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Abstract 
Recent advancements in remote sensing technology have optimized spatial data by enhancing 
the resolution of field measurement data. Regional geological maps are still used to validate 
geoscience models because of their high reliability, which is based on field measurements, 
but they have relatively low spatial resolution. Combining remote sensing models with 
machine learning algorithms offers a promising method to reconstruct regional geological 
maps into high-resolution geological maps, especially in volcanic regions with active 
geothermal systems such as the Patuha Geothermal Field in Indonesia. Models derived from 
pre-processed satellite gravity data and normalized satellite images, with standardized pixel 
raster sizes, form the quantitative basis for reconstructing regional geological map models. 
The Convolutional Neural Network (CNN) algorithm serves as the computational basis for 
reconstructing spatial models. The results of spatial reconstruction modeling using remote 
sensing data provide detailed insights into the distribution of geological features, achieving 
an accuracy rate of 81.26%. These varying geological feature zones are likely related to the 
dynamics of active volcanic regions. Since the active volcanic activity, geological fault 
structures have been formed and could be identified by combination of derivative analysis 
and remote sensing approach. Second Vertical Derivative (SVD) provides physical 
characteristics of active fault planes, integrating it with remote sensing analysis to indicate 
fault planes appeared in the surface. There is a clear correlation between the distribution of 
reconstructed lithological features and geological fault planes. Areas with a high 
concentration of fault planes often have a more diverse distribution of geological features, 
likely due to the influence of active faults, volcanic activity, and material erosion. Adding 
hyperparameters and geological feature constraints to the machine learning algorithm is a 
promising option for further research in this area of geological map reconstruction. 
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1    Introduction 
Although regional geological maps have 
high data reliability due to being based 
on field measurements, they suffer from 
low spatial resolution (Baker et al., 2013; 
Fluet-Chouinard et al., 2015; Jaud et al., 
2022). This limitation arises from chal-
lenges such as varied topography and the 
vast area of coverage, which often re-
strict the movement of geologists who 
are also in limited number (Bishop et al., 
2012; Hoggard et al., 2021; Schrott and 
Sass, 2008). The low resolution of these 
maps necessitates additional detailed 
mapping of specific geological features, 
which is neither effective nor efficient 
(Sang et al., 2020; Segoni et al., 2020). 
This challenge poses a fundamental 
problem for various activities that re-
quire geological feature information in 
their processes. 
    In the exploration, exploitation, and 
monitoring processes of geothermal re-
source, high-resolution detail in geosci-
ence data is crucial, particularly regard-
ing geological features as the basis data 
(AlGaiar et al., 2024; Buday-Bódi et al., 
2022; Hu et al., 2022). High-resolution 
geological feature information in geo-
thermal fields is closely related to vol-
canic activities that have complex and 
dynamic nature as geothermal concep-
tual models (Oskooi et al., 2014; Letelier 
et al., 2021; Medici et al., 2023; Utama 
et al., 2023). To solve these challenges, 
remote sensing models are applied to en-
hance the spatial resolution of geological 
features using machine learning algo-
rithms for quantitative computation in 
more specific spatial reconstruction pro-
cesses. Quantitative spatial reconstruc-
tion is better approach to simplify the 
complexity of geological features and re-
mote sensing models in geothermal 
fields, reducing the bias from multiple 
interpretations that commonly occur in 

