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Accurate forest mapping is a critical remote sensing application that aims to delineate forest cover precisely, but is often
limited by the native spatial resolution of widely available satellite imagery (e.g., Sentinel-2’s 10m resolution). While deep
learning segmentation models are commonly applied directly to such moderate-resolution data, few systematically investigate
Super-Resolution (SR) pre-processing to enhance the input. In this study, we integrate an SR step to enhance Sentinel-2
imagery from 10m to 2.5m effective resolution before forest segmentation. We evaluate paired (Sentinel-2/SPOT) and unpaired
(BSRGAN-based degradation simulation) data strategies for training the SWINIR SR model, finding that the unpaired approach
yields significantly better quantitative results (PSNR 23.46 vs 19.34) and visual quality by avoiding artefacts. Subsequently, a
U-Net segmentation model with an EfficientNet encoder is trained on the resulting 2.5m effective resolution imagery, using labels
meticulously derived from this enhanced data and verified against high-resolution references. We conduct experiments using data
covering diverse geographical regions within Azerbaijan. Experimental results on a hold-out validation set demonstrate that our
segmentation approach achieves high performance with 95.8% accuracy and a 0.91 F1-score for the forest class. This indicates
that leveraging SR pre-processing significantly improves the potential for detailed and accurate forest mapping from Sentinel-
2 data, thereby enhancing boundary delineation and the detection of small forest features that are often missed at native resolution.
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Introduction

The Copernicus Sentinel-2 mission provides a valuable re-
source for comprehensive global forest monitoring. It of-
fers high spatial resolution multispectral imagery with a com-
mendable revisit frequency. Sentinel-2 provides a rare com-
bination of global reach, multispectral depth, and five-day re-
visit frequency. Despite advantages of Sentinel-2, its native 10
m spatial resolution imposes a critical bottleneck when forest
inventories must resolve detail at the sub-hectare scale. Fea-
tures smaller than a 10 × 10 m ground cell (e.g. logging skid
trails, narrow riparian buffers, or small canopy gaps) collapse
into “mixed pixels” whose spectral signatures blend forest,
soil, water, and built surfaces. Along ecotonal boundaries, this
spectral amalgamation erodes class separability, forcing seg-
mentation networks to predict unnaturally smooth edges and
masking the subtle spectral shifts that mark early-stage degra-
dation. Small-area disturbances, selective-logging corridors,
and micro-fragments can therefore evade detection or be mis-
classified as homogeneous forest.

To overcome these constraints, we embed a super-resolution
(SR) transformation in the pre-processing pipeline, enlarg-
ing Sentinel-2 inputs from 10 m to an effective 2.5 m grid
(4× enhancement). The SR network1 learns cross-scale pri-

ors that reconstruct plausible high-frequency structure latent
in the source imagery, producing outputs that are spectrally
consistent with native high-resolution sensors while preserv-
ing radiometric integrity.

This resolution uplift serves two mission-critical objectives.
First, boundary fidelity: disaggregating one mixed edge pixel
into sixteen finer cells supplies the downstream U-Net2 with
spatially purer inputs, enabling the network to learn (and sub-
sequently predict) sharper, topologically faithful forest/non-
forest transitions. Second, micro-feature visibility: clear-cuts,
skidder tracks, narrow shelterbelts, and isolated fragments
now span several pixels, elevating their signal-to-noise ratio
and improving the likelihood of correct classification. While
super-resolution preprocessing shows promise for enhancing
forest monitoring capabilities, the field lacks systematic eval-
uation of different SR approaches and their actual impact on
downstream segmentation performance.

Critical gaps still remain despite growing interest in SR
for remote sensing. First, transformer-based architectures like
SwinIR1, which excel at capturing long-range dependencies
have received limited attention for operational forest mon-
itoring, with GANs3 and CNNs dominating the literature.
Second, paired versus unpaired SR training strategies remain
poorly quantified for segmentation tasks. Third, few studies
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rigorously compare SR-enhanced models against well-tuned
native-resolution baselines to isolate SR’s true contribution.

