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University, Natural Sciences, Informatics – N 009).
Academic Consultant – Assoc. Prof. Dr. Valdas Rapševičius (Vilnius
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hiperspektriniuose duomenyse
surinktuose naudojant bepiločius
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ABSTRACT

Hyperspectral Imaging (HSI) is a remote sensing technique that is grow-
ing in popularity. Because hyperspectral cameras can collect large
amounts of spectral data, HSI represents a fast, non-destructive method
for the analysis of data on materials, food, agriculture, and other fields.
Over the decades, the capabilities of HSI have expanded to include
cameras mounted on conveyor lines, unmanned aerial vehicles, satel-
lites, and other techniques. Due to the complexity of their sensors and
the large amounts of data that hyperspectral cameras can collect, the
spatial resolution of this data is still significantly lower than that of
conventional cameras. This, in turn, leads to the problem of data gath-
ered by hyperspectral cameras being formed of a mixture of light from
multiple materials in each pixel of the image. This effect is even more
exaggerated when analysing remote sensing data collected by satellites
and UAVs flying at high altitudes. Hyperspectral Unmixing (HU) algo-
rithms extract the data of individual materials, called endmembers, and
the amounts thereof from hyperspectral images. HU methods are used
to calculate the possible number of endmembers, their unique spectral
signatures, and their abundances in each hyperspectral image pixel.
This study aims to propose a new HU algorithm based on deep convo-
lutional neural networks that is more efficient, accurate, and resilient to
noise than existing algorithms when used for hyperspectral data using
a UAV. A new algorithm is created based on the U-Net architecture,
with better performance than the state-of-the-art transformer-based HU
model. Reconstruction error is improved by around four times when
tested using UAV-gathered hyperspectral data. To further evaluate the
new HU algorithm, a HU benchmarking methodology is created.
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ACRONYMS AND ABBREVIATIONS

ADMM Alternating Direction Method of Multipliers.
BFHUD Blueberry Field HU Dataset.
HSI Hyperspectral Imaging.
HU Hyperspectral Unmixing.
HUNET Hyperspectral Unmixing U-NET.
LMM Linear Mixture Models.
MSE Mean Squared Error.
NMF Non-Negative Matrix Factorization.
PLS Partial Least Squares.
RE Reconstruction Error.
RMSE Root Mean Squared Error.
RSNR Reconstruction Signal-To-Noise Ratio.
SAD Spectral Angle Distance.
SAM Spectral Angle Mapping.
SNR Signal-To-Noise Ratio.
SRE Signal Reconstruction Error.
UAV Unmanned Aerial Vehicle.
USGS United States Geological Survey.
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INTRODUCTION

Hyperspectral Imaging (HSI) is a remote sensing technique that collects
data across the entire electromagnetic spectrum to obtain spectral data
for each pixel in a scene. This enables a non-destructive method for
gathering data for material identi�cation from spectral signatures, object
detection, and other tasks related to material analysis.

Research Area

HSI is utilised as a tool for gathering detailed material data in various
scienti�c �elds, including geology, astronomy, agriculture, biology, and
surveillance. With the growing popularity of HSI being used on UAVs,
the need for improved hyperspectral analysis algorithms increases. In
turn, part of this research focuses on agricultural hyperspectral data anal-
ysis gathered using UAVs, and �nding solutions to existing problems
such as:

• The lack of available open hyperspectral datasets gathered using
UAVs.

• The absence of standardized testing for Hyperspectral Unmixing
(HU) algorithms.

• The paucity of research on HU methods for hyperspectral data
gathered by UAVs.

To address these issues, research was conducted on the methodologies
for testing HU algorithms, existing HU algorithms, deep neural network
models used for HU, and the creation methods for existing HU datasets.
The majority of the work concentrates on hyperspectral data analysis
and the study of the HU methods used to extract spectral and material
information from HSI.

Research Problem

With the growing popularity and more widespread use of HSI [ 10],
research in this area is also increasing. One of the research areas in the
HSI �eld is HU [ 12]. HU combines one or multiple algorithms that
extract material information from individual pixels in the hyperspectral
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image. HU is required because spectral data in each pixel may be formed
of a mixture of multiple materials. This problem arises due to the lower
spatial resolution of data gathered by hyperspectral sensors and the
light scattering of different materials.

The primary problem addressed in this dissertation is the develop-
ment of the HU algorithm for use in hyperspectral �eld data collected
using UAVs. The research was conducted to develop a more accurate
HU algorithm using deep neural networks, as existing algorithms for
agricultural �eld data analysis are lacking.

Actuality

With the growing popularity of HSI and UAVs in agriculture for crop
monitoring and analysis, this research expands on existing hyperspec-
tral analysis methods. It broadens the use of HU algorithms to UAV-
gathered agricultural hyperspectral data. Additionally, a standardised
HU algorithm testing methodology is developed that can be used to
assess newly created HU algorithms more accurately.

Research Object

The research object of this dissertation is both classical and modern
deep neural network-based HU algorithms, and their application to
UAV-gathered hyperspectral data.

Research Aim and Objectives

The main aim of this dissertation is to propose a more accurate, ef�cient,
and robust to noise HU algorithm based on deep convolutional neural
networks for data gathered using UAVs.

To achieve this aim, the following objectives were formulated:

• To benchmark existing HU algorithms on various datasets to eval-
uate the dependency between the algorithms' accuracy and white
noise, image scale, and the number of endmembers.

• To analyse hyperspectral band correlations and deep learning-
based algorithms for synthetic hyperspectral data generation from
multispectral images.

19



• To propose a modi�ed U-Net model for HU and to compare it with
transformer-based HU models on hyperspectral data gathered
using UAVs.

• To optimise the proposed modi�ed U-Net HU model for better
reconstruction of the ground truth of the UAV-gathered hyperspec-
tral image.

Research Methods

Multiple research methods were employed to achieve the set objectives.
First, an analysis was conducted of related work in hyperspectral data
analysis, speci�cally regarding HU algorithms. Second, both the avail-
able hyperspectral dataset and the type used in HU were analysed.
Third came research on dataset creation methods, including methods
of gathering hyperspectral data using UAVs, to produce a HU dataset.
Fourth, an experiment was conducted on multiple algorithms, including
the newly created model, and multiple different HU datasets. Lastly, the
model architecture was modi�ed based on the experimental results to
enhance the accuracy of the HU model on hyperspectral data collected
using UAVs.

Scienti�c Novelty

Research on HU algorithms with a focus on creating deep learning neu-
ral network models enables HU performance to be improved. Moreover,
creating an unsupervised deep learning method enables the use of hy-
perspectral data for unmixing tasks. The published HU dataset, based
on agricultural hyperspectral data, allows the testing of newly created
HU algorithms on a variety of datasets. A new HU algorithm was also
developed for the analysis of agricultural hyperspectral data gathered
using UAVs, and a HU benchmark was published that aims to provide
a standardised way of comparing HU algorithms.

Practical Signi�cance

From the research and experiments conducted, the following main prac-
tical contributions can be identi�ed:
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1. Created a HU benchmarking methodology designed to be used in
testing any newly created HU algorithm.

2. Created a new hyperspectral dataset from �eld data to be used for
HU or classi�cation algorithm testing.

3. Newly proposed an unsupervised HU algorithm based on the U-
Net architecture with better performance than a transformer-based
method for use in HU for agricultural hyperspectral data gathered
using UAVs.

4. Proposed an unsupervised HU algorithm that provides easier
hyperspectral analysis, because ground truths are not required for
model training and usage.

Statements to be Defended

Research statements to be defended:

1. The performance of classical sparse regression Hyperspectral Un-
mixing (HU) algorithms does not depend on the number of end-
members and the density of information regulated by an image
scale.

2. Classical sparse regression and HU algorithms are more resilient to
Gaussian-type noise and less resilient to real hyperspectral camera
noise.

3. Hyperspectral data bands close to each other have a high corre-
lation between them, and this relationship can be exploited to
generate better synthetic multispectral data.

4. The modi�ed U-Net type model architecture proposed in this
study requires fewer hyperparameters than the tested transformer
HU models to achieve the most accurate unmixing results when
used on UAV-gathered hyperspectral data.

