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Abstract

This doctoral thesis investigates hyperspectral imaging, a non-destructive spatio-spectral
analysis technique, with the aim to streamline its data analysis and enhance its utility for
routine plant and algal growth assessment. The text describes the structure of hyperspectral
data and the principles of hyperspectral acquisition systems. The theoretical background
covers hyperspectral data analysis using image processing, chemometric methods, and ma-
chine learning algorithms. Among the methods specifically explored are neural networks,
spectral unmixing, and dimensionality reduction. A significant practical contribution of
this work is the development of a hyperspectral microscope workstation. The experimen-
tal results from this system include verifying its spectral resolution and characterising it
using a reference colour calibration slide. The dataset from this calibration slide was also
utilised in the study of the effectiveness of dimensionality reduction and spectral unmixing
algorithms, which is presented in this text. Furthermore, the hyperspectral microscope
was successfully utilised for the identification and quantification of marine cyanobacteria
mixtures.

Abstrakt

Dizertaéni prace se zabyva hyperspektralnim zobrazovanim, nedestruktivni technikou pros-
torové-spektralni analyzy, s cilem zefektivnit analyzu téchto dat a zvysit jeji vyuzitelnost
pro rutinni posuzovani rustu rostlin a fas. Text popisuje strukturu hyperspektrdlnich dat
a principy systému hyperspektrdlniho snimani. Teoretické zaklady zahrnuji analyzu hy-
perspektralnich dat pomoci zpracovani obrazu, chemometrickych metod a algoritmu stro-
jového uceni. Mezi konkrétné zkoumané metody patii neuronové sité, spektralni unmixing
a redukce dimenzionality. Vyznamnym praktickym piinosem této prace je vyvoj hyper-
spektralni mikroskopické pracovni stanice. Experimentalni vysledky obsazené v této praci
zahrnuji ovéfeni spektrdlniho rozliSeni hyperspektralniho mikroskopu a jeho charakterizaci
pomoci referenéniho barevného kalibraéniho testu. Soubor dat z tohoto kalibra¢niho testu
byl rovnéz vyuzit pii studiu tuéinnosti algoritmu pro redukci dimenzionality a spektralni
unmixing. Dale byl hyperspektralni mikroskop ispésné vyuzit k identifikaci a kvantifikaci
smési moiskych sinic.
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1 Introduction

Hyperspectral cameras are a new generation of optical systems that combine precision
optics, spectroscopy, and image processing techniques to obtain spatiospectral informa-
tion in a sufficiently short time. With the emergence of commercial hyperspectral imaging
systems that were previously available mainly on Earth observation and astronomical satel-
lites, hyperspectral imaging has moved closer to mainstream use. Currently, hyperspectral
data are widely used in the fields of agriculture, medicine, environmental and conservation
research, geological or marine research studies, forestry and oceanography, preclinical re-
search, disease diagnosis, and in vivo imaging of various cellular and molecular processes
[1, 2, 3, 4, 5].

The effective use of hyperspectral data requires an understanding of the origins and
limitations of the collected data and various processing approaches to interpret the col-
lected data. Hyperspectral images contain both spectral and spatial information; we can
use spectral analysis tools to examine individual spectral responses and image-processing
algorithms to extract spatial information from individual spectral band images. Neverthe-
less, due to the complexity and significant size of hyperspectral images, machine learning
algorithms are more than suitable for many tasks related to hyperspectral data, such as
dimensionality reduction, classification, and automated labelling [6, 7, 8].

This work builds upon this foundation and is structured in the following way. The
Introduction provides a historical context for hyperspectral imaging, reviews the existing
literature on hyperspectral microscopy, and states the objectives of the dissertation. The
theoretical part explores the structure of hyperspectral data, various acquisition systems,
calibration procedures, and methods for HS data analysis, including dimensionality reduc-
tion, spectral unmixing, and error measures. The Methods section details the experimental
setup of the custom hyperspectral microscope workstation developed as part of this thesis
at the Institute of Scientific Instruments of the Czech Academy of Sciences (ISI CAS), its
software for automated acquisition and data management, and the specific measurements
performed, such as spectral resolution verification, colour calibration slide measurement,
and analysis of marine cyanobacteria mixtures. Finally, the conclusion summarises the key
contributions, findings, and future implications of this thesis.

1.1 History of Hyperspectral Imaging

Spectral imaging, which involves the capture of images at different wavelengths, has evolved
over time to become a crucial tool in various fields such as remote sensing, biology and ma-
terials science [9, 4, 10, 11]. At its core, spectral imaging can be divided into two main
subgroups: multispectral (MS) and hyperspectral (HS) imaging. MS imaging uses a small
number of individual wavelength bands, which are generally not adjacent and can have
various bandwidths (AX > 20nm). Each band usually has a descriptive title (red, near-
infrared, thermal infrared, etc.). Bands are typically selected with a specific application in
mind, as in the case of the instrumentation onboard the remote sensing satellites, which
focusses on agriculture, land mapping, or change detection. In contrast, HS images contain
a large number (100+) of narrow contiguous spectral bands that capture an accurate spec-
tral response with a relatively high signal-to-noise ratio [12]. The structure of HS images,
where each pixel contains detailed spectral information in the detected range of wavelengths,
offers rich analytical information inherent in both spatial and spectral signatures. These
signatures are intrinsically linked, meaning that the spatial distribution of a substance can



be assessed if its spectral signature is sufficiently distinct to be isolated [13]. HS imaging
is closely related to the development of imaging spectrometers. The term “hyperspectral
imaging” was first coined in a paper discussing the early results of the imaging spectrometry
technique, described by the authors as “the acquisition of images in hundreds of contiguous,
registered spectral bands such that for each pixel a radiance spectrum can be derived” [14].
The requirement of contiguity is the crucial difference between HS and MS data. An illus-
trative comparison of the detected spectral bands of a MS and HS data captured by two
fictitious detectors is presented in Figure 1.1.
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Figure 1.1: Artificial example of a) multispectral (MS) and b) hyperspectral (HS) wave-
length sensitivity regions for two theoretical sensors; grey line represents a true sample
reflectance, coloured bars are the measured spectral bands — a total of 10 in case of the MS
and 140 bands for the HS example.

As presented in Figure 1.2, in a graph showing how selected phrases have occurred
in a corpus of books over the selected years, the keyword “multispectral” gained early
prominence, particularly after the 1960s, followed by a small rise of the term “spectral
imaging” in the 1990s and a more recent surge of the use of the keyword “hyperspectral”
from the 2010s onwards. This reflects the evolving technological advancements in imaging,
with MS techniques leading due to their application in remote sensing, and HS techniques
emerging as necessary technologies further advanced.
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Figure 1.2: The Google N-gram plot, which shows the percentage of books in which each
term appears throughout the years, indicates the evolving prominence of the three tech-
nologies over time.



The initial idea and optical design of imaging spectrometers were ahead of the sensory
and data storage capabilities of the time. Therefore, the first deployment of HS systems was
not made until the 1980s, when the Airborne Imaging Spectrometer (AIS) and Airborne
Visible/Infrared Imaging Spectrometer (AVIRIS) were developed by NASA’s Jet Propulsion
Laboratory (JPL) [12] , followed by Near-Infrared Mapping Spectrometer (NIMS) and
Moderate Resolution Imaging Spectroradiometer (MODIS) instruments deployed in 1990s
onboard Galileo and Aqua spacecrafts, respectively [15]. The above-mentioned HS systems
have been deployed primarily for use in remote sensing.

Advancements in optics and electronics enabled the development of smaller and less
expensive spectrometers, which consequently influenced the development of HS systems as
well, enabling the transition from research-focused remote sensing-first platforms to other
research fields and industry-oriented devices [16, 17]. The democratisation of MS and
HS imaging is still an ongoing process, which has been made possible by the increasing
availability of more affordable and portable solutions [18].

HS technology is being adopted by other fields such as agriculture, forest management,
environmental monitoring, which take advantage of remote sensing HS data, as well as food
safety and inspection, medical diagnosis, or by industries such as waste sorting, quality
control, inspection, which require ground/laboratory-based HS measurements [19]. These
diverse applications have collectively contributed to an increase in both the volume and
complexity of HS datasets, requiring more sophisticated analytical approaches.

Alongside this growth in application domains, the increase in digital data storage capa-
bilities and computational power has enabled significant advancement in HS data analysis
methodologies. As the resolution of both the spectral and spatial components of the HS
data has increased, with modern sensors capable of capturing hundreds of contiguous spec-
tral bands at high spatial resolutions, the need for novel analytical algorithms has become
increasingly evident. Traditional image processing techniques are becoming incapable of
processing such high dimensionality and inherent complexity of contemporary HS datasets,
therefore, the field of HS image analysis is in the stage of adoption of machine learning and
neural network-based approaches [20].

To establish a comprehensive understanding of current research priorities in HS imaging
and analysis, a systematic review of the scientific literature is essential to compare publi-
cation trends between the use of HS in remote sensing and microscopy. In the following
section, a quantitative analysis of the disparity in research output between these two major
application domains is presented.

1.2 Literature Review

The longer history of HS imaging for remote sensing is clearly reflected in the scientific
literature. Table 1.1 compares the number of articles that contain the keyword “hyperspec-
tral” and “remote sensing” in their title, abstract or keywords, with the number of articles
with “hyperspectral” and “microscop™”, where the star symbol stands for a wildcard sym-
bol allowing for any letter(s) to continue, including terms such as microscope, microscopy,
microscopic, and others. The search is limited to scientific articles only, with the exact form
of the search strings presented in the Supplement Table S1.

The result of the search in the majority of the databases shows that there exist more
articles on the topic of HS connected to remote sensing than on HS and microscopy. The
exception is the PubMed database, where more articles on HS and microscopy were found,
but that is probably due to the scope of the database, which focusses more on medical



Table 1.1: Number of articles found using keywords in each of the journal databases —
Clarivate Web of Science (WOS), Institute of Electrical and Electronics Engineers (IEEE),
Elsevier Socpus and U.S. Department of Health and Human Services PubMed.

Keywords WOS IEEE Scopus PubMed
Hyperspectral AND remote sensing 6542 1211 12488 1113
Hyperspectral AND microscop™ 1391 46 1858 1132

literature rather than technical and engineering work, into which the remote sensing topic
is usually categorised.

These findings indicate a knowledge gap; the connection of HS imaging and microscopy is
a developing topic and was selected as an area of interest for this thesis. This knowledge gap
includes both instrumentation and HS data analysis, as many of the developed algorithms
and analysis approaches are focused on the remote sensing HS data and applications relevant
for their users, which are not necessarily compatible or applicable for the new use cases
mentioned above.

From the publications on HS microscopy, the present use cases are remarkably diverse.
In biomedicine and medicine, HS microscopy has been explored for the detection and diag-
nosis of cancer in various tissues, by analysing the morphological and structural properties of
histological samples, examining tissue surfaces and quantifying tumour characteristics [21].
HS microscopy is also applied in forensic analysis, such as document forgery and paint chip
analysis [22], and medical applications such as evaluating burn wounds, cervical neoplasia,
ocular diagnostics or identifying nerve fibres [4]. A notable advantage in biomedical appli-
cations is the ability of HS microscopy to accurately resolve and quantify fluorescent labels
in highly auto-fluorescent tissues where standard single-band microscopy methods struggle
to distinguish signals from background noise [23]. Recent developments also include auto-
mated whole-slide HS imaging microscopy for digital pathology [24]. Another key finding
indicates an overlap of HS microscopy with the field of chemometrics, a discipline focused
on extracting information from data in a multivariate manner, which is applicable to HS
data as well [25].

In conclusion, the rapid development and application of HS microscopy have far-reaching
implications for various fields. As HS instruments and techniques continue to evolve, it is
essential to invest in the development of HS microscopy to enable its translation from
a research tool to a practical, routine method in clinical and industrial settings.

Introduction Highlights

e HS systems were initially developed for satellite imaging and remote sensing.

e Advances in optics and electronics allowed for the development of smaller and com-
mercial HS systems.

e HS imaging is being adopted by other scientific fields and industries.

e New algorithms for HS data analysis that can be applied outside the field of remote
sensing are needed.



1.3 Objectives of the Doctoral Thesis

The aim of this doctoral thesis is to reduce the sophistication of HS data analysis and
to increase the potential of this non-destructive imaging technique for routine analysis of
plant and algal plant growth. The work will include the essential theoretical and practical
foundation for measuring HS data and an overview of relevant spectroscopic techniques.
The listed objectives of this doctoral thesis are the following:

e To create a tool for measuring, processing, and evaluating HS data, including the
hardware and software necessary for acquisition, calibration, and visualisation.

e Perform a characterisation of the HS instrument using suitable calibration samples.

e Using the measured data, explore the collaboration of machine learning methods and
chemometric algorithms to develop analysis algorithms that do not rely heavily on
user input.

e Investigate the possibilities of reducing the dimensionality of the HS data using con-
ventional and machine learning algorithms.



2 Theoretical Part
2.1 Structure of Hyperspectral Data

In the image processing literature [26, 27, 28], a two-dimensional matrix is used as a math-
ematical description of a greyscale intensity image M(x,y) composed of individual pixel
values p, , that are described with spatial location (x,y) in the image. This notation can
be extended to hyperspectral imaging (HSI) using a three-dimensional matrix or tensor. In
this thesis, the following notation will be used:

I(z,y,\) € RW*HxB (2.1)

where I represents the captured intensity of light (HS image), = denotes the spatial co-
ordinate along the horizontal axis (column index), y denotes the spatial coordinate along
the vertical axis (row index), and A represents the captured wavelength, which spans the
spectral range captured by the HSI system.

The individual pixel values p, , » belong to a space of real numbers with the following
dimensions: W is the width of the HSI (number of pixels per line, rows), H is the number
of lines in the HST (columns), and B is the number of distinct spectral bands.

Using this representation of HS data, we can specify what kind of information is pro-
cessed by each analysis approach. The Methods section will also specify the relationship of
this notation to the array indexing rules used in the Python programming language [29],
which is the language of choice for the HS data analysis in this work. Because the HSI
pixel values are arranged in an orthogonal three-dimensional space, they can be visualised
as a cube; see Figure 2.1. This visualisation shows the building blocks of the HSI, the re-
lationship between the spatial and spectral values, and also shows the possible viewpoints
that can be used when examining and analysing the HSI.

Figure 2.1: Components of a HSI a) single spectral band, b) individual spectral pixel, ¢) one
row of pixels, an output of imaging spectrometer and d) entire HS cube.

