Energy and Al 24 (2026) 100752

AW i Contents lists available at ScienceDirect

ENERGY

Energy and Al

P =
ELSEVIER journal homepage: www.sciencedirect.com/journal/energy-and-ai

Check for

Data-driven landscape scenicness mapping for continental-scale onshore | e
wind resource assessment

Ruihong Chen® ®, Tristan Pelser ", Alena Lohrmann *“, Jann Michael Weinand ",
Russell McKenna *¢

& Chair of Energy Systems Analysis, Department of Mechanical and Process Engineering, ETH Ziirich, Ziirich, 8092, Switzerland

® Institute of Climate and Energy Systems - Jiilich Systems Analysis (ICE-2), Forschungszentrum Jiilich GmbH, Jiilich, 52425, Germany

€ Chair for Fuel Cells, RWTH Aachen University, Aachen, 52062, Germany

4 Iceland School of Energy, Reykjavik University, Menntavegur 1, 102 Reykjavik, Iceland

¢ Laboratory for Energy System Analysis, Centers for Nuclear Engineering and Sciences & Energy and Environment, PSI, Villigen, 5232, Switzerland

HIGHLIGHTS GRAPHICAL ABSTRACT

e A machine learning model classifies
European scenicness with a high

Scenicness prediction Resource assessment
accuracy. st R Sttt .
T dataset | [ process i
o Land cover category and naturalness are ( ) (e ) e =5
. . 3 ! o
the most important predictors. ‘ = e ‘ 12 e

‘Onshore wind resource

. . . Taneana
o Scenic-area preservation cuts technical [ [ e R
. . . Binary or ternary targets = Reproducible features
potential by 43% with minor cost [ ©8) I Aol norgyyoldand
impact stz
. ectiory
o aimon | = _oospetomngmost |
CosteursmalCoEmapssewsseraros )

‘Scenicness predictions in EU25+4 )

Europe’s main onshore wind producers.

3 v :

e Stricter landscape preservation shifts 1

ARTICLE INFO ABSTRACT

Keywords: Visual impacts on scenic landscapes dominate public opposition to onshore wind turbines. Yet wind resource
Machine learning assessments often overlook landscape scenicness due to limited data availability. This study introduces a scalable
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machine learning framework for generating continental scenicness layers, trained on crowdsourced scenicness
ratings from Great Britain and achieving high predictive performance. The resulting scenicness maps are inte-
grated into an onshore wind resource assessment under three landscape preservation scenarios across 29 Eu-
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Fig. 1. Overview of methodology for predicting scenicness ratings as well as their usage as scenarios in onshore wind resource assessments with Geospatial Land
Availability for Energy Systems (GLAES) [26] and Renewable Energy Simulation Toolkit (RESKit) [27].

1. Introduction

As one of the fastest-growing renewable technologies worldwide,
wind energy plays a vital role in the energy transition [1], resulting from
its decreasing costs [2], ease of deployment at multiple scales [3], and
strong policy support in many countries [4]. Whilst wind energy has a
high technology readiness level and cost-competitiveness [2], its
large-scale deployment often encounters practical challenges. Especially
onshore wind farms face more local opposition than other renewable
technologies due to concerns over disruption of scenic landscape, noise
emissions, shadow flicker, and effects on wildlife [5]. Still many wind
resource assessments overestimate the practical potential of wind
deployment by assuming that turbines can be placed wherever techni-
cally, economically, and regulatorily feasible [6]. These assessments
frequently overlook non-technical constraints [7], especially those
stemming from social acceptance and environmental considerations.

In the United Kingdom, for instance, only 42.5% of all onshore wind
project applications between 2001 and 2024 have been approved [8],
with year-to-year fluctuations due to changes in the energy-political
landscape. Even higher local resistance can be observed in Sweden,
where 80% of applications were rejected by municipalities in 2021 [9].
Among various perceived impacts of wind farms, visual disturbance of
scenic landscapes remains one of the leading causes of opposition [10,
11]. People generally oppose wind farms in areas of high natural and
scenic value [12,13]. But excluding such areas from development may
reduce technical potential and increase total system costs [14,15],
implying one of many compromises in the energy domain.

This trade-off between preserving scenic landscapes and expanding
wind power highlights a fundamental tension between cost-efficiency
and social acceptance. Due to the limited availability of large-scale,
high-resolution scenicness ratings, the implications of this trade-off
have so far only been quantified for individual case studies in Ger-
many [15-17] and Great Britain [10,14,18]. As wind energy needs to
scale up across Europe to meet the 2030 targets [19], a consistent and
high-resolution dataset on landscape scenicness is essential to system-
atically analyze these trade-offs. To date, efforts to model landscape
scenicness have shown promise but face significant limitations in scal-
ability. Several studies have used machine learning (ML) to predict

scenicness by training models on images [20,21] or survey data [22] on
a regional or national scale. While these methods demonstrate the value
of data-driven scenicness prediction, their reliance on large collections
of photographs or region-specific surveys limits their scalability to larger
regions and transferability to different contexts.

