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Abstract

The rapid transition toward renewable energy requires transparent and spatially explicit
methods for identifying suitable photovoltaic (PV) development areas. This study develops
a geospatial artificial intelligence (GeoAI) decision-support framework for PV site suit-
ability assessment in Rajasthan, India. Eleven harmonized predictors were used: global
horizontal irradiance (GHI), photovoltaic power output (PVOUT), temperature, wind
speed, aerosol optical depth (AOD), elevation, slope, albedo, land use/land cover (LULC),
distance to roads, and distance to power lines. Reference labels were generated from an
explicit rule-derived suitability index, class thresholds, and exclusion logic; therefore, the
machine-learning task was to reproduce a transparent suitability framework rather than
to predict observed PV yield or project-level performance. Extreme Gradient Boosting
(XGBoost) was compared with simpler baseline models, evaluated using random and
spatial-block validation, and interpreted using SHapley Additive exPlanations (SHAP).
Independent overlays with known solar-installation records, presence-background robust-
ness testing, and uncertainty/sensitivity analysis were used to examine spatial plausibility,
spatial autocorrelation, deterministic label effects, and parameter uncertainty. The resulting
outputs include pixel-level suitability zones, contiguous candidate polygons, district-level
capacity-oriented summaries, and planning-priority classes. The framework is intended as
a risk-aware regional screening tool: high model agreement indicates consistency with the
constructed suitability labels, while final project decisions require parcel-scale land, grid,
environmental, social, and economic assessment.

Land 2026, 15, 1080 https://doi.org/10.3390/land15061080

https://crossmark.crossref.org/dialog?doi=10.3390/land15061080&domain=pdf&date_stamp=2026-06-24
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/land
https://www.mdpi.com
https://orcid.org/0000-0003-2259-8173
https://orcid.org/0000-0003-3653-5771
https://orcid.org/0000-0001-5114-888X
https://orcid.org/0000-0001-7927-1468
https://orcid.org/0000-0002-1112-387X
https://doi.org/10.3390/land15061080


Land 2026, 15, 1080 2 of 33

Keywords: GeoAI; solar photovoltaic; site suitability; XGBoost; SHAP; machine learning;
Rajasthan; renewable energy; capacity estimation; spatial decision support

1. Introduction
Global energy demand is steadily increasing, and at the same time, concerns about

climate change and the depletion of fossil fuels are pushing countries toward cleaner and
more sustainable energy sources [1,2]. Among the available options, solar photovoltaic
(PV) energy has become one of the most attractive solutions because it is widely available,
environmentally friendly, and increasingly cost-effective. The success of solar energy
projects depends heavily on where they are installed [3]. Selecting the right location is not
straightforward, as it requires considering multiple factors such as solar radiation, terrain
conditions, land availability, and access to infrastructure [4]. Therefore, identifying suitable
sites for solar development has become a key step in energy planning.

PV site-suitability research has developed through three overlapping methodological
streams: geographic information system and multi-criteria decision-making (GIS-MCDM)
overlay analysis [4–7], hybrid geographic information system-artificial intelligence (GIS-AI)
modeling [8–11], and explainable artificial intelligence (AI) or uncertainty-aware decision
support [12–14]. The earliest and still most widely used stream combines GIS with MCDM
methods such as analytic hierarchy process (AHP) and fuzzy AHP [5,7], weighted over-
lay [4], technique for order preference by similarity to ideal solution (TOPSIS), and simple
additive weighting (SAW) [6,15]. These approaches are attractive because they are trans-
parent, easy to communicate to planners, and well-suited for integrating heterogeneous
criteria such as irradiance, slope, land cover, distance to roads, and distance to transmission
lines [4–7]. However, recent reviews and comparative studies show that their outputs can
vary substantially with criteria selection, expert weights, normalization rules, exclusion
thresholds, class-boundary definitions, and the chosen MCDM algorithm, meaning that
two technically defensible workflows may produce different priority zones for the same
region [6,13–16].

Recent international work has shifted from purely additive GIS overlay toward hybrid
approaches that combine spatial criteria with optimization, machine learning, deep learning,
explainable AI, and scenario analysis [8–12]. Across these studies, the main methodological
advance is not simply the use of a more complex algorithm but the attempt to represent
nonlinear interactions among resource quality, terrain, land cover, accessibility, and climate-
sensitive planning assumptions [8–12]. For example, nonlinear MCDM and GIS-AI studies
show that suitability rankings can change when criteria interact rather than being treated
as independent additive weights, while explainable-AI studies demonstrate the value of
reporting which predictors drive mapped decisions [9–12]. The uncertainty associated
with exclusion-threshold selection, suitability-class definition, and weighting has therefore
been extensively examined in earlier GIS-MCDM, hybrid PV-siting, and broader geospatial-
assessment studies [6,13–16]. At the same time, this literature also exposes unresolved
weaknesses: many studies provide limited information on how reference suitability labels
are generated, how random pixel splits may inflate reported accuracy through spatial
autocorrelation, whether simpler models can reproduce the same decision logic, and how
source-dataset uncertainty affects final suitability classes.

A related body of work uses satellite remote sensing and AI for PV potential assess-
ment and generation-oriented analysis. Ghaedrahmati et al. [17] combined satellite-based
remote sensing with artificial-intelligence techniques to assess PV power-plant potential
and energy prediction, while Reddy et al. [18] used machine learning and climate-change
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projections for long-term solar potential assessment. Such studies are valuable because they
connect solar-resource mapping with future energy-planning questions. However, their
objectives differ from site-screening studies: energy-prediction models require observed
generation, plant design, and climate time-series information, whereas suitability-screening
models primarily classify land and resource conditions. This distinction is important for
the present manuscript because the XGBoost model is trained to reproduce transparent
suitability labels, not to predict measured electricity production.

India-specific PV site-selection studies have also expanded, but most remain concen-
trated in either GIS-MCDM or hybrid decision-support frameworks. Rane et al. [19] used a
GIS-based multi-influencing factor approach for photovoltaic plant siting in Nashik, India,
emphasizing the role of terrain, land cover, and accessibility. Guntupalli et al. [13] devel-
oped a hybrid artificial neural network (ANN)-AHP-GIS framework with dimensionality re-
duction and uncertainty quantification for Southern India, showing that uncertainty-aware
hybrid models can improve robustness relative to single-method overlay. These studies are
important for the Indian context, yet they do not fully address the Rajasthan-scale planning
problem considered here, where a large solar-resource region must be translated into con-
tiguous candidate polygons, district-level capacity summaries, and development-priority
classes while retaining transparent assumptions about labels and validation.

The literature therefore reveals a clear progression but also a set of unresolved gaps.
Traditional GIS-MCDM studies are transparent but often sensitive to subjective weighting
and algorithm choice [6,15,16]. Recent machine-learning and deep-learning studies improve
classification flexibility but may provide limited detail on the origin of reference labels,
the effect of spatial autocorrelation, and the difference between internal classification
accuracy and independent field validation [8,11,12]. India-specific studies increasingly
combine GIS, AI, and MCDM methods, but they less commonly connect suitability classes
to contiguous candidate-site extraction, indicative capacity estimation, and district-level
planning outputs [13,19]. Finally, many studies present final suitability maps without
testing simpler model baselines or comparing mapped outputs against independent solar-
installation records.

This study addresses these limitations by positioning geospatial artificial intelligence
(GeoAI) as a transparent spatial decision-support framework rather than as a black-box
predictor of PV yield. The proposed workflow explicitly employs the Extreme Gradient
Boosting (XGBoost) model: it first constructs rule-based suitability labels from harmonized
solar, climatic, terrain, land-cover, and infrastructure variables and then uses XGBoost to
reproduce and map this defined suitability framework. The manuscript further compares
XGBoost with simpler models, evaluates both random and spatial-block validation designs,
applies SHapley Additive exPlanations (SHAP) to interpret predictor influence, overlays
known solar-installation records as presence-based plausibility evidence, and converts
High and Very High suitability pixels into contiguous candidate-site polygons for capacity-
oriented district prioritization. In this way, the novelty is not the isolated use of XGBoost
or SHAP, which has appeared in recent solar-suitability literature, but the integration of
transparent label construction, explainable modeling, spatial validation, candidate-region
extraction, and planning-ready capacity summaries in a single Rajasthan-focused workflow.

In this study, machine learning is therefore used to classify rule-derived suitability
categories from geospatial predictors; it is not used to predict measured electricity genera-
tion or solar yield. SHAP is used only to interpret the relative contribution of predictors
to the suitability classification. This distinction is important because a high classification
score indicates agreement with the defined suitability framework, whereas real project
performance would require independent production, grid, and economic data.
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To address these challenges, this study proposes an integrated GeoAI-based frame-
work for photovoltaic site suitability assessment in Rajasthan, India. The study has four
specific research objectives: (1) to integrate multi-source solar, climatic, terrain, land-
cover, and infrastructure datasets into a common geospatial feature space; (2) to generate
transparent suitability labels and classify PV suitability zones using an XGBoost-based
machine-learning model; (3) to interpret the contribution of each predictor using SHAP-
based explainable AI; and (4) to extract contiguous candidate sites, estimate potential
capacity, and summarize district-level development priorities. By linking these objectives,
the study seeks to move from descriptive suitability mapping toward interpretable and
planning-oriented spatial decision support.

