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ABSTRACT

TOWARDS GENERATING A PRE-TRAINING IMAGE TRANSFORMER FRAMEWORK

FOR PRESERVING SPATIO-SPECTRAL PROPERTIES IN HYPERSPECTRAL SATELLITE

IMAGES

Hyperspectral images facilitate advanced geospatial analysis without the need for expensive

ground surveys. Machine learning approaches are particularly well-suited for handling the geospa-

tial coverage required by these applications. While self-supervised learning is a promising method-

ology for managing voluminous datasets with limited labels, existing encoders in self-supervised

learning face challenges when applied to hyperspectral images due to the large number of spec-

tral channels. We propose a novel hyperspectral image encoding framework designed to generate

highly representative embeddings for subsequent geospatial analysis. Our framework extends the

Vision Transformer model with dynamic masking strategies to enhance model performance in re-

gions with high spatial variability. We introduce a novel loss function that incorporates spectral

quality metrics and employs the unique channel grouping strategy to leverage spectral similarity

across channels. We demonstrate the effectiveness of our approach through a downstream model

for estimating soil texture at a 30-meter resolution.
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Chapter 1

Introduction

Prior to the advent of satellite technology, remote sensing was primarily confined to aerial

photography or ground observations. Although these methods were effective, they had several

limitations such as restricted coverage, limited spatial and spectral resolution, and infrequent re-

visit times [4, 5]. Satellite imagery provides a complementary view of the earth’s surface that is

often challenging or unattainable through traditional methods. For example, satellites can cover

vast and remote areas that are inaccessible to aircraft or ground surveys [6]. They offer higher

spatial resolution with frequent revisit times, making it possible to observe changes in various phe-

nomena such as weather patterns, vegetation growth, and urban development [7]. Additionally,

satellite sensors can capture a wide range of spectral bands—including visible, infrared, and mi-

crowave wavelengths—which enhances the detection and analysis of various surface materials and

atmospheric conditions [8]. These advantages make satellite imagery a vital tool across diverse

domains such as agriculture, environmental monitoring, disaster management etc.

The launch of Earth Resources Technology Satellite (ERTS) in 1972, later renamed Landsat 1,

marked the beginning of a new era in remote sensing. Since then, numerous satellites have been

deployed to orbit the Earth to gather vital remote sensing data [6, 9] and satellite technology has

progressed a great deal in terms of data volume and data quality.

When Landsat 1 launched, it could only store 3.75 gigabytes onboard and had the largest

recording capacity of any orbiting recorder at the time [10]. It also had a data downlink rate of 15

megabits per second [11]. In contrast, newer-generation satellites can store 1000× [12] more data

and have also achieved significantly higher transmission rates [13]. The implication is that they are

storing more data than ever and also sending more data to Earth than ever. This poses a challenge

for efficiently analyzing the vast amount of data. Furthermore, while Landsat 1 offered a spatial

resolution of 80 and comprised only 4 bands [14], the introduction of a diverse array of new sensors

has pushed spatial resolution down to as fine as 15cm and expanded the number of spectral bands
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to as many as 250 [15]. This latter category of new-generation satellites, known as hyperspec-

tral satellites, produces hyperspectral satellite imagery (HSI) and can capture continuous spectral

bands with high-wavelength resolution, often exceeding 200 bands. In contrast, multispectral im-

ages typically capture fewer, spaced spectral bands (usually 3 − 11 bands) [16]. Hyperspectral

satellites can facilitate enhanced material identification and classification due to their unique spec-

tral signatures [17] and can support precision agriculture by accurately mapping crop types and soil

conditions [18,19]. Examples of hyperspectral satellites include EnMAP (used in this study) [20],

PRISMA [21], and Planet’s Tanager-1, which is scheduled for launch in 2024 [22].

With the increasing number of satellite operations, the volume of data generated by these satel-

lites has grown exponentially, creating substantial challenges for large-scale data analysis. To ad-

dress these challenges, researchers have leveraged advanced machine-learning techniques, which

can effectively transform voluminous satellite imagery data into valuable estimates of ground con-

ditions [23–26].

The initial applications of machine learning in satellite imagery analysis primarily centered

on classification and regression tasks. Among supervised learning methods, Support Vector Ma-

chines (SVM), Decision Trees, Random Forests, and k-Nearest Neighbor were commonly em-

ployed [27–29]. In the realm of unsupervised learning, k-means clustering was utilized for process-

ing large datasets, while Principal Component Analysis (PCA) proved valuable for dimensionality

reduction. These methods facilitated early achievements in land cover mapping, change detection,

and crop identification [30, 31].

Despite their effectiveness, traditional machine-learning approaches had several limitations.

One notable constraint was the requirement for manual feature engineering, a time-consuming

process that relied heavily on domain expertise. Additionally, they could not fully capture the

nuances in the satellite imagery, restricting their overall performance and accuracy [32, 33].

Deep learning techniques, when coupled with self-supervised learning approaches, effectively

address these challenges by automatically extracting features and performing exceptionally well

on large datasets. Several deep learning architectures such as Convolutional Neural Networks
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Input Image Base Model Reconstruction Our Reconstruction

Figure 1.1: Input Reconstruction: Base Model vs Our Model

(CNNs), Autoencoders, Recurrent Neural Networks (RNNs), and Generative Adversarial Net-

works (GANs) have been successfully utilized for various remote sensing tasks [34, 35]. More-

over, self-supervised learning methods have demonstrated significant performance enhancements,

particularly when models are pre-trained on extensive natural image datasets and subsequently

fine-tuned for specific downstream tasks [36, 37]. The appeal of self-supervised learning lies in

its ability to leverage large volumes of unlabeled data for model training, making it particularly

valuable in domains where labeled data is scarce but unlabeled data is abundant, such as remote

sensing, satellite imagery, and surveillance imaging.

However, applying deep learning techniques to HSI presents significant challenges, including

the complexity of the feature space (also known as the curse of dimensionality) and computational

requirements that are often impractical or prohibitively expensive. Existing self-supervised learn-

ing methods are predominantly designed for natural image datasets, such as ImageNet [38] and

CIFAR-100 [39], which limits their direct applicability to large-scale regression models used in

satellite image analysis.