To overcome these limitations, we explore how landscape charac-
teristics can relate to scenicness ratings and thereby generate a consis-
tent dataset across Europe. We present a scalable and reproducible ML-
based scenicness prediction model using methodological insights from
existing landscape literature. Specifically, we utilize the link between
landscape patterns and perceived aesthetic value [23] to inform the
feature design and adapt the landscape wilderness framework [24] to
produce geospatial indicators across Europe. By leveraging a
high-resolution national scenicness dataset from Great Britain (Sceni-
cOrNot) [25] and widely available spatial data on land use, topography,
infrastructure, and population, our method enables consistent scenic-
ness mapping on a continental-scale for the first time.

Based on the scenicness predictions, we identify areas where wind
farms may face greater landscape-based opposition, which is directly
applicable to strategic energy planning and modelling at multiple scales.
For this, we techno-economically assess the onshore wind potential
across Europe, with extensive land use constraints to model the available
area, installable capacity and annual energy yield. These outputs serve
as invaluable inputs to whole energy system models and can inform
policymakers of the likely cost effects of incorporating comprehensive
social barriers to wind farm development.

2. Methodology

This section outlines the methodology for training the ML model to
predict landscape scenicness across Europe (Section 2.1 — 2.3) and the
approach for onshore wind resource assessment (Section 2.4). The ML
model outputs are subsequently used to define different landscape
preservation scenarios for the resource assessment (see Fig. 1). The
geographic scope for the analysis covers EU25+4-4 (EU27 excluding
Malta and Cyprus but including the United Kingdom, Norway,
Switzerland, and Liechtenstein), as determined by data availability.
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2.1. Data collection and preprocessing

ML models are trained on existing data, however, to the authors’
knowledge, only two national-level landscape scenicness datasets with 1
km? spatial resolution are publicly available in Europe, namely the
crowd-sourced ScenicOrNot dataset for Great Britain (GB) [25] and an
empirically modelled scenicness map for Germany [22].

ScenicOrNot is based on public ratings from 1 (low) to 10 (high) of
randomly presented, geo-tagged eye-level photographs, with approxi-
mately 212,000 images covering the whole of GB. Its crowd-sourced
nature offers a broad representation of perceived scenic quality but in-
cludes potential bias from unknown rater demographics. In comparison,
the German dataset [22] is based on a model calibrated with a limited
public survey on a selection of around 800 photographs, and therefore
represents a more indirect estimate of visual quality. Given its size,
spatial coverage, and direct public input, ScenicOrNot is selected as the
training dataset, while the German dataset is used exclusively for com-
parison with the trained model’s predictions.

In this study, scenicness refers to a broad consensus on visual aes-
thetics based on observable landscape features such as natural vegeta-
tion, waterbodies, and topography, attributes that tend to elicit broad
public agreement [28]. It is conceptually distinct from place attachment,
which reflects personal or cultural ties to a specific location and varies
considerably across individuals [29,30]. Focusing on scenicness enables
the use of a more generalizable proxy for perceived visual impact in
large-scale wind energy planning.

Using the ScenicOrNot dataset, we assume that each image repre-
sents the scenery of the surrounding 1 km? area, since the direction of
each photograph is unknown. As the photographs were shown to online
participants randomly, the influence of place attachment is expected to
be minimal compared to local surveys [31].

Initial analysis of the dataset revealed that while most locations
showed high agreement among raters (variance < 5), around 12% still
exhibited high disagreement (variance > 5) (see Figure A 1c in Sup-
plementary Material). This high variance reflects the noise inherent in
subjective ratings. To reduce this noise, an iterative outlier-removal
procedure was applied. For each point with high variance, the rating
furthest from the mean was removed and then mean and variance were
recalculated. This process was repeated until the variance fell below a
threshold of 5 or until only two ratings remained. Post-processed cases
still exceeding the variance threshold were deemed controversial and
excluded from training. Lower and more clustered variances in ratings
after processing can be observed, indicating less noise (see Figure A 1d
in Supplementary Material).

Despite denoising, the scenicness ratings remained left-skewed, with
the majority of values falling in the low-to-mid range (see Figure A 1a,b
in Supplementary Material). This skewness poses challenges for
regression-based models, which may underperform on underrepre-
sented extreme values [32]. To address this, we formulated the predic-
tion task as a classification problem, applying various techniques to
handle imbalanced distributions [33,34] and yielding outputs that are
more interpretable in the planning context.

Classification thresholds were defined to create binary and ternary
labels using a range of cut-off values (see Fig. 4c). Binary targets sepa-
rated the data into two classes, whereas ternary targets introduced an
intermediate class, with the interpretation of each class depending on
the chosen thresholds. These thresholds were iteratively adjusted to
assess sensitivity of model performance, and the resulting metrics were
compared to identify the most informative class splits.

2.2. Feature data and calculation

To train the model, ten predictor variables (features) were selected
based on literature review and data availability, reflecting their rele-
vance to perceived landscape scenicness. The first four are landscape
wilderness indicators: naturalness, ruggedness, remoteness, and human
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Table 1
Overview of features used in the machine learning model, including their spatial
resolution, unit, variable type and source.