the qualitative analysis of integrated ge-
oscience data and models (Wagner and 
Uhlemann, 2021; Medici et al., 2023; 
Thiele et al., 2024; Utama et al., 2024; 
Cao et al., 2024).  
    Quantitative approach to spatial re-
construction of geological features in-
volves statistical and correlation analysis 
between recent geological features (e.g., 
features derived from regional geologi-
cal maps) and remote sensing data that 
represent actual surface conditions (Cao 
et al., 2024; Harishidayat et al., 2022). 
Machine learning algorithm, specifically 
Convolutional Neural Network (CNN), 
becomes architectural computation basis 
to integrate data and models in this re-
search. CNN algorithm is inspired by bi-
ological neural networks, processing 
multiple input data points to produce a 
single final decision as output (Qian et 
al., 2021; Saadi et al., 2022; Shah et al., 
2023). It utilizes a convolutional ap-
proach, which mathematically matches 
data correlations to generate final predic-
tion values for each pixel in the model 
(Su et al., 2021; Vu and Jardani, 2021; 
Saadi et al., 2022). Therefore, recent ge-
ological features and remote sensing data 
integration can be optimized more effec-
tively using the CNN algorithm.  
    The CNN algorithm for spatial recon-
struction in geological features with re-
mote sensing data as a resolution-en-
hancing factor has already been applied 
in several research. Most of the research 
about geological reconstruction from re-
mote sensing data and machine learning 
algorithm has been conducted in arid re-
gions (e.g., desert, tundra, savannah) to 
avoid vegetation coverage issues that 
complicate surface lithology identifica-
tion (Cracknell and Reading, 2014; El 
Fels and El Ghorfi, 2022; Shirmard et al., 
2022; Han et al., 2022, 2023; Chi et al., 
2023; EL-Omairi and El Garouani, 2023; 
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Eskandari et al., 2023; Mahboob et al., 
2024; Wang et al., 2024). Furthermore, 
to classify the surface geological fea-
tures, each research utilized different sat-
ellite imagery band combinations, based 
on their specific material contents inter-
pretation (e.g., iron, sulfur, silica) 
(Harvey and Fotopoulos, 2016; 
Shirmard et al., 2022; Chi et al., 2023; 
Eskandari et al., 2023; Mahboob et al., 
2024; Wang et al., 2024). 
    These challenges become more com-
plex when geological feature reconstruc-
tion is applied to Indonesia’s geothermal 
areas, which are predominantly covered 
by dense vegetation. Dynamic surface 
material exposure, caused by volcanic 
activity and disaster-prone conditions 
(e.g., landslides, earthquakes, forest 
fires), further contributes to rapid 
changes in surface material visibility 
(Utama et al., 2023; Prasetya, 2024; 
Putra et al., 2024). A novel approach 
combining low-frequency with high 
wavelength satellite imagery bands, 
which are believed could penetrate veg-
etation coverage deeper, simultaneously 
with related physical properties models 
from satellite gravity data could address 
these challenges and improve geological 
feature reconstruction in Indonesia’s ge-
othermal fields. 
    Patuha Geothermal Field is an active 
geothermal system located in the western 
part of Java Island, Indonesia. Recent ge-
oscience research in the Patuha Geother-
mal Field has primarily focused on the 
geothermal reservoir and surface mani-
festations (Rahayudin et al., 2020; 
Ramadhan et al., 2022; Sondakh, 2022; 
Kusumasari et al., 2024;). Additionally, 
studies have been conducted on field ge-
ological mapping, groundwater recharge 
area, hydrothermal dynamics, and fault 
interpretation (Rahayudin et al., 2020; 
Sondakh, 2022; Putra, 2024; Reski et al., 

