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Abstract

Hyperspectral imaging (HSI) is being increasingly used for the detection of anomalies in var-
ious applications, for example, remote sensing for environmental monitoring. However, the
quality of HSI sensors can vary significantly due to noise and resolution, which effect the ac-
curacy of anomaly detection methods applied to the data. To address this, this thesis evaluates
how different levels of image degradation and enhancement affect the detection capability of
a traditional signal processing algorithm (RX detection), and a Machine Learning (ML) based
approach (AETNet). Following analysis of the utility of both ML and conventional models, a
series of novel experiments were developed to understand the effect of varying image qualities.
The results of these experiments demonstrate that image quality affects detection performance
at varying levels, depending upon which technique is being used. ML techniques demonstrated
slightly higher performance when compared to conventional methods suggesting they may be
less degraded by image noise. These findings demonstrate the importance of considering image
quality when developing and applying HSI anomaly detection techniques and the approaches
that can be taken to ensure optimal pre-processing to achieve the best results.
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Chapter 1

Introduction

1.1 Background

In recent years, Machine Learning (ML) techniques have revolutionised imagery analysis across
various applications, including in Hyperspectral Imaging (HSI) [1]. In many cases, these meth-
ods have demonstrated higher performance when compared to traditional signal processing tech-
niques [2]. Consequently, there is a growing interest in exploring whether ML methods can
enhance HSI anomaly detection compared to conventional approaches, as well as in develop-
ing new capabilities based on these techniques. This thesis aims to assess the current literature
on this topic, evaluate its relevance to the topic, identify existing gaps and to discuss emerging
trends that may shape future research directions in this field. Additionally, this thesis presents
novel experimental findings that examine how image quality impacts the performance of an
ML-based approach in comparison to a conventional signal processing method, providing an
insight into their relative effectiveness under varying conditions to ensure an optimal model can
be chosen to achieve the best results.

1.2 Thesis Contribution

This study attempts to address current challenges in HSI and anomaly detection by reviewing
and building upon methodologies related to image quality.

• It provides a novel evaluation of the impact of image quality on the performance of both
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conventional signal processing and Machine Learning (ML) techniques. By comparing
the robustness of a traditional method with a modern ML approach, this research offers
new and valuable insights into their effectiveness under a variety of image conditions.

• The work introduces an original experimental framework designed to assess how differ-
ent levels of image degradation and enhancement affect anomaly detection performance,
thereby advancing the understanding of the role of image quality in automated HSI anal-
ysis.

• The thesis identifies the current key trends and challenges in the application of ML to
HSI, suggesting pathways for in-depth future research.

Overall, this thesis aims to contribute to the practical application and theoretical understanding
of image quality and anomaly detection in HSI, enabling the development of more complete
detection algorithms.

1.3 Thesis Plan

The structure of this thesis is as follows:

• Chapter 1 provides an introduction to the research topic by outlining the motivation, ob-
jectives, and overarching contributions.

• Chapter 2 details the technical background of the thesis and details the methods, technol-
ogy and models that underpin the work.

• Chapter 3 contains a literature review that explores current and past research in the field
of HSI ML, anomaly detection and the role of image quality in these topics.

• Chapter 4 discusses the methodology used in the experiments conducted, including the
metrics used to evaluate the performance of chosen techniques.

• Chapter 5 Presents the results of the experiments and discusses the findings of the study
within the context of the wider field by highlighting the key findings and limitations of
the conducted research.

• Chapter 6 summarises the main contributions of this thesis and suggests potential areas
for future research.
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Chapter 2

Technical Background

2.1 Introduction

2.1.1 What is Hyperspectral Imaging?

Hyperspectral Imaging (HSI) is an imaging technique that records a continuous spectrum of light
for every pixel in a scene. Whilst standard photography collects only three broad spectral bands
(Red, Green, Blue), HSI sensors can collect data across multiple bands (often hundreds). This
results in a data cube that contains the spectral signatures for every pixel in an image, enabling
the identification of materials based upon their unique spectral properties [3].

2.1.2 What is Anomaly Detection?

In HSI, an anomaly is a pixel or cluster of pixels that are spectrally significantly different to
the surrounding local pixels. The anomaly maybe be sub-pixel or larger. An example anomaly
would be a man-made metal object within a forest, here the spectral reflectance curve would
vastly differ from the vegetation background. Anomaly detection is the process of identifying
and extracting these pixels, often through their spectral deviation compared to their backgrounds.
In HSI, particularly within HSI remote sensing, anomaly detection is used to identify objects that
are of unknown origin. For example, in a defence context, anomaly detection techniques could
be used to find camouflaged vehicles that may be indistinguishable in standard RGB imaging.
The HSI methods utilise the spectral context of the image and may therefore distinguish objects
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of a manmade nature when compared to natural backgrounds (e.g. vegetation or desert) [4].

In this chapter, the essential technical concepts that are utilised within this research are examined
and discussed. A clear understanding of these principles is required to fully understand the scope
and objectives of the study. To aid in understanding, a HSI simulating three material types
(water, soil and vegetation) was generated synthetically to show examples of key techniques
applied. This 100x100 pixel image was generated in Python using numpy and matplotlib for
visualisation. The code simulated a 30-band hyperspectral cube by applying a Linear Mixing
Model to spectral signatures of water, soil and vegetation obtained from the USGS Spectral
Library [5]. Normalisation was then applied to transform the values into a false colour map.

Figure 2.1: Synthetically Generated HSI visualised in RGB

2.2 Image Degradation

The following section describes techniques from literature that can be used to degrade the quality
of HSI data with the aim to create datasets of varying image quality to allow algorithm compar-
ison.

2.2.1 Image Downsampling

Image downsampling is the process of reducing the resolution of an image, often by decreasing
the number of pixels it contains. This is done by scaling down the image dimensions (spatial or
spectral) using a specific scale factor (SF) that determines which data from the matrix is thrown
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away. For example, if an image is spatially downsampled by a scale factor of 2, the width
and height of the image are each halved therefore reducing the overall number of pixels by a
factor of four. Downsampling is regularly used to reduce the file size of images and to improve
processing speed, as HSI data is often large in size the utilisation of downsampling can aid in
managing this to enable more efficient analysis and storage.

However, downsampling HSI introduces important trade-offs. In practice, it is not a simple re-
duction in spatial resolution through subsampling, but the process often involves spatial and/or
spectral aggregation. This process can blur fine spatial structures andmix distinct spectral signa-
tures within a single pixel. As a result, small or subtle anomalies may become less distinguish-
able, and the spectral integrity of materials can be compromised, leading to reduced accuracy in
target detection and classification [6].

The example image downsampled at various SF is given below:

Figure 2.2: Example image downsampled by SF2 and 4

Spatial Downsampling

Spatial downsampling is the process of reducing the spatial resolution of an image. There are
multiple techniques that can be used to achieve this, each of the techniques offering different
benefits when applied.

The first method of note is the Mean Filtering method. In this method (also known as pixel
averaging) a group of adjacent pixels in a square block are averaged to produce a single pixel
in the resulting downsampled image. This algorithm is quick and efficient however lacks the
smoothness that can be achieved when using other downsampling methods [7].

Subsampling is a sampling technique that involves selecting and keeping every other pixel and
discarding the rest. For example, when downsampling by scale factor 2, every second pixel
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in each row and column is kept whilst the others are discarded. As in most downsampling
techniques, when the sampling rate used in this downsampling process gets too low, details of
an image can be lost beyond recovery and the image can appear pixelated.

To combat the pixelation effect that can occur in subsampling, a Gaussian filter technique can
be employed prior to the downsampling process. In this technique, the Gaussian filter is ap-
plied to the image followed immediately by the subsampling of the image, creating a smaller,
lower resolution final image. This final image is smoother than an image downsampled using
subsampling [8].

All three of the spatial downsampling techniques discussed have similar disadvantages. Firstly,
when implementing downsampling techniques on imagery, there will be a reduction in spatial
resolution and therefore a loss of smaller details within an image. This is actually a desirable
effect for this study as it allows the simulation of low quality data, however this is often unwanted
in real-world use cases. Another disadvantage of the use of downsampling can be seen when
applying both traditional and ML algorithms to downsampled data. Models that are trained on
high resolution data can often suffer performance drops when applied to lower resolution data
as there is less information present. This can lead to inaccurate interpretations of results [9].

Spatial vs Spectral Downsampling

It is worth noting that within the context of this thesis, downsampling refers to the downsampling
of images in the spatial domain, not the spectral domain. For this study, downsampling was used
to simulate lower resolution imagery conditions due to the process causing the loss of image
detail. This reduction in spatial resolution leads to the loss of high-frequency components in
the image, as fine details are often smoothed out. While this also impacts the spectral domain
by reducing the ability to distinguish finer spectral details, the primary focus of this study is
on spatial degradation as it is the more significant factor affecting image quality because it
directly removes fine structural details that are essential for interpreting an image. The potential
spectral loss is secondary in the context of this thesis, as the main concern is how reduced
spatial resolution affects the performance of both conventional and ML models. The use of
downsampling enabled a consistent and repeatable degradation of images by given scale factors
to evaluate which method tends to perform better with lower resolution input images. However,
for completeness, a summary of common techniques for spectral downsampling is included
within this literature review.
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Spectral Downsampling

Spectral downsampling is a process used in both HSI and Multispectral Imaging (MSI) that
aims to reduce the number of spectral bands within in a dataset. Whilst the detailed spectral
information collected in HSIs is valuable for many tasks it also results in large data sizes that
are computationally expensive to process and store. Spectral downsampling can aid in managing
this to enable more efficient data processing.

Principal Component Analysis

There is lots of research detailing the use of Principal Component Analysis (PCA) [10] on HSI
as a technique to perform dimensionality reduction. HSIs contain many spectral bands which
often include noisy and highly correlated data. Having such a large amount of bands increases
the computational time required and storage necessary to process this imagery. PCA is used as
a method to reduce the dimensionality of this data whilst retaining critical information that is
necessary for models to perform accurate classification.

PCA transforms the original HSI into a new set of components called the principal components.
These are linear combinations of the original spectral bands that are ordered by the amount
of variance that is extracted from the data. The first principal components capture the most
significant variance and are then considered the most important features within the image. PCA
has been applied to HSI to reduce the number of spectral bands present in an image. This is
done by calculating the sample covariance matrix of the spectral bands and then performing
eigenvalue decomposition on these. The eigenvectors corresponding to the largest eigenvalues
are then identified as the principal components in the format of a feature vector which can be
cast along the principal component axis.

By reducing the dimensionality of the HSI data, PCA helps to decrease the computational power
required in later processing and has been shown to improve the efficiency of various HSI classi-
fication algorithms [11]. PCA has also been shown to reduce noise and improve model accuracy
due to it focusing on the most important features within an image. This study required images
to be degraded strongly so that anomaly detection methods can be properly tested. However,
PCA is not suitable for this purpose because it mainly preserves the most common patterns in
the data. As a result, it struggles to significantly degrade areas that are very common in the
image (such as background regions), limiting its usefulness here.
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X ′ = XW (2.1)

Where:

• X is the original data matrix of dimension n× d, where n is the number of samples and
d is the number of features,

• W is the matrix of eigenvectors (the principal components) of the sample covariance
matrix ofX ,

• X ′ is the transformed data matrix in the new PCA basis.

Σ =
1

n− 1
XTX (2.2)

Where:

• Σ is the covariance matrix of the data,

• XT is the transpose of the data matrixX .

• n− 1 is used to produce an unbiased estimate of the true population variance from a finite
dataset

ΣW = WΛ (2.3)

Where:

• Λ is the diagonal matrix of eigenvalues corresponding to the eigenvectors inW ,

• W is the matrix of eigenvectors (principal components).

In the figure below, PCA has been applied to the synthetic example image. The example image
(original) is followed by grayscale images representing the first five eigenvectors. PC 1 cap-
tures the most significant patterns/features, whereas PC 5 captures much finer, less ”important”
details.
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Figure 2.3: PCA applied to example image

2.2.2 Band Clustering

Similar to PCA, band clustering is a technique used in HSI to reduce the number of spectral
bands within an image. By grouping similar bands together, this approach decreases the image
quality in the spectral domain.

The process of band clustering involves grouping bands based on how similar their spectral
profiles are. This similarity calculation is often done using statistical measures such as linear
prediction or orthogonal subspace projection [12]. Following this, clustering algorithms such as
k-means or hierarchical clustering are employed to group similar bands together [13]. After the
clustering there are two paths that may be taken. Firstly, the bands within clusters are combined.
The simplest method to achieve this is by averaging pixel values across the bands to create one
singular final band. The second method is to select just one representative band from each
cluster.

However, band clustering does have negative effects on image quality. It causes the loss of
spectral detail from an image and reduces the spectral resolution, this can cause lower classifi-
cation performance of models as it can be difficult to now distinguish between spectrally similar
bands. However, similar to PCA, band clustering can help reduce noise within an image due to
the removal of random variations within similar bands [14].