In satellite imagery, each pixel value across channels is considered a critical observation for

subsequent analysis, and the relationships among pixels differ significantly from those in natural

images. The complexity is further amplified in HSI, where the number of spectral channels far

exceeds the conventional three-band (RGB) structure of natural images. The majority of machine-

learning models for satellite images have been predominantly developed for multispectral images
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[40–42]. Understanding the complex relationships across the numerous bands in HSI remains

challenging for achieving high accuracy in the final analytical products [43].

Figure 1.1 illustrates an example where a broadly accepted self-supervised approach [44] is

employed to reconstruct HSI images and the model encounters difficulties in accurately recon-

structing regions with higher spatial complexity.

1.1 Research Questions

Our study is motivated by the following research questions:

• RQ1: How can we design a dynamic masking strategy for the masked autoencoder frame-

work to effectively utilize spatial variability in hyperspectral satellite images for improved

encoder learning?

• RQ2: What channel grouping methodologies based on spectral similarity can be devel-

oped to capture complex spectral dependencies in hyperspectral imagery, and how do these

methodologies impact the performance of the masked autoencoder framework?

• RQ3: How does accounting for spatial and spectral loss components within a masked au-

toencoder framework influence the quality of hyperspectral image reconstruction?

1.2 Approach Summary

In this study, we propose a novel pre-training masked autoencoder framework tailored for hy-

perspectral satellite images. Our framework dynamically adjusts the patch selection process to

enhance the masking strategy using the spatial variability of the patches. It enables the encoder to

learn from higher spatial variability during training. Our framework integrates spatial and spectral

characteristics into a masked autoencoder (MAE) framework [44], extending the Visual Trans-

former (ViT) [1, 45]. Our framework clusters over 200 EnMAP HSI bands based on their spectral

similarity, thereby capturing complex spectral dependencies within and across the channels in the
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model. Our proposed approach shows strong performance in estimating soil texture at a 30-meter

resolution.

1.3 Main Contributions

The contributions of our work can be summarized as follows:

1. A dynamic masking strategy for HSI for MAE pretraining, allowing for the adaptive adjust-

ment of masking locations based on geospatial variability.

2. A channel grouping strategy for continuous spectral ranges that leverages the masking strate-

gies to capture relationships both across groups of relevant hyperspectral bands and within

each group.

3. A novel loss function for HSI that incorporates separate spatial and spectral components for

higher-quality reconstruction.

1.4 Thesis Organization

The rest of the paper is organized as follows: Chapter 2 presents a comprehensive review

of the literature and related work pertinent to our research. Chapter 3 elucidates our proposed

methodology in detail, outlining the framework and component modifications. Chapter 4 discusses

experimental results, including the findings and their implications. Chapter 5 examines a case study

evaluating the effectiveness of our proposed method in a downstream task. Chapter 6 concludes the

thesis, summarizing key findings, discussing limitations, and identifying future research directions.
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Chapter 2

Related Work

In this chapter, we provide a concise overview of the application of machine learning tech-

niques in the field of satellite imagery. We also conduct a systematic review of the state-of-the-art

machine learning and deep learning methodologies relevant to hyperspectral satellite imagery.

2.1 Brief History of Computer Vision Models

The recent history of deep learning models in computer vision can be traced back to 2012 when

AlexNet [46] won the ImagetNet competition. AlexNet demonstrated the power of deep convolu-

tional neural networks (CNNs) and marked a turning point in the deep learning field. Later models

found even better performance by increasing the number of layers, such as VGGNeT [47] (up to

19 layers) and ResNet [48] (over 100 layers). Furthermore, apart from increasing the number of

layers, dense connectivity between the layers also proved to be fruitful, e.g. DenseNet [49]. Al-

though these models showed strong performance in a supervised learning setup, the deep-learning

community recognized the limitations caused by the scarcity of manually annotated data in spe-

cialized or emerging domains. This prompted a gradual shift towards developing models that are

either less dependent on labeled data through semi-supervised learning or leverage unlabeled data

through self-supervised learning. Self-supervised learning is particularly useful as vast amounts

of unstructured and unlabeled data are available to train the models and can enable the models to

learn meaningful representations from the data, which can then be applied to various downstream

tasks.

2.2 Data Management

Data management is pivotal in scientific applications [50, 51], especially for spatiotempo-

rally evolving phenomena [52]. Such data management frameworks include support for ad hoc

queries [52], data sketches [53], and P2P grids [54]. Because data accesses are aligned with the
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underlying data storage framework, how data is organized plays a key role in data access and over-

all completion times. Our proposed methodology does not place restrictions on the underlying data

management frameworks.

2.3 Self-Supervised Learning

Self-supervised was introduced to reduce reliance on large annotated datasets and instead cap-

ture learning signals from the inherent structure of the training data with the help of various pretext

tasks such as masked patches reconstruction and contrasting semantically related inputs. Following

the development of several supervised learning models, self-supervised learning gained traction,

particularly in the form of contrastive learning. Notable examples in this category include Sim-

CLR [55] and MoCo [56] frameworks. These frameworks are usually paired with CNN-based

models. In recent times, Vision Transformers (ViT) have emerged as powerful alternatives to

CNNs, and have generally shown improved performance compared to CNN-based models, espe-

cially for large datasets.

2.3.1 Self-supervised Learning for Satellite Imagery

In the remote sensing field, the limited availability of human-annotated datasets poses a sig-

nificant challenge for model training. To address this issue, self-supervised learning (SSL) can be

leveraged to automatically extract rich semantic information from unstructured data, thereby elim-

inating the high costs associated with manual annotation processes. The latent features learned

through SSL enable improved accuracy in downstream tasks.

Researchers have successfully applied the self-supervised learning technique in the remote

sensing domain. Stojnić and Risojević [57] and Dimitrovski et al. [58] showed that self-supervised

pre-training gives better results than using supervised pre-training on images with natural scenes

and shows that this idea could also be easily extended to multispectral images.