2024). However, no research has at-
tempted to reveal unidentified features in 
a high-resolution spatial reconstructed 
surface geological model.  
    This research aims to enhance the spa-
tial resolution of geological feature dis-
tribution by integrating remote sensing 
models with the physical properties of 
each geological feature at the Patuha Ge-
othermal Field. Fig. 1 depicts the re-
search area that covered the Patuha Geo-
thermal Field and its surrounding area. 
Recent geological features, as repre-
sented by a regional geological map, will 
be integrated with remote sensing data 
for spatial reconstruction using a CNN 
algorithm, resulting in a high-resolution 
predicted map of geological feature dis-
tribution. Related geological structure in 
the form of geological fault, also be in-
terpreted using satellite gravity models 
to refine the analysis. The focus on Indo-
nesia’s geothermal field represents a 
novelty to address challenges such as 
dense vegetation coverage and the rapid 
changes in exposed surface materials. 
2    Geological review 
The Patuha Geothermal Field is located 
in geological weak area of Quaternary 
volcanic zones, which may indicate po-
tential surface geological structure dy-
namics that affect the spatial detailing of 
geological features (Intani et al., 2020; 
Gutiérrez-negrín, 2024; Putra, 2024). 
Based on regional geological genesis, 
this area is composed by volcanic prod-
uct activity from Quaternary volcanoes 
surrounding its area (Ratman and 
Gafoer, 1998; Kusdji et al., 2013). There 
are Holocene Rock Formation covering 
older rock formation from Pleistocene 
epoch (Ratman and Gafoer, 1998; Kusdji 
et al., 2013). It means if this area is cov-
ered by relatively young material from 
volcanic activity in Quaternary period.  
    Several igneous rocks (e.g., andesite, 
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Figure 1. Research area. Patuha Geothermal Field is located in the western part of Java Island, Indonesia, 
which is part of the Quaternary volcanic mountain belt that extends from west to east across the island 
identified in the Patuha Geothermal Field area. 
 

basalt) and pyroclastic material (e.g., vol-
canic breccia, tuff, lahar) covered the sur-
face of Patuha Geothermal Field (Ratman 
and Gafoer, 1998; Kusdji et al., 2013). La-
har and Lava Formation from Mount 
Kendeng in the eastern part of research area 
is known as the oldest, while Lava For-
mation from Mount Patuha has identified as 
the youngest from its source in the north 
(Kusdji et al., 2013). Lava material would 
formed igneous rock, while pyroclastic de-

posits had lithification process into pyro-
clastic rock (Kusdji et al., 2013). Fig. 2 dis-
plays the regional geological features of the 
Patuha Geothermal Field.   
    As active Quaternary volcanic area, this 
area had various geological structures, such 
as joint, fracture, fault, and folds that indi-
cated as geological weak zone (Putra, 
2024). Volcanic products distributed across 
the Patuha Geothermal Field indicate as ac-
tive volcanic zone. They are relatively new 
formed, so the geothermal heat source is 
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potentially still having sufficiently high 
temperatures for the geothermal energy ex-
traction process (Wang and Pang, 2023). 
This geothermal energy is actively ex-
ploited for geothermal power plant in 
Patuha Geothermal Field until now. 
 
3    Methodology 
Methodology of this research consists of 
four main stages: pre-processing; computa-
tional model reconstruction; accuracy as-
sessment; interpretation and analysis. Pre-
processing stage is specifically divided into 
two main steps: remote sensing models nor-
malization and spatial raster pixels defini-
tion. Each remote sensing model, as out-
lined in Table 1, corresponds to the physical 
properties of geological features. Regional 
geological features derived from the geo-
logical map are as foundation of the spatial 
reconstruction process. Complete Bouguer 
Anomaly (CBA) values and rock density 
distributions are directly associated with 
gravity characteristics and specific density 
of each geological feature (Guglielmetti 
and Moscariello, 2021; Putra, 2021; 
Mulugeta et al., 2021; Nigussie et al., 
2023). 
    Models derived from Landsat-8 satellite 
imagery represent surface lithology distri-
bution and land cover influence on geolog-
ical features within the Patuha Geothermal 
Field. Low-frequency bands with high 
wavelength, such as Near Infrared (NIR) 

