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Abstract. This paper explores the digital transformation of geothermal power plant operations through the
Geothermal Operations Optimization, Reliability, and Efficiency using Machine Learning (GOOREMALE)
framework. Geothermal operations have traditionally relied on manual data collection, periodic reporting, and
expert-based analysis, which often delay decision-making and extend cycle times. These inefficiencies create
risks of reduced output, higher operational costs, and slower responses to disturbances, underscoring the need
for a structured, data-driven solution. The objective of this research is to evaluate whether integrating
digitalization and machine learning can reduce the operational decision-making cycle time and enhance
monitoring capabilities. The methodology adopts a multi-phase approach, beginning with the digitization of
operational log sheets into a centralized database management system (DBMS), followed by the development
of Business Intelligence dashboards for real-time visualization, and culminating in the application of machine
learning models. Specifically, Locality Sensitive Hashing (LSH), OPTICS clustering, and Root Mean Square
Error (RMSE) evaluation were applied to detect anomalies, forecast deviations, and provide decision support.
The results show that GOOREMALE reduced the decision-making cycle time by approximately 50%,
improved anomaly detection accuracy, and delivered real-time dashboards that enhanced situational awareness
across operational teams. These outcomes confirm that digital transformation can significantly strengthen the
timeliness and accuracy of geothermal operational decision-making. The main contribution of this research is
the establishment of a practical and replicable framework for digital transformation in geothermal plant
operations, while its boundary is limited to decision-making efficiency without yet covering long-term
reliability, subsurface management, or predictive maintenance.
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INTRODUCTION

Geothermal power plants are vital contributors to
renewable energy development, but their operations
are inherently complex, with fluctuating reservoir
conditions, varying steam supply, and critical
equipment dependencies. Traditionally, operational
decision-making has been carried out through manual
data collection, periodic reporting, and expert-based
analysis [1]. While this approach has sustained
operations for decades, it introduces significant delays
in recognizing anomalies and responding to changes,
thereby lengthening the decision-making cycle time. In
a production environment where every hour of delay
can affect output reliability and efficiency, accelerating
the decision-making process has become a strategic
imperative [2].

Recent research has demonstrated that digital
transformation and machine learning (ML) can address
these inefficiencies in the energy sector. For example,
Ling et al. (2024) applied artificial neural networks
(ANN) and support vector regression (SVR) to predict
geothermal power plant performance with strong
accuracy, while Siratovich et al. (2022) outlined
opportunities for ML in anomaly detection, clustering,
and optimization in geothermal operations [3], [4].
Okoroafor et al. (2022) highlighted two decades of ML
applications in subsurface geothermal exploration,
advancing techniques in seismic interpretation and

reservoir property prediction [5]. Despite these
advances, prior studies have largely focused on
predictive modeling or exploration, rather than on
developing a structured framework for operational
decision-making. The gap lies in leveraging
digitalization and ML not just for prediction, but
specifically for reducing the time it takes to make
operational decisions in daily plant management.

This study introduces the Geothermal Operations
Optimization, Reliability, and Efficiency through
Machine Learning (GOOREMALE) framework,
which integrates Business Intelligence (BI) dashboards
with ML techniques to automate anomaly detection
and decision support. The central research problem is
the inefficiency of traditional manual workflows, with
the hypothesis that digital transformation supported by
ML can significantly reduce the operational decision-
making cycle time. The methodology follows a multi-
phase approach, beginning with digitizing operational
logs into centralized databases and dashboards, then
embedding ML models to detect deviations and
provide real-time insights.

The objective of this paper is to evaluate the impact
of GOOREMALE on decision-making cycle time
within geothermal operations, focusing exclusively on
the operational dimension. The contribution of this
research lies in empirically demonstrating that
digitalization can cut cycle time by approximately
50%, establishing a practical framework for real-time
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decision-making. The scope of this study is
deliberately bounded to operational decision-making
processes, without extending into reliability and
efficiency aspects, which are reserved for future phases
of investigation.

