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ABSTRACT
In many applications there is a need for monitoring via spectral video – for example,
in industrial production‐line inspections and medical procedures. This thesis
concentrates on exploring the potential of a novel technique for spectral acquisition
– i.e., spectral video acquisition. In addition, the thesis suggests the possibility of
applying spectral video to spectral object tracking (i.e., spectral eye tracking). Here,
a seven‐channel spectral video system, the FluxData (FD) model FD 1665‐MS7
(FluxData Inc., USA), was used. First, the FD system’s performance was examined,
and then the system was applied in order to capture spectral videos of a fast‐moving
object: the human eye. Moreover, a novel, first of its kind, publicly available
combined spectral video/spectral image database was created: the SPectral Eye vidEo
Database (SPEED).
In a spectral video, each frame of the video stream contains a spectral image cube.
In this way, spectral video systems capture spatial, spectral, and temporal
information, and combine the advantages of spectral imaging and video capture.
What is of utmost importance for spectral video systems is the ability to compare
frame sequences in order to ascertain whether or not they have similar spectral
content, as well as if the changes in content happen understand and interpret them
correctly. To ensure that the changes do not occur due to noise, reliable
characterization methods are needed. In this study, a set of methods for
characterizing a spectral video camera has been compiled and implemented. The
characterization data collected was then used to calibrate the FD spectral video
system and to prepare this system for practical application.
The unique database, SPEED, which has been created for this project was
motivated by the challenges faced in eye‐tracking, especially under harsh conditions
(such as when eyewear reflections, make‐up, and extreme eye positions interfere).
The FD spectral video system was used to record the human eye during the
performance of observational tasks. In addition, to compile a spectral ground truth,
fifty‐one‐channel spectral images were collected using a Nuance EX (CRi, Inc., USA)
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Liquid Crystal Tunable Filter (LCTF). It is proposed that spectral signatures can be
exploited to create new methodologies for the imaging, training, analysis, and
interpretation of eye‐tracking data, especially in harsh conditions. At the moment,
SPEED consists of 30 fifty‐one‐channel spectral images, 60 seven‐channel spectral
images, and 180 seven‐channel spectral videos of 30 voluntary subjects. The database
continues to grow, and is publicly available to all researchers (e.g., for teaching‐
related needs or creating and testing new methods of dynamic eye analysis via
spectra).
This thesis demonstrates the possibility of using the SPEED database in multiple
novel dynamic computer‐vision applications, such as spectral‐reflectance
information‐based classification and segmentation, reflectance‐based object
detection, illumination‐independent object tracking, and temporal spectral analysis.
In addition to its use in the field of eye tracking, SPEED has the potential to be applied
to many other eye‐related areas of research (e.g., medicine, biometrics, and
eye/vision‐based studies). As the most significant contribution of the thesis, SPEED
provides a platform for creating novel spectral‐data‐based methodologies for the
imaging, training, analysis, and interpretation of spectral video. Moreover, it
provides valuable data for the creation of new spectral‐data‐based enhanced devices,
software, and algorithms for use in all eye‐related research fields.
Universal Decimal Classification: 004.932, 621.397, 681.586.5
Library of Congress Subject Headings (LCSH): Digital video; Spectral imaging; Image
processing — Digital techniques; Detectors; Cameras — Calibration; Computer vision; Eye
tracking; Digital video – Databases.
Keywords: spectral video, sensor characterization, video characterization, spectral image
processing, spectral video processing, eye-tracking, hyperspectral imaging, human eye,
spectral image and spectral video database.
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1 INTRODUCTION
This thesis explores the potential of spectral video acquisition and its application in
spectral object tracking. A seven‐channel spectral video camera (FluxData model FD
1665‐MS7, FluxData, Inc., USA) was charaterized and utilized to capture spectral
videos of a fast‐moving object: the human eye. In addition, a novel, publicly available
combined spectral video/spectral image database was created: the SPectral Eye vidEo
Database (SPEED).
Spectral still camera systems are often too slow to capture spectral images of
dynamic objects at high‐enough frame rates. This constrains such systems to use in
static and controlled applications only. As such, the logical extension of spectral still
imaging is the recording of spectral video. Recent technological advances in optics
and electronics have led to the development of spectral‐video sensors that are able to
capture spectral information at video rates. In a spectral video, each frame of the
video stream contains a spectral image cube. These systems are thus able to capture
spatial, spectral, and temporal information, combining the advantages of spectral
imaging and video capture. Spectral data provides unique spectral signatures that
indicate the inherent properties of materials and allow objects to be located,
identified, and analyzed more easily. Video in general enables surveillance to take
place over time; it can be used in motion detection, the tracking of moving objects,
and computer vision. One would expect, therefore, that spectral video systems could
be applied in novel ways to assist with computer vision — e.g., spectral‐reflectance
information‐based surveillance, illumination‐independent object tracking, and
temporal spectral analysis. This thesis takes a critical approach to this assumption,
aiming to provide an understanding of the importance of, and need for, spectral
video systems in practice.
Numerous research publications in various areas of science and industry
demonstrate the importance of spectral information by replacing conventional
imaging devices with spectral systems in real–life applications – e.g., in medical
imaging, art paintings, industrial‐production line‐quality control, food safety, and
the wood and pulp industry (Haneishi et al., 2000; Fält et al., 2009; Hirvonen et al.,
2014; Feng et al., 2012). Several of these applications also rely on video monitoring.
For instance, the real‐time visualization of spectral images during surgery and the
monitoring of temporal changes in organs and tissues is of great import to surgeons
(Hasnat et al., 2016).
Currently, there are a number of difficulties related to spectral video systems. For
instance, a compromise between spatial, spectral, and temporal resolutions is always
necessary due to hardware limitations (Cao et al., 2011). In addition, increased
resolutions usually result in the creation of a bulky instrument (Feng et al., 2014). In
practice, therefore, spectral video output is still effectively possible only for sensors
with relatively small number of spectral bands. The utilization of a smaller number
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of bands also allows for shorter exposure times, which tend to be suitable and
desirable, where video acquisition is concerned. In this thesis, one such system – the
FluxData (FD) seven‐channel spectral video system – is explored (as described in
more detail in Section 3.2.2). As the FD system is a novel one, which, to the author’s
knowledge, has not been evaluated in the public domain, the first task was to
characterize it in order to understand its performance and shortcomings. For this
reason, the first part of the thesis is devoted to the characterization of the FD system
in relation to both still‐image and video output. The results of this characterization
effort will be discussed in Sections 4.1 and 4.2. Following this step, the FD system
was applied practically to record, analyze, and track the human eye.
The human eye is an organ that provides the sense of sight; up to 80% of all
impressions are perceived via this organ (Kaplan, 2015). Vision is a vitally important
sense as the eyes are active in almost every activity that we perform: working,
reading, writing, driving, communicating, exercising, cooking, and eating, to name
but a few (Land and Hayhoe 2001). By processing the light reflected or emitted from
an object, the eyes facilitate the interpretation of the object’s shape, color, texture, and
dimension. Human beings use this organ to observe and learn about the surrounding
world; arguably, sight is used more than any of the other senses. It is no surprise,
therefore, that the eye is considered such an interesting object to study, observe,
monitor, and analyze. The works summarized in Section 3.3 present details about the
main spectral signatures of the eye region and can be said to motivate spectral
research into applications concerning the human eye. Indeed, researchers in many
fields (including medicine, biometrics and eye‐vision research) have explored the
potential of using spectral imaging systems to measure the activity of the human eye
(see Section 3.4).
All of the aforementioned points have served to inspire the spectral‐video‐based
study performed for this thesis. To the author’s knowledge, the potential of spectral
eye tracking has not yet been investigated; the database offered here – SPEED – is the
first, therefore, to serve such a purpose. SPEED is the first publicly available
combined spectral image/spectral video database to introduce the potential for
spectral video data to track eye features (i.e., the skin, iris, pupil, blood vessels, sclera,
and hair). The database will be introduced in detail in Section 4.3.1 and its potential
will be discussed in Sections 4.3.2, 4.3.3, and 5. SPEED provides a platform for
creating new spectral‐data‐based enhanced devices, software, and algorithms that
could also be used in other eye‐related research areas (e.g., medicine and eye/vision
research).
This thesis is organized as follows: first, in Section 2, the main aims of the study
are explained as are the methods employed to achieve them. Section 3 provides brief
introductions to spectral color theory (Section 3.1), the most typically used spectral
measurement methods (Section 3.2.1), and state‐of‐the‐art spectral video acquisition
(Section 3.2.2). Section 3.2.3 presents the main working principles for the FD system
used in this thesis. This is followed by descriptions of the spectral signatures of the
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human eye (Section 3.3) and state‐of‐the‐art spectral eye research (Section 3.4).
Section 4 offers a summary of contributions to this thesis, as well as a critical
overview of the FD system and its applications in recording the human eye. An
overview of SPEED is provided in Section 4.3. Finally, the main claims and findings
of this thesis are discussed in Section 5.
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2 AIMS OF THE STUDY
The main aim of this study is to research the usability and potential of the FD spectral
video camera in practical applications. Attempts have been made to discover
whether or not there is a practical need for such a system, as well as to identify the
trade‐offs it comes with. Finally, the system was challenged with a fast moving object:
the human eye.
Throughout the thesis the following aims were addressed:
1. To characterize a spectral video system in terms of single frame output
 The characterization was performed in terms of spectral sensitivities,
linearity, spatial uniformity, spatial sensor alignment and noise. In addition
spectral reflectance estimation was evaluated for 400‐700 nm range using
empirical regression methods and the Digital ColorChecker SG and
ColorChecker charts.
2. To characterize a spectral video system in terms of video output
 The characterization was performed in terms of noise, frame
mutuality/correlation, and spectral and color performance. It was executed
in two main parts – monochromatic video analysis and spectral video
analysis. Channel‐wise statistics and spectral analysis via spectral
reflectance estimation were the applied analytic tools.
3. To gather a spectral video database of the human eye
 A novel database consisting of 180 seven‐channel spectral eye motion
videos and 30 still fifty‐one‐channel spectral images of the left eyes of 30
voluntary human subjects was created. Unfavorable conditions, such as
eyewear reflections, extreme angles and make‐up, were also incorporated.
4. To use the gathered spectral color data and analyze the main features of the
human eye while performing an observational task
 The performed spectral image and video analysis reveals six features with
unique spectral signatures: skin, iris, blood vessels, pupil, sclera and hair.
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5. To run preliminary tests with existing computational tools on the collected eye
data for spectral analysis, reflectance‐based object segmentation and multiple eye
feature tracking.
 Seven‐channel spectral data was analyzed over the recorded video
frames for both standard conditions and unfavorable conditions. First
Derivative and Spectral Angle Mapper (SAM) were tested for feature
detection and segmentation.
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3 BACKGROUND
The theoretical background is organized into four main sections. In Section 3.1, the
physical phenomenon of electromagnetic radiation reflected from an object is
discussed and reflectance is defined as a desirable, measurable, physical quantity.
This is followed by an explanation of the main principles of reflectance measurement
in Section 3.2, with special attention being devoted to methods for gathering spectral
video data. In Section 3.3, the meaning of spectral signatures is introduced and a
discussion is commenced about how these signatures vary between different features
in the human eye region – namely, the pupil, the iris, the sclera, blood vessels, hair,
and skin. The chapter closes with Section 3.4, in which the different fields in which
the human eye is already examined spectrally are introduced and the benefits of
using spectral video for eye analysis are highlighted.

3.1 SPECTRAL COLOR THEORY
Human beings refer to what they see via the concept of color. However, there is no
absolute definition of color as such because, ultimately, interpretations of color are
subjective (Ohta and Robertson, 2005; Hardeberg, 2001; Wyszecki and Stiles, 1982;
Kaiser and Boynton, 1996). An interpretation is made in the brain as the result of a
visual sensation that stimulates light‐sensitive cells. One could even think of color as
an illusion. For this reason, it cannot be described reliably and it is not directly
measurable. The visual sensation that forms the illusion of color, however, can be
described and measured. This sensation is termed the “color signal.” Figure 3.1
demonstrates the process of the color signal’s formation schematically. In more
detail, the color signal can be defined as the radiant power of a given magnitude and
spectral composition that enter the eye and produce the sensation of color (Wyszecki
and Stiles, 1982). In other words, color signal is, in fact, colored light that is formed
due to varying amounts of radiant energy for different wavelengths (Hardeberg,
2001). A general term spectrum will be used throughout this thesis for any spectral
distribution that describes how radiation is distributed over the electromagnetic
spectrum. The radiant energy in question is called electromagnetic radiation and it
consists of quanta called photons (Wyszecki and Stiles, 1982). The energy of a photon
is inversely proportional to its wavelength (unit nanometers nm) and the wavelength
defines the range of electromagnetic spectrum. Based on wavelength electromagnetic
radiation can be classified into the following groups (from shortest to longest
wavelength): gamma‐rays, X‐rays, ultraviolet, visible, infrared, microwaves, and
radio waves. However, the human eye is sensitive only to a relatively narrow band
of wavelengths ranging from 380 nm to 780 nm (1 nm = 10−9 m) (Wyszecki and Stiles,
1982). This wavelength band is called the visible spectrum (VIS).
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Figure 3.1 Schematics of color signal formation and acquisition. ( ) corresponds to the
spectral power distribution of the light emitted by the light source, ( ) corresponds to the
spectral reflectance of the object,Φ( ) corresponds to the color signal, and ( ) t
corresponds to the spectral sensitivity of the detector (in order to relate this scheme clearly to
the current thesis, the actual eye from the SPEED database is shown here as the object and
the FD seven-channel system is shown as the detector).