and Shortwave Infrared (SWIR) are pre-
dominantly used in band ratio analysis be-
cause of their ability to penetrate vegetation 
canopies and reveal surface lithology 
(Yusroni et al., 2021; Riefolo et al., 2022; 
Utama et al., 2023; Putra et al., 2024). Low-
frequency with high wavelength satellite 
imagery bands are crucial in revealing sur-
face lithology conditions while identifying 
the land cover characteristics. Surface li-
thology properties derived from band ratio 
analysis are classified into three categories 
based on their weighting (Putra, 2024). 
Low-weighted lithology is associated with 
short vegetation distribution and identified 
using the NIR and Visual Red band ratio 
(Aliyan et al., 2022; Putra et al., 2024; 
Utama et al., 2024). Medium weighted li-
thology corresponds to tall vegetation dis-
tribution and is interpreted through the 
SWIR and NIR band ratio (Aliyan et al., 
2022; Putra et al., 2024; Utama et al., 2024). 
High-weighted lithology is linked to built-
up land areas, identified using the SWIR 
and Visual Blue band ratio (Aliyan et al., 
2022; Putra et al., 2024; Utama et al., 2024). 
Furthermore, Land Surface Temperature 
(LST) is calculated from the Thermal Infra-
red Sensor (TIRS) band, integrating satel-
lite brightness and vegetation emissivity 
measurements to provide temperature dis-
tribution of surface lithology conditions 
(Muzaky and Jaelani, 2019).  

 
 

Table 1. Remote sensing models related to the specific physical properties of geological features. 

 

 

Dataset Data Source 

Geological Map Geological Feature Geological Agency of Republic of Indonesia with modifi-
cation (Kusdji et al., 2013) 

Satellite Gravity Model 
Complete Bouguer Anom-

aly Global Gravity Model Plus (GGMPLus) (Hirt et al., 2013) 
with several data processes Rock Density 

Satellite Imagery 

Red 5/4 
Landsat 8 OLI (United States Geological Survey, 2013) 

with several data processes 
Green 6/5 
Blue 7/2 

Land Surface Temperature 
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Figure 2. Geological features distribution in Patuha Geothermal Field. Lava and pyroclastic products from Mount Patuha are 
dominated by the younger geological age rather than products from Mount Malabar and Mount Kendeng in the east (Kusdji et 
al., 2013). 

 
    Due to the diverse values range exhib-
ited by physical properties, normalization 
is crucial to ensure that each model has a 
balanced influence on the reconstruction 
process. Normalization is performed by 
scaling all physical property models ob-
tained from remote sensing data to a range 
of 0–1, as written in Eq. (1), where 𝑥𝑥′ is 
normalized value, 𝑥𝑥 is actual value, 
min(𝑥𝑥) is minimum value of the range, 
and max(𝑥𝑥) is maximum value of the 
range (Aksu et al., 2019; Singh and Singh, 
2020).  
 

(1) 

𝑥𝑥′ =  
𝑥𝑥 − min(𝑥𝑥)

max(𝑥𝑥) − min (𝑥𝑥)
 

 
Defining spatial raster pixels for each 
physical property model is essential to 
streamline computational processes. The 
variation in raster pixel resolution among 