Spatial analysis uses individual spectral bands. A single spectral band is a collection of
pixels p with coordinates (z,y), belonging to a single spectral band i, defined as:

Bl-(ac, y) = Px,y,i» (2'2)



where i € RE. Spectral analysis examines the intensity variations between wavelengths,
by studying the spectral signatures I of individual pixels at distinct locations z,y. The
individual spectral pixel S is a collection of all band values located in a single point in
space:

Sey(N) = Doy (2.3)

where 2,y € RW>*H_ Lastly, we define a set of spectral vectors Sap, which is the entire
HST reshaped to a matrix (2D dataset) for spectral-only processing, discarding the spatial
relationship between the spectral pixels:

Sop € RWXH)XE, (2.4)

The following section describes how an HSI can be captured, which is tightly connected to
the building blocks of HSI.

2.2 Types of Hyperspectral Acquisition Systems

One of the key factors that affect the resolution and accuracy of HSI is the type of acquisition
system used. In this section, we will explore the different types of HSI acquisition systems,
each with its unique characteristics of hardware solutions, advantages, and applications.

2.2.1 Spectral Filtering

A first possible approach to HSI acquisition is the use of narrow-band spectral filters com-
bined with a monochrome camera sensor [30, 31]. A set of different narrow-band spectral
filters enables the user to capture a small number of selected spectral bands B;, forming
a multispectral image rather than HSI. A schematic representation of a single spectral band
is illustrated in Figure 2.1a). However, with the use of a tunable bandpass filter (liquid
crystal or Fabry-Perot), the system is capable of capturing a large number of adjacent
spectral bands in a sufficiently short time [32, 33]. An example of the existing system is
the HinaLea 4250 HS camera that operates in the spectral range of 400-1000 nm with the
4nm Full Width at Half Maximum (FWHM) spectral band, capturing a total number of
300 bands thanks to the use of the front-staring Fabry-Perot spectral filter [34]. Another
option is to use a liquid crystal tunable bandpass filter as a wavelength selection instrument,
such as Kurios Tunable Filter, which operates in the 420-730 nm region with bandwidth
ranging from 10nm to 35 nm depending on the model [35]. The optical assembly for both
systems described here is visualised in Figure 2.2.

[llumination Sample Objective Tunable Camera
plane Filter

p| ot ]

Figure 2.2: Schematic of a tunable spectral filter imaging optical assembly.
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The advantage of such systems is the uniformity of the captured data in spatial domain,
because the sample or camera does not move during measurement, and additionally there
are less prone to spectral errors such as smile and keystone. The only significant source of
distortion is the non-uniformity introduced by the optical system, filtering element, and the
image sensor itself, as explored in [36]. However, spectral filter-based systems struggle with
continuously capturing fast-moving objects because they require time to switch between
different spectral bands. Also, the spectral resolution is lower compared to, for example,
point scanning or push-broom systems, which are described in the following sections.

2.2.2 Point Scan

Another possible approach is the use of a spectrometer in conjunction with a positioning
system that enables the user to capture spectral information of different locations of the
observed sample. A single measured spectral pixel Sy, is illustrated in Figure 2.1b). This
technique is used in procedures such as Raman mapping or any other spectroscopic capture
performed on the area of interest within the sample. The great advantage of this approach
is the unmatched spectral resolution, or even alternative spectroscopic information such
as Fourier transform infrared (FTIR) imaging, or other [37]. One drawback is the time-
consuming nature of the scanning and acquisition procedure, coupled with the problem of
establishing an appropriate spatial sampling, as illustrated in Figure 2.3.

Oversampled

Over Sampling Measurement

Area with Undersampled
Sample Measurement
N\
\,,,/J
Measuring
Spot Size .

Figure 2.3: Principle of point scan measurement, with the illustration of the problem of
sampling. When the measurement spot size is too large, the spatial resolution decreases
and so does the signal strength. However, when the spot size is too small, there is a risk of
missing certain parts of the sample. Adapted from [38].

The requirement for the point scan method is that the sample is stationary and does not
move or change during the mapping procedure, which can take a long time, depending on
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the required exposure time per single point spectrum measurement. In addition, the area
in which the measurement can be performed is limited by the range of the motion control
system. The measurement time can be reduced by using a set of two galvo mirrors or other
beam steering technology to facilitate the scanning, but this greatly increases the overall
cost of the system. A compromise between the spectral resolution of a point-scanner system
and the spatial uniformity of a spectral filtering system is the imaging-spectrometer-based
approach called pushbroom scanning, which is described in the following section.

2.2.3 Pushbroom

Advances in optical design and the availability of more complex optical elements, such as
non-planar diffraction gratings [39], holographic gratings and curved prisms [40] enabled the
development of imaging spectrometers, which allow the simultaneous collection of spectral
information from multiple points along a line. By moving either the sample or the mea-
surement instrument, an HSI is formed by sequential acquisition of spatiospectral frames,
as illustrated in Figure 2.1c). The advantage of this approach is the reduced capture time
compared to point scan while preserving the high spectral resolution. The requirement of
movement perpendicular to the entrance slit of the imaging spectrometer can be satisfied
“for free” by using an existing movement, such as rotation of the Earth with respect to the
HS-equipped satellite (see Figure 2.4), flight movement of an aircraft or unmanned aerial

vehicle system [41], or when scanning objects on a conveyor belt, which is the case for many
industrial applications of HS systems [42].
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¢ 5§
F @
EY §
D | E
[o4 (=]
B ]
AV g
- [=3
— —, Mm %)
M ion
Collimator ociral D]mET\SlOl’\
Sp!

Entrance Slit

Objective Aperture

Flight direction
(X Along-track)

Figure 2.4: Schematic of a general dispersive elements based pushbroom HS satellite imager.
Adapted from [12].

The disadvantage of the pushbroom system is the sensitivity to motion parallel to the
input slit, which distorts the spatial information. This distortion mostly affects satellite or
aircraft HS scanning systems and can be compensated for using motion data captured by
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an inertial measurement unit during the measurement. Another disadvantage is the limited
field of view, compared to the spectral filter approach, which also negatively impacts the
time requirements for data collection over large areas. This limitation can be effectively
addressed through the simultaneous capture of complete spatial and spectral information in
a single exposure, enabling real-time HS imaging without scanning mechanisms, a capability
offered by the snapshot HS system, which are discussed in the next section.

2.2.4 Snapshot

The last and most complex approach for HSI acquisition is known as snapshot, with the
underlying principle of capturing the entire HSI simultaneously. This can be achieved by
a clever combination of complex optics and computer image processing algorithms. There
are several techniques of snapshot HSI acquisition, including the use of a coded aperture [43,
44], linear variable filter, and a micro-lens array for a single-sensor multi-aperture design [45]
or even lensless solutions based on a combination of spectral array filter and diffuser [46].
The principles behind snapshot HSI acquisition are beyond the scope of this work; further
information on this topic can be found in a comprehensive review presented by Hagen and
Kudenov [47].

The clear advantage, as the name suggests, is the simultaneous capture of spectral and
spatial data, allowing for HSI measurements of complex scenes and objects in motion (under
sufficient lightning conditions to minimise the exposure time and therefore reduce motion
blur). Some of the HS snapshot optical configurations are extremely compact allowing for
ease of use on small unmanned aerial vehicles or handheld operation [48]. The disadvantage
of these systems is the trade-off between spatial and spectral resolution, generally putting
them somewhere between filter scanning and pushbroom systems in terms of spatial and
spectral resolution, respectively. Snapshot systems are less common in scientific applications
but are an area of active development that has great potential in the future adoption of HS
imaging outside scientific and industrial settings.

Regardless of the HS image acquisition method used, the raw captured HS data need to
be calibrated before any further analysis can be performed. The next chapter will examine
the essential steps and techniques involved in calibrating HS data, laying the foundation
for accurate and reliable analysis.

Hyperspectral Data Structure and Acquisition Highlights

e HS data form a 3D matrix I(z,y, A) that contains spatial and spectral information.

o At a selected wavelength value we can slice the matrix perpendicular to the spectral
axis to select one spectral band B,;.

e When fixing the two spatial coordinates, we can work with a spectral signature S; 4
of a single point.

e HS data can be acquired using a camera with varying filter assembly by stacking
images captured at different wavelengths.

e The HS cube can be formed using a spectrometer with point by point scanning or
faster using a imaging spectrometer with scanning capabilities.

e Simultaneous capture of spatial and spectral data is also possible, but with a trade-off
in spatial and/or spectral resolution or increased computational complexity.

13



2.3 Hyperspectral Data Calibration

To ensure high accuracy and low distortion of the captured HS data, the HS instrument
should be properly calibrated. This includes three key steps: spectral calibration, spatial
correction, and radiometric calibration.

2.3.1 Spectral Calibration

Spectral calibration of the HS system can be accomplished using a known spectral source,
such as a gas mixture calibration lamp (argon, krypton, mercury-argon) or a laser source or
using a monochromator. With a known spectral characteristic, given by atomic transitions
or construction of the laser source, pixel-to-wavelength mapping can be performed [49, 50].
This mapping function is estimated, commonly using a linear, second-order, or third-order
polynomial fitting, as indicated in Equation 2.5:

n
A= Z aiph, (2.5)
=0

where )\ is the estimated wavelength, n is the order of the polynomial, py is the pixel index at
wavelength A, and a; are the polynomial coefficients obtained using the fit. More advanced
methods for spectral calibration do not use polynomial fit but instead use a mathematical
model of the entire optical system of the spectrometer [51].

The pixel-to-wavelength map is vital for further analysis, so it is important that it
is included in the HS data file, as is the case for the ENVI file format (NV5 Geospatial
Solutions, Inc.) used in remote sensing, which was developed as a standardised platform
for storing and manipulating geospatial images [52]. Furthermore, the spectral resolution
of the HS system can be evaluated with a suitable source that emits spectral lines with
a small wavelength difference, such as a low pressure sodium vapour lamp [53].

2.3.2 Spatial Calibration

Spatial calibration is important because of the spatiospectral nature of the HS image.
During acquisition, the influence of optical aberrations, sensor misalignments, or mechanical
inconsistencies contributes to the possibility of misregistration and distortions. Proper
referencing of each pixel of the HS image to the real world is crucial to avoid distortion of
spectral information [54]. In the field of remote sensing, this procedure is referred to as
orthorectification. A general algorithm that can be used to align the individual spectral
band is, for example, a phase correlation [55, 56]. The core of this method is based on the
Fourier shift theorem, which is shown in Equations 2.6 and 2.7:

f2($ay) :fl(li*tzay*ty)v (2'6)
Fy(&,m) = e 27 Etntn) |y (¢ ). (2.7)

Given two signals (fi, f2), related by a translation (¢;,t,), then their Fourier transforms
(F1, F») in frequency space (£,7) have identical magnitudes, but different phase shift [55].
This phase difference can be quantified using a normalised cross power spectrum, from
which by the inverse Fourier transform, the translation (¢,,t,) can be calculated.

The optical aberrations known from spectroscopy as smile and keystone also affect HS
systems. Smile aberration refers to the curvature of spectral information along the spatial
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direction, and the keystone causes the spatial curvature along the spectral direction. A good
optical design can minimise these aberrations; however, they can also be compensated for
using correction algorithms [57].

2.3.3 Radiometric Calibration

Radiometric calibration, a concept used in remote sensing, involves determining the re-
flectance or transmittance of the raw captured data. In addition, it improves the signal-to-
noise ratio and addresses the intensity variations caused by the optical system and sensor [3].

In a camera image, noise refers to the overall spatial and temporal fluctuations in the
captured signal under consistent, uniform illumination. Noise has multiple components:
dark current noise, readout noise, photon-shot noise, and fixed pattern noise [58].

Dark current noise is the unwanted signal generated in the absence of light because
of thermally excited electrons in the image sensor. Thermal energy is mostly responsible
for the generation of the dark current, with higher temperatures resulting in higher kinetic
energy of the electrons and stronger dark current, resulting in more noise. As a consequence,
the dark current is additive noise and has the nature of a random quantity with a spectral
density close to white noise [59].

In the same way, readout noise is additive and equally present in every captured image
but is generally independent of temperature and is rather influenced by the construction
of the analogue-digital converter connected to the image sensor. It is the output of the
camera sensor without illumination and at zero integration time.

Photon shot noise originates from the discrete nature of light-carrying particles, pho-
tons. Therefore, it is not equally present in each acquired image and is independent, having
a different effect across series of images. In addition, it is independent of the sensor tem-
perature.

Fixed-pattern noise is present in every image but is caused by spatial non-uniformities
of the pixels originating in imperfections in the sensor construction. It is independent of
the level of the signal and the temperature of the sensor.

The additive noise that consistently influences every image captured by a camera (dark
current, readout noise, and fixed pattern noise) can be reduced by subtracting a dark image
Iqark, obtained when no light reaches the detector. It is important to capture the dark frame
under the same conditions as the data frames, including exposure time, gain, and sensor
temperature. A temperature-controlled camera is needed for precise and consistent data
collection.

Aberrations introduced by optical construction and imperfections in the light path are
compensated by using a reflectance calibration reference, such as Spectralon (Labsphere)
or polytetrafluoroethylene (PTFE, Teflon), which is captured as a white reference image
Tyhite [60]. In case of transmission imaging, a direct image of the illumination source is
obtained, including the sample tray or microscope slide glass to ensure the capture of all
aberrations that are part of the raw HS image.

The reflectance R(x,y, A) (or transmittance T') of the HS data can be calculated using
Equation 2.8:

Iwhite(xy Y, )‘) - I(.T, Y, A)
Iwhite(x7 Y, )\) - Idark<x7 Y, A)

R(z,y,\) = C(N), (2.8)
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where [ is the measured (raw) HS image, and C()) is a scaling vector that depends on the
material used as the white calibration reference. The calibrated reflectance/transmittance
data can also be converted to absorbance, using the expression in Equation 2.9:

1
A = logg R’ (2.9)

where 0 < R < 1. Transformation to absorbance has been known to decrease the non-
linearity in the reflectance or transmittance measurements, to some degree [61].

Once calibrated, the HS data are ready for visualisation and subsequent processing,
which is discussed in the following section.

Hyperspectral Data Calibration Highlights

e Calibration is essential for obtaining precise measurements by correcting for biases
and variations specific to each HS instrument.

e Various calibration techniques are employed: spatial calibration corrects for geometric
distortions, spectral calibration aligns the wavelength axis with known standards, and
radiometric calibration adjusts for variations in sensor response.

e The application of suitable mathematical transformations and the use of calibrated
reference materials guarantees a precise measurement of the spectral properties.
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2.4 Hyperspectral Data Analysis

HS image processing and analysis require significant computing power due to the size
of the HS data. For instance, a single HS image cube with dimensions of I(x,y,\) =
(1000, 1000, 1000) pixels with 16 bit precision has a size of more than 1.86 GB. This poses
high requirements for both the data storage capacity and the memory size used for process-
ing. Data compression algorithms can be used to reduce file size for storage, and dimension-
ality reduction techniques can be applied to HS data to reduce band redundancy before any
further processing is performed [62, 63]. These methods, including Principal Component
Analysis (PCA), Non-negative Matrix Factorization (NMF), and Autoencoder (AE) neural
networks, have been widely used to extract relevant information from high-dimensional HS
data.

