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Abstract. Conventional geological mapping in volcanic geothermal fields is
hindered by rugged topography, dense vegetation, and limited site accessibil-
ity, resulting in sparse and inconsistent geological data. To address these lim-
itations, this study proposes a remote-sensing-based geological reconstruction
framework utilizing Random Forest classification to enhance subsurface fea-
ture interpretation in inaccessible areas. Regional geological maps are inte-
grated with remote sensing—derived physical property datasets to improve pat-
tern recognition, hierarchical feature learning, and grid-based spatial recon-
struction. Pre-processing includes data normalization, value standardization,
and pixel resolution adjustment to ensure computational stability and model re-
liability. Using an open-source Random Forest Classifier, decision-tree ensem-
bles are trained to categorize geological units and detect spatial anomalies. The
resulting reconstructed model reveals detailed geological structures, including
previously unrecognized lithological inclusions and possible intrusive bodies
that conventional mapping fails to capture, which generally relies on coarse-
scale interpolation. Model predictions indicate widespread inclusion stratigra-
phy, highlighting the structural and lithological complexity of the geothermal
system, with an overall classification accuracy of 72.82%. The findings demon-
strate the value of machine-learning-assisted geological modeling for volcanic
environments. Future work should incorporate field validation, refine uncer-
tainty quantification, explore alternative algorithms (e.g., XGBoost, CNN-based
models), and expand applications toward geothermal monitoring and resource
assessment.

1 Introduction

Geological mapping is an important part of subsurface property analysis for evaluating nat-
ural resource potential, particularly in geothermal resources. However, conventional geo-
logical mapping techniques often encounter substantial obstacles, such as varied topography,
dense vegetation, and highly populated areas. These conditions lead to data gaps, uneven spa-
tial coverage, and restricted access to critical geological features, which distort the precision
and reliability of geological models [1].
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The complexity of geothermal field conditions, typically located in volcanic regions, in-
tensifies the challenges faced by geological mapping. Volcanic landscapes are inherently
complex, characterized by steep terrains, intricate rock formations, and dense vegetation,
which make conventional field-based mapping technically demanding and resource-intensive.
Despite these challenges, high-resolution geological mapping remains essential for accurately
identifying detailed geological features, which are crucial for advancing geothermal explo-
ration and supporting sustainable resource management [2].

Due to the importance of detailed geological insights in geothermal regions, it is crucial
to address the limitations of conventional mapping methods. Conventional field surveys are
often limited in capturing the spatial variability of geological features, particularly in areas
that are difficult to access or pose safety risks. To overcome these challenges, remote sensing
technologies have emerged as an effective solution, providing broad spatial coverage and the
capability to explore complex terrains. Integrating remote sensing data with conventional
geological maps has the potential to significantly improve spatial resolution and data com-
pleteness, enabling more accurate and detailed geological modelling [3].

However, while remote sensing improves data acquisition, effective integration and in-
terpretation of multivariate data remain a challenge. Unlike conventional interpolation tech-
niques, Random Forest is highly capable of processing large datasets, identifying hierarchical
structures, and managing non-linear interactions, making it particularly suitable for recon-
structing intricate geological models. Recent research has highlighted the effectiveness of
Random Forest in improving geological feature mapping by combining multispectral remote
sensing data with field-based measurements. Random Forest has been successfully worked
for detailed subsurface fracture identification in geothermal areas and has proven superior in
delineating lithological boundaries in volcanic terrains. These findings underscore the algo-
rithm’s ability to enhance feature differentiation and spatial prediction accuracy in complex
geological environments, reinforcing its suitability for geothermal field mapping applications
[4].

This research aims to develop a methodology for geological model reconstruction by
utilizing remote sensing data and the Random Forest algorithm to address the limitations
of conventional mapping techniques. Integration of regional geological maps with physical
property data derived from remote sensing in this research is expected to enhance the spatial
accuracy and resolution of geological models, particularly in previously inaccessible areas of
geothermal field. This research will support more effective exploration and monitoring strate-
gies and promote sustainable geothermal energy development through improved geological
understanding and high-resolution subsurface mapping [5].

2 Research Method

This research was conducted at the active geothermal field in Indonesia, where geothermal
power plant still extracting geothermal product to generate electricity. Name of the field is
anonymous, due to focus of this research to develop the spatial reconstruction methodology
for detailing geological features distribution. Research area is covered by volcanic product
form nearby mountainous area, where lava and pyroclastics dominated this area [6].

