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ABSTRACT

Assessing and monitoring environmental landscapes plays a critical role in preserv-
ing the environment and ensuring the well-being of communities around the world.
The launch of low-orbit earth observation satellites has dramatically increased the
availability and resolution of remote sensing data, enabling more precise and frequent
monitoring of environmental changes and human impacts across diverse ecosystems.
Traditional manual methods of analyzing this data to measure environmental prop-
erties are being improved by deep learning techniques, which can uncover complex
patterns within the data. Recently, the Transformer architecture has been extended
to computer vision, further enhancing the versatility and scalability of deep learning
models.

This thesis investigates the application of the Transformer architecture to semantic
segmentation using medium-resolution satellite data. It explores the unique proper-
ties of remote sensing data and proposes techniques to improve deep learning model
architectures and training methodologies for optimized results. Two contributions
are presented: MineSegSAT and VistaFormer.

MineSegSAT is designed to identify and monitor environmentally impacted areas
of mineral extraction sites using Sentinel-2 imagery. It incorporates state-of-the-art
deep learning models and loss functions to automate the detection of disturbed areas,
aiding in environmental compliance monitoring.

VistaFormer is introduced as a lightweight and efficient model for the semantic seg-
mentation of satellite image time series (SITS) data. It features an encoder-decoder
architecture with gated convolutions and self-attention Transformers in the encoder,
paired with a lightweight convolution decoder. This model is designed to handle noise
from atmospheric distortions and cloud cover while maintaining high performance and
efficiency.

The experimental results demonstrate that VistaFormer outperforms state-of-the-
art models on time series crop-type semantic segmentation benchmarks, using fewer
floating point operations and fewer trainable parameters. The findings suggest that
Transformer-based architectures can significantly enhance the accuracy and efficiency
of satellite imagery analysis, providing valuable tools for environmental and agricul-

tural monitoring.
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Chapter 1
Introduction

Semantic segmentation is a foundational computer vision task that assigns a unique
class label to each pixel. This technique is essential in remote sensing (RS) for land
cover classification, crop type mapping, deforestation detection, disaster management,
pollution monitoring, and more. The rapid growth in satellite operations and advance-
ments in deep learning have dramatically increased the use cases and effectiveness of
semantic segmentation. Earth observation satellite constellations, such as Sentinel
and Landsat, along with high-resolution commercial satellites, have exponentially in-
creased the volume and variety of data accessible to researchers and practitioners.
These satellites provide high revisit frequencies and fine spatial resolutions, enabling
continuous monitoring and detailed analysis of Earth’s surface. This abundance of
data, along with advancements in data processing and storage capabilities, allows for
more sophisticated and accurate RS semantic segmentation models.

RS semantic segmentation faces several challenges, including dealing with high
variability in spatial and spectral resolutions, managing large-scale and heteroge-
neous datasets, overcoming the effects of atmospheric conditions like clouds and haze,
and addressing the complexity of natural landscapes with intricate class boundaries.
Addressing these issues presents challenges that span multiple disciplines, requir-
ing advancements in data processing techniques, the development of robust machine
learning models, and interdisciplinary collaboration to effectively integrate domain
knowledge from environmental science, computer vision, and remote sensing.

This study investigates deep learning applications to Sentinel-2 multi-spectral
datasets that include imbalanced classes with excessive background areas and the
presence of visual obstructions such as clouds and atmospheric distortions. We inves-

tigate existing model architectures and their performance when applied to semantic



segmentation tasks using medium-resolution satellite imagery and propose a new
model time-series semantic segmentation architecture designed to filter noise from
inputs that contain noisy inputs.

This paper presents two significant contributions to remote sensing and environ-
mental monitoring using advanced deep learning techniques: MineSegSAT [1] and
VistaFormer. MineSegSAT is introduced as an architectural framework designed to
identify and monitor environmentally impacted areas of mineral extraction sites using
Sentinel-2 imagery. This architecture serves as a proof of concept, using state-of-the-
art deep learning models and loss functions to automate the detection of changes in
disturbed areas, to improve environmental compliance monitoring. Instead of pre-
scribing a singular deep learning model, MineSegSAT explores a range of approaches
to enhance spatial understanding and adaptability to different scenarios in mining
site monitoring.

VistaFormer presents a simple and flexible architectural framework for the se-
mantic segmentation of satellite image time series (SITS) data. The proposed model
uses an encoder-decoder architecture that uses gated convolutions and self-attention
Transformers in the encoder paired with a lightweight convolution decoder. Gated
convolutions are used to reduce the negative impact of visual obstructions and cloud
cover during the downsampling of inputs that often appear in remote sensing data. In-
spired by the SegFormer architecture, we use position-free self-attention layers which
remove the need to include explicit position codes which can (a) reduce the perfor-
mance of models when training and testing dataset resolutions differ [2] and (b) make
training and applying Transformer-based models require more pre-processing.

The self-attention mechanism traditionally scales quadratically with the input
sequence length, which can be computationally expensive for long sequences. To
address this, VistaFormer’s design allows for the substitution of the standard self-
attention layer with more efficient attention mechanisms, such as neighbourhood [3],
or window attention [4]. This adaptability enhances the model’s efficiency without
compromising its performance. In our work, we demonstrate the effectiveness of this
approach by successfully swapping the self-attention component with Neighbourhood
self-attention, leading to improved model efficiency and scalability. We find that
VistaFormer outperforms state-of-the-art models in terms of overall accuracy (oA)
and mean Intersection-over-Union (mloU) while using fewer floating point operations
and model parameters. We further demonstrate how this model architecture can be

adapted for multiple inputs and demonstrate that the model outperforms the existing



state-of-the-art model for multi-input semantic segmentation in terms of mloU.
Both MineSegSAT and VistaFormer exemplify innovative approaches in leveraging
deep learning to enhance the accuracy and efficiency of satellite imagery analysis,

providing valuable tools for environmental and agricultural monitoring.



1.1 Literature Review

The advancement of deep learning techniques has significantly enhanced the capa-
bilities of remote sensing applications, particularly in the areas of environmental
monitoring and agricultural analysis. We first introduce deep learning and its ap-
plications to computer vision before discussing applications of deep learning to RS

and the problems we investigate.