different remote sensing datasets affects 
the resolution of their corresponding phys-
ical property models (e.g., a 200-meter 
resolution for satellite gravity data results 
in a 200-meter resolution for CBA and 
rock density models, while a 30-meter res-
olution for satellite imagery data produces 
a 30-meter resolution for band ratio mod-
els). To address these resolution differ-
ences, raster pixel definition has been 
standardized to ensure uniform resolution 
across all physical property models and 
geological features model. In this re-
search, a 15-meter raster pixel resolution 
was adopted, as it is half of the best reso-
lution among the input data (30 meters 
from satellite imagery data), where this 
approach allows the predicted reconstruc-
tion model to achieve higher spatial reso-
lution. 
     Normalized and raster pixel defined 
physical properties model simultaneously 
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with classified geological features would 
be inputted into computational model re-
construction process. Computation and 
visualization of model reconstruction are 
based on the Convolutional Neural Net-
work (CNN) machine learning algorithm. 
CNN algorithm operates on principles 
similar to the neural networks of living or-
ganisms as combining and processing in-
formation from several simple input mod-
els to create a more complex output model 
(Kattenborn et al., 2021; Miao et al., 2021; 
Mishra et al., 2021).  
    Using Python programming language, 
the CNN architecture leverages the Ten-
sorFlow library for its robust features and 
deep learning flexibility. Effectiveness in 
image transformation and pattern recogni-
tion to produce advanced model predic-
tion from convolutional equation concept 
is the main advantage of CNN algorithm 
for model reconstruction (Abiodun et al., 
2019; Puzyrev, 2019). However, due to 
the large number of intercorrelated fea-
tures involved in convolutional calcula-
tions, the CNN algorithm typically re-
quires more computational time compared 
to other commonly used machine learning 
algorithms for spatial reconstruction, such 
as Random Forest and K-Nearest Neigh-
bor (Zhang et al., 2019; Alzubaidi et al., 
2021). 
    Accuracy assessment serves as the eval-
uation of the predicted model's representa-
tion of actual field conditions (Cracknell 
and Reading, 2014). It is crucial to base 
accuracy values on their alignment with 
field data representation (Bishop et al., 
2012; Cracknell and Reading, 2014; 
Harvey and Fotopoulos, 2016; Han et al., 
2022; Putra et al., 2024). Regional geolog-
ical map of Patuha Geothermal Field is 
considered as representative of field data 
derived from geological field surveys.  
    Interpretation and analysis of the spatial 
reconstruction model include additional 
information to enhance understanding and 

support the geological feature reconstruc-
tion result. Interpreted fault structure data 
is crucial for analyzing potential distribu-
tions and gaining insights into the recon-
structed spatial model developed. Geolog-
ical fault structures were derived from sat-
ellite gravity data processing, specifically 
using the Second Vertical Derivative 
(SVD) of the CBA values (Putra, 2021). 
Additionally, the location of research area 
within tropical region is characterized by 
active volcanic processes providing fur-
ther context and depth to the interpretation 
and analysis of the reconstruction model. 
The overall workflow of this research is il-
lustrated in Fig. 3. 
 
4    Results and discussion 
Pre-processing results revealed significant 
differences in the ranges of data values, 
which varied substantially between origi-
nal range value and required uniformity. 
As shown in Table 2, the Complete 
Bouguer Anomaly (CBA) values range 
from -252.5078 to 24.1387 mGal, whereas 
rock density values span only from 2.4936 
to 3.0182 g/cm³. Furthermore, differences 
in decimal precision posed challenges dur-
ing the pre-processing stage; for instance, 
the satellite gravity model product had a 
precision of four decimal places, while the 
satellite imagery model product was lim-
ited to two decimal places. 
    To address these imbalances, normaliz-
ing the data to a consistent range was im-
plemented as an effective strategy to 
equalize the influence of each model pa-
rameter (Zhao et al., 2020; Ahmadzadeh et 
al., 2021). Following Eq. (1), the normali-
zation process adjusts each parameter, i.e., 
the lowest actual value is set to zero and 
the highest value to one, while preserving 
the original distribution. This ensures that 
intermediate parameter values are propor-
tionally scaled within the normalized 
range. The value ranges before and after 
normalization are summarized in Table 2. 
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Figure 3. Research flowchart. Regional geological features map and physical properties model are utilized in the pre-
processing stage for data normalization and raster pixel definition, integrated into scripting and visualization for model 
reconstruction with accuracy calculations, and concluded with interpretation and analysis. 
 

Table 2. The range of data values before and after normalization. 

