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Introduction

Happiness can be found even in the darkest of times,

if only one remembers to turn on the light.

Global food security and environmental sustainability are among the greatest
challenges of the 21% century. Population growth, climate change, and resource con-
straints demand more efficient crop production, for this reason precision agriculture
has emerged as a key strategy to address these challenges by optimizing farm man-
agement at fine spatial scales. In the context of remote sensing, meaning the use of
satellite or airborne imagery to observe the Earth’s surface, provides indispensable
support. Satellite imagery can capture large agricultural areas repeatedly and non-
invasively, offering insights into crop health, soil properties, water stress, and yield

variability without requiring exhaustive field surveys.

As Phiri et al. [9] note, Sentinel-2’s improved spatial, spectral and temporal reso-
lution was designed specifically to meet the needs of the agricultural community, and
remote sensing now provides crucial contributions to large-scale agriculture monitor-
ing. In other words, multispectral satellite data can serve as a tool for laborious man-
ual crop surveys, enabling precision management of fertilizers, irrigation, and pest
control on regional or even global scales. All of this is possible because information
captured by remote sensors give access to plant physiology via spectral signatures.
In fact, plants strongly absorb visible light (especially blue and red wavelengths) for
photosynthesis, while reflecting strongly in the near-infrared (NIR) and due to cel-

lular structure [10]. By measuring reflectance in specific bands, one can derive veg-
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etation indices that correlate with biomass, chlorophyll content, or water stress. For
example, the well-known Normalized Difference Vegetation Index (NDVI) is defined
as

PNIR T PRed

where pnir and preq denote the surface reflectance in the near-infrared and red
bands, respectively. NDVI provides a normalized measure of vegetation greenness
and is often used to estimate crop vigor and predict yields. Figure 1 shows an il-
lustrative Sentinel-2 scene and the corresponding NDVI map, demonstrating how
multispectral data highlights vegetated areas. By monitoring NDVI and related in-
dices over time, one can detect nutrient deficiencies, water stress, or disease out-
breaks early, guiding targeted interventions. In summary, the synergy of precision
agriculture and satellite remote sensing arises because satellites like Sentinel-2 en-
able repeat, high-coverage monitoring of crop fields, transforming global agricultural

management.

Figure 1: Example an RGB image (left) and derived NDVI index (right), illustrating
how multispectral data can quantify vegetation health. Green color indicates a good
vegetation health, while red color suggests bad vegetation health. [1]

Motivated by the importance of multispectral imagery in the remote sensing

panorama, the research presented in this thesis focuses on enhancing representations
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processed by deep neural networks. More in detail, this work addresses two key chal-
lenges in this applicative context: the inherently low spatial resolution of multispec-
tral imagery and the scarcity of large-scale annotated datasets. To summarize, the

main contributions presented in this thesis are:

* Swin2-MoSE, a novel Single-Image Super-Resolution (SISR) [11] method is
proposed to solve the issue of low spatial resolution in multispectral remote

sensing imagery.

* A new self-supervised method for pretraining geospatial image-processing deep
learning models, which exploits the hierarchical structure of Discrete Wavelet
decomposition to build richer feature and transfer them to specific downstream
tasks, namely WaveMAE.

Single-Image Super-Resolution Single-Image Super-Resolution (SISR) aims to
reconstruct a high-resolution (HR) image from a single low-resolution (LR) obser-
vation. The objective is to recover high-frequency spatial details that are lost due to
degradation processes such as downsampling, sensor limitations, or transmission ar-
tifacts. Formally, given an LR image Iz € RY*W  the task is to estimate its HR

counterpart Iz € R¥TXsW

, where s denotes the desired upscaling factor.

The SISR problem is inherently ill-posed, since multiple HR images can cor-
respond to the same LR observation. As a consequence, early methods relied on
handcrafted priors and interpolation-based approaches (e.g., bicubic upsampling),
which often produced overly smooth results. The introduction of learning-based tech-
niques—first through sparse coding and later through deep convolutional neural net-
works (CNNs)—has dramatically advanced the field by enabling the model to learn
powerful image priors directly from data.

In recent years, deep learning-based methods have achieved remarkable perfor-
mance improvements, driven by architectures such as residual networks, attention
mechanisms, and, more recently, Vision Transformers (ViTs). These models can in-
fer high-frequency textures and edges more accurately, leading to reconstructions
that are both quantitatively and perceptually superior. Despite these advances, sev-

eral challenges remain open: achieving a balance between pixel-wise accuracy (e.g.,



4 Introduction

PSNR, SSIM) and perceptual quality, improving generalization to real-world degra-
dations, and reducing computational cost for high-resolution inference.

SISR has widespread applications, including remote sensing, medical imaging,
video surveillance, and digital photography enhancement. Its ability to enhance visual
detail from limited data makes it an essential component in many computer vision and
image restoration pipelines.

Masked Image Modelling and Self-supervised learning

Self-supervised learning (SSL) denotes a class of learning paradigms in which su-
pervisory signals (labels) are derived automatically from the raw data, removing the
need for manual annotations. By training on proxy (pretext) tasks that require rea-
soning about structure, geometry, or semantics, SSL. methods induce deep networks,
to learn representations transferable effectively to downstream tasks, even with high
parameter count and limited labeled data, a situation often leading to the inability
of generalizing data. Common pretext tasks include contrastive instance discrimina-
tion, rotation prediction, and reconstruction-based objectives. These encourage deep
networks to capture invariant and semantically meaningful features on large scale
unlabelled dataset.

Masked Image Modelling (MIM) is a reconstruction-based SSL pretext task tai-
lored to images. In MIM, an input image is partitioned into patches and a subset
M of patches is retained, the model is trained to predict the content of the masked
patches from the visible context. Architecturally, MIM typically employs an encoder
that processes visible patches and a lightweight decoder that reconstructs masked re-
gions. The learning objective focuses on reconstruction over masked locations, for

instance:
1

Lyviim = ™ > (pipi),
ieM
where p; and p; are the ground-truth and reconstructed patches, and ¢(-,-) denotes a
suitable regression or perceptual loss.
MIM promotes learning of both local texture and long-range contextual depen-
dencies, producing representations well-suited for dense prediction and restoration

tasks. Its simplicity, scalability to large unlabelled datasets, and strong empirical
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transferability make MIM an attractive pretraining strategy for downstream problems
such as single-image super-resolution.

The thesis is structured in the following way:

* Chapter 1: provides a detailed overview of state-of-the-art approaches related

to this dissertation’s topics.

» Chapter 2: presents an in-depth analysis of the research findings. Specifically
Section 2.1 regards the proposed architecture for the Single-Image Super-Resolution
task, Section 2.2 includes all the details and studies on the novel Discrete

Wavelet Transform powered self-supervised Masked Image Modelling method.

 Chapter 3: explains the conclusions drawn from this research and outlines po-

tential future work.
» Chapter 4: lists the publications produced during the doctoral research.

* Appendix: contains other relevant work by the author that is not directly related

to remote sensing.






Chapter 1

Background

All we have to decide is what to do with the time that is given us.

1.1 Vision Transformers

All work presented in this dissertation builds upon the Vision Transformer archi-
tecture and its variants. The Vision Trasformer is an adaptation of the Transformer
architecture [12] from Natural Language Processing domain to the Image Processing
domain. Vision Transformers (ViT) transplant the Transformer encoder to vision by
tokenizing an image into a sequence of fixed-size patches, projecting each patch to a
token embedding, adding positional encodings to let encoder discriminate the posi-
tion of the patches in the original image. Successively the resulting token sequence
are processed with multi-head self-attention and feed-forward blocks [13]. By remov-
ing the explicit convolutional inductive bias, ViT relies on large-scale pretraining to
learn useful spatial priors and has been shown to produce strong results on image
classification and transfer benchmarks when trained at sufficient scale [13]. The full

architecture can be seen in Fig. 1.1.
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Figure 1.1: The structure of a Vision Transformer encoder. The figure on the right, il-
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lustrates the internal architecture of the deep network, highlighting the primary mod-
ules within each ViT block. Here, L denotes the architectural depth, indicating the
frequency with which the transformer’s blocks are consecutively reiterated.
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1.1.1 The attention operation

The fundamental operation of Transformer models is scaled dot-product attention
[12]. Given queries @, keys K and values V, the attention output is

. QK"
Attention(Q, K,V) = softmax | ——= | V,
Vd
where d is the dimensionality of the queries/keys. Multi-head attention splits the
representation into several subspaces (heads) and concatenates independent atten-
tion outputs to allow the model to attend to different types of relationships in paral-
lel [14]. This mechanism enables direct pairwise interactions between all tokens and
is highly parallelizable, which partly explains the Transformer’s empirical success

across modalities.

1.1.2 Swin Transformer

The Swin Transformer adapts the ViT design to a hierarchical feature representa-
tion and shifted window self-attention [15]. Instead of global attention over all to-
kens (quadratic in the number of patches), Swin computes self-attention within non-
overlapping local windows and shifts the window partition between successive layers
to allow cross-window connections, as shown in Fig. 1.3. The model also performs
stage-wise patch merging to produce multi-scale feature maps similarly to CNN fea-
ture pyramids, the complessive architecture can be see in Fig. 1.2. These design
choices reduce computational complexity with respect to image size while preserving
the ability to model long-range context through successive windowing and hierarchi-

cal aggregation.

1.2 Single-Image Super-Resolution

As previously introduced, remote sensing has grown in significance due to its many
uses, the most notable of which are in agriculture. Increased crop productivity and

reduced resource waste are two potential outcomes of using multi-spectral satellite
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Figure 1.2: The architecture of a Swin-Transformer.
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Figure 1.3: An illustration of the windowing mechanism implemented in Swin-

Transformer. The attention is calculated within the non overlapping windows, al-

leviating the quadratic complexity requirements for the operation.
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imagery for crop segmentation and classification, disease diagnosis, and autonomous
irrigation control. However, satellites frequently deliver images with insufficient res-
olution for their intended uses, owing to optical and sensor technologies. I have been
working on a framework that offers a fresh approach and surpasses the present state of
the art, highlighting the critical significance of researching new and powerful remote

sensing super resolution techniques.

The scientific community, have recently focused on image Super-Resolution (SR),
which is the process of creating high-quality images from Low-Resolution (LR) ones
[16-18]. Transforming low-resolution (LR) photographs that lack clarity or sharpness
into high-resolution (HR) images that do have improved details is the main objective
of sharpness restoration (SR). Classification and segmentation are only two of the
many image processing and machine learning applications that could benefit from

this enhanced picture detail.

The advancement of super-resolution techniques in the niche area of remote sens-
ing imagery has received substantial research attention [19-22]. Fixing the naturally
poor spatial resolution of UAV or satellite-obtained images was the initial focus of
the literature. Today, this super-resolution problem is more important than ever be-
fore because of the abundance of satellites that can detect a wide range of supplemen-
tary spectral bands, including infrared and near-infrared spectra. The greater spectral
range of frequencies per pixel in multi-spectral photography comes at the cost of
even lower spatial resolution. As a matter of fact, due to financial and technological
limitations, Earth observation satellites’ spatial and spectral resolutions seldom reach
the targeted high level. There are numerous applications that could gain advantages
from having access to higher resolution images. For instance, land use and land cover
classification, object detection, change detection, and resource management involv-
ing forests, water, and minerals. Because of this, I have been working on a framework
to remedy the problem of low-resolution multispectral imagery in remote sensing by
integrating the abundant low-resolution data sets with an approach that reliably recre-
ates high-frequency details compared to earlier approaches. In addition, the lack of
super-resolution methods in the field of remote sensing was addressed by developing

a framework that is optimized for satellite data. This type of imagery differs signifi-
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cantly in scale and semantics from the standard RGB imagery that most SR methods

are trained on.

One important form of SR approach is multi-image super-resolution (MISR),
and another is single-image super-resolution (SISR). According to Anger et al. [23],
Lafenetre et al. [24] and Nguyen [25], MISR is used to create a high-resolution im-
age (HR) by concatenating together multiple low-resolution (LR) images captured at
various times or from different angles during satellite passes. In this thesis, the fo-
cus will be on SISR, a method that uses a single LR input to create the HR image.
Several factors make SISR more attractive than MISR. The first benefit is a simpli-
fication of operations: processing a single image eliminates the requirement for the
computationally costly alignment and registration of numerous images. The second
advantage is that it is more versatile than MISR as it doesn’t need a bunch of photos
of the same location. Lastly, it’s less likely to cause blurring or loss of clarity during
interpolation, and it’s quicker to implement as it only needs one image to be captured.
MISR and SISR are both ill-posed problems due to the fact that each given LR image
could correlate to an unlimited number of HR photos, for this reason SISR presents a
more formidable challenge due to the fact that, by definition, the access is restricted
to a single image.

In this section several important methods will be shown to highlight the state of
the art in both natural imagery and remote sensing. When compared to natural im-
agery, remote sensing images are significantly different in terms of their acquisition
method, spectral properties, and intended uses. Photos taken with regular cameras or
other natural sources usually only record in the visible light spectrum (red, green,
and blue) because that’s what humans use for visual interpretation. Contrarily, sen-
sors affixed to satellites or planes collect data across various spectral bands, such as
the visible, infrared, and microwave ones, to provide remote sensing images. Differ-
ences in detail, scale, and data format are also caused by the fact that remote sensing
images frequently have different spatial, spectral, temporal, and radiometric resolu-
tions. These resolutions are determined by the type of sensor used and the mission
objectives. Because of the unique challenges posed by sensor properties, atmospheric

influences, and georeferencing, natural image analysis is not applicable to the inter-
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pretation and processing of remote sensing images.

1.2.1 Super-Resolution for Remote Sensing Images via Local-Global

Combined Network
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Figure 1.4: Architecture of the CNN based method LGCNet for remote sensing super

resolution.

Applying traditional super-resolution methods that use IHS (Intensity, Hue, Satu-
ration) transformations to very high resolution satellite data acquired through SPOT6/7
and Pleiades 1A/1B platforms, such as SRCNN [26] and VDSR [27], has shown en-
couraging results in earlier studies. Nevertheless, it is crucial to develop dedicated
models for Remote Sensing Single-Image Super-Resolution (RS-SISR) [28] because
of the different nature of remote sensing images. Among the first CNN approaches
dedicated to RS-SISR is worth mentioning Local-Global Combined Network, intro-
duced by Lei et al. [29], proposes a new network design to exploit both local-global
feature for a better image representation. Multilevel information could be very use-
ful for tasks that need to make images super-resolution, especially for remote sensing

images. For this reason, as shown in Fig. 1.4, the first part of the network is composed
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of a concatenation of different convolutional layers dedicated to learning a deep rep-
resentation. At its core, multi-scale learning is performed in the second component of
the network. By merging the convolutional outputs of various layers, a forked struc-
ture is typically used to execute local-global combination. Finally, for reconstruction,

these merged representations are fed into one convolutional layer.

1.2.2 High Quality Remote Sensing Image Super-Resolution Using Deep
Memory Connected Network

HR (output
ILR (input) (output)

Block2 *5

Figure 1.5: Architecture of the CNN based method DMCN for remote sensing super
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resolution.

In their study, Xu et al. [30] introduced Deep Memory Connected Network, a net-
work that uses local and global memory connections to include picture information
and environmental context into its architecture. As the previous work, the core idea
is to mix the local and global features to build a richer representation that effectively
fuses local details with global information in each image. The overall structure of
DMCN is illustrated in Fig. 1.5. An input layer, a downsampling unit, an upsampling
unit, and an output layer make up DMCN. The proposal for reducing the spatial size
of the feature map in DMCN is an hourglass structure. A convolutional layer with
stride=2 is included in every downsampling unit, which reduces the feature map by
a factor of 2. Each upsampling unit is designed with an upscale factor of 2 to re-
construct the feature map. By implementing this hourglass structure, the architecture

is able to drastically cut down on time complexity without sacrificing performance.
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Figure 1.6: Detailed representation of the DMCN’s building blocks.

The feature encoding is performed by two kind of convolutional blocks shown in Fig.
1.6, each used respectively in the downsampling unit and in the upsampling unit. By
downsampling the feature maps, it’s possible to access features at higher scale, in
the upsampling unit these high-scale features are mixed to lower-scale features using

skip connections.

1.2.3 Transformer-based restoration and SwinIR

Building upon the Swin transformer architecture, authors of SwinIR [31] introduced
anovel Residual Swin Transformer Block for deep feature extraction exhibiting note-
worthy performance for this task. The model couples a small convolutional front end
with a stack of locally attentive transformer blocks and a concise reconstruction head,
refer to Fig. 1.7 for a representation of the full architecture. This hybrid arrangement
preserves the inductive bias of convolution for coarse structure while using attention
to recover fine, content-dependent detail that standard convnets often blur.

Formally, given a degraded input image I, € RAXWXCinthe network first com-

putes a shallow embedding by a small convolutional operator:

Fo = Hgr(ILq),
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Figure 1.7: Schematic overview: shallow convolutional embedding, stacked residual
Swin Transformer blocks with shifted-window attention, and a compact reconstruc-

tion head.

where Hgp is typically a 3 x 3 convolution mapping image space into a feature mani-
fold of dimension C. A deep extractor Hpp, implemented as K residual Swin Trans-
former blocks (RSTBs), refines the shallow features:

Fpr = Hpr(Fp), Fpr = Hconv (Fk),

with F; = Hrgsrg, (Fij—1) fori=1,..., K and Hcony a final convolutional refine-
ment. The reconstruction module combines the shallow and deep streams through a

long skip connection and produces the restored image:
Inq = Hrec(Fo + Fpr).

For super-resolution the reconstruction head uses a sub-pixel upsampling stage, for
denoising or artifact removal a single convolutional output suffices. Training is com-

monly performed with a robust pixel-wise objective, typically the L; loss:

L= Inq—Iarlh-

Two design elements are central to SwinlIR’s behaviour. First, self-attention is
confined to small, non-overlapping windows rather than applied globally. This choice

keeps computational and memory cost near-linear in the pixel count: full self-attention
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scales quadratically with the number of tokens, whereas windowed attention reduces
the dominant cost to the product of image size and the square of the window side. To
avoid the isolation typical of fixed-window processing, the window partition is shifted
between consecutive layers: the shift allows adjacent windows to exchange informa-
tion and thus extends the effective receptive field without incurring global attention
cost. Second, residual grouping—stacking several transformer layers inside a resid-
ual block and following them with a convolutional refinement—preserves gradient
flow and restores translation-friendly inductive bias that pure attention may weaken.
Together these choices enable the model to act as a content-adaptive filter: attention
weights effectively implement spatially varying convolution kernels that depend on
local context.

Empirically, SwinIR attains state-of-the-art or near state-of-the-art peak-signal
metrics on classical color restoration benchmarks while often using fewer parameters
than some earlier convolutional baselines. The paper reports consistent gains across
multiple restoration variants (standard super-resolution, lightweight SR, real-world
settings and denoising), indicating that the hybrid architecture generalizes beyond a
single narrow task. At the same time, applying the design directly to remote-sensing
data requires several practical adaptations. Multispectral sensors produce much richer
spectral content than RGB images, tile sizes are typically larger, and radiometric
scales can differ markedly from consumer photography. Therefore, the initial three-
channel embedding should be replaced by a band-aware projection that mixes spectral
channels efficiently, and tiling strategies (with overlaps selected relative to window
size) must be used to prevent border artifacts at very large image scales. Normaliza-
tion and radiometric preconditioning informed by sensor calibration are also advis-
able.