Moreover, because HS images contain spectral and spatial information, we can use both
spectral analysis tools to examine individual spectral responses and image processing algo-
rithms to extract spatial information from individual spectral band images. In recent years,
there has also been a development in methods that use spatial and spectral information
simultaneously [64, 65, 66].

However, before performing any of the analysis steps, it is a good practise to briefly ex-
amine the HS data to ensure that they have been correctly acquired, stored, and calibrated.
In addition, visual inspection of the HS image can help identify obvious issues with data
quality, such as invalid spectral responses or misaligned spatial regions.

2.4.1 Spatial Analysis

Operations performed using a single band or a set of individual bands B; of the HS cube are
characterised as spatial analysis of HS data. The following text describes simple examples
of initial evaluation that can be performed on HS data through the application of spatial
analysis techniques. This category also includes algorithms from image processing that are
applied to individual spectral bands, such as thresholding, segmentation, edge detection, or
other algorithms depending on the objective of the analysis. Great resources on classical
image processing algorithms can be found in [26, 27].

False Colour Image

The false colour image provides an initial overview of the HS data by displaying selected
wavelength channels. In a false colour image, red, green, and blue values of the digital image
that can be easily displayed on the screen or printed correspond to a set of selected spectral
bands of the HS image. The resulting image is similar to the staining process commonly used
in microscopy [3]. A single band can also be used together with a colour-mapping function,
which maps the scalar values of the single-band pixels to RGB values from a defined interval
to better distinguish areas with similar spectral transmittance/reflectance in the examined
band. I applied this approach in my bachelor’s thesis, where I used multispectral imaging
for the identification of falsified banknotes [67]. This can also be used, for example, to
highlight the presence of vegetation in remote sensing images by choosing the red channel
to display the near-infrared reflectance values [10], as shown in Figure 2.5b).
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Spatial Indices

Spectral indices represent an alternative approach to visualisation and extraction of infor-
mation from HS images, by performing arithmetic operations on selected spectral bands to
highlight specific information, such as vegetation cover [68], water content [69] or chloro-
phyll concentrations [70]. A comprehensive list of spectral indices is presented in [71].
As an example, take the Normalised Difference Vegetation Index (NDVI), defined as the
difference between the near-infrared (NIR) and red reflectance divided by their sum; see
Equation 2.10:

Rnir — RrED
RNir + Rrep
The result of this index calculation can be seen in Figure 2.5¢), where the positive values
that indicate the presence of vegetation are assigned to the green channel, and negative
values corresponding to water are assigned to the red channel.

NDVI = (2.10)

Figure 2.5: Satellite image of Brno Reservoir captured on 9 October 2022 by Sentinel-2 L2A
in: a) natural colour (RGB), b) false colour infrared, ¢) Normalized Difference Vegetation
Index (NDVI) [72].

To highlight specific features or to reduce the amount of data for further processing,
we can select a subset of the HS data by applying image segmentation on the spectral
index values or on the selected spectral band, and then working with the masked data that
contain only the regions of interest.

When the HS data are refined in the spatial domain, the next logical step is to investigate
along the axis perpendicular to the spatial dimensions of the HS cube, by which we mean
the spectral domain.

2.4.2 Spectral Analysis

Algorithms that have an individual spectrum S, , or a set of spectra Sop at their input
can be categorised as spectral analysis algorithms. As a matter of fact, this domain over-
laps strongly with the field of chemometrics in applications that make use of and analyse
spectroscopic signals [25]. The spectral analysis algorithms can be applied to individual
spectral pixels of the HS data and the results can then be visualised in the spatial domain,
uncovering the information that can be hidden in the rather information dense spectral
dimension. The following is a selection of algorithms used throughout this work, more on
spectral analysis can be found in [61, 73].
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Spectral Unmixing

Spectral unmixing can be used when a mixture of spectral signatures is present in the
measured spectra. The goal of unmixing is to break down the measured spectra into
pure component spectra (referred to as endmembers in remote sensing literature) and their
fractional abundances. The main principle relies on the assumption that the observed
spectrum is a linear (or non-linear) combination of the endmember spectra. Equation 2.11
describes a linear spectral unmixing model of n endmember spectra e;(A) with coefficients
(abundances) a; and residual errors ¢; [74]:

Sy (A) = Z aiei(A) + &i. (2.11)
i=1

The equation mentioned above describes an unconstrained linear spectral unmixing model.
In practice, however, it is more advisable to impose a set of constraints for the unmixing
algorithm to achieve better results. The first possible constraint is the abundance sum-to-
one constraint, defined in Equation 2.12:

n
» ai=1. (2.12)
=1

The second commonly used constraint is the abundance non-negativity constraint, stating
that
a; >0, Vi. (2.13)

By enforcing these two constraints, the resulting abundances can be represented as per-
centages, providing a direct and intuitive measure of the compositional distribution/con-
centration of endmembers within a HS image. This approach offers a clearer link between
the image data and the reference (pure) spectra, facilitating a more straightforward inter-
pretation of the composition of the object.

The benefits of this method include the estimation of the proportions of various materials
within a pixel or sample, even when spatial resolution is limited. Drawbacks involve the
necessity for precisely measured /identified endmember spectra and the possibility of errors
arising from non-linear mixing or changes in endmember composition.

Without prior information on the sample, the spectral components (endmembers) can
be extracted using spectral unmixing algorithms ranging from deterministic algorithms such
as N-FINDR, Fast Iterative Pixel Purity Index, and machine learning-based approaches [75,
76, 77).

Spectral unmixing and mixture analysis were also the topic of my research paper titled
Rapid Identification of Pathogens in Blood Serum wvia Raman Tweezers in Combination
with Advanced Processing Methods [78]. This paper presents a rapid and reliable method
of microbial identification in blood serum using Raman tweezers together with a processing
pipeline that does not require user input, reduces possible user influence, eliminates the
need for designing complicated analysis and achieves comparable (or higher) accuracy than
previously used approaches. The key results of this paper are presented in the Supple-
mentary Table S2 and Figure 2.6. The diagonal elements of the confusion matrix show
the accuracy for each class (five classes — four for microbes in the serum and one for pure
serum). The off-diagonal values show how the model failed in classification. The first row
of the left part of Fig. 2.6 indicates that the algorithm based on FCLS spectral unmix-
ing correctly distinguishes the spectra of blood serum (without microbes) from the spectra
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Figure 2.6: Averaged confusion matrix for identification of microbes directly in blood serum
using Raman spectral data classified using the custom Fully Constrained Least Squares
(FCLS) spectral unmixing based algorithm (left part) and K-Nearest Neighbors with Rolling
Circle Filtering used for background correction (KNN-+RCF). Data are normalized by rows
(true labels) and averaged from data measured in five distinct blood sera.

of trapped cells in the blood serum. The results of the Fully Constrained Least Squares
(FCLS) unmixing-based analysis indicate that the algorithm is perfectly capable of distin-
guishing pure serum (having no false positives, further described in Section 2.4.5), which is
not the case when using the K-Nearest Neighbors with Rolling Circle Filtering background
correction (KNN+RCF) algorithm (right part of Fig. 2.6). The code used for this analysis
is available in [79].

The results and algorithm published in this study are also applicable to HS data, which
is shown in the Methods section of this thesis. Additionally, if there is no prior information
of the pure spectral components, they can be identified automatically using algorithms
mentioned above or via Multivariate Curve Resolution, which is discussed in the next
section.

Multivariate Curve Resolution

Multivariate Curve Resolution (MCR) is a group of techniques that originated in chemomet-
rics with the goal of resolving a data matrix into pure component spectra and concentration
profiles without prior knowledge of pure components [80, 81]. The main principle is to it-
eratively optimise the spectral and concentration profiles by applying suitable constraints,
such as non-negativity and sum-to-one constraints discussed in the previous section. This
method is used by analytical chemists, spectroscopists, and process engineers to analyse
complex mixtures and reaction kinetics. Advantages include the ability to extract pure
component information from complex data without requiring prior knowledge of the compo-
nents. Disadvantages include the potential for ambiguity in the solution and the sensitivity
to noise and initial estimates.

The core principle of MCR is described using Equation 2.14, given a dataset D, which
contains pure and mixed spectral signatures (in our case a reshaped HS data cube Sop):

D=CST +E, (2.14)
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where the matrix C contains the concentrations of all components (grouping the abundance
coefficients a; from spectral unmixing) and ST contains the related pure spectra (endmem-
bers ¢;). E is the matrix that quantifies the error or the variance that is not explained by
the model (analogous to &;).

Non-negative Least Squares

Non-negative Least Squares (NNLS) algorithm finds the least squares solution to a system of
linear equations with the constraint that the solution vector must be non-negative [82]. The
main principle is to minimise the residual between the observed and predicted values while
ensuring that all coefficients are positive or zero. NNLS is used in various fields, including
image processing, signal processing, and chemometrics, to solve linear regression problems
with non-negativity constraints. Advantages include ensuring compatibility with measured
physical quantities by preventing negative values in the solution. Among the disadvantages
is an increase in computational complexity compared to standard least squares and the
potential for biased solutions if the true solution contains negative values, which is not
the case for HS data. NNLS is used as a method for calculating the mixing coefficients
a; (abundance, concentration ratios) in spectral unmixing and MCR.

Because the HS data are composed of a larger number of spectral vectors compared
to Raman spectroscopy, processing of all spectral signatures from the HS cube can be
computationally demanding. To overcome this, we can reduce the dimensionality of the HS
data in either the spatial and/or spectral domain.

2.4.3 Dimensionality Reduction for Hyperspectral Data Analysis

The volume and high dimensionality of the HS data introduce significant computational
challenges and the statistical problem known as “curse of dimensionality” [83]. This phe-
nomenon can lead to increased processing times, a higher likelihood of overfitting in classi-
fication models, and the need for an impractically large number of training samples. Conse-
quently, dimensionality reduction emerges as a critical and often indispensable preprocess-
ing step in the analysis of HS data. The primary goal is to transform the high-dimensional
dataset into a lower-dimensional representation, while retaining the most significant infor-
mation necessary for subsequent analysis.

This section explores several important techniques for achieving this, beginning with
the straightforward approach of pixel binning. More sophisticated, data-driven methods
that seek to uncover underlying structures, including the parts-based representation offered
by Non-Negative Matrix Factorisation and the widely used statistical transformation of
Principal Component Analysis, are examined. Lastly, a powerful non-linear approach is
explored through the application of autoencoder neural networks, which have demonstrated
considerable promise in learning compact and highly informative data representations.

Pixel Binning

Pixel binning is a technique employed to reduce the dimensionality of high-resolution images
by aggregating pixel values into a smaller set of representative bins [84]. It is a crucial
step in many image processing pipelines, particularly when dealing with large data sets
or computationally intensive analysis, as it significantly reduces storage and processing
requirements. This method acts using a grid of pixels, usually a 2 x 2 or 4 x 4 pixels, which
are combined to form one pixel of the binned image, as shown in Figure 2.7.
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Figure 2.7: Example of image with no binning, 2 x 2 and 4 x 4 pixel binning.

The advantage of this process is the increase in the accuracy of the measured intensity
by summing or averaging the values of the binning region. The disadvantage is the loss
in the spatial or spectral resolution, when binning is used for HS data. However, binning
can be acquired only along a selected axis, therefore, affecting only the spatial or spectral
domain of the HS image.

The binning process is a form of subsampling of the data, reducing the dimensionality
without any knowledge or influence of the underlying HS data it processes. The following
sections describe algorithms that can be used to reduce the dimensionality of the data
based on their content, by performing what in the field of machine learning is referred to
as feature extraction.

Non-negative Matrix Factorisation

Non-negative Matrix Factorisation (NMF) decomposes a non-negative matrix into two non-
negative matrices, representing parts-based representations of the original data [85]. The
main principle is to approximate the data matrix D by a product of two lower-rank matrices
W and H, with all elements bound to be non-negative; see Equation 2.15:

D ~ WH. (2.15)

NMF is used by data scientists, image processing researchers, and bioinformatics analysts
to extract meaningful parts or features from non-negative data, such as images and spec-
troscopic data. Advantages include its ability to produce interpretable, parts-based repre-
sentations and its suitability for data with inherent non-negativity. Disadvantages include
the non-uniqueness of the solution and sensitivity to initial conditions. The use of NMF for
the HS data is possible because of the inherent positivity of the measured intensities. The
NMEF algorithm is often related to the task of spectral unmixing, as discussed in [86, 87].

Principal Component Analysis

Principal Component Analysis (PCA) transforms a set of correlated variables into a set
of linearly uncorrelated variables called principal components, which are ordered by their
variance. The main principle is to find orthogonal directions (principal components) that
capture the maximum variance in the data, effectively reducing the dimensionality [88].
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PCA is an unsupervised learning method and is similar to clustering, as it identifies pat-
terns without relying on prior information about samples [89]. PCA is popular in various
disciplines as a tool to reduce dimensionality, visualise high-dimensional data, and identify
the underlying patterns. Advantages include its ability to reduce dimensionality while pre-
serving most of the data’s variance and its computational efficiency. Disadvantages include
the assumption of linearity and sensitivity to scaling and outliers. When applied to HS
data, PCA is useful for identifying spectral bands with high variance across the pixel value,
which may indicate a band useful for image segmentation using traditional image analysis
methods. Likewise, it can be used to reduce the dimensionality of the HS image, by trans-
forming the data along the spectral axis to the principal component space and selecting
only a subset of themfor further processing [90].

Autoencoder Neural Network

Autoencoder (AE) is a type of neural network that aims to learn a compressed represen-
tation of the input data [91]. The main principle is to minimise the reconstruction error
between the input and output, forcing the network to learn the essential features of the
input data. The basic design of an AE network is shown in Figure 2.8.
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Figure 2.8: Schematic representation of AE network. The output of the encoder, the code,
can be used as a dimensionally reduced representation of the input data. The decoder is
used during the training and can be utilised as a reconstruction algorithm (reverse of the
encoder transformation).

AFEs are used in various applications, including dimensionality reduction, anomaly de-
tection, and image denoising. Advantages include the ability to learn complex, non-linear
relationships in the data and to extract meaningful features automatically. Disadvantages
include the need for large datasets for training and the potential for overfitting if the network
is not properly regularised. AEs can facilitate lossy compression by designing a network
with desired latent space dimension (which is directly connected to the compression ratio)
and training the network on the entire HS image. The building blocks of an AE network can
be fully connected layers (FC-AE) or convolution layers (CNN-AE), taking the advantage
of the downsampling they perform on the input data [92].
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Supplementary Table S3 compares the dimensionality reduction algorithms discussed so
far, listing their constraints, interpretability, linearity, and more.

