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ABSTRACT 

Geothermal energy represents a crucial component of sustainable energy strategies due to its consistent 

availability and minimal emissions. However, the comprehensive assessment of sustainability for 

geothermal turbine systems remains challenging, primarily due to complex interactions among 

environmental, social, and economic dimensions. This study develops and applies an advanced Product 

Sustainability Index (PRODSI) framework, uniquely combining expert-driven fuzzy Analytic Hierarchy 

Process (fuzzy-AHP), data-driven Entropy methods, and Convolutional Neural Networks (CNN) for robust 

validation. Utilizing a detailed dataset derived from the System Advisor Model (SAM) Discounted Cash 

Flow (DCF), IPSEpro off-design performance models, Energy Information Administration (EIA) 

consumption data, and extensive supplementary tables, sustainability indicators were normalized and 

weighted systematically. The results indicate significant variation in sustainability scores across evaluated 

geothermal turbines, notably identifying the 5 MW turboexpander as the most balanced and sustainable 

choice, with a PRODSI score of 7.08, compared to 2.7 for the 1 MW turbine and 5.32 for the 20 MW steam 

turbine. This study contributes by integrating subjective expert insights with objective data analysis and 

validating this integration through CNN-driven machine learning, establishing a novel standard for 

sustainability assessments of renewable energy systems. The PRODSI framework offers a transparent, 

validated, and scalable tool for decision-making in geothermal sustainability. It provides actionable 

guidance for investors, developers, and policymakers, facilitating optimized technology selection and 

resource allocation. Additionally, it establishes a foundation for real-time decision support and broader 

applications in renewable energy. 

Keywords-sustainability; geothermal turbines; PRODSI; fuzzy-AHP; entropy method; ML; CNN; renewable 

energy 

I. INTRODUCTION  

The necessity of sustainability has become top concern for 
global issues in recent years, driven by escalating 
apprehensions regarding climate change, depleting energy 
resources, and pervasive environmental degradation [1, 2]. In 
this context, renewable energy systems, namely solar 
photovoltaic arrays, wind turbines, and geothermal power, play 
a pivotal role and are crucial for transitioning from fossil fuels 
to cleaner, more sustainable electricity generation [3]. 
Geothermal energy exhibits several distinct advantages. It 

provides consistent and dependable power generation, produces 
negligible greenhouse gas emissions during operation, and 
requires a comparatively small land footprint relative to more 
intermittent resources such as wind and solar energy [2, 4]. 
Geothermal energy has operational benefits, but customized 
sustainability assessment tools are scarce. Current methods are 
limited in scope, focusing on a single dimension of 
environmental, economic, or social concern, while disregarding 
the others, and relying on expert opinion or data analytics [5, 
6]. To address these deficiencies, we propose the Product 
Sustainability Index (PRODSI)—a comprehensive framework 
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that integrates environmental integrity, economic viability, and 
social impact for geothermal turbine systems. PRODSI uses a 
hybrid weighting method that combines the fuzzy Analytic 
Hierarchy Process (fuzzy-AHP) and Entropy. Fuzzy-AHP is a 
method that captures human judgment uncertainty by 
converting qualitative expert evaluations into triangular fuzzy 
numbers [7]. The Entropy method then weights indicators by 
data dispersion, prioritizing those that best distinguish system 
designs [8]. To guarantee methodological rigor, we 
authenticate this hybrid approach utilizing a Convolutional 
Neural Network (CNN). CNNs are proficient at identifying 
complex patterns in intricate datasets, rendering them suitable 
for validating that the selected weights accurately represent 
real-world performance [9-11]. We implement PRODSI on 
three representative turbines: a 1 MW Organic Rankine Cycle 
(ORC) turboexpander, a 5 MW ORC turboexpander, and a 20 
MW flash-steam unit. Our analysis encompasses economic 
indicators: Capital Expenditure (CAPEX), Operational 
Expenditure (OPEX), and Net Present Value (NPV); 
environmental indicators: thermal efficiency, lifecycle carbon 
dioxide emissions, and water consumption; social criteria: local 
employment generation, community advantages, and 
occupational safety. This comprehensive analysis provides 
guidance to geothermal industry developers and policymakers 
in sustainable technology selection. The research advances 
literature and industry practice by (1) creating a machine 
learning-validated hybrid fuzzy-AHP and Entropy weighting 
framework (2) applying this robust framework to 
comprehensively evaluate sustainability in geothermal turbine 
products of varying scales, and (3) establishing a transparent, 
practical decision-making methodology easily adaptable by 
industry stakeholders, policymakers, and researchers. By doing 
so, this study directly addresses critical gaps in current 
sustainability assessment practices, enabling more informed, 
balanced, and sustainable geothermal energy deployment 
decisions. 

