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Abstract
Vibrational spectroscopy has received significant interest in last decades as a robust, rapid, and cost-effective alternative to the traditional wet-chemical methods
employed by various industries. The spectra of complex materials may contain
some components with a low concentration, whose information is buried within a
major peak of another component. These small hidden peaks contain critical information in some analysis. This thesis aims to develop novel data mining methods to
improve the quality of data, select its essential features, and finally build prediction
models.
The pulp industry offers one example in which spectroscopy offers attractive
advantages as an on-line method for optimizing manufacturing. While spectroscopic techniques are inherently sensitive to many of properties of interest to the
pulp industry, they are potentially sensitive to provide features uncorrelated with
physical properties of pulp; which could hinder the development of robust prediction models. To overcome this challenge, we introduced Template Oriented Genetic Algorithm (TOGA). TOGA is aimed to establish significant features to assign
predictors according to a template determined to minimize prediction variance in
a calibration space. It was found that TOGA significantly improved the prediction
accuracy of certain pulp properties compared to those without undergoing these
data processing techniques.
Near Infrared (NIR) is the most well-known spectroscopy technique which has
been successfully applied to pulp industry. However, broad overtone NIR absorption band makes discerning of signature features a difficult process. We showed
that a combination of DWT and Orthogonal Signal Correction improved accuracy
of prediction models built based on pulp NIR spectra.
ii

In the second part of this thesis, a combined technique of interferometric scattering microscopy (iSCAT) and Raman spectroscopy was used to study the dynamics of gold-nanoparticle cellular uptake in cancer and normal cells model. Images
derived from the study of these complex samples are heterogeneous which poses a
challenge on true quantification and identification of the structure and components
of a cell. To address this challenge, we used DWT to remove the out-of-focus and
uncorrelated features from the original iSCAT images. This would make a true 3D
volume of a cell and a precise track of AuNP internalizing a cell.

iii

Lay Summary
Vibrational spectroscopy is a robust, rapid, and cost-effective alternative to the
traditional wet-chemical methods employed by various industries. Spectroscopic
techniques show inherent sensitivity to many properties of interest, but do not yield
information with the same clarity as wet-chemical methods and thus must be paired
with advanced data treatment techniques in order to yield useful results. This thesis attempts to develop novel algorithms to improve the quality of data, select the
essential features and build prediction models. In the first section of this thesis,
a combination of vibrational spectroscopy and data processing technique is employed to introduce a robust method to predict paper properties from on-line spectra of production pulps. In the second part, a combination of novel microscopy
technique known as iSCAT with modified image processing algorithm is used to
provide high resolution, real-time morphological and chemical information in three
dimensions without the need for sample preparation.
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Chapter 1

Introduction
We are drowning in information but starved for knowledge.
John Naisbitt
In an analytical process, developing and expanding of various instruments
cause a dramatic increase in analytical information, which highlights the necessity of a tool designed to explore a large amount of data [202, 324]. One of the fast
developing analytical techniques is vibrational spectroscopy, which is a fast nondestructive technique with no need for sample preparation [27, 47]. Vibrational
spectroscopy is a premier method of performing both qualitative and quantitative
analysis in different area such as food [122, 134, 174, 185, 238, 254, 260, 283, 337],
pharmacy [108, 155, 243, 259], biomedical [169, 233, 234, 258], and pulp and paper [4, 34, 74, 74, 89, 112, 113, 193, 210, 211] industry. However, spectroscopic
data, known as spectrum, may pose difficulties in data analysis as they consist more
than thousands spectral variables (frequencies) which could be potentially correlated. Each of these variables may refer to some chemical, physical, and structural
information of distinct components in a sample, which makes an interpretation
of the spectrum a complex act. Even if it could be easily doable to analyze a
spectrum of component, it could be difficult to distinguish between two spectra
of components with similar chemical structures, when the spectra may have slight
differences [21, 35, 108, 117, 146, 169]. To reduce the complexity of data analysis,
data mining known as knowledge discovery in databases (KDD) is introduced to
chemistry in 1998 by F.K. Brown [41]. This mathematical technique offers a fast,
1

cheap and efficient promise in exploring patterns between variables, getting hidden
information, and validating prediction models. This thesis aims at developing and
introducing some novel data mining methods which cause significant improvement
in quantitative and qualitative analysis of spectro/microscopic measurements.
Data mining employs three consequent steps to accurately treat and analyze
spectroscopic data. These steps are (i) signal/image processing, (ii) feature selection, and (iii) classification models. In the signal processing step, one generally
uses an appropriate preprocessing method to remove noise, reduce uncorrelated
variances, and correct interferences such as baseline drift, path length variation in
spectroscopic data. Various signal processing has been introduced in analytical
chemistry in last decades including first and second derivative [7, 12, 102, 115],
Standard Normal Variant Correction (SNV) [29], Multiplicative Scatter Correction (MSC) [13, 100, 194, 195], Orthogonal Signal Correction (OSC) [301, 347],
Fourier Transform [9, 12, 48], and Discrete Wavelet Transform (DWT) [49, 80,
148, 189, 307, 329]. DWT is one of the most efficient signal processing method,
as it provides information in both frequency and time domain. Similar to Fourier
Transform, the DWT decompose a signal to different frequencies, while keeping
information about the temporal location of the frequencies. So, each feature in
spectrum can be studied with any resolution of interest. Consequently, few highest
frequencies (spectral noise) and a lowest frequency (background) can be removed
from a raw spectrum. This leaves the midrange frequencies, the features of interest in the spectrum, undisturbed [49, 80, 329]. The second step is a proper
feature selection technique; an efficient technique capable of exploring essential
features representing the input pattern and decreasing the data dimension by extracting the most important features. Different feature selection algorithms have
been applied in different fields of analytical chemistry to explore and extract a set
of features which has the most correlation with a property of interest. The selection
mechanism is based on excluding useless features according to their coefficients in
a regression. Standard techniques, which represent model-wise elimination approaches [93], include the iterative variable selection (IVS )[177], iterative predictor weighting (IPW)[50, 183], uninformative variable elimination (UVE)[43, 46],
GOLPE [30, 60], and interactive stepwise elimination (ISE)[92, 93], stepwise variable selection (SVS) [56], or backward variable elimination (BVE) [180, 304],
2

and stepwise interval partial least-squares (backward or forward:BiPLS or FiPLS)
[200, 225] . These methodologies make strong assumptions about the spectral parameters, such as peak widths, and this can give rise to problems when the character
of the spectra is unknown. Genetic algorithm, which applies the principle of natural selection to choose features without making any assumption about the search
space [171, 197, 220], provides a tool to resolve this limitation.
The third step is building a robust representative and reliable calibration/prediction model based on the important correlated features, known as classification
models. These models use an appropriate multivariate algorithm to link spectra to
properties of sample or concentration of compounds. Conventional spectroscopic
determinations construct linear regression models based on univariate analysis, i.e.
the relative intensity of a single feature [2, 332]. However, substances in a mixture
often are presented by signals at different Raman scattered wavelengths. Multivariate analysis of the spectrum yield far better results for mixtures of varying composition. Thus, multivariate statistical methods are suggested as a decisive technique
to link the spectrum to quantifiable properties of samples [2, 62, 236, 323]. In some
cases, the lack of information comes from one source makes multivariate analysis
fail to construct an accurate prediction/calibration model. Interestingly, the combination of several techniques has been successful to provide adequate information
in order to make a classification model. This process, commonly known as data
fusion, is the integrating of multiple data sets representing the same real-world
property into an accurate representation is presented in several published works
[37, 75, 106, 201, 339, 341]. In the second part of this thesis, we implemented
a relatively novel technique known as interferometric scattering microscopy (iSCAT) to get wide field images of biological cells. Here, we apply similar data
mining steps to improve the resolution and contrast of an image (two-dimensional
data). Fast and digital wide field iSCAT microscopy allows constructing a 3-D volume of a cell out of many 2D stacks [57, 208, 229]. However, two factors limit
the resolution and reliability of making the cell volume: noise, and unwanted features which may be related to out of focus components and point spread function
[140, 198, 229, 291].
The first step to address the limitation of microscopy is preprocessing of raw
images. Images obtained by iSCAT mostly suffer from dominant background fea3

tures and high frequency shot noises. To improve the contrast and quality of the
image, the DWT approach is a suitable technique, as stated in 1D signal processing [12, 48, 72, 81]. The second step is to detect and remove out-of-focus features. Each image obtained by wide-field microscopy contains both sharp in-focus
features and blur features originated from the neighbor planes. Previous studies
showed that blurriness mainly affects the type and sharpness of edges in an image
[179]. Hence in this study, we utilized a method based on DWT to detect blurry
and sharp edges. After detecting the blurred edges, they can be sharpened or removed to provide 2D images containing only in-focus features. These images can
be compiled into an informative 3D volume.
This thesis develops some novel chemometric methods to improve the quantitative and qualitative analysis of spectro/microscopic measurements. This study
uses vibrational spectroscopy, mainly Raman and NIR, to provide one-dimensional
signals of pulp sample and consequently applies data mining techniques to process
signals and classify them to a degree that accurately predict the properties of product sheet. To study the data mining efficiency on two-dimensional data, we used
interferometric Scattering microscopy to provide images of different types of biological cell.

1.1

Outline of This Thesis

Chapter 2 presents a brief overview of the instrumentational and computational
methods used in this thesis. The instrumentational section contains an overall description of the development and the concept of vibrational spectroscopy and interferometric scattering microscopy. A discussion of advantages and disadvantages
of vibrational spectroscopy techniques and iSCAT are also provided. The computational section includes one and two dimensional wavelet transform.
Chapter 3 presents a fast computational method, Template Oriented Genetic
Algorithm (TOGA), that permits the accurate determination of a target chemical
species in the presence of interfering substances. We evaluate our feature selection
chemometric method on Raman spectra of a simple biological sample, containing
different monosaccharides.
In chapter 4-6, we have investigated the effectiveness of Raman, NIR and the
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combination of these techniques in classifying pulp spectra to predict the properties
of product sheet in advance of its manufacture. We follow three goals: 1) A better understanding of the effect of morphology or chemical composition parameters
in the physical- mechanical properties of paper sheet. 2) A better understanding
of the influence of pulp processing parameters such as refining process on endpoint product properties. 3) A practical technology to control paper-making process manufacturing with a degree of precision sufficient to enable novel product
development.
Chapter 4 addresses the two limitation factors for a full-scale application of
NIR spectroscopy as an on-line process control tool. These factors are (i) broad
overtone absorption bands and (ii) unrelated variations in NIR spectrum to target
property. The first limitation makes it hard to discern a signature feature. The second limitation modulates the spectrum, and this tends to mask determinate spectral
variation. The present work explores the effectiveness of data processing strategies designed to remove uncorrelated variance from calibration models linking
NIR spectra with standard measures of paper quality, including tensile, tear, burst
strength, wet and dry zero span length, freeness, absorption and scattering coefficients. This reports progress in overcoming the NIR limitations by utilizing the
combination of Orthogonal Signal Correction (OSC) and Discrete Wavelet Transform (DWT) signal processing technique.
Chapter 5 describes the effectiveness of the combination of Raman spectroscopy
and data mining techniques as an online technique in the pulp and paper industry
to predict the final product properties. Raman spectroscopy offers a unique means
to rapidly measure pulp fibre properties and processing-related changes in these
properties. However, characteristically weak signals, overwhelming fluorescence
background, and matrix interference limit the application of Raman as on-line industrial technique. Hence, we combine Raman spectroscopy with TOGA in an
effort to develop an appropriate process control tool for the pulp and paper industry. This chapter analyses Raman spectra of unrefined pulp sample to predict
standard properties of paper made from that pulp at any arbitrary refining energy.
The present study also investigates the effects of chemical bonds and the structure of cellulose fibre on the mechanical properties of refined pulp using TOGA
selected Raman signals.
5

Chapter 6 compares the effectiveness of NIR and Raman spectroscopy in predicting pulp properties by applying the root mean square error of prediction to
evaluate prediction model. Raman spectroscopy provides information with more
details about the relationship between fibre chemical composition and sheet physical properties. The NIR spectra in the other hand offer overlapping spectra limited
to overall information. Then, this chapter uses data fusion to determine whether
combining NIR and Raman spectral information provide prediction models with
improved efficiency in predicting physical paper properties. Chapter 7 investigates
the performance of a new technique, which is a combination of interferometry
scattering microscopy (iSCAT), confocal Raman spectroscopy, and deconvolution
techniques in studying 1. The three-dimensional structure of different cells 2. The
dynamics of the interaction between a live cell and a gold nanoparticle when the
particle enters the cell, is in the cell membrane, and is in the cytoplasm 3. The
chemistry of the regions of the cell in which gold nanoparticles aggregate.
This chapter provides a detailed description of the development and the concept
of iSCAT-Raman together with an extensive comparison with other microscopic
techniques. It also describes in detail the applied deconvolution technique based
on the discrete wavelet transform.
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Chapter 2

Spectroscopy and Chemometrics
2.1

Vibrational Spectroscopy

Vibrational spectroscopy relies on the changes of polarization or dipole moment
during molecular vibration. Two main spectroscopic techniques can detect changes
in the vibrational state of a compound: Raman spectroscopy, which responds to the
changes in polarization, and infrared spectroscopy, which measures the changes in
dipole moment [71, 125, 298, 342]. The study of vibrational spectroscopy began
in 1800 when Sir William Herschel discovered infrared radiation with his wellknown prism and thermometer experiment [255]. In 1930, the Indian physicist
C.V. Raman won a Nobel Prize in physics for his observation in Raman effect
[249, 282]. After the first fully automated IR spectrometer was built at 1940, the
applications of vibrational spectroscopy increased vastly.