This technique can be useful if there is a requirement to represent data from sensors that col-
lect fewer bands and can therefore be used to extrapolate model results to future-proof concept
demonstrators when designing sensors or processing techniques. However, as the band cluster-
ing is performed in the spectral domain it is of limited use within this thesis.

Following investigation into the techniques described above, the final degradation method used
in this thesis was spatial downsampling with a Gaussian filter. While this is slightly slower than
simple subsampling, it produces more realistic results by reducing aliasing effects [15]. It was
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chosen as a good balance between simplicity and quality, while the other methods were included
for completeness.

2.3 Super Resolution

In order to evaluate the impact of image quality onmodel performance, both image enhancement
and degradation should be considered. To enhance images, a common technique used is super
resolution. Super resolution is an image processing technique that enhances the resolution of
an image by increasing the number of pixels present and aiming to improve its visual quality.
This process generally involves generating a high resolution (HR) image from low resolution
(LR) images. The technique is alleged to enable more accurate detection of small features and
complex details that may be missed in low resolution images and can also make images appear
sharper and more defined. In the figure below Super resolution was applied to the example HSI.
In image SR SF2, the image was enhanced using a Scale Factor of 2. This means the output
has twice the pixel density of the original. For SR SF4, the image was enhanced using a Scale
Factor of 4, resulting in four times the pixel density of the original image.

Figure 2.4: Example image enhanced using super resolution with SF 2 and 4

Three techniques were investigated and implemented when researching super resolution within
this study following from their identification as relevant in the literature review that follows this
chapter.

2.3.1 Technique 1: Deep Image Prior

Deep Image Prior (DIP) [16] is an image processing technique that utilises CNNs to perform
super resolution. DIP states that a randomly initialised CNN can capture the internal structure
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of an image without the requirement for large amounts of training data and can then apply this
knowledge to generate further images with similar statistical properties to the original.

Firstly, a CNN is randomly initialised and a random noise vector is fed into the model and an
output image is generated. This output image is then compared to the target image and the
loss function of the model calculates the statistical difference between the output and target
images. Following this calculation, the CNN parameters (weights) are iteratively updated in
order to minimise this difference causing the output image to become increasingly similar to
the provided target image. DIP utilises early stopping in order to prevent the overfitting of the
model to the target image.

For use within super resolution, the problem is framed to find the HR image that, when down-
sampled, is the same as the input LR image. Within this, there are an almost infinite number
of HR images that following downsampling reduce to the original LR image. DIP combats this
through regularisation, where the CNN’s architectural bias and training dynamics select the most
plausible HR image.

Advantages of the DIP technique are summarised below:

• A key advantage of DIP is the lack of a requirement for large scale training datasets.
The CNN used performs optimisation using random initialisation to exploit the internal
statistics of an input image. This is extremely useful in scenarios where labelled datasets
are unavailable or input image types are rare [16].

• DIP is easy to implement and is designed to perform multiple image processing tasks
within the same framework. This makes the technique versatile and generalisable across
multiple real-world scenarios [16].

• The use of early stopping in DIP reduces the possibility that the network will overfit to
specific input images, this maintains a balance between fitting to the known input data
and preserving an overall image structure. This approach enables the model to generalise
well to different kinds of noise and image artefacts [16].

Despite the usability of DIP, it has disadvantages that are summarised here:

• DIP requires individually optimising a CNN for every image. This can be computationally
expensive and time-consuming as the network is trained from scratch and the higher the
resolution of an image, the longer the process takes. DIP is therefore not suitable for
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scenarios that require the quick processing of a large number of images [16].

• Due to DIPs reliance on traditional CNN network structure, it can struggle when perform-
ing processing on images that contain complex blur or noise. The network may not be
able to generalise well when blur and noise are not random and it may bias overall towards
smooth and structured image outputs [16].

• In contrast to the above advantages, there is also a disadvantage of utilising early stopping.
The network depends on the perfect timing of early stopping and finding this optimal
point can be particularly challenging especially for real-world use cases. Incorrect early
stopping can lead to model underfitting, leading to output images still being blurred and
containing artefacts [16], [17].

In conclusion, DIP is an effective algorithm that utilises the properties of CNNs to perform super
resolution on HSIs without the need for large quantities of training data. Whilst the technique
offers clear advantages in terms of its flexibility and ease of use, challenges such as computa-
tional cost, over- or under- fitting, and scalability must be balanced when applying to real-world
use cases.

2.3.2 Technique 2: KernelGAN

KernelGAN [18] is a technique for single image super resolution that is focused on estimating the
downscaling kernel that is used to create a LR image from a HR one. KernelGAN aims to learn
this kernel directly from the LR image, without the need for additional training data. Traditional
super resolution methods often assume a fixed downscaling process, e.g. bicubic downscaling
[19], however this often does not match the real-world scenario. KernelGAN addresses this
by estimating the actual downscaling kernel, which is usually unknown. The technique uses a
generative adversarial network (GAN) containing two competing networks, a generator and a
discriminator.

The generator creates HR patches that, when downscaled with the learned kernel, should re-
semble LR patches from the initial input image. The discriminator then attempts to distinguish
between these generated patches and the actual LR patches. Through this process, KernelGAN
learns the most likely downscaling kernel that was used when creating the LR image. Once
the downscaling kernel has been learned, it can be used to better model the degradation process
during super resolution. By applying this kernel the super resolution process becomes more
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accurate to a real-world scenario. KernelGAN improved upon previous super resolution results
as it enables a more custom and accurate reconstruction of HR images by adapting to the unique
features of an input image.

2.3.3 Technique 3: Zero-Shot Super-Resolution

Zero-Shot Super-Resolution using Deep Internal Learning (ZSSR) [20] presents an approach
to super resolution that also operates without the need for additional training images. Unlike
traditional deep learning methods that rely on large datasets of LR and HR image pairs for
training, this method utilises the internal statistics of a single image to complete super resolution.

The basis of the technique is “Deep Internal Learning” which is based on the idea that patches
within an image recur within the image across different scales. This method utilises the internal
symmetry to train a deep neural network (DNN) using only information from within the input
image itself. Themodel extracts patches from the image and trains theDNN tomap these patches
to their HR counterparts. The method demonstrates comparative results to traditional super
resolution techniques that rely on additional training data, suggesting that ZSSR can achieve
well performing super resolution across a wide variety of images. This approach is useful when
HR images may be unavailable or when images may contain unique characteristics that general
models can not capture, such as fine structures or repetative details.

2.3.4 Super Resolution Drawbacks

Whilst super resolution techniques have multiple applications within image processing, the
drawbacks of using such algorithms should be identified and acknowledged [21].

• Computational Cost: The use of super resolution comes with both computational and
storage costs. The techniques, especially those involving the use of neural networks,
require significant computational resource to run and often require expensive GPUs to
perform training and inference in reasonable time due to the sheer amount of parameters
that need refining. This cost and time complexity lead to the conclusion that it may be
ineffective to use super resolution techniques for real-time applications.

Related to this specific drawback is the fact that high resolution images requiremoremem-
ory and storage space. When super resolution is applied to data, the storage requirements
can significantly increase, meaning the technique may not be suitable for us when systems
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have limited available storage capacity.

• Artefact Introduction: When super resolution models are applied to datasets, they can
artificially introduce artefacts and noise such as blurring. Such artefacts result from the
model interpolating details that were not originally present in the input low resolution
image. This can lead to unnatural looking images and can occur due to models overfitting
to specific patterns within images.

As super resolution techniques generate pixels from scratch with the aim to fill in missing
details, there is an inherent risk that the enhanced output does not authentically represent
what a real scene would look like. This can be extremely problematic for applications
that require high accuracy and explainability, for example, medical imaging or defence
applications.

• Information Recovery: Super resolution techniques can only enhance an image to a certain
extent as they rely on the information that is already present in the low resolution image.
When the low resolution input is severely degraded or lacking of important details, super
resolution techniques cannot recover or create this lacking detailed information. This lim-
itation makes the techniques less effective for situations in which the input is of extremely
low quality.

• Generalisation: Super resolution methods are often trained on very specific imagery (e.g.
HSI). When the techniques are applied to unseen data that differs from the training data,
the models can struggle to extrapolate results to generate correct predictions leading to
sub optimal results if utilising trained models.

To combat this, one can retrain or fine-tune models, however this can be impractical as
this process is time consuming and computationally complex. If there is very limited
availability of the specific data type required, then super resolution techniques may not
be best placed to provide enhancement on these inference images.

Super resolution can be an important technique to enhance low resolution and degraded images
however consideration must be given to ensure that this is an appropriate and well performing
technique for the specific use case it is being applied to.
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2.3.5 Summary

The three methods were investigated to enable a comparative analysis of different super reso-
lution approaches before selecting the most suitable technique for this experiment. Following
analysis of the techniques, DIP was selected for use in this experiment due to its straightforward
implementation and its ability to be applied to multiple use cases.

2.4 Conventional ProcessingMethods forHyperspectral Anomaly
Detection

2.4.1 Summary

For this study, it was important to understand both the strengths and limitations of current, con-
ventional HSI anomaly detection techniques. The use of these techniques in this study directly
enables a benchmarking experiment to be conducted which allows a comparison of effectiveness
of both traditional and newer, ML approaches. Traditional methods also aid in gathering a solid
foundational understanding of the basic principles of HSI anomaly detection that can later be
applied to new algorithms. Conventional methods have been shown to perform reliably across a
variety of use cases and are often much simpler to integrate and apply thanML techniques. Four
popular conventional techniques used in HSI anomaly detection are detailed below to enable a
comprehensive comparison of techniques.

2.4.2 Adaptive Cosine Estimator

Adaptive Cosine Estimator (ACE) is a detection algorithm that is frequently used with HSI data
to identify and locate specific target materials or spectral signatures within a scene [22].

To perform ACE, an input image and a specific, known target spectral signature are required.
Following these inputs, the aim of ACE is to calculate how well the input target signature
matches a current pixel signature whilst also taking into account the background variability
of a scene based upon the squared cosine of the angle between the test pixel spectrum and the
target spectrum [23]. Following this calculation, the algorithm returns an “ACE score” for each
pixel in the image. The higher this score, the stronger the match between the target spectrum
and the pixels’ spectra, suggesting that the given pixel contains the target material.
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ACE(x) =
(
sTΣ−1

b x
)2(

sTΣ−1
b s

) (
xTΣ−1

b x
) (2.4)

Where:

• s is the target signature,

• x is the observed pixel spectrum,

• Σb is the covariance matrix of the background pixels.

The use of ACE is particularly effective for known target detection when image backgrounds
are noisy and/or cluttered. As ACE takes into account image background, it can be an effective
technique to distinguish between a desired target and the background clutter and presents a
robust and tested detection capability in variable scenarios. To counter this point, ACE performs
best when background statistics are accurate. The algorithm heavily depends on an accurate
estimation of the background covariance matrix, if this is incorrectly calculated, then results of
ACE will be poor [24].

Whilst ACE is an extremely useful algorithm for performing known target detection in HSI, it is
unsuitable for further comparative study in the context of this thesis due to the desire to focus on
unknown material anomaly detection. The requirement of ACE to have a known input signature
denotes that if there are multiple targets within an image, the technique must be repeatedly run.
Whilst multiple runs are not computationally expensive when running ACE, the lack of known
target inputs led to the decision that another technique may be more beneficial within the remit
of this thesis. The ACE algorithm was applied to the synthetic image to generate the figure
below. Here “ACE - Endmembers” 1, 2, and 3 are detection maps with colours representing the
likelihood that a specific signature is present at that pixel.

Figure 2.5: ACE applied to example image
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2.4.3 Cluster-Based Anomaly Detection

Cluster-Based Anomaly Detection (CBAD) is a technique that utilises unsupervised clustering
techniques to perform anomaly detection in HSI [25]. Initially an input image is fed into a
clustering algorithm, the most common algorithms being:

• K-Means Clustering: K-Means is a form of partition clustering used to divide data into
a pre-defined number of clusters that are determined by data similarity. A number K of
random centroids are initialised, each data point within the image is then assigned to its
nearest centroid, forming K clusters. The centroid locations are then iteratively updated
to be the mean of the assigned points, this process continues until the centroid locations
plateau and K clusters are finalised [26]. Outlying points are determined by their distance
from the centroid location.

J =
K∑
i=1

∑
xj∈Ci

∥xj − µi∥2 (2.5)

Where:

– K is the number of clusters,

– Ci is the set of points assigned to cluster i,

– µi is the centroid of cluster i,

– xj represents a data point,

– ∥xj − µi∥2 is the squared Euclidean distance between xj and µi.