5. The proposed modi�ed U-Net HU model has the potential for
lower reconstruction error than transformer-based unmixing algo-
rithms when used on UAV-gathered hyperspectral data.
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Outline of the Thesis

This doctoral thesis comprises an introduction, three chapters, conclu-
sions, and a summary, all written in the Lithuanian language. The
introduction section provides an overview of the research and the disser-
tation as a whole. The �rst chapter is a literature review of hyperspectral
data analysis. The second chapter discusses HU algorithms, experimen-
tation methodology, and the proposed HU model. The �nal chapter
focuses on experimentation and benchmarking. At the end of the thesis,
118 bibliographic references are included. The dissertation comprises
164 pages, 51 �gures, and 11 tables.
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1. HYPERSPECTRAL DATA ANALYSIS

This chapter describes the theory and the basis of HSI and its use cases
in the remote sensing �eld, offers a brief introduction to the methods
used to analyse hyperspectral data cubes and a description of HU, and
outlines the available algorithms. The chapter is based on research into
currently available HU algorithms, published research, state-of-the-art
methods, and the theory behind hyperspectral data collection and HU
[A.1] and [B.1].

1.1. Hyperspectral Imaging

HSI is a branch of remote sensing technology used to gather information
about objects for research and analysis without any physical contact.
HSI combines the imaging technologies used in regular cameras with
spectroscopy methods to create sensors capable of collecting data from
electromagnetic waves in multiple wavelengths along with spatial infor-
mation.

Spectroscopy. HSI is most commonly used to collect spectrometric
data from electromagnetic bands in the visible light, near-infrared, short-
wave infrared, ultraviolet, and medium-wave infrared wavelengths.
This is achieved with sensors that collect electromagnetic radiation
re�ected from the object into the sensor or via the scattering of electro-
magnetic radiation by these objects. A hyperspectral camera captures
the light of a scene, separating it into its constituent wavelengths or
spectral bands. It then provides a two-dimensional scene image while
recording each pixel's spectral information in the image [91].

Remote sensing. Detecting electromagnetic radiation from the interac-
tion between objects and camera sensors is considered a form of remote
sensing technology because it operates at a distance, without physical
interaction with any objects. Due to the nature of the spatial and spectral
data collected with HSI sensors, it is most commonly collected from un-
manned aircraft or satellites, and less commonly by placing cameras on
factory conveyors. Most sensors mounted on aircraft or satellites present
additional challenges compared to laboratory spectroscopy sensors. The
authors of Hyperspectral Imaging Remote Sensing[62] distinguish four
components of HSI:
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• A source of electromagnetic radiation, which can be natural or
man-made. With hyperspectral sensors mounted on aircraft or
satellites, most radiation will be from the Sun or other blackbody
radiation sources.

• With electromagnetic radiation travelling through the atmosphere,
the radiation is affected by absorption or scattering and other
interactions with air molecules. Figure 1.1 shows the differences
between ideal blackbody radiation, solar radiation, and sunlight
at sea level.

• The spectral radiation emitted or re�ected by the materials on the
surface.

• A sensor that converts electromagnetic energy into electrical sig-
nals and records the data. These sensors can record additional
noise and distortion due to the intricate optics inside hyperspectral
cameras.

1.1.1. Hyperspectral Data

Using new sensor technologies, optics, and spectroscopy, HSI cameras
can collect large amounts of remote sensing data for future research.
Remote sensing spectral sensors are divided into two main categories:
hyperspectral and multispectral, with the main difference being the
number of separate electromagnetic bands that the sensors collect. Typ-
ically, a spectral sensor is considered hyperspectral if it collects more
than 100 separate bands. In turn, multispectral sensors have a higher
spatial resolution due to their simpler design and reduced data transfer
requirements [46].

Data sources. The most commonly used sensors in remote sensing are
multispectral sensors. They feature speci�c bands, usually around 10
in total, to capture the re�ectance of the visible RGB spectra, as well as
some near-infrared or short-wave infrared bands for water and vegeta-
tion analysis. These sensors are common in satellites because of their
balance between high usability, spatial resolution, and cost-effectiveness.
The use of hyperspectral cameras in satellites is growing, but the costs

25



Figure 1.1 Comparison of the blackbody spectrum of the Sun and sun-
light at sea level. Source [79].

of these sensors and their data are still too high to be widely adopted.
Since most common use cases involve agriculture, vegetation, or land-
scape monitoring applications, hyperspectral sensors offer little bene�t
compared to multispectral instruments. In turn, hyperspectral sensors
are used in smaller-scale experiments on local �elds when mounted over
conveyors, being either portable or mounted on a UAV.

Light re�ectance. Apart from a few speci�c laboratory or conveyor
uses, most hyperspectral sensors gather sunlight re�ected from objects
on the surface. The data collected relies on good atmospheric conditions
for further research, especially when working with satellite data. As
shown in Figure 1.1, the atmosphere absorbs some wavelengths of
light more than others, with, for example, water absorbing all helpful
information in some spectral ranges. Hyperspectral cameras attached to
a UAV �own at low altitudes are more resilient to atmospheric effects
because sunlight only passes through the atmosphere once, but the data
is still subject to the in�uence of clouds and the sun's position in the
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sky. Because of this, remote sensing data should be collected as close
to midday as possible. For example, Sentinel-2 data is collected when
the satellite is in orbit, when the Sun zenith angle is below a certain
threshold (85 degrees over Europe) [69].

Signalling and noise. Hyperspectral data sensors are highly sensitive,
and have the ability to gather data from hundreds of narrow spectral
bands. This, in turn, may introduce a substantial amount of noise
into their images. Camera manufacturers provide the characteristics of
these sensors, and the spectral bands at the edges of sensor capabilities
are the most prone to noise. It is sometimes advisable to discard the
noisier spectral bands from gathered images. One of the techniques
used to assess the noise of spectral bands is a calculation of the Pearson
correlation coef�cient for neighbouring band pairs [ 84]. The correlation
coef�cient for a camera's neighbouring bands used in the gathering of
data for this research is provided in Figure 1.2. The formula used to
calculate the Pearson correlation is given in equation 1.1

r xy =
P n

i =1 (x i � x) (yi � y)
q P n

i =1 (x i � x)2
q P n

i =1 (yi � y)2
(1.1)

, where n is the number of samples, x i and yi are samples,x and y are
the averages of these samples, andr xy is the resulting correlation. In
this case,x represents all values from the hyperspectral data for the �rst
selected band, andy represents the values for the second band from
between which the correlation is calculated.

1.1.2. Hyperspectral Sensors

Sensor types. Most hyperspectral cameras fall into 4 main categories
[33] [24]:

• Whiskbroom cameras gather all the bands from a single pixel at a
time. These sensors are the slowest but may have higher spatial
and spectral resolution than other sensor types.

• Wavelength scanning cameras gather all spatial data for a single
spectral band at a time. These cameras may have a higher spectral
resolution (the sensor can collect more separate spectral bands
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Figure 1.2 Pearson correlation coef�cient for neighbouring bands.

for each pixel), but a lower spatial resolution (the total number of
pixels in the image may be lower). These cameras are less suitable
for capturing moving objects or scanning them. They are also
poorly suited to mounting on drones because the cameras require
some time to capture all spectral bands into a single hyperspectral
data cube, creating the potential for spectral band layer shifting.

• Pushbroom cameras gather all spectral band data from a line of
pixels simultaneously, and the data is gathered by moving the
camera forward or the samples backwards to record different data
for each line. This type of camera was used to collect data for this
research due to its gathering of accurate spectral data for each pixel,
compared to the possible spectral shifting of wavelength scanning
cameras when used on a UAV. The gathered hyperspectral data
cubes have a �xed width, but their length depends on the drone's
�ight distance.

• Snapshot cameras are a new type of sensor technology that can
capture entire hyperspectral cubes at the same time. Due to limita-
tions in data transfer and sensor complexity, these cameras have
lower spatial and spectral resolutions. This is a new technology,
and is rarely used as a result.
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1.1.3. Hyperspectral Imaging Use Cases and Research In Lithuania

Research on remote sensing and HSI is being conducted across multiple
universities in Lithuania, as documented in �em �es steb�ejimas iš kosmoso
(Earth Observation From Space) by Kilpys et al. [ 45], published by Vil-
nius University. This textbook teaches students about remote sensing
technologies in university courses, and covers topics such as:

• An introduction to electromagnetic radiation.

• Types of sensors used in satellites for remote sensing and how
they work, with the example of the hyperspectral sensors used by
NASA satellites.

• Possible use cases for the Earth observation data: agriculture,
forestry, extreme climate conditions, water, and icy area observa-
tions.

Research on HSI cameras mounted on ultralight aircraft has been
conducted by Mozgeris et al. [ 67]. Hyperspectral images, combined
with a colour-infrared (CIR) camera, were used to study the potential
for recognising tree species in urban environments over Kaunas. The
classi�cation accuracy of the tree species results varied from poor to
moderate, with an overall accuracy of approximately 63%.

