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Abstract

Volcano arcs, particularly the Sunda Arc, are predominant in Indonesia and constitute
a key tectonic system in current geodynamics, making it essential for several stakeholders
to consider geothermal exploration while taking into account the environmental impact.
In previous reports, conventional methods were used in mapping environmental impact zones,
leading to inefficiency in the monitoring process. Therefore, this study aimed to monitor flood
in geothermal surrounding areas using machine learning and multisensor data. In the process,
sentinel 1 GRD was adopted to map flood area distribution and was compared to Sentinel
2 optic data. Furthermore, Google Earth Engine was used to process several steps, including
acquisition, polarization, measuring indices, and post-processing. Mapping was conducted
at flooded areas in Ciwidey and Pasirjambu as geothermal surroundings. The results showed
that flooded areas were located in the built-up areas as a part of watershed downstream.
Ciwidey District had a wider flooded area than Pasirjambu. In June 2022, VH polarization
of flooded areas in Ciwidey was recorded at -25, correlating with field data. Meanwhile, the
comparison between VH polarization in Pasirjambu and Sentinel 2 indicated that flooded
areas were associated with low NDVI and SAVI values, representing low infiltration. Google
Earth Engine was capable of detecting several areas with different topography through optical
and SAR data fusion. Differences in flood detection were discovered between VH and VV
polarizations in the subset area around geothermal area. VH polarization was more accurate
for detecting flood distribution due to the capability to acquire inundation data in densely
vegetated areas. Additionally, the method can be used to distinguish permanent water bodies
in the form of lakes/craters from flood inundations. This study concluded that machine
learning and multi-sensor data facilitated the mapping and monitoring of flood distribution
using both temporal analysis and a faster process.
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1. Introduction

Indonesia is a nation constituting 13% of  The process of mapping the surface to identify
the world’s volcanoes, leading to an enormous  alteration has been successfully implemented
geothermal potential. Geothermal exploration  using remote sensing, particularly in areas
in the country is inherently challenging dueto  with sparse vegetation. However, this method
complex topography and dense vegetation. faces limitations when applied in areas
The identification of geothermal manifestation ~ characterized by dense vegetation.
requires preliminary steps, such as mapping Traditionally, optical imagery has been
mineral alteration on the surface (Cumming,  widely used to map the characteristics of the
2009; Pirajno, 2009; Stelling et al., 2016).  earth surface, including mineral alteration

78



F. A. Kurnianto et al. / EnvironmentAsia 17(2) (2024) 78-90

(van der Meer et al., 2014). Landsat 8 and
Sentinel 2 images provide optical data, but
images have limitations for mapping in
the tropical area. Several previous studies
effectively adopted optical imagery to map
surface alteration in semi-arid areas, such
as Nevada, United States (Coolbaugh et al.
2007, Ninomiya 2004), and the African Desert
(Aboelkhair et al. 2020; Gabr et al., 2015;
Madani and Emam 2011).

Geothermal manifestations in tropical
areas are related to vulnerabilities, such as
mass movement, land cover change, and
flood disasters. These areas are frequently
designated as conservation zones, requiring
careful consideration of factors like geology,
soil composition, rainfall patterns, and land
cover to ensure sustainable geothermal energy
development. Previous studies by Gemitzi
et al. (2021), Weldeyohannes et al. (2022),
and Yanis et al. (2023) explored geothermal
detection using remote sensing data, focusing
on anomalies in land surface temperature.
Other studies by Horn et al. (2022) and
Toannou et al. (2023) investigated the
relationship between geothermal installations
and social conflict.

According to Handayani & Singarimbun
(2016), the South Bandung area, including
Ciwidey, often experiences landslide and
flood due to the pyroclastic nature of the
bedrock and geothermal exploration activities.
Supporting this, Bronto & Hartono (2006)
stated that the entire Bandung Basin area,
including Ciwidey, was highly vulnerable
to flood. Consequently, when engaging in
natural resources exploration, specifically
geothermal, environmental consideration
becomes essential. Based on additional
reports by Usman et al. (2020), geothermal
exploration in Ciwidey can lead to changes in
land use changes, presenting the necessity for
ecological studies to prevent flood. Ciwidey
and Pasirjambu lie in the Quaternary volcanic
zone, characterized by hilly topography, high
rainfall, and unstable pyroclastic bedrock
vulnerable to exogenous processes. Given the
ongoing geothermal exploration in this area,
conducting studies focused on monitoring
flood disasters becomes crucial.