In order to measure a spectrum three main elements are needed: illumination, an
object and a sensor. Illumination provides the electromagnetic radiation initially
needed for a sensory response (human or artificial). Once this radiation hits the
surface of a material spectral interactions between the incoming radiation and the
object's surface material happen. Observing this interaction is a key to finding
spectral signatures that reveal crucial material properties. In general, radiation can
be transmitted, absorbed and reflected. Following Figure 3.1 let’s focus on the
reflected radiation. The reflected radiation here is a color signal that reaches the
sensory system. This signal has a lot of terms in literature. It can be understood as
radiance coming from the surface, irradiance falling on the sensor, luminous flux
falling on the sensor but all of these terms have the same meaning – they refer to the
color signal. In this work color signal will be notated as Φ( , , ). The color signal is
highly dependent on the spectral distribution of the light that illuminated the surface.
More precisely, it is the combination (product) of the illumination spectrum of the
light source and the reflectance spectrum of the object. Reflectance is a true,
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illumination independent property of a material that determines which percentage
of the incoming illumination spectrum will be reflected at each wavelength. Since
spectral reflectance is a characteristic property of an object it allows to investigate the
inherent object properties and it is a desired feature to be measure and explored.
3.1.1 Mathematical model of reflectance measurement
In order to measure reflectance the process of sampling and quantization must be
performed. Also, the reflectance data must be “extracted” from the color signal. The
following section will present the main equations that model these processes.
The components that are included in a system for reflectance measurement are:
the illumination source, the sensor and the object (see Figure 3.1). We denote ( ) as
the spectral distribution of the illumination and ( ) as the spectral sensitivity
detector. If a point ( , ) on the object’s surface has
function of the sensor’s
reflectance ( , ; ), then the signal detected by the sensor from this point can be
mathematically modelled as (Wyszecki and Stiles, 1982):

( , )=

( ) ( , ; ) ( )

+

,

( , )

(3.1)

( , ) represents the dark noise for the sensor’s
where ,
detector.
Equation 3.1 is limited as it does not take into account geometrical effects (i.e.
angles of incident light and observation; specular reflection) and effects such as
fluorescence, polarization, sub‐surface penetration, etc. Even with these limitations
in mind, Equation 3.1 remains very useful as a model for the analysis of the
interaction between light and objects (Hardeberg, 2001).
All of the listed functions are considered to be discrete ‐dimensional vectors
within a certain wavelength range, i.e., ( ), ( , ; ) and ( ), and in practice
become column‐vectors , , ∈ ℝ , respectively. For example, reflectance is
expressed as:

( , )= [ ( , ,

), ( , ,

), … , ( , ,

)]

(3.2)

where T denotes transpose. Now, Equation 3.1 can be written in matrix form, as
follows:

( , )=

(x, y) +

,

( , )

(3.3)

where the vector

=

( )

(3.4)
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which describes the combined spectral effect of the illumination and the
detector.
If the sensor has spectrally unique detectors, one obtains values for a point
( , ). One can now define a vector ∈ ℝ which contains the
detected values
( , ), = 1, . . . , , as follows:

(x, y) =

(x, y) +

(x, y)

(3.5)

where
is a ×
matrix and has the vectors
on its columns, and vector
∈ ℝ contains the measured dark noise values ,
.
From Equation 3.1 it can be noted that the response of the sensor is in fact the
response to the color signal. In order to obtain reflectance from this color signal post‐
processing is needed i.e. flat‐field correction.
If measurements are made from a perfectly reflecting white diffuser sample, for
( , ; ) = 1 within the wavelength range of interest,
which the reflectance is
one gets:

( , )=

+

( , )

(3.6)

Now, the flat‐field correction is done by computing the ratio of the measured
sample spectrum and the white reference spectrum:

( , )=

( , )−
( , )−

( , )
( , )

(3.7)

This operation removes the effect of the illumination from the color signal so that
one can obtain reflectance data and it also removes the effect of the dark noise. If this
operation is performed for every spatial location within the measured frame, then
spatial non‐uniformities that might occur due to the spatial non‐uniformity of the
light source or the detector are also removed. Data obtained in this way is spectral
reflectance factor, a ratio of the reflected light from a specimen to the reflected light
from a perfect reflecting diffuser under identical specified conditions.
In practice flat‐field correction is performed in such a way that consecutive
measurements (point or frame‐based) of a desired object, a perfectly reflecting white
reference plate and a dark reference measurement (with the device closed from any
incoming light) are made under the exact same illumination conditions and device
settings. Then the object measurement is post‐processed following Equation 3.7
( , ) would be the white reference data and
where
( , ) would be the
dark reference data.
Although a perfectly reflecting diffuser is assumed to be a perfect white in
practice it is not. Therefore, to compensate for these imperfections one can introduce
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to the post‐processing the calibrated reflectance of the perfectly reflecting
diffuser,
( , ), as folows:

( , )=

( , )−
( , )−

( , )
∗
( , )

( , )

(3.8)

This calibrated reflectance is usually provided by the manufacturer or if needed
can be measured with a high precision spectral measurement device (i.e.
spectrophotometer).

3.2 SNAPSHOT SPECTRAL VIDEO SYSTEMS
Spectral imaging (or imaging spectrometry) is a growing area of research that aims
to measure three‐dimensional data of the object space (Sellar and Glenn, 2005). As
the use of the word “imaging” in the name suggests, two of the three dimensions (
and ) are spatial dimensions, while the third dimension ( ) is the spectral,
(spectrometry) dimension (see Figure 3.2). Three‐dimensional data formed in this
way is commonly known as a spectral image or a spectral cube. Practically speaking
a spectral cube is a stack of images of the same scene acquired at multiple
wavelengths of light, which are called channels. This method thus allows the spectral
signature to be measured for every point in the scene being imaged.
Despite rapid technological developments, simultaneous capture of all three
dimensions of the spectral cube is still a challenging task. Where practical
applications are concerned, therefore, the majority of spectral‐imaging instruments
rely on some sort of scanning. One must first capture two dimensions at a time and
stack those 2D slices in a sequence. Recently however, several so called snapshot
spectral imaging systems have become commercially available (Hagen and
Kudenov, 2013). The name “snapshot” refers to their capability of capturing the
whole spectral cube in a single detector integration period. These novel systems
remove the need for scanning and enable much faster imaging to take place – in some
cases, even spectral video recording is possible. In this thesis, one such novel system
is presented, analysed, and applied practically: the FD seven‐channel snapshot
spectral video system
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Figure 3.2 Comparison between a) a monochrome image, b) an RGB image and c) a
spectral image. At each spatial location ( , ) monochrome image has one numerical
intensity value only. An RGB image has three intensity values - red, green and blue channels
respectively. A spectral image contains many spectral channels, enabling a more detailed
spectral signature for the point to be acquired.

.
3.2.1 Spectral systems – general overview
Spectral systems can be divided into two large groups: spectral measuring systems
and spectral imaging systems. Spectral measuring systems are used primarily to
quantify the spectral characteristics of objects. They include both spectral measuring
devices (i.e., spectroradiometers [RAD], spectrophotometers, bispectrophotometers)
and filter‐based instruments that directly measure color (i.e., colorimeters) (Sharma,
2003). All of these devices perform point‐based measurements, where the size of the
measurement point depends on the construction of the device and can reach a radius
of few millimeters. The output for such a measurement, therefore, is a value averaged
over the area of the measurement point. Consequently, in practice, these devices can
be used to measure spatially uniform scenes only, one measurement point at a time.
Figure 3.3 below presents one of the typical methods used for spectral point
measurements.
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Figure 3.3. Spectral point measurement system (spectroradiometer). The device measures a
spectrum from a single point on the object. Light enters the device through the objective lens
and disperses into its spectral components via a dispersive element (in this case diffractive
grating). The dispersed light is then collected using a line-detector element.

Spectral imaging systems, on the other hand, acquire both spatial and spectral
information. They record spatial information by sampling the scene using two‐
dimensional electronic sensors (a Charge‐Coupled Device [CCD] or a
Complementary Metal Oxide Semiconductor [CMOS]) and they record spectral
information by capturing images at different wavelengths on the electromagnetic
spectrum. The output is a three‐dimensional image cube of a certain spatial and
spectral resolution. These devices can be used to measure spatially varying spectral
information.
Based on the acquisition principle of the three‐dimensional cube, spectral imaging
systems can be divided further into line‐based and frame‐based systems. Line‐based
systems capture spatial and spectral information one line at a time and require the
inclusion of a moving stage in order to record the whole scene line by line. As such,
the spatial scanning and stacking of the scanned lines are required in order to form
the spectral cube. Figure 3.4 below displays one of the typical methods used for
spectral line measurements.
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Figure 3.4 Line measuring spectral system (Line-Scan [LS]). This system records all the
spectra from a single line on the object. Light enters the device through the objective lens. It
is guided through a narrow slit and dispersed into its spectral components by a prism-gratingprism component. The dispersed light is then collected using a two-dimensional detector
element.

Frame‐based systems can be used to capture the whole scene and make the spatial
acquisition process much faster. However, with the majority of available frame‐based
systems, spectral scanning is still required. Thus, we can divide the frame‐based
systems into scanning frame‐based spectral imaging systems and snapshot spectral
imaging systems. The former perform spectral scanning by consecutively
transmitting the image through a number of color filters with different spectral
transmittances. They can be band‐pass filters (i.e., acousto–optic tunable filters,
abbreviated AOTF – see Morris et al., 1994) or tunable filters (i.e., liquid crystal
tunable filters, abbreviated LCTF – see Hardeberg et al., 2002). Scanning devices can
have high spectral resolutions (tens and hundreds of bands) but the scanning process
limits the application of these systems to static scenes – and therefore single frame
acquisitions. Figure 3.5 demonstrates the LCTF method utilized for frame‐based
spectral scanning measurement.
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Figure 3.5. Frame-based spectral imaging system (LCTF). LCTF is comprised of several
cascaded stages. The dashed line section shows an enlarged diagram of an individual stage
of LCTF. The principle of operation is based on liquid crystal elements and retardation in
phase of light rays to pass certain wavelengths of light. Liquid crystals are electronically
controllable band–pass filters that can be tuned to a desired wavelength via the rotation of
the crystals’ axes when a voltage is applied. Polarizer elements ensure that only the
wavelengths that are in phase are transmitted to the next stage. This allows for the capturing
of full-frames one particular central wavelength at a time.

Unlike scanning, snapshot spectral imaging systems collect both spatial and
spectral data during a single detector integration time. In the existing literature, 13
different snapshot spectral imaging techniques have been reported (Hagen and
Kudenov, 2013). In some, the system can even allow for spectral video capture. One
such system will be presented in more detail in Section 3.2.3, and will be analyzed
and applied practically throughout the thesis.
Of those 13 existing techniques, two will be introduced here, as the system used
in this thesis is, in fact, based on a combination of these two principles. The two
principles in question are beamsplitting and color filter array (CFA) (McDuff et al.,
2014; Monno et al., 2014; Losson et al., 2010). The working principle of beamsplitting
is based on the separation of light into a certain number of spectral bands and the
simultaneous detection of each band with an independent sensor (see Figure 3.6a).
Even though scanning is avoided in this way, the trade‐off that these systems face
relates to the spectral resolution, as beamsplitter designs can allow for the separation
of approximately six bands maximum. Moreover, it is not easy to split the light into
more than four bands without compromising the system’s performance (Hagen and
Kudenov, 2013). A CFA is a filter mosaic created by placing color filters over the
individual pixels of a sensor in a certain pattern in order to capture multiple bands
simultaneously (see Figure 3.6b). In post‐processing, this method requires
demosaicing and results, therefore, in a loss of true spatial resolution for some
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channels. Despite the spatial loss, this is a very popular technology in consumer
cameras. The most widely used mosaic is the Bayer mosaic (see Figure 3.6b) (Losson
et al., 2010). This type of system is not considered to be a spectral snapshot system in
itself as it captures very sparse spectral information via three channels only (red,
green, and blue). When combined with additional external filters or computational
methods of spectrum estimation, however, it can become one. Recent research has
even led to the development of multispectral filter arrays that will allow for the
simultaneous capture of more than three channels (Shinoda et al., 2015).

Figure 3.6 Schematics of two snapshot spectral imaging technologies: a) beamsplitting and
b) CFA. Beamsplitting uses cemented cubes with filters placed between the inner surfaces.
When light reaches an inner surface it is split into two directions. Thanks to the filter, only a
specific spectral composition can travel in each direction until it reaches the sensor. Each
split component is detected via an independent sensor. CFA on the other hand places color
filters on individual sensor elements in a certain pattern that is called a mosaic. The most
commonly used mosaic is the Bayer filter mosaic. Each pixel is filtered to record one of RGB
colors. In order to obtain the missing two colors interpolation is needed. This process is
called demosaicing.