Geothermal power plants play a strategic role in
global renewable energy portfolios, but their
operational performance depends on effective
monitoring and rapid response to system changes [6].
Traditionally, operational data in geothermal facilities
has been recorded manually or stored in siloed
systems, limiting their usefulness for real-time
decision-making [1], [7]. Omrani et al. (2024)
highlight that Business Intelligence (BI) platforms
provide a means to centralize data and support
visualization, enabling faster access to operational
insights. In recent years, BI dashboards and historian
systems have increasingly been deployed in power
plant environments to provide decision-makers with
near real-time visibility of process conditions, although
adoption in geothermal contexts has remained
relatively limited [8].

Parallel to these developments, machine learning
(ML) has emerged as a powerful tool for data-driven
operational optimization. Ling et al. (2024) applied
artificial neural networks (ANN) and support vector
regression (SVR) for geothermal power plant
performance prediction, achieving high levels of
accuracy in forecasting operational parameters [3].
Siratovich et al. (2022) demonstrated opportunities for

METHODOLOGY

The methodology of this study is designed to evaluate
how digital transformation, supported by machine
learning (ML), can reduce the operational decision-
making cycle time in geothermal power plant
operations. The approach integrates structured
workflow development, system architecture design,
system implementation, and evaluation throughout the
GOOREMALE implementation phase.

Research framework

The research framework adopts a structured and
iterative process to address inefficiencies in
geothermal operational decision-making. It begins
with problem definition, research objectives, literature
review, and gap analysis to establish the research

ML in anomaly detection and clustering, showing its
potential to improve monitoring and reliability in
geothermal plants [4]. Okoroafor et al. (2022) provided
a broader review of ML applications in geothermal
exploration, noting significant advances in seismic
interpretation, well logging, and reservoir property
prediction over the past two decades [5]. More recent
studies in geothermal energy forecasting also highlight
the use of regression and clustering techniques for
temperature and flow prediction, underscoring the
flexibility of ML approaches in handling complex
geothermal datasets (e.g., Al-Fakih et al. 2025; Ibrahim
et al. 2023; Gao et al. 2024) [9], [10], [11].

Despite these advances, most prior studies have
focused either on predictive modeling of power plant
outputs or on subsurface exploration. While such
contributions are valuable, they do not directly address
the operational challenge of accelerating decision-
making in daily plant management. Specifically, there
is a gap in integrating digitalization with ML within a
structured framework that not only predicts
performance but also reduces the cycle time for
operational decisions. Addressing this gap, the
GOOREMALE initiative contributes a combined BI
and ML framework specifically designed to improve
decision-making efficiency by centralizing data,
automating anomaly detection, and providing real-time
operational support.

context and identify shortcomings in current manual
workflows. These insights are then translated into a
roadmap for digital transformation, followed by
system implementation and technology assessment to
ensure that each stage delivers measurable
improvements. The overall workflow of this research
framework is illustrated in Figure 1.

A key decision point in the framework is the
evaluation of prerequisites for machine learning
integration, such as data readiness, system maturity,
and organizational alignment [12], [13]. If these
conditions are not met, the process loops back to refine
earlier stages. Once readiness is achieved, machine
learning models are embedded to support anomaly
detection and accelerate decision-making, with
outcomes evaluated based on reduced decision-making
cycle time.
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Figure 1. Staged workflow of the research framework integrating digitalization and machine learning

Data collection

The primary data source consists of geothermal
operational logs, including wellhead pressure, steam
pressure, temperature, and flow rate, brine reinjection
data, and turbine performance indicators. Traditional
file sharing method was obviously not lean in a
business process. To address its drawbacks, the digital
initiative implemented a database management system
(DBMS), data visualization, and an asset framework
(AF).

A database management system, or DBMS, is
software designed to assist in maintaining and utilizing
large collections of data, and the need for such systems,
as well as their use, is growing rapidly [14]. DBMS,
built into this system, comprised a real-time historian
database and an asset framework (AF) storage. Asset

Framework is a platform to create a hierarchy or
structure from collected data based on the site
equipment hierarchy. AF is especially useful for
creating a model (for analysis and forecasting), an
event (data generated by a specific logic), and a
notification. A robust DBMS, visualization, and
diagnostic analytics architecture is shown in Figure 2
below. Its sources were OPC DA and Modbus Ethernet
protocol, which were installed on the site server. The
previous paper-based data was digitized and converted
to real-time data, which was transferred to a DBMS
server at the headquarters office. The process reduced
the long cycle time for transferring data to the head
office. After integrating the data, engineers can
develop a user-friendly visualization and analytics tool
that will help them make quick operational
improvement decisions by leveraging trending data.
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Figure 2. System architecture of the digital transformation initiative

