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Abstract

The growing demand for renewable energy emphasizes the critical need for detailed geospatial information in photovoltaic (PV) site 
assessment and planning. While Sentinel-2 imagery provides a valuable resource, its native 10-meter spatial resolution limits the 
identification of small urban structures, such as individual rooftops and narrow roads, thereby constraining accurate solar suitability 
analyses.
To overcome this limitation, this paper presents a comprehensive PV assessment and optimization framework integrating a resolution 
enhancement module based on latent diffusion models. Operating in the latent space, this module utilizes an iterative diffusion process 
to accurately reconstruct fine urban structures. Cloud-filtered Sentinel-2 L2A scenes are processed to produce enhanced imagery with 
an effective 2.5-meter resolution. Pretrained on cross-sensor datasets, the model realistically recovers critical small features while 
maintaining spectral coherence.
This enhanced imagery enables precise rooftop segmentation, which drives a robust PV potential assessment. The subsequent in-
stallation optimization maximizes energy generation by integrating solar radiation, shading analysis, rooftop orientation, tilt angles, 
and panel layout efficiency, alongside technical and economic constraints. Qualitative evaluations demonstrate high-quality visual 
enhancement, confirming the relevance of this resolution-enhancement step for real-world PV site suitability analysis and solar de-
ployment optimization.

1. INTRODUCTION

The global transition to renewable energy relies on accu-
rate geospatial data for large-scale photovoltaic (PV) planning.
Sentinel-2 imagery is essential for this, providing the multispec-
tral capabilities and wide coverage needed to identify installation
sites and monitor urban expansion (Drusch et al., 2012). These
high-frequency insights allow researchers to optimize solar po-
tential across diverse regions efficiently.
However, the native 10-meter spatial resolution of Sentinel-2
poses clear limitations, especially when the analysis requires pre-
cise detection of small structures such as rooftops, compact build-
ings, narrow roads, or detailed urban textures. These constraints
impact the reliability of PV suitability assessment and highlight
the need for enhanced-resolution imagery capable of capturing
finer spatial and structural detail.
Several approaches have been explored to address these limita-
tions. Traditional interpolation techniques offer computational
simplicity but fail to reconstruct meaningful high-frequency in-
formation. Convolutional Neural Network (CNN)-based models
introduced significant improvements by learning spatial patterns
directly from large datasets (Dong et al., 2014). Later, Gener-
ative Adversarial Networks (GANs), such as SRGAN and ESR-
GAN, produced sharper and more detailed outputs through adver-
sarial learning (Ledig et al., 2017; Wang et al., 2018). Recently,
diffusion-based generative models have emerged as a powerful
alternative for image restoration tasks, offering stable reconstruc-
tion quality and improved control over the generation process
(Rombach et al., 2022).
In this context, the European Space Agency (ESA) has developed
the OpenSR–SRLatentDiffusion model, specifically tailored for
trustworthy enhancement of Sentinel-2 imagery (OpenSR Team,

2024). By operating in a compact latent space, the method re-
constructs detailed structures while preserving multispectral co-
herence and physical realism. This resolution enhancement con-
stitutes a crucial preprocessing stage within broader solar assess-
ment workflows, enabling more precise characterization of built
environments and improving the detection of areas suitable for
photovoltaic installation.
The enhanced imagery subsequently supports comprehensive in-
stallation optimization, incorporating solar radiation data, shad-
ing analysis, and technical-economic factors to maximize energy
yield viability (Pueblas et al., 2023). The present contribution fo-
cuses on both the enhancement phase and its integration within
a complete PV assessment pipeline. We apply latent diffusion to
generate effective 2.5-meter resolution products from Sentinel-2
L2A scenes and demonstrate how these outputs enable improved
rooftop segmentation and installation optimization.
The optimization framework considers multiple factors including
solar radiation patterns, atmospheric conditions, rooftop orienta-
tion, tilt angles, and shading effects to determine optimal panel
placement and system configuration. By restoring fine spatial de-
tails in a reliable and physically consistent manner, the method
addresses the intrinsic limitations of traditional approaches and
provides improved inputs for end-to-end solar energy analysis.
The following section presents the integrated methodology and
outlines the resulting improvements across the complete work-
flow.