In the context of integrating remote
sensing with in situ data, several studies from
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Isa et al. (2020), Abubakar (2019), and Zhao
et al. (2023) showed the relationship between
geothermal, as well as geological patterns
and structures, which are also associated
with surface mineral alteration. The reports
examined the mapping of the geological
structure, essential for understanding fracture,
alteration, and magma distribution. Another
aspect examined by Zaini et al. (2023) and
Okoroafor et al. (2023) demonstrated the
applicability of machine-learning algorithms
for mapping geothermal potential. Flood
mapping in geothermal areas is conducted
after a disaster using radar and optical data. In
this study, it aims to capture real-time events,
including the distribution of affected areas and
the relationship with various environmental
aspects, such as vegetation.

These previous studies examined
geothermal in the context of exploration and
the impact on the surrounding environment.
However, there remains a gap in investigations
regarding environmental monitoring due
to geothermal installations using machine
learning. Therefore, the novelty of this
study lies in the development of a rapid
monitoring system integrating multi-sensor
data and machine learning to improve flood
model mapping in surrounding areas of
geothermal installations through time series
analysis. The report assumes significance as
continuous monitoring of the environmental
impact of geothermal energy is essential,
and recommendations should be provided
to developers related to corporate social
responsibility (CSR). The objectives to
be performed include monitoring flood
events around geothermal exploration of
surrounding areas and using machine learning,
incorporating optic data and synthetic aperture
radar, to rapidly map flood areas.

2. Methodology

2.1 Data selection and pre-processing

This study used Sentinel-1 Synthetic
Aperture Radar (SAR) data collected from
COPERNICUS/S1, on July 6, 2022, through
GEE. The data had a spatial resolution of 10
m, and a series of pre-processing steps were
implemented, including thermal noise removal
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and radiometric calibration. Furthermore, the
collection process was conducted before and
after flood events. Sentinel-1 level 1 GRD, with
geometry projected onto the WGS 84 ellipsoid,
was adopted for the reliability. Following
pre-processing, filtering was performed by
considering the type of polarization. This
study was specifically conducted in Ciwidey
and Pasirjambu Districts of West Java due
to significant geothermal explorations in the
Upstream Area.

These areas often experience large-scale
flood. To conduct flood mapping on 6 June
2022, Sentinel 1 SAR data was complemented
by Sentinel 2 optical data. Cloud masking
techniques were applied on the Google Earth
Engine platform, as recommended by (Mateo-
Garcia et al., 2018), to ensure the acquisition
of cloud-free images. Median filtering was
subsequently adopted for each pixel to
produce a clear composite image of the entire
study area (Wang et al., 2018; Zurqani et al.,
2018). Mapping surface characteristics, such
as land cover or surface water, in mountainous
areas, requires SAR capabilities, exemplified
by Sentinel 1, to obtain a clear image that can
penetrate through the cloud (Flores-Anderson
et al., 2019; Kim et al., 2011; Huang et al.,
2017).

2.2 Multisensor data

To accurately capture and analyze flood
events, Sentinel 1 radar data and Sentinel 2
optic data were used, a particularly effective
approach in tropical areas with high-intensity
rainfall. Sentinel 2, with a spatial resolution
of 10 m and a temporal resolution of 5 days,
facilitated the mapping of vegetation and
water indices. Furthermore, the optical data
served as a valuable comparative reference
to the radar data. Sentinel 1 effectively maps
flood distribution due to its capability to
detect the Earth’s surface in various weather
conditions at a relatively high resolution
(Wakabayashi et al., 2019). With a temporal
resolution of 6 days and a spatial resolution of
5 m, it not only provides valuable insights into
flood patterns but also allows for the display
of topographic data in the study area through
Sentinel 1 on Google Earth Engine (GEE).
This satellite series proves adept at detecting
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floods as historical events by adopting
specified temporal parameters (Priyatna et al.,
2023). For the ‘before flood” analysis in this
study, data from January 2021 was utilized,
while post-flood imaging in June 2021 relied
on the Sentinel-1 picture mosaic.Several
aspects comprising the input of the study area,
the date when flood occurred, and identified
water and non-water pixels, were used to
determine flood areas (Islam & Meng, 2022).