2.1.1

The Main Principle

Spectroscopy is the science of the interaction of light and matter through the transfer of energy [73]. The energy of light depends on its frequency as follows:
E = h.ϑ =
Where h is Plank constant in

m2 .kg
s ,

h.c
λ

(2.1)

ϑ is frequency of light in s−1 , c is speed of light

in ms , and λ is wavelength of the light in m.
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Light in many regions of the electromagnetic spectrum excites atomic or molecular transitions corresponding in each case to a form of spectroscopy. Near-infrared
spectroscopy refers to a wavelength range from 780 to 2500 nm while mid-infrared
spectroscopy measures transitions between 2500 and 4000 nm.
To develop a model for molecular vibrations, we start with the simplest possible
vibrating system, a diatomic oscillator. We can write the harmonic vibrational
stretching frequency in terms of a Hooks law force constant, K and for a diatomic
molecule:
1
ϑ vib =
2πc

s

k
µ

(2.2)

reduces mass µ defined as:
µ=

m1 m2
m1 +m2

(2.3)

c refers to the velocity of light, m1 and m2 are the mass of the two atoms.
The force constant relates the strength of a chemical bond in a diatomic molecule.
Equation 2.2 describes the effect of mass on the vibrational stretching frequency.
The wavenumber of the absorption band ϑ is larger for stronger bonds and smaller
reduced mass.
Hooks law defines the potential energy of the harmonic oscillator (V ) as a function of displacement of the atoms and force constant as follows:
1
V = k(r − re )2
2

(2.4)

Where r is the internuclear distance between two atoms, and re is the internuclear
distance between two atoms at equilibrium.
The vibrational energy of a molecular harmonic oscillator is discrete as:


1
Evib = hϑ v +
2

(2.5)

where an integer v defines the vibrational quantum number.
Quantum mechanics supplies an additional constraint for the harmonic oscillator, namely that only transitions between neighboring vibrational levels are al8

lowed.
Figure 2.1 suggests that for a harmonic oscillator, a molecule can absorb infinite energy without dissociation. However, in reality, all chemical bonds break
when enough energy applied to extend the vibrating bond. Figure 2.1 represents the
anharmonic oscillator, which is a modification of harmonic oscillator to consider
bond dissociation.

Harmonic Potential

Anharmonic Potential
Dissociation

Figure 2.1: (left) harmonic model and (right) anharmonic model for the potential energy of a diatomic molecule.
Equation 2.4 is modified to become the following equation by adding higher
order terms of displacement:
V = kx2 + k2 x3 + k3 x4 + · · ·

(2.6)

where k is force constant and k2 and k3 are much smaller than k.
The Morse function uses an experimental equation to approximate an anharmonic potential:
h
i2
V = De 1 − e−a(r−re )

(2.7)

where a is a specific constant for each molecule, and De is the spectral dissociation
energy.
Solution of the vibrational Schrodinger equation for a Morse function potential
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yields:


1
1 2
Evib = hϑ v +
− xm hϑ (v + )
2
2

(2.8)

xm is anharmonicity constant (0.005 < xm < 0.05). The anharmonic model predicts
the occurrence of all transitions between adjacent and non-adjacent energy states.
Figure 2.1 (b) shows in accord with equation 2.8 that energy difference decrease
with increasing quantum number.
Vibrational spectroscopy provides information about chemical bond strength,
the structure of a compound, the functional groups available in a compound, and a
fingerprint for almost every component [27, 47, 146, 245].

2.1.2

Mid Infrared (Mid IR)

A vibration is active when the electric field of incident light displaces atoms in a
vibrational mode , so that the dipole moment of the molecule changes. For fundamental vibrational modes, each vibration must be active to appear in a spectrum.
However, for the overtone and combination terms, only one of the combining vibrations must cause a dipole change. The intensity of IR peaks is correlated with
the degree of anharmonicity and the magnitude of the dipole moment change when
incident light causes molecular vibrations [28, 142, 272].
MIR absorption peaks represent the fundamental vibrational modes in a molecule.
With the exception of homonuclear bonds, almost all chemical bonds appear in
MIR spectra. Hence, MIR yields a fingerprint regime for various functional groups
in a molecule. An infrared spectrum yields information about length and strength
of the bond, and its conformational freedom [31, 150, 191, 233, 254, 260, 299].

2.1.3

Reflectance Methods ( Attenuated Total Reflectance
Spectroscopy)

Fahrenfort and Harrick introduced the concept of total internal reflection in the
1960s [281]. When light at an incident angle of Θ propagates from a medium with
refractive index of n2 toward a medium with lower refractive index of n1 (n2 > n1 ),
total internal reflection occurs at the interface of the two media, if Θ is larger than
critical angle (Θc ) [86]. The critical angle is associated with the refractive indices
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of the two media:
θ c = sin−1



n2
n1


(2.9)

Attenuated Total Reflection (ATR) confines the IR beam in a dense ATR crystal
that is in contact with the sample. Since the refractive index of the crystal is high,
total internal reflection occurs as illustrated in Figure 2.2.

Figure 2.2: Schematic of a multiple reflection in the crystal of high refractive
index in ATR instrument
At each internal reflection, the superposition of the electric field of the incident
and reflected waves results in extending an evanescent field into the sample. The
produced evanescent field inversely depends on the distance from the interface of
the two media:
h i
− dzp

E = E0 e

(2.10)

λ
q
2π n21 sin2 θ − n22

(2.11)

where
dp =

where z is the distance from the interface, E0 is the electric field at z=0 (interface),
d p is the penetration depth, λ is the incident wavelength, θ is the incident angle,
and n2 , n1 are the refractive indices of two media. Penetration depth describes
how far a fraction of the incident beam penetrates into the sample from the interface of sample and crystal. When the sample absorbs a specific wavelength, this
selectively causes energy loss in the beam [127, 151].
The penetration depth is a small distance, so ATR can provide chemical-structure
11

information for highly absorptive or scattering samples [153, 313]. The main shortcoming of this technique is its vulnerability to absorbing light with a lower frequency in the ATR crystal [360].

2.1.4

Fourier Transform Infrared Spectrometer

Conventional IR spectrometry uses a grating to disperse light and select a wavelength, and only the spectral elements of one wavelength are captured by detector at
any time. Interferometry techniques improve the speed of IR measurement due to
their capability for examining all wavelengths simultaneously. FTIR uses a Michelson interferometer (Figure 2.3) to interfere two radiation beams with different pathlengths. The produced signal is a function of the variations of the path-lengths of
two beams. Figure 2.3 schematically describes how a Michelson interferometer
works. A Michelson interferometer contains of one stationary and one movable
mirror, which are placed perpendicularly to each other. An incident light beam
enters the interferometer and a beam splitter lets half the intensity of light transmit
to the fixed mirror, while the other half reflects to the movable mirror. The moving mirror creates a difference in the light path, which causes a phase difference
between two beams which recombine at the beam splitter.

Figure 2.3: Schematic diagram of a Michelson interferometer used in FTIR
technique.
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After the two light beams are reflected by the mirrors through the beam splitter,
they recombine and interfere. Based on the phase difference between two beams,
they interfere constructively or destructively. The beam splitter again transmits
half the intensity of light to the detector and reflects back the other half to the
light source. The result of FTIR instrument is an interferogram which shows the
detected light intensity versus the position of the movable mirror.
The intensity of the detected signal (I (p, ϑ ) dϑ ) is a function of variation in
path length (p) as follows:
I (p, ϑ ) dϑ = I (ϑ ) (1 + cos2πϑ p) dϑ

(2.12)

The detected signal contains signals with different wavenumbers. The total
intensity I (p) Of the detected signal is the sum of all these signals:
I (p) = (ϑ ) (1 + cos2πϑ p) dϑ

(2.13)

Using the standard mathematical solution of Fourier transform, I (ϑ ) can be
calculated as:
Z 

I (ϑ ) = 4


1
I (p) − I (0) (cos2πϑ p) d p
2

(2.14)

A computer, which is interfaced to the spectrometer, performs this transformation [87, 110, 131, 161].

2.1.5

Near Infrared (NIR)

Near infrared spectroscopy is an efficient, non-destructive, and quick technique
that requires no sample preparation. NIR produces complex and broad overlapping
absorption bands representing overtones and combination bands. As mentioned in
the last section, the dipole moment of a molecule should change in order to make it
IR active. In addition to a dipole moment change, NIR requires a large mechanical
anharmonicity of the vibrating atoms. In the anharmonic model, vibrations are dependent to each other and can interact with each other. So, cross-terms from more
than one vibration are required to correct the total vibrational energy described in
Equation 2.8 for an anharmonic system.
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1
1
1
Evib = ∑ h.ϑr vr +
+ ∑∑ h.xrs vr +
vs +
+···
2
2
2

(2.15)

Here, ϑ r is the fundamental frequency and vr is the quantum number of vibrational mode r. xrs is the anharmonicity constant for the interaction between
vibrational modes r and s. NIR measures the interaction of vibrational modes producing overtone and combination terms. In overtone and combination terms, only
one vibration must be active to make the interaction active in NIR, while in fundamental mode all the vibrations must be active. So, some of the vibrations which
are not observable in the middle infrared can be studied in near infrared spectrum
[35, 230, 288]. The S-H, O-H, N-H, and C-H bonds present high anharmonicity and high bond energy to produce fundamental vibrational transitions at higher
wavelengths than 3000 nm. These two features allow us to measure the overtones
and combination tones of the bonds with NIR techniques [134, 136, 259, 338].

2.1.6

Instrumentation

A NIR spectrometer can use a visible-light optical component such as halogen
lamp or tungsten coil as light source. Detectors based on silicon, PbS, and InGaAs
photoconductive materials are appropriate for the NIR region [199].
Different NIR instrumentation use different techniques to produce monochromatic spectra in the NIR region. Conventional NIR instruments disperse the light
using diffraction gratings. To improve the scan speed over a broad NIR range,
Acoustic-Optic Tunable Filter (AOTF) and Fourier- transform (using interferometry) based instruments [42, 185, 283] have been introduced. AOTF allows the
construction of an NIR instrument without any moving parts. Instruments based
on acousto-optical tunable filters are capable of producing very high-speed scans,
appropriate for online applications [111, 248, 351]. Usually more than one filter is
required to identify a complex compound.
Of all the NIR tools, Fourier transform NIR produces the best signal-to-noise
ratio with a precise and accurate wavelength selection, however, it is slower than
AOTF spectrophotometers. Another modern technology in NIR instrumentation is
using LED sources with a band width of about 30-50 nm. LED sources are cheap
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and many of them centered in different wavelengths can be used to cover all the
required wavelengths in NIR region [188, 222].

2.1.7

Raman Spestroscopy and Its Instrumentation

C.V. Raman and K.S. Krishnan were the first scientists who observed the phenomenon of inelastic scattering of light by an object in 1928. Two years later,
Raman won a Nobel Prize in physics for his discovery of this effect, which was
named after him [164, 250].
The interaction of incident light with electrons of a compound generates periodic vibrations in the electrons. Electron vibrations scatter light by producing an
oscillating electric dipole moment. If the scattered light has the same frequency
as incident light, it is called Rayleigh scattering (elastic scattering). Scattering
producing lower and higher frequencies than that of the incident light are known
as stokes and anti-stokes (both are inelastic scattering), respectively. When an
exchange of energy between the incident light and the molecule happens, the scattered light gains an inelastic component, known as Raman scattering [108, 117].

Figure 2.4: Three types of scattering by a molecule excited by a photon with
energy, E = hϑ .
Figure 2.4 illustrates the three types of the scattering. Rayleigh scattering dominates the scattered light, while just 1 out of 106 of incident photons provides
15

Raman scattered light [234]. Raman spectroscopy usually suffers from high fluorescence backgrounds with weak scattering signals. The low cross section of Raman scattering compared to fluorescence causes a large fluorescence background
[119, 247]. Figure 2.5 shows an example of Raman spectra of fibre sample, showing Raman peaks on top of the large fluorescence background. Signal processing
techniques and some modifications in hardware, such as using an incident light
with longer wavelengths, can mitigate the background.

Figure 2.5: Raman spectra of fiber samples with large fluorescent background.

2.1.8

Resonance Raman Spectroscopy

When it derives transition to a virtual state, beneath of an excited electronic state,
the intensity of Raman scatter follows Albrecht-Hutley equation:
"

(ϑ L − ϑ vib )2 ϑ 2e + ϑ 2L
IR ∝
2
ϑ 2e − ϑ 2L

 #2
(2.16)

where, ϑ L is the laser frequency, ϑ vib is the vibrational frequency, ϑ e is the electronic transition frequency.
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ϑ L is usually much smaller than ϑ e , so equation 2.16 can be simplified to:
IR ∝

(ϑ l − ϑ vib )4
ϑ 4e

(2.17)

Equation 2.17 shows that the intensity of Raman signal proportionally increases
by the fourth power of laser frequency. However, higher frequency raises the fluorescence background. So, there is a trade-off between enhancing the signal and
increasing background.

Figure 2.6: A simplified schematic diagram showing light absorption Stokes
and anti-Stokes Resonance Raman scattering (RRS) processes.
Figure 2.6 illustrates the mechanism of UV-Resonance Raman scattering. When
the laser frequency reaches the electronic frequency of the molecule, resonance Raman occurs if the laser frequency has crossed frequencies of vibrational states. In
this condition, Raman scattering is enhanced by 3-5 orders of magnitude [17, 59,
173, 212, 257, 297].

2.1.9

Coherent Anti-Stokes Raman Spectroscopy (CARS)

CARS is a non-linear Raman spectroscopy technique producing an enhanced antistokes Raman signal. CARS applies two coherent lasers to excite the sample. One
of these has a constant frequency and the other has tunable frequency. As Figure
2.7 represents, the difference between two laser frequencies should be chosen to
be equal to the frequency of the specific vibrational energy of the molecule. When
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two lasers with fixed difference in their frequencies (∆ϑ l ) interact with the sample,
they produce a strong anti-stokes scattering signal (wCARS = 2w pump − wstokes ) for
the vibrational mode with the same frequency as ∆ϑ l .

Figure 2.7: Energy level diagrams describing, (left) spontaneous Raman scattering processes, (middle) stimulated Raman scattering (SRS), and
(right) coherent anti-Stokes Raman scattering (CARS).
The main shortcoming of CARS is a large background contributed from the
matrix and other vibrational modes [32, 54, 203, 223, 258, 365].

2.1.10

Stimulated Raman Scattering (SRS)

In SRS, similar to CARS, two stokes and pump beams excite the sample. However,
in SRS instead of two pump photons just one pump photon interacts with the stokes
photon.
An SRS signal is generated when wSRS = w pump − wstokes matches a specific
vibrational response based on the energy exchange between stokes and the pump
light beams. The intensity of the scattered light at the pump frequency loses energy
(SRL: Stimulated Raman Loss), causing a gain in the intensity of the scatter light
at stokes frequency (SRG: Stimulated Raman Gain).
The advantage of SRS over CARS is that SRL and SRG occur only if wSRS =
w pump − wstokes matches a vibrational mode in the molecule. So, SRS is free from
non-resonance background [95, 123, 186, 261, 330, 333].
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Figure 2.8: Diagram of stimulated Raman scattering principle. It describes
that SRS signal is generated when a specific vibrational response based
on the energy exchange between stokes and the pump light beams.

