2, have been selected for
further analysis. The first principal component corresponds to
the dimension exhibiting the highest variance, whereas the
second principal component corresponds to the dimension with
the next highest variance.
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Fig. 26.  Explained variance of the testing dataset.
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Fig.27.  PCA values distribution of the testing dataset.
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dataset.

J. Distribution of Recharge Area based on PCA Results

The recharge area distribution derived from the PCA results
in the Mata Air Krawak area is illustrated in pixel coordinates
in Figure 29. The resulting locations, plotted for the Singgahan
and Montong areas, are shown in Figure 30, which illustrates
an apparent correlation between high recharge areas,
represented in red on the recharge map, and regions
characterized by dense, healthy vegetation, shown in green.
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Fig. 29.  Krawak spring area location.

This alignment is further supported by land use data
indicating forests and plantations, as well as the presence of
high topography suggesting the presence of Kambisol or
Gleisol soil types in these areas. The region exhibiting
significant recharge was identified to cover an area of 5.26
km2. Low recharge areas (green) appear to be associated with
residential and agricultural areas (scores 2 and 3 on the land
classification map) characterized by low to medium vegetation
levels. These areas are also located in regions with
Mediterranean and Latosol soil types and are classified as
having very low or extremely low topography.
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Fig. 30.

The region characterized by low recharge potential covers
an area of 5.12 km2. The areas still under consideration,
specifically in Singgahan and Montong, exhibit a moderate
recharge potential and cover a total area of 12.43 km?

K. Discussion

Prior to this, a study was conducted to mapp recharge areas
utilizing the VLF geophysical method and a scoring method
incorporating a 4-component approach including rainfall, soil
type, slope, and land cover in the areas of Singgahan and
Montong [36, 37]. As shown in Figure 31, this research
indicates that the flow direction of the Krawak spring below the
surface has a northeast-southwest pattern. Information has been
obtained indicating that the flow depth varies between 1 and 20
m. The result serves as an important guideline for exploring the
distribution of potential recharge areas around the Krawak
spring, particularly within the sub-districts of Singgahan and
Montong. Regions with higher conductivity in the VLF results
could suggest that these locations have the potential to be used
as channels for groundwater infiltration. The formation of an
aquifer system can be controlled by these conditions, which can
be detected using VLF methods. The analysis of the water flow
identified by VLF indicates an interaction with regions
characterized by gentler slopes and properly permeable soil
types in high recharge zones that promote the movement of
water into the aquifer system. The VLF results serve as a
training dataset due to the local scale of analysis of this
method, which allows for a more detailed mapping of an area
[36].

500 600 700 800

Recharge area distribution map.

Figure 32 shows the results obtained through the manual
scoring approach, whereas Figure 33 shows the distribution of
recharge areas as analyzed by PCA. The distribution map uses
red for high potential areas, yellow for moderate potential
areas, and green for areas with low potential to develop into
recharge zones. The distribution of potential recharge areas
using the manual scoring method shows an obvious difference
when compared to PCA. The differences are due to the
different amounts of data and the underlying principles of the
methods. The scoring method uses a deterministic method with
only four parameters: rainfall, soil type, land cover, and slope.
Meanwhile, the PCA method is an advanced process that can
analyze interactions between data in a more complicated
manner, using complex input parameters such as VLF field
data, NDVI, NDSI, land cover, slope, and
elevation/topography. However, the final result also depends
on the quality of the training dataset used. The significant
difference between the results of Figures 32 and 33 lies in the
distribution of high recharge area potential. In Figure 32, this
potential is predominantly concentrated in the southern region
of the study area, whereas Figure 33 reveals a more balanced
distribution of high recharge potential across the northern part
of the study area. The results of the manual scoring method
primarily indicate an average potential, whereas the PCA
results reveal a more balanced distribution of low potential
regions across the study area.

The blue point in Figure 33 indicates the site selected for
VLF data acquisition to be used as training data. The results
shown in Figure 31 indicate that the area of groundwater
continuity is oriented in a northeast-southwest direction. The
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results are consistent with the recharge area analysis performed
by PCA as shown in Figure 33, which indicates that the high
potential areas (highlighted in red) are predominantly located to
the northeast and southwest relative to the VLF field data

acquisition location. This is in contrast to the manual scoring
results shown in Figure 32, which only reflect the concentration
of high potential in the southwest region of the VLF field data
collection site.

D21

Fig. 31.  Results of recharge area analysis based on data processing: (a) horizontal view, © Airbus, Maxar Technologies, (b) 2.5D visualization.
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Results of recharge area analysis based on the scoring method.

Fig. 33.

V. CONCLUSION

The analysis of groundwater recharge areas using the
Principal Component Analysis (PCA) method reveals a
distribution that closely matches the hydrologic conditions
derived from Very Low Frequency (VLF) field data. The
persistent correlation between the PCA results and the
groundwater flow patterns identified by the VLF method
underscores the effectiveness of this technique in defining
recharge zones. This study uses VLF data as training data to
identify recharge areas using PCA. The subsequent phase

Results of recharge area analysis based on PCA.

involves the development of a system that processes Landsat-8
satellite imagery as input. The image processing stage focuses
on the analysis of five key parameters: Normalized Difference
Vegetation Index (NDVI), land cover, Digital Elevation Model
(DEM), land slope, and soil type. Each parameter is
categorized based on pixel values, with NDVI, DEM, and slope
relying on pixel color, whereas land cover segmentation
incorporates both pixel color and pixel pattern analysis.
Compared to conventional manual scoring methods, PCA
proves to be more effective in capturing multivariate
correlations between parameters, leading to improved accuracy

www.etasr.com

Purwanto et al.: Integration of Principal Component Analysis and Very Low Frequency Geophysical ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 3, 2025, 22644-22662 22661

through the utilization of high eigenvalues. The evaluation of
the testing dataset indicates that the primary contributing
factors in this method include land cover, topography, and
slope gradient, which together account for 82% of the total
parameter influence in recharge area delineation. The
validation procedure using the Intersection Over Union (IoU)
score yielded a result of 0.3306, indicating an acceptable
correlation between predicted recharge areas and actual field
conditions. This highlights the reliability of the PCA method in
providing a data-driven assessment of recharge zones. The
novelty of the research lies in the combination of PCA with
VLF geophysical validation, providing a more objective and
data-driven approach than manual scoring methods. PCA's
ability to concurrently evaluate many datasets, and its superior
representation in identifying recharge areas, make it a suitable
approach for future studies using unsupervised machine
learning in hydrogeological investigations.
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