2.4.4 Error Measures

Error measures play a crucial role in evaluating the accuracy and performance of various
analytical methods, where comparing predicted and actual values is essential. The following
part briefly describes the error measures used in this work. The following equations use x to
mark the predicted value, y to mark the true value, N for the number of measurements,
and ||| to denote the Euclidean norm.

Root Mean Squared Error

Root Mean Squared Error (RMSE) quantifies the average magnitude of the errors, providing
a measure of the overall accuracy of the prediction by calculating the square root of the mean
squared difference between the predicted and observed values, as presented in Equation 2.16.
It is used to evaluate the absolute accuracy of their models, with the advantage of being
sensitive to large errors but the disadvantage of being influenced by outliers [93].

RMSE = \/%Hy—xH? (2.16)

R-squared (R?) measures the proportion of variance in the dependent variable that is pre-
dictable from the independent variable(s), indicating how well the model fits the data by
calculating the squared correlation coefficient. The R-squared, calculated using the expres-
sion in Equation 2.17, is used to assess the goodness of fit of the regression models, which
offers the advantage of easy interpretation, but the disadvantage of not reflecting bias in
the model [93].

R-squared

_ly —xJ?

R? = —
ly — yl|?

(2.17)

where ¢ is the mean of the true values y.

Spectral Angle Difference

Spectral Angle Difference (SAD) error metric quantifies the spectral similarity between
two spectra by measuring the angle between them, providing a measure of the spectral
shape difference; see Equation 2.18. It is used by remote sensing and spectroscopy analysts
to compare spectral signatures, offering the advantage of being insensitive to illumination
variations but the disadvantage of not accounting for magnitude differences [94].

SAD:cosl< X'y > 2.18
=Ty (2.18)

2.4.5 Performance Metrics

When evaluating machine learning models, a common metric is needed to quantify the
results. If the goal of the model is to identify contents of a spectral mixture, the values of
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the individual abundances/concentrations can be interpreted as indicators of the presence or
absence of the components, effectively solving a classification problem. The performance of
classifier models is commonly assessed using accuracy, precision, and recall metrics, among
many others [95, 92]. To calculate these metrics, we first need to establish the four categories
of classifier predictions: true positive (TP), true negative (TN), false positive (FP), and
false negative (FN). TP and TN are correct classification results with no mismatch with
respect to the underlying data and their known classes/labels. FP output, also known as
Type I error, occurs when a model incorrectly indicates the presence of a condition (for
example, classifying a person as sick when in fact they are not), and FN marks the opposite
case (a sick person is classified as healthy). In the following equations, the abbreviations of
these categories indicate the total number of such outputs of the classifier.

Accuracy A is defined as the ratio of the correct classification to the total number of
classifications, as stated in Equation 2.19. Accuracy is used as a general indicator of the
performance of the prediction.

B TP +TN
TP+TN+FP+FN

(2.19)

Precision P is the proportion of all positive classifications in the model that are actually
positive; see Equation 2.20. A model with high precision may miss many actual positive
cases, and low precision may lead to an increase in the number of false positives.

TP

P=_——— 2.2
TP+ FP (2.20)

Recall R, also known as the true positive rate or sensitivity, quantifies the number of
true positive cases accurately recognised by the model from the total of all real positive
cases; see Equation 2.21. When the recall is high, the model finds all positive cases very
well, and if the recall is low, there is a risk of missing some of the true positive cases.

TP

= 2.21
R TP+ FN ( )

Precision and recall are useful metrics for working with unbalanced datasets where FP
or FN errors can be costly, depending on the circumstances. In specific cases, it is advisable
to optimise one of these metrics to minimise negative prediction outcomes. For example,
a fire detection system tuned for high recall will cause many false alarms, which may, for
example, slow down production. In contrast, a system tuned for high precision would result
in fewer false alarms but carry an increased risk of missing a real fire, which could cause
costly damage to the equipment.
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Hyperspectral Data Analysis Highlights

HS data are highly storage and processing intensive.
Spatial analysis offers an initial overview of the data based on prior knowledge.
The spectral unmixing algorithms used in chemometrics are applicable to HS data.

To speed up and/or enhance performance, we can reduce the dimensionality of the
HS data.

Dimensionality reduction can be achieved through PCA, NMF or autoencoder-based
algorithms.

The selection of a suitable error and performance metric is important when working
with spectral data.
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3 Methods

3.1 Experimental Setup

During my Ph.D. studies, I have focused not only on the analytical and processing part of
the HS imaging but also on the development of the HS image acquisition hardware as well.
In order to have full control over the measurement and processing part of the HS imaging,
I cooperated on the development of an HS microscope workstation, together with Denisa
Silhanova and Lukas Silhan, who designed the mechanical assembly of the workstation,
and the Photon System Instruments company, who took part in the imaging spectrometer
construction.

The HS microscope workstation design is presented in Figure 3.1 and the photo of the
experimental setup in Figure 3.2. Its key components are described in the following sections.

Modular
Focusable
llumination

HypCam2
Offner
Spectrometer

CMOS
Detector

Motors

Figure 3.1: Cross section of the CAD model of HS microscope workstation, with key com-
ponent description and light path denoted by yellow arrow. Image courtesy of Denisa
Silhanova and Lukas Silhan.

3.1.1 Illumination Unit Construction

With the aim of having optimal spectral and spatial illumination, I have selected two light
sources with broadband wavelength emission and high output power. For measurement
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in the visible part of the spectrum, Bridgelux BXRH-5050601-A-74 LED is used, with
a luminous flux of 675 1m and the majority of the radiant power emitted in the range of 425—
675 nm [96]. For measurement in the near-infrared range, a Thorlabs SLS201LM stabilised
tungsten halogen light source can be used, as it has a spectral output in the range of 360—
2600 nm with peak power output at 1000 nm [97]. The configuration of the illumination
unit in Figure 3.2 a) uses the Bridgelux LED with a custom designed aluminium heat sink.
The LED is powered by a laboratory power supply (Manson NSP-3630), with an output
controlled by a D4184 MOSFET module. The control voltage for the MOSFET module
is supplied by the NI USB-6001 multifunction input/output device, which is controlled by
the Python code described in Section 3.1.5. This combination of components serves as
a modular LED driver, allowing us to use any LED light source and control it via software.
The light source output is collimated with an aspheric lens (Thorlabs ACL2520U-B) and
then focused through a microscope objective on the sample. The magnification of the
focussing microscope objective is the same as the magnification of the lens used to observe
the sample to ensure optimal illumination conditions. In the latest iteration, the entire
illumination unit is mounted on a linear rail, which can be repositioned using a stepper
motor with a precision lead screw (Misumi MSSR801-250) located at the very top of the
Figure 3.1. This configuration allows for automated adjustment of the illumination to
achieve optimal measurement conditions.

Figure 3.2: Photography of HS microscope workstation in laboratory at ISI CAS: a) top
part with (1) illumination unit, (2) sample stage and (3) HS camera unit; b) Bottom part
with (4) linear motorised mounts, (5) microscope objective mount with adjustable mirror,
that reflects light to (6) preview camera with relay optics, or directly to HS camera, when
the preview camera is moved up from the optical path.

3.1.2 Sample Stage

The observed sample is placed onto a standard 1inch x 3inch microscope slide, which is
then secured to a holder with three side-by-side microscope slide slots. This slide holder is
mounted on top of the motorised XY scanning stage (Standa 8MTF-75LS05), capable of
a 7bmm X 75 mm movement range, and a step size of 2.5 pm that can operate with resolu-
tion up to 1/256 of the full step distance, the so-called microstep mode. The combination of
a motorised stage and a holder capable of housing three microscope slides enables the mea-
surement of multiple samples during a single automated measurement session, controlled
using Python modules and scripts I have developed.
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3.1.3 Objective Lens

The HS microscope workstation uses the standard RMS microscope objective mounting
thread (W 0.8inch x 36), enabling the use of a wide variety of microscopic lenses. The
configuration at the time of writing uses the Nikon Plan Fluor 4x with a numerical aper-
ture NA = 0.13 and a working distance of 17.1 mm. The objective lens is mounted in
a high-precision piezo flexure stage (Physik Instrumente PIFOC P-721.20), allowing auto-
mated and precise focussing. The piezo flexure stage is driven using an Physik Instrumente
E610.C04 piezo amplifier, which requires an analogue voltage input for position control.
This is provided again by NI USB-6001 multifunction input/output device. The piezo-
focussing element is connected to one of the three linear actuators (Fuyu FSK30, labelled
Stepper Motors in Figure 3.1), with a travel stroke of 300 mm and a position accuracy of
0.05 mm.

Using these linear actuators, the microscope can be used in bright-field or HS capture
mode. The bright field microscope mode is possible by viewing the sample through a tube
lens and a separate preview camera (Basler acA1300-200uc), located at the end of the
optical tube system in box 6 in Figure 3.2b). When the preview camera is moved away
from the light path, HS measurements can be performed. The third actuator can be used
for mounting a dichroic mirror and light source for fluorescence HS imaging. At the time of
writing, the setup is optimised for transmission HS data measurement using an HS camera
described in the following section.

3.1.4 Hyperspectral Camera

In the heart of the HS microscope workstation is the HypCam2 — a push-broom HS camera
with an exceptional spectral resolution of 0.1 nm and a tunable wavelength range of 350—
1100 nm with the measurement window bandwidth of 142 nm. HypCam2 was developed in
cooperation with the Institute of Scientific Instruments of the Czech Academy of Sciences,
v. v. i. and PSI (Photon Systems Instruments), spol. s r.o. company as part of the project
titled HyPerSpec — Development of Hyperspectral Camera for Biotechnology Applications
and Element Analysis (MPO TRIO FV40455) funded by the Czech Ministry of Industry and
Trade. My contribution to this project was the development of a stepper motor controller,
position control software, and the testing of the spectral resolution and stability of the HS
system. Therefore, I am listed as one of the authors of the HypCam2 functional sample [98].
The uniqueness of the HypCam?2 system can be clearly seen in the Supplementary Table S4,
which provides a comparison of the HypCam2 camera with several commercially available
HS systems. At the time of writing, the HypCam2 system outperforms all commercial
systems in terms of spectral resolution. The HypCam2 design is based on the Offner
imaging spectrometer configuration [39]; see Figure 3.3.

The trade-off for having a large spectral resolution is the reduction in measurement
window bandwidth. We overcome this limitation by adding a diffraction grating positioning
system that enables us to adjust the position and angle of the grating. High-precision
positioning is possible thanks to the use of stepper motors connected to precision screws
with 0.2mm pitch. When the angle of the grating is changed, the wavelength range of
the measurement window is shifted. The other two perpendicular axes serve as a fine-
focussing adjustment. The finished assembly of the grating positioning system is presented
in Figure 3.4.
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Entrance
slit

) |
I Camera I

Figure 3.3: Mechanical design of the Offner type imaging spectrometer design; M1,M2 are
concave mirrors, G is convex diffraction grating. The width of the entrance slit is 5 pm, the
detector in use at the time of writing is a Sony IMX492 4/3” chip with 8288 x 5644 pixels,
with a pixel size of 2.3 pm.

Figure 3.4: Diffraction grating positioning system. The Fy and Fy motors allow fine adjust-
ment by displacing a two axis parallelogram placed under the grating mount, the F stepper
motor controls the angle of the diffraction grating, enabling the change of measurement
window bandwidth.

3.1.5 Software

To ensure repeatability and consistency of the HS acquisition, the entire process is controlled
by custom software I have developed using the Python programming language. An excerpt
of the measurement control script is presented in the Supplementary Listing S1. The entire
codebase is available at [99]. The library used for data acquisition consists of the following
modules:
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e cam basler.py — image acquisition using Basler cameras, developed using [100]

e cam _psi.py — IMX254 equipped camera communication module

e cam_zwo.py — IMX492 equipped camera communication module, developed using [101]
e enviro.py — Environmental sensor readout over USB serial

e ni daq.py — Interface for the USB Multifunction I/O Device, developed using [102]
e ramps_stepper.py — motion control for stepper motors

e stage.py — XY stage control, developed using [103]

e HS capture.py — main script for automated measurement

e HS_capture_presets.py — measurement presets for calibration and testing

The stepper motors inside the HS microscope workstation are driven using a Arduino
Mega microcontroller with RepRap RAMPS 1.4 expansion board and Pololu A4988 stepper
motor drivers. The Arduino board is running a custom control firmware that I have de-
veloped using the Arduino programming language. It uses serial port communication over
USB with the ramps_stepper.py module, which is used to set individual stepper positions,
as well as the speed and acceleration of movements.

A major part of the software side of working with the HS data is the storage format.
The selected formats, standards, and choices behind them are presented in the following
section.

3.1.6 Hyperspectral Data Collection

When communication with all components of the HS microscope station is verified and the
acquisition of HS data is possible, it becomes essential to determine an appropriate storage
format for both the produced data and its corresponding metadata. This was the main
topic of my conference proceedings at the 14th Workshop on Hyperspectral Imaging and
Signal Processing: Evolution in Remote Sensing (WHISPERS) [104]. As a storage format
for the captured frames, we use a Hierarchical Data Format (HDF) [105], accompanied by
metadata stored in a JavaScript Object Notation (JSON) text file [106].

The HDF file format was chosen for optimised data storage and easy data sharing due
to its compression capabilities and the hierarchical nature, allowing easy labelling of the
calibration data and measured HS data. The dimension scales feature of the HDF file is
also suitable for description of the axes and units of the HS data cube. Using the collected
metadata, the measured data set satisfies the goal of an HDF file to be self-descriptive, which
is an important factor when considering data reusability, one of the FAIR data principles
(Findable, Accessible, Interoperable, Reusable) [107]. The structure of the captured data
inside the HDF file is as follows:

e hyperspectral — group containing the measured data

o data —raw HS data
o dark — dark calibration frames
white — white (flat-field) calibration frames

(¢]

o wavelength — spectral reference calibration frames
e metadata — as JSON formatted string

e preview — from RGB camera
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HS data are loaded using a h5py library stored in the NumPy array [108] with the
indexing rules displayed in Listing 1:

import hbpy

# opening the HDF file

hdf_file = hbpy.File("YYYY-MM-DD-filename.h5")
# loading HS data to variable

hs_cube = hdf_file["hyperspectral"]["data"][:]
print (hs_cube.shape)

# outputs the azis sizes (bands, columns, rows)

Listing 1: Loading of raw HS data using the h5py package and printing its shape (size of
the individual axes).