There are multiple datasets to support geological modeling and spatial analysis. The
primary datasets included the Regional Geological Map, which provides an overview of ge-
ological formations and fault structures within the study area. Supported by remote sensing
data in the form of satellite gravity and satellite imagery data. The satellite gravity were us-
ing Global Gravity Model Plus to produce Complete Bouguer Anomaly (CBA) dataset for
gravity-based anomaly detection and rock density data were utilized to analyse subsurface
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density variations. Landsat-8 satellite imagery has been used to identify lithological varia-
tions from spectral band ratios, including Band Ratio Red 5/4, Band Ratio Green 6/5, and
Band Ratio Blue 7/2. Furthermore, Land Surface Temperature (LST) data, also based on
Landsat-8 satellite imagery data, were integrated to assess surface heat signatures indicative
of geothermal activity. The integration of these datasets facilitated comprehensive spatial
analysis and improved the accuracy of geological model reconstruction. Table 1 wrote list
of input data, including regional geological map and its physical properties that derived from

remote sensing data [7].

Table 1. Regional geological map and physical properties from remote sensing data [8—10].

GGMPlus
Satellite Gravity

Data Unit
Regional Geological Map no unit
Complete Bouguer Anomaly (CBA) mGal
Density gr/cm?
Band Ratio Red 5/4 no unit
Band Ratio Green 6/5 no unit
Band Ratio Blue 7/2 no unit
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Pre-processing stage involves the normalization of physical properties data and the defini-
tion of the reconstructed model, which are critical to ensuring stable computational behaviour
and generating suitable initial data for algorithmic processing. In this phase, the value range
of each dataset is standardized to maintain consistency across different data sources. Further-
more, the pixel resolution of the geological model is specifically defined to match the spatial
dimension required for accurate analysis [11].

Geological features reconstruction is based on integrating rock physical properties val-
ues. The satellite gravity model GGMPlus is the core for determining CBA and rock density
distribution through correction, upward continuation, and Occam inversion processes. CBA
and rock density distributions are combined with lithological image interpretation and Land
Surface Temperature (LST) derived from Landsat 8 satellite imagery. Lithological interpreta-
tions of the Earth’s surface are obtained from composite band ratios of satellite imagery using
the combination of R5/4, G6/5, and B7/2. LST values are calculated through satellite image
processing to determine vegetation proportions and surface emissivity, which are essential
for LST computation, along with local atmospheric variables of the study area [8—10].

The integration of satellite gravity models and satellite image data is used as pre-
processing for spatial reconstruction utilizing machine learning algorithm. Random Forest
algorithm operates through decision tree patterns to extract the optimal integration of spatial
data from geological map and physical properties datasets. For the classification and anal-
ysis of spatial patterns, the open-source library Random Forest Classifier is utilized. This
algorithm constructs decision trees from the training data to capture complex geological fea-
tures pattern. The Random Forest Classifier efficiently classifies lithological distributions and
detects spatial anomalies, contributing to a more detailed reconstruction of geological struc-
tures. Fig. 1 illustrates the research workflow from the input data, processing, and output
model [5].

3 Result And Discussion

Regional geological map defines lithological zoning and provides fundamental data on the
distribution of lithological features. Satellite gravity—derived Complete Bouguer Anomaly
(CBA) represents gravitational responses from varying subsurface densities, indicating re-
gions of structural complexity, such as fault zones and intrusive bodies. Rock density data
further reflect lithological heterogeneity, which is critical for identifying denser formations
such as lava flows or pyroclastic deposits [7].

Composite band ratios offer surface analysis related to rock coverage, as they act as spec-
tral weighting factors. Band Ratio Red 5/4 emphasizes low-canopy vegetation, Green 6/5
reflects dense vegetation, and Blue 7/2 highlights the built-up index within the study area.
Land Surface Temperature (LST) illustrates the distribution of surface temperature, which
correlates with geothermal manifestations or lithological thermal properties. Together, these
datasets represent a comprehensive suite of physical variables used to drive the machine learn-
ing classification. Fig. 2 presents a multi-layered view of the input datasets employed for
geological model reconstruction [8, 12]

Spatial reconstruction was conducted using the Random Forest Classifier to classify geo-
logical features based on training data derived from both geological maps and satellite-based
physical variables. The process began with the normalization of input data and the extraction
of relevant features. Subsequently, the dataset was divided into training and testing subsets
to ensure robust model validation. The Random Forest algorithm, employing an ensemble
of decision trees, evaluated numerous feature combinations to derive the most accurate and
reliable classification rules [4].
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Fig.2. Pre-processing model as input of Random Forest Algorithm for spatial reconstruction: (a) Re-
gional geological map that illustrates geological features distribution; (b) Complete Bouguer Anomaly
(CBA) representing gravity anomaly; (c) Rock density shows the variation of lithological density; (d)
Band Ratio Red 5/4 illustrates concentration of low canopy vegetation; (e) Band Ratio Green 6/5 shows
concentration of high canopy vegetation; (f) Band Ratio Blue 7/2 representing concentration of built-in
index; (g) Land Surface Temperature (LST) shows distribution of surface lithology temperature.

