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Decision Support;
Hydropower planning in geothermal and environmentally sensitive regions involves substantial  Geothermal Regions;
uncertainty due to complex terrain, ecological constraints, and competing land-use priorities. This '
study aims to evaluate whether the suitability patterns of hydropower that are robust to planning
assumptions can be identified through cross-method spatial consistency rather than single-model  Scenario-Based Analysis;
optimization. We propose a scenario-based spatial decision-support framework that integrates Spatial Suitability.
knowledge-driven multi-criteria decision analysis (MCDA), supervised machine learning
(XGBoost), unsupervised RLKM, and patch-based convolutional neural networks (PCNN) using
harmonized satellite-derived spatial datasets. Three alternative planning scenarios, balanced,
conservation-oriented, and energy-priority, are implemented through consistent feature-weighting
schemes applied across all analytical paradigms. The evaluation focuses on internal robustness
indicators, including cross-method agreement, scenario sensitivity, and spatial coherence, rather
than external field validation. The results show that supervised learning models exhibit high
performance stability across scenarios, whereas PCNN substantially improves spatial coherence by
reducing the fragmentation of suitable zones. The MCDA provides a transparent and spatially ~ Article History:
contiguous baseline, whereas the RLKM reveals scenario-sensitive intrinsic suitability regimes.

Abstract

Hydropower Planning;

Areas consistently identified as suitable across methods and scenarios represent high-confidence  Received: 09  January 2026
zones for screening-level planning, whereas scenario-dependent areas indicate elevated uncertainty. fear-

. A ) Revised: 03 May 2026
This framework advances hydropower suitability assessment toward transparent, risk-aware, and
adaptive spatial decision support in complex geothermal environments by shifting emphasis from  Accepted: 06  May 2026

single-model accuracy to scenario robustness and cross-method synthesis. Published: 01 June 2026

1- Introduction

The global transition toward low-carbon energy systems requires spatial planning frameworks that are transparent,
robust, and capable of balancing energy production with ecological and regulatory constraints. Hydropower remains a
strategic renewable resource in diversified energy portfolios due to its high conversion efficiency, long operational
lifespan, and contribution to grid stability [1, 2]. Recent research on renewable energy planning emphasizes spatially
explicit evaluation methods that integrate environmental sustainability and infrastructure feasibility within structured
decision processes [3, 4]. However, the assessment of hydropower suitability in geodynamically complex regions
remains analytically challenging because the hydraulic potential often coincides with high environmental sensitivity and
regulatory constraints [5, 6].

Hydropower suitability mapping has traditionally relied on Gl systems integrated with MCDA. Deterministic GIS
approaches primarily estimate potential from elevation and discharge but do not explicitly differentiate planning
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scenarios [7]. MCDA frameworks, such as AHP, BWM, and fuzzy logic, integrate multiple thematic layers to generate
composite suitability indices and are widely applied due to their interpretability and structured weighting logic [8, 9].
However, these approaches typically employ fixed or implicit weights within a single modeling paradigm and rarely
assess how suitability outcomes vary across alternative analytical strategies, limiting their ability to support scenario-
aware decision-making [10, 11].

Data-driven modeling has been increasingly introduced into spatial suitability analysis to reduce subjectivity and
enhance predictive discrimination. ML approaches, including support vector machines and ensemble methods, have been
used to improve the identification and spatial classification performance of dam sites [12, 13]. Gradient boosting models,
such as XGBoost, demonstrate strong capability in capturing nonlinear relationships among multi-indicator spatial
datasets [14]. Deep learning architectures, particularly convolutional neural networks, further enhance spatial
representation by extracting contextual information from image patches [15, 16]. In parallel, unsupervised clustering
techniques, such as K-means, have been applied to identify the spatial regimes of renewable energy zoning [17, 18].
Despite these advances, most studies apply these methods independently, without a controlled comparison under
consistent scenario assumptions.

A critical gap remains. Existing studies rarely compare MCDA baselines directly with supervised boosting
algorithms, RL clustering hybrids, and patch-based CNNs using identical data and scenario configurations. Scenario
weighting adjustments are typically confined to a single modeling framework and are not consistently propagated across
paradigms, which restricts cross-method robustness assessment [19, 20]. Moreover, classification accuracy is commonly
prioritized while underrepresenting spatial coherence and cross-method agreement as indicators of decision reliability.
This study explicitly addresses how the modeling paradigm and scenario weighting jointly influence hydropower
suitability outcomes when MCDA, extreme gradient boosting, reinforcement learning hybrid k-means clustering, and
patch-based CNNs are applied to identical, harmonized datasets [21].

The proposed framework is grounded in scenario-based spatial decision analysis, where scenarios represent structured
expressions of alternative planning priorities rather than purely technical parameter adjustments [20]. The MCDA is
employed as a knowledge-driven baseline that operationalizes explicit weight allocation across criteria groups. XGBoost
is a supervised learning paradigm capable of modeling nonlinear interactions among terrain, hydrological, and regulatory
variables [14]. Reinforcement learning hybrid k-means clustering combines unsupervised spatial grouping with adaptive
optimization logic to explore regimes of intrinsic suitability beyond predefined labels [22, 23]. Patch-based CNNs
incorporate neighborhood structure by processing local spatial windows, enabling improved spatial coherence of
suitability patterns. Applying identical scenario weights across all paradigms isolates methodological behavior while
preserving decision context consistency [15].

The study area is a geothermal-influenced region characterized by active tectonics, hydrothermal processes, and
heterogeneous land-cover conditions [24, 25]. Hydropower planning in such environments must also consider the
ecological risks and impacts of geothermal water discharge on the surrounding ecosystems. The area is deliberately
selected as a critical development context where hydropower expansion intersects with geothermal dynamics and
regulatory constraints, rather than as a case driven by data availability. This approach enables systematic evaluation of
scenario sensitivity and spatial robustness under complex and policy-relevant conditions [26].