Data Unit Before Normalization After Normalization 

Geological Feature - no value 0 - 1 
Complete Bouguer Anomaly mGal -252.5078 to 24.1387 0 - 1 

Rock Density gr/cm3 2.4936 – 3.0182 0 - 1 
Band Ratio Red 5/4 - 0.57 – 3.22 0 - 1 

Band Ratio Green 6/5 - 0.47 – 1.61 0 - 1 
Band Ratio Blue 7/2 - 0.34 – 2.21 0 - 1 

Land Surface Temperature ºC 28.37 – 53.64 0 - 1 
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    Observation of the value ranges for ge-
ological feature model parameters in Ta-
ble 2 reveals that no single value range 
precisely represents the distribution of ge-
ological features. However, deep learning 
algorithms like CNN require well-defined 
and consistent values for each model pa-
rameter to perform spatial reconstruction 
calculations effectively (Novaes et al., 
2021). To address this issue, the geologi-
cal features characteristics were used as 
reference points to determine exact values 
for spatial reconstruction computations.  
The relative age sequence of lithological 
units was used as a key feature, where the 
oldest lithology was assigned the lowest 
value, and progressively younger rocks 
were assigned higher values, with the 
youngest lithology receiving the highest 
value. This approach is based on the prin-
ciples of lithological superposition and in-
clusion in stratigraphy, which state that 
the oldest lithology typically forms the 
lowest layer and is less prominent on the 
Earth's surface. Otherwise, younger lithol-
ogies, which overlie older formations, are 
more visible on the surface and thus as-
signed higher priority. This stratigraphic 
framework ensures a logical and system-
atic determination of exact values for geo-
logical features in the spatial reconstruc-
tion process.  
    Spatial raster data was used to simplify 
the calculation of model reconstruction 
values because each pixel represents spe-
cific values for each input model parame-
ter. This necessitates the conversion of 
model parameters that are still in vector 
data format into raster format, as in the 
case of the geological feature parameter. 
This conversion is essential to spatially 
define geological features in raster data 
format, similar to how other model param-
eters have already been represented. 
    The variation in pixel sizes of spatial 
raster data presents a problem as urgent as 
the variation in the ranges of model pa-
rameters. Standardizing pixel sizes is cru-
cial to potential computational issue in 

predicting model (Burgueño et al., 2023; 
Xu et al., 2023). This standardization is 
achieved using fishnet analysis combined 
with multi-value extraction techniques, 
which create a consistent spatial pixel size 
without reducing the variation of the pre-
viously normalized model parameter val-
ues. Table 3 shows the variation in raster 
sizes before and after the pixel size stand-
ardization process. 
    The scripting stage involves writing the 
computational script for CNN architec-
ture, consisting of a set of commands and 
programming library that are integrated 
each other. This script acts as a bridge be-
tween the handling of input data and the 
reconstruction modules. The scripting 
process for spatial reconstruction includes 
several key steps: data and libraries input, 
train/test splitting, data standardization, 
feature classification, and accuracy as-
sessment. These steps are interconnected, 
requiring the script to meet the require-
ments of each stage to ensure smooth op-
eration. 
    The inputting of data and libraries in-
volves two main components that initiate 
the spatial reconstruction computation 
process: the initial data input and the input 
of CNN algorithm modules for spatial re-
construction. The initial data consists of 
models that have already been through the 
pre-processing stage. After all the data in-
puts are incorporated into the computa-
tional process, the relevant library based 
on the CNN algorithm needs to be in-
putted for spatial reconstruction.  
    The train/test splitting stage involves 
dividing sample points from the input data 
raster pixels to classify them as either 
training data or testing data. In this re-
search, 70% of the total samples are used 
as training data to serve as a reference for 
the machine learning algorithm in identi-
fying patterns and predicting the model. 
The remaining 30% of the samples are 
used as testing data to validate predictions 
and to assess the model's reconstruction 
accuracy. Training data typically includes 
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more samples than testing data because 
the complexity of each model parameter 
requires a larger training set to achieve a 
representative model prediction that aligns 

with the distribution patterns of each pa-
rameter's values (Tut Haklidir and 
Haklidir, 2020; Mordensky et al., 2022).  