This study addresses these gaps by enhancing Sentinel-
2 imagery from 10m to 2.5m resolution using transformer-
based SR before forest segmentation in Azerbaijan’s diverse
landscapes. We make four principal contributions: (i) the
first comprehensive evaluation of SwinIR for Sentinel-2 forest
mapping, benchmarked against ESRGAN4 and HAT5; (ii) di-
rect comparison of paired (Sentinel-2/SPOT) versus unpaired
(BSRGAN-simulated) training strategies, demonstrating that
the unpaired approach significantly outperforms paired train-
ing (PSNR (Peak Signal-to-Noise Ratio) 23.46 vs 19.34) by
avoiding artifacts and geographic overfitting; (iii) rigorous
controlled comparison of our SR-enhanced U-Net against an
identical baseline trained on native 10m imagery, both evalu-
ated on the same test set; and (iv) demonstration across Azer-
baijan’s underrepresented ecosystems, extending SR-based
forest monitoring beyond well-studied tropical regions. To
rigorously validate these contributions and quantify the actual
benefits of super-resolution preprocessing, we designed a con-
trolled experimental framework.

To evaluate the impact of the super-resolution pre-
processing step, a direct comparison will be performed against
a baseline model trained under identical conditions but using
the original 10m resolution Sentinel-2 imagery. Specifically,
a second U-Net model, mirroring the same EfficientNet en-
coder architecture, training parameters, and data splits, will
be trained directly on the 10m input data paired with appro-
priately downsampled ground truth labels. Both the super-
resolution-trained model and the baseline 10 m-trained model
will then be evaluated on the same hold-out test set. For pixel-
wise metric calculation against the 2.5m resolution ground
truth, the output predictions from the baseline 10m model
will be upsampled to 2.5m using nearest-neighbor interpola-
tion. Performance will be compared using key metrics, in-
cluding overall accuracy and mean Intersection over Union
(mIoU). Furthermore, qualitative visual comparisons will be
conducted, focusing specifically on the models’ abilities to
delineate complex forest edges, capture small forest patches
or clearings, and handle fragmented landscapes, thereby di-
rectly assessing the practical benefits conferred by the super-
resolution enhancement.

In essence, super-resolution functions as a task-oriented
data-enrichment layer that offsets Sentinel-2’s spatial deficit.
By injecting sub-pixel detail and sharpening boundary cues
before learning commences, the pipeline targets three down-
stream gains: (i) higher-precision forest-area estimates, (ii)
more reliable quantification of fragmentation metrics, and
(iii) heightened sensitivity to incipient deforestation and
canopy-thinning events (Figure 1).

Related Work

Super Resolution Techniques

The aim of Super-resolution techniques is to create a high-
resolution (HR) image from low-resolution (LR) images. Bet-
ter spatial resolution results in better distinction of the bound-
aries of deforestation patches, better ability to distinguish be-
tween different types of forest disturbances, and a reduction
in the number of false positives and false negatives. How-
ever, these benefits must be weighed against computational
trade-offs. Super-resolution processing adds computational
overhead, both in terms of processing time and resource re-
quirements. Some SR techniques might introduce artefacts or
slightly alter the spectral characteristics of the imagery6. In
order to determine if the improvement in deforestation detec-
tion accuracy can justify the additional complexity and poten-
tial effects on spectral fidelity, a careful evaluation is required.
This is especially true for applications that depend on accurate
spectral information for in-depth analysis.

Various super-resolution methods have emerged to enhance
Sentinel-2 imagery from 20-60m to 10m or better resolution,
ranging from channel attention mechanisms to generative ad-
versarial networks and transfer learning approaches. These
methods can be broadly categorized based on their architec-
tural paradigms and optimization objectives. The trade-offs
between computational efficiency and image quality remain
evident. This can be seen from comparison of GANs and
CNN-based methods where GANs achieving superior percep-
tual realism (LPIPS=0.28) while CNN-based methods main-
tain better radiometric accuracy for quantitative forest analy-
sis.7–10

SR methods based on GANs perform well at generating re-
alistic high-resolution images. This is especially important
for tasks that require attention to small details. Although they
are good at creating HR images, they might sometimes create
artefacts or not perfectly preserve the spectral fidelity of the
original data6. Within the GAN family of methods, SRGAN
(Super-Resolution Generative Adversarial Network) was a pi-
oneering work in applying GANs for photo-realistic single
image super-resolution, particularly for large upscaling fac-
tors11. A key contribution of SRGAN was the introduction
of a perceptual loss function, which combines an adversarial
loss (based on the discriminator’s output) with a content loss
calculated on high-level feature maps of a pre-trained VGG
network. This perceptual loss encourages the generator to pro-
duce super-resolved images that are not only pixel-wise simi-
lar to the ground truth but also perceptually realistic, with finer
texture details. ESRGAN (Enhanced Super-Resolution Gen-
erative Adversarial Network) was subsequently developed to
address some of the artefacts produced by SRGAN and to gen-
erate visually even better high-resolution images12.
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Fig. 1 General pipeline for detecting change mask using images with Super Resolution