Feature Spatial Unit Variable Source
resolution type
Naturalness 100 m x N/A Discrete Calculated
100 m based on [24,
35,36]
Ruggedness 100 m x meters Continuous Calculated
100 m based on [24,
361]
Remoteness 100 m x minutes Continuous Calculated
100 m based on [24,
35,36]
Human impact 100 m x N/A Continuous Calculated
100 m based on [24,
37]
Waterbody 100 m x meters Continuous [35,37]
proximity 100 m
Slope aspect 100 m x degrees (°) Continuous [36,37]
angle 100 m
Global 200 m x kWh/mz/year Continuous [38,39]
horizontal 200 m
irradiance
(GHD)
Population 100 m x Inhabitants Continuous [40]
density 100 m per hectare
Elevation 90 m x 90 meters Continuous [36]
m
CORINE Land 100 m x N/A Discrete [35]
cover (CLC) 100 m

impact, calculated in this study based on the wilderness framework [24]
following the link between wilderness and landscape aesthetics [23].
The methods for calculating these indicators were adapted using Euro-
pean data to ensure reproducibility across the continent. To enhance the
model’s predictive accuracy and potentially capture the complex rela-
tionship between scenicness and geospatial features, six additional
features were integrated into the model. An overview of all the features,
including their spatial resolutions, units, variable type, and sources, is
provided in Table 1.

During model training, feature values were sampled at their original
resolution to preserve raw data accuracy. For predictions on unseen data
in other countries, all features were resampled and aligned to a common
1 km? grid using average or nearest-neighbor interpolation, depending
on whether the data is continuous or discrete.

2.2.1. Wilderness indicators

Naturalness. The naturalness index follows the hemeroby frame-
work [24], which classifies land based on human influence. CLC data
[35] were re-classified into a 5-point hemeroby scale (1 = natural, 5 =
highly modified) and adjusted for elevation using Copernicus digital
elevation model (COP-DEM) data [36]. For certain land cover types
found above 1800 m elevation, a lower hemeroby value was assigned to
reflect environmental constraints. The full list of land cover classes and
their assigned hemeroby indices can be found in Table A 2 in Supple-
mentary Material, providing ordinal information on land covers.

Ruggedness. Ruggedness was quantified as the standard deviation
of elevation within a 500 m x 500 m moving window using COP-DEM
(90 m x 90 m resolution) [36], which captures terrain complexity and
visual depth in landscape perception.

Remoteness. Remoteness was calculated as the estimated walking
time from each location to the nearest road from OpenStreetMap (OSM)
[41] using a K-dimensional tree (KDTree) search [42] and the Bresen-
ham Line Algorithm [43]. Travel time was derived from the empirical
walking speed data [24] for different slopes [36] and land covers [35],
the details of which are shown in Table A 3 in Supplementary Material.

Human impact. The human impact indicator aggregates the pres-
ence of infrastructures from the Pre-computed Land Indication (PRIOR)
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Fig. 2. An illustrative example of the calculated indicators at a village (Zernez) in Switzerland surrounded by mountains with roads and a railway passing through:
(a) Naturalness, (b) Ruggedness, (c) Remoteness, (d) Human impact, (e) the basemap from OpenStreetMap.

datasets [37], including agriculture, airports, airfields, camping facil-
ities, industrial areas, settlements, mining sites, leisure facilities, power
lines, railways, and roads. Each infrastructure type contributes to the
score according to its proximity, modeled through an inverse distance
decay function to prevent abrupt discontinuities between adjacent
pixels.

An illustrative example of these four calculated indicators for a
mountain village in Switzerland is shown in Fig. 2a-e. Each indicator
captures a distinct dimension of the landscape, highlighting variations in
naturalness ranking, terrain complexity, accessibility, and human
activities.

2.2.2. Additional features

As shown in Table 1, six additional features from open-access data
were incorporated into the model. The presence of waterbodies, land use
types, and elevation are often considered relevant variables in landscape
beauty [44,45]. Solar irradiation and slope aspect angles can indirectly

shape scenic perception by affecting visual exposure and vegetation
patterns [46,47]. Moreover, population density reflects human activ-
ities, potentially altering the land use. Accordingly, the six environ-
mental and anthropogenic variables integrated into the model are:
proximity to inland waterbodies, annual mean global horizontal irra-
diance (GHI), population density, CLC, elevation, and slope aspect
angle. GHI data were sourced from the Global Solar Atlas [38] (200 m x
200 m resolution), with gaps in northern Europe (above 65° N) filled
using PVGIS-SARAH-2 [39] (4.5 km x 4.5 km resolution).

2.3. Model setup, training and testing

The consolidated dataset of classified scenicness and geospatial
features was split into training (80%) and test (20%) subsets. Model
training and prediction were restricted to non-urban land (excluding
water surfaces), as wind farms are rarely located in dense urban settings
[48]. Urban areas were identified using urban clusters from EuroStat in



R. Chen et al.

2011 [49], as compiled by PRIOR [37].