Consider an HS cube with the following dimensions: 2000 bands, 1200 columns, and
1000 rows. The shape of these HS data as a NumPy array is (2000,1200,1000). Using
the indexing rules and the implementation of the array slicing in Python, a single-point
spectrum S, ,, is equivalent to hs_cubel[:,x,y]. A single band B; can be selected using
hs_cubel[:,:,i]. A set of all spectral vectors Ssop can be obtained by flattening the three-
dimensional array to a lower dimension using the code presented in Listing 2.

bands, columns, rows = hs_cube.shape
S2D = hs_cube.reshape(bands, columns*rows)

Listing 2: Reshaping of HS data cube to Sop.

The JSON format was selected for metadata storage due to its ease of readability by
both humans and machines, its capability for validation, and interoperability due to the
fact that it is an open standard file format, which is commonly used for data exchange [109].
Furthermore, the metadata we collect during our measurement can be easily transformed
to the ENVI header file standard [52], which is widely used in remote sensing. This also
allows for easy import of the HS data into other HS analysis software, such as Spectronon
(Resonon Inc.) [110]. An example of our measured data opened in this software is shown
in Figure 3.5.
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Figure 3.5: Processing of HS microscope acquired data in commercial software Spectronon
(Resonon Inc.).

The structure of the metadata is defined using a JSON Schema [106], which is derived
from the devices implemented in our measurement station to accurately record the mea-
surement parameters, such as camera exposure parameters, positions of the elements of
our custom automated positioning system, current system calibration, sample and author
info, and more. An example of the captured metadata is presented in the Supplementary
Listing S2.

In addition, environmental conditions (temperature, humidity, and pressure) are auto-
matically recorded using a Bosch BME280 sensor connected to a microcontroller, which is
used to read the measured values and relay them to the measurement software. For data
management plan compliance, the JSON also contains information about the date, sample,
author, project, and related funding. Finally, information on the current calibration is
added, describing the pixel to wavelength mapping and spatial dimension scale.

The complete structure of the metadata is presented in Figure 3.6. Moreover, the use of
well-defined structured JSON for storing the metadata allows for quick and easy catalogi-
sation of the measured datasets using, e.g. a database system or a local index of measured
datasets, which can then be uploaded to a public data repository (IEEE DataPort [111],
Zenodo [112], etc.), fulfilling the requirements of findability and accessibility of the FAIR
data principles. Another crucial aspect of the HS data is its size and corresponding storage
demands, which are discussed in the next section.

3.1.7 Data Size Estimation

The correct assessment of the data size is a critical factor when working with HS data, as
this directly influences the data storage requirements and the selection of the algorithm
for the analysis of HS data. We can estimate the size of the HS image data based on the
parameters of the HS measurement setup and the required sample size. We assume that
the object of interest is located within an area of 22 x 22mm?, which is a standard size
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Author [ORCID]
Collaborator [ORCID]
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Project [ID]

Funding [ID]
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Figure 3.6: JSON metadata structure. The metadata are divided into five groups, each
group contains a list of its data sources (top part of the boxes) and collected data format
with corresponding unit/format in square brackets (bottom part of the boxes). The green
labelled groups denote metadata that are collected automatically from the measurement
hardware, the orange are collected from user input (except for date/time).

of microscope slide cover glass. When the microscope is equipped with an Olympus Plan
N 10x lens, it provides us with a field of view 2mm in width. For a complete scan of the
cover glass, we need to perform 11 scans to cover the height of 22 mm. The pushbroom
scanning of the HS camera requires a step size of 0.35 num per frame when equipped with
the 10x magnification lens. To cover the required area, a total number of 5714 frames is
required. Given the number of pixels per frame and 14 bit resolution per pixel, the entire
scan would require a total of 145 GB of storage, which is not a viable long-term approach.

In practice, a suitable compression algorithm is used when handling and storing any
type of large data. We can divide the compression algorithms into two main categories —
specialised and general. The study by Dua et al. offers a review of algorithms designed for
HS data compression [63]. In our HS data management, we use both of the above-mentioned
types of compression. As the first step in our HS data collection, we utilise general lossless
compression based on the ZIP file format, as implemented in the h5py library [113]. Using
this approach, we can reduce the total size of the example HS image to approximately
30 GB.

Such data sizes are more manageable for archiving, but less so for loading into the
personal computer memory for further analysis, considering both the size of the data and
the total number of dimensions. A possible solution to this problem is the use of specialised
HS compression which takes advantage of the HS data structure. Several studies have
shown that the HS data structure is susceptible to high levels of redundancy, both in the
spectral and spatial domains [63, 91, 19].

This redundancy further highlights the importance of the dimensionality reduction tech-
niques described in Section 2.4, such as NMF and AE, which effectively compress the HS
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data while preserving its essential information content, thus allowing more efficient process-
ing and analysis of these complex datasets. This method of lossy compression of HS data
belongs to one of the recently explored strategies that uses a convolutional autoencoder
(AE-CNN) neural network, as explored in [114] and [91]. The advantage of AE-CNN lies in
a lower number of parameters, relative to the standard fully connected AE network, which
in turn reduces the required training time and computational complexity. The trained
AE-CNN can then be used for HS data compression with significantly lower computation
requirements than those needed for the training process. Another benefit of AE-CNN
encoding is that the compression ratio can reach 30:1 with low reconstruction error, as
shown in Table 3.1. In our HS image example above, we can reduce its size to 4.9 GB
using AE-CNN encoding with the above-mentioned compression ratio. The advantage of
this method is that when applied only to the spectral dimension, it does not decrease the
spatial resolution of the image.

Table 3.1: A summary of compression algorithms. LZF and GZIP are compression algo-
rithms implemented in [113]. CR stands for Compression Ratio, MSE is mean squared
error. Adapted from [91].

Algorithm CR MSE [%] Lossless

None 1:1 0
LZF 2:1 0
GZIP 4.8:1 0

20:1  5x107*
30:1 34x1073
20:1 7x107°
30:1 1.3x10°3

AE

XXxXxX<<LL

AE-CNN

Experimental Setup Highlights
e HS microscope platform was developed at ISI CAS as part of my Ph.D. studies.

o It enables measurement with high spectral resolution across a wide band thanks to
a tunable measurement range.

e The microscope supports automated measurement and data calibration using a soft-
ware I have developed during my Ph.D.

e The resulting improved HS camera was developed as part of the project titled HyPer-
Spec — Development of a Hyperspectral Camera for Biotechnology Applications and
Element Analysis, funded by the Czech Ministry of Industry and Trade (FV40455).
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3.2 Performed Measurements

Details about the performed calibration and sample measurement, along with the corre-
sponding analysis results, are provided in the following section. In the first measurement,
we quantified the spectral resolution of the HS camera using spectral reference, along with
the characterisation of the smile error. The second measurement characterised the imaging
and spectral capabilities of the HS microscope by capturing a colour calibration test. The
third measurement focused on the identification and unmixing of marine cyanobacteria.

3.2.1 Spectral Resolution Verification

To verify the spectral resolution of the HS system, we used a low pressure sodium vapour

lamp (Helago-CZ 4035), which has strong emission of two neighbouring D-line transitions

D1 and D2 at 589.592 nm and 588.995 nm respectively; see Figure 3.7.
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Figure 3.7: Spectral resolution verification of the two HS camera sensors using low pressure
sodium vapour lamp.

The measurement was performed using two different CMOS sensor types. The resulting
parameters of these two configurations are listed in Table 3.2. The bandwidth of the

configuration measurement window is indicated as B. The dispersion per pixel of the
system A\ is calculated in Equation 3.1:

B
AN==,

3.1
= (3.1)
where n is the number of pixels along the spectral axis of the sensor.

For a reliable measurement of the spectra, more than one pixel value should be used [115].
In our case, three neighbouring pixels are used, and the final spectral resolution is denoted
as Ry.

We also examine the influence of smile distortion, which is common for imaging spec-
trometers. Smile distortion is a shift of the spectral position over the field of view of the
sensor (a curvature of the spectral axis). We evaluated this by iteratively fitting a pair of
Voigt profile curves to locate the centres of the D1 and D2 spectral lines for each position

on the CMOS sensor. Then we plotted the central positions for both spectral lines of the
fitted spectral profiles; see Figure 3.8.
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Table 3.2: HS camera configuration comparison based on the used CMOS sensor.

Sensor n [-] Amin [DM]  Apax [nm] B [nm] AX [nm] Ry [nm]
IMX253 4112 508.7 651.32 142.61 0.035 0.104
IMX492 8288 478.13 619.89 141.76 0.017 0.051
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Figure 3.8: Smile distortion for the two configurations of the HS camera. The horizontal
lines denote the distance in multiples of spectral resolution R).

For both configurations, the smile distortion is five spectral pixels or less, which com-
pared to the total number of pixels of the spectral axis of the sensor yields an uncertainty
in the detected wavelength of 0.29% for IMX253 and 0.22% for IMX492 CMOS sensor.
Smile distortion can be further suppressed by the use of pixel binning, as described in Sec-
tion 2.4.3. In such a case, the spectral uncertainty would be less than the size of one pixel
after binning.
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3.2.2 Colour Calibration Slide

Accurate colour calibration is fundamental in various imaging applications, particularly in
microscopy or HS imaging systems, to ensure reliable and reproducible results. A criti-
cal tool for achieving this accuracy is a reliable reference standard, such as the National
Institute of Standards and Technology (NIST) Traceable Colour Transmission Calibration
Slide (Applied Image TAM-9C-00348). This section will explore the process of acquiring
and analysing HS data from the TAM-9C calibration slide, examining how techniques such
as dimensionality reduction and spectral unmixing methods can be applied to this dataset,
leveraging both the acquired HS images and the high-accuracy NIST-traceable reference
spectral transmission data.

The TAM-9C calibration slide is designed with 24 unique colour patches of varying sizes
and a large clear area, all set against a black background. The layout of the calibration
slide is presented in Figure 3.9.
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Figure 3.9: TAM-9C colour calibration microscope slide. It consists of 24 colour patches in
different sizes. The slide also contains large clear area in the centre that can be conveniently
used for flat-field correction.

The largest 4150 pm patches are individually calibrated for spectral transmission directly
traceable to NIST. The reference transmission spectra provided in the accompanying data
sheet of the TAM-9C-00348 are plotted in Figure 3.10. This spectral data also allows
conversion to various colour spaces like RGB, LAB* or XYZ.

There are many reasons for employing this NIST traceable standard in HS measurement
and subsequent analysis, particularly concerning the influence of dimensionality reduction
(DR) on spectral unmixing. First, the reference spectra from the NIST calibration serve
as a reliable reference. Secondly, these reference spectra can be used as a ground-truth
database for the validation of spectral unmixing algorithms. This allows for objective eval-
uation of algorithm performance on a known standard. Additionally, the reference spectra
are suitable for characterisation of the detector response function of the HS microscope
system. Lastly, the layout and known spectral properties of the patches are valuable for
evaluating spectral processing algorithms, including spectral clustering and classification,
and critically, for investigating how DR affects the results of spectral unmixing algorithms
on this well-defined dataset.

HS Data Capture and Preview

HS scanning data from the colour calibration sample were acquired using a Olympus Plan
N 10x objective lens. The HS camera at the time of measurement was using a Sony
IMX235 CMOS sensor without active cooling, and the high resolution upgrade discussed in
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Transmission Spectra from NIST
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Figure 3.10: Transmission spectra measured by NIST for each of the colour patches. The
colour of the line matches the colour of the patch of the calibration slide.

Section 3.2.1 was not yet installed. The corresponding metadata of the HS measurement

are listed in Table 3.3.

Table 3.3: Metadata of HS measurement of NIST IAM-9C-00348 colour calibration slide.

Parameter Value Unit

Exposure 50 ms

Gain 5 dB

Binning 4 X

Amin 404.42 nm

>\max 656.07 nm

A 0.35 nm

Camera Temperature N/A °C

Ambient Temperature 20 °C

Pressure 1002 hPa

Humidity 38 %

Date 2021-10-27 YYYY-MM-DD
Time 13:21:55+02:00 HH:MM:SS+offset

An overview using a RGB image composed of selected spectral bands of the HS image
presented in Figure 3.11. The squares indicate the regions of interest (ROI) from which
the spectral information is used. Their position was determined using the watershed algo-
rithm [116] applied on the central wavelength of the HS image (A = 530.42nm) followed by
a calculation of the centroid coordinates of the identified regions, which were used as the
centre of a pixel square 60 x 60 that defines the ROI. A comparison of the mean transmission
spectral responses with the reference spectra is presented in Figure 3.12. Furthermore, all
transmission spectra of the ROI of the individual coloured patches with the corresponding
standard deviations are presented in the Supplementary Figure S1.
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Figure 3.11: Preview of the dataset: HS image of colour calibration slide, shown using
640 nm band as red, 550 nm as green and 460 nm as blue channel. The squares indicate
areas from which the spectral information is used for further analysis. The rows are labelled
A, B, C, D from top to bottom. The diameter of the colour patches is 150 pm.
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Figure 3.12: Comparison of the measured HS data and NIST reference spectra of A2 (red),
A4 (green) and A6 (blue) colour patches.

Supervised Classification

To evaluate the complexity of the data, a supervised classification was performed. The goal
was to train a model on the reference spectra provided by the manufacturer and test the
trained model on the measured HS data, with the prediction target of RGB values from
the wide gamut RGB colour space (Adobe Systems), defined for each colour patch by the
calibration slide manufacturer. To ensure the compatibility of the reference spectra with
the measured spectra, we interpolated the values of the reference spectra using quadratic
interpolation and cropped them to match the wavelength region and sampling of the HS
data. The training set consisted of NIST reference spectral signatures of patches Al to
A6 plus the spectrum of the clear (blank) part of the slide. The two test sets that were
used were the rest of the colour patches of the NIST reference spectra (B1 to D6), and the
spectral vectors of regions of interest in the HS data, which were introduced in Figure 3.11.
The results of three supervised classification algorithms — Partial Least Squares Regres-
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sion (PLSR), fully connected Artificial Neural Network (ANN) and Convolutional Neural
Network (CNN) applied to classify this problem are listed in Table 3.4 below.

Table 3.4: Comparison of supervised learning classification using three different algorithms:
Partial Least Squares Regression (PLSR), fully connected Artificial Neural Network (ANN)
and Convolutional Neural Network (CNN). All algorithms were trained on the first row of
the reference spectrum and evaluated on both the reference spectrum (NIST) and data
from the HS microscope (HS). The measure of accuracy is a R? metric together with Root
Mean Squared Error (RMSE).