Recognizing the unique requirements of remote sensing ap-
plications, RS-ESRGAN is an addition of ESRGAN, created
specifically for remote sensing imagery. Improvements in-
clude removing the upsampling layers in the generator which
helps facilitate training with co-registered WorldView and
Sentinel-212 image pairs. This allows the model to learn
the mapping between lower-resolution Sentinel-2 and higher-
resolution WorldView imagery. These changes allow RS-
ESRGAN to have better performance on Sentinel-2 imagery
that can be observed both visually and with quantitative met-
rics, and it preserves spectral information6.

In contrast to purely GAN-based approaches, hybrid net-
works that combine different types of neural network archi-
tectures have also demonstrated potential in remote sensing
image super-resolution. These methods aim to leverage com-
plementary strengths of different architectures. EHNet (Effi-
cient Super-Resolution Hybrid Network) uniquely combines a
CNN-based encoder with a Swin Transformer-based decoder
in a UNet-like structure for efficient remote sensing image
super-resolution13. This hybrid method intends to leverage
the inductive biases of convolutional layers for local feature
extraction and the long-range modelling capabilities of trans-
former networks.

Similarly, SARNet8 (Spectral Attention Residual Network)
is another example of a hybrid network designed specifi-
cally for the super-resolution of Sentinel-2 satellite images8.
SARNet incorporates Residual Channel Attention Blocks
(RCABs) within a residual learning framework, enabling the
network to focus on the most informative spectral channels by
exploiting interdependencies among them. This spectral atten-
tion mechanism is particularly advantageous for multispectral
imagery such as Sentinel-2. SARNet is trained and evalu-

ated using real-world pairs of PlanetScope (high-resolution)
and Sentinel-2 (low-resolution) images, addressing the chal-
lenge of super-resolving real-world satellite imagery where
ideal ground truth is often unavailable14.

Transformer-based models can be used for both deforesta-
tion detection and image super-resolution. A prime example
for that is SwinIR1, which utilises Swin Transformer archi-
tecture for image restoration tasks. SwinIR employs Residual
Swin Transformer Blocks (RSTBs) for deep feature extrac-
tion. Each RSTB contains multiple Swin Transformer Layers
(STLs). The STLs are based on a shifted window partitioning
scheme, allowing for the capture of both local and long-range
dependencies in the image. This ability is important for effec-
tive super-resolution.

Deforestation Detection techniques

Convolutional Neural Networks (CNNs) are a popular choice
for distinguishing deforested areas from intact forests15 since
they are very effective in learning hierarchical features from
image data. Several studies have reported that high accuracy
rates for deforestation detection tasks were achieved using
CNN-based approaches15.

While CNNs provide strong baseline performance, the U-
Net architecture, with its distinctive encoder-decoder struc-
ture and skip connections, has gained immense popularity for
image segmentation tasks, including the precise delineation
of deforested areas in satellite imagery15. The encoder path
progressively downsamples the input image, learning a com-
pressed representation of its features, while the decoder path
upsamples these features to produce a segmentation map at the
original resolution.
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Skipping connections between corresponding layers in the
encoder and decoder helps to preserve fine-grained spatial in-
formation, which is important for accurate boundary delin-
eation in deforestation mapping. Various modifications and
improvements to the basic U-Net architecture have been pro-
posed to further boost its efficiency in deforestation mapping,
such as the integration of attention mechanisms or the use of
different backbone networks16. Studies utilising U-Net with
Sentinel-2 data have shown its value in mapping forest cover,
detecting forest cover changes over time, and identifying spe-
cific instances of deforestation16–18.

Moving beyond convolutional architectures, in addition to
CNNs and U-Net variants, transformer-based networks have
recently been explored for deforestation detection, offering a
different methodology for examining satellite imagery. Trans-
former networks, originally developed for natural language
processing, excel at capturing long-range dependencies in se-
quential data. When adapted for image analysis, such as in
the ChangeFormer architecture, they can effectively analyse
spatial and temporal patterns in bi-temporal satellite imagery
through the use of attention mechanisms19.