1.1.1 Deep Learning & Computer Vision

The transition from traditional machine learning methods to deep learning in the con-
text of computer vision has been driven by several key factors. Traditional methods,
such as support vector machines (SVMs) and random forests, often rely heavily on
manual feature extraction and engineering, which can be both time-consuming and
prone to human error [5]. These methods struggle to capture complex hierarchical
structures present in visual data and lack the complexity to represent sophisticated
non-linear relationships [6]. In contrast, deep learning, particularly through the use
of convolutional neural networks [7] (CNNs) and more recently, Transformers, allows
for end-to-end learning, where the model autonomously learns relevant features di-
rectly from raw pixel data. This ability to learn multiple levels of abstraction has
led to significant improvements in accuracy and performance. Additionally, advance-
ments in hardware, particularly the development of GPUs and TPUs, have enabled
the training of much deeper and more complex models on large datasets, making deep
learning approaches more practical and scalable. These advancements have resulted
in deep learning models achieving state-of-the-art results across various computer
vision tasks, like image classification, object detection, semantic segmentation, and
panoptic segmentation; far surpassing the capabilities of traditional machine learning

techniques [6].

Attention & Transformers

Sequential machine learning problems, such as language modelling, time series fore-
casting, sequence prediction, and increasingly, computer vision, necessitate architec-
tures capable of capturing temporal dependencies and tracking context over time.
Recurrent Neural Network (RNN) layers, including variants like Gated Recurrent
Units (GRUs) [8] and Long Short-Term Memory (LSTM) [9] networks, were intro-



duced to address the limitations of traditional neural networks in handling sequential
data and maintaining long-term dependencies. These layers enable the modelling
of temporal dynamics by maintaining a hidden state that captures information from
previous time steps, making them particularly effective for tasks like natural language
processing, time series forecasting, and sequence prediction.

While recurrent layers excel at learning deep representations of sequences, they
struggle to process data in parallel and are challenged with learning long-range depen-
dencies. The introduction of attention [10] and the subsequent introduction of the
Transformer [11] architecture, improved on this layer by introducing self-attention
mechanisms that enable parallel processing of global sequences and capturing long-
range dependencies more effectively, enhancing both computational efficiency and the
ability to understand complex patterns in data. While self-attention is highly paral-
lelizable, its computational complexity scales quadratically with the size of the input,
making encoding images as a raw sequence of pixels prohibitive for most images.
ViT [12] introduced the first pure Transformer-based model that achieved state-of-
the-art performance in image classification. This model reduced the computational
complexity of applying the Transformer to vision by encoding images into patches

and treating each patch as a sequence of tokens.

Semantic Segmentation

The goal of semantic segmentation is to segment an input image or sequence of
images according to semantic information and predict a class for each pixel from
a set of classes. This task plays an important role in a broad range of applications
including scene understanding, medical imaging, robot perception, and satellite image
segmentation [13]. In deep learning, CNN-based models like FCN [14] and U-Net [15]
introduced influential structures that have been influential to many models performing
at the state-of-the-art. FCN replaced fully connected linear layers with convolutional
layers, enabling end-to-end dense prediction for tasks like semantic segmentation,
while U-Net used an encoder-decoder structure and skip-connections, which preserve
information and improve the precision of pixel-level predictions.

More recently, self-attention and Transformer architectures have been incorpo-
rated into or used purely for semantic segmentation tasks, leveraging their ability
to capture long-range dependencies and process global context effectively to enhance

segmentation accuracy and performance. PVT [16] introduced a pyramid structure-



based pure self-attention backbone that outperformed comparable CNN-based archi-
tectures. PVT was then improved on by models like Swin [17, 4], Twins [18], and
CoaT [19] that removed fixed size position embeddings to enhance local feature repre-
sentations and improve model results on dense prediction. [2] introduced SegFormer,
a more efficient alternative, that among other contributions introduced a purely data-
driven position encoding layer using 3 x 3 depth-wise convolutions in the MLP layer
of the Transformer. More recent model architectures like Mask2Former [20] and I-
JEPA [21] share structural similarities with the original Transformer architecture, by
employing self-attention mechanisms to process and compare different parts of the

input data.

Video Computer Vision

Unlike static images, video demands the analysis of sequential frames, necessitating
the processing of both visual signals and temporal sequences. This introduces new
challenges, as multiple frames significantly increase data dimensions, introduce re-
dundancy, and require modelling of motion dynamics. CNN-based models like S3D
[22], I3D [23], and Unet3D [24] marked a significant leap in 3D vision with their
cutting-edge approaches to spatial-temporal feature extraction, and their method-
ologies often serve as feature extraction layers for larger more complex models [25].
Model architectures that incorporate recurrent layers or hybrid models like ConvL-
STM [26] have also been proposed though they and pure CNN-based architectures
are now largely outperformed by Transformer-based models [25]. Transformer-based
video model architectures vary largely in terms of how they handle temporal samples.
Models like Video-Swin [27] and SwinV2 [4] use hierarchical designs and aggregate
spatio-temporal tokens to reduce both the sequence and image length. GroupFormer
28] introduced query-driven compression where a small set of query tokens attends
to the entire input sequence to distil essential information from each sample. TimeS-
former [29] utilizes local attention by limiting attention to specific neighbourhoods
within the video frames, significantly reducing computational demands. MemViT [30]
incorporates memory tokens to store and access information from each frame, effec-
tively capturing long-term dependencies in video sequences. While optical RS data
often includes cloud obstructions that could result in corrupted temporally down-
sampled data if not done carefully, using temporal downsampling techniques as have

been used in video Transformer-based models can reduce data dimensions and allow



models to capture temporal patterns.

1.1.2 Semantic Segmentation & Environmental Monitoring

Deep learning has broad and significant applications in the context of remote sens-
ing and environmental monitoring while Sentinel-2 data has been useful for land
cover and land use mapping, and for improving the automation of environmental
monitoring [31]. In the context of monitoring mineral extraction operations, deep
learning models and remote sensing data have been used to assess the significance of
environmentally impacted areas [32] and to identify unregistered and illegal mining
operations [33] [34]. We proceed in this paper by applying two sizes of the SegFormer
[2] model architecture, albeit with a Convolution-based encoder for improving model
precision, to segment areas of environmentally impacted areas of mineral extraction
sites. In the context of remote sensing, the SegFormer model has been used to ex-
tract information for water bodies [35], detect buildings using optical remote sensing
images [36], segment coastal wetlands from Sentinel-2 data [37], and for performing

road segmentation [38].

1.1.3 Satellite Time Series

Advancing to satellite time series data, previous work introduces U-TAE [39] which
uses a U-Net architecture with a temporal attention mask that is only computed for
the lowest resolution layer and is then upsampled to higher resolution embeddings.
These masks are used to collapse the temporal dimension along with a 1D convolution
to produce a single map per resolution. We differ from U-TAE [39] most notably by
downsampling both spatial and temporal dimensions after the first encoder layer to
reduce floating point operations, and by computing spatial attention in each encoder
block.