Wang et al. [59] demonstrated the effectiveness of self-supervised learning on a large-scale,

global, multimodal, and multiseasonal corpus of satellite imagery. Gao, Sun, and Liu [60] used

7



masked image modeling on remote sensing scene classification datasets which outperformed su-

pervised state-of-the-art methods.

Spatiotemporal modeling efforts based on multispectral imagery include cloud removal [61],

visualizations [62,63], and modeling the spatiotemporal dynamics of phenomena such as soil mois-

ture [64]. Bruhwiler et al. [65] explore challenges in generating embeddings in multispectral satel-

lite imagery. Unlike, the aforementioned studies, the crux of our effort focuses on hyper-spectral

satellite imagery that are much higher dimensionality and introduces significant data management

challenges.

2.4 Vision Transformer

The Transformer architecture, when first introduced, revolutionized the field of Natural Lan-

guage Processing (NLP). Its ability to capture long-range dependencies made Transformer net-

works more effective than Recurrent Neural Networks (RNNs) which struggle to maintain context

over long sequences. Although innovation led to breakthrough models in NLP such as BERT, T5,

and GPT, researchers faced several challenges in adopting Transformers to computer vision tasks.

The primary difficulties in adapting transformers to vision were twofold. First, the difference

in data formats: computer vision deals with either 2D or 3D data compared to the 1D sequences in

text. Second, while CNNs possess inductive biases that make them effective for image processing,

transformers lack these assumptions and rely on self-attention mechanisms.

Vision Transformers (ViT) introduced by Dosovitskiy et al. [1] addressed these challenges.

ViT segments the images into fixed-size, non-overlapping patches and applies self-attention to

these patch tokens. This approach enables ViTs to extract global features effectively. ViTs have

shown competitive performance compared to CNNs on similar tasks.

MaskFeat [66] utilizes a vision transformer backbone to pre-train video and image models for

predicting the Histogram of Oriented Gradients (HOG) feature representation, which can then be

used for image classification. While MaskFeat directly utilizes HOG features for classification
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Figure 2.1: Vision Transformer Architecture [1]

on the ImageNet dataset, our proposed method capitalizes on HOG features to guide the masking

strategy and is specifically designed for hyperspectral satellite images (HSI).

2.4.1 Vision Transformer for Satellite Imagery

Scheibenreif et al. [67] utilized a vision transformer with a self-supervised learning technique

for land cover classification and segmentation tasks which outperformed supervised baselines.

TSViT [68] employed a fully attentional model for general Satellite Image Time Series (SITS)

processing based on the ViT. ViTs have also been with multispectral images for a variety of down-

stream tasks [69–71].

2.5 Masked Autoencoder

Following the success of ViTs, several self-supervised learning frameworks have been intro-

duced, including DINO [72], iBOT [73], SimMIM [74], BEiT [75], and MAE. Among these frame-
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works, Masked Autoencoders (MAEs) [44] have gained particular attention. MAEs mask a large

portion of the input image and task the model with reconstructing the masked pixels. This approach

is highly efficient and capable of producing high-quality image reconstructions. The robust perfor-

mance of MAEs in datasets such as ImageNet underscores their potential in specialized domains.

Examples include VideoMAE [76] with video tube masking and GMAE [77] for the domain of

graphs.

SemMAE [78] uses a semantic-guided masking strategy that facilitates the learning of both

local and global image structures and demonstrates its effectiveness on the ImageNet dataset. Re-

cent work on the MAE masking strategy has also focused on using attention maps of pre-trained

transformers. [79, 80]. However, these studies have evaluated their effectiveness only on tradi-

tional RGB-based image datasets. Our proposed method supplements the masking strategy based

on HOG features and is suitable for HSI datasets. RMAE [81] enhances image representation

learning by integrating region-based information, similar to words in natural language process-

ing. RMAE progressively shifts from masking patches within each semantic region to masking

entire regions. Our proposed method contrasts RMAE by selecting patches with higher informa-

tion density and grouping spectral bands based on clustering algorithms. Similar to our proposed

masking strategy which preferentially selects areas with higher spatial variability for encoder learn-

ing, AdaMAE [82] samples more tokens from the high spatiotemporal information regions, but it

applies to the video domain.

2.5.1 Masked Autoencoders for Hyperspectral Satellite Imagery

SatMAE [40] presents a pre-training framework for temporal and multi-spectral satellite im-

agery based on Masked Autoencoder for multispectral images. SatMAE groups the multispectral

bands with similar spatial resolution and wavelength characteristics. This approach enables the

model to access information from unmasked regions in one group while those same regions may

be masked in another. This significantly increases the model’s learning ability. SatMAE applies

this approach to images collected from the Sentinel-2 dataset, which comprised 10 spectral bands
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after excluding bands with lower spatial resolution, which is considerably smaller than the 200+

bands that HSI has to offer.

Cao et al. [83] propose a Transformer-based MAE using contrastive loss (TMAC) for hyper-

spectral image classification. TMAC has two branches – the MAE branch focuses on learning

pixel-wise representations while the contrastive learning branch focuses on capturing the high-

level, holistic features. Unlike TMAC, which utilizes dual branches, our proposed architecture

enhances the masking strategy and modifies the loss function to effectively capture high-level fea-

tures.

SpectralMAE [84] employs a masked autoencoder (MAE) specifically tailored for spectral di-

mensions for higher-quality spectral reconstruction. Compared to our proposed dynamic masking

and reconstruction functionality, spectralMAE requires a fine-tuning phase that relies on fixed

masking patterns and might have limited applicability beyond spectral reconstruction.

MaskedSST [85] provides training techniques for ViT to reduce computational costs and com-

pares its performance against several models, including baseline ViT RGB and 3D-CNN models,

trained on EnMAP and the Houston 2018 dataset. However, the overall model performance does

not exceed the 3D-CNN performance.

SSMAE [86] combines transformer-based global feature extraction with lightweight CNNs for

local feature enhancement. In contrast, our feature extraction is accomplished by a feature-guided

masking strategy and a novel loss function.