2.1.11

Surface Enhanced Raman Spectroscopy (SERS)

One of the most well-known and widely used techniques to enhance a weak Raman signal is SERS. According to the quantum mechanical expression (equation),
Raman scattering intensity is proportional to the induced dipole moment:
I = Nl

64π 2
(ϑ 0 ± ∆ϑ )4 |Plm | 2
3c2

(2.18)

Where Nl is the number of molecules in the initial state, ϑ 0 is the frequency of
the incident light, ∆ϑ is the Raman frequency shift, and Plm is the induced dipole
moment.
On the other hand
Plm ∝ Eα 0

(2.19)

Where E is magnitude of the electric field, and α 0 is the polarizability.
Equation 2.19 explains that the induced dipole moment is proportional to E
and α 0 . Using equation 2.19 and 2.18 brings the conclusion that by increasing the
electric field, the Raman signal is enhanced. Using a rough surface of metal can
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increase the electric field. Two mechanisms can explain this effect:
1. The incident photons excite the conduction electrons located at the surface
of the metal and cause a plasmon resonance. The created plasmon resonance
polarizes the surface and results in a large electromagnetic field.
2. The metal and the adsorbed molecules interact in transferring charge, causing an increase in the molecule polarizability.
The most common nanostructure metals used for SERS are gold and silver
nanoparticles. Gold and silver nanoparticles enhance the Raman scatter by the
order of 3-6 [213].

2.1.12

Confocal Raman

Marvin Minsky introduced confocal scanning microscope in 1957 [196]. In wide
field Raman, a relatively large part of the sample is illuminated at once that scatters
back a large amount of light. In confocal microscopy, the incident light illuminates
a single point and collects the scattered light from that single point. Figure 2.9
illustrates that by setting a pinhole between the objective and the sample, a wide
field microscope can be modified to become a confocal microscope. The pinhole
blocks out all of the unfocused scattered light. Only the scattered light collected
from the confocal plane reaches the detector. This characteristic of confocal Raman
gives it contrast and increases its ability to construct a 3D image [84, 158].
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Figure 2.9: A schematic of conventional (left) and confocal (right) Raman
instrument. In Confocal Raman just focused scattered light would be
detected by detector.
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Table 2.1: Comparison of potentials, advantages and disadvantages of three different vibrational spectroscopic techniques (Raman, MIR, and NIR).
Technique

Raman

Based on

Scattering

Activation condition
22

Signal intensity
Bonds (most
applicable)
Shape of signal
Selectivity
Particle size
Interference
Online technique

Change of
polarizability
Poor

MIR
Absorption (basic
vibration)
Change of dipole
moment
Good

NIR
Absorption (overtones
and combination tones)
Change of dipole
moment
Good

Homonuclear bonds

Polar bonds

H-containing bonds

Well- resolved
High
Independent
Fluorescence
background
Yes

Well- resolved
High
Dependent

Overlapped
Low
Dependent

Water peak

Water peak

Usually not

Yes

2.2

Interferometric Scattering Microscopy (iSCAT)

Single molecule microscopy has emerged as an important tool in an increasing
number of complex material imaging applications [226]. Most of the single molecule
detection methods rely on Fluorescence. However, fluorescence suffers drawbacks
including limited flux and the necessity in most cases to introduce fluorescent labels; the object of interest must be labeled with a fluorescent marker. Fluorescent
markers are single quantum emitters, and are able to emit a certain number of photons per unit time. The necessary condition for photon emission is the population
of an excited electronic state. Photochemical effects can limit the yield of emission
photons. These limitations result in increasing the required observation time of a
single emitter to the order of a minute [79, 96, 204]. For a practical fluorescence
microscopy, the achievable speed and localization of a single molecule roughly
follow this equation:
1

σ (time, space) = 1nmHz− 2

(2.20)

If high localization accuracy is desirable, imaging at high speed is ineffective.
Therefore, this trade-off limits the applicability of fluorescence to studying the
dynamics of many biosystems, where many processes occur at very fast rates [166,
167, 276, 355].
Extensive research has been carried out to develop an optical technique that
avoids the limitations of fluorescence [3, 19, 287, 295]. Scattering microscopy
offers a useful alternative, because detection and localization are limitted only to
the incident photon flux. Two scattering microscopies are of particular interest:
pure scattering based, and interferometric techniques. Unlike in fluorescent microscopy, the photon flux in scattering techniques is only restricted by the amount
of incident power striking the object, and the scattering cross section of the object
[118, 273, 289].

2.2.1

Pure and Interferometric Scattering Microscopy

Scattering microscopy can be considered as an alternative approach to fluorescence
because only the incident photon flux limits detection and localization. We can
tune the power of incident light to achieve a required scattered photon flux. This
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advantage of scattering over fluorescence makes it theoretically possible to achieve
unlimited temporal and spatial resolution. However, in a practical experiment,
background scattering limits the signal to noise ratio, and consequently limits detection and localization.
In scattering techniques, the number of photons observed by the detector varies
with incident light access to:
h
i
N = Ni ζ 2 + |s| 2 + 2ζ |s| cos ∆φ

(2.21)

where s is the scattering amplitude, Ni is the number of photons in the incident
light beam, ∆φ refers to the phase difference between the reference and scattered
electric fields, and ζ refers to background (reference term).
In the configuration of a pure scattering technique known as dark-field microscopy, the only light detected is light scattered by the specimen, due to rejection
of illumination light coming from the background. So, the detected signal for pure
scattering depends for the most part on the term |s| 2 , while for interferometric scattering, the reference term ζ 2 dominates the signal. Therefore, we can simplify the
above equation for the two scattering approaches as follows:
Dark–field:
N ≈ Ni |s| 2

(2.22)

h
i
N ≈ Ni ζ 2 + 2ζ |s| cos ∆φ

(2.23)

Interferometric Scattering:

The background term has no information about the sample, so that the interference term is the only contribution includes information of the specimen. Thus,
the signal produced by the sample appears as a small variation on top of the large
background. The ratio of the signal term to the background term, in other words
the signal contrast, is described as:
contrast =
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Is
Ib

(2.24)

For pure scattering:
s2
ζ

(2.25)

|s| cos∆φ
ζ

(2.26)

contrast =
For interferometric scattering:
contrast = 2

For objects with diameters smaller than the wavelength of the incident light,
the scattering amplitude depends on the size of the object as follows:
s = γε m (λ ) π

D3 ε p (λ ) − ε m (λ )
2λ 2 ε p (λ ) + 2ε m (λ )

(2.27)

where s relates to dielectric constant of the particle, ε p , and the medium ε m . γ is a
proportionality constant related to polarizability, and λ is the incident wavelength.
Equations 2.25 and 2.26 show that for interferometric scattering, the signal contrast is linearly proportional to the scattering amplitude, and consequently based on
2.27 signal contrast is proportional to the particle diameter cubed. However, the
proportionality of signal contrast to particle size increases to the sixth power for
pure scattering.
This makes a big difference between interferometric scattering and either darkfield or fluorescence. While fluorescence and dark-field typically have zero background, interferometric scattering deals with a large background to provide good
signal contrast.
The limitation of pure scattering-based techniques is their high dependency
on the size of the object. Interferometric scattering improves this limitation and
decreases the order of the relation of the size with the intensity. However, in interferometric scattering, the background signal typically overwhelms any signals
derived from sample features. Fortunately, the background signal is almost constant and can be removed by differential imaging [140, 237, 364].

2.2.2

Disadvantages of Scattering Methodologies

The previous section discussed the limitations of fluorescence and how scattering
approaches can overcome these shortcomings. However, scattering microscopy
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suffers from some disadvantages such as:
• Scattering is non-specific in the detection of single objects, information readily available with fluorescence.
• Scattering is strongly dependent on object size.
• Scattering suffers from high background noise and spurious reflections.
• Scattering efficiency is dependent on the interaction of the incident light with
a single object, which is wavelength dependent.
For much smaller particles compared to the wavelength of light, the detected
scattered light is given by
E = s.Ei = s.Ei exp (iφ )

(2.28)

E = sEi = sEi exp (iφ )

(2.29)

Using general Mie theory to explain the scattering of all objects with mismatched refractive indices with their surroundings, the scattering amplitude can be
given by:
n2p − n2m
σ = |s| ∝ V 2
n p + n2m
2

2

2

(2.30)

Here, n p and nm denotes the refractive indices of the object and the medium,
respectively. The scattering amplitude depends on the refractive indices of medium
and object, which are wavelength dependent [18, 38, 67, 140, 198, 209, 237, 364].

2.2.3

Using Gold Nanoparticles to Address the Size Dependency of
Scattering Techniques

Gold nanoparticles scatter visible light strongly owing a surface plasmon resonance
phenomena. At the frequency of visible light around 500 nm, gold nanoparticles
have a high polarizability, which causes an enhanced scattering amplitude. This
allows the observation of very small particles with the same scattered photon flux.
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For example, a 40 nm gold nanoparticle in water scatters light with an amplitude
roughly equal to that of a 160 nm diameter of silica bead [140, 176].

2.2.4

Addressing the High Dependency of Dark-Field on Particle Size

In this section, we introduce interferometric scattering as a method developed to
minimize the limitations of pure scattering microscopy. As discussed in the last
section, dark-field microscopy removes the background light whereas interferometric scattering collects both background light and object scattered light. As mentioned before, the detected light in interferometric scattering relates to the incident
field, Ei , by:
h
i
Idet = |Er + Es | 2 = |Ei | 2 ζ 2 + |s| 2 + 2ζ |s| cos ∆φ

(2.31)

where ∆φ is the phase difference between scattered and reflected electric fields.
For a glass-water interface, the term ζ is roughly equal to 0.065 while the s
term for a particle smaller than 50 nm is much smaller than 0.065. Comparing the
signal contrast of interferometric scattering with dark-field scattering shows that
the contrast scales linearly with scattering amplitude while in dark-field it scales
with scattering amplitude squared. Consequently, instead of depending on D6 as
in dark-field, interferometric scattering depends on D3 . This decrease in the order
of size dependency makes interferometric scattering able to detect an object as
small as 5 nm. This size limit is an order of magnitude smaller than the size of the
smallest detectable object by pure scattering [15, 97, 167, 208, 291].

2.2.5

History of Interferometric Scattering

Curtis introduced first interferometric scattering detection in 1965 with a technique
called interference reflection microscopy (IRM) [67]. Ploem developed this technique by introducing anti-flex illumination scheme [239]. Kukura and Sandoghdar
used a coherent light source to improve the contrast of iSCAT compared to the
aforementioned interferometric techniques [229].
Most reported applications of iSCAT track the lateral position of a specimen
in a large heterogeneous system. This is well suited to biological applications,
to develop transport models for different biological samples. Ortega-Arroyo and
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coworkers attached gold nanoparticle to the object of interest, such as single lipid,
to study its dynamic motion [15, 28, 97].
Most of the studies utilizing iSCAT have emphasized the use of nanoscopic
labels; however, iSCAT applications can extend to any molecule of interest. When
the refractive indices of an object and its surroundings are mismatched, the object
can scatter a portion of the incident light, making it detectable by iSCAT.

2.2.6

Combined iSCAT and Confocal Raman Microscopy

As mentioned in the last section, iSCAT collects back-scattered light from the sample and compares the phase information to a reference field to create an image. The
result is a wide field view of a label-free live sample capable of video frame rates in
real time. However, iSCAT images do not contain any chemical information apart
from the refraction index difference. On the other hand, Raman spectroscopy is
a powerful method for label-free imaging and for gathering chemical information
about a sample, but is limited by long acquisition times. In a Raman mapping experiment, it is important to validate that the system being studied does not change
dramatically on the timescale of the measurement owing especially to the incident
laser excitation energy. The shortcomings of Raman makes Interferometric scattering microscopy (iSCAT) a useful complementary imaging technique. The combination of these two techniques provides a real-time image of a sample together
with the Raman spectrum of the region of interest.
A continuous wave 532 nm diode-pumped solid state (DPSS) laser, and a
Helium-Neon laser emitting at 632.8 nm, for iSCAT microscopy and confocal Raman microscopy, respectively. Figure 2.10 depicts the experiment setup of iSCATRaman. All the optics are mounted on an isolated optical table to minimize the
vibrational effects on the measurement. A combined piezoelectric and mechanical translation stage moves the sample in x, y, and z -directions relative to a fixed
objective.
We use two perpendicular Acousto-Optic beam Deflector (AOD) crystals to
raster the iSCAT illumination beam across the entrance aperture of the objective
in a rectangular shape, at a fixed frequency. The selected frequency is much faster
than the exposure time of the CMOS detector. This allows us to obtain wide-field
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images. In our iSCAT-Raman set up, both X and Y AODs with model (450705-6.5DEG-.63) by Gooch and Housegeo operate that the frequency between 50
and 90 MHz provided by two Voltage-Controlled Oscillators (VCO). An Olympus
PLAPON 60X0 infinity-corrected oil-immersion objective with the high numerical
aperture of 1.42 focuses the iSCAT and Raman beams onto the sample. However,
the magnification of this objective is 60x, the higher numerical aperture yields
focus with high light collection efficiency forms a tight diffraction limit .
A high-speed CMOS (PtGrey- model GS3-U3-41C6M) camera was chosen as
the iSCAT detector due to its high achievable readout rate of about 22 microseconds. Depending on the application of iSCAT we are using, we adjust the pixel
resolution of camera. For most applications, a resolution of 80-100 nm per pixel,
with a pixel-to-pixel signal variation of 0.1 % , would be desirable. In theory, with
the assumption of a shot noise limited measurement, the collection of 106 photons
per pixel provides this 0.1 % variation. However, most CMOS sensors have well
capacities in the range of tens to hundred thousands of photoelectrons. To deal with
this limitation, we bin 9 neighboring pixels together, yielding a super pixel, with
the number of photoelectrons close to 106 . This approach requires triple magnification, leading to the pixel resolution of 33 nm. In our setup, we used an imaging
lens to achieve the necessary magnification.
A monochromator (IsoPlane SCT 320) with an attached CCD camera (PIXIS
100BX) was served as a spectrometer for Raman. The CCD has an imaging area
of 26.8 by 2.0 nm with an accuracy about 0.1 nm. The high-NA oil immersion
objective focuses laser light on sample and collects scattered signal. This objective
is apochromatic to correct both chromatic and spherical aberration [57].
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Figure 2.10: Schematic diagram of the combined iSCAT-Raman microscope, including lasers operating at 532 nm
(iSCAT) and 633 nm (Raman), acousto-optic beam deflectors (AOBD), long-pass filters (l p f ), CMOS cameras
for iSCAT and Bright-field, confocal apparatus, and spectrograph. Note that the bright-field system is peripheral
and was not used in the present research.