NIST HS
Algorithm
R?> RMSE R?> RMSE
PLSR 0.663 0.103 0.713 0.104
ANN 0.659 0.103 0.706 0.106
CNN 0.798 0.080 0.426 0.137

Upon inspection of Table 3.4, we can observe that PLSR outperforms the neural network
methods on the measured HS data but performs worst on the reference dataset. The better
performance of PLSR indicates that the data have a more linear dependence/trend in them.
The performance of non-linear models (ANN, CNN) on the HS data achieves similar or lower
accuracy. The signal-to-noise ratio in the HS data could favour simpler models, as neural
networks might be overfitting to noise.

The Analysis Pipeline

The HS data analysis pipeline implements a comprehensive spectral unmixing analysis
architecture for HS data, combining DR techniques with spectral unmixing algorithms,
which were described in Section 2.4. The methodology consists of several key components
that work in sequence. The entire pipeline is visualised using a schematic in Figure 3.13.
An implementation excerpt of this pipeline is presented in the Supplementary Listing S3.

Reduced
X;

Estimate c;
Reduction (NNLS/MCR)

—
. Reduced |
ytrue N
yti'ue y = Z Ci X
i=1

}

EFror (Yyuer ¥) Reconstructed DR Inverse Reduced

y y

Dim.

Figure 3.13: Colour calibration slide data analysis pipeline.
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The step-by-step analysis procedure of the colour calibration slide HS data is as follows:

Data loading — HS and NIST reference spectra

NIST reference spectra interpolation to match the spectral resolution of HS data
Data calibration and normalization

Training of DR algorithms on NIST reference

DR applied to NIST and HS data — reduced datasets

Spectral unmixing performed on reduced datasets

Reconstruction of the unmixed spectra to the original dimensionality

® N o e W=

Evaluation of the reconstruction error compared to the reference spectra

The analysis begins with data preparation, where reference spectral data is loaded and
organised into training and testing sets. The pipeline specifically focusses on the analysis of
three endmember classes x; (A2, A4 and A6) that represent red, green and blue patches in
the dataset. The implementation supports multiple-dimensionality reduction techniques,
including PCA, NMF, and two variants of autoencoder: a fully connected architecture
(AE-FC) and a convolutional neural network-based architecture (AE-CNN).

The dimensionality reduction process is implemented through a flexible pipeline that
can accommodate both traditional and deep learning-based approaches. For traditional
methods like PCA and NMF, the code uses scikit-learn’s implementations [117], while for
AE, custom models are loaded from pre-trained weights. AE models are specifically trained
using the SAD loss function, described in Section 2.4.4. The network design of the AE is
based on a parametric architecture, resizing the number of neurons in the hidden layers
according to the dimension of the encoded data; see Listing 3.

Following dimensionality reduction, the processing continues by applying two distinct
spectral unmixing algorithms: Non-negative Least Squares (NNLS) and Multivariate Curve
Resolution (MCR). The NNLS implementation adapted from [119] includes robust error
handling with and is used with a maximum iteration limit of 100,000 to ensure convergence.
The MCR implementation, developed by NIST [120] is configured with specific parameters,
including a tolerance increase factor of 10 and a maximum of 100 iterations, providing
a balance between computational efficiency and solution accuracy.

The evaluation of the results of the unmixing is performed using the SAD metric. Lower
SAD values indicate better preservation of spectral information. The results are system-
atically stored in a database, with each experiment entry containing detailed metadata
including timestamp, script information, dimensionality reduction method, unmixing algo-
rithm, number of components, and various performance metrics.

The pipeline is designed to support systematic experimentation through a grid search
approach, allowing exploration of different combinations of dimensionality reduction tech-
niques, unmixing algorithms, and dimensionality levels. This systematic approach enables
a thorough investigation of the parameter space and the comparison of different method-
ological combinations, allowing the investigation of the trade-off between data compression
and information preservation.

The pipeline also includes robust error handling and comprehensive logging of the anal-
ysis process. The code is structured in a modular fashion, with a clear separation between
data loading, dimensionality reduction, unmixing, and evaluation components, making it
maintainable and extensible for future research. The code for this analysis pipeline is
available at [121].
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encoder = Sequential ([
Flatten(input_shape=(input_shape,)),
Dense (16 * encoded_shape, activation="relu"),
Dense(8 * encoded_shape, activation="relu"),
Dense(4 * encoded_shape, activation="relu"),
Dense(2 * encoded_shape, activation="relu"),
Dense(encoded_shape, activation="sigmoid"),
Reshape ((encoded_shape,))],
name="encoder")
decoder = Sequential ([
Flatten(input_shape=(encoded_shape,)),
Dense(2 * encoded_shape, activation="relu"),
Dense(4 * encoded_shape, activation="relu"),
Dense(8 * encoded_shape, activation="relu"),
Dense(16 * encoded_shape, activation="relu"),
Dense (input_shape, activation="sigmoid"),
Reshape ((input_shape,))],
name="decoder")

Listing 3: Parametric AE implementation in Python programming language using Keras
library [118]. Note the encoded_shape variable, used for dynamical resizing of the network
architecture based on the target compressed dimension size.

Results

First, an exploration of the parameter space was performed by varying the number of com-
ponents used for reconstruction of the input spectrum when using reference NIST spectra
as input dataset D, and RGB patches (A2, A4, A6) spectra as endmembers ST for train-
ing the DR and unmixing algorithms. The difference between the input spectra and the
reconstruction was quantified using two error functions: SAD and RMSE; see Figure 3.14.

The plot in Figure 3.14 shows that a relatively low number of dimensions is enough to
reconstruct the spectrum with low error. The combination of PCA-NNLS reduces its SAD
error from two to three components, but it does not show significant improvement after
that. The PCA-MCR is interestingly showing worse results with three components using
the SAD error, but better when evaluated using RMSE error, having similar behaviour as
previous combination with SAD error. The NMF-NNLS performs best at two components
and after that its performance varies when examining both of the error functions. Lastly,
the NMF-MCR combination shows dramatically different performance in relation to the
number of components, clearly outperforming the rest when using three components. For
further processing, the number of dimensions used will be limited in the range of two to
six components, due to the high variance of the results in this region and a significant
compression ratio, when considering that the input dimension of the spectra is 728, which
yields a 99.18 % to 99.73 % increase in storage efficiency.

Figure 3.15 presents the results that demonstrate the effectiveness of the proposed spec-
tral unmixing pipeline in different dimensionality reduction and unmixing combinations.
The analysis was performed on transmission spectral data from NIST colour patches and
measured HS data separately.
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Reconstruction Error vs. Number of Components
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Figure 3.14: Plot of the spectrum reconstruction error versus the dimension of the reduced
space (number of components). The input spectra are the reference NIST data, with RGB
patches (A2, A4, A6) spectra used for training.

As we can observe in Figure 3.15, the SAD metrics revealed varying performance across
different combinations of dimensionality reduction and unmixing methods. The results
demonstrate that the choice of the dimensionality and unmixing method significantly im-
pacts the accuracy of the spectral unmixing and the SAD reconstruction error.

Upon analysing the effect of individual DR algorithms, certain patterns become ap-
parent. The first thing to note is that PCA performs consistently in combination with
both NNLS and MCR, with the lowest SAD values for varying component counts. The
more principal components are used in the unmixing, the more noise of the input data is
represented, making the higher-dimensionality PCA output less useful in this case. NMF
yields the best results for three components across both datasets and unmixing methods,
matching or even surpassing the unmixing performance on the entire spectral data (dotted
line). This may be due to the additive nature of the three photographic film layers applied
to generate coloured patches, which may correlate with the decomposition process of the
NMF transform. AE in most cases matches or even outperforms PCA, and generally gives
better results for higher number of components, where it excels compared to all other DR
approaches. The modular nature of the AE architecture may be the cause of this, since net-
works with higher numbers of neurons can learn to represent the input spectral information
better than simpler architectures. Lastly, AE-CNN shows similar results compared to AE
and NMF while using MCR for unmixing and setting the compressed dimension to four or
more components. However, AE-CNN outperforms all other algorithms when using a two-
component encoding dimension, indicating a capability of complex data representation with
high compression ratio.

The resulting concentration identified by the unmixing pipeline can be visualised as
an RGB image because it is composed of three values and also because the task is directly
related to the identification of the basic colour components. Figure 3.16 shows the cropped
areas of the HS image after unmixing using NMF with 3 components and MCR. The values
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Figure 3.15: The effect of DR algorithm and components number on SAD error of original
and reconstructed spectra. The DR was performed using algorithm listed in the legend,
the unmixing was performed separately using NNLS and MCR, each in its own subplot.
For some combinations of DR and the number of components the NNLS did not converge,
hence the missing data points.

overlaying the patches are errors (differences) in the hue channel Ep, calculated by trans-
forming the identified concentration values used as RGB colours to the hue saturation value
(HSV) space [122], converted from the original RGB values, calculated using Equation 3.2:

EH =0.5— |Htrue(Ra Ga B) - Hpredicted(ch C2, 63)‘ —0.5 s (32)

where Fy € (0,1) and H denotes the hue channel from HSV colour space. This error
metric is based on an analogous concept as the SAD, giving no weight to the lightness or
saturation of the colour, similarly as the SAD is less sensitive to offset in the two compared
spectra.
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Figure 3.16: Visualization of the identified concentration ¢y, ¢, c3, identified by compressing
the HS data to 3 components using NMF and unmixing using MCR, as RGB values, with
the corresponding average hue error Eyr for each colour patch. The axes labels represent
the row and column index of the colour calibration test patches.

Colour Calibration Slide Analysis Highlights

e Reference transmission spectra can be used to train supervised classification algo-
rithms that are applicable to the measured HS data.

e An optimal combination of DR and the unmixing algorithm can be found while keep-
ing the SAD error low compared to no reduction in dimensionality.

e The lowest reconstruction error was achieved using the combination of NMF with
3 components and MCR for spectral unmixing.

e The best result for the highest reduction of dimensionality can be achieved using
a convolutional autoencoder.

e DR combined with spectral unmixing can be used to estimate the composition of the
colour patches by mixing the primary colours.
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3.2.3 Marine Cyanobacteria Mixtures
Motivation

Marine cyanobacteria represent one of the main and globally abundant components of the
marine ecosystem that play distinct roles in primary production and biogeochemical cy-
cles [123]. Identification of marine cyanobacteria, shaped by varying environmental con-
ditions such as light and nutrients, at the microscopic level is crucial to understand their
ecology, physiology and subsequently to the development of remote sensing techniques [124].
Flow cytometry is one of the primary methods used to identify and differentiate cyanobac-
teria based on their single cell properties, such as light scattering (related to size and
refractive index) and fluorescence (based on the content of cellular pigment) [125]. This
unique pigment compositions can be used by HS remote sensing to monitor their distri-
butions and infer ecosystem status and change. HS microscope imaging can be used to
obtain the spectral signatures of pure cultures and defined mixtures of them needed to
train and validate remote sensing algorithms to monitor their distributions globally. The
following section introduces the selected samples, their preparation, and measurement with
the goal of identifying their presence in mixtures and quantifying their ratios using spectral
unmixing algorithms.

Samples

We were able to work with three strains of marine cyanobacteria thanks to the cooperation
with Centre Algatech, Institute of Microbiology of the Czech Academy of Sciences, as part
of the PHOTOMACHINES - Photosynthetic cell redesign for high yields of therapeutic
peptides project (OP JAK, EH22_008/0004624). These strains were chosen because of their
different pigment compositions.

e Prochlorococcus marinus strain MIT9301 (green, labelled as G)
e Prochlorococcus marinus strain MIT9313 (yellow, labelled as Y)
e Synechococcus sp. strain WH8020 (red, labelled as R)

The primary spectral differences between the two different genus, the Prochlorococcus and
Synechococcus are driven by their distinct major light harvesting pigment systems: divinyl
chlorophylls and an atypical antenna system in strain MIT9313 versus phycobilisomes con-
taining phycobiliproteins and monovinyl chlorophyll in Synechococcus. These differences
result in spectral variations, particularly in the green-yellow (490-560nm) and red (670—
680 nm) regions of their absorption and reflectance spectra [126, 127, 128]. As a result, the
dominant colours of the cyanobacteria strains are red for WH8020, green for MIT9301, and
yellow for MIT9313, as shown in Figure 3.17.
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Figure 3.17: Selected marine cyanobacteria strains in cell culture flasks. Samples courtesy
of Centre Algatech, Institute of Microbiology of the Czech Academy of Sciences.

To illustrate the microscopic compositional differences between the selected strains,
a series of bright-field scanning transmission electron microscopy (STEM) images were
acquired; see Figures 3.18, 3.19, and 3.20.

curr HV det | mode | mag B & WD HRW | tilt
6.3pA | 18.00kV | STEMII | BF | 80000x  46mm | 187um 0° Magellan - ISI Brno

Figure 3.18: STEM image of Prochlorococcus marinus strain MIT9301, with clearly visible
folds of thylakoid membranes containing chloroplasts, responsible for the green colour.

The samples were first centrifuged, frozen under high pressure, followed by freeze-
substitution, embedded in Spurr media, sliced using an ultramicrotome (Leica Microsystems
EM UCT), and images were obtained using a low voltage STEM (FEI Magellan 400/L).
More details on the processing for STEM imaging can be found in [129].
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Figure 3.19: STEM image of Prochlorococcus marinus strain MIT9313. These cells possess
three to five distinct layers of intracytoplasmic membranes, which are arranged concen-
trically near the cell periphery. This tight packing of the internal membranes is possible
because the lack of phycobilisomes, which is also responsible for its yellow colour [130].

5/28/2025 curr HV det mode | mag EH WD HFW tilt +—— 300 nm ——
10:19:22 AM | 6.3 pA | 18.00kv | STEMIII | BF |80016x | 47 mm | 1.86um | 0° Magellan - ISI Brno

Figure 3.20: STEM image of Synechococcus sp. WHS8020, with clearly visible rings of
thylakoid membrane, which in this case contains phycoerythrin responsible for the red
colour. The black dots are carboxysomes bacterial microcompartments used for carbon
fixation [131].

Design of Experiment

The three different strains of cyanobacteria were sampled using a micropipette on a 96-well
microplate (flat bottom, Thermo Scientific) using a scheme described in Table 3.5. The
prepared microplate included pure samples of cyanobacteria strains, together with a sample
of pure cultivation medium (PCR-S11 [132]) in which the cyanobacteria are dispersed. Each
well was loaded with 150 pLL sample liquid. The mixing ratios selected for this experiment
were 1:1, 1:2 and 1:4 for the mixture of two samples, including all combinations of the ratios
for all three samples. All strains were also mixed in a 1:1:1 ratio. The last mixture ratio
was all cyanobacteria in a 1:2:3 ratio, for all these possible combinations; see Table 3.5.
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Table 3.5: Mixing ratios of marine cyanobacteria samples with their relative positions inside
the 96-well microplate. The G stands for MIT9301, R for WH8020 and Y for MIT9313.
Some wells were left empty and measured as white frame reference.