These mechanisms allow the model to weigh the impor-
tance of different parts of the image when making a predic-
tion, potentially improving its ability to detect subtle changes
associated with deforestation. A study applying Change-
Former to deforestation detection in the Brazilian Amazon us-
ing Sentinel-2 imagery achieved an overall accuracy of 93%,
with a corresponding F1 score of 90% and an Intersection
over Union (IoU) score of 82%, demonstrating the potential
of transformer-based networks for this task19.

The impact of spatial resolution on detection accuracy has
been a recurring theme across these architectural approaches.
While there are many studies on deforestation mapping with
native resolution images14,20–23, several studies have inves-
tigated the direct impact of applying super-resolution tech-
niques to Sentinel-2 imagery on the accuracy of deep learning
models for deforestation detection.

Research findings generally suggest that improving the spa-
tial resolution of Sentinel-2 data can result in higher detection
accuracy24. One study concluded that the higher resolution of
Sentinel-2 images, even without further super-resolution, im-
proves the segmentation of deforestation polygons both quan-
titatively (in terms of F1-score) and qualitatively compared to
lower-resolution imagery like Landsat-825. This benefit of
Sentinel-2’s 10-meter resolution over coarser data shows the
potential for further gains through super-resolution.

Further evidence for the importance of spatial resolution
comes from comparative studies: comparison between defor-
estation detection accuracy using native resolution Sentinel-2
imagery and higher-resolution imagery like PlanetScope (with
a resolution of 3-4 meters) also shows the advantages of in-
creased spatial detail26. One experiment showed that Plan-

etScope imagery provided a higher quality of segmentation for
deforestation detection compared to Sentinel-2 data, suggest-
ing that finer spatial resolution allows for better discrimination
of deforested areas26. This observation gives a credible reason
for using super-resolution techniques to bridge the resolution
gap between Sentinel-2 and higher-resolution sources.

Underpinning all these methodological advances is the crit-
ical role of data and evaluation. There are a lot of datasets
that are used for training and evaluating these methods. These
datasets vary in terms of geographic location, the type of de-
forestation being studied, and the availability of high-quality
ground truth data. A model’s capability to generalise strongly
depends on the quality of the datasets. Chosen evaluation
metrics (e.g., overall accuracy, F1-score, IoU, PSNR, SSIM
(Structural Similarity Index Measure)) are equally important
to dataset choice in order to correctly assess the performance
of both super-resolution and deforestation detection models.

Methods

Data Acquisition and Preparation

The study area within Azerbaijan covers approximately
∼31,000 km2. We specifically selected diverse geographi-
cal and ecological regions across the country to ensure the
model’s generalisability. These regions encompass a vari-
ety of forest types, including temperate broadleaf and mixed
forests in the Greater Caucasus mountains, subtropical low-
land forests, and riparian forests. This diversity in topogra-
phy, forest density, and species composition provides a robust
testbed that represents a challenging range of conditions rele-
vant for forest monitoring in many temperate and subtropical
regions.

Our data acquisition protocol involved a pre-selection step
where we only downloaded Sentinel-2 L2A scenes (level 2A -
bottom of atmosphere) with less than 5% cloud cover. During
the manual labeling phase, any remaining small clouds or to-
pographic shadows were manually masked out and excluded
from both the training and evaluation datasets. This ensures
the model was trained on clean, high-quality data.

To prevent any data leakage and ensure a truly independent
test set, a geographical split was implemented. The Sentinel-
2 scenes were divided into training, validation, and testing
groups. All tiles from a given scene belong exclusively to one
set. This ensures that the model is evaluated on entirely un-
seen geographical areas, providing a more robust estimate of
its generalization performance.

Low-resolution (LR) input data for the SR task consisted
of multispectral images acquired from the Sentinel-2 satellite
constellation (10m native resolution bands). High-resolution
(HR) reference data were sourced from the SPOT satellite
constellation (native 1.5m GSD). Since the task is 4x super-
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resolution to generate the 2.5m effective resolution imagery
required for detailed segmentation, two super-resolution train-
ing strategies were investigated: paired and unpaired. The
paired dataset comprised 15000 Sentinel-2/SPOT tiled pairs
covering approximately 25000 km2. These pairs were sourced
from different eco-regions (e.g., montane forests, riparian cor-
ridors, agricultural-forest mosaics) within Azerbaijan. While
this provided some landscape variety, the limited number and
geographic scope constrained the representativeness of the
paired model compared to the unpaired dataset, which ben-
efitted from synthetic diversity.