1.1.4. Hyperspectral Data Calibration

Calibration Plates. Hyperspectral data calibration is usually performed
using re�ectance plates when using cameras mounted on a UAV and
other similar devices. These plates are laboratory-calibrated to have
a uniform light re�ectance percentage across various electromagnetic
spectra. A calibration plate with the required spectral range should be
used for optimal ef�ciency, as more general plates covering broader
spectra are often less accurate. These plates are created to have a nearly
Lambertian re�ectance, which means a uniform light re�ectance and
apparent brightness of the plate from any viewing angle [ 49]. An ex-
ample re�ectance plate with a calibrated value of 99% re�ectance is
shown in Figure 1.3. Example spectral radiance values of three different
calibration plates with re�ectances of 5%, 10%, and 40% collected by
the hyperspectral camera used in this research are shown in Figure 1.4,
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where the x axis represents the gathered wavelength index and the y
axis the radiance value.

Figure 1.3 Re�ectance pro�le of Spectralon 99% re�ectance target plate.
Source: [50].

Calibration Methods. One of the primary methods for calibrating hy-
perspectral data is the use of the aforementioned re�ectance plates. Since
hyperspectral sensors gather light data and record it as a radiance value,
the data is not directly comparable between different data collection mis-
sions due to variations in solar irradiance at the time of data gathering.
For example, the camera used in this research collects data that is radio-
metrically corrected to radiance measured in watts per square centimetre
per steradian multiplied by a thousand (mW=cm2 � sr ) � 1000:0000. Us-
ing re�ectance plates, we can recalculate these radiance values into
re�ectance percentages, which remain constant for the same material
when scanned at different times. To calculate re�ectance from radiance,
Burger et al. [15] proposed a calibration model, as shown in Figure 1.5.
This model utilises multiple calibration plates for improved re�ectance
accuracy; however, calculations can also be performed using only dark
re�ectance (0%) and white re�ectance plates (99%). An actual 0% re-
�ectance can be achieved by �lming with a closed lens, which gathers
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Figure 1.4 Example calibration spectral values gathered by the hyper-
spectral camera from three calibration plates with re�ectances of 5%,
10%, and 40%.

only sensor noise data with no light. Hyperspectral data calibration
code written in Python using the NumPy computation library is pro-
vided in Appendix D. The given code calculates calibration lines for
each wavelength separately due to possible variations in re�ectance
percentages. Using the Numpy poly�t method calculates a line func-
tion that converts sensor radiance values into re�ectance. The poly �t
degree is currently set to 1, creating a linear conversion function with
ref lectance = radiance � � + � , shown in line 30. Numpy poly�t �ts a
curve (a line if the degree is 1) over a collection of X and Y points, and
then creates� and � parameters to then calculate Y given any X, which
in this case is the raw hyperspectral radiance data.

1.1.5. Hyperspectral Imaging Analysis Methods

HSI is a remote sensing method that is increasingly being used in various
�elds for fast and accurate material analysis in a non-destructive manner.
These cameras are used on conveyors, UAVs, and satellites for gathering
remote sensing data. Due to the availability of data and the increasing
popularity of remote sensing technologies in agriculture, this research
focuses on gathering and analysing data collected in crop �elds used for
agricultural purposes.
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Figure 1.5 Hyperspectral image calibration model based on multiple
re�ectance plates. Source: [15].

Food analysis. One of the more widespread use cases of HSI is in the
food industry for food analysis and quality control applications. Qin et
al. [82] describe the usage of HSI as a quick and non-destructive method
for evaluating food quality and parameters. A non-destructive method
is necessary for food analysis in order to preserve food quality and other
food safety factors. The authors focus on the capabilities of HSI to collect
large amounts of spectral data from a wide area, compared to traditional
spectrometry methods that were used in the past.

Nikzadfar et al. [ 73] expand on the use of HSI for food quality
assessment and the various arti�cial intelligence methods used for hy-
perspectral data analysis. Their research focuses on food quality analysis
using hyperspectral data for contaminant detection, spoilage prediction,
and food safety applications. The methods described in the article are
split into three categories, and their use in hyperspectral data analysis is
explained in detail:
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• Preprocessing:

– Savitzky–Golay is a noise reduction and smoothing tool that
uses a polynomial function with a moving window to smooth
signal data. This method is commonly used in other signal-
processing applications. Figure 1.6 shows an example of
data �ltered using this algorithm. This technique is used
to smooth the spectral dimension of HSI and reduce noise,
thereby compressing the data [8].

– Multiplicative Scatter Correction uses regression computation
to remove an estimate of the scattering component from the
spectral data. Combined with other preprocessing methods,
it can improve the accuracy and performance of prediction
models [87].

– Auto Scaling is a data normalisation method that standard-
ises data for each spectral band separately, so the data has
a mean of 0 and a standard deviation of 1. The algorithm is
susceptible to outliers similar to the min-max scaler [23].

– Log (1/R) uses logarithmic transformation to create linear
data between wavelength and variables, and is used when
data is not linear (see equation 1.2). According to the authors
of the aforementioned article, this method has been widely
used in food moisture monitoring applications, lipid predic-
tion [ 18], and and the assessment of food powder mixtures
[2].

• Hyperspectral Wavelength Selection:

– Competitive Adaptive Reweighted Sampling is a variable se-
lection method that uses Monte Carlo sampling, exponential
decreasing function (EDF), and competitive variable selection
based on adaptive reweighted sampling (ARS), with cross-
validation using the RMSE metric [ 102]. The method aims to
maintain robust data and minimise collinearity [87].

– Principal Component Analysis (PCA) is a commonly used
dimensionality reduction algorithm that transforms data into
orthogonal dimensions (principal components), which retain
most of the original information, based on their variance. It is
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commonly used for data visualisation due to the algorithm's
ability to transform data into two or three dimensions. More-
over, PCA improves the classi�cation ef�ciency of HSI in
agricultural applications [20].

– The Successive Projections Algorithm is a dimensionality re-
duction method that projects variables to minimise variable
collinearity in order to select the most informative wave-
lengths from a hyperspectral data cube. This method was
successfully employed to choose the optimal wavelengths for
seafood analysis tasks in predicting food freshness [109].

• Machine Learning:

– Linear Discriminant Analysis is a supervised algorithm that
is used to classify data or perform dimensionality reduction.
The algorithm maximises class separability and can help pre-
vent over�tting by reducing dimensions while retaining class-
related features. It has been used to reduce dimensions in
hyperspectral data by �nding a linear combination of features
that maximises the separation between different classes [25].

– Decision Trees split data into subsets based on feature values,
creating a tree-like structure where nodes represent decision
rules and branches represent outcomes. Food quality assess-
ment is the �eld in which decision trees can be applied in
HSI to evaluate different food quality parameters with high
accuracy. For example, analysing the quality of black tea [83].

– Random Forest is an ensemble machine learning algorithm
that trains many decision trees and combines the predictions
of individual trees to improve the predictive performance
of classi�cation or regression. It is robust and capable of
handling high-dimensional data, which gives it an advantage
over the simpler decision tree algorithm for hyperspectral
data analysis [5].

– K-Nearest Neighbour is an effective classi�cation and regres-
sion analysis algorithm. It simply classi�es unknown food
items by matching their spectral signatures with those of
known ones. K-nearest neighbours assume that similar food
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items are located around one another in a feature space. One
of its use cases is to classify tea to detect mould in dried tea
leaves [100].

– Cluster Analysis is an unsupervised statistical method of
grouping objects into classes based on their characteristic
features to maximise their similarity within one class and
minimise similarity between classes. Signi�cant techniques
in cluster analysis can be divided into hierarchical and non-
hierarchical methods. Hierarchical clustering structures data
in a tree-like fashion, which can provide a way to visually
show the relationships between data points at a higher level
of similarity. Cluster analysis has been used to predict the
amount of wholemeal �our in bread [64].

– Deep Learning is an aspect of machine learning which in-
volves using multi-layer arti�cial neural networks to interpret
large volumes of data for speci�c purposes, even complex
ones. Deep learning addresses the training of neural net-
works to extract features from the raw data. The multiple
layers interconnected in deep neural networks enable the
representation of complex relationships between inputs and
outputs. A review by Gul et al. [ 31] shows that an increasing
number of research papers are being produced in the HSI
�eld, and highlights the growing popularity of deep learning
methods for hyperspectral data analysis.

The Log (1/R)transformation is used in spectroscopy to transform
sample transmittance or re�ectance to absorbance, and is calculated
using the following equation:

A = log10(
1
R

) (1.2)

, where R is the sample re�ectance for a speci�c wavelength and A is
the calculated absorbance.

Agriculture and the Food Industry. Caporaso et al. [18] describe
the usage of HSI to predict fat content in beans, with a �nal resulting
coef�cient of determination which shows the proportion of variance
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Figure 1.6 Hyperspectral data comparison between raw data and data
denoised using a Savitzky–Golay �lter.

that can be explained by the independent variable, being R2 = 0 :85, for
single-shelled beans.