As spectral still camera systems are often too slow to capture spectral images from
dynamic objects, there is an evolutionary need for the extension of spectral imaging
to the recording of spectral video. Nowadays, such system creation is a hot topic as
spectral video acquisition with high spectral resolution is still a challenging task.
When using the systems that are available for spectral video recording, a trade‐off
must be made in terms of spatial, spectral, and temporal resolutions, as well as
physical size and complexity.
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3.2.2 Spectral video systems – state-of-the-art
The beginnings of spectral imaging can be traced back to the early nineteenth
century, when spectral imaging systems were developed mostly for use in astronomy
(Hagen and Kudenov, 2013). Similarly, the roots of spectral video could be found in
this era. Astronomers at the time faced problems with the devices that were available
due to motion artifacts and poor light‐collection efficiency, and so they began to look
at non‐scanning techniques for spectral image capture. Image slicing (Bowen, 1938),
fiber reformatting (Vanderriest, 1980; Kapany, 2004), and lenslet‐based pupil array
dispersion (Lee, 2001) emerged as the first three techniques for doing exactly that.
They were given the name snapshot spectral imagers as they are able to acquire a full
spectral cube within a single detector integration time period. With the growth of
airborne remote sensing, the use of spectral imaging expanded from astronomy to
include agricultural assessment and management (Everitt, 1991). Additionally, after
the launch of Landsat in 1972, field‐portable spectral imaging systems started to be
created in order to support the calibration of the satellite. This led to the realization
that new approaches for system design are still needed to decrease scanning artifacts
even further. One of these approaches involved the usage of beamsplitting elements
(Stoffels, 1978) and multiple‐camera capture systems. These were the first attempts
to acquire videos with more than three spectral channels. Unfortunately, at the time,
the technology could not accommodate more than four channels (King and Vlcek,
1990; Everitt et al., 1991; Phinn et al., 1996). As computers advanced, however, the
option of computational sensing became feasible and new approaches to
reconstruction‐based imaging techniques were developed using computed
tomographic imaging spectrometry (CTIS) (Descour and Dereniak, 1995). Toward
the end of the nineteenth century and during the first decade of the twentieth
century, the field of snapshot spectral imaging came to include a vast amount of
novel acquisition technologies (Hagen and Kudenov, 2013): Multiple Filtered
Camera, Tunable Echelle Imager, Spectrally Resolving Decatur Arrays, Image‐
Replicating Imaging Spectrometer, Coded Aperture Snapshot Spectral Imagers
(CASSI), Image Mapping Spectrometry, Snapshot Hyperspectral Imaging Fourier
Transform Spectrometer and Multispectral Saganc Interferometer. One of the reasons
why such a large variety of techniques emerged was the need to overcome the same
obstacles that the astronomers faced: motion artifacts and poor light throughput.
Some of the snapshot technologies mentioned above have been adopted for use
in spectral video systems. Recent applications of spectral video have involved the use
of Lenslet Arrays (Bodkin et al., 2009), CTIS (Descour and Dereniak, 1995), CASSI
(Wagadarikar et al., 2009), and beamsplitting (Publication II). Other approaches
have also been taken involving hybrid systems (Du et al., 2009; Cao et al., 2011a; Ma
et al., 2014; Cao et al., 2011b; Feng et al., 2014) and systems that employ spectral
reflectance estimation (Morovič and Haneishi, 2006; Hasnat et al, 2016).
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CTIS and CASSI are methods that treat multispectral imaging as a reconstruction
problem. In the 1990s, Descour and Dereniak (1995) presented an improved design
for a visible‐spectrum CTIS (470–770 nm). In order to capture multispectral frames at
video rates, CTIS uses diffraction gratings to generate multiple, spectrally dispersed
projections of the scene on the camera sensor in a single shot. These projections are
then reconstructed into the final 3D datacube. Since then, there has been significant
progress in the use of CTIS. In 2001 the first high‐resolution CTIS became available,
providing a 203 × 203 × 55 datacube on a 2048 × 2048 CCD camera. In 2005, successful
demonstrations of this system’s reflective design were made (Hagen and Kudenov,
2013). There are still many remaining problems, however, regarding the
computational complexity of CTIS, as well as limitations related to calibration
difficulties and measurement artifacts. For these reasons, CTIS can be used only in
very simple scenes, as reported in the literature (Hagen and Kudenov, 2008).
CASSI was the first attempt to use compressive sensing theory within snapshot
spectral imaging (Hagen and Kudenov, 2013). In the last decade, Wagadarikar et al.
(2009) have used CASSI for the spectral imaging of a dynamic scene at video rate, as
demonstrated with a video of lit candles. The spectral range of the system was
450−650 nm, with 33 acquisition channels and a 30 fps video rate. The problem is that,
although CASSI provides a high spectral and temporal resolution, the spatial
resolution is low, at just 256×280 pixels.
Other types of system that can achieve high temporal resolutions have also been
presented. Bodkin et al. (2009) present the HyperPixel Array™ (HPA) Imager that
works on the principle of a pinhole or lenslet array and acquires a 20‐channel
datacube using up to a 30 fps video rate. The spatial resolution is recorded, however,
as 180x180 pixels only. Park et al. (2007) have developed a system that captures a six‐
channel video at 30 fps via multiplexed coded illumination. The drawback of this
system is that it cannot be used effectively outside of the laboratory as it is limited by
the need for controlled lighting. In Du et al. (2009) and Cao et al.’s (2011b) work, a
prism‐mask multispectral video system (PMVIS) is demonstrated. This system
samples the light coming from a scene using an occlusion mask, then disperses it into
its constituent spectra via a triangular prism, before capturing the data with a
monochrome camera. Here, due to the occlusion mask, a decent spatial resolution is
exchanged for gain in spectral resolution. In one way or another, every system seems
to face challenges.
In order to combat trade‐offs where spatial, spectral, and temporal resolutions are
concerned, researchers have begun to develop hybrid system solutions (Cao et al.,
2011a; Ma et al., 2014; Feng et al., 2014). Cao et al. (2011a) and Ma et al. (2014) present
one such example, in which a high‐spatial‐resolution RGB video camera is added to
an earlier presented PMVIS system. As PMVIS sacrifices spatial resolution for
spectral resolution, the addition of the RGB camera compensates for the loss. The two
camera systems are exposed simultaneously by the incorporation of a mirror into the
system apparatus. The frames from the two cameras are aligned so that each scene
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point that is measured by the multispectral camera has a corresponding RGB pixel.
However, optical distortions caused by the prism and blur caused by the occlusion
mask were identified as drawbacks, and so the system was improved by Feng et al.
(2014), who added an objective lens and an AMICI prism element (AHVIS). In this
way, the system can capture objects at far‐off distances with improved light
throughput and less optical distortion. One limitation that remains, though, is the
fixed nature of the sampling points on the occlusion mask, which leads to both a lack
of flexibility and data loss, in addition to the problem of the system’s bulky size.
In practical applications, one can find even more diverse spectral video systems.
As early as 2005, Iwama et al. (2005) presented a real‐time multispectral and
multiprimary video system that was later applied to telemedicine, digital archives,
electronic commerce, and computer graphics by Yamaguchi et al. (2006a, 2006b). The
system was composed of a six‐channel HDTV camera system and six‐primary
display system. The camera system consisted of two conventional three‐CCD
cameras, with special color filters placed in front of each. The incoming light was
divided into two optical paths by a half mirror in order to expose the two cameras
simultaneously. In this way, a six‐channel video can be acquired. Also, the display
system used was a six primary DLP display. It was shown that more accurate colors
can be reproduced with a multispectral, multiprimary video system than with a
conventional HDTV system due to the higher fidelity and wider color‐gamut
reproduction. The main drawbacks to this system are its bulky size and the
complicated operational principles involved. In addition, as these studies were
focused on color reproduction, only six channels in the visible range were captured.
Recently, spectral video systems have been applied in the field of endoscopy
(Leitner et al., 2013; Arnold et al., 2013; Hohmann et al., 2011; Hohmann et al., 2016),
with researchers taking advantage of the development of fast spectral scanning
techniques. Leitner et al., (2013) use an AOTF to achieve switching times below 1 ms,
thus making it possible to acquire an eight‐channel, five fps video for the detection
of cancerous tissue. In Arnold et al.’s (2013) study, full spatial resolution (1002x1004
pixels) and 10‐channel videos have been achieved but with four fps only. Hohmann
et al. (2016) have even attempted to modify an endoscope’s light‐source unit to make
it capable of using six wavelength bands. The resolution in this system is
approximately 350x370 pixels (also limited by the normal resolution of the traditional
endoscope).
Other aspect to be considered when acquiring a spectral video is the data size.
First attempts to compress temporal sequences of spectral images were done in early
2000 (Koponen et al., 2000). At a time the spectral image sequence was generated
from a computer animation in RGB format and then converted to spectral images as
direct acquisition of spectral video was not possible. The work highlighted the need
to separately perform compression in both spatial and spectral dimensions exploring
the potential of motion estimation and Principal Component Analysis.
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As these trade‐offs regarding spatial, spectral, and temporal resolutions seem to
be persistent and inevitable, some researchers have proposed solutions that rely on
computational spectrum estimations, rather than proposing device‐oriented
solutions. Such approaches usually use simple acquisition systems to acquire data
with high temporal and spatial resolutions, and apply spectral reflectance‐estimation
algorithms in post‐processing in order to gain a higher spectral resolution. Morovič
and Haneishi (2006) utilize a six‐channel video camera to test the performance of
multiple known techniques for estimating the reflectance from device response. They
conclude that multiple factors influence the choice of reflectance estimation
algorithm for spectral videos, such as computational, noise, and accuracy
requirements. Recently, Hasnat et al. (2016) have reported on a framework for
generating spectral video using an RGB video only. They apply this technique using
neurosurgical operational microscope RGB videos. The paper discusses the
importance of selecting an appropriate training set for the estimation algorithms and
the need for a compromise between the frame rate and the speed of estimation when
generating a near‐real‐time spectral video.
Table 1 summarizes the preferences for the spectral systems mentioned above in
sections 3.2.1 and 3.2.2. This table offers a review so that the trade‐offs discussed
above can be overviewed. This data can be considered valuable for making decisions
about the applications for which a system could be suitable. Moreover, where this
thesis is concerned, the information enables a basic comparison to be made between
the FD system utilized in this study and other state‐of‐the‐art spectral systems. The
following section describes the FD system in detail and reflects on the data in Table
3.1.
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Table 3.1. Summary of the state-of-the-art spectral acquisition systems

System

Reference

RAD

Photo Research,

LS

Specim

Wavelength
Range [nm]

Number
of
Channels

Acquisition
Mode

380 - 780

201

point-based

380 - 1000

240

line-based

Frame
Rate
[fps]

point
Inc. 1999

frame –
based
spectral
scan
frame –
based
spectral
scan

(1/8° - 2°
area)

NA

1032 per
line

NA

1024 x
1392

NA

1Mpx

5

LCTF

Publication II

450 - 950

51

AOTF

Leitner et al.,

400 - 650

8

CTIS

Kudenov, 2013;

VIS

~50

snapshot
CTIS

~ 203 x
203

~ 15

450 - 650

33

snapshot
CASSI

256 x 280

30

420 - 670

~20

snapshot
lenslet

~ 180 x
180

30

VIS

6

snapshot
beamsplit

HDTV

NA

400 - 1000

depends on fo-

snapshot
PMVIS

~ 121 x 98

~12

snapshot
hybrid

1024 x 768

30

snapshot
CFA

720×576

25

snapshot
beamsplit
CFA

1040 x
1392

30

2013

Hagen and
Ford et al, 1999

SNAPSHOT

Spatial
Resolution
[px]

CASSI

Wagadarikar et

HPA

Bodkin et al.,

6-band
HDTV

al., 2009

2009

Yamaguchi et al.,
2006a

~ 100
PMVIS

Cao et al, 2011b

cal length

AHVIS

Feng et al., 2014

400 - 800

80

RGB

Hasnat et al.,

VIS

via estimation

FD

2016

Publication II

3
up to 31

380 - 1000

7

mask dependent
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3.2.3 Seven-channel snapshot spectral video system FluxData 1665-MS7
Scanning based spectral imaging devices due to either wavelength scanning or
spatial scanning are not able to record a spectral video of dynamic targets. First
attempts of using fast scanning AOTF were only recently reported in the field of
endoscopy (Leitner et al., 2013) however, the achieved frame rates are still low.
Snapshot spectral imaging devices, on the other hand, are able to achieve higher
frame rates, however it comes with either lower spatial or spectral resolution. Some
solutions for providing spectral video systems with high spatial, spectral, and
temporal resolutions have been proposed by Ma et al. (2014) but the complexity of
these systems is still a limitation, as is their bulkiness. All the methods mentioned
above shows how the field of spectral video still faces challenges and must trade‐off
spatial, spectra and temporal resolution, and systems tend to be complex and large.
There is plenty of room for improvement, therefore, including the development of
new hardware, software, analysis methods, and practical applications. In this thesis,
one kind of a commercially available snapshot spectral video system is analyzed and
applied. The system preferences seem promising: optical elements facilitate fast
video acquisition, and its compactness and size ease its usage and application. This
section presents the snapshot spectral video system in question, FluxData (FD) 1665‐
MS7, giving an overview of it pros and cons. Table 3.2 summarizes the system
specifications.
Table 3.2. Device specification of FluxData 1665-MS7 (FluxData, 2011)
Image device
Number of image devices
Number of channels
Sensor size

