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ABSTRACT

This dissertation explores the use of self-supervised pre-training in non-natural image domains and

provides three main contributions to the literature: 1) it adapts current self-supervised learning

frameworks to pre-train a model specific to synthetic aperture radar Wave mode imagery; 2) it

adapts current self-supervised learning frameworks to pre-train a model specific to dual-energy x-ray

absorptiometry; 3) it analyzes embedding characteristics of both models to identify representation

quality metrics effective beyond natural image applications.

The immediate goal of this work is to provide embedding models that generalize effectively to

a range of downstream tasks in their respective domains. These models serve as highly specific

foundation models — they generalize well to in-domain tasks, they are robust to training settings

and hyperparameter choices, and they are extremely labeled-data-efficient.

Training models with self-supervised methods that are tuned to the characteristics of the data

domain is important because most self-supervised frameworks are highly tuned for optimal perfor-

mance on natural images. By adapting these frameworks to respect domain-specific characteristics

of the data or simply removing natural-image-focused biases, downstream task performance and

generalizability can be improved.

The secondary goal is to add to the body of literature exploring representation characteristics,

searching for embedding space qualities that indicate a well-performing model without access to

labeled data for direct evaluation. This addresses a crucial bottleneck for similar domain-specific

pre-training efforts where architecture search, hyperparameter tuning, and comparison between

self-supervised methods are all hindered by the need to train each candidate model to completion

and evaluate performance on specific downstream tasks. By training novel embedding models for

two separate vision domains and extensively analyzing intermediate representations of successful

and unsuccessful models, this study seeks to establish a foundation for future research attempting

similar pre-training efforts for other computer vision domains beyond natural images.
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CHAPTER 1
INTRODUCTION

1.1 Problem Statement

Self-supervised learning (SSL) has been a crucial tool for overcoming one of the major bottlenecks

in deep learning — the need for labeled data. By training on signals inherently present in the data,

SSL has been the driving factor in rapidly improving models in data-rich domains such as natural

language processing[1, 2] and computer vision for natural images (NIs) [3, 4, 5, 6, 7], leading to the

creation of foundation models [8], models pre-trained on a vast dataset, enabling generalization to

a wide range of downstream tasks with minimal or no tuning.

In computer vision, there are two dominant approaches to self-supervised representation learn-

ing: masked image modeling (MIM) and joint-embedding self-supervised learning (JESSL). MIM

is a reconstructive approach, usually applied in tandem with vision transformers, where a portion

of input tokens are masked, and the goal is to reconstruct the image on a pixel [4] or token level [9].

JESSL frameworks rely on a Siamese structure, where the objective is for both Siamese arms to

learn similar representations for differently augmented versions of the same original image. These

frameworks are more varied, with many mechanisms employed to avoid representational collapse.

Literature on both SSL approaches, however, suffers from a bias toward NI — images that one

could take with a camera out in the world — since most of the biggest popular datasets for model

development and benchmarking are comprised of NIs [10, 11, 12, 13, 14]. As such, frameworks are

often tuned on this modality, and generalization to other vision domains with varying degrees of

difference to NIs is suboptimal [15, 16]. Two relevant domains are remote sensing and medical

imaging, both of which collect image data with fundamental differences to NIs. In remote sensing,

depending on the sensor, data can have varying numbers of channels compared to NIs which usually

have 1 channel (grayscale), 3 channels (RGB), or 4 channels at most (RGBA). There are also

semantic differences, such as some remote sensing modalities capturing objects of vastly different

scales and content, meaning features that the model might learn as useful for NIs would likely

not translate. Similarly, while medical imaging can also differ in the number of channels, semantic

differences account for much of the domain gap to NIs. Further, depending on the medical modality,

pixel intensities might also correspond to set physical qualities of the imaged tissue [17].

Considering JESSL frameworks, it is immediately apparent how the NI bias is problematic

for these domains. Augmentations are chosen specifically to encourage invariances desirable in NI

applications [3, 18, 16] and the implications of augmentations such as color or brightness distortions

change when images do not have regular RGB channels or pixel brightness are unclear. This is also

true for geometric augmentations, such as the popular crop and zoom augmentation [18, 19] which

could cause representations to disregard critical scale-dependent information for physics information
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in remotely sensed data.

MIM is less intuitive in this regard but also has implicit biases that could potentially negatively

impact representation quality. Since the objective is image reconstruction, specific remote sensing

domains with highly homogeneous images might not be a good fit for this objective as it is not

a sufficiently challenging task. Similarly, medical images taken according to strict protocols have

relatively low variability across samples, which could cause MIM representations to collapse toward

a local minimum, predicting the mean scan while ignoring salient features for downstream tasks.

Ultimately, it is unclear how exactly SSL frameworks affect representation characteristics and

thus, transfer performance. It is however, clear that simply applying out-of-the-box frameworks to

non-NI domain data is not ideal as it results in suboptimal task performance [16].

Additionally, extensive hyperparameter and framework tuning is especially expensive for SSL,

which relies on large vision backbones [14, 20] and benefits heavily from large sample sizes and

extended training [14, 21]. Several works have aimed to address this issue by proposing embedding

quality metrics that serve as indicators for downstream performance of learned embeddings [22, 23,

24]. However, evaluation of these metrics is also biased toward NI datasets for similar reasons as

the SSL frameworks. Additionally, evaluation of how metrics are correlated to downstream task

performance is often limited to single-class classification or object detection tasks, missing regression

and multi-label classification problems [25, 26], among others. Lastly, most of this work has been

conducted using JESSL representations [22, 23, 27], with the literature on MIM representation

characteristics severely lagging. As a consequence, while these metrics are a promising tool for

reducing the cost of adapting SSL frameworks to new tasks, the current literature is insufficient to

tell which metrics are robust and general enough to guide framework selection and adaptation to

non-NI domains.

1.2 Motivation

Given the demonstrable success of SSL methods in computer vision, it makes sense to use them to

pre-train general models for other, non-NI, vision domains. Domain-specific pre-training promises

higher representation quality with better downstream task transfer performance and in-domain

generalizability[28, 29, 30]. Remote sensing and medical imaging especially are two domains that

could benefit immensely from more focused SSL pre-training frameworks: both have fundamentally

different image characteristics from NI data, and while this depends on the exact image-acquisition

methods it is generally true for most of the data collected in both domains; both require domain

experts for labeling and have a diverse set of potential downstream applications, making it unfeasible

to compile sufficiently large labeled datasets for every valuable application; both have a historical

backlog of images acquired over many years or even decades, making it possible to compose relatively

large, unlabeled datasets for pre-training purposes; both have high-impact downstream applications

with real-world implications that would benefit from the availability of domain-specific pre-trained
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models to improve performance.

Exemplary data types from both domains are synthetic aperture radar (SAR) imagery from

remotely-sensed, satellite-borne systems and dual-energy x-ray absorptiometry (DXA) from medical

imaging.

The European Space Agency’s (ESA) Sentinel-1 mission has been collecting data continuously

since 2014 across various acquisition modes, amassing a multi-million image archive [31]. While

imagery collected by acquisition modes focused on landmasses has been of interest to diverse studies

with multiple applications [32, 33, 34, 35], the wave-mode (WV) images of the ocean surface are,

by comparison, relatively understudied. These images are collected over the open ocean, and their

primary purpose is to monitor and study the sea state (e.g. wind, waves, and currents) [36].

However, as more recent studies have explored, they also capture a wide range of other information

about atmospheric conditions and geophysical phenomena [37]. The almost 10M WV images

collected by the S1 mission could therefore be used for various downstream applications ranging

from sea ice observation to monitoring atmospheric stability regimes, but actual utilization has been

limited. These images have fundamental differences from NIs, including systematic backscatter

noise and not being object-centric like many NI datasets, which makes transferring pre-trained

models on NI suboptimal and brings into question biases of standard SSL frameworks.

Despite the sensitive nature and often high logistical and monetary cost of acquisition of medical

data making it generally harder to create datasets larger than several thousands of images, DXA has

been a modality included in several long-running longitudinal National Institute of Health (NIH)

studies, accumulating around 100k readily available scans. DXA captures comprehensive body-

composition information, but applications of deep learning to the modality have often been focused

on fracture risk or fracture detection [38, 39, 40], with fewer works exploring more opportunistic

measures that could be derived from DXA, which is a standard measure for body-composition and

bone density assessment [41, 42, 43]. Object-centric, information contained in DXA scans is more

diffuse than in NI, and relative pixel intensity is explicitly physically meaningful and relevant to

downstream applications, something that many SSL frameworks deliberately encourage invariance

to through brightness augmentations.

While it is beyond the scope of any single work to make domain-spanning SSL pre-training

framework recommendations for all of remote sensing or medical imaging, focusing on specific appli-

cations from both domains will help shed light on how similar pre-training efforts can be undertaken

effectively in the future while also providing much-needed, domain-specific pre-trained models for

downstream applications. Additionally, given the scope of such an effort, opportunistically studying

representation characteristics throughout the pre-training process will also benefit other SSL pre-

training applications. An empirical study of embedding quality metrics that have been proposed

in the SSL literature for architecture search, hyperparameter tuning, and model-selection outside

of common evaluation datasets can supplement the literature on desirable embedding attributes
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beyond of NI data.

1.3 Research Question

This dissertation aims to primarily address the two following research questions

1. Can domain knowledge be combined with current SSL approaches to learn a SAR 20-km

ocean image embedding model with improved transfer performance over approaches trained

on NI data?

2. Can domain knowledge be combined with current SSL approaches to learn a DXA image

embedding model with improved transfer performance over approaches trained on NI data?

Both research questions contain two main hypotheses that are tested explicitly. (1) An embedding

model trained in a self-supervised manner on in-domain data can improve over one simply trained

on a standard NI dataset (ImageNet-1K [10]). And (2) the self-supervised framework used to train

the embedding model can be improved by including domain-specific modifications to the original

framework.

Opportunistically, this dissertation also evaluates a secondary question given embedding models

emerging from exploring the primary research questions:

3. Which embedding quality metrics generalize well outside NI applications and are well-correlated

with general downstream task performance.

To evaluate the primary research questions, similar approaches are taken, tailored to each

data domain, available data, and compute resources. For self-supervised frameworks, two JESSL

frameworks are evaluated, SimCLR [3] and BYOL [44] with a sampling of standard computer vision

architectures serving as encoder architectures. A standard MAE [4] with a ViT-S backbone is

trained as a representative MIM approach. All models are evaluated on domain-relevant regression

and classification tasks. Standard approaches from the pre-training literature are used to estimate

the quality of the pre-trained models, ranging from linear separability of the fixed embeddings to

end-to-end finetuning.

In tandem with the downstream task performance analysis, embedding quality metrics are

monitored throughout model training. The observed metrics during pre-training are evaluated

for correlation with task performance on downstream tasks for the different evaluation settings to

see which metrics are most predictive of a well-behaved embedding model. Unsupervised metrics

designed specifically for this purpose, such as RankMe [22] and α-ReQ [23] will be monitored.
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1.4 Contributions

• A generalizable, pre-trained SAR WV foundation model that has been thoroughly tested and

evaluated and is publicly available.

• A generalizable, pre-trained DXA foundation model that has been thoroughly tested and

evaluated. The model can process multiple anatomical regions and will be made publicly

available to researchers.

• Comprehensive empirical results on using embedding space metrics for non-NI imaging data.

Unsupervised representation quality metrics are evaluated against unusual downstream tasks

on unusual data, providing practitioners with valuable insights into the limits and efficacy

of these metrics and their utility for hyperparameter tuning, model selection, and guiding

framework alterations.

• A repeatable recipe for training domain-specific self-supervised foundation models in non-NI

vision domains.

1.5 Publications:

The following publications are presented in chronological order and related to this dissertation,

showcasing the evolution of the work:

• Yannik Glaser, Peter Sadowski, Thomas Wolfgruber, Li-Yung Lui, Steven Cummings, and

John Shepherd. Hip fracture risk modeling using dxa and artificial intelligence. In Journal

of Bone and Mineral Research, volume 35, pages 200–200. John Wiley and Sons and The

American Society for Bone and Mineral Research, 2020.

• Brandon Quach, Yannik Glaser, Justin Edward Stopa, Alexis Aur´elien Mouche, and Pe-

ter Sadowski. Deep learning for predicting significant wave height from synthetic aperture

radar. IEEE Transactions on Geoscience and Remote Sensing, 59(3):1859–1867, 2021. doi:

10.1109/TGRS.2020.3003839.

• Yannik Glaser, John Shepherd, Lambert Leong, Thomas Wolfgruber, Li-Yung Lui, Peter Sad-

owski, and Steven R Cummings. Deep learning predicts all-cause mortality from longitudinal

total-body dxa imaging. Communications medicine, 2(1):102, 2022

• Yannik Glaser, Ralph C., Foster, Douglas C., Vandemark, Linnea, Wolniewicz, Peter, Sad-

owski, Justin E., Stopa. Wvnet: A sar wave-mode foundation model. AGU Fall Meeting

Abstracts. 2023.
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• Yannik Glaser, Justin Edward Stopa, Linnea M. Wolniewicz, Ralph Foster, Doug Vander-

mark, Alexis Aur´elien Mouche, Bertrand Chapron, and Peter Sadowski. WV-Net: A founda-

tion model for sar ocean satellite imagery. AMS Artificial Intelligence for the Earth Systems.

2025. (Under review)

• Yannik Glaser, Thomas Wolfgruber, Arianna Bunnell, Peter Sadowski, John Shepherd. A

DXA body composition foundation model. (In preparation)

1.6 Dissertation Outline

The dissertation will be structured as follows. Chapter 2 will provide information and background

on the current state of self-supervised learning, introducing popular frameworks and different fun-

damental approaches. This chapter will also introduce transfer learning, the concept of a domain

gap, and its relevancy to applying self-supervised learning to non-NI imagery. Finally, Chapter 2

will introduce the concept of unsupervised representation quality metrics.

Chapter 3 will be a slightly altered version of a work that is under review for publication at the

time of the dissertation defense. This chapter is focused on using self-supervised learning to build

a SAR foundation model and downstream applications of said foundation model.

Chapter 4 will repeat the structure of Chapter 3 but will use self-supervised learning for DXA

medical imaging data and downstream applications in that modality.

Chapter 5 will analyze embedding quality metrics on the models trained in the previous two

chapters. It will evaluate the metrics for robustness to downstream tasks and application domain.

The final chapter describes the conclusions of this dissertation and future work.
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CHAPTER 2
BACKGROUND

2.1 Domain data

While in computer vision, most of the research attention and effort is often devoted to a limited

number of applications, there are countless underutilized, promising datasets available in scientific

vision domains. Two such datasets are SAR S-1 wave mode (WV) images from remote sensing and

DXA scans from medical imaging. Both are from domains that are popular for applied computer

vision research, but both WV mode and DXA scans have gone underutilized in favor of more

popular datasets. However, both hold potential for many downstream applications and present

interesting challenges, especially in the context of transfer learning.

2.1.1 Synthetic aperture radar (SAR) S-1 wave mode

Synthetic Aperture Radar (SAR) is an active microwave remote sensing technology. Unlike passive

optical sensors that rely on ambient light, SAR systems transmit their own microwave signals and

record the reflected energy, or backscatter, from the Earth’s surface. This self-illumination allows

SAR to acquire high-resolution imagery, disregarding cloud cover, smoke, or darkness. The all-

weather, day-and-night imaging capability of SAR makes it a primary instrument for systematic

environmental monitoring and disaster management.

The Sentinel-1 (S-1) mission consists of multiple polar-orbiting satellites (S-1A launched in 2014,

S-1B in operation between 2016 and 2022, and S-1C, launched in 2024) equipped with 5.405GHz

C-band SAR instruments. The satellites collect imagery with four different acquisition modes:

Interferometric Wide Swath (IW), Extra Wide Swath (EW), Stripmap (SM), and Wave (WV) all of

which serve different observational requirements. The primary mode over land is the Interferometric

Wide (IW) swath mode, which offers 250 km swath coverage at moderate resolution, making it

suitable for most terrestrial applications.