Paired Data Approach: This method aimed to create di-
rect LR-HR pairs. SPOT 1.5m images were downsampled
to 2.5m using bilinear resampling to serve as the HR target.
Near-temporal Sentinel-2 images were selected as potential
LR counterparts. Pairs underwent visual inspection for land-
scape similarity, followed by co-registration for spatial align-
ment and histogram matching for radiometric normalisation.
This process yielded a dataset of approximately 100 GB. Ob-
taining sufficient quantities of perfectly aligned, contempo-
raneous, and radiometrically consistent pairs across diverse
landscapes proved difficult.

Unpaired Data Approach: This method circumvented the
need for direct pairing. SPOT imagery, resampled to 2.5m,
constituted the HR domain. To create a realistic LR domain
mimicking Sentinel-2, the 2.5m SPOT images were artificially
degraded using a process inspired by BSRGAN27, involving
simulated noise, blurring, and downsampling to 10m resolu-
tion.

Segmentation Dataset Preparation

The 2.5m effective resolution images generated by the se-
lected unpaired SWINIR model served as the input for seg-
mentation.

Labelling: Ground truth labels designating ‘forest’ and
‘non-forest’ pixels were created using QGIS software based
on visual interpretation of the super-resolved 2.5m imagery.
This allowed for more precise boundary delineation compared
to using native 10m data. The generated labels were rigor-
ously verified by cross-referencing them against independent
high-resolution (HR) reference imagery, primarily the origi-
nal high-resolution SPOT data, ensuring label accuracy, espe-
cially for fine details enhanced by SR. To evaluate the con-
sistency of the manually created forest/non-forest masks, a
subset of image tiles was independently labeled by three an-
notators. Across the sample, agreement was generally high,
with only minor differences observed at forest boundary re-
gions where canopy edges are less distinct. In these cases, the
final label was resolved through consensus discussion. This
step provided confidence that the labeling process was reli-
able overall, while also highlighting the areas where natural

ambiguity in land-cover transitions can occur.
The large super-resolved images and corresponding la-

bel masks were divided into 50,000 non-overlapping tiles of
256×256 pixels using a custom script. Each tile represents
a ground area of 640m × 640m. The dataset was divided
into training, validation, and testing sets (e.g., following a
70%/15%/15% ratio) for model development, hyperparameter
tuning, and final unbiased evaluation. The pixel values within
each image tile were standardised (normalised) by subtracting
the mean and dividing by the standard deviation, calculated
across the training dataset, to achieve zero mean and unit vari-
ance.

Super-Resolution Model and Training

Three leading SR backbones ESRGAN4, HAT5 and SwinIR1

were benchmarked on a pilot subset. We selected SwinIR-
L after a preliminary benchmark against ESRGAN and HAT.
Expert visual review revealed that SwinIR-L consistently pro-
duced fewer artefacts and more realistic high-frequency de-
tails. This was especially clear along complex forest bound-
aries and narrow canopy gaps features that are critical for re-
liable segmentation. While ESRGAN often yielded perceptu-
ally sharp results, it was more prone to hallucinated textures.
On the other hand, HAT required larger training datasets to
reach its potential and tended to generate oversharpened out-
puts with speckled or serrated artefacts, which reduced their
reliability in ecological mapping tasks.

From an operational perspective, SwinIR-L proved signifi-
cantly more practical: it trained stably, maintained predictable
memory usage, and supported tile-wise inference on a sin-
gle prosumer GPU, enabling large-area processing without re-
liance on specialized hardware. Overall, SwinIR-L provided
the most effective balance of benchmark accuracy, spectral
and textural fidelity, and computational efficiency, making it
the most suitable choice for routine large-scale mapping.

A lightweight U-Net discriminator enforced texture real-
ism in the adversarial phase. Training progressed in three
stages. (i) Pixel pre-training: the generator was optimised with
mean-squared-error loss to initialise content fidelity. (ii) Ad-
versarial refinement: GAN training introduced an adversarial
loss, an L1 content loss, and a perceptual loss computed on
VGG features. (iii) Metric-oriented fine-tuning: a final pass
with pure L2 loss minimised residual artefacts and boosted
PSNR/SSIM. Both paired and unpaired datasets followed the
same curriculum, differing only in their LR–HR sampling.