2. METHODOLOGY

The procedure developed in this study aims to enhance the spa-
tial resolution of Sentinel-2 imagery and enable a more precise
assessment of photovoltaic (PV) suitability in both urban and
rural environments. The methodology integrates concepts from
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Earth observation, deep learning for image resolution enhance-
ment, rooftop segmentation, and solar potential analysis. The
overall workflow is summarized in Figure 1, which presents all
processing phases and the data sources involved at each stage.

Figure 1: Flowchart of the proposed methodology

Figure 1 illustrates the overall workflow adopted in this study
and summarizes the data sources and processing stages involved
in the analysis. The methodology is structured into four main
steps, each addressing a specific component of the photovoltaic
site assessment pipeline, followed by a final visualization stage.
The first step is preprocessing, which begins with the extrac-
tion of Sentinel-2 Level-2A imagery via the Microsoft Plane-
tary Computer (MPC). This process utilizes the Spatio-Temporal
Asset Catalog (STAC) API to query specific geographic and
temporal constraints, automatically selecting the least-cloudy
scene through the Sentinel-2 Scene Classification Layer (SCL)
(ESA, 2015; Gascon et al., 2017). During this phase, fixed-
size multispectral patches are extracted, converted to Bottom-of-
Atmosphere (BOA) reflectance values, and normalized to provide
a standardized input for the subsequent deep learning models.
The second step enhances the spatial resolution of the prepro-
cessed patch using a latent diffusion–based resolution enhance-
ment model (OpenSR Team, 2024; Song et al., 2020). This
produces a high-resolution (2.5 m) multispectral output that pre-
serves fine structural details, effectively reconstructing urban fea-
tures that are otherwise lost at the native 10-meter resolution.
In the third step, this enhanced image is processed by a convolu-
tional neural network (U-Net) for rooftop detection and seman-
tic segmentation. This enables the automated extraction of pre-
cise building footprints and other relevant land-surface categories
from the resolution-enhanced imagery.
The fourth step focuses on photovoltaic suitability analysis,
where the detected rooftops are evaluated according to their geo-
metric and contextual characteristics to determine their potential
for solar energy installation (Pueblas et al., 2023). Finally, all
outputs generated throughout the workflow are integrated into a
web-based visualization platform, providing an interactive inter-
face for exploring the resolution-enhanced imagery, rooftop foot-
prints, and PV-suitable surfaces.

2.1 Resolution Enhancement Using Latent Diffusion Models

This stage focuses on enhancing the spatial resolution of
Sentinel-2 multispectral imagery to enable fine-scale rooftop
analysis and photovoltaic site assessment. The original 10 m in-
put patch is processed using a latent diffusion–based resolution
enhancement model (OpenSR Team, 2024). Figure 2 illustrates
the complete latent diffusion resolution enhancement pipeline.
The model operates in a compressed latent space, where high-
frequency spatial details are progressively restored through an
iterative reverse-diffusion process (Song et al., 2020), produc-
ing an output with an effective resolution of 2.5 m. This ap-
proach allows structural consistency to be preserved while intro-

ducing realistic high-resolution textures suitable for downstream
segmentation tasks. Pretraining on cross-sensor datasets such
as SEN2NAIP can improve detail fidelity and texture realism
(SEN2NAIP, 2023).

Figure 2: Architecture of the latent diffusion–based resolution enhance-
ment model.

The process begins with the low-resolution Sentinel-2 image,
which serves as the multispectral input requiring enhancement
for fine-scale rooftop and surface analysis. The image is first in-
terpolated by a factor of four, a step whose objective is to match
the spatial dimensions of the target output and prepare the data
for subsequent latent-space processing.
The interpolated image is then projected into a compact latent
representation using the VAE encoder:

z0 = Aenc(xLR), (1)

where Aenc denotes the encoder and xLR the interpolated low-
resolution input. Here, z0 represents the initial latent encoding
from which the diffusion process begins.
Inside the latent domain, the model performs a deterministic re-
verse diffusion process, progressively removing noise and recon-
structing high-frequency spatial content. This stage aims to rein-
troduce details that are missing in the original Sentinel-2 resolu-
tion while ensuring that the reconstructed textures remain phys-
ically plausible. Each denoising step follows the DDIM update
rule:

zt−1 =
√
αt−1 zt +

√
1− αt−1 Dθ(zt, t), (2)

where Dθ is the denoising model and αt the noise-schedule co-
efficient.
After iterating through the full diffusion trajectory, the model
produces the final refined latent variable zSR, which represents
the high-resolution version of the scene in latent space. The en-
hanced image is then obtained by decoding this latent represen-
tation:

xSR = Adec(zSR), (3)
where Adec denotes the VAE decoder, zSR is the final denoised
latent embedding containing the reconstructed high-frequency in-
formation, and xSR is the resulting resolution-enhanced multi-
spectral image at 2.5 m effective resolution.
The objective of this decoding stage is to reconstruct an enhanced
multispectral image that preserves spectral fidelity while provid-
ing the spatial detail necessary for rooftop segmentation and pho-
tovoltaic suitability analysis. This latent-space formulation en-
ables realistic texture reconstruction and high structural fidelity,
while ensuring spectral consistency with Sentinel-2 multispectral
properties.