SatMAE++ [87] extended SatMAE on various downstream classification tasks by introducing

novel scaling strategies. Similarly, ScaleMAE [42] pretrains a masked autoencoder network at

different scales for higher quality and accurate reconstruction. None of these efforts has been

benchmarked using hyperspectral images. In contrast, our model evaluates its effectiveness on

hyperspectral images collected from the EnMAP satellite, which has 218 bands.

Feature Guided Masked Autoencoder (FG-MAE), proposed by Wang et al. [88], reconstructs

features such as Histogram of Oriented Gradients (HOG) and Normalized Difference Indices (NDI)
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for multispectral images from masked input images. Our proposed work instead uses HOG for

enhancing the masking strategy, thereby achieving higher-quality reconstruction.

2.6 Leveraging Autoencoder Learning on Satellite Imageries

Autoencoder-based approaches have been widely adopted for tasks involving high-dimensional

hyperspectral data. For instance, Shi et al. [89] developed a 3D attention-based denoising network

for hyperspectral images, which leveraged deep spatial-spectral features to reduce noise while

maintaining high prediction accuracy, making it suitable for complex environmental applications

such as soil property estimation. Additionally, He et al. [90] utilized convolutional autoencoders to

restore hyperspectral images, emphasizing the effectiveness of latent feature extraction for down-

stream classification tasks like land-cover mapping. Similarly, Zhou et al. [91] proposed a stacked

autoencoder for dimensionality reduction and feature learning, demonstrating its utility in hyper-

spectral data processing to enhance model efficiency. These studies highlight the value of using

learned latent features from autoencoders to handle high-dimensional environmental datasets for

downstream tasks such as the soil texture prediction task that we consider in this study.
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Chapter 3

Methodology

In this chapter, we discuss how we develop our proposed feature-guided masking strategy. We

then discuss the channel grouping strategies we explored. Finally, we describe the components of

our proposed loss function.

3.1 Motivation

Figure 3.1: Autoencoder Architecture

Autoencoders have the general architecture of generating lower-dimensional embeddings for a

set of data as illustrated in figure 3.1, which subsequently becomes useful for different downstream

tasks [92]. This dimensionality reduction technique is particularly appealing for hyperspectral

satellite images which have a large number of spectral bands [93]. The masked autoencoder archi-

tecture is a state-of-the-art deep learning framework that has also shown strong performance for a

variety of tasks.
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3.2 Background: Brief Introduction to Masked Autoencoders

Figure 3.2: Masked Autoencoder Architecture [2]

Masked Autoencoders (MAEs) are autoencoders that use self-supervised techniques to learn

latent representations from input images by masking a portion of the input data and then recon-

structing the input data from the masked input by utilizing the learned latent representation. The

images on which MAEs operate typically have the shape C ×H ×W , where C is the number of

bands or channels in the image, H is the height of the image and W is the width of the image.

MAEs resize the input image to create a set of non-overlapping square patches, each with shape

P × P . This results in N number of patches where N = H×W
P 2 . Similar to the input image, each

patch has C channels and is represented by a flattened vector of length P 2C. Each of the flattened

vectors is mapped to a lower dimension D with the help of a patch embedding function to create

embedded tokens. As MAEs are based on Vision Transformer architecture and transformers in-

herently have no idea about position, positional encodings are added to the embedded tokens to

keep track of the spatial information. A fraction r of the N tokens are randomly masked and the

remaining visible tokens are fed as input to the encoder.
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The decoder provides a learning signal to the encoder during the training process. For the

encoder to provide higher-quality reconstruction, the encoder has to compress the most important

features from the visible patches. This enables the encoder to learn rich and meaningful represen-

tation during the training process which becomes useful for various downstream tasks.

3.3 Network Architecture

Input Image Image Patches Masked Image

Patch Embedded Tokens

e
n
c
o
d
e
r

d
e
c
o
d
e
r

Reconstruction Loss

Loss = η ×MAE + λ× SSIM + µ× SID

Reconstructed

Patches

Positional

Embedding

Reconstructed

Image

Channel

Grouping
Mask:

Random or HOG

Figure 3.3: Network Architecture of Our Proposed Model. The Channel Grouping, Masking, and Loss

Function are illustrated in the diagram.

Our proposed network architecture is based on the standard masked autoencoder architecture,

but we propose improvements to three key areas - masking strategy, channel grouping strategy and

the loss function, as illustrated in figure 3.3.

3.4 Feature Guided Masking Strategy

The random masking strategy utilized by MAEs to select only a portion of the embedded

tokens for training reduces the computational cost significantly. This random masking strategy

has been shown to reduce the pre-training time by a factor of 3 or more [94] and works well for

images containing objects such as cats, birds, or vehicles. The authors of MAE demonstrated their
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Figure 3.4: (a) ImageNet dataset (b) Satellite Imagery

model’s effectiveness on the ImageNet [38] dataset. But random masking might not be well suited

for satellite imagery which exhibits highly diverse landscapes compared to mostly homogenous

patterns in images containing objects.

Figure 3.5: HOG Visualization

As an example, a 64× 64 pixel cropped satellite image covers a region of approximately 2km

× 2km and can encompass a complex array of topological features, including roads, buildings,

agricultural fields, and mountains. Furthermore, the complexity of the landscape is not uniformly
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distributed - while some areas may have more homogeneous characteristics (e.g., a large crop field),

other areas may present greater diversity (e.g., a dense urban area) as constructed in figure 3.4. It

is therefore essential for the model to perform coherently across the varied regions, regardless of

how complex they might be, to support accurate downstream tasks.

We propose a masking strategy that emphasizes spatial variability across patches and guides

the model to focus on areas with higher variability for better learning. Instead of assigning a

uniform masking probability across the patches, we calculate the magnitude of spatial variability

contained within the patches based on the Histogram of Oriented Gradients (HOG) [95]. HOG

captures local shapes and appearances within each patch by quantifying the distribution of gradient

orientations within that patch, as illustrated in figure 3.5. Utilizing HOG enables the model to

prioritize complex regions during the mask creation step and enables the model to learn from

higher variability patches more frequently.