Sony ICX285 – Basler scA1400 – 30gm/gc
3 (2 Bayer BG color and 1 monochrome)
7
1040 x 1392 px (Pixel Size: 6.45 x 6.45 μm)

Bit depth

12-bit

Frame rate

30 f/s

Wavelength range
Lens
Output
Size
Weight

380 – 1000 nm
Carl Zeiss Planar 1,4/50 ZF-IR
image and video
9.1 x 11.7 x 11.2 cm
1.25 kg (without lens)

The system was custom‐made in such a way that it provides a seven‐channel
capture with six VIS channels and one NIR channel. This seven‐channel capture is
achieved by employing a beamsplitting dichroic prism element and three CCD
sensors, of which two are CFA sensors. Simultaneous exposure of the three sensors
allows for spectral video recording at a speed of up to 30 fps.
The FD system uses the idea of splitting the light via a dichroic prism assembly,
yet controlling the spectrum with interference filters that are coupled between the
prism elements (see Fig. 3.7). These elements are placed at the core of the system to
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split the light three ways. One CCD sensor is placed at each of the three sides of the
prism element. In order to describe the working principle of the device, we shall refer
to Figure 3.7. Let us assume the incoming radiance is an ideal, flat, equi‐energy
spectrum. After passing through the lens system, the light hits a low‐pass filter
located at the first inner surface of the prism element. This filter allows all of the
wavelengths lower than 750 nm to pass through; wavelengths of 750 nm and
upwards are directed to the bottom sensor (marked as CCD 3 in Figure 3.7). The
sensor is a monochromatic sensor and, as such, measures only the near‐infrared part
of the incoming spectrum. The transmitted light continues to travel inside the prism
until it hits the second inner surface. This surface contains a band‐pass filter, with
one band for wavelengths of 470 – 540 nm and one band for wavelengths of 620–730
nm. The light that passes through here is directed to the middle sensor (marked as
CCD 2 in Figure 3.7). The remaining two bands (380–460 nm and 530–610 nm) are
directed to the top sensor (marked as CCD 1 in Figure 3.7). It should be noted that
the values mentioned are ideal theoretical values; the real filters do not have such
sharp cut‐offs for wavelengths.

Figure 3.7. Schematics of FluxData 1665-MS7, showing its working principle.

CCD 1 and CCD 2 are color sensors of the same kind. They contain red (R), green
(G), and blue (B) filters, which are organized in a Bayer pattern (Basler scA1400 ‐
30gc) (Basler 2017a). CCD 3 is a monochromatic sensor with the sensitivity of a
standard silicon sensor (Basler, 2017b). Unlike other visible sensors this sensor does
not have a NIR cut‐off filter making it suitable for capturing NIR information. The
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final shape of the sensitivities of the seven channels, therefore, can be understood as
a combination of the filters used in the dichroic prism, the filters used for the Bayer
pattern, and the sensitivity of the silicon sensor. The procedure for measuring the
sensitivities and their shape is reported in Publication I and will be discussed in
Section 4.1.1. Throughout this thesis, the sensors utilized will be referred to using the
notation given in Figure 3.7. The channels will be referred to by letter and number
notation, where the letter suggests the part of the spectrum to which the channel is
sensitive (R, G, and B) and the number suggests to which of the two color sensors the
channel belongs. The third sensor is sensitive to near‐infrared light only, and the
channel that belongs to it will be referred to as NIR.
The sensors have individual Ethernet connections, facilitating the separate,
sensor‐wise adjustment of exposure times. This feature might seem handy at first; in
its practical application, however, it is also a limitation, in a way. As the color sensors
host three different spectral bands with different levels of sensitivity, the bands must
share the exposure time that is inherent in the sensor to which they belong. In this
case, sensor‐wise exposure‐time control does not imply channel‐wise exposure‐time
control, which would be more desirable, in terms of maximizing the dynamics of
every channel. Additionally, sensor‐wise exposure‐time control limits the selection
of light sources available for recording with the FD system – for example, if an
incandescent light source is used, the short wavelength channels will receive a very
small amount of light, while the long wavelength channels will receive too much. As
a solution, one can use “daylight‐like” sources that emit equal amounts of light for
every wavelength, or one can design one’s own light source to custom‐emit light to
suits the FD system best. Another limitation of sensor‐wise exposure‐time control is
reflected in the temporal content of the recorded video. If the separate sensors had
different exposure times during video recording, each of them would capture slightly
different content, temporally speaking, which would lead to spatially different
content as well. Such a result would affect the pixel‐wise accuracy of the recorded
spectra, leading to the need for additional post‐processing for every frame in order
to match the content.
When working with FD one must take into account size of the output data. One
seven‐channel image is about 20 MB in size, which means that one five second seven‐
channel video can be as large as 3 GB, depending on the used frame rate. For off‐line
uses of FD, this is not a big limitation; however, in on‐line applications, it poses
operational challenges.
Noise in the system – especially during video acquisition – is also an aspect that
must be investigated. Both Publications I and II report the results of noise analysis,
and will be discussed in Section 4.2.2.
Table 3.1 allows for a simple comparison of the FD system to be made with
existing state‐of‐the‐art spectral imaging and video systems. Compared with
scanning spectral imaging systems, the FD system provides coarser spectral
sampling. However, the 30 fps video output enables the acquisition of spectral
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information for dynamic targets, which, in general, is not yet possible with scanning
spectral imaging systems. In contrast with some other snapshot video systems, the
FD system trades spectral resolution for gains in spatial and temporal resolution. On
the plus side, the system is compact in size, and can be used for both VIS and NIR
information capture. Also, if needed, one could estimate denser spectra in
computational post‐processing via reflectance factor estimation.
The overview given above of the main features of the FD system provide the
motivation for examining the model in more detail. In this thesis, three publications
are presented, in which the FD system is studied in more detail. Two of these
publications explore the behavior of the system, while the third publication tests its
applicability for recording and analyzing a dynamic object – i.e., the human eye.
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3.3 SPECTRA OF THE HUMAN EYE REGION

In this thesis, the key focus is on the dynamic spectral measurement and analysis of
the external features of the human eye region – i.e., the skin, the iris, blood vessels,
the pupil, the sclera, and hair. In order to understand the spectral signatures of these
features, both the internal and external structures must be examined, as well as their
interactions with light. In this section of the thesis, Figure 3.8 is the core reference
point for the graphical representation of the cross section of the right eye and its
internal structure (Figure 3.8a), the external structure of the eye (Figure 3.8b), and an
example of the reflectance spectra for the six external features, as measured in SPEED
(Figure 3.8c).

Figure 3.8. a) Internal features of the human eye; b) External features of the human eye – an
RGB image generated from the LCTF 51-channel spectral cube; c) An example of the
reflectance spectra for the six external features measured in SPEED (EID31 LCTF 51channel data in the 450–950 nm range, with 10nm sampling). The representative spectra
have, on average, a 10x10 pixel area.
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Light enters the eye through the cornea. The cornea is a transparent refractive
element that transmits over 99% of visible light (refractive index of n = 1.376 at 555
nm) (Edelhauser and Ubels, 2003; Liou and Brennan, 1997). Its role is to bend light
rays towards the pupil. It transmits radiation from 300 nm in ultraviolet light to 2500
nm in infrared, with typical water‐absorption peaks at 1430 and 1950 nm (Boettner
and Wolter, 1962). From 300 nm, transmittance increases rapidly, reaching about 80%
at 380 nm; from 500–1300 nm, it is greater than 90%. While most of the light enters
the eye, a small part reflects back into the environment due to the convex surface of
the cornea, which acts as a mirror. Images formed in this reflection are called Purkinje
images (Jóźwik et al., 2014).
After passing the cornea, light passes through a chamber filled with a transparent
liquid called the aqueous humor (n = 1.336, Liou and Brennan, 1997). The aqueous
humor has a high water content (about 98%) and its optical and mechanical
properties are a result of the specific organization of collagen fibers within the liquid
(Vecino and Sharma, 2011). It begins transmitting at 220 nm in ultraviolet light, with
a strong absorption band at 265 nm, and continues transmitting at up to 2400 nm in
infrared (Boettner and Wolter, 1962). In the visible region, transmittance is high,
being slightly less than that in an equal thickness of water, and having absorption
peaks at 980, 1200, 1430, and 1950 nm.
Before entering the eye, light is focused by the elastic crystalline lens (n = 1.408,
Uhlhorn et al., 2008). Its transmission starts in ultraviolet and continues to 1900 in
infrared, with the usual water‐absorption bands (980, 1200 and 1430 nm). Both the
starting point and the amount of transmission in ultraviolet and in short wavelength
VIS vary with the age of the eye. In a young eye, transmission begins increasing
rapidly at about 390 nm and reaches 90% at 450 nm, while in a 63‐year‐old lens,
although transmission begins at 400 nm, it does not reach 90% until 540 nm (Boettner
and Wolter, 1962).
Inside the eye, light travels through a transparent gelatinous substance called the
vitreous humor (n = 1.336, Liou and Brennan, 1997). It is over 99% water, and contains
small amounts of collagen fibrils, hyaluronic acid, and glucose (Lund‐Andersen and
Sander, 2003). The vitreous humor transmits from 300 nm in ultraviolet light, and no
transmittance is noted beyond 1400 nm in infrared, There are strong water‐
absorption bands at 980 and 1200nm (Boettner and Wolter, 1962).
The final surface that light hits inside the eye is called the ocular fundus, which
contains the retina – the layer containing photosensitive cells, rods, and cones, which
absorb the light and convert it into nerve impulses, thus facilitating image formation.
There is a layer of blood vessels and connective tissue lying over the retina called the
choroid. There is also a third layer, the sclera, which is the so‐called “white” of the eye.
The function of the sclera is more protective than optical (Meek, 2008). The sclera
surrounds the eye ball, apart from at the very front where it connects to the cornea at
the limbus. Unlike the cornea, which is transparent, the sclera is totally opaque, which
is due to the much‐more interwoven collagen and elastic fiber within this layer, as
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well as the much wider fibrils that are present. The magenta line in Figure 3.8c
indicates the measured spectra for the sclera in SPEED. The sclera exhibits the highest
reflectance of all the features in the VIS part of the spectrum, while in NIR, its
reflectance becomes lower due to the water content.
The anterior part of the sclera contains the blood vessels that supply the iris and
sclera. This network of vessels consists of arterial (red lines in Figure 3.8a) and venous
(blue lines in Figure 3.8a) vessels. Spectrally speaking, arterial and venous blood
differ from one another due to differences in oxygen content. Chromophores are the
chemical compounds that determine the spectral shape of tissue. Hemoglobin, the
main chromophore in blood, can be oxygenated or deoxygenated, depending on
whether it is observed in arterial blood or in venous blood. Oxyhemoglobin’s spectral
signature exhibits absorption maxima at 415, 542, and 577 nm, while
deoxyhemoglobin exhibits absorption maxima at 430, 555 and 760 nm (Zonios et al.,
2001). This creates a very characteristic “W” shape in the spectrum of the blood,
which is also recognizable in the spectrum of other blood‐containing features in the
eye region – e.g., the skin.
The last two anterior features of the eye are the iris and the pupil. The iris is a radial
muscle structure that adaptively adjusts the size of the pupil and thus controls the
amount of light that can reach the bottom of the eye. The iris is usually strongly
pigmented with melanin. This chromophore contains two distinct heterogeneous
macromolecules: the dark‐brown eumelanin and the reddish‐yellow pheomelanin
(Hosseini et al., 2010). Eumelanin has a slightly higher absorbance than
phaeomelanin, but both decrease exponentially with the wavelength, and become
very low in the NIR region – especially after 750 nm (Anderson and Parrish, 1981;
Hosseini et al., 2010). The ratio of the two melanins varies in different features and
has been shown to have an impact on the appearance of the eye (Thody et al., 1991).
Darkly pigmented irises have been found to contain higher amounts of eumelanin
and higher eumelanin/phaeomelanin ratios than light‐colored irises (Medina et al.,
2011). Keratin, carotene, bilirubin, lycopenic acid, and licorice are secondary factors
that affect the overall appearance of the iris (Anderson and Parrish, 1981).
Melanin also contributes to the spectral signatures of skin (Angelopoulo et al.,
2001) and hair (Cesarini, 1990). In the eye region, hair is found in the form of eyelashes
and eyebrows. Eyelashes grow at the edges of the eyelid, protecting the eye from
objects that might enter. Eyebrows grow above the eye to prevent sweat, water, and
other debris from falling into the eye.
The pupil is a hole in the center of the iris that allows light to enter the eye. It
appears to be black because of the absorption of light by tissues inside and within the
eye.
The eye is surrounded by skin. The most common chromophores in skin are
hemoglobin and melanin. In addition, water is an element that contributes to the
spectral shape of skin (and of other features as well). The spatial distribution of these
chromophores determines the appearance of skin. Eumelanin plays a fundamental
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role here, in terms of appearance and photoprotection. It is found in the top layer of
the skin (the epidermis). Hemoglobin is found in the bottom layer (the vascular
network of the dermis). These chromophores create a typical spectral signature for
skin with a persistent “W” pattern at around 560 nm (Angelopoulo et al., 2001). In
the NIR part of the spectrum the spectrum of skin is determined by both
chromophores and water content.
This overview demonstrates that there are six main spectrally different features
in the eye region: the pupil, the iris, the sclera, blood vessels, skin (eyelids and the
area around the eye), and hair (eyelashes and eyebrows). These features contain
light‐absorbing chemical compounds called chromophores, which contribute to the
spectral signature of each feature. The most significant chromophores here are
melanin, hemoglobin, and water. The spectral measurement of these features is
presented in Publication III. A more detailed analysis of the measured spectra is
given in Section 4.3. These signatures have been exploited for many applications,
facilitating the detection, differentiation, segmentation and analysis of human eyes.
The following section will describe them state‐of‐the‐art research areas in which
spectral imaging techniques have already been implemented in applications
involving the human eye. Furthermore, the section will introduce the potential to
implement spectral analysis in a new field: eye tracking.