The specific contribution of the study is fourfold: (i) it states the origin of the suit-
ability labels and treats them as constructed planning labels rather than field-observed PV
performance; (ii) it compares XGBoost with simpler baseline models and reports a spatial-
block validation design to reduce over-reliance on random pixel splits; (iii) it combines
SHAP interpretation with an external presence-based overlay of known solar installations;
and (iv) it transforms pixel-level suitability classes into contiguous candidate regions and
district-level capacity summaries. These elements directly respond to the main method-
ological weaknesses identified in the recent literature and make the workflow more useful
for strategic solar-planning applications.

The remainder of the paper is organized as follows. Section 2 describes the study
area, input datasets, label-generation procedure, XGBoost model, validation metrics, and
candidate-site extraction method. Section 3 presents model performance, spatial suitability
patterns, SHAP-based feature importance, candidate sites, and district-level capacity esti-
mates. Section 4 discusses the planning implications, validation evidence, uncertainties,
and limitations. Section 5 concludes the study and outlines future research directions.

2. Methodology
2.1. Study Area

The study area is Rajasthan, located in northwestern India between approximately
23◦03′ N–30◦12′ N and 69◦30′ E–78◦17′ E. It covers about 342,239 km2 and is the largest
state in India (Figure 1). The state includes arid desert landscapes in the west, semi-arid
plains in the central region, and the Aravalli hill range toward the southeast [20,21].

Rajasthan was selected as the study area because official state policy identifies the
state as a major solar-energy region and reports a National Institute of Solar Energy has
assessed the solar potential of 142 GW [22]. Instead of relying on generalized climate
statements, this manuscript uses the Global Solar Atlas GHI and PVOUT layers as the
spatially explicit solar-resource evidence for the suitability analysis [23]. Topographically,
western and central Rajasthan include extensive low-slope terrain, which can reduce land
preparation and construction constraints for large-scale PV development. In contrast, the
Aravalli region has higher relief and slope variability that can constrain suitability. The
LULC and terrain layers are therefore used as explicit predictors rather than as unsupported
assumptions about developability.

The LULC map (Figure 2) shows that large parts of Rajasthan are dominated by barren
land, shrub-scrub, and sparsely vegetated surfaces, especially in western districts such as
Jaisalmer, Barmer, and Jodhpur. These land-cover types were treated as relatively favorable
in the suitability framework because previous PV siting studies commonly prefer barren,
sparsely vegetated, or otherwise low-conflict land-cover classes over built-up, forested,
or water-covered areas [7,10,19]. Agricultural and vegetated areas are more common in
eastern and southeastern districts, while built-up areas are mainly concentrated around
urban centers. The LULC data were derived from the Dynamic World dataset at 10 m
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resolution, which provides near-real-time global land-cover information from Sentinel-2
imagery [24].

Figure 1. Geographic location and district-level administrative boundaries of Rajasthan, India.
District-boundary GIS data are documented from the administrative-boundary source used for this
study [25].

2.2. Integrated GeoAI Framework for Solar Suitability Assessment

This study applies a data-driven GeoAI framework to identify suitable locations for
large-scale solar photovoltaic deployment. The workflow is organized into five phases:
(1) data acquisition and spatial harmonization; (2) feature engineering and suitability-label
construction; (3) XGBoost-based multi-class modeling with simpler-model benchmarks;
(4) statistical evaluation, spatial-block validation, SHAP explainability, and external plausi-
bility overlay; and (5) suitability mapping, candidate-site extraction, capacity estimation,
and district-level prioritization (Figure 3).

2.3. Data Integration and Feature Space Construction

A multi-criteria dataset was prepared by combining solar resource variables, climate
parameters, terrain attributes, land-surface characteristics, and infrastructure accessibility
indicators. These variables were selected to represent both physical generation potential and
practical feasibility for utility-scale deployment. GHI is a solar-resource input expressing
incoming horizontal irradiance, whereas PVOUT is a performance-adjusted photovoltaic
output indicator expressed per installed kWp; the two variables are correlated but not
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identical and therefore capture complementary resource and system-output information.
Temperature, wind speed, AOD, and albedo represent climatic and atmospheric controls on
PV performance; DEM and slope represent terrain complexity and construction feasibility;
LULC represents land availability and potential land-use conflict; and distance to roads
and power lines approximates construction access and grid-connection feasibility.

Figure 2. Land Use Land Cover (LULC) distribution of Rajasthan derived from the Dynamic
World/Sentinel-2 dataset (2025) [24]. District boundaries are based on the administrative-boundary GIS
source used in this study [25]. The map includes a north arrow and scale bar for cartographic reference.

All datasets were harmonized to a common analysis grid of approximately 250 m and
aligned to a common spatial reference for overlay. Continuous variables, such as solar
irradiance and temperature, were resampled using bilinear interpolation, while categorical
variables, such as LULC, were resampled using nearest-neighbor interpolation to preserve
class values. Vector-derived road and power-line distance layers were stored as kilometer-
based distance rasters, and candidate-region areas were summarized in km2. The predictor
variables used in the model are summarized in Table 1.

Table 1. Integrated predictor variables used for GeoAI-based solar suitability modeling.

Variable Role in Solar
Suitability Unit Data Source Native

Resolution
Reference
Period

GHI
Solar-resource benefit
criterion; incoming
irradiance

kWh/m2/
day

Global Solar
Atlas/Solargis
solar-resource
raster [23]

Approx. 250 m
after
harmonization

Long-term
climatological
solar resource
layer

PVOUT

PV-system output
benefit criterion;
performance-adjusted
yield per kWp

kWh/kWp/
day

Global Solar
Atlas/Solargis PV
output raster [23]

Approx. 250 m
after
harmonization

Long-term
climatological
PV resource
layer
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Table 1. Cont.

Variable Role in Solar
Suitability Unit Data Source Native

Resolution
Reference
Period

Temperature
Thermal cost criterion;
excessive heat reduces
module efficiency

deg C

Copernicus Climate
Data Store
ERA5-Land climate
layer [26]

Approx. 250 m
after resampling

2016–2025
mean

Wind Speed

Contextual climate
criterion; moderate
wind can support
cooling

m/s

Copernicus Climate
Data Store
ERA5-Land wind
layer [26]

Approx. 250 m
after resampling

2016–2025
mean

AOD
Atmospheric cost
criterion; aerosols
reduce irradiance

Unitless

NASA Modern-Era
Retrospective
Analysis for Research
and Applications,
Version 2 (MERRA-2),
aerosol optical depth
layer [27]

Approx. 250 m
after resampling

Study-period
mean

DEM

Terrain context
criterion; elevation
indirectly affects
accessibility

m

USGS/NASA Shuttle
Radar Topography
Mission (SRTM)
digital elevation
model (DEM) [28]

Approx. 30 m
native; 250 m
harmonized

Static terrain
layer

Slope
Terrain cost criterion;
lower slope is
preferred

degrees

Derived from
USGS/NASA Shuttle
Radar Topography
Mission (SRTM)
DEM [28]

Approx. 30 m
native; 250 m
harmonized

Static terrain
layer

Albedo Surface-reflectivity
context criterion Unitless

Moderate Resolution
Imaging Spectrora-
diometer (MODIS)
bidirectional re-
flectance distribution
function (BRDF)/
Albedo product
(MCD43A3) [29]

Approx. 250 m
after resampling

Study-period
mean

LULC
Land-availability
constraint and
exclusion criterion

Categorical
Dynamic
World/Sentinel-2
LULC [24]

10 m native;
250 m
harmonized

2024–2025
mode/2025
map

DistRoad
Accessibility cost
criterion; shorter
distance preferred

km
OpenStreetMap
(OSM) road
network [30]

Vector-derived
distance raster

OSM extract
dated 15
March 2026

DistPower
Grid-accessibility
proxy; shorter distance
preferred

km

OpenStreetMap
(OSM)/compiled
power-line vector
layer [30]

Vector-derived
distance raster

2026 compiled
layer

Other potentially relevant factors, such as land ownership, land price, protected-area
restrictions, water availability, local policy incentives, and detailed grid-hosting capacity,
were not included because consistent, high-resolution, state-wide layers were not available
for all districts. These exclusions are treated as limitations and priorities for future work
rather than as assumptions that the omitted factors are unimportant.
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Figure 3. Five-phase methodological workflow of the integrated GeoAI framework for solar pho-
tovoltaic site suitability assessment, including data harmonization, rule-based label construction,
machine-learning modeling, spatial validation, SHAP explainability, candidate-site extraction, and
capacity-oriented prioritization.

2.4. Infrastructure Accessibility Modeling

Infrastructure accessibility was represented using distance-to-road and distance-to-
power-line layers. These variables are important because solar farms require access for
construction, operation, maintenance, and grid connection, and similar accessibility criteria
are commonly included in GIS-based PV siting studies [10,19]. Euclidean distance was
used to calculate the shortest distance between each pixel and the nearest infrastructure
feature. The distance calculation is given in Equation (1):

Distance to power lines was used as a planning-level proxy for grid accessibility. This
proxy does not fully represent high-voltage transmission availability, substation capacity,
transformer requirements, right-of-way constraints, or grid-hosting capacity. Accordingly,
the variable should be interpreted as an accessibility indicator rather than a complete
grid-interconnection feasibility model.