Input Image Random Masking

HOG Features HOG Masking

Figure 3.6: Contrasting random masking vs HOG-based masking. Our HOG-based masking preferentially

selects areas with higher spatial variability for encoder learning.

Since HOG is typically applied on a single channel in an image, given a hyperspectral image

of shape C×H×W (where C is the number of channels and typically has a value more than 100),

we apply Principal Component Analysis (PCA) to reduce the spectral dimensionality and identify

the channel image that demonstrates the highest variance. We then extract the HOG feature values

from each patch. We sort the patches based on their HOG feature values and split them into two
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groups: α × N patches with higher variability and (1 − α) × N patches with lower variability,

where alpha is an adjustable split ratio.

We assign two distinct local masking ratios to each of the two groups: beta for patches with

higher variability and gamma for patches with lower variability. The local masking ratios are

dynamically adjusted so that during training, more patches are selected from the lower variability

group to be masked and the total number of masked tokens selected from the two groups maintain

the specified (and configurable) masking ratio r.

More specifically, for a masking ratio r, which remains consistent throughout the entire training

process, the following relationship between α, β and γ holds:

r = α× β + (1− α)× γ (3.1)

We adjust the local ratios (β and γ) in such a way that the following condition also holds:

α× β
︸ ︷︷ ︸

Higher Variability Group

< (1− α)× γ
︸ ︷︷ ︸

Lower Variability Group

(3.2)

The condition in 3.2 is maintained by setting α < 0.5 and β to a much smaller value than

γ. This allows the model to select more patches from the lower variability group and enables the

encoder to focus on learning the areas with greater information density as the training progresses.

We illustrate the contrast between the random masking strategy and our proposed HOG-based

masking strategy in figure 3.6.

3.5 Channel Grouping

Unlike RGB images, which have 3 channels, and multispectral satellite images which have less

than 30 channels, HSI provides a large number of channels, typically more than 100. For exam-

ple, the EnMAP dataset that we use in our experiments in chapter 4 has 218 channels per pixel.

While leveraging this abundant spectral data effectively may present computational challenges, it
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also opens up an opportunity to harness the number of channels to enhance the model’s learning

capabilities by grouping the channels based on some intelligent criteria.

Figure 3.7: Illustration of Channel Grouping

Given an input image, the standard approach in MAE involves applying the same mask uni-

formly across all channels of the input image. While this strategy is effective on datasets like

ImagetNet, which mostly contain RGB images, it underutilizes the large number of bands HSIs

have to offer. If we group certain channels based on thoughtfully designed criteria, the benefits we

can achieve are threefold:

1. Enhanced Learning Through Diverse Masks: The mask generated for each group will

be different. As the number of groups increases, there is a higher likelihood that any given

region will remain unmasked in at least one group, allowing the model to learn from those

regions where it otherwise would not be able to learn if there was only one group, as illus-

trated in figure 3.8. This enables the model to reconstruct that region in groups where it is

masked by applying the learning from groups where it is unmasked. Specifically for HSI, we

have many bands or channels, so it is possible to create a large number of groups to facilitate

higher-quality reconstruction.

19



Figure 3.8: Separate Masks for Each Group, Enabled by Channel Grouping

2. Efficient Capture of Spectral Correlations: We can design the channel grouping crite-

ria in such a way that bands with similar spectral characteristics are grouped together and

the model focuses on learning the intrinsic spectral features within each group. Adjacent

spectral bands often capture related information due to the continuous nature of the spectral

signatures in HSI. By clustering these bands together, the model effectively learns the subtle

variations and patterns in the image.

3. Reducing Computational Overhead: Instead of attempting to learn correlations across

all 200+ channels simultaneously—which can be computationally intensive and prone to

overfitting—channel grouping reduces the complexity associated with modeling inter-band

relationships.

Therefore, we partition a hyperspectral image containing C channels into G unique groups,

denoted as g1, g2, g3, . . . , gG, as illustrated in figure 3.7. The number of channels |gi| in each

group i equals the number of channels. In other words, we have
∑G

i=1
|gi| = C. This grouping

approach segments the input image I along its spectral axis, effectively making G separate images

I1, I2, . . . , IG each with dimensions |gi| × H × W . Each image is first transformed into a set of
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patches with dimensions N × P 2|gi|, where N represents the number of patches. For each group,

a distinct patch embedding function is applied. Specifically, each group gi is linearly projected to

a lower-dimension D to create token embeddings with shape N ×D. The embedded tokens from

all groups are concatenated to produce the final sequence with shape GN ×D.

In this study, we evaluated the following grouping techniques to effectively capture features

within the channel groups while preserving valuable spectral information:

1. Stacking: All channels are combined into a single group.

2. VNIR-SWIR: Based on the Center Wavelength (CW) and Full Width at Half Maximum

(FWHM) of the spectral bands (provided by the EnMAP Spectral Response Function), the

spectral bands are divided into two groups: Visible and Near-infrared (VNIR) and Short-

Wave Infrared (SWIR).

3. Soil-Reflectance (SR): Utilizing spectral reflectance data of soil surfaces from the EnMAP

Science Plan [96], we subdivide the channels into five distinct groups. We focus on the soil

surface reflectance because it aligns with our downstream task.

4. k-Means Clustering: An unsupervised learning algorithm that assigns channels to clusters

based on the mean of the nearest channel. This method is particularly effective for large

datasets, similar to the ones found in HSI.

5. Hierarchical Agglomerative Clustering (HAC): Similar to k-Means, HAC minimizes within-

cluster distance using cluster linkage, e.g., Ward’s method [97]. However, unlike k-Means,

HAC does not assume spherical cluster shapes and can potentially capture more complex

inter-channel relationships.