Over the open ocean, WV is used exclusively. This mode collects global sea surface roughness

data regardless of cloud cover and time of day, creating a large dataset of SAR WV images. These

images, about 60,000 per month per satellite, are 20×20 km in size with 5 m resolution, are taken

every 100 km along the orbit alternating between two incidence angles of 23.8°and 36.8° [45]) and
can show various features beyond just sea surface state [37].

2.1.2 Dual-energy X-ray absorptiometry (DXA)

DXA is a non-invasive, low-X-ray-dose imaging modality widely utilized for bone density and

quality assessment in osteoporosis [46], but also serves as the criterion measure for quantifying body
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composition [41, 47]. This imaging technique relies on the ability to differentiate body tissues based

on the differential attenuation of two distinct low-dose X-ray beams, enabling a three-compartment

model analysis (bone, fat, lean mass). Specifically, for scans utilized in this work, taken by various

Hologic (Hologic Inc., Marlborough, MA) scanners (Hologic QDR Series, Hologic Horizon A), the

process involves capturing images using alternating low- and high-energy X-rays, filtered through

air, tissue, and bone, resulting in a six-channel, 16-bit image. While some previous work has focused

on the ratio (R) of attenuation at low energy to that at high energy as a key parameter, exploiting

its relationship with the chemical composition of the material being imaged [17], this study will

primarily focus on the high- and low-energy channels. Clinical software can be used to derive body

composition variables from the attenuation values in the DXA images.

The primary clinical application of DXA is in the evaluation of bone health, specifically for the

diagnosis of osteopenia and osteoporosis. Osteoporosis is a systemic skeletal disease characterized

by low bone mass and microarchitectural deterioration of bone tissue, leading to an increased risk

of fracture. DXA provides a quantitative measure of bone mineral density, typically at the lumbar

spine and proximal femur, which are common sites for osteoporotic fractures [46]. Beyond diagnosis,

DXA is crucial for fracture risk assessment. Low BMD is a strong, independent predictor of future

fractures [48]. The results from a DXA scan are often integrated into fracture risk assessment tools,

such as the Fracture Risk Assessment Tool (FRAX) 1, which combines BMD with other clinical

risk factors (e.g., age, sex, prior fracture history) to estimate the 10-year probability of a major

osteoporotic fracture. Both proximal femur and spine DXA scans can also be used to directly

predict fracture risk [40, 49] and even detect fractures [39].

While initially developed for bone densitometry, the application of DXA in body composition

analysis has become equally significant. Unlike simpler two-compartment models (fat mass and

fat-free mass) used by methods like hydrostatic weighing, DXA provides a more detailed three-

compartment assessment. A total body DXA scan precisely quantifies total and regional fat mass,

lean soft tissue mass, and bone mineral content. Additionally, whole-body DXA scans, capturing

varied body composition information, have been demonstrated to also contain all-cause mortality

risk information [50] and have even been explored to derive markers of biological age based on

body composition [51]. Because DXA is a relatively low-radiation, low-cost imaging method that

is already commonly applied in multiple contexts, it has great potential for opportunistic screening

as well [52].

2.2 Self-supervised representation learning

Self-supervised representation learning emerges in various areas of the deep learning literature.

One early approach is generative, using an auto-encoding objective to pre-train individual layers

1https://frax.shef.ac.uk/FRAX/

8



of a deep belief network in a greedy manner [53], replacing restricted Boltzmann machines used

for the same purpose [54]. Deep end-to-end auto-encoders (AEs) became a more viable strategy

as training recipes improved with works such as denoising AEs [55, 56], variational AEs [57], deep

canonically correlated AEs (DCCAE) [58] (which bear resemblance to more modern self-supervised

learners, taking advantage of multi-view data), and split-brain AEs [59] which do cross-channel

predictions between color channels of input images. This, along with denoising AEs, is related

to other approaches with objectives aimed around restoring intentionally removed information.

Examples include converting an image to grayscale before restoring original pixel RGB values [60,

61] or context encoders [62] which restore masked sections of an input image, a precursor to the

modern MIM objective. The original paper introducing vision transformers (ViTs) also presented

preliminary experiments on a self-supervised objective, masking image patches with mask tokens

and using a decoder to reconstruct the masked patches from context [63].

Figure 2.1: Overview and comparison of current MIM frameworks. The top panel shows a masked
autoencoder with a pixel-level reconstruction objective, and the bottom panel shows BEiT with a
token-level objective.

The masked autoencoder (MAE)[4] fleshed out this concept, achieving competitive performance

with other self-supervised representation learning frameworks. Importantly, due to a lightweight

decoder for pre-training and forgoing encoding the masked 2.1 patches, this framework is especially

computationally efficient and highly scalable. BEiT [64] adapted the reconstruction objective to

include a discrete VAE tokenizer [6] to encode image patches and changed the objective to recon-
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struct tokens instead of pixel values to be more in line with the successful BERT [1] framework for

natural language processing. In practice, the MAE framework, being similar in performance and

much more efficient, is usually chosen over BEiT.

Other methods take advantage of closely correlated data, similar to DCCAEs. In the absence of

multi-view data entirely, subsequent frames in videos offer similarly inherently correlated images.

[65] for instance, take advantage of this by predicting the motion of the camera between subsequent

frames. This idea of multi-view invariant representations as a training objective is central to modern

JESSL frameworks as well, originating with general Siamese networks initially used for signature

verification [66]. The idea of a contrastive loss between Siamese arms is then formalized in [67, 68].

The first work to not use samples explicitly labeled as the same class but instead derive the notion

of positive pairs from subsequent video frames while contrasting with negative pairs from frames

of unrelated videos in a triplet loss [69]. The N-pair loss introduced by [70] generalizes the triplet

notion to arbitrarily many negatives and is taken to the extreme by [71]. In this work, each

sample is effectively treated as its own class, the positive pair being constituted by current and

past representations (tracked by a memory bank) of any given sample, while every other image

serves as a negative. This work does not rely on any class information or additional information

about the data (such as two frames appearing in the same video), working on completely unlabeled

image datasets.

Figure 2.2: Illustration of contrastive and non-contrastive JESSL frameworks, with differences
highlighted in red based on [72]. Panel a) shows a simplified contrastive framework similar to
SimCLR [3] where gradients are calculated based on view similarity and similarity to all other
images in a batch. Panel b) shows a non-contrastive framework, similar to BYOL [44] where one
encoder arm is an exponential moving weight average of the other arm, and loss is only calculated
based on positives’ similarity.

Finally, the framework proposed in [73] is the first modern incarnation of JESSL, formally

introducing the notion of creating multiple views of the same image through data augmentation.

Multiple contrastive frameworks followed, refining this idea. SimCLR [3], a simplified version of

which is depicted in Figure 2.2, iterated on the framework from [73] by removing comparisons
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between intermediate feature maps in the encoder network, introducing a projection head between

the encoder and the final output, and doing a more extensive data augmentation study, popularizing

the set of augmentations used by most NI JESSL frameworks since. Momentum contrastive learning

(MoCo) [74] introduced a memory bank to artificially increase the effective batch size, alleviating

training cost due to contrastive learning’s reliance on large batches to prevent representational

collapse. [75] take advantage of a memory bank while simplifying the update rule to shifting each

embedding toward the mean of its closest neighbors retrieved from the memory bank. Instead

of multi-view data, CLIP [7] takes advantage of language-image pairs, training a separate text

and image encoder network using a contrastive objective. SimCLR may be the most widely used

framework in practice due to its simplicity and adaptability.

A second branch of non-contrastive multi-view invariance methods emerged first in the form of

clustering approaches such as [76, 77]. These frameworks employ a two-step training procedure,

first embedding images and assigning clusters and then predicting cluster assignments and updating

model weights, with [77] using the Sinkhorn-Knopp algorithm to update the cluster-assignments

and avoid collapse, an approach also used by SwAV [78] who assign embeddings to predetermined

prototype vectors that become the target for Siamese prediction from multiple views. Bootstrap

your own latent (BYOL) [44] is the first framework to forego the clustering step in favor of an asym-

metric Siamese structure, shown in Figure 2.2. Here, both arms consist of the main vision backbone

and an MLP projector; one arm, the student also has a smaller MLP predictor network, while the

other arm, the teacher stops at the projector. For two views generated from an original image

through augmentation, the role of the student, given one view, is to predict the continuous output

of the teacher’s projector for the other view, both ℓ2-normalized. The student is then updated

based on its mean-squared error using gradient descent while the teacher’s weights are an exponen-

tial moving average of the student’s weights, which the authors refer to as self-distillation. This

relies solely on positive views, making this family of frameworks non-contrastive. Various follow-up

works propose other self-distillation approaches, mostly differing in how they avoid representational

collapse. DINO [18] avoids projection and prediction heads by centering and sharpening the teacher

outputs, while SimSiam [72] aims to further simplify the framework to the minimal components

necessary to avoid collapse, landing on a small predictor head for one Siamese arm and employing

a stop-grad to only update the main encoder’s weights based on a cosine similarity loss incurred

by that arm. This idea of reducing self-supervised learners to essential components is taken to

the extreme in [29], primarily for the purposes of theoretical study. Instead of self-distillation, the

last class of JESSL frameworks is based around objectives targeting the covariance matrices of

embeddings of related data. [79] argue this family of frameworks originates with the canonical cor-

relation view introduced by [80] and can certainly be traced back to the DCCAE framework [58].

Barlow Twins [81] proposes a simple loss function pushing the cross-correlation matrix between

the embeddings of two views toward the identity matrix, penalizing large off-diagonal terms while
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encouraging diagonal values close to 1. VICReg [26] builds on this loss by keeping the off-diagonal

regularization of the cross-correlation matrix while additionally regularizing variance between the

dimensions of each embedding to prevent collapse and minimizing distance between embeddings of

different views instead of explicitly maximizing the diagonal of the cross-correlation matrix.

Lastly, more recent works have begun combining the MIM and JESSL objectives. iBOT [9] train

ViTs using a combination of the BEiT objective, reconstructing masked image patch representa-

tions, and a self-distillation objective, minimizing the cross-entropy between the [CLS] embeddings

of the teacher and student arm. DINOv2 [5] refine this training recipe by systematically including

components drawn from several other works, careful hyperparameter tuning, and pre-training on a

novel dataset of 142M images. This avenue of research is promising but extremely computationally

and data intensive.

While this is an overview of various frameworks for self-supervised representation learning in

computer vision, it is by no means comprehensive. For practitioners, that presents the practical

problem of choosing which framework to use. Fortunately, several works have attempted to intro-

duce unifying perspectives to understand the different families of frameworks, with results broadly

indicating that, under careful hyperparameter tuning, learned representations should be equivalent

within some margin. [82, 83, 84] all show, from different angles, performance gaps between frame-

works are not due to the inherent potential of the frameworks. Other works indirectly support

this assertion, such as [85] linking self-distillation frameworks like BYOL with the Barlow Twins

objective, or [86] linking the Barlow Twins objective to an upper bound on contrastive losses.

2.3 Transfer Learning

Transfer learning has long been a central technique in computer vision — essentially reusing weights

trained on a particular task to solve related tasks or problems in related domains. This approach

drastically reduces the need for extensive labeled data and computational resources, making it possi-

ble to develop performant models for specialized domains with data limitations. The standard prac-

tice involves fine-tuning models pre-trained on large, general-purpose datasets like ImageNet[10],

perhaps the most popular pre-training dataset used in computer vision. The models resulting from

pre-training on ImageNet usually display strong transfer performance [87] leading to it having been

used to produce then-state-of-the-art results in various domains, such as human pose estimation [88],

general pose estimation [89], skin disease diagnosis [90], and satellite images analysis [91].

However, as the domains get more dissimilar to the original NIs used for pre-training, transfer

performance can suffer [92]. The concept of dissimilarity is known as the domain gap and has been

characterized in relation to its impact on transfer performance by [92] (see Figure 2.3).

This is especially relevant for self-supervised learning, as pre-training efforts have moved from

weakly supervised [13] to self-supervised [14]. In fact, of the previously discussed self-supervised

frameworks, all of them are trained and evaluated exclusively on NI datasets in the original papers.
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Figure 2.3: Illustration of domain gap concept from [92].

Worryingly, in the suite of common datasets used in benchmarking self-supervised representation

learning frameworks, the only dataset representative of non-NI data is the EuroSat dataset [93],

appearing in some works doing extensive experiments on framework characteristics [79, 28].

This has obvious implications for the applicability of these frameworks to new domains. Not

only do representations learned on in-domain data perform better on transfer tasks [15], but vision

backbones and framework hyperparameters are demonstrably overfit to ImageNet [94, 95] and

other NI datasets [16] and are ideally set on a case-by-case basis for each new application [29].

Additionally, domain-specific data may come with characteristics that can be exploited to improve

representation learning.

For these reasons, many works that are pre-training models in a self-supervised manner for

specialized image domains have emerged. For instance in medical imaging, [96] and [97] use an

unchanged SimCLR framework but alter pre-training to a multistep process, first initializing with

NI-pre-trained weights, then pre-training on as much data in the target domain as possible, taking

advantage of self-supervision, and finally finetuning on task-specific labeled data, showing better

final performance and robustness across various medical imaging tasks. Several works utilize a CLIP

objective to pre-train multimodal models on images and radiology reports (such as [98] or [99]) or

image-text pairs scraped from scientific articles like BioMedCLIP [100]. [101] offer a comprehensive

review of work in this area. Some work also focuses on DXA, such as [102] using a contrastive

loss for cross-modal alignment and automated registration. [103] include a self-supervised step

between previously segmented bones of the hand in the training, interestingly, to compensate for

the small available sample size in the study. However, it appears that there is no general-purpose

DXA pre-trained model available that is shown to transfer well to multiple downstream tasks.

There have been similar efforts for satellite imagery, with MAEs being a popular choice. Sat-
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MAE [104] tailors masking strategies to multi-spectral characteristics of the data while Scale-

MAE [105] adds scale information to the positional encoding, indicating the area covered by an

image, and includes a more elaborate decoding procedure to recover large- and small-scale fea-

tures. The NENYA framework [106] pre-trains on MODerate-resolution Imaging Spectroradiometer

(MODIS) data using the SimCLR framework with an added rotation augmentation and finetune

the model to predict sea surface temperature at a global scale. [107] give an overview of all self-

supervised efforts utilizing SAR data; notably, WV mode is almost completely absent except for

this present effort.

While self-supervised methods already have a track record of success beyond NI data, efforts

to adapt these methods are generally disjointed. Many strategies for adapting self-supervised

frameworks have emerged in the literature, including exploiting known data invariances to find

views [108, 109], changing augmentation policies to fit the domain [110], feature engineering [105],

creating losses based on known properties of the data [111, 112], or changing the underlying archi-

tecture of the model [104]. There is no agreed-upon strategy or systematic approach for discerning

which adaptation will be beneficial for what task, and exploring the options involves expensive

pre-training and model tuning tailored specifically to the data domain using domain and machine

learning expertise. Reducing the cost of this process is critical to enabling more work to be done

in this area with greater efficiency.