D(x, y) = min
(√

(x − xi)2 + (y − yi)
2
)

(1)

where D(x, y) is the minimum distance from the pixel (x, y) to the nearest infrastructure
feature (xi, yi). Lower distance values indicate better accessibility and lower expected
installation or connection cost.
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2.5. Feature Normalization and Scaling

Because the predictors have different units and value ranges, normalization was
applied before model training. Min–Max normalization was used to rescale continuous
variables between 0 and 1. The normalization procedure is shown in Equation (2):

X′ =
X − Xmin

Xmax − Xmin
(2)

where X′ is the normalized value, X is the original value, and Xmin and Xmax are the
minimum and maximum values of the variable. This step helps reduce scale-related bias
and improves numerical stability during model training.

2.6. Suitability-Label Generation and XGBoost Model Training

Solar suitability was treated as a four-class classification problem: Low, Moderate,
High, and Very High. The reference labels were not derived from existing solar farms; they
were generated before model training from a transparent rule-based suitability index. Pre-
dictor values were first converted to 0–1 suitability scores according to their expected role as
benefit or cost criteria. The composite score was calculated as S = 0.25(GHI) + 0.20(PVOUT)
+ 0.15(Slope suitability) + 0.10(AOD suitability) + 0.10(Temperature suitability) + 0.10(Road-
distance suitability) + 0.05(Power-line-distance suitability) + 0.05(LULC suitability). The
final classes were assigned using fixed thresholds: Low <= 0.45, Moderate > 0.45 to <= 0.60,
High > 0.60 to <= 0.75, and Very High > 0.75. Water and built-up LULC categories were
constrained to Low suitability. This procedure makes the target variable a constructed
planning label; therefore, model performance measures how well XGBoost reproduces
the defined suitability logic, not how accurately it predicts independently observed PV
project performance.

L = ∑n
i=1 l(yi, ŷi) + ∑K

k=1 Ω(fk) (3)

l(yi, ŷi)yi ŷiΩ( fk)kth where the loss term measures the difference between the constructed
reference suitability label and predicted class, while the regularization term controls model
complexity. The labeled dataset was divided into training and testing subsets using an
80:20 stratified split to preserve class representation. Hyperparameter tuning was per-
formed using validation log-loss and weighted F1-score, with conservative tree depth and
subsampling to reduce overfitting. The specific settings and optimization procedures for
the XGBoost model are detailed in Table 2.

Table 2. XGBoost model settings and optimization procedure.

Setting Value/Strategy

Model XGBoost multi-class classifier

Objective multi:softprob

Number of classes 4

Train-test split 80:20 stratified split

Evaluation sample 300,000 sampled pixels for validation comparison; 240,000 train and 60,000 test in the
random split

Tuning strategy Fixed parameter set selected and monitored using validation log-loss and weighted
F1-score; no external solar-installation records were used for tuning

Regularization approach Tree-depth control, learning-rate control, subsampling, column subsampling, and
default L2 regularization

Primary validation outputs Accuracy, weighted precision, weighted recall, weighted F1-score, confusion matrix,
and log-loss curves
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Table 2. Cont.

Setting Value/Strategy

Random validation design 300,000 sampled pixels; 240,000 training and 60,000 testing pixels

Spatial validation design 0.5-degree spatial-block split; complete geographic blocks held out for testing

Benchmark models Multinomial logistic regression, decision tree, random forest, and XGBoost

n_estimators 200

max_depth 8

learning_rate 0.05

subsample 0.80

colsample_bytree 0.80

eval_metric mlogloss

random_state 42

2.7. Model Evaluation and Statistical Validation

The model was evaluated using accuracy, precision, recall, F1-score, balanced accu-
racy, confusion matrices, and log-loss curves. These metrics are commonly used to assess
classification performance and are derived from the confusion matrix. Because the dataset
consists of spatially adjacent pixels, two validation designs were used. First, a random strat-
ified pixel split was applied to match the initial model assessment, using 300,000 sampled
pixels with 240,000 pixels for training and 60,000 pixels for testing. Second, a spatial-
block validation was conducted by grouping pixels into 0.5-degree geographic blocks and
holding out complete blocks for testing. This second design reduces the likelihood that
neighboring pixels with similar predictor values appear simultaneously in the training and
testing subsets.

To test whether the complexity of XGBoost was justified, the same sampled dataset
and validation designs were also evaluated using three simpler baselines: multinomial
logistic regression, a decision tree, and a random forest. In addition, the original rule-
based weighted suitability score and exclusion rules were reproduced as a transparency
check. This rule-based baseline is not an independent predictive model; it documents the
deterministic procedure used to construct the final suitability labels and therefore provides
an upper-bound reference for label reproducibility.

A presence-based external plausibility assessment was conducted using independent
records of existing solar installations that were not used to generate the suitability labels or
train the models. Solar plant and solar farm locations from the World Resources Institute
(WRI) Global Power Plant Database (GPPD), the Global Energy Monitor (GEM) Global
Solar Power Tracker, and OpenStreetMap (OSM) were filtered to the Rajasthan boundary
and overlaid with the final suitability raster and the extracted candidate site mask. Because
these datasets provide presence locations rather than a complete sample of both suitable and
unsuitable land, the overlay was interpreted as supporting evidence for spatial plausibility
rather than as a conventional accuracy assessment.

As an additional robustness test, an India-wide presence-background model was
constructed following the logic of presence-background/maximum-entropy-style distribu-
tion modeling [31,32]. Known solar-site records from OSM solar farms/sites, WRI/GPPD
solar plants, and operating GEM Global Solar Power Tracker projects were snapped to
the nearest harmonized grid cell and deduplicated, producing 3542 presence grid cells
from 7437 source records. Background cells were sampled from non-excluded grid cells
that did not contain a known solar record and were at least two grid cells away from
any known solar presence, corresponding to approximately 10–12 km at the grid spacing
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used here. Using a fixed random seed of 42, a 5:1 background-to-presence ratio was used,
resulting in 17,710 background cells. A regularized logistic classifier was then fitted using
the available solar-resource, terrain, land-cover, infrastructure-distance, atmospheric, and
surface-reflectance predictors, and evaluated using five spatial folds based on geographic
blocks [33]. This analysis was kept separate from the main XGBoost suitability-label model;
it was used only as supplementary presence-background evidence because background
cells are not confirmed unsuitable sites.

Accuracy =
TP + TN

TP + TN + FP + FN
(4)

Precision measures of how many predicted positive samples were actually correct, as
shown in Equation (5):

Precision =
TP

TP + FP
(5)

Recall, also known as sensitivity, measures how many actual positive samples were
correctly identified, as shown in Equation (6):

Recall =
TP

TP + FN
(6)

The F1-score provides a balanced measure of precision and recall and is calculated
using Equation (7):

F1 = 2 × Precision × Recall
Precision + Recall

(7)

where TP, TN, FP, and FN represent true positives, true negatives, false positives, and
false negatives, respectively. A confusion matrix was also used to examine class-wise
performance, where diagonal values represent correct classifications and off-diagonal
values represent misclassifications.

2.8. Model Explainability and Feature Contribution Analysis

To improve model interpretability, SHapley Additive exPlanations (SHAP) were used
to estimate the contribution of each predictor to the model output. SHAP is based on
game theory and assigns each feature an importance value according to its contribution to
prediction. The SHAP value for a feature is calculated using Equation (8):

ϕi = ∑
S⊆N∖{i}

| S |!(| N | − | S | −1)!
| N |! [f(S ∪ {i})− f(S)] (8)

2.9. Suitability Classification and Statistical Characterization

After training and validation, the model was applied to the full study area to classify
each valid pixel into the four suitability classes. The rule-based label thresholds used to
define the reference classes are summarized in Table 3, while the resulting full-map class
distribution is reported in the Results section.

2.10. Candidate-Site Extraction and Capacity Estimation

Pixels classified as High and Very High suitability were extracted from the final suit-
ability raster and converted into contiguous candidate regions using connected-neighbor
aggregation. In this manuscript, a candidate site means a raster-derived contiguous suit-
ability polygon, not a cadastral land parcel or a plot belonging to a single owner. Regions
smaller than 1 km2 were removed to focus on utility-scale screening opportunities and
reduce isolated single-pixel artifacts, consistent with the need to consider land-use in-
tensity in utility-scale PV planning [34]. Low and Moderate pixels were excluded from
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candidate-site delineation. Built-up/residential, settlement, and water pixels were con-
strained through the LULC rule summarized in Table 4; therefore, the workflow does not
treat settlement land as suitable. Road and power-line accessibility were retained as con-
tinuous distance predictors rather than imposed as hard buffer exclusions. No additional
settlement-distance buffer, protected-area buffer, land-ownership buffer, parcel-boundary
filter, substation-capacity filter, or high-voltage-transmission exclusion buffer was applied
because harmonized state-wide datasets were not available for all districts. Candidate-
region centroids were used only for labels and summary tables; the candidate regions
themselves are represented and analyzed as contiguous polygons.