Similarly, Achata et al. [ 2] describe the usage of visible and near-
infrared light HSI, as well as Raman spectroscopy, for the analysis and
prediction of food powder mixtures. In their experiment, the authors
used HSI with Partial Least Squares (PLS) regression algorithms to
determine the mixed food powders of various concentrations.

Universal Hyperspectral Analysis Algorithms. Expanding on the
methods reviewed by Nikzadfar et al. [ 73] for analysing hyperspectral
data in food quality control applications, this section reviews hyper-
spectral data analysis algorithms that can be applied to any application
[106].

• The Pixel Purity Index is an endmember extraction algorithm.
This method was combined with Maximum Noise Fraction (MNF)
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transformation, dimensionality reduction, and a denoising algo-
rithm to iteratively project data to random unit vectors to deter-
mine pixel purity [96].

• The Automatic Target Generation Process (ATGP) is an algorithm
used for unsupervised hyperspectral target detection. It extracts
targets without class data using orthogonal subspace projections
[103]. For hyperspectral data, the algorithm �nds vectors at the
ends of the constructed projections because these vectors have
maximal orthogonal projection and are more likely to be endmem-
bers.

• Minimum Volume Simplex Analysis is a fast HU algorithm that
assumes a linear mixture model. The hyperspectral data cube is
created from endmember spectral signatures weighted linearly by
the abundance fractions. Jun Li and Jose M. Bioucas-Dias proposed
an algorithm [ 53] that produced state-of-the-art performance in
the HU of synthetic data cubes.

• Vertex Component Analysis (VCA) represents unsupervised end-
member extraction from the hyperspectral data method [72]. The
usage of the algorithm is explained in more detail in chapter 2.3.1.
ATGP and VCA can be considered variants of each other, with the
main difference being that a Gaussian random number generator
is used to generate the initial set of endmembers.

Band Selection [ 6]. Based on whether prior knowledge is used, band
selection methods can be classed as supervised or unsupervised [9].
Due to its more robust performance and higher application prospects,
the unsupervised band selection method has garnered considerable
attention over the past few decades. Based on a review paper by Sun
and Du [ 95], hyperspectral band selection methods can be categorised
into six groups:

• Ranking-based methods, which select spectral bands according to
a prede�ned band-prioritisation criterion.

• Searching-based methods, which convert band selection into an
optimisation problem for a given criterion function. The two
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parts of these methods are the criterion function and the searching
strategy.

• Clustering-based methods, which create clusters from the original
bands and select the representative bands from these clusters.

• Sparsity-based methods, which use sparse representation or re-
gression to �nd structures in HSI data.

• Embedding learning-based methods, which perform band selec-
tion as part of the optimisation step of the other models used, for
example, during classi�cation.

• Hybrid methods, which combine multiple previous methods for
better band selection performance.

One of the searching-based methods used for band selection is
described by Cai et al. [17]. The key to BS-Nets is to convert the band
selection as a sparse band reconstruction task, i.e., to recover complete
spectral information using a few informative bands. If the information
is essential for a given spectral band, it will be necessary for spectral
reconstruction. To this end, we design a deep neural network based on
the attention mechanism. The architecture of the proposed framework
consists of three components: the band attention module (BAM), band
re-weighting (BRW), and the reconstruction network (RecNet).

An example of a hybrid ranking and clustering-based method is
proposed by Phaneendra et al. [78]. The authors suggest the usage of
correlation methods, which partition a HSI data cube based on the cor-
relation coef�cient, then generate a weight matrix to quantify how each
pixel is approximated by neighboring pixels, then extract the intrinsic in-
formation from the selected bands, and �nally train a three-dimensional
convolutional neural network for classi�cation and benchmarking the
band selection results.

1.1.6. Hyperspectral Data Synthesis

This section describes research on hyperspectral data synthesis and
generation algorithms, which could potentially increase the availability
of hyperspectral data and further our understanding of how the data
behaves under various conditions. HSI is becoming a popular remote
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sensing method that is widely used in agriculture, the food industry,
and mineralogy. However, due to the high costs of hardware, acquiring
hyperspectral data is challenging and expensive. A possible solution to
this problem is the use of hyperspectral data synthesis. Data synthesis
models are needed to ef�ciently develop remote monitoring applications,
including sensor development, testing, design, launch, and algorithm
creation. Users and researchers could arti�cially create hyperspectral
data from more widely available multispectral data or RGB images by
creating an accurate synthesis model.

1.1.6.1. Data Synthesis Models

To create these synthesising models, two approaches are commonly
used:

1. A simulation model that predicts data from given parameters.

2. A deep neural network model trained on hyperspectral data to ex-
trapolate from a smaller number of spectral bands to hyperspectral
data.

One example of a simulation model is the Digital Imaging and
Remote Sensing Image Generation (DIRSIG) model [29]. It is used
to create an arti�cial scene of data and simulate light propagation at
different wavelengths in those scenes. Figure 1.7 shows an example of
generated spectral data compared to actual data.

1.1.6.2. Data Synthesis Using Deep Learning

Wang et al. [99] proposed a network architecture and a series of al-
gorithms as the basis for research and experimentation in creating a
deep neural network for hyperspectral data synthesis. After multiple
iterations of model architecture and hyperparameter tuning, a hybrid,
fully connected, and convolutional network architecture was created.
The model architecture is shown in Figure 17 in Appendix B. The devel-
oped model was tested on RGB data constructed from a hyperspectral
image cube. In turn, an input size of 20 × 20 pixels was used. For
lower-resolution input data (e.g., satellite imagery), the model should
be retrained to process one pixel at a time.
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Figure 1.7 DIRSIG-generated hyperspectral data comparison, where the
red line shows a generated hyperspectral signature and the black line
shows a real spectral signature. Source: [29]

1.1.7. Hyperspectral Data Classi�cation Algorithms

HSI classi�cation is the predecessor problem to HU, and its resolution
shares similar methods and ideas. In addressing these issues, Wenjing
Lv and Xiaofei Wang [ 61] reviewed HSI classi�cation methods and
algorithms as follows:

• Support Vector Machine is a supervised classi�cation method
proposed by Boser et al. [14] that is used for classi�cation and
regression tasks. A non-linear classi�er can be created using the
kernel trick proposed by Boser et al. [ 14]. As a machine learning
method, the support vector machine method plays a signi�cant
role in image and signal processing and recognition. It requires
that the classi�cation surface can not only separate the two types
of sample points without error, but also maximise the classi�cation
gap between the two types.

• Minimum Distance Classi�er is a supervised classi�cation method
that uses the distance of pixels in the feature space as a classi�-
cation basis. In the feature space, feature points belonging to the
same class are generally considered to be clustered in space. By
using training samples, the algorithm forms regions of classes and
uses a distance metric (for example, Euclidean) to measure the sim-
ilarity between samples. An example that uses minimum-distance
classi�ers in the wavelet domain was proposed by Li et al. [55].
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• Maximum Likelihood Classi�er is a classi�cation method based on
the Bayesian criterion. The maximum likelihood of discrimination
classi�cation is a non-linear classi�cation method. The algorithm
calculates statistical features of training samples to create a classi-
�cation discriminant function, which determines the probability
of each sample belonging to each class [43].

• Arti�cial Neural Networks are the most popular arti�cial intelli-
gence classi�cation method. The back propagation neural network
(feedforward network model) is currently the most widely used
neural network model. It consists of an input layer, a hidden
layer, and an output layer. However, arti�cial neural networks
have weaknesses, such as the need for extensive training datasets
and slower operation speed compared to classical algorithms. For
example, a generative adversarial network combined with convo-
lutional networks has been used for hyperspectral classi�cation
[118].

• Convolutional Neural Networks (CNN) are neural networks that
learn features via kernel optimisation. This is the most popular
network type for image processing, and has recently been replaced
by transformer networks for some applications. One-, two-, or
three-dimensional convolutional networks are viable for hyper-
spectral data. Using a CNN to classify the spectral features of
hyperspectral images involves using a one-dimensional CNN to
extract and classify spectral features for each pixel separately. Two-
dimensional convolution can process groups of pixels, with the
spectral data serving as the convolutional channel data. Three-
dimensional convolution uses spatial and spectral information as
inputs for small cubes of hyperspectral data. A U-Net network
is a popular example of a convolutional neural network used for
image classi�cation [85].