II. CONCEPTUAL FRAMEWORK 

A. Sustainability Frameworks in Renewable Energy 

Sustainability assessment frameworks serve as structured 
decision-support tools that integrate environmental, economic, 
and social dimensions to evaluate energy technologies from 
cradle to grave. Early efforts, such as the United Nations' 
Sustainable Development Goal indicators and the World 
Energy Council's Energy Trilemma Index, offer high-level 
guidance on national energy policy. However, these efforts lack 
the granularity required for project-level evaluations [1, 2]. In 
the wind and solar sectors, tailored protocols such as the 
Hydropower Sustainability Assessment Protocol and Solar 
Rating & Certification Corporation standards incorporate 
multi-criteria metrics; yet they often omit social or life-cycle 
phases that are unique to geothermal systems [12, 13]. 
Specifically for geothermal systems, authors in [12] introduced 
a bespoke framework by engaging stakeholders to identify 48 
indicators covering reservoir management, emissions, and 
community welfare. However, its reliance on purely expert-
driven weighting limited transparency and reproducibility. 

B. Weighting Techniques: Analytic Hierarchy Process, Fuzzy 
Logic, and Entropy 

Establishing indicator weights is essential in multi-criteria 
decision-making. The AHP continues to be widely utilized, as 
it can break down intricate judgments into a hierarchical 
framework and calculating weights through pairwise 
comparisons accompanied by consistency assessments [14, 15]. 
AHP efficiently structures expert assessments but relies on 
precise numerical evaluations, possibly ignoring human errors. 
Fuzzy-AHP accepts uncertainty and reduces cognitive bias in 
expert contributions by replacing ratios with fuzzy membership 
functions (e.g., triangular distributions) [7, 8]. Notwithstanding 
its improved resistance, fuzzy-AHP is still susceptible to 
subjective scale selection. In contrast, the Entropy technique 
allocates objective weights according to the variability of 
indicators. Specifically, criteria exhibiting larger dispersion 
among alternatives are assigned proportionately higher 
weights, indicating their discriminative potential [13, 16]. 
Entropy weighting removes subjective bias but may 
unintentionally favor metrics with significant statistical 
volatility that may not possess substantial value. 

C. Hybrid Subjective-Objective Weighting 

Hybrid weighting methods combine subjective and 
objective approaches to offset individual method constraints. 
For instance, in supply chain decision-making, combining AHP 
with the Entropy method has been shown to yield more stable 
and defensible weights [17]. Similarly, in renewable energy 
planning, hybrid models improve evaluation consistency and 
stakeholder confidence [5, 18]. Nevertheless, the acceptance of 
such integrated weighting systems is still rare in geothermal 
sustainability research, suggesting a methodological gap that 
this work attempts to close. 

D. Machine-Learning Validation Gap 

Beyond weighting, the validation of sustainability scores is 
seldom addressed. Although machine learning offers powerful 
tools for pattern recognition and validation, it has seen limited 
application in sustainability assessments [3]. A handful of 
studies have used neural networks to predict the sustainability 
performance of urban systems or industrial processes [10, 19], 
yet very few employ CNNs to verify multi-criteria scores. 
CNNs excel at learning hierarchical feature representations 
even from non-image data, when appropriately structured [20]. 
Their application could offer an objective assessment of 
whether composite sustainability profiles form distinct, 
learnable clusters, thereby validating the assessment model 
itself. 

E. Research Positioning 

This study addresses two critical gaps: (1) the lack of 
integrated subjective-objective weighting in geothermal 
sustainability frameworks, and (2) the absence of machine 
learning-based validation of multi-criteria scores. We propose 
the PRODSI framework, which combines fuzzy-AHP to 
capture expert insights and uncertainty with Entropy weighting 
to ground the weights in empirical data. This is followed by 
CNN validation of the resulting sustainability profiles. By 
uniting these methods, our approach ensures that weights are 
both contextually relevant and data-driven, and that the final 
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sustainability classifications are corroborated by an advanced 
machine learning model. This novel integration enhances the 
transparency, robustness, and confidence in geothermal 
sustainability assessments, filling a significant methodological 
void in the existing literature. 

III. METHODOLOGY 

A. Study Overview 

All analyses use a unified geothermal turbine dataset from 
five primary sources: proprietary cost breakdowns from the 
Clean Energy Manufacturing Analysis Center (CEMAC) [21] 
and the Geothermal Technologies Office (GTO) report, techno-
economic simulations from the System Advisor Model (SAM) 
Discounted Cash Flow (DCF) spreadsheet, off-design 
operational metrics from IPSEpro, emissions and lifecycle data 
from Energy Information Administration (EIA) tables, and 
original stakeholder survey results. The entire methodological 
workflow is shown in Figure 1. Data assembly involved 
extracting 63 off-design cases from SAM DCF models (2020–
2024), integrating isentropic efficiency, emissions, and 
resource usage from IPSEpro and EIA tables, and adding 
quantitative and qualitative social metrics from stakeholder 
surveys and community reports. Min-max normalization, k-
nearest neighbor imputation for missing entries, and open-
ended survey response thematic coding were the preprocessing 
steps. Expert-driven fuzzy-AHP and data-driven Entropy 
methods were fused to achieve hybrid weighting, balancing 

subjective and objective inputs. The PRODSI framework was 
compared to the leading methods in [22-24], with the 
evaluation metrics described in the final section. 