The figure below displays the synthetic HSI next to the results of applying a K-Means
clustering algorithm. Every pixel in the original image has been assigned to a cluster
based on similarity, reducing thousands of colours in the synthetic image down to just a
few shades (black, grey, and white).
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Figure 2.6: K-Means applied to example image

• Density-Based Spatial Clustering of Applications with Noise (DBSCAN): DBSCAN is
a clustering technique that does not require the number of clusters to be defined prior to
performing the technique. This is done by assigning all points to the categories of: core
points, border points or noise points. Clusters are expanded from core points based on the
density of points within a distance ϵ and a minimum number of points that are required
to form a cluster. Points that do not fit into any clusters are labelled as the outlier noise
points [27].

Nε(xi) = {xj ∈ D | ∥xj − xi∥2 ≤ ε} (2.6)

Core(xi) =

1, |Nε(xi)| ≥ MinPts

0, otherwise
(2.7)

xj is directly density reachable from xi

⇐⇒ xj ∈ Nε(xi) and Core(xi) = 1 (2.8)

xi and xj are density connected if there exists a chain xi1 , . . . ,xim such that

xi1 = xi, xim = xj, and each xik+1
is directly density reachable from xik (2.9)
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Ck = {xi ∈ D | xi is density connected to some core point in cluster k} (2.10)

N = {xi ∈ D | xi /∈
K∪
k=1

Ck} (2.11)

DBSCAN has been applied to HSI for band selection [28] and a demonstration of the
clustering applied to the example synthetic image is given in the figure below. As DB-
SCAN is a density-based algorithm if the data is too densely packed then the algorithm
may estimate that all points belong to the same cluster, hence the plain second image.

Figure 2.7: DBSCAN applied to example image, only 1 cluster identified

• Gaussian Mixture Model (GMM): GMM is a form of “Fuzzy Clustering”, meaning in-
stead of every point being assigned to a cluster, a probability of membership to a cluster
is assigned to each point instead. It is assumed that input data is created from a mixture
of multiple Gaussian distributions, of which the parameters are unknown. Each of these
distributions represents a cluster within the data. The GMM aims to learn the parame-
ters of these distributions that best represent the original dataset and use these to assign
clusters to points. The Gaussian parameters are estimated from an iterative expectation-
maximisation algorithm [29]. In the E-step, the algorithm calculates the probability of
each data point belonging to each cluster, and in the M-step, it updates the parameters
(means, data covariances) to maximise the likelihood of the data and repeats this process
until data convergence. [30]. Within the context of anomaly detection, the GMM is ap-
plied to unseen data and the regions of the images that have low likelihoods are flagged
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as anomalies. Within the context of HSI, GMMs have been used to perform segmentation
and clustering within remote sensing images [31].

L(θ) =
N∑
i=1

log
K∑
k=1

πk N (xi | µk,Σk) (2.12)

Where:

– L(θ) is the log-likelihood function,

– N is the number of data points,

– K is the number of Gaussian components,

– πk is the weight (mixing coefficient) of the k-th Gaussian component,

– N (xi | µk,Σk) is the probability density function of a Gaussian distribution with
mean µk and covariance Σk,

– xi represents a data point.

In the following figure, GMMhas split the example image into a grayscale representation, group-
ing pixels based on their probability of belonging to a specific Gaussian distribution.

Figure 2.8: GMM applied to example image

On of the key benefits of the use of clustering techniques to perform anomaly detection is its use
of unsupervised learning. Unlike the ML techniques discussed in section 2.3 no labelled data
is required for these techniques to perform accurately which is especially useful in the field of
HSI where limited labelled examples are readily available. Clustering techniques are also both
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flexible and scalable due to their ability to perform on different datasets containing clusters that
are a variety of shapes and sizes.

However, when compared to other anomaly detection techniques, clustering can be particularly
sensitive to noisy and cluttered images which can lead to background being incorrectly clas-
sified as anomalous. Multiple clustering algorithms also require parameter setting early on in
the implementation process, if these parameters are incorrectly initialised then clusters may be
incorrectly assigned further down the pipeline.

2.4.4 Hotelling’s T² Statistic

Hotelling’s T² Statistic is a statistical test used to identify anomalies within high-dimensional
data [32]. The aim is to determine whether a given point is anomalous based on its deviation
from the multivariate mean of the image whilst also taking into account the covariance of the
data.

To perform this statistic, firstly the covariance matrix of the image is calculated along with the
multivariate mean. Following these calculations, Hotelling’s T² Statistic is computed for each
data point as follows:

T 2 = n(x̄− µ)TS−1(x̄− µ) (2.13)

Where:

• n is the sample size (number of pixels used to model the background of the data),

• x̄ is the data point mean vector,

• µ is the mean vector,

• S is the sample covariance matrix.

The computed value is then compared to an identified threshold value (determined from con-
fidence level and image dimensions). If the calculated T² statistic is larger than the threshold
value, that data point is considered an anomaly as it is significantly different from the calculated
multivariate mean [33].

This statistic is a key tool to aid in identifying changes in the means between multiple data
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points. It enables the comparison of multiple data points in an image at once to avoid having to
run separate tests for each point, saving time and compute resource when performing anomaly
detection.

The T² statistic has been applied to HSI data to perform “Hierarchical Clustering” [32] with
the aim to perform land cover classification and whilst this technique demonstrated successful
results, its use within HSI anomaly detection has had limited exploration in existing literature.
As a result, it was considered less suitable for the objectives of this study and was not selected
for further use. The following figure displays the example image and it’s equivalent map of
the T² statistic for every pixel. The brighter pixels indicate a higher T² value, suggesting those
specific pixels are statistical outliers compared to the rest of the noise distribution. The darker
areas more closely align with the mean of the overall image data.

Figure 2.9: Hotelling’s T² Statistic applied to example image

2.4.5 Reed-Xiaoli Detector

The Reed-Xiaoli (RX) Detector is one of the most commonly used HSI anomaly detection tech-
niques. RX is a statistical technique that starts by modelling the background of an image through
the calculation of the mean spectra of an image (the background) and the covariance matrix of
this background to gain an understanding of the variability of spectra across the scene. Fol-
lowing these calculations, the Mahalanobis Distance is computed for each pixel in the image to
obtain a value for the distance between the pixels’ spectral signature and the previously obtained
mean background values. The Mahalanobis Distance is calculated by:

DM(x,µ) =
√
(x− µ)TS−1(x− µ) (2.14)

Where:
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• x is the vector of the data point,

• µ is the mean vector,

• S−1 is the inverse covariance matrix of the background data.

The RX score for each pixel is then calculated, a higher RX score indicates that the pixels spectral
profile is significantly different from the background suggesting it may be an anomaly [34][35].

The RX anomaly detection score is given by:

RX(x) = D2
M(x, x̄) (2.15)

Where:

• x is the feature vector of the pixel being analysed,

• x̄ is the sample mean vector,

• DM(x, x̄) is the Mahalanobis distance between x and the mean,

The process of performing RX detection is time and resource efficient however, it is noted in
Küçük 2015 [36] that when using local area statistics, the detector infrequently only identifies
the centre of anomalous regions and may miss out on larger anomalies. The technique also has
the potential to identify sub-pixel targets that may be anomalous which could be useful in remote
sensing applications.

The RX detector is well documented, easy to implement, and frequently used. This made it an
optimal choice for use within this study to enable a comparison between conventional techniques
and ML approaches to HSI anomaly detection.

Hotelling’s T 2 statistic, the Mahalanobis distance, and RX detection are all related techniques
used to quantify how far a data point deviates from a given distribution. T 2 is a scaled version of
the Mahalanobis distance that accounts for sample size, while RX detection directly applies the
Mahalanobis distance to HSI for anomaly detection by identifying pixels with high deviations
from the background statistics.

The figure below shows the original, synthetic image and the output when that image was run
through an RX detector. Here, the bright spots represent pixels that are the most spectrally
different from the surrounding background mean.
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Figure 2.10: RX applied to example image

2.5 Machine Learning Methods for Hyperspectral Anomaly
Detection

2.5.1 Summary

In order to fully compare the results of both conventional and ML techniques, the following
section will discuss and detail prominent current ML HSI techniques and the challenges faced
when implementing these approaches.

2.5.2 Autoencoders

As discussed in [1], Autoencoders (AEs) are a form of unsupervised artificial neural networks
that are often utilised with the aim of reconstructing input data to minimise the difference be-
tween input and generated output data. The AE aims to learn the underlying structure of unla-
belled input data through an encoder and decoder structure as shown below:

Figure 2.11: Autoencoder Structure

The use of AEs within the field of HSI is well documented as the use of AEs can reduce data
dimensionality whilst also preserving essential features [37]. Examples of use cases are detailed
below:
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• Noise Reduction: AEs have been used alongside HSI data to reduce noise within images,
this is done through the learning of a compressed representation of the underlying data
structure whilst filtering out image artefacts [37].

• Pre-training: Due to the complexity of HSI, the pre-training and fine-tuning ofMLmodels
can save significant amounts of time and compute resource. The use of an AE to pre-train
neural network weights allows a user to fine-tune a larger model using a smaller subset of
labelled data. This is especially beneficial when labelled data is extremely limited [37].

• Data Augmentation: When training ML models, a common technique employed to avoid
overfitting is data augmentation (the process of creating new data samples from existing
images). In HSI, AEs can be utilised to generate synthetic images that can increase the di-
versity of a training dataset with the aim to improve the performance of anomaly detection
models [37].

Despite the large amount of research on AEs, there remain many unanswered questions espe-
cially when applied to niche datasets such as HSI. One of the key factors behind this research
gap is the lack of available labelled HSI benchmarking test datasets. It should also be noted that
many HSI based AEs only model either spectral or spatial features in isolation. This separation
can lead to the loss of important joint spectral–spatial information during encoding. This di-
rectly leads to the inability to accurately reconstruct HSI data during the later decoding process.
It is likely that future research in the field will focus on the fusion of both spectral and spatial
data.

2.5.3 2D Convolutional Neural Networks

CNNs aim to learn features from input data using a variety of filter operations (convolutions)
[38]. As previously introduced in Section 2.3.1 in the context of DIP, these operations form
the foundation of CNN architectures. In the context of image processing, this is accomplished
through a CNN constructed from various layers listed below:

• Convolutional Layers: The convolutional layers within a CNN apply learnable kernels
(filters) to input image data. These filters perform a sliding window operation to calculate
the dot product between the defined kernel and the input image. The result of this dot
product is a feature map that represents the different details within the input image.

• Activation Functions: Following the convolutional layer, the activation function is then
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applied with the aim of introducing non-linearity to the model. This enables the CNN to
learn more complex features within the images.

• Pooling Layers: Pooling layers are introduced to the CNN to reduce the spatial dimensions
of output feature maps. This operations decreases the number of hyper-parameters within
a layer in order to control efficiency. This process also can aid in the prevention of model
overfitting. “Max Pooling” and “Average Pooling” are two common pooling operations
that select the maximum value and the average values within an image patch respectively.

• Dense Layers: Dense layers, also known as Fully-Connected layers are used to connect
layers of neurons within a network together. These layers are used to ensure that informa-
tion effectively flows throughout a network and to ensure the information extracted from
the output of feature maps is taken into account when the CNN is performing classification
or regression.

• Dropout Layers: The use of dropout layers in CNN is optional, they are implemented as
a technique to prevent overfitting by randomly setting input values to a layer as 0, this
forces a network to learn more robustly due to the variation in an image.

Following construction, the network is trained using backpropagation [39]. The process involves
a network feeding error rates back through previous layers to update the model weights.

Firstly, a forward pass of data is conducted through the model, immediately followed by an
error / loss calculation. This loss value is then propagated back through the network and the
amount that each weight and bias value contributed to this loss is computed. The weights of the
network are then updated using an optimisation algorithm (often gradient descent) with the aim
to reduce the overall loss value. This process is performed on an iterative basis until convergence
is reached. The whole process acts as an approach to reduce error in model predictions [40].
The calculation of this error requires a known result and label for every piece of input training
data which can be a drawback of utilising these models.

Within a HSI context, multiple papers have explored the use of 2D CNNs and how they can
apply to this data. CNNs are regularly used for landscape classification [41], object detection
[42] and denoising of images [43] and have shown promising performance and adoption.

A drawback of utilising 2D CNNs on HSI data is that they can only take into account either the
spatial data or the spectral data at one time. When processing the spatial data, the CNN can only
consider a single spectral band and conversely when processing the spectral bands, only a single
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spatial pixel can be considered. A way to combat this is to utilise 3D CNN structures which are
detailed in the following section.

2.5.4 3D Convolutional Neural Networks

A 3D CNN uses 3D kernels to perform 3D convolution operations in the same process as de-
scribed for 2D CNNs, however a benefit of 3D networks is that they can extract both spatial and
spectral features from an image simultaneously [44]. This feature extraction process enables a
deeper understanding of the input data structures and is specifically useful in HSI where a com-
bination of both spectral and spatial information can be used to detect and identify materials
(and anomalies).