2.2.7

Limitations of iSCAT

In theory, the only factors limit the quality of an image and the rate of image
acquisition by iSCAT are shot noise and the frame rate of the camera, respectively.
The signal to noise ratio of an image depends linearly on the root of the number of
photoelectrons detected by the camera and on the signal contrast according to the
following equation:
SNR = S ∗ N

−1
2

(2.32)

An increase in laser power improves N and consequently localization precision.
In reality, however, background scattering limits the SNR and localization. Different factors such as reflection from dust and the aperture (such as lenses in the
objective), refractive index changes at different depths of a sample, and limited
capability of objective in collecting light, all deteriorate the expected theoretical
SNR [229].

2.3
2.3.1

Factors Affect the Quality of Images
Point Spread Function Mode

When light is emitted from a small source, the objective is not able to focus light
onto an extremely small point in the image plane. Because light waves converging
on the focal plane interfere to yield a diffraction pattern of light. The pattern contains concentric rings of light surrounding a bright disk in the center. The disk is
called an Airy disk, and its size depends on the numerical aperture of the objective.
For a perfect optical system with no spherical aberrations, the diffraction pattern
looks symmetric and periodic in the axial and lateral planes. Depending on the
type of microscopy being used, the diffraction pattern can take different shapes.
Hourglass or football shapes are the most common diffraction patterns in the axial
direction. The axial shape of the point spread function (diffraction pattern) limits
the ability of system to resolve two objects which are close to each other. How
close two objects can be while still being resolved is known as axial resolution,
defined as:
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2λ n
(2.33)
NA2
Here, NA denotes the numerical aperture, n the refractive index of the medium,
raxial =

and a given wavelength. The two dimensional point spread function of an aberrationfree optic can be described as:
Z 2

h (ϑ ) = 2
1

which

P (ρ) J0 (ϑ , ρ) ρ dρ
p

ρ=

x 2 + y2
a

(2.34)

(2.35)

and
ϑ=

2πNA p 2
x + y2
λ

(2.36)

Here, P denotes the circular pupil function of radius a, λ the emission wavelength, and J0 the first order Bessel function. Equation illustrates that point spread
function depends on emission wavelength and numerical aperture [77, 239, 294].

2.3.2

Aberration in Image Formation

Most objects, especially biological specimens, have different refraction indices in
different layers of the object. When light passes through these kinds of the objects,
optical paths diverge from the optimum path for the objective, causing spherical
aberration. The only Z plane with no spherical aberration is the one just above the
coverslip. Spherical aberration affects the shape of the axial point spread function.

2.3.3

Chromatic Aberration

Two factors cause chromatic aberration: a) the light source contains multiple wavelengths, i.e. it is not a line source. An objective does not focus all the wavelengths
in exactly the same spot; different wavelengths have different optical paths. B)
Different wavelengths have different refractive indices, leading to different focal
lengths. The refractive index increases by decreasing the wavelength. Using a
monochromatic light source is the best correction for this aberration. Achromatic
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Figure 2.11: Schematic diagram of chromatic aberration of a single lens
lenses are also able to reduce chromatic aberration [163, 357].

2.3.4

Spherical Aberration

The geometry of a lens causes spherical aberration, because of the higher refraction
of light at the periphery (near the edge of the lens) rather than the central portion.
This difference in refraction causes light rays focus at different points.
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Figure 2.12: Schematic diagram of spherical aberration of a single lens
To minimize this aberration, using an aperture to restrict incident light to the
centre of the objective is common. Aspheric lenses can also be used to reduce
spherical aberration [154, 263, 279].

2.3.5

COMA Aberration

Different lens zones have different magnifications, which causes an axial -comet
like image at some distance from the principal axis of the system.
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Lenses with wider apertures cause greater COMA aberrations. So, this aberration can be minimized by reducing aperture size [279].

Figure 2.13: Schematic diagram of coma aberration of a single lens

2.3.6

Astigmatism

Rays that travel along perpendicular planes have different focal points, leading to
image stretching in one direction at one focal plane, and an opposite direction at
another plane. Astigmatism reduces the sharpness of an image.

Tangential

Sogittal

OpicalAxis

Figure 2.14: Schematic diagram of astigmatism effect
Imperfect lens surfaces cause astigmatism. So, using lenses with perfect surfaces decreases astigmatism [353].
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2.3.7

Noise in Image Formation

Two features of spectroscopy produce noise: the quantization of light as photons,
and the conversion of photoelectron charges to a pixel. Four main types of noise
deteriorate the quality of an image including: thermal noise, shot noise, dark current noise, and readout noise. iSCAT images suffer mostly from shot noise, with
random-count characteristics.

2.3.8

Shot Noise

The detector receives photons and converts them to photoelectrons. The spontaneous rate of conversion corresponds with the incident power at the detector, as
follows:
α (t) =

η (λ )
W (t)
hν

(2.37)

Here, η (λ ) denotes the detector quantum efficiency, α (t) the instantaneous
conversion rate, W (t) the instantaneous incident power at the detector. Equation
2.37 shows that instantaneous rate is proportional to the instantaneous incident
power. Photons striking the detector occurs at random intervals, making W (t) a
stochastic parameter. Therefore, the number of photons striking the detector and
consequently the number of generated photoelectrons varies during the detector
integration time. These fluctuations generate shot noise in an image. Shot noise
degrades the signal to noise ratio and the contrast of an image. The exposure time
and light intensity affect shot noise in a way such that lower exposure time and
light intensity decreases the image contrast. The root-mean-square of shot noise
is proportional to the square root of the image intensity. Shot noise per pixel is
independent from other pixels and follows a Poisson distribution [78, 145, 280].

2.3.9

Thermal noise (Johnson-Nyquist Noise)

Thermal noise is a Gaussian additive noise which is independent at each pixel and
independent of the signal intensity. The finite temperature of the charge carriers
causes a small current to flow in a circuit. Thermal noise is a random noise and
falls in a Gaussian distribution over time.
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2.3.10

Dark Current Noise

The thermal energy in detector creates electrons over time that are not produced by
light striking the detector. The detector captures these electrons and counts them
as signal. Thus, even in the absence of light, a signal can be detected due to the
thermally generated electrons. The rate of thermally generated electrons increases
exponentially with temperature. The dark noise has a similar characteristic to shot
noise: both are sources of Poisson noise. Averaging several dark frames together
reduces the dark current noise.

2.3.11

Readout Noise

During the photoelectron digitization process, readout noise arises due to the lack
of capability of the amplifier to measure the charge in the clump of electrons perfectly. There is a random fluctuation in the amplified readout. It is independent on
the exposure time and the intensity of the detected photons.

2.4
2.4.1

Wavelet Transfrom
Fourier Transform (FT)

The Fourier Transform employs an infinite summation of sines and cosine functions, as basic functions, to extract dominant underlying frequencies in a signal. Given the embedded trigonometric waveform properties in its construct, the
Fourier Transform is well suited to study stationary signals where there could be
an infinite appearance of all frequencies. Hence, the Fourier Transform assumes
that the underlying information is global which makes it less applicable to signals
with localized information. The transformation of a time-domain single-value realvariable function f(t) to a frequency-domain single-value complex-variable function F(w) via the Fourier Transform is given by

Z +∞

F (w) =
−∞

f (t) e− jwt dt =

Z +∞

f (t) [cos (wt) − jsin (wt)] dt

−∞
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(2.38)

where j is the complex number. The integration procedure involved in the Fourier
Transform is commonly known as the inner product of f(t) and e− jwt , which is
basically a measure of the similarity of two functions; the higher the value of the
integral, the higher the similarity (local matching) between the two functions. So,
the integration procedure serves to decompose the original signal f(t) to a linear
combination of trigonometric functions of different frequencies. The outcome of
the inner product for a given frequency w0 is called the Fourier Coefficient corresponding to the frequency w0 . If the original signal contains significant information
around the frequency w0 , then the plot of |F(w)|, the magnitude of complex function F(w), in the frequency domain contains a large local value at w0 compared to
|F(w)| at other frequencies.
To illustrate this procedure, the signal f (t) = 0.6 ∗ sin(2 ∗ pi ∗ 30 ∗ t) + sin(2 ∗
pi ∗ 80 ∗ t), and X = S + 2 ∗ randn(size(t)) as white noise; which is composed of
two frequencies f1 = 30Hz and f2 = 80Hz, is superposed with a random function,
shown in Figure 2.15(a). The original signal underlying frequencies are no longer
identifiable in the new signal due to the existence of the background noise. The
power spectral density function of the discrete Fourier Transform of this signal is
able to reveal the underlying frequencies, shown in Figure 2.15(b).

Figure 2.15: Illustration of the decomposition of an apparently random signal
(left) to its principal underlying frequencies at f1 = 30 Hz and f2 = 80
Hz (right).
As stated above, the single-variable complex-valued Fourier Coefficients exists
purely in the frequency domain. There are a large number of applications, such as
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image, voice, in which information is distributed both in time and frequency. The
windowed Fourier Transform (aka short-time Fourier Transform) and the wavelet
transform are constructs similar to the Fourier Transforms aiming at information
containing both time and frequency. These are the subject of the following sections
[48, 76, 175].

2.4.2

Short-Time Fourier Transform (STFT)

All Fourier coefficients in equation 2.38 are obtained by integration over time and
as a result are time independent subject to stationary analysis. In reality, a signal
might last for only a short interval or could occur at irregular intervals. The Fourier
Transform can still provide the frequency content of a non-stationary signal, however, is not able to provide useful information about the duration of the signal or
the beginning and end of an intermittent signal. These deficiencies of the stationary
Fourier Transform analysis are removed by the non-stationary Short-Time Fourier
Transform, where the transform is a function of both time and frequency. To do so,
a time function also known as a window function is considered and shifted in time
by to center around t=τ. The original Fourier Transform, equation 2.38, is now
written as
Z +∞

F (w, τ) =

f (t)g(t − τ)e− jwt dt

(2.39)

−∞

The window function can be considered as a temporal weight function for the
original function f(t). The window function, lives on a short internal centered
around t=τ, construct a proper time resolution within the original signal. The
smaller the window size, the higher the time-resolution. Clearly, there is a compromise between time-content and frequency-content of the original signal, known
as uncertainty relationships between the time and frequency support of a signal:
the broader support in time (lower resolution) results in a narrower support (higher
resolutions) in frequency, alternatively, a smaller window size improves time resolution while resulting in lower resolution in frequency . This shortcoming of STFT
is relatively resolved by the Continuous Wavelet Transform (CTW), described in
the next section, by incorporating variable-sized windows in its formulation; long
time intervals are used when low-frequency information is required while short
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time intervals are used for regions with high-frequency information [9, 109, 216].

2.4.3

Continuous Wavelet Transform (CWT)

The Continuous Wavelet Transform similar to FT and STFT employs the inner
product of the original signal with a multivariable weight function. One may consider the temporal window function of STFT in equation 2.39 as the weight function for the complex exponential e(− jwt) function and re-write equation 2.39 as
Z +∞

F (w, τ) =
−∞

f (t)kτ,w dt

(2.40)

where
kτ,w = g(t − τ)e− jwt

(2.41)

which can be replaced by the following


1 ∗ t −b
kb,a (t) = √ Ψ
a
a

(2.42)

to construct the Continuous Wavelet Transform (CWT) as

Z +∞

CW T (a, b) = CW T (a, b; f , ψ) =
−∞



Z +∞
1 ∗ t −b
∗
dt =
f (t) √ Ψ
f (t)ψa,b
(t)dt
a
a
−∞
(2.43)

where a is the window size or the dilation parameter and b is the location parameter
denoting to the translation in time. The asterisk indicates that the complex conjugate of ψ, the mother wavelet, is used in the transformation. An increase in the
dilation parameter expands the wavelet in time (lengthening of time periods) while
contracting its frequency spectrum; the dilation parameter is inversely proportional
to all the characteristic frequencies. Hence, to detect coarser features of a signal
by wavelet coefficients, a more stretched wavelet is required. Clearly the CWT
coefficients are dependent on the choice of the mother wavelet. The choice of the
wavelet usually depends on desirable features of the original signal to be detected
by the CWT.
Figure 2.16 shows some wavelets that are used in the following chapters of
this thesis. The wavelet shown in Figure 2.16 (a) is appropriate for a signal con39

taining abrupt discontinuities, while the wavelet in Figure 2.16 (b) is for a signal

Ψ(X)

Ψ(X)

possessing smooth oscillations [68, 81, 328].

X

X

(a)

(b)

Figure 2.16: Examples of mother function of wavelet suited for signal with
a) abrupt discontinuities , b) smooth oscillations
To recover the original signal from its wavelet transform, the CWT are integrated over all scales and locations as follows
f (t) =

1
cg

Z +∞
−∞

t
CW T (a, b)ψa,b

da.db
a2

(2.44)

where cg is the admissibility constant defined as
cg =

Z π
|ψ̂(w)|2

w

0

(2.45)

dw

and ψ̂(w) is the Fourier Transform of ψ(t), i.e.,
Z +∞

ψ̂(w) =

ψ(t)e− jwt dt

(2.46)

−∞

For example, the value of Cg for the Mexican hat (t) = (1 −t 2 )e
derivative of the Gaussian function e

−t 2
2

−t 2
2

, the second

, is equal to π. Note that the total energy of

a wavelet could be obtained in the time-domain or the frequency domain as
Z +∞

E=

|ψ(t)|2 dt =

−∞

Z +∞
−∞
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|ψ̂(w)|2 dw

(2.47)

2.4.4

Discrete Wavelet Transform (DWT)

The CWT discussed in the previous section was a two-parameter representation of
a continuous function f(t). However, data in many applications are represented by
a finite number of values, where it is possible to reconstruct the data using infinite
summations of discrete wavelet coefficients. To this end, the scale and location
parameters are first discretized as
m
a = am
0 , b = nb0 a0

(2.48)

where the integers m and n are, respectively, the control parameters for dilation
(scale index) and translation (location index). a0 > 1 and b0 > 0 are, respectively,
a fixed dilation step parameter and a fixed location parameter. The discrete wavelet
transform cm,n , known as detail coefficients, using the discrete wavelets is then
Z +∞

cm,n =

−∞

t − nb0 am
a
0
f (t) p m ψ(
)dt =
am
a0
0

Z +∞
−∞

f (t)ψm,n (t)dt

(2.49)

and the original function f(t) can be reconstructed using the inverse discrete wavelet
transform as follows
m

f (t) =

∞

∑ ∑

cm,n ψm,n (t)

(2.50)

m=−∞ n=−∞

given the wavelets are orthogonal to each other and normalized to have unit energy,
i.e.
Z +∞
−∞