The generator was configured as follows:
Training the adopted SwinIR-L model on an NVIDIA RTX

A6000 (48 GB VRAM) required approximately 120 GPU
hours, with peak memory usage around 34 GB. Inference was
considerably lighter, averaging 0.6 seconds per 256×256 tile
(∼640×640 m) with a memory footprint of ∼8 GB, corre-
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Table 1 Parameters for Super Resolution training

Parameter Value

Image size 64
Window size 8
Embedding dimension 240
Depths [6, 6, 6, 6, 6, 6, 6, 6, 6]
Number of heads [8, 8, 8, 8, 8, 8, 8, 8, 8]
MLP ratio 2
Upsampler nearest + conv
Residual connection 3 conv

sponding to ∼1.4 megapixels per second throughput. A full
Sentinel-2 scene of ∼100 km2 can therefore be processed in
roughly 3–4 GPU hours on a single A6000. These values indi-
cate that, although training is resource-intensive, inference is
tractable for operational deforestation monitoring, particularly
when parallelised on multi-GPU or cloud infrastructures.

Models from the paired and unpaired pipelines were com-
pared on the held-out test tiles using standard quality indices
(Table 1) and blind visual ranking by three remote-sensing ex-
perts. The unpaired SwinIR-L checkpoint delivered the best
trade-off between edge sharpness, spectral faithfulness, and
quantitative metrics, and was consequently selected for down-
stream forest-segmentation experiments.

Table 2 Super-Resolution Model Performance Metrics (on held-out
test data)

Training Approach PSNR SSIM

Unpaired (BSRGAN-simulated LR) 23.46 0.67
Paired (SPOT-Sentinel) 19.34 0.40

As indicated by the quantitative metrics (Table 2) and vi-
sual inspection, the SWINIR model trained using the un-
paired approach (leveraging BSRGAN-simulated degrada-
tion) achieved significantly better performance. Its paired-data
counterpart, in contrast, exhibits edge ringing, checkerboard
noise, and conspicuous “hallucinations” over spectrally com-
plex classes—most often urban fabric and open water (Fig-
ure 2). We attribute this deficit to (i) the scarcity of perfectly
coregistered Sentinel-2/SPOT pairs, which forces the network
to overfit a geographically narrow domain, and (ii) class im-
balance in the paired archive, whereby high-contrast built-up
and hydrographic features are under-represented. By decou-
pling LR and HR domains, the unpaired route circumvents
these biases, regularises the generator via diverse synthetic
degradations, and ultimately yields a model better generalised
to real-world Sentinel-2 inputs.

Consequently, the SWINIR model trained via the unpaired

Fig. 2 Super Resolution results for both Paired and Unpaired data.
Hallucinations caused by the paired model can be observed in
second image

method was selected to generate the 2.5m super-resolved im-
agery used for the subsequent forest segmentation task (Figure
3).

Fig. 3 Difference between original Unpaired Low Resolution
images and images with Super Resolution applied

Forest segmentation and change detection

We chose the U-Net2 architecture for our semantic segmen-
tation task due to its effective encoder-decoder structure and
skip connections, which help in capturing detailed spatial in-
formation. EfficientNet28 was selected as the encoder back-
bone, as it provides a great balance between computational
efficiency and accuracy. To speed up training and enhance
the model’s feature representation capabilities, we initialised
the encoder with pre-trained weights from ImageNet. The
Adam optimizer29 was used with a constant learning rate of
5×10−4, as it adapts well during the learning process. To dis-
tinguish between forest and non-forest areas at the pixel level,
we applied Binary Cross-Entropy (BCE) loss. The model was
trained for 50 epochs, with each epoch covering a complete
pass through the training data.
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Application to Forest Change Detection

Beyond generating static forest cover maps, the developed
high-resolution segmentation model provides a powerful
foundation for monitoring forest dynamics over time, specif-
ically for change detection tasks such as identifying defor-
estation or afforestation. A post-classification comparison ap-
proach can be implemented using the trained segmentation
model:

Temporal Image Selection. Two Sentinel-2 Level-2A
scenes (T1 and T2) are selected such that (i) both fall within
the same seasonal phenophase to reduce phenological noise,
(ii) cumulative cloud/shadow coverage is < 5% over the AOI.