6. Spectral Comparison Index (SCI): This technique groups channels based on the Mean

Absolute Error between pairs of channels. SCI maximizes spectral similarity by comparing

pairwise MAE values and provides accessible similarity scores.
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3.6 Loss Function

During the training phase, Masked Autoencoders calculate the pixel-level loss between the

original input image and the reconstructed image by utilizing the Mean Squared Error (MSE)

loss. Traditional loss functions such as L1 (Mean Absolute Error) or L2 (Mean Squared Error)

only measure loss in mathematical notations. They do not utilize any domain-specific knowledge

associated with the input data and they also cannot capture structural mismatches as illustrated in

figure 3.9.

Figure 3.9: Traditional Loss Functions like MSE Cannot Capture Structural Mismatches [3]

MSE(x, y) =
1

n

n∑

i=1

(xi − yi)
2

(3.3)

Although MSE, shown in Eq. (3.3), is frequently used in a wide range of deep-learning archi-

tectures, it is not specifically designed to capture structural mismatches [98]. However, in the case
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of HSI, which consists of many spectral bands with high spatial variability, incorporating spatial

and spectral characteristics in the loss function is crucial for effective model training.

We propose an enhanced loss function that utilizes the spatial and spectral characteristics of

the input data to capture the nuances of both the intra and inter-channel dependencies and lead

the model toward accurate reconstruction of the input data. Our proposed loss function combines

Mean Absolute Error (MAE), shown in Eq. (3.4) with Structural Similarity Index (SSIM) [99],

and Spectral Information Divergence (SID) [100].

MAE(x, y) =
1

n

n∑

i=1

|xi − yi| (3.4)

SSIM, shown in Eq. (3.5) applies a sliding window technique to preserve the spatial structures

local to each spectral band and uses human-perceivable structural information, e.g., luminance,

texture, contrast, and structure to quantify image quality. SSIM uses the pixel mean of the input

image (µx), the pixel mean of the predicted image (µy), the variance of the input image (σx) and

the variance of the predicted image (σy).

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
(3.5)

Owing to the large number of bands in HSI, complex patterns could emerge across this exten-

sive spectral range. This necessitates the design of a loss function that captures the nuances of

inter-channel dependencies for reconstructing spectral bands with high fidelity. While MAE fo-

cuses on the pixel space and SSIM focuses on the spatial patterns, SID, shown in (3.6), focuses on

the spectral difference across the bands for each patch and prompts the model to learn spectral cor-

relation during training. SID quantifies the divergence between the input and reconstructed spectra

by first calculating the ratio of each corresponding spectral channel. It then applies a logarithmic

transformation to these ratios to assess the information loss for each channel. These individual

divergences are aggregated across all spectral channels, and the final loss is determined by taking
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the average of these aggregated values. This averaged SID loss effectively measures the overall

information discrepancy between the original and reconstructed spectra.

SID(x, y) =
C∑

i=1

(

xi · log

(
xi

yi

)

− xi + yi

)

(3.6)

Our proposed loss function is calculated as a weighted sum of MAE, SSIM, and SID and is

represented as follows:

Loss = η ×MAE + λ× SSIM + µ× SID (3.7)

η, λ and µ are adjustable loss coefficients. Initially, more importance is given to MAE and

then we gradually increase the weights of SSIM and SID coefficients during the later stages of the

training.
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Chapter 4

Experiments and Analysis

In this section, we describe the HSI dataset on which we conducted our experiments. We

then specify details about our implementation and chosen evaluation metrics. Finally, we mention

the experimental results and demonstrate the effectiveness of our proposed components through

ablation studies.

4.1 Dataset

We collected hyperspectral images from the Environmental Mapping and Analysis Program

(EnMAP) satellite launched in 2022. The spatial resolution of the images is 30m. The swath width

of the EnMAP satellite is 30km, which refers to the earth’s surface area covered by the satellite’s

sensors in a single pass.

EnMAP provides the hyperspectral images in the form of GeoTIFF files and each GeoTIFF file

contains an area of approximately 30 km × 30 km. All images were collected from the region of

California, U.S. between April 2022 and August 2024. We discarded images with high cloud and

snow coverage and a strong presence of mountainous regions. Each GeoTIFF file contains 224

bands and the wavelengths range from 420 nm to 2450 nm.

After eliminating bands with no data values, some of the GeoTIFF files contained 218 bands,

while others contained 219 bands. To maximize the size of our dataset, we selected the corre-

sponding 218 bands from all GeoTIFF files. To facilitate model training, we created 64×64 pixels

tiles from the original EnMAP images. Our entire dataset contains 22078 such tiles, categorized

into a training dataset of 12466 tiles, a validation dataset of 2078 tiles, and a test data of 7534 tiles.

We further divided the test dataset into two groups: Test dataset 1 with 6234 tiles and Test dataset

2 with 1300 tiles. Test dataset 2 contains “unseen" areas, which represent geospatial regions that

the model did not encounter during training. Test dataset 2 is particularly important for assessing
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the model’s generalization ability, as spatially overlapping tiles often share similar topographical

and environmental conditions due to their proximity.

4.2 Implementation Details

We implemented the Masked Autoencoder in PyTorch. We trained the models for 300 epochs

with a variable learning rate, initialized with 10−3 with the Cosine Annealing scheme. The models

are trained with Adam optimizer [101] with β1 = 0.9 and β2 = 0.95.

We use standard min-max normalization, randomly crop between 20% and 100% of the area of

the tile, and perform a random horizontal flip on the tiles to augment the training dataset. We chose

a batch size of 32, set the masking ratio to 75%, and used a patch size of 4 across all experiments.

The training time of the proposed network is between 12− 15 hours with a single NVIDIA A100

80G Tensor GPU based on the model setup.

4.3 Evaluation Metrics

We used Mean Absolute Error (MAE), Peak Signal-to-Noise Ratio (PSNR) and Structural

Similarity Index (SSIM) to evaluate the reconstruction performance.

SSIM, shown in Eq. 3.5, is a metric used to assess the quality of images by comparing the

similarity between a reference image and a distorted or altered image [102].

PSNR, shown in Eq. 4.1, measures the quality of reconstructed or compressed images com-

pared to their original versions [103].