1.2.4 SwinFIR: Revisiting the SwinIR with Fast Fourier Convolution
and Improved Training for Image Super-Resolution

SwinFIR revisits the SwinIR design and addresses a central limitation of windowed
attention: the slow accumulation of truly global context in early layers due to the win-

dowing mechanism. The authors introduce a Fast Fourier Convolution (FFC) branch
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Figure 1.8: In this figure the SwinFIR pipeline is shown (shallow conv — RSTB stack
— reconstruction) and the SwinFIR augmentation (a compact FFC branch fused into

the spatial stream).

that provides an image-wide receptive field by performing lightweight learned oper-
ations in the frequency domain and fusing them with the local, windowed features
inherited from the Swin backbone. In compact mathematical form the FFC branch

may be seen as
FFC(X)=IFFT(M(w) ®FFT(X)) + G(X),

where X are intermediate spatial features, FF'T/IFFT denote the discrete Fourier
transform pair, M (w) is a learned modulation over frequency coordinates w, ® is
pointwise multiplication in frequency space, and G is a small local operator that pre-
serves or refines locality. Because FFT-based mixing attains an image-wide receptive
field at modest cost (FFT complexity scales like O(N log N)), the FFC branch sup-
plies immediate global cues, slow gradients, extended linear structures, repetitive pat-
terns—that the windowed Swin path only acquires gradually through shifted-window
propagation. SwinFIR fuses the FFC output back into the spatial stream inside a Spa-

tial Frequency Block, keeping the fusion lightweight so that practical inference cost
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rises little compared to the SwinIR baseline. The authors also show that modest but
careful changes to the training recipe (stronger augmentation, pragmatic pretraining
and simple ensemble techniques at test time) compound the architectural benefits into
consistent metric gains on standard super-resolution benchmarks [32].

Viewed together, SwinIR and SwinFIR offer complementary design lessons. SwinlR
supplies an efficient local-attention backbone with an explicit low-frequency skip that
stabilises training and isolates high-frequency recovery, while SwinFIR demonstrates
that grafting a compact, frequency-domain global mixer onto that backbone remedies
the slow accrual of global context and improves recovery of large-scale structures.

The full architecture of SwinFIR is shown in Fig. 1.8.

1.2.5 Swin2SR: SwinV2 for compressed-image super-resolution and restora-

.
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Figure 1.9: Swin2SR architecture: SwinV2-based Residual Transformer Blocks
(RSTB_V2) in the deep extractor, long-skip shallow path, pixel-shuffle reconstruc-
tion, and the auxiliary/high-frequency losses used during training.

Swin2SR adapts the SwinV2 transformer to the problem of super-resolution and
restoration of compressed images, with a design and training recipe that explicitly
target the practical problems that arise when inputs contain heavy codec artifacts

(JPEG etc.). The methodology demonstrates that modest but well-chosen changes at



20 Capitolo 1. Background

the attention, normalization and loss-function level yield a model that trains more
stably, generalises better to higher-resolution inference, and converges faster than
the original SwinlR instantiation [33]. Like SwinIR, Swin2SR follows a three-stage
decomposition: a shallow convolutional embedding, a deep feature extractor formed
by a stack of residual transformer blocks, and a compact reconstruction head that
produces the high-resolution output (pixel-shuffle when upscaling), refer to Fig. 1.9.
Denoting the low-quality input by I1,q € RHE*XWXC the shallow embedding is

Fo = Hgr(ILq),

and the deep extractor (now composed of Residual SwinV2 Transformer Blocks,
RSTB_V?2) refines these features:

Fpr = Hpr(Fp), Fpr = Hconv (Fk),

where each block contains several SwinV2 Transformer layers (S2TL). The recon-
struction module fuses Fj and Fpr through a long skip and yields the restored image

Inq = Hrec(Fo+ Fpr).

The most important novelties introduced by Swin2SR are the post-layer normaliza-
tion, a scaled cosine attention and a continuous, log-spaced relative position bias.
In the first case, SwinV2 replaces the pre-norm configuration by post-norm, which
empirically reduces feature variance in deep layers and improves numerical stability
when scaling depth and capacity. This change helps avoid exploding/vanishing inter-
nal statistics that otherwise complicate long training runs or large models. Secondly,
the dot-product similarity in conventional attention is replaced by a cosine-similarity
kernel scaled by a learnable per-head scalar. Concretely, for queries ¢, keys k£ and

values v it’s possible to write the S2 attention weights as

(g, k)
lalll%]l

where 7 > 0 is a learnable scale (not shared across heads/layers) and B denotes the

Attn(g, k,v) = softmax (7 + B)w,

relative positional bias term. Normalising by vector norms reduces the domination of
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a few large dot products and produces a more balanced attention distribution across
pixels, which in turn helps stability and generalisation. Finally, the discrete table of
relative biases used in the original Swin is replaced by a continuous formulation that
can be evaluated at arbitrary window resolutions, this mitigates the so-called resolu-
tion gap between pre-training at one size and inference at a larger size because the
model can generalise position bias to unseen spatial scales. Losses designed for com-
pression robustness. Swin2SR augments the simple reconstruction loss with auxiliary
terms crafted for compressed inputs. Two of these are particularly relevant and easy
to state. The auxiliary (downsample) consistency loss enforces that the downsampled

prediction matches the downsampled ground truth:
Eaux = H D(Ipred) _D(IGT) Hl’

where D denotes a downsampling operator (for instance bicubic with the appropriate
scale). The high-frequency (HF) loss focuses supervision on details by extracting
a high-pass component H(-) (e.g., via Laplacian or guided high-pass filtering) and

penalising its mismatch:
ﬁHF = H H(Ipred) - H(IGT) ||1

The final training objective is a weighted combination of the main reconstruction loss

and these auxiliary terms:
L = Ly + AauxLanx + Aur LHF-

These terms encourage the network to avoid producing artifacts that survive a coarse
downsampling and to prioritise faithful recovery of high-frequency content that codecs
tend to obliterate. Swin2SR’s advantage over earlier methods such as SwinlIR is not
the result of a single radical change but rather of a careful rebalancing of algorith-
mic, numerical and optimisation elements that together make the model both easier to
train and better suited to degraded, compressed inputs. At the numerical level, replac-
ing dot-product attention with a scaled cosine similarity and switching to post-layer
normalization markedly reduce pathological variance in deep features. Normalising

the similarity scores in this way prevents a few large dot products from dominating
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the softmax, which produces a more balanced distribution of attention weights and re-
duces sensitivity to learning-rate schedules and initialization. In practice, this stability
means models can be trained deeper or with larger capacity without extensive manual
tuning, and they converge more reliably across different datasets. A second, related
benefit concerns generalisation across resolutions. The continuous, log-spaced for-
mulation of relative position bias used in this work mitigates the resolution gap that
commonly afflicts transformer backbones: models pre-trained or tuned at one patch
size often suffer when evaluated at larger tiles because discrete, table-based biases do
not extrapolate. By parameterising positional bias in a continuous manner the model
can evaluate relative positions at arbitrary scales, which translates into more graceful
behaviour when a pre-trained backbone is applied to higher-resolution satellite tiles
or to inference regimes that differ from the training crops. From a systems perspective
the combined effect of these changes is faster and more robust training. The stabil-
ity improvements reduce the need for brittle learning-rate schedules, long warmups,
or extensive ad-hoc normalisation, the specialised losses steer optimisation toward
solutions that generalise to compressed inputs and the architecture retains the win-
dowed attention that preserves near-linear memory scaling. Finally, Swin2SR offers
a foundation that is both dependable in training and adaptable at inference, making it
an attractive baseline to build upon or to combine with complementary ideas such as

frequency-domain mixers or spectral-aware preconditioning [31-33].

1.2.6 Dual Aggregation Transformer (DAT) for Image Super-Resolution

The Dual Aggregation Transformer (DAT) [34] represents a significant step forward
in transformer-based image restoration by explicitly integrating attention along both
spatial and channel dimensions. Unlike previous architectures that rely primarily on
spatial self-attention (SSA). DAT argues that strong cross-channel correlations re-
main underexploited. For natural and remote-sensing imagery alike, this assumption
is justified: many textures or materials manifest distinctive patterns in the joint spa-
tial-spectral domain. DAT’s design is therefore motivated by the need to aggregate
global dependencies both within spatial neighborhoods and across feature channels,

achieving a richer representation that enhances reconstruction quality and stability.
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Figure 1.10: Overview of the Dual Aggregation Transformer (DAT) architecture.
Each block alternates between Spatial Self-Attention (SSA) and Channel Self-
Attention (CSA). The Adaptive Interaction Module (AIM) fuses outputs from both
domains, while the Spatial-Gate Feed-Forward Network (SGFN) enhances local de-

tail. The architecture preserves a long skip connection from shallow to deep features.

The core component of DAT is the Dual Aggregation Transformer Block (DATB),
which alternates between two complementary forms of attention: Spatial Self-Attention
(SSA) and Channel Self-Attention (CSA). Given an input feature tensor X; € RAXWXC
each block performs attention either across spatial tokens or across channels, depend-

ing on its position in the stack. Formally, the block operation can be expressed as
X1 = SGFN(AIM(Attn(X,)) + X, ),

where Attn(-) denotes either SSA or CSA, AIM(-) is an Adaptive Interaction Mod-
ule that merges and rebalances features from both attention domains, and SGFN(-)
denotes a Spatial-Gate Feed-Forward Network (SGFN) introducing spatially adaptive
filtering after the attention step. The Spatial Self-Attention (SSA) module focuses on
aggregating global context across spatial positions within each feature map. It is de-
signed to capture structural dependencies such as edges, repetitive patterns, and spa-
tial textures that determine visual sharpness. In contrast, the Channel Self-Attention
(CSA) module operates transversely across feature channels, modelling inter-channel
or inter-spectral correlations. By alternating these two types of attention across the
network depth, DAT progressively enriches the feature representations and allows
spatial and channel cues to inform one another through residual feedback. The Adap-

tive Interaction Module (AIM) plays a central role in maintaining coherence between
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these two attention dimensions. After each attention operation, AIM fuses the fea-

tures from SSA and CSA branches through a learned reweighting mechanism:
YV =a-Xgsa+(1-a) Xcsa,

where the coefficient « is dynamically predicted from the feature statistics. This fu-
sion allows the model to self-adjust the relative importance of spatial versus channel
cues depending on the input content, for instance, favouring channel cues in spec-
trally rich regions or spatial cues in highly textured areas. Finally, the Spatial-Gate
Feed-Forward Network (SGFN) extends the conventional position-wise feed-forward
network by introducing spatial gates that act as attention filters over the feature maps.
In contrast to the pointwise MLPs in traditional transformers, SGFN explicitly modu-
lates non-linear transformations according to spatial context, improving the ability to
refine edges and local textures. The complete DAT architecture follows a hierarchi-
cal encoder—decoder design similar to SwinIR, shown in Fig. 1.10, consisting of an
initial shallow convolutional embedding, a deep sequence of DAT blocks, and a re-
construction module with pixel-shuffle upsampling. A long skip connection between
shallow and deep features ensures stable convergence and retention of low-frequency
content.

In essence, DAT offers a unified perspective on spatial structure and spectral co-
herence by alternating and integrating both forms of attention: the model achieves
a joint optimisation of geometric accuracy and radiometric consistency, a prerequi-
site for reliable downstream analysis such as classification, segmentation, or change

detection.

1.3 Masked Image Modelling

Contemporary visual representation learning increasingly relies on methods that pre-
sume abundant labeled data due to larger and deeper models which require high
amount of data to train. For large collections of remote sensing images, annotation
is costly and often impractical: this motivates learning useful feature extractors from

raw measurements alone. In this thesis I investigate the directions masked image
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modelling as a Self-Supervised Learning (SSL) pretraining method to refrain from
large labelled dataset and obtain better performance in several specific tasks. In this
family of methods it’s necessary to define surrogate tasks that forces an encoder net-
work to capture structure in the data without human-provided labels, after which the
pretrained encoder can be adapted to downstream tasks (super-resolution, classifica-
tion, segmentation, regression) by finetuning in a supervised fashion.

The remainder of this introduction explains the fundamental principles behind
self-supervised learning, describes the masked image modeling paradigm that has
recently proven effective for vision transformers, and clarifies how these ideas apply
to multispectral remote sensing.

The canonical SSL workflow splits into three components: an encoder fy that
maps an input image x to a representation z = fy(x), a lightweight projection or
prediction head g4 optionally used during pretraining, and a surrogate loss L. that
encourages useful invariances or predictive structure. After pretraining, the projection
head is typically discarded and the encoder fj is transferred to downstream tasks.

Contrastive methods create positive and negative pairs and train the encoder to
pull positives together while pushing negatives apart. Let = be an image and ¢(-) a
stochastic data augmentation. Form two correlated views x; = t;(x) and ;= tj(a:).
Passing these through encoder and projector yields

v; = go(fo(zi)), vj = go(fo(xy)).

A widely used contrastive loss is the InfoNCE objective: for a positive pair (z,) and

a set V of negatives,

exp (Sim(’Uz‘a ”j)/T)

exp (sim(v;,v;)/7) + > perrexp (sim(vi,vg) /7)’

ﬁNCE(i,j) = —log (1.1)
where sim(a,b) is typically cosine similarity and 7 > 0 a temperature parameter.
Methods in this family include SimCLR [35] and momentum contrast approaches
that enlarge the set of negatives via memory banks or momentum-updated encoders.

Other SSL variants avoid explicit negative sampling. Bootstrap methods train a

predictor network to match representations produced by a slowly evolving target net-
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work, these methods can learn meaningful features without contrastive discrimina-
tion. Architectures such as BYOL [36] and DINO [37] apply careful design choices
(predictor, stop-gradient, target update rule) to prevent collapse and stabilize train-
ing. Evaluation commonly uses transfer learning protocols: linear probing (training a
linear classifier on frozen features) and full fine-tuning on downstream labelled data.

Masked image modelling (MIM) transfers the classical idea of masked language
modelling from text to images. The general recipe is to hide (mask) parts of the input
and force the model to predict the missing content from the visible context. Two cen-
tral design choices distinguish method variants: the representation used for prediction
(pixel values, discretized visual tokens, or latent features) and the architectural parti-
tion between encoder and lightweight decoder.

Formally, let z be an image partitioned into units (patches or pixels) = [z1,...,zN].
A binary mask m € {0,1}" selects visible positions with m, = 1 and masked po-
sitions with m, = 0. The encoder fy receives only the visible subset xyis = {x), :
my = 1} (often with positional encodings), producing latent codes z = fp(zyis). A
small decoder h,; reconstructs targets t= hy(z) defined on the masked positions.

The training objective minimizes a reconstruction loss over masked tokens:

Lu = B | D Llt.hy)], (1.2)
pmp=0
where t,, is the chosen target for position p and £ is a per-position loss (mean-squared
error, L1, or cross-entropy against discrete codebook indices). When targets are raw
pixels and ¢ is squared error, the method resembles classical inpainting. When tar-
gets are discrete visual tokens (obtained from a discrete tokenizer) the loss becomes
categorical cross-entropy, this was the case in early BEiT-style [38] approaches.

A conceptual advantage of MIM is the locality of the prediction task: the model
must learn correlations across space (and, for multispectral inputs, across bands) that
are predictive of missing content. This pressure encourages encoders to internalize
mid- and long-range dependencies, efficient spatial priors, and, when targets are spec-
tral, cross-band relationships.

Contrastive SSL. and MIM emphasise different aspects of representation learn-

ing. Contrastive objectives promote invariance to augmentations by collapsing mul-
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tiple augmented views of the same scene onto similar embeddings, they thereby bias
representations toward global semantic content and robustness to nuisances. MIM, in
contrast, trains the model to perform conditional reconstruction, which emphasises
the model’s ability to model local and structural correlations. Formally, contrastive
training attempts to make the representation z invariant under a family of transforma-

tions 7
z(t(x)) = z(x), teT,

whereas MIM ensures that the conditional distribution p(Zmasked | Zvis) 1S predictable
from the encoder’s latent space. In practice, these pressures are complementary: con-
trastive methods supply global grouping cues, while MIM supplies dense, local struc-
ture [39].

Representations are typically assessed by a mix of intrinsic and transfer evalua-
tions. Intrinsic evaluations examine the geometry of the representation space (cluster-
ability, nearest-neighbour retrieval) and robustness to perturbations. Transfer evalua-
tions measure downstream performance on tasks of interest showing the robustness

and generalizability of the learned representation.

1.3.1 Masked Autoencoders Are Scalable Vision Learners

Masked Autoencoders (MAE) propose a simple, scalable method for self-supervised

pretraining that pivots on three compact ideas:
1. remove a large fraction of the input tokens;
2. let a lightweight encoder see only the remaining visible tokens;

3. train a small decoder to reconstruct the removed tokens from the encoder’s

latent representation.

This asymmetric design places most of the modelling burden on a decoder that is in-
tentionally small, while keeping encoder cost low and focused on forming a concise,

transferable representation [40].
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Figure 1.11: Illustraction of the MAE workflow: random masking of patches, encoder

processes visible patches only, small decoder reconstructs masked patches.

Formally, let an image be partitioned into N non-overlapping patches = = [z1, ...,z ].

A random binary mask m € {0,1}"V selects the visible set
V=_p|mp=1},  [V|=Q1-7)N,

where r € (0,1) is the masking ratio (the MAE paper typically uses r ~ 0.75). The
encoder Fy processes only the visible patches (with positional encodings) and yields
latent tokens

z=Ep({zp}pev)-

A decoder Dy, receives z, together with simple mask tokens and positional infor-
mation for the masked positions, and predicts targets for the masked patches. When
targets are raw pixels and the per-patch loss is mean-squared error, the objective is

Lwae = B | 3 3=l Fmasea=Dy(2).  (13)
p:mp=0

Two implementation details are central. First, the encoder is a standard vision trans-

former (ViT) that never sees masked tokens, this means its self-attention cost scales
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with the square of the number of visible tokens, giving a substantial computational
saving when r is large. If attention cost on N tokens is O(N?), then with masking

the encoder cost behaves like
2
Cene(r) x (1 —7)N)" = (1— T)2N2,

so a masking ratio of r = 0.75 reduces quadratic attention cost by a factor (0.25)% =
0.0625 relative to processing all tokens. The full architecture is illustrated in Fig.
1.11.

Empirically, MAE-style pretraining yields representations that transfer effectively
across tasks: linear-probe and fine-tuning studies in the original work show improved
sample efficiency and competitive downstream performance compared to other self-
supervised recipes when applied to standard vision benchmarks [40]. Two intuitive
reasons induce this behaviour. The reconstruction objective forces the encoder to cap-
ture both local texture and mid-range structure that are predictive of masked content,
the high masking ratio prevents trivial identity shortcuts and encourages the encoder
to form robust global summaries. Moreover, because the encoder processes a frac-
tion of tokens, large-scale pretraining becomes more affordable, enabling training on
larger corpora which in turn improves transfer.

In short, MAE provides a computationally efficient and conceptually clear route
to dense, context-aware pretraining. Its asymmetric encoder—decoder split and the
use of large masking ratios are the key design choices that permit scaling while en-

couraging representations that encode informative spatial structure [40].