An example of the use of deep convolutional networks for hyper-
spectral data classi�cation is provided by Hyungtae and Heesung [ 51].
In their article, the authors propose a deeper convolutional network for
improved classi�cation performance compared to state-of-the-art con-
volutional models, emphasising �nding the optimal width and depth
combination for the CNN classi�cation model.
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A new hyperspectral analysis and unmixing model type is gain-
ing popularity, utilising transformer layers that are now commonly
employed in language processing tasks. As an example, Hong et al.
[38] describe a transformer-based hyperspectral classi�cation algorithm
called SpectralFormer. Figure 16 in Appendix A provides the entire
model architecture. The model consists of a group-wise spectral em-
bedding layer based on the spectral patch size, which combines linear
projections of neighbouring bands to learn the positional embeddings of
spectral data. The embedded data is then encoded using the transformer-
based encoding layer, and each spectral patch is encoded separately. In
addition to the embeddings, a multi-layered perceptron performs the
data classi�cation. This consists of multiple parts in addition to the
transformer network itself:

• Cross-layer Adaptive Fusion. The skip connection (SC) mecha-
nism has been proven to be an effective strategy in deep networks,
which can enhance information exchange between layers and re-
duce information loss in the network learning process. The infor-
mation 'memory' ability of short SC remains limited, while long
SC tends to yield insuf�cient fusion due to the presence of a large
gap between high and low-level features. In turn, a new method
called Cross-layer Adaptive Fusion was created.

• Group-wise Spectral Embedding (GSE). The spectral information
in different positions re�ects different absorption characteristics
corresponding to other wavelengths. This, to a great extent, shows
the physical properties of the current material. Capturing the lo-
cally detailed absorption (or changes) of such spectral signatures
is crucial in accurately and �nely classifying the materials in the
hyperspectral scene. For this purpose, group-wise spectral embed-
dings are learned using the GSE algorithm, rather than band-wise
input and representations.

1.2. Hyperspectral Unmixing

HU is the process that calculates the collection of spectral signatures,
called endmembers, and their abundances for each pixel of the hyper-
spectral data cube. The HU problem can be separated into three main
parts that HU algorithms try to solve separately or all at once:
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• Finding the number of possible endmembers in each hyperspectral
data cube.

• Extracting the spectral signatures of each of the endmembers.

• Calculating the abundance values of each endmember for all of
the pixels in a hyperspectral data cube.

This section describes and reviews algorithms used for HU, and is
split into four main parts that describe the different types of algorithms
used and the datasets used to test these algorithms. These include
supervised algorithms, semi-supervised algorithms, and unsupervised
algorithms.

1.2.1. Supervised Algorithms

Supervised algorithms are most commonly used in machine learning to
achieve optimal performance in various tasks, including object detection,
classi�cation, regression, and other areas. For HU, these algorithms are
used less frequently because the supervised algorithms require labelled
data for training, which may not be available if HU needs to be solved.

Koraila et al. [ 47], Bioucas-Dias et al. [11], and authors who have
written on HU propose a supervised HU method that is based on the
mapping of true hyperspectral image spectra and the corresponding
linear spectra that are composed of the same endmember abundances.
The suggested algorithm works via a series of steps:

• A real hyperspectral dataset is gathered.

• Ground truth abundance and endmembers are used to linearly
mix spectra into an arti�cial hyperspectral image corresponding
to the dataset.

• Both data sources are put into to a machine learning algorithm to
learn the mappings between data.

• After training, the model is created and saved.

• The trained model is then tested with a portion of the real hyper-
spectral dataset.
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• Linearly mixed spectra are generated due to the unmixing, result-
ing in the abundance map of the hyperspectral testing dataset.

Others used a neural network and two regression algorithms to learn the
mapping between the generated linear and non-linear training spectra.
The algorithms were tested using 10,000 mixed spectra with 50 dB
Signal-To-Noise Ratio (SNR) Gaussian noise and spectral signatures
from the United States Geological Survey (USGS) spectral library [48].
The spectral mixes were generated using the Hapke model [35].

1.2.2. Semi-Supervised Algorithms

Like supervised algorithms, semi-supervised algorithms require labelled
data to be used properly. However, the key difference lies in the ability
to learn the base structure from labelled data and the use of entirely
unlabelled data to enhance training accuracy. Sparse regression is the
most commonly used semi-supervised algorithm for HU.

In most common machine learning cases, the model is trained to
learn the relationship between these variables, and the model created
can in turn be used to predict the result based on input data. Sparse
regression is a subcategory of regression machine learning algorithms.
The number of possible independent variables, also referred to as pre-
dictors in HU, poses a challenge in collecting suf�cient diverse data for
machine learning algorithms to learn effectively. So, sparse regression
models that depend on only a subset of possible predictors are used.
The same regression algorithm can be used for sparse regression (linear,
lasso, ridge, and others), but an additional step is often required to de-
termine the subset of predictors. The problem of regression is achieving
a function that allows one to estimate a certain quantity of the depen-
dent variable from several observed variables, known as independent
variables.

SUnSAL and C-SUnSAL. Sparse unmixing by variable splitting and
both augmented Lagrangian (SUnSAL) and constrained SUnSAL (C-
SUnSAL) algorithms [ 11] is based on the Alternating Direction Method
of Multipliers (ADMM) algorithm [ 27]. The ADMM algorithm breaks
down a complex problem into a series of more straightforward issues.
The results provided by the aforementioned authors are in dB values
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of the Reconstruction Signal-To-Noise Ratio (RSNR) metric, and both
algorithms were tested using 50 dB of arti�cial noise. The SunSAL
algorithm achieved RSNR values of 48 and 23 dB for the Gaussian and
USGS [48] datasets, respectively, while C-SunSAL achieved 47 and 14.5
dB, respectively.

CLSUnSAL. Collaborative sparse unmixing by variable splitting and
augmented Lagrangian (CLSUnSAL) [ 42] is an elaboration of a previous
SUnSAL algorithm introduced in [ 11]. The difference between the SUn-
SAL and collaborative SUnSAL algorithms is that the non-constrained
algorithm performs regression on each pixel independently, while the
constrained algorithm calculates sparsity for all pixels. Algorithm per-
formance results provided by the authors were in the SRE metric, with
dB as the unit, and an arti�cial noise level of 40 dB SNR. The results
were 21 dB for two endmembers, 14 dB for four endmembers, and 8.7
dB for six.

SUnSAL-TV. SUnSAL and total variation (SUnSAL-TV) [ 41] is a varia-
tion of the SUnSAL algorithm with an added total variation regularisa-
tion, which provides spatial information for better spectral unmixing
results. The TV regulariser accounts for spatial homogeneity because
it is very likely that neighbouring pixels will have a similar abundance
fraction of the same endmembers. A similar algorithm, using total
variation minimisation to unmix and increase the spectral resolution of
hyperspectral images, was suggested in [32]. However, it employs the
N-FINDR algorithm [ 110] to infer endmembers. The authors provided
SRE results for the evaluation of algorithm performance with the fol-
lowing values: 12.67 dB for the USGS [48] dataset, and 14.64 dB for the
ASTER dataset [70].

MCSU. Spectral-spatial-weighted multiview collaborative sparse un-
mixing (MCSU) [ 81] is a sparse regression HU algorithm that leverages
spatial and spectral correlation. The main idea of the algorithm is to
utilise the existing correlations between adjacent spectral bands and
neighbouring pixels, which are assumed to contain highly correlated
information. A hyperspectral camera may have captured the same mix-
ture of materials in multiple groups of pixels or captured a transitioning
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mix of materials that will have a robust correlation to its neighbouring
pixels. The authors provide the SRE and RMSE metrics for evaluating
the algorithm's performance. Three different datasets were used, with
the following results: SRE = 33 for the simulated dataset; RMSE = 0.057
for the Cuprite dataset [ 71]; and SRE = 13.55 for the Jasper dataset [117].

SUSRLR-TV. Superpixel-based reweighted low-rank and total varia-
tion (SUSRLR-TV) [52] is a sparse unmixing algorithm that utilises the
Simple Linear Iterative Clustering (SLIC) algorithm to segment hyper-
spectral images into homogeneous regions. It combines total variation
and ADMM algorithms to calculate abundance maps. The algorithm
was tested using three synthetic data cubes created with different abun-
dances and endmembers gathered from the USGS spectral library and
using the Cuprite dataset [ 71]. A set of different datasets was used to
determine the algorithm's performance. The synthetic datasets were
used to obtain accurate metrics, and the Cuprite dataset was utilised to
inspect the algorithm's performance visually.

S2WSU. Spectral–spatial weighted sparse unmixing [ 108] is a HU
framework that seeks a sparse solution constrained by both spectral and
spatial domains simultaneously. It implements ADMM for parameter
and coef�cient optimisation purposes. A dataset generated from the
USGS spectral library [48] was used to determine the algorithm's perfor-
mance and compare it to other popular solutions. Synthetic cubes were
used to test the algorithm with SRE as the given metric, yielding results
of 20.5 for the �rst cube and 19.6 for the second cube, with a given SNR
of 30 dB.