2.2 Rooftop and Building Segmentation

After improving the image resolution to 2.5 m, these clear images
are used to find buildings for solar panel installation. The sharper
edges make it much easier to detect rooftops. However, a major
problem was the lack of free, ready-to-use datasets (images with
matching masks) at this 2.5 m resolution.
To solve this, a custom dataset was created using an automated
algorithm. First, the algorithm reads the exact GPS location di-
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rectly from the georeferenced imagery. It uses this location data
to download the map outlines of the buildings from open-source
databases like OpenStreetMap and Overture Maps. Next, it math-
ematically projects these GPS shapes onto the high-resolution im-
age pixels. This process creates a precise black-and-white mask
that perfectly matches the georeferenced imagery, ensuring the
roofs are clearly separated from the background.
The resulting custom dataset (shown in Figure 3) consists of
3,521 total patches, with each image sized at 256 × 256 pixels
and 3 color channels (RGB). To properly train and evaluate the
deep learning model, the dataset was split into 2,816 patches for
training and 705 patches for validation.

Figure 3: Sample from the custom dataset showing the 2.5 m resolution-
enhanced image alongside its generated mask.

To detect the roofs automatically, a deep learning model called
U-Net was utilized.

Figure 4: The employed U-Net architecture for rooftop segmentation,
featuring contracting and expansive paths with skip connections.

Figure 4 shows the employed architecture. The U-Net architec-
ture features a symmetric, “U”-shaped design consisting of an
encoder that shrinks the image to extract deep patterns, and a de-
coder that rebuilds the image to its original size. Crucially, it uses
skip connections that directly link the encoder’s high-resolution
details to the decoder. This structure allows the model to com-
bine the broad context of the neighborhood with the fine spatial
details of the building edges, resulting in highly precise segmen-
tation masks.
The model was trained on the generated dataset to classify every
pixel as either “rooftop” or “background”. It successfully learned
to identify complex building shapes while ignoring surrounding
trees and roads. Finally, these detected roofs are saved as geomet-
ric shapes (polygons) so that the available space for solar panels
can be easily calculated.

2.3 Photovoltaic Suitability Analysis

In the final stage, the extracted rooftop geometries are processed
to estimate their actual photovoltaic (PV) production potential.
The objective is to transform the physical surface area of each
detected rooftop into a realistic estimation of monthly and annual
energy generation (measured in kWh).

To achieve this, the open-source Python library PVLib is utilized
to physically model the solar energy system. The process begins
by automatically calculating the exact latitude and longitude from
the center of the original georeferenced imagery. Using these
geographic coordinates, historical meteorological and solar data
are automatically retrieved from PVGIS (Photovoltaic Geograph-
ical Information System). This provides a Typical Meteorological
Year (TMY) profile for the specific location.
By combining the weather data with the available rooftop area,
PVLib simulates the complete energy generation process. It pre-
cisely calculates the sun’s position (azimuth and zenith) through-
out the year, the solar irradiance falling on inclined surfaces, esti-
mated cell temperatures, and expected system losses. Ultimately,
these physical calculations convert the segmented building foot-
prints into highly accurate energy yield estimates. The final
outputs including the enhanced imagery, the detected rooftops,
and the estimated solar production are then integrated into dash-
boards, allowing users to easily explore the photovoltaic potential
of the entire study area.

3. RESULTS

This section presents qualitative results obtained from the pro-
posed workflow. The focus is on two main aspects: the visual im-
provement provided by the latent diffusion–based resolution en-
hancement step and the extraction of building and rooftop struc-
tures from the enhanced imagery. All examples are taken from
an urban test area in Nairobi, Kenya, which provides a represen-
tative mix of residential buildings, streets, and small open spaces
suitable for photovoltaic site assessment.