It has also been demonstrated that the integration of spatial and spectral features can achieve
higher classification accuracy when compared to 2D methods, this can mean they are more ef-
fective when applied to real-world data. This increased performance is likely due to the networks
being more capable of learning complex features and their relationships to each other within an
image.

As most image processing (2D) CNNs are not intrinsically designed to handle HSI datacubes,
the use of 3D CNNs can reduce the time taken and complexity of image preprocessing. There
is no longer a need to perform dimensionality reduction on the HSI and so less manual data
engineering process is required.

There are however, downsides to the use of 3DCNNs in HSI processing. As CNN size increases,
the computational cost and complexity to perform the convolutional operations increases. The
higher dimensionality of the input datacubes can lead to increased compute resource require-
ments. The issue of a lack of labelled HSI datasets also comes into play, a large amount of
labelled data is required to effectively train 3D models and this process can be labour intensive,
complex and is not often available in the open-source domain. If a model is trained utilising
limited training data, then the model is more likely to overfit and be less generalisable to new
and unseen scenes [45].

2.5.5 Vision Transformer Networks

Vision Transformers (ViTs) are a newer type of neural network that were proposed in 2017 [46]
and initially developed for use in Natural Language Processing but have been adapted for use
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within the field of computer vision [47].There are multiple key components that make up a ViT
model:

• Patch Embedding: Before being fed into the main transformer module of a ViT, an input
image must be divided up into a number of patches (often 16x16 pixels), these patches
are then flattened into vector format and act as “tokens” that are fed to the transformer
model.

• Positional Embedding: In order to ensure that spatial features are preserved during the
above patching process, positional embeddings are assigned to each image patch. This
ensures that the transformer model can differentiate between all of the patches based upon
their location within the input image.

• Attention: Self-attention (attention) is a process by which the transformer model can
weigh up the importance of different features contained within an image relative to each
other. Attention allows the model to focus on the important features and patterns across
the input image.

• Transformer: The Transformer is made up of multiple layers of attention and feed-forward
neural networks. Each layer applies attention to the input image patches which enables
the model to learn dependencies and contextual information about the patches.

• Classification: After being processed by the transformer network, a classification layer
may be present to assign a class to each image patch to produce a final prediction based
upon extracted features [48].

There are several key advantages to the use of ViTs in image processing due to their flexible and
scalable nature. Perhaps the most prominent benefit of utilising ViTs is the ability to capture
and understand the global context of an image and use this when making predictions. This is in
contrast to CNNs which only utilise local context.

Despite the positives detailed, there are drawbacks to the use of ViTs. They can be computa-
tionally and resource demanding, more so than CNNs, due to their increased model size making
them unpractical for use in limited compute environments. ViTs are also slower to perform both
the training and inference process when compared to similar CNNs. Whilst ViTs outperform
CNNs when capturing global image information, they can struggle when trying to understand
local patterns, hybrid models that combine both CNNs and transformers have been proposed to
combat this issue and are an area that is currently undergoing research [49]. To aid comparison,
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a simple example of both a CNN and ViT architectures are given below.

Figure 2.12: Simplified CNN Architecture

Figure 2.13: Simplified ViT Architecture

Perhaps the most commonly utilised ViT is the SWIN transformer which utilises “Shifted Win-
dows” to build hierarchical feature maps of images for computer vision use cases [50]. In the
context of this thesis, multiple studies have applied ViTs to the use case of anomaly detection
using HSI to successful results [51], [52], one such example of this is given in the following
section.

2.5.6 General Anomaly Enhancement Network with Random Masks for
Hyperspectral Anomaly Detection (AETNet)

A key ML technique that is relevant and extremely important in the context of this thesis is
AETNet [53]. First published in March 2023, AETNet is a machine learning model for hyper-
spectral image anomaly detection that aims to address the limitations of conventional methods
by generalising across datasets without retraining. The model consists of three modules:

1. Random Masking Module: This creates irregularly shaped masks over training images
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based on assumptions that anomalies (when present) are irregularly embedded, spectrally
different from backgrounds, and occupy a small area within the image.

2. ImageReconstructionModule: Thismodule employs a Convolutional Autoencoder (CAE)
for spatial feature extraction and a Swin UNet with transformer architecture for feature
representation learning.

3. Transfer Domain Search: To complete the full detection pipeline.

Following model construction, AETNet is trained to restore masked image sections by min-
imising the differences between masked inputs and expected outputs. It uses a loss function that
considers spatial correlation and penalises structural differences with the aim to help enhance
anomalies against backgrounds.

When assessed against baselines by the authors, the model outperformed classical methods
even when anomalies were less well defined or backgrounds were cluttered. The model also
showed increased generalisability and computational efficiency making it a good candidate for
use within this study.
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Chapter 3

Literature Review

3.1 Introduction

HSI has become an important data source for anomaly detection in remote sensing due to its high
spectral resolution and ability to distinguish between materials with similar spatial characteris-
tics. This capability has led to the use of HSI in applications such as environmental monitoring,
agriculture, and defence. Over time, a range of techniques have been developed to try and solve
the anomaly detection problem, including conventional signal processing methods and more
recent ML approaches.

While considerable research has focused on improving detection accuracy, there has been less
attention given to understanding how variations in image quality directly influence the overall
performance of these developed techniques. This is particularly relevant in operational contexts
where image quality may be constrained by sensor limitations or cost.

The primary goal of this research is therefore to investigate the effect of image quality on both
conventional and ML anomaly detection methods when applied to HSI. This chapter reviews
relevant literature, with the aim to gain an understanding of the current state of the field and
identify capability gaps that influence the work presented in this thesis.
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3.2 Scope and Search Strategy

While the primary focus of this research is on HSI, this review will also encompass literature
on ML techniques that have been applied to non-HSI imagery, such as Panchromatic, RGB, and
MSI as ML has been extensively applied to this imagery due to the availability of large datasets
(unlike in HSI). The goal of this is to identify methods in similar fields that could be adapted and
applied to HSI, therefore broadening the scope of effective techniques for anomaly detection in
HSI

The literature search was conducted using Web of Science, covering publications up to March
2025. Keywords included “Hyperspectral”, “Remote Sensing”, “Anomaly Detection”, “Ma-
chine Learning”, and “Signal Processing”, combined using Boolean operators.

Studies were included if they were published in English, focused primarily on remote sensing
imagery, and examined anomaly detection using either conventional or ML-based techniques.

3.3 Trends in Hyperspectral Anomaly Detection Research

When conducting a literature review of recent research, a clear distinction was demonstrated
between studies focusing on conventional signal processing techniques, such as in [23], [25],
[32], [36] and an increasing number developing ML methods, for example, [1], [37], [41], [44],
[52].

In recent years there has been a notable shift towards ML based anomaly detection as demon-
strated by an increase in publication counts relating to HSI anomaly detection using machine
learning techniques, this is demonstrated in the publication count graph below. This trend is
likely due to increased data availability, wider access to open-source ML model, and reduced
need for specialised ML hardware when developing models. Despite this shift, conventional
techniques still remain relevant due to their deterministic nature (compared to probabilistic ML)
and relatively low computational requirements, as discussed in [54] and [55].
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Figure 3.1: Graph of Publication Count vs Year

Publication counts for the graph were obtained using Web of Science and the key works “Hy-
perspectral” AND “Anomaly Detection” AND “Machine Learning” and “Hyperspectral” AND
“Anomaly Detection” AND “Signal Processing” respectively. It was noted that far fewer stud-
ies have been conducted into direct comparison efforts between the two approaches in a remote
sensing context, with Ghamisi et al [56] being one of relatively few examples, which unlike in
this thesis, does not directly assess any effects of image pre-processing on prediction perfor-
mance

3.4 Image Quality and Preprocessing in Anomaly Detection

Image preprocessing is widely recognised as a key component of anomaly detection. Techniques
such as noise reduction, smoothing, dimensionality reduction, and super-resolution have been
applied to enhance image quality with the aim of improving imagery analysis [57], [58]. In
ML-based approaches, preprocessing affects model performance and generalisation, while in
conventional methods it influences statistical estimation and background modelling [54], [55],
[58]
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Studies such as [57] demonstrate that improving image quality through preprocessing can lead to
increased ML model performance, particularly when enhancing spatial resolution using super-
resolution. However, a large proportion of existing work focuses on optimising model accuracy
rather than evaluating the relationship between image quality and anomaly detection model per-
formance. As highlighted in [58], the effectiveness of preprocessing techniques is highly de-
pendent on the specific use case, and inappropriate preprocessing can result in information loss
or the introduction of artifacts.

Overall, there is limited literature that directly examines how varying levels of image quality
affect both conventional and ML based anomaly detection methods, particularly studies that
utilise a controlled experimental framework.

3.5 Conventional Signal ProcessingApproaches forHSIAnomaly
Detection

Conventional anomaly detection techniques in HSI typically focus on statistical modelling of
background spectral signatures and the identification of pixels that deviate significantly from
this background. The Reed–Xiaoli (RX) detector is perhaps the most widely used approach and
has been regularly studied in literature. This method generally assumes a Gaussian or mixture-
based background model, which can limit its robustness in complex scenes [59].

Extensions to the traditional RX method have been proposed to address its limitations. For
example, kernel-based RX algorithms introduce nonlinear mapping functions with the aim to
capture higher-order spectral relationships, resulting in improved detection performance under
certain conditions [60]. Other approaches have aimed to incorporate spatial information through
subpixel and superpixel representations of features, enabling improved detection of anomalies
when compared to single pixel-level approaches [61].

Despite their advantages, conventional methods can be sensitive to noise, background variabil-
ity, and the high dimensionality of hyperspectral data [54], [55]. Importantly for this thesis,
most studies evaluate these techniques using fixed quality imagery, with limited discussion of
how degradations and improvements in resolution affect their detection performance.
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3.6 Machine Learning Approaches for HSI Anomaly Detec-
tion

Machine learning techniques have gained increasing attention in HSI anomaly detection due to
their ability tomodel complex spectral and spatial relationships. Convolutional Neural Networks
and other deep learning architectures have demonstrated improved performance compared to
traditional methods on benchmark datasets [62]. However, these methods often require large
amounts of training data, which can be very difficult to obtain for HSI applications.

More recent work has focused on unsupervised and self-supervised approaches to address the
lack of labelled HSI datasets. For example, the ML model presented in [53] introduces a train-
ing strategy that enables models to generalise well to new, unseen scenes without the need for
retraining. The introduction of the HAD100 dataset in [53] has also enabled more consistent
evaluation of ML anomaly detection techniques across HSI remote sensing scenes.

Despite their increased performance, ML approaches often require significant computational re-
source and may be more sensitive to training data characteristics than conventional techniques.
Their performance therefore can degrade when applied to imagery that differs in quality or res-
olution from the training data, and this resulting limited generalisability can lead to a lack of
real-world use cases [62].

3.7 Comparative and Hybrid Approaches

A large amount of existing literature examines conventional and ML anomaly detection tech-
niques in isolation. Comparative studies between the two techniques are relatively rare and of-
ten focus on accuracy metrics rather than sensitivity to data quality [63]. Reviews of traditional
methods [63] and ML methods [38], [64] demonstrate this gap within the literature.

Hybrid approaches that combine conventional and ML techniques have been proposed as a way
to exploit the strengths of both methods. For example, image preprocessing and dimensionality
reduction may be performed using traditional techniques before applying ML models to the
data [65], [66]. Other approaches have used conventional methods to guide MLmodels towards
anomalous regions, with the aim to improve detection performance and reducing false positives
[67], [68].
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While these hybrid methods show promise and progress in HSI anomaly detection, their perfor-
mance regarding image quality conditions has not been thoroughly investigated.

3.8 Industrial and Operational Considerations

Multiple studies related to HSI anomaly detection assume access to a singular high-quality
dataset and significant computational resource, these are assumptions that may not be met in
real-world industrial and remote sensing applications [69], [70]. In reality, data quality may be
limited by sensor limitations, acquisition cost, or sensor bandwidth.

More recently, there is research to suggest that lower-quality data may still be sufficient for
certain detection tasks [71]. For example, lower-resolution imagery may be adequate for ap-
plications such as agricultural monitoring or rapid environmental assessments, where detection
speed and resource efficiency are prioritised over detection quality.

However, existing ML approaches still often assume access to large, high-quality datasets. As
demonstrated in [72], certain MLmodels may struggle to perform well when input imagery does
not meet specific size or resolution requirements. This highlights the need for a more flexible,
data-driven approach to anomaly detection that considers the multiple trade-offs between image
quality, performance, and real world, operational constraints.

3.9 Summary of Research Gaps

This literature review identifies three key gaps in the current field of HSI anomaly detection.
First, there is a lack of analysis of how variations in image quality affect the performance of both
conventional and ML detection methods. Secondly, comparative studies that directly evaluate
these two approaches under experimental conditions are limited. Finally, there is insufficient
consideration of industrial and operational constraints, particularly with respect to data quality
and computational resources.