1.2.3. Unsupervised Algorithms

Unlike other machine learning algorithms, unsupervised methods do
not require trained, labelled data; the information is learned directly
from the input data provided. Selected subcategories of unsupervised
algorithms used for HU include Linear Mixture Models (LMM)s, Non-
Negative Matrix Factorization (NMF), and Autoencoder networks.
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1.2.3.1. Linear Mixture Models

Linear mixture models are regression models that simultaneously con-
sider the variation of dependent and independent variables. The varia-
tions of both types of variables are often referred to as �xed and random
effects, and because the model incorporates both of these effects, it is
called a mixed model. Equation 1.3 represents the linear mixture model:

y = X� + Zu + " (1.3)

, where y is the outcome variable or mixture, X is the predictor mul-
tiplied by � regression coef�cients, Z is the design matrix of random
effects of mixed data groups, and " is residual-like noise.

ALMM. An Augmented Linear Mixing Model (ALMM) [ 37] is a mod-
i�ed linear mixture model that utilises an endmember dictionary to
determine the scaling factors and an additional dictionary to model
the remaining spectral variabilities. The proposed algorithm also im-
plements ADMM-based optimisation to solve multi-block optimisation
problems [101]. In the experiment proposed by the authors, a combina-
tion of synthetic data generated from the USGS spectral library [ 48] and
an AVIRIS-gathered hyperspectral image called Cuprite [ 71] was used.
The result of reconstruction RMSE provided by the authors was 0.0003
for the Cuprite dataset.

1.2.3.2. Non-Negative Matrix Factorization

NMF is an algorithm group that, as the name suggests, factorises a
matrix into two separate matrices with the additional assumption that
all matrices have no negative elements. Because hyperspectral data
cannot contain negative values, and consequently the endmember and
abundance matrices are also non-negative, these algorithms are widely
used in HU. The spectra at each hyperspectral image pixel are assumed
to be a linear mixture of several members. Therefore, the image Z ,
which represents the whole hyperspectral image cube consisting of
three dimensions, two spatial and one spectral, can be formulated as:

Z = WH + N (1.4)
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, where W is the spectral signature matrix of a size equal to the number
of spectral bands (frequently annotated as � ) times the number of end-
members, H is the abundance matrix that is the size of the number of
endmembers times the number of pixels, and N is the residual data size
equal to the number of spectral bands times the number of pixels. HU is
then performed by reversing the formula and determining the W and H
matrices from the original hyperspectral image Z .

CNMF. Coupled non-negative matrix factorisation (CNMF) [ 104] is an
algorithm used to unmix high spatial resolution multispectral data and
high spectral resolution hyperspectral data simultaneously, achieving
hyperspectral and multispectral data fusion. The algorithm utilisew
a vertex component analysis (VCA) algorithm to calculate the initial
endmember matrix from the spectral data, with a user-de�ned num-
ber of endmembers to identify. The authors used peak signal-to-noise
ratio (PSNR) and spectral angle error (SAE) metrics to determine the
performance of the unmixing algorithm. Spectral angle error is used
to determine the accuracy of reconstructed spectra by calculating the
angle between the estimated spectra in � -dimensional space and the
actual spectra. A smaller angle indicates a more accurate spectral recon-
struction. A value of 40 dB for the PSNR metric is given for algorithm
performance.

Manifold Regularised Sparse NMF. Graph-regularised L 1=2-NMF
(GLNMF) [59] is a HU algorithm that takes into consideration the local
geometrical structures of hyperspectral image data. Regularisation
and sparsity constraints are used to detect the geometrical structure
of the graph. Synthetic datasets were created using the endmembers
from the USGS Spectral library [48], with the number of endmembers
varying from 5 to 10. The AVIRIS Cuprite dataset [ 71] was used to
test the accuracy of abundance estimation for different minerals. In
total, the authors conducted six experiments to test various performance
metrics. SAD metric results are provided by the authors: 0.019 for the
synthetic dataset and 0.155 for the Jasper dataset with noisy bands, or
0.135 without noisy bands.
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Subspace Clustering NMF. Subspace Clustering Constrained Sparse
NMF (SC-NMF) [ 60] is a spectral unmixing framework that uses sub-
space clustering with NMF to improve the precision of the unmixing.
Using a coef�cient matrix derived from the aforementioned subspace
clustering algorithm instead of a simple Euclidean distance creates a
similarity graph. A synthetic hyperspectral image was made from the
USGS Spectral library [48] to test the algorithm. Values of SAD for algo-
rithm performance are as follows: 0.09 for the Indiana dataset and 0.089
for the Cuprite dataset [71].

CSsRS. The Correntropy-Based Spatial-Spectral Robust Unmixing
Model (CSsRS) [57] is an unmixing model that utilises correntropy-
based non-negative matrix factorisation, a loss function, and a sparsity
penalty. The algorithm was tested using a synthetic dataset created from
the USGS spectral library [48] and real datasets: Jasper [117] and Urban
[116]. The authors provide values of SAD to evaluate the performance
of the algorithm: 0.05 for a synthetic dataset with three endmembers,
1.4 for a synthetic dataset with eight endmembers, 0.084 for the Jasper
dataset, and 0.17 for the Urban dataset.

GLNMF. General loss-based NMF (GLNMF) [77] is a HU algorithm
that uses a general robust loss function instead of a least-squares loss
function. The algorithm was tested using a synthetic dataset created
from the USGS spectral library [ 48] and the Jasper dataset [117]. The
values of RMSE were: 0.06 for �ve endmembers and 0.06 for ten end-
members.

CANMF-TV. Correntropy-based autoencoder-like non-negative ma-
trix factorisation with total variation (CANMF-TV) [ 26] is an unmixing
algorithm that adds a correntropy-induced metric to create the unmix-
ing model, and a total variation regulariser is added to preserve spatial
information. To test the algorithm, a synthetic dataset was created from
the USGS spectral library [48] and the Cuprite [ 71] datasets. Values of
SAD are provided by the authors: 0.13 for a synthetic dataset with a 10
dB SNR, 0.05 for a synthetic dataset with a 40 dB SNR, and 0.095 for the
Cuprite dataset.
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R-CoNMF. Robust collaborative non-negative matrix factorisation [ 54]
is an unmixing algorithm that performs three steps of the HU chain. The
three steps denoted by the authors are as follows:

• Estimation of the number of endmembers in the dataset being
analysed.

• Identi�cation of the endmember signatures.

• Estimation of the abundances in each pixel.

SAD values of 3.68 and 0.66 for a synthetic dataset with 20 and 80 dB
SNR, respectively, are provided.

TV-RSNMF. Total variation regularised reweighted sparse NMF [ 36]
is a blind HU algorithm based on non-negative matrix factorisation
and is implemented using a reweighted sparse regulariser to promote
abundance sparsity and a TV regulariser to enhance the spatial infor-
mation because nearby pixels are likely to be highly correlated due to
their similar chemical composition. RMSE values of 0.049 and 0.051 are
provided for 10 dB SNR and 40 dB SNR with the synthetic dataset.

SGSNMF. Spatial group sparsity regularised NMF [ 98] is a blind un-
mixing method that incorporates a spatial group sparsity regulariser
constraint, which takes into account pixel location (spatial data) and the
fact that abundance matrices are sparse. A simulated dataset created
from the USGS library [ 48] and a real dataset were used to test the al-
gorithm. RMSE values of 0.02 for three endmembers and 0.06 for 15
endmembers are provided for the synthetic dataset.

EC-NTF-TV. Endmember constraint non-negative tensor factorisation
via total variation for HU [ 97] is an algorithm that uses a proposed
endmember constraint to mitigate the high correlation between spectral
signatures for estimating endmembers and a total variation regularisa-
tion for exploiting the spatial correlation in calculating the abundance
maps. The authors also use the augmented multiplicative algorithm
to solve their abundance map objective function. The SAD and RMSE
metrics were used in conjunction with synthetically generated data and
the real Jasper Ridge dataset [117] to test the algorithm's performance.
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For the Jasper Ridge dataset, the mean SAD score for each data class was
calculated from the corresponding SAD values. Mean SAD for Jasper
Ridge was 0.1248.

LIDAR-NTF. LIDAR-aided total variation regularised non-negative
tensor factorisation for HU [ 44] proposes using a Digital Surface Model
(DSM) created from LIDAR data to provide accurate elevation infor-
mation about the observed scene. The provided DSM data is used in
total variation regularisation as a spatial constraint, increasing the tensor
decomposition accuracy, especially in areas of the hyperspectral image
with a signi�cant height difference between neighbouring pixels. Five
randomly selected materials from the USGS library [ 48] were chosen to
create a synthetic dataset. An additional Gaussian noise was added to
corrupt the data. An RMSE value was calculated for synthetic images,
and the results were 0.1197 with 20 dB noise and 0.1185 with 50 dB noise.