3.4 SPECTRAL EYE RESEARCH – STATE OF THE ART
In many fields, researchers have explored the notion of using spectral imaging
systems to measure the human eye. Vilaseca et al. (2008) present a six‐ and seven‐
channel multispectral system for measuring the reflectance and color of the human
iris. Their work indicates the feasibility of the spectral characterization of the iris, as
well as suggesting its potential use in applications such as prosthesis and contact‐
lens manufacturing. Medina et al. (2011) demonstrate how 20‐channel spectral
imaging can be used to characterize melanin and noninvasively diagnose ocular
diseases. In the field of biometrics, extensive research has been conducted into
enriching iris‐image databases with spectral information. As Zhang et al. al. (2015)
mention, existing iris‐recognition systems operate predominantly in a single band of
the NIR spectrum, using mostly narrow wavelength bands that peak at around 850
nm, which limits their use. The publicly available databases BATH, CASIA, ICE2005,
ICE2006, MMU, and WVU, which are used for biometric purposes, all contain NIR
images only. In addition, the UPOL and UBIRIS databases contain VIS images only
(Proenca et al., 2010). Only the UTIRIS database collects both VIS and NIR images
(Hossein et al, 2010). While the majority of researchers focus on interpreting the NIR
patterns of the iris, studies have shown that important information is also contained
in the complex textures that are formed from pigments (Hosseini et al., 2010).
The eye region consists of many features – namely, the pupil, the iris, the sclera,
blood vessels, skin (eyelids and the area around the eye), and hair (eyelashes and
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eyebrows). In addition to having important structural properties, all of these features
contain chromophores, which carry important spectral signatures. These signatures
are usually lost when single‐band capture is used. The different features could be
captured, however, at multiple wavelengths. Many researchers, therefore, have
designed their own spectral imaging systems to be able to capture both structural
and pigment‐related information. For instance, Boyce et al. (2006) use just four
spectral channels to demonstrate the potential for spectral imaging to enhance the
segmentation of eye features. Ngo et al. (2009) utilize a 12‐channel system to study
how wavelengths affect iris recognition performance in detail. Where these studies
are focused on frontal gaze, Crihalmeanu and Ross (2012) propose a solution for
capturing a non‐frontal gaze by combining multispectral sclera‐texture and
vasculature‐pattern information, thus enhancing recognition. In a recently published
book, Zhang et al. (2015) showcase a collection of studies in which the optimal bands
for clustering, multispectral iris recognition, and image fusion techniques are
investigated. Such research indicates the strong interest in the scientific community
in incorporating spectral systems into studies related to the eye.
The majority of the challenges faced in the aforementioned studies relate to
switching between physical filters or illumination bands in order to scan the
electromagnetic spectrum for capturing a spectral image (see Table 3.3). Such
procedures make the acquisition process slow, and speed is crucial when imaging a
fast‐moving object such as the eye. In addition, every time switching or scanning is
needed recording of a video becomes impossible. Some of the systems involve
switching the filter or light manually, some involve manual focusing; some use
solutions to overcome these issues, such as electronically controlled aids. However,
in all cases, the systems seem to be quite complicated. As such, the need to capture a
fast‐moving object using a much simpler and faster system remains. Table 3.3
indicates the numbers of spectral channels and the wavelength ranges that the
existing systems cover. Most of them operate dominantly in the VIS range and
capture a low number of channels. Some attempts have been made to combine VIS
and NIR, and to increase the number of channels. The resulting systems, however,
tend to be relatively slow and bulky. Therefore, smaller and faster systems that
capture more channels are required.
Another field in which the human eye is central is that of eye tracking. Movements
of the eye is recorded to facilitate the exploitation of gaze direction for various needs,
such as interactions with computers and the understanding of cognitive processes
(Hansen and Ji, 2010). These recordings are made in the form of image or video and
are used to create databases that serve as learning tools for generating gaze‐direction
estimation algorithms. Learning by Labeling (LL) and Learning by Synthesis (LS) are
just two of many recent database examples (Tonsen et al., 2016; Wood et al., 2016).
Usually the images and video data in these datasets are recorded with cameras that
are sensitive only to the VIS or NIR parts of the electromagnetic spectrum (Wood et
al., 2016; Tonsen et al., 2016; Proenca et al., 2010). The data typically consists of
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standard three‐channel RGB or single‐channel monochrome grayscale images and
videos (see Table 3.3). This means that, due to the construction of existing eye‐
tracking hardware, a large amount of wavelength‐dependent information gets lost
and remains unexploited.
All of the information above serves as motivation to apply the available small,
fast, seven‐channel FD system in tracking the eye. In preparing for this study, a
collaboration was initiated between two fields and the first steps for applying
spectral data analysis in eye tracking were made. The key hypothesis is that there is
a benefit to exploiting multiple wavelengths for the purpose of eye tracking. To the
author’s knowledge, the potential of spectral eye tracking has not yet been
investigated; the database provided here is the first to serve such a purpose. The
mission was to create a publicly available combined spectral image/spectral video
database to introduce the possibility of using spectral video data to track eye features
(i.e., the skin, the iris, the pupil, blood vessels, the sclera, and hair). The result is
SPEED. Unlike other databases, SPEED incorporates spectral acquisition at video
rates with eye‐tracking elements, such as observational tasks and glint. This allows
the spectral signatures of eye features to be explored while, at the same time, the
features are tracked and the gaze is interpreted. The database provides a platform for
creating new spectral‐data‐based enhanced eye‐tracking devices, software, and
algorithms. Moreover, the spectral datasets could be of use in other eye‐related
research areas, such as medicine and eye/vision research.
In Publication III, the SPEED data‐collection method is presented, alongside
example spectral images and videos.
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BIOMETRICS

SPECTRAL
RESEARCH

Table 3.3 Summary of the state-of-the-art spectral eye research
Dataset

Reference

Wavelength
Range

Number of
Channels

Vilaseca et al.

Vilaseca et al., 2008

VIS

6-7

Medina et al.

Medina et al., 2011

VIS

20

BATH

Proenca et al., 2010

NIR

1

NA

CASIA

Proenca et al., 2010

NIR

1

NA

ICE2005

Proenca et al., 2010

NIR

1

NA

ICE2006

Proenca et al., 2010

NIR

1

NA

MMU

Proenca et al., 2010

NIR

1

NA

WVU

Proenca et al., 2010

NIR

1

NA

UPOL

Proenca et al., 2010

VIS

3

NA

UBIRIS

Proenca et al., 2010

VIS

3

NA

UTIRIS

Hossein et al, 2010

VIS and NIR

4

Boyce et al.

Boyce et al., 2006

VIS and NIR

4

Ngo et al.

Ngo et al., 2009

VIS and NIR

12

Crihalmeanu and

VIS and NIR

4

YES

EYETRACKING

Crihalmeanu and
Ross
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Switching

Ross, 2012

motorized filter
wheel

YES
LCTF

YES
manual 2 cameras

NO
Snapshot

YES
illumination

NO
Snapshot

YES

Zhang et al.

Zhang et al., 2015

LL

Wood et al., 2016

NIR

1

NA

LS

Tonsen et al., 2016

VIS

3

NA

SPEED

Publication II

VIS and NIR

7

SPEED

Publication II

VIS and NIR
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12

illumination

NO
Snapshot

YES
LCTF

4 SPECTRAL VIDEO: A SUMMARY OF
CONTRIBUTIONS
In the previous chapters, a summary of existing spectral systems and state‐of‐the‐art
spectral eye research has been presented. Additionally, a novel seven‐channel
spectral video system has been introduced. The information provided serves as the
basis for the spectral‐video‐based experiments conducted for this thesis. In this
chapter, the experiments and the main contributions of the thesis will be delineated
via a summary of the three publications that have been born of this project. These
publications focused on analyzing the spectral video system used here and applying
the system practically in spectral eye‐video acquisition.
Upon interacting with the novel spectral video system for the first time, there was
a need to gain an understanding of its working principles and its accuracy. It was
found that the specifications provided by the manufacturer do not offer sufficient
information about system‐calibration procedures. In addition, it was taken into
account that differences might occur from device to device as a result of variations
caused in the production line. In order to avoid inaccurate result, which might be
achieved if one relied only on the system properties published by the manufacturer,
the spectral video system was analyzed and characterized using several procedures.
Those procedures were selected to serve as relatively simple tools one can use for
profiling a spectral video system, almost like a recipe. For Publication I a set of
characterization data was collected for a single image output while in Publication II
the characterization data was extended for a video output. As these publications
compile many methods and to avoid repetition, here the discussion is focused on
three aspects of the characterization procedure that are considered to be the most
relevant for the later application of the device. Those are: spectral sensitivities as they
determine the range of application for the system, spectral reflectance estimation as
it allows for estimating reflectance spectra of higher spectral resolution and
calculations of color, and noise as it, if present, corrupts the measured signal.
After achieving a better understanding of the system, the next step was to test its
performance in real applications. There are a number of circumstances in which there
is a need to conduct monitoring via spectral video – i.e., industrial inspections and
medical procedures (Hirvonen et al., 2014; Hasnat et al., 2016). The author’s main
motivation for selecting the human eye as an application was a personal interest in
the human anatomy and physiology, as well as all its related applications (e.g., eye
tracking, medicine, surgery, diagnostics, and biometrics). In addition, the fact that
the eye is a moving object that has multiple features with distinct spectral signatures
has led the organ to be of keen interest to the scientific community, as demonstrated
by the great number of relevant publications in diverse fields. The involvement of
spectral still‐image technologies in these fields is a hot research topic. Finally, by
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bringing a fascination with the human eye together with spectral imaging, the author
saw the possibility of introducing spectral techniques to a novel field – i.e., eye
tracking. Thus, the potential for developing spectral‐data‐based eye‐tracking
hardware and software was determined. This led to the development of the
hypothesis explored in this work: the idea that there are benefits to exploiting
multiple wavelengths for the purposes of recording, analyzing, and tracking the eye.
To test this hypothesis, the author has compiled a novel combined spectral
image/spectral video database named SPEED (SPectral Eye vidEo Database). The
database is presented in Publication III and will be discussed further in Section 4.3.

4.1 COLOR AND IMAGE CHARACTERIZATION
For Publication I, we collected a set of methods through which to characterize a
spectral still camera and applied those methods on the FD spectral video system, for
its still image output. The main motivation was to understand the behavior of the
system and identify its strengths and weaknesses. The compilation of color and
image characterization methods consist of: spectral sensitivity, linearity, spatial
uniformity, spatial sensor alignment and noise measurements. Those where chosen
in order to understand the efficiency of light detection of each individual CCD in the
FD system and to be able to identify weather there is any differences between them.
In addition, spectral reflectance estimation was performed and evaluated for 400‐700
nm range using empirical regression methods and the standard color charts
(ColorChecker Classic [CC24] and Digital ColorChecker SG [DSG96]). Together all
these provide a functional portfolio of the FD system.
The characterization data collected for Publication I can be used, in fact, in
calibration of the FD system and in its preparation for practical application. From the
findings in Publication I this thesis benefits the most from the following:
 The actual spectral sensitivities of the FD system have been determined,
thus making them available for this project and for all future research (for
example, see Bartczak et al., 2015).
 The knowledge gained about the location of the peak sensitivities and the
Full Width Half Maximum (FWHM) of the seven channels play vital role
in identifying possible fields of application for the FD system.
 The sensitivity measurements taken reveal weaknesses of the FD device
(i.e., a sensitivity gap between 715 nm and 740 nm). The effect of the
sensitivity gap on the estimation of the reflectance spectra is made
evident in Publication II.
 The spectral‐reflectance‐estimation experiments conducted here suggest
that the spectral and color accuracy achieved with the apparatus is
reasonable for use with standard color charts, which indicates the
suitability of the FD system for use in applications that require the
acquisition of colorimetric and spectral data.
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Miss‐alignment of the three CCD sensors was identified here and a
procedure for correcting this problem was proposed. In this way it was
ensured that the content of a frame is spatially aligned for all the channels
and the spectral data for every pixel is spatially accurate.
The need for flat‐field correction was identified as small amount of spatial
non‐uniformity was determined as being present in all the CCDs.

4.1.1 The spectral sensitivity of FluxData 1665-MS7
In general, knowing the sensitivities of a device can help one to describe the relative
efficiency of its light detection. As the FD system has many optical elements, it is
important to know the sensitivities with all the optical components included in the
optical path. For this reason, sensitivity measurements were performed in the range
of 380 nm to 910 nm with a 5nm wavelength interval. The resulting spectral shapes
are presented in Figure 4.1. Details of the measurement procedure can be found in
Publication I Section 3.1.