This thesis aims to address these gaps by conducting a comparative evaluation of conventional
and ML anomaly detection techniques under controlled variations in image quality using a re-
mote sensing HSI dataset. By focusing on practical performance trade-offs, this work aims to
provide insights that are relevant to real-world deployment scenarios.
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A comparative summary of the HSI anomaly detection approaches discussed in this chapter,
including their key characteristics, advantages, and limitations, is provided in the table below.
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Chapter 4

Experimental Design

Building upon the insights gained from the literature review in Chapter 3, this chapter outlines
the methodology used to investigate key research questions related to anomaly detection in HSI.
The objective of this experimental design is to evaluate the performance of an ML and conven-
tional technique and assess the impact of image quality and preprocessing techniques.

To achieve this objective, three primary research questions were formulated, guiding the devel-
opment of an experimental framework:

• What is the performance difference between AETNet and RX anomaly detection?

• What is the lowest quality image that can be used to perform HSI anomaly detection?

• What benefit does performing super resolution on the training and testing set add?

4.1 Dataset Acquisition

In order to answer the above questions, the first step was to obtain sufficient data to train and
test the AETNet that would also be suitable for utilising RX detection. When searching for a
suitable dataset to perform anomaly detection using AETNet multiple options were considered
and assessed for suitability which are detailed below.

It should be noted that where HSI images are presented in this thesis, they are displayed in false
colour maps where colours are artificially assigned to represent specific wavelengths not visible
to the human eye in order to aid visualisation.

53



4.1.1 ABU Dataset

The ABU dataset [73], published in 2017 consists of 11 scenes captured by NASA’s AVIRIS
sensor [74]. An example ABU image and ground truth map are displayed below. The images
within this dataset are split into three categories: Airport, Beach and Urban. Image size ranges
from 80x100 pixels to 400x400 pixels with an average of 185 spectral bands per image. Each
image in the ABU dataset has a corresponding ground truth map with anomalies identified to
enable to training and testing of models [75]. Whilst this dataset would be useful for more
traditional anomaly detection techniques, it does not contain enough images to both train and
test the AETNet to allow sufficient comparison with RX detection. AETNet is a deep learning-
based method which requires a substantial amount of data for both training and testing to learn
meaningful patterns and to generalise well to new, unseen examples, it is likely therefore that the
performance comparison with RX (which is typically less data-hungry) would be compromised
due to the insufficient dataset size.

Figure 4.1: False colour map and ground truth of an ABU Airport Scene [73]

4.1.2 Target Detection Blind Test Dataset

The Target Detection Blind Test Dataset [76] contains one training and one testing HSI scene,
displayed below. The data was collected with the HyMap sensor [77] and contains 126 bands
with a resolution of 3m. The classes in the training image are identified and labelled in 5 cat-
egories: Buildings, Trees, Grass, Road and Hill Terrain. This dataset provides a useful way to
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test developed techniques, however it is likely that one image is too few to optimally train an
ML model, therefore making it an unsuitable dataset for this thesis.

Figure 4.2: False colour map and ground truth of the Target Detection Blind Test Scene [76]

4.1.3 Multi-Platform Optical Remote Sensing Dataset for Target Detec-
tion

The Multi-Platform Optical Remote Sensing Dataset for Target Detection [78] utilises NASA’s
AVIRIS sensor at a spatial resolution of 4m with 370 spectral bands to capture a scene of size
436×1171 pixels that contains 5 targets. A false colour map of the scene is given below. The
targets within the scene consisted of fabric sheets of size 10mx10m that were placed atop veg-
etation and soil backgrounds. Similar to the above datasets, this dataset is useful for testing
methods however it does not provide enough data to fully train an ML model.
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Figure 4.3: False colour map of the Multi-Platform Optical Remote Sensing Scene [76]

4.1.4 HAD100 Dataset

The HAD100 dataset [53] was identified as the most suitable dataset for this study due to its
amount of images and available ground truth. The HAD100 dataset consists of 260 anomaly-
free HSIs for training and 100 test HSIs obtained from the NASA AVIRIS-NG Sensor [79].
All images are 64x64 pixels in size and the size of ground truth targets ranges from 1 to 69
pixels in various backgrounds, including forest and farmland. The limitation of the use of this
dataset is the limited image size. As images decrease in size due to downsampling, the use of
RX detection becomes increasingly problematic due to lack of pixels available for covariance
calculation. The smallest images used within this thesis were 16x16 pixels which is suboptimal
for the use of this technique, however with very limited options available it was deemed that the
study should proceed but with this limitation noted.

All training, testing and inference was performed on the first 50 bands of the data as was con-
ducted in the original AETNet paper to enable a clear baseline and comparison. A selection of
HAD100 images and ground truth maps are displayed below.
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4.2 Technique Implementation: DIP

Following acquisition of the HAD100 dataset, super resolution was performed utilising DIP at
multiple scale factors. An example of super resolution performed on test image 94 is given
below. The code to perform this was obtained from [80].

(a) False colour map of original
HAD100 test image 94

(b) False colour map of
HAD100 test image 94 en-
hanced using DIP with SF 2

(c) False colour map of
HAD100 test image 94 en-
hanced using DIP with SF 4

Figure 4.5: False colour maps of HAD100 test image 94 enhanced using DIP

4.3 Technique Implementation: Downsampling

In order to degrade the quality of the HAD100 dataset, images were downsampled at multiple
scale factors using Gaussian filtering and OpenCV in Python. This reflects practical constraints
such as limited transmission bandwidth or resource-constrained deployment environments. An
example of this downsampling process performed on test image 94 is given below.
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(a) False colour map of original
HAD100 test image 94

(b) False colour map of
HAD100 test image 94 de-
graded by downsampling with
SF 2

(c) False colour map of
HAD100 test image 94 de-
graded by downsampling with
SF 4

Figure 4.6: False colour maps of HAD100 test image 94 degraded using downsampling
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Chapter 5

Methodology & Results

To address the research questions outlined in the previous chapter, seven experiments were con-
ducted using the HAD100 dataset. The results were evaluated based on the metrics outlined
below, with the goal of providing a comprehensive analysis of how image quality impacts the
performance of anomaly detection techniques. This chapter presents the experiments, their re-
spective results, the performance metrics used, and a discussion of the findings in the broader
context of the thesis.

5.0.1 Metrics

In order to enable a fair comparison between conventional techniques and ML techniques, com-
mon evaluation metrics must be defined. When undertaking the literature search detailed pre-
viously, six key evaluation techniques stood out as widely used to asses model performance,
the precision, recall [81] , mean absolute error [82], F1 scores, precision-recall graphs [83] and
F1-threshold graphs [84]. These metrics provide an insight into the performance of a model by
measuring its ability to correctly classify ground truth imagery and are detailed below before
the results are presented [85].

5.0.2 Precision

The precision of a model is the ratio of true positive predictions to the total number of positive
predictions, this measures the accuracy of the positive predictions. A high precision (close to
1.0) indicates that the model makes very few false positive errors [81].
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Precision =
TP

TP + FP
(5.1)

Where:

• TP is the number of true positive results,

• FP is the number of false positive results.

5.0.3 Recall

Recall is the ratio of true positive predictions to the total number of actual positive ground truth
examples. It measures the model’s ability to identify all relevant examples within a dataset. A
high recall (close to 1.0) indicates that the model successfully identifies most of the positive
instances [81].

Recall =
TP

TP + FN
(5.2)

Where:

• TP is the number of true positive results,

• FN is the number of false negative results.

5.0.4 F1 Score

The F1 score of a model is the harmonic mean of the precision and recall, this provides a single
metric that balances the trade-off between the two previous metrics. The F1 Score is particularly
useful when the distribution of the classes is heavily unbalanced or when both the presence of
false positives and false negatives will cause significant disruption on model output. A higher
F1 score (close to 1.0) indicates better performance [83].

F1 = 2 · TP

2TP + FP + FN
(5.3)

Where:

• TP is the number of true positive results,
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• FP is the number of false positive results,

• FN is the number of false negative results.

5.0.5 Mean Absolute Error Score

TheMean Absolute Error (MAE) score is used to measure the accuracy of model predicted pixel
values in an image compared to the ground truth pixel values. It is often used to evaluate image
processing tasks such as image denoising and super resolution [86]. TheMAE score is calculated
by averaging the absolute differences between predicted pixel values and the corresponding
ground truth values across all pixels in the image. When applied to binary detection maps,
MAE measures the proportion of incorrectly classified pixels, where values closer to 0 indicate
better agreement between the predicted and ground truth maps [82].

MAE =
1

n

n∑
i=1

|yi − ŷi| (5.4)

Where:

• n is the number of data points,

• yi is the true value for the i-th data point,

• ŷi is the predicted value for the i-th data point.

5.0.6 Precision Recall Curve

Both precision vs recall (PR) curves and plots of F1 score vs model threshold were plotted to
provide a graphical representation of technique performance. The use of P-R curves provides a
clear picture of model performance by focusing on its ability to correctly identify and classify
anomalies to demonstrates the trade-off between precision and recall. This is important in an
anomaly detection use case as the consequences of missing anomalies (low recall) or predicting
false positives (low precision) can vary depending on the use case. A P-R curve can provide an
assessment of a model’s effectiveness in detecting the rare anomaly class. By examining a P-R
curve, the optimal threshold formodel performance can also be identified to balance the trade-off
between the two metrics, this ensures a model performs reliably and as expected when applied
to real-world datasets [83]. The following graphs are presented per experiment and for clarity,
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the baseline results from Experiment 0 have been plotted on all graphs to allow performance
comparison.

5.0.7 F1 Score vs Model Threshold

Plotting the F1 score vs model threshold enables for evaluation of and optimisation of each
model’s performance. By plotting F1 score against different thresholds, the effect of threshold
on model precision can be visualised. This is especially important in anomaly detection as
anomalies are rare and often outnumbered by the “normal” class. The F1 score vs. threshold
plot (applied to the test dataset) helps to visually identify the ideal threshold to maximise the F1
score without causing an overwhelming number of false positives [84]. By using this plot, the
threshold can be tailored to specific use case requirements, ensuring the model is effective in
real-world scenarios.

5.0.8 Note

The precision recall curves and F1 vs model threshold graphs are presented in order of experi-
ment with a brief description of the results shown. Following this output prediction results from
each experiment are shown alongside the false colour map of HAD100 test image 118 (an image
containing multiple clear anomalies) and its ground truth. Full discussion of all results is pre-
sented at the end of this chapter. The ground truth labels were constructed by applying the same
image transformation pipeline (e.g. downsampling or super resolution) to the original ground
truth pixel maps, ensuring spatial consistency with the corresponding input data.

5.0.9 Experiment 0: Baseline Experiment

This experiment serves as the baseline for comparing the performance of a conventional signal-
processing method (RX) with an ML approach (AETNet) in the context of HSI anomaly de-
tection. By establishing a standard benchmark on a shared dataset, the experiment allows for
a controlled evaluation of both techniques under identical conditions [87]. The results of this
baseline experiment provide a foundational reference point, against which the strengths and
weaknesses of the different methods can be objectively measured. This comparative analysis is
essential for understanding howwell anML approach performs relative to a traditional technique
and for identifying areas where an ML approach may offer significant advantages. Experiment
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0A involved training an AETNet on the original HAD100 dataset (260 images) and running in-
ference on the original HAD100 test set of 100 images (model identifier AE_0A). Experiment
0B consisted of running RX anomaly detection over the original HAD100 test set (100 images).

(a) False colour map of
HAD100 test image 27

(b) Ground Truth

Figure 5.1: Experiment 0 Data Example

5.0.10 Experiment 0 Results

Figure 5.2: Experiment 0: Precision-Recall
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Figure 5.3: Experiment 0: F1 Score
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(a) Input (b) Ground Truth (c) 0A Prediction (AETNet)

Experiment 0A

(d) Input (e) Ground Truth (f) 0B Prediction (RX)

Experiment 0B

Figure 5.4: Experiment 0 Results: (0A) AETNet vs (0B) RX anomaly detection on identical test
image

Experiment 0 acts as the bench marking experiment. Both techniques were run over origi-
nal images (no super resolution or downsampling) and the AETNet model used (AE_0A) was
trained only on original images. The results of this experiment suggest that the AETNet per-
forms anomaly detection more effectively than RX detection in the majority of cases across all
thresholds. However when recall is high, the traditional RX detector tends to slightly outperform
the ML AETNet as seen in the figure above.

When visually examining the outputs of Experiment 0A and B there are clear and distinguishable
anomalies detected by both techniques.
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5.0.11 Experiment 0 Discussion

The results from Experiment 0 suggest that the AETNet outperforms RX detection. This result
may be due to the following factors, AETNet utilises a deep neural network whereas RX is
a statistical based approach to anomaly detection. The use of the DNN allows the model to
extract more complex information and relationships from the HSI compared to RX that relies
primarily on statistical deviations from a calculated norm. It could also be suggested that the
use of random masking within AETNet enables the model generalise and adapt to unknown
features better. It should however again be noted that there were limited pixels available to
perform optimal covariance estimations which may affect the RX results.