TSViT [40] introduced an architecture inspired by ViT [12], that uses input dates
to encode temporal positions and uses separate self-attention Transformer layers for
computing attention weights along temporal and spatial dimensions. This architec-
ture is effective but computationally expensive in terms of floating point operations
since it does not downsample inputs and computes attention on time and space se-
quences separately. TSVIiT [40] also encodes temporal positions using dates, which
does not accommodate integrating additional data sources like radar. Most recently,

[41] introduced a model architecture that similarly decomposes spatial and temporal



encoding, opting to compute the similarity between a temporal context cluster and
temporal input features. The temporal module is used to wrap a 2D segmentation
model, allowing for more model flexibility. The pre-trained model trained in their
experiments recorded new state-of-the-art mean-Intersection-over-Union (mloU) re-
sults for crop-class segmentation. We do not compare our model’s performance to
this architecture as we use both mloU and overall Accuracy (0A) metrics which were
not reported on in [41], the smallest model that improves on state-of-the-art mloU
performance is much larger in terms of trainable parameters than our model, and the

performance from randomized weights is not recorded in the papers results.



Chapter 2

Problem

In this paper, we explore two distinct semantic segmentation challenges using Sen-
tinel data, both of which involve segmentation problems characterized by significant
background regions. The first challenge involves detecting and monitoring regions
affected by mining activities using single-image examples. Building on this research,
we shift our focus to a more advanced problem: the efficient semantic segmentation
of satellite image time series (SITS) data. By utilizing multiple temporal inputs, we
develop models that offer more robust and detailed predictions of land characteris-
tics over time. This method addresses the shortcomings of single-image analysis by
compensating for variability and obstructions in remote sensing data, leading to more

reliable segmentation outcomes [42].

2.1 Monitoring Environmental Impact of Mineral

Extraction

The mining industry has seen a considerable expansion in recent years [43] driven
by growing demand for raw materials [44] and demand trends indicate this growth
will continue [45]. While this sector is important for the industrialization of the
global economy, mining sites can have adverse impacts on the immediate and near
environment during mining operations and after closure. Identifying environmentally
impacted areas of land can benefit regulators and mining operations internally to
ensure environmentally conscientious practices are upheld. There is a critical need
for an automated, efficient, and accurate system to monitor and assess the environ-

mental impact of mining activities. The primary challenge is to identify and quantify
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disturbed areas caused by mining operations using remote sensing data.

2.2 SITS Segmentation

Obtaining multiple samples can enable a model to make predictions based on a more
robust set of inputs, though this requires accounting for an additional temporal di-
mension which increases the dimension of input data and requires altering model
architectures to account for the additional dimension. Remote sensing data often
includes visual obstructions like cloud coverage and atmospheric distortions like sea-
sonal variation which requires using additional care when considering a sequence of
temporal inputs.

An important application of this data is in identifying crop types, which can be
used in precision agriculture, estimating agricultural yields, monitoring crop health,
understanding food security vulnerabilities, creating climate adaptation strategies,
and more. Crops undergo phenological events throughout their growth cycle that can
be captured in remote sensing imagery. Capturing a series of these images increases
the likelihood that data (a) does not include visual obstructions like cloud coverage,
(b) includes more phenological events, and (c) includes unique surface characteristics
based on environmental conditions like rain.

To address these challenges, we develop models designed to be more accessible to
researchers with limited computational resources that are simpler to train and apply
compared with traditional transformer-based approaches as they do not require using
any explicit position codes. By leveraging advances in transformer-based architec-
tures, we can create deep learning models that offer superior accuracy for time series
data without the prohibitive computational cost often associated with state-of-the-
art techniques. By accurately segmenting and analyzing time series data, we can
make environmental monitoring more effective, allowing for more informed decisions

in areas such as agriculture, climate science, and natural resource management.
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Chapter 3

Proposed Solution

3.1 MineSegSAT

To address the need for effective monitoring of environmentally impacted areas from
mineral extraction activities, we propose MineSegSAT, a semantic segmentation model
trained on Sentinel-2 data that can be used to identify pixels containing environmen-
tally impacted areas of mineral extraction sites. We use the B2, and B3 sized models
presented in the original SegFormer [2] paper using a segmentation head with 2D-
convolution layers instead of linear layers to improve model precision.

This implementation builds on work introduced in [1] which applies the SegFormer
architecture to Sentinel-2 multi-spectral images trained on environmentally impacted
areas of mineral extraction sites identified in [46]. We train on a slightly larger dataset
than the one used in [1] that includes additional provinces in Canada, though all of the
sample regions in this dataset have not been individually scrutinized to verify the type
of mining activity that takes place on these sites and whether or not the sites are active
as of that date or in the future. Instead, we rely purely on the analysis performed
in [46] to correctly identify these mineral extraction regions. This project further
investigates a proof of concept for a service that actively monitors areas of mineral
extraction sites to detect expansions or contractions of environmentally impacted

areas and otherwise assess the impact of these activities.
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3.2 VistaFormer

We build on the experimentation done with deep learning models in MineSegSAT and
use that as inspiration while designing an encoder-decoder-based semantic segmenta-
tion model. The core challenges we address with the proposed model are to (a) make
training and applying Transformer-based segmentation models using remote sensing
data simpler and (b) introduce mechanisms for filtering noisy inputs as a result of
atmospheric distortions and cloud interference to make 3D downsampling of inputs
more robust to noise.

The proposed model, VistaFormer, is a self-attention-based model designed to
take a careful view from a distance, using a lightweight self-attention encoder-decoder
model architecture to output dense predictions. The self-attention layer used in each
encoder block in this model uses a depth-wise convolution in each feed-forward layer
to include position information for each pixel as used in [2]. Using this layer to encode
positions for pixels removes the need to include explicit position codes which can (a)
reduce the performance of models when training and testing dataset resolutions differ
[2] and (b) make training and applying Transformer-based models require more pre-
processing.

For SITS semantic segmentation tasks, we are given an input X € REXT*HxW and

want to output Y € REXHXW

where C' denotes input channels, H and W correspond
to input dimensions, 7' denotes the number of samples, and K is the number of classes.
Observe that for inputs that include only one time-step, we have T" = 1, which by

squeezing the temporal dimension gives us input X € RE*HxW,

3.2.1 Patch Embedding

Similar to models like Swin [4] and [2] we downsample inputs using convolution layers,
though in our case we use 3D-convolutions. To reduce distortions during downsam-
pling from samples that include visual obstructions like cloud coverage and other at-
mospheric distortions, we use a simple gated (or partial) convolution layer, as shown
in Figure 3.3b, in each encoder block. Specifically, we compute a mask for an input
x given by m = (¢ (z)) where o denotes the sigmoid function and ¢ denotes a
convolution, and multiply the learned mask by the learned feature, ¢;(z) giving us
y = ¢y(x)m. This is similar to the implementation proposed in [47], except we use
batch and layer normalization for the first input and rely on only layer normalization

used in the Transformer blocks for the following inputs. This convolution mechanism
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was introduced for image in-painting, to ensure that masked pixels in an image input
are not used to compute convolution outputs [47], which we find similarly suitable for
cases where pixels may contain visual obstructions. Given that the applied context
for this model is for datasets where individual pixels account for a considerable area,
we carefully downsample inputs along spatial dimensions and do not downsample T’

for the first two layers of the encoder block.