1.3.2 SatMAE: Pre-training Transformers for Temporal and Multi-Spectral
Satellite Imagery

SatMAE [3] adapts the masked autoencoding framework [40] to the unique character-
istics of multispectral satellite imagery, where each observation comprises multiple
spectral bands capturing different wavelengths of light. While the original SatMAE
also accounts for temporal sequences, the focus will be in its ability to learn rich
multispectral representations that preserve both spatial and spectral structure. The ap-

proach builds on the observation that spectral redundancy and physical correlations
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Figure 1.12: Overview of the SatMAE framework for multispectral imagery. The
encoder processes a subset of visible spatial patches, while a lightweight decoder

reconstructs masked patches across all spectral channels.

among bands, reflecting surface material properties and atmospheric conditions, can
be exploited as an intrinsic supervisory signal for representation learning. Formally,
let a multispectral image be z € R *W>B where B is the number of spectral bands.
The bands are partitioned into G groups, B = { By, Ba, ..., Bg}, based on wavelength
proximity or sensor characteristics. The image is also divided into N spatial patches.
During pretraining, a random mask selects a subset of patches and band groups to
hide, producing a visible set } and masked set M. Each visible patch and its bands
are projected via a spectral-aware projection function:

2 = Ep(proj(a)) + el 4¢P, i€V,

where el’*® encodes spatial location and €*P*° encodes spectral group identity. A

lightweight decoder reconstructs the masked patches and band groups:

Tpm = Dy(z,m).
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The pretraining loss is the same pixel-wise reconstruction seen in MAE, refer to
Fig. 1.12 for the full architecture. By reconstructing entire groups of bands, SatMAE
explicitly encourages the model to learn correlations across related wavelengths,
which improves performance on downstream tasks such as vegetation classifica-
tion, land-cover mapping, and atmospheric retrieval. Experimental evidence from [3]
demonstrates the effectiveness of this design: pretraining on unlabeled Sentinel-2 im-
agery yields substantial gains in land-cover classification, segmentation, and super-
resolution tasks compared to models trained from scratch or pretrained with generic

RGB self-supervision.

1.3.3 Rethinking Transformers Pre-training for Multi-Spectral Satellite
Imagery

Unpatchify

Linear

Upsample

Block 4
L (“mse
Loss

Position
Encodings
Position
Encodings

Loss = o, L; + ayLy + aglg Upsample 5
Block 5
L
Loss
L[ l
Loss Multi-scale Reconstruction

Figure 1.13: SatMAE++ pipeline for multi-spectral imagery. The input image is
downsampled to multiple scales, the encoder processes the coarsest scale, and the de-
coder reconstructs higher-resolution images through convolution-based upsampling
blocks. Multi-scale reconstruction encourages the encoder to learn hierarchical spa-

tial and cross-spectral representations.

In this work the architecture SatMAE++ was introduced [4]. SatMAE++ extends
the SatMAE framework by explicitly leveraging multi-scale information present in

multi-spectral satellite imagery. While SatMAE focuses on cross-spectral represen-
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tation learning with optional temporal sequences, SatMAE++ introduces a scalable
multi-resolution reconstruction approach that captures hierarchical spatial features.
This design addresses a key limitation of previous methods: multi-spectral images
often contain bands with different Ground Sample Distances (GSDs), and objects of
interest can appear at various spatial scales within a single scene. Standard position
encodings alone are insufficient to capture this variability, for this reason SatMAE++
augments masked pretraining with multi-scale supervision.

The input multi-spectral image 2 € R *"W>*B s first downsampled to generate a
S

pyramid of resolutions {(*)}5_,, where s = 1 corresponds to the coarsest scale. Fol-
lowing the MAE paradigm, patches are extracted from the lowest-resolution image
and a random subset is masked. Each visible patch is projected via a spectral-aware
projection proj(-) and enriched with standard sinusoidal positional encodings:

2 = Eg(proj(:vi) +epos), ieV.

i

The encoder Ej thus focuses on learning compact cross-spectral features at the coars-
est scale, while a lightweight decoder reconstructs the masked patches. Crucially, Sat-
MAE++ employs convolution-based upsampling blocks to reconstruct higher-resolution
images from the encoded coarsest-scale representation. This progressive upsampling
allows the model to produce feature maps at multiple scales, enforcing multi-scale
consistency and encouraging the encoder to capture both global context and fine-
grained spatial details. The pretraining loss is formulated as a weighted combination

of reconstruction errors across scales:

S
Lountams = D sBom| Y 0,30)], (1.4)
s=1 ieM(s)

where M (%) denotes masked patches at scale s, £(-) is typically 1 or £ loss, and cv,
balances the contribution of each scale. By reconstructing multiple scales simulta-
neously, the model learns representations that are robust to variations in object size,
sensor GSD, and spatial resolution.

Band-specific characteristics of multi-spectral imagery are preserved through spec-

tral embeddings incorporated into each patch, allowing the model to distinguish
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bands with different radiometric properties. This combination of spectral awareness
and multi-scale reconstruction enables SatMAE++ to outperform prior methods on
a variety of downstream tasks, including land-cover classification, semantic segmen-
tation, and multi-label classification. For instance, on the BigEarthNet dataset, Sat-
MAE++ achieves a 2.5% mAP gain in multi-label classification and a 3.6% absolute
improvement in land-cover classification compared to SatMAE.

This approach is extensible to additional scales and modalities, making it highly
effective for multi-spectral remote sensing tasks where objects vary in size and spec-

tral composition.

1.3.4 SpectralGPT: Spectral Remote Sensing Foundation Model

Spectral-wise Tensor (3D) Masking

Decoder

(0

Spectral Cube Visible/Masked Patches

Figure 1.14: Overview of the Spectral GPT architecture. The model employs a 3D to-
kenization strategy to process spectral RS images, capturing both spatial and spectral

information through its encoder-decoder framework.

Spectral GPT [5] is another pioneering foundation model designed specifically for
spectral remote sensing (RS) data.

The core contributions of Spectral GPT can be delineated as follows:

1. Purpose-Built Architecture for Spectral Data: In contrast to mere adapta-
tion of RGB-centric models, Spectral GPT is architected from the ground up to
handle the spectral modality, leveraging the full information content of the data

for geoscience applications.

2. 3D Generative Pretraining: The utilization of a 3D GPT and a 3D token gen-

eration mechanism is crucial. This mechanism ensures comprehensive spatial-
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spectral coupling, enabling the model to learn representations that simultane-
ously capture intricate spatial features and the physical properties embedded in
the spectral bands. This is a substantive departure from 2D methods that often
treat spectral information as an independent channel or reduce its dimension-

ality prematurely.

3. Adaptive and Progressive Training: The model is designed to fully leverage
extensive RS big data by accommodating input images with varying sizes, res-
olutions, time series, and regions through a progressive training strategy. This
architectural flexibility addresses a persistent heterogeneity challenge in real-

world RS datasets, where data collection parameters are rarely uniform.

Spectral GPT employs a 3D tokenization strategy to process spectral RS images.
The input image, represented as a tensor of dimensions H x W x B (height, width,
and number of spectral bands), is divided into non-overlapping patches. Each patch is
then flattened and projected into a 3D token, incorporating spatial and spectral infor-
mation. This 3D tokenization allows the model to learn spatial-spectral dependencies
effectively. The model architecture, similarly to previously seen approaches, consists
of an encoder-decoder framework as visible in Fig. 1.14. The encoder processes the
3D tokens to extract features, while the decoder reconstructs the original input from
these features. The total reconstruction loss of the previously masked tokens is com-
posed by a token-to-token Mean Squared Error (MSE) loss and a spectral-to-spectral

MSE loss on to balance the spectral coherence:

L= Etoken +A ﬁspectral

1 A \2 1 n A \2
= > (wi—2) +EZ(%_%)
=1

z;EVis

1 I R . 2

= — Z (xz - xz) +— Z ([xr,c,h e 7xT‘,C,Dk]j - [$'I‘,C,17 cee 7$r,c,Dk]j) >

m : n“
T;EVIS 7j=1

where m is the number of masked spatial tokens, i.e., H, x W), patches, n is the

number of spectral tokens, with each spectral token consisting of Dj, standard tokens

along the spectral dimension, (r,c) denotes the standard token in the r-th row and
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c-th column of the spectral data, A balances the contribution of spectral consistency
against the token reconstruction loss.

The empirical evaluation of Spectral GPT demonstrates its profound efficacy as a
robust initialization for a suite of practical RS applications. The transferability and
generalization capacity of the pretrained Spectral GPT models yield significant per-
formance improvements across multiple crucial downstream tasks. This highlights
the utility of the learned spatial-spectral representations as a potent, generic feature
extractor for the RS domain.

1.4 Discrete Wavelet Transform in computer vision

Having discussed transformers and super-resolution, we now turn to another tool
relevant to this thesis: the Discrete Wavelet Transform (DWT). In this thesis, the ap-
plication of the DWT plays a central role in part of the proposed research. For this
reason, this section introduces the general concept of DWT and presents a selection
of representative recent methods that employ it for image processing tasks. The DWT
is a widely used mathematical tool for multi-resolution analysis and has proven valu-
able in remote sensing applications [41]. DWT decomposes a signal or image into a
set of orthogonal basis functions, called wavelets, which capture both spatial and fre-
quency information at multiple scales. This property makes it particularly suitable for
multispectral satellite imagery, where relevant features can appear at different spatial
resolutions and across spectral bands. For a 2D multispectral image x € RE*XWxB
the DWT can be applied independently to each spectral band z(*), producing a set of

approximation and detail coefficients:

DWT L I I !
X 25 (X3 A Xt Xige e ),

where L is the number of decomposition levels, and each level [ produces one low-
frequency subband Xg% and three high-frequency subbands {XS}J,XS)L,XS)H}.
The multi-resolution decomposition allows models to capture features ranging from
coarse global structures to fine spatial details, which is particularly relevant for land-

cover mapping, vegetation analysis, and change detection.
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1.4.1 Wave-ViT: Unifying Wavelet and Transformers for Visual Repre-
sentation Learning

Original image

Multi-Head
Attention

q k v

Conv 3x3
DWT

X
(a) Discrete Wavelet Transform (b) Wavelets block (d) DWT-Convolution-IDWT

Figure 1.15: Wave-ViT Wavelets block. Keys/values undergo DWT, a 3 x 3 convolu-
tion at half resolution, attention is computed with full-resolution queries, and IDWT

reconstructs a high-resolution feature that is fused with the attention output.

Wave-ViT [42] represents a pioneering effort in the direction of unifying wavelet
transforms with vision transformers to create a hybrid architecture that uses both the
inductive biases of wavelets and the representational power of self-attention mecha-
nisms.

Wave-ViT addresses a recurrent limitation of multi-scale Vision Transformers:
spatial reduction of keys/values (e.g., average pooling or learned strided conv) is irre-
versible and tends to discard high-frequency content that encodes edges, textures, and
fine structures, precisely the details that matter for dense prediction and small-object
recognition. The core idea is to replace such lossy down-sampling with an invertible
wavelet transform, so that attention can operate at reduced spatial resolution with-
out throwing away detail, and then to restore resolution by an inverse transform. The
result is a self-attention block that is simultaneously computationally efficient and
information-preserving, yielding stronger features at a fixed FLOP budget than prior
multi-scale ViT backbones.

Concretely, consider a feature map X € R *W*D entering a self-attention block.

In a standard ViT architecture, attention over W tokens incurs quadratic complexity
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O((H W)z), multi-scale ViTs reduce this by spatially down-sampling keys/values,
but the reduction is lossy. Wave-ViT introduces a Wavelets block that applies a 2D
DWT to the key/value feature maps, decomposing them into one low-frequency and

three high-frequency components at half resolution:
q X w xD
DWT(X) = (Xrr, Xun, Xun, Xun), XrpjpH\HL g €R27 277,

Because DWT is invertible, all information is distributed across subbands without
aliasing. The four subbands are stacked to form a down-sampled tensor on which a
lightweight 3 x 3 convolution imposes locality, yielding context-aware down-sampled
keys/values. Multi-head attention is then computed between the full-resolution queries
and these down-sampled, wavelet-encoded keys/values. In parallel, an inverse DWT
(IDWT) is applied to the subbands (after the local 3 x 3 conv) to reconstruct a high-
resolution feature that aggregates local context with a larger receptive field. The fi-
nal output of the block blends the attention output and the IDWT reconstruction, so
that long-range interactions and locally contextualized details are both retained. Al-
gebraically, by denoting K’, V' the DWT-then-convolution processed keys/values at
(H/2) x (W/2) resolution, attention operates as

Attn(Q, K", V') = Softmax(QK/T> Vv,
Vd
while the companion branch reconstructs X = IDWT (f( L X1, X1, X um), where
each X, is the locally contextualized subband. The block output is a learned fusion
of Attn(Q,K’,V’) and X. Refer to Fig. 1.16 for the detailed design of the wavelet
block.

Two properties clarify why this design improves the efficiency—accuracy trade-
off. First, complexity: reducing keys/values to (H/2) x (W/2) tokens lowers the
dominant attention term from O((HW)?) to O(HW - £3¥) for the QK T product
and likewise for the subsequent multiplication with V’, while queries remain at full
resolution to avoid losing detail where it matters. Second, information preservation:
unlike pooling, which discards high-frequency content, DWT partitions it into ex-

plicit subbands that can be locally processed and then perfectly recombined by IDWT,
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Figure 1.16: The specific designs of (a) the foundational ViT Backbone self-attention
block, (b) the self-attention block that employs a down-sampling operation (DS(2,
2)) to halve the spatial scale of height and width, and (c) WaveViT’s Wavelets block,
which leverages wavelet transforms to accomplish lossless down-sampling.

the DWT—Conv—IDWT path effectively acts as an invertible, large-receptive-field op-
erator with negligible overhead relative to a single 3 x 3 convolution 1.16. Empiri-
cally, the authors show that integrating Wavelets blocks across stages yields consis-
tent gains across image classification, object detection, and instance segmentation.

In summary, Wave-ViT unifies wavelet-based multi-resolution analysis with trans-
former attention to achieve lossless down-sampling of keys/values and large-receptive-
field local context, overcoming the brittleness of pooling-based reductions. The re-
ported gains over strong multi-scale ViTs at matched compute indicate that preserv-
ing frequency details during spatial reduction is a principled way to close the effi-
ciency gap without sacrificing fine structure, an attractive property for high-resolution

multispectral imagery.

1.4.2 Wavelet-Driven Masked Image Modeling: A Path to Efficient Vi-
sual Representation

WaMIM [43] revisits masked image modeling (MIM) through the lens of frequency
analysis. Pixel-space MIM (e.g., MAE) is simple and effective but tends to over-

emphasize fine textures and other redundant high-frequency details, which slows con-
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vergence and can destabilize self-supervised training. Prior frequency-domain vari-
ants often rely on the Fourier transform, which captures global spectra but discards
local spatial structure. WaMIM instead uses the discrete wavelet transform (DWT)
to produce multi-level, spatially localized frequency targets, aligning the pretext ob-
jective with the hierarchical nature of modern encoders and yielding faster, more
compute-efficient pretraining with equal or better downstream accuracy. The key idea
is to replace a single pixel target with a set of wavelet targets at different decomposi-

tion levels, decoded from different encoder layers with tunable weights.

| wg g ]
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Figure 1.17: WaMIM training: images are patchified and masked; the encoder pro-
vides layerwise features, the decoder reconstructs multi-level wavelet targets (detail
subbands from shallow features, approximation from deep features). Loss weights

w}, and w} prioritize the most informative scales.

Given an input image 2 € R7T*WxC WaMIM performs a multi-level 2D DWT to
obtain level-specific approximation and detail coefficients that encode coarse struc-
ture and progressively higher-frequency content. Denote the L-level decomposition

as
W(a) = { AW, {7, Vv DOV, 1,

where AL s the deepest low-frequency approximation and { H OR740N D(Z)} are



40 Capitolo 1. Background

horizontal/vertical/diagonal detail subbands at level £. Input patches are masked in
image space as usual, the masked view & is passed to an encoder fgn producing
a stack of features {z1,...,2x} from selected layers. A lightweight decoder fpp
uses layer-k features to predict the wavelet targets tied to a specific level, following
the empirical observation that shallow layers carry more high-frequency detail while

deeper layers encode lower-frequency, semantic structure:
Ty = for(zk), T, e {HO VO DO for shallow k, Tk € {AD)} for deep K.

WaMIM then minimizes a weighted multi-target reconstruction loss,

K K
Lwavia = 3 wh HTk—fk z Swh =1, (1.5)
k=1 k=1
where the coefficients wfz control the relative importance of frequency bands and
scales during pretraining. In practice, higher weights on informative low-/mid-frequency
targets accelerate learning while still supervising high-frequency detail, the mapping
from encoder depth to wavelet level (and the wgz schedule) is the central design
choice. Refer to Fig. 1.17 for the full architecture depiction.

This design brings two concrete advantages over prior state of the art. First, ef-
ficiency: by supervising on compact, structured wavelet coefficients instead of raw
pixels, the objective reduces redundancy and improves gradient signal quality, short-
ening the wall-clock needed to reach a given accuracy. Second, locality with scale:
unlike Fourier targets, DWT preserves spatial support and provides intrinsic multi-
scale structure, which matches the encoder’s layerwise hierarchy (shallow—high-
frequency, deep—low-frequency), reducing the pretext—architecture mismatch that
can damage optimization. Empirically, WaMIM consistently improves the accuracy—efficiency

trade-off across ViT and Swin backbones.



Chapter 2

Research findings

We understand how dangerous a mask can be.

We all become what we pretend to be.

Patrick Rothfuss

2.1 Swin2-MoSE: A New Single Image Super-Resolution
Model for Remote Sensing

2.1.1 Introduction

Satellite optical payloads inherently balance spectral richness against spatial detail.
Operating at orbital altitudes of several hundred kilometres constrains the ground
sampling distance of multispectral sensors, which in turn limits downstream tasks
such as segmentation and object detection. As elaborated in Chapter 1 (Section 1.2),
this trade-off is a consequence of instrument design choices. Early studies in remote-
sensing SISR reported that increasing spatial resolution improves visual interpreta-
tion and also serves as an effective pre-processing step for subsequent recognition
and feature-extraction pipelines. Transformer-based restoration models have recently

become prominent: images are partitioned into patches, attention is computed within
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local windows, and a hierarchical pathway reconstructs the output. As summarized
in Chapter 1, such models typically surpass convolutional counterparts, nonetheless,
fixed feed-forward MLP layers can restrict representational flexibility when facing
heterogeneous multispectral content. To mitigate these limitations, Swin2-MoSE is
presented as an end-to-end SISR framework tailored to multispectral imagery. The

design extends Swin2SR and integrates three principal enhancements:

1. asparsely gated Mixture-of-Experts (MoE) module substitutes the MLP within
each transformer block, enabling experts to specialise on distinct image regimes;

2. positional information is enriched by combining a per-head relative bias (RPE)
with a per-channel bias (LePE), thereby encoding both 2D spatial offsets and

spectral locality;

3. training employs a hybrid objective mixing normalised cross-correlation (NCC)
and structural similarity (SSIM), balancing global correlation against local per-

ceptual structure.

Collectively, these elements deliver state-of-the-art performance across two multi-

spectral super-resolution benchmarks.

2.1.2 Related

Remote Sensing Single Image Super-Resolution

Traditional convolutional networks, e.g., SRCNN and VDSR, were among the
first to be adapted for multispectral remote-sensing data. As detailed in Chapter 1
(Section 1.2), subsequent specialised architectures such as the Local-Global Com-
bined Network and the Deep Memory Connected Network introduced multi-scale
and hourglass-style designs to merge global context with fine spatial detail. Later
transformer backbones, including SwinlR [31] and SwinFIR [32], adopted windowed
self-attention with hierarchical feature pyramids, while Swin2SR [33] improved sta-
bility using cosine-similarity attention and post-norm configurations. The Dual Ag-

gregation Transformer [34] unified spatial and spectral attention in a single module.
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Despite these advances, most approaches still rely on a fixed feed-forward compo-
nent and apply uniform processing to all tokens. Swin2-MoSE diverges from this
pattern through a sparsely gated MoE [44], enabling conditional computation and ex-
pert specialization. In contrast to token-level routing commonly used in prior work,
the proposed routing policy operates at the example level, and expert outputs are

fused by a learnable Smart Merger.

2.1.3 Architecture

Feature Extractor

HR
image

: HQ Image
Reconstruction

Shallow Feature |
Extractor |

Residual Transformer Block

Figure 2.1: Overview of the Swin2-MoSE architecture (solid colours highlight mod-
ifications with respect to Swin2SR). The Feature Extractor component is analysed

later in Section 2.1.4 in connection with the semantic segmentation experiments.