2.4 Representation quality metrics

Given the need for efficient means of evaluating learned embedding quality, several works have

emerged proposing metrics for this purpose. Alignment and Uniformity [113] rely on measuring the

distribution of embedding across the embedding space (uniformity) and closeness of images from

the same class (alignment) to characterize what constitutes a good model. Optimizing for both of

these metrics in tandem is shown to lead to good performance in the paper; however, evaluating

alignment relies on the availability of labeled data or augmentations for generating views that are

well-aligned with the downstream tasks, neither of which are feasible for general-purpose, unsu-

pervised evaluation. Another metric measuring distribution qualities of a representation space is

IsoScore [114], proposing a robust measure of isotropy for high-dimensional embedding spaces. The

authors point out that this is the only metric that demonstrably measures how uniformly variance

is distributed across an embedding space. Results in the paper also indicate that isotropy might

not be strictly desirable for good transfer performance, which seems to contradict the previously

discussed results suggesting uniformity is desirable. IsoScore is however, only evaluated on NLP

applications. Instead of focusing on the distribution of the embedding space, RankMe is an ef-

fective rank measure proposed to estimate how much information is captured by an embedding

model [22]. The authors show that their effective rank measure is well-correlated with downstream

task performance on various tasks. A last perspective of embedding quality comes from analyzing
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eigenvalues of the representation matrices. [115] are the first to point out power law behavior in

the decay of the eigenvalues, linking the rate of decay as the link between collapsed or whitened

representations, common issues in SSL. This is expanded on in subsequent work [116] by analyzing

linear regression transfer performance. The authors find that an eigenspectrum decay parameter-

ized by exponent α ∼ 1 leads to better, more robust transfer performance. α-ReQ [23] is a score

designed based on this observation, shown to be well-correlated with downstream performance. A

comprehensive review of these measure with some experiments, limited to NIs, is presented in [24]

showing mixed performance for all metrics while introducing several new potential performance

indicators. Little work has been done thus far to test these scores on non-NI data, regression or

multi-label classification problems, or even representations derived from MIM objectives.
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CHAPTER 3
WV-NET: A FOUNDATION MODEL FOR SAR OCEAN

SATELLITE IMAGERY

This chapter is largely identical to a journal article under review for publication at the time of the

dissertation defense.

3.1 Introduction

Machine learning is becoming increasingly important for analyzing remote sensing data. The num-

ber of Earth observation satellites in orbit has grown from 150 in 2008 [117] to over 1150 in

2022 [118]. Missions like the European Space Agency’s (ESA) Sentinel-1 (S-1) mission generate

large amounts of high-resolution images with global coverage. ESA has taken an open-data policy

making high-resolution synthetic aperture radar (SAR) imagery readily available for applications

ranging from environmental monitoring to climate modeling [119]. Fully leveraging the torrent of

S-1 SAR imagery requires automated analysis tools with many potential applications for machine

learning [e.g. 120, 121]. However, the machine learning approach generally requires large datasets

of training images that have been annotated by experts.

Transfer learning is one common solution to this challenge. A deep neural network model is

first pre-trained on a large dataset from a related domain and then fine-tuned on the target task,

requiring significantly less labeled data than would be necessary when training from randomly ini-

tialized network parameters. The pre-trained model is called a foundation model because it can

be reused for multiple downstream tasks. Foundation models pre-trained to classify NIs (primarily

the ImageNet dataset [10]) are routinely fine-tuned for remote sensing [122, 123, 124]. However,

transferring a model from a NI classification task to a remote sensing task can be problematic

because the image characteristics are very different. [92], among other works, formalize this dif-

ference based on image characteristics like perspective, object-centric-ness, presence of color, and

whether the images are of natural objects, concluding that EuroSat imagery has limited similarity

to ImageNet, making transfer learning more difficult. This is known as the domain gap, and the

deep learning literature has repeatedly shown that a wide domain gap between pre-training and

target data domains can hinder transfer learning performance [125, 126, 127]. [128] even go so far

as to argue that satellite imagery should be treated as an entirely separate modality from NIs due

to its distinct qualities such as unique spatial and temporal scales, the ability to capture multispec-

tral imagery beyond standard RBG channels, and the extremely sparse annotation-to-data-volume

ratio often associated with satellite data.

Self-supervised learning (SSL) provides an approach to pre-training a foundation model on

unannotated, domain-specific data. Instead of predicting annotations in a supervised manner, SSL
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algorithms define some other pretext task for pre-training. This approach has long been utilized

in natural language processing [129, 130] and has been one of the driving factors for the success

of large language models [1, 131, 2]. Recently, contrastive learning has re-emerged as a successful

self-supervised form of pre-training, especially for computer vision [3, 18, 9]. Contrastive algorithms

have produced impressive results on NI datasets, resulting in general-purpose models that perform

on par or better than models being trained in a supervised manner from scratch on the target

dataset [18, 3]. Thus, SSL presents opportunities for analyzing remote sensing data. Recent studies

have shown that pre-training on remote sensing data instead of NIs yields superior performance on

downstream tasks [132], with most proposed methods being self-supervised [133, 104, 105, 134]. To

date, these efforts have focused on remote sensing imagery of landmasses or coastal regions.

The objective of this work is to build the first foundation model for open-ocean sea surface

images. Our foundation model is pre-trained on imagery from S-1 WaVe (WV) mode, which was

designed to capture ocean waves at 5 m resolution in 20 × 20 km footprints [135, 136, 137]. These

images capture various ocean phenomena [138] and have global coverage, with millions of images

archived over the last decade. Thus, the data has been used to study ocean fronts [139], air-sea

interactions including organized turbulence in the marine boundary layer [140, 141, 142], and other

physical, atmospheric, and biological processes [37]. By building a foundation model specific to

SAR WV images, we can more fully utilize the large existing database of WV imagery, accelerating

research related to the ocean and atmosphere.

Two hypotheses are tested. First, we test whether contrastive SSL can train a SAR WV-mode

foundation model that outperforms standard foundation models pre-trained on NIs. Second, we

test whether performance of the model can be improved by using domain knowledge to design data

augmentations. These hypotheses are tested experimentally using a dataset of almost 10 million S-1

WV images, along with three smaller subsets of annotated images that exemplify target supervised

tasks for transfer learning. This dissertation will serve to introduce the model and demonstrate its

robustness and superior transfer performance on a set of diverse downstream applications. While

in-depth analysis of the model’s application to these downstream tasks is beyond the scope of this

dissertation, follow-up work is being prepared that more closely explores individual applications.

The optimized foundation model is made publicly available under the name WV-Net, and we expect

it to be useful for various downstream applications such as studying air-sea interactions, improving

constraints on numerical weather predictions, and monitoring sea ice.

3.2 Methods

3.2.1 Datasets

Sentinel-1 launched two satellites, S-1 A and B, in April 2014 and 2016 respectively [31]. A third,

S-1 C, was launched in December of 2024. S-1B went out of commission in December 2021. The
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S-1 satellites are identical polar-orbiting, sun-synchronous satellites [119]. S-1 operates in the

C-band SAR with a center frequency of 5.405 GHz or a wavelength of 5.5 cm. S-1 has a 12-day

repeat cycle, flies at an altitude of 690 km, has an inclination of 98.2◦, and a repeat period of 98.7

minutes. When both S-1A and S-1B were in operation they were 180◦ out of phase equating to a

6-day repeat cycle.

Each satellite produces approximately 60,000 images per month. S-1A and went into routine

acquisition mode in October 2015 and July 2016, respectively, so in total, there are approximately

165 months and 9.9M S-1A/B images. The WV images are 20 × 20 km scenes and alternate

between incidence angles of 23.8◦ (WV1) and 36.8◦ (WV2). The along-track separation is 100

km with 5 m pixel spacing. S-1 uses both vertical-vertical (VV) and horizontal-horizontal (HH)

polarization, but only one polarization can be obtained for one image. The majority of the WV

archive is in VV.

The S-1 GeoTIFFs are saved in range-azimuth (cross and along track) coordinates. The images

in this study have the North direction facing upwards; therefore, the descending passes are flipped

in the range and azimuth directions to make their relative geophysical representation the same.

The raw 20-km WV images have 4000 to 5000 pixels in the range and azimuth directions. We

implement a similar strategy to [37] by reducing the raw data size while highlighting the geophysical

phenomena that influence the sea surface roughness. The scales resolved by this processing are

larger than the typical azimuth cutoff of 100 m Stopa et al. [143] and extend to 5 km in three

steps: 1) incidence normalization, 2) downscaling, and 3) intensity normalization.

1. Incidence Normalization: The radar backscatter (σ0) depends on the local surface wind,

incidence angle (ϕ), relative wind-platform angle (θ), and polarization. The model CMOD5N

of Hersbach [144] is used to ameliorate these effects by assuming a constant wind speed of

10 ms−1 and a relative wind-platform angle (ϕ) of 45◦ to estimate the sea surface roughness

(SSR) as

SSR =
σ0

CMOD5N (10 ms−1, θ, ϕ = 45◦, V V )
. (3.1)

2. Downscaling: A moving boxcar window of 10 × 10 pixels or 50 m is applied to the SSR data.

Every 10th pixel is then selected to reduce the data by a factor of 100, resulting in an image

size of 400 to 500 pixels in both range and azimuth.

3. Intensity Normalization: The image intensity is enhanced by normalizing each image against

data within the 1st (P01) and 99th (P99) percentile

SSRn = 255

(
SSR− P01

P99− P01

)
. (3.2)

This alters the SSR to lie within the interval [0,255], where values of SSR ≤ P01 = 0 and

SSR ≥= 255. This normal imagery is then an unsigned 8-bit integer, and the matrix is
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saved as a portable network graphics (PNG) file. Thus the dataset is effectively composed of

grayscale images.

The images contain features of interest at multiple spatial scales (Figure 3.1), sometimes in the

same image. Below we describe three subsets of the data that have been annotated for supervised

learning tasks; these tasks are used to evaluate WV-Net as a foundation model.

GOALI classification dataset: The GOALI dataset consists of 10,000 WV images that were

manually annotated by human experts for multilabel classification, meaning any image can have

multiple labels simultaneously (Stopa et al. 2025, manuscript in preparation). The labels indicate

geophysical phenomena observable in the image. To this we add 6,400 images from Wang et al.

[37] that have been re-annotated in a way consistent with GOALI, for a total of annotated 16,400

images. The GOALI images are multilabeled with the following phenomena: wind streaks (WS),

micro-scale convective cells (MC), negligible atmospheric variability (NV), rain cells (RC), cold

pools (CP), sub-mesoscale air-mass boundaries (AB), low wind areas (LW), atmospheric gravity

waves (AW), biological slicks (BS), ocean fronts (OF), internal oceanic waves (IW), icebergs (IB),

ships (SH), ship wakes (SW), and other unidentified phenomena (UD). Sample images are shown

in Figure 3.1. This dataset is currently unpublished work but will be made publicly available in

the future.

Wave height regression dataset: Quach et al. [137] created a dataset of hundreds of thousands

of WV images with significant wave height (Hs) by colocating S-1 satellites with altimeter satellites.

Here we use a subset of 200,000 images and randomly split the data into sets of 50,000, 50,000, and

100,000 for training, validation, and final evaluation, respectively.

Air temperature regression dataset: Stopa et al. [142] showed that the sea surface rough-

ness observed in SAR is related to atmospheric stratification and therefore air-sea temperature

differences. Using ERA5 reanalysis data [145] as ground truth annotations for the sea surface tem-

perature (SST) and air temperature (Tv10), we attempt to predict the difference from SAR images.

The air temperature is corrected using the COARE algorithm [146] to account for moisture content

and derived as a virtual air temperature at a height of 10 m above the sea surface (TV10). The

annotated dataset consists of 76,000 images, which are split into 50,000 training, 11,000 validation,

and 15,000 testing images.

3.2.2 Model details

WV-Net is primarily trained using the SimCLR contrastive SSL framework [3] with a standard,

fully-convolutional ResNet50 as the backend architecture [147]. The SimCLR SSL pretext task is
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Figure 3.1: (a–d): Sample images of different geophysical phenomena observable in the global S-1
WV archive, titled by their dominant classes. Multiple classes can be present in the same image.
(e–h): Augmented versions of the low wind image illustrating the default SimCLR augmentation
policies. (i–l): Augmented low wind images illustrating the augmentation policies evaluated in this
work. In the actual SimCLR framework, usually multiple augmentations are applied in sequence
to the same image.
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to learn similar representations for two augmented views of an image while discouraging similarity

with the representations of any other image in the training data (Figure 3.2).

Figure 3.2: In the SimCLR algorithm, images are randomly augmented to create several views of
the same image. An encoder network — consisting of a backbone and a smaller projection head —
learns to produce an embedding that is similar to embedded views from the same original image
and dissimilar to embedded views from all other images. Only the encoder backbone is used for
transfer learning.

A SimCLR training step begins by randomly sampling a mini-batch of N training images. Each

image xk is transformed twice by random sequences of augmentation policies (sampled from a pool

of transformations) to produce two views of the original image, x̃2k−1 and x̃2k, resulting in 2N total

images. Each view is encoded by a backend network (here a ResNet50) and then a smaller projector

neural network, resulting in the embedding vectors z2k−1 and z2k. The loss for any positive pair of
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embeddings zi and zj originating from the same image is:

li,j = − log
exp(sim(zi, zj)/τ)∑2N

k=1 I[k ̸=i] exp(sim(zi, zk)/τ)
(3.3)

where τ is a temperature scalar, I is the indicator function mapping the positive sample pair to 0

to prevent it from adding to the denominator of the loss and sim(·, ·) is the cosine similarity:

sim(u,v) =
uTv

∥u∥∥v∥
(3.4)

The final loss is the sum of losses li,j for all positive pairs in a batch where the goal is to maximize the

positive pairs’ similarity while minimizing the similarity to the rest of the batch. Unless otherwise

specified, all hyperparameters are adopted from the original SimCLR work [3] with linear learning

rate scaling. Also in accordance with the original SimCLR formulation, the projection head is a

two-layer multilayer perceptron (MLP) with a 2,048-unit hidden layer and 128-unit linear output

size.

3.2.3 Augmentations

SAR WV mode images are very different from NIs, so experiments were conducted to optimize

the choice of augmentations used to train WV-Net. In addition to the augmentations proposed

in the original SimCLR [3] paper, we explore various augmentations proposed in the contrastive

learning literature, transformations from traditional computer vision, and a transform from signal

processing that was inspired by the SAR imaging process.

Cutout is a geometric transform where one or multiple rectangles within the image are zeroed

out or replaced with Gaussian noise [148] (see Figure 3.1i). We expect that including the cutout

augmentation could, on one hand, replicate some driving factors behind the success of masked-

image-modeling in geospatial data [4, 104], and also force the model to pay attention to all areas

of the images despite the majority of the dataset being comprised of homogeneous textures across

the 20-km frames. In this study, cutout can be applied up to three times, each application having a

probability of p = 0.5, each with a random scale between 2% and 30% of the image and a random

aspect ratio between 0.3 and 3.33. The areas may overlap and are zeroed out.

CVAug (or computer vision augmentations) is a composite of classical computer vision trans-

forms that, intuitively, may complement learning on remote sensing data. Random color inversion

is included to encourage a level of invariance to the pixel-intensity information and highlight tex-

tures. Random rotation is included because the model should be rotationally invariant. A sharpness

transform is included to obscure or highlight texture features, incentivizing more balanced repre-
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sentations that do not over-rely on global textures. Each augmentation is applied with probability

p = 0.5, the sharpness being increased by a factor of 0.5 and the rotation between ±170◦ (see

Figure 3.1j).

Notch filtering or stopband filters are common in signal processing, typically applied to reduce

noise. Khan et al. [149] use the term spectral dropout to describe dropping weak Fourier coefficients

from a layer’s input distribution. Here, random dominant Fourier features from the raw input vector

are dropped instead. Since ocean waves with scales of 50 to 800 m visually dominate most of the

images, this augmentation should force the network to consider less dominant features. The notch

filter is applied with probability p = 0.5 and zeroes out up to 15 of the first 30 Fourier features

obtained by doing a 2D Fourier transform over the image. However, the most dominant frequency,

the first Fourier component, is excluded (see Figure 3.1k).

Mixup was first proposed as a data augmentation for supervised learning [150]. It creates new

training examples by taking a weighted combination of random feature vectors and their labels.

Mixup has found popularity in SSL by only combining feature vectors [151, 152, 153]. Further

work framed mixup in terms of other noise-injection methods such as adding Gaussian noise to

images, showing that it improves over random noise masks because the corrupted example is closer

to the data manifold [154]. Mixup is applied with probability p = 0.5 and a random mixup

strength, m, between 0.1 and 0.4. Explicitly, the augmented image, C, created by mixup is written

C = (1 − m)A + mB where A is the original image and B is another, randomly sampled, image

from the same batch (see Figure 3.1l).