Machine learning methods

The ML methodology focused on anomaly detection
and decision acceleration. This phase leverages the
historical and real-time data collected in earlier stages
to train ML algorithms. By employing supervised or
unsupervised learning methods, the system can
autonomously identify deviations from normal
operational patterns. These anomalies are crucial
indicators of early-stage faults, sensor drift, or
potential system failures, providing a data-driven
foundation for proactive decision-making. This study
employed supervised and unsupervised machine
learning techniques to identify deviations in complex,
high-dimensional operational datasets. Specifically,
Locality Sensitive Hashing (LSH) was used to
efficiently detect patterns and outliers in large-scale
time-series data, while OPTICS (Ordering Points To
Identify the Clustering Structure) was applied to
uncover natural clustering structures without requiring
a predefined number of clusters. In addition, Root
Mean Square Error (RMSE) was used as a statistical
measure to quantify deviations between actual sensor
data and predicted operational conditions. By training
on normal operation data, the ML models could flag
abnormal states and support faster corrective actions.

RMSE = (1

Where n denotes the total number of data points
considered in the evaluation, thereby defining the size
of the dataset used for model assessment. The variable
y; corresponds to the actual or observed value at the i
data point, reflecting the true measurement obtained
from operational data. Conversely, y; represents the
predicted value generated by the machine learning
model at the i data point.

Locality sensitive hashing (LSH)

Locality Sensitive Hashing (LSH) is a dimensionality-
reduction technique that efficiently clusters similar
data points by hashing them into the same "bucket"
with high probability. It is particularly useful for
identifying outliers by evaluating how frequently a
new data point falls into a bucket of previously
observed normal behavior. LSH works by mapping
similar data points into the same hash “bucket” using a
series of hash functions that preserve similarity (e.g.,
cosine or Euclidean distance). This allows the system
to group operational states that exhibit similar behavior
(normal operation), while quickly identifying outliers
(anomalies) that do not share characteristics with any
known group [15], [16]. The working principles of
LSH are depicted in Figure 3.
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Figure 3. Working principles of LSH

fixed counts, OPTICS can detect clusters of arbitrary
shape and varying density—making it especially
effective in industrial systems such as geothermal
plants, where operational states can shift subtly or
irregularly over time. OPTICS works by measuring
how closely grouped data points are to one another in
a multi-dimensional space [17], [18]. The working
principles of OPTICS are depicted in Figure 4.
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Ordering points to identify the clustering
structure (OPTICS)

OPTICS is a density-based clustering algorithm
developed to identify underlying structures in large,
noisy datasets without requiring the number of clusters
to be defined beforehand. Unlike traditional algorithms
like k-means, which assume spherical clusters and
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Figure 4. Working principles of OPTICS
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three sections: steam field, power plant, and other
reports. All reports were manually delivered to
headquarters via the communicator applications or
corporate mail. The entire traditional file-sharing
workflow consumed about 14.5 hours each day. Late
submission and data compilation triggered an increase
in non-productive time and, consequently, weak
decision-making, resulting in tremendous effort for
engineers at headquarters.

RESULT AND DISCUSSION

Prior to digitalization, the communication protocol
between local operators and headquarters engineers
was exceedingly complex, with frequent issues of poor
data quality. The use of a paper-based Operation Log
Sheet led to unnecessary but necessary work. Several
reports were supplied individually and in a scattered
way from each field. As shown in Figure 5, there were
various manual daily operational data, divided into

Power Plant Steam Field Other
Report Report Report
Dieng 1 Dieng 1 Dieng 1
Patuha 1 Patuha 1 Patuha 1

Production report

Production well

Operation report Report

parameter report Geochemist report v Production
Electrical report Brine Injection Forecasting report
Mechanical report report v  Ete.