 1, i f m = n and m0 = n0
ψm,n (t)ψm0 ,n0 (t)dt =
 0, otherwise

(2.51)

The choices of a0 = 2 and b0 = 1 for the wavelet discretization is referred to dyadic
grid arrangement giving the following scaling function (or orthogonal dyadic discrete wavelet)
1
Φm,n (t) = √ φ (2−mt − n)
2m
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(2.52)

Figure 2.17: Multiresolution decomposition of a Raman signal of a pulp sample using symlet 5 as wavelet function

2.4.5

Two-Dimensional Wavelet Transform

Many applications produce and display information in two-dimensional arrays, requiring a two-dimensional discrete wavelet transforms and algorithms. One of the
most commonly used arrangements, termed a separate transforms, use the twodimensional scaling function compared of the same scaling function in the horizontal and vertical directions. Thus for a two-dimensional scaling function
φ (x, y) = φ (x)φ (y)

(2.53)

the detail function is obtained from the following two dimensional horizontal, vertical and diagonal wavelets: (horizontal)
φ (x, y)h = φ (x)ψ(y)

(2.54)

ψ(x, y)ϑ = ψ(x)φ (y)

(2.55)

(vertical)
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(diagonal)
ψ(x, y)d = ψ(x)ψ(y)

(2.56)

where x and y represent spatial Cartesian coordinates. The multiresolution decomposition of the two-dimensional coefficient matrices can be expressed as
Sm+1,(n1,n2) =

1
∑ ck1 ck2 Sm,(2n1+k1,2n2+k2)
2∑
k1 k2

(2.57)

h
Tm+1,(n1,n2)
=

1
∑ bk1 ck2 Sm,(2n1+k1,2n2+k2)
2∑
k1 k2

(2.58)

v
Tm+1,(n1,n2)
=

1
∑ ck1 bk2 Sm,(2n1+k1,2n2+k2)
2∑
k1 k2

(2.59)

d
Tm+1,(n1,n2)
=

1
∑ bk1 bk2 Sm,(2n1+k1,2n2+k2)
2∑
k1 k2

(2.60)

where k1, k2 are the scaling coefficient indices and n1, n2 are the location
indices at level m+1 [189, 303].
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Chapter 3

Template-Oriented Genetic
Algorithm Feature Selection of
Analyte Wavelets in the Raman
Spectrum of a Complex Mixture
We introduce a fast computational method for feature selection that facilitates the
accurate spectral analysis of a chemical species of interest in the presence of overlapping uncorrelated variance. Using a genetic algorithm in a data-driven approach,
this method assigns predictors according to a template determined to minimize
prediction variance in a calibration space. Termed, Template Oriented Genetic
Algorithm (TOGA), this method establishes features of greatest significance and
determines their optimal combination. We demonstrate the efficacy of TOGA for
a set of model systems in which we seek to quantify a target monosaccharide in
mixtures containing other sugars added in random amounts. The results establish
TOGA as an effective and reliable technique for isolating the spectra of specified
substances in complex mixtures.
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3.1

Introduction

Saccharides and polysaccharides (glycans) represent a large class of organic substances in which small variations in structure give rise to an enormous functional
diversity. It remains an important challenge in glycobiology to find efficient analytical techniques by which to structurally elucidate saccharide and polysaccharide
isomers with similar chemical and physical properties. Exacting methods of glycan detection often involve wet-chemical steps of derivitization, separation and
linkage analysis in combination with mass spectrometry and NMR spectroscopy
[215]. However, procedures such as these come at a cost associated with the need
for large samples and long analysis time by skilled personnel.
Non-destructive spectroscopic probes can provide information of utility for
broader classification or screening purposes. Among such techniques, Raman spectroscopy offers advantages for the analysis of biological substances. It requires little or no sample preparation and collects a relatively small background signal from
water [33]. Raman calibration models accurately predict glucose concentrations
in pure water to physiological levels [82]. With a sufficient data base of authentic
standards, one could imagine Raman assays for polysaccharide identification and
monosaccharide quantification [214, 275, 337, 359].
However, most biological substances apart from water exhibit about the same
mass-equivalent spontaneous Raman scattering response, and this uniform intensity of signal causes difficulties for the analysis of complex materials. Samples of
mixed composition present overlapping Raman bands, creating a need for discerning analysis
Conventional spectrometric determinations often default to linear regression
models that refer to the relative intensity of a single feature. Such classification
models that rely on univariate analysis suffer most from spectral overlap. Substances in a mixture signal their presence by signals at different Raman scattered
wavelengths, and measurements geared to a multivariate analysis of the spectrum
as a whole yield far better results for mixtures of varying composition.
Biological systems often present natural variations that bear no relationship to a
determination of interest. Such variations give rise to Raman spectral features that
change in a manner that does not correlate with changes in an analyte or property
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targeted for classification. Such uncorrelated variations degrade the quality of a
calibration model. For cases in which uncorrelated variations appear in spectral
regions apart from structure signifying the target analyte or property, selecting an
appropriate subset of the most correlated features yields a more accurate, more
robust multivariate calibration model.
However, feature selection carries with it the risk of losing relevant information. Chemometric approaches enable the analyst to make such decisions with
greater reliability [85, 144, 165]. Standard techniques include, iterative variable
selection (IVS )[177], iterative predictor weighting (IPW)[50, 183], uninformative variable elimination (UVE)[43, 46], GOLPE [30, 60], and interactive stepwise
elimination (ISE)[92, 93], stepwise selection forward (SVS) [56], or elimination
backward (BVE) [180, 304], and stepwise interval partial least-squares (backward
or forward:BiPLS or FiPLS) [200, 225] .
These methods represent modelwise elimination approaches [93]. That is to
say, instead of selecting a subset of features, (e.g. intensity values in the space of
Raman wavelengths), these methods offer ways to eliminate useless predictors in
the calibration algorithm; they exclude useless features according to their coefficients in a regression. In so doing, these methodologies make strong assumptions
about the spectral parameters, such as peak widths, and this can give rise to problems when the character of the fitness space is unknown.
The use of a genetic algorithm provides a means to deal with this limitation.
This approach applies the principle of natural selection to choose features without
making any assumption about the search space [171, 197, 220]. Genetic algorithms differ from the conventional feature-selection methods in several important
ways. The methods mentioned above select single variables scattered throughout the spectrum, with the assumption that no correlation exists among variables.
Variables selected by a genetic algorithm tend to concentrate in spectral regions of
greatest relevance [107, 170]. Genetic algorithms use payoff information, defined
by a fitness function, instead of derivatives or other auxiliary knowledge. In addition, genetic algorithms use probabilistic transition rules, whereas most methods
use deterministic ones [181, 182].
The present study introduces a variant of genetic algorithm feature selection
adapted specifically to the problem of optimizing the prediction accuracy of a spec46

trochemical classification model. Our method uses a data driven approach, in effect
constructing an information template from the available data to guide the process
of selection. We refer to this as a Template Oriented Genetic Algorithm (TOGA).
In practice, TOGA first determines the significance of each feature and then
finds an optimal combination of features. Here, the data itself controls the flow
of information, not a predetermined program logic. Instead of randomly selecting predictors, relying on event probability as in a conventional genetic algorithm,
TOGA assigns predictors with weights defined to minimize prediction variance.
We apply this data-driven approach using a wavelet transform representation of
the spectrum in order to isolate realistic spectral features over ranges of wavelength
as opposed to picking features as individual intensity values at discrete wavelengths
[26]. As a consequence, TOGA does not require pre-defined, target domain knowledge to isolate features that connect meaningfully to chemical information.
In sections below, we show how one can use the variance as a guide to determine an optimum feature-selection filter. We show how the application of this filter
in building a calibration model vastly improves classification, and how the filtered
features point to the true spectrum of the variance that underlines a raw data set
obscured by uncorrelated contaminants.
To provide a controlled demonstration of TOGA, we adopt a system of monosaccharides as a model. Testing for prediction accuracy, we analyze for a target
monosaccharide in a set of solutions prepared to exhibit an overwhelming uncorrelated variance produced by random amounts of other monosaccharides. The results
obtained for our well defined set of complex materials shows how TOGA can be
used to advantage to quantify a substance or classify a property in the presence of
large, overlapping uncorrelated variance, and provide an isolated representation of
the spectrum that most relates to that classification.

3.2
3.2.1

Materials and Methods
Samples

Starting with single-component stock solutions of glucose, galactose, mannose and
arabinose, each dissolved at 0.1 g ml−1 in deionized water, we performed serial
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dilutions to fashion 20 pure standard solutions of each sugar with concentrations
in the range from 0.04 to 0.1 g ml−1 (c.f. Figure 3.1). We used each of these
solutions to make three more standards at each analyte concentration. To each of
these additional standards, we added random amounts of the other three sugars.
By this procedure, we formed a sample universe of 320 solutions, consisting of 80
pure sugar solutions, together with 240 solutions paring each pure sugar at each
concentration with three different random amounts of the other sugars.
The mix with other sugars serves to create an uncontrolled matrix of compounds with chemical structures similar to the compound of interest, with the purpose of producing an uncorrelated Raman background of similar signals. For validation, we separately prepared five independent solutions for each sugar containing
a known concentration of the target analyte, together with random amounts of the
other sugars.

400

600

800

1000 1200 1400
Frequency (cm−1)

1600

1800

Figure 3.1: (left) α-D-pyranose structures of monosaccharides, glucose,
galactose, mannose and arabinose. (right) Raw Raman spectra of pure
monosaccharides in aqueous solution at concentrations of 0.03 g ml−1 ,
from the bottom, glucose, galactose, mannose and arabinose.
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3.2.2

Spectroscopic Instrumentation and Measurement

We recorded Raman spectra of each sample using a Raman micro-spectrometer that
fiibre-couples an IPS 300 mW 785 nm diode laser to an Olympus BX-51 microscope. This system collects backscattered light with a six-around-one fibre bundle.
The bundle exit, arranged as a vertical fibre stack, forms a 100 µm slit at the entrance of an Acton 300 mm monochromator coupled to a Princeton instruments
PIXIS back-illuminated CCD detector. A laboratory computer reads the CCD, and
bins the pixels in each column, t, from 1 to 1400 to form a spectrum of scatteredlight intensity versus Raman shifted wavelength.
We prepare samples for analysis by filling a 100 µl aluminum well plate. Spectral acquisitions combine the signals recorded from five accumulations using a 5 s
exposure time for each. The compete calibration plus validation data set consists
of 1700 spectra representing five such measurements for each sample.

3.2.3

Spectral Analysis and Chemometric Analysis

We process spectra collected by Raman measurement using programs written in
Matlab to perform background subtraction, wavelet transform, feature selection
and multivariate analysis as described below.

3.2.4

Spectrochemical Data Processing and Classification

After mean-centring and normalization, we prepare each spectrum for analysis by
discrete wavelet transform (DWT). For the purposes of feature selection, we apply TOGA to the transformed spectra. We then develop multivariate, partial least
squares (PLS) classification models for the prediction of analyte concentrations using DWT and DWT-TOGA databases. We determine the effectiveness of feature
selection by comparing residual mean standard errors of prediction (RMSEP) of
models based on these two datasets (see below).

3.2.5

Discrete Wavelet Transformation

Discrete wavelet transform produces a multiresolution, numerical representation
of a spectrum as a sequence of wavelength-space convolutions distributed over
discrete intervals of position [231, 359]. For the present purposes, we express both
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wavelet bandwidth and position by reference to the pixel column number, t, in the
spectrum as dispersed on the CCD detector, which relates linearly to the Raman
scattered wavelength, λt .
Starting with an orthonormal basis wavelet,
ψ j,k (t) = ψ

t

−
k
,
2j

(3.1)

DWT applies a series of low-pass and high-pass filters to project the spectrum into
a cascading space of paired detail and approximation subbands to form a decomposition,
j0

f (t) = ∑ c j0 ,k φ j0 ,k (t) + ∑ ∑ d j,k ψ
j=1 k

k

t

−
k
,
2j

(3.2)

by which we can represent the spectrum in terms of coefficients, c j0 ,k and d j,k [143].
For present purposes, we use Symlet-5 as a basis function with six levels of
decomposition. Thus, j runs from 1 to 6, and k extends across the spectrum from
1 to 1400. We remove the residual approximation, ∑k c6,k φ6,k (t), which describes
the broad wavelength dependence of the background. We also discard the top
two detail components, which contain high-frequency noise. DWT thus serves to
flatten the baseline and remove noise without distorting the mid-range vibrational
information. In this way, we separate informative part of the spectrum into bands
for multivariate analysis and processing.
Template Oriented Genetic Algorithm (TOGA) Feature Selection
Following DWT, we apply TOGA to select features at the sub-band level to find
spectral information that best correlates with target variance. The multiresonant
character of the the DWT decomposition enables an optimization that considers
both feature position (Raman shift) and shape (wavelength-space bandwidth).
This process involves three steps. We refer to the calibration data in the matrix
of spectra, X, as represented by retained DWT coefficients, d j,k , together with
the corresponding matrix of standardizing property measurements, Y, to develop
a possibility template. We use this template to form a pool from which to select
initial genes for TOGA. Having determined the fittest descriptors, we reconstruct
a DWT representation of the feature-selected spectrum for use in constructing a
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multivariate regression model.
Possibility Template
The possibility template directs the initial selection of variables, consisting of index pairs, j, k judged to be most important. Using Monte Carlo sampling, we
repeatedly segregate the spectra contained in X, allocating 75 percent to a training
set and 25 percent to a validation set. We perform this allocation 300 times, developing 300 different partial least squares (PLS) regression models for a targeted
property (e.g. concentration of glucose)[94].
Each PLS model yields a distinct set of parameters β j,k , the PLS regression
coefficient for each wavelet, as indexed by j, k [148]. From the families of β j,k ,
we define the importance of each wavelet coefficient index j, k in terms of a fitness
parameter, s j,k , defined by,
s j,k =

mean(β j,k )
,
std(β j,k )

(3.3)

where mean(β j,k ) defines the mean value of β j,k and std(β j,k ), its standard deviation over 300 PLS models. The largest values of s j,k determine a template containing a number of variables (wavelet coefficient indices), p, deemed most important.
This possibility template, of a typical dimension, p = 200, forms a predictor space
with which to orient genetic algorithm processing.
Template Oriented Genetic Algorithm
TOGA now begins by choosing ten wavelet coefficient indices, j, k, from the template of p most important variables. For the choice of eight of these indices, we
bias our selection to reflect the magnitude of s j,k . We select the remaining two at
random. Repeating this process 50 times, we form 50 chromosomes. Each chromosome defines unique pattern of ten selected wavelet coefficient indices.
Applying these to all of the available spectra, we obtain 50 different, featureselected data matrices, X. For each data such dataset, we use 75 percent of the
feature-selected data to build a PLS calibration model and 25 percent of the data
to validate it. We use these calibrations and validations to define a fitness function
for each chromosome based on an ensemble error criterion determined by the sum
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of the RMSEP for cross-validation of the calibration set (RMSEP-CV) and the
RMSEP of validation (RMSEP-V).
Applying the ensemble error criterion, we select the fittest 30 percent of the
chromosomes to pass to the next generation without change. From the remaining
35 chromosomes, we select the 18 most fit and perform a two-point crossover to
generate 36 offspring. We discard one at random, and combine the 35 remaining
with the 15 unmodified ones. We mutate five of these at random, drawing from
genes in the predictor space.
Using this modified set of chromosomes, we build a new set of 50 PLS models,
generating a new set of fitness functions. We repeat this cycle for 10 generations,
saving the final top chromosome, as determined by the ensemble error criterion.
Following ten iterations of this entire process we examine the genes in each
case encountered in the final top chromosomes. Each gene that appears in more
than one top chromosome points to a wavelet component that is retained upon
TOGA feature selection.
In our experience, by operating in a wavelet transform basis, TOGA serves
well to overcome weaknesses in previous methods for reducing the dimensionality
of spectral datasets defined by a very large number of discrete intensities. For
example, TOGA yields a continuous spectrum of intensity versus wavelength, as
opposed to conventionally selected features, which often appear as non-consecutive
spectral elements, making it difficult to extract chemical information from targeted
band positions.