Six primary spatial features are selected through literature synthesis and domain relevance assessment rather than
data-driven feature optimization. Slope and elevation represent terrain stability and hydraulic gradient conditions
affecting infrastructure feasibility, respectively [27]. Vegetation index derived from satellite imagery captures
ecological sensitivity and land-cover variability relevant to environmental compatibility [28, 29]. Land use and
functional zoning encode anthropogenic regulation and spatial planning constraints [30]. Hydrological suitability
integrates drainage and flow-related characteristics that are essential for energy generation [31]. To ensure
transparency and consistency, the three planning scenarios are constructed using structured weighting procedures
derived from established MCDA principles. A balanced scenario distributes weights proportionally across criteria,
an environmental-priority scenario emphasizes vegetation and zoning constraints, and an energy-priority scenario
amplifies hydrological and terrain suitability variables. ldentical weights are applied across MCDA, XGBoost,
RLKM, and PCNN to ensure that the observed spatial differences arise from the algorithmic structure rather than
the scenario inconsistency [10].

Following established spatial coherence approaches, evaluation integrates conventional classification metrics
with spatial robustness indicators, including fragmentation, spatial continuity, and cross-method agreement [21].
Independent regional-scale field validation data are not available; therefore, results are interpreted as comparative
robustness analysis rather than absolute physical validation. This scope is explicitly defined to avoid overclaiming
predictive certainty while strengthening methodological transparency. This study advances hydropower suitability
mapping toward structured, scenario-aware spatial decision support in geothermal-influenced regions by explicitly
addressing the research gap, theoretical positioning, feature justification, weighting transparency, and validation
scope (see Table 1).
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Table 1. Representative works related to hydropower suitability mapping and their limitations relative to the proposed
framework [5, 7-12, 31-33]

No. Study Main Paradigm Data Basis a(;“:%e::’r']% Evaluation Focus Key Strengths Key Limitations
Tamm & GIS-based . . A Simple, transferable, and ~ No scenario differentiation; ignores
Tamm [7] deterministic DEM, discharge None Capacity verification low data demand the environmental trade-offs
Odiji et al. . . . Implicit (fixed [ Transparent weighting;  Subjective weights: no robustness or
2 i8] GIS-AHP (MCDA)  Multithematic spatial layers weights) Suitability index interpretable spatial coherence assessment
Jafari et al. - . Single planning Land suitability index . . Single-scenario assumption with no
3 [10] GIS-MCDM (BWM) Terrain and hydrology logic (Lsl) Policy-relevant ranking cross-method comparison
4 Fasipeetal. GIS+ hydrgloglcal DEM and flow models None Hydropower potential Physn:a!ly g_rounded Not sultablllty-onented_ and lacks
[32] modeling estimation land-use constraints
Kucukali et . . S Handles uncertainty in the Case-specific; no scenario sensitivity
5 al. [9] GIS-Fuzzy MCDA  Dam and infrastructure data Fixed Suitability index criteria analysis
Areri & DEM, stream network, and . S Integrating GIS and . . .
6 Bibi [31] GIS + AHP hydrological variables Implicit Site identification hydrologic modeling Limited Methodological Comparison
Paschetto et GIS + SWAT DEM, flow, and ecological Hydr_opower Pqtentlal Balanc_e between energy Focus on potential estimation rather
7 . ; None with Ecological production and ecosystem . .
al. [5] hydrological model flow constraints p oo than comparative modeling
Compliance sustainability
8 Mochani et Hybrid MCDA Environmental, technical, Implicit Priority rankin Comprehensive criterion  Static weighting, no learning-based
al. [11] (AHP-ANP-Fuzzy) and economic layers P Y 9 integration generalization
Akajiaku et Geospatial and expert- - Accuracy vs. expert Combining knowledge- Accuracy-centered; limited
9 al. [12] MCDA + ML (SVM) labeled data Limited validation and data-driven logic evaluation of spatial robustness
10 Rayat et al. Hybrid ML-DL Multisource spatial datasets ~ Not explicit Classification High predictive Black—bvox behavm_r_and weak
[33] accuracy performance interpretability
Scenario-based Cross-method Integrates interpretability,
11 This Stud MCDA vs. XGBoost Harmonized satellite- Explicit agreement, spatial nonlinear learning, Designed for decision support rather
Y Vs. RL-KMeans vs. derived spatial layers (S0-S2) coherence, and adaptive clustering, and than absolute physical validation

Patch-based CNN

robustness

contextual deep learning

2- Methodology

2-1- Framework Overview

This study develops a scenario-based interdisciplinary framework for hydropower site suitability mapping that
integrates knowledge-driven decision analysis, supervised machine learning, unsupervised clustering, and spatially
explicit deep learning within a unified decision-support structure (Figure 1). The framework is explicitly designed
for planning-oriented analysis in geothermal-influenced and environmentally sensitive regions, where steep terrain,
heterogeneous land cover, and regulatory constraints introduce substantial uncertainty into suitability assessments
[11, 34].

Rather than optimizing a single predictive model or asserting absolute suitability accuracy, the methodological
emphasis is placed on robustness, spatial coherence, and cross-method agreement as indicators of planning reliability [4,
13]. Consistent spatial patterns across alternative analytical paradigms are more informative for decision screening in
data-limited and regulation-constrained contexts than marginal gains in model-specific performance metrics. All
analytical components operate on harmonized spatial datasets with identical predictor variables and scenario definitions,
ensuring that the observed differences in suitability outputs reflect methodological behavior and scenario assumptions
rather than data inconsistencies [15, 35].

2-2- Characteristics of the Study Area

The study area is located within a geothermal-influenced region characterized by pronounced elevation variability,
steep slopes, heterogeneous land use, and overlapping functional zoning regulations [39]. These characteristics create
favorable hydraulic gradients for hydropower development while imposing strong constraints related to construction
feasibility, environmental sensitivity, and land-use compatibility [40, 41]. The region is deliberately selected as a
critical testbed rather than a typical development case, enabling the systematic evaluation of scenario sensitivity and
spatial robustness under complex and competing planning conditions [4, 42]. Accordingly, the analytical objective is
not site-specific optimization but the assessment of methodological robustness and scenario dependence in a policy-
relevant planning environment.
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SCENARIO-BASED INTERDISCIPLINARY FRAMEWORK FOR HYDROPOWER SITE SUITABILITY MAPPING

INPUT DATA & PREDICTOR VARIABLES (Satellite-derived & Geospatial Sources)