Figure 4.1. Measured sensitivities of FD in 380 – 910 nm range with 5 nm wavelength
interval. Legend shows the sensitivity peaks and their Full Width Half Maximum (FWHM).
The measurements were performed using GigaHertz Optik Integrating Sphere (diameter of
500 mm), monochromator with a halogen light source (placed at 45°), Hamamatsu PMA-11
optical fibre spectrometer (measuring the radiant flux) and the FD system (placed at a 0°
angle). The FD sensitivities were obtained by dividing the camera response (spatial average
of a 100 x 100 pixel area) for each channel with the measured radiant flux of the light.
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Besides reporting on the actual sensitivities these measurements provided
valuable information for selecting a suitable range of applications for the FD system.
One example application, the human eye, was therefore explored here. Looking at
Figure 4.1, we can see how the sensitivity bands for the FD system coincide with
some of the main chromophores and elements discussed earlier in Section 3.3. The
absorption peaks of oxyhemoglobin coincide with the sensitivities of channels G1
and R1, while the absorption peaks of deoxyhemoglobin coincide with the
sensitivities of channels B1, G1, and NIR. In the existing literature, it was shown that
the density of blood capillaries is reflected around 550 nm (in FD system G1) and
veins are enhanced in the 620 nm (in FD system R2) or longer wavelength
(Yamaguchi et al., 2006b). This data suggests that the FD channels mentioned can be
used to detect blood vessels in the eye – especially when it comes to segmenting them
from the sclera.
Absorption of both melanins decreases in the NIR region, especially after 750 nm,
which coincides with the sensitivity of the NIR channel. This channel could be used,
therefore, to differentiate between the pupil and the iris in a way similar to that used
in traditional eye‐tracking hardware. Research also indicates that melanin quantities
can be observed at around 470 nm (Yamaguchi et al., 2006b). Channel B2 could
provide more information, therefore, about melanin patterns in the iris.
The first absorption peaks of water appear in the NIR region; they also coincide
with the sensitivity of the NIR channel. It should be noted, therefore, that this channel
could be used to differentiate between eye features in terms of water content.
These findings suggest that use of the FD system is applicable to all fields in which
samples containing these chromophores and elements are used – e.g., medicine and
biometrics. The region of the human eye, as examined in this thesis, has features that
contain these chromophores and elements (the skin, the iris, blood vessels, the pupil,
the sclera, and hair). Moreover, as the FD system can be used to record a spectral
video, it can be considered worthwhile to test capability of detecting, analyzing, and
tracking these eye features with this model.
In addition to the elements mentioned in Section 3.3, it is clear that the FD system
could be used for other applications. For instance, its green, red, and NIR channels
coincide with the absorption peaks needed for vegetation and moisture
discrimination (FluxData Inc., 2011).
4.1.2 Spectral reflectance estimation
The aim of reflectance estimation is to map a low dimensional device response to a
corresponding higher dimensional reflectance . This computationally turns a low‐
spectral‐resolution device into a high‐spectral‐resolution device. Improved spectral
resolution is one way to improve the ability to discriminate between objects; it is
therefore desirable in spectral imaging. Reflectance estimation has inspired many
researchers to explore the idea of turning spectral systems into spectrophotometers
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– including even consumer cameras. Such a method would render spectral
acquisition more economical and widely available, not to mention making it faster.
In Publication I, focusing on VIS range only, the possibility of increasing the low,
six‐channel response of the FD system is explored in relation to still‐image output. In
Publication II, this work is extended to video output and full spectral range of the
system.
The methods used to perform and evaluate the reflectance estimation are
presented in Publication I, Section 3.2. We estimated the spectral reflectance factors
for the standard chart color samples (CC24 and DSG96) in 400–700 nm range using
empirical kernel based regression models: Polynomial kernel (Heikkinen et al., 2008)
and Martén kernel (Heikkinen et al., 2013). Table 4 in Publication I summarizes the
results of the reflectance estimation accuracy in terms of spectral (Root‐Mean‐Square
Error [RMSE] and Pearson Distance [PD]) and color errors (ΔE00 for CIE D65, A and
F11 illuminants). The figures for both spectral and color errors suggest that the
reflectance estimation here is reasonably accurate for standard color charts with an
average RMSE varying between 0.0183 and 0.0243, and an average
color
accuracy varying between 1.63 and 2.42 units. The results depend on the illuminant
and estimation methods, suggesting that the best combination has to be determined
for each specific application.
4.1.3 Comparison of FluxData 1665-MS7 to other spectral systems
In the present study, to extend on the work done in Publication I, an attempt has
been made to compare the spectral accuracy and color accuracy of the FD system
(when reflectance estimation is employed) with other spectral systems available at
the Spectral Color Research laboratory at UEF. Even though a direct comparison of
different devices’ spectral and color accuracy might seem unfair due to variations in
working principles and applications, such a procedure can give some indication of
where, in terms of spectral and color quality, the FD system might be on a scale of
spectral devices. Table 4.1 summarizes the results of this comparison.
In order to obtain the results reported in Table 4.1, the following devices were
used: the PerkinElmer (PE) Lambda 1050 spectrophotometer (PerkinElmer, Inc., USA
– used for the spectral ground truth), the Specim V10E line scan (LS) system (Specim,
Ltd., Finland), the Nuance EX LCTF‐based system (CRi, Inc., USA), the Nikon D800
(ND800) digital RGB‐camera (Nikon, Inc., Japan) and the FD system. All the devices
were employed using their most common measuring geometries and settings. To
perform the comparison spectral and color difference metrics (Goodness‐of‐Fit
Coefficient [GFC], RMSE and ∆ ) were computed between each devices output
spectra and the PE ground truth for the 24 patches of the CC24 chart. In the case of
the FD system and the ND800, prior to the comparison being made, a spectral
reflectance factor estimation was performed using an empirical linear regression
model (Heikkinen et al., 2008) and DSG96 training data. To avoid repetition of the
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training samples in the evaluation set, the 96 color patches of the DSG96 chart imaged
by LS were used as training data. A comparison of the devices is then possible across
three spectral ranges: 400–700 nm, 450–700 nm, and 450–900 nm. The evaluations we
completed using the spectral metrics GFC and RMSE (explained in Publication II)
and the color difference
for the D65, A, and F11 illuminants.
Table 4.1 Spectral-reflectance-factor-estimation evaluation for the ranges 400–700 nm, 450–
700 nm, and 450–950 nm, with 1nm sampling. The representative spectra from the imaged
color chart samples was obtained by averaging a 5x5 pixel area from the middle of each
patch. For additional noise removal temporal averaging was performed: in case of the FD
system 20 images were averages; in case on ND800 10 images were averaged. The lowest
error values are highlighted in yellow. Increases in errors with increased evaluation ranges
are highlighted in white (mean / 95th percentile / maximum).
400-700nm

GFC

RMSE

ΔE00 D65

ΔE00 A

ΔE00 F11

LS
FD*
ND800**

0.9984/0.9944/0.9900

0.0455/0.0934/0.1130

3.35/4.65/4.87

3.08/3.97/3.98

3.34/4.62/4.81

0.9964/0.9873/0.9770

0.0312/0.0617/0.0781

2.71/5.45/6.30

2.61/4.95/5.95

2.70/5.41/6.25

0.9897/0.9654/0.9535

0.0427/0.0771/0.0807

1.98/3.80/4.21

1.96/3.05/3.60

1.95/3.68/4.13

450-700nm

GFC

RMSE

ΔE00 D65

ΔE00 A

ΔE00 F11

LS
LCTF
FD*
ND800**

0.9997/0.9873/0.9770

0.0408/0.0853/0.1035

2.93/3.69/3.87

2.85/3.58/3.63

2.92/3.68/3.84

0.9966/0.9882/0.9850

0.0355/0.0884/0.1030

4.16/8.42/9.22

3.96/6.79/7.31

4.16/8.33/9.10

0.9964/0.9848/0.9717

0.0308/0.0620/0.0734

2.62/4.77/5.58

2.58/4.71/5.60

2.61/4.77/5.77

0.9890/0.9578/0.9420

0.0442/0.0766/0.0872

2.16/4.82/5.55

2.43/3.89/4.12

2.16/4.60/5.33

450-950nm

GFC

RMSE

LS
0.9993/0.9988/0.9880
0.0423/0.0808/0.0941
LCTF
0.9939/0.9639/0.9603
0.0535/0.1489/0.2017
FD*
0.9899/0.9510/0.9454
0.0517/0.1347/0.2379
* 20image average; ** 10image average

The results suggest that FD could be suitable for a number applications in which
the acquisition of colorimetric and spectral data in still‐image form is required. In
terms of spectral accuracy, the FD system can achieve the accuracy of the LCTF
system, as shown via the applied estimation model (see Table 4.1, highlighted in
yellow). It is interesting to note that the colorimetrical accuracy is highest for the
ND800. One would assume that a higher number of acquisition channels would lead
to better spectral and color accuracy. In the case of the FD system and when
compared to ND800, however, this seems to be true for spectral accuracy only.
The effects of the illuminant use and the wavelength range are shown to affect the
evaluation. When simulating an A light source, color errors are reduced than when
simulation D65 and F11. In addition, the evaluation range seems to have an effect on
accuracy. Extending the range by 50 nm in the VIS (evaluation of 400 – 700 nm)
increases errors in the FD system. Similar behavior is shown for the LS, while for the
ND800, this move reduces such errors. Extending the range to include NIR is shown
here to increase spectral errors for the FD system, which is most likely to be due to
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the sensitivity gap at 730 nm and the fact that there is only one very broad NIR
channel. This matter is discussed in more detail in Publication II and in Section 4.2.1.
The experimental results in Publication I suggest that the FD system could be
suitable for several applications in which the acquisition of colorimetric and spectral
data in still‐image form is necessary. Moreover, the fast imaging, portability, and
spatial properties of the FD system render it an attractive, practical spectral imaging
system. The device comparison showed that, even when the simplest estimation
model is used, FD can reach up to the accuracy of an LCTF. However, these
conclusions hold for standard color chart cases and when both spatial and temporal
averaging can be performed to remove noise. At this point, however, the video
aspects of the FD system still need to examined. In the next step, the extension of still‐
image characterization to video characterization is discussed.

4.2 VIDEO CHARACTERIZATION
As the ultimate goals are to use the FD system in practical dynamic applications and
to acquire spectral videos for utilization in the creation of novel research, it is
important to understand the behavior and stability of the system during video
acquisition. Publication II thus focuses on analyzing the FD systems output as a
function of time. For this paper, the author compiled and implemented a set of
methods through which to gain a temporal understanding of four aspects of the
spectral video system: noise, mutuality, spectral performance, and color
performance. The state‐of‐the‐art of characterization and evaluation in spectral color
research is based on still images and consequently still objects. However, in spectral
video the scene content might change from frame to frame. Therefore, there is a need
to extend the characterization procedures to the temporal domain. The four aspects
listed above were selected for the following reasons: in video it is important to know
whether movement comes due to noise or motion; mutuality facilitates prediction of
time series; spectral information is valuable when systems are used for reflectance‐
based analysis and color is of interest for applications concerning the human
observer.
The main experiments performed were classified into two main groups:
monochromatic analysis and spectral analysis (see Figure 1 in Publication III).
Within each group, intra‐frame (one frame at a time) and inter‐frame (between
different frames) analysis were undertaken for the following spectral video data: a
30x30cm Spectralon 99% diffuse white reference plate, CC24 and DSG96 color charts
and a dark sample, which was obtained by closing the lens with its lens cap. In
addition, spectral reflectance estimation was performed using empirical linear
regression (Heikkinen et al., 2008) and evaluated as a function of time for 400‐700 nm
and 400–1000 nm range and DSG96 and CC24 color charts. The data‐gathering setup
is presented in Publication II, Section III B and the computational methods used are
described in Publication II, Section II.
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The characterization data collected facilitated expansion of the knowledge about
the FD system collected in Publication I, as well as provided a deeper understanding
of the complexities of spectral video recording. There are multiple elements that vary
during video acquisition. Here two aspects of the characterization procedure will be
discussed in more detail: spectral reflectance estimation as a function of time
(discussed in Section 4.2.1) and noise in video (discussed in Section 4.2.2). The data
provides an insight into the FD system’s accuracy in estimating reflectance for a
given illumination and estimation model combination. Also, video noise is more
complex than image noise as it may come from multiple sources – illumination
changes over time, sensor changes over time, motion, and post‐processing (e.g.,
demosaicing).
4.2.1 Spectral reflectance estimation in spectral video
For Publication II, in contrast with the method used in Publication I, the estimation
model was applied individually to every frame, without averaging. The spectral di‐
mensions were increased from seven to 601 (see Publication II Section D for a de‐
scription of the reflectance estimation model utilized).
When inter‐frame RMSE and GFC values are computed both before estimation
and after, we can see that the spectral fit between the frames is reduced. The inter‐
frame RMSE increases on average from 0.0063 to 0.0102, and GFC decreases from
0.9994 to 0.9989 (see Figure 6 a, b, e, and d in Publication II). The reason behind this
might involve the estimation model itself and/or the amplification of temporal noise
when the estimation is applied. As such, estimation models and noise‐reduction
algorithms have to be selected with caution, bearing in mind the needs and tolerances
of the final application.
When evaluating the estimates in an intra‐frame manner, with respect to
spectrophotometer output (as in Section 4.1.3 a PE spectrophotometer groud truth
was used), the spectral errors were found to be larger for spectral estimation in the
400–1000 nm wavelength range than in the 400–700 nm wavelength range (see Figure
6 c and d in Publication II). With this particular device, this finding is probably the
result of the relatively broad wavelength band of the NIR channel and the sensitivity
gap at 730 nm (see device sensitivities in Figure 4.1), which affect the performance of
the estimation model.
The results given above can be applied to cases where the possibility of taking a
spatial average to represent a noise‐reduced spectrum exists. When there is no
possibility of performing spatial averaging, however, the mean errors increase
significantly. When pixel‐wise errors are computed (see Figure 7 in Publication II),
the average RMSE, even without estimation, becomes almost three times higher and
the GFC decreases to 0.9893. This suggests that if the FD system was used in
applications where pixel‐wise evaluation is important, there would be a need for
additional noise reduction.