3.2.6

Reconstructing a Feature-Selected Spectrum

TOGA exploits the functional character of the spectrum to identify the most important features with reference to a basis of wavelet coefficients. Having established
this map, we can use it to reconstruct and visualize a reduced, feature-selected
spectrum from any DWT factored experimental spectrum. We simply combine the
Symlet-5 functions with coefficient indexes identified by the TOGA selected values of j, k, using the wavelet amplitudes determined by the particular values of d j,k
that describe the spectrum of interest [148].
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3.2.7

Multivariate Calibration

We use PLS regression to construct a prediction model by which to examine the
effectiveness with which a selected feature set determines the concentration of specific sugar in a mixture of different sugars.
To build a linear regression model, PLS projects the predicted and observable
variables in a new space that maximizes covariance between directions in the multidimensional spaces of X and Y [348]. This method enables modelling success in
situations for which the number of observed variables determining X greatly exceeds the number of standardizing property measurements contained in Y. It also
tolerates multicollinearity in X, as present when basing models on largely parallel
spectra [114].
Various criteria serve to describe prediction success. We refer to, r2 , the correlation coefficient in the linear regression of predicted versus standard values to
judge the precision of calibration. The root mean square error of prediction (RMSEP)
!1/2

m

RMSEP =

∑ (ŷi − yi )2 /m

(3.4)

i=1

describes how well a model, applied to an independent standard data set X, predicts
the corresponding values, Y. Here, ŷi and yi refer to predicted and measured properties of the sample i and m is the number of samples [40]. Examining the standard
deviation about the mean RMSEP value derived from the independent validation
of a large number of different calibration reflects the reliability with which a tested
pretreatment method improves the accuracy of prediction.
For the present work, we assess the calibration error using Monte Carlo cross
validation (MCCV). This repeated random sub-sampling validation procedure divides the large datasets obtained for standard samples prepared over a range of
known analyte concentration to form a calibration set (75%) and a validation set
(25%) [352]. A PLS regression model for the calibration set yields r2 , and predicts
analyte concentrations for the validation set, which determines the RMSEP for that
model. We repeat this process 50 times to find converged average values for r2 and
RMSEP, which we report as a percent coefficient of variation, normalized to the
average analyte concentration.
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Increasing the number of latent variables or PLS factors usually increases the
correlation between known and predicted values. However, the use of too many
factors causes over-fitting, which degrades the generality of a model. The number
of samples used to build a model, together with the number of determinant features
in the spectrum combine to define an optimum number of latent variables.

3.3
3.3.1

Results and Discussion
Feature-Selected Spectra of Pure Solutions and Random
Mixtures

Figure 3.2 shows mean-centred, normalized Raman spectra of pure aqueous glucose solutions and glucose in aqueous mixtures with random additions of mannose,
galactose, and arabinose. This figure also shows corresponding discrete wavelet
transforms.
We have chosen these monosaccharides to span a range of structural similarity.
Mannose and galactose, both hexose sugars, represent C-2 and C-4 epimers of
glucose. Arabinose has a distinctive structure with five carbons. These structural
similarities give rise to strongly overlapped spectra.
Comparing the spectra of mixtures in Figure 3.2 with the pure monosaccharides
in Figure 3.1, we find no feature that stands out as a distinct univariate marker for
any one monosaccharide, with the possible exception of the peak at pixel 600 for
glucose. We have constructed a prediction model for the mixed system of four
sugars based on this one intensity. This univariate model produces no better error
of prediction than a multivariate calibration using the raw spectra represented in
Figure 3.2. From this we can conclude that the feature at pixel 600 incompletely
reflects the information important for determining glucose in mixture of other sugars.
Figure 3.3 focuses on the glucose system and features isolated by the application of a TOGA template keyed to the variance in the concentration of this sugar.
A collection of calibration spectra of pure aqueous glucose solutions (Figure 3.3a)
produces a distinctive pattern of TOGA-selected wavelets shown as Figure 3.3c.
The same prescription applied to a calibration set of glucose samples containing
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Figure 3.2: Mean-centred, normalized Raman spectra of a) 20 aqueous solutions of pure glucose over a range of concentrations from 0.04 to 0.10 g
ml−1 . b) all 240 aqueous solutions of glucose galactose, mannose and
arabinose mixed in random amounts over a range of concentrations from
0.04 to 0.10 g ml−1 . c) spectra reconstructed from the DWT-TOGA feature selection of a). d) spectra reconstructed from the DWT-TOGA feature selection of the 60 sample calibration set for glucose with random
additions of galactose, mannose and arabinose (Figure 3.3b). Spectra,
plotted by pixel number represent a Raman shift interval from 320 to
2250 cm−1 .
random amounts of added galactose, mannose and arabinose (Figure 3.3b) isolates
the set of selected features, as shown by the wavelet transform in Figure 3.3d.
Thus, we see that the TOGA spectrum isolated from spectra of mixed samples
by feature selection keyed to glucose, matches remarkably with the TOGA amplitudes obtained from the set of pure samples prepared over the same range of
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Figure 3.3: Mean-centred, normalized Raman spectra of a) 20 pure glucose
solutions in a range of concentrations from 0.04 to 0.10 g ml−1 . b) 60
glucose solutions in a range of concentrations from 0.04 to 0.10 g ml−1
and random added amounts of galactose, mannose and arabinose. c)
and d) spectra reconstructed from DWT-TOGA feature selection of a)
and b).
glucose concentrations. This serves to prove the effectiveness of TOGA for isolating the spectrum of a pure substance from the signal produced by a mixture,
even one with strongly overlapping spectral features. Note that TOGA emphasizes
structure in a window about the resonance located at pixel 600. This demonstrates
that TOGA responds to evident features when they correlate uniquely with a property of interest.
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3.3.2

Effect of Feature Selection on the Prediction Accuracy of
Multivariate Regression Models

We gauge the effect of TOGA feature selection on the accuracy with which we can
classify a spectrochemical dataset by comparing PLS models for monosaccharide
concentration based upon the discrete wavelet transform of entire spectra versus
TOGA feature-selected DWT spectra. Thus, with reference to the present example,
we seek to build calibration models for the concentration of the target monosaccharide, glucose, on the basis of its covariance with the full Raman spectral response
(Figure 3.2d), and its covariance with the TOGA feature-selected spectral response
(Figure 3.3d).
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Figure 3.4: PLS model using a) raw Raman spectra, b) TOGA reconstructed
spectra
Student Version of MATLAB

Student Version of MATLAB

Figure 3.4a shows the PLS regression of the full Raman spectral response
on glucose concentration for mixed monosaccharide samples in the calibration
dataset. This model exhibits significant non-linearity, with poor sensitivity at both
low and high concentrations of glucose. Monte Carlo cross validation yields an
average regression coefficient of 0.74 and a relative RMSEP of 5.4%.
The models developed using TOGA feature-selected datasets for calibration
and validation perform significantly better. In Figure 3.4b, we see that predicted
glucose concentrations relate to their measured values with a high degree of linearity and a much smaller error of validation. As detailed in Table 3.1, we find that
r2 rises to a value near one and the RMSEP falls to 0.74%. These results confirm
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that TOGA serves well to filter uncorrelated features without removing important
information.
We have repeated this same procedure for the other monosaccharides. In each
case, examining spectra of calibration sets containing randomly varying amounts of
other sugars, we can observe seeming systematic variations in spectral shape with
target analyte concentration. The TOGA reconstructed spectra we obtain for each
monosaccharide appear to adapt well to these variations, while excluding parts of
spectrum with large uncorrelated variance and noise. From these qualitative observations, we gain some confidence that TOGA diminishes the weight of uninformative structure and maximizes the weight of features most strongly correlated with
target variance.
Thus, just as we noted above that glucose variation appears to affect the intensity of a feature in the DWT spectrum in the region of pixel 600, we can recognize
a pair of features for galactose between pixel numbers 300 and 390. Arabinose and
mannose both exhibit a relatively intense feature in the region of pixel 200, which
is absent for the other sugars.
Figure 3.5 shows that TOGA removes the water signal from all reconstructed
spectra, and chooses judiciously among specific combinations of features that appear to signal for each monosaccahride. For example, the calibration spectra for
each of our mixed sugar systems show activity in the region of low-frequency Raman shifts from pixels 0 to 150, but TOGA selects this region as important only
for galactose.
Table 3.1: Regression quality and prediction accuracy of multivariate models
for target sugar in mixtures with varying backgrounds of other sugars
based on complete and feature-selected DWT Raman spectra
Sugar
Glucose
Mannose
Galactose
Arabinose

PLS factor
5
5
5
10

DWT
r2
0.74
0.85
0.96
0.92

RMSEP
0.0135
0.0079
0.0088
0.0031
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PLS factor
5
5
7
10

DWT-TOGA
r2
1
0.98
1
1

RMSEP
0.0018
0.0012
0.0027
0.00098
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Figure 3.5: Toga reconstructed spectrum for a) Glucose, b) Galactose, c)
Mannose, d) Arabinose
Table 3.1 gives correlation coefficient of calibration and the root mean square
error of prediction (RMSEP), for the multivariate prediction model developed for
each of the tested monosaccharides, before and after TOGA feature selection.
Prediction performance improved dramatically in all cases. This occurs because
TOGA decreases the number of variables in the model and selects features that
correlate most with the response. Accuracy increases because target- directed feature selection extracts sufficient important information to construct reduced spectra
with few uncorrelated features.
in an important confirmation of this methodology, we demonstrate its effectiveness for five independent samples prepared to contain known amounts of different
monosaccharides, selected randomly to fall in the linear range. Applying TOGA,
we reconstruct spectra individually targeted to each target. Building PLS prediction
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models to analyze the reconstructed spectra for each monosaccharide we obtain the
regression coefficients and root mean square errors of prediction presented in Table
3.2. The results show that TOGA models developed independently can be applied
with high precision to determine the concentration of each component in a new
random mixture.
Previous methodologies for feature selection by projecting spectra into a lowerdimensional space have faced problems, which we believe TOGA overcomes. One
such problems arises because the selected features do not adapt well to the natural
shape of the spectra, diminishing the effectiveness with which multivariate analysis
can exploit the information isolated by feature selection. Operating in a space of
wavelet indices, the data-driven genetic algorithm approach presented here isolates
information well-adapted to the natural shape of the Raman signal.
Table 3.2: Residual mean error of prediction observed in applying individual
TOGA models keyed to glucose, galactose, mannose and arabinose to
five aqueous validation mixtures of these sugars containing the random
concentrations listed below.
Sample No.
1
2
3
4
5
Sample No.
1
2
3
4
5

Glucose
0.4
1.2
3.4
5
10
Glucose
0.0012
0.0025
0.0022
0.0020
0.0019

Concentration g ml−1
Mannose Galactose
2.8
2.6
5
3.2
2
2
1.6
1.5
3.9
0.8
RMSEP
Mannose Galactose
0.0016
0.0028
0.0011
0.0031
0.0016
0.0027
0.0021
0.0030
0.0009
0.0023
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Arabinose
0.5
2.4
0.9
3
1.1
Arabinose
0.0012
0.0014
0.0012
0.00097
0.00091

3.4

Conclusion

This study has introduced a data-driven genetic algorithm feature-selection approach that we term TOGA as a means to identify and quantify the Raman spectra
of systems of analytes with overlapping spectral features and uncorrelated variance. The application of TOGA in the space of discrete wavelet transform indices
improves the prediction ability of the model by adapting TOGA feature selection
to the shape of the shape the Raman resonances. Improvement in the performance
of prediction models after applying TOGA proves that this method extracts reconstructed spectra that offer important and sufficient information for classification.
TOGA reconstructed spectra invoke signal features noticeable in the variation of
mixtures with determinate variance, suggesting a utility for associating variations
in classified properties with chemical substances.
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Chapter 4

Multivariate classification of pulp
NIR spectra for end-product
properties using discrete wavelet
transform with orthogonal signal
correction
Natural material variations uncorrelated with physical properties of fibre networks
hinder the development of robust calibration models by which to predict paper
properties from on-line near-infrared (NIR) spectra of production pulps. Such a
simple process gauge of product quality would offer attractive advantages for optimized manufacturing. The present work explores the effectiveness of data processing strategies designed to remove uncorrelated variance from calibration models
linking NIR spectra with standard measures of paper quality, including tensile,
tear, burst strength, wet and dry zero span length, freeness, absorption and scattering coefficients. Post processing of spectra by discrete wavelet transform (DWT)
is shown to suppress baseline and high-frequency noise, and orthogonal signal correction (OSC) substantially improves prediction accuracy by reducing the amplitude of uncorrelated (orthogonal) variations. We find that combined pretreatment
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by DWT and OSC yields a spectral data set that exhibits the best prediction accuracy.