Given the imbalanced class distribution and the need to identify
highly scenic areas reliably, we selected Extreme Gradient Boosting
(XGB) as the primary classifier [50]. XGB offers strong performance with
imbalanced data [51,52], interpretable feature importance [53], and
robustness to multicollinearity [54] and unscaled inputs [50]. A Logistic
Regression (LR) model was simultaneously trained as a benchmark.

The performance metrics for classification tasks include accuracy,
recall, precision, and F1-score, all derived from the confusion matrix
(see Table B 1 in Supplementary Material). In particular, recall for the
highly scenic class measures the proportion of actual scenic locations
correctly identified. It was prioritized over precision, as missing scenic
areas (false negatives) carries greater consequences for wind energy
planning than overestimating them (false positives). To reflect the pri-
ority of the highly scenic class, sample weights were set to 2 for the
highly scenic class and 0.5 for others.

Because ScenicOrNot data exhibits moderate spatial autocorrelation
[55,56] (Moran’s I =0.35, p < 0.05), we used spatially stratified sam-
pling to mitigate geographically biased training. Specifically, K-Means
clustering grouped ScenicOrNot points into spatial clusters of 10,000
based on coordinates, within which class-stratified splits were per-
formed to preserve class distribution across subsets. Training and test
sets were then compiled by merging the splits across clusters. For target
variables with less than 20% minority class share [57], we applied
Synthetic Minority Over-sampling Technique (SMOTE) [58] to the
training data after the split to improve performance on underrepre-
sented classes. It should be noted that SMOTE operates in feature space
and does not explicitly preserve spatial structure, which may distort
local spatial patterns. However, the performance evaluation remains
unbiased since no synthetic samples were introduced to the test set. As
the primary objective is to develop a transferable model for
continental-scale application instead of assessing spatial generalization
within GB, spatial cross-validation was not implemented.

Hyperparameters were tuned using randomized search over 10 it-
erations, optimizing the highly scenic class Fl-score in 5-fold cross-
validation. The parameter space included number of estimators,
learning rate, tree depth, subsample ratio, and regularization terms (see
Table B 2 in Supplementary Material). Feature importance scores from
the trained models were used to identify the most influential predictors.

The top-performing models in terms of accuracy and highly scenic
class recall were first applied to Germany for testing on unseen data,
allowing the comparison with the empirically-based modelling outputs
[22]. The binary and ternary models showing the highest accuracy were
then used to predict scenicness across EU25+4 countries using feature
raster data resampled to a 1 km? grid. Installed wind turbine data [59]
were used to assess whether past siting decisions align with areas pre-
dicted as the lower class.

To enhance spatial coherence and reduce false negatives in the final
maps, we applied a smoothing algorithm: for each cell predicted as the
lowest class, the classes of the four adjacent cells were examined. If a
clear majority existed, the focal cell was reassigned to that class; if
multiple modes were present, the higher-class value was chosen (see
Figure B3 in Supplementary Material). This post-processing step reduces
local noise and better reflects the observed clustering of scenic land-
scapes [60]. Importantly, the smoothing procedure was applied only to
the final raster outputs. Its impact was assessed by comparing raw and
smoothed raster predictions at the original point locations in GB,
enabling a consistent evaluation against the reference scenicness data.

2.4. Scenario development and wind potential calculation

The predicted scenicness classifications were subsequently inte-
grated into a scenario-based assessment of onshore wind potential and
costs across Europe using the Renewable Energy Simulation toolkit
(RESKit) modelling framework [27]. The analysis explored trade-offs
between wind power cost-efficiency and scenic landscape
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Fig. 3. Two examples (bi-8 and tri-6-7) of the models’ accuracy and scenic
class recall before and after using SMOTE.

preservation. To enable more granular comparison, the ternary pre-
dictions were used to define three exclusion scenarios, which were
combined with the standardized European exclusion criteria from the
Geospatial Land Availability for Energy Systems (GLAES) model [26] for
land eligibility analysis. The detailed list of exclusions and buffer dis-
tances is provided in Table C 1 in Supplementary Material.

In the medium and high preservation scenarios, an additional 1.5 km
buffer was applied around (highly) scenic landscapes to limit visual
exposure beyond the immediate footprint of wind farms [61]. Once the
ineligible areas were removed, a near-future turbine model (13 MW
capacity, 130 m hub height) [62,63] is placed over the remaining
available area with a minimum spacing requirement of 8 rotor diameters
[64] (approximately 1.4 km).

For each scenario, we estimated the turbine technical potential and
corresponding levelized cost of electricity (LCOE) using RESKit [27] that
combines high-resolution wind resource data with land eligibility con-
straints, turbines specifications, and economic parameters. Specifically,
we simulated individual turbine yields over 5 years from 2018 to 2023
using the fifth generation of European Center for Medium-Range
Weather Forecasts reanalysis (ERA5) [65] wind speeds extrapolated
from 100 m to hub height with the logarithmic law [66] together with a
synthetic power curve calculated within RESKit for the adopted turbine
configuration [27]. Loss factor of 0.96 and 0.9 were applied to the tur-
bine capacity factors to account for downtime and wake effects,
respectively [63]. LCOE calculations followed the built-in capital
expenditure (CAPEX) calculation in RESKit, where the baseline CAPEX
was determined as €292515.46 million, with an annual operational
expenditure (OPEX) as 2.2% of CAPEX [2].