3.2.2 Encoder
Self-Attention

We compute self-attention using tensors with dimensions ), K, and V', where each
tensor has the same dimension of N x C', where N = H x W x S and S = 1 for single

input images, and S > 1 for time-series inputs. To compute self-attention we have

Attenti()n(Q K,V ) Softmax
) ) -
V dhead

The computational complexity of this process is O(N?), which is prohibitively

W

large for large images and image sequences. To address this bottleneck, the SegFormer

model downsamples the sequence length as follows by transforming K and V' as follows

~

X = Norm(Convgxr(X))

where X is the sequence to be reduced and Conv uses 2D convolution with patch size

and stride of size R to reduce the sequence to dim %. This output is then projected

into linear layers K and V respectively. The new X has dimensions % x C and as
a result the complexity of the self-attention mechanism is reduced from O(N?) to
o).

In segmentation tasks involving medium to low-resolution satellite data such as
Sentinel-2, where the boundaries of interest span areas of 10 meters or less, the use of
large sequence reduction ratios or larger convolution patches can significantly impact
the model’s ability to accurately capture and predict fine details. Each misclassified
pixel in these scenarios can have substantial consequences. For this reason, we do not
use any sequence reduction techniques in the self-attention layer in the VistaFormer
architecture.

To scale VistaFormer’s performance, we show that the multi-head self-attention

layer used here can be replaced effectively with neighbourhood self-attention [3] which
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allows for using a smaller context window than the entire input sequence, which

enables computing attention more efficiently.

(a) Global Attention (b) Neighbourhood Attention

Figure 3.1: (a) shows an attention layer that uses the entire input sequence in the
attention layer which we use as a baseline attention layer, while (b) shows neighbour-
hood attention with a kernel size of 13 that computes attention for each neighbour-
hood of 13x13 pixels in the input sequence.

Feed-Forward Network

The proposed model does not use absolute or relative positional encoding as in models
like ViT or Swin and instead relies on using a 3 x 3 depth-wise convolution directly
in the feed-forward layer to leak location information. This gives us a feed-forward

layer defined as follows
Tyt =MLP(GELU(Convsy3(MLP(z:,)))) + Tin

where x;, is the feature from the self-attention module, and Conv denotes a 3 x 3
depth-wise convolution which reduces the number of parameters relative to a convo-
lution layer. In the case of other applications of this position-encoding technique, a
2D convolution is used, while for VistaFormer, a 3D convolution is computed against
the entire input with dimensions (B, C, T, H, W).

3.2.3 Decoder

The decoder layer shown in Figure 3.3c, upsamples each encoder output using trilin-
ear interpolation to ensure the encoder output has the same dimensions as the input.
These outputs are fed through a 3D convolution which extracts the most relevant fea-

tures from 7" and outputs an embedding with dimension (B, C;, H, W), where C; is a
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Figure 3.2: The VistaFormer model architecture features a three-layer encoder-
decoder architecture. The encoder blocks downsample inputs and processes them
with self-attention Transformers, while the decoder blocks upsample the outputs and
applies lightweight convolutions to generate dense predictions.

MatMul

Transformer T Convid
T Sigmoid T

Gated Conv3d Conv3ad Conv3d trilinear upsample
(Bi, Cy, Ty, Hy, W) (Bi, Cy, Ti, Hy, W) (Bi, Ci, Ty, Hy, Wi)
(a) (b) (c)

Figure 3.3: (a) VistaFormer’s encoder block downsamples inputs using gated con-
volutions to reduce atmospheric distortions, reshapes them into sequences of tokens,
and processes them through self-attention Transformer layers. (b) The gated con-
volution mechanism computes a mask to filter out visual obstructions and multiplies
it by the learned feature to reduce input noise. (¢) The decoder block uses trilinear
upsampling and a 1D convolution to extract features and fuse outputs, producing the
final dense prediction.

fixed embedding dimension used in all decoder layers. We find using 3D convolutions
simpler than using factorized convolutions in its implementation, and in early exper-
iments, more performant. This decoder architecture was designed to strike a balance
between simplicity of implementation, using few trainable parameters to increase the
likelihood of using this model on smaller GPUs, and carefully upsampling inputs to

maximize information retained for the dense prediction. To combine these outputs
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we use a 2D convolution to fuse the upsampled encoder outputs before outputting a

dense prediction.
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Chapter 4
Experiments

For both projects and model architectures we detail the datasets used in experiments,
the training parameters and configurations used, and the model architecture and con-
figurations that were used. For MineSegSAT, we additionally detail the data extrac-
tion strategy for creating the training and inference datasets. For both projects we
further detail some of the unique model and training selections that were adapted to
more suitably adapt to the unique segmentation datasets the model is being deployed

in.

4.1 Datasets

4.1.1 Mineral Extraction Segmentation

This model was trained using Sentinel-2 tiles, extracted from Amazon Web Services
through a collaboration with Earth Daily Analytics which provides atmospherically
corrected data on Amazon Web Services. The observation dates for the tiles used
for training were from April 1st to September 1st in 2021 for the training period and
then a comparison of tiles overlapping the test dataset in 2021 were compared from
2022 for inference and inspection. The tiles that were chosen have less than 1 percent
cloud coverage and the tiles within the same coordinate reference system (CRS) were
merged using the reverse painter’s algorithm. The intersecting ground truth masked
data from [46] was re-projected to the CRS of the merged Sentinel-2 tiles and then
converted to a raster with 10m resolution to match the resolution of the input tiles.

Given that mining sites in Canada are subject to federal, provincial, and territorial

environmental laws and are identified by organizations like Natural Resources Canada
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[48], mineral extraction sites across Canada can often be confidently identified in an
active monitoring scenario. For this dataset, we include all mining sites identified in
[46] in British, Columbia, Alberta, Manitoba, Saskatchewan, Ontario, and Quebec

and detail the distribution of tile samples by province in Figure 4.1.
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Figure 4.1: Mineral Extraction Site Tile Count by Province. Note that Frequency
refers to the number of tiles included in the dataset that are found in the corresponding
province.

Each mask and corresponding band file for each period were then split into tiles
with dimensions 768x768, 384x384, and 128x128 pixels respective to resolutions of
10m, 20m, and 60m. Note that 8 percent of the pixels included in the dataset used
for training, validation, and testing include environmentally impacted areas of mining
sites and all 637 of the tiles included in the dataset contain at least 1 pixel that has

been environmentally impacted by mining activity.