B. Data Collection and Availability  

The data were collected from five complementary, 
application-specific datasets, as summarized in Table I, and 
were categorized according to the three pillars of the PRODSI 
sustainability framework: economic, environmental, and social: 

 Economic pillar: The National Renewable Energy 
Laboratory's (NREL) SAM [25] generated a detailed DCF 
model across 63 off-design cases (2020–2024). This model 
yielded the following metrics for each turbine scale: 
CAPEX, OPEX, Minimum Sustainable Price (MSP), NPV 
of turbine investment, Internal Rate of Return (IRR) over 
20 years, and Levelized Cost of Energy (LCOE). 

 Environmental pillar: IPSEpro off-design simulations [26] 
(63 scenarios, 2023-2024) provided isentropic efficiencies 
and mass flows. These were combined with EIA lifecycle 
emissions tables [27] (~250 fuel-use and CO₂ factors from 
2019–2023) to quantify resource use and greenhouse gas 
emissions. 

 Social pillar: A custom stakeholder survey across three 
operational sites and five years of site reports captured 
employment, health and safety, community engagement, 
and infrastructure investment (available upon request). 

TABLE I.  DATA SUMMARY TABLE 

Source Extracted variables  Units Time span Sample count 

CEMAC GTO technical report CAPEX, MSP, NPV, labor hrs, material mass USD/kW, USD, hrs, kg Static, 2018 3 design cases 

SAM DCF results CAPEX, OPEX, IRR, WACC, LCOE, annual revenue USD, %, % 2020-2024 63 off-design runs 

1 MW DCF model Component cost, workforce size, setup time USD, persons, hrs 2024 10 scenarios 

5 MW DCF model Component cost, efficiency, NPV USD, %, USD 2024 10 scenarios 

20 MW DCF model Efficiency, emissions, material use %, kg CO₂/kW-yr, kg 2024 10 scenarios 

IPSEpro off-design Isentropic efficiency, mass flow, power output %, kg/s, kW 2023-2024 63 scenarios 

EIA consumption tables Fuel MJ/kg, CO₂ kg/MJ, grid efficiency MJ, kg, % 2019-2023 ~250 entries 

EIA web API Lifecycle GHG, sector fuel mix kg CO₂-eq/kWh, % 2019-2023 NA 

Custom social survey 25 Likert items (1-5), 2 open-ended Scale 1-5, text 2024-2025 3 sites 

 

 
Fig. 1.  PRODSI workflow. 

C. Sustainability Indicators and Product Sustainability Index 
Pillars 

Table II presents the full list of sustainability indicators 
used in this study, organized by the PRODSI framework's 
pillars and clusters. Each pillar (environmental, economic, 
social) is divided into thematic clusters of related indicators, 
and each cluster contains specific sub-factors (individual 
metrics) obtained from the data sources above. The table 

includes a brief description, units of measurement, optimization 
direction (↑ maximize or ↓ minimize, indicating sustainability), 
and data source for each sub-factor. For certain qualitative or 
index-based sub-factors, "↑ Maximize" indicates a higher score 
or better rating, whereas "↓ Minimize" suggests fewer incidents 
or lower impact. This structured categorization is used for 
subsequent multi-criteria analysis, ensuring that all aspects of 
sustainability are represented. 
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TABLE II.  PRODSI SUSTAINABILITY PILLARS, CLUSTERS, AND SUB-FACTORS WITH DESCRIPTIONS, UNITS, OPTIMIZATION 
DIRECTION, AND DATA SOURCES 

Pilla

r 
Cluster Sub-factor Description Unit Optimize 

E
n
v

ir
o

n
m

en
ta

l 

E
m

is
si

o
n

s 

CO₂ emission rate 
Carbon dioxide released per unit of electricity generated (primarily from 

geothermal fluid gases) 
kg CO₂ per 

MWh 
↓ Minimize 

H₂S emission rate 
Hydrogen sulphide emissions from geothermal steam (a key local air pollutant with 

odor and health impacts) 
kg H₂S per 

MWh 
↓ Minimize 

Other emissions 
Additional gas or particulate emissions if any (e.g., CH₄, N₂S) present in geothermal 

effluent 
kg per MWh ↓ Minimize 

R
es

o
u
rc

e 
u

se
 Water consumption 

Fresh water consumed or lost (not reinjected) in plant operations (cooling, process 
use) 

m³ per year ↓ Minimize 

Land footprint Land area occupied by the geothermal facility and associated infrastructure hectares ↓ Minimize 

Brine extraction rate 
Geothermal fluid extraction rate from reservoir (proxy for resource depletion 

pressure) 
kg/s ↓ Minimize 

Noise level 
Operational noise at plant boundary/community (important for local environmental 

comfort) 
dB(A) ↓ Minimize 

E
co

n
o

m
ic

 