Feature importance analysis indicated that CBA and LST contributed significantly to
classification accuracy, highlighting their relevance in identifying subsurface structures and
geothermal activity. Band ratios also played important role, particularly in differentiating
volcanic breccia and lahar units from lava flows. The prediction results were then visual-
ized, revealing refined lithological boundaries and detailed spatial variability that conven-
tional methods failed to capture [13].

The original model reflects generalized units with coarse spatial boundaries, which are
insufficient for detailed geothermal planning. In contrast, the reconstructed model offers
high-resolution lithological classification with a 15-meter spatial raster resolution, illustrating
small-scale geological inclusions and linear features such as dykes, faults, and intrusive con-
tacts. This enhanced detail is critical in geothermal systems, where subsurface heterogene-
ity influences permeability, fluid flow, and thermal conductivity. The reconstructed model’s
ability to distinguish between multiple lava generations, breccias, and andesite zones demon-
strates the added value of integrating remote sensing with machine learning. The increased
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granularity and spatial coherence of lithological patterns can significantly improve reservoir
conceptual models. Fig. 3 illustrates the transformation from regional geological feature
distribution to a machine learning-based model generated through the spatial reconstruction
process [14].

The confusion matrix in Fig. 4 provides a detailed evaluation of model performance across
lithological classes. It shows the percentage of each class that is preserved or reassigned to
another class during reconstruction. A high preservation rate indicates that the geological
feature remains stable throughout the modeling process. Andesite (Qwb_2) and Volcanic
Breccia 1 (Qvpb_1) exhibit the highest preservation rates, at 99.80% and 98.50%, respec-
tively. Conversely, Lava 4 (Qvp_4) and Lahar & Lava 1 (Qlk_1) show the lowest rates, at
35.30% and 41.00%, indicating substantial feature transformation into other lithological cat-
egories during spatial reconstruction [4, 14].
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Fig.3. Comparison of geological features distribution: (a) Before spatial reconstruction; (b) After spa-
tial reconstruction.

The Random Forest classifier achieved an overall accuracy of 72.82%, validating its ef-
fectiveness in handling multivariate spatial data in a geologically complex setting. Certain
lithologies, such as volcanic remnants, basalt porphyry, and intrusive rock, demonstrating the
model’s robustness in identifying distinct units [4].

However, moderate misclassifications were observed between units with overlapping
spectral or density characteristics. These discrepancies suggest the need for additional inputs
(e.g., magnetic or resistivity data) to improve resolution in ambiguous zones. Nonetheless,
the model’s performance affirms its potential for enhancing geological mapping, particularly
in geothermal exploration, where fine-scale detail is essential for risk reduction and resource
targeting. Field-based geological data validation is also needed to confirm the accuracy of
model predictions generated from the spatial reconstruction process [14].

Further research on the validation of reconstructed models holds the potential to advance
methodological approaches and pave the way for the application of alternative machine learn-
ing algorithms in geological reconstruction. These developments could support broader ap-
plications in geothermal monitoring and evaluation across various sectors.
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Fig.4. Confusion Matrix from spatial reconstruction of geological feature distribution.

4 Conclusion

Geological mapping optimization is performed through the reconstruction of geological maps
by utilizing satellite gravity model outputs, specifically Complete Bouguer Anomaly (CBA)
values and rock density. Additionally, satellite imagery data in the form of composite band
ratios and Land Surface Temperature (LST) contribute as physical properties in the geological
map optimization process. The application of the Random Forest machine learning algorithm
as a computational module enables more detailed spatial reconstruction of geological maps,
particularly in the spatial distribution of surface rock lithology, which can be identified with
greater specificity. The spatial reconstruction using the Random Forest algorithm achieved an
accuracy of 72.82%. There are some potential further research, through reconstructed model
validation that promises advanced methodology, opening possible other machine learning
algorithms application for geological feature and structure reconstruction, and other related
potential topic regarding wide sectors of geothermal monitoring and evaluation.
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