Pre-processing and Super-Resolution. Both the T1 and T2
Sentinel-2 images undergo the same pre-processing steps, the
application of the trained SWINIR super-resolution model to
enhance their effective spatial resolution to 2.5m.

Sub-pixel co-registration. Precise spatial alignment be-
tween the super-resolved T1 and T2 images is essential
for accurate change detection. Semi-automated image co-
registration techniques are applied to ensure that correspond-
ing pixels in both images represent the same ground location.

Independent segmentation and uncertainty masking.
The EfficientNet-U-Net predicts binary masks M1 and M2.
Softmax probabilities are retained; a pixel is committed to
‘forest’ only if p ≥ 0.55. To examine robustness to threshold
selection, we computed pixel-wise precision, recall, and F1-
score across a range of probability thresholds (p = 0.40–0.70)
on the same validation set. As expected, recall declined
while precision increased with higher thresholds. Impor-
tantly, the F1-score remained stable (≈ 0.90–0.91) for thresh-
olds between 0.50 and 0.60 (Figure 4), demonstrating that
the model’s performance is not overly sensitive to the exact
cutoff point. This stability supports the use of p = 0.55 as
a balanced operating point, while also providing assurance
that small variations in the decision rule would not affect the
change detection outcomes considerably.

Post-classification comparison & transition logic A
four-state transition matrix is computed: stable forest, sta-
ble non-forest, deforestation (M1 = 1 → M2 = 0), and af-
forestation/regrowth (M1 = 0 → M2 = 1). To suppress
salt-and-pepper noise, connected-component filtering elimi-
nates patches smaller than 3 contiguous pixels (≈ 0.005 ha).

Results

The performance of the trained forest segmentation model
was evaluated on the hold-out validation dataset, comprising
super-resolved 2.5m image tiles and ground truth labels un-
seen during training. After 50 epochs of training, the U-Net
model with the EfficientNet encoder achieved the following
key performance metrics on the test set (Table 3):

Fig. 4 Sensitivity to Probability threshold for forest class

Table 3 Segmentation metrics

Metric Value

Test Accuracy 95.8%
Test F1-Score (Forest Class) 91%

These results indicate a high overall pixel classification ac-
curacy and, more importantly, a strong performance in accu-
rately identifying and delineating forest areas, as reflected by
the high F1-score. This suggests that the combined approach
of using super-resolved imagery and the chosen deep learn-
ing architecture is effective for detailed forest mapping in this
context (Table 4).

Table 4 Per class Segmentation metrics

Forest (positive class) Non-Forest

Precision 0.900 0.976
Recall 0.920 0.969
F1 0.910 0.973

The resulting change map highlights areas of forest transi-
tion. The use of 2.5m super-resolved imagery in this process
allows for the detection of finer-scale changes compared to us-
ing native 10m resolution data, potentially revealing smaller
clearing events or initial stages of regeneration that might oth-
erwise be missed (Table 5). This methodology provides a
valuable tool for quantifying forest cover changes across Azer-
baijan, supporting efforts in monitoring deforestation rates, as-
sessing reforestation projects, and understanding land cover
dynamics.
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Table 5 Change detection metric comparison

Image Accuracy IOU F1

10m resolution images 0.932 0.795 0.843
Images using SR as a preprocessing step 0.958 0.856 0.896

Images in Figures 5, 6 and 7 demonstrate the performance
difference between Sentinel and high resolution; the first one
is the result of the original image, and the second one is pro-
cessed using a super-resolution algorithm.

Fig. 5 Comparative performance of change-detection metrics (10m
vs 2.5m SR) with 95% CI

The integration of the super-resolution step, enhancing
Sentinel-2 imagery to an effective 2.5m resolution, signifi-
cantly impacts the accuracy and detail of the forest change de-
tection process compared to performing the analysis directly
on native 10m resolution data.

We achieved a substantial increase of 6% IOU in change de-
tection after applying the super-resolution step. By providing
a finer-grained 2.5m representation, SR reduces pixel mixing,
leading to sharper boundary delineation in the segmentation
maps at both T1 and T2. Consequently, the comparison be-
tween these maps is more likely to reflect true boundary shifts
rather than noise or ambiguity inherent in the coarser reso-
lution data, thereby increasing the geometric accuracy of de-
tected changes (Figure 6).