3.1 Resolution Enhancement

The first set of results evaluates the visual improvements intro-
duced by the latent diffusion resolution enhancement model. The
objective is to highlight how fine spatial structures such as build-
ings, roads, and vegetation boundaries become more distinguish-
able when upgrading the native 10 m Sentinel-2 imagery to an
effective 2.5 m resolution. The comparison is presented both at
the scene level and through zoomed-in details.

Figure 5: Comparison between low-resolution (LR) and resolution-
enhanced (SR) Sentinel-2 imagery, including zoomed-in details.

Figure 5 compares the original low-resolution patch with the cor-
responding resolution-enhanced output. The LR image and its
zoomed detail appear strongly pixelated, with blurred building
blocks, indistinct road networks, and limited separation between
built-up and vegetated areas. In contrast, the enhanced result
shows sharper edges, clearer block structures, and more contin-
uous road segments, revealing spatial information that was not
distinguishable at the native resolution.
Figure 6 presents the complete resolution-enhanced Sentinel-2
scene. Individual rooftops, building shapes, and street patterns
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Figure 6: Resolution-enhanced Sentinel-2 scene at 2.5 m effective reso-
lution.

become visually discernible, demonstrating a significant gain in
spatial interpretability. These qualitative results confirm that the
latent diffusion model enhances spatial detail while maintaining
the global radiometric consistency of the original Sentinel-2 im-
agery.
To complement the qualitative evaluation, quantitative met-
rics were computed to assess the reconstruction quality of the
resolution-enhanced imagery. The model achieved a PSNR of
45.88 dB and a SSIM of 0.994 on the test dataset. These metrics
are defined as follows:
The Peak Signal-to-Noise Ratio (PSNR) measures the ratio be-
tween the maximum possible power of a signal and the power
of corrupting noise that affects the fidelity of its representa-
tion. For an m × n image I and its approximation K, with
MSE = 1

mn

∑m−1
i=0

∑n−1
j=0 [I(i, j)−K(i, j)]2, it is defined as:

PSNR = 10 · log10
(

MAX2
I

MSE

)
(4)

where MAXI is the maximum possible pixel value of the image.
The Structural Similarity Index (SSIM) considers image degra-
dation as perceived change in structural information. For two
windows x and y of common size, where µ is the average, σ2 the
variance, σxy the covariance, and c1, c2 stabilizing constants:

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
(5)

These results indicate a high level of fidelity between the recon-
structed and reference images, confirming that the proposed ap-
proach effectively preserves both pixel-level accuracy and struc-
tural information. The high SSIM value, in particular, demon-
strates that the spatial organization and geometric consistency of
urban features are well maintained after resolution enhancement.

Figure 7: t-SNE feature distributions of LR (blue) and SR (orange)
patches confirming spectral coherence after enhancement.

In addition to the pixel-level and structural metrics (PSNR of
45.88 dB and SSIM of 0.994), the preservation of data integrity
was evaluated using t-distributed Stochastic Neighbor Embed-
ding (t-SNE). Figure 7 illustrates visual pairs of LR and SR

patches alongside their corresponding t-SNE feature distribu-
tions. The point clouds show a strong and consistent overlap
between the original 10 m data (blue) and the enhanced 2.5 m
data (orange). In these plots, the axes (dim 1 and dim 2) sim-
ply represent the abstract 2D projection of the complex, high-
dimensional image features. This tight alignment in the projected
lower-dimensional space visually guarantees that the latent dif-
fusion model respects the original spectral distribution. Conse-
quently, it confirms that the resolution enhancement process suc-
cessfully synthesizes high-frequency textures without hallucinat-
ing completely new features or losing the underlying manifold
information of the native Sentinel-2 imagery.

3.2 Rooftop and Building Segmentation

The second set of results evaluates the performance of the trained
U-Net model in delineating buildings and rooftops from the
resolution-enhanced imagery. The segmentation is performed di-
rectly on the enhanced 2.5 m product generated in the previous
step. The aim is to extract coherent building footprints that serve
as the foundation for the subsequent photovoltaic potential anal-
ysis.

(a) Input 2.5 m (b) Ground truth

(c) Predicted mask

High Probability Low Probability

Figure 8: Visual evaluation of the segmentation model comparing the
resolution-enhanced input image, the actual ground-truth mask, and the
model’s predicted output (probability map).