4 o
3o y

L]

Manual Integration in
Head Quarter Office

Annual Target

Figure 5. Traditional file-sharing methods

The digitalization initiative commenced with the
conversion of operational log sheets into a centralized,
online repository that functioned as a preliminary
database management system (DBMS). This transition
marked a fundamental shift from manual, siloed
reporting to a structured, accessible data environment.
On top of this DBMS, dashboards were developed
using Business Intelligence (BI) tools, which served as
the primary interface for data visualization and

analysis. The dashboards enabled faster access to key
operational parameters and trends, significantly
reducing the time required for data retrieval and
processing. The adoption of this digital approach
resulted in a 50% reduction in the previous decision-
making cycle time, shown in Figure 6. Additionally,
this transformation yielded a soft benefit of
approximately USD 2,245 per month, or around USD
26,940 annually.
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Figure 6. Reduction of decision-making cycle time

enabled continuous monitoring of key operational
parameters, such as power generation and specific
steam consumption (SSC), allowing engineers and
planners to track performance indicators in real time
and respond to deviations without waiting for periodic

The ultimate outcome of integrating operational data
into a robust database management system and
machine learning was not only visualizing trending
charts and other graphs but also providing deep
insights for both operational and management levels.

The real-time dashboards, as shown in Figure 7, Gt
Power Generation (kW) = m X (hipjet — Routlet) 2)
m
Specific Steam Consumption (SSC) = (3)

Power Generation

reporting to dynamic visualization enhanced
situational awareness and supported more agile
operational control.

Where m represents mass flow rate (kg/s), Ainiec denotes
enthalpy at turbine inlet (kJ/kg), and /oune: represents
enthalpy at turbine outlet. This shift from static

OPERATION PARAMETER - TURBINE O

25.76 69 89 58 90

Figure 7. Turbine real-time operation parameter dashboard

Prosiding SNTTM © 2026 by BKS-TM Indonesia is licensed under CC BY-NC 4.0. Meliala et al /ENG-106/18



CSITM
) 'DEM'E'F$

In the upstream steam field, one recurring challenge
is the formation of massive silica deposits, or scaling,
which disrupts fluid flow and reduces system
efficiency. To address this, a condition monitoring
dashboard was implemented by integrating operational
production data with geochemical brine analysis from
the geochemistry team. This proactive approach
prevented silica scaling in the brine line. As a result,
the cleaning of the brine line—typically required due
to severe scaling—was successfully avoided,
preventing one day of lost production opportunity and
resulting in estimated cost savings of approximately
USD 19,500.

* (Overall Model Residual)
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In addition, the integration of machine learning
models provided an advanced layer of anomaly
detection and diagnostic insights, as shown in
Figure 8. As demonstrated in recent work (e.g.,
Abrasaldo et al. 2024; Azuma & Hashimoto. 2025),
anomaly detection frameworks can flag deviations
in steam production or equipment behavior hours
before critical failure. These techniques rely on
historical normal behavior to set thresholds or
define clusters, enabling proactive maintenance
rather than reactive responses [19], [20].

Figure 8. Machine learning integration and diagnostic insights

From an operational perspective, integrating real-time
dashboards proved a key enabler in bridging the gap
between raw data and actionable insights. Engineers
and operators reported that visualisation through BI
interfaces reduced the time required to interpret
system performance trends, while ML-driven alerts
provided contextual decision support. This change
reflects a shift from reactive to proactive management
of geothermal plant operations, in line with broader
digital transformation trends in the energy sector [5].

CONCLUSION

This study examined the implementation of the
Geothermal Operations Optimization, Reliability, and
Efficiency through Machine Learning
(GOOREMALE) framework to address delays in
operational decision-making caused by manual
processes in geothermal power plant management. The

results show that digitalizing operational data through
a database management system (DBMS) and using
Business Intelligence  dashboards significantly
improved information accessibility and transparency in
decision-making. In addition, this digital foundation
enabled real-time collaboration between field
engineers and headquarters, enabling operational
insights to be shared and acted on more quickly across
organizational levels.

The integration of machine learning methods,
particularly Locality Sensitive Hashing (LSH),
OPTICS clustering, and Root Mean Square Error
(RMSE) evaluation, enabled faster, more accurate
anomaly detection. This implementation successfully
reduced decision-making cycle time by approximately
50%, achieved cost savings, and enhanced real-time
monitoring of operational performance. Moreover, the
use of ML-driven anomaly detection strengthened the
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ability of operational teams to anticipate risks and
proactively
intervene before underperformance or failures occur.
The contribution of this research lies in providing a
practical, replicable framework for  digital
transformation in geothermal plant operations. The
research boundary is limited to operational decision-
making and cycle-time efficiency, without extending
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