TOPOGRAPHIC ECOLOGICAL ANTHROPOGENIC/REGULATORY HYDROLOGICAL
(Slope, Elevation) (NDVI1) (Land-use Class, Functional Zoning) (Proximity to Surface Water)
¥ v

J DATA PREPROCESSING & HARMONISATION ..
“| (Projection, Resampling, Normalisation/Standardisation) |~

=S e e
HARMONISED SPATIAL DATASET
(Common Grid & Resolution)

SCENARIO-BASED FEATURE WEIGHTING SCHEMES (Distinct Planning Priorities) l
SCENARIO A: BALANCED SCENARIO B: CONSERVATION-ORIENTED SCENARIO C: ENERGY-PRIORITY
(Neutral assumptions) (Ecological & Land-use emphasis) (Topographic & Hydrological emphasis)
———] ¥ !
l MULTI-PARADIGM MODELLING ENGINE (Parallel processing using scenario-conditioned features) l
KNOWLEDGE-DRIVEN: SUPERVISED ML: UNSUPERVISED: SPATIALLY EXPLICIT DL:
Multi-Criteria Decision Analysis Extreme Gradient Boosting RL-enhanced Clustering Patch-based CNN
(MCDA) (XGBoost) (Intrinsic patterns) (Local context & continuity)
T T T
L 1 I 1 J
| 4 -
( l EVALUATION & SYNTHESIS (Internal Evaluation & Robustness Analysis - No independent field data) 1
CROSS-METHOD AGREEMENT SCENARIO SENSITIVITY SPATIAL COHERENCE & PLAUSIBILITY
k (Consensus & Frequency Analysis) (Stability across weighting schemes) (Fragmentation & Constraint checks) j‘
T T

DECISION-SUPPORT OUTCOMES

HIGH-CONFIDENCE ZONES ELEVATED UNCERTAINTY ZONES 1
(Consistently suitable across methods & scenarios) (Low agreement or high sensitivity regions)

Adaptive, transparent framework prioritizing robustness over single-model optimization for complex geothermal environments.

Figure 1. Overview of the Framework [4, 36-38]

2-3-Data Sources and Spatial Preprocessing

All spatial datasets used in this study were derived from publicly available satellite-based and geospatial sources,
ensuring reproducibility and transferability. Six spatial predictor variables are employed: slope, elevation,
Normalized Difference Vegetation Index (NDVI), land use, functional zone, and hydrological suitability [7, 31, 43].
Slope and elevation represent topographic controls on hydraulic potential and construction feasibility, respectively.
NDVI serves as a proxy for vegetation density and ecological sensitivity, while land use and functional zone encode
anthropogenic activity and spatial planning regulations. Hydrological suitability is a binary indicator that reflects
the proximity to surface water features relevant to hydropower intake and flow continuity [5, 32, 44].

Feature selection is guided by hydropower planning literature, domain expertise, and data availability rather than
data-driven optimization, ensuring interpretability and methodological transparency [16, 45]. All raster layers are
harmonized to a common projection, spatial resolution, and grid [46]. Continuous variables (slope, elevation, and
NDVI) are normalized using min—max scaling, categorical variables (land use and functional zone) are rescaled to
standardized numeric ranges, and the native binary representation of hydrological suitability is retained (Table 2
and Figure 2). To preserve class semantics and analytical consistency across modeling approaches, training labels
are excluded from normalization [13, 47].

Table 2. Spatial predictor variables, preprocessing strategy, and scenario-based weighting schemes are used [7, 31, 43]

No. spatialpredictor e g Daabpe TP e orented) | priority)
1 Siope P onctrtton fessiity | COnUOus 01y 10 L0 20
2 Elevation Head p%f:g?;iirt]g terrain Continuous normgllliizr;gix(&l) 1.0 1.0 2.0
3 Hydrological suitability P“’X‘mif?g\tgsggf;ﬁﬁi‘t’;ate’ and - Binary Native E’Oi;‘f‘)rym'e 10 10 20
o e MRS g SESEO 0
5 Functional zone Spatial placn :r:;]tgr :i?](tjs regulatory Categorical nursmisr(i:g Ig:];g t(%il) 1.0 1.0 2.0
5 NDVI Proxy for Vegetation Density Continuous Min-max 10 20 05

and Ecological Sensitivity normalization (0-1)
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Spatial feature maps
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Figure 2. Spatial features with the black square region of interest representing the geothermal analysis area

2-4- Scenario Design

A scenario-based analysis constitutes a core component of the proposed framework (Table 2). A fixed set of SP
variables is maintained across all scenarios, while differentiation is introduced exclusively through alternative feature-
weighting schemes representing distinct planning priorities [48, 49]. Three scenarios have been defined [5, 50]: a
balanced scenario (S0) with equal weighting across all predictors, a conservation-oriented scenario (S1) that emphasizes
NDVI and land-use constraints, and an energy-priority scenario (S2) that emphasizes slope, elevation, hydrological
suitability, and functional zone. The weighting schemes follow heuristic and literature-informed configurations,
representing bounding planning perspectives rather than optimized or stakeholder-elicited solutions [51]. Scenario
differentiation is applied solely to feature representations, whereas training labels remain unchanged. This design
anchors learning processes to observed spatial patterns while allowing controlled exploration of alternative planning
assumptions. The framework preserves methodological transparency and avoids over-claiming predictive validity in the
absence of independent field validation by applying identical predictor sets and explicit weighting schemes across all
analytical paradigms [52].
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2-5-Data-Driven Modeling for Hydropower Suitability
2-5-1- MCDA as the Baseline

Multi-Criteria Decision Analysis is employed as a knowledge-driven and deterministic baseline for hydropower
suitability mapping. Scenario-specific weights are applied to the normalized spatial predictors, and weighted linear
aggregation is used to compute suitability scores [11, 34].

Si = Z:.lzle' xi]- (1)

here, xij is the normalized value of predictor j at pixel i, w; is the scenario-specific weight, and n is the number of
predictors. MCDA does not aim to maximize predictive accuracy; instead, it provides a transparent reference surface
that explicitly encodes planning assumptions. Therefore, MCDA outputs are used to support the evaluation of spatial
coherence, scenario sensitivity, and agreement with data-driven approaches rather than to define ground-truth suitability
[10, 49].