No-zoom crop modifies the crop-and-zoom augmentation that is universal among multi-view

contrastive learning frameworks to create a no-zoom crop policy that focuses on random cropping

with only minimal scaling. Since WV images are captured from a satellite in constant orbit and

have a consistent 20 km footprint, phenomena captured do not vary in scale as much as features in

NIs might. Thus, by reducing the zoom component, scale invariance is not as heavily incentivized

in the model, allowing features to be more specific.

This means the augmentations broadly fall into the following categories:

• SimCLR augmentations: These include random cropping and zooming, random flipping,

random color jitter, and random Gaussian blur (see Figure 3.1e-h for examples) and are from

the original SimCLR formulation.

• Literature-inspired augmentations: Mixup [150] and Cutout [148] which have been shown

to work well in contrastive learning frameworks [155, 3, 154].

• Computer vision augmentations: Traditional image processing transformations that seem

well-suited for this application. We combined random rotation, random color inversion, and

23



random sharpness transformations into a single augmentation policy called CVAug. We also

introduce no-zoom crop, which reduces the zooming component of crop-and-zoom.

• Domain-inspired augmentation: WV images are often dominated by ocean surface waves,

so representing the image in the frequency domain and dropping random frequency compo-

nents emphasizes or de-emphasizes particular features that could be relevant to sea-surface

state. We call this random notch filtering.

All augmentations are added to the overall transform pool from which to sample during training.

That means that each augmentation policy, be it from the original SimCLR policies or one of the

added policies described here, gets applied with some probability to each image. An image may be

transformed by any combination of policies, including all or none, and the sampling is repeated for

every image in every batch. Examples for each augmentation policy can be seen in Figure 3.1.

The set of augmentations was optimized using a local search strategy. One augmentation policy

at a time is introduced to the baseline SimCLR policies, and the performance is evaluated. All

models are trained for 100 epochs total where one epoch consists of training on a random 30%

sample — roughly 3.8M unique samples — of the full unlabeled dataset. This sample is redrawn

every 20 epochs, allowing for reduced computational cost while still exposing the model to the

majority of the full unlabeled data at some point during training. All models are trained using 4

V100-32 GB GPUs, 16 CPU cores, and 200 GB of RAM with a global batch size of 512, taking

about 6 days to complete 100 epochs. The resulting models are then evaluated on the classification

task and the Hs regression task.

3.2.4 Evaluation protocols

To evaluate the quality of the WV-Net embeddings, we conduct experiments in which the embed-

dings are used for a multilabel classification task, two regression tasks, and an unsupervised image

retrieval task. The experiment protocols are summarize below.

Multilabel classification: For all classification tasks a subset of classes from the GOALI dataset

(WS, MC, NV, RC, CP, AB, LW, BS, OF, IW, and SI) will be considered as they comprise the

majority of the phenomena of interest for downstream applications and together comprise the

vast majority of the dataset. All other labels are grouped into a catch-all “Other” class. The

classification data is stratified and randomly split into 60%, 20%, and 20% of the original 10,000

images for training, validation and hyperparameter tuning, and final model testing, respectively.

All 6,400 images from Wang et al. [37] are held out for testing.

The kNN classifier is trained according to the protocol from Wu et al. [71] with 15 neighbors,

chosen based on a hyperparameter sweep. Cosine similarity (Equation 3.4) is used as the distance

metric for the kNN model.
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The protocol from Chen et al. [3] is directly adopted for linear probing with no modifications.

The proposed MLP architecture from Bordes et al. [16] (2 hidden layers with 2048 ReLU [156]

units) is adopted, and the model is trained for 200 epochs using the Adam optimizer [157] with a

constant learning rate of 0.001.

The fine-tuning procedure from Chen et al. [3] is followed with the batch size reduced to 256

and the learning rate scaled to 0.05 accordingly.

The fine-tuned classification models are trained to minimize the sum of binary cross-entropy

losses over all individual classes to allow for the multilabel property:

Lcls = −
N∑
i=1

(
C∑
c=1

yi,c log(ŷi,c) + (1− yi,c) log(1− ŷi,c))) (3.5)

The micro-averaged AUROC is computed by summing the predictions for each class and then

calculating an AUROC curve for the aggregated predictions. The F1-score is also reported.

Regression: Linear probing and MLP protocols are left unchanged from the classification pro-

tocols except for adjusting the output function. Hyperparameters were minimally adjusted for the

end-to-end fine-tuning scenario since the hyperparameters used for the classification task showed

instability. The final parameters are 10−6 weight decay, a backbone learning rate of 0.007, an

output-layer learning rate of 0.025, a dropout rate of 0.5, and the weighted loss described below.

All other hyperparameters are left unchanged. The fine-tuned regression models use a softplus out-

put unit and are trained using a weighted combination of the mean absolute (or L1) error (MAE)

and the mean squared error (MSE) weighted in favor of the MSE:

Lreg =

N∑
i=1

0.1 ∗ |yi − ŷi|+ (yi − ŷi)
2 (3.6)

Models are evaluated using the mean absolute error (MAE) and root mean squared error (RMSE).

Image retrieval: The embeddings are evaluated for one-shot image retrieval performance, fol-

lowing the kNN-retrieval approach from Caron et al. [18]. Experiments are conducted on the rarest

classes from the combined classification dataset, occurring in no more than 1,000 images (<0.05% of

the total dataset), consisting of seven total classes. Models are evaluated in terms of mean average

precision (mAP) averaged over all classes.

3.3 Results

Experiments were conducted to test two hypotheses: (1) a self-supervised model trained on WV

data will outperform a model trained on ImageNet, and (2) the self-supervised model can be
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Framework Backend Architecture Classification (AUROC) Wave height (RMSE)

ResNet50 0.935 0.564
SimCLR ConvNeXt 0.911 0.991

ViT 0.881 1.153

ResNet50 0.931 0.922
BYOL ConvNeXt 0.889 1.133

ViT 0.885 1.155

ResNet50 0.925 0.780
SwAV ConvNeXt 0.915 1.126

ViT 0.927 1.168
MAE ViT 0.920 1.160

Table 3.1: Validation set performance of different contrastive framework and backend architecture
combinations. The best model per task is highlighted in bold.

improved by selecting pretext tasks based on domain-specific properties of the satellite images. We

first perform experiments to select a self-supervised framework and vision backbone architecture.

With those selected, we optimize the set of augmentations used in the SimCLR training algorithm.

WV-Net was then trained using the optimized augmentations for an extended period. This model

is compared to an ImageNet model, a model pre-trained in a supervised manner on Sentinel-1

land cover data [158], and a WV model trained with the default SimCLR augmentations, testing

hypotheses (1) and (2), respectively.

3.3.1 Framework and backend choice

Since there are multiple possible choices for contrastive self-supervised frameworks, we chose to

evaluate one representative member of each of the framework families proposed by Balestriero

et al. [79]. SimCLR [3] for the deep metric learning family, bootstrap your own latent (BYOL) [44]

for the self-distillation family, and swapping assignments between multiple views of the same image

(SwAV) [78]. Similarly, there are multiple potential choices for families of backend architecture that

have shown promise in a broad range of computer vision tasks. We chose a ResNet50 [147] to repre-

sent a standard convolutional architecture, ConvNeXt-T [159] to represent a more modern version

of a convolutional architecture, and a ViT-S/16 [63] to represent vision transformers. The model

sizes were chosen to have roughly the same number of trainable parameters and constrained to fit

the available compute budget. All hyperparameters were set in accordance with the original frame-

work papers. Table 3.1 details the performance results for fine-tuned models on the classification

and wave height tasks, showing clear dominance by the SimCLR + ResNet combination.
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Figure 3.3: Performance of various embeddings (Micro-AUROC, higher is better) vs. number
of labeled training samples in the multilabel classification task. This experiment used the MLP
transfer learning protocol

3.3.2 Optimization of WV-mode-specific data augmentations

Beyond absolute downstream performance, it is also important to understand how the models

perform in data-constrained environments. An advantage of transfer learning is that it drastically

reduces the need for labeled examples, lowering the barrier of entry for solving science problems with

machine learning. Figure 3.3 shows the MLP transfer performance of the differently pre-trained

models for low numbers of training samples for image classification. Mixup and CVAug robustly

perform better than most other models with micro-AUROC statistics greater than 0.92 and are

only trained with 900 images. The performance differences are larger than those observed on the

full training dataset in Table 3.2. Therefore, for rare classes or in situations when the training

datasets are small, CVAug and mixup notably improve the model performance.

The linear probing results are illustrative of the overall trends observed in this part of the study

and show that Mixup and CVAug consistently improve performance for both the classification and

regression tasks. However, the domain-inspired notch filter policy, Cutout [148], and reduced zoom-

ing in the crop-and-zoom augmentation did not improve performance — thus these augmentations

were not included in the final model.
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Evaluation method Model Classification Wave height

AUROC↑ F1-Score↑ MAE↓ RMSE↓

ImageNet 0.925 0.675 - -
Baseline SimCLR 0.928 0.674 - -
Baseline + Cutout 0.920 0.660 - -

kNN Baseline + CVAug 0.935 0.690 - -
Baseline + Mixup 0.930 0.676 - -
Baseline + Notch 0.926 0.668 - -
Baseline - Zoom 0.927 0.661 - -

ImageNet 0.952 0.730 0.447 0.601
Baseline SimCLR 0.953 0.735 0.428 0.580
Baseline + Cutout 0.943 0.705 0.380 0.516

Linear Baseline + CVAug 0.954 0.742 0.413 0.555
Baseline + Mixup 0.953 0.738 0.392 0.531
Baseline + Notch 0.949 0.720 0.427 0.578
Baseline - Zoom 0.955 0.722 0.485 0.647

ImageNet 0.931 0.715 0.479 0.656
Baseline SimCLR 0.933 0.709 0.406 0.561
Baseline + Cutout 0.919 0.681 0.360 0.494

MLP Baseline + CVAug 0.941 0.728 0.385 0.533
Baseline + Mixup 0.938 0.725 0.373 0.514
Baseline + Notch 0.924 0.694 0.410 0.564
Baseline - Zoom 0.926 0.687 0.488 0.645

ImageNet 0.931 0.759 2.696 3.001
Baseline SimCLR 0.932 0.765 0.424 0.604
Baseline + Cutout 0.933 0.749 0.448 0.629

Fine-tuned Baseline + CVAug 0.935 0.768 0.433 0.614
Baseline + Mixup 0.935 0.770 0.393 0.556
Baseline + Notch 0.934 0.748 0.419 0.598
Baseline - Zoom 0.931 0.765 0.444 0.624

Table 3.2: Comparison of different augmentation methods used during training with SimCLR. The
original (baseline) SimCLR method trained on satellite data does better than a standard ImageNet
model, and these results can be improved with modifications to the set of augmentations. The
classification scores are micro-averaged AUROC and micro-averaged F1-scores (higher is better).
The wave height scores are the RMSE and MAE (lower is better). Models that outperform baseline
SimCLR are in bold.
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Eval. Method Model Classification Wave height (m) Air temperature (°C)

AUROC↑ F1-Score↑ MAE↓ RMSE↓ MAE↓ RMSE↓

ImageNet 0.925 0.675 - - - -
BigEarthNet-S1 0.894 0.599 - - - -

kNN Baseline SimCLR 0.925 0.669 - - - -
WV-Net (ours) 0.936 0.697 - - - -

ImageNet 0.952 0.730 0.447 0.601 0.682 0.974
BigEarthNet-S1 0.929 0.650 - - - -

Linear Baseline SimCLR 0.954 0.739 0.395 0.532 0.655 0.920
WV-Net (ours) 0.958 0.754 0.370 0.500 0.637 0.902

ImageNet 0.931 0.715 0.479 0.656 0.702 0.996
BigEarthNet-S1 0.906 0.630 - - - -

MLP Baseline SimCLR 0.930 0.716 0.355 0.491 0.691 0.960
WV-Net (ours) 0.948 0.744 0.335 0.459 0.763 1.01

ImageNet 0.931 0.759 2.696 3.001 0.661 0.964
Fine-tuned Baseline SimCLR 0.934 0.760 0.418 0.586 0.623 0.902

WV-Net (ours) 0.939 0.777 0.377 0.530 0.635 0.923

Table 3.3: Comparison of final model performances. AUROC and F1 scores correspond to the
image classification, and MAE and RMSE are used for the regression tasks to estimate significant
wave heights and air-sea temperature differences. The best score for each task under different
evaluation scenarios is highlighted in bold.

3.3.3 Transfer learning

Based on the optimization experiments above, we selected four augmentations to add to the baseline

SimCLR augmentation pool: mixup, random color inversion, random rotation, and a random

sharpness transform. The parameterization of these transforms remains unchanged. These are

used to train the final model, called WV-Net.

In experiments, WV-Net was then compared to the baseline SimCLR model trained on WV

images (without additional augmentations), the ImageNet model trained using supervised learning,

and BigEarthNet-S1, a model pre-trained on the Sentinel-1 landcover dataset by Clasen et al. [158].

The two SSL models (WV-Net and baseline SimCLR) are pre-trained for 200 epochs with a global

batch size of 1024 (and accordingly a learning rate of 1.2) on 8 V100-32 GB GPUs, using 400 GB

of RAM and 36 CPU cores. Training takes about 12 days to complete.

Table 3.3 compares the performance of the models on three supervised learning tasks using four

protocols. WV-Net outperforms the other models on most tasks under most evaluation scenarios.

The BigEarthNet-S1 model performs especially poorly, illustrating the shortcomings of supervised
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Figure 3.4: ROC curve comparison for WV-Net and ImageNet models fine-tuned on multilabel
classification task.

pre-training and the wide gap between SAR WV data and land-focused imagery (because perfor-

mance was so much worse than even the ImageNet model on the classification task, we skipped

evaluation on the regression tasks). This underscores the need for a dedicated WV foundation

model as even pre-training on other imagery acquired with the same sensor can lead to suboptimal

performance. The only task where other models perform better than WV-Net is the air temperature

prediction task, where WV-Net performs the worst in the MLP scenario and slightly worse than

the baseline SimCLR model when fine-tuned end-to-end. In general, the linear models perform the

best on the classification task, while the MLP and fine-tuned models perform the best on the wave

height and air temperature regression tasks respectively.

While WV-Net improved performance on each of the three transfer learning tasks, some tasks

saw larger improvements than others. The wave height regression task was particularly difficult

for the ImageNet model — even with model fine-tuning the model failed to extract features rele-

vant to the task, while WV-Net had no problem (Table 3.3). This is likely due to the importance

of subtle texture features that are very different from the large-scale visual features required for

object classification in NIs. On the multilabel classification task, we observed more modest im-

provements across the individual classes, with some classes having slightly lower AUROC than

with the ImageNet model, but WV-Net performs better overall (see Figure 3.4. This could indicate

that performance on that task is largely saturated or that identifying geophysical structures in the

images can be done sufficiently well with the object-centric, general-purpose features learned by

ImageNet models.

Figure 3.5 also illustrates that performance trends hold for data-constrained settings. Even with
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as few as 100 total samples, WV-Net embeddings achieve above 0.85 micro-averaged AUROCs in all

transfer learning settings, consistently beating ImageNet embeddings as dataset size is increased.
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Figure 3.5: Performance of WV-Net vs. ImageNet embeddings on the downstream classification
task as a function of the number of labeled training samples. WV-Net almost always outperforms
ImageNet for any evaluation method and any number of labeled training samples.

3.3.4 Image retrieval

The image-retrieval task illustrates the capability of the learned embeddings from the SSL model

to delineate between features of interest without any fine-tuning. WV-Net outperforms ImageNet

embeddings in almost all the rare classes and remains competitive in all other cases, as detailed

in Table 3.4. Because the dataset is multilabel and several classes can be present in a single

image, identifying all classes from a single example can be noisy and lead to mAP scores that

appear lower than for single-label datasets common in NI applications. When scoring for any class

overlap between the anchor and retrieved images, mAP for both models approaches 1.0, illustrating

that they can retrieve images that share some dominant characteristics. The fact that WV-Net

otherwise outperforms ImageNet suggests that the SSL embeddings are more sensitive to secondary

classes present in the images, allowing for more fine-grained delineation. For reference, Table 3.5

shows image retrieval performance for the remaining, non-rare classes, with WV-Net still displaying

consistently higher or competitive mAP scores.