5.0.12 Experiment 1: AETNet Degraded Test Set

Experiment 1 was the first experiment to introduce image degradation. Both experiment 1A
and 1B utilised the model trained in experiment 0A (AE_0A). Inference was run using model
AE_0A over a test set that had been downsampled by scale factors 2 and 4 respectively. The
goal of this experiment was to evaluate the impact of image degradation on the performance
of the AETNet model and to determine the extent to which performance decreases between the
different scale factors.

(a) False colour map of
HAD100 test image 27 used in
Experiment 1A - SF 2

(b) False colour map of
HAD100 test image 27 used in
Experiment 1B - SF 4

Figure 5.5: Experiment 1 Data Example
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5.0.13 Experiment 1 Results

Figure 5.6: Experiment 1: Precision-Recall

Figure 5.7: Experiment 1: F1 Score
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(a) False colour map of
HAD100 test image 118

(b) Ground Truth (c) Model Prediction

Experiment 1A Results

(d) False colour map of
HAD100 test image 118

(e) Ground Truth (f) Model Prediction

Experiment 1B Results

Figure 5.8: Experiment 1 Results: (1A) AETNet vs (1B) RX anomaly detection under degraded
test conditions

Results from Experiment 1 suggest that the standard AETNet again outperforms other detectors.
When recall is low the performance of the AETNet is superior to RX detection, this occurs even
when the AETNet inference is run over lower quality, downsampled test images.

The model predictions of Experiment 1A are identifiable when presented visually, whereas the
anomalies predicted in 1B are clustered in the correct area but appear smeared and less differ-
entiable due to the use of downsampling on the original image.
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5.0.14 Experiment 1 Discussion

In Experiment 1, the AETNet demonstrates higher performance in anomaly detection when
compared to RX detection. Specifically, AETNet outperforms RX in situations where the recall
is low, which implies that AETNet may be more effective at correctly identifying anomalies
without compromising on precision when only a few anomalies are detected. This improvement
can be attributed to AETNet’s learned spectral–spatial representations, which present as more
robust to noise and resolution loss, whereas RX relies on a fixed global Gaussian model that
may be more sensitive to degradation of the underlying covariance structure. AETNet maintains
superior performance even with lower quality, downsampled test images, which may indicate
that it is capable of detecting anomalies in unideal conditions. Therefore, AETNet may present
a more reliable choice for use cases where test data may not always be of a high quality.

5.0.15 Experiment 2: AETNet Degraded Training Set

Experiment 2 was designed to assess how downsampling impacts the performance of the AET-
Net model when the training data has also been downsampled.

By introducing downsampling during both the training and testing phases, this experiment aims
to simulate realistic scenarios where both input and training samples are of lower quality. Un-
derstanding the effects of image quality in these conditions is important, as it allows for the
evaluation of the model’s adaptability to varying levels of image resolution. The insights from
experiment 2 are useful for real-world applications where high resolution data may not always
be available. Test images used in Experiment 2A and B are the same as Experiment 1A and B
respectively.
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5.0.16 Experiment 2 Results

Figure 5.9: Experiment 2: Precision-Recall

Figure 5.10: Experiment 2: F1 Score
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(a) False colour map of
HAD100 test image 118

(b) Ground Truth (c) Model Prediction

Experiment 2A Results

(d) False colour map of
HAD100 test image 118

(e) Ground Truth (f) Model Prediction

Experiment 2B Results

Figure 5.11: Experiment 2 Results: AETNet trained and evaluated on downsampled data. Test
images used in (2A) and (2B) are the same as those used in Experiment 1A and 1B respectively.

Experiment 2 demonstrates a significant decrease in model performance, indicating that ,as ex-
pected, downsampling the training set directly and negatively impacts prediction quality. When
model threshold is set low, the level of downsampling does not affect the F1 score of the model.
At thresholds greater than 0.25, downsampling the data by a scale factor of 2 significantly out-
performs the scale factor 4 downsampled set.

Upon visual analysis of the results of Experiment 2, the model downsampled by a factor of 2
tends to identify the ground truth anomalies accurately however it also appears to include a sur-
rounding “buffer” area around the main detected anomalies leading to an increased false positive
rate and reduced spatial precision that may be problematic in situations when high precision is
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required. Experiment 2B generates predicted anomalies that are not clearly defined and are sev-
eral pixels larger than the ground truth. However, these predictions still tend to cluster around
the regions where the actual anomalies are located in the ground truth labels.

5.0.17 Experiment 2 Discussion

The drastic decrease in model performance suggests that image quality and training data reso-
lution are important when assessing a model’s performance. By downsampling the training set,
important details and features necessary for accurate anomaly detection are likely lost, leading
to poorer model predictions. This highlights the model’s need for high quality training data to
enable effective learning and accurate predictions. The results of Experiment 2 suggest that
without mitigating image enhancements, low quality imagery will lead to poorer model predic-
tions and a traditional method may provide similar results to an ML based one.

5.0.18 Experiment 3: AETNet Degraded & Enhanced Test Set

Experiment 3 was divided into three parts, all of which used the AE_0A model trained on the
original HAD100 dataset. In Experiment 3A, a test set that had been enhanced using DIP with a
scale factor of 2 was used. Experiments 3B and 3C involved running inference on a test set that
was first downsampled and then enhanced using KernelGAN by scale factors of 2 and 4, respec-
tively. This experiment is conducted to determine whether artificially enhancing low-resolution
images improves or degrades the model’s performance, thereby assessing its robustness to super
resolution in preprocessing and unseen image transformations.

By enhancing the test set using KernelGAN before running inference, the experiment simulates
conditions where image quality has been artificially improved allowing for an analysis of how
well the model understands unknown enhanced details. Evaluating the model’s performance on
both downsampled and enhanced images provides insight into how it handles varying image
resolutions and quality. This understanding is important for real-world applications where im-
ages may be pre-processed to improve resolution before analysis. If the model performs well
with super resolution data, it suggests that using enhancement techniques like KernelGAN could
be a viable strategy to improve model accuracy in situations where high quality images are not
readily available. However, if performance drops, it indicates that the model may struggle with
artefacts introduced by super resolution methods.
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(a) False colour map of
HAD100 test image 27 used in
Experiment 3A

(b) False colour map of
HAD100 test image 27 used in
Experiment 3B

(c) False colour map of
HAD100 test image 27 used in
Experiment 3C

Figure 5.12: Experiment 3 Data Example

5.0.19 Experiment 3 Results

Figure 5.13: Experiment 3: Precision-Recall
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Figure 5.14: Experiment 3: F1 Score
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(a) False colour map of
HAD100 test image 118

(b) Ground Truth (c) Model Prediction

Experiment 3A Results

(d) False colour map of
HAD100 test image 118

(e) Ground Truth (f) Model Prediction

Experiment 3B Results

(g) False colour map of
HAD100 test image 118

(h) Ground Truth (i) Model Prediction

Experiment 3C Results

Figure 5.15: Experiment 3 Results: AE_0A model evaluated on enhanced and degraded test
sets. (3A) test set enhanced using DIP with scale factor 2, (3B) test set downsampled then
enhanced using KernelGAN with scale factor 2, and (3C) test set downsampled then enhanced
using KernelGAN with scale factor 4. 76



Experiment 3 introduces super resolution to the HAD100 test set. As expected, test sets that were
only enhanced using super resolution performed better than those that were first downsampled
and then enhanced. The performance of the original AETNet on test data enhanced by a scale
factor of 2 is comparable to that of the RX detector and it outperforms both RX and the original
AETNet at when recall levels are high.

When examining the model thresholds, the results suggest that performance consistently de-
clines on the downsampled test sets, however there appears no significant variation in perfor-
mance based on the specific downsampling scale factor.

From visual examination of Experiment 3 model results, it can be seen that all 3 models perform
well and produce distinguishable anomalies. These predictions tend to increase in blurriness
with an increasing super resolution scale factor, making detected anomalies appear slightly less
distinct.

5.0.20 Experiment 3 Discussion

The finding from Experiment 3 that test sets enhanced using super resolution outperform those
that are downsampled before being enhanced suggest that preserving data quality of HSIs is im-
portant for increased model performance. This suggests that super resolution is more effective
when applied to imagery that retains most of its original, complex details. The second finding
is that the original AETNet’s performance on test data enhanced by a scale factor of 2 is compa-
rable to the original RX detector which demonstrates that the AETNet may not offer significant
performance increase in a scenario where data has not been artificially enhanced. Finally, the
decline in performance on the downsampled test sets suggests that the downsampling process
causes the loss of important information from data that enhancement techniques, such as su-
per resolution, cannot fully recover. This proves the importance of maintaining data quality to
prevent a decline in model performance.

The lack of performance variation between different downsampling factors suggests that once
data quality is compromised, the scale factor of downsampling becomes less important suggest-
ing that the act of downsampling itself is detrimental rather than the specific level it occurs at.
The results of Experiment 3 demonstrate the importance of minimising data loss before enhance-
ment and suggest that an AETNet trained on standard quality data can perform well on higher
quality data.
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5.0.21 Experiment 4: AETNet Enhanced Training & Original Test Set

This experiment aims to increase understanding of how the AETNet model responds to being
trained with super resolution imagery but tested on the original data. In Experiment 4A, the
model was trained on data that had not been downsampled but had been enhanced by a scale
factor of 2. Experiment 4B involved training the model on images that had been downsampled
and then enhanced by a scale factor of 2, while Experiment 4C followed a similar approach to
4B but with a scale factor of 4.

Training the model using super resolution data offers several advantages in scenarios where im-
age quality, resolution, or detail are important. As super resolution enhances image details, this
can improve the model’s ability to detect minor features and lead to higher accuracy in a variety
of tasks. By providing more data points, super resolution may help the model learn complex
patterns that are present within an image. The use of super resolution in model training also
introduces variability that can reduce model overfitting alongside the use of standard techniques
such as data augmentation to help the model generalise better [88]. Test images used in Exper-
iment 4 are the same as Experiment 0.
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5.0.22 Experiment 4 Results

Figure 5.16: Experiment 4: Precision-Recall

Figure 5.17: Experiment 4: F1 Score
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(a) False colour map of
HAD100 test image 118

(b) Ground Truth (c) Model Prediction

Experiment 4A Results

(d) False colour map of
HAD100 test image 118

(e) Ground Truth (f) Model Prediction

Experiment 4B Results

(g) False colour map of
HAD100 test image 118

(h) Ground Truth (i) Model Prediction

Experiment 4C Results

Figure 5.18: Experiment 4 Results: AETNet trained on enhanced imagery and evaluated on the
original test set. (4A) trained on non-downsampled images enhanced with scale factor 2, (4B)
trained on downsampled images enhanced with scale factor 2, and (4C) trained on downsampled
images enhanced with scale factor 4. 80



In Experiment 4, the results show that the AETNet model trained on images enhanced with a
scale factor of 2 outperforms the traditional RX detection method and the model trained of im-
ages enhanced by scale factor 4. The F1 score of the model used in Experiment 4A surpasses that
of all other models tested in this experiment across all thresholds.The P-R curve also suggests
that this model is effective at balancing both precision and recall.

When examining the performance ofmodels that were trained on images that were downsampled
and then enhanced, a clear gap emerges between different downsampling scale factors. The
model that has been downsampled and enhanced using a scale factor of 2 (4B) shows a significant
improvement in performance over the model that uses a scale factor of 4 (4C). This improvement
is clear in both the P-R curve and the F1 Score vs. threshold graphs. To contrast this result, there
is a less significant performance decrease between the enhanced model (4A) and the model that
was firstly downsampled and then enhanced with a scale factor of 2 (4B).

When reviewing model predictions for Experiment 4, all three sub-experiments present distin-
guishable and clear anomalies.

5.0.23 Experiment 4 Discussion

The results of Experiment 4 suggest that enhancing images by a scale factor of 2 and training
the AETNet model on these images benefits the performance of the AETNet when considering
model precision. Model 4A outperforms both the original AETNet and the conventional RX
detection method in precision score. This result suggests that the use of super resolution at a
specific level of enhancement may improve the AETNet model’s capability to detect anomalies
in HSI more accurately.

The differences in performance between AETNet models trained on images downsampled and
then enhanced at varying scale factors emphasises the importance of implementing effective im-
age preprocessing steps depending on the use case. The significant improvement of the model
using a scale factor of 2 over the model using a scale factor of 4 demonstrates that extreme down-
sampling may result in a loss of important information that is not recovered with enhancement.
This loss of information then directly affects the model’s ability to accurately detect anomalies
in the data. However, the minor performance difference between the enhanced model (4A) and
the downsampled then enhanced model with a scale factor of 2 (4B) suggests that moderate lev-
els of downsampling did not compromise the model’s capabilities for a remote sensing use case.
This allows for the conclusion that it may be worth performing super resolution on imagery that
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is of significant “bad” quality if aiming to utilise this “bad” data as training data for ML based
anomaly detectors.