While SR offers significant advantages, its use also intro-
duces considerations: Any artefacts or inconsistencies intro-
duced by the SR algorithm itself could potentially be misin-
terpreted as a change if they differ between the T1 and T2 pro-
cessed images (Figure 7). Consistent application and valida-
tion of the SR model are necessary to minimise this risk. The
heightened sensitivity might detect very minor or ephemeral
changes (e.g., seasonal canopy variations misinterpreted as
gain/loss if images are not carefully selected from similar phe-
nological periods) that may need to be filtered out depending
on the specific definition of significant change (e.g., by apply-

Fig. 6 Comparison between the mask quality of Super Resolution
and Low Resolution satellite images

ing a minimum mapping unit threshold to the change results).

Fig. 7 Artefacts created during Super Resolution

In summary, leveraging super-resolved imagery within a
post-classification change detection framework is expected to
yield more accurate and detailed results, particularly in cap-
turing fine-scale forest dynamics and improving the precision
of boundary change localisation.

Fig. 8 Detection of non-forest area in Low Resolution and Super
Resolution images

Discussion

This study demonstrates the efficacy of integrating super-
resolution as a pre-processing technique to enhance the util-
ity of Sentinel-2 imagery for detailed forest segmentation. By
computationally increasing the effective spatial resolution to

8 | © The National High School Journal of Science 2025



2.5m using a SWINIR model trained on unpaired data, we pro-
vided the subsequent U-Net segmentation network with richer
spatial information, particularly concerning forest boundaries
and small-scale features. The resulting model achieved high
accuracy (0.958) and a robust F1-score (0.91) for the forest
class on the held-out test set, indicating a significant improve-
ment in the ability to accurately map forest extent and struc-
ture. While the super-resolution process itself presents ongo-
ing challenges and opportunities for further refinement, par-
ticularly in generating highly faithful high-frequency details
without artefacts (Figure 9), our results indicate that even the
current state-of-the-art SR methods can yield tangible ben-
efits. This approach offers a promising pathway to lever-
age freely available Sentinel-2 data for more granular for-
est monitoring tasks previously hindered by native resolution
constraints, although continued research into optimising the
super-resolution component is warranted to unlock its full po-
tential.

The practical implications of these findings extend to op-
erational forest monitoring systems currently deployed at a
global scale. While global monitoring systems such as Global
Forest Watch rely on Sentinel-2’s 10 m native resolution, our
findings demonstrate that super-resolution preprocessing can
bridge much of the gap to commercial high-resolution im-
agery while retaining the global accessibility of free Sentinel-
2 data. This enables finer-scale detection of forest loss and
boundary changes than current operational platforms, offer-
ing a practical pathway to enhance existing global monitoring
frameworks with sub-hectare precision. Such improvements
are particularly valuable for detecting small-scale deforesta-
tion events, illegal logging activities, and subtle forest degra-
dation that may be missed at coarser resolutions.

An important consideration for the broader application of
this methodology concerns its generalisability across diverse
geographical contexts. While the model was trained exclu-
sively on data from Azerbaijan, the diversity of the forest
ecosystems included (from mountainous mixed forests to sub-
tropical lowlands) provides a degree of robustness. We hy-
pothesise that the model has learned fundamental features of
forest structure (e.g., texture, edges, canopy patterns) that are
transferable to other temperate and subtropical ecosystems.
However, its performance in vastly different environments,
such as dense tropical rainforests or sparse boreal forests,
would likely require region-specific fine-tuning. We frame this
as a key area for future investigation to assess the model’s ex-
ternal validity on a global scale.

Beyond geographical generalisability, the primary focus of
this research was to validate the effectiveness of SR pre-
processing for the specific and critical task of delineating for-
est extent to monitor deforestation, which motivated our bi-
nary classification approach (forest vs. non-forest). How-
ever, we acknowledge that extending this framework to multi-

class segmentation scenarios, such as distinguishing between
different forest types, shrubland, grassland, and agricultural
land would demonstrate the broader applicability of the pro-
posed methodology. Such extensions would not only test the
robustness of the SR-enhanced segmentation pipeline across
more complex classification schemes but would also provide
valuable insights for diverse land cover mapping applications.
This represents an important direction for future research,
where the interplay between super-resolution fidelity and the
discriminative capacity required for fine-grained land cover
classes can be systematically explored.
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