4.1.2 SITS Segmentation

To evaluate VistaFormer, we use the MTLCC [49] and optical PASTIS [39] semantic
segmentation benchmarks. The datasets we chose for evaluating the performance
of our model have the following similar noteworthy characteristics (a) they include
samples that are obstructed by cloud coverage (in some cases multiple images are

entirely covered by clouds), (b) they are both imbalanced datasets with many of
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the classes accounting for a very small percentage of the overall pixels, and (c) they
include a large number of background pixels that may or may not be easily confused

with crop class pixels.

MTLCC

The MTLCC [49] dataset covers an area of 102km x 42km north of Munich, Germany
and includes 17 crop classes along with an unknown class that accounts for 39.91%
of pixels. The dataset includes 13 Sentinel-2 bands split into 24 x 24 pixels for the
highest resolution bands and we up-sample the lower resolution bands using bilinear
interpolation to match the dimensions of the highest resolution bands. The dataset
includes samples for 2016 which includes 46 samples and 2017 which includes 52 sam-
ples. We use the splits provided in the original study for a direct model comparison
which has 27k training samples, 8.5k validation samples, and 8.4k test samples. In
keeping with the evaluation criteria used in [40], we use 2016 for train, validation,
and test datasets. However, we deviate from results reporting from [40, 49|, in that
we record model results both when the unknown class is included and not included.
Not including unknown/background classes during training ensures the model is not
penalized for making false predictions in that given area, ensuring the resulting model
is more likely to predict false positives, making the model unreliable for predicting
realistic boundaries for a class in most applied contexts [50, 51]. Note that the back-
ground class in this benchmark accounts for 43.2% of the overall pixels while 13 of
the remaining 17 crop classes account for just 13.57% of the overall pixels as shown

in Figure 4.2.

PASTIS

The PASTIS [39] dataset spans over 4,000 km? with images taken from four regions
in France. Each sequence of images includes 10 Sentinel-2 bands split into 128 x 128
pixels and includes between 38 and 61 observations taken between September 2018
and November 2019 [39]. The dataset includes 2,433 samples that are split into 5 folds
where for each split, three folds are used for training; one fold is used for validation;
and the remaining one fold is used for testing. There are 5 combinations of splits used
for measuring model performance on the dataset to ensure that each of the splits can
be independently used as the test dataset to better ensure the model generalizes well.

The dataset includes 20 classes, with 18 crop types, a background (or non-crop) class,
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Figure 4.2: MTLCC Class Label Distribution

and a void class which includes either only partial crop class pixels or crop types the
authors were unable to confidently identify. The void label is ignored during loss
though the background label is included during training and inference results, as
specified in [39]. Note that the background class in this benchmark dataset accounts
for 39.91% of the overall pixels while 15 of the remaining 18 classes account for 13.86%

of the overall pixels as can be seen in Figure 4.3.

4.2 Implementation Details

4.2.1 MineSegSAT

For all models, we train the semantic segmentation models using the weighted Adam
optimizer [52] using 51 = 0.9 and S = 0.999 as the coefficients for computing running
averages of the gradient and it’s square. We use a one-cycle learning rate scheduler
that starts with a learning rate of 4 x 1079 that increases to a max learning rate of
1 x 10~ and after the first 30% of training and is then reduced to a final learning rate
of 1 x 1079 in the last epoch. From the dataset, we use 70% of samples for training,
15% for validation, and 15% for testing. The models were trained using distributed
training on compute nodes with 8 CPUs, 100GB of memory, and two Tesla V100
GPUs for roughly 12-16 hours.
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Figure 4.3: PASTIS Class Label Distribution

Train Transforms | Probability
Random Crop 100%
Vertical Flip 50%
Random Rotation 50%
Horizontal Flipping 50%
Channel Shuffle 30%

Figure 4.4: MineSegSAT transfor-

mations applied during training

For the SegFormer model architecture, we use
a dropout rate of 15% and a drop path of 15%.
During training and validation, we use an input
image size of 512 x 512 pixels and a batch size of
4. During training, the transformations provided
in Figure 4.4 were applied while only center crop-
ping was applied during validation. While test-
ing the model we split the 768 x 768 images into
patches of 512 x 512 with an overlap rate of 0.8

and used averaging of the predictions to compute the predict the final segmenta-

tion map for the input image. Inputs in all the train, test, and validation stages

were scaled using min-max normalization for each band based on metrics computed

over the entire dataset. Deviating from, [1], we substitute applying Tversky [53] loss

with applying Dice Loss given that the updated dataset is imbalanced, yet still has a

considerable representation of the class of interest found in the dataset.

4.2.2 VistaFormer

For both datasets, we train VistaFormer using the weighted Adam optimizer [52]

using #; = 0.9 and By = 0.999 as the coefficients for computing running averages of
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the gradient and it’s square. We use a one-cycle learning rate scheduler that starts
with a learning rate of 0.0004 and increases to a max learning rate of 0.01 after the
first 10% of training and is then reduced to a final learning rate of 0.001 in the last
epoch. For both datasets, we use a dropout and drop path of 17.5% respectively
and use cross-entropy loss for the loss function as in [40, 39]. We found using this
higher learning rate and learning rate schedule to outperform lower learning rates for
both the max learning rate and the scheduled values. For each input, we normalize
using techniques detailed in the original papers [39, 49] and apply flip and 90° rotate
transformations with 50% likelihood for each obtained sample input. The models
were trained using distributed training on compute nodes with 8 CPUs, 100GB of
memory, and two Tesla V100 GPUs for roughly 8-12 hours.

We trained on the PASTIS dataset with a batch size of 32 and a maximum se-
quence length of 60, and height and width of 32, while for the MTLCC dataset, we
used a batch size of 16 and a maximum sequence length of 46 and a provided input
height and width of 24. Given that the model uses 3D convolutional layers for up-
sampling and downsampling which contribute significantly to the number of trainable
parameters (relative to our model size); decreasing the input sequence length results
in a considerably smaller model. For the MTLCC dataset, we found that decreasing
the sequence length from 60 to 46 reduced the number of trainable parameters by
13%. Reducing the sequence dimension for the MTLCC dataset was done in keep-
ing with the sequence length used in [40] and to reduce the number of blank images
included with each sample.