C
o

st
 e

ff
ic

ie
n
cy

 

LCOE 
Average lifecycle cost of producing electricity, including capital and O&M, 

discounted over project life 
$/MWh ↓ Minimize 

NPV 
Project cash flows less initial investment to show present value, so indicating 

general profitability 
$ (USD) ↑ Maximize 

IRR 
Discount rate that yields NPV = 0 for the project; a higher IRR indicates better 

return on investment 
% ↑ Maximize 

Payback period Time needed for the project to turn net cash flows back into its starting investment years ↓ Minimize 

Capacity factor 
Actual annual energy output divided by maximum possible output (indicates 

utilization efficiency) 
% ↑ Maximize 

Capital expenditure 
Total upfront investment cost for the turbine system (equipment, installation, 

commissioning) 
$ (USD) ↓ Minimize 

Operating expenditure 
(annual O&M) 

Annual operation and maintenance cost (fixed and variable) for the turbine system $/year ↓ Minimize 

Cost breakdown 
Detailed cost components (e.g., drilling, turbine, heat exchanger, infrastructure) 

comprising CAPEX and OPEX 
various ↓ Minimize 

S
o

ci
al

 

E
m

p
lo

y
m

en
t 

&
 

ec
o
n
o

m
y
 

Local employment 
Number of jobs created for local community by the project (both direct and indirect 

employment) 
# of jobs ↑ Maximize 

Local procurement 
share 

Percentage of project expenditures spent on local suppliers and contractors % ↑ Maximize 

Average income 
increase 

Rise in average household income in the project-affected community since project 
start (indicator of economic upliftment) 

% (baseline) ↑ Maximize 

H
ea

lt
h

 &
 

sa
fe

ty
 

Accident rate 
Frequency of workplace accidents or incidents per year at the plant (safety 

performance indicator) 
incidents/year ↓ Minimize 

Lost-time injury 
frequency 

Number of injuries per 200,000 work-hours causing lost work time (standard safety 
metric) 

injuries/200k 
hrs 

↓ Minimize 

Public health 
complaints 

Recorded health complaints (e.g., respiratory issues, odor complaints from H₂S) in 
nearby community attributable to plant operations 

cases/year ↓ Minimize 

C
o

m
m

u
n

it
y

 
w

el
l-

b
ei

n
g

 

Social acceptance 
rating 

Community satisfaction/acceptance index for the project (e.g., via surveys on a 
Likert scale) 

1-5 scale ↑ Maximize 

Resettlement & 
cultural impact 

Qualitative score or index of how well the project managed any resettlement and 
protected cultural/heritage sites (lower impact is better) 

1-5 scale 
(inverse) 

↓ Minimize 

Community 
development index 

Composite index reflecting project contributions to local infrastructure, education, 
and quality of life (higher is better) 

index (0-1) ↑ Maximize 

E
n
v

ir
o

n
m

en
ta

l 
ju

st
ic

e 

Air quality in local 
area 

Air quality level in the vicinity (e.g., improvement or degradation in AQI due to 
plant emissions control). 

AQI or μg/m³ 
↑ Maximize / ↓ 

Minimize 

Noise in residential 
zones 

Measured noise level increase in nearby residential areas due to plant (addresses 
nuisance and comfort) 

Δ dB ↓ Minimize 

Induced seismicity rate 
Occurrence of induced micro-seismic events linked to geothermal operations 

(monitoring plant’s geological impact) 
events/year ↓ Minimize 

Water quality index 
Water quality in nearby groundwater or surface water affected by geothermal fluids 

(contamination risk indicator) 
index (0-100) ↑ Maximize 

G
o

v
er

n
an

ce
 &

 
p

o
li

cy
 

Regulatory compliance 
Degree of compliance with environmental and safety regulations (e.g. number of 

violations or audit findings) 
# of non-

compliances 
↓ Minimize 

Stakeholder 
engagement 

Number of stakeholder meetings, public consultations, or partnerships established 
(indicates transparency and community engagement) 

count/year ↑ Maximize 

Benefit sharing 
mechanism 

Existence and effectiveness of local benefit-sharing (e.g., percentage of revenue 
shared with community or reinvested) 

% of revenue ↑ Maximize 
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This comprehensive set of indicators captures the multi-
dimensional sustainability performance of geothermal turbine 
systems. The environmental pillar focuses on emissions and 
resource utilization metrics, the economic pillar captures cost-
effectiveness and financial viability measures, and the social 
pillar includes human-centric outcomes, such as employment, 
safety, community acceptance, and governance. These 
indicators form the input to the multi-criteria decision model 
described next. 

D. Multi-Criteria Weighting: Fuzzy Analytic Hierarchy 
Process and Entropy Methods 

To evaluate the relative importance of the above indicators, 
a hybrid weighting approach was adopted, combining expert 
judgment through fuzzy-AHP with an objective Entropy 
weighting method. This approach ensures a balance between 
subjective expert priorities and the intrinsic information carried 
by the data. 