Figure 3.6 a) shows an example of the top three retrieved images for a reference atmospheric

gravity waves (AW) image, or anchor. This class makes up less than 0.5% of the overall dataset.
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Model
AW

(N=101)
IW

(N=304)
OE

(N=142)
SI

(N=955)
IB

(N=762)
SH

(N=236)
SW

(N=167)

ImageNet 0.013 0.184 0.130 0.845 0.223 0.016 0.024
WV-Net (Ours) 0.127 0.297 0.119 0.901 0.398 0.021 0.020

Table 3.4: Comparison of image retrieval performance. mAP scores shown on rare classes in the
GOALI dataset for ImageNet and WV-Net embeddings with the better-performing model for each
class highlighted in bold.

Given the anchor image in Figure 3.6 a), WV-Net embeddings give an average precision of 0.95

for the top 20 retrieved images, outperforming the 0.11 average precision of ImageNet embeddings.

It appears that the samples retrieved using ImageNet mostly share similar contrasts in the SAR

backscatter, while WV-Net consistently identifies the correct characteristics associated with the

class. However, Figure 3.6 b) illustrates that given an anchor image where the class is less obvious

(AB with subtle AW signatures), WV-Net embeddings also fail to capture the relevant class char-

acteristics. Nevertheless, Table 3.4 again shows that, on average, WV-Net is more robust to the

anchor choice for the AW and most other classes. This is similar to the uncertainty that humans

have when characterizing images that contain multiple features. This may also explain the overall

low mAP scores shown for the SH (ship) and SW (ship wake) classes in Table 3.4, because these are

generally small, isolated objects in the image where other phenomena dominate the ocean surface

backscatter. More examples are provided in Figure 3.7 and Figure 3.8. Figure 3.7 shows retrieval

for randomly sampled anchors of each class and Figure 3.8 shows anchors specifically sampled from

the subset of images that only contain a single tagged class. These figures further illustrate that

selecting “pure” anchors can improve image retrieval. Further, when multiple classes are present

in the anchor, WV-Net embeddings especially seem to retrieve images from all classes present,

perhaps indicating a more evenly distributed embedding space.

Model
NV WS MC CP RC AB LW BS OF

(N=2243) (N=11458) (N=11644) (N=1745) (N=2174) (N=3422) (N=1646) (N=1631) (N=1350)

ImageNet 0.475 0.648 0.672 0.318 0.477 0.353 0.714 0.569 0.200
WV-Net (Ours) 0.561 0.662 0.752 0.345 0.510 0.343 0.778 0.566 0.286

Table 3.5: Comparison of image retrieval performance for dominant classes. mAP scores for most
prevalent classes in the GOALI dataset for ImageNet and WV-Net embeddings with the better-
performing model for each class highlighted in bold.
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Figure 3.6: Image retrieval examples for the atmospheric gravity wave class. Anchor image (left
column) is the query for kNN retrieval, and the six images to the right are the top three neighbors
from ImageNet (top row) and WV-Net (bottom row) embeddings. The top panel (a) shows suc-
cessful image retrieval with the class present in the lower half of the anchor image. The bottom
panel (b) shows unsuccessful retrieval with the class difficult to discern in the anchor image. This
sample illustrates an anchor for which both architectures have uncertainty since the target class in
the anchor image is not well pronounced.
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Figure 3.7: WV-Net image retrieval examples for random anchors. Besides ensuring that every
class is represented at least once, anchors are sampled completely randomly.
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Figure 3.8: WV-Net image retrieval examples for random anchors. Anchors are randomly sampled
for each class from examples that only contain that class where possible.
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3.4 Discussion and Limitations

One limitation of this work is the computational cost of pre-training. Model performance could

likely be improved with larger models, longer training, and more extensive hyperparameter opti-

mization. Carefully tuning the temperature parameter during pre-training can impact task perfor-

mance, especially for small batch sizes (relative to other contrastive models), such as those employed

here [16]. Contrastive SSL models have been shown to scale effectively with model capacity [3, 21],

thus we expect that training a larger model such as ResNet152(x2, x4) with our setup would result

in even better performance on downstream tasks.

Similarly, masked-image modeling and vision transformers (ViTs) have been shown to outper-

form convolutional architectures given enough training time and data [4, 160]. While ViTs were

included in the initial model analysis, the models were relatively small. It is possible that given

a larger ViT model and enough training time this could be a competitive approach to the one

presented here.

The downstream tasks presented are only a small subset of potential applications. For example,

models could be trained to detect the organized large-scale eddies or lack of them (NV, WS, and

MC) which are present in nearly 85% of all images. Supplementing the results with a dense

prediction task like detecting organized large-scale eddies could provide further insights into the

behavior of WV-Net. Previous works such as [161, 162, 163] have based their analysis of the physical

dynamics associated with the marine atmospheric boundary layer (MABL) on hundreds of SAR

images. WV-Net could help change the study of the MABL by systematically mapping millions

of observations in time and space, enabling studies like Stopa et al. [142] to broaden their scope

to the entire S-1 archive, changing the field from data-poor to data-rich. Even rarely occurring

observations such as small-scale eddies (< 100 m), atmospheric gravity waves in the open ocean,

or lines in the sea [164] can be well-detected by WV-Net with minimal additional annotations.

3.5 Conclusion

Using self-supervised contrastive learning on almost 10 million images, we have created WV-Net, the

first foundation model for S-1 WV imagery. Experiments on downstream classification, regression,

and image-retrieval tasks support the two hypotheses: (1) a model pre-trained with self-supervised

contrastive learning on unannotated domain-specific imagery outperforms models pre-trained with

supervised learning on NIs, and (2) self-supervised contrastive models can further be improved for

non-natural-image tasks by carefully selecting pretext tasks, or augmentations. However, we found

that the best augmentation strategies were not necessarily the ones that leveraged any particular

domain knowledge, such as random notch filtering. Instead, we found that the best augmentations

were the original SimCLR augmentations plus mixup, rotations, color inversions, and sharpness

transforms.
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WV-Net outperforms models pre-trained on NIs and even land-cover S-1 data from the same

satellite platform. While the performance improvement of WV-Net over ImageNet models is small

for some tasks, the advantage is consistent across tasks. Of the three supervised learning tasks,

the largest performance improvement is observed for the wave height prediction task, which re-

quires extracting fine-scale features that may be washed out in the ImageNet model, where final

layers primarily capture high-level semantic concepts rather than low-level texture features [125].

Furthermore, experiments demonstrate that WV-Net embeddings can yield state-of-the-art perfor-

mance without the need for end-to-end fine-tuning, drastically reducing the need for computational

resources and time. In fine-tuning settings, WV-Net also demonstrates greater robustness to hy-

perparameter choices, alleviating the need for broad hyperparameter sweeps. WV-Net is also more

data-efficient than competing approaches, requiring less labeled data and even displaying strong

image retrieval performance with no labeled data at all. Together, these properties make WV-Net

a valuable tool for the remote sensing research community. WV-Net weights and code to run the

model will be made available at https://github.com/hawaii-ai/WVNet/.

More generally, this work demonstrates the value of designing domain-specific foundation mod-

els. While WV-Net is designed specifically for WV-mode images from the Sentinel-1 mission, our

approach can be applied to other remote sensing imaging technologies with different physical scales.

These include other important ocean monitoring technologies like Surface Water and Ocean Topog-

raphy (SWOT), other SAR modes, or scatterometers. Our experiments show the value of designing

a pretext task that is appropriate for the domain, highlighting the value of close collaboration

between machine learning and domain scientists.
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CHAPTER 4
A DXA BODY COMPOSITION FOUNDATION MODEL

4.1 Introduction

Body composition is well-known to be associated with many critical health outcomes as well as

quality of life in general. In older cohorts, low strength, excessive weight loss, and especially

decreasing lean mass have all been shown to be associated with all-cause mortality [165, 166].

Equally in older cohorts, bone density, another aspect of body composition, has been shown to

be highly predictive of hip fracture along with hip geometry. With hip fracture incidence being

repeatedly projected to rise [167, 168] by up to 50% by 2050, assessing and treating risk early

can have major quality-of-life and economic impacts. Further, metabolic changes stemming from

excess adiposity are associated with an increased risk of developing cardiovascular disease (CVD)

and cancer [169] and while deliberate weight loss can act preventative [170], being underweight

can risk of dying of increase non-cancer and non-CVD related causes [171]. As obesity prevalence

keeps increasing [172, 173, 174], managing weight and body composition effectively, as well as

understanding pathology and potential interventions is critical. Especially with the emergence of

glucagon-like peptide-1 as a weight loss treatment and its effects on relative body composition still

being studied [175], accurate monitoring is critical.

DXA is a low-dose X-ray technology commonly used to measure body composition, bone density,

and hip geometry. DXA is a criterion measurement for body composition [176] as well as primary

osteoporosis diagnosis tool [177]. As such, DXA measurements have been collected as part of several

large NIH studies, such as the Healthy Aging and Body Composition study (HealthABC) [178],

the The Healthy Aging in Neighborhoods of Diversity across the Life Span (HANDLS) study [179],

The Osteoporotic Fractures in Men (MrOS) study [180] all of which are longitudinal studies with

follow-up periods exceeding a decade, and the cross-sectional ShapeUp! study [181], which has the

most diverse population out of these studies. This has resulted in a large repository of available

NIH DXA data, spanning proximal femur, spine, and whole-body scans, along with various other

variables that have been collected as part of these studies. However, these studies do not collect

identical variables and have limited follow-up time; as such, metadata and label information are

limited, making it difficult to do modeling that takes advantage of the data from all of these studies.

Self-supervised learning presents a viable solution for this by providing a method to learn

an embedding model that can take advantage of images from all of these studies and has higher

specificity than an embedding model pre-trained on NI data. Further, using self-supervised learning,

a model can be pretrained using multiple anatomical regions. This model can then be combined

with more limited, study-specific metadata to solve problems where otherwise training a deep

learning model from scratch might not be viable.
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Figure 4.1: Example DXA scans. a)-c) Whole body high energy, low energy, and ratio channels,
respectively. d) Proximal femur low-energy channel. e) Lumbar spine low-energy channel.

The goal of this work is to build a DXA foundation model. This model will be trained using self-

supervised learning on three anatomical regions that constitute the most common DXA scan sites.

We hypothesize that pre-training using a standard self-supervised framework will result in a better

embedding model for transfer learning than the standard approach of pre-training on ImageNet [10]

data. We further hypothesize that this model can be improved by introducing modality-specific

adaptations to the self-supervised framework making it more suited to DXA domain data. To

evaluate the efficacy of this method, the models will be tested on two applications with significant

real-world utility: all-cause mortality prediction and hip fracture prediction. The model will be

tested against current state-of-the-art approaches from the literature and a standard pre-training

baseline. This paper will serve to introduce the resulting model and demonstrate its robustness and

versatility. Follow-up work will focus on task-specific characteristics of the model. The foundation

model will be made publicly available for researchers to use on their DXA data, alleviating the

data bottleneck preventing many researchers from including medical imaging data directly into

their models.

4.2 Methods

4.2.1 Dataset details

The DXA dataset is composed of data collected from four separate National Institute of Health

(NIH) studies. Extending results from [97], three different DXA scan types will be combined,
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proximal femur (henceforth referred to as “hip“), lumbar spine, and whole-body, for pre-training.

For all studies, minimal data cleaning will be done before pre-training, removing phantoms and

visibly erroneous scans (e.g., because of heavy artifacts or significantly limited scan region) from

the dataset while preserving the largest number of pre-training samples possible. During all pre-

training, 10% of the data, stratified by study and anatomical site, will be held out for performance

monitoring. Further, 20% of the HealthABC whole-body dataset and the full HANDLS whole-body

dataset are also held out for model testing. Overall, 82,983 DXA scans are used for self-supervised

pre-training, consisting of 30,026 whole-body scans, 30,036 hip scans, and 20,842 spine scans.

HANDLS: The Healthy Aging in Neighborhoods of Diversity across the Life Span (HANDLS)

study is a community-based longitudinal study that started collecting data in 2004 and was initially

set for a 20 year follow-up period with repeat assessment every three to four years [179]. The cohort

consists of 3,720 Black and White adults aged 30-64, recruited from neighborhoods in Baltimore.

Designed to evaluate health disparities stemming from socioeconomic status (SES) and race, sam-

pling was done in a 4-way factorial design between age, sex, race, and SES. For this work, 25,162

total scans from the HANDLS study are used (8283 hip, 8419 spine, 8460 whole-body), spanning

the first 4 waves of data collection. Additionally, demographics and general indicators of fitness

associated with mortality are available.

HealthABC: The Health, Aging, and Body Composition (HealthABC) study is a prospective

cohort study of 3,075 individuals in metropolitan areas surrounding Pittsburgh, Pennsylvania, and

Memphis, Tennessee [178]. The cohort consists of 48.4% men and 51.6% women aged 70 to 79

years at the time of recruitment, 41.6% of whom are Black with the remaining 58.4% being non-

Hispanic White. The follow-up period for the study was 16 years with regular check-ins comprised

of questionnaires and exam measures. 21,776 total scans, consisting of 10,920 hip scans and 17,553

whole-body scans, will be analyzed, as well as demographic data, indicators of fitness, and blood

markers.

MrOS: The Osteoporotic Fractures in Men (MrOS) study is a longitudinal study designed to

analyze healthy aging with an initial focus on fractures and osteoporosis in men over the age of 65

and is conducted across six clinical centers in the US (Birmingham, AL; Minneapolis, MN; Palo

Alto, CA; the Monongahela Valley near Pittsburgh, PA; Portland, OR; and San Diego, CA) [180].

The cohort is comprised of 5,994 males at baseline visit (2000-2002) and includes five visits total

spaced roughly five years apart. The total dataset consists of 17,496 whole-body, 16,437 hip, and

14,761 spine DXA scans along with demographic data, indicators of fitness, and blood markers.

Shape Up!: The Shape Up! study is an ongoing stratified cross-sectional observational study

designed to analyze the relationship between body shape and health [181]. The study population
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is stratified across sex, age (18-40 years, 40-60 years, >60 years), ethnicity (non-Hispanic White,

non-Hispanic Black, Hispanic, Asian, and native Hawaiian or Pacific Islander), body mass index

(BMI) (in kg/m2; <18, 18-25, 25-30, >30), and location (San Francisco, CA; Baton Rouge, LA;

or Honolulu, HI). Since this is a cross-sectional study, it is only be used for pre-training purposes,

contributing 2247 whole body scans.

For all DXA data, custom software was used to extract raw low- and high-energy X-ray atten-

uation values directly from the DXA scan file. Additional processing is done for whole-body scans,

where raw attenuation images have a reduced initial resolution (width and height) of 109 × 150

pixels at 16-bit pixel depth with a spatial resolution of 2 mm × 12.76 mm per pixel. All images

are first upscaled by a factor of two to a resolution of 218×300 using bicubic interpolation. Bone

and soft tissue calibration phases in the scan file are then used to restore the high and low images

to their full resolution of 654 pixels. Image pixels are subsequently squared (2 mm × 2 mm) via

bicubic interpolation by a factor of 6.38 in the y-direction for a final 654 × 1914 image. During

training, images are scaled to be within the range zero to one but not normalized. Unless otherwise

specified, the third “air“ channel generated by the software along with low and high attenuation

channels is left for compatibility with ImageNet models, which expect 3 color channels.