Given the small dimensions of the input images for the datasets used during exper-
imentation and the downsampling rate selected for each encoder level, we found that
a model architecture with three input layers outperformed other model architectures
that included fewer pairs of encoder-decoder blocks. We also found that the selected
batch sizes for both the MTLCC and PASTIS benchmarks was optimal relative to
smaller or larger batch sizes. The configurations used for the Encoder are given in
Table 4.1, while for the decoder, the unique configuration we used for our model was
to use 64 output channels for each of the 1D convolution layers which downsample
T. We found the attention head dimension outperformed smaller or larger sizes and
the selected embedding dimension outperformed larger embedding dimensions at each
layer.

For the implementation of VistaFormer that uses 2D Neighbourhood Attention,

we use a neighbourhood kernel size of 13 which albeit from a limited ablation analysis
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we found to be most performant. We also deviate from the configurations detailed in

Table 4.1 by using 1, 2, and 4 attention heads respectively.

Table 4.1: Encoder Configuration

Encoder Layer Embed Dim  Patch Stride  Transformer Layers Attention Heads MLP Mult
E 32 (1,2,2) (1,22 2 2 4
E, 64 (2,2,2) (2,22 2 4 4
By 128 (2,2,2) (2,2 2) 2 8 4
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Chapter 5

Evaluation, Analysis and

Comparisons

5.1 MineSegSAT

To evaluate the performance of the segmentation models, we use metrics including
Precision, Recall, F1-Score, Intersection-over-Union, and Accuracy to better reveal
the efficacy of each model’s performance. We record results for each of the target
classes to further disclose the model’s ability to differentiate between the target and
background classes. Note that for the below formulas, True Positives are given by

T P; False Positives are given by IF'P; and False Negatives are given by F'N.

Precision — TP
recision = TP+ FP
TP
Recall = —————
= TPLFN
71 B 2 x Precision x Recall

Precision + Recall

In a comparative analysis of the SegFormer models on the dataset of mineral
extraction sites, the smaller B2 model outperformed the larger B3 model. The B2
model, with 49.47 GFLOPs and 24.28 million parameters, achieved higher precision,
recall, and F'1 scores for the target class and better accuracy and IoU scores for both
the target and background classes. Specifically, the B2 model attained a target class
F1 score of 59.29 and an IoU of 42.14. In contrast, the B3 model, despite having
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Table 5.1: We report semantic segmentation results for input tiles with dimension
768 x 768 where each input image has been split into patches of 512 x 512 with an
overlap rate of 0.8 and used averaging of the predictions to compute the predict the
final segmentation map for the input image. We find that the smaller SegFormer
model outperformed the larger model on the dataset of mineral extraction sites.

Target Class Background Class
Model GFLOPs Model Params (m) Precision / Recall / F1  Accuracy / IoU Precision / Recall / F1  Accuracy / IoU
SegFormer (B2) [2]  49.47 24.28 61.09 / 57.59 / 59.20  57.59 /4214  97.65 / 97.96 / 97.81  97.96 / 95.71
SegFormer (B3) [2]  82.90 44.16 54.34 / 57.66 / 55.95  57.66 / 38.84  97.64 / 97.31 / 9747  97.31 / 95.07

nearly double the computational complexity and model parameters, achieved a lower
target class F1 score of 55.95 and an IoU of 38.84. This demonstrates that the smaller
model is more effective in this context, possibly due to an improved ability to converge
in a shorter training window, given that these models were only trained for 500 epochs
down from the 2,000 epochs in [1].

RGB Image Ground Truth Mask B2 Predicted Mask B3 Predicted Mask

Figure 5.1: We show input and output samples of the B2 and B3 model on the test
split of the MineSegSAT dataset. Observe that the B3 model is more likely to predict
false positives in the 2nd and 3rd predictions relative to the ground truth which
reflects the lesser Precision score of this model relative to the smaller B2 model as
found in 5.1.
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5.2 VistaFormer

We find that VistaFormer outperforms existing state-of-the-art models in terms of
oA and outperforms similarly sized semantic segmentation models in terms of mloU
scores on both the PASTIS and MTLCC on time series crop-type semantic segmen-
tation benchmarks (PASTIS and MTLCC) while using far fewer floating point oper-
ations and while using a fraction of the floating point operations than all comparable
models and fewer trainable parameters than the current state-of-the-art model. Per-
formance of the model is measured using the mean Intersection over Union (mloU)
score, which computes the averages of the IoU score for each class and the overall Ac-
curacy (0A), which calculates the accuracy summed over all predicted pixels. These
metrics were chosen per the metrics used in TSViT [40] and U-TAE [39]. Including
oA as well as mIoU in a semantic segmentation task with few classes and many pixels
labelled as background or unknown is useful since it provides a straightforward mea-
sure of the model’s performance across all pixels, helping to ensure that the model
effectively distinguishes between relevant and irrelevant regions. For our model, we
report the mean and standard deviation performance over three trials for both bench-
marks. To estimate GFLOPs for each of the models, we use the FVCore library and
estimate the parameter and GFLOPs for each model using an input with shape B=4,
T=60, C=10, and H, W=32.

Table 5.2: Comparison with state-of-the-art methods on semantic segmentation. Re-
sults for PASTIS were reported for results for fold-1 only, in keeping with [40] and
the average of the results for each test set performance across all five folds is given
in parenthesis for comparison with [39]. For MTLCC, we report results that exclude
the unknown class in training and testing in keeping with [40, 49] and results includ-
ing the background /unknown class in parenthesis. Note that results marked with an

asterisk for PASTIS were trained using the PASTIS dataset with a height and width
of 24.

PASTIS MTLCC (2016)
Model GFLOPs Model Params (m) 0A / mloU 0A / mloU
UNET3D [54] 91.10 6.18 82.3 / 60.4* 924/ 75.2
UNET3Df [55] 439.78 7.21 82.1 / 60.2* 924 /754
U-TAE [39] 23.06 1.09 82.9 / 62.4 (83.2 / 63.1) 93.1 /771
TSVIT [40] 91.88 1.67 83.4 / 65.1 (83.4 / 65.4)* 95.0 / 84.8

83.3 £ 0.1 /64.8+0.5 96.1+ 0.03/88.5+0.05
(83.7 £ 0.2 / 65.3 = 0.3) (90.5 = 0.08 / 79 + 0.16)
83.6 + 0.1 / 64.8 + 0.2 95.9 + 0.14 / 87.8 + 0.5
(84.0 + 0.1 / 65.5 + 0.1) (90.4 + 0.1 / 78.7 + 0.3)

VistaFormer Neighbourhood (ours) 4.85 1.13

VistaFormer (ours) 7.58 1.25
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Attention  Monte Carlo

T=0 T=1 T=2 T=3 Ground Truth  Prediction
Maps Dropout

Figure 5.2: VistaFormer sample semantic segmentation predictions on the PASTIS
benchmark. Under titles T" = 0, ..., 3, we show samples of input RGB channels and
include these alongside ground truth annotations, model predictions, attention maps,
and Monte Carlo dropout [56] predictions to measure the uncertainty of model pre-
dictions. We use the dropout settings used during training for Monte Carlo Dropout
and the outputs reflect the model certainty measure over 10 iterations. The provided
samples highlight that input images are often obstructed by clouds, while the ground
truth reflects the imbalance of classes present in the dataset as shown in 4.3.