To compare scenarios, we constructed cost curves [66] by ranking
each turbine in ascending LCOE (merit-order approach). These curves
illustrate the cost as a function of cumulative generation potential,
enabling assessment of trade-offs between scenic landscape preservation
and wind power cost-efficiency. To differentiate between total and
exploitable cumulative potentials, we further excluded already exploi-
ted sites using the existing turbine dataset [59], applying the same
minimum spacing requirement of 1.4 km.

To examine the spatial implications of scenicness-based exclusions,
turbine energy yields and LCOE were aggregated at three different
scales: continental, national, and sub-national from Nomenclature of
Territorial Units for Statistics (NUTS-3), using sum and production-
weighted median, respectively. This analysis quantifies the impact of
stricter scenic landscape constraints on both deployment opportunities
and economic performance in different regions, providing a basis for
evaluating policy trade-offs locally between minimizing visual land-
scape impacts and achieving cost-effective renewable energy expansion.
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3. Results (SMOTE) was used to potentially improve the underrepresentation of
the scenic class. To have a holistic view of the overall model perfor-
3.1. Model performance and validation mance, both scenic class recall and accuracy were used to examine the

effect of using SMOTE. We found for both binary and ternary example
As mentioned in Section 2.3, prior to training, oversampling targets (see Fig. 3), a significant increase of 80% on average in the recall
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b Feature importance for tri-7-8 model
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Fig. 5. Feature importance of the best-performing binary (“bi-8") and best-performing ternary (“tri-7-8") model. The numbers in the model names (“8" and “7-8") are
the used thresholds for class split of scenicness ratings from 1 (low) to 10 (high), as shown in Fig. 4c. The two abbreviations stand for CORINE Land Cover (CLC) and

global horizontal irradiance (GHI), respectively.

of the highly scenic class can be observed after applying SMOTE, but it
comes with a compromise in accuracy with an average 20% decrease.

For benchmarking, the same classification targets were trained with
both LR and XGB models to compare the recall of the highly scenic class.
Across all targets, XGB consistently outperformed LR during initial
testing (see Fig. 4a). In contrast, two LR models exhibited convergence
issues, resulting in near-zero recall values. Therefore, XGB was selected
as the primary algorithm for subsequent analyses.

After applying SMOTE to address class imbalance, the performance
of the XGB models was evaluated across all targets (Fig. 4b) based on
point-level predictions on the test set prior to rasterization. Each target
represents a specific threshold or set of thresholds used to separate the
highly scenic class from less scenic ones (binary) or to include an
additional scenic class (ternary). As shown, stricter cut-off intervals,
corresponding to a smaller share of highly scenic samples, achieved
higher overall accuracy (up to 82% for binary and 77% for ternary
targets) but at the cost of reduced recall for the highly scenic class. Four
models trained on targets “bi-7”, “bi-8’, “tri-6-8’, and “tri-7-8” (high-
lighted in Fig. 4b) were selected for further comparison, as they pro-
vided the best balance between the two metrics. Since only models with
high cutoff thresholds could distinguish the classes with satisfactory
performance, the class labels were adapted to reflect these thresholds:
highly scenic and other for binary models, and highly scenic, scenic, and
other for ternary ones.

To assess model generalizability to a different country, the four
selected models were validated using an independent scenicness dataset
for Germany [22]. The highest consistency levels, 93% for the binary
case and 80% for the ternary case, were achieved by the “bi-8" and
“tri-7-8” models, respectively. Hence, these two models were selected as
the final configurations for prediction landscape scenicness across
Europe. Unlike the GB dataset, which includes at least one geotagged
photograph for nearly every square kilometer grid cell, the German
dataset is based on a smaller number of reference landscapes with
photographic input and public votes, which were subsequently extrap-
olated to national coverage through regression. Despite these method-
ological differences, the strong agreement provides supporting evidence
for the model’s robustness and transferability. However, this should be
interpreted with caution given the limited geographic scope of the
training data.

Additionally, we assessed the impact of the post-processing
smoothing step on the final 1 km? raster predictions in GB (see
Table B 4 in Supplementary Materials). Smoothing improved the recall
of the highly scenic class by an average of 18% at the expense of a
reduction in overall accuracy by 5%. This increased the spatial extent of
scenic classes by reducing isolated predictions, with around 5% of the
predictions shifting from “other” to “scenic” or “highly scenic”.

To better understand the determinants of model predictions, feature
importance was analyzed for the two final models (see Fig. 5a,b). Among
the input features, CLC categories, naturalness, GHI, and proximity to
inland waterbodies were consistently ranked as the most influential
predictors for landscape scenicness, with CLC and naturalness standing
out ahead of others. Human impact contributed more strongly to the
binary classification model (bi-8), while remoteness played a greater
role in the ternary one (tri-7-8). Population density and slope aspect
angle showed only marginal effects on the final classifications.