Table 3. Rule-based suitability-label thresholds and exclusion logic.

Class Suitability-Score Rule Exclusion/Constraint Rule Planning Interpretation

Low S <= 0.45
Pixels classified as Water or

Built-up/Residential (Settlement)
were restricted to the Low class

Unsuitable or highly constrained

Moderate 0.45 < S <= 0.60 No additional hard buffer

Potentially suitable only after local
screening; may be limited by
resource, terrain, access, or

land-cover conditions

High 0.60 < S <= 0.75 No additional hard buffer Suitable screening priority; requires
project-level checks

Very High S > 0.75 No additional hard buffer

Highest screening priority, subject to
parcel, grid, permitting,

socio-environmental conditions, and
field verification

Table 4. Sensitivity analysis scenario design used to test source-data uncertainty, exclusion-mask
parameters, capacity assumptions, and background-sampling choices.

Objective Parameter or Source of Uncertainty Tested Magnitude or Scenario Design

Input-data uncertainty
propagation

Normalized predictor scores for GHI,
PVOUT, temperature, wind, AOD,
DEM/slope, albedo, LULC, and
infrastructure distances

500 Monte Carlo runs on a 300,000-pixel
sample using correlated source-level bias
and pixel-level residual noise

Exclusion-mask
sensitivity

Slope screening and LULC/built-up
constraint

Additional hard slope caps (>5, >10, and
>15 degrees); no hard LULC exclusion;
baseline water/built-up constraint; stricter
LULC-score thresholds (>0.20 and >0.50)

Capacity-assumption
sensitivity

Area-density conversion from
candidate-polygon area to indicative
installed capacity

35, 45, and 50 MW/km2, equivalent to
approximately 2.86, 2.22, and 2.00 ha/MW

Background-sampling
sensitivity

Definition of non-plant background
samples in the supplementary
presence-background model

Uniform buffered, environmental-stratified,
and preference-weighted plausible-siting
background samples under five spatial folds

Candidate-ranking
sensitivity

Relative emphasis on area, solar-resource
quality, terrain, and accessibility in
candidate ranking

±20% weight perturbations and
area-dominant, resource-dominant, and
access-dominant ranking variants

For map presentation and district summaries, each candidate polygon was assigned
a post-processing development-priority class from a normalized candidate-rank score.
This score was calculated after XGBoost mapping and candidate-polygon extraction from
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the mean normalized suitability of five candidate-level indicators: GHI, PVOUT, slope
suitability, road-distance accessibility, and power-line-distance accessibility. It did not
incorporate the XGBoost class probability or the preceding four-class pixel label as an
additional factor; those outputs were used only to define the candidate mask. Polygon area
was used separately for indicative capacity estimation and capacity-oriented top-candidate
ranking. Candidate scores were grouped into five approximately equal-frequency priority
classes: Very High (0.45–0.75), High (0.38–0.44), Moderate (0.33–0.38), Low (0.29–0.33), and
Very Low (0.15–0.29), based on rounded score ranges in the final candidate layer. These five
classes are therefore planning-priority categories for candidate polygons, not additional
suitability classes.

Planning-level installable capacity for each candidate region was estimated with an
area-density approach, which avoids dimensional inconsistency associated with multiply-
ing daily irradiance directly by area:

C_installed = A_site × D_cap (9)

where C_installed is the estimated installed capacity (MW), A_site is the contiguous
candidate-site area (km2), and D_cap is the assumed deployment density (MW per km2).
In this study, capacity estimates were derived using a planning-level density of 45 MW per
km2 [34]. This value is used only as a transparent area-density assumption; utility-scale
PV land-use intensity varies with plant design, technology, spacing, and whether direct
or total land area is measured. The resulting values should be interpreted as indicative
technical potential rather than final project capacities because detailed parcel ownership,
grid-hosting capacity, environmental permitting, and economic feasibility were outside the
present scope.

2.11. Uncertainty Propagation and Parameter-Sensitivity Assessment

To quantify uncertainty in the suitability workflow, a scenario-based uncertainty as-
sessment was implemented following recent recommendations that geospatial assessments
should explicitly examine source-data uncertainty, error propagation, sensitivity to calcu-
lation choices, and the interpretation of uncertainty in planning decisions [14]. Because
formal per-pixel error covariance information was not available for all input products, the
analysis is reported as a planning-level uncertainty and sensitivity assessment rather than
as a fully field-calibrated probabilistic error model.

Five uncertainty components were tested. First, normalized predictor scores were per-
turbed using a Monte Carlo design with correlated source-level bias and pixel-level residual
noise, reflecting the fact that errors in products such as GHI, LULC, DEM-derived slope, and
infrastructure-distance layers may be spatially heterogeneous and partly systematic. The
simulation used 500 runs on a reproducible 300,000-pixel sample with fixed random seed
42, and both High/Very High area intervals and pixel-level class-stability probabilities were
calculated. Second, key mask parameters were tested by imposing additional hard slope
caps and alternative LULC/built-up exclusion variants. Because the harmonized work-
flow used categorical Dynamic World LULC rather than a continuous built-up-intensity
raster, built-up sensitivity was evaluated through the baseline water/built-up exclusion
and stricter LULC suitability-score thresholds. Third, the capacity-density assumption was
varied between 35 and 50 MW/km2, equivalent to approximately 2.86–2.00 ha/MW and
explicitly including the 2.00 ha/MW scenario. Fourth, the presence-background validation
was repeated under uniform buffered, environmental-stratified, and preference-weighted
plausible-siting background samples. Fifth, the uncertainty outputs were interpreted as
planning-level intervals rather than construction-ready confidence intervals.

https://doi.org/10.3390/land15061080

https://doi.org/10.3390/land15061080


Land 2026, 15, 1080 14 of 33

3. Results
3.1. Model Performance and Validation

Table 5 reports the actual class counts used in the validation workflow. The full
Rajasthan raster is intentionally imbalanced because High and Very High classes occupy
large areas. The random validation split was stratified to preserve this distribution; it was
not an artificially balanced four-class dataset.

Table 5. Class distribution of the full raster, validation sample, and random train-test split.

Class Full-Map Pixels 300,000-Pixel Sample Train Pixels Test Pixels

Low 229,012 13,938 11,151 2787
Moderate 260,762 15,915 12,732 3183

High 2,456,946 149,423 119,538 29,885
Very High 1,985,972 120,724 96,579 24,145

The XGBoost model showed high apparent agreement with the constructed reference
labels under the random stratified pixel split, achieving an overall accuracy of 99.14% and
a weighted F1-score of 99.15% using a 60,000-pixel test sample. However, because neigh-
boring pixels can share similar predictor values, this result was not treated as sufficient
evidence of spatial generalization. A spatial-block validation was conducted to test sensitiv-
ity to spatial autocorrelation. Under the 0.5-degree block holdout design, XGBoost accuracy
decreased to 97.73% and the weighted F1-score decreased to 97.73%. This reduction in-
dicates that random pixel splitting likely benefits from local spatial similarity, while the
block test indicates that the model still reproduces much of the constructed suitability-label
structure in geographically separated areas.

Because the suitability labels were derived from a weighted composite index and ex-
clusion rules based on the same predictor family used for model training, the high accuracy
should be interpreted cautiously. The rule-based score and exclusion logic reproduced
the final labels exactly, indicating that the classification target is partly deterministic by
design. Therefore, the reported machine-learning accuracy indicates how well each model
approximates the constructed suitability framework, not independent proof of observed
PV project performance.

The rule-based weighted suitability score and exclusion rules reproduced the gen-
erated final labels with 100% agreement. This result is reported to clarify that the model
metrics describe the reproduction of a constructed suitability framework rather than inde-
pendent field validation (Table 6).

Table 6. Model comparison under random pixel and spatial-block validation designs.

Validation Design Model Train Pixels Test Pixels Accuracy Weighted F1

Random stratified pixel split Logistic regression 240,000 60,000 0.9177 0.9065

Random stratified pixel split Decision tree 240,000 60,000 0.9748 0.9748

Random stratified pixel split Random forest 240,000 60,000 0.9875 0.9875

Random stratified pixel split XGBoost 240,000 60,000 0.9915 0.9915

Spatial block split Logistic regression 239,621 60,379 0.9178 0.9106

Spatial block split Decision tree 239,621 60,379 0.9334 0.9334

Spatial block split Random forest 239,621 60,379 0.9646 0.9645

Spatial block split XGBoost 239,621 60,379 0.9773 0.9773

https://doi.org/10.3390/land15061080

https://doi.org/10.3390/land15061080


Land 2026, 15, 1080 15 of 33

To examine the spatial plausibility of the suitability outputs against independent
ground evidence, known solar installations were overlaid with the final suitability map.
The final raster classifies 90.07% of the Rajasthan study area as High or Very High suitability;
therefore, the overlay was interpreted relative to this high area-wide baseline rather than
as a standalone accuracy value. The official WRI/GPPD records showed the strongest
agreement, with 95.89% of Rajasthan solar plants and 94.16% of their recorded capacity
falling in High or Very High classes. OSM solar-farm/site points showed a similarly high
record-level agreement, while GEM operating records were more conservative because the
tracker includes a broader range of project phases, scales, and locational records (Table 7).