Figure 2.1 summarises the overall organisation of Swin2-MoSE. Building upon
the limitations identified for Swin2SR [33], the next subsections describe the archi-
tectural modifications introduced to strengthen super-resolution capability. Subsec-
tion 2.1.3 presents a Mixture-of-Experts module (MoE-SM) inserted within trans-
former blocks, referred to as Swin v2 MoSE Layers (S2ML). Subsection 2.1.3 exam-
ines the interaction between positional encoding schemes and distils practical guid-
ance for super-resolution transformers. Finally, Subsection 2.1.3 investigates alterna-

tive loss formulations and motivates the chosen training objective.
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Mixture of Experts
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Figure 2.2: Mixture-of-Experts design (solid colours denote modified components):
(a) the Swin v2 MoSE Layer (S2ML) couples a Self-Attention block (see Figure 2.3)
with an MoE-SM in place of the MLP; (b) internal layout of MoE-SM featuring the

Smart Merger for fusing expert outputs.

Conditional computation has emerged as an effective strategy for scaling model
capacity while maintaining a bounded compute budget, particularly when training on
very large datasets. Mixture-of-Experts (MoE) embodies this paradigm by activating
only a subset of model parameters for a given input, thereby introducing sparsity that
improves efficiency without sacrificing capacity. Here, sparsity reflects the fraction of
active blocks used to produce an output relative to the total available blocks. In prac-
tice, this separates the sparse parameter count (SPC), the full parameter budget, from
the active parameter count (APC), the parameters engaged for a specific example,
following the convention in Mixtral [45]. Selective activation has been investigated
extensively in NLP, from early LSTM-based systems with 137B parameters [46] to
more recent architectures scaling to 1.6T parameters [47].

An MoE typically comprises a set of Experts, a Gating Network (GN) that selects
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a subset of those Experts, and a merging mechanism that aggregates their outputs
into a final representation. This setup encourages experts to specialise on distinct in-
put characteristics, which is advantageous for complex restoration tasks. The present
work exploits this property within SISR to elevate reconstruction quality while en-
abling future scaling via additional experts without a prohibitive increase in compute.

Swin2SR [33] is adopted as the base transformer block due to its strong perfor-
mance in super-resolution. As depicted in Figure 2.2(a), and analogous to designs
such as Switch Transformer [47], SwinV2-MoE [48] and V-MoE [44], the standard
MLP is replaced by the MoE-SM. All MLP layers across blocks are substituted to
allow MoE-SM contributions at each processing depth while keeping overhead man-
ageable.

The MoE-SM (Figure 2.2(b)) follows a sparsely gated MoE formulation [46]
but differs from the original design by employing a learnable Smart Merger (SM)
to combine expert outputs. The SM is implemented as a 3 x 3 2D convolution with
padding 1, using & input channels (equal to the number of active experts for a batch
element) and a single output channel, thus realizing a learnable weighted fusion in-
stead of a fixed linear combination.

Expert selection is controlled by a trainable Gating Network. A per-example rout-
ing strategy is used: each input instance in the batch is dispatched to a subset of ex-
perts, instead of distributing individual tokens. Unlike [46], no learned noise term is
added to the gating logits: a Top-K gating function is applied instead, as the noise
term was observed to grow during training and destabilize the gate. The gating oper-

ation is defined as:
G (x) = Softmax (KeepTopK (z - W) , k)

v; if v; is in the top k elements of v 2.1
KeepTopK (v, k) =
—oo otherwise
where G(z) denotes the softmax-normalized Top-K scores, IV, are the GN weights,
x the input features, and k the number of active experts per example.
Following [46], an auxiliary objective is included to promote balanced expert

utilization. Let Imp(X) quantify the cumulative importance accrued by each expert
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across a set of examples X:

Imp(X) =Y G(z)
zeX 2.2)
Laror = CV (Imp(X))?

where C'V is the coefficient of variation (variance divided by squared mean). The

term L/, is the balancing loss applied to MoE-SM.

Positional Encoding

- ) 4 )
Q ) Q i
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Figure 2.3: Comparison of positional encodings within the self-attention module: (a)
Relative Position Encoding (RPE) in Swin Transformer; (b) Log-Spaced CPB (log-
CPB) in Swin Transformer v2; (c) Locally-enhanced Positional Encoding (LePE) in
CSwin; (d) integrated configuration combining multiple encodings.

Self-attention in Vision Transformers is permutation-invariant, which necessi-
tates explicit spatial signals to preserve 2D structure. Several mechanisms address
this requirement. Among them, per-head schemes such as RPE [15] and log-spaced
CPB [49], and per-channel schemes such as LePE [50], have emerged as particularly
effective. Beyond APE and RPE in Swin [15], there appears to be little prior analysis
of how popular positional encodings interact when deployed jointly.

Two empirical observations are worth mentioning: (i) combining a per-head bias

with a per-channel bias improves performance relative to using either in isolation,
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as the former encodes 2D positional offsets (width/height) while the latter injects 1D
locality along the channel dimension; (ii) pairing two per-head biases generally offers
limited returns relative to the added overhead and is usually unnecessary.

Guided by these findings, the configuration in Figure 2.3(d) adopts RPE plus
LePE, which consistently proved the most beneficial for super-resolution in the re-
ported experiments. This pairing provides relative position information while rein-

forcing local inductive biases.

Losses

Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity (SSIM) are widely used
to assess super-resolved imagery. PSNR, however, may favor overly smooth solutions
and exhibits sensitivity to small pixel-level deviations that do not necessarily corre-
late with perceptual quality [51]. SSIM, while accounting for luminance, contrast and
structure, can likewise struggle to reflect perceived fidelity [52]. When these quanti-
ties serve as training objectives, their limitations can propagate to the reconstructions.

To reduce such artifacts, several reconstruction losses were evaluated as training
objectives. The most effective choice combined the Normalized Cross-Correlation
(NCC) loss with the SSIM loss, thereby constraining distortions introduced dur-
ing super-resolution. Although both are similarity measures, NCC leverages global
statistics, whereas SSIM focuses on local structure: using both was observed to yield
higher-quality outputs.

The overall objective is a weighted sum:

L=ao-Lncc+B-Lssiv~+7-LroE (2.3)

where «, 3, and « weight the NCC, SSIM, and MoE terms, respectively.

NCC Loss. The Normalized Cross-Correlation (NCC) or Pearson correlation coeffi-
cient quantifies similarity between two signals or images by comparing centered inner
products. Scores lie in [—1, 1], with 1 indicating perfect correlation, 0 no correlation,

and —1 perfect inverse correlation.
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For the s-th spectral channel, the NCC value (NCCj) is:

NOC, = 2T 1) (Y — 1) 2.4)
VS G 1g)? S (g~ 11y)°

where § and y denote network output and ground truth, and .4, p,, their correspond-

ing means. A per-channel score is computed and then averaged across S channels. To

map the correlation range to a positive loss, the following definition is used:

1 S
NCC:§§:NC@€L4J]
s=1 (25)

1
Lyco = I—E(NCC—I—l) €10,1]
where L ycc is the loss derived from NCC.

SSIM Loss. Structural Similarity (SSIM) [53] assesses luminance, contrast and struc-
tural agreement between two images. For the s-th spectral channel:

SSIM;(9,y) =L(9,y)° - C(9,9)°-S(9,y)"

. 2ugpy +Cy
L(g,y) = m
7 Yy
ooy O (2.6)
oo+ Oy
o4y +C3
S A’ — vy
(9.9) o0y +C3

with 05, 05 and o, denoting variances and covariance, and C,, (n € [1,3]) small con-
stants for numerical stability. A circular-symmetric Gaussian weighting with window
11 x 11 is applied; local statistics and the local SSIM; are computed per window
while sliding across the image. The luminance term IL. compares mean intensities, the
contrast term C compares standard deviations, and the structural term S compares
correlation. Typical settings use § = =n = 1.

The SSIM-based loss is the channel-wise complement averaged over .S channels:

S
Lssiv (§,y) }: (1—SSIM,) 2.7)
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2.1.4 Experiments

Tasks and Datasets. A comprehensive experimental study was conducted across
multiple datasets. For ablation studies, the 4 x setting was evaluated on the Sen2Vens
benchmark. Direct assessment of SISR performance employed both Sen2Venus [54]
and OLI2MSI [55], each providing paired low- and high-resolution observations
sourced from distinct satellite sensors with differing native resolutions. In addition,
the downstream implications of super-resolved quality were examined through a se-
mantic segmentation task on SeasoNet [56]. Further details for each dataset are pro-
vided below.

Sen2Venus dataset. This large-scale SISR dataset, publicly released for the remote-
sensing community, pairs Sentinel-2 inputs with Venyus references. Specifically, Sentinel-
2 patches at 10m and 20m (128 x 128 and 64 x 64 pixels, respectively) are matched to
Venys patches at 5 m (256 x 256 pixels), co-acquired on the same day with at most
a 30-minute interval. The dataset spans 29 distinct locations over 2 years, totaling
132,955 patch pairs.

OLI2MSI dataset. OLI2MSI offers real paired LR-HR imagery curated under a
cloud-coverage threshold within appropriate temporal proximity. Landsat-8 OLI pro-
vides the LR observations at 30m (160 x 160 pixels), whereas Sentinel-2 MSI con-
tributes the HR counterparts at 10m (480 x 480 pixels). The collection comprises
5,325 pairs, partitioned into 5,225 for training and 100 for testing.

SeasoNet dataset. SeasoNet is a large-scale multi-label land-cover/use resource de-
rived from Sentinel-2 tiles with 12 spectral channels, totalling 1,759,830 scenes. Each
patch comprises 120 x 120, 60 x 60, and 20 x 20 pixels corresponding to the 10m,
20m, and 60m bands, respectively. Each image is associated with a segmentation ten-
sor of size 33 x 120 x 120, where 33 denotes the class set cardinality. Altogether,
519,547 unique spatial locations are sampled. For each location, the data are strati-
fied by season into five subsets, plus an additional snowfall subset. To evaluate the
quality of super-resolved outputs, the Spring (grid 1) subset is selected for training
and testing, using the 10 m bands B2, B3, B4, and B8 as inputs.

Implementation details. Unless stated otherwise, all training runs use a single A100
GPU, the Adam optimiser, a learning rate of 0.0001, 70 epochs, and a batch size of 8.
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For the final SeasoNet experiment, training uses Adam with the same learning rate,
40 epochs, and a batch size of 128.

Evaluation Metrics. Quantitative comparisons rely on Peak Signal-to-Noise Ratio
(PSNR, dB) and Structural Similarity Index Measure (SSIM). Only for the first ab-
lation concerning losses (Section 2.1.4) is the Normalized Cross-Correlation (NCC)
also reported, reflecting the design of that study. For the SeasoNet segmentation task,
Fl-macro and F1-micro are employed: the former averages per-class F1 uniformly,
while the latter aggregates over samples, weighting majority classes more heavily.

Across all metrics, larger values indicate better performance.

Training Losses
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Figure 2.4: Evolution of the NCC score under different training-loss configurations.

This ablation investigates how different training losses affect reconstruction qual-
ity. Figures 2.4-2.6 and Table 2.1 report results for the NCC, SSIM, and MSE losses,
evaluated with NCC, SSIM, and PSNR metrics, the backbone is Swin2SR.

Consider first rows 1-3. Using NCC as the sole loss yields strong NCC scores
(row 1) but underperforms on SSIM and PSNR (see Figures 2.5 and 2.6), indicating
limited suitability for perceptual fidelity. Because SSIM explicitly models luminance,

contrast, and structure, it tends to be more robust to local variations, which explains
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Figure 2.5: Evolution of the SSIM score under different training-loss configurations.
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Figure 2.6: Evolution of the PSNR score under different training-loss configurations.
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Table 2.1: Ablation study on loss usage. The table shows the performance of the
model using different combinations of loss functions. The combination with the high-
est performance is shown in bold and the second-highest performance is shown in
red.

Losses Performance

NCC | SSIM | MSE | NCC 1 | SSIM 1 | PSNR 1
1 v 0.9550 | 0.5804 | 16.4503
2 v 0.9565 | 0.9847 | 45.5427
3 v 0.9546 | 0.9828 | 45.4759
4 v v 0.9572 | 0.9841 | 45.6986
5 v v 0.9549 | 0.9828 | 45.5163
6 v v v 0.9555 | 0.9833 | 45.5542

why training with SSIM alone secures competitive NCC values (row 2), whereas
the converse does not hold (row 1). Similarly, employing MSE alone attains com-
petitive NCC (row 3), whereas NCC as loss underperforms on PSNR, reflecting the
global-versus-local distinction: NCC is driven by global statistics, while SSIM and
MSE/PSNR emphasise local windows or pixelwise residuals.

Despite these caveats, NCC remains valuable when used in combination. Rows
4 and 5 show that augmenting SSIM or MSE with NCC generally improves perfor-
mance relative to using SSIM or MSE alone (rows 2-3), as NCC constrains global
correlations in a manner complementary to local similarity terms. Consequently, the
configuration combining NCC and SSIM was selected, providing the best overall

trade-off (see row 4).

Positional Encoding

This ablation analyses the joint behaviour of positional encodings. The baseline (row
2 in Table 2.2) corresponds to the best setting from the preceding experiment: Swin2SR
with log-CPB and training under NCC+SSIM (row 4 in Table 2.1).

Table 2.2 indicates that the most effective strategy is to combine a per-head bias
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(RPE or log-CPB) with a per-channel bias (LePE), rather than using either in isolation
(row 5 versus rows 1-3). Employing both per-head encodings together (RPE and
log-CPB) produces only marginal differences (rows 1-2 versus row 6). Moreover,
enabling all three simultaneously does not yield gains sufficient to justify additional

complexity (row 7 versus rows 4-6).

a) RPE bias matrices of the 6 heads in the first block after training of a model with
RPE bias only.

b) RPE bias matrices of the 6 heads in the first block after training of a model with
RPE and LePE bias.

c) Histogram of the mean value per-channel of the LePE bias in the first block after
training a model with LePE bias only (left) and RPE + LePE bias (right).

Figure 2.7: Learned bias matrices for RPE and LePE visualised post-training.

To further substantiate these choices, Figure 2.7 provides a qualitative analysis
across different encoding combinations. RPE matrices are shown as B € R@M~-1)x(2M 1)
(with B the batch size and M? the window patch count), and LePE as tensors of shape
B x C x 256 (with C channels). Subfigures 2.7 (a) and 2.7 (b) depict the six attention
heads in the first block using RPE alone and RPE+LePE, respectively. LePE does
not degrade RPE patterns and, instead, appears to consolidate them. Subfigure 2.7 (c)
plots the per-channel mean of LePE in the first block without (left) and with (right)

RPE; distributions remain broadly similar, indicating that LePE behaves consistently
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whether or not RPE is present.

Table 2.2: Ablation study on positional encoding. The best performance is shown in

bold and the second-highest performance is shown in red.

Positional Encoding Performance

RPE | log CPB | LePE | SSIM 1 | PSNR ¢
1| v 0.9841 | 45.5855
2 v 0.9841 | 45.6986
3 v 0.9843 | 45.7278
4 v v 0.9845 | 45.8046
5/ v v 0.9847 | 45.8539
6| Vv v 0.9843 | 45.6945
7 v v v 0.9846 | 45.8185

Mixture of Experts

This ablation evaluates whether MoE-SM can surpass the baseline MLP (Table 2.3,
row 3 versus row 1). Active and total expert counts follow the Mixtral choice [45],
eight experts with two active per input—while keeping each expert at roughly half
the MLP parameter count to equalize active computation. A subsequent study varies
both the total experts and the number of active experts.

Results are reported in Table 2.3. The baseline (row 1) corresponds to the best
positional-encoding configuration (row 5 in Table 2.2) using MLP. Without the Smart
Merger (row 2), MoE exhibits modest fluctuations relative to MLP; introducing SM
(row 3) yields consistent gains of 4+-0.0002 SSIM and +0.0735 PSNR. A slight la-
tency increase is observed, attributable to sequential expert execution on a single
GPU.

The second block of rows (4—7) shows that reducing active experts degrades per-
formance (row 4 vs. row 6), underscoring the role of SM and parallel expert con-

tributions. Altering the total number of experts alone (rows 5 and 7 vs. row 6) does
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Table 2.3: Ablation study on Transformer MLP and MoE layer architectures. APC
/ SPC: active and sparse parameters count inside a MLP and MoE layers. Latency:
average amount of seconds required to elaborate a batch of 8 images on a NVIDIA
Quadro RTX6000. SM: Smart Merger. Model params: amount of sparse parameters
of the full model architecture. Model FLOPs: floating point operations in a forward
pass of the full model. The best performance is shown in bold and the second-highest

performance is shown in red

MLP # params Performance Latency | Model Model

Arch SM | APC SpPC SSIM 1 | PSNR 1 (s) params | FLOPs

1 | MLP 32670 | 32’670 | 0.9847 | 45.8539 | 0.194 2.20M | 135.54G
2 | MoE 8/2 33’480 | 131’760 | 0.9845 | 45.8647 | 0.223 4.59M | 135.68G
3 | MoE 8/2 v’ | 33’499 | 131°779 | 0.9849 | 45.9272 | 0.229 4.59M | 138.30G
4 | MoE 8&/1 v | 347120 | 262°810 | 0.9837 | 45.4847 | 0.230 7.72M | 136.96G
5 | MoE 6/2 v [ 33’319 | 98’839 | 0.9844 | 45.8328 | 0.230 3.80M | 138.30G
6 | MoE 8/2 v’ | 33°499 | 131°779 | 0.9849 | 45.9272 | 0.229 4.59M | 138.30G
7| MoE 1072 | v | 33’679 | 164’719 | 0.9846 | 45.8913 | 0.230 5.39M | 138.30G

not help. It is plausible that the optimal total-expert count depends on the training-set

scale, larger datasets could benefit from further increases.

SISR Experiments

Quantitative comparison. A three-scale comparison against strong SR baselines
is provided. For 2x upscaling, Sen2Venyus is used with Sentinel-2 bands B2, B3,
B4, B8 (10m) and Venus bands B3, B4, B7, B11 (5m). For 3x, OLI2MSI is used
with Landsat-8 blue/green/red (30 m) and Sentinel-2 B2/B3/B4 (10 m). For 4x,
Sen2Venys is used with Sentinel-2 B5, B6, B7, BSA (20m) and Venus BS, B9, B10,
B11 (5m). Unless otherwise specified for competing methods, standard MSE train-
ing is assumed, whereas the described approach employs SSIM+NCC as motivated
earlier.

The results in Table 2.4 indicate consistent gains over strong Swin-based base-
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Table 2.4: Quantitative comparison with SOTA models on Sen2Venyus and OLI2MSI
datasets. GiB, I'T/s: gpu memory usage and iterations per second on inference. APC
/ SPC: active and sparse parameters count inside a MLP and MoE layers. FLOPs:
floating point operations in a forward pass of the model. The best performance is

shown in bold and the second-highest performance is shown in red.