58

Colorimetrical evaluation is also important, especially for applications concerning
a human observer. Inter‐frame color‐difference values indicate the perception of
neighboring frames of the video with relative similarity in terms of color appearance
~ 2.04). We should note that in some samples
(see Figure 8b in Publication II, ∆
(8 and 13 on Figure 8b in Publication II), the color coordinates seem to overlap,
possibly suggesting that it would be difficult for this device to differentiate between
those samples in certain frames of the video.
These tests provided a valuable insight into the accuracy and precision of FD
when used in video mode. The level of accuracy might be affected by estimation
models used, temporal noise and the evaluation range. The precision in repeating the
measurements on the other hand was shown to be high (for example, standard
deviation for 400‐700 nm range and intra‐frame evaluation over the frames:
∆ =0.29;
=0.0005;
=0.0006). These results apply when there is a possibility
to remove noise with spatial averaging. When pixel‐wise computations are needed
the effect of spatiotemporal noise are evident and need to be studied in more detail
in future work.
4.2.2 Noise in spectral video output
The characterization data gathered for Publication II provides a deeper
understanding of the complexities of the spectral‐video recording task, especially
from the noise perspective. During motion, there are many elements that might
change, leading to data being corrupted by noise. Illumination conditions, sensors,
and the object are all subject to change. Post‐processing (i.e., demosaicing) can also
add to the noise effect.
The correlation values given in Publication II Table I indicate the fluctuations
that could appear due to the sensor or the illumination conditions, such as light‐
source flicker. Even though the SNR (see Figure 5 f in Publication II) indicates that
values are improved through averaging, there is no possibility of averaging frames
in order to remove noise at video rates. In addition, pixel‐wise errors (see Figure 8,
Publication II) suggest that some noise effects are not completely removed via the
commonly used flat‐field‐correction methods. For these reasons, sensors and
illumination conditions must be controlled closely during acquisition, or else
algorithms must be applied for noise removal in post‐processing. Also, it would be
beneficial to further investigate the effects of illumination angles on sensor noise and
if certain areas on the sensors exhibit specific noise and sensor sensitivity related
behavior.
Interestingly, it was found that post‐processing is also a possible source of noise.
If the light source flickers or changes spatially in any way during the acquisition
process, the mutuality of spatial information between frames is affected. With these
light changes, the interpolation employed by demosaicing can produce different
pixel values for different frames, thus affecting frame mutuality further. The question
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that must be investigated in more detail, therefore, is whether the use of a sensor‐
wise demosaicing technique is a good choice for the FD system or whether better
multi‐channel demosaicing options exist.

4.3 SPEED – SPECTRAL EYE VIDEO DATABASE
The next step in this project is to describe the practical implementation of the FD
spectral video system. The most significant task here was the creation of a new,
publicly available combined spectral image/spectral video database – i.e., SPEED
(the SPectral Eye vidEo Database). The database features 180 seven‐channel videos,
60 seven‐channel images, and 30 fifty‐one‐channel images of the left eyes of 30
voluntary human subjects. It was created with a number of dynamic computer‐vision
applications in mind, such as spectral‐reflectance information‐based surveillance,
reflectance‐based object detection, illumination‐independent object tracking, spectral
enhancement, and temporal spectral analysis. All of these applications have the
potential to be relevant to many eye‐related research areas – e.g., medicine, eye
tracking, biometrics, and in eye/vision research.
In Publication III, the possibility of using spectral video to recording the eye
while performing observational tasks was introduced to the eye‐tracking research
community. Unfavorable conditions, such as eyewear reflections, extreme angles,
and make‐up, can be considered problematic for eye tracking. Such issues have been
included in the compilation of SPEED. As such, the database provides a platform for
creating new methodologies for the imaging, training, analysis, and interpretation of
eye‐tracking data, especially where harsh conditions are present. The development
of SPEED can be considered the first step towards the creation of new spectral‐data‐
based enhanced eye‐tracking devices, software, and algorithms. To the author’s
knowledge, the potential of spectral eye‐tracking has not yet been investigated and
the database compiled for this study is the first to serve such a purpose.
4.3.1 SPEED Database Description
In order to gather spectral data that would serve both spectral imaging and eye
tracking, the standard spectral‐imaging setup had to be modified. An NIR light‐
emitting diode (LED) (peak at 850nm), which functioned as a reference point that
was reflected in the middle of the eye (glint), was added and also an observational
task the subjects were performing during capture. This addition also provided
additional benefits as it made it possible even to interpret the subject’s gaze. One
could, therefore, think of this experimental setup as constituting a remote spectral
eye tracker. This unique setup is shown in Publication III, Figure 4. Figure 4.2 offers
a detailed info‐graph for SPEED that summarizes subject related basic statistics and
shows generated RGB images as examples of conditions included in the database.
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Figure 4.2. Info-graph for SPEED indicating the gender diversity, iris-color diversity, and
nationality diversity found within the database. The example images demonstrate the
different condition incorporated into the database: a) standard conditions, b) shadows, c)
strong reflections from daylight, d) use of sunglasses, e) strong reflections from office light, f)
extreme angles in daylight g) hair occlusion, h) extreme angles and make up in office light.

For SPEED Database collection two devices and two illumination conditions were
used. The devices were LCTF and FD. As lighting condition two most common cases
were simulated: sunny daylight with a 6500K color temperature D65 simulator and
fluorescent office light simulator TL84.
The following data collection experiments were performed:
 fifty‐one‐channel spectral image collection (using LCTF): still spectral
image collected to serve as spectral ground truth (see example Figure 3.8b
and c)
 seven‐channel spectral video collection (using FD): videos of eye
movement recorded under two different light sources: standard
illuminant simulator D65 (simulates sunny daylight of 6500K) and TL84
(simulates fluorescent office light) for the following cases:
 standard – the most controlled case with a clear view of the eye
(Figure 4.2a)
 with eye glasses (own or glasses provided) – introduces shadows
and reflections (Figure 4.2b)
 with 3D‐printed eye glasses – introduces extreme shadows and
reflections (Figure 4.2c and d)
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seven‐channel image collection (using FD): under D65 (Figure 4.2d) and
TL84 while wearing sunglasses.
In total one hyperspectral image, 6 multispectral videos and 2 multispectral
images per subject. All experiments were realized in the same setting and at a same
occasion with duration of about 30min.
For all the video related experiments subjects were asked to perform an eye
movement task. In this task subjects were asked to look at nine points marked by
post‐it notes and attached on fishing lines hanged from the ceiling. The location of
points was known and fixed throughout the campaign. The main goal was to push
the eye to its extreme positions is order to create data that could be used in eye
tracking as well as an example of harsh conditions. At the same time this positions
would reveal other features interesting for spectral tracking (blood vessles). We
recorded instructions as a voice command and instructed subjects to perform the eye
movement towards the number after hearing the number command. All subjects
received the same instructions. In total one video is 5s long.
Additional details about the database can be found in Publication III, as follows:
the acquisition setup used to gather the data is explained in Section 2.2, the devices
utilized are discussed in Section 2.1, the methods applied are delineated in Section
2.4, and the observational task undertaken by the subjects is outlined in Section 2.5.
Here the discussion about SPEED will be extended with more detailed analysis and
examples of possible further exploration and use.


4.3.2 Spectral ground truth in SPEED database
To complement the low spectral resolution of the FD system, a 51‐channel LCTF was
used. The role of LCTF was to gather high‐spectral‐resolution and high‐spatial‐
resolution ground‐truth data for use in the analysis and identification of spectral
signatures in the eye region, as well as in the evaluation of the accuracy of the FD
video system. The data captured could also be used as training data for reflectance
estimation algorithms. Figure 3.8c in Section 3.3 contains one example of the spectra
sampled in an LCTF image of the main eye features discussed earlier (i.e., skin, the
iris, the sclera, the pupil, blood vessels, and hair). Here, the spectral signatures
discussed in Section 3.3 are recognizable and the different spectral shapes of the
various eye features are evident. Those can be exploited to differentiate features and
spectrally track them. To extend on the data reported in Publication III, here more
detailed information about these features in the context of SPEED is provided in
Figure 4.3.
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Figure 4.3 LCTF spectra in SPEED for a) the pupil, b) iris diversity, based on color; c) hair
diversity, d) sclera, e) skin diversity within ethnicities, f) blood vessels.

Figure 4.3e demonstrates differences in skin‐reflectance spectra in relation to
ethnicity. Figure 4.3c indicates differences in hair type and Figure 4.3b showcase
differences in eye color. In all these features, the effects of melanin can be noticed—
especially for dark features. In the VIS part of the spectrum, melanin‐rich, dark
features have low reflectance, while in the NIR part of the spectrum, all of the
reflectance figures increase. Where the iris is concerned, we can note that
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discrimination of types is possible in the VIS part of the spectrum only; in the NIR
part, the spectral shapes strongly overlap. There are other chromophores and
elements that affect the whole spectral shape, however; in VIS, for instance, we can
also detect the effects of hemoglobin in blood vessels (Figure 4.3f), the sclera (Figure
4.3d), and skin (Figure 4.3e).
A feature that is important for eye tracking specifically is the pupil, as many
algorithms rely on pupil detection. Figure 4.3a indicates the high spectral shape
similarities between the pupils of all the subjects. This feature is dark and has a
reflectance close to zero in the VIS part of the spectrum. For some subjects, certain
other dark features (e.g. a dark iris or dark hair) are shown to be highly similar in
spectral shape to the pupil in the VIS part of the spectrum. In such cases,
discrimination between these features becomes difficult in VIS, which explains the
importance of using NIR cameras in eye tracking. The author was surprised to find
that there is no standardized LED bandwidth within eye tracking; the LEDs used in
commercial eye‐tracking hardware differ from manufacturer to manufacturer. Aside
from confirming the relevance of using NIR here, the LCTF data can also provide
information, about which of the LED bands is optimal for tracking. For instance, by
computing the wavelength‐wise RMSE maximal, pupil‐iris and pupil‐hair
differences can be determined. The location of the average maximum pupil‐iris
difference is 920 nm, and the maximum pupil‐hair difference is at 840 nm.
Additionally, pupil‐iris difference reaches a level of 90% at 850 nm, while pupil‐hair
difference reaches 90% at 740 nm.
Finally, observing the NIR part of the spectrum also enables the effect of water
content to be established. For instance, it was found that the sclera (Figure 4.3d)
absorbs NIR radiation far more than skin as its water content is higher.
The knowledge gained about the features spectra stresses the potential for
multiple‐feature detection based on the spectral signatures of the features in
question.
4.3.3 Examples of spectral eye videos in SPEED
The LCTF data demonstrates that the variations between the spectral signatures of
different eye features (as discussed in Section 3.3) are recognizable within the eye
region imaged here. In Section 4.2.1, we saw how the sensitivities of the FD system
coincide with some of the main peaks in the eye features’ spectral signatures. The
next move, then, was to exploit these signatures to differentiate between features and
track them spectrally over time. For this purpose 180 seven‐channel spectral videos
were collected. To challenge the FD system in the same ways in which an eye tracker
is challenged, unfavorable conditions (such as eyewear reflections, extreme angles,
shadows and make‐up) were incorporated into the acquisition process. It was
hypothesized that the use of spectral videos in eye‐tracking would be beneficial as it
would allow the spectral signatures of different eye features to be exploited for the
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enhancement of eye‐tracking devices, software, and algorithms. In this section,
example spectral videos are provided in order to open up a discussion about the
potential of spectral videos.
Figures 4.4 and 4.7 give examples of three frames picked at certain moments from
the eye spectral vides, as well as present the seven‐channel spectral reflectances for
the six eye features within each frame. Figure 4.4 depicts a standard‐condition video,
while Figure 4.7 offers an example of a spectral video with harsh conditions. It should
be noted that, for viewing purposes, the reflectances are plotted sharply; the seven
responses from the FD system were connected very simply, using a straight line and
no shape estimation.

Figure 4.4 Example of standard video frames from SPEED and the spectra of six eye
features (i.e., skin, the iris, the sclera, the pupil, blood vessels, and hair). Every spectrum is
an average of a 10x10 pixel area marked on the RGB images. Note that these spectral
shapes are rather superficial. These and the RGB images have been generated simply for
viewing purposes.