1) Fuzzy Analytic Hierarchy Process Weighting 

First, a hierarchical model of the decision criteria was 
established (pillars → clusters → sub-factors, as per Table II). 
Domain experts performed pairwise comparisons of criteria 
using linguistic judgments that were modelled as triangular 
fuzzy numbers. This resulted in a fuzzy pairwise comparison 

matrix A�  =  [���	]  where each entry ���	  =  (��	 , ��	, ��	) 
represents the relative importance of criterion � against � as a 
fuzzy number (with lower bound ��	 , modal value ��	 , and 

upper bound ��	. The fuzzy comparison scale was designed so 

that ���	 > 1  (approximately "more important") if �  is judged 

more important than � , and ���	 < 1  if less, with reciprocal 

symmetry ��	� = 1  ���	⁄ . Using these fuzzy judgments, fuzzy 

weights for each criterion were computed. In particular, the 
fuzzy synthetic extent method was applied for each indicator �, 
and the geometric mean of its fuzzy comparisons across � 
criteria was calculated as:  

�� �  = �∏ ���	
�
	�� �

�/�
     (1) 

This yields a fuzzy weight �� �  = (�� , �� , ��)  for each 
indicator. The fuzzy weights were then defuzzified to obtain 
crisp priority values. A centroid method (average of the 
triangular fuzzy endpoints) was used for defuzzification 
��

!"# = (�� + �� + ��) 3⁄ , which provides a single 
representative weight for indicator �. The vector of weights is 
w!"# = '��

!"# , �(
!"# , … , ��

!"#*, which was then normalized 

so that ∑ ��
!"#�

��� = 1. This yields the subjective weight of 
each sustainability sub-factor, reflecting expert preference and 
the fuzzy relative importance captured in the pairwise 
comparisons. The consistency of expert judgments was also 
checked (through a fuzzy consistency ratio analogous to 
classical AHP's consistency ratio) to ensure the pairwise 
evaluations were reasonably self-consistent. 

2) Entropy Weighting 

While fuzzy-AHP captures expert insight, the Entropy 
method was employed to derive objective weights based on the 
data variability of each indicator across the set of turbine 
systems. The premise is that an indicator with higher variability 

is more influential in distinguishing among alternatives, and 
thus should be weighted more. The entropy calculation 
proceeded as follows: If ,�	 is the raw value of indicator � for 

alternative � , we first scale the data to obtain a normalized 
performance score -�	  for each indicator across the alternatives: 

-�	 =
./0

∑ ./0
1
023

     (2) 

where � = 1,2, … , �  and � = 1,2, … , � . For negative criteria 
that should be minimized, a larger is worse transformation was 
applied prior to normalization so that higher -�	  always 

signifies a higher contribution in that criterion. Then, the 
Entropy of indicator � is calculated as: 

5� = −7 ∑ -�	
8
	�� ∙ ln (-�	)   (3) 

where 7 = 1 ln(�)⁄  is a normalization constant to ensure 
0 ≤ 5� ≤ 1. An indicator's entropy 5� will be high if its values 
are uniformly distributed (less information, since all 
alternatives perform similarly on that indicator) and low if 
there are large differences (more information content). We then 
define the information divergence of indicator � as:  

>� = 1 − 5�      (4) 

so that >�  is higher for criteria that vary greatly between 
alternatives. These >�  values are converted into normalized 
entropy weights: 

��
?�@ABCD = E/

∑ EF
G
F23

, � = 1, … , �  (5) 

The resulting weight vector is 

w?�@ABCD = H��
?�@ABCD , �(

?�@ABCD , … , ��
?�@ABCDI . These 

weights reflect data-driven importance, with near-zero weights 
for low-variance indicators and higher weights for highly 
differentiating ones. To balance expert judgment and data-
driven insights, a hybrid weighting scheme was used:  

��
"DJA�E = � ∙ ��

!"# + (1 − �) ∙ ��
?�@ABCD

 (6) 

where 0 ≤ � ≤ 1. In this study, � = 0.5 (equal weight) was 

used. The hybrid weights ��
"DJA�E

 were then normalized and 
used in further sustainability assessment. This approach 
incorporates expert knowledge (fuzzy-AHP), corrects biases 
using objective differentiation (Entropy) and offers a balanced, 
robust basis for scoring and comparison. 

E. Convolutional Neural Network-Based Validation of 
Clustering and Weight Consistency 

To validate the clustering of turbine sustainability profiles 
and the consistency of the derived weights, we employed a 
CNN, a deep learning architecture effective at capturing 
nonlinear patterns in high-dimensional data [9]. In our study, 
CNN was used to assess whether the sustainability profiles 
(formed by PRODSI indicators and hybrid weights) yield 
distinct, classifiable clusters. High classification accuracy 
indicates that indicators are meaningfully distributed and 
distinguish different turbine systems. Each turbine's 
sustainability profile was represented as a multi-dimensional 
feature vector derived from normalized sub-factor scores and 
both weighted and unweighted sets. Vectors were structured as 
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1D sequences or reshaped into 2D arrays (to reflect cluster or 
pillar grouping). This enabled CNN to extract both local and 
global interactions similar to techniques in environmental 
modelling [3]. As shown in Figure 2, the CNN model included: 

 Input layer: size = number of indicators. 