Figure 8 illustrates the visual performance of the model over
an urban area. The comparison between the ground-truth mask
and the predicted mask demonstrates a high level of accuracy.
The model successfully detects complex roof shapes, individ-
ual houses, and dense building clusters while effectively ignoring
background elements such as roads and vegetation. The predicted
geometric footprints closely mirror the actual ground-truth struc-
tures.
To quantify this performance, two standard evaluation metrics
were calculated: the Intersection over Union (IoU) and the Dice
coefficient. The model achieved a validation IoU of 0.8205 and
a validation Dice coefficient of 0.7860. These strong quantitative
results confirm that the U-Net architecture, combined with the
enhanced spatial resolution, provides a highly reliable method for
rooftop detection. This precision ensures accurate estimations of
the available area for solar panel installations in the final process-
ing stage.
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3.3 Photovoltaic Suitability Analysis Results

The final step of the workflow successfully translates the detected
rooftops into practical solar energy estimations. Building directly
upon the segmentation results presented previously, the entire ur-
ban area extracted from the resolution-enhanced imagery (shown
in Figure 8) is processed to evaluate its collective energy gen-
eration potential. By combining the physical surface area of all
identified structures with local meteorological data, the system
models the complete energy yield for the neighborhood.

Figure 9: Photovoltaic suitability analysis for the segmented area, featur-
ing the seasonal energy production curve (top) and a solar cadastre map
highlighting the potential of individual rooftops (bottom).

Figure 9 presents the quantitative outcome of this regional anal-
ysis. The system successfully processed 265 detected buildings
within the sample area, encompassing a total usable rooftop sur-
face of 420,656 m2. The generated results feature a seasonal pro-
duction curve, which illustrates the expected monthly variations
in energy yield, peaking during the summer months. Addition-
ally, a solar cadastre map is produced, color-coding individual
building footprints based on their specific energy generation ca-
pacity.
Overall, the physical simulation estimates an average yield of
165.0 kWh/m2/year. To obtain this result and ensure the estima-
tions reflect realistic operational conditions, several key technical
parameters were fixed within the simulation model. First, a stan-
dard photovoltaic module efficiency of 20% was assumed, repre-
senting typical modern commercially available monocrystalline
silicon panels. Second, the installation was modeled with an op-
timal fixed tilt angle of 35° oriented South, which maximizes the
annual solar energy capture for the specific latitude of the region.
Third, an urban surface albedo coefficient of 0.2 a metric rep-
resenting the fraction of sunlight reflected back by surrounding
surfaces like adjacent roofs and asphalt was applied to capture
the indirect light reaching the panels. Finally, a comprehensive
system loss factor of 14% was incorporated. This factor accounts
for the inevitable reduction in usable energy caused by real-world
physical penalties, specifically the energy lost when converting
the solar panels’ native Direct Current (DC) electricity into grid-
compatible Alternating Current (AC) through inverters, as well
as electrical resistance in wiring and natural panel soiling. For
this single analyzed neighborhood, applying these rigorous fixed
parameters translates to a substantial total estimated production
of 55,889.04 MWh per year. These findings clearly demonstrate
the pipeline’s capability to seamlessly convert raw satellite im-
agery into large-scale, actionable renewable energy assessments
grounded in physical modeling.

4. CONCLUSION

This paper introduced a hybrid framework combining latent
diffusion–based resolution enhancement, semantic segmentation,
and physically grounded photovoltaic modeling to enhance solar
site assessment from Sentinel-2 imagery. By addressing the in-
trinsic limitation of the 10 m spatial resolution, the proposed ap-

proach enables the reconstruction of fine-scale urban structures,
which are critical for accurate rooftop detection and solar poten-
tial estimation.
The results highlight that the use of latent diffusion models pro-
vides a substantial improvement in spatial interpretability, allow-
ing the extraction of detailed rooftop geometries that were not
accessible at the original resolution. When coupled with a U-
Net–based segmentation model, the enhanced imagery leads to
reliable building footprint extraction, forming a robust basis for
downstream photovoltaic analysis. The integration of these out-
puts into a physics-based modeling pipeline further demonstrates
the practical relevance of the approach for real-world energy ap-
plications.
However, the study also reveals important challenges. The recon-
struction process inherently relies on learned priors, which may
introduce uncertainties in the generated high-frequency details.
Moreover, the dependence on automatically generated ground-
truth data and the limited geographic scope of the experiments
may affect the generalization of the results. These aspects under-
line the need for careful validation when deploying such methods
in operational contexts.
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