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Trustworthy Super-Resolution of Multispectral
Sentinel-2 Imagery With Latent Diffusion
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Abstract—Remote sensing super-resolution aims to enhance the
spatial details of satellite images by introducing meaningful high-
frequency features while avoiding hallucinations and spectral dis-
tortions. High-resolution imagery is usually not publicly available,
whereas low-resolution imagery is freely available with a much
higher revisit rate, such as the Sentinel-2 multispectral imaging
mission. Cross-sensor super-resolution has the potential to bridge
this gap, providing high spatial and temporal resolution imagery
which are otherwise unavailable for many remote sensing users
and applications. With the recent advancements in diffusion mod-
els, many methodologies have emerged which take advantage of
their generative power to perform super-resolution. We propose
an adapted latent diffusion approach, since image diffusion is com-
putationally prohibitive to be applied to large Earth observation
datasets. Contrary to standard latent diffusion, we encode the low-
resolution image to condition the diffusion process, forcing better
spectral consistency with the input imagery. The model includes
visible and near-infrared bands. To ensure trustworthy results,
we utilize the probabilistic nature of diffusion models to generate
pixel-level uncertainty maps. This confidence metric is crucial for
real-world applications, such as environmental monitoring, land
cover classification, and change detection, where accurate surface
feature reconstruction and spectral consistency are essential. The
uncertainty map allows users to evaluate the reliability of the prod-
uct for these tasks. The proposed model super-resolves Sentinel-2
imagery at 10 to 2.5 m and is the first multispectral remote sensing
(RS) super-resolution diffusion model efficient enough to process
large-scale RS datasets, as well as the only model providing a
pixelwise uncertainty metric.

Index Terms—Deep learning, latent diffusion, model uncer-
tainty, remote sensing (RS), Sentinel-2, super-resolution (SR).

I. INTRODUCTION

EARTH observation (EO) represents the collection and anal-
ysis of information about the Earth’s physical, chemical,

and biological systems, as well as the anthropological influences
on these systems. Remote sensing data acquired from remote
sensing (RS) satellites and aerial platforms play a crucial role in
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monitoring environmental changes, supporting disaster response
and climate research, and surveilling and predicting agricultural
yield [1]. EO data and the insights gained from their analysis
provide policy makers and the private sector with the knowledge
needed to make well-founded decisions [2]. The European Space
Agency (ESA) Sentinel-2 (S2) satellites provide freely available
optical imagery at 10 m for RGB-NIR bands with a high revisit
rate of up to 5 days [3]. However, privately owned satellites,
such as SPOT or Pléiades Neo acquire very high-resolution
(HR) data (1.5-m pansharpened and 0.3 m, respectively), but are
expensive to acquire and have a much lower revisit rate. Both the
spatial and temporal resolution of EO images are fundamental
bottlenecks in downstream applications [4], [5], [6], [7] with
spatial resolution limiting the scale of analysis [8]. A spatial
super-resolution (SR) workflow that approximates the spectral
and spatial HR image characteristics based on a low-resolution
(LR) image can alleviate these issues, providing researchers
and organizations with free HR data with high temporal resolu-
tion [9]. The problem can be formalized as x = Φ(y; θ), where
the LR image x is defined as the degradation of the HR image y
by the function Φ with the degradation parameters θ. The goal is
to reverse the effects ofΦ as accurately as possible to reconstruct
ŷ = Φ−1(x; θ). Due to the inherent lack of information, this
inverse problem is ill-posed, which means that many plausible
ŷ reconstructions exist [10]. However, some reconstructions are
more plausible than others, which is why it is crucial to draw
the most likely reconstruction from an appropriate probability
distribution. The term SR is also applied to spectral SR, where
spectral instead of spatial information is added [11], [12], [13],
[14], or more broadly to other resolution enhancement method-
ologies, such as deep learning-based pan-sharpening [15].

We argue that an impactful RS SR model should:
1) provide state-of-the-art performance in order to enhance

the original imagery’s capabilities;
2) extend beyond the RGB bands;
3) be applicable to freely available imagery in many geo-

graphical contexts;
4) come with metrics that allow the user to estimate the

accuracy of the product.
We present an SR model named Latent Diffusion Super Reso-

lution for Sentinel-2 (LDSR-S2) that is trained to super-resolve
Sentinel-2 RGB-NIR imagery by a factor of 4× from 10 to 2.5 m.
Our model is based on the latent diffusion approach introduced
by [21], adapted to RS SR by adding a fourth band, using a
Wasserstein autoencoder (AE) [22], and additionally encoding
the diffusion conditioning. The generative nature of this model
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TABLE I
COMPARISON OF RS-SR MODEL CAPABILITIES

provides the capability to introduce realistic high-frequency
textures and objects. Since the model is probabilistic, we can
estimate the confidence of the SR product pixel- and regionwise
through an analysis of the variance of multiple samples of the
same location [23]. This enables the generation of pixelwise
uncertainty metrics, which play a pivotal role in downstream
tasks by offering insights into the confidence of SR outputs.
These explainability metrics allow users to assess whether the
reconstructed data can be reliably used for decision-making
in their specific downstream applications, thus building trust
among end users in the validity of the product. This trust in
SR products is crucial to further the adoption and usage of SR
products by the wider EO community.

The rest of this article is organized as follows. Section II
reviews the SR models adopted in RS. Section III details the
selected datasets and the training strategy. Section IV describes
the architecture of the latent diffusion model (LDM) and the
experimental setup. Sections V and VI present quantitative
evaluation and qualitative insights on diffusion models. The
discussion is provided in Section VII. Finally, Section VIII
concludes this article.