After pre-training, all models are evaluated on two real-world tasks: hip fracture prediction and

all-cause mortality prediction. For mortality prediction, the HealthABC data is be split according

to [50], who split the data into 70% training data 10% validation data for hyperparameter tuning

and early stopping and 20% held-out testing data stratified by participant and outcome (death or

no death before end of follow-up). This work will serve as basis for comparison, as it represents

the current best model for mortality prediction from DXA given the datasets. In addition to

the DXA scans, these models will also be trained with matched risk factor inputs to the original

work. These risk factors consist of demographics and anthropometric measurements (race, sex,

age, height, weight, and BMI); blood markers (blood glucose, fasting glucose, blood insulin, fasting

insulin, hemoglobin A1c, and interleukin 6); general indicators of fitness (walking speed over 3/4/6

m, 20 m, and 400 m; grip strength); and self-reported questionnaire answers (disability status for

walking, climbing stairs, and activities of daily living; whether the participant had any recent falls

and if so how many).

Similarly, for hip fracture the split from [182] is be adopted. The splitting strategy is the same,

and again, the model from this work will serve as a comparison as it is, to our knowledge, the

best hip fracture prediction model on the HealthABC dataset. Demographics for both supervised

datasets can be found in Table 4.1 Both problems are classification problems; as such, models

will be evaluated based on AUROC scores in three standard evaluation settings: kNN, logistic

regression, and fitting an MLP head.
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Hip fracture dataset Whole-body mortality dataset

Female scans, N 5,743 8,989
Male scans, N 5,177 8,229
Mean age (std), y 77.6 (4.22) 75.3 (3.0)
Mean height (std), cm 166.2 (10.0) 165.9 (9.8)
Mean weight (std), kg 74.3 (15.0) 74.9 (15.0)
Mean BMI (std), kg/m2 27.2 (4.8) 27.1 (4.8)
Cases, N 739 6,911

Table 4.1: Population table for supervised DXA tasks. Cases means hip fracture for the hip fracture
dataset and death for the mortality dataset.

4.2.2 Model details

Three self-supervised frameworks are evaluated in this work. SimCLR [3], a contrastive self-

supervised framework, and BYOL [44], a non-contrastive joint embedding framework, are both

trained with a standard joint embedding learning pretext task. For a random batch of images, each

image is randomly augmented twice to generate two views. The goal of BYOL is only to maximize

similarity between embeddings for the two views (Figure 2.2 a)) while SimCLR jointly aims to

maximize similarity for views from the same image with dissimilarity between views of different

images in the batch (Figure 2.2 b)). BYOL relies on an asymmetric architecture to prevent repre-

sentational collapse. Both Siamese arms consist of a large vision backbone and an MLP projection

head (similar to SimCLR). One arm (the one whose backbone is used for downstream transfer)

has an additional, small prediction head. The other arm’s parameters are not being trained using

gradient descent; instead, it is an exponential moving average of the transfer arm and has no pre-

diction head. This asymmetric setup prevents the network from collapsing into a trivial solution,

which is achieved through the contrastive objective in SimCLR. The last self-supervised framework

is a standard masked autoencoder (MAE) (see Figure 2.1). This framework works in tandem with

a ViT vision backbone, where the input image is first divided into a sequence of patches and then

processed by the framework. 75% of the patches will be masked before encoding through the ViT

backbone, with the objective being for a lightweight decoder to be able to reconstruct the masked

patches.

Except for the MAE, which is trained with a ViT-S/16 [63] backbone, BYOL and SimCLR are

trained with a ResNet50 [147] encoder. The networks are chosen due to their similar number of

trainable parameters (∼30M) and practicality, both for training and downstream inference. The

resulting models are also compared to a ResNet50 initialized with ImageNet weights to determine

the best framework for this task. Next, for the best framework, three common vision backbones

(ResNet50, ConvNeXt-T [159], ViT-S/16) will be fit to find the best framework-backbone combi-

nation.
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Subsequently, the best resulting combination will be retrained with modifications to make it

more well-suited to DXA data. Broadly, three types of modifications will be explored: modifying

the pool of augmentations, feature engineering, and modifying the loss, with details provided below.

Each modification will be introduced individually, and the final model will be trained with a

combination of the most successful adaptations.

Augmentation pool modifications: Two new augmentations will be introduced— Cutout [148]

and MixUp [150]. Cutout somewhat mirrors the MIM objective of occluding a significant portion

of the image; while this is not specific to DXA data, it should push the network toward learning

more robust, global features without overfitting to any particular region. Especially for hip and

spine scans, which are smaller and more uniform than whole-body scans, this could help prevent

short-cutting or overfitting. Cutout is applied up to three times, with independent probabilities of

p = 0.5 each, and can each time zero out between 2% and 30% of the image with a random aspect

ratio between 0.3 and 3.33.

MixUp has repeatedly been shown to be an effective augmentation for self-supervised learn-

ing [152, 154] and while there is no intuitive connection to DXA domain data, it can be viewed as

introducing additional in-domain noise similar to adding more general Gaussian noise [154]. Addi-

tionally, experiments will be done with removing transforms from the augmentation pool. Random

grayscaling replaces all color channels with the same weighted average of the original channels

while color jittering applies brightness and intensity transforms derived on NIs. While this may

force the network to not overly rely on pixel-intensity features, since pixel values are meaningful in

this modality and relative intensity between channels corresponds directly to meaningful physical

values, this could also introduce unwanted invariance in the network.

Feature engineering: Significant work has been done to map the ratio between the observed

attenuation at low energy to the attenuation at high energy to chemical elements [183, 184] and has

previously been used to restrict pixel values in autoencoders to physically meaningful ranges [126].

While this information is available from just the high and the low-energy channels, directly intro-

ducing it as a third channel may be beneficial to the learning process.

Additionally, the efficacy of combining the three anatomical regions’ scans into the same model

will be tested here. While results from [97] suggest the additional training data resulting from

combining all the DXA scan should be beneficial, it could also come at the cost of specificity.

Since whole-body scans are the most abundant in the dataset, a model will be trained utilizing

only whole-body scans to test whether the increased specificity is beneficial to the model for the

mortality task, which only utilizes whole-body data.

Loss modification: The loss introduced in [185] is a slight variation on the NT-XEnt loss intro-

duced in SimCLR (Eq. 4.1) that removes the similarity between positive views of the same anchor
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from the denominator:

li,j = − log
exp(sim(zi, zj)/τ)∑2N

k=1 I[k ̸=i∧(i,k) ̸=P] exp(sim(zi, zk)/τ)
(4.1)

This has been shown to be especially beneficial in scenarios with smaller datasets or limited batch

sizes [16, 79], both of which apply with the DXA dataset.

Another approach to modifying the loss function is by including class information either di-

rectly [186] or by the selection of positive pairs, such as [187] do by selecting MRI scans from

patients with similar ages as positive samples. This work will explore a similar approach, since

DXA DICOM headers usually contain demographic information; this can be done without in-

troducing the need for additional data collection, even for the self-supervised pre-training. Four

demographic variables are used (height, weight, sex, and bmi) to calculate a weight for each pair

of views depending on the demographics of the people they originated from as such:

wi,j = max(0.25, tanh(
∑V

v=0 Ii=j |div − djv|))
This weight gets multiplied by the pair’s cosine similarly (Equation 3.4) to down-weigh the loss

for similar negative pairs if they come from people with similar demographics.

All models are trained for 200 epochs with hyperparameter configurations as described in the

original papers. Training is done across 4 A100 80 GB GPUs with a global batch size of 512 and

learning rate scaled accordingly.

4.3 Results

4.3.1 Framework selection

Table 4.2 a) shows results for the initial framework selection runs. SimCLR clearly outperforms

all other frameworks on both tasks. Both SimCLR and BYOL also outperform the ImageNet pre-

trained model. When training several vision backbones with the standard SimCLR framework,

the ViT backbone ultimately performs the best. Noticeably, the same backbone trained with the

MAE objective performs significantly worse, indicating that the right choice of framework-backbone

combination is crucial.

4.3.2 Framework modifications

Exploring augmentations, it quickly becomes apparent that the hip fracture task is more sensitive

to framework modifications than the mortality one. Table 4.3 shows that for the mortality task, the

baseline SimCLR model actually displays the best performance out of any variation. The Cutout

model is very close in performance but still remains behind for each evaluation setting. Overall,

there also is little variation between the best and worst models, with most being within a 0.02

AUROC score range.
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Framework Backend Mortality (AUROC) Hip fracture (AUROC)

a) ImageNet ResNet50 0.667 0.588
BYOL ResNet50 0.676 0.683
MAE ViT-S/16 0.646 0.533
SimCLR ResNet50 0.681 0.717

b) ResNet50 0.681 0.717
SimCLR ConvNeXt-T 0.690 0.735

ViT-S/16 0.701 0.742

Table 4.2: Framework and backbone comparison. Best a) framework and b) vision backbone for
each task are highlighted.

For the hip fracture task, on the other hand, the models show more variation in performance. All

policies outperform baseline SimCLR in the majority of evaluation settings, but only the addition

of the Cutout policy outperforms for all settings. Together with this policy also remaining almost

on par with the baseline SimCLR model, Cutout will be included in the final model training.

The results for the feature engineering experiments in Table 4.4 clearly illustrate that restricting

the training data, even for the sake of specificity, is not beneficial for the model. Training only

on whole-body DXA scans, the model under-performs the baseline SimCLR model in the all-cause

mortality task, indicating no performance gain from training more specific models at the cost of a

reduced overall dataset size. However, adding the ratio channel has the opposite effect, boosting

performance above the baseline SimCLR framework in every task for almost every evaluation

setting. This is also the only modification achieving a performance boost over the baseline for

the mortality task in every setting except for the logistic regression model. The ratio channel is

thus a clear inclusion in the final model.

Again, for the modified losses, only the hip fracture task seems really sensitive to any changes of

the framework, while the baseline SimCLR model outperforms every other model on the mortality

task. The demographic loss, while getting the best logistic regression performance on the hip

fracture task, overall seems not beneficial for the model, performing worse in every other evaluation

setting. However, the model trained with the DCL loss function does outperform the baseline in

every hip fracture setting and, again, is close in performance for the all-cause mortality task; as

such, it will also be included in the final model.

Based on these results, the final model will be a ViT trained using the SimCLR framework with

the DCL loss, Cutout added to the pool of augmentation functions, and a high-low ratio channel

included as an input to the model.
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Modification Evaluation method Mortality (AUROC) Hip fracture (AUROC)

kNN 0.601 0.631
Baseline Logistic regression 0.701 0.742

MLP 0.692 0.722

kNN 0.596 0.671
Baseline + Cutout Logistic regression 0.699 0.783

MLP 0.683 0.722

kNN 0.584 0.602
Baseline + MixUp Logistic regression 0.684 0.786

MLP 0.667 0.722

kNN 0.587 0.642
Baseline - random grayscale Logistic regression 0.690 0.777

MLP 0.678 0.698

kNN 0.600 0.648
Baseline - color jitter Logistic regression 0.682 0.746

MLP 0.681 0.710

Table 4.3: Augmentation study. Baseline SimCLR framework compared to versions with added
or removed augmentation policies. Models outperforming or performing the same as the baseline
SimCLR model are highlighted in bold.

Modification Evaluation method Mortality (AUROC) Hip fracture (AUROC)

kNN 0.601 0.631
Baseline Logistic regression 0.701 0.742

MLP 0.692 0.722

kNN 0.597 -
Whole-body only Logistic regression 0.690 -

MLP 0.687 -

kNN 0.602 0.673
Baseline + ratio channel Logistic regression 0.693 0.779

MLP 0.695 0.714

Table 4.4: Feature engineering results. Whole-body only indicates a model trained only using
whole-body DXA scans. Models outperforming or performing the same as the baseline SimCLR
model are highlighted in bold.
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Modification Evaluation method Mortality (AUROC) Hip fracture (AUROC)

kNN 0.601 0.631
Baseline Logistic regression 0.701 0.742

MLP 0.692 0.722

kNN 0.591 0.650
DCL loss Logistic regression 0.690 0.775

MLP 0.678 0.753

kNN 0.587 0.590
Demographic loss Logistic regression 0.681 0.747

MLP 0.674 0.715

Table 4.5: Results of modifying SimCLR loss function during training. Models outperforming or
performing the same as the baseline SimCLR model are highlighted in bold.

4.3.3 Final model performance

The final model achieves a 0.702 AUROC on all-cause mortality prediction from just whole-body

DXA scans. Previously, the best models for this task were presented in [50] which achieved a 0.63

AUROC using only images and 0.71 AUROC combining images and risk factors. The present model

performs almost the same without access to any risk factors, and with access to risk factors, as

can be seen in Figure 4.2 a), the present model sets a new state-of-the-art without requiring any

finetuning.

Similarly the model also sets a new state of the art for hip fracture prediction, outperforming

the previous best score of a 0.75 AUROC [182] without finetuning and without access to any

other risk factors. This is a significant accomplishment considering the previous model used well-

established fracture risk factors like demographics, previous fractures, and a direct bone mineral

density measure to derive their score.

Compared to models from previous sections, the inclusion of additional components to the

framework has not set the model apart on either individual task, performing the same as baseline

SimCLR on mortality prediction and slightly worse than some of the best models on hip fracture

predictions; however, it has stabilized the performance across both tasks with this being the all-

around best-performing model.

Table 4.6 illustrates the model’s performance on various subpopulations. What stands out is the

better performance for the white and male subgroups compared to their counterparts on mortality

prediction. Hip fracture prediction however, seems more robust to participant race. Performances

for CVD and cancer death are also both relatively low; only the model combining imaging and

traditional risk factors really performs well for the cancer deaths, indicating that the inclusion of

risk factors is especially beneficial for causes of death that may not be apparent in the images.
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(a)

(b)

Figure 4.2: AUROC performance plots for the final model for a) 10-year all-cause mortality and b)
hip fracture.

48



Participant race Participant sex Cause of death
Task Black White Female Male Cardiovascular Cancer

10-year hip fracture
0.777 0.773 0.753 0.809 - -

(N=834) (N=1295) (N=1097) (N=1032) - -

10-year mortality
(WB scan only)

0.673 0.721 0.660 0.713 0.626 0.686
(N=1321) (N=2281) (N=1809) (N=1793) (N=828) (N=562)

10-year mortality
(WB scan + risk factors)

0.709 0.739 0.700 0.741 0.656 0.726
(N=1321) (N=2281) (N=1809) (N=1793) (N=828) (N=562)

Table 4.6: Performance of the final model on demographic subpopulations and prevalent causes of
death.

In terms of sample efficiency, the model achieves respectable scores on both tasks, requiring

less than 100 samples to outperform the previous image-only best models. And while Figure 4.3

indicates that these models still require in the thousands of samples to surpass the previous state

of the art, this is only when comparing to models that have access to established risk factors for

both tasks.

Lastly, when performing sensitivity analysis by swapping anatomical scan sites for the tasks,

model performance degrades significantly. Using hip scans to predict all-cause mortality achieves

a 0.64 AUROC, which is slightly better than the previous best image-only model for this task

but still significantly below what this embedding model can achieve with whole-body scans. The

performance drop-off for hip fracture from whole-body scans is even worse, degrading to a 0.63

AUROC from a 0.78 when using hip scans.

4.4 Discussion

Overall, the results confirm both initial hypotheses. Training a dedicated, self-supervised model

for DXA on a large and diverse population of DXA scans results in a superior transfer learning

performance. Further, this performance can be boosted, especially for hip fracture prediction, by

adapting the self-supervised framework to the modality with a combination of domain-knowledge-

informed modifications and changes based on the self-supervised literature.