2-5-2- Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting is applied as a supervised learning approach to capture nonlinear relationships among
spatial predictors. Scenario differentiation is implemented by applying scenario-specific weights to the feature stack
before training and inference to ensure consistency with the scenario framework [12, 14]. Identical training samples,
data partitions, and preprocessing procedures are used across scenarios to isolate planning-priority effects from the model
configuration. The model behavior is evaluated using standard classification metrics and feature importance analysis
[13, 47].

2-5-3- RLKM

A reinforcement learning—enhanced K-Means clustering approach is employed to explore the intrinsic spatial patterns
under limited labeled data conditions. Cluster centroids are refined iteratively using a reward mechanism that promotes
spatial compactness and internal consistency [17, 53]. Scenario-specific feature weighting is applied before clustering,
allowing planning priorities to influence cluster formation without modifying training labels. This unsupervised
approach reveals that rather than predefined class assignments, suitability regimes emerge from spatial structure [22,
54].

2-5-4- Patch-Based CNN (PCNN)

A patch-based CNN is implemented to explicitly incorporate the local spatial context. By processing fixed-size spatial
patches rather than individual pixels, neighborhood interactions and spatial continuity are captured [15, 16]. Scenario
differentiation is applied using weighted feature patches, ensuring consistency with the scenario design. This spatially
explicit DL approach reduces output fragmentation and produces more contiguous suitability zones for screening-level
hydropower planning [33, 47].

2-6- Internal Evaluation and Spatial Robustness
2-6-1- Cross-Method Agreement

Cross-method agreement is used to evaluate the consistency of suitability outcomes across analytical paradigms.
Binary suitability maps from MCDA, supervised learning, unsupervised clustering, and deep learning are pixel-by-pixel
compared using a common grid. Agreement frequency at pixel is defined as follows:

Ay =Y -1 bim 2

where, b, € {0,1} denotes the binary output of method m, and M denotes the number of methods. Pixels with high
agreement values indicate methodological convergence and are interpreted as candidates with robust screening-level
[30, 55]

2-6-2- Scenario Sensitivity

The stability of suitability patterns under alternative planning priorities (S0—-S2) is assessed by scenario sensitivity.
Changes in feature-weighting schemes are used to examine how spatial outcomes respond to decision assumption shifts.
Avreas exhibiting consistent suitability across scenarios are interpreted as scenario-robust, whereas unstable areas indicate
sensitivity to planning priorities, supporting comparative scenario interpretation rather than PPA [56, 57].

2-6-3- Spatial Coherence and Plausibility

Spatial coherence and plausibility were evaluated to assess the practical interpretability of the outputs. Fragmentation
metrics, including patch count and average patch size, are used to quantify the spatial continuity. Suitability maps are
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further screened against physical and functional constraints, such as slope thresholds, hydrological proximity, and zoning
regulations. Integrating coherence metrics with constraint checks ensures that the identified suitability zones are spatially
contiguous and compatible with real-world planning conditions [58].

3- Results
3-1-Overall Suitability Patterns across S0-S2 Hydropower Planning Scenarios

The MCDA-based suitability maps reveal systematic yet spatially constrained responses to scenario-specific
weighting schemes (Figure 3). Transitioning from the balanced scenario (S0) to conservation-oriented (S1) and energy-
priority (S2) configurations primarily affects marginal suitability zones, whereas core suitable areas remain spatially
persistent. This behavior is consistent with previous GIS-MCDA studies, where scenario-based reweighting
predominantly modifies transitional areas rather than redefining the spatial core of suitability outcomes [4, 30]. Table 3
indicates a progressive reduction in the fraction of suitable pixels from 20% under SO to 17.68% in S1 and 15.71% in
S2, corresponding to net changes of —2.32% and —4.29%, respectively. These shifts reflect the intended influence of
scenario priorities, whereby conservation-oriented weighting constrains marginally suitable areas, whereas energy-
priority configurations apply stricter suitability thresholds without expanding the overall suitable footprint. Similar
patterns of areal contraction and boundary sensitivity under alternative weighting schemes have been reported in
scenario-based hydropower site selection and spatial MCDA applications [11, 27].

Overall suitability patterns across hydropower planning scenarios (S0-S2)
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Figure 3. MCDA baseline suitability maps across the S0-S2 range [4, 36-38]

The observed spatial differences are interpreted as planning-priority effects rather than indicators of real-world site
optimality. The MCDA outputs serve as comparative screening maps that illustrate how suitability distributions respond
to alternative assumptions and policy orientations, rather than as validated predictions of hydropower feasibility [4]. This
framing positions the scenario-based results as tools for sensitivity exploration and spatial decision support under
uncertainty, consistent with best practices in RE planning.
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Table 3. Areal distribution of suitable zones across the MCDA planning scenarios (S0-S2)

No. Spatial indicator SO (Balanced) S1 (Conservation-oriented) S2 (Energy-priority)
1 Fraction of the suitable pixels 0.20 0.18 0.16
2 Percentage of the study area 20 17.68 15.71
3 Net change relative to SO (%) 0 -2.32 —4.29

3-2-Baseline and Data-Driven Suitability Patterns Under a Reference Scenario

To establish a consistent reference for cross-method comparison, suitability outputs from MCDA and DDMs are
examined under an identical scenario setting (S0), using harmonized inputs and thresholds (Figure 4). Under this
reference configuration, MCDA produces smoother and more spatially continuous suitability patterns, reflecting its
weighted aggregation structure and role as a KDS baseline. Comparable smoothing behavior has been widely reported
in GIS-MCDA applications for hydropower and renewable energy planning, where spatial continuity is an inherent
consequence of additive weighting schemes rather than a predictive objective [4, 30].