5.2.1 Ablations

We report ablations concerning (a) decoder layers, (b) encoder layers, and (c) encoder
downsampling. We find that using a max pooling layer instead of a 1D convolution
in the decoder decreases model performance only slightly across all results excluding
overall accuracy for the MTLCC dataset. We find that replacing trilinear upsampling
with a transposed 3D convolution improved results inconsistently across datasets
while requiring a considerable number of trainable parameters relative to the model
size.

For encoder layers, we use gated convolutions by default to reduce input noise
and find that not including this layer consistently results in a consistent decrease in
both oA and mloU scores. We introduced a Squeeze and Excitation (SE) [57] layer as
an additional convolution filtering mechanism in each of the downsampling encoder
layers, though we found inconsistent results in our tests and omitted the layer from
the chosen architecture to preserve simplicity. This layer may still be of use for some

use cases as it adaptively recalibrates channel-wise feature responses which can reduce
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Table 5.3: We present the ablation analysis results for both the PASTIS and MTLCC
benchmarks for semantic segmentation. For the MTLCC benchmark, we include the
unknown class and for PASTIS we use fold-1 from the PASTIS benchmark which uses
folds 1, 2, and 3 for training, fold 4 for validation; and fold 5 for testing. In keeping
with Results in Section 5.2, we report the mean and standard deviation for the mloU
and oA scores over three trials for the chosen PASTIS split and the MTLCC dataset.

PASTIS MTLCC (2016)
Ablation Description Params (millions) 0A / mIoU oA / mloU
. T = 15 1.1 83.2+0.01 /634 £0.1 90.15+0.01 /774 + 0.2
Encoder Downsampling
15, T3 =T 1.67 83.5+0.1 /644 £0.1 904 £0.1 /786 £0.2
w/out Gated Conv 1.16 83.4 4+ 0.1 /64.1£0.2 90.2+0.1/78+0.1
Encoder Layers
Squeeze & Excitation [57] 1.26 835+0.1/647+02 903+£0.1/786+0.1
Max Pool 0.9 83.3+£0.04 /642+£0.2 90.3+0.1/782+0.1
Decoder Layers
Conv Transpose 2.37 83.7+0.1/647+01 90.5+0.1/787+0.2

noise by emphasizing important input features and suppressing irrelevant ones [57].

Concerning encoder downsampling, the base model in Figure 3.2 in effect uses a
2D convolution in the first layer, only downsampling the height and width in keeping
with [39]. We find that both downsampling 7" in the first encoder, giving us 77 = %,
and not downsampling 7" in any encoder layer, resulted in decreased model perfor-
mance relative to our proposed model. These results indicate that downsampling
the temporal dimension can be performed effectively for SITS data, contrary to the
preservation of the temporal dimension used in [39, 40], allowing our model to reduce
the sequence length used in self-attention layers, and subsequently the complexity of
the model.

5.2.2 Model Scaleability

For this model architecture, we treat each sequence entry in the temporal dimension
T as a unique sample, which increases the floating point operations performed since
we compute the attention for each sequence of length H x W, T times. This presents
challenges when trying to scale SITS models to larger temporal or input dimensions
given that self-attention scales quadratically with the size of the input sequence.
The model used in the core of our experiments uses self-attention with little down-
sampling, ensuring the model is computationally expensive to scale. To address this,
we demonstrate that substituting self-attention with self-attention modules designed
to be applied to spatial data improves the model’s scalability. More specifically, we

find that 2D Neighbourhood attention dramatically reduces the number of floating
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point operations required both for small input dimensions and as the spatial dimen-

sions increase as seen in Figure 5.3.
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Figure 5.3: VistaFormer with self-attention surpasses the U-TAE model in terms of
floating point operations after the input dimension increases beyond a height and
width of 64. Note that GFLOPs are scaled logarithmically to more meaningfully
show the scalability relationship between TSViT and smaller models. The input
dimensions used for computing the GFLOPs are (B,C,T, H, W) = (4,10, 30, x;, x;).

80 100 120
Input Dimensions

From Figure 5.3, observe that the proposed VistaFormer model architecture faces
scaling challenges as the input dimensions or input sequence sizes are increased when
using multi-head self-attention. This model requires fewer floating point operations
than U-TAE up to input dimensions of size 64 with a fixed temporal dimension of
30 as seen in Figure 5.3, while VistaFormer with 2D-Neighbourhood Attention scales

better than all other considered models for larger input dimensions.

5.2.3 Multi-Input SITS

We provide an implementation here that extends the performance of VistaFormer
to use multiple inputs. For this model, we use concatenated Sentinel-1 Ascending
(S1A) and Sentinel-1 Descending (S1D) data as input for a VistaFormer encoder and
use the Sentinel-2 inputs as input for another encoder. The encoder outputs at each

layer are concatenated together using a depth-wise convolution layer with an output
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Module FLOPs Memory
Self-Attn STHWC? +2TH*W?C  3C? + H*W?
Neighbourhood Attn 3THWC? +2THWCK? 3C? + HWK?
3D Convolution THWC?K? C?°K3

Table 5.4: Computation Cost and memory usage of attention patterns and convolu-
tions. This analysis relies heavily on the complexity analysis provided in [3], though
we account for the temporal dimension 7.

channel dimension of 128 before being fed through the VistaFormer decoder. This
architecture is similar to the late-fusion architecture proposed in [58] as each encoder
block with respective Sentinel-2 and Sentinel-1 inputs is concatenated channel-wise

before being downsampled to a given output dimension.

Table 5.5: Comparison with U-TAE multi-modal model on semantic segmentation
with S1 and S2 inputs. We find that our multi-input VistaFormer model outperforms
U-TAE in terms of mloU, while falling slightly behind in terms of oA. Further, the
VistaFormer model trained with auxiliary predictors at each encoder layer outper-
forms VistaFormer with multiple inputs.

PASTIS
Model Model Params (m) oA / mloU
Multi-Modal U-TAE [58] 1.7 84.2 / 66.3
VistaFormer (multi) 1.7 84.05 + 0.1 / 66.67 + 0.15

VistaFormer (with aux) 1.7 84.08 + 0.07 / 67.03 + 0.12
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Chapter 6
Conclusions

For all datasets used in these experiments, we find that the land classes of interest
include fine characteristics that would benefit from the inclusion of a richer context.
To accomplish this we recommend using satellite data that has a higher resolution
than a maximum resolution of 10m per pixel as this would also improve the ability
to visually scrutinize model predictions for validation. Further, including additional
samples, particularly in the case of the MineSegSAT project, would likely improve
the predictive accuracy of semantic segmentation models in all context regions. We

proceed by detailing unique findings for each respective project.