Category ‘ Samples
Pure G R Y PCR-S11
1:1 Ratio 1G:1R 1G:1Y 1R:1Y 1R:1G:1Y

1:2 Ratio 1G:2R 1G:2Y 1R:2G 1R:2Y 1Y:2R 1Y:2G
1:4 Ratio 1G4R 1G:4Y 1R:4G 1R:4Y 1Y:4R 1Y:4G
1:2:3 Ratio | 1G:2R:3Y 1G:3R:2Y 2G:1R:3Y 2G:3R:1Y 3G:1R:2Y 3G:2R:1Y

After the preparation of the samples, the transmission spectra of the populated positions
of the microplate wells were measured using the HS microscope, as well as a commercial
spectrometer (Ocean Optics, Maya 2000), capturing spectral information from the centre
of each well (total of 270 spectra); see Figure 3.21. The acquisition of the spectral data
was performed using the HS microscope imaging optics with the only change being the
replacement of the HS camera with the spectrometer collection optics.

1.0

-== G MIT9301
--- R WH8020
Y MIT9313
1R:1Y
—— 1R:2G
— 1G:3R:2Y

Intensity [-]

0.0

450 500 550 600 650 700 750
Wavelength [nm]

Figure 3.21: Selected transmission spectra of marine cyanobacteria and its mixtures mea-
sured using a commercial spectrometer. The measured spectra were acquired with 60 ms
exposure time, calibrated using Equation 2.8, normalized to unity range, and smoothed
using rolling average filter with 15 pixel window size.

HS scanning data were acquired using the HS microscope platform described in Sec-
tion 3.1, in a configuration with a Nikon Plan Fluor 4x microscope objective and using
a Sony IMX492 CMOS sensor. For each of the wells containing pure/mixed samples (250
frames per well, approximately 2mm x 2mm area around the centre of the well, total of
1331000 spectra). The average of the HS measured spectra for each sample is presented
in the Supplementary Figure S2. The corresponding metadata of the HS measurement are
listed in Table 3.6.
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Table 3.6: Metadata of HS measurement of marine cyanobacteria.

Parameter Value Unit

Exposure 300 ms

Gain 10.8 dB

Binning 4 X

Amin 477.67 nm

Amax 619.85 nm

A 0.07 nm

Camera Temperature 0.0 °C

Ambient Temperature 22 °C

Pressure 993 hPa

Humidity 40 %

Date 2025-04-08 YYYY-MM-DD
Time 10:40:47+02:00 HH:MM:SS+offset

Data Processing

The measured HS data were calibrated using dark and white frames, as described in Sec-
tion 2.3.3 and binned using a 5 pixel window in the direction perpendicular to the scanning
direction to allow for a more compact visualisation of the HS images. HS images of individ-
ual wells filled with samples and then unmixed using an MCR algorithm with sum-to-one
and non-negativity constraints on the estimated concentration fractions C, as described
in Section 2.4.2. The pure cyanobacteria spectra from the HS measurement were aver-
aged and then used as input pure spectra ST for the spectral unmixing algorithm in all
visualisations used in the main text. To simulate the situation where the known spectra
come from a spectral database that can be measured using a spectrometer with different
parameters, a comparison unmixing was done using the pure spectra from the commercial
spectrometer. However, these spectral data had to be cropped to the HS measurement
range and upsampled (using quadratic interpolation) to match the spectral resolution of
the HS data. The results of this comparison are presented in Table 3.7. With the results of
the colour slide analysis described in Section 3.2.2, the marine cyanobacteria HS data were
also reduced in spectral dimension using the NMF algorithm, to speed up the computation
time and compare the accuracy of the result of the analysis performed on the complete HS
data.

The analysis of HS marine cyanobacteria data has two goals: to detect the presence
of individual cyanobacteria strains in the measured mixture and to quantify their mixing
ratios. Both of these tasks are performed using the result of the spectral unmixing, the
concentration matrix C. The presence of cyanobacteria is determined using thresholding
of concentration values, in this case, when the estimated concentration is higher than 5%,
it is considered to be present in the mixture. From the design of the experiment, the
lowest possible concentration is 16.6% (for the 1:2:3 ratio mixtures), so the threshold was
set approximately as one-third of this value, leaving room for uncertainties originating
from the sample preparation and intra-sample variation. The results of this identification
were then compared with the true content of the measured mixtures, which enabled the
calculation of the identification accuracy (the number of all identification results that were
correct over the total number of samples). Identification was performed separately on both
the HS data and the static spectra from the commercial spectrometer. To evaluate the
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influence of DR on identification accuracy, the two data sets were also reduced using NMF
to 3 components prior to unmixing. The complete results of the unmixing are presented in
the Supplementary Table S5.

Results

The mixing ratio of marine cyanobacteria is determined directly from the matrix C and is
visualised using a false colour image, where the red channel is assigned to the calculated
concentration of WH8020, the green channel to MIT9301 and the blue channel to MIT9313;
see Figure 3.22. These results are also visualised as separate concentration mappings for
each of the marine cyanobacteria; see Figure 3.23.

(a) 1R:1Y True colour (b) 1R:2G True colour (¢) 1G:3R:2Y True colour

(d) 1R:1Y False colour (e) 1R:2G False colour (f) 1G:3R:2Y False colour

Figure 3.22: Selected HS measurement of marine cyanobacteria in two different visualiza-
tions: a—c) shows true colour RGB composed from 460 nm, 550 nm and 640 nm bands from
calibrated HS data, and d—e) showing false colour mapping of the concentration of the iden-
tified marine cyanobacteria, with the following colour channel assignment: R=WH8020,
G=MIT9301, B=MIT9313. The concentrations were identified after NMF reduction of
spectral domain to 3 components.

The samples are not easily detectable using the RGB preview images, as presented in
Figure 3.22, while using the identified concentration, the presence and spatial distribution
of the cyanobacteria becomes visible. To further enhance the readability of the identified
concentration, it is better to plot them separately for each component, as presented in
Figure 3.23.
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Figure 3.23: Predicted marine cyanobacteria concentrations displayed in individual channels
for each of the components. The G stands for MIT9301, R for WH8020 and Y for MIT9313.
The concentrations were identified after NMF reduction of spectral domain to 3 components.

After the concentration estimation, the values of C were thresholded and compared to
the contents of the individual mixtures. The performance metrics discussed in Section 2.4.5
were calculated based on these predictions, see Table 3.7.
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Table 3.7: Comparison of the classification performance on the data from commercial spec-
trometer vs HS measurement and the influence of the DR in form of reduction using three
component NMF. The performance metrics are calculated using equations presented in
Section 2.4.5.

Dataset DR Runtime Accuracy Precision Recall

Spect ¢ None 34ms 0.68+0.12 0.8 +£0.1 0.8 +0.1

PECHTOMEL v 3 Tdms 059+0.12 0.74+0.11 0.7 +0.1

HS None 1692s 0.76 +£0.12 09 +0.1 0.8 +0.1
NMF 3 57.8s 0.76+0.03 0.81+0.06 0.90+0.14

A key takeaway from Table 3.7 is that the use of NMF with 3 components significantly
reduces the computation time (96.42% speed-up) of the unmixing in the entire HS data
with little negative impact on classification performance, the accuracy remains the same,
there is a decrease in precision but an increase in recall (making the model overconfident
in the precisions), and for all metrics there is a reduction in their respective uncertain-
ties. However, the same is not the case for the spectrometer data, where the DR process
decreases performance. This may be due to the smaller size of the dataset compared to
HS measurement (270 spectra vs. 1331000 spectra in HS). The negative impact of DR on
runtime in the case of spectrometer data is negligible compared to the time savings of HS
processing, so this is not considered a disadvantage of DR in this case.

Marine Cyanobacteria Mixtures Analysis Highlights

e Cyanobacteria play a crucial role in marine ecosystems. Their distinct pigment com-
positions can be used for identification by HS imaging.

e Three specific strains of marine cyanobacteria are chosen for their differing pigment
compositions and resulting spectral variations.

e A 96-well microplate is prepared with pure samples and various defined mixtures of
the three cyanobacteria strains, including 1:1, 1:2, 1:4, 1:1:1, and 1:2:3 ratios.

e Transmission spectra are acquired using both a commercial spectrometer and an HS
microscope. The data were unmixed using an MCR algorithm with pure cyanobacteria
spectra from HS images used as a reference.

e When NMF with 3 components is applied to the HS data, the computation time is sig-
nificantly reduced with minimal negative impact on classification accuracy, precision,
and recall.
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4 Conclusion

This doctoral thesis represents a contribution to the field of hyperspectral imaging
by addressing both instrumental development and advanced data analysis methodologies,
with a particular focus on microscopic applications. The overarching aim of this work
was to reduce the sophistication of hyperspectral data analysis and enhance the potential
of this non-destructive imaging technique for routine analysis, particularly for plant and
algal growth. This goal was pursued through the development of a comprehensive tool
for measuring, processing, and evaluating hyperspectral data, encompassing both hardware
and software, and exploring advanced analytical methods.

Key contributions of this thesis include the development of a modular hyperspectral
microscope workstation at ISI CAS. This system is equipped with a hyperspectral cam-
era, which offers exceptional spectral resolution of 0.1 nm and a tunable wavelength range
of 350-1100 nm. The workstation supports automated image acquisition, which is crucial
for building robust hyperspectral databases. To ensure repeatability and consistency of
the HS data acquisition, custom software was developed using Python programming lan-
guage, providing full control over the measurement process and enabling automated data
calibration.

A standardised and efficient storage format for hyperspectral data and its metadata
was established, using the Hierarchical Data Format (HDF) for optimised data storage,
compression capabilities, and hierarchical structure, suitable for easy data sharing and
self-description. Metadata is stored in JSON format, known for its readability and inter-
operability, and can be easily transformed to the ENVI header file standard, facilitating
import into various HS analysis software.

The thesis also demonstrated verification of the capabilities of the hyperspectral system.
The spectral resolution of the HS camera was verified using a low-pressure sodium-vapour
lamp, confirming its ability to distinguish close spectral lines. The imaging and spectral ca-
pabilities of the HS microscope were characterised by capturing data from a NIST traceable
colour transmission calibration slide. This dataset, coupled with NIST reference spectra,
proved invaluable for validating spectral unmixing algorithms and evaluating the impact
of dimensionality reduction. It demonstrated successful transfer learning/generalisation
of algorithms designed based on reference spectral data to data acquired from a different
instrument.

The thesis also explored the collaboration of machine learning methods and chemometric
algorithms for HS data analysis. Firstly, I successfully applied the HS unmixing algorithms
on Raman spectroscopy data, allowing the identification of pathogens in blood serum with
an accuracy greater than 90% without the need for operator-dependent preprocessing steps.
The thesis further confirmed the effectiveness of DR techniques such as non-negative ma-
trix factorisation and autoencoder neural networks in reducing the high-dimensionality of
HS data while preserving essential information. It was demonstrated that a relatively low
number of dimensions is sufficient for accurate spectrum reconstruction. The designed con-
volutional autoencoder showed superior performance in achieving high compression ratios
with low reconstruction error.

The HS measurement platform and my HS analysis algorithms were also used for proof-
of-concept analysis and identification of marine cyanobacteria strains. Using pure cyanobac-
teria spectra as endmembers for the MCR algorithm, the unmixing process was able to
identify the different types of marine cyanobacteria within mixtures with good results for
balanced and complex mixing ratios, often yielding concentration ratios very close to the
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sample mixing ratios. This application highlights the potential of HS microscopy to under-
stand marine ecosystems and potentially validate remote sensing algorithms.

This doctoral thesis has successfully demonstrated the development of a sophisticated
hyperspectral microscope workstation and associated software for automated data acquisi-
tion and calibration. It has also thoroughly investigated advanced processing techniques,
particularly dimensionality reduction and spectral unmixing, proving their effectiveness for
biological analysis, and successfully meeting the thesis objectives. The successful transfer
of knowledge from reference data to actual HS measurements, and the accurate identifica-
tion and quantification of marine cyanobacteria, underscore the potential of hyperspectral
imaging to transition from a specialised research tool to a practical, routine method in
various scientific and industrial settings.
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List of Abbreviations

AE Autoencoder
AE-CNN Convolutional Autoencoder

AE-FC Fully Connected Autoencoder

ANN Artificial Neural Network

CAD Computer Aided Design

CAS Czech Academy of Sciences

CMOS Complementary Metal-oxide-semiconductor
CNN Convolution Neural Network

DR Dimensionality Reduction

FAIR Findable Accessible Interoperable Reusable
FCLS Fully Constrained Least Squares

FN False Negative

FP False Positive

FTIR Fourier Transform Infrared

FWHM Full Width at Half Maximum

HDF Hierarchical Data Format

HS Hyperspectral

HSI Hyperspectral Image

HSV Hue Saturation Value

IEEE Institute of Electrical and Electronics Engineers
IPF Iterative Polynomial Fitting

ISI Institute of Scientific Instruments
JSON JavaScript Object Notation

KNN K-Nearest Neighbors

MCR Multivariate Curve Resolution

MS Multispectral

NDVI Normalized Difference Vegetation Index
NI National Instruments

o7



NIR Near-infrared

NIST National Institute of Standards and Technology
NMF Non-negative Matrix Factorization

NNLS Non-negative Least Squares

PCA Principal Component Analysis

PLSR Partial Least Squares Regression

PSI Photon Systems Instruments

RCF Rolling Circle Filtering

RGB Red Green Blue

RMSE Root Mean Squared Error

ROI Region(s) of Interest

SAD Spectral Angle Distance

SNR Signal-to-Noise Ratio

STEM Scanning Transmission Electron Microscopy
TN True Negative

TP True positive

UCLS Unconstrained Least Squares

VNIR Visible and Near-infrared

WOS Web of Science
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Supplementary Material

Table S1: Boolean search strings used for the literature review.