Baseline and data-driven suitability outputs under reference scenario (S0)
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Figure 4. Suitability outputs under SO for the baseline and selected models [4,36-38]

In contrast, supervised and DL models display sharper spatial contrasts and more fragmented suitability boundaries.
The XGBoost output highlights narrow linear features and localized high-suitability zones, consistent with its capacity
to model non-linear interactions among terrain and environmental predictors [12, 14]. The PCNN result further
amplifies spatial coherence along physiographic structures through neighborhood-based feature learning, a behavior
commonly observed in CNN-based geospatial suitability and susceptibility mapping [15, 33]. The RLKM output
exhibits comparatively compact and clustered suitability regions, reflecting its unsupervised learning mechanism that
groups areas based on intrinsic feature similarity rather than externally defined suitability labels. Similar clustering-
driven spatial compartmentalization has been documented in unsupervised and hybrid clustering approaches applied
to renewable energy siting, where suitability emerges from feature homogeneity rather than explicit decision criteria
[17, 53].
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Importantly, these visual contrasts are interpreted as differences in methodological behavior under a common
scenario, not as indicators of physical correctness or real-world feasibility. Therefore, the comparison under SO functions
as a qualitative bridge to subsequent internal evaluation, illustrating how alternative analytical paradigms redistribute
suitability when exposed to identical assumptions. This interpretation aligns with best practices in scenario-based spatial
planning, where baseline comparisons are used to reveal model sensitivity and complementarity rather than to assert

model superiority [4].

3-3-Internal Evaluation and Spatial Robustness Analysis

3-3-1- Cross-Method Agreement

Cross-method agreement was employed to assess the internal robustness of suitability patterns by examining the
spatial consensus among different analytical paradigms under identical scenario settings (Figure 5). This analysis
identifies locations where suitability classification is stable across methodological assumptions rather than serving as
empirical validation, providing a reliable signal for screening-level decision support. Similar consensus-oriented
approaches have been widely adopted in spatial planning studies where independent ground-truth data are unavailable

[4, 30, 59].

Cross-method agreement (intersection-valid) across scenarios (S0-S2)
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Figure 5. Cross-method agreement was observed [4, 36-38]

Across all scenarios (S0-S2), supermajority agreement (>3 out of 4 methods) within union-valid areas remains
maximal (Table 4), indicating that their suitability classifications are highly consistent where multiple model outputs
spatially overlap. However, the proportion of intersection-valid pixels relative to the union-valid extent is limited
(3.44%-5.26%), reflecting scenario-driven expansion and contraction of suitable areas rather than disagreement among
methods. This pattern differences primarily influence the spatial reach of suitability zones, while core agreement areas

remain stable across analytical paradigms.
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Table 4. Cross-method agreement plus summary per scenario (union- and intersection-valid)

. \Jali — . Supermajority Supermajority Fraction >3
No.  Scenario Methods Unlo_n Valid Inte_r section Inte_rsectlon/ Agreement (>3 methods) Pixels Agreement
Used Pixels Valid Pixels Union (%) - - ; f
- Union-Valid (Intersection)  (Intersection)
1 SO MCDA, 570,659 34,388 3.87 1.00 34,388 1.00
2 s1 XGBoost, 570,658 46,752 5.26 1.00 46,752 1.00
RLKM, and

3 S2 PCNN 570,655 30,517 3.44 1.00 30,517 1.00

A value of 1.00 indicates that all intersection-valid pixels satisfy the >3-method agreement criterion; however, this
does not imply full-area agreement.

Vote distribution analysis further supports this interpretation, with all intersection-valid pixels exhibiting complete
agreement (4/4 votes) across MCDA, XGBoost, RLKM, and PCNN under all scenarios (Table 5). Such unanimous
agreement is interpreted as a strong indicator of internal consistency, highlighting zones where suitability classification
is robust to model choice. Consistent with best practices in GIS-based MCDA and data-driven suitability mapping, this
form of consensus mapping is intended to support confidence-based prioritization rather than implying physical
correctness or real-world feasibility [27, 60]. Vote distribution is reported only for intersection-valid pixels to ensure
comparability across methods.

Table 5. Vote distribution of suitability agreement across methods per scenario

No. Scenario n']\lel,:;:; Zesr('?;) 0/4 Votes  1/4 Votes 2/4 Votes 3/4 Votes 4/4 Votes
1 S0 4 0.00 0.00 0.00 0.00 1.00
2 S1 4 0.00 0.00 0.00 0.00 1.00
3 S2 4 0.00 0.00 0.00 0.00 1.00

3-3-2- Scenario Sensitivity

Scenario sensitivity analysis evaluates how internal performance indicators respond to changes in planning priorities
across scenarios S0-S2 to distinguish scenario-robust from weight-sensitive modeling behaviors (Tables 6 and 7). The
reported metrics are derived from reference or proxy samples and are used exclusively for relative sensitivity assessment,
not for external predictive validation. This approach is consistent with established practices in spatial decision-support
studies where independent ground-truth data are unavailable [4, 30].

Table 6. Internal performance (reference samples) across the methods and scenarios

Method Scenario Accuracy Precision Recall F1-score Specificity ROC-AUC
MCDA SO 0.500 0.500 1.000 0.667 0.000 0.378
MCDA S1 0.500 0.500 1.000 0.667 0.000 0.360
MCDA S2 0.500 0.500 1.000 0.667 0.000 0.368
XGBoost SO 0.909 0.935 0.879 0.906 0.939 0.960
XGBoost S1 0.909 0.935 0.879 0.906 0.939 0.960
XGBoost S2 0.909 0.935 0.879 0.906 0.939 0.960
PCNN SO 0.915 0.887 0.952 0.918 0.877 0.964
PCNN S1 0.905 0.886 0.931 0.908 0.879 0.961
PCNN S2 0.912 0.891 0.941 0.915 0.883 0.964
RLKM SO 0.576 0.603 0.449 0.515 0.703 0.576
RLKM S1 0.542 0.540 0.570 0.554 0.513 0.542
RLKM S2 0.557 0.581 0.410 0.481 0.704 0.557
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Table 7. Scenario robustness score across methods and metrics

Method Metric SO S1 S2 Scenario robustness score
MCDA Accuracy 0.500 0.500 0.500 1.000
MCDA F1-score 0.667 0.667 0.667 1.000
MCDA ROC-AUC 0.378 0.360 0.368 0.988
XGBoost Accuracy 0.909 0.909 0.909 1.000
XGBoost Fl-score 0.906 0.906 0.906 1.000
XGBoost ROC-AUC 0.960 0.960 0.960 1.000
PCNN Accuracy 0.915 0.905 0.912 0.994
PCNN F1-score 0.918 0.908 0.915 0.993
PCNN ROC-AUC 0.964 0.961 0.964 0.998
RLKM Accuracy 0.576 0.542 0.557 0.977
RLKM F1-score 0.515 0.554 0.481 0.951
RLKM ROC-AUC 0.576 0.542 0.557 0.977

Supervised paradigms (XGBoost and PCNN) exhibit highly stable internal performance across all scenarios, with
identical or near-identical values for accuracy, F1-score, and ROC-AUC. This stability indicates that model outputs are
largely insensitive to scenario reweighting, indicating robustness to planning assumption shifts. Similar behavior has
been reported in data-driven spatial suitability studies, where supervised models tend to preserve relative performance
under alternative weighting configurations when trained on harmonized feature sets [13, 60].