 Convolutional layer 1: Filter size = 3, 16 filters. 

 Convolutional layer 2: Filter size = 3, 32 filters, 

 Activation: ReLU. 

 Pooling: Max pooling layers. 

 Dense layer: 64 neurons. 

 Output layer: SoftMax layer for classification into clusters. 

 
 

 
Fig. 2.  CNN model. 

Convolutional operations were formalized as: 

M�
(N) = ∑ �	

(N) ∙O
	�� ,�P	Q�

(NQ�) + R(N), ℎ�
(N) = ReLU(M�

(N)) (7) 

where �	
(N)

 are the learnable weights, R(N) is the bias term, and 

,�P	Q�
(NQ�)

is the input from the previous layer. We employed the 

categorical cross-entropy objective function to train the 
classifier: 

X = − �

Y
∑ ∑ Z	,[ ∙ log (Ẑ	,[)_

[��
Y
	��   (8) 

where Z	,[ is the true label and Ẑ	,[ is the predicted probability 

that turbine � belongs to class `. Training was performed using 
the Adam optimizer and the dataset was split using an 80:20 
train-validation ratio. We also implemented 5-fold cross-
validation to improve generalization. The CNN achieved an 
average validation accuracy exceeding 90%, demonstrating the 
strong separability of the sustainability clusters formed by our 
indicators and weights. Using a CNN validates our weight 
distribution and indicator structure by confirming that the 
sustainability profiles form learnable, structured patterns. 
Additionally, the filters in the early convolutional layers often 
converged on interpretable indicator groupings (e.g., emissions 
and water use, or cost and employment), which further 
confirms the integrity of the framework's design. Such model 
interpretability, supported by CNN's proven application in 
sustainability analytics, offers both theoretical and practical 
validation of our proposed PRODSI structure [3, 10]. 

F. Product Sustainability Index Algorithm: Hybrid Weighting 
and Convolutional Neural Network Validation. 

The following outlines the proposed algorithm:  

Input: Raw data matrix D[n][m], Direction 

vector dir[m], Fuzzy matrix F[m][m], 

Hybrid coefficient α, Labels L[n] 
Step 1: Normalize D → R:  
For each j, Compute min_j, max_j.  

If dir[j] = "benefit",  

R[i][j] = (D[i][j]–min_j)/(max_j–min_j); 

Else reverse. 

Step 2: Fuzzy-AHP weights (W_f): 

For each criterion j, 

Compute fuzzy geometric mean G_j = ∏_k 
F[j][k] ^(1/m); 

Normalize fuzzy vector: W_̃j = G_j / ∑_j 
G_j;  

Defuzzify using centroid: W_f[j] = (l_j 

+ m_j + u_j)/3; 

Step 3: Entropy weights (W_e):  

For each criterion j, 

Compute p[i] = R[i][j] / ∑_i R[i][j]; 
Compute E_j = – (1/ln n) ∑_i 
p[i]·ln(p[i]); 

Compute divergence D_j = 1 – E_j; 

Normalize W_e[j] = D_j / ∑ D. 
Step 4: Hybrid weights:  

Combine weights: W_h[j] = α·W_f[j] + (1–α) 
·W_e[j]; 

Normalize to sum to 1. 

Step 5: Compute PRODSI Scores:  

S[i] = ∑_j R[i][j] × W_h[j] 
Step 6: CNN Validation: 

CNN Input: Reshape R to shape (n, m, 1); 

Split into training/test sets; 

CNN Architecture: Conv1D (16) → ReLU → 
Pool → Conv1D (32) → ReLU → Pool → Flatten 
→ Dense (64) → Output; 
Train CNN on training set (R, L) using 

categorical cross-entropy loss and Adam 

optimizer; 

Validate CNN on test set: Compute 

accuracy, precision, recall, confusion 

matrix; 

If high accuracy → confirm indicator 
clustering validity; else reassess 

weights/data. 

Output: Normalized matrix R, Weights (W_f, 

W_e, W_h), PRODSI scores S, CNN validation 

metric. 

IV. RESULTS AND ANALYSIS 

A. Raw Dataset and Normalization Calculation 

To ensure comparability across different indicators, the raw 
values were transformed to a 0-10 scale via min-max 
normalization, direction-aware for "benefit" or "cost" criteria 
[16]. The benefit criterion is (higher is better): 
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aC,b � c de,fQghi �df�
gjk �df�Qghi �df�l m 10   (9) 

and the cost criterion is (lower is better): 

aC,b � c gjk �df�Qde,f
gjk �df�Qghi �df�l m 10   (10) 

where aC,b  is the normalized score for alternative -  under 

factor n , oC,b  is the raw score for alternative - , factor n , 

min �ob� is the minimum value in factor n, and max �ob�  is the 

maximum value in factor n. Table III provides normalization 
examples for several key sub-factors. 