Importantly, the self-supervised method also enables us to easily combine DXA scans from

different anatomical sites, which has a tangible performance benefit for downstream tasks that rely

solely on a single site.
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(a)

(b)

Figure 4.3: AUROC performance plots for the main model for a) 10-year all-cause mortality and
b) hip fracture as training set size increases.
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(a)

(b)

Figure 4.4: AUROC performance plots for the main model for a) 10-year all-cause mortality and
b) hip fracture with scan sites reversed. Mortality is evaluated on hip scans, and fractures are
predicted from whole-body scans.
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4.4.1 Framework selection

The result that stands out when evaluating different frameworks on DXA data is the performance

difference of a ViT pretrained using an MAE versus one pretrained using SimCLR. The stark

difference seems to indicate that the MIM objective is not well-suited to the task. Intuitively,

this could be connected to the fact that DXA scans are generally registered with little variation in

general position and orientation. The MAE might converge to a simple local minimum of predicting

the mean scan since there is not enough variation to produce a large loss. On the other hand, the

reconstruction objective could also overly emphasize small details in the image that are not relevant

to high-level semantic prediction tasks such as all-cause mortality and hip fracture risk. Lastly,

while MAEs scale extremely well with large amounts of data, it is unclear how well they do in more

data-limited scenarios such as this one, which could also be a reason why this approach failed to

produce good results.

Regardless, the results using the SimCLR framework to train different vision backbones also

illustrate that while there is some variation between the backbones, the choice of self-supervised

framework seems more impactful.

4.4.2 Framework modifications

There are several takeaways from the framework modification experiments. Most obviously, the hip

fracture prediction task seems significantly more sensitive to modifications to the framework than

the mortality task. This illustrates how important it can be to evaluate pre-trained models on a

range of tasks to prevent overfitting to a single one. Importantly, the best-performing hip models

often did not overlap with the best-performing mortality models, indicating that there is some

divergence in what features are useful for these tasks and generality is not guaranteed. Fruther,

the mortality task overall seems to be more saturated, with performance of the baseline framework

being difficult to beat for most modifications. This could potentially be due to how broad 10-year

all-cause mortality prediction is as a task. Many factors that will not be captured in DXA scans

can play a role, such as disease, random accidents, and lifestyle factors, and as such the 0.7 AUROC

score may be close to the saturation point for this particular task.

In terms of actually beneficial modifications, the only three that stuck out in performance were

Cutout, the inclusion of the ratio channel, and the DCL loss. The DCL loss is known to be beneficial

for contrastive models in settings with relatively smaller batch sizes [16] which aligns well with our

results. The ratio channel is a good illustration of domain expertise being included in the modeling

process. While it does not provide new information to the model, it makes relationships between the

low- and high-energy attenuation channels more explicit, helping with the learning process. Cutout

is an augmentation that was also explored in the original SimCLR framework but ultimately omitted

from that formulation [3], however, it is still well known as a beneficial augmentation with potential

for self-supervised learning by, at least, preventing overfitting to the pretext task. It could also
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further disincentivize the framework overfitting to characteristics of specific regions in the DXA

scans. Since all scan regions are registered and views of the same area in any given scan generally

contain similar anatomical markers, randomly removing that information may force the model to

fit to more complex, diffuse information contained in the images.

4.4.3 Final model performance

The final model performs roughly similarly on both tasks to the best individual models from the

experiments on framework modifications, indicating perhaps a more balanced embedding space

than some previous models. The model also exhibits only a small performance increase from the

inclusion of risk factor metadata for the mortality prediction task. This is remarkable as these are

well-established mortality risk factors including, for example, blood markers that can indicate high

levels of inflammation or diabetes. The fact that the model achieves almost the same performance

with only the whole-body DXA scan seems to suggest that much of this information as it pertains

to mortality is also, directly or indirectly, present in the DXA scans. Self-supervised pretraining

almost fully closing the performance gap between the previous state-of-the-art image-only model

(0.63 AUROC) and previous best overall model (0.71 AUROC) really illustrates the potency of this

method for learning useful, domain-specific embedding models.

It does exhibit some clear performance biases, especially for the 10-year mortality task. To

some extent, this can likely be explained by the over-representation of these groups in the training

dataset. Especially men are overrepresented due to the MrOS study including no women. The fact

that the model performs better on hip fracture prediction for men stands out since they are less

likely to fracture than the women, who are post-menopausal and make up about 70% of all hip

fractures annually [188] and 470 out of the 739 fractures in the HealthABC cohort.

The final model also exhibits greater labeled-sample-efficiency, reaching state-of-the-art perfor-

mance thresholds with 1,000 samples or less for both tasks, an order of magnitude below what

previous models used. This requires no careful finetuning either; simply doing logistic regression

on the scan embeddings is sufficient.

However, while this model is shown to perform well on a hip DXA task and a whole-body DXA

task, it is limited by the information present in the scans. The sensitivity analysis in Figure 4.4

clearly shows that matching the anatomical site to the task is still required. While it seems more

obvious that using a hip scan for all-cause mortality is limiting, trying to use whole-body scans for

hip fracture, even though they clearly contain relevant information, also seems beyond this model.

This could be a limitation in resolution, either of the scans or the learned features of the model.

Regardless, it underscores the merits of combining anatomical sites for the training of a single

model since switching sites does not require any retraining.
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4.5 Limitations

While this work presents the training and evaluation process of our DXA foundation model, more

focused investigation into each downstream task remains to be done. The model needs to be ex-

panded to other studies to evaluate whether it can maintain the strong performance on populations

with other demographic makeups. It also needs to be validated against standard tools such as the

Fracture Risk Assessment Tool (FRAX) and Garvan bone fracture risk calculator1.

Possibly the largest limitation of the model is its training on only data collected on Hologic

scanners, calling into question generalizability to other manufacturers, something that has to be

tested.

From a modeling perspective, computational budget is a big limitation for this work, with careful

hyperparameter tuning of the SimCLR framework, loss weights, and augmentation probabilities

being out of scope. While attempting to use bigger computer vision backbones may also be an

avenue to explore, given the relatively limited size of the dataset for a self-supervised learning

application that may lead to quick overfitting.

4.6 Conclusion

This work introduces our DXA foundation model. The model is trained on a dataset of four com-

bined NIH studies consisting of over 80,000 DXA scans from three anatomical sites: whole body,

proximal femur, and lumbar spine. The model outperforms transfer learning from models pre-

trained on ImageNet as well as previous state-of-the-art approaches for both 10-year hip fracture

prediction and 10-year all-cause mortality prediction. The model performs on par with or better

than previous state-of-the-art models without access to any of the risk factors used in those mod-

els, predicting directly from the DXA scan. The model is data efficient, requiring fewer labeled

training samples and no end-to-end finetuning at all, reducing data and computation bottlenecks.

Further, downstream models, especially the hip fracture model, have great potential for oppor-

tunistic screening applications. As the model requires no additional input variables besides the

hip DXA scan and is relatively lightweight, it could feasibly be run along with any hip DXA scan

taken for osteoporosis screening down the line. The embedding model will be made available to

the community with the intent of empowering researchers to take advantage of the rich and varied

information contained in DXA scans.

1https://www.garvan.org.au/research/bone-fracture-risk-calculator
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CHAPTER 5
UNSUPERVISED REPRESENTATION QUALITY METRICS

5.1 Introduction

As the previous chapters illustrate, while self-supervised learning is a powerful tool for non-NI

vision data, training and especially tuning these frameworks can be cumbersome, requiring either

compromises or excessive compute budgets. This difficulty is exacerbated by the lack of good

evaluation metrics during self-supervised pre-training. Unlike supervised training, where losses or

target metrics on a held-out set can be monitored and used for early stopping, hyperparameter

tuning, or model pruning, the losses in self-supervised training are often not well-correlated with

downstream transfer task performance [79].

If self-supervision is done with a particular task in mind, linear probing, essentially training a

small linear task-head on top of network features during training, is one option for gauging training

success, but when building a general-purpose model or wanting to accomplish several tasks this

strategy becomes infeasible. Especially for image data from domains with a large domain gap to

NIs, this presents a problem as it is well established that self-supervised frameworks are overfit to

NI data [16] and benefit from task-specific tuning [29].

Several metrics have emerged to solve this issue. These metrics are not reliant on labels and as-

sign a score calculated only based on raw embedding matrices. Generally, unsupervised embedding

space or representation quality metrics are understood from a broadly information-theoretic per-

spective, trying to estimate whether embeddings produced by a model contain as much information

as their size would allow. From this perspective, these metrics are focused on dimensional collapse of

the embeddings space, where some dimensions become non-meaningful [22] or embeddings collapse

into some highly anisotropic space [114].

Unfortunately, these metrics may suffer from the same limitation as self-supervised frameworks:

they are developed and tested primarily on NI vision data. Some metrics are not even developed for

vision data at all, originating from NLP research [114]. Further, when these metrics are evaluated,

they are primarily tested for correlation with classification problems. While no research has directly

refuted the usefulness of these metrics for domains outside what they have been tested on and

settings beyond classification, generalizability remains unclear, and since there is no incentive and

not enough trust for self-supervised practitioners to use these scores beyond well-tested domains,

they remain under-utilized and under-explored.

This chapter will use the models trained in previous chapters of this dissertation and evaluate

unsupervised representation quality metrics from the literature against downstream task perfor-

mance, thus providing some insight into these metrics’ behavior. The goal is to establish whether

any metrics can be relied upon even outside commonly tested domains and applications. Given the
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relatively large scope of models explored in this work and diverse downstream tasks, it is a good

benchmark for the reliability of these scores. If metrics generalize well here, they can more reliably

be used for model selection, hyperparameter tuning, pretext task selection, and other framework

modifications. This can have a significant impact on the workflow of practitioners as all of these

tasks currently require training a self-supervised model to completion, which can take hundreds of

hours, and then having access to enough labeled data to evaluate the model on a downstream task.

This is computationally expensive, slow, and presents a significant barrier to entry for employing

self-supervised learning, a tool that could otherwise benefit many under-served domains.

5.2 Methods

5.2.1 Unsupervised embedding space metrics

As mentioned before, most representation quality metrics come from a perspective of embedding

space utilization. α-ReQ [23] emerged from the observation of [116] that, empirically, the singular

values of embedding matrices decay according to a power law, λi ∝ i−α. If the decay coefficient, α,

is around 1 this is correlated with strong downstream task performance.

Similarly, the normalized eigenvalue sum (NESum) introduced by [115] quantifies how balanced

the eigenspectrum of the covariance matrix M of representations is:

NESum(M) =

∑
i λiei∑
i λi

(5.1)

RankMe[22] approaches the problem from a different angle, estimating the effective rank of the

representation matrix as the entropy of the normalized singular values of an embedding matrix M :

RankMe(M) = −
∑
i

pilog pi, where pi =
σi

||Σ||1
(5.2)

[24] provide a good review over most of these metrics, proposing three broad categories to

expand beyond the information-maximization metrics.

The linear classifier perspective tries to quantify how hard it is for a given matrix of embeddings

to find a linear transformation to downstream task targets. The authors propose coherence (µ0-

incoherence) to characterize how aligned the singular vectors of an embedding matrix are to the

standard basis. Higher coherence indicates better potential performance.

The high-dimensional probability perspective evaluates embedding quality by comparing the

distribution of the n embeddings to a random uniform distribution on a d-dimensional sphere. The

authors introduce the SelfCluster metric based on this:

SelfCluster(M) =
d||MM⊤||F − n(n− 1)

(d+ n− 1)(n− 1)n
(5.3)
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The numerical linear algebra perspective attempts to use tools from numerical linear algebra to

measure the stability of learned representations. More stable representations mean a less sensitive

a linear system to small changes in the input. The pseudo condition number (κ2) is proposed here,

calculating the ratio of the largest and smallest singular values to estimate stability κ2(M) = σ1
σn

.

Lastly, [114] propose IsoScore to quantify how uniformly a point cloud utilizes its ambient

vector space. It works by first reorienting the data using PCA and then calculating an ”isotropy

defect,” which measures the Euclidean distance between the data’s normalized variance vector and

a perfectly uniform vector. This defect is then transformed into a final score between 0 (perfectly

anisotropic, like a line) and 1 (perfectly isotropic, like a sphere). IsoScore is calculated as

ι(M) :=
(n− δ(M)2(n−

√
n))2 − n

n(n− 1)
(5.4)

where isotropy defect δ(M) is

δ(M) :=
||Σ̂D − 1||√
2(n−

√
n)

(5.5)

5.2.2 Experiments

All the embedding space metrics will be evaluated for all self-supervised models trained in Chapters

2 and 3 broadly following the protocol of [24]. For each data domain, SAR WV mode imagery and

DXA scans, a sample of 10,000 images will be embedded by the model after each 10 epochs of

training are completed. Embedding space metrics will be calculated for the resulting matrix and

correlated with the final downstream task performance of that model. For the analysis in this

dissertation, the α-ReQ score will be calculated as the absolute difference between the calculated

decay coefficient α and 1, (αReQ =| 1 − α |), with small difference being desirable. For WV

imagery, downstream performance will consist of GOALI multiclass classification and wave height

regression tasks, while for DXA, performance will be on the fracture and mortality prediction.

First, embedding quality at the final epoch will be evaluated against downstream task perfor-

mance. Provided that any metrics perform well on this, secondarily correlation at each tenth epoch

will be calculated for those metrics to test for reliability and stability. Correlation to downstream

performance will be evaluated using Spearman rank correlation ρ.

5.3 Results

5.3.1 Final embedding quality

For both tasks, most embedding quality metrics fail. On the WV data (Figure 5.1) RankMe and α-

ReQ perform best on both tasks. RankMe achieves a 0.65 Spearman correlation on the classification

task and -0.74 correlation for the regression task, where negative correlation is desirable. Similarly,
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α-ReQ achieves a -0.65 and 0.71 correlation on the classification and regression tasks, respectively,

with the direction of correlation being inverted compared to RankMe, as is indicative of a good score.

The condition number is also shown to be adequate at predicting downstream task performance.

Equally, for the DXA data, RankMe again performs well, achieving a 0.69 correlation on the

mortality task and a 0.81 correlation on fracture prediction. On this data domain however, IsoScore

also performs equally well, achieving strong positive correlations on both tasks and even outper-

forming RankMe a little on the fracture task (see Figure 5.2). Again, the condition number is

moderately predictive but under-performing RankMe and IsoScore. Interestingly, while α-ReQ

gets a moderate 0.4 Spearman correlation for the fracture task, it fails to capture any correlation

to downstream performance for the mortality task.

Overall, this leaves RankMe and, to a lesser extent, the condition number as the two metrics that

seem to be at least adequately correlated with downstream task performance across both domains

and all three evaluation settings, regression, binary classification, and multi-label classification. As

such, these will be analyzed more closely in the next section.

5.3.2 Embedding quality progression

When observing these scores over time, a drastically different behavior emerges. Embedding quality

scores stay relatively consistent for both WV tasks, with RankMe only slightly moving in the right

direction as training progresses. However, for the DXA data, we observe a more linearly increasing

trend across both scores. RankMe and the condition number start with weak initial correlations for

both tasks, but especially the hip fracture task, but steadily increase over the course of training.

Especially for the hip fracture task, condition number initially shows no correlation at all but

toward the end of training is close to caught up with RankMe.

5.4 Discussion and Limitation

5.4.1 Final embedding quality

Overall, many of the failing scores are not entirely unsurprising. While α-ReQ has some amount

of literature backing up its efficacy and is well rooted in empirical observations, many of the other

scores are barely tested beyond their original work. α-ReQ was shown to be correlated to most

tasks’ downstream performance, but only weakly or not at all for the DXA data. This could

indicate sensitivity to the data modality, pulling into question whether the empirical observations

from the literature underpinning this metric hold for non-NI domains. IsoScore seems like it could

be suffering from some outlying models in the WV tasks resulting in the bad performance compared

to the DXA data, again potentially indicating that desirable embedding behavior in one domain

(isotropy) may not translate to other domains.
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(a)

(b)

Figure 5.1: Embedding quality metric comparison on SAR WV data with the final model high-
lighted and well-performing quality metrics bolded. a) Correlation of different models’ embedding
scores and their final downstream task performance for GOALI multiclass classification. b) Wave
height regression (negative correlations are better here).
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(a)

(b)

Figure 5.2: Embedding quality metric comparison on DXA data with the final model highlighted
and well-performing quality metrics bolded. a) Correlation of different models’ embedding scores
and their final downstream task performance for mortality prediction. b) Hip fracture prediction.