Even with this very sparse spectral representation, it is possible to differentiate
between eye features, based on the spectral signatures in each of the frames. The
similar behavior of the features and the LCTF data can also be noted here. The pupil
is the darkest feature. The effects of hemoglobin can be seen in the VIS region, while
the effects of melanin and water are clear in both the VIS and NIR region. These
findings offer inspiration for multiple future projects. One direction might be to
analyze stability/change in eye features’ spectral signatures over time and during
observational tasks. Here, inter‐frame RMSE and GFC could be used as measures of
spectral similarity within a video. In the case shown in Figure 4.4, the lowest RMSE
can be seen for the pupil, while the least stable element is the sclera.
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Spectral data was also used for detecting and segmenting eye featrues. Many
available tools are described in the literature for this purpose – e.g.., Principal
Component Analysis (Rodarmel and Shan, 2002), Spectral Angle Mapping (SAM)
(Rashmi et al., 2014), Derivatives (Tsai and Philpot, 2002), and Non‐negative Matrix
Factorization (Wang et al., 2013). Groundworks have been performed with First
Derivative and SAM. Figure 4.5 indicates the possibility of undertaking pupil
detection via First Derivative, while Figure 4.6 demonstrates the potential for eye‐
feature classification via SAM.

Figure 4.5 Pupil detection via 1st derivative. The algorithm for performing the detection
consists of the following steps: 1) select representative spectra for each feature (10x10px
area averaged spectra shown earlier), 2) calculate the 1st derivative for the representative
spectra, 3) identify derivative values of importance for pupil and 4) compare with every pixel
in the image to those values to classify them to pupil or no-pupil class

SAM is a method that compares spectra by computing the angles which describes
their angular separation.

Figure 4.6 Eye-feature segmentation via SAM. The algorithm for performing the SAM
segmentation consists of the following steps: 1) select representative spectra for each
feature (10x10px area averaged spectra shown earlier), 2) calculate the angles between
every pixel spectra and the representative spectra, 3) label the pixel spectra to a certain
feature based on the smallest angle
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The SAM algorithm has been shown to have good performance across
homogenous regions (see skin, Figure 4.6); shadow regions do pose a problem,
however. Thus, further analysis is needed to explore whether shadow detection
could be performed prior to SAM, or whether a seventh class – the “shadow” class –
could be incorporated into the classification. In future research, other methods for
feature classification will be tested and their performance will be evaluated across all
video frames.
Besides the standard conditions the contribution of the spectrum was examined
for harsh conditions as well.
Figure 4.7 demonstrates how a specific harsh condition (i.e., the use of eyewear)
affects the spectra of the eye features. Eyewear creates shadows, reduces the intensity
of the light reaching the camera, and introduces reflection. When traditional pupil
detection algorithm is applied to such an image the pupil detection fails (especially
in the case enlarged on Figure 4.8). Therefore, the hypothesis is that spectral
information can be exploited for facilitating the detection either by spectrally
enhancing the pupil and/or allowing for spectrum‐based feature detection and
segmentation.

Figure 4.7 Example of harsh video from SPEED database. NOTE these spectral shapes are
rather superficial for preview purpose, also RGB images are generated just for preview
purpose

All of these aspects affect the final shape of the reflected spectra. Further research
is needed to understand the degree of change. As a preliminary observation, when
comparing the pupil spectra to the spectra in Figure 4.4, a rise in the levels can be
seen, which is most likely to be due to reflections on the surface of the glasses. Despite

67

the harsh conditions in the figure above, the spectral differences between the six
features remain, which indicates the potential for further exploitation of spectral data
in eye tracking – especially under harsh conditions.

Figure 4.8 Potential of multi-channel capture for multi-feature tracking. a) Eye image of the
channel G1 in an FD image. Highlighted in red is an additional feature (blood vessel) that
becomes visible in this channel. b) Eye image of the NIR channel in an FD image. This
channel can be considered to simulate well an image obtained traditional eye-tracking
hardware. This type of image shows high contrast difference between pupil and iris however
due to the difficult shape of pupil and strong reflections traditional pupil-detection algorithms
fail here.

Looking at individual channels (Figure 4.8) another aspect can also be considered
for future research into spectra in eye tracking. Traditionally, the NIR channel is used
alone, leading to eye tracking failing under harsh conditions due to the occlusion of
the pupil. With multi‐channel tracking, such failures could be compensated by
searching for other features that are invisible in NIR but are visible in other channels
– for example, the blood vessels (Figure 4.8 B2 and G2).
The results presented in Publication III and examined in more detail here suggest
the need for further exploration of spectral techniques in eye tracking. Spectral
analysis, optimization, enhancement, annotation, and gaze interpretation are future
areas of study to be researched on the basis of the hypothesis that knowledge about
spectral signatures and their behavior can be used to help overcome the difficulties
arising from unfavorable tracking conditions.
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5 DISCUSSION
The main goals of this thesis were to characterize a novel spectral video system – the
FluxData 1665‐MS7 system – and apply it in practice. The characterization was
achieved in two stages, using (1) single‐image output and (2) video output. After the
characterization stage, the system was applied in the development of a novel
combined spectral image/spectral video database named SPEED (the SPectral Eye
vidEo Database). SPEED consists of 30 fifty‐one‐channel spectral images, 60 seven‐
channel spectral images, and 180 seven‐channel spectral videos. Harsh conditions
such as eyewear reflections, extreme angles, and make‐up were incorporated into the
videos. SPEED was then introduced to the eye‐tracking research community, and
preliminary tests were performed for the detection, classification, and tracking of eye
features during observational tasks. The database will continue to grow and is
publicly available to all researchers at http://www.uef.fi/fi/web/spectral/speed.
SPEED can be used non‐commercially in teaching, for example, or for creating and
testing new/improved methods of eye analysis via spectra.
For Publications I and II, a set of methods for characterizing a spectral video
camera were compiled and implemented. As specifications provided by the
manufactures can at time be found insufficient for system calibration procedures and
differences in systems might as well appear from device to device in the production
line, the methods compiled here can potentially serve as a recipe for researchers for
profiling future spectral video systems. In this work those methods revealed that FD
could be suitable for several applications that require acquisition of colorimetric and
spectral data in a still image form. In video the spectral and color accuracy is
challenged by noise which stresses the need for noise removal especially when used
for a pixel‐wise analysis. Once noise is removed, for example via spatial averaging,
high precision for standards color charts can be noted. This encouraged further
application of the examined system in practical application.
The data collected for these publications can be used in the calibration of the FD
spectral video system and in its preparation for practical application. The data
provides knowledge about spectral sensitivities, linearity, sensor misalignment, non‐
uniformity, noise, and color/spectral performance. Understanding the sensitivities
related to the system helped us to identify the application range. More specifically, it
is notable that the sensitivity bands for the FD system coincide with the main
chromophores and elements present in the eye region. Compared to some of the
state‐of‐the‐art technologies the FD system trades a good spectral resolution for
better spatial and temporal resolutions, but it is a very compact system that is easy
to use, thus rendering it practical for many applications. In addition, a higher spectral
resolution can be achieved via the use of reflectance estimation methods.

69

Other characterization procedures used here revealed the complexity of the
spectral‐video recording task, as multiple elements are subject to variance during
acquisition. In video, noise is more complex than in an image as it may come from
multiple sources: illumination changes over time, sensor changes over time, motion,
and post‐processing (e.g., demosaicing). Thus, illumination settings have to be
selected with caution. Additionally, the fact that exposure times can be set sensor‐
wise, rather than channel‐wise, leads to problems with exposure at the blue ends of
the spectrum. It is also imperative that the stability of the light source is checked or
compensated for if needed because light‐source flickering can be captured by FD due
to the system’s high frame rate, thus corrupting the spectral data with noise.
Demosaicing is one aspect of the system that must be researched further in future.
The question remains of whether the use of standard sensor‐wise Bayer demosaicing
techniques is suitable, or whether multi‐channel demosaicing techniques might be
preferable. The strengths and weaknesses of both need to be established for this
particular system. Color accuracy and spectral accuracy tests showed that the system
could be suitable for several applications where the acquisition of colorimetric and
spectral data is required. When used in video mode and for pixel‐wise
measurements, the level of accuracy is affected by noise. In such cases, additional
noise removal is needed.
The practical application of the FD system resulted in a creation of the SPEED
database. Compared to other state‐of‐the‐art spectral video databases, SPEED
contains video data of a scientifically relevant object that has been proven to interest
many fields of science and industry, the human eye. Compared to other state‐of‐the‐
art eye databases, SPEED extends the available data in either spectral or temporal
domain. Therefore, the database provides a platform for creating novel spectral‐data‐
based methodologies to be used in the imaging, training, analysis, and interpretation
of spectral video. Moreover, it provides valuable data for use in all eye‐research‐
related fields when creating new spectral‐data‐based enhanced devices, software,
and algorithms. In Publication III, the potential of exploiting spectral video to record
the eye is introduced. Here, using a unique recording setup that could be thought of
as a remote spectral eye tracker, 180 seven‐channel spectral videos were recorded,
some of which incorporate the harsh conditions that eye trackers face today. In
addition, ground truth data for a 51‐channel spectral image collection has been
gathered and analyzed
The existence of the database provides the impetus for several possible areas of
future work. Novel dynamic computer‐vision applications such as spectral‐
reflectance information‐based monitoring, reflectance‐based object detection,
illumination‐independent object tracking, spectral enhancement, and temporal
spectral analysis have the potential to be applied in many eye‐related research areas,
including medicine, eye tracking, biometrics, and eye/vision research. The
groundworks reported in this thesis tests possible uses for SPEED in relation to
enhancing eye‐tracking hardware and software, and processing algorithms. Based
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on the data recorded via both the LCTF and FD systems, we hypothesize that there
would be benefits to exploring the use of multiple wavelengths further for the
purposes of recording, analyzing, and tracking the motion of the eye. The examples
of spectrum‐based pupil detection, feature classification, and segmentation
presented in this thesis also suggest possibilities for future applications.
The main challenges identified in this study were the complexity of the spectral‐
video recording task and the amount of data required. For instance, changing
illumination conditions introduce noise into the system, and very‐fast object
movement continues to challenge spectral‐acquisition technology. In the case of the
eye, some blurry frames are captured during motion, which indicates the need for
higher frame rates to be achieved. One must also make trade‐offs between high
quality and data size. One seven‐channel spectral image is about 20 MB in size. In
SPEED, one video contains about 80 frames, giving a total of approximately 14,400
seven‐channel spectral images. Each video is about five seconds long, resulting in a
size of about 1.6 GB on average. For each subject, there is about 9.8 GB of data, which
gives a total of about 293 GB for the whole database. We anticipate that spectral
technology and large data management will evolve to meet these challenges.
Looking at the pros and cons of the spectral video technology used in this thesis
and considering how they affect the video‐recording task, there are a few challenges
that must be overcome in order to use spectral video widely to track the eye. At the
moment, given the size of the data and the device used here, the system can be used
only as an offline solution. However, there is also a persistent tendency to make
spectral devices smaller and capture times faster. To combat this issue, one might
reduce the number of channels by using the SPEED data to identify the most
significant ones only. The frame rate of the sensor utilized here was just sufficient for
acquiring the data under controlled laboratory conditions. For more natural
observational tasks, a higher frame rate is needed.
Perhaps the final challenge is to convince the eye‐tracking community to explore
spectra even more. This is a serious task, given that price, speed, size and practicality
are crucial factors that need to be addressed in order for widespread use to be
achieved. First steps towards providing evidence that there is benefits from spectral
enhancement in pupil detection have already been made. At the moment there is
ongoing research that has shown improvements in pupil center detection for both
standard conditions and harsh conditions. These works involve application of
spectral image enhancement methods on the seven‐channel spectral video frames
and comparison of the performance of two pupil detection algorithms (ExCuSe and
SET) on both original and enhanced frames.
The future works can continue in multiple directions, both with the
characterization procedures and SPEED. For characterization there is a need to test
multiple noise removal algorithms and reflectance estimation algorithms. Demosaic
is one aspect of the system that will be investigated in more detail. Ultimately, the

71

goal is to be able to use FD to capture full frame information and perform pixel‐wise
analysis.
Further analysis of the data would begin with analyzing the aforementioned
spectral signatures as functions of time. Such an analysis should provide information
about the stability or otherwise of spectral signatures during motion. Next, the
classification and segmentation of features as functions of time should be conducted.
Multiple methods must be tested for this purpose, as their performance might vary
from feature to feature. Spectral‐enhancement methods might also be applied in
order to identify the optimal bands for, e.g., enhancing the contrast between different
eye features. Finally, comparisons between existing pupil‐detection algorithms for
different spectral‐band combinations should be made so that their weak points can
be identified and enhancements can be proposed. Further research is also needed for
deeper understanding the degree of change the harsh conditions introduce to the
spectrum of the eye features. The aim would be to be able to provide a model of those
changes. One interesting point for consideration is that one seeks to obtain the most
accurate spectra possible in spectral imaging. In eye tracking, however, such an aim
might not necessarily be of primary importance. This realization opens up the
possibility of thinking about feature detection rather as an image processing task
than spectral analisys task, in which additional spectral information can be used to
enhance features of interest.
The work conducted for this thesis can be considered the first step necessary in
the quest to create new eye‐tracking technologies in the future. The characterization
procedures highlighted device features one would need to keep in mind when
practically applying such system and the application provided real world challenges
for it. The results encourage further exploration and collaboration of spectral video
acquisition and eye analysis and tracking. Aside from its use in eye tracking, SPEED
also has the potential to be utilized in other eye‐related research areas, such as
medicine, biometrics, and eye and vision research.
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