Model Sen2Veps 2 x

Params
SSIM 1 | PSNR 1 | GiB | IT/s APC | SPC FLOPs
Bicubic 0.9883 | 45.5588
SwinlR [31] 0.9938 | 48.7064 | 2.37 | 1.32 | 2.10M | 2.10M | 515.90G
Swinfir [32] 0.9940 | 48.8532 | 3.12 | 1.28 | 2.52M | 2.52M | 622.42G
Swin2SR [33] | 0.9942 | 49.0467 | 3.12 | 1.18 | 2.11M | 2.11M | 526.78G

DAT [34] 0.9946 | 494699 | 1.46 | 1.95 | 2.14M | 2.14M | 547.22G
Swin2-MoSE | 0.9948 | 49.4883 | 2.41 | 1.16 | 2.20M | 4.56M | 543.00G
OLI2MSI 3x
Params
SSIM1 | PSNR*T | GiB | IT/s APC | SPC FLOPs
Bicubic 0.9768 | 42.1835

SwinlR [31] 0.9863 | 44.4806 | 3.55 | 0.77 | 2.11M | 2.11M | 809.42G
Swinfir [32] 0.9863 | 44.4829 | 4.73 | 0.76 | 2.53M | 2.53M | 975.84G
Swin2SR [33] | 0.9881 | 44.9614 | 4.80 | 0.70 | 2.12M | 2.12M | 826.30G

DAT [34] 0.9886 | 45.0404 | 2.10 | 1.10 | 2.15M | 2.15M | 858.35G
Swin2-MoSE | 0.9912 | 459414 | 4.88 | 0.52 | 2.20M | 4.56M | 851.76G
Sen2Vepus 4x
Params
SSIM1 | PSNR 1T | GiB | IT/s APC | SPC FLOPs
Bicubic 0.9674 | 42.0499

SwinlR [31] 0.9825 | 45.3460 | 0.84 | 5.37 | 2.14M | 2.14M | 131.53G
Swinfir [32] 0.9830 | 45.5500 | 0.84 | 5.20 | 2.56M | 2.56M | 158.17G
Swin2SR [33] | 0.9828 | 45.4759 | 1.03 | 4.74 | 2.15M | 2.15M | 134.40G
DAT [34] 0.9837 | 45.8053 | 0.69 | 6.73 | 2.18M | 2.18M | 139.36G
Swin2-MoSE | 0.9849 | 45.9272 | 0.86 | 3.91 | 2.23M | 4.59M | 138.30G




2.1. Swin2-MoSE: A New Single Image Super-Resolution Model for Remote
Sensing 57

lines. Relative to related transformer architectures, PSNR improvements up to 0.377 ~
0.958dB are observed, with the largest margins appearing at the more challenging 3 x

and 4 x scales, while 2x remains slightly but consistently better than SOTA. Model-

complexity measures are reported alongside accuracy: despite a higher sparse param-

eter count due to MoE, the active parameter count and FLOPs remain comparable to
competing systems.

Qualitative comparison. Figures 2.8-2.11 present visual comparisons for 4x SISR
on Sen2Venys, and Figures 2.12-2.14 for 3x on OLI2MSI. Highlighted red boxes

indicate the regions of interest for inspection. The reconstructions produced by the

model display fewer artefacts and sharper details than the considered baselines.

Bicubic SwinIR Swinfir

HR Swin2SR DAT Our

Figure 2.8: Comparison between 4x SISR methods on Sen2Venus dataset. HR ref-
erence is Venus B8 (red edge, 5 m). The crop of the HR reference image is shown
in the red square, and the zoomed cropped part that was chosen is shown in the blue
square.

Semantic Segmentation Experiments

The final study examines whether super-resolution pretraining confers benefits to a
different downstream task, in this case semantic segmentation task is studied. For
simplicity, only the 10m Sentinel-2 bands (B2, B3, B4, B8) are used as input. A
Swin2-MoSE model trained on the 2x Sen2Venus SISR task is employed as a frozen
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Bicubic SwinIR Swinfir
HR Swin2SR DAT Our

Figure 2.9: Comparison between 4x SISR methods on Sen2Venus dataset. HR ref-
erence is Venus B9 (red edge, 5 m). The crop of the HR reference image is shown
in the red square, and the zoomed cropped part that was chosen is shown in the blue

square.

Bicubic SwinIR Swinfir

el

Swin2SR DAT Our

Figure 2.10: Comparison between 4x SISR methods on Sen2Venyus dataset. HR ref-
erence is Venus B10 (red edge, 5 m). The crop of the HR reference image is shown
in the red square, and the zoomed cropped part that was chosen is shown in the blue

square.

feature extractor for the Foreground-Aware Relation Network (FarSeg) [57]. The ob-
jective is to determine whether the features produced in this manner enhance segmen-

tation performance.
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Bicubic SwinIR Swinfir

HR Swin2SR DAT Our

Figure 2.11: Comparison between 4x SISR methods on Sen2Venyus dataset. HR ref-
erence is Venus B11 (NIR, 5 m). The crop of the HR reference image is shown in the

red square, and the zoomed cropped part that was chosen is shown in the blue square.

Bicubic SwinIR Swinfir
HR Swin2SR DAT Our

Figure 2.12: Comparison between 3x SISR methods on OLI2MSI dataset. HR ref-
erence is Sentinel-2 B2 (blue, 10 m). The crop of the HR reference image is shown
in the red square, and the zoomed cropped part that was chosen is shown in the blue

square.

Three configurations are compared. (1) FarSeg: the FarSeg architecture is trained
directly on 4-channel SeasoNet inputs. (2) FarSeg-S2ZMFE: the pretrained, frozen
Swin2-MoSE (without the HQ reconstruction head) serves as feature extractor (see

the Feature Extractor in Figure 2.1), the extracted tensors of size 1" x 128 x 128
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Bicubic SwinIR Swinfir
HR Swin2SR DAT Our

Figure 2.13: Comparison between 3x SISR methods on OLI2MSI dataset. HR refer-
ence is Sentinel-2 B3 (green, 10 m). The crop of the HR reference image is shown

in the red square, and the zoomed cropped part that was chosen is shown in the blue

square.

Bicubic SwinIR Swinfir
HR Swin2SR DAT Our

Figure 2.14: Comparison between 3x SISR methods on OLI2MSI dataset. HR ref-
erence is Sentinel-2 B4 (red, 10 m). The crop of the HR reference image is shown
in the red square, and the zoomed cropped part that was chosen is shown in the blue
square.

(1T'=90) are then fed to FarSeg. (3) FarSeg++: to balance input dimensionality with
(2), the 4-channel 120 x 120 inputs are first projected via a 1x1 convolution (no

padding) to 1" x 128 x 128, and then passed to FarSeg—note that this variant intro-
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duces a learnable projection absent in configurations (1) and (2).

As depicted in Figure 2.15, FarSeg-S2MFE surpasses both baselines across F1-
macro and Fl-micro throughout training, indicating that the extracted features are
beneficial for segmentation. These findings support the claim that super-resolution

pretraining can positively influence downstream tasks.
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Figure 2.15: Semantic segmentation on SeasoNet: training curves for F1-micro and

F1-macro.

2.1.5 Conclusions

This section established Swin V2 Mixture of Super-resolution Experts (Swin2-MoSE),
an end-to-end SISR framework for remote sensing that advances the state of the
art. First, an enhanced Sparsely-Gated Mixture-of-Experts (MoE-SM) was integrated
within transformer blocks to raise reconstruction quality, the MoE-SM features a
learnable Smart Merger and adopts per-example routing rather than per-token gating.
Second, following an analysis of positional encodings, a per-channel bias (LePE [50])
and a per-head bias (RPE [15]) were combined within the architecture. Third, train-
ing employed a composite objective mixing Normalized Cross-Correlation (NCC)
and Structural Similarity (SSIM) to address the limitations of Mean Squared Error
(MSE). Extensive experiments across multiple satellite benchmarks demonstrated

improvements over strong baselines in both SSIM and PSNR. Swin2-MoSE exceeds



62 Capitolo 2. Research findings

Swin-based competitors by as much as 0.377 ~ 0.958 dB in PSNR and by 0.0006 ~
0.0031 in SSIM for the 2x (Sen2Venus), 3x (OLI2MSI), and 4x (Sen2Venyus) set-
tings. The largest gains appear at higher scale factors, with consistent improvements
also at 2x. A downstream experiment on semantic segmentation further indicated
that features derived from the super-resolution model can enhance performance be-

yond SR alone.

2.2 WaveMAE: Wavelet decomposition Masked Auto-Encoder
for Remote Sensing

2.2.1 Introduction

Labelled datasets for multispectral satellite imagery are scarce and costly to acquire,
yet unlabelled archives are vast. As noted in Chapter 1 (Section 1.3), self-supervised
learning provides a way to learn from unlabelled data by defining surrogate tasks that
encourage structure discovery. Among these, masked image modelling has emerged
as a powerful pretext: by predicting the content of masked patches from their vis-
ible neighbours, a model learns to capture spatial and spectral dependencies with-
out manual labels. In remote sensing, MAE-style methods extend this idea to multi-
spectral inputs by grouping bands or adopting multi-scale decoders. However, these
approaches operate purely in the pixel domain, which may not fully exploit the fre-
quency structure of multispectral images. This observation motivates incorporating
frequency-domain information into the pretext task.

Wavelet decomposition offers an alternative for multi-scale representation. The
DWT decomposes an image into approximation and detail coefficients, capturing
both coarse structure and high-frequency variations. Wavelet analysis has long been
applied to remotely sensed images because it handles non-stationary signals and pro-
vides multiresolution analysis. Motivated by this, this work proposes WaveMAE, a
masked auto-encoder that reconstructs the wavelet components of an image rather
than its pixels. By predicting the low-frequency approximation and a hierarchy of

high-frequency components, the encoder learns representations that respect both spec-
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tral and scale-based correlations. Furthermore, this work introduces a Geo-conditioned
Positional Encoding (GPE) based on spherical harmonics that encodes the latitude
and longitude of each scene, encouraging geographically proximate images to oc-
cupy similar positions in the embedding space. In experiments on the PANGAEA
benchmark, WaveMAE consistently outperforms the previous state of the art on tasks

ranging from semantic segmentation to regression and multi-label classification.

2.2.2 Related

MAE demonstrated that reconstructing masked pixels is a scalable self-supervised
objective for natural images. As summarised in Chapter 1, SatMAE [3] adapts this
framework to multispectral imagery by reconstructing randomly masked spectral
groups and leveraging redundancy across bands, while SatMAE++ [4] employs multi-scale
decoders to handle sensors with different ground sampling distances and Spectral-
GPT [5] uses 3D tokenisation with a spectral consistency loss. These methods primar-
ily focus on reconstructing the input at the pixel level. WaveMAE instead reconstructs
discrete wavelet components, which encourages the encoder to learn multi-scale fre-

quency features and provides a more compact target space.

Wavelets in deep vision. Wavelet transforms have been integrated with transform-
ers for classification and detection. Wave-ViT [42] uses the DWT to downsample keys
and values in self-attention while preserving high-frequency content, and WaMIM
[43] reconstructs wavelet coefficients instead of pixels to reduce redundancy in masked
image modeling. These approaches focus on natural images and do not address the
unique properties of multispectral remote sensing data. WaveMAE instead applies a
multi-level DWT to multispectral inputs and combines a multi-level patch embedding
that aligns patches across decomposition levels, processing data not from the input
image pixel domain but that of the wavelet components. As noted in the previous
section, wavelet analysis is well-suited for analyzing non-stationary signals such as
remote sensing images and provides a valid framework for multi-resolution analysis

with an explicit frequency separation.
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2.2.3 Theory priors

Discrete Wavelet Transform

L3 HL3| pr
LH3| HH3 H: HL1
LH2 HH2
DWT .
>
LH1 HH 1
Image DWT 2D 3-level decomposition

Figure 2.16: Three-level 2D DWT of an image. The pixel region highlighted in red
gives rise to the components LL (approximation), LH (horizontal details), (verti-

cal details), and (diagonal details) across scales.

Recalling the previous chapter, the DWT provides a joint time—frequency analysis
framework for discrete signals. For a one-dimensional sequence x of length NV, the
DWT separates the signal into low-frequency approximations A; and high-frequency

details D; via cascaded low-/high-pass filtering followed by downsampling:

Approximation:  A;[k] = Zx[n] 15,k (2.8)

n
Detail: ~ Dj;[k] = a[n]-v;[n] (2.9)

n
where 7); 1[n] and 1); ;[n] denote, respectively, the scaling and wavelet (high-pass)
functions at scale j and translation k. In image processing, the two-dimensional ex-
tension applies the same principle across spatial axes, yielding a multi-scale repre-
sentation of the content, as illustrated in Figure 2.16. A single 2D DWT stage filters

the image I(x,y) with a pair of complementary kernels 7 (scaling) and i (wavelet)
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and downsamples by a factor of two along both dimensions:

LL;t1(z,y) Zn )-LL;(2z —m,2y —n)
LH; 1 (z,y) 277 )-LL; (22 —m,2y —n)
HL, 1 (x,y) Zw )-LL;(2z —m,2y —n)
HH, 1 (z,y) Z’QZJ )-LL;j(22 —m,2y —n)

with LLy = I(x,y) the original image, j > 0 the level index, and m, n filter taps. The
procedure outputs four subbands: LL (approximation), LH (horizontal details), HL
(vertical details), and HH (diagonal details). The L/H letters indicate whether low- or
high-pass filtering is applied horizontally and vertically during the 2D decomposition.

Spherical Harmonics

Spherical harmonics (SH) describe functions on the surface of a sphere through or-

thogonal basis functions. SH are complex, continuous and limited functions defined

as the angular part of the solution to Laplace’s equation in spherical coordinates

Y, "(0,¢), where ¢ is the degree (/ = 0,1,2,...), m is the order (m = —{,—{ +
Ll—10).

The equation can be explicited as:

ygm(e,@:\/Qi?EH:Z; P (cos 0)em? (2.10)
where P;" are the associated Legendre polynomials. Intuitively, SH can be viewed
as the spherical analogue of the Fourier series expansion. For a periodic function de-
fined on the circle (i.e., the interval [0, 27]), the standard approach is to decompose
it into sines and cosines, which represent the natural vibration modes of the circle,
each mode corresponding to an integer number of oscillations along the angular co-
ordinate. Analogously, for a function defined on a sphere S2, the aim is to decom-

pose it into the natural vibration modes of the sphere. These modes are given by the
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spherical harmonics Y,;™ (6, ¢), where the degree ¢ determines the overall number of
oscillations on the sphere, while the order m determines the azimuthal oscillation
pattern. Lower-degree harmonics (¢ = 0,1,2) represent smooth, global variations.
Higher degrees capture increasingly fine-grained details and rapid variations on the
sphere’s surface. Any square-integrable function on the unit sphere can be expressed
as follows:

oo 4

FO0.0)=2_ > "'Y["(0,0) 211

{=0m=—¢
with (lat,lon) = (6,¢) and ¢ is the weight associated to the orthogonal spheri-
cal harmonic basis functions. The orthogonality property ensures that different ba-
sis functions are independent, enabling efficient computation and analysis. Similarly
to [58], only the real form of the spherical harmonics is selected for this application,

and they are defined as:

(—1)™V/2P"(cosf)sin (|m|¢)) ifm <0

Y™ (0,6) = § P (cosb) if m=0 (2.12)
(—=1)™\/2P(cosf) cos (me))  if m >0

where ]5;”(005 0) is the normalized associated Legendre polynomial. In this way, the
orthogonality and completeness properties are preserved while removing the complex
term, making them more suitable for applications dealing with real-valued data on

geographic coordinates, where 6 represents latitude and ¢ represents longitude.

2.2.4 Architecture

The method is designed around the premise that the 2D DWT provides a natural
method to expose multi-scale frequency structure in optical RS imagery, enabling an
encoder to form representations that couple fine details with broader spatial patterns.
Building on this idea, a foundation-style vision encoder is constructed for optical RS,
with utility across multiple downstream tasks. In addition, a Geo-conditioned Posi-
tional Encoding (GPE) is introduced to inject geolocation priors into the embedding

space by means of Spherical Harmonics, producing geography-aware features with
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Figure 2.17: Illustration of WaveMAE architecture, the core design follows that of
the MAE [2]. The method applies a 4-level DWT decomposition to the input image
x of resolution (H, W) is obtaining 4 set of wavelet components at different scales
of resolutions (H/2,W/2),(H/4,W/4),(H/8,W/8) and (H/16,W/16). Following
this operation the components in .S are fed to the Multi-level patch embedding, here
lighter colors stand for shallow decomposition levels and low-scale feature extrac-
tion, on the opposite darker colors mean deeper decomposition level and high-scale
feature extraction. After, the full sequence is fed to the MAE framework, the decoder
reconstructs the masked wavelet components S at the same resolution specified pre-
viously. A smooth L1 loss is calculated between the input and the predicted wavelet
components. Additionally, the predicted components are used to calculate the inverse
DWT, obtaining the reconstructed multispectral image . An MSE loss is calculated
between the latter and the input image x. In both losses the method attends only to the

previously masked parts of the components/reconstructed image for the calculation.
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observed gains on several tasks. Figure 2.17 outlines the overall design. Given a mul-
tispectral input x of size 224 x 224 x C' (with C' channels defined by the pretraining
dataset), an N-level DWT is first applied.

Let DWT n(z) denote the N-level 2D wavelet decomposition of . At each level
Jj=1,2,...,N, the high-frequency sets HL;, LH;, HH; are produced, and at the
last level the approximation L Ly is obtained. Collect all components in

S=UL,S;=5U-USy=
{HL,,LH, HH,} U---U{HLy,LHy,HHy,LLy}.

Empirically, N=4 offered the most favourable trade-off (see the experiments).
Thus, DWT () yields 13 components: one low-frequency term and 12 high-frequency
subbands across the four levels. Intuitively, I.L4 corresponds to a 16 x downscaled
version of I, while { HL;, LH;, H H;} are produced at scale factors 20

HL,LH{,HH| — 2 x downscale
HLy,LHs, HHy — 4 x downscale
HL;, LH3, HH3 — 8 x downscale
HLy,LH4y,HH4s — 16 x downscale

This hierarchy preserves frequency content at multiple resolutions, granting ac-
cess to both local textures and broader structures. Consequently, the spatial sizes of
the groups are S : 112 x 112, S5 : 56 x 56, S3 : 28 x 28, and Sy : 14 x 14.

Multi-level Patch Embedding

WaveMAE’s central design goal is to make tokens that refer to the same spatial lo-
cation interact across decomposition levels, thereby coupling information from fre-
quency components at different scales. To realize this, the Multi-level Patch Embed-
ding comprises level-specific convolutional embeddings whose kernel (patch) sizes
scale with the corresponding downsampling factor (see Figure 2.19). With N=4, the
patch sizes per level, from shallowest to deepest, are 8x8, 4x4, 2x2, and 1x1, pro-

ducing the same token count per component at every level. The kernel size of each
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o E .

Level 2

Figure 2.18: Tube Masking scheme: for a three-level DWT, spatially aligned loca-

Level 3

tions are masked identically across all levels. From top to bottom, rows correspond
to shallow-to-deep levels; components are colour-coded [LL, ' ', LH, HH]J; grey in-
dicates masked patches.
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(32x32x0)

Decomposition level 2

(16 x 16 x C)

Decomposition level 3
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Decomposition level 4
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Sequence length

16
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Figure 2.19: Mechanism of the Multi-level Patch Embedding. For an input of size
64 x 64 and N=4 levels, DWT subbands have the resolutions reported in the table.
Adapting the patch size to each component’s spatial resolution aligns tokens at the
same image location across levels. White indicates pixel grids; yellow outlines patch

boundaries.

patch-embedding layer matches its patch size. This construction ensures that a token
at any location aggregates the same 16 <16 region in the original image x, regardless

of level, guaranteeing location-wise correspondence across scales.