Database Boolean search Strings

WOS (AB=(hyperspectral)) AND (AB=(remote sensing))
(AB=(hyperspectral)) AND AB=(microscop*)

IEEE ("Abstract":hyperspectral) AND ("All Metadata":remote sensing)
("Abstract":hyperspectral) AND ("Abstract":microscop*)

Scopus (TITLE-ABS-KEY (hyperspectral) AND TITLE-ABS-KEY (remote AND sensing))
AND (LIMIT-TO(DOCTYPE, "ar"))

(TITLE-ABS-KEY (hyperspectral) AND TITLE-ABS-KEY (microscopx)) AND
(LIMIT-TO(DOCTYPE, "ar")

Pubmed (hyperspectral[Title/Abstract]) AND (remote sensing[Title/Abstract])
(hyperspectral [Title/Abstract]) AND (microscop*[Title/Abstract])

Table S2: Accuracy of microbe identification in blood serum (from the test set), including
uncertainties calculated by the Root Mean Square Error (RMSE). Serum A-E labels serum
spiked with four microbes (C. albicans, E. coli, S. aureus, and S. epidermidis). FCLS la-
bels Fully Constrained Least Squares, NNLS labels Non-Negative Least Squares, and UCLS
labels Unconstrained Least Squares, KNN+IPF labels K-Nearest Neighbors Algorithm ap-
plied to spectra with background removed by Iterative Polynomial Fitting, KNN4+RCF
labels K-Nearest Neighbors Algorithm applied to spectra with background removed by
Rolling Circle Filter. Original result of the author, published in [78].

Spectral Mixture Background Removed
Serum FCLS NNLS UCLS KNN+IPF KNN4+RCF
A 0.919 0.871 0.935 0.919 0.823
B 0.897 0.897 0.845 0.845 0.655
C 0.907 0.741 0.907 0.833 0.685
D 0.927 0.927 0.891 0.909 0.818
E 0.833 0.778 0.778 0.750 0.778
Average 0.897 0.843 0.871 0.851 0.752
RMSE 0.008 0.016 0.013 0.014 0.016

73



22

Table S3: Comparison of PCA,; NMF, and Autoencoder (fully connected AE-FC and Convolutional AE-CNN) algorithms.

PCA NMF AE-FC AE-CNN

Data None Non-negativity Depends on activation Depends on activation

Constraints (non-negative)

Factorization Orthogonal basis Additive parts-based Learning, via back- Back-propagation with
propagation spatial structure

Interpretability Low High Medium (architecture- Medium-High (spatial fea-
dependent) tures)

Optimization Maximize variance Minimize error under non-  Minimize reconstruction Same as AE-FC with spa-

Goal negativity loss tial encoding

Linearity Linear Linear Non-linear Non-linear

Output Linear projection Linear additive Learned latent space Learned latent space

Dimensionality




Table S4: Comparison of pushbroom HS systems, sorted by the spectral resolution A,
with wavelength range B) and number of bands V).

Manufacturer Model Alnm] Bjy[nm] N, Ref
PSI HypCam?2 0.1 350-1100 1370 -

Headwall SIF 0.25  671-780 2134 [133]
PSI VNIR 0.8 350-900 640 [134]
Headwall MV.C 1.75  400-1000 342 [135]
Resonon Pika XC2 1.9 400-1000 447 [136]
HySpex VNIR-3000 N 2 400-1000 300 [137]
Surface Optics ~ 710-E 2.31 400-1000 260 [138]
Resonon Pika UV 2.8 330800 255 [139]
BaySpec OCI-F-HR 3 400-1100 240 [140]
Clyde HSI VNIR-HR 3 400-1000 2048 [141]
HySpex Mjolnir V-1240 3 400-1000 200 [142]
HySpex VNIR-1800 3.26  400-1000 182 [143]
Resonon Pika L 3.3 400-1000 281 [144]
Surface Optics ~ 710-VP 4.69 400-1000 128 [138]
HySpex Baldur V-1024 N 5.5 400-1000 106 [145]
Specim FX10 5.5 400-1000 224 [146]
BaySpec OCLF 6 400-1100 120 [140]
Headwall MV .X 6 400-1000 301 [147]
Clyde HSI VNIR-S 8 400-1000 1024 [148]
Corning microHSI 410 8 400-1000 308 [149]
INNO-SPEC Redeye 1.7 9 950-1700 256 [150]
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connect_hardware(linear, hs_camera, basler, stage)

hs_camera
hs_camera
hs_camera
hs_camera
hs_camera

.cooler(1)

.temperature (TEMPERATURE)
.shutter (SHUTTER_MS * 1000)
.gain(GAIN)

.binning (BINNING)

if START_POSITION !'= {}:

stage

.move_to_coordinates (START_POSITION)

stage_start = stage.get_position()
logging.info(f"Stage arrived to start position {stage_startl}")

daq.illumination(1)

daq.piezo

with File

(preset["piezo_voltage"])

(Path(DIRECTORY) / f"{fnamel}-{NAME}.h5", "w") as file:

logging.debug("Opening HDF file")

linear_basler (linear)

file.create_dataset("preview", data=basler.capture_image())
linear_hs(linear)

file.create_group("hyperspectral")

slit,

bands = hs_camera.shape

dset = file["hyperspectral"].create_dataset(
"data", (bands, slit, FRAMES), # this order generates fast HDF previews
dtype="uint16", chunks=(16, slit, 10), compression="1zf")

camera_cooling_wait(hs_camera, TEMPERATURE)

for frame in range(FRAMES):
dset[..., DIRECTION * frame] = hs_camera.one_frame().T
stage.move_steps(2, step)

stage

stage
white

_end = stage.get_position()

.move_to_coordinates (WHITE_POSITION)

= np.array([hs_camera.one_frame().T for _ in range(CALIBRATION_FRAMES)])

file["hyperspectral"].create_dataset("white", data=white)

daq.illumination(0)

dark = np.array([hs_camera.one_frame().T for

in range(CALIBRATION_FRAMES)])

file["hyperspectral"].create_dataset("dark", data=dark)

file.create_group("spectral_reference")
file["spectral_reference"].create_dataset("peak_wavelength", data=avantes_peaks[0])
file["spectral_reference"].create_dataset("peak_intensity", data=avantes_peaks[1])
logging.info("Wavelength calibration start")

original_x = linear.position["X"]

linear.move_to("X", 3500)

daq.calibration_lamp(1)

hs_camera.shutter(int(le7)) # 10s

avantes_data = np.array([hs_camera.one_frame().T for

in range (CALIBRATION_FRAMES)])

file["spectral_reference"].create_dataset("data", data=avantes_data)
daq.calibration_lamp(0)

avantes_dark = np.array([hs_camera.one_frame().T for

in range (CALIBRATION_FRAMES)])

file["spectral_reference"].create_dataset("dark", data=avantes_dark)

Listing S1: HS microscope measurement script excerpt. The code connects the measure-
ment hardware, sets the parameters, and records the measurement and calibration data
to an HDF file while automatically handling the reconfiguration needed for the capture of
calibration data. For the full code, see [151].
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"description": {
"description": "Microwell plate spectrum measurement",
"sample": "Marine cyanobacteria mixtures",
"acquisition_start": "2025-04-08T10:30:28+02:00",
"acquisition_end": "2025-04-08T10:34:01+02:00"

1,

"camera_hs": {
"model": "ZWO ASI294MM Pro",
"shutter": [100000, "us"],
"gain": [108, "0.1dB"],
"bit_depth": "12bit",
"image_size": [6644, 8288],
"binning": 1,
"cooler_on": true,
"temperature_target": [0, "degC"],
"temperature_current": [0.4, "degC"]

}’
"stage": {
"axes": {
"Xveo1,
"yr: 2
},
"position_start": {
"X": [2990, 0],
"yr: [21260, 0]
}:
"position_end": {
"x": [0, 0],
"y": [0, 0]
},
"step_size": [2.5, "um"],
"microstep_mode": 256
3,
"lens": {
"model": "Nikon Plan Fluor",
"magnification": 4,
"numerical_aperture": 0.13
},

"enviro": {
"temperature": {
"value": 22,
"unit": "C"
},
"humidity": {
"value": 40,

llunitll B lI%ll

},

"pressure": {
"value": 993,
"unit": "hPa"

}’

"timestamp": "2025-04-08T10:34:01+02:00"

Listing S2: HS Microscope generated metadata excerpt.
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Figure S1: Average transmission spectra of individual colour patches of the NIST-TAM-9C-00348 colour calibration slide from the HS
data, the shaded area represents standard deviation of the average spectra.



class Experiment:
def __init__(self, n_components: int = 2, reducer: str = None, unmixing: str = None):
self .timestamp = datetime.now().strftime("%Y-Ym-7d J%H:%M:%S")
self.n_components = n_components
self .reducer_name = reducer
self .unmixing_name = unmixing

def load_data(self, train, test, endmembers_index):
self.train = train
self.test = test
self.endmembers_index = endmembers_index

def set_reducer(self):

if self.reducer_name.upper() == "PCA":
self.reducer = PCA(n_components=se1f.n_components)
self .reducer.is_fitted_ = False
if self.reducer_name.upper() == "NMF":
self.reducer = NMF(n_components=se1f.n_components)
self .reducer.is_fitted_ = False
if self.reducer_name.upper() == "AE":
self._load_autoencoder (f"autoencoder-fc-sad-{self.n_components}d.keras")
if self.reducer_name.upper() == "AE-CNN":

self._load_autoencoder (f"autoencoder-cnn-sad-{self.n_components}d.keras")

def _load_autoencoder(self, name_filter):
try:
ae_model = next(Path(MODELS_DIR/ "autoencoder").rglob(name_filter))
except StopIlteration:
raise FileNotFoundError (f"Autoencoder model {name_filter} not found.")
self.reducer = AutoencoderEstimator (ae_model)

def reduce(self):

# 1f reducer is autoencoder

if self.reducer.is_fitted_:
self.train_reduced = self.reducer.transform(self.train)
self.test_reduced = self.reducer.transform(self.test)

else:
self.train_reduced = self.reducer.fit_transform(self.train)
self.test_reduced = self.reducer.transform(self.test)

def unmix(self):
endmembers_reduced = self.train_reduced[self.endmembers_index]
if self.unmixing_name.upper() == "NNLS":
try:
amap = NNLS(self.test_reduced, endmembers_reduced, maxiter=100000)
except RuntimeError:
print ("NNLS failed to converge.")
self .unmixing name = "NNLS-failed"
amap = -100 * np.ones((self.test_reduced.shape[0], len(endmembers_reduced)))
self.test_reconstructed = np.dot(amap, endmembers_reduced)
if self.unmixing_name.upper() == "MCR":
mcrar = McrAR(tol_increase=10, max_iter=100)
mcrar.fit(self.test_reduced, ST=endmembers_reduced)
self.test_reconstructed = mcrar.D_opt_
self.test_predicted = self.reducer.inverse_transform(self.test_reconstructed)

Listing S3: Python Experiment class excerpt, which allows to specify and combine various
dimensionality reduction techniques (PCA, NMF, AE-FC, AE-CNN) with unmixing algo-
rithms (NNLS, MCR). The class handles data loading, applying the chosen reduction and
unmixing methods, and performance evaluation. For the full code, see [121].
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Figure S2: Average spectra of each of the marine cyanobacteria samples, measured using the HS microscope. Data were calibrated and
smoothed using rolling average with a window size of 15 pixels.



Table S5: Mixing ratios and the predicted concentrations for all samples of marine cyanobacteria mixtures. The data were compressed
using NMF to 3 components, before the MCR unmixing. The accuracy is calculated using the individual predictions performed on all
spectral vectors from single well measurement.

Sample Ratio Predicted Ratio

18

Sample G R Y G R Y Accuracy

1G:1R 0.50 0.50 0.00 0.8229 £0.0018 0.1333 £0.0015 0.0437 £ 0.0004 0.7438 £ 0.0014
1G:1Y 0.50 0.00 0.50 0.794 £0.002 0.0633 +0.0007 0.1425 £ 0.0014 0.7363 £+ 0.0015
1R:1Y 0.00 0.50 0.50 0.1981+0.0007 0.3658 +0.0015 0.4361 £0.0012 0.6851 £ 0.0007
1G:2R 0.33 0.67 0.00 0.668 £0.002 0.2650 +0.0016 0.0671 £ 0.0005 0.7736 £ 0.0015
1G:2Y 0.33 0.00 0.67 0.2188+£0.0011 0.1255+0.0012 0.6557 +0.0013 0.7458 + 0.0019
1R:2G 0.67 0.33 0.00 0.7915+0.0017 0.1269 +0.0013 0.0815 £ 0.0006 0.6441 + 0.0015
1R:2Y 0.00 0.33 0.67 0.337 £0.003 0.2901 +0.0013 0.3734 +£0.0013 0.7099 + 0.0015
1Y:2R 0.00 0.67 0.33 0.2518 £0.0019 0.5641 +0.0015 0.1842 4+ 0.0009 0.7240 £ 0.0017
1Y:2G 0.67 0.00 0.33 0.6853 £0.0019 0.0860 + 0.0008 0.2287 £+ 0.0013 0.8062 + 0.0016
1G:4R 0.20 0.80 0.00 0.7703 £0.0018 0.1834 +0.0015 0.0463 £ 0.0004 0.8018 + 0.0015
1G:4Y 0.20 0.00 0.80 0.2730+£0.0008 0.0757 +0.0010 0.6513 £ 0.0010 0.8525 + 0.0015
1R:4G 0.80 0.20 0.00 0.3996 £ 0.0009 0.2145+0.0007 0.3859 £+ 0.0010 0.6611 + 0.0004
1R:4Y 0.00 0.20 0.80 0.2585+0.0015 0.1900 4+ 0.0009 0.5515 £ 0.0013 0.6827 + 0.0015
1Y:4R 0.00 0.80 0.20 0.1564 +0.0006 0.6037+0.0011 0.2400 £ 0.0011 0.6574 4+ 0.0011
1Y:4G 0.80 0.00 0.20 0.3483 £0.0010 0.1844 +0.0011 0.4673 +£0.0017 0.7365 £ 0.0014
1R:1G:1Y 0.33 0.33 0.33 0.1730 +0.0007 0.2975 4+ 0.0009 0.5295 + 0.0009 0.9703 4+ 0.0008
1G:2R:3Y 0.17 0.33 0.50 0.5562 4+ 0.0017 0.2407 £0.0012 0.2031 +0.0010 0.9434 £ 0.0010
1G:3R:2Y 0.17 0.50 0.33 0.4768 +0.0016 0.3428 +0.0010 0.1804 + 0.0010 0.9235 4+ 0.0011
2G:1R:3Y 0.33 0.17 0.50 0.573 £0.002  0.1127 +£0.0009 0.3148 £0.0015 0.8339 + 0.0017
2G:3R:1Y 0.33 0.50 0.17 0.3139+0.0014 0.4533 +£0.0011 0.2328 £ 0.0009 0.9524 4+ 0.0009
3G:1R:2Y 0.50 0.17 0.33 0.6588 £0.0019 0.0633 +0.0003 0.2778 £ 0.0017 0.7951 £ 0.0019
3G:2R:1Y 0.50 0.33 0.17 0.5909 £ 0.0019 0.2272+0.0011 0.1820 £ 0.0011 0.8884 + 0.0014
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