2.3 Machine learning

Random Forest and threshold algorithms
were used to map flood events rapidly.
Random Forest detected several land classes
due to the ability to process data with
regression and parallel implementation. In
this study, RF was trained to differentiate
land classes based on the reflectance value
of each class by using the Google Earth
Engine platform (https://earthengine.google.
com/). Furthermore, it uses trees hj (X,0j)
as the base learners (Sakti ef al., 2023). The
training data, D = {(x1, y1),....., xXN,yN)},
where xi=(x1,j,...,xi,p), T denotes the p
predictors, y1 denotes the response, and hj(x,
0j, D) denotes the realization for 0j. The RF
algorithm, expressed in Equation 1, sets the
predictions for Sentinel 2A.

fx) = wxmuxyz:; Jhix) = y) (1)

To map vegetation indices, NDVI was

applied through Sentinel 2 data:

NDV] = ENIR"PRed 2

PNIRtPRed

Where pRed is the reflectance in the
red band and pNIR is the reflectance in the
near-infrared band. Clouds were identified
by the QA information. Subsequently, the
gaps were filled backward in time as the data
quality was better in more recent years (Yu
etal., 2021). The following represented scale
coeflicient, k, calculated to minimize the bias:

NDVlsee = NDVIppeq % k (3)
NDVIpred was applied to predict the

NDVI time series. Following adjustment,
NDVIrec was used as a final reconstructed



F. A. Kurnianto et al. / EnvironmentAsia 17(2) (2024) 78-90

NDVI time series. Additionally, SAVI was
used to confirm the instability of NDWI
output and reduced soil brightness through
the red (RED) and NIR wavelengths (Huete
et al., 1988). The SAVI index is represented
by Equation 4:

SAVI = (NIR-RED)/(NIR+ RED + L)) x (1 +L) (4)

Where L adjusts the canopy background,
with a value of 0.5 was selected to mitigate
variation in soil brightness and eliminate the
need for additional calibration in different soil
types (Qi et al., 1994).

2.4 Threshold

Identifying flood areas requires an
optimum threshold value. Pixel values of
interest (POI), such as water and cities,
were extracted from the ratio index value
of change detection results. Training
data, generated interactively by digitizing
Google Earth Engine, is used to establish
optimal threshold values for various
land cover classes. POI data was then
superimposed on SAR image resulting
from the change detection process for
statistical calculations. The determination
of the optimum threshold includes the
application of the equation proposed by
(Vanama, et al., 2021). Flood areas were
identified using a threshold value derived
from the pixel value of POI. Finally,
samples for the training area were used
to produce the optimum threshold value.

2.5 Change detection

To identify inundation, a ratio image
technique was used to compare the ratio of
the backscattering coefficient values before
and when a flood occurs (Awaliyah &
Hariantaka, 2021). The ratio value greater
or less than 1 indicates changes in the area.
Bright colors in the image signify high
pixel values with substantial changes, while
dark colors denote low pixel values with
minimal changes. Several optic data sources,
including NDVI, SAVI, and Composite at
Sentinel 2, were adopted for spectral index
comparison.
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2.6 Backscatter

The spectral characteristics were
determined by the combination of
environmental factors and radar system
parameters (Zhang et al., 2021). In this
context, both spectral and backscatter
characteristics were closely related. SAR
backscatter coefficients were influenced by
several variables, including the dielectric
constant of the target, SAR wavelength, image
acquisition geometry, local geography, and
surface roughness. To assess the sensitivity
of different polarizations in water areas,
a comparison is made using VV and VH
polarizations. Additionally, to mitigate noise
in the backscatter feature, a band combination
is performed by constructing radar indexes
based on differences and ratios. The study
flowchart is presented in Figure 1.