II. RELATED WORK

A. Adoption of SR Models for Remote Sensing

The fields of medical imaging, astronomy, video and photo
editing, as well as RS, all draw in part from the same body of
knowledge, in particular in recent years, from the deep learning
models and architectures proposed by the broader computer
vision community [24]. These models are typically designed for
RGB images taken by end-user cameras depicting everyday ob-
jects, trained on very large natural image datasets with artificial
degradations to create synthetic LR–HR pairs. The adoption of
these models proves especially challenging for RS applications
due to the very different nature of the signals involved [6], [7]. RS
data are based upon the physical reflectance, captured in a variety
of spectral ranges, depicting information with very different
spectral and spatial properties. The presence of more spectral
bands than the standard three RGB bands additionally provides
a challenge when trying to adapt these models to multispectral
RS scenarios [7], [25]. Many proposed solutions perform 3-band
SR even for RS imagery, but this fails to create a valuable product
for downstream EO applications [16], [26], [27]. Some of the
proposed models also do not provide a final operational product,
but instead are trained on specific datasets, such as DOTA or
UC Merced [28], [29], competing for small improvements in

pixel-based fidelity metrics. Other methodologies implement
SR techniques within application-specific workflows [30]. In
this context, diffusion models have also been successfully used
for RS 3-band SR [20], [31], [32], [33], [34].

Table I summarizes the characteristics and capabilities of the
RS-SR models used in the experimental results to compare the
proposed model against the state-of-the-art SR methods (see
Section V for details). In the context of our outlined goals, most
existing models meet some, but not all, of the key requirements.
Although some models are applicable to Sentinel-2 imagery,
they often exclude the NIR band. Furthermore, many do not
provide publicly available code or checkpoints, while none
provide metrics for accuracy estimation. Other diffusion models
for SR exist, but these are usually not applicable to S2, use
inefficient pixel-space diffusion, do not use multispectral data,
and do not provide confidence metrics.

B. SR Diffusion Models

Diffusion models are a class of probabilistic and generative
models that iteratively refine noise or conditioning vectors to
recreate the original data distribution, originally inspired by
nonequilibrium thermodynamics [35], [36], [37]. This type of
models can be conditioned on many modalities and therefore
can perform text-to-image generation, unconditional or condi-
tional image generation, in-painting and SR [38], [39]. Diffusion
models are characterized by their ability to gradually transform
noise into structured data, mimicking the reverse of the diffusion
process employed during training. When conditioning on an
LR image, diffusion models can generate state-of-the-art SR
performance [40], but their iterative process slows down the
inference. Performing the diffusion process in a compressed
latent space significantly speeds up the inference time but adds
complexity to the training process.

III. DATASETS AND TRAINING STRATEGY

Our workflow should ideally rely on a comprehensive mul-
tispectral RGB-NIR 4-band dataset, consisting of 10-m LR
and corresponding 2.5-m HR image pairs, spanning diverse
geographic regions, without spectral of geographic distortions.
Since the introduction of both a fourth band and the encoded
conditioning mechanism requires retraining from scratch, a large
amount of high-quality data are essential.

The WorldStrat dataset [41] was initially considered, offering
approximately 12 000 image pairs (in 512 × 512 pixel patches)
from SPOT6/7 HR and S2 LR images. However, the cross-sensor
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nature of this dataset introduces georeferencing errors, spectral
differences, and temporal discrepancies, complicating direct
model training [42], [43]. This challenge prompted the creation
of a tailored dataset and training strategy that integrates data
from multiple sources to meet the high data demands of our AE
and diffusion models.

Our training strategy begins with a large-scale natural image
dataset from OpenImages [44], comprising 500-k images of at
least 512 × 512 pixels. We generate LR versions through bicubic
downsampling and Gaussian blurring, appending the fourth
band as intensity. This dataset enables the AE and denoising
UNet to learn general features for SR, even though the spatial and
spectral characteristics differ from those of the target S2 data. To
refine the model further, we employ a dataset of 250k LR–HR
pairs derived from random S2 locations worldwide. The native
10-m S2 imagery serves as the HR version, with LR versions
created by degrading 40-m interpolations [25]. This phase helps
the model adapt to S2 spectra and learn RS specific features, bal-
ancing spatial and spectral properties. Finally, the SEN2NAIP
dataset [45], [46] is used for the last stage of training. This
dataset, based on NAIP aerial imagery, includes more than 300 k
512 × 512 pixel pairs, with various degradation models applied
to simulate S2-like imagery. The SEN2NAIP dataset effectively
addresses common challenges in RS SR by ensuring spectral
consistency with S2 imagery, accurately replicating its spatial
characteristics, and avoiding geographic and temporal discrep-
ancies typically seen in cross-sensor datasets [42], [43], [47].

IV. METHODOLOGY

The LDM utilized in this work builds on the foundational
work of [21]. Although the original model is versatile, capable
of dealing with tasks, such as text-to-image generation, uncon-
ditional image generation, in-painting, and SR, our approach
significantly modifies the architecture and training procedure to
specifically address the challenges of super-resolving the four
10-m bands of S2 imagery in the context of RS.

Our methodology involves a three-phase process: first, train-
ing the AE until it achieves satisfactory performance and pro-
duces a latent space significant for SR. Then, the AE is frozen
and the denoiser is trained using the latent space provided by the
AE. Finally, the super-resolved image is obtained in the diffusion
inference step.