3.2. Scenicness prediction across europe

For the trained models to generalize predictions across Europe, the
four landscape wilderness indicators: naturalness, ruggedness, remote-
ness, and human impact [24], were calculated at a continental scale for
the first time (see Fig. 6a-d). These indicators respectively characterize
landscape natural quality, terrain complexity, accessibility, and infra-
structure density, providing valuable insights for large-scale landscape
studies and sustainable energy planning. Distinct spatial patterns can be
observed: highly natural areas are concentrated in Norway, the Alps,
and northern Scotland, while the most rugged terrains are predomi-
nantly found in the Alpine region. The Nordic countries, particularly
Norway, Sweden, and Finland, exhibit the lowest density of infrastruc-
ture, with their northern regions being among Europe’s most remote
areas.

Using these indicators along with six additional features, the final
models predicted scenicness across EU25+4 in both binary and ternary
form. The best-performing models classify 17-24% of Europe as highly
scenic, up to 14% as scenic, and 69-76% as other (see Fig. 7a-d). Prom-
inent clusters of (highly) scenic landscapes emerge in remote areas in
northern and southern Europe, the Alps, and the highlands in northern
Scotland, while the rest are dispersed across different regions. The
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Fig. 6. Spatial distribution of the four wilderness indicators across EU25+4: (a) Naturalness (1: natural — 5: modified), (b) Ruggedness, (c) Remoteness, (d) Human
Impact. EU25+4 is the EU27 excluding Malta and Cyprus but including the United Kingdom, Norway, Switzerland, and Liechtenstein.

models tend to classify coastal and mountainous regions as scenic,
particularly in the United Kingdom, Norway, Spain, and Portugal.
Similar land covers can be found in these regions, such as bare rocks and
sparsely vegetated areas, indicating high naturalness.

Importantly, within highly scenic landscapes, a non-negligible share
of land is technically eligible for wind deployment, 38% and 42% under
binary and ternary classification, respectively (see Fig. 7c,d). This
overlap between high scenic quality and technical feasibility highlights
the potential land-use conflict and risk of social opposition. Spatial
patterns of existing wind turbines [59] provide additional context:
approximately 80% of wind turbines in EU25+4 are located in areas
classified as other, where the median wind speed at 100 m above ground
is 6.5 m/s. The remaining 20%, sited in (highly) scenic areas, exhibit a
slightly higher median wind speed of 6.75 m/s. This distribution sug-
gests that wind deployment tends to occur more frequently in less scenic
areas, despite comparable or even superior wind resources in scenic
regions. While this pattern is consistent with the model outputs, it
should be interpreted as indicative rather than confirmatory, as turbine
siting is shaped by regulatory, environmental, and other land-use con-
straints that may coincide with scenic landscapes.

By producing the first Europe-wide scenicness dataset, this study
enables future research and planning exercises that address the trade-off
between scenic landscape protection and renewable energy expansion in
greater details. Beyond the energy sector, the dataset could support

studies on ecosystem service valuation [67], tourism planning [68], or
health [69] and well-being [70] links to natural beauty.

3.3. Impact of landscape preservation on onshore wind potentials

To analyze the trade-off between wind power cost-efficiency and
scenic landscape preservation, we developed three exclusion scenarios
based on the ternary scenicness classification. Across the EU25+4 re-
gion, which covers 4,730,631 square kilometers of land, the available
area for onshore wind development under each scenario assessed using
the geospatial land availability for energy systems (GLAES) framework
[26] for land eligibility analyses is as follows:

e Low preservation (no exclusion of any scenic areas): 64.80% of land
excluded

e Medium preservation (excluding “highly scenic” areas): 71.32% of
land excluded

e High preservation (excluding both “highly scenic” and “scenic”
areas): 79.89% of land excluded

The low preservation scenario yields results in line with previous
studies [26,66,71], which estimated 23% to 40% of eligible land for
onshore wind development in Europe. Using renewable energy simula-
tion toolkit (RESKit) [27], we place turbines within eligible areas while
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enforcing minimum spacing requirement, and calculate both the annual
energy yield and the (LCOE at the turbine level for each scenario, ac-
counting for existing turbine locations.

Across scenarios, a clear trend of declining cumulative generation
potential can be observed as landscape preservation becomes more
stringent (see Fig. 8a-c). However, the magnitude of reduction varies
significantly by country. Among the three current leading wind energy
producers in Europe, Spain sees the largest drop, approximately 60%, in
total generation potential from the low to the high preservation sce-
nario. More significant decreases can be seen in other countries such as
Norway, Switzerland, and Finland (see Table C 2 in Supplementary
Material). In contrast, Germany experiences less than 10% reduction,
suggesting its wind-suitable areas are less affected by scenic exclusions.
The United Kingdom, while having the most favorable cost levels due to
good wind resources in eligible areas, shows an intermediate reduction
of around 30%. While Germany leads in wind power exploitation,
having already developed 20% of its technically feasible sites, all three
countries still retain substantial untapped potential. Notably, the gap
between total and exploitable potential for Spain narrows with stricter
landscape protection, suggesting that a considerable number of past
deployments are located in (highly) scenic areas, pointing to potentially
lower resistance.