3. Results and Discussion

The comparison between optical and
radar data is beneficial for monitoring
results. This is because radar data effectively
complements the weaknesses of optical data,
particularly cloud cover and topography.
Figures 2A and 2B show the distribution of
flooded areas in built-up areas featuring a
low vegetation index. These areas, located
on a flat slope, are predominantly occupied
by settlements with respective NDVI scores
ranging from 0.0 - 0.35. Additionally, Figure
2C indicates SAVI values in the range of
0 - 0.1, respectively, suggesting a dominance
of non-vegetation classes in the area. Figure
2D shows flood areas with a dark hue. This
result was in line with Parks et al. (2018),
which detected soil deformation in Reykjanes,
Iceland, leading to increased surface runoff.
Land subsidence between 5 mm and 20 mm
per year in Iceland alters morphology, making
itmore susceptible to flood (Vasco et al., 2013;
Drouin et al., 2017).

The identification of flood in areas with
flat topography is attributed to the area in
downstream watersheds. Figure 3A shows that
flooded areas are concentrated in downstream
areas characterized by a flat topography.
The area in Ciwidey District is wider than
Pasirjambu District, indicating a relatively
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Figure 1. Research Flowchart

high loss to the community. Based on Figures
2B and 2C, the most affected areas had low
vegetation index values. Figure 3A presents
the superior capability of SAR data over
optical data in detecting flood areas around
geothermal installations. The optical data
represented by the NDVI, SAVI, and Sentinel 2
Composite methods is limited to detecting
vegetation and non-vegetation. The results
were in line with several studies related to SAR
imagery processing that surface deformation
and infiltration characteristics was detected
with InSAR (e.g., Amelung et al.,1999;
Bell et al., 2008; Castellazzi et al., 2018).
According to the reports, most of the affected
areas were in urban settings (e.g., Brunori
et al., 2015; Chaussard et al., 2014; Cigna
et al., 2012a; Pacheco-Martinez et al., 2015)
despite environmental damage extending to
various areas (Figueroa-Miranda et al., 2018).
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A comparison of VV and VH polarization
in radar data has been conducted quickly over
the same area to test the validity of the mapping.
In Figure 5A, VH polarization in the proximity
of geothermal area demonstrates a more
accurate relief of flood areas, as evidenced by
the ability to distinguish between permanent
water bodies (lakes or craters) and flood
inundations. Figure 5B presents the superior
accuracy of VH polarization compared to
VV polarization (Figures 5C and 5D). VH
polarization does not classify the lake/crater
as flood inundation. Figure 5 also presents the
difference in the distribution of flooded areas
between the results of VV and VH polarization.
VH polarization detects wider flood in the
southern part of the area. This result was
supported by the study of Guan et al. (2023),
that polarization was more accurate in detecting
inundation in areas with dense vegetation.
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Given the high vegetation density around
geothermal area, VH polarization proves
effective at identifying larger flood areas.
Additionally, a previous study by Grimadi et al.
(2020) presented the accuracy of polarization
alongside several algorithms for detecting flood.

Flood monitoring around geothermal
areas needs to consider vegetation index
fluctuations. Figure 6 shows that the temporal
vegetation index is at a high value of 0.8,
respectively. A high index indicates that
the area around geothermal installation
can overcome potential waste pollution.
Furthermore, flood incidents in residential
areas were not directly related to geothermal
exploration. The original NDVI values was
reported to be in the range of 0.7 — 0.8,
representing that the area around geothermal
exploration has not experienced significant

1o, m

changes in vegetation. The observation
was in line with Figure 4, presenting the
high distribution of vegetation density in
the area closest to geothermal installation.

The temporal vegetation index in
Figure 6 confirms that flood inundation in
nearby areas occurs on a small scale and
does not pose the risk of mass movement
at present. This result was supported by
several previous studies by Huang ef al.
(2018), which demonstrated the capability
of SVM algorithm in detecting landslides in
geothermal areas through field validation.
Hong et al. (2018) succeeded in mapping
mass movement hazards in geothermal areas
using decision trees. The results of these
studies were complemented, particularly
in monitoring flood and runoff quickly.
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Figure 2. Pasirjambu District, A: Flooded Area Mapping by Sentinel 1, B: NDVI Map by
Sentinel 2, C: SAVI Map by Sentinel 2, D: Sentinel 2 Composite
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Figure 3. Ciwidey District , A : Flooded Area Mapping by Sentinel 1, B: NDVI Map
by Sentinel 2, C: SAVI Map by Sentinel 2, D : Sentinel 2 Composite
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Figure 4. Time series VH Polarization in Pasirjambu and Ciwidey (2022)