A. LDSR-S2 Autoencoder

As opposed to pixel-space diffusion, latent diffusion performs
the denoising in a previously created latent space. The creation
of a meaningful latent space is crucial to the overall quality of
the SR reconstruction. This model follows the general outline of
denoising in the latent space [21] by compressing the original
image space of 4 × 512 × 512 down to a latent representation
of size 4 × 128 × 128. Since this dimensionality is the same as
the LR, this compression factor allows a concatenation of the
encodings with the DDPM noise vectors.

The AE architecture is similar to that of many variational
AEs [48], [49], but, as opposed to the original LDM imple-
mentation, we select to regularize the latent space through the

Fig. 1. Autoencoder training strategy.

Fig. 2. Denoising UNet training strategy, conditioned on the encoded LR
representation as well as the encoded HR image with noise εt.

Wasserstein Distance (WD) [50], [51]. This regularizes the
probability distribution between the latent space created by the
AE and the prior distribution, which is the original HR image
(Fig. 1). Wasserstein AEs have been used in generative AI
models because of their ability to maintain a well-structured
latent space that reflects the underlying data distribution more
effectively, leading to more stable training and improved gener-
alization [22], [52].

Reconstruction quality after encoding and decoding is mea-
sured via a weighted loss of multiple components. We modify
the standard LDM discriminator model to accept 4 bands, which
is trained in parallel to the AE after a warm-up period. The GAN
part of the discriminator leads to realistic reconstructions. The
Learned Perceptual Image Similarity Index (LPIPS) [53] with
a VGG backbone [54] recreates the perception of the human
visual system, but the pretrained versions only accept 3-band
input. We randomly select three of the 4 bands at each training
step to calculate this metric.

The total loss Ltotal (1) is created by weighting the different
components, forcing both a meaningful latent space and a high
quality of reconstruction

Ltotal = λWD · LWD(z) + λMAE · LMAE(x̂HR)

+ λGAN · LGAN(x̂HR) + λLPIPS · LLPIPS. (1)

B. LDSR-S2 Denoiser

The training process for the denoiser (Fig. 2), conditioned on
the encoded representation of a low-resolution image, involves
the following steps. First, the low-resolution image xLR is in-
terpolated to the target resolution x′

LR and then encoded into
the latent representation z via the encoder. The xHR is encoded
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as well

z = Aenc(x
′
LR) (2)

xenc
HR = Aenc(xHR) (3)

where Aenc denotes the encoder.
The forward diffusion process gradually adds noise to the en-

coded HR target representationxenc
HR over a sequence of timesteps

t = 1 . . . T , creating a series of increasingly noisier images
x1, . . . , xT

q(xt|xt−1) = N (xt;
√

1− βtxt−1, βtI) (4)

where βt is the variance schedule that controls the noise level
at each timestep t. The training objective is to learn the re-
verse process, a denoising model pθ(xt−1|xt, z), that predicts
the noise at xt−1 from the noisier image xt and the encoded
LR representation z, which conditions the denoising process,
parameterized by θ:

pθ(xt−1|xt, z) = N (xt−1;μθ(xt, t, z),Σθ(xt, t, z)). (5)

μθ and Σθ are functions learned by the model to predict the
mean and variance of the noise distribution over xt−1. The
model is trained by minimizing an L2 loss, which is shown to be
functionally equal to the negative log-likelihood by [55]. Saharia
et al. [56] suggested that an L2 loss leads to more sampling
diversity than L1, which is preferred for this application. The
loss is calculated over the refined encoding xt−1 and the target
x̂t−1 at the same noise level at timestep t− 1, refined encoding
and encoded HR).

The interpolation and encoding of xLR prevents the model
from having to learn the mapping from the RGB-NIR space to the
encoded space. In a traditional 3-band SR LDM, the RGB-space
xLR is used as conditioning. Since the decoder D expects the
denoiser output in the latent space domain of z, the translation
must occur during denoising. Feeding the denoising with the
previously encoded conditioning z removes this task from the
denoiser, leading to closer spectral coherence of x̂HR to xLR and
therefore xHR, which is desirable in RS applications [57].

C. LDSR-S2 Inference Sampling

Given the low-resolution image xLR, we interpolate it to the
target resolution x′

LR and then encode it using the AE Aenc to
get its latent representation

z = Aenc(x
′
LR). (6)

Contrary to the standard DDIM sampling process [37], we
condition the generation on the latent representation z of LR
instead of its original RGB-NIR state (Fig. 3). The process
iteratively refines the prediction of the HR image starting from
a noise distribution

xT ∼ N (0, I) (7)

x̂t−1 = D(xt, t, z; θ) + εt, εt ∼ N (0,Σt) (8)

where T is the total number of inference timesteps, D is the
denoising function parameterized by θ that conditions on z, and
εt is the noise added at timestep t with covariance Σt. The latent
representation of the high-resolution image x̂0 obtained after the

Fig. 3. Inference step, where the interpolated and encoded LR image is
concatenated with the noise εt in order to provide the conditioning for the DDIM
sampling process. The refined encoding containing the introduced details is then
decoded and spatially increased to produce the SR image.

TABLE II
AE PERFORMANCE METRICS COMPARISON FOR SEN2NAIP HR AND S2
INTERPOLATED TO HR SPACE, AVERAGED OVER 512 × 512 × 4 IMAGE

PATCHES OF VALIDATION DATASETS

iterative refinement process, is then decoded to produce the final
HR image

x̂HR = Adec(x̂0) (9)

where Adec represents the decoder part of the AE, transforming
the final latent representation x̂0 into the HR prediction x̂HR.
Fig. 3 shows a graphical representation of this workflow.