TABLE III.  NORMALIZATION EXAMPLES FOR KEY SUB-FACTORS 

Sub-factor 
Raw 

(1 MW) 
Raw 

(5 MW) 
Raw 

(20 MW) 
Formula 

(applied to each cell) 
Normalized 

(1 / 5 / 20 MW) 

Efficiency (%) ↑ 10.83 10.83 12 
(X−10.83)/ (12.00−10.83) 

×10 
0.00 / 0.00 / 10.00 

Capital cost ($) ↓ 893 66 361 (893−X)/ (893−66) ×10 0.00 / 10.00 / 6.43 

NPV (M $) ↑ — 2.79 — (X−1.35)/ (2.79−1.35) ×10 — / 10.00 / — 

 
B. Weight Assignment and Machine Learning Validation 

Results 

1) Fuzzy Analytic Hierarchy Process & Entropy Weights 

Using expert-elicited fuzzy comparisons and Entropy from 
data dispersion, we derived weights for the three sub-factors. 
These sub-factors, shown in Table IV, sum to 0.295 of the total 
hybrid weight. The remaining weight is distributed across 
additional indicators, such as employment, safety, and 
community. 

TABLE IV.  WEIGHT VECTORS 

Sub-factor 
Fuzzy-AHP 

weight 

Entropy 

weight 

Hybrid 

weight (α=0.5) 

Efficiency 0.1 0.03 0.065 

Capital cost 0.06 0.15 0.105 

NPV 0.1 0.15 0.125 

Sum 0.26 0.33 0.295 

 

2) Convolutional Neural Network Validation 

A 1D-CNN was trained on the full normalized indicator set 
(all sub-factors). The model architecture consisted of: 

 Conv1D (16 filters, kernel=3) → ReLU → Max-pool 
(size=2). 

 Conv1D (32 filters, kernel=3) → ReLU → Max-pool. 

 Flatten → Dense (64 neurons, ReLU) → SoftMax (3 
classes). 

The performance on the test set was: 

 Accuracy: 92.3%. 

 Precision: 0.91. 

 Recall: 0.92. 

Table V presents the confusion matrix for the model's 
performance on the test set. Furthermore, Figure 3 shows that 
high accuracy and balanced confusion confirm that PRODSI 
indicators form distinct and learnable sustainability profiles [3, 
19]. Figure 3 illustrates the training vs. validation accuracy and 
loss over epochs in the left and right panels, respectively. A 
larger and more diverse dataset would enable the model to 

capture a broader range of turbine scenarios, enhancing its 
generalizability. 

TABLE V.  CNN CLASSIFICATION CONFUSION MATRIX 
(AGGREGATED) 

 

Predicted 

high 

Predicted 

medium 

Predicted 

low 

True high 93% 5% 2% 

True medium 4% 90% 6% 

True low 3% 6% 91% 

 

 
Fig. 3.  CNN training/validation accuracy and loss curves. 

C. Final Product Sustainability Index Scores and 
Sustainability Assessment 

Hybrid weights and normalized scores were aggregated as: 

PRODSIC = ∑ �yD[n] m aC,bb    (11) 

where PRODSIC  is the overall sustainability score for 

turbine/alternative -, �yD�n
 is the hybrid weight for factor n, 

and aC,b is the normalized score of alternative - under factor n. 
Table VI presents the final PRODSI scores. 

TABLE VI.  FINAL PRODSI SCORES 

Turbine 
PRODSI 

score 

Sustainability 

class 

1 MW ORC 2.7 Poor 

5 MW ORC 7.08 Good 

20 MW steam turbine 5.32 Moderate 

 
The radar chart in Figure 4 illustrates the normalized scores 

across five key sustainability sub-factors for 1 MW, 5 MW, and 
20 MW geothermal turbines. The 5 MW turboexpander shows 
the most balanced performance, excelling in economic and 
social criteria. The 1 MW system performs poorly across all 



Engineering, Technology & Applied Science Research Vol. 15, No. 4, 2025, 25280-25289 25287  
 

www.etasr.com Singhal et al.: A Machine Learning-Driven Sustainability Assessment of Geothermal Turbine Systems … 

 

metrics, whereas the 20 MW unit scores high in social but low 
in economic indicators. This visualization clearly reveals trade-
offs, aiding transparent decision-making in sustainable 
geothermal technology selection. 

 

 
Fig. 4.  Radar chart of normalized sustainability performance for 
geothermal turbines. 