Table 7. Presence-based external plausibility assessment of the suitability and candidate-site outputs
using known solar installations in Rajasthan.

Dataset Records in
Rajasthan

High/Very High
Records (%)

High/Very High
Capacity (%)

Inside
Candidate
Mask (%)

Candidate
Capacity (%)

WRI/GPPD India solar [35] 146 95.89 94.16 38.36 56.86

GEM Solar Tracker,
operating [36] 448 80.58 72.69 17.41 15.78

OSM solar farms/sites [30] 6955 98.07 97.36 2.65 62.87

All records, deduplicated
from WRI/GPPD, GEM, and

OSM sources [30,35,36]
5875 94.42 76.90 6.71 15.08

The High/Very High class covers 90.07% of the final suitability raster inside Ra-
jasthan, whereas the contiguous candidate-site mask covers only 5.77% of the study area.
Candidate-mask overlap therefore represents a stricter spatial test than suitability-class
overlap. Because the OSM dataset includes many small or capacity-unknown solar features,
capacity-weighted agreement is more informative than raw record count for this source.

The candidate-site overlay provides a stricter check because the extracted candi-
date mask occupies only 5.77% of Rajasthan. Under this more selective mask, 38.36%
of WRI/GPPD solar plants and 56.86% of their recorded capacity intersected candidate
regions, while 17.41% of GEM operating projects and 15.78% of their capacity intersected
the same mask. These results support the spatial plausibility of the candidate-site extraction
for major utility-scale locations, but they also show that the candidate layer is a planning
screen rather than a complete inventory of all existing solar developments.

For clearer comparison, Figure 4 visualizes the two overlay levels. Panel A shows
agreement with broad High/Very High suitability classes, while Panel B uses the much
more selective contiguous candidate-site mask. The baseline lines indicate the correspond-
ing map-area shares, allowing the observed solar-installation overlap to be interpreted
against the spatial prevalence of each mapped class.

The supplementary India-wide presence-background spatial cross-validation provided
an additional robustness check that is independent of the rule-derived suitability labels
(Table 8). Across five geographic folds, the regularized logistic presence-background model
achieved a mean receiver operating characteristic area under the curve (ROC-AUC) of
0.724 ± 0.039 and a mean precision-recall area under the curve (PR-AUC) of 0.398 ± 0.108.
The top decile of held-out background scores captured 38.5 ± 10.4% of held-out presence
grid cells, indicating enrichment of observed solar sites in high-scoring predictor space rel-
ative to buffered background locations. When the same held-out scoring logic was applied
to Rajasthan solar records, the top-decile presence-background-score records intersected
the extracted candidate-site mask more frequently than the full solar-record set (26.3%
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versus 6.15% by record count). These results support the spatial plausibility of the mapped
candidate regions, but they are interpreted only as supplementary evidence because the
background sample does not represent verified absence or officially rejected project sites.

Figure 4. Presence-based external plausibility assessment using known solar installations in Rajasthan.
Panel (A) compares the share of observed records and capacity falling in High or Very High suitability
classes against the area-wide High/Very High baseline. Panel (B) compares the same ground records
against the extracted contiguous candidate-site mask, which covers a much smaller share of the state
and therefore provides a stricter spatial test.

Table 8. Supplementary India-wide presence-background spatial cross-validation using known
solar-site records and buffered background cells.

Component Result/Interpretation

Presence data 7437 India-wide source records from OSM solar farms/sites [30], WRI/GPPD solar
plants [35], and operating GEM solar projects [36]; deduplicated to 3542 grid cells

Background data
17,710 non-excluded grid cells sampled with fixed random seed 42 at a 5:1

background-to-presence ratio and buffered approximately 10–12 km from known
solar records

Validation design Five spatial folds based on geographic blocks; solar-site records were not used to
generate the main suitability labels

Mean ROC-AUC 0.724 ± 0.039

Mean PR-AUC 0.398 ± 0.108

Presence enrichment 38.5 ± 10.4% of held-out presence cells exceeded the held-out background
top-decile threshold

Rajasthan candidate-mask
comparison

Top-decile presence-background-score records intersected candidate polygons at
26.3% by record count, compared with 6.15% for all scored Rajasthan solar records

Interpretation Supplementary presence-background robustness evidence only; not true
absence-based validation

The confusion matrix (Figure 5) shows that most pixels were correctly classified, as
indicated by the dominant diagonal values. Misclassification was limited and mainly
occurred between neighboring suitability classes, especially Moderate–High and High–Very
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High. This is reasonable because suitability transitions in geographic space are gradual
rather than sharply separated.

Figure 5. Confusion matrix and classification performance curves showing agreement between
XGBoost predictions and constructed reference labels.

The training and validation loss curves (Figure 6) show stable convergence, with both
curves decreasing consistently across boosting iterations. Their close alignment suggests
that the model maintained a balanced bias-variance trade-off and did not show clear
signs of overfitting within the tested validation designs. Overall, the results indicate that
XGBoost reproduced the constructed suitability-label structure consistently. This supports
its use as a transparent surrogate for the defined suitability framework, while not implying
independent prediction of observed PV performance.

3.2. Spatial Characteristics of Topographic Constraints

The topographic variables show clear spatial differences across Rajasthan. As shown
in Figure 7, western Rajasthan is mostly characterized by low slope values, particularly
below 5◦, which makes it favorable for large-scale solar installations. Flat terrain reduces
construction difficulty, land preparation costs, and potential shading problems. In con-
trast, higher slope values are mainly concentrated along the Aravalli range, where terrain
complexity may limit solar deployment.

Elevation supports this pattern. Although elevation alone does not directly prevent
solar installation, it is often linked with slope, accessibility, and local terrain complexity.
Therefore, elevation acts as an indirect constraint rather than a primary limiting factor.
These findings are consistent with solar site selection studies that consider slope, land cover,
and accessibility as key siting constraints [8].

3.3. Solar Resource Potential and Climatic Variability

The solar resource variables show a clear west–east gradient in solar energy potential.
Western and southwestern Rajasthan show higher values of Global Horizontal Irradiance
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(GHI) and Photovoltaic Output (PVOUT), indicating favorable resource conditions for solar
energy generation.

Figure 6. Training and validation loss curves showing convergence behavior of the XGBoost model.

Figure 7. Distribution of terrain slope and elevation highlighting topographic constraints for photo-
voltaic deployment. Elevation was derived from SRTM DEM data, and slope was calculated from the
same DEM source [28].
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Temperature varies moderately across the state, with higher values observed in
arid western districts. Elevated temperature can reduce PV module efficiency through
temperature-coefficient losses; however, western Rajasthan still shows high PVOUT because
its Very High GHI provides a large gross solar-energy input. Thus, high irradiance increases
total modeled energy yield, not by physically offsetting temperature-related efficiency
losses (Figure 8). These findings are consistent with studies that identify solar irradiance as
a primary factor controlling photovoltaic performance and site suitability [18,23].

Figure 8. Distribution of solar resources and climate variables. GHI and PVOUT are based on Global
Solar Atlas/Solargis data [23], while temperature is based on the reanalysis climate layer used in this
study [26].
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3.4. Infrastructure Accessibility Assessment

Infrastructure accessibility is an important planning factor for photovoltaic deploy-
ment. The distance-to-road and distance-to-power-line layers (Figure 9) indicate that central
and eastern Rajasthan generally have stronger network proximity, whereas some western
areas are farther from major infrastructure corridors.

Figure 9. Spatial distribution of accessibility indicators, including distance to road networks
and power transmission lines. Road and power-line vector inputs were derived from Open-
StreetMap/compiled infrastructure layers used in this study [30].

Western Rajasthan may remain attractive at the regional screening scale where large
contiguous land parcels and strong solar-resource conditions compensate for longer dis-
tances to some infrastructure. Nevertheless, proximity to roads and transmission lines
can reduce construction, maintenance, and grid-connection costs, making accessibility an
important site-selection criterion [10].

3.5. Feature Importance and Model Interpretability

The SHAP-based feature importance analysis provides a clear understanding of how
each predictor influenced the model output. As shown in Figure 10, PVOUT and GHI
were the most influential variables, followed by LULC, distance to roads, and distance to
power lines.
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Figure 10. SHAP-based feature importance ranking showing the dominant predictors influencing
solar suitability.

Slope also contributed to the model, confirming its role as a physical constraint for
solar installation. In contrast, wind speed and elevation had relatively lower contributions,
suggesting that they played a secondary role in this analysis. This feature hierarchy is
scientifically reasonable because solar irradiance, land availability, and infrastructure access
are among the most important factors in PV site selection [8].

3.6. Distribution of Solar Suitability Classes

The suitability classification shows that a large proportion of Rajasthan falls within
favorable solar development zones under the adopted scoring thresholds. As shown in
Table 9, High and Very High suitability classes together account for nearly 90% of the study
area. This result reflects the input GHI/PVOUT layers, dryland land-cover classes, low
terrain constraints, and infrastructure-access criteria included in the constructed suitabil-
ity framework; it should not be interpreted as an independent estimate of immediately
developable land.

Table 9. Distribution of solar suitability classes across the study area.