V. RESULTS AND ANALYSIS

Although the main training is performed on the SEN2NAIP
dataset [45], [46], the intention is to generalize these checkpoints
to real S2 imagery. Since there is no actual HR ground truth
imagery for the S2 images, the results on the synthetic and the
real-world cross-sensor datasets are both presented. The quality
metrics are calculated in the test set of SEN2NAIP and some
selected S2 tiles to provide a global baseline.

A. Autoencoder Results

The AE shows robust performance in capturing and compress-
ing the synthetic input data. Through extensive experimentation,
the AE is able to consistently achieve high fidelity of reconstruc-
tion across a variety of spectral and geographical features. This
shows that the spatial reduction by a factor of 4 can be reversed
with only a minor loss in quality, validating the band permutation
approach described in Section IV-A. The good reconstruction
quality ensures that the AE’s decoder can recover the detail
added by the denoiser after the DDIM sampling step, converting
the image back into the RGB-NIR space and simultaneously
upsampling it to the desired resolution (see Fig. 4).

Since we use the AE to encode the S2 conditioning input
image at inference time, the performance on interpolated S2 data
must be validated. Because the interpolated S2 image contains
much less information than the HR ground truth, the model
has no issue reconstructing the input image. This is evident
from the reconstruction metrics in Table II and Fig. 4. Both
the visual reconstruction quality and the spectral reconstruction
are satisfactory, showing that the AE is capable of performing
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Fig. 4. RGB bands of the HR images, and it’s reconstruction after encoding and decoding; also including histograms to show spectral faithfulness. Shown for
both the SEN2NAIP synthetic test dataset (upper panel), and interpolated Sentinel-2 images (bottom panel).

Fig. 5. AE reconstruction quality on HR compared with the performance of
the whole SR process on every SEN2NAIP test image.

both tasks (encoding and decoding) on both input data types
(synthetic HR in training, S2 interpolated LR in inference).

The AE performs the upsampling and detail retrieval process,
which can be considered a bottleneck for overall reconstruction
quality. Therefore, it is of interest to analyze how the quality
of AE reconstruction impacts SR performance. Fig. 5 shows

that the SR metrics never outperform the quality of the AE
reconstruction, confirming the importance of a properly trained
AE. In addition, the regression lines imply that there is a clear
correlation between the two reconstruction qualities, showing
that for a given image, the SR metrics can only ever be as good
as the AE reconstruction in ideal circumstances.

B. SR Results

For validation purposes, we provide both visual and quantita-
tive metrics. The reconstruction capability of the model based on
the synthetic test dataset of SEN2NAIP is demonstrated, as well
as the generalization to real-world S2 data. We also compare an
LDM model and a pixel-space DM with our results to show the
improvements over the baseline performance.

1) Synthetic Dataset Results: Before comparing the results
of different SR models, we show the results of the proposed
LDSR-S2 on synthetic data. Fig. 6 shows the model output
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Fig. 6. LDSR-S2 model LR to HR reconstruction quality on test set of SEN2NAIP, additionally showing a false color visualization of the SR product including
the NIR band and an NDVI visualization.

quality on the test set of the SEN2NAIP dataset. The quality
of the reconstruction is excellent, both in textured areas and
in high-frequency regions. The spectral signature is visually
similar, and the false-color image and NDVI index show a
clear correlation with vegetated regions. Compared to the LR
version, the image quality is clearly increased and similar to
the HR version. This highlights that the model has learned the
distribution of the SEN2NAIP dataset very accurately, showing
exceptional SR quality. In order to provide a comparison, our
recently proposed opensr-test package [58] is used to perform vi-
sual and quantitative analysis. It allows the implementation and
comparison of different state-of-the-art SR models on various
datasets. The LR images of all the validation sets are the S2 and
S2-like versions, since we intend to run the model only on S2.
The HR versions are sourced from the NAIP program, VEN μ
S, and SPOT-6. Using different HR datasets and then averaging
the results leads to a fairer and broader comparison, since the
model does not overfit to a particular HR type, producing, e.g.,
NAIP-like SR images with NAIP-like characteristics only. The
validation set contains worldwide imagery with a large diversity
of land covers, vegetation, and climate zones.

For visual comparison, we show a diverse selection of SR
models that have been trained for different purposes in order
to give a general overview of the products of the RS-SR model
(Fig. 7).

Based on the synthetic SEN2NAIP data, which has been
spectrally and spatially adapted to match S2 characteristics,
the output of the LDSR-S2 is compared with several mod-
els (Fig. 7): AllenAI’s Satlas SRGAN model [59], EvoLand

SR [19], SR4RS [17], and a Swin Transformer adapted for
SR [60]. Furthermore, we compared the results to a pixel-space
diffusion model and the baseline SR LDM [21], without the
adaptations made for LDSR-S2. It should be noted that EvoLand
performs a factor of 2× SR, which has been then interpolated to
the 2.5-m resolution to match the other models, which limits the
usefulness of the comparison of the spectral metrics. Although
some of these models have other SR scale factors, use only RGB
bands, or are trained for slightly different applications, it is useful
to have visual comparisons of a wide range of models that were
trained for specific RS purposes.