Positional Encoding

Before encoding, positional information is added to the token sequence. For abso-
lute ordering, sinusoidal Absolute Positional Encoding (APE) is adopted due to its
demonstrated effectiveness [12]. To introduce geospatial context, a Geo-Conditioned
Positional Encoding (GPE) is further constructed using Spherical Harmonics, as de-
picted in Figure 2.20. This encourages samples from similar regions to occupy nearby

locations in the representation space. For a pretraining image = with metadata (lat,lon),
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Geo-conditioned Positional Embedding (GPE)

A (1,768)
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¢ (1-layer MLP)
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(lon, lat) Y(6,6) = [Y{(6,0), Y 1(6,9), Y,(6,6), Yi1(6,0), ..., Y£1(6,9))

v

Degrees to radiants conversion

lon: [0,180°] — [0,27] —> @
lat:  [-90°,90°] - [0,7] —> 6

Spherical Harmonics

Figure 2.20: Computation of the Geo-conditioned Positional Encoding (GPE). Meta-
data provide latitude/longitude for each image x; after converting degrees to radians,
Spherical Harmonics (Section 2.2.4) are evaluated and then projected with a 1-layer
MLP to the encoder embedding dimension D=768.
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angles are first mapped to radians:

0 = deg2rad(lat+90°) € [0, 7]
¢ = deg2rad(lon+ 180°) € [0, 27]

where 6 is the polar angle and ¢ the azimuth. Spherical harmonics Y, (6, ¢) are then
computed for degrees ¢ € {0,...,L—1} and orders m € {—/,...,¢}. Increasing L
augments angular resolution by adding higher degrees and orders [58], low degrees
capture global trends, whereas high degrees model fine variations. A setting of L=27

is adopted, producing ZKL;OI(% +1) = L? = 729 coefficients, concatenated as

Y(ea ¢) = [YVOO(Q’QS)aYlil(9’¢)7Y10(05 ¢),}/11(97 ¢)a ceey
V0.0 R,

A linear layer maps this vector to the transformer dimension D=768. The GPE is
added to all tokens, complementing APE so that the embedding encodes both local

spatial position and global geolocation cues.

Masking Strategy

The masking policy exploits the spatial alignment of tokens across all levels/components
induced by the Multi-level Patch Embedding, enabling a Tube Masking protocol [59].
This approach reduces spatial redundancy while preserving cross-level frequency cor-
respondence by applying identical spatial masks to every component (Figure 2.18).

A masking ratio of 75% is adopted, in line with prior self-supervised work [3] [4].
Formally, define the token set

T={tl;:i=1,...,ng, j=1,...,nw, 1=1,...,L}

where (7,7) indexes spatial location, [ the level, and n g, ny the token grid dimen-

sions for z. Draw a random spatial mask

M C{l,...,H}x{1,..., W} with | M| = pHW and p = 0.75.
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Retained tokens are

Compared with fully random masking, tube-wise masking led to faster convergence
in preliminary trials: enforcing shared spatial locations across levels encourages the
model to exploit the hierarchical wavelet structure and stabilizes training. The work-
ing hypothesis is that, for any unmasked location, attention can integrate information
from all levels/components at that same site, making this association easier facilitates

the convergence during training.

Multi-level Reconstruction

After encoding, embeddings are linearly projected to the decoder dimension D=512
and learnable mask tokens are inserted at previously removed positions, following
the MAE pipeline [2]. Absolute positional embeddings are then added to the full se-
quence. The Geo-conditioned Positional Encoding is applied only on the encoder side
and is not provided to the decoder, preventing direct access to geolocation during re-
construction and compelling the encoder to internalize geographic cues. Figure 2.21
depicts the decoder layout. Unlike standard MAE, the target is not the pixel image
z, instead, the decoder estimates the set of wavelet components S, from which Z is

obtained via the inverse transform:

T =DWTx'(S)
To this end, the final linear prediction stage comprises L level-specific heads (Pred
modules), mirroring the Multi-level Patch Embedding, so that each head reconstructs
all components at its level. Concatenating all predicted components yields S.

Losses

Reconstructing S alone was found insufficient to guarantee high-fidelity images. Ac-

cordingly, two complementary losses are employed:

Liot = Lrec+ ['cmp (2.13)
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Figure 2.21: Multi-level Decoder. The masked sequence is first projected to the de-
coder width ﬁ:512, then filled with learnable mask tokens. After adding APE, the
complete sequence is processed by 8 transformer blocks. Four independent prediction
heads (one per level) operate on level-specific subsequences obtained by splitting the
decoded tokens. Owing to the Multi-level Patch Embedding, each component yields
a fixed 196-token sequence per level. Thus, the fourth (deepest) level aggregates 784
tokens (for HFy={H L4,LHy,HH,} plus LL4), while the remaining levels con-
tain 588 tokens each (high-frequency components only). Each level’s head comprises
separate MLPs (three, or four at the deepest level), each dedicated to one component,
mapping 512 — py X pw where (pg,pw ) depend on the level (Section 2.2.4). An

unpatchify step finally produces the reconstructed component set S.
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Both terms are computed only over masked spatial locations (defined by M). The
reconstruction term L,.. compares the original image x with the inverse-DWT re-
construction Z = DWT, ! (S):

Lree = 520 (i — ;)
where P is the number of masked pixels. This term steers the encoder toward rep-
resentations that are informative for the inverse DW'T, encouraging high-frequency
information to propagate even into shallower levels. The complementary loss Ly,

regularizes at the component level using a smooth L1 criterion between true and pre-

dicted components:
Lemp = ﬁ > pens SmoothL1(Sy, Sy),

which, in conjunction with GPE, empirically benefits several downstream tasks.

2.2.5 Experiments

A fair evaluation requires disentangling gains due purely to pretraining strategy from
confounders such as dataset choice and scale. Accordingly, all compared methods
were retrained on a single, shared pretraining corpus so that improvements can be
attributed to the pretraining strategy rather than to data discrepancies. To rigorously
test generalization, downstream evaluation relies on the PANGAEA benchmark [60],
which offers a broad and standardized suite of tasks. Five datasets spanning four ob-
jectives—semantic segmentation, change detection, regression, and multilabel classi-
fication were selected. All methods used for the comparison are in the optical masked-
autoencoder families for remote sensing imagery. Within this setting, the question
under examination is whether explicitly injecting a wavelet decomposition benefits
optical encoders by structuring high-frequency, scale-aware content that conventional
MAE-style pipelines may underexploit. For this reason, the comparison is restricted
to foundation models that (i) adopt masked autoencoding and (ii) are applicable to
optical inputs only, thereby avoiding confounds from extra modalities such as SAR.
The roster of methods includes MAE [2], the canonical formulation for natural im-
ages, together with SatMAE [3], which adapts MAE to multispectral data, and Sat-

MAE++ [4], which augments reconstruction via multi-scale constraints. To broaden
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the scope, Spectral GPT [5] is also considered as a large-scale transformer explicitly
designed for multispectral structure through spectral priors. Collectively, these base-
lines span general-purpose and domain-specialized masked autoencoders, providing
a balanced reference frame to assess the contribution of WaveMAE.

Datasets The empirical study focuses on optical—and specifically multispec-
tral—imagery, which has demonstrated advantages beyond RGB alone. Consequently,
fMoW-S2 [6] serves as the common pretraining dataset for every method assessed in
this section.

fMoW-S2 (Functional Map of the World — Sentinel-2) constitutes the Sentinel-2
variant of the IARPA fMoW collection. It comprises 882,779 image patches sampled
across hundreds of countries and provides the full Sentinel-2 band set (B1-B12 plus
B8A; 13 bands) over 62 categories. These include four 10 m bands (B02, B03, B04,
B08), six 20 m bands (B05, B06, BO7, B8A, B11, B12), and three 60 m bands (BO1,
B09, B10).

Transfer capability is measured under the PANGAEA protocol [60], finetuning
the pretrained encoders on five downstream datasets covering four tasks and multiple
sensors/resolutions:

MADOS. MADOS [61] targets semantic segmentation for marine pollution (oil
spills, marine debris) using Sentinel-2 data. It supplies the multispectral imagery (B1,
B2, B3, B4, BS5, B6, B7, B8, BSA, B11, B12; 11 bands), enabling evaluation of
spectral sensitivity and fine-grained delineation in maritime scenes.

HLSBurnScars. HLSBurnScars [62] contains burn-scar segmentation scenes de-
rived from Harmonized Landsat—Sentinel products. A typical subset (B2, B3, B4,
B8A, B11, B12; six bands) is provided at HLS harmonized resolutions. The public
release includes 804 scenes at 512x512 pixels (2018-2021, CONUS), supporting
tests of robustness under cross-sensor harmonization.

SpaceNet7 (MUDS). SpaceNet7 [63]—the Multi-temporal Urban Development
SpaceNet challenge—addresses urban change detection with PlanetScope RGB stacks
(~ 3—4m GSD) and building labels. Its standardized monthly stacks and area-of-
interest (AOI) patches facilitate temporal change analysis and medium-resolution lo-

calization.
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BioMassters. BioMassters [64] is a regression benchmark for above-ground biomass
that combines Sentinel-1 (VV, VH) and Sentinel-2 time series with LiDAR-derived
references in Finland. The optical stream includes B2, B3, B4, B5, B6, B7, B8, B8a,
B11, B12 (12 bands). The dataset comprises 310,000 patches (each covering roughly
2,560x%2,560 m) with per-patch biomass targets.

BigEarthNet. BigEarthNet [65] is a large-scale multilabel scene classification
dataset built from Sentinel-2 Level-2A (B1-B12, B8A; 13 bands). Version 2 contains
549,488 patches, typical pre-processing maps 10m bands to ~ 120x 120 pixels (with
matched sizes for 20m, 60m). Labels cover 19 classes in a multilabel setting.

Together, these datasets span heterogeneous resolutions, band sets, and objec-
tives, yielding a comprehensive testbed for transfer evaluation. Since the study tar-
gets optical scenarios exclusively, Sentinel-1 patches are discarded during finetuning,
Sentinel-2 multispectral or RGB imagery is retained as available.

Pretraining Details

All contenders are pretrained on fMoW-S2 [6]. Following [5], pre-processing
normalizes reflectances to [0, 1], applies a random crop with scale sampled uniformly
in [0.2,1.0], resizes to I = (224,224), and uses horizontal flip with probability 0.5.
The spectral dimensionality is fixed at C = 13 for every method except Spectral-
GPT [5], which adopts C' = 12 (excluding B1). All models are trained for 50 epochs
with AdamW with learning rate set to 10~*. WaveMAE includes an additional step: a
level-IN=4 Discrete Wavelet Transform is computed (Haar basis), producing 13 com-
ponents that are stacked as the input sequence. For baseline MAE-style encoders, the
patch size is P = (16,16), yielding (I, /pp) X (I /pw) = 196 tokens. WaveMAE em-
ploys a multi-level patch embedding (Section 2.2.3), that means components at each
level are downsampled by a factor of 2x w.r.t. the original resolution. The base patch
size is scaled to P = (8,8) so that each token corresponds to a (16, 16) region in the
original image (refer to Fig. 2.19 for a visual explanation). Geo-coordinates for the
Geo-conditioned Positional Encoding are parsed from the fMoW-S2 GeoTIFF meta-
data and processed as in Section 2.2.3. Unless otherwise noted, the masking ratio is
75% across all methods, in line with [2]. Pretraining runs are executed on 2 NVIDIA
L40S GPUs under matched conditions.
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Downstream Tasks

Transfer is assessed on the PANGAEA suite [60]. Only encoder weights are
reused; task-specific heads are trained from scratch with aligned hyperparameters
to remove optimization confounds. For dense prediction, intermediate features from
encoder layers {3,5,7,11} are aggregated as decoder inputs following established
protocols. In all methods except WaveMAE and MAE, each output layer has shape
(B, N, L, D), features are summed over the N (spectral-group) axis, layer-normalized
over D, then permuted and reshaped to (B, D, fp, f) with f, = I, /p, and f, =
I, /pw. WaveMAE preserves (B, N, L, D) where N denotes wavelet components.
Low-frequency (LL) and high-frequency (HF) subsets are normalized independently
to respect their distinct statistics, HF components are then summed over N and
normalized. The LL and aggregated-HF streams are concatenated to (B,2,L, D),
reduced by summation over the component axis, and layer-normalized to obtain
(B,L,D) for 2D map reconstruction. Geo-conditioned Positional Encoding is ap-
plied only when downstream metadata provide geolocation, thus, for MADOS and
BioMassters no GPE is injected during finetuning, limiting its effect to pretraining.
Standard MAE retains N=1 and requires no special handling. All downstream ex-

periments are run on a single NVIDIA L40S GPU for consistency.

Semantic Segmentation. UperNet [66] is adopted following PANGAEA. Train-
ing uses cross-entropy and AdamW (learning rate 1 x 10~4, betas (0.9,0.999), weight
decay 0.05), batch size 32, for 80 epochs with validation every 20 epochs; the best
checkpoint is selected on validation performance. Sliding-window inference is used
for inputs larger than the model window. A multi-step scheduler triggers at [0.6,0.9]
of the total epochs. Mean intersection over union (mloU) is used as a metric to as-
sess model’s performance. This protocol is applied to MADOS and HLSBurnScars

datasets.

Regression. A regression UperNet head is employed with the same optimizer,
scheduler, and feature aggregation used for segmentation. Training spans 50 epochs
with validation every 10, batch size 32, and MSE loss. Performance is reported as
RMSE on the test split using the best validation checkpoint. This setup is used for

BioMassters dataset.
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Multilabel scene classification. For multilabel classification, the 2D decoder is
replaced by a compact MLP (Linear — BatchNorm1d — ReLLU — Linear) operating
on the highest-level encoder features. Training proceeds for 20 epochs with validation
every 5, batch size 256, and Binary Cross Entropy loss; optimizer and scheduler
mirror the dense tasks. In this case the metric used to assess performance is mean
average precision (mAP). This configuration is applied to BigEarthNet dataset.

Protocols, optimizers, and feature usage are standardized across tasks, with only
the task head varying by objective. This alignment permits attribution of differences
to the pretrained representations of MAE, SatMAE, SatMAE++, Spectral GPT, and
WaveMAE rather than to training heuristics.

Ablation Study

Ablations are designed to quantify the contribution of each architectural compo-
nent. For every configuration, a single pretrained model is evaluated across the five
downstream datasets listed in Section 2.2.5. Results are reported as the average over
five independent runs with different seeds, limiting sensitivity to initialization and
training noise.

To keep the ablation phase computationally tractable while preserving represen-
tational capacity, a base patch size of (16,16) is adopted at the first decomposition
level (except where token size is explicitly studied in Section 2.2.5), scaling with
component resolution as in Section 2.2.4. For inputs of 224x224, first-level com-
ponents are 112x112; with 16 x 16 patches, this yields 7x7 = 49 spatial tokens per
level (versus 196 tokens in the final configuration).

The analysis proceeds through five questions in sequence:

1. the effect of Discrete Wavelet Transform depth, probing hierarchical multi-

resolution representations;

2. the impact of Geo-conditioned Positional Encoding (GPE) relative to standard
positional schemes;

3. sensitivity to the masking ratio, trading reconstruction difficulty against repre-

sentation quality;
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4. benefits of pretraining compared to random initialization;

5. the role of token size in multi-level patch embedding and the resulting optimal

spatial resolution.

Decomposition level

To determine an effective depth for the wavelet hierarchy in the WaveMAE pipeline,
this study varies the number of decomposition levels and measures transfer on the
full benchmark suite. This choice is very important because the decomposition depth
governs both the granularity of frequency separation and the reconstruction diffi-
culty posed during pretraining. With fewer levels, the representation exposes fewer
frequency components and thus provides a weaker basis for capturing the spec-
tral—spatial variability of multispectral optical data, which in turn increases recon-
struction ambiguity. Conversely, deeper decompositions yield a richer, explicitly hi-
erarchical set of components that supports learning of multi-scale semantics, cou-
pling fine high-frequency details with broader low-frequency structures. The quali-
tative behavior in Figure 2.22 mirrors this intuition: moving from shallow to deeper
decompositions progressively strengthens the pathway by which high-frequency evi-
dence guides the recovery of finer-scale content. Empirically, the results in Table 2.5
indicate a marked improvement when adopting 3—4 levels over 1-2 levels, underscor-
ing the importance of hierarchical factorization for robust representation learning in
remote sensing. Improvements are consistent with an enhanced capacity to encode
spatial patterns across scales and to model frequency-domain relations characteris-
tic of Earth observation scenes, where semantics span from local texture to regional
structure. A fifth level was not pursued: memory overhead would rise over the hard-
ware availability in the configuration used in this comparison, moreover, the gains
beyond the 3-to-4 level transition appear marginal, making four levels a practical

optimum under the resource envelope considered.
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Figure 2.22: Qualitative reconstructions at epoch 50 for four pretraining configura-
tions differing only by the DWT decomposition level. For each level, the top row
shows (left-to-right) the target image, the visible (unmasked) region, and the tar-
get high-frequency component for the red channel (fMoW-S2 band 2). The bottom
row reports the corresponding model outputs: the reconstructed image, the previously
masked area recovered by the model, and the reconstructed high-frequency compo-
nent for the same spectral band. At levels 1-3 the encoder exhibits limited recovery of
fine high-frequency structure and instead exploits low-frequency cues for approxima-
tion. At level 4, by contrast, the lower-resolution high-frequency bands become easier
to model, and these coarse HF cues assist reconstruction of inner (higher-resolution)
components. Overall, the figure highlights the increasing difficulty of restoring high-
frequency content at finer scales and the stabilizing role of coarse HF signals during

reconstruction.
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Table 2.5: Ablation study on WaveMAE method applying an increasing level of de-
composition of the DWT. Each model has been tested across five datasets. Results
reported as mean =+ standard deviation over 5 runs. Best result per column is bold,
second best is underlined. Results are mean =+ std computed over 5 independent runs

with different seed.

Decomposition #Params Mados HLSBurnScars BioMassters Spacenet7 BigEarthNet
level (Encoder only)  mloU 1 =+ std mloU T +std mRMSE | £std mloU 1 + std mAP T + std

1 Level 85.21M 43421 £1.543 83.123 £0.726  125.107 £ 0.077 42.633 £3.787 42.710 £ 0.423

2 Levels 85.32M 43.323 £0.849 83.272 £ 0.664 124.167 £0.334 42222 +1.662 43.206 £ 0.211

3 Levels 85.43M 46.840 £ 1.980 84.703 +0.291 123.741 +0.151 44.582 +1.981 44.224 + 0.468

4 Levels 85.55M 50.401 +2.963 83.294 +£0.918 123.244 £ 0.122 48.280 £ 2.292 43.760 + 0.657

Geo-conditioned Positional Encoding

The effect of Geo-conditioned Positional Encoding (GPE) is examined both intrin-
sically via alignment of representations with geodesic distance and extrinsically on
downstream transfer. GPE injects latitude/longitude priors through Spherical Har-
monics, encouraging embeddings from nearby locations to concentrate in feature
space while preserving semantic coherence. Accordingly, a stronger monotonic rela-
tion is expected between pairwise GPE encodings and great-circle distance, together
with clearer separation between geographically close and distant samples. In con-
junction with the component loss L, such structure is hypothesized to translate
into consistent downstream improvements.

GPE-pairs. This test verifies that GPE encodes location information by corre-
lating great-circle distances with similarities of the learned GPE vectors. Approxi-
mately 4k coordinate pairs pair;(p1,p2) are sampled from fMoW-S2, balanced be-
tween close (< 200 km) and far (> 200 km) regimes, with p; = (¢;,0;). Great-circle

distance is computed as

Agep(p1,p2) = R-arccos(sin ¢y sin ¢+
oS ¢ cos ¢g cos(b2 — 61))

with Earth radius R=6371 km. For each point, a GPE vector is evaluated, and the co-
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sine similarity cosSim(GPE(p1),GPE(p2)) is correlated (Spearman correlation)
with Agep(p1,p2). Two settings are considered: GPE alone, and GPE plus L.
Table 2.6 shows a pronounced gap in cosine similarity between close and far pairs
in both settings, and a strong negative correlation with distance, confirming that GPE

captures geospatial structure.