6.1 MineSegSAT

The ground truth data and models trained on this data effectively identify the fea-
tures noted in the original paper. However, further evaluation of the ground truth
dataset’s quality and enhancements to the model’s performance is necessary to ensure
its utility for accurate, real-time environmental monitoring. Correlating the identified
mining areas with existing publicly identified above-ground or visibly environmentally
impacted mining areas could be beneficial for better understanding the efficacy of the
data and areas where the model is challenged in making accurate predictions.
Further training could be done that uses a larger dataset and multiple input
samples similar to the proposed architecture found in VistaFormer to ensure the
model is more robust to input noise. A model trained based on these findings could
present value for identifying and assessing multiple risks posed by mineral extrac-

tion operations by identifying anomalies in the size variation of tailing ponds, rock
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pile formations, open-pit mines, and processing/milling infrastructure which were
identified in the ground truth masks. This model would thrive in a circumstance
where it is monitoring known active or previously active mineral extraction sites that
pose a potential threat to the environment. Given that this data is made available
by government agencies [48], implementing a meaningful deep learning-based moni-
toring service of this nature is not only possible but could significantly benefit the

environmental monitoring of mineral extraction sites.

6.2 VistaFormer

We have demonstrated a lightweight SITS semantic segmentation model that achieves
efficiency by (a) downsampling both spatial and temporal dimensions early, (b) em-
ploying gated convolutions to filter out noise, (c¢) using position-free self-attention
layers to simplify the architecture, and (d) incorporating trilinear upsampling in the
decoder to reduce computational complexity. Further, the position-free self-attention
layers make this model extensible and simpler to use than existing models. We find
that these techniques along with a carefully selected model architecture outperform
state-of-the-art models consistently on semantic segmentation benchmarks in terms
of oA and mloU performance while using a fraction of the number of floating-point
operations and fewer trainable parameters than other current approaches. The abla-
tion analysis highlights the importance of carefully selecting downsampling strategies
and maintaining simplicity in the model architecture to achieve optimal performance.
Some of the approaches in this model are generalizable. We find that gated convo-
lutions are crucial for enhancing performance by filtering noise from input data, and
recommend further exploration of these noise reduction techniques in other remote
sensing models. Similarly, our proposed architecture introduces lightweight design
patterns that can be adapted for different image time series segmentation tasks. The
efficiency of this model also makes it suitable for deployment in embedded systems,
enabling real-time processing and analysis in resource-constrained environments.
Building on the strengths of our current SITS semantic segmentation model, sev-
eral follow-up research tasks are proposed to expand its capabilities and refine its

performance:

1. Expanding to Panoptic Segmentation - To further explore the model’s ver-

satility, we propose applying the architecture to panoptic segmentation tasks.
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This would allow for assessing the model’s ability to perform more precise seg-
mentation tasks by identifying both object categories and individual object

instances within a scene.

2. Adaptation to Higher Resolution Tasks - Given the model’s success in
efficiently handling medium-resolution satellite data; adapting and applying
the model to higher-resolution inputs is a logical next step. This requires fine-
tuning the model’s architecture to maintain performance and efficiency while

managing larger more detailed datasets.

3. Experimentation with Additional Attention Mechanisms: The current
use of position-free self-attention layers offers a strong foundation. To enhance
the model’s capability, experimenting with different types of attention mecha-
nisms such as deformable attention, window attention, and various configura-
tions for neighbourhood attention is recommended. These experiments would
explore how different attention mechanisms impact the model’s performance in

handling complex spatial relationships and dynamic temporal changes.

4. Noise Reduction Techniques: While gated convolutions have been effective
at noise filtering, further investigation into noise reduction techniques could be
performed to compare and contrast or introduce new noise reduction techniques
that might reduce input noise. Specifically, developing methods that minimize
the impact of distortions in down-sampled data can significantly improve the
quality of the model’s output, particularly in scenarios where data quality is

compromised.

These proposed tasks could enhance the model’s current capabilities and extend
the applicability of the proposed architecture to more complex and demanding real-
world applications. The ultimate goal is to refine the model’s architecture to handle
a broader range of segmentation challenges, thereby solidifying its utility in practical

and meaningful environments.
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A.1 MineSegSAT

Figure A.1: Mineral Extraction Tiles in Canada used in MineSegSAT
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Figure A.3: VistaFormer Neighbourhood PASTIS Confusion Matrix



background
meadow
soft-winter-wheat
corn

winter-barley
winter-rapeseed
spring-barley
sunflower

grapevine

beet

winter-triticale
winter-durum-wheat
fruits-vegetables-flowers
potatoes
leguminous-fodder
soybeans

orchard
mixed-cereal

sorghum

Figure A.4: VistaFormer PASTIS Multi-Input Confusion
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Figure A.5: VistaFormer PASTIS Multi-Input (with Aux-classifier) Confusion Matrix
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Appendix B

Supporting Materials

B.1 Code Assets

Code that was created as a part of this thesis is publicly available on GitHub at:
e MineSegSAT - https://github.com/macdonaldezra/MineSegSAT
e VistaFormer - https://github.com/macdonaldezra/VistaFormer

Code that this paper leveraged considerably for data pre-processing, training, and

inference is publicly available on GitHub at:
e U-TAE - https://github.com/VSainteuf/utae-paps

e DeepSatModels - https://github.com/michaeltrs/DeepSatModels
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B.2 Papers Published and Under Preparation

e MacDonald, E.; Jacoby, D.; Coady, Y. MineSegSat: an automated system to
evaluate mining disturbed area extents from Sentinel-2 imagery, in Proceed-
ings of the 5th International Electronic Conference on Remote Sensing, 7-21
November 2023, MDPI: Basel, Switzerland, doi:10.3390/ECRS2023-16886

e In Preparation: MacDonald, E.; Jacoby, D.; Coady, Y. VistaFormer: Simple

Vision Transformers for Satellite Image Time Series Segmentation

B.3 Data Assets

Datasets including input samples for MineSegSAT; and trained model weights and
training logs for both MineSegSAT and VistaFormer have been made available on

Zenodo for download.

e Data that has been produced including trained weights and datasets used for
MineSegSAT experiments has been made available at:
d0i:10.5281 /zenodo.11236397

e The trained weights and training logs for VistaFormer model experiments pre-
sented in the results section of this thesis have been made available at:
d0i:10.5281/zenodo.12667829
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