The Satlas model exhibited apparent deficiencies that could
not be conclusively attributed to generalization errors or specific
implementation issues, since it is used here in the single image
SR configuration, while the original results are published for
multiimage SR [57]. The EvoLand model, as intended specifi-
cally, maintained spectral fidelity to input imagery remarkably
well, although it prioritizes edge sharpening over the inclusion
of generated high-frequency SR details. The SR4RS model
excelled in urban environments, capturing intricate details ef-
fectively; however, it struggled with spectral adherence and
maintaining integrity in naturally textured areas. The latent
diffusion-based pipeline was not originally trained on RS data
and does not incorporate the changes made to adopt the RS
requirements. It shows severe limitations in adapting to the
unique spectral and radiometric range, as well as the geometric
features of RS. Our model, LDSR-S2, distinctly succeeded in
introducing detailed textures and structures that closely mirror
those in the HR target images, with minimal hallucinations and
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Fig. 7. Comparison of SR performance for several models based on the synthetic opensr-test dataset: true color composite (RGB bands) of original Sentinel-2
LR image (left), produced SR images (center), and harmonized HR reference (right).

excellent spectral accuracy. The direct comparison demonstrates
that the adaptations and training strategy was successful in adapt-
ing LDMs to RS requirements. For the models implemented in
the opensr-test package, we calculate the performance metrics
based on the synthetic dataset SEN2NAIP using the normalized
distance metric [58]. The spectral consistency is the only metric
that is not normalized, instead being calculated with the spectral
angle distance. These models are specifically selected because
they are globally applicable and perform SR with a scale factor of
4×. To provide a fair comparison, only the RGB bands are taken
into account. In addition, we add the LDM baseline model as
well as a pixel-space DM to show the improvement of LDSR-S2
over the standard LDM model. The computed quality metrics
measure the following properties.

1) Reflectance Consistency: Measures the mean absolute
error between the reflectance values of the original LR
image and the downsampled SR image. This metric as-
sesses how well the SR process preserves the absolute
reflectance values, defining its usefulness for downstream
EO applications.

2) Spectral Consistency: The spectral angle distance serves
as a measure to assess the capability of the SR model to
retain the spectral characteristics of the LR image [61].
This metric is essential for demonstrating spectral fidelity
and adherence to the conditioning image.

3) Spatial Consistency: Assesses the spatial alignment and
structural integrity by finding matching points in the SR
and LR images identified by the LightGlue algorithm and
quantifying the error in the affine matrices [62].

4) Synthesis: Quantifies the gain in spatial resolution by
measuring the high frequencies of the SR image with
respect to the LR input image (upsampled using bilinear
interpolation to match the SR image spatial resolution).
A higher value indicates more introduced spatial detail,

regardless of whether these introduced high frequencies
are accurate or not.

5) Omission: Measures the degree to which the high-
frequency features present in the HR image are missing in
the SR image, i.e., the SR image is similar in features to
the LR input image sampled.

6) Improvement: Represents the overall enhancement in
high-frequency information in the SR image compared
to the HR reference image. Higher improvement scores
indicate a more effective SR.

7) Hallucination: Evaluates the presence of high-frequency
features in the SR image that do not correspond to the
real features in the HR image. High hallucination values
indicate the generation of unrealistic details.

Table III shows the quality metrics for the models described.
As evident from reflectance, spectral, and spatial consistency
metrics, LDSR-S2 creates an SR product that closely adheres to
the input image characteristics that must be preserved. Those
metrics are especially important for maintaining relevant in-
formation for downstream EO tasks. The synthesis metrics are
higher for the other models, which indicates that these models
introduce more high-frequency information, but as evident by
the hallucination metric the other models also introduce more in-
formation which does not correlate with the actual HR imagery.
The omission metric is also lower (i.e., the SR is not similar
to the LR input) for the GAN models, but the combination of
a high-hallucination metric suggests that the frequencies intro-
duced are not necessarily accurate. The overall improvement, as
represented by the improvement metric, shows that the LDSR-2
output has the smallest distance to the HR image, introducing
a moderate but accurate amount of high-frequency informa-
tion, resulting in closer resemblance to the ground truth. The
metrics highlight that successfully trained RS SR models per-
form better than the baseline computer vision models, including
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TABLE III
COMPARISON ON THE OPENSR-TEST DATASETS AND SR MODELS

a Swin Transformer trained on the same data. Furthermore, the
comparison with the baseline model shows the improvement
performance of the LDSR-S2 model, even for only the RGB
bands. In general, the metrics show that the LDSR-S2 model
is more careful with the introduction of details, erring on the
side of caution in order not to introduce hallucinations. The
results might lack some detail, but are spatially, spectrally, and
detailwise closer to the input imagery and HR space, producing
a result fit for further EO analysis. LDSR-S2 outperforms both
the baseline LDM and the pixel-space DM, clearly indicating
that the proposed adaptations achieve their intended improve-
ments. Moreover, performing denoising within a compressed
latent space introduces no measurable drawbacks compared to
pixel-space diffusion. This suggests that compression primarily
affects uniform areas, thus preserving the ability to reintroduce
high-frequency details into the reconstructed images. Finally,
the reduced computational cost of LDMs makes large-scale SR
inference on EO datasets both practical and efficient.

2) Generalization to S2 Imagery: The application scenario
requires that the model trained on synthetic SEN2NAIP data be
applied to S2 imagery (Fig. 8). Due to the general difficulty
of extrapolating beyond the training set of diffusion models
in combination with the assumptions made while creating the
training dataset, we see some degraded reconstruction quality
in the S2 SR products compared to the synthetic dataset. The
SEN2NAIP dataset incorporates specific agricultural practices,
urban development patterns, and surface reflectance charac-
teristics predominant in the US context. One of the primary
challenges is the model’s ability to handle the diverse spec-
tral and spatial characteristics inherent in global S2 imagery.
These characteristics include different types of vegetation, soil,
water bodies, and especially built environments, each presenting
unique spatial signatures and patterns. The model is able to
adapt and reproduce the spectral signature, but especially unseen
spatial features pose a challenge at inference time [63].