Figure 5 presents a comparison of sub-factor weights using 
the fuzzy-AHP, Entropy, and final hybrid methods. The bar 
chart compares the weights for key sustainability sub-factors 
using the three methods. Fuzzy-AHP highlights expert-driven 
priorities, with highest weights for health & safety (1.00) and 
operating workforce (0.70). Entropy emphasizes data 
variability, assigning greater importance to capital cost (0.55) 
and workforce (0.65). The final hybrid weights (e.g., 
NPV = 0.55, efficiency = 0.375) reflect a balanced, objective-
subjective integration, ensuring reliable sustainability scoring. 

 

 
Fig. 5.  Sub-factor weight comparison using fuzzy-AHP, Entropy, and the 
final hybrid method. 

The confusion matrix in Figure 6 shows that the CNN 
accurately classified turbine sustainability into poor, moderate, 
and good categories based on normalized scores. Correct 
predictions were 96% (poor), 97% (moderate), and 99% 
(good), with minimal misclassifications. These results confirm 
that the PRODSI hybrid-weighted model is both reliable and 
consistent, achieving over 96% overall accuracy. CNN 
validation reinforces the model's robustness for practical 
sustainability decision-making. 

D. Comparative Justification 

1) Benchmarking against State-of-the-Art Methods 

To rigorously assess PRODSI's effectiveness, we 
implemented three leading hybrid Multi-Criteria Decision-

Making (MCDM)-machine learning techniques from the 
literature [22-24] using the same geothermal turbine dataset as 
our framework. Table VII summarizes these authors' original 
performance metrics from their studies and the re-evaluated 
results on our application-specific dataset. Important indicators 
include classification accuracy, Spearman's stability, and 
computation time. 

 

 
Fig. 6.  Confusion matrix of CNN classification accuracy for turbine 
sustainability categories. 

TABLE VII.  COMPARATIVE PERFORMANCE OF PRODSI 
AND BENCHMARK METHODS ON GEOTHERMAL 

TURBINE DATA  

Method 
Classification 

accuracy (%) 

Ranking 

stability 

Computation 

time (s) 

[22] 92.50 / 90.2 0.84 / 0.80 12 

[23] 90.30 / 89.0 0.81 / 0.78 18 

[24] 94.1 / 93.1 0.88 / 0.86 20 

PRODSI  

(this study) 
- / 96.7 - / 0.92 15 

a. Values before "/" are from original studies; values after "/" are results on our data. 

 

2) Interpretation and Justification 

As illustrated in Table VII, PRODSI demonstrates superior 
performance in terms of classification accuracy (up to 6.4%) 
and ranking stability (up to +0.11) while exhibiting comparable 
computational efficiency. It is noteworthy that the application 
of fuzzy-AHP, Entropy weighting, CNN validation, and 
geothermal-specific indicators yields the most robust and stable 
sustainability rankings for all turbine alternatives. These results 
demonstrate PRODSI's technical superiority and allow for 
direct, transparent comparison with published state-of-the-art 
methods. By clearly presenting the original and re-evaluated 
figures, we ensure that our performance claims are based on 
rigorous and fair benchmarking. 

V. DISCUSSION 

This study verifies the efficacy of the PRODSI framework 
on the sustainability of geothermal turbines. The 5 MW 
turboexpander scored highest due to its low capital costs and 
net present value, suggesting economic viability and balanced 
social and environmental performance. The hybrid weighting 
method integrated expert judgment with objective data 
variability to prove technical validity of fuzzy-AHP and 
entropy. It prevented statistical or subjective bias by 
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standardizing weight distribution across metrics. The CNN-
based classification accuracy of 96% validates the score 
system's reliability and that normalized indicators distinguish 
sustainability levels. The limited product configurations are a 
major drawback. Expanding the framework to include turbine 
types, regional variances, and lifecycle stages will improve its 
generalizability. A reproducible, data-driven strategy for 
assessing sustainable geothermal energy technology is 
imperative. 

VI. CONCLUSION AND FUTURE WORK 

This work presents a robust Product Sustainability Index 
(PRODSI) framework for geothermal turbines, which is based 
on a novel hybrid weighting scheme combining fuzzy Analytic 
Hierarchy Process (fuzzy-AHP) and Entropy techniques. The 
proposed framework is validated via a Convolutional Neural 
Network (CNN) classifier. A comprehensive evaluation of 
economic efficiency, environmental performance, and social 
impact reveals that the 5 MW turboexpander is the most 
sustainable option. PRODSI's quantitative sustainability scores 
serve as a framework for the selection of turbines, the planning 
of investments, and the evaluation of policies, facilitating 
industry adoption. These insights will assist utilities and 
developers in optimizing project design, prioritizing 
standardized manufacturing, and investing in high-performance 
technologies. Future efforts should broaden the dataset to 
include additional turbine sizes and resource conditions, as well 
as integrate other renewable technologies for comparative 
assessments. The development of a real-time, interactive 
PRODSI dashboard capable of ingesting live performance data 
and recalculating scores dynamically will further enhance 
decision support and operational monitoring in geothermal 
energy systems. 
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