GPE-embeddings. A second probe constructs ~ 3k balanced tuples over the 62
fMoW-S2 categories. For each Anchor (A), four samples are paired: a Positive (P)
within 200 km but from a different class, an Easy Positive (EP) within 200 km and
same class, a Negative (N) beyond 200 km and same class, and an Easy Negative (EN)
beyond 200 km and different class. Embeddings are extracted with frozen encoders
under four configurations: no GPE / no L,,;,, GPE only, L, only, and GPE+L,,,.
Average cosine distances between A and {P, EP, N, EN} are reported in Table 2.7.
This evaluates whether geolocation cues learned during pretraining modulate repre-
sentation geometry beyond visual similarity alone.

Insights. As previously demonstrated, GPE induces a strong negative correlation
between cosine similarity and geographical distance, with consistently high similar-
ity for geographically close pairs of locations and substantially reduced similarity
for distant ones. Comparing the two configurations without GPE in Table 2.8, one
might observe that the best downstream performance corresponds to smaller mar-
gins between Positive and Negative embeddings, as highlighted in Table 2.7. This
suggests that a more homogeneous representation space may be advantageous for
transfer learning. Conversely, the strong bias introduced by GPE induces the largest
separation between Positives and Negatives (Table 2.7), this separation however does
not translate into improved downstream performance, rather the opposite, as shown
in Table 2.8. The hypothesis is that the unregulated shift of tokens in the embedding
space caused by GPE is excessively strong, impairing the model’s reconstruction abil-
ity and thus degrading the learned representations. This hint is the reason behind the
introduction of a regularization loss to enforce reconstruction consistency. By intro-
ducing the loss L, the overly strong bias introduced by GPE was mitigated while
retaining its semantics, thereby allowing the injection of geolocation priors with-

out excessively disrupting the latent space. Although the resulting margin remains
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slightly larger than that of L,,, only configuration, the embedded geographic priors
yield significant improvements in downstream tasks across segmentation, regression,

and change-detection tasks, as summarized in Table 2.8.

Table 2.6: Intrinsic GPE metrics (GPE-pairs) on frozen encoders. Reported are mean
cosine similarity for close/far pairs and Spearman correlation between cosine simi-

larity and Agcop (km).

Close pairs Far pairs Spearman corr.
GPE  Lemp . . .
mean sim. T mean sim. | (cosSim vs Agop)
v 0.992 0.401 -0.81
v v 0.995 0.592 -0.80

Masking ratio

The masking ratio sets the proportion of tokens removed during pretraining and there-
fore controls reconstruction difficulty. Table 2.9 compares three settings—60%, 75%,

and 90%—across all downstream tasks.

Across datasets, a 75% mask emerges as the most reliable operating point, typ-
ically delivering the best or second-best scores. Notably, this configuration yields
strong gains on Mados, BioMassters, and Spacenet7, while remaining competitive
on HLSBurnScars and BigEarthNet. A 60% mask performs well on HLSBurnScars
and shows competitive behavior on BioMassters but lags elsewhere, pushing to 90%
produces results close to 75% with slightly reduced variance yet generally lower

means.

These trends emphasize careful tuning of the masking ratio: too little masking
makes the task trivial and weakens representation quality, whereas overly aggressive
masking diminishes usable context. Under the present setup, 75% strikes a balanced

compromise, encouraging learning of robust, transferable features.
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Table 2.7: Intrinsic GPE metrics (Geo-conditioned embeddings) on frozen encoders.

Reported are mean cosine distances between anchor (A) and positives/negatives.

(AP) (A,EP) (A,N) (A,EN)

GPE [
anp diStcos i diStcos \L diStcos T diStcos T

0.119 0.084 0.138 0.169

v 0.101 0.072 0.106 0.123

v 0.111 0.079 0.137 0.163
v v 0.115 0.082 0.128 0.148

Table 2.8: Ablation on the effect of GPE and Lcmp on downstream tasks. Results
reported as mean + standard deviation over 5 runs. Best result per column is bold,
second best is underlined. Results are mean =+ std computed over 5 independent runs

with different seed.

#Params Mados HLSBurnScars BioMassters Spacenet? BigEarthNet

GPE L.
P (Encoderonly) mloU{+std mloUt+std mRMSE] +std mloUt+std mAP7+std

85.55M 50.401 +2.963 83.294 4+ 0.918 123.244 £0.122 48.280 +2.292 43.760 £ 0.657

v 85.55M 47.694 +1.934 83.288 £ 0.650 123.071 £0.168 48.574 +2.875 43.838 £ 0.334
v 85.55M 48.997 +£2.272 82.705 £ 1.056 123.516 £0.120 47.586 & 1.779 43.364 £ 0.521
v v 85.55M 52.258 +2.549 83.565 + 1.353 122.843 £ 0.173 50.703 +2.216 43.830 4 0.483

Pretrain effectiveness

The contribution of pretraining is quantified against a randomly initialized encoder
under identical finetuning protocols. Table 2.10 reports downstream results for the
full WaveMAE configuration when initialized from fMoW-S2 versus training from
scratch.

Across benchmarks, pretraining confers a systematic advantage. Notably, the
gains are substantial on Mados (+11.4 mloU ), Spacenet7 (+8.5 mloU ), and BioMassters
(-1.46 mRMSE ), indicating that the features learned during self-supervision carry
over effectively to dense prediction and regression. The improvement on HLSBurn-

Scars is modest yet positive, whereas BigEarthNet exhibits parity with random ini-
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Table 2.9: Ablation on masking ratio applied to the sequence in input to the encoder
during pretraining. Each model has been tested across five datasets. Results reported
as mean =+ standard deviation over 5 runs. Best result per column is bold, second
best is underlined. Results are mean + std computed over 5 independent runs with

different seed.

Mask rati #Params Mados HLSBurnScars BioMassters Spacenet7 BigEarthNet
ask ratio
(Encoder only)  mloU 1 =+ std mloU T +£std mRMSE | +std mloU T =+ std mAP 1 =+ std
60% 85.55M 44.571 £ 1.161 83.586 + 0.617 123.108 +0.100 49.061 £ 2.025 43.602 + 0.763
75% 85.55M 52.258 +2.549 83.565 + 1.353 122.843 + 0.173 50.703 + 2.216 43.830 + 0.483
90% 85.55M 51.266 + 0.660 83.540 + 0.249 123.162 £ 0.149 50.108 + 2.168 43.818 + 0.602

Table 2.10: Ablation on pretrain effectiveness against a random initialization con-
sidering the full WaveMAE architecture. Each model has been tested across five
datasets. Results reported as mean + standard deviation over 5 runs. Best result per
column is bold. Results are mean =+ std computed over 5 independent runs with dif-

ferent seed.

#Params Mados HLSBurnScars BioMassters Spacenet? BigEarthNet

Pretrain Dataset
(Encoder only)  mloU 1 + std mloU 7T £std mRMSE | +std mloU 1 + std mAP 1 =+ std

Random Init. 85.55M 40.816 £ 1.560 81.932 +0.838 124.303 £ 0.097 42.215 £1.503 43.842 + 0.429
fMoW-S2 85.55M 52.258 +2.549 83.565 1+ 1.353 122.843 £ 0.173 50.703 + 2.216 43.830 + 0.483

tialization, consistent with the intuition that large, label-rich classification corpora

benefit less from pretraining when finetuned with abundant supervision.

Taken together, these observations support the conclusion that pretraining on a
large and diverse optical corpus such as fMoW-S2 enhances transfer, with the strongest
benefits emerging on tasks where supervision is limited or signal structure is complex.
Random initialization, by contrast, struggles to attain comparable generalization, un-

derscoring pretraining as a key factor in representation quality and robustness.
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Table 2.11: Ablation on token spatial size, results shows that increasing the granu-
larity of the input tokens leads to better performance overall. Each model has been
tested across five datasets. Results reported as mean + standard deviation over 5 runs.
Best result per column is bold. Results are mean + std computed over 5 independent

runs with different seed.

Patch i #Params Mados HLSBurnScars BioMassters Spacenet7 BigEarthNet
atch size
(Encoder only) mloU 1 =+ std mloU T +std mRMSE | +std mloU 1 + std mAP 1 + std
16 85.55M 52.258 +£2.549 83.565 4+ 1.353 122.843 £0.173 50.703 +2.216 43.830 + 0.483
8 85.91M 64.550 +3.307 85.595 + 0.198 106.383 + 0.170 52.303 + 1.987 45.278 + 0.376
Token size

The spatial granularity of input tokens is ablated by comparing encoders pretrained
with patches of 16 x 16 versus 8 x 8, while preserving the rest of the architecture.
Table 2.11 summarizes the results.

Reducing the patch size consistently improves transfer across all tasks. The switch
from 16 to § yields sizable gains on Mados (+12.3 mloU ), HLSBurnScars (4+2.0
mloU ), and BioMassters (-16.5 mRMSE). Even for Spacenet7 and BigEarthNet,
where sensitivity to very fine details is generally lower, the finer tokenization still
confers measurable benefits.

These outcomes indicate that preserving higher spatial resolution at the token
level facilitates the capture of high-frequency structure and subtle local variations,
which benefits both dense and global objectives. The computational overhead asso-
ciated with a larger token count is moderate relative to the observed improvements,
suggesting that 8 x 8 patching represents a favorable accuracy—efficiency compro-

mise for optical remote sensing encoders.

Comparison with State-of-the-Art

A head-to-head evaluation is conducted against representative optical SSL baselines—MAE [2],
SatMAE [3], SatMAE++ [4], and Spectral GPT [5], all pretrained on fMoW-S2 [6]

with harmonized settings. Table 2.12 reports performance over five downstream bench-
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Table 2.12: Comparison of WaveMAE against previous state-of-the-art models using
fMoW-S2 [6] as pretraining dataset for all methods. Each model has been tested
across five datasets. Results reported as mean + standard deviation over 5 runs. Best
result per column is bold, second best is underlined. Results are mean =+ std computed

over 5 independent runs with different seed.

Encoder ¢ #Params Mados HLSBurnScars BioMassters Spacenet7 BigEarthNet
ncoder type

P (Encoder only)  mloU 1 =+ std mloU T +std mRMSE | +std mloU 1 + std mAP 1 + std
MAE [2] 87.76M 25414 +2.083 83.163 £0.329 123.870 +3.887 41.416+ 1.515 45.000 + 0.361
SatMAE [3] 87.03M 47.091 £3.094 83.626 +£0.274 109.040 +0.212 45.115+ 1.231 44.874 £+ 0.401
SatMAE++ [4] 87.9M 39.842 £2.839 81.744 +0.472 110.358 £0.273 55228 +1.126 43.096 + 0.290
SpectralGPT [5] 85.8M 51.143 £0.926 81.734 £0.822 109.201 +0.295 49.100 +2.893 44.256 £+ 0.145
WaveMAE-Small 22.M 61.665 +3.422  84.063 £ 1.009 108.008 + 0.146 51.227 +3.770 -t
WaveMAE-Base 85.91M 64.550 + 3.307 85.595 +0.198 106.383 + 0.170 52.303 + 1.987 45.278 + 0.376

(+26.21%) (+2.35%) (+2.5%) (-5.29%) (+0.61%)

marks. To avoid confounding by input granularity, the comparison employs an input
size of 224 x 224 x C' with a patch size of 16, in WaveMAE this matches an effective
ratio of 112 x 112 x C with base patch size 8 at level 1 of the decomposition.

In the base configuration, WaveMAE attains the top results on four of five tasks.
The improvements are most pronounced on Mados (+26.2% mloU ) and HLSBurn-
Scars (+2.35% mloU), and a new state-of-the-art is set on BioMassters (-2.5%
mRMSE ). On BigEarthNet, a consistent albeit smaller margin is observed (+0.61%
mAP). Spacenet7 remains an outlier where SatMAE++ leads, plausibly due to its
stronger temporal modeling, which is particularly beneficial for change detection. A
compact WaveMAE-Small variant is also reported, maintaining competitive accuracy
with a parameter budget of only 26.4% of the base model. Overall, the evidence sup-
ports the conclusion that explicitly modeling scale-aware high-frequency content via
wavelet decomposition yields more transferable optical representations than standard
MAE-style pretraining. A qualitative comparison is provided in Figures 2.23, 2.24
and 2.25.
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Figure 2.23: Qualitative comparison of semantic segmentation task performance on
Mados dataset across different SSL methods. From left to right the figure illustrates
the NIR band (B8A) of the input image, the target segmentation map, and following
the predicted segmentation maps respectively produced by MAE [2], SatMAE [3],
SatMAE++ [4], SpectralGPT [5] and finally WaveMAE. The labels on the bottom
indicate the dataset’s classes and the respective color assigned in the segmentation

map. (Best viewed zoomed in for fine details.)
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NIR (B8A) Target MAE SatMAE SatMAE++ SpectralGPT WaveMAE

Figure 2.24: Qualitative comparison of semantic segmentation task performance on
HLSBurnScars dataset across different SSL. methods. From left to right the figure
illustrates the NIR band (B8A) of the input image, the target segmentation map, and
following the predicted segmentation maps respectively produced by MAE [2], Sat-
MAE [3], SatMAE++ [4], SpectralGPT [5] and finally WaveMAE. White color is
assigned to show the presence of a burn scar in the image.
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Figure 2.25: Qualitative comparison of change-detection task performance on
Spacenet7 (MUDS) dataset across different SSL methods. From left to right the fig-
ure illustrates the RGB image at timestep ¢1, the RGB image at timestep to with
t1 < t9, the target segmentation map, and following the predicted segmentation maps
respectively produced by MAE [2], SatMAE [3], SatMAE++ [4], Spectral GPT [5]
and finally WaveMAE. The white color in segmentation maps corresponds to areas

where urban development occured between the two RGB images.
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2.2.6 Conclusion

This study presents WaveMAE, a self-supervised framework for multispectral optical
imagery that augments masked autoencoding with Discrete Wavelet Transform de-
composition and Geo-conditioned Positional Encoding (GPE). By factorizing content
into multi-resolution frequency components exploiting DWT and injecting geospatial
priors through Spherical Harmonics, the approach enables more faithful reconstruc-
tion targets and leads to richer, geographically structured representations.

Extensive evaluation on the PANGAEA-bench shows consistent improvements
over prior foundation models across semantic segmentation, change detection, re-
gression, and multilabel classification. Ablations studies the role of each novelty in
the architecture and motivates the design choices: wavelet decomposition enhances
high-frequency capture and reconstruction fidelity, GPE organizes the embedding
space with respect to geography and, when coupled with the component loss, im-
proves transfer. Analysis of masking ratio, token size, and pretraining effectiveness
further demonstrate robustness to hyperparameter choices and clear gains over ran-
dom initialization.

Overall, the evidence indicates that frequency-aware decomposition and geo-
graphically informed encodings are effective drivers of self-supervised learning in
remote sensing. The unified evaluation protocol also contributes to more standardized
comparisons in the field, facilitating objective progress measurement across optical
SSL methods.



Chapter 3

Conclusions and Future Work

3.1 Conclusions

This thesis contributes to two complementary areas: satellite image supervised sin-
gle image super-resolution and self-supervised masked image modeling for remote
sensing.

In the supervised setting, Swin2-MoSE shows that sparsely gated transformer
backbones, coupled with example-level routing and a loss term based on Normalized
Cross-Correlation (NCC), can preserve fine structures while maintaining cross-band
consistency. The design encourages experts to specialize without fragmenting the fea-
ture space, yielding sharper edges and more faithful spectra than conventional CNN
or dense-transformer baselines. Swin2-MoSE relies on a balanced expert utilization
regime: excessive sparsity may underfit rare patterns, whereas insufficient sparsity
can dilute specialization.

In the self-supervised regime, WaveMAE demonstrates that frequency-aware masked
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modeling—implemented via discrete wavelet decomposition and complemented by
a light geospatial positional encoding—produces transferable representations. The
learned features generalize across segmentation, regression, and multilabel classifi-
cation, and often outperform larger models trained to reconstruct pixels directly. The
evidence indicates that aligning self-supervision with the signal’s natural multi-scale
structure is an effective inductive bias for multispectral data. WaveMAE’s gains de-
pend on appropriate choices of wavelet depth and token granularity, overly shallow
decompositions miss fine structure, while deeper ones increase memory and may of-
fer diminishing returns. Geo-conditioned encodings provide consistent benefits when
geotags are reliable, and can have benefits also in cases when metadata are not avail-
able.

3.2 Future Work

Several possibilities emerge for extending this research. While the current Swin2-
MoSE uses a modest number of experts, scaling the MoE architecture could further
increase model capacity without a proportional increase in FLOPs. Future work could
investigate dynamic expert assignment across spectral bands, automatic expert spe-
cialisation through evolutionary algorithms, or hierarchical MoE designs that operate
at different spatial scales. An intriguing direction is to couple the MoE with percep-
tual or task-aware losses that better align super-resolved outputs with downstream
tasks such as crop classification or land—cover mapping.

The WaveMAE frameworkf could be extended to multi-modal data, for example
by integrating synthetic aperture radar (SAR) or hyperspectral imagery. Combining
wavelet decompositions across modalities may enable richer cross—channel correla-
tions to be learned. Additionally, exploring joint reconstruction and contrastive pre-
text tasks may yield more robust representations. The Geo-conditioned positional
encoding could be augmented with auxiliary metadata, such as acquisition time or
sun angles, to capture temporal and illumination dynamics.

As large-scale multi-modal datasets become available, there is an opportunity to

train universal foundation models that unify super-resolution, denoising and cloud
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removal within a single architecture. Such models might incorporate both masked
autoencoding and diffusion-based generative modelling, offering controllable outputs
and improved generalisation. Transfer to downstream tasks could be enhanced via

adapter modules or task-specific heads, reducing the need for full fine-tuning.
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Appendix A

Memory-augmented Online Video
Anomaly Detection

“Roads? Where we’re going, we don’t need roads.”

A.1 Introduction

Autonomous Vehicles (AVs) are increasingly transitioning from laboratory proto-
types to operational systems as a result of sustained scientific and engineering progress
across perception, planning, and control. Yet, safety remains a determining factor for
large-scale deployment and public acceptance. One concrete pathway to improving
safety is the rapid identification of anomalous situations during driving, enabling ac-
tive interventions such as collision avoidance, pedestrian protection, and route re-
planning [67]. Among the sensing modalities typically integrated in AV stacks (e.g.,
LiDAR, radar, GNSS/IMU, ultrasonics), camera systems offer dense, semantically
rich, and cost-effective observations of the environment at high frame rates. Despite
these advantages, detecting anomalous situations from video in unconstrained traffic

remains difficult due to appearance variability, diverse motion patterns, occlusions,
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weather and illumination changes, and the non-stationarity induced by ego-motion.

From an operational standpoint, anomaly detection for AVs imposes strict real-
time requirements. Effective deployment entails not only computationally efficient
models but also predictable latency and bounded memory usage to guarantee timely
actuation. In online settings, the detector must operate causally—relying on the cur-
rent frame and, at most, a limited history—without access to future observations.
This constraint excludes batch-mode algorithms that aggregate information symmet-
rically in time and necessitates architectures explicitly designed for streaming inputs,

deterministic execution time, and graceful handling of frame-rate jitter.

A foundational challenge concerns the absence of a universally agreed defini-
tion of “anomaly” in road scenes. Risk perception is highly context-dependent: for
example, a brief lane encroachment might be benign in sparse traffic yet hazardous
in congested conditions. Ambiguity also extends to temporal localization, where the
precise onset and termination of an anomalous event are often subjective and may
vary across annotators. The scarcity and long-tailed nature of incident categories fur-
ther complicate supervised learning, since many classes are under-represented com-
pared with normal driving behaviour. Several datasets introduce operational criteria

to standardize labeling.