PSNR = 10 · log10

(
MAX2

MSE

)

(4.1)

The MSE for images with dimensions (C,H,W ) is calculated as:

MSE =
1

C ·H ·W

C∑

c=1

H∑

h=1

W∑

w=1

(Xc,h,w − Yc,h,w)
2

(4.2)

Where C is the number of channels and H and W are the height and width of the images.
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Table 4.1: Experimental results on the Test Dataset

Identifier Masking Strategy Grouping Strategy Loss Function Test Set 1 Test Set 2

MAE ↓ PSNR ↑ SSIM ↑ MAE ↓ PSNR ↑ SSIM ↑

1 Random Stack MAE 0.0143 33.36 0.8831 0.0152 33.06 0.8258

2 Random Stack MAE + SSIM 0.0106 35.66 0.8957 0.0114 35.75 0.8952

3 Random Stack MAE + SID 0.0153 32.66 0.8093 0.0166 32.37 0.7972

4 Random Stack MAE + SSIM + SID 0.0094 36.58 0.9119 0.0099 36.73 0.9106

5 HOG Stack MAE 0.0110 34.86 0.8844 0.0115 35.68 0.8839

6 HOG Stack MAE + SSIM 0.0104 35.75 0.8985 0.0109 35.99 0.8988

7 HOG Stack MAE + SID 0.0111 35.23 0.8844 0.0117 35.47 0.8843

8 HOG Stack MAE + SSIM + SID 0.0096 36.33 0.9094 0.0100 36.57 0.9094

9 Random DBSCAN MAE 0.0121 35.35 0.8807 0.0127 35.28 0.8890

10 Random kMeans MAE 0.0079 38.23 0.9318 0.0083 38.21 0.9339

11 Random SCI MAE 0.0093 37.22 0.9131 0.0094 37.11 0.9124

12 Random kMeans MAE + SSIM 0.0047 42.41 0.9718 0.0050 42.33 0.9718

13 Random kMeans MAE + SID 0.0070 38.64 0.9348 0.0074 38.52 0.9341

14 Random kMeans MAE + SSIM + SID 0.0049 42.05 0.8693 0.0053 41.99 0.9694

15 HOG kMeans MAE 0.0068 39.50 0.9300 0.0074 39.50 0.9280

16 HOG kMeans MAE + SSIM 0.0071 39.50 0.9300 0.0078 39.30 0.9276

4.4 Baseline Model

To benchmark our proposed masking and grouping strategies and loss function, we used a ViT-

Base backbone with D = 1024, 24 transformer blocks, each with 16 attention heads. The decoder,

considerably smaller than the encoder, has an embed dimension of 512, 8 transformer layers, and

is also equipped with 16 attention heads per layer.

4.5 Model Performance

The results on partitions of the test dataset can be seen in table 4.1. From the results, it is easily

visible that our proposed architecture performs significantly well across the board. For example,

the HOG-based masking strategy achieves a 24.34% reduction in MAE loss, a 7.92% increase in

PSNR, and a 6.57% increase in SSIM on test set 2 compared to the baseline model. Our proposed

k-Means grouping strategy achieves a 45.39% reduction in MAE loss, a 15.58% increase in PSNR,

and a 13.09% increase in SSIM on test set 2 compared to the baseline model. Our loss function

components (SSIM and SID) achieve a 34.89% reduction in MAE loss, a 11.10% increase in

PSNR, and a 10.27% increase in SSIM on test set 2 compared to the baseline model. Finally, our
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Figure 4.1: Land Cover Sensitivity on Test Set 2

best-performing model achieves a 65.13% reduction in MAE loss, a 27.01% increase in PSNR,

and a 14.81% increase in SSIM on test set 2 compared to the baseline model.

4.6 Model Sensitivity Analysis

We performed a series of sensitivity analyses to evaluate the performance of our model across

different land cover types, seasonal changes, and spectral bands.

4.6.1 Land Cover Type Sensitivity Analysis

We retrieved the National Land Cover Database (NLCD) for the state of California [104]. We

have used the most recent NLCD dataset published in 2021 at a 30m resolution. We cropped

the NLCD dataset to align with our EnMAP tiles and then extracted the corresponding NLCD
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Table 4.2: Per Land Cover Type MAE on Test Dataset

MAE

Land Cover Type Overlap w/o Overlap

Open Water 0.0064 0.0044

Perennial Snow/Ice N/A N/A

Developed, Open Space 0.0054 0.0052

Developed, Low Intensity 0.0055 0.0055

Developed, Medium Intensity 0.0059 0.0063

Developed, High Intensity 0.0102 0.0103

Barren Land 0.0036 0.0033

Deciduous Forest 0.0051 0.0060

Evergreen Forest 0.0044 0.0033

Mixed Forest 0.0039 0.0088

Shrub/Scrub 0.0039 0.0036

Herbaceous 0.0038 0.0041

Hay/Pasture 0.0039 0.0037

Cultivated Crops 0.0028 0.0027

Woody Wetlands 0.0057 0.0061

Emergent Herbaceous Wetlands 0.0049 0.0049

values using geographic coordinates. Each pixel in an EnMAP tile is mapped to one of the 16

corresponding land cover types.

The boxplot of land cover types found in the NLCD dataset is shown in 4.1. The Mean Absolute

Error values for each land cover type on both partitions of the test dataset are shown in 4.2. Our

proposed model performs well across all the land cover categories.

4.6.2 Seasonal Sensitivity Analysis

We grouped our EnMAP tiles based on the timestamp of the parent GeoTIFF file. Each tile

generated from a single GeoTIFF file is assigned the same timestamp. Instead of dividing the tiles

based on seasons, we opted to divide them based on the months for finer granularity.

The boxplot of the months available in test set 2 is shown in figure 4.2. The y-axis is shown in

a symmetrical log scale for better visualization.