These results suggest that super resolution can be an effective tool to improving the accuracy of
machine learning models in detecting anomalies.

5.0.24 Experiment 5: AETNet Enhanced Test Set

Experiment 5 involved two tests with both being trained on enhanced images. Test 5A used a
scale factor of 2 and 5B used a scale factor of 4. Additionally, both tests utilised a test set of
enhanced imagery at their respective scale factors.

This experiment provides insight into how themodel performswhen both the training and testing
datasets have been enhanced using different levels of super resolution. By using scale factors of
2 and 4, Experiment 5A and 5B enable the analysis of how varying degrees of enhancement im-
pact model performance. Training and testing the model on super resolution images simulates
a scenario where image enhancement techniques are used to improve quality before process-
ing. The results from this experiment can help determine whether larger scale factors lead to
increased model accuracy or if this stabilises at a specific point.

(a) False colour map of
HAD100 test image 27 used in
Experiment 5A

(b) False colour map of
HAD100 test image 27 used in
Experiment 5B

Figure 5.19: Experiment 5 Data Example
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5.0.25 Experiment 5 Results

Figure 5.20: Experiment 5: Precision-Recall

Figure 5.21: Experiment 5: F1 Score
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(a) False colour map of
HAD100 test image 118

(b) Ground Truth (c) Model Prediction

Experiment 5A Results

(d) False colour map of
HAD100 test image 118

(e) Ground Truth (f) Model Prediction

Experiment 5B Results

Figure 5.22: Experiment 5 Results: both models trained on enhanced images. (5A) scale factor
2, (5B) scale factor 4, with each test evaluated on a matching enhanced test set.

The results of Experiment 5 suggest that the model using data downsampled and then enhanced
by a scale factor of 2 performs twice as well as the model sampled and enhanced with a scale
factor of 4. However, both models show significantly lower performance when compared to
the original AETNet and RX detectors. Both models experience a substantial drop in precision
at low recall levels, which then stabilises and converges together at higher recall levels. When
examining the F1 scores and corresponding thresholds, both models follow a similar curve pat-
tern.

On a visual inspection, the results of Experiment 5B have noticeable blurring in the areas where
anomalies are predicted suggesting themodelmay finds it difficult to distinguish between anoma-
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lies at increasing downsample scale factors.

5.0.26 Experiment 5 Discussion

Experiment 5 suggests that while image enhancement can improve model performance on low
quality data, this performance increase directly depends on how significantly degraded the input
imagery is. Evenwhen increasing the super resolution factor the loss of data from downsampling
is not recovered enough for an ML model to accurately make a prediction. This suggests that
for very low data quality, it may be beneficial to use a traditional detector.

The large drop in precision at low recall levels suggests that whilst the AETNet does detect most
of the anomalies within an image, it does this with a very high rate of false positives indicating
that there must be careful consideration given to decided on a trade off in detection requirements.

The clear blurring of predictions seen in Experiment 5B suggests that the AETNet cannot effec-
tively distinguish between anomalies following this level of downsampling and enhancing. The
blurring suggests that details required to make precise and accurate detection’s may have been
lost in the initial downsampling process and that the super resolution has failed to recover this
information. This emphasises the importance of ensuring the initial data is not too low quality
that features are completely lost before the super resolution technique is applied, if this is the
case then applying the super resolution is unlikely to aid in the accurate detection of anomalies
using an ML method.

5.0.27 Experiment 6: RX Degraded Test Set

Experiment 6 examined the RX method for anomaly detection and its sensitivity to downsam-
pling. In Test 6A, RX was applied to test images that had been downsampled by a scale factor
of 2, while Test 6B involved downsampling by a scale factor of 4.

This experiment enables a comparison of how image quality impacts a conventional, non-ML
technique, providing understanding into the effects of resolution on traditional anomaly detec-
tion methods. This evaluation is important to understand the limitations of the RXmethod when
high quality data is unavailable, it also establishes a benchmark at varying scale factors for com-
paring a conventional technique with an ML technique. Test images used in Experiment 6A and
B are the same as Experiment 1A and B respectively.
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5.0.28 Experiment 6 Results

Figure 5.23: Experiment 6: Precision-Recall

Figure 5.24: Experiment 6: F1 Score
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(a) False colour map of
HAD100 test image 118

(b) Ground Truth (c) Model Prediction

Experiment 6A Results

(d) False colour map of
HAD100 test image 118

(e) Ground Truth (f) Model Prediction

Experiment 6B Results

Figure 5.25: Experiment 6 Results: RX detector performance under downsampling with scale
factors 2 (6A) and 4 (6B)

When examining the output model predictions of 6A, clear distinction can be made between
the predicted anomalies. For 6B, the whole prediction appears cluttered and only background is
distinguishable in the output map.

5.0.29 Experiment 6 Discussion

The results of Experiment 6 clearly demonstrate that the RX detector’s performance deteriorates
significantly with increased downsampling of the input image (with the caveat of suboptimal
covariance calculations). Experiment 6A drastically outperformed Experiment 6B across all
performance metrics measured and presents the highest recall score of any model assessed. The
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conclusion can be drawn that in small amounts downsampling can still preserve the information
required for effective anomaly detection, whereas downsampling at larger scale factors may re-
sult in a loss of critical detail or information. Interestingly, Experiment 6A outperformed both
the standard RX detector and the original AETNet model when applied at lower model threshold
levels. This indicates that that a certain level of downsampling might actually enhance anomaly
detection performance by filtering out unnecessary details whilst also maintaining enough infor-
mation to accurately detect true anomalies. However use of lowmodel thresholds will inevitably
produce increasing false alarm detections and therefore should be used only when the use case
deems this acceptable.

When visually analysing the model predictions of Experiment 6, the same conclusions can be
drawn. Experiment 6A shows clearly distinguishable anomalies that align with the ground truth
maps, whereas 6B cannot differentiate between anomalies and background in an image suggest-
ing a loss of important information in its downsampling process. The results of this experiment
highlight that the use of downsampling at appropriate scale factors may maintain and even in-
crease the performance of a conventional anomaly detection technique. Conversely, the use of
too much downsampling leads to significant information loss and a lack of accurate predictions.

5.0.30 Experiment 7: RX Enhanced Test Set

The final experiment focused on evaluating the RX detection method’s performance on an en-
hanced test set with scale factors of both 2 and 4. By assessing how RX performs when applied
to images that have been enhanced, this experiment provides insight into whether super res-
olution can improve the accuracy and a traditional anomaly detection technique that does not
require advanced training. It enables a direct comparison between RX’s performance on en-
hanced images and its performance on original and downsampled images, helping to determine
if super resolution can increase detection performance. Test images used in Experiment 7A and
B are the same as Experiment 5A and B respectively.
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5.0.31 Experiment 7 Results

Figure 5.26: Experiment 7: Precision-Recall

Figure 5.27: Experiment 7: F1 Score
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(a) False colour map of
HAD100 test image 118

(b) Ground Truth (c) Model Prediction

Experiment 7A Results

(d) False colour map of
HAD100 test image 118

(e) Ground Truth (f) Model Prediction

Experiment 7B Results

Figure 5.28: Experiment 7 Results: comparison of scale factor 2 (7A) and scale factor 4 (7B)
enhanced models

Experiment 7 presents similar results to Experiment 6, themodel that has been enhanced by scale
factor 2 (7A) tends to perform twice as well as scale factor 4 (7B). However the performance
decrease between the two scale factors is not as significant. There are also no thresholds at
which either enhanced model significantly outperforms the original models.

Upon visual inspection of model outputs, model 7A outperforms 7B. 7A has clear and distin-
guishable anomalies, whereas 7B tends to be unable to differentiate background and anomalies.
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5.0.32 Experiment 7 Discussion

Experiment 7 presents an interesting result in that the more enhancement is applied to the input
images, the worse the model gets. The model using a scale factor of 2 (7A) outperforms the
model using a higher scale factor of 4 (7B), demonstrating that perhaps excessive use of super
resolution can actually degrade the performance of RX anomaly detection. This finding suggests
that there is a limit to the benefits of image enhancement through super resolution. Beyond
this limit, the added detail may introduce noise or artifacts that impede the model’s ability to
accurately identify anomalies.

The impact of super resolution scale factors on model accuracy may vary depending on specific
experimental conditions, in Experiment 6, downsampling by a factor of 2 increases performance,
suggesting that the performance of a model may not be linearly dependent on the scale factor
and may vary depending on the preprocessing applied.

Model 7A produces visually clearer and more distinguishable anomalies, whereas model 7B
shows cluttered and less distinct outputs and struggles to differentiate between anomalies and
the image background. These observations suggest that careful selection of enhancement (or
downsampling) levels is important to model performance, as too much super resolution can
lead to a reduced model performance due to the obscuring of features that present as important
for anomaly detection or due to the addition of increased noise.

5.1 Overarching Discussion

The experimental results from this study indicate that both traditional and ML models are effec-
tive at performing anomaly detection in HSI, even when dealing with different levels of image
quality. Among the models tested, models AETNet (Original), 4A (No Downsample, SR Train
Set, Original Test Set) and 6A (RX Test Set Downsample Factor 2) demonstrated the best per-
formances. Model 4A, an AETNet, significantly outperformed all other experimented AETNet
variants, however its F1 score performance was slightly inferior to the original AETNet. This
suggests that applying super resolution techniques to data that is already of sufficient qualitymay
not significantly boost the overall performance of ML models. However, model 4A performs
at a higher precision than the original AETNet, suggesting that for use cases where a higher
precision is necessary (such as in defence, where false positive detections are unacceptable),
applying super-resolution to the AETNet model in this way may lead to increased performance.
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Conversely, model 6A demonstrated the highest recall value of any model studied suggesting
that when lower precision can be tolerated, a conventional model utilising lower quality data
may be sufficient for predictions.

The worst performingmodel in this study was model 6B (an RX detector that utilised data down-
sampled by a scale factor of 4). This model performed poorly across all performance metrics,
this result is likely due to the loss of critical information during the downsampling process.
Since the RX detector relies on image statistics to perform anomaly detection, it may struggle
to capture more complex features and patterns within an image. When applied to lower quality
images, the RX model may not be able to effectively distinguish between normal and anoma-
lous features, leading to the reduced overall performance. In contrast, the AETNet model at
an equivalent downsample factor of 4 (model 2B) showed increased performance when com-
pared to the RX detector, indicating that a machine learning technique may be more suitable for
performing anomaly detection on lower quality images.

To further emphasise this point, the baseline RX model (0B) outperforms the downsampled RX
models (6A&6B) by largermargins than theAETNet outperforms its downsampled equivalents.
When taking all of these factors into consideration, the conclusion can be made that the RX
detector is more susceptible to the effects of image quality than the ML AETNet.

Overall, the results of this study highlight the importance of image quality on anomaly detection
techniques for use with HSI. The findings suggest that while traditional methods hold value in
specific contexts (often use case dependent), ML models may offer higher performance when
input images are significantly degraded and their overall performance appears to be less suscep-
tible to changes in image quality.

5.2 Performance Evaluation Table

The following table details the performance metrics obtained from the experiments conducted.

As shown below, the highest F1 Score was obtained in experiment number 0A (original AET-
Net). and the lowest MAE Score obtained in both experiments 0A and 4A (No Downsample,
SR Train Set and Original Test). The highest precision value is exhibited by model 4A and
the highest recall value by RX Model 6A (RX Test Set Downsample Factor 2). The lowest F1
Score and highest MAE score were both obtained from experiment number 6B (likely due to
sub-optimal covariance estimations which may have also led to it’s outlying 0.710 recall value).
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When performing the RX detection, a standard threshold of 0.6 was chosen as this gave the
highest accuracy when conducting the baseline test.