Class Pixel Count Percentage (%)

Low 229,012 ~4.6
Moderate 260,762 ~5.3

High 2,456,946 ~49.8
Very High 1,985,972 ~40.3

3.7. Candidate-Site Distribution and Development Priority

The extracted candidate solar sites (Figure 11) show clustered, pixel-based polygon
patterns rather than generalized point symbols. These candidate polygons are concentrated
mainly in western and west-central Rajasthan, where high solar resource availability, rela-
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tively flat terrain, and suitable land-cover conditions combine to create large contiguous de-
velopment zones. Across all 192 final candidate polygons used for the development-priority
classes, mean GHI ranges from 5.507 to 5.669 kWh/m2/day, mean PVOUT ranges from
4.735 to 4.960 kWh/kWp/day, and mean slope ranges from 1.53 to 3.33 degrees. Within the
Very High priority subset, the corresponding ranges are 5.571–5.669 kWh/m2/day for GHI,
4.795–4.960 kWh/kWp/day for PVOUT, and 1.81–3.32 degrees for slope; this low-slope
range is important because increasing slope can raise grading, mounting, road-access, and
installation costs.

Figure 11. Raster-derived contiguous candidate photovoltaic-site polygons in Rajasthan classified
into post-processing development-priority classes. The priority classes are derived from candidate-
region ranking scores and are distinct from the four pixel-level suitability classes used in the
XGBoost classification.

The development-priority classes shown in Figure 11 are post-processing planning
categories derived from the mean normalized suitability of the same five candidate-level in-
dicators: GHI, PVOUT, slope suitability, road-distance accessibility, and power-line-distance
accessibility. They should not be confused with the four pixel-level suitability classes used in
the XGBoost classification. The five priority classes were produced after candidate-polygon
extraction by grouping rounded candidate-rank scores into approximately equal-frequency
classes: Very High (0.45–0.75), High (0.38–0.44), Moderate (0.33–0.38), Low (0.29–0.33),
and Very Low (0.15–0.29). This transformation was used only to communicate relative
development priority among candidate polygons.

Central Rajasthan shows a mixture of High and Moderate priority candidate polygons,
while eastern and southeastern areas are relatively more constrained by terrain, vegetation,
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and land-use conditions. The five priority levels provide a practical way to distinguish
stronger contiguous screening units from more marginal candidate polygons.

3.8. District-Wise Solar Site Potential and Capacity Assessment

The district-level assessment shows strong spatial variation in solar site potential
across Rajasthan. As summarized in Table 10, western districts dominate in terms of
both suitable area and estimated capacity, highlighting their importance for large-scale
solar development.

Table 10. District-wise summary of candidate solar sites, area, capacity, and priority classes. VH,
H, M, L, and VL denote Very High, High, Moderate, Low, and Very Low post-processing priority
classes, respectively.

District Sites Area (km2) Capacity (MW) Best Rank Mean Score VH H M L VL

JAISALMER 24 4979.21 224,064.36 16 0.372 6 4 6 2 6

JODHPUR
GRAMIN 23 3525.778 158,659.96 16 0.394 4 7 9 3 0

PHALODI 8 2864.036 128,881.59 16 0.365 2 1 2 1 2

PALI 5 1730.818 77,886.84 6 0.561 5 0 0 0 0

BARMER 36 1659.6 74,681.99 16 0.311 1 7 4 11 13

JALOR 6 1443.294 64,948.19 15 0.435 4 1 0 0 1

BALOTRA 34 1112.043 50,041.95 16 0.364 6 5 10 9 4

SIROHI 10 1065.444 47,944.93 6 0.5 7 2 1 0 0

SANCHORE 5 744.871 33,519.2 26 0.35 1 0 1 3 0

CHITTAURGARH 11 600.172 27,007.78 79 0.302 0 0 3 3 5

RAJSAMAND 21 574.053 25,832.46 4 0.475 11 7 2 1 0

BHILWARA 3 562.758 25,324.11 8 0.458 1 1 1 0 0

BEAWAR 12 476.278 21,432.58 16 0.282 1 0 3 2 6

UDAIPUR 20 421.896 18,985.29 1 0.448 7 6 4 2 1

NAGAUR 1 280.701 12,631.52 16 0.515 1 0 0 0 0

JODHPUR 6 42.546 1914.61 16 0.384 1 2 0 3 0

SALUMBAR 3 15.594 701.78 134 0.293 0 0 0 2 1

DUNGARPUR 2 3.452 155.35 117 0.32 0 0 0 2 0

PRATAPGARH 1 1.141 51.33 149 0.291 0 0 0 1 0

Jaisalmer shows the highest estimated capacity, with approximately 224,064 MW
across 4979.21 km2, making it the strongest district in the modeled planning output. This
high score is mainly associated with extensive barren-land pixels, low slope constraints,
and high GHI/PVOUT values in the input layers. Jodhpur Gramin and Phalodi also form a
major high-potential solar cluster, with estimated capacities of approximately 158,660 MW
and 128,882 MW, respectively.

In contrast, districts such as Dungarpur, Pratapgarh, and Salumbar show much lower
potential, with estimated capacities below 1000 MW. These areas are more constrained by
terrain variability, vegetation cover, and relatively lower solar resource availability.

An important finding is that the number of candidate sites does not necessarily indicate
higher energy potential. For example, Barmer and Balotra have many candidate sites, but
their total estimated capacity is lower than that of districts with fewer but larger contiguous
suitable areas. This suggests that site size and spatial continuity are more important than
site count for utility-scale solar deployment.
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The mean rank score also highlights differences in site quality. Districts such as Pali,
Nagaur, and Sirohi show relatively high mean rank scores despite having smaller total
areas, suggesting that these districts contain compact but highly suitable locations.

The results indicate three major solar development corridors:

• Western corridor: Jaisalmer–Barmer–Phalodi
• Central corridor: Jodhpur–Pali–Nagaur
• Southern corridor: Udaipur–Rajsamand–Sirohi

These corridors show that the best solar locations are controlled by a combination of
high solar resource availability, flat terrain, land availability, and infrastructure access.

3.9. Top Candidate Polygons and Capacity-Oriented Ranking

The top candidate polygons were extracted from the contiguous High and Very High
suitability regions. For Figure 12, the ten largest capacity-oriented candidates were ranked
using polygon area and the 45 MW/km2 area-density method; the representative points
are used only for cartographic clarity, while capacity was still calculated from the original
polygon area. This capacity-oriented ranking is therefore separate from the five-indicator
development-priority classes shown in Figure 11.

Figure 12. Representative points of the top 10 contiguous candidate-site polygons ranked by indica-
tive installed capacity. Points were generated inside the original polygons for cartographic clarity,
while capacity was calculated from polygon area using the area-density method. Point size indicates
estimated capacity class, and numeric labels indicate capacity rank.
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These candidate regions should be interpreted as screening units for further feasibility
assessment. Their indicative capacities do not immediately imply buildable project sizes
because cadastral boundaries, ownership, substation capacity, environmental permitting,
water availability, and economic feasibility were not modeled at the parcel scale.

Several candidate zones show high indicative technical potential, especially in western
Rajasthan. The overlap between candidate zones and known solar installations was ex-
amined using three reference solar-park polygons compiled from KMZ files: Bhadla Solar
Park, Clean Solar Dedasari Solar, and Mahindra Solar Company. Overlay analysis showed
that these reference sites fall overwhelmingly within High and Very High suitability classes,
with Bhadla Solar Park showing 99.92% Very High pixels, Clean Solar Dedasari Solar
98.69% Very High pixels, and Mahindra Solar Company 94.61% Very High pixels. This
comparison provides additional evidence of spatial plausibility while remaining limited to
a small reference set.

3.10. Robustness and Sensitivity Analysis

To reduce dependence on a single set of assumed suitability weights and class thresh-
olds, a sensitivity analysis was conducted. The pixel-level analysis recalculated the compos-
ite suitability score under alternative weighting and threshold scenarios and compared each
High/Very High mask with the baseline mask using percentage-area change and Jaccard
spatial overlap. The candidate-level analysis then tested whether the top capacity-oriented
candidate polygons remained stable when the separate capacity-ranking emphasis was
made area-dominant, resource-dominant, or access-dominant (Table 11).

Table 11. Robustness and sensitivity analysis of suitability classes and candidate-site ranking.