As outlined in Section III, the WorldStrat dataset is not
suitable for training in this context, but we can use its original
S2-LR images to compute worldwide validation metrics. We use
the entire dataset to compute and average the opensr-test metrics
(Table IV) and differentiate between geographical context and
land cover. The absolute metrics are not necessarily reflective
of the performance due to the mismatch between the LR and
HR versions, but the relative performance enables conclusions
about the generalization performance to different regions and
image contents.

TABLE IV
OPENSR-TEST METRICS ON THE WORLDSTRAT DATASET

TABLE V
APPROXIMATE INFERENCE TIMES FOR DIFFERENT DIFFUSION SR METHODS IN

HOURS AND MINUTES FOR A SINGLE SENTINEL-2 TILE (110× 110 KM) ON

4×A100 GPU, USING 100 DDIM SAMPLING STEPS

Fig. 9 shows the model performance in terms of SSIM and
PSNR for different continents and land cover classes [64]. Quite
logically, more uniform land cover classes, such as water, grass-
land, and agriculture are easier to SR and therefore have better
values than settlements. The model performs similarly on all
continents, indicating that the SR performance is limited more
by type of information than location, showing that the model
can be generalized to world-wide application scenarios. Fig. 8
demonstrates this, showing a good visual reconstruction for rural
and desert areas. Mixed-use residential and industrial areas, as
well as densely populated urban areas, show good quality of
reconstruction, but good metrics are much harder to achieve in
these images with a high-spatial frequency information content.

C. Inference Speed

The entire model contains around 170 million parameters,
which is significantly more than other methodologies, such as
GANs. The additional requirement of performing a large number
of denoising steps to produce one SR result, where the input has
to traverse the denoiser once for each step, further increasing
computational complexity. Only the switch from DMs to LDMs
and using DDIM sampling make processing of continental-scale
regions possible. Table V shows the inference times for a RGB-
NIR S2 tile.



6948 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

Fig. 8. RGB of SR inference on original S2-LR image compared to SPOT-6 pansharpened HR, from WorldStrat validation dataset.
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Fig. 9. PSNR and SSIM over WorldStrat validation set, grouped by Continent
and IPCC land-cover class.

VI. UNCERTAINTY ESTIMATION

SR workflows inherently struggle with the challenge that the
problem at hand is ill-posed, which results in a very large range of
possible, plausible, and probable reconstructions. The ambiguity
arises from the finite nature of the dataset [65], which itself
cannot perfectly represent the actual distribution of the data,
only an approximation, resulting in a bias toward the training
dataset and therefore generalization problems at inference time.
Diffusion models have been analyzed using multigenerational
statistical measures [66], which we now employ in an LDM
framework.

Given the probabilistic framework of diffusion models, our
approach seeks to identify and extract the most probable result
from the distribution of possibilities. By equipping researchers
with the ability to evaluate the reliability and precision of
super-resolved features and objects of interest, we establish a
foundation for trustworthy SR. Users can discern and quantify
how well objects and features they prioritize are represented
in the enhanced imagery, thus aligning the model’s output with
practical reliability and applicability in real-world scenarios. SR
products can only be of benefit if we can convince end-users that
these products are valuable and useful.

We denote uncertainty estimation as a function CI that takes
as input an LR image x and outputs a confidence interval CI(x).
The CI(x) is provided for each of the super-resolved pixels ŷ
and is defined as CI(x) = [ŷ − ε, ŷ + ε]. The ε is a parameter
that controls the width of the confidence interval. To provide the

interval with statistical soundness, we assume that the distribu-
tion of the super-resolved pixels is Gaussian. We then use the
standard deviation of the distribution to estimate ε as ε = σ · α,
where σ is the standard deviation of the distribution, and α
is a hyperparameter that controls the width of the confidence
interval. By default, we set α = 1. The uncertainty map is
therefore the pixelwise confidence interval over n generations
of the LR input patch.

Although our method is relatively simple, it demonstrates
significant efficacy. We observe that the generated intervals
exhibit a strong correlation with actual hallucinations (Fig. 10).
Examples include textured areas, which require wider explo-
rations of the probability distribution, or the edges of complex
shapes. This correlation underscores the practical utility of our
method in enhancing the reliability of SR tasks. Although this
method is powerful, creating the different samples increases the
computational requirements 10- to 20-fold compared to standard
inference, depending on the number of samples generated.

Fig. 10 shows the confidence intervals for three example
images. Mainly high-frequency areas, such as the road in the
middle image or field delineations in the lower image show a
larger confidence interval, resulting in brighter colors. In these
areas, the model has to create a unique solution on where exactly
to place the road, line, or texture, resulting in more variability in
the outputs. Also, some textured areas like the forest in the lower
image can be classified as hallucinations, where information loss
needs to be filled by inventing these textures. Although these
textures look highly realistic, they do not necessarily exactly
reproduce the original texture. An interesting observation can
also be made in the upper image, where the faint line diagonally
across the field is almost completely lost in the LR representation
and is not recreated by the SR model even in multiple SR
creations, leading to an omission. Fig. 11 shows an example of
the uncertainty product that has been calculated on real S2 input,
where there is no HR ground truth available. The uniform water
surface has a low diversity and therefore high confidence, while
the bridge and especially the building require more generative
capability to be super-resolved, which leads to more diversity in
the sampling and therefore higher uncertainty scores.