MCDA displays invariant performance metrics across scenarios due to its deterministic formulation and rule-based
structure. The characteristic pattern of perfect recall and zero specificity reflects the inherent binary thresholding logic
of MCDA-based screening rather than predictive capability. Therefore, these metrics are interpreted as the method’s
structural properties, reinforcing its role as a baseline decision framework rather than a performance-optimized classifier.
In contrast, RLKM demonstrates noticeable variability across scenarios, particularly in recall, F1-score, and ROC-AUC
values. This variability indicates sensitivity to weighting assumptions, consistent with the exploratory nature of
unsupervised and reinforcement-driven clustering approaches, where feature weighting and scenario emphasis directly
influence cluster formation and class separation [18, 53].

To synthesize scenario sensitivity across metrics, the SRS is introduced as a composite indicator of performance
consistency across S0-S2 (Table 7). High SRS values for XGBoost and PCNN confirm scenario-robust behavior,
whereas lower SRS values for RLKM indicate weight-sensitive responses. These results support a functional
classification of analytical paradigms according to their robustness to planning assumptions rather than ranking models
by accuracy, which informs their complementary roles in subsequent decision-support synthesis [61, 62].

3-3-3-Spatial Coherence and Plausibility

Spatial coherence analysis is used to evaluate whether suitability outputs form contiguous and interpretable spatial
patterns that are meaningful for screening-level hydropower planning, independent of predictive performance metrics.
Fragmentation statistics (Table 8) reveal pronounced contrasts among analytical paradigms, highlighting the influence
of methodological design on the spatial readability and stability of suitability maps. This analysis follows the established
literature on spatial planning, emphasizing that highly fragmented suitability outputs may limit interpretability and
practical applicability despite strong classification performance [4, 30].

Table 8. Summary of fragmentation using method and scenario

Method  Scenario  Average patch size (pixels)  Number of patches  Fraction of the large patches

MCDA SO 95,109.67 6 0.99995
MCDA S1 95,108.17 6 0.99995
MCDA S2 95,108.50 6 0.99995
XGBoost SO 16.81 5,754 0.64832
XGBoost S1 16.81 5,754 0.64832
XGBoost S2 16.81 5,754 0.64832
RLKM SO 37.67 6,222 0.85099
RLKM S1 81.16 4,730 0.95650
RLKM S2 36.55 6,306 0.84806
PCNN SO 161.88 875 0.90055
PCNN S1 156.00 880 0.90284
PCNN S2 148.75 906 0.89998
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MCDA consistently produces extremely large and contiguous suitable zones with minimal fragmentation across all
scenarios, reflecting its smooth aggregation and rule-based structure. In contrast, XGBoost generates highly fragmented
spatial patterns characterized by thousands of small patches and small average patch size, indicating strong local
sensitivity to feature gradients. Although such fine-grained discrimination may be advantageous for predictive tasks, it
can reduce map legibility and complicate early-stage planning interpretation when applied without spatial regularization
[13, 27]. RLKM exhibits intermediate fragmentation behavior with clear scenario-dependent variability, indicating
sensitivity to weighting assumptions and internal clustering dynamics. In contrast, PCNN consistently reduces patch
fragmentation relative to pixel-based supervised outputs, producing larger and more coherent suitability zones across
scenarios. This behavior reflects the influence of neighborhood-based feature learning, which enhances spatial continuity
while preserving discriminative structure [15, 33]

Importantly, the spatial coherence indicators are interpreted comparatively rather than absolutely, without reference
to the actual dam size or engineering feasibility. The results demonstrate that high predictive discrimination alone does
not guarantee spatial plausibility and that contiguity and pattern stability are critical attributes for screening-level
decision support. Consequently, rather than inferring real-world optimality, spatial coherence metrics are used to
distinguish modeling approaches that yield more readable and stable suitability patterns under scenario uncertainty.

3-4-Consolidated Summary of Evidence for Robust Planning Interpretation

Internal evidence is consolidated across three complementary dimensions to avoid overreliance on a single evaluation
axis: (i) performance stability across scenarios, (ii) cross-method spatial consensus, and (iii) spatial coherence of
suitability patterns. Supervised paradigms (XGBoost and PCNN) demonstrate high and stable internal performance
across all scenarios, confirming robustness to scenario weighting assumptions, a behavior commonly observed in
supervised spatial modeling under harmonized inputs [60]. However, PCNN consistently improves spatial coherence
relative to pixel-based XGBoost outputs, reducing fragmentation and enhancing the contiguity of suitable zones through
neighborhood-aware feature learning [15]. MCDA provides the most interpretable and spatially contiguous baseline
behavior but remains strictly assumption-driven and does not represent empirical ground truth, consistent with its
established role in decision-support screening rather than predictive validation [30]. RLKM contributes a complementary
regime-based perspective, exhibiting moderate robustness and sensitivity to scenario reweighting, as commonly reported
for unsupervised and clustering-based spatial analyses [53].

This consolidated evidence (Table 9) indicates that robust screening-level suitability maps emerge from multi-criteria
internal consistency, rather than from single-model optimization or isolated accuracy metrics, aligning with
contemporary spatial planning frameworks that emphasize robustness and interpretability over pointwise predictive
performance [20]. Importantly, all indicators are derived from proxy-based internal evaluation and valid-only spatial
analysis and are therefore interpreted comparatively for decision-support screening rather than as external predictive
validation.