Scenario Perturbation Tested High/Very High
Area (%)

Change vs.
Baseline (pp) Stability Result

Baseline Original weights and
thresholds 90.07 0.00 Reference case

Solar +20% GHI and PVOUT weights
increased 20% 87.60 −2.47 Jaccard = 0.973

Solar −20% GHI and PVOUT weights
decreased 20% 92.93 +2.86 Jaccard = 0.969

Infrastructure +20% Road and power-line weights
increased 20% 91.56 +1.49 Jaccard = 0.984

Terrain/LULC +20% Slope and LULC weights
increased 20% 91.33 +1.26 Jaccard = 0.986

Equal weights All eight score components
weighted equally 94.32 +4.25 Jaccard = 0.950

Relaxed thresholds High and Very High
thresholds lowered by 0.05 95.05 +4.97 Jaccard = 0.948

Strict thresholds High and Very High
thresholds raised by 0.05 80.18 −9.89 Jaccard = 0.890

Area-dominant
ranking

Candidate ranking
emphasizes polygon area - - 8/10 top candidates

retained

Resource/access
ranking

Candidate ranking
emphasizes solar resource

or access
- - 10/10 top candidates

retained
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The ±20% weight perturbations produced relatively small changes in High/Very
High area, ranging from −2.47 to +2.86 percentage points for solar-resource weights
and from +1.26 to +1.49 percentage points for terrain/LULC and infrastructure weights.
Spatial overlap with the baseline High/Very High mask remained high for these scenarios
(Jaccard = 0.969–0.986), indicating that the main suitability pattern is not highly sensitive
to moderate weight changes. Threshold changes produced larger differences, especially
under strict thresholds, showing that class boundaries remain an important source of
uncertainty (Figure 13). For candidate ranking, 8 of the baseline top 10 polygons were
retained under the area-dominant scenario, while all 10 were retained under resource-
and access-dominant rankings; the leading districts remained concentrated in Jodhpur
Gramin, Jaisalmer, Phalodi, Pali, and Barmer. These results support the robustness of the
broad spatial pattern while also justifying the manuscript’s caution that suitability classes
and candidate ranks should be treated as planning-screening outputs rather than final
project decisions.

Figure 13. Sensitivity of High/Very High suitability area and spatial class overlap under alternative
weight and threshold scenarios.

Additional uncertainty checks are summarized in Table 12. The correlated input-
score perturbation produced a High/Very High area interval of 87.39–91.72% (5th–95th
percentile), indicating that the broad suitability pattern is stable but not deterministic.
Pixel-level class stability was also high: the mean same-class probability was 0.915, 82.33%
of sampled pixels retained their baseline class with probability >= 0.80, and only 3.17% fell
within an ambiguous High/Very High boundary-risk band (p = 0.25–0.75). The slope-cap
scenarios did not change the mapped High/Very High area because the high-suitability
pixels were already concentrated on low-slope terrain. In contrast, the LULC/built-up
proxy showed stronger sensitivity: removing the hard LULC constraint increased the
High/Very High area to 94.33%, while stricter low-LULC-score constraints reduced it
to 50.64%. Capacity estimates were also sensitive to land-density assumptions, ranging
from 773,629 to 1,105,184 MW under 35–50 MW/km2. These results provide quantitative
planning-level uncertainty ranges while reinforcing that the outputs are screening-level
decision-support products.

The background-sampling row in Table 10 should be interpreted cautiously. The added
analysis does not convert the presence-background validation into true presence-absence
validation, and it does not eliminate potential preference-sampling bias. However, it now
tests three alternative background definitions. The uniform buffered and environmental-
stratified samples produced similar spatial ROC-AUC values (0.675 and 0.664), while
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the preference-weighted plausible-siting background produced a slightly higher mean
ROC-AUC of 0.688 and stronger presence enrichment (36.5%). These results show that
the decision boundary is sensitive to background design, but observed solar locations
remain enriched in high-scoring cells across strategies (Figure 14). Therefore, the presence-
background scores should be used as supplementary plausibility evidence, not as an
invariant or definitive accuracy estimate.

Table 12. Additional uncertainty propagation and parameter-sensitivity checks for the suitability and
capacity assessment workflow.

Component Test Design Quantitative Result and Interpretation

Input data
propagation

Monte Carlo perturbation of normalized
predictor scores with correlated source-level bias

and pixel-level residual noise; 500 runs on a
300,000-pixel sample; fixed seed 42.

Class-stability probabilities were calculated from
the same simulations.

High/Very High area mean = 89.72%; 5th–95th
percentile = 87.39–91.72%. Mean same-class

probability = 0.915; 82.33% of sampled pixels
retained the baseline class with

probability >= 0.80; 3.17% fell in the High/
Very High boundary-risk band.

Slope mask Additional hard slope caps were applied to the
baseline High/Very High mask.

>5, >10, and >15 degree caps each retained
90.07% High/Very High area, equal to the

baseline, because high-suitability pixels were
already concentrated on very low-slope terrain.

Built-up/
LULC mask

Categorical LULC/built-up exclusion sensitivity
was tested using no hard LULC exclusion, the
baseline water/built-up constraint, and stricter

low-LULC-score thresholds as a
built-up-intensity proxy.

No hard LULC exclusion = 94.33%;
baseline = 90.07%; LULC_score > 0.20 = 50.64%;

LULC_score > 0.50 = 50.64%. The
LULC/built-up proxy is therefore a major

source of uncertainty.

Capacity
density

Area-density scenarios equivalent to
2.86–2.00 ha/MW were tested for the

22,103.68 km2 candidate area; the upper-density
scenario corresponds to 2.00 ha/MW.

Capacity range = 773,629–1,105,184 MW
under 35–50 MW/km2; baseline

45 MW/km2 = 994,666 MW. These are
indicative planning ranges only.

Background
sampling

Presence-background validation was repeated
under uniform buffered,

environmental-stratified, and
preference-weighted plausible-siting background

samples using spatial folds.

Complete-feature analysis used 3276 presence
grid cells and 16,380 background cells per
strategy. Spatial ROC-AUC = 0.664–0.688;

PR-AUC = 0.340–0.428; presence enrichment
above the background top decile = 26.6–36.5%.

Figure 14. Background-sampling sensitivity of the supplementary presence-background validation
under uniform buffered, environmental-stratified, and preference-weighted plausible-siting back-
ground samples. Bars show five-fold spatial cross-validation means, and error bars show standard
deviations.
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4. Discussion
Three points guide the discussion: the mapped High/Very High area is a screening con-

struct, candidate polygons are more decision-relevant than statewide class totals, and model
accuracy must be interpreted together with spatial validation and uncertainty analysis.

The results indicate that integrating geospatial analysis with machine learning can
provide a useful framework for solar photovoltaic (PV) site suitability assessment, but the
spatial extent of High and Very High suitability classes must be interpreted from a planning
perspective rather than as immediately developable land. The finding that approximately
90% of valid pixels are High or Very High reflects the combination of the input GHI/PVOUT
layers, dryland land-cover conditions, terrain constraints, infrastructure accessibility, and
the adopted suitability thresholds, rather than a claim that 90% of Rajasthan is ready
for project development. This interpretation is consistent with official recognition of
Rajasthan’s large solar potential [22] and with the spatial solar-resource products used in the
analysis [23], but practical deployment would be much more selective after accounting for
land tenure, protected areas, detailed grid capacity, water availability, local environmental
constraints, social acceptance, and project economics.

Among all variables, solar resource indicators such as Global Horizontal Irradiance
(GHI) and PVOUT emerged as the most influential predictors in the model. This is phys-
ically consistent with PV planning literature and with the Global Solar Atlas resource
evidence used in this study, because irradiance is a primary driver of photovoltaic genera-
tion potential [8,18,23]. The SHAP-based feature importance results therefore indicate that
the model reproduces interpretable components of the constructed suitability framework
rather than relying only on obscure statistical artifacts.

Topographic conditions, particularly slope, affected suitability because flatter ter-
rain generally reduces grading, construction complexity, and installation constraints for
utility-scale PV development [19]. Elevation had lower SHAP importance in this analysis,
suggesting that its role was mainly indirect through terrain complexity and accessibility
rather than a dominant suitability driver.

Infrastructure accessibility adds practical planning context by indicating where road
access and transmission proximity may reduce construction, maintenance, and grid-
connection costs [8]. At the same time, the results show that areas with weaker immediate
accessibility may remain relevant for early-stage screening if they contain large contiguous
candidate polygons and strong solar-resource conditions.

The district-level analysis provides additional insights for regional planning. Western
districts such as Jaisalmer, Jodhpur Gramin, and Phalodi emerged as favorable zones be-
cause they combine high irradiance, relatively flat terrain, and limited land-use constraints.
This result is consistent with the presence of major solar developments in western Rajasthan,
including the Bhadla region. The external overlay with WRI/GPPD, GEM, and OSM solar-
installation records provides additional plausibility support, although it should not be
interpreted as a complete field validation because existing plant locations are presence-only
records influenced by land ownership, policy, grid access, and investment decisions.

A practical contribution of this study is the translation of pixel-level suitability map-
ping into planning-oriented outputs. The workflow extracts contiguous candidate polygons,
ranks them, estimates indicative installed capacity using a dimensionally consistent area-
density method, compares XGBoost with simpler models, and evaluates mapped outputs
using independent solar-installation records. This makes the framework more informative
for early-stage screening than a standalone suitability map.

The integration of machine learning with explainable AI (SHAP) strengthens the
analysis by improving model transparency and interpretability. At the same time, the
validation results show why caution is necessary when interpreting Very High pixel-level
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accuracy. The random split produced higher performance than the spatial-block split,
which is consistent with the presence of spatial autocorrelation among neighboring pixels.
In addition, the final labels were generated from a suitability score that uses several of the
same variables supplied to the model, meaning that some predictors partially encode the
target definition. The comparison with logistic regression, decision tree, and random forest
baselines shows that XGBoost provided the best overall performance, but it also shows
that simpler tree-based models can approximate much of the constructed suitability logic.
Therefore, XGBoost is justified primarily by its stronger performance, nonlinear modeling
capacity, and compatibility with SHAP interpretation, rather than by accuracy alone.