4.1

Introduction

To secure market superiority, a pulp manufacturer must control the quality of materials in process to maximize product sheet strength. While some pulp properties
can be tested at line, conventional determinations that best predict the physical
properties of an end-use product require exacting measurements in a controlled
laboratory environment. Such steps add cost and introduce delay that can give rise
to process variability.
A need therefore exists for on-line methods to gauge pulp stream composition and morphology that can predict the structural and physical properties of the
end-use paper it forms. To this end, the industry has sought to develop spectroscopic probes.[315] Chief among such methodologies is near-infrared (NIR)
spectroscopy.[34, 193, 315]
NIR diffuse reflectance absorption spectroscopy has been applied with success
for the analysis of lignocellulosic materials, particularly chipped wood feedstocks,[274,
356] for physical properties, such as moisture content,[172, 310, 317] density,[103,
268, 327] surface roughness,[104, 318] as well as levels of lignin,[241, 242, 274,
319] cellulose,[124, 350] hemicellulose[274, 316] and other extractives.[241, 316]
Regression models based on NIR spectra of laboratory test sheets have shown
promise as a means to predict conventionally measured pulp and paper properties,
such as freeness, stretch and tensile strength.[88, 89]
Two factors limit the full-scale application of NIR spectroscopy as an on-line
process-control tool. Broad overtone absorption bands, owing to every substance
in the sample, overlap to form a spectrum in which signature features are hard to
discern. Variations in pulp composition unrelated to a target property modulate the
spectrum, and this tends to mask determinate spectral variations.
The present work reports progress in an effort to overcome these limitations.
Taking a large NIR data set of production pulps, standardized by conventional measurements of product sheet properties, we show that multi-resolution decomposition by discrete wavelet transform (DWT) effectively recasts spectra to facilitate
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the isolation of determinant variance. Preprocessing calibration spectra by orthogonal signal correction (OSC), we minimize uncorrelated variance, which enables
the development of multivariate classification models that predict paper sheet properties from pulp NIR spectra with greatly improved accuracy.

4.2
4.2.1

Materials and Methods
Physical, Mechanical and Optical Properties of Pulp Samples

Seventy five test sheet samples were produced from production pulps in the Burnaby laboratories of Canfor Innovation. Standardizing information available for
these unrefined pulps include tensile strength, freeness, burst index, dry zero span,
wet zero span, tear index, specific refining energy to reach a freeness of 600 (SRE600),
absorption and scattering. Table 4.1 gives the range of each parameter as well as
its measured uncertainty.
Table 4.1: The experimental range of measurement and observed reproducibility of different the physical and optical properties independently
determined for the samples that served as calibration and validation standards for this study.
parameters
Tensile (km)
Freeness (ml)
Burst (kPa m2 g−1 )
Dry Zero Span (km)
Wet Zero Span (km)
Tear (mN m2 g−1 )
SRE600
Absorption (m2 g−1 )
Scattering (m2 g−1 )

Minimum
2.5
649.5
1.4
14.44
12.4
19.9
23.5
0.1669
32.6

Maximum
4.9
700.5
3.4
16.8
15.8
30.3
82.7
0.2278
39.8
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Mean
3.8
684.3
2.3
15.7
14.6
26.1
53.4
0.1901
35.6

Repeatability
5%
25.3 %
22 %
5%
5%
4.2 %
—
—
—

Reproducibility
10 %
32.4 %
28 %
10 %
10 %
12.5 %
—
—
—

4.2.2

Collection of NIR Spectra

We collected NIR spectra using a Nicolet 6700 FT-IR spectrometer (ThermoScientific) equipped with an NIR integrating sphere module and a 5 cm diameter sample
cup spinner. Operated in the diffuse reflectance mode, this instrument illuminates
samples with broadband near-infrared radiation from a tungsten halogen lamp, and
collects interferograms using an InGaAs detector. Fourier transforms span a spectral range from 4000 cm−1 to 9900 cm−1 at a resolution of 2 cm−1 . Each acquisition represents the sum of 64 scans of 10 second exposure.
We cut five circular samples sized to fit the sample cup from different positions
in each pulp sheet, scanning the top-side of each. Five spectra from each sample
were averaged and used in subsequent analyses.

4.2.3

Multivariate Analysis

4.2.4

Data Pretreatment

NIR spectral data can benefit to a great degree from preprocessing to compensate
the effects of varying baseline, remove high-frequency noise and amplify features
that appear only as inflections in the raw spectrum. The present work tests several
target-independent preprocessing methods, including derivatization, standard normal variant (SNV) correction, multiplicative scatter correction (MSC) and discrete
wavelet transform (DWT). Each of these approaches refines the data set without
reference to standardizing classification information.
We compare prediction errors following pretreatment with these methods with
results obtained following orthogonal signal correction (OSC) alone, and OSC in
combination with DWT. OSC is a target-directed preprocessing method that makes
reference to a multivariate classification model to reduce the weight of irrelevant
spectral information.

4.2.5

First-Derivative Transformation

NIR absorption spectra convey sample composition information in the form of
overlapping vibrational overtone features that vary smoothly on a scale of tens of
wavenumbers. First derivative transformation provides a ready means of identify65

ing such features, even when their appearance in the primary spectrum is subtle.[102,
115] The first derivative also serves to highlight the degree to which high-frequency
properties of the spectrum, unrelated to variations in the sample set, might affect
its classification.[7, 115]

4.2.6

Standard Normal Variant Correction

Standard Normal Variate (SNV) transformation operates by row on spectra, xi in
the data matrix X, subtracting the individual mean (zeroth-order detrending) and
scaling each spectrum by its standard deviation.[100]
x̂i =

xi − x̄i
si

(4.1)

When much of the amplitude fluctuation in a data set arises from noise, this
pretreatment transformation can improve a model by reducing the amplitudes of
its noisiest component spectra. However, if overall signal amplitudes of sample spectra vary significantly SNV can degrade calibration by introducing nonlinearities.[29]

4.2.7

Multiplicative Scatter Correction

Multiplicative scatter correction (MSC) removes uncorrelated background from
measured spectra, X, arising from multiplicative factors, such as path-length variations, as well as offsets, owing, for example to stray light. The procedure uses
an averaged spectrum, x̄j , formed by the mean of a selected calibration subset, and
finds parameters, ai , bi and ei , fitting xi to x̄j as closely as possible by least squares:
xi = ai + bi x̄j + ei

(4.2)

where ei represents the residual spectrum, containing the chemical information in
xi . ai defines the intercept, and bi the slope, that yield the corrected spectrum,
xi,MSC :
xi,MSC =

xi − ai
ei
= x̄j +
bi
bi
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(4.3)

This procedure presents a risk in that ai and bi might correlate with a target property, in which case MSC would remove chemical information from the data set.[13,
100, 194, 195]

4.2.8

Discrete Wavelet Transform

Discrete wavelet transform produces a multi-scale representation of a digitized
signal by using a sequence of high- and low-pass cutoff filters to sort the signal in terms of the frequency with which it varies in the wavelength space of
the spectrum. Filtering divides this information to resolve the signal into a set
of subbands.[49, 80, 329]
Frequencies of importance, corresponding to peak widths in the wavelengthor λ -space of the original spectrum, appear with large amplitude in the DWT decomposition without loss of λ -space position information. Subsampling the result
removes the unimportant information, including the slowly varying background
and high-frequency noise. Errors of prediction can serve as a guide to choose a
wavelet basis and constrain frequencies to best preserve classification information
while removing uncorrelated variance.[49]

4.2.9

Orthogonal Signal Correction

Even though multivariate classification models such as Partial Least Squares (PLS)
regression serve to extract feature information from complex data sets, uncontrolled variations, irrelevant to the properties of interest can add substantially to the
computational effort, reducing the accuracy and robustness of prediction. Sometimes, uncorrelated variation appears in obvious dimensions, such as low-frequency
baseline oscillations, or high-frequency noise. In other cases, irrelevant variations
intrinsic to the sample or the instrument occur at the bandwidth of the determinant
variation.
In the latter event, preprocessing methods focused on the minimization of uninformative variation at all frequencies can serve to improve the accuracy of a multivariate calibration. Orthogonal Signal Correction (OSC) provides one approach
to succeed in this respect.[347]
OSC finds features that affect the total variation in a spectral matrix, but occur
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in dimensions that extend in directions orthogonal to a target variance, and then
removes them. Omitting these features reduces the complexity of the model and
consequently improves the linearity of the relation between a target variance and
an input data set.
Our implementation of OSC applies Principal Component Analysis (PCA) to a
75 percent subset of the spectral data in X in order to obtain an initial score vector,
t. We orthogonalize t with respect to the corresponding target property matrix,
Y. This orthogonalized t∗ then serves as the first target in a subsequent cycle of
supervised refinement.
Using PLS regression, we find weights, w, such that the vector of PLS scores
t = Xw conforms optimally with t∗ . We orthogonalize this t with Y, and, with
this as a target, return to PLS to obtain a new t. Upon convergence, the vector of
scores, t, and loadings, P, from this process describes the information in X that
is orthogonal to Y. Applying the transpose of P yields a feature-selected dataset,
XOSC by:
XOSC = X − tP0

(4.4)

XOSC then serves as spectral data input for a new cycle of OSC, generating new
orthogonalized component, tnew and Pnew , with which to feature-select Xnew . To
treat the NIR spectra of the present set of pulp samples, we have found it best to
implement OSC as it is most conventionally applied, stopping with two such score
and loading components.[301]
Multivariate Calibration
We use the method of Partial Least Squares (PLS) regression to compare efficacy
of these preprocessing methods for classifying physical properties of production
pulps on the basis of NIR spectra. To build a linear regression model, PLS finds
the covariance between a set of observed variables (the matrix of NIR spectra, X)
and predicted variables (the matrix of values of a selected property, Y). It rotates
X into a coordinate direction that best represents the variance in Y.[99, 348]
This method enables modelling success in situations for which the number
of observed variables determining X greatly exceeds the number of standardizing
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property measurements contained in Y. It also tolerates multicollinearity in X, as
present when basing models on largely parallel spectra.
PLS reduces the dimension of data into latent structures in the X block according to a selection of principal components. The algorithm calculates scores
of blocks to maximize the co-variance between X and Y. The weight vector calculated for each PLS component gives the maximum covariance between the two
blocks.[114]
Various criteria serve to describe prediction success. We refer to the correlation
coefficient in the linear regression of predicted versus standard values to judge the
precision of calibration. The root mean square error of prediction (RMSEP)
!1/2

m

RMSEP =

∑ (ŷi − yi )2 /m

(4.5)

i=1

describes how well a model applied to an independent standard data set X predicts
the corresponding values, Y. Here, ŷi and yi are predicted and measured properties of the sample i and m is the number of samples. Examining the standard
deviation about the mean RMSEP value derived from the independent validation
of a large number of different calibration reflects the reliability with which a tested
pretreatment method improves the accuracy of prediction.
Increasing the number of latent variables or PLS factors usually increases the
correlation between known and predicted values. However, the use of too many
factors causes over-fitting, which degrades the generality of a model. The number
of samples used to build a model, together with the number of determinant features
in the spectrum combine to define an optimum number of latent variables.[99, 132]
For the purposes of evaluating the pre-processing strategies described above,
we constructed and tested sets of classification models using PLS. We began by
building nine Y matrices, detailing the known pulp physical characteristics, tensile
index, freeness, burst index, dry zero span, wet zero span, tear index, SRE600,
absorption and scattering. We then applied PLS to find latent components in X
matrices of preprocessed spectra characterizing the spectrum-property covariance.
For each property and preprocessing strategy tested, we used 75 percent of the
available spectra for calibration and the remaining excluded 25 percent as a test set
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to validate the model.
PLS requires one to choose an optimal number factors minimizing prediction
error without over fitting the data. Interestingly, we generally found that the optimal number of PLS factors declined after pre-processing. This reflects the fact
that preprocessed spectra had less complexity, necessitating fewer PLS factors to
optimally capture the covariance.

4.3

Results

The following sections draw upon a data set formed by the near infrared spectra of 75 pulp test sheets, comparing the effects of pre-treatment by first derivative and standard normal variant (SNV) transformation, multiplicative scatter correction (MSC), discrete wavelet transform (DWT), orthogonal signal correction
(OSC), and the combination of DWT with OSC. We explore the comparative utility of these pretreated data sets as multivariate predictors of various mechanical
and physical properties of sheet paper, including tensile, dry and wet zero-span,
tear and burst index, freeness, SRE600 and light scattering.
We have constructed these models and tested prediction accuracy by applying
the method of partial least squares to independent pretreated data subsets. Here,
we compare RMSEP values obtained by use of preprocessed spectral data with
prediction errors found for PLS models based on the original spectra without pretreatment.

4.3.1

NIR Spectra with Target Independent Pretreatment

Figure 4.1 plots representative, mean-centred and normalized NIR spectra of all
75 pulp samples, together with this dataset pre-processed by non-targeted firstderivative transformation, SNV and MSC. In the untreated data, we see that absorption bands associated with many vibrational overtone transitions overlap to
form smooth, reproducible and, on this scale, relatively undifferentiated spectra.
Less apparent in the raw NIR spectra is the presence of a high-frequency noise
component. This contribution to the experimental signal plainly appears upon firstderivative transformation. No NIR spectral intensity varies on this scale of absorption frequency. Therefore, this evident variation in the dataset cannot correlate with
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Figure 4.1: (a) Representative NIR spectrum in cm−1 for each of the 75 pulp
samples in the present dataset (c.f. Table 4.1) (b) Spectral data subjected
to first-derivative transformation. Spectral data subjected to nnnnnnn(c)
standard normal variant (SNV) transformation and (d) multiplicative
scatter correction (MSC).

the variation in any property of the pulp samples.
Standard normal variant (SNV) transformation and multiplicative scatter correction (MSC) have similar effect on the NIR data set. Comparing plots in Figure
4.1, we find that both of these pretreatment methods highlight structural features
while reducing baseline offsets and high-frequency noise.
Discrete wavelet transform enables the selective application of low and highfrequency filters that remove baseline offsets and noise with great effectiveness.
Figure 4.2(a) plots the full dataset after a seven-level decomposition in a Symlet-5
basis followed by the removal of the three highest frequency components (details),
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and the lowest one (approximations).
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Figure 4.2: (a) Spectra following a discrete wavelet transform of the raw
spectral data in Figure 4.1 (b) The same spectra following orthogonal
signal correction (OSC), targeted to a prediction of the paper sheet mechanical property, tensile strength. (c) Raw spectral data pretreated first
by discrete wavelet transform, as above, followed by two-component
orthogonal signal correction targeted to tensile strength. (d) Pretreated
spectral data reversing the order of transformation by OSC and DWT.