1.2.4. Neural Network Algorithms

This section describes the various HU algorithms based on neural net-
works, speci�cally deep neural networks such as autoencoder and gen-
erative models.

1.2.4.1. Autoencoder Networks

Autoencoders are a type of neural network architecture that utilises
unsupervised learning. An arti�cial neuron bottleneck is created to
form an autoencoder network that compacts the input data into a small
number of features, extracting additional non-linear information from it.
The model consists of the encoder part of the network, which compresses
the data, and the decoder, which reconstructs the original data using the
compressed features as input. This allows the networks to be trained by
minimising the data reconstruction error, which measures the difference
between input and reconstructed data. After the model has been trained,
the compressed data can be extracted and used as an input for other
algorithms. This method extracts hidden or latent features in the training
data. Figure 1.8 presents a high-level diagram of an autoencoder neural
network architecture, where the �rst part of the network serves as the
encoder and the second part is the decoder, with a bottleneck layer in
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between. The diagram also shows that the middle layers are smaller
than the input and output layers, and the lines between nodes depict
the neuron connections and weights.

Figure 1.8 An example of a variational autoencoder network. Source:
[93]

Deep Generative Unmixing. The Deep Generative Unmixing algo-
rithm (DeepGUn) [ 13] is a spectral unmixing algorithm based on gen-
erative models, such as generative adversarial networks (GANs) and
variational autoencoders (VAEs). According to the authors, their pro-
posed strategy yields a more accurate abundance estimation at a minimal
computational cost. Their proposed autoencoder architecture consists of
three hidden encoder layers with recti�ed linear unit (ReLU) activation
functions, three hidden decoder layers with ReLU activation functions,
and an input and output layer with sigmoid activation functions. The
experiment was conducted using four synthetically created data cubes
from the USGS Spectral Library [48] and hyperspectral images from
the Houston [ 74], Samson [115], and Jasper Ridge [117] datasets. RMSE
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values for these datasets are provided by the authors: 0.045 for the syn-
thetic dataset, 0.236 for the Houston dataset [74], 0.086 for the Samson
dataset [115], and 0.11 for the Jasper dataset [117].

CNNAEU. Convolutional neural network autoencoder unmixing (CN-
NAEU) [ 76] is a HU model based on autoencoder neural network archi-
tecture and the usage of convolutional layers. It is based on exploiting
the spatial structures of hyperspectral images and their spectral infor-
mation. It is achieved by using a convolutional neural network (CNN)
to extract spatial features from the structure of hyperspectral images.
The authors provide values of the mean MSE for different datasets used:
0.078 for the Samson dataset [115], 0.056 for the Urban dataset [116], 0.13
for the Houston dataset [74], and 0.10 for the Apex dataset [86].

AAS. Autoencoder network with adaptive abundance smoothing (AAS)
[39] is a HU algorithm based on an autoencoder network with an adap-
tive spatial smoothing algorithm to improve unmixing performance. A
synthetic dataset created from the USGS spectral library [48] and the
Samson [115] and Jasper Ridge [117] datasets was used to carry out
algorithm benchmark experiments. Endmember SAD values given for
Samson and Jasper datasets are 0.11 and 0.16, respectively.

Deep HSNet. The Deep Half-Siamese network (Deep HSNet) [22] is
a HU algorithm that consists of two distinct networks: an endmember-
guided network and a reconstruction network. The �rst network maps
extracted endmembers to abundances, while the reconstruction network
is an autoencoder architecture that recreates hyperspectral pixels. Two
different parameter networks were used in the experimentation, with a
synthetic dataset created using the USGS spectral library [48] and the
Urban dataset [116]. The following values of reconstruction RMSE are
given: 0.12 for a synthetic dataset with 40 dB SNR and 0.087 for the
Urban dataset.

DAEN. A deep autoencoder network [ 93] is a type of deep neural net-
work that consists of two main parts and is used for spectral unmixing.
The �rst part of the architecture consists of stacked autoencoders, while
the second part is a variational autoencoder network.
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DMBU. Deep autoencoders with multitask learning for bilinear HU
[94] form an unmixing algorithm created using deep autoencoder net-
works and a multitask learning framework. In the proposed method, the
authors train two instances of autoencoder networks together by min-
imising the errors between the encoder-reconstructed data and the orig-
inal hyperspectral images. Using multitask learning frameworks, the
authors create two models: one to obtain endmembers and abundances,
and a second to estimate the bilinear components of hyperspectral data.
As a result, a bilinear mixture model is created that can more accurately
predict the non-linear interaction of light scattering. The authors used a
variation of synthetic and real datasets to test the algorithm's accuracy
and computation time. For the Jasper Ridge dataset [117], an RMSE of
0.247 was achieved, and the mean SAD over all of the different classes
was 0.150.

LSTM-DNN. The LSTM-DNN-based autoencoder network for non-
linear hyperspectral image unmixing [ 111] is a proposed HU algorithm
that utilises a long short-term memory (LSTM)-based deep learning
network. The authors propose a recurrent neural network (RNN) ar-
chitecture, speci�cally LSTM layers, and an autoencoder structure to
calculate hyperspectral endmembers and abundances using the encoder,
and reconstruct the hyperspectral data cube using the decoder network.
The authors created synthetic datasets using USGS spectral library data
and a laboratory-created mixture of data, urban datasets, and other
scenes to test the algorithm's performance. Multiple metrics were calcu-
lated: average Spectral Angle Distance (SAD) (aSAD), average spectral
information divergence (aSID), RMSE, and others that were not used in
the experiment conducted for the Urban dataset [ 116]. The results for
Urban dataset were as follows: aSAD – 9.2� 2.9, aSID (� 10� 3) – 115.7�
84.7, RMSE (� 10� 3) – 13.4� 3.4.

SC-CAE. A sparsity-constrained convolutional autoencoder network
for hyperspectral image unmixing [ 112] is a convolution-based autoen-
coder network algorithm for HU with constrained sparsity. The authors
propose an algorithm that utilises PCA on hyperspectral data, which
is then fed into a convolutional autoencoder deep learning network.
This network can identify abundant maps and spectral endmembers,
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and reconstruct the original hyperspectral data, provided that suf�cient
training data and time are available. A combination of synthetic data
generated using spectral information from the USGS library [ 48] and
the Jasper Ridge dataset [117] was used to test the performance of the
proposed algorithm. Mean SAD (mSAD) and mean abundance angle
distance metrics (mAAD) were used to compare algorithms. For the
synthetic dataset, mSAD values were 0.0135 with an SNR of 20 dB and
0.0051 with an SNR of 50 dB, and mAAD values were 0.0671 with an
SNR of 20 dB and 0.0306 with an SNR of 50 dB.

1.2.5. Agricultural Hyperspectral Data Unmixing

A comprehensive and extensive review paper on the usage and unmix-
ing of hyperspectral data in agriculture was written by Geurri et al. [ 30].
The authors explore the use cases of hyperspectral data in agriculture
and the available algorithms used to unmix this hyperspectral data, ex-
amining the following types of algorithms: Autoencoder denoising [ 21],
Convolutional Neural Networks [ 66], Recurrent Neural Networks for
classi�cation [ 114], Deep Belief Networks [ 58], Generative Adversarial
Networks for denoising [ 107] and super-resolution [ 88], Transfer Learn-
ing for classi�cation tasks [ 56], Semi-Supervised Learning classi�cation
[113], and Unsupervised Learning classi�cation [ 66]. From their paper,
it can be concluded that the most popular recent unmixing methods all
fall within the domain of deep learning algorithms.

Annam and Singla [ 3] used supervised and unsupervised machine
learning methods to detect heavy metals (arsenic (As), cadmium (Cd),
and lead (Pb)) in soil from hyperspectral data, with an unsupervised
k-means algorithm achieving the best resulting accuracy of around 98%.

1.2.6. U-Net Image Classi�cation Model

The original U-Net model created by Ronneberger et al. [ 85] was used
for biomedical image segmentation. Our previous work demonstrates
that autoencoder networks are a widely used deep learning method
in HU. Due to this, a base autoencoder architecture from the U-Net
model was employed. The autoencoder compresses data into a small
latent space, allowing it to extract features at various scales during
the compression process. Figure 1.9 shows the original U-Net model
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Figure 1.9 U-Net model architecture and layers. Source: [85].

architecture diagram.