Table 9. Consolidation of internal evidence across methods (performance, agreement, spatial coherence, and robustness)

Method P'e_rformance Cross-method Average patch size Mean number of Large—patch Mean scenario
stability ({ better) coverage (pixels) patches fraction robustness
MCDA 0.0030 0.642 95,108.78 6 0.99995 0.996
XGBoost 0.0000 0.109 16.81 5,754 0.64832 1.000
RLKM 0.0238 0.319 51.79 5,753 0.88519 0.968
PCNN 0.0039 0.155 155.54 887 0.90112 0.995

3-5- Synthesis of Decision Support Mapping Results

Collectively, the results demonstrate that no single analytical paradigm should be treated as universally optimal under
scenario uncertainty. Instead, decision-support mapping benefits from integrating complementary evidence: MCDA
encodes transparent planning assumptions, supervised learning provides discriminative capability, unsupervised
clustering reveals intrinsic spatial regimes, and deep learning enhances spatial coherence [30]. High-confidence zones
are operationally defined as areas supported by cross-method consensus and low scenario sensitivity, whereas scenario-
sensitive zones are interpreted as policy-dependent and require cautious use, consistent with scenario-based spatial
planning practices [63]. This synthesis positions the resulting suitability maps as screening-level decision support,
explicitly addressing the lack of independent field validation.

4- Discussion
4-1- Interpretation of Stability Suitability in a Geothermal-Influenced Context

The scenario-based MCDA results (Figure 3 and Table 3) indicate that the suitability contraction from S0 (20%) to
S1 (17.68%) and S2 (15.71%) primarily affects marginal zones rather than core suitability clusters. This behavior is
theoretically consistent with structured multi-criteria planning frameworks, where weight adjustments reshape boundary
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areas while preserving high-gradient hydraulic corridors [4, 30]. Such persistence of core zones in geothermal-influenced
terrain characterized by steep slopes, tectonic activity, and heterogeneous land use that topographic—hydrological
controls dominate baseline spatial feasibility [24, 41]. From a hydropower planning perspective, this implies that certain
physiographic corridors remain consistently favorable regardless of policy emphasis, whether conservation-oriented or
energy-priority. This does not imply engineering feasibility or economic viability [43, 64]. Rather, geomorphological
suitability patterns are structurally robust to moderate planning-weight perturbations. This distinction is critical in
geothermal regions where hydrothermal discharge, subsurface instability, and land-use regulation may introduce
additional non-modeled constraints [26]. Thus, the contraction observed in Table 3 should be interpreted as policy
filtering rather than resource depletion. Conservation-oriented weighting suppresses ecologically sensitive zones (NDVI-
and land-use-dominated areas), whereas energy-priority weighting tightens hydraulic-gradient constraints [65]. The
persistence of central clusters across scenarios supports the argument that scenario-robust screening zones can be
identified even under complex geothermal—environmental interactions [66, 67].

4-2- Methodological Behavior: What the Paradigms Actually Do

Methodological differences become explicit under the common reference scenario (S0) (Figure 4). MCDA produces
smooth and contiguous suitability patterns due to additive aggregation logic, consistent with the GIS-MCDA behavior
documented in the literature on renewable energy siting (Table 1) [5, 7-12, 31-33]. In contrast, XGBoost emphasizes
local nonlinear interactions, generating sharper boundaries and highly fragmented patches (Table 8). The fragmentation
statistics provide quantitative evidence of this contrast (Table 8). XGBoost produce 5,754 patches with an average size
of 16.81 pixels, whereas MCDA generates only six large contiguous patches. PCNN substantially reduces fragmentation
(875-906 patches depending on the scenario) while maintaining high predictive discrimination (Table 6). This
demonstrates that spatial context integration materially improves map readability and spatial coherence, which are
essential attributes for screening-level planning [60, 68, 69]. The RLKM exhibits intermediate fragmentation and
noticeable scenario sensitivity (Tables 7 and 8). This reflects the unsupervised nature: cluster formation, which is directly
influenced by weighted feature space geometry [70, 71]. Such sensitivity is expected rather than problematic in
geothermal terrains where environmental and hydraulic indicators may conflict spatially [72, 73]. Therefore, RLKM
serves as an exploratory diagnostic tool, revealing weight-sensitive spatial regimes rather than delivering performance-
optimized classification [74]. These behavioral distinctions are not framed as claims of superiority. Instead, they
demonstrate that the algorithmic structure materially shapes the spatial morphology. This directly addresses the question
of methodological comparability: all models use identical predictors and scenario weights (Table 2), whereas differences
in output arise from intrinsic modeling assumptions and not from inconsistent pre-processing [75].

4-3- Cross-Method Agreement as a Robust Signal

The cross-method agreement analysis (Figure 5, Tables 4 and 5) reveals that all intersection-valid pixels satisfy >3-
method consensus, with a unanimous 4/4 agreement in those zones. Importantly, the intersection-valid coverage
represents only 3.44%-5.26% of the union-valid extent. This pattern has two critical implications. First, zones of
unanimous agreement represent high-confidence screening candidates [76]. In these areas, deterministic weighting,
supervised nonlinear modeling, clustering structure, and contextual deep learning converge. In terms of decision support,
such convergence reduces the epistemic uncertainty associated with model selection . Second, the relatively small
intersection proportion indicates that the methodological complementarity remains substantial. The absence of
disagreement within intersection areas does not imply universal agreement across the landscape; it simply shows that
consensus is complete where overlap exists. This nuance avoids over claiming predictive certainty and aligns with best
practice cautions in the literature on spatial validation [59]. For geothermal regions, where subsurface processes and
hydrothermal discharge may introduce latent constraints, reliance on cross-method convergence rather than single-model
optimization provides a more conservative planning signal. Therefore, consensus-based screening strengthens robustness
without requiring physical validation [77].

4-4-Scenario Robustness Versus Weight Sensitivity

The Scenario Robustness Scores (Table 7) show near-perfect stability for XGBoost and PCNN across S0-S2, whereas
RLKM displays moderate variability (mean SRS 0.968). The invariance of MCDA reflects deterministic rule application
rather than empirical adaptability [4, 36, 38]. The stability of the supervised paradigms, that nonlinear feature interactions
dominate over moderate weight adjustments. In practice, this means that once trained on harmonized predictors, boosted
trees and CNN architectures preserve discriminative structure even when planning emphasis shifts [15, 78]. However,
robustness should not be equated with realism. Stable metrics do not confirm external validity. They indicate internal
consistency under controlled perturbations. This interpretation addresses the scope of validation: no independent field
validation dataset is available; therefore, all performance indicators (Table 6) represent relative internal robustness and
not actual empirical truth [59, 79].