 

 
 
    Each geological feature is included in 
both the training and testing datasets to en-
sure that their physical characteristics are 
accurately represented in the spatial re-
construction model predictions. The cor-
relation between geological features and 
their physical properties is the pattern rec-
ognized by the CNN architecture to gener-
ate a new predicted model using a statisti-
cal approach. This statistical approach is 
achieved through the standardization ap-
plied in the CNN algorithm. 
    Data standardization involves statistical 
methods to adjust the data distribution pat-
tern, ensuring the data follows a normal 
distribution. Normal distribution is crucial 
in statistical modeling because it helps 
represent the model accurately with mini-
mal outliers, thereby reducing noise in the 
model (Jiao et al., 2023; Grubov et al., 
2024). Spatial reconstruction process in 
this research includes data standardization 
that consists of two main steps: transform-
ing the data to align the meaning with a 
normal distribution and applying a spe-
cific scale division to minimize the effect 
of outliers. Together, these steps ensure 
that the model parameters exhibit a normal 
distribution pattern with minimal impact 
from outliers. 
    Feature classification in the spatial re-
construction using the CNN algorithm in-
volves categorizing the spatial features to 

be reconstructed and calculating the 
model predictions (Kattenborn et al., 
2021). In this research, the spatial feature 
classes are geological features that serve 
as fundamental model parameters, recon-
structed based on the influence of other 
model distributions. There are 12 geologi-
cal features representing the lithological 
conditions of the study area's rock for-
mations, which are the spatial features ex-
amined in this study. After classification, 
these geological features proceed to the 
model prediction stage, where the recon-
struction model is calculated to represent 
a combination of all models. 
    To evaluate the accuracy of the spatial 
reconstruction model predictions, an accu-
racy assessment is conducted to determine 
the accuracy level of the model. Predicted 
model accuracy is assessed by comparing 
the model's predictions on testing data 
points with an evaluation model, which is 
assumed to represent the actual data 
(Duplyakin et al., 2022; Putra et al., 2023; 
Utama et al., 2023). The evaluation model 
is derived from the sample points of the 
testing data on the distribution parameters 
of geological features obtained during the 
training/testing phase (Cracknell and 
Reading, 2014). A match between the 
model predictions and the evaluation 
model indicates that the predictions are ac-

Table 3. Variation in pixel size of spatial raster data before and after standardizing the raster size. 

Data Unit Before Standardization After Standardization 

Geological Feature m vector format 15 x 15 
Complete Bouguer Anomaly m 200 x 200 15 x 15 

Rock Density m 200 x 200 15 x 15 
Band Ratio Red 5/4 m 30 x 30 15 x 15 

Band Ratio Green 6/5 m 30 x 30 15 x 15 
Band Ratio Blue 7/2 m 30 x 30 15 x 15 

Land Surface Temperature m 100 x 100 15 x 15 
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curate. The accuracy assessment in this re-
search showed that the spatial reconstruc-
tion model for geological features 
achieved an accuracy of 81.26%, suggest-
ing that the model predictions effectively 
represent the distribution of geological 
features in the Patuha Geothermal Field 
with a higher spatial resolution of 15-me-
ters. 
    The visualization stage presents models 
of lithological features and other physical 
property parameters, allowing for a clear 
comparison of spatial data distribution and 
resolution before and after the reconstruc-
tion process. During this stage, in-depth 

analysis is conducted to compare the mod-
els, highlighting the differences before 
and after reconstruction. Fig. 4 illustrates 
this comparison of the predicted models 
for the spatial reconstruction of geological 
features in the study area. An increase in 
spatial resolution is evident, marked by 
the appearance of relatively narrow fea-
tures that fill the gaps between more 
widely distributed geological features. 
This indicates that the spatial reconstruc-
tion process for geological features in the 
Patuha Geothermal Field has been suc-
cessful, producing more detailed results. 