1.2.7. Transformer-Based Hyperspectral Unmixing Model

This is the primary model used in creating the proposed model as the
baseline was the unmixing neural network, which utilises a visual trans-
former for endmember extraction, developed by Ghosh et al. [ 28]. Their
model code is implemented in Python using the PyTorch neural net-
work creation library and is freely available at https://github :com/
preetam22n/DeepTrans-HSU : The implemented code consists of:

• neural network implementation using PyTorch;

• various hyperspectral dataset reading and collection parameters
for each of the datasets;

• resulting data visualisation wrappers;

• the implementation of a few loss functions used in model training.
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1.2.8. Hyperspectral Datasets

This section describes hyperspectral datasets used in experiments re-
viewed in other publications, or those that are openly available for use.
These datasets were used in experimentation and as a comparison to the
new agricultural dataset that was created:

• A synthetic datacube created by arti�cially mixing different amounts
of pure spectra taken from the USGS spectral library. To make the
synthetic datasets, version 7 of the USGS spectral library (splib07a)
[48] was utilised, which comprises over 2000 distinct spectral end-
members spanning a wavelength range of 0.2 to 200 micrometres.
Several datasets were generated using the spectral data from this
library to conduct the benchmark experiments.

• A hyperspectral dataset created by the authors of [ 105] in a lab-
oratory setting that contains hyperspectral images and spectral
ground truths. The dataset is split into three scenes, each contain-
ing spectra of pure-coloured materials mixed in various propor-
tions to create mixed spectra. The difference between this dataset
and the synthetic data created using the USGS library is that the
mixtures are physically produced and represent a more realistic
mixing model. In contrast, library members are usually mixed lin-
early. The �rst and third scenes utilise cyan, magenta, and yellow
dyes and mixtures, while the second scene employs red, green,
blue, and white dyes.

• IEEE GRSS 2018 data fusion contest hyperspectral dataset[80]. The
hyperspectral dataset was gathered �ying over the University of
Houston and consists of an area measuring 1202 by 4172 pixels,
each containing 48 spectral bands with wavelengths from 317 nm
to 1047 nm. The RGB reconstruction of the data is shown in Figure
1.10.

• Jasper Ridge[75] – a 512 x 614-pixel-sized hyperspectral image with
224 spectral bands with four endmember classes: '#1 Road', '#2
Soil', '#3 Water' and '#4 Tree'. Other publications that use this
dataset in experimentation include: [92], [97], and [13].
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Figure 1.10 2018 IEEE GRSS data fusion hyperspectral data, RGB recon-
struction. Source: [80]

• Cuprite [75]. A hyperspectral image 307 x 307 pixels with 210
spectral bands, with a ground truth consisting of 4, 5, or 6 classes –
[98], [26].

• Urban[75]. A region of 250 x 190 pixels with 224 spectral bands and
a collection of 14 different minerals (endmembers). Endmember
spectra are depicted in Figure 1.11. Papers that use this dataset in
experimentation include: [34], [111].

• DC Mall [75] [68]. A scanned area of part of Washington DC with a
size of 1208 x 307 pixels and 191 spectral bands. Ground truth was
created for classi�cation with the following classes: Roofs, Streets,
Paths, Grass, Trees, Water, and Shadows. This dataset was used in
the experimentation presented in this paper and the Ghosh et al.
[28] paper.
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Figure 1.11 Cuprite dataset endmember spectra. The graphs show the
re�ectance values (y-axis) for different materials in speci�c wavelengths
(x-axis) in micrometres. Source: [75]

1.3. Conclusions of the Chapter

• HSI is an increasingly popular remote sensing �eld that is used in
different applications as a non-destructive data collection method.

• HSI is a vast �eld of science, and numerous algorithms are conse-
quently employed for the analysis, preprocessing, classi�cation,
and clustering of hyperspectral data.

• With a large variety of algorithms available, different hyperspectral
applications require different methods to be used. The newer, deep
learning-based LSTM-DNN algorithm achieved a lower RMSE
value on the Urban dataset compared to other methods tested
using this dataset.

• The review of existing HU shows the absence of a standardised
testing methodology for these HU algorithms, with many different
datasets and metrics used across all of the algorithms. This in turn
makes the comparison of these methods inaccurate.
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2. HYPERSPECTRAL UNMIXING METHODS AND RESEARCH
METHODOLOGY

This chapter describes the hyperspectral datasets that are commonly
used in related works for HU, the hyperspectral data collection pro-
cess, the HU dataset that was created using this process, the various
metrics used to evaluate the performance of HU algorithms, and the
proposed U-Net-based HU neural network model. The chapter is based
on two published papers [A.1] [B.1] and one that has been submitted for
publication [A.2].

2.1. Metrics Used

This section describes the various metrics used in evaluating the perfor-
mance of the HU algorithm and its training accuracies.

2.1.1. General Metrics

Multiple metrics are used in HU problems. The most common are
Root Mean Squared Error (RMSE), Signal Reconstruction Error (SRE),
Spectral Angle Distance (SAD), and Spectral Angle Mapping (SAM).
The RMSE and Signal Reconstruction Error (SRE) metrics were selected
due to their popularity in HU algorithm performance evaluation and
their overall simplicity in describing the differences between evaluated
and real spectra:

• RMSE (Equation 2.1) shows the difference between the predicted
spectra and the ground truth. Different authors have employed
several variations of RMSE to assess different aspects of the created
algorithms; these include the average RMSE between all endmem-
bers, reconstruction RMSE, and abundance RMSE. Average RMSE
is calculated by taking the computed RMSE for each endmem-
ber separately and calculating the average value. Reconstruction
RMSE is computed between the ground truth signal and the sig-
nal reconstructed by a predictive model. Abundance RMSE is
computed between ground truth abundances and those that are
predicted. This metric was selected due to its widespread use
in papers on HU algorithms and its versatility in various error
computations.
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• SRE (Equation 2.2) is used to determine the quality of the spectral
mixture reconstruction generated by the algorithms. A higher SRE
value means better reconstruction quality. This metric was selected
as a modi�cation of the RE metric speci�cally used for signal data.

Metrics are calculated using the following formulas:

RMSE =

vu
u
t 1

N

NX

i =1

(x i � x̂ i )2 (2.1)

, where N is the number of values in the tested vector, x i is the i -th
actual value, and x̂ i is the i -th predicted value.
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, where x is the true value, x̂ is the predicted value, and E is the average
value of the expression inside.

2.1.2. Neural Network Algorithm Training And Evaluation Metrics

The metrics and losses in this section were chosen to train and evaluate
the proposed neural network model based on the U-Net architecture.

Reconstruction Error (RE) (Equation 2.3) measures the average dif-
ference between model-generated data and actual ground truth data:

L RE (I; bI ) =
1
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i =1

WX
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( bI ij � I ij )2 (2.3)

, where W is the image width, H is image height, bI ij is the predicted
spectral data in pixel ij , and I ij is the actual spectral data in pixel ij .
The computation is performed for each pixel in the image separately.

Spectral Angle Distance (SAD) (Equation 2.4) measures the angles
between two vectors in a multidimensional space:
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, where R is the number of pixels, I i is actual data, and bI i is predicted
data. When used on hyperspectral data, the hyperspectral data cube's
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two spatial dimensions are combined into a single dimension of size R,
and the angle is calculated for each pixel separately.

Cosine similarity (Equation 2.5) calculates the dot product of the
vectors divided by the product of their lengths:

cos(� ) =
I � bI

kI k





 bI








(2.5)

, where I and bI are the two input vectors to be measured. In the case
of hyperspectral data, the vectors represent the spectral values of each
pixel.

2.2. Hyperspectral Data Collection Methodology

This section describes the methodology used to collect agricultural hy-
perspectral data. The hyperspectral data gathered was used to create a
hyperspectral dataset and to test HU algorithms.

2.2.1. Hyperspectral Data Gathering Methodology Using UAVs

Raw hyperspectral data was gathered using an Aurelia X6 drone [1] with
a SPECIMhyperspectral pushbroom camera [90] �ying over a blueberry
�eld. The raw hyperspectral data is gathered by the sensor and written
into a proprietary format �le created by the camera manufacturer. The
raw hyperspectral data must be processed by the software provided by
the camera manufacturer, producing a hyperspectral data cube in an
ENVI raster format [ 89] that is readable by other software. The data
from these speci�c blueberry �elds was selected because they represent
the highest quality data available from all the gathered hyperspectral
data, and also because they have the lowest number of shadows in the
hyperspectral data cubes.

The pushbroom hyperspectral camera records data from all 224
spectral bands, each 1024 pixels wide. In turn, the �nal hyperspectral
cube size depends on the �ight length, but will always have a similar size
of 1024 pixels wide with 224 spectral bands gathered. A data-gathering
�ight was conducted at 70 meters above ground, and the required drone
speed to maintain a square pixel resolution was calculated. The �nal
pixel size of UAV hyperspectral cubes was 5 x 5 centimetres. To maintain
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