60



(a)

(b)

Figure 5.3: Progression of correlation between embedding quality score and final model performance
over the course of training for condition number and RankMe. a) shows WV data and b) DXA
data
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Since RankMe performed very well, it is also worth pointing out that the effective rank indicated

by the score is very low, especially for the mortality models, utilizing less than 10% of the potential

feature space; however, performance does not seem to suffer, and relative rank to other models is

still highly indicative of comparative downstream performance. While the condition number also

showed consistent correlation with downstream task performance, it was only weak and may not

be enough to guide hyperparameter or modeling choices by itself. However, there is potential for

further research into the notion of embedding stability as an indicator of quality.

Most interesting is the different behavior between the two data domains, with the WV data’s

embedding metrics staying very consistent throughout training and the DXA metrics displaying

a near-linear upwards trend. There are several potential reasons for this. The WV dataset is

evaluated on two non-standard tasks — regression and multilabel classification. Since these are

uncommon evaluation settings these metrics might be less sensitive compared to classification,

which is more commonly used when developing these metrics and would also explain the DXA data

results. Most likely, however, is that this is indicative of instability of these metrics very early on in

training. Since the DXA dataset is several orders of magnitude smaller than the WV dataset, one

epoch for each model translates into a vastly different number of individual update steps. As such

it could be that embedding quality metrics are more volatile early during training but eventually

stabilize as training progresses.

Regardless, across both domains and all evaluation settings, RankMe does seem like a solid,

dependable choice for evaluating embedding quality during training.

5.4.2 Limitations

This analysis could further benefit from evaluation on more downstream tasks. Training models

for toy regression problems with the DXA data (e.g., weight regression) could help disentangle

whether the downstream task or different dataset sizes are responsible for the divergent behavior

during training.

Additionally, more frequent evaluation of the models and doing it on a schedule based on the

number of update steps instead of epochs could further shed light on metric behavior and stability.

5.5 Conclusion

While most metrics exhibited no correlation with downstream performance at all, RankMe espe-

cially seems to robustly indicate embedding quality. While it might require some initial training

period for embeddings to stabilize, it works across domains and downstream task settings. This

makes it a viable candidate for the inclusion in self-supervised workflows. Based on the low effective

rank estimates observed here, RankMe may best be employed in a comparative setting, such as

when tuning a batch of models simultaneously or deciding between vision backbones, where relative
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rank is a useful proxy for relative downstream performance.
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CHAPTER 6
CONCLUSION

This dissertation studies the adaptation of self-supervised learning to medical imaging and remote

sensing. Specifically, the dissertation focuses on SARWV open-ocean satellite data and whole-body,

proximal femur, and lumbar spine DXA scans. While self-supervised learning has been shown to

be effective on natural images and beyond, adapting these frameworks to new domains can be a

difficult process. Self-supervised learning frameworks are developed and tuned on natural images,

images that have three color channels, perspective, are often object-centric, and are of objects

seen in the natural world. These frameworks rely heavily on implicit biases of the data; therefore,

successfully adapting them to domain data that does not share most of these characteristics can

be challenging.

This work set out to answer, first, whether self-supervised learning can be used effectively for

SAR WV data and DXA scans, improving over traditional pre-training approaches that rely on

labeled natural image datasets. The next question is whether self-supervised frameworks, once

successfully applied to these domains, can further be finetuned to better fit characteristics of the

domain and downstream applications. To answer the first question, a pre-trained ImageNet model

was compared with models pre-trained using SimCLR, BYOL, and MAE, three of the most common

self-supervised pre-training frameworks in computer vision. In both domains, a marked improve-

ment was observable, showing that self-supervised learning, out of the box, is indeed capable of

improving over transfer learning from ImageNet pre-trained models. To answer the second ques-

tion, the best framework and backbone combination for both tasks was then adapted. In the case

of the SAR model, several augmentation strategies were introduced and removed from the aug-

mentation pool, resulting in the WV-Net configuration, with two added augmentation policies that

yield another improvement over the new self-supervised baseline. For DXA, experiments were con-

ducted with augmentation policies, feature engineering, and modified loss functions. Ultimately,

one domain-inspired additional feature in the ratio channel, as well as a modified loss function and

an extra augmentation were added to, again, improve over the new self-supervised baseline.

In both cases, the resulting models outperformed any previous benchmarks on downstream

tasks. Further, both models can serve as foundation models in their respective domains — they

are more labeled-data-efficient than supervised counterparts parts, more robust to hyperparameter

choices, can be adapted without any end-to-end finetuning, and are highly generalizable to down-

stream tasks. These results clearly illustrate the power of self-supervised learning, especially for

domains with highly specialized data. However, the tuning process also illustrates a difficulty with

self-supervised learning — even in the presence of a large enough dataset to make this a viable

approach, it often requires prohibitive time and compute resources. Having to train every model to

completion to evaluate it on downstream tasks is highly inefficient but unfortunately a necessity in
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the absence of good performance indicators. This results in models being under-tuned and perfor-

mance being left suboptimal because of time or compute restraints. This is why this dissertation

also analyzed a third question: Are there any unsupervised embedding methods that exhibit good

generalization to uncommon downstream tasks such as regression and multiclass classification and

robustness to image domains with unusual characteristics? To that end, embedding quality metrics

from the literature were evaluated on the models trained for the SAR and DXA tasks. Out of 7

evaluated metrics, only RankMe showed robustness to both data domain and downstream tasks.

Higher RankMe scores were consistently associated with better final model performance across

highly variable training setups for both tasks. As such it seems like a viable choice for model

selection and hyperparameter tuning for similar future efforts.

Overall this dissertation answered the questions it set out to answer, demonstrating that self-

supervised learning is the most promising path toward generalizable, domain-specific embedding

models that have direct implications on how effectively science can be done in downstream appli-

cations.

6.1 Contributions

The two primary contributions of this work are the pretrained models for either domain. While

the SAR WV-Net is already publicly available, the DXA model will similarly be made available

with the publication of the associated work. The goal is for this work to empower researchers

and practitioners by giving them tools to quickly analyze large backlogs of data, train powerful

models with little compute and labeling budget, and maybe build on these models to drive the field

forward.

Further, the downstream task models also have direct implications on their respective fields.

The GOALI dataset and accompanying multiclass classification model will be the subject of a future

manuscript and both, the hip fracture and mortality models have implications for opportunistic

screening that are worth pursuing.

Additionally, the results presented in this work have more indirect implications. RankMe,

already one of the most prevalent embedding space metrics, now has further evidence for its domain-

spanning utility as an embedding quality estimator. As such, future self-supervised projects in

related domains, such as other medical imaging modalities or SAR satellite images should feel more

confident in using RankMe to improve their workflow. Having a reliable performance indicator

early during training can significantly improve efficiency and can help researchers make better

choices about what research avenues to pursue. Similarly, the workflow for training self-supervised

models is also transferable. First, optimizing the backbone and framework combination against

an ImageNet baseline gives a good idea of performance capabilities while narrowing down future

modeling choices. Afterward, altering augmentation policies, framework parameters, and other

model characteristics separately reduces the overall search space while evidently still giving a good
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indicator of performance. As such, maybe the strategy employed in this dissertation can be followed

by future researchers who are also under resource constraints.

6.2 Future Work

This dissertation is heavily focused on the work associated with creating the foundation models, but

future work will be focused on their downstream applications. Classifying atmospheric phenomena

and reanalyzing over a decade of global backlog with the GOALI model is an immediate next step.

More deliberate finetuning for all the downstream tasks is also a viable area of research as this

was omitted for this work due to compute constraints. Since the model is already trained to a

large degree exploratory analysis of downstream applications is relatively easy as long as a minimal

amount of labeled data is available. Moreover, expanding this work to other satellite platforms

such as the NASA Surface Water and Ocean Topography (SWOT) platform is a promising research

direction.

Similarly, for the DXA data, the focus will shift to more fully exploring downstream applications.

Beyond the applications explored in this model, there is also considerable interest in biological

markers of aging. While these are often associated with epigenetic indicators, a body-composition-

based marker of aging is also an interesting research direction given that the model is already very

capable at predicting all-cause mortality.
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Taori, Armin W. Thomas, Florian Tramèr, Rose E. Wang, William Wang, Bohan Wu,

Jiajun Wu, Yuhuai Wu, Sang Michael Xie, Michihiro Yasunaga, Jiaxuan You, Matei Za-

haria, Michael Zhang, Tianyi Zhang, Xikun Zhang, Yuhui Zhang, Lucia Zheng, Kaitlyn

Zhou, and Percy Liang. On the opportunities and risks of foundation models, 2022. URL

https://arxiv.org/abs/2108.07258. 1

[9] Jinghao Zhou, Chen Wei, Huiyu Wang, Wei Shen, Cihang Xie, Alan Yuille, and Tao Kong.

ibot: Image bert pre-training with online tokenizer, 2022. URL https://arxiv.org/abs/

2111.07832. 1, 12, 17

[10] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. Imagenet: A large-

scale hierarchical image database. In 2009 IEEE conference on computer vision and pattern

recognition, pages 248–255. Ieee, 2009. 1, 4, 12, 16, 39

[11] Alex Krizhevsky, Geoffrey Hinton, et al. Learning multiple layers of features from tiny images,

2009. 1

[12] Fisher Yu, Ari Seff, Yinda Zhang, Shuran Song, Thomas Funkhouser, and Jianxiong Xiao.

Lsun: Construction of a large-scale image dataset using deep learning with humans in the

loop, 2016. URL https://arxiv.org/abs/1506.03365. 1

[13] Chen Sun, Abhinav Shrivastava, Saurabh Singh, and Abhinav Gupta. Revisiting unreasonable

effectiveness of data in deep learning era. In Proceedings of the IEEE international conference

on computer vision, pages 843–852, 2017. 1, 12

[14] Priya Goyal, Mathilde Caron, Benjamin Lefaudeux, Min Xu, Pengchao Wang, Vivek Pai,

Mannat Singh, Vitaliy Liptchinsky, Ishan Misra, Armand Joulin, and Piotr Bojanowski. Self-

68

https://arxiv.org/abs/2108.07258
https://arxiv.org/abs/2111.07832
https://arxiv.org/abs/2111.07832
https://arxiv.org/abs/1506.03365


supervised pretraining of visual features in the wild, 2021. URL https://arxiv.org/abs/

2103.01988. 1, 2, 12

[15] Elijah Cole, Xuan Yang, Kimberly Wilber, Oisin Mac Aodha, and Serge Belongie. When does

contrastive visual representation learning work? In Proceedings of the IEEE/CVF conference

on computer vision and pattern recognition, pages 14755–14764, 2022. 1, 13

[16] Florian Bordes, Randall Balestriero, and Pascal Vincent. Towards democratizing joint-

embedding self-supervised learning, 2023. URL https://arxiv.org/abs/2303.01986. 1,

2, 13, 25, 36, 44, 52, 55

[17] Lambert T Leong, Michael C Wong, Yong E Liu, Yannik Glaser, Brandon K Quon, Nisa N

Kelly, Devon Cataldi, Peter Sadowski, Steven B Heymsfield, and John A Shepherd. Genera-

tive deep learning furthers the understanding of local distributions of fat and muscle on body

shape and health using 3d surface scans. Communications Medicine, 4(1):13, 2024. 1, 8

[18] Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou, Julien Mairal, Piotr Bojanowski,
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Pierre Potin, BjÖrn Rommen, Nicolas Floury, Mike Brown, et al. Gmes sentinel-1 mission.

Remote sensing of environment, 120:9–24, 2012. 16, 18

[120] Konstantinos Topouzelis and Dimitra Kitsiou. Detection and classification of mesoscale atmo-

spheric phenomena above sea in sar imagery. Remote sensing of environment, 160:263–272,

2015. 16

[121] ChenWang, Pierre Tandeo, Alexis Mouche, Justin E Stopa, Victor Gressani, Nicolas Longepe,

Douglas Vandemark, Ralph C Foster, and Bertrand Chapron. Classification of the global

sentinel-1 sar vignettes for ocean surface process studies. Remote Sensing of Environment,

234:111457, 2019. 16

[122] Fan Hu, Gui-Song Xia, Jingwen Hu, and Liangpei Zhang. Transferring deep convolutional

neural networks for the scene classification of high-resolution remote sensing imagery. Remote

Sensing, 7(11):14680–14707, 2015. 16

[123] Chen Wang, Alexis Mouche, Pierre Tandeo, Justin Stopa, Bertrand Chapron, Ralph Foster,

and Douglas Vandemark. Automated geophysical classification of sentinel-1 wave mode sar

images through deep-learning. In IGARSS 2018-2018 IEEE International Geoscience and

Remote Sensing Symposium, pages 1776–1779. IEEE, 2018. 16

[124] Keiller Nogueira, Otávio AB Penatti, and Jefersson A Dos Santos. Towards better exploiting

convolutional neural networks for remote sensing scene classification. Pattern Recognition,

61:539–556, 2017. 16

[125] Jason Yosinski, Jeff Clune, Yoshua Bengio, and Hod Lipson. How transferable are features in

deep neural networks? Advances in neural information processing systems, 27, 2014. 16, 37

79

https://arxiv.org/abs/2202.05808
https://arxiv.org/abs/2202.05808
https://www.ucsusa.org/resources/satellite-database
https://www.ucsusa.org/resources/satellite-database


[126] Lambert T. Leong, Michael C. Wong, Yannik Glaser, Thomas Wolfgruber, Steven B. Heyms-

field, Peter Sadowski, and John A. Shepherd. Quantitative imaging principles improves

medical image learning, 2022. URL https://arxiv.org/abs/2206.06663. 16, 43

[127] Maithra Raghu, Chiyuan Zhang, Jon Kleinberg, and Samy Bengio. Transfusion: Understand-

ing transfer learning for medical imaging. Advances in neural information processing systems,

32, 2019. 16

[128] Esther Rolf, Konstantin Klemmer, Caleb Robinson, and Hannah Kerner. Mission critical –

satellite data is a distinct modality in machine learning, 2024. URL https://arxiv.org/

abs/2402.01444. 16

[129] Kenneth Ward Church. Word2Vec. Natural Language Engineering, 23(1):155–162, 2017. 17

[130] Jeffrey Pennington, Richard Socher, and Christopher D Manning. Glove: Global vectors for

word representation. In Proceedings of the 2014 conference on empirical methods in natural

language processing (EMNLP), pages 1532–1543, 2014. 17

[131] Alec Radford, Karthik Narasimhan, Tim Salimans, Ilya Sutskever, et al. Improving language

understanding by generative pre-training, 2018. 17

[132] Maxim Neumann, Andre Susano Pinto, Xiaohua Zhai, and Neil Houlsby. In-domain rep-

resentation learning for remote sensing, 2019. URL https://arxiv.org/abs/1911.06721.

17

[133] Anthony Fuller, Koreen Millard, and James R Green. Satvit: Pretraining transformers for

earth observation. IEEE Geoscience and Remote Sensing Letters, 19:1–5, 2022. 17

[134] Kumar Ayush, Burak Uzkent, Chenlin Meng, Kumar Tanmay, Marshall Burke, David Lo-

bell, and Stefano Ermon. Geography-aware self-supervised learning. In Proceedings of the

IEEE/CVF International Conference on Computer Vision, pages 10181–10190, 2021. 17

[135] Klaus Hasselmann, B Chapron, L Aouf, F Ardhuin, F Collard, G Engen, Susanne Hasselmann,

P Heimbach, PAEM Janssen, H Johnsen, et al. The ers sar wave mode: A breakthrough in

global ocean wave observations. ESA Communications, 2013. 17

[136] Justin E Stopa and Alexis Mouche. Significant wave heights from s entinel-1 sar: Validation

and applications. Journal of Geophysical Research: Oceans, 122(3):1827–1848, 2017. 17

[137] Brandon Quach, Yannik Glaser, Justin Edward Stopa, Alexis Aurélien Mouche, and Peter
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