The Mean Absolute Error values for each month on both partitions of the test dataset are shown

in 4.3.
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Figure 4.2: Temporal Sensitivity on Test Set 2

Table 4.3: Per Month MAE on Test Dataset

MAE

Land Cover Type Overlap w/o Overlap

January N/A N/A

February 0.0041 0.0023

March N/A N/A

April 0.0032 0.0022

May 0.0028 0.0027

June 0.0035 0.0049

July 0.0033 0.0035

August 0.0037 0.0034

September 0.0035 0.0035

October 0.0033 N/A

November 0.0030 0.0082

December N/A N/A
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Figure 4.3: Per Band Mean Absolute Error on Test Set 2

4.6.3 Spectral Sensitivity Analysis

To evaluate how our model performed on each of the 218 bands on the test dataset, we cal-

culated the Mean Absolute Error (MAE) for all bands and plotted the errors. The corresponding

MAE for each band is illustrated in 4.3.

4.7 Ablation Study

We performed ablation studies to evaluate the effectiveness of our proposed refinements.

4.7.1 Masking Strategy

Table 4.4: Masking ablation study on Test Set 2

Masking Grouping Loss MAE ↓ PSNR ↑ SSIM ↑

Random Stack MAE 0.0152 33.06 0.8258

HOG Stack MAE 0.0115 35.68 0.8839
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Table 4.4 shows that our proposed HOG-based masking strategy performs significantly better

than the random masking strategy for all evaluation metrics on test set 2 compared to the base

model.

4.7.2 Channel Grouping Strategy

Table 4.5: Channel Grouping Ablation Study on Test Set 2

Masking Grouping Loss MAE ↓ PSNR ↑ SSIM ↑

Random Stack MAE 0.0152 33.06 0.8258

Random kMeans MAE 0.0083 38.21 0.9391

Table 4.5 shows that our grouping strategy (k-Means) performs significantly better for all eval-

uation metrics on test set 2 compared to the base model.

4.7.3 Loss Function Components

Table 4.6 shows the performance of our loss function components. It is visible that SID per-

forms poorly when coupled with MAE compared to SSIM coupled with MAE. But when all three

components are coupled together, our proposed model performs significantly better than the base-

line version.

Table 4.6: Loss Function Components Ablation Study on Test Set 2

Masking Grouping Loss MAE ↓ PSNR ↑ SSIM ↑

Random Stack MAE 0.0152 33.06 0.8258

Random Stack MAE + SID 0.0166 32.37 0.7972

Random Stack MAE + SSIM 0.0114 35.75 0.8952

Random Stack MAE + SSIM + SID 0.0099 36.73 0.9106
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Chapter 5

Case Study: Soil Texture Prediction

Figure 5.1: Soil Texture Triangle

To evaluate the effectiveness of our approach with downstream models, we conducted a case

study to estimate soil texture using latent features generated by our proposed model. Soil texture

is a critical determinant of soil health and productivity, influencing various soil properties and

functions that encompass water retention, nutrient availability, and susceptibility to erosion. In

this study, we employed the USDA’s soil texture classification scheme, representing soil texture

through proportions of sand, silt, and clay as illustrated in figure 5.1. Our downstream model

estimates the proportions of sand and silt in the soil using EnMAP hyperspectral satellite images.

For labeled samples, we utilized the POLARIS 30m probabilistic soil properties dataset across the

contiguous United States, as published by the USDA [105].
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Table 5.1: Test Error of the Downstream Task With Latent Features as Input From Different Versions of

Our Proposed Model

Model Mean Absolute Error

Baseline (Random Mask, No Grouping, MAE Loss) 0.0956

HOG Mask, No Grouping, MAE + SSIM + SID Loss 0.1033

HOG Mask, No Grouping, MAE Loss 0.1001

Random Mask, Grouping (k-Means), MAE Loss 0.0995

Random Mask, No Grouping, MAE + SSIM + SID Loss 0.0939

Random Mask, Grouping (k-Means), MAE + SSIM Loss 0.0863

Random Mask, Grouping (k-Means), MAE + SSIM + SID Loss 0.0806

We implemented VGG13 as a regression model to estimate the percentages of sand and silt.

VGG13 is a variant of the VGG architecture [106] and its straightforward yet effective design,

combined with its broader applications for computer vision tasks, aligns well with our objective of

evaluating the effectiveness of our proposed model. The latent features, originally encoded with a

dimensionality of 64×64×218, were processed using our proposed model and served as input for

our downstream model. The estimated targets, representing the percentages of sand and silt, are

formatted as a 64× 64× 2 matrix. The percentage of clay is calculated by subtracting the sum of

the sand and silt percentages from the full percentage.

As illustrated in table 5.1, we compared the effectiveness of our proposed model in training

VGG13 for soil texture estimation at a 30m resolution. The baseline model (MAE with ViT) does

not incorporate any of our core refinements. The results indicate that the latent features generated

by our proposed model improve accuracy by over 15% compared to the baseline model. This eval-

uation demonstrates that our model’s output outputs effectively preserve geospatial characteristics,

therefore enhancing the performance of the downstream model.

Regarding training efficiency, the use of our proposed model significantly accelerated the train-

ing process of the downstream model. Figure 5.2 presents the learning curve of the downstream

model with and without our proposed model. While the base model begins to converge around the

50th epoch, the variations incorporating TerraMAE exhibit a more rapid convergence.
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Figure 5.2: Test Errors of Downstream Models with Latent Features as Input from Different Versions of

Our Proposed Framework
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Chapter 6

Conclusion

Here, we presented a novel pre-training framework, which falls broadly within the category of

Masked Encoders. Our proposed model is specifically designed for HSI characterized by a high

number of channels (200+) and medium spatial resolution (30 meters). Our innovative masking

strategy, which is based on the spatial variability of patches, along with a multi-part loss function,

ensures that the training process is regulated by the geospatial and spectral characteristics of the

areas scanned by hyperspectral satellites. Also, the relationships among channels are captured

through spectral grouping, which takes into account spatial resolution and wavelength characteris-

tics. This approach ensures that the relationships among channels, both within and across groups,

are well-preserved. The effective capture of geospatial and spectral characteristics enhances the

performance of the MAE framework and improves the outcomes for downstream tasks.
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