93



Ex
pe
rim

en
tN

um
be
r

D
es
cr
ip
tio

n
F1

Sc
or
e

M
A
E
Sc
or
e

Pr
ec
isi
on

Re
ca
ll

0A
A
ET

N
et

0.
50
5

0.
02
8

0.
68
8

0.
46
9

0B
RX

0.
40
5

0.
08
0

0.
65
6

0.
41
7

1A
D
ow

ns
am

pl
e
Te
st
Se
tF

ac
to
r2

0.
45
0

0.
07
0

0.
52
8

0.
51
3

1B
D
ow

ns
am

pl
e
Te
st
Se
tF

ac
to
r4

0.
32
1

0.
19
6

0.
33
9

0.
58
1

2A
D
ow

ns
am

pl
e
Tr
ai
n
&
Te
st
Se
tF

ac
to
r2

0.
30
4

0.
09
0

0.
36
0

0.
42
4

2B
D
ow

ns
am

pl
e
Tr
ai
n
&
Te
st
Se
tF

ac
to
r4

0.
23
4

0.
27
4

0.
25
1

0.
56
1

3A
Te
st
Se
tN

o
D
ow

ns
am

pl
e
&
SR

Fa
ct
or

2
0.
41
9

0.
04
1

0.
54
5

0.
47
3

3B
Te
st
Se
tD

ow
ns
am

pl
e
Fa
ct
or

2
&
SR

Fa
ct
or

2
0.
26
2

0.
08
6

0.
34
2

0.
43
7

3C
Te
st
Se
tD

ow
ns
am

pl
e
Fa
ct
or

4
&
SR

Fa
ct
or

4
0.
23
6

0.
09
9

0.
30
0

0.
43
7

4A
N
o
D
ow

ns
am

pl
e,
SR

Tr
ai
n
Se
t&

O
rig

in
al
Te
st
Se
t

0.
50
3

0.
02
8

0.
69
0

0.
39
4

4B
D
ow

ns
am

pl
e
Fa
ct
or

2,
SR

Tr
ai
n
Se
tF

ac
to
r2

&
O
rig

in
al
Te
st
Se
t

0.
46
6

0.
03
0

0.
61
1

0.
51
2

4C
D
ow

ns
am

pl
e
Fa
ct
or

4,
SR

Tr
ai
n
Se
tF

ac
to
r4

&
O
rig

in
al
Te
st
Se
t

0.
37
4

0.
03
8

0.
50
2

0.
50
0

5A
D
ow

ns
am

pl
e
Fa
ct
or

2,
SR

Tr
ai
n
&
Te
st
Se
tF

ac
to
r2

0.
24
2

0.
08
6

0.
30
4

0.
45
0

5B
D
ow

ns
am

pl
e
Fa
ct
or

4,
SR

Tr
ai
n
&
Te
st
Se
tF

ac
to
r4

0.
16
9

0.
09
0

0.
19
7

0.
38
8

6A
RX

Te
st
Se
tD

ow
ns
am

pl
e
Fa
ct
or

2
0.
27
0

0.
17
3

0.
27
3

0.
71
0

6B
RX

Te
st
Se
tD

ow
ns
am

pl
e
Fa
ct
or

4
0.
03
3

0.
51
6

0.
03
2

0.
21
7

7A
RX

Te
st
Se
tS

R
Fa
ct
or

2
0.
22
2

0.
27
0

0.
34
3

0.
53
2

7B
RX

Te
st
Se
tS

R
Fa
ct
or

4
0.
12
3

0.
30
6

0.
17
9

0.
46
2

Ta
bl
e
5.
1:

Pe
rfo

rm
an
ce

M
et
ric

s

94



5.3 Research Implications

The following section discuss three key emerging implications that have been determined from
the work within this thesis.

5.3.1 Storage & Compute

The management of storage and compute resource is a key consideration when using anomaly
detection techniques especially when dealing with large datasets such as HSI. As demonstrated
in this study, a strategy that can be employed to address storage and compute constraints is the
use of downsampling. Downsampling can significantly and predictably decrease the amount of
data that needs to be stored and processed, as the number of pixels reduces approximately by a
factor of s2 for a downsampling scale factor s. This makes the datasets more manageable for
real-time processing and can reduce the computational complexity of techniques.

Despite the decrease in data size, downsampling can still deliver adequate results in HSI anomaly
detection depending on the users requirements (see results of Experiments 1, 2 and 6). By se-
lecting an appropriate downsampling scale factor, the data can retain sufficient information to
enable conventional or ML techniques to detect anomalies successfully. In addition, since com-
putational cost for the techniques employed in this study scales approximately linearly with the
number of pixels, a scale factor of s results in roughly an s2× reduction in compute. Implement-
ing downsampling may therefore enable specific models to accurately detect anomalies whilst
also operating effectively on systems that may have limited compute or storage capacities.

5.3.2 Conventional vs ML Techniques

As demonstrated in the experiments of this study, both ML and conventional techniques can be
effective at performing anomaly detection in HSI, however their suitability for the task often
depends on the specific use case and false positive tolerance. Traditional methods tend to offer
more interpretable and explainable results thanMLmethods as they utilise statistical information
to perform anomaly detection. The clarity and ease of use of conventional techniques may make
them preferable for use when anomaly and background characteristics are already well defined
and when trust and transparency in the detection process is required.

Conversely, ML techniques provide a capability that can more effectively handle complex data
and extract meaningful relationships within this data. ML algorithms can apply learning from
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large HSI datasets to identify non-linear relationships that conventional techniques may be un-
able to pick up on. The choice of whether to use a conventional or ML technique should be
determined by the specific use case taking into account cost of deployment and false positive
rate. For scenarios where more false positives can be tolerated (e.g. environmental monitoring),
ML methods may be the most suitable due to their increased ability to generalise across sce-
narios. If false positives must be minimised and increased explainability required (e.g. military
contexts), then conventional methods may be preferred due their simplicity and deterministic
characteristics.

5.3.3 Super Resolution

The results of this thesis demonstrate that super resolution can be utilised to improve model
performance in HSI anomaly detection (see results of Experiments 3, 4, 5 and 7), it may therefore
be beneficial in some scenarios to apply this technique to HSI datasets with the goal to improve
model accuracy.

The use of super resolution in defence and security contexts can carry increased risk. Models
used to perform super resolution essentially “hallucinate” and create details that are not present
in the original image to perform the enhancement. Super resolution algorithms interpolate and
generate pixels based on statistical predictions in order to creating a higher resolution image
that appears more detailed. As a result of these generations, the technique has been shown to
produce image artifacts and inaccuracies, in a worse case scenario the model may generate mis-
leading information that could be perceived by an untrained analyst as real. This is particularly
problematic in fields where incorrect detail could lead to significant consequences.

This risk of hallucinated details in ML SR can cause moral and ethical concerns if enhanced
images are used in a decision making or product development pipeline. Whilst super resolution
presents a well documented technique to enhance images, its limitations must be considered for
implementation on real-world use cases. Ensuring that there is correct tradecraft and standards
implemented for use of the technique are essential steps to ensure reliability of the use of this
technique.
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Chapter 6

Conclusions

6.1 Summary of Findings

This thesis set out to investigate the impact of image quality on the performance of conventional
signal processing and ML techniques when performing Hyperspectral anomaly detection. The
primary objective was to develop an innovative experiment plan to compare and contrast the
performance of these models at different levels of imagery degradation and enhancement to
understand how the performance of anomaly detection models is impacted.

The first key finding of the study, was that the performance of the anomaly detectors was not
monotonically dependent on the scale factor by which the images were degraded or enhanced.
As demonstrated in Experiments 5, 6 and 7, there is a significant decrease in performance when
imagery is degraded and an increase in performance when imagery is firstly downsampled then
enhanced, however there appears no straightforward correlation between final performance met-
rics calculated.

This result indicated that other factors may also be playing a critical role in influencing the
models to predict anomalies. This new finding challenges the common assumption that a higher
spatial resolution image will always lead to better model performance, emphasising the need for
use-case dependent analysis techniques.

In support of this conclusion, the experiments that utilised downsampling to symbolise image
quality degradation demonstrated that both the traditional andML techniques studied in this the-
sis can still perform effective anomaly detection using lower quality images. However, model
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performance did improve when enhancement techniques were implemented on these lower qual-
ity images, suggesting that marginal gains can be achieved if super resolution is applied at an
appropriate scale factor.

A second conclusion that can be drawn from this research is related to the performance com-
parison of the tradition RX detector and the ML AETNet. At a model threshold of 0.6, both
models (trained & tested on original data) perform exactly the same. This result is key when
determining which type of model to use for a specific use case. The RX detector is most suitable
for situations in which high precision and low recall is preferred, for example, in a defence or
targeting context, where the need to accurately identify and detect only specific targets (high
precision) is important, even if it means missing some smaller, less obvious targets (low recall).
AETNet performs superior when high recall and low precision is needed, for example, in de-
forestation identification where the aim is to identify all areas of potential deforestation (high
recall), even if it means some areas are flagged incorrectly as deforested (low precision). At all
other thresholds, the AETNet model outperforms the RX detector at balancing the precision and
recall for ideal detection performance.

A third key conclusion that can be drawn from this study comes from the results of Experiment
6A. The results of this experiment demonstrate that the downsampled (scale factor 2) RX detec-
tor outperforms both the original RX detector and original AETNet at lowmodel thresholds. The
downsampled RX also retains comparable precision and recall performance to the two original
models.

This result is notable as it suggests that downsampling may actually enhance detection perfor-
mance under certain conditions when recall is desired over precision. This reduction in reso-
lution reduces the computational complexity needed to perform anomaly detection whilst still
maintaining enough information for a model to perform accurately. This indicates that lower
resolution data, which is likely more manageable and less resource-intense, can still achieve
sufficient levels of detection performance for specific use cases and may be more appropriate
for deployment under varying conditions.

Perhaps the conclusion with the most real-world impact within this thesis is the increased pre-
cision value for Model 4A which was trained on data enhanced with super-resolution. For use
cases where precision is valued above all else (where any misclassification can cause issue),
enhancing imagery before training may provide increased performance as demonstrated by the
results of this thesis.
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The novel insights provided from this conclusion can be used as guidance when selecting the
appropriate detection methods based on the specific needs of a given use case.

6.2 Research Gaps

Despite the results from this study, several research gaps remain that could impact the develop-
ment and application of both conventional and ML techniques. Examples of some key gaps are
detailed in this section.

6.2.1 Target Detection & Identification

This study specifically focuses on anomaly detection in HSI. It does not take into account use
cases where specific target detection based on a given target spectra is required.

Anomaly detection (as performed in this study) aims to find anomalies within images without
prior knowledge of what these anomalies might be made up of. This detection technique is
particularly useful for the detection of unknown and unexpected features within a dataset making
it ideal for applications such as environmental monitoring where specific target information is
not readily available.

6.2.2 Dataset Availability

One of the key reasons for exploring unidentified anomalies versus known target detection was
the lack of labelled HSI datasets available for research use. The scarcity of labelled HSI data
presents a major challenge in developing and testing anomaly detection models. Labelled data
is often required to train ML algorithms to learn specific features of datasets. Without sufficient
labelled data, models lack performance and may overfit to limited examples leading to reduced
accuracy.

The process of obtaining labelled HSI data is time consuming and labour intensive and accu-
rately annotating images with specific targets requires specialist knowledge. All of these factors
contribute to the lack of availability of labelled datasets in the open source domain resulting in
challenges in advancing the development of new algorithms.

To address this challenge, several strategies can be implemented. Research is being conducted
into the use of synthetic data [89], unsupervised learning [90] and transfer learning [91] to reduce
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the fields’ reliance on specifically labelled datasets.

6.2.3 Image Degradation Techniques

The aim of this study was to investigate the impact of image quality on the performance of
conventional signal processing and ML techniques. An image degradation technique was im-
plemented in order simulate lower quality images however the technique chosen was a simplistic
downsampling approach that could be improved in future research.

Implementing multiple image degradation techniques would assist in lowering image quality in
various ways, such as adding blurring, noise, or compression artifacts. By applying multiple
types of degradation, increased understanding of how detection methods respond to types of
decreased image quality could be studied more in-depth.

Only the downsampling technique was utilised in this study to aid in gaining an understanding
of how lower spatial resolution affects the performance of anomaly detection models. This
focus enables the isolation of this degradation technique and allows the use of super resolution
techniques to directly address the effects of downsampling.

6.3 Future Direction

Whilst this study has made contributions to understanding the impact of image quality on both
conventional andMLHSI anomaly detection techniques, several avenues remain open for future
research. One such area would be studies into how spectral band distribution affects anomaly
detectionmodel performance. Research could investigate the optimal band distributions selected
for feeding into amodel that maximises the accuracy. Understanding the contributions of various
bands to the anomaly detection within an image would enable researchers to build more efficient
model pipelines and may present a more explainable view of how anomalies were predicted.

To further develop the research from this study, a next step could be incorporating additional
super resolution techniques. Research could explore more state of the art super resolution meth-
ods used enhance image quality to compare their performance on HSI. Different super resolution
techniques present varying strengths and weaknesses, e.g. Method A may perform well when
preserving small spatial details, whereas Method B may excel at reducing image noise. By
studying a wider pool of super resolution techniques, the model that positively impacts detec-
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tion performance the most can be selected depending on use case requirements.

A final suggestion for future study would be further comparison between a wider selection
of both ML and conventional techniques. By expanding beyond commonly used methods,
rarer techniques could reveal insights into optimising automatic anomaly detection performance.
Continuing comparative study betweenML and traditional methods allows researchers to further
understand where the benefits of utilising these respective techniques lie.

By investigating these future directions for research, more robust and effective anomaly detec-
tion techniques for HSI can be developed and tailored to specific real-world use cases, building
upon the novel research presented in this thesis.
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