VII. DISCUSSION

A key achievement of this study is the successful demonstra-
tion of utilizing diffusion models for multispectral EO SR tasks
via latent-space denoising. This method significantly lowers
the computational cost compared to pixel-space diffusion, thus
facilitating practical applications in real-world EO scenarios.
Furthermore, the proposed architecture and training techniques
effectively adapt the fundamental LDM to a reliable, explain-
able, and globally applicable workflow to enhance the spatial
resolution of Sentinel-2 images.

We show that LDSR-S2 achieves state-of-the-art performance
in terms of visual quality and quantitative metrics. When applied
to the SEN2NAIP test dataset, the model excels in reconstructing
high-frequency details and maintaining spectral consistency.
When applied to Sentinel-2 images, the LDSR-S2 model shows a
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Fig. 10. RGB-bands of the LR, SR, and HR images. Since HR versions of real S2 images are not available, this graphic uses the SEN2NAIP dataset in order to
enhance the interpretability (see Fig. 11 for a real S2 example). The interval size image shows the CI explained in Section VI, with lighter pixels showing higher
values.

Fig. 11. Example of the uncertainty product delivered with the SR result, based on a real S2 input. The uncertainty values are visualized on a scale from blue
(low) to red (high), stretched to the min-max range of the standard deviation.

decrease in performance compared to the synthetic dataset, hint-
ing at generalization issues. However, the model still provides
an enhanced product through the injection of high-frequency
information and close spectral adherence, making it a valuable
tool for applications where HR imagery is otherwise unavailable
or too expensive. The probabilistic nature of our diffusion model
allows us to provide uncertainty metrics along with the SR
product, which expose areas of possible hallucinations to the
user in order to increase the trustworthiness of the product.

While the LDSR-S2 model demonstrates considerable
promise in enhancing multispectral SR, the generalization of
these results to real-world Sentinel-2 imagery is presently con-
strained by the quality and diversity of the training data used. To
advance the robustness and applicability of our model, a crucial

next step involves expanding our dataset to include a wider array
of real-world scenarios, which will help improve the spectral and
spatial harmonization between synthetic and actual Sentinel-2
datasets.

In addition, while our uncertainty metrics provide valuable
insight, further refinement and validation are necessary to ensure
their accuracy and usability across different applications. The
only conclusive proof lies within a measurable performance
increase in downstream applications, which is out of the scope
of this article. Moreover, integrating the other S2 spectral bands
beyond RGB-NIR could provide more comprehensive solutions
for a wider range of EO applications. The LDSR-S2 model
could additionally benefit from a multiimage approach. Our
future efforts will focus on overcoming these data constraints,
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Fig. 12. Inference hyperparameter ablation study of number of inference steps
(top) and sampling temperature (bottom).

which currently serve as the primary bottleneck, to unlock the
full potential of SR technologies in global EO tasks.

VIII. CONCLUSION

The proposed LDSR-S2 model presents a significant advance-
ment in the field of RS SR. Our adaptations enable the usage
of diffusion models in EO tasks, forcing closer adherence to the
input imagery, expanding to more spectral bands, and improving
computational efficiency compared to previous RS SR diffu-
sion models. The resulting product outperforms state-of-the-art
models. By taking advantage of the generative power of LDMs,
we can provide high-quality, HR imagery from low-resolution
inputs which incorporate the NIR band to enable RS-typical
downstream applications. The probabilistic nature of the model
enables the provision of pixelwise uncertainty maps, which can
help users to determine the usability of the product to their
application. Our approach balances computational efficiency
with output quality, making it a practical solution for large-scale
EO applications. The method’s significance lies in its potential to
augment EO practices by providing high-spatial, high-temporal
frequency image data at a fraction of the usual cost, making
advanced RS capabilities accessible to a wider range of users
and applications.

VIII. APPENDIX A
SAMPLING PARAMETERS ABLATION

Fig. 12 plots the number of inference steps and the sampling
temperature against the SSIM and PSNR performance metrics,
allowing the identification of optimal parameter values. About
100 inference steps offer a good balance between inference time
and performance metrics. For the temperature parameter, we can
see that both metric graphs peak around 0.95, indicating that a
slightly scaled-down amount of noise compared to the training
noise leads to a more truthful reconstruction.

VIII. RESOURCES

Models, weights, dataset, reproducible examples, and the
testing procedure both as pip packages and their source code
are provided at the following.

1) Model: https://github.com/ESAOpenSR/opensr-model
2) Data: https://huggingface.co/datasets/isp-uv-es/

SEN2NAIP
3) OpenSR-Utils: https://github.com/ESAOpenSR/opensr-

utils
4) OpenSR-Test: https://github.com/ESAOpenSR/opensr-

test
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[41] J. Cornebise, I. Oršolić, and F. Kalaitzis, “Open high-resolution satellite
imagery: The worldstrat dataset–with application to super-resolution,”
2022.

[42] R. Dong, L. Mou, L. Zhang, H. Fu, and X. X. Zhu, “Real-world remote
sensing image super-resolution via a practical degradation model and a
kernel-aware network,” ISPRS J. Photogrammetry Remote Sens., vol. 191,
pp. 155–170, 2022.

[43] Z. Qiu, H. Shen, L. Yue, and G. Zheng, “Cross-sensor remote sensing
imagery super-resolution via an edge-guided attention-based network,”
ISPRS J. Photogrammetry Remote Sens., vol. 199, pp. 226–241, 2023.