4-5- Spatial Coherence and Readability of Planning

Fragmentation analysis (Table 8) demonstrates that the predictive performance alone does not guarantee spatial
plausibility [60, 80]. XGBoost achieves a high ROC-AUC (0.960; Table 6) but produces highly fragmented outputs.
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PCNN achieves comparable discrimination (ROC-AUC up to 0.964) while substantially increasing the average patch
size (148-162 pixels) [81, 82]. Spatial readability and contiguity are critical for screening-level hydropower planning.
Infrastructure siting requires contiguous corridors rather than isolated pixels. Therefore, PCNN’s contextual learning
provides a meaningful structural advantage without altering scenario robustness. MCDA produces extremely large
contiguous zones (average patch size 95,000 pixels; Table 8), which enhances interpretability but oversmooths
transitional areas. Thus, MCDA is best interpreted as a transparent assumption-driven baseline, PCNN as a spatially
coherent discriminator, XGBoost as a high-resolution interaction detector, and RLKM as a regime-sensitive exploratory
tool. This complementary interpretation prevents methodological overclaiming and reframes model diversity as
epistemic triangulation rather than competition [83-86].

4-6- Implications for Hydropower Screening in Geothermal Regions

The geothermal context introduces additional complexity beyond conventional hydropower suitability mapping
because active tectonics, hydrothermal discharge processes, and overlapping regulatory zoning frameworks require that
spatial outputs be strictly interpreted as screening-level feasibility rather than development approval [4, 87]. Within this
context, the identification of scenario-robust and cross-method-consensus zones indicates that certain physiographic
suitability patterns remain stable even when environmental priorities are strengthened [88]. Conversely, areas that
fluctuate under conservation-oriented weighting (Table 3) reveal potential ecological conflict zones, particularly where
NDVI and land-use constraints exert a stronger influence. Accordingly, the framework contributes by systematically
differentiating robust corridors characterized by high cross-method agreement and low scenario sensitivity, policy-
sensitive zones shaped by weight-dependent suitability shifts and method-sensitive regimes revealed through RLKM
variability [89]. This structured differentiation is consistent with the adaptive spatial planning theory, in which
uncertainty is explicitly recognized and incorporated into decision-support processes rather than being artificially
minimized [74].

4-7-Positioning Relative to Previous Studies

Previous hydropower suitability studies have predominantly relied on single-paradigm MCDA frameworks or
accuracy-oriented machine learning approaches, with limited emphasis on propagating identical scenario-weighting
schemes across multiple modeling paradigms for controlled robustness comparison (Table 1) [5, 7-12, 31-33]. In
contrast, the present study does not position its contribution in terms of higher predictive accuracy, but in demonstrating
that scenario reweighting primarily modifies marginal zones rather than core physiographic corridors (Table 3), that
cross-method consensus offers a more meaningful robustness signal than isolated ROC-AUC metrics (Tables 4 to 6),
and that spatial coherence indicators (Table 8) substantially influence planning interpretability beyond classification
performance [90]. This framework addresses a research gap by explicitly analyzing how modeling paradigms and
scenario weightings jointly shape suitability stability under geothermal complexity and reframes suitability mapping
from single-model optimization to structured resilience assessment [91, 92].

5- Conclusion

This study developed and systematically evaluated a scenario-based multi-paradigm framework for hydropower
suitability mapping in a geothermal-influenced region by directly comparing MCDA, XGBoost, RLKM, and patch-
based CNN under harmonized datasets and identical weighting schemes. The results demonstrate that scenario
reweighting primarily reshapes marginal suitability boundaries, whereas core physiographic corridors remain spatially
persistent across conservation-oriented and energy-priority configurations. This stability confirms the structural
dominance of terrain—-hydrological controls in defining the spatial feasibility of the baseline. Cross-method agreement
analysis reveals complete consensus within intersection-valid areas, indicating that methodological convergence rather
than isolated model performance results in robustness. Supervised paradigms exhibit near-perfect scenario robustness,
whereas RLKM captures weight-sensitive spatial regimes, highlighting its diagnostic value in revealing the assumption-
dependent structure. Spatial coherence analysis shows that predictive discrimination alone does not ensure planning
interpretability: neighborhood-based DL substantially reduces fragmentation and improves spatial contiguity without
compromising robustness.

From a decision-support perspective, the framework enables structured differentiation between scenario-robust
corridors, policy-sensitive transition zones, and method-sensitive regimes. Such differentiation is particularly critical in
geothermal contexts where tectonic instability, hydrothermal discharge, and overlapping zoning regulations necessitate
conservative screening logic. Rather than asserting development optimality, the proposed approach provides transparent
robustness signals that strengthen early-stage feasibility assessment and adaptive planning strategies under uncertainty.

This study reframes hydropower suitability mapping from single-model optimization toward structured robustness
assessment by integrating scenario sensitivity, cross-method consensus, and spatial coherence. Future research should
incorporate independent field validation, dynamic hydrological discharge modeling, geothermal—hydropower interaction
datasets, and formal uncertainty quantification to further enhance empirical grounding and transferability across
heterogeneous RE landscapes.
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5-1- Limitations

Several limitations must be acknowledged to avoid overinterpretation of the results. No independent field validation
dataset was available; therefore, all evaluation metrics represent internal robustness indicators rather than empirical
confirmation of real-world hydropower feasibility. Feature selection was guided by literature synthesis and domain
expertise rather than statistical optimization, which strengthens interpretability but may exclude locally significant
geothermal subsurface indicators. Instead of incorporating dynamic discharge modeling, hydrological suitability was
simplified as a proximity-based indicator, and geothermal-hydropower interactions were represented indirectly through
spatial proxies rather than through coupled hydrothermal simulations. Accordingly, the outputs should be strictly
interpreted as structured decision-support screening products and not as engineering feasibility assessments or
development approvals.
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