The highest accuracy among algorithms
was observed in the threshold method
applied to VH polarization, with a User and
Producer Accuracy of 92.6% and 86.3%
respectively. In contrast, Sentinel 2 (random
forest) optical data, achieved User and
Producer Accuracies of 83.6% and 88.2%.
The results showed that both radar and optic

84

data were capable of detecting flood areas
and the relationship to vegetation indices
such as SAVI and NDVI. The accuracy
test used a purposive sampling method,
comprising a total of 64 flood areas. Table 1
presents a confusion matrix detailing the
sensor and algorithm comparison, along
with accuracy assessments.
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Figure 5. Geothermal nearest area , A : VH Polarization at Flooded Area by Sentinel 1,
B: VH Polarization at Flooded Area in Google Earth Satellite, C: VV Polarization at
Flooded Area by Sentinel 1, D : VV Polarization at Flooded Area in Google Map
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Table 1. Confusion matrix

Sensor Algorithm User Accuracy (%) Producer Accuracy (%)
VH Polarization Threshold 92.6 86.3
VV Polarization Threshold 71.2 83.3
Sentinel 2 Random Forest 83.6 88.2

This study shows that flood in Ciwidey
and Pasirjambu occurred significantly after
geothermal exploration. The result was in
line with the report of Zhang et al. (2016),
demonstrating the close relationship between
geothermal energy and natural disasters
such as landslide, debris flow, and flood.
The affected area, characterized by a flatter
topography compared to others, accumulated
all mass movements and floods into Ciwidey
and Pasirjambu. This phenomenon is
supported by Wilopo & Fathani (2021),
showing that the mass movement mechanism
in a geothermal area is influenced by alteration
processes affecting clay mineral presence.
As part of the quaternary volcanic landscape,
these areas have thick soil layers, resulting
in the accumulation of clay minerals due to
rainwater. Figure 4 shows runoff in the study
area, indicating the potential for debris flow
in the upstream area closest to geothermal
exploration. This was in line with the study
of Permanda & Ohtani (2020), demonstrating
that the injection process impacts the potential
for debris and flood. According to Fathani
etal. (2022), the upstream area had the highest
level of erosion, capable of causing mass
movement and flood in downstream areas.

The inundation shown in Figure 4 presents
the potential for debris flow in the upstream
area closest to geothermal exploration. This
result is supported by a study from Permanda
& Ohtani (2020), indicating that the injection
process in geothermal exploration impacts the
potential for debris and flood. According to
Fathani et al. (2022), the upstream area has
the highest level of erosion, capable of causing
mass movement and flood in downstream
areas.

4. Conclusion

In conclusion, the rapid detection of flood
event in June 2022 around geothermal area
was made possible through the use of machine
learning and multisensor data. SAR data
played a crucial role in mapping flood in areas
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with high cloud cover. Optical data served as
a valuable comparative tool, indicating that
the majority of flood distribution occurred in
built-up areas. Machine learning demonstrated
the capability to rapidly discern temporal
inundation changes, presenting a substantial
difference in VH polarization before and
during flood. VH polarization, particularly in
extensive inundated zones, had a significant
increase. Additionally, this approach proved
effective in identifying flood-prone areas
with high-density vegetation in geothermal
surroundings. It is important to note that the
area closest to geothermal area remained
unaffected by large-scale runoff or flood
from 2019 to 2022. The results showed
the efficiency of mapping using machine
learning, outpacing conventional methods
devoid of the technological advancements.
The algorithm, with the ability to accurately
identify areas affected by flood, is particularly
valuable during the disaster. This study
presents the expeditious resolution of cloud
cover challenges commonly encountered in
geothermal areas by leveraging algorithms and
GEE platform. Consequently, the combination
of machine learning and multisensor data was
a viable alternative to traditional methods,
specifically in geothermal areas where data
acquisition limitations persisted.
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