[44] A. Kuznetsova et al., “The open images dataset v4: Unified image classi-
fication, object detection, and visual relationship detection at scale,” Int.
J. Comput. Vis., vol. 128, no. 7, pp. 1956–1981, 2020.

[45] C. Aybar, D. Montero, J. Contreras, S. Donike, F. Kalaitzis, and L. Gómez-
Chova, “SEN2NAIP: A large-scale dataset for Sentinel-2 Image Super-
Resolution,” Sci. Data, vol. 11, Dec. 2024, Art. no. 1389.

[46] C. Aybar, D. Montero, J. Contreras, S. Donike, F. Kalaitzis, and L. Gómez-
Chova, “SEN2NAIP: A large-scale dataset for Sentinel-2 Image Super-
Resolution,” 2024, Accessed: Jun. 21, 2024. [Online]. Available: https:
//huggingface.co/datasets/isp-uv-es/SEN2NAIP

[47] V. T. Sambandham, K. Kirchheim, F. Ortmeier, and S. Mukhopadhaya,
“Deep learning-based harmonization and super-resolution of Landsat-8
and Sentinel-2 images,” ISPRS J. Photogrammetry Remote Sens., vol. 212,
pp. 274–288, 2024.

[48] D. P. Kingma et al., “An introduction to variational autoencoders,” Foun-
dations Trends Mach. Learn., vol. 12, no. 4, pp. 307–392, 2019.

[49] D. P. Kingma and M. Welling, “Auto-encoding variational Bayes,” 2013,
arXiv:1312.6114.

[50] L. Kantorovich, “On the translocation of masses,” Doklady Akademii Nauk
SSSR, vol. 37, no. 7/8, pp. 199–201, 1942.

[51] C. Villani, The Wasserstein Distances. Berlin, Heidelberg, Germany:
Springer, 2009, ch. 6, pp. 93–111, doi: 10.1007/978-3-540-71050-9_6.

[52] S. Kolouri, C. E. Martin, and G. K. Rohde, “Sliced-Wasserstein
autoencoder: An embarrassingly simple generative model,” 2018,
arXiv:1804.01947.

[53] R. Zhang, P. Isola, A. A. Efros, E. Shechtman, and O. Wang, “The
unreasonable effectiveness of deep features as a perceptual metric,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2018, pp. 586–595.

[54] K. Simonyan and A. Zisserman, “Very deep convolutional networks for
large-scale image recognition,” 2014, arXiv:1409.1556.

[55] C. Luo, “Understanding diffusion models: A unified perspective,” 2022,
arXiv:2208.11970.

[56] C. Saharia et al., “Palette: Image-to-image diffusion models,” in Proc.
ACM SIGGRAPH Conf. Proc., 2022, pp. 1–10.

[57] M. T. Razzak, G. Mateo-García, G. Lecuyer, L. Gómez-Chova, Y. Gal, and
F. Kalaitzis, “Multi-spectral multi-image super-resolution of Sentinel-2
with radiometric consistency losses and its effect on building delineation,”
ISPRS J. Photogrammetry Remote Sens., vol. 195, pp. 1–13, 2023.

[58] C. Aybar, D. Montero, S. Donike, F. Kalaitzis, and L. Gómez-
Chova, “A comprehensive benchmark for optical remote sensing im-
age super-resolution,” IEEE Geosci. Remote Sens. Lett., vol. 21, 2024,
Art. no. 5003105.

[59] P. Wolters, F. Bastani, and A. Kembhavi, “Zooming out on zooming in:
Advancing super-resolution for remote sensing,” 2023, arXiv:2311.18082.

[60] Z. Liu et al., “Swin transformer: Hierarchical vision transformer using
shifted windows,” 2021, arXiv:2103.14030.

[61] F. Kruse et al., “The spectral image processing system (sips) – in-
teractive visualization and analysis of imaging spectrometer data,”
Remote Sens. Environ., vol. 44, no. 2/3, pp. 145–163, May 1993,
doi: 10.1016/0034-4257(93)90013-N.

[62] P. Lindenberger, P.-E. Sarlin, and M. Pollefeys, “LightGlue: Local feature
matching at light speed,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2023.

[63] A. Malczewska and M. Wielgosz, “How does super-resolution for satellite
imagery affect different types of land cover? Sentinel-2 case,” IEEE J. Sel.
Topics Appl. Earth Observ. Remote Sens., vol. 17, pp. 340–363, 2024.

[64] Food Agriculture Org. United Nations, Rome, Italy, “World census of
agriculture,” 1999, land-use categories recognized; FAO (1986, 1995a);
FAO/UNEP (1999). [Online]. Available: http://www.fao.org

[65] D. Draper, “Assessment and propagation of model uncertainty,” J. Roy.
Stat. Soc.: Ser. B. (Methodological), vol. 57, no. 1, pp. 45–70, 1995.

[66] E. Horwitz and Y. Hoshen, “Conffusion: Confidence intervals for diffusion
models,” 2022, arXiv:2211.09795.

[67] H. Kopka and P. W. Daly, A Guide to LaTeX, 3rd ed. Harlow, U.K.:
Addison-Wesley, 1999.

https://github.com/Evoland-Land-Monitoring-Evolution/sentinel2_superresolution
https://github.com/Evoland-Land-Monitoring-Evolution/sentinel2_superresolution
https://huggingface.co/datasets/isp-uv-es/SEN2NAIP
https://huggingface.co/datasets/isp-uv-es/SEN2NAIP
https://dx.doi.org/10.1007/978-3-540-71050-9_6
https://dx.doi.org/10.1016/0034-4257(93)90013-N
http://www.fao.org


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