At the European scale (EU25+4), we estimate a total annual onshore
wind generation potential of approximately 26 PWh under the low
preservation scenario, with about 3% of possible sites already exploited
(see Fig. 8d). In the high preservation scenario, total generation poten-
tial decreases by 43%, reflecting substantial land exclusion. Notably, the
aggregated cost curves steepen significantly under this scenario, indi-
cating a faster rise in LCOE as the most cost-effective sites become
exhausted.

Despite steeper cost curves under stricter landscape preservation, the
median LCOE across EU25+4 remains relatively stable: from 54.1 €025/

MWh in the high preservation scenario to 57.4 €2925/MWh in the low
one. This reflects the heterogeneous spatial relationship between sce-
nicness and wind resource quality across Europe. Excluding scenic areas
does not systematically remove the lowest-cost sites, and the remaining
eligible locations can still exhibit competitive LCOE. However, this
aggregate stability masks considerable spatial variation both within and
across scenarios. Particularly in the low preservation scenario, signifi-
cant differences in national median LCOE are observed, where Ireland
exhibits the lowest production-weighted median LCOE of 33.8 €525/
MWh and Slovenia shows the highest value of 111.5 €3025/MWh,
reflecting the variations in wind resource quality (see Table C 2 in
Supplementary Material).

The variations in median LCOE across scenarios are more pro-
nounced at the subnational (NUTS-3) level (cf. Fig. 9a,c). In moun-
tainous regions such as the Alps and Norway, where scenic landscapes
coincide with high-quality wind resources, stricter landscape preserva-
tion policies result in the loss of prime sites, driving a sharp increase in
LCOE. By contrast, in countries like Sweden, Finland, Spain, and
Portugal, regional median LCOEs remain stable across scenarios. How-
ever, these countries still experience substantial reductions in total
generation potential (cf. Fig. 9b,d), indicating that, while the retained
sites are still cost-effective, significant generation is foregone due to
scenic area exclusions. Notably, the countries with highest total poten-
tial shift from France, Sweden, and Spain to France, Poland, and Ger-
many, with the imposition of stricter scenic landscape protection. These
findings underscore the importance of spatially explicit analysis: while
Europe-wide medians may suggest resilience to stricter landscape pro-
tection, regional planning decisions require nuanced understanding of
localized trade-offs between cost, potential, and preservation priorities.
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4. Discussion
4.1. Model performance and feature interpretation

This study presents one of the first continental-scale predictions of
landscape scenicness at high resolution, integrating four newly calcu-
lated wilderness indicators (naturalness, ruggedness, remoteness, and
human impact) with other spatial features to train an ML model. These
indicators, produced consistently for the EU25+4 region, not only
supported the prediction task but also present valuable datasets for
broader applications, such as grid connection cost estimation [14] with
remoteness and footprint calculations [72] with human impact. The
resulting scenicness dataset can be integrated into energy system opti-
mization models to represent social acceptance factors in infrastructure
siting decisions, enabling the assessment of trade-offs between cost,
resource availability, and societal impacts [15].

Our models’ predictions showed good alignment with the landscape
value study in Germany [24], resulting from feature similarity. Their
overall consistent feature importance rankings highlight a stable set of
predictors that underpin public perceptions of scenicness [73]. CLC and
naturalness emerged as the dominant predictors, with global horizontal
irradiance and proximity to inland waterbodies following. The partic-
ularly high importance of CLC underscores the centrality of land cover
composition and structure in shaping perceived visual quality, a pattern
well-established in visual preference literature where natural and open
landscapes are consistently preferred over urbanized areas [12,74].

Our results strongly support this pattern, where glaciers and per-
petual snow, sparsely vegetated areas, and bare rocks are most often
predicted as highly scenic, while non-irrigated arable land and urban
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fabric dominate in the lowest class. However, the model’s GB-based
training data introduces geographic bias, particularly due to the un-
derrepresentation of Mediterranean land cover types such as vineyards,
olive groves, and sclerophyllous vegetation (see Figure A 4 in Supple-
mentary Material). This is further supported by the comparison of
feature distributions between GB and the rest of Europe using summary
statistics and Jensen-Shannon divergence (JSD), which is a symmetric
and bounded measure of dissimilarity between two probability distri-
butions [75,76] (see Table A 5 in Supplementary Material). The results
show a moderate divergence in the most influential feature CLC (JSD =
0.15), with approximately 6% of European land cover classes not rep-
resented in the GB training data. Additional domain shifts are observed
for two less important features, GHI and elevation, reflecting climatic
and topographic characteristics absent in GB. However, most other
features exhibit negligible divergence (JSD < 0.03) and limited
extrapolation beyond the GB range, suggesting the overall similarity of
feature distributions at the continental scale. Expanding the training
data with more crowd-sourced scenicness ratings on geotagged photo-
graphs from other countries, especially the Mediterranean region, and
additional data sources that may serve as proxies would improve the
model’s transferability to more diverse landscape contexts.