 
Figure 4. Distribution of geological features before (above) and after (below) spatial reconstruction using the CNN 
algorithm. 
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    The increased spatial resolution of the 
geological map facilitates a deeper analy-
sis of the causes behind the relatively 
more "scattered" distribution of geological 
features compared to the distribution be-
fore reconstruction. This "scattered" pat-
tern observed in the spatially recon-
structed geological features is related to 
the dynamics within the geothermal field, 

an active volcanic area with a steep slope 
gradient. The volcanic activity in the 
Patuha Geothermal Field is primarily 
driven by Mount Patuha, which remains a 
part of the Quaternary-aged Mountain 
Belt. Being within an active volcanic 
zone, interpreted geological faults are 
scattered throughout the research area, 
which is illustrated in Fig. 5.  

 

 
Figure 5. The scattered pattern in the distribution of geological features from the spatial reconstruction results, showing 
an interconnected distribution with interpreted geological faults. 
 
   Geological fault interpretation to ana-
lyze "scattered" feature patterns was de-
rived from the satellite gravity data analy-
sis. CBA values from satellite gravity data 
need to be derived twice to obtain the sec-
ond derivative of their extreme values 
(Putra, 2021; Hofi et al., 2024). This sec-
ond derivative shows contrasts between 
high and low anomalies, which indicate 
the presence of geological fault planes 
(Putra, 2021; Hofi et al., 2024). The inter-
preted geological faults, further identified 
through lineament analysis from Digital 

Elevation Model (DEM), are considered 
active faults, based on the ability of the 
faults to deform Quaternary material, in-
cluding both lava flows and pyroclastic 
deposits (Putra, 2024; Silva-Fragoso et al., 
2024). 
    In the geothermal fields context, geo-
logical faults distribution tends to rela-
tively random pattern, unlike the more 
structured faults formed by tectonic activ-
ity (e.g., Baribis-Kendeng Fault across 
Java Island and Semangko Fault across 
Sumatra Island), which consist of multiple 
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fault segments combining to form larger 
fault systems. This randomness in fault 
patterns, particularly in the Patuha Geo-
thermal Field, significantly influences sur-
face lithology dynamics. Additionally, the 
dominant volcanic and structurally moun-
tainous morphology of the region in-
creases its susceptibility to erosion and 
landslides. These geological phenomena 
affect inclusion stratigraphy, which is re-
flected in the predicted reconstruction 
model visualization. 
 
5    Conclusion 
Spatial resolution enhancement of geolog-
ical feature distributions in the Patuha Ge-
othermal Field is derived through the spa-
tial reconstruction of regional geological 
features using Convolutional Neural Net-
work (CNN) algorithm. The method inte-
grates geological feature distributions 
with physical property models to generate 
more detailed and accurate geological fea-
ture distributions. This research intro-
duces a novel approach to address chal-
lenges such as dense vegetation coverage 
and the rapid changes in exposed surface 
materials. By combining low-frequency 
with high wavelength satellite imagery 
bands, which can penetrate vegetation 
more effectively, combined with physical 
property models derived from satellite 
gravity data, this method significantly im-
proves the accuracy of geological feature 
reconstruction in the Patuha Geothermal 
Field. 
    The reconstruction process begins with 
pre-processing steps, such as normalizing 
the model value ranges and defining the 
raster pixel size, which are fundamental 
for preparing the input data for the CNN 
algorithm. In addition, scripting and visu-
alization are critical components that fa-
cilitate the integration of all physical prop-
erty model parameters within the CNN al-
gorithm. This comprehensive approach re-
sults in a geological feature distribution 
model with a higher spatial resolution, 

achieving an accuracy of 81.26% in the re-
constructed model.  
    There is a notable correlation between 
the distribution of reconstructed lithologi-
cal features and the distribution of geolog-
ical fault planes. Zones with a high con-
centration of geological fault planes often 
show a more varied distribution of geolog-
ical features. This variation is related to 
the active geological faults, which signifi-
cantly influences the dynamics of geolog-
ical features in the study area, alongside 
the effects of volcanic activity and mate-
rial erosion. Overall results of this re-
search illustrate potential inclusion stratig-
raphy in the Patuha Geothermal Field can 
be effectively identified through the spa-
tial reconstruction of geological features. 
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