Despite these strengths, several limitations should be acknowledged. First, the suit-
ability labels were generated from a composite rule-based index, and the same predictor
family was used to train the machine-learning models. This design is appropriate for
learning and mapping the constructed suitability framework, but it can inflate classifica-
tion accuracy if interpreted as independent empirical validation. Second, random pixel
splitting can overestimate performance because of spatial autocorrelation; the spatial-block
validation reduces this risk but does not replace independent field validation. Third, as-
sumed parameter values, including variable scoring rules, class thresholds, the 1 km2

minimum candidate-area threshold, and the 45 MW per km2 capacity density, introduce
uncertainty into the candidate-site and capacity estimates. Fourth, the 250 m analysis
resolution may miss small suitable patches and local exclusion features. Fifth, the analysis
does not include land ownership, land price, protected-area restrictions, water availability,
detailed transmission hosting capacity, or policy constraints. Sixth, the added presence-
background analysis reduces reliance on random pixel-split accuracy, but it remains a
presence-background test rather than a true presence-absence validation because back-
ground cells are not verified as unsuitable or rejected solar-development locations. Finally,
most inputs are static or long-term mean layers, whereas solar resources, aerosols, tem-
perature, and land-cover conditions vary seasonally and interannually. Future research
should incorporate time-series solar and climate data, independent project-performance
observations, finer grid-infrastructure constraints, and socio-economic feasibility layers.

The additional uncertainty assessment partially responds to some of these limita-
tions by providing scenario-based intervals for input-score perturbation, class-stability
probability, LULC/built-up masking, slope screening, capacity density, and background-
sampling design. However, these intervals should not be read as definitive confidence
intervals for construction-ready project decisions. A full uncertainty-propagation frame-
work would require source-specific error distributions for each raster, spatial covariance
structures, LULC class-probability layers, independent field observations of rejected and ac-
cepted project sites, and repeated project-level model fitting under externally documented
sampling designs.

The findings indicate that GeoAI-based approaches can support scalable solar site
screening. The agreement with independent solar-installation records and the supplemen-
tary India-wide presence-background spatial cross-validation provide supporting evidence
for spatial plausibility, while the spatial-block validation and external overlay also clarify
the limits of interpreting pixel-level accuracy as real-world predictive certainty.

5. Conclusions
This study developed an explainable GeoAI decision-support framework for photo-

voltaic (PV) site suitability assessment by integrating multi-source geospatial data, rule-
derived suitability labels, machine-learning classification, SHAP interpretation, spatial
validation, presence-based plausibility checks, and uncertainty/sensitivity analysis. The
central contribution is methodological: the workflow makes the origin of suitability la-
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bels explicit, treats model metrics as agreement with a constructed decision framework,
and translates pixel-level suitability into contiguous candidate polygons and district-level
planning summaries.

The modeling innovation lies in combining transparent label construction with XG-
Boost benchmarking, simpler-model comparison, spatial-block validation, and SHAP-based
interpretation. This design reduces the risk of presenting high random-split accuracy as
independent field validation and provides a more reproducible framework for regional
PV screening.

At the regional level, the mapped outputs indicate that western districts such as
Jaisalmer, Jodhpur Gramin, and Phalodi contain large contiguous screening zones under
the adopted input data and thresholds. These areas combine high GHI/PVOUT values,
low slope, and suitable land-cover conditions, but they should be interpreted as planning-
screening priorities rather than confirmed developable parcels.

The uncertainty analysis provides planning-level risk information by reporting
input-perturbation intervals, class-stability probabilities, LULC/built-up mask sensitivity,
capacity-density ranges, and background-sampling sensitivity. The results suggest that
the broad state-scale pattern is stable, but candidate boundaries, capacity estimates, and
validation scores remain sensitive to exclusion rules and sampling design.

Future research should extend the framework using finer-resolution parcel and grid
datasets, seasonal solar and climate time series, explicit land-ownership and protected-
area constraints, substation-hosting-capacity data, project-cost modeling, and larger field-
verified validation samples. These additions would support the transition from state-scale
screening to project-level feasibility assessment.

Overall, the framework is intended for early-stage, risk-aware spatial screening and
can be transferred to other regions when local data sources, exclusion rules, validation
records, and uncertainty assumptions are clearly documented.

Author Contributions: Conceptualization, C.N. and S.S.; methodology, C.N. and S.S.; software,
C.N.; validation, C.N., S.K.M., J.G., R.A. and S.S.; formal analysis, C.N.; investigation, C.N., S.K.M.
and M.Z.; resources, S.S., Z.K., A.K., F.F.B.H. and M.Z.; data curation, C.N.; writing—original draft
preparation, C.N.; writing—review and editing, S.K.M., S.S., J.G., R.A., A.K., F.F.B.H., Z.K. and M.Z.;
visualization, C.N.; supervision, S.S. and M.Z.; project administration, M.Z. All authors have read
and agreed to the published version of the manuscript.

Funding: This research was funded by Princess Nourah bint Abdulrahman University Researchers
Supporting Project number (PNURSP2026R675), Princess Nourah bint Abdulrahman University,
Riyadh, Saudi Arabia.

Data Availability Statement: Public source datasets used in this study are available from their
provider portals: Global Solar Atlas for GHI/PVOUT (https://globalsolaratlas.info/download/
world, (accessed on 12 June 2026)), Copernicus Climate Data Store ERA5 for climate variables (https://
cds.climate.copernicus.eu), USGS EarthExplorer/NASA SRTM for DEM data (https://earthexplorer.
usgs.gov), Dynamic World via Google Earth Engine for LULC (https://developers.google.com/
earth-engine/datasets/catalog/GOOGLE_DYNAMICWORLD_V1 (accessed on 12 June 2026)),
OpenStreetMap for road, power-line, and solar-farm features (https://www.openstreetmap.org),
WRI Global Power Plant Database (https://www.wri.org/research/global-database-power-plants
(accessed on 12 June 2026)), and Global Energy Monitor Global Solar Power Tracker (https:
//globalenergymonitor.org/projects/global-solar-power-tracker/ (accessed on 12 June 2026)). Pro-
cessed rasters, candidate-site layers, district summaries, and validation outputs generated during
the study are available from the corresponding author upon reasonable request, subject to data-
provider licensing conditions. The additional uncertainty-analysis outputs, including the Monte
Carlo class-stability summary, deterministic mask-sensitivity counts, capacity-density sensitivity

https://doi.org/10.3390/land15061080

https://globalsolaratlas.info/download/world
https://globalsolaratlas.info/download/world
https://cds.climate.copernicus.eu
https://cds.climate.copernicus.eu
https://earthexplorer.usgs.gov
https://earthexplorer.usgs.gov
https://developers.google.com/earth-engine/datasets/catalog/GOOGLE_DYNAMICWORLD_V1
https://developers.google.com/earth-engine/datasets/catalog/GOOGLE_DYNAMICWORLD_V1
https://www.openstreetmap.org
https://www.wri.org/research/global-database-power-plants
https://globalenergymonitor.org/projects/global-solar-power-tracker/
https://globalenergymonitor.org/projects/global-solar-power-tracker/
https://doi.org/10.3390/land15061080


Land 2026, 15, 1080 31 of 33

table, and background-sampling strategy sensitivity table and figure, are stored with the revised
manuscript outputs and are available from the corresponding author upon request.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
DL Deep Learning
EO Earth Observation
RS Remote Sensing
GEE Google Earth Engine
EPSG European Petroleum Survey Group (Coordinate System Code)
kWh Kilowatt-hour
kWp Kilowatt-peak
DNI Direct Normal Irradiance
DHI Diffuse Horizontal Irradiance
LCOE Levelized Cost of Energy
ANN Artificial Neural Network
CNN Convolutional Neural Network
PCA Principal Component Analysis
AHP Analytic Hierarchy Process
AOD Aerosol Optical Depth
BRDF Bidirectional Reflectance Distribution Function
DEM Digital Elevation Model
F1-score Harmonic mean of precision and recall
GEM Global Energy Monitor
GeoAI Geospatial Artificial Intelligence
GHI Global Horizontal Irradiance
GIS Geographic Information System
GPPD Global Power Plant Database
H High priority class
L Low priority class
LULC Land Use/Land Cover
M Moderate priority class
MCDM Multi-Criteria Decision-Making
MERRA-2 Modern-Era Retrospective Analysis for Research and Applications, Version 2
MIF Multi-Influencing Factor
MODIS Moderate Resolution Imaging Spectroradiometer
MW Megawatt
NASA National Aeronautics and Space Administration
OSM OpenStreetMap
PR-AUC Precision-Recall Area Under the Curve
PV Photovoltaic
PVOUT Photovoltaic Power Output
ROC-AUC Receiver Operating Characteristic Area Under the Curve
SAW Simple Additive Weighting
SHAP SHapley Additive exPlanations
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SRTM Shuttle Radar Topography Mission
TOPSIS Technique for Order Preference by Similarity to Ideal Solution
USGS United States Geological Survey
VH Very High priority class
VL Very Low priority class
WRI World Resources Institute
XGBoost Extreme Gradient Boosting
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