Despite the overall similarity of feature importance between the
models, differences in middle-ranking variables are observed. Specif-
ically, remoteness is weighted more heavily in the ternary model (see
Fig. 5a,b), helping resolve the additional “scenic” class. This is evident in
the Alps (see Fig. 7a,b), which are classified as highly scenic in the bi-
nary model but downgraded in the ternary model due to relatively lower
remoteness compared to northern Europe above 65°N (see Fig. 6¢) that
stays highly scenic across models. Such findings highlight how model
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granularity can influence the contribution of individual predictors when
capturing more nuanced distinctions [77].

Utilizing a variety of features increases the model complexity and
assists in model behaviour explanation. For instance, while high natu-
ralness and ruggedness frequently lead to highly scenic predictions, they
alone do not guarantee such predictions when coupled with low
remoteness, as seen in the developed parts of the Alps. Such multi-
dimensionality underscores the benefit of using diverse indicators.
Future work could extend this approach by incorporating seasonal dy-
namics [78] (e.g., vegetation changes) and cultural features [79] (e.g.,
heritage sites) to better capture context-dependent aspects of scenicness.

4.2. Implication of scenicness-aware resource assessment

The integration of scenicness predictions into wind resource assess-
ment reveals important spatial trade-offs between cost-efficiency and
landscape preservation. While Europe-wide median LCOEs remain
relatively stable across preservation scenarios, this aggregate stability
masks large subnational disparities. In mountainous regions (e.g., the
Alps and Norway), excluding highly scenic areas, which often corre-
spond to windy conditions, drive costs up. In contrast, flat terrain re-
gions (e.g., Denmark and northern France) experience negligible cost
changes due to more homogeneous distribution of wind resources [80].
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These findings align with national case studies, which report similar
patterns in Scottish Highlands [10,14] and in Germany [15,17]. In short,
visual quality and wind resource quality are largely independent at
continental scale, but regional overlaps can be significant.

Despite the stable median LCOE in most subnational regions, gen-
eration losses are substantial when scenic areas are excluded, potentially
constraining national capacity expansion. The shift in main onshore
wind electricity producers in Europe across preservation scenarios
demonstrates that scenic landscape preservation efforts can alter the
European wind energy supply geography. However, the fact that most
countries have exploited few technically feasible sites indicates sub-
stantial expansion efforts needed for the energy transition.

From a policy perspective, these results stress the need for spatially
explicit, multi-criteria planning. National-level medians risk obscuring
localized hotspots where trade-offs between scenicness and wind
resource are most acute. In practice, countries with low aggregate cost
impacts (e.g., Germany) could still face localized opposition if projects
are sited in valued scenic landscapes [81]. In others (e.g., Norway),
where large shares of technical potential occur in scenic areas, mitiga-
tion strategies, such as micro-siting [82], turbine design adaptation
[83], or co-locating with existing infrastructure [84], will be essential to
reconcile deployment with public preferences.

The results also speak to debates on technology assumptions in long-
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term potential modelling. We applied a near-future 13 MW turbine
model [62] consistent with projected industry trend by 2040,
acknowledging the long lead times of wind projects [63], which can
exceed a decade. Using a single turbine configuration across all sites,
however, overlooks local variations in wind regime and may misrepre-
sent site-specific yields. Likewise, unaccounted infrastructure con-
straints (e.g., grid connection costs) could risk overestimating the
attractiveness of remote sites that would require costly transport and
grid extensions. Although a more computationally expensive assessment
with site-specific turbine optimization and infrastructure modelling
would yield greater local accuracy, our approach focuses on identifying
national and subnational shifts relevant for continental planning.

5. Conclusion

This study developed a framework to predict landscape scenicness
across Europe with machine learning and integrate these results into a
continental-scale onshore wind resource assessment. By combining
crowd-sourced scenicness ratings with geospatial indicators, the anal-
ysis provides one of the first quantitative evaluations of trade-offs be-
tween landscape preservation and renewable energy deployment.

Across the EU25+-4 region, around one-fifth of land was classified as
highly scenic, with considerable overlap between scenic areas and
technically feasible sites for wind power. Scenario analysis revealed that
stricter landscape preservation can reduce total onshore wind potential
by up to 43%, yet with limited effect on Europe-wide median generation
costs. However, subnational results showed that, in mountainous and
coastal areas, scenicness exclusions remove prime wind sites and
increased costs locally, while flatter regions remained largely unaf-
fected. These findings underscore the need for spatially explicit planning
that integrate social dimensions alongside techno-economic factors.

The model demonstrates promising performance across countries but
remains constrained by training data limited to Great Britain, which
may introduce geographic and demographic bias. Expanding the dataset
to cover more diverse landscapes and incorporating additional contex-
tual features would further enhance its transferability.

The produced scenicness and wilderness indicators constitute a
useful dataset for future applications in energy planning, ecosystem
service assessment, and tourism research. Integrating such perceptual
and environmental dimensions into spatial energy models contributes to
an energy transition that is not only low-carbon and cost-effective, but
also culturally and aesthetically sustainable.
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