Within this context, a memory-augmented online detector namely MOVAD (Memory-
augmented Online Video Anomaly Detection) is introduced to address anomaly lo-
calization across diverse road scenarios under strict online constraints. The design
is deliberately minimalist with respect to input assumptions, consuming only RGB
frames and avoiding dependencies on auxiliary modalities such as optical flow, ob-
ject detections, or vehicle odometry. Two architectural elements are central. First, a
Video Swin Transformer [68] is adapted to extract short-term memory in a stream-
ing regime, allowing the backbone to harvest recent spatiotemporal correlations from
the current frame and a compact buffer of preceding frames. Second, a lightweight
LSTM module is incorporated in the classification head to encode long-term mem-
ory, enabling the decision layer to integrate contextual trends accumulated over the
observed history. This division of labour—short-term dynamics in the backbone,

long-term context in the head—yields complementary signals that improve robust-
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ness to transient, non-anomalous perturbations and enhance sensitivity to genuinely
hazardous deviations.

A comprehensive ablation on the DoTA benchmark [69] quantifies the contribu-
tion of each component and evaluates performance relative to prior art. Under iden-
tical online constraints and without auxiliary inputs, the system achieves superior
Area Under the Curve (AUC), indicating effective discrimination between normal
and anomalous segments. It is also notable that the inference pipeline is designed for
constant execution time, a property desirable for real-time deployment on embedded

platforms where compute budgets and latency guarantees are tightly controlled.

Contributions. The study offers the following contributions:

* An end-to-end, online architecture for Video Anomaly Detection (MOVAD)
[70] that operates exclusively on RGB frames with minimal assumptions about
scene content or actor availability, thereby simplifying integration in camera-
only AV stacks.

* A Video Swin Transformer [68] backbone configured for short-term memory
extraction in streaming conditions, capturing recent spatiotemporal correla-

tions from the current and few preceding frames while maintaining efficiency.

* An LSTM-based classification head to encode long-term memory, leveraging
context distributed over the entire observed sequence to stabilize decisions and

reduce susceptibility to transient artifacts.

* An extensive ablation on DoTA [69] demonstrating competitive or superior
AUC compared with methods that require auxiliary inputs, together with anal-
ysis of the effect of online constraints, temporal depth, and memory design on

detection quality.

A.2 Related

Fang et al. [71] define the anomaly onset as the moment when at least half of the
object involved becomes visible in the field of view, while Yao et al. [69] (DoTA)
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annotate the start as the first instant after which the accident becomes unavoidable.
The DoTA dataset [69] is commonly adopted as a benchmark for road-traffic anomaly
detection due to its scale, carefully designed temporal annotations, and widespread

use in the community.

Research on video anomaly detection (VAD) spans reconstruction-based, prediction-
based, and hybrid approaches. Early work trained convolutional autoencoders to re-
construct normal frames and flag deviations at test time [72]. Subsequent methods
integrated temporal recurrence via convolutional LSTM autoencoders to encode ap-
pearance and motion jointly [73,74]. As highlighted in [75], reconstruction-style sys-
tems can be sensitive to contamination by anomalous content during training and of-
ten require ad-hoc post-processing (e.g., temporal smoothing, adaptive thresholds)
to stabilize decisions. Prediction-driven techniques estimate short-term futures and
compare predictions against observed frames; AnoPred [7] formulates a multi-task
objective over intensity, optical flow, gradients, and an adversarial component. How-
ever, as discussed in [69], surveillance-oriented predictors may degrade on dash-
cam footage, where rapid ego-motion, perspective changes, and complex interac-
tions produce challenging dynamics. Two-stage pipelines such as STFE [8] first com-
pute coarse temporal descriptors—e.g., Histogram of Optical Flow (HOF) [76] and
CNN frame features—and subsequently refine decisions by modeling spatial rela-
tions among objects. Actor-centric formulations avoid full-frame prediction by track-
ing road users and forecasting their trajectories; FOL [69] follows this strategy to
reduce prediction complexity. While effective in scenes with reliable detections, such
methods depend on the presence and quality of object tracks within the field of view
and frequently assume access to auxiliary inputs (optical flow, bounding boxes, or

ego-motion), which can limit applicability in adverse conditions.

An alternative perspective emphasizes representation learning with explicit tem-
poral reasoning. The TRN model [77] combines action detection with recurrent mod-
eling of temporal dependencies and a decoding branch for anticipation, encouraging
features that encode predictive structure. In online driving, a useful compromise is
to couple short-term evidence—capturing abrupt changes and recent motion—with

long-term context that reflects scene layout, intent cues, and evolving interactions,
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without requiring explicit forecasting of future frames. Modern video transformers
offer a suitable backbone for this objective: localized spatiotemporal attention and
hierarchical feature extraction enable efficient processing of streaming video while

remaining sensitive to motion and appearance cues.

A.3 Architecture
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Figure A.1: The online frame-level VAD architecture. f[t] is the frame at time ¢, x
the output of the Reducer, NF' the number of frames in input to the VST, s[t] the

anomaly classification score of frame f[t].

The design treats recently observed frames as primary evidence of the ongoing
activity while also leveraging more distant frames to supply contextual cues about
scene layout and evolving interactions. To meet the constraints of Online VAD, the
architecture decomposes temporal reasoning into two complementary components:
a Short-Term Memory Module (STMM), responsible for extracting compact rep-

resentations from the current frame and a short window of near-past inputs, and a
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Long-Term Memory Module (LTMM) embedded in the classification head, tasked
with accumulating and integrating longer-horizon context (see Fig. A.1).

Short-Term Memory Module. For pre-processing the incoming frame f[t] while
jointly retaining information from the immediate past f[t —1]... f[t — (NF —1)], a
transformer-based video backbone is selected in place of a recurrent encoder. This
choice enables parallel computation over spatiotemporal tokens and exploits the abil-
ity of self-attention to capture long-range dependencies in both space and time [78].
Among transformer variants, the Video Swin Transformer (VST) [68] is adopted as
the STMM backbone due to its favourable accuracy—throughput trade-off and ef-
ficient windowed attention relative to alternatives such as ViViT [79]. While VST
was originally introduced for offline action classification—processing a full clip at
once—the network is adapted here to operate in a causal, frame-level setting by con-

suming a sliding window of a few frames and producing a per-frame decision.

Because self-attention scales quadratically with token count, unrestricted tem-
poral context is impractical for streaming scenarios. To bound latency and memory,
the input is restricted to a compact window of NF' = 4 frames, spanning the cur-
rent time ¢ to t — (NF — 1). This configuration preserves salient short-term motion
cues (e.g., abrupt decelerations, trajectory deviations) while keeping compute pre-
dictable. Formally, VST ingests a tensor of shape NF' x H x W x 3, where NF, H,
W, and 3 denote the number of frames, spatial height, spatial width, and RGB chan-
nels, respectively. Frames are partitioned into non-overlapping 3D patches, yielding
% X % X % spatiotemporal tokens. A 3D shifted-window attention mechanism is
then applied to enable cross-window interactions and to fuse appearance with motion
across the short horizon. The resulting short-term descriptor serves as the evidence
stream subsequently consumed by the LTMM.

Long-Term Memory Module. Empirical analysis (Section A.4.1) indicates that sim-
ply enlarging the STMM temporal window (VF' > 4) can degrade performance by
giving equal salience to frames irrespective of their temporal recency, thereby dilut-
ing cues from the present with stale context. To address this limitation, longer-horizon
information is injected through a distinct, lightweight memory pathway within the

classification head. At each time step, the short-term representation emitted by the
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STMM is forwarded to the LTMM, which updates a persistent state summarizing the
distant past. This separation allows the decision process to remain anchored to cur-
rent evidence while gradually accumulating background knowledge about the scene
(e.g., road topology, typical motion flows), improving temporal stability and disam-
biguating transient artifacts.

Concretely, the VST output is first passed through an Adaptive Average Pool
3D layer (the Reducer in Fig. A.1) to condense spatiotemporal activations into a
compact feature vector. The classification head comprises alternating normalization,
linear, and dropout layers; a three-layer stacked LSTM is inserted after the final nor-
malization stage to realize the LTMM. The recurrent state is composed of hidden h|[t]
and cell c|t] vectors for each of the three layers, updated once per incoming frame.
The LSTM consumes features of shape [B,1024] (with B the batch size) and returns
an equally sized transformed representation along with the updated states. Because
the recurrent state is modest in size and updated incrementally, the added computa-
tional burden remains fixed and small, preserving constant-time inference. For each
frame f[t], the head predicts an anomaly score s[t] € [0, 1], where 0 denotes normal
content and 1 indicates anomalous content. To mitigate class imbalance at training
time, a weighted cross-entropy objective is employed, assigning larger weight to the
anomaly class according to w; = e/e;, where e is the total number of training exam-

ples and e; the number for class 7.

A.4 Experiments

Dataset. Experimental evaluation is carried out on Task 1 of the DoTA benchmark
[69] (frame-level VAD), using only the anomaly label and its temporal boundaries
under a strictly online protocol. The corpus consists of 4,677 YouTube videos col-
lected across multiple countries and conditions (illumination, weather), with a spatial
resolution of 1280 x 720. The original split is retained, yielding approximately 70%
for training and 30% for validation.

Evaluation Metrics. Frame-level Area Under the ROC Curve (AUC) is used to quan-

tify the ability to temporally localize anomalous frames within each video. This met-
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Figure A.2: Performance comparison, changing the number of frames (NF') in input
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ric reflects threshold-free discrimination quality and is standard in VAD comparisons.
Training details. Reported baselines are taken from the corresponding publications.
Training is performed on a single A100 GPU using Stochastic Gradient Descent
(SGD) with learning rate 1 x 10~* and momentum 0.9. SGD is preferred over Adam
after observing that Adam led to instability and occasional divergence in preliminary
runs on this setting. Unless otherwise specified: batch size is 8; input frames are re-
sized to 320 x 240; the Video Clip Length (VCL)—the number of frames per video
within each batch—is 8; the LSTM stack uses 2 cells; NF' = 3 frames are supplied to
the STMM,; linear layers are initialized from a uniform distribution; recurrent weights
use (semi-)orthogonal initialization; biases are zero-initialized; and VST is initialized
from a model pretrained on Something-Something V2 [80]. Class imbalance in DoTA
is handled with the weighted cross-entropy described at the end of Section A.3, using
wy, = 0.3 for the normal class and w, = 0.7 for the anomaly class. This configuration
provides stable optimization, predictable per-frame latency, and a consistent memory

footprint compatible with online deployment.

# | Short-term | Long-term ‘ AUC ‘
1 66.53
2 v 74.46
3 v 68.76
4 v v 79.21

Table A.1: Performance comparison with and w/out short and long-term memory.
Short-term: with (NF' = 3) and w/out (NF' = 1). Long-term: with (2 cells) and w/out
(0 cells).

Since the videos contain a non-equal number of frames, we fixed the Video Clip
Length (VCL), that is the number of frames inside the batch for each video, in order
to be able to train the model with a batch size larger than one. To make the train-
ing as diverse as possible and reduce the effect of overfitting, at each iteration, we
randomly choose the starting frame for each video, adjusting the ground-truth ac-
cordingly. Batch shape is [B,V, H,W], where B is batch size, V is VCL, H and
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# | Method Type Input ‘ AUC ‘
1 | ConvAE [72] (¥) Gray 64.3
2 | ConvAE [72] (%) Flow 66.3
3 | ConvLSTMAE [81] (*) Gray 53.8
4 | ConvLSTMAE [81] (*) | Unsupervised | Flow 62.5
5 | AnoPred [7] (*) RGB 67.5
6 | AnoPred [7] (*) Masked RGB 64.8
7 | FOL-Ensemble [69] (*) RGB + Box + Flow + Ego | 73.0
8 | TRN [77] (**) . RGB 78.0
Supervised
9 | STFE [8] (**) RGB + Flow 79.3
10 | Our (MOVAD) . RGB (320 x 240) 80.09
Supervised
11 | Our (MOVAD) RGB (640 x 480) 82.17

Table A.2: Benchmarks of VAD methods on the DoTA dataset. Both MOVAD models
are trained with the best configuration of: VCL of 8, 3 LSTM cells and NF' = 4.
(Note: results with (*) and (**) are taken from DoTA [7] and [8] paper, respectively)

V' are height and width, respectively. Unless otherwise specified, the following con-
figuration is adopted: input video size is 320 x 240, VCL is 8§, LSTM cell number
is 2, NF is 3, linear weights are initialized using a uniform distribution, the LSTM
cells with a (semi-)orthogonal matrix, bias parameters are set to zero and the VST is

initialized with a model pretrained on Something-Something v2 [80].

A.4.1 Ablation study

This section systematically explores alternative architectural and training settings,
quantifies their effect on performance, and identifies the operating point used for the
comparative evaluation in Section A.4.2.

Memory modules effectiveness. This experiment isolates the contribution of short-
and long-horizon temporal reasoning; full configuration details are provided in the
caption of Table A.1. As summarized in Table A.1, enabling either the Short-Term
Memory Module (STMM) or the Long-Term Memory Module (LTMM) yields gains
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Model | sT|An | La|oc|Tc|vP|vo| oo | UK |
AnoPred [7] 69.9 | 73.6 | 75.2 | 69.7 | 73.5 | 66.3 | N/A | N/A | N/A
AnoPred [7] + Mask || 66.3 | 72.2 | 64.2 | 65.4 | 65.6 | 66.6 | N/A | N/A | N/A
FOL-STD [69] 673|774 |71.1]|68.6 692|651 | N/A | N/A | N/A
FOL-Ensemble [69] || 73.3 | 81.2 | 74.0 | 73.4 | 75.1 | 70.1 | N/A | N/A | N/A
STFE [8] 752|845 721|773 |72.8 719 | N/A | N/A | N/A
Our (MOVAD) 85.6| 85.1 |83.9|822|853|86.2|79.3|86.7| 771
Our (MOVAD) § 86.6 | 86.3 | 84.9 | 83.7 | 855 |81.6 | 774|879 | 73.8
’Model H ST ‘ AHx ‘ LAx ‘ OCx ‘ TCx ‘ V Px ‘ VOx ‘ OO ‘ UK ‘
AnoPred [7] 70.9| 62.6 | 60.1 | 65.6 | 654|649 | 642 | 57.8 | N/A
AnoPred [7] + Mask || 72.9 | 63.7 | 60.6 | 66.9 | 65.7 | 64.0 | 58.8 | 59.9 | N/A
FOL-STD [69] 75.1 1 66.2 | 66.8 | 74.1 | 72.0 | 69.7 | 63.8 | 69.2 | N/A
FOL-Ensemble [69] || 77.5| 69.8 | 68.1 | 76.7 | 73.9 | 71.2 | 65.2 | 69.6 | N/A
STFE [8] 80.6 | 656 699 | 76.5|742 | N/A | 75.6 | 70.5 | N/A
Our (MOVAD) 721|716 |723| 765|757 |74.1 | 779 | 71.7 | 69.1
Our (MOVAD) f 72.2|74.0 | 74.8 | 80.2 | 79.6 | 76.8 | 82.2 | 78.3 | 72.9

Table A.3: Detection accuracy (AUC) for individual accident categories. “*” non-
ego anomaly categories. “1” if input resolution is 640 x 480 instead of 320 x 240.
N/A=Not Available. Bold and red values are the best and second-best results.

over a purely per-frame classifier, indicating that explicit temporal modeling is ben-
eficial. Activating both modules concurrently produces the highest Area Under the
Curve (AUC), highlighting their complementarity: exploiting near-past dynamics is
advantageous, and augmenting this with longer-range context further improves dis-
crimination. In general, incorporating information from the past outperforms single-
frame inference.

Short-Term Memory Module. The STMM is instantiated with a Video Swin-B
backbone. After linear patch projection, the embedding dimension is C' = 128, and
the stage depths are d; = {2,2,18,2} for the i-th VST block. In practice, a higher-

capacity variant (VST-L) exhibits a tendency to overfit under the available supervi-
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sion, whereas lighter variants (VST-S/T) compress features too aggressively and fail
to preserve sufficient scene detail. The influence of the short-term window is assessed
by varying NF', the number of consecutive frames processed by the STMM at each
step (see Fig. A.2). Using only the current frame consistently produces the weak-
est results and unstable optimization, as the model lacks temporal cues and tends to
present nearly identical successive inputs to downstream layers, encouraging over-
fitting. Increasing NF' generally improves AUC until a point at which the benefit
reverses: for NF' > 5 the transformer is burdened with temporally more diverse evi-
dence without an internal mechanism to discount stale information, which degrades
performance. Overall, a window of NF' = 4 provides the most favorable trade-off

between temporal richness and robustness.

Long-Term Memory Module. The contribution of long-range context is evaluated
by varying the number of stacked recurrent cells from 0 (no LSTM) to 4; the re-
sulting learning curves are reported in Fig. A.3. A GRU-based alternative exhibited
qualitatively similar trends and is omitted for readability. Removing recurrent mem-
ory slows convergence and yields the lowest terminal AUC. Increasing the number of
cells raises the attainable AUC but delays saturation: a single cell converges quickly
and then drifts slightly downward, whereas four cells converge slowly and do not
reach the best performance within the same training budget. The global maximum
is observed with two cells, only 4+-0.02 AUC above three cells; however, the three-
cell configuration promotes steadier optimization and, when paired with the preferred
short-term window (NF' = 4), attains a higher final AUC. A plausible explanation is
that both settings (three LSTM cells in Fig. A.3 and NF' = 4 in Fig. A.2) reach their
respective optima at approximately the same epoch (around 400), leading to more

synchronized learning dynamics.

Video clip length (VCL). The temporal extent per training sample is varied in {4,8,12,16}
to study its effect (Fig. A.4). Very short clips (VCL= 4) yield the most unstable
optimization and the lowest AUC, likely because there is insufficient temporal evi-
dence for the LTMM to exploit. Increasing VCL accelerates performance saturation;
however, overly long clips (VCL= 12 or 16) reduce the final AUC, consistent with

heightened redundancy and greater overfitting risk arising from high inter-frame sim-
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ilarity. A VCL of 8 offers a balanced compromise, providing adequate context for the

recurrent pathway while constraining redundancy to maintain generalization.

A.4.2 Comparison with the state of the art

Table A.2 presents a head-to-head comparison against representative state-of-the-
art (SOTA) approaches, evaluating MOVAD at input resolutions of 320 x 240 and
640 x 480. The configuration follows the ablation-derived setting: VCL of 8, three
LSTM cells in the LTMM, and NF' = 4 for the STMM. Both evaluated resolutions
surpass the competing methods. The strongest configuration achieves an AUC of
82.17%, exceeding the previous best by +2.87 absolute AUC. Class-wise results,
grouped into ego- and non-ego-centric anomaly categories (see [69] for category
definitions), are reported in Table A.3. Unlike pipelines that rely on auxiliary de-
tectors, the system operates directly on RGB inputs even when traffic participants
are scarce or not visible, which is reflected in ego-involved categories such as VO

(vehicle—obstacle collision) and OO (oncoming out-of-control).

A.5 Conclusions

This study presents MOVAD, an end-to-end architecture for online, frame-level video
anomaly detection that enforces causal inference (past and present only) and main-
tains fixed, scene-agnostic execution time while requiring only RGB frames. Tem-
poral reasoning is decoupled into a Short-Term Memory Module—implemented via
a Video Swin Transformer to encode near-past dynamics—and a Long-Term Mem-
ory Module—implemented via stacked LSTMs to accumulate compact summaries
of remote history within the classification head. On the DoTA benchmark, which
comprises dash-mounted recordings of real-world traffic incidents, the system attains
an AUC of 82.17%, outperforming prior state-of-the-art by +2.87 AUC. These re-
sults indicate that combining windowed transformer-based short-term encoding with
lightweight recurrent long-term aggregation is an effective strategy for anomaly de-

tection under strict online constraints.
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Future research could explore unsupervised or self-supervised training regimes
that reduce reliance on labelled anomalies. Extending the model to fuse LiDAR or
radar could provide complementary motion cues and improve robustness to visual
occlusion or adverse weather. Finally, applying MOVAD to broader surveillance con-
texts, such as industrial safety or wildlife monitoring, would further demonstrate its

versatility.
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