Here we see an elimination of baseline slope and offset, together with a significant amplification of reproducible structure over the full range of the spectrum and
the elimination of high-frequency noise.
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4.3.2

Effects of Target-Directed Pretreatment

All of the data preprocessing methods illustrated above can serve to isolate structure and reduce noise in the NIR spectra of cellulosic pulps. However, these global,
non-targeted preprocessing strategies do not distinguish between a spectral feature
that correlates with a target variation in a mechanical or physical property of the
paper made from these pulps and one that does not.
Target-directed preprocessing techniques make reference to measured standards in order to select features that enhance the determinate variations in a data
set, while suppressing variations that are uncorrelated or orthogonal to a targeted
property. We explore the effectiveness of such a feature selection strategy for the
NIR classification of pulps by applying the method of orthogonal signal correction
(OSC).

4.4
4.4.1

Discussion
Summary Overview of Pretreatment Effects

First-derivative preprocessing, as displayed in Figure 4.1(b), clearly increases the
high-frequency noise in the spectral range above 7000 cm−1 . However, as discussed below, we find its elimination of the baseline improves the prediction models that we can construct for most target parameters. Background and noise both
contribute to limit the accuracy of a prediction model, and for the present case, stabilizing the baseline outweighs the introduction of completely uncorrelated highfrequency noise.
SNV and MSC pretreatment (Figure 4.1(c) and (d)) yield spectra with a similar
structure. Neither method enhances resolution or discrimination. They do decrease
the high-frequency noise. But they leave spectra with background oscillations that
do not correlate with target variance.
DWT operates in a more deterministic way to decompose the spectrum into
subcomponents based on the bandwidth of its feature variations. Each such component represents different domain of information. The conformance of features in
Figure 4.2(a) with vibrational overtone line shapes, shows how a choice of bandwidth scale can substantially reduce baseline variations and high-frequency noise
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while highlighting determinate information.
Pretreatment by OSC sharpens resolution compared with raw spectra, and serves
to accentuate variation relevant to target properties. However, its implementation
here introduces noise, particularly above 9,000 cm−1 , and fails to suppress the
background.
Thus, we see that wavelet transform offers an effective means to subtract background and remove noise, while OSC suppresses irrelevant information. Seeking
the discrimination enhancement afforded by OSC, for spectra filtered against background and noise, we have explored combinations of these prepossessing methods.
Figure 4.2(c) shows that OSC applied to a spectral data set pretreated first by DWT
yields a baseline-stabilized NIR signature with apparently enhanced signal variance, but also some increase in high-frequency noise.
Figure 4.2(d) reverses the strategy. Here we remove orthogonal variance to
enhance intensity differences that correlate best with the target. Then we de-noise
by applying DWT. This produces a sparser representation, with less high-frequency
noise and better isolated variation within the bandwidth of the molecular NIR spectral response.
To assess the effectiveness with which preprocessing improves the accuracy of
classification we have built multivariate models from subsets of pretreated spectra,
and run independent validations to estimate residual mean errors of prediction.

4.4.2

Prediction of Physical Properties on the Basis of NIR
Classification Models

Our study examines the effectiveness of various methods for preprocessing NIR
spectra of pulp on the success of multivariate prediction models for nine physical properties of paper, including tensile, freeness, burst, DZS and WZS, tear,
SRE600, absorption, and scattering. We have constructed PLS models and calculated the accuracy of prediction for each property to evaluate the efficiency of each
preprocessing method.
Ultimately, the accuracy that any of these assessment can have is limited by
accuracy of standard measurements used to determine property values of our standards. As indicated in Table 4.1 the measurements that determine the properties of
the samples used as standards in this study vary in their reproducibility. Bearing
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this limitation in mind, we proceed now to compare the relative effect of various methods of data pretreatment on classification accuracy within each individual
property.
We carry out this comparison by applying different analytical criteria, such as
accuracy, precision, and linearity to evaluate PLS models. With reference to Tables
4.3 and 4.2, we evaluate the prediction models for tensile strength using untreated
and first-derivative treated spectra.
We see that, using a sufficient number of PLS factors, untreated spectra can
serve to yield a linear PLS calibration model. The application of a simple firstderivative pretreatment reduces the number of factors required and improves performance at the stage of validation. But, we find that the regression model after
first-derivative preprocessing exhibits an intercept that differs more from zero. Evidently, the reduction in background with pretreatment decreases scatter, but the
increase in high-frequency noise adds a systematic prediction offset.
Using spectral data sets preprocessed by SNV and by MSC. We find a moderate
improvement in tabulated RMSEP values, and PLS regression models with (x, y)
intercepts closer to (0,0), suggesting that these pretreatment methods better succeed
in removing random variance without adding a systematic offset to the model.
Of the remaining two pretreatment methods available to us in this study, DWT
provides a means to filter slowly varying background and highly oscillatory noise,
while OSC reduces the dimensionality of the data by suppressing variance in coordinates deemed orthogonal to the targeted analysis. Table 4.3 lists the errors of
prediction obtained for paper properties by applying these pretreatments individually. Here we see comparable levels of improvement in RMSEP owing to the
removal of background and noise (DWT) or the amplification of relevant signal
components (OSC). OSC, applied alone, yields a slightly better prediction model
for tensile strength.
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Table 4.2: Optimized number of PLS factors, h, and the regression coefficient btained from the model fit to the calibration data-set, following various methods of NIR spectral pretreatment.
Parameters
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Tensile
Freeness
Burst
DZS
WZS
Tear
SRE600
Absorption
Scattering

Non
h
10
10
10
10
7
7
10
10
10

1D
r2
0.95
0.71
0.91
0.84
0.74
0.59
0.76
0.83
0.9

SNV
h
3
3
3
3
3
2
3
3
3

MSC
r2
0.92
0.71
0.89
0.79
0.57
0.7
0.8
0.87
0.82

DWT
h
10
7
10
10
7
7
10
10
7

OSC
r2
0.94
0.53
0.95
0.83
0.68
0.7
0.78
0.86
0.82

DWT-OSC
h
10
7
10
10
7
7
10
10
7

OSC-DWT
r2
0.94
0.53
0.95
0.83
0.68
0.7
0.78
0.86
0.82

h
7
7
7
7
7
7
7
4
7

r2
0.93
0.78
0.95
0.86
0.9
0.79
0.86
0.88
0.93

h
7
7
7
7
7
7
7
10
9

r2
0.98
0.82
1
0.92
0.91
0.97
0.97
0.96
0.98

h
7
7
7
9
7
7
7
7
7

r2
1
0.92
1
0.96
0.98
1
0.98
0.99
1

h
7
7
7
10
7
7
7
10
7

r2
0.93
0.78
0.91
0.93
0.86
0.95
0.96
0.96
0.95

Because pretreatment by DWT and OSC suppress uncorrelated variance in distinctively different ways, it seems reasonable to explore whether there is further
accuracy to gain by preprocessing the spectral data both by DWT and OSC. Table
4.3 shows the results of such a strategy both for the case in which we first denoise
the data by DWT and then apply OSC, and for the case in which we first suppress
uncorrelated variance by OSC and then remove uninformative noise by DWT.
We find, by and large, that pretreatment in the sequence OSC-DWT yields calibration models with the lowest RMSEP and smallest intercept for almost all of the
properties tested. Table 4.3 gives average RMSEP value found by the application
of five distinct PLS regression models (five randomly selected calibration and validation datasets) to predict each physical property using NIR spectra preprocessed
by each of the methods discussed above. We find that the order, OSC followed by
DWT, yields the lower average RMSEP for all properties except freeness.
Table 4.3 also reports the standard deviation of the distribution of RMSEP in
each case. This quantity reflects the precision to which we can specify the prediction improvement achieved by a given pretreatment strategy. The lower this
standard deviation, the more consistently the pretreatment strategy operates to improve prediction accuracy for a given property, regardless of the conformance that
might happen to exist between a particular choice of calibration and validation
sets. A higher standard deviation indicates an inconsistency in prediction accuracy,
reflecting an incomplete suppression of variance in the pretreated data.
Table 4.3 shows that OSC yields a relatively broad distribution of RMSEP results, characterized by a larger standard deviation. However, combining OSC with
DWT gives the lowest RMSEP of all pretreatment methods for almost all parameters. As a targeted preprocessing method, OSC operates best when the validation
spectra happen to vary over a data space that is well represented by the calibration spectra (including orthogonal variance). DWT is non-targeted, and preforms
similarly in reducing error regardless of the degree of conformance that happens to
exist between the calibration and validation data spaces.
Combining DWT with OSC in either order, we see the lowest RMSEP, with
the narrowest standard deviations. Apparently, the application of a wavelet filter
acts to reduce random variance, yielding spectra of greater uniformity from which
to draw calibration and validation datasets.
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The regression correlation coefficient of a model reflects the stability of prediction over the full range of the target property. A model with wide stability yields a
regression coefficient near one. Values higher and lower indicate systematic variations for larger or smaller values of a target property. (Table 4.2) shows that the
combination of OSC and DWT improves the regression coefficient significantly for
all parameters. We can trace this result to the effectiveness of this pretreatment in
removing systematic uncorrelated variance.

4.4.3

Preprocessing as a Means of Isolating Spectroscopic Features

NIR spectroscopy presents the inevitable problem of highly overlapped spectroscopic features. By suppressing uncorrelated variance, all forms of pretreatment
can serve to accentuate the elements of a spectrum that correlate the variance of
interest. First-derivative, SNV and MSC preprocessing methods achieve this by
reducing noise and baseline variations. DWT flattens baseline, much like firstderivative preprocessing, and removes high-frequency noise. OSC serves to highlight features of determinate variance by subtracting orthogonal information from
the spectrum.
Examining the spectroscopic outcome of pretreatment can provide a visual tool
to understand the source of a target variance in terms of its spectroscopic manifestation. The physical properties of a pulp relate to each other by common correlations
with fibre morphology and chemical composition. Feature-selected spectra, built
to conform individually with target properties should therefore exhibit similarities
signalling these underlying chemical and physical correlations. The spectra obtained here, following pretreatment geared to properties known to be correlated,
present evidence supporting this idea.
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Table 4.3: Average residual mean square errors of prediction following the application of various methods of NIR
spectral data pretreatment. The RMSEP averages determined in each case by partial least squares calibration
models using ten different randomly selected training and test data sets. Tabulated standard deviations reflect the
reproducibility of RMSEP following different preprocessing methods.
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Parameter
Tensile (km)
(2.5-4.9)
Freeness (ml)
(649.5-700.5)
Burst (kPa m2 g−1 )
(1.4-3.4)
Dry Zero Span (km)
(14.44-16.8)
Wet Zero Span (km)
(12.4-15.8)
Tear (mN m2 g−1 )
(19.9-30.3)
SRE600
(23.5-82.7)
Absorption (m2 g−1 )
0.1669-0.2278)
Scatering (m2 g−1 )
(32.6-39.8)

PLS
0.2742±
0.0096
12.04±
1.603
0.2509±
0.0067
0.4556±
0.0020
0.5881±
0.0052
1.8163±
0.0046
12.7136±
0.0705
0.0094±
0.0007
1.0116±
0.0052

1st-PLS
0.2473±
0.0061
11.92±
0.9726
0.2455±
0.0048
0.4344±
0.0023
0.5677±
0.0045
1.8001±
0.0043
12.6064±
0.0661
0.0093±
0.0007
1.2047±
0.0052

SNV-PLS
0.2214±
0.0033
10.18±
0.8147
0.2349±
0.0022
0.4109±
0.0007
0.5266±
0.0030
1.7421±
0.0075
12.1212±
0.0439
0.0090±
0.0007
0.8780±
0.0054

MSC-PLS
0.2213±
0.0033
10.17±
0.8165
0.2348±
0.0024
0.4109±
0.0007
0.5264±
0.0029
1.7418±
0.0079
12.1215±
0.0440
0.0090±
0.0007
0.8777±
0.0053

DWT-PLS
0.1985±
0.0019
9.327±
0.7857
0.2183±
0.0022
0.4081±
0.0009
0.5010±
0.0022
1.6994±
0.0086
12.3330±
0.0511
0.0085±
0.0005
0.8101±
0.0036

OSC-PLS
0.1960±
0.0018
10.02±
0.8009
0.2229±
0.0027
0.4169±
0.0015
0.5145±
0.0032
1.7099±
0.0097
12.3978±
0.0713
0.0087±
0.0005
0.9006±
0.0050

DWT-OSC-PLS
0.1958±
0.0018
10.03±
0.7741
0.2175±
0.0007
0.4062±
0.0006
0.5023±
0.0024
1.6898±
0.0038
12.2578±
0.0563
0.0082±
0.0006
0.8093±
0.0029

OSC-DWT-PLS
0.1754±
0.0013
10.10±
0.7437
0.2171±
0.0016
0.4025±
0.0008
0.5018±
0.0022
1.7061±
0.0059
12.2095±
0.0471
0.0084±
0.0005
0.8033±
0.0055

For example, Figures 4.3 to 4.5 compare NIR spectra after OSC-DTW pretreatment tied to Burst and Tensile Strength, Wet Zero-Span and Dry Zero-Span,
and SRE600 and Tear. In the universe of standard samples for this study, Burst
and Tensile Strength, which range over a factor of two, correlate linearly, with a
least-squares correlation coefficient of 0.964. We see this reflected in the featureselected spectra obtained following OSC-DWT, which exhibit a large variation in
the region of from 4300 to 5800 cm−1 with distinct isosbestic points at 4700 and
4900 cm−1 .
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Figure 4.3: Pulp NIR spectra after processing by combination of orthogonal
signal correction with two components and discrete wavelet transform
with selected wavelet range of (3-7) with reference to (left) Burst, and
(right) Tensile Strength.

Wet Zero-Span and Dry Zero-Span show a similar degree of correlation in our
standards, but far less variation. OSC-DWT preprocessing tied to either of these
properties yields a similar set of resonances in the region of 5000 cm−1 , which
are very different from the sub-spectra characteristic for Tensile and Burst. These
features span the WZS-DZS range of our samples with a much smaller amplitude
variation.
Finally, SRE600 refers to a pulp property that determines the amount of refining energy necessary to reach a Freeness of 600. This property relates to fibre
length much like that characteristic of the fibre network measured by Tear. In our
samples, we find that SRE600 does correlate well with Tear, and spectrally we see

80

4000

5000

6000

7000

8000

9000

10000

4000

5000

6000

Frequency (cm−1)

7000

8000

9000

10000

Frequency (cm−1)

Figure 4.4: Pulp NIR spectra after processing by combination of orthogonal
signal correction with two components and discrete wavelet transform
with selected wavelet range of (3-7) with reference to (left) Wet Zero
Span, and (right) Dry zero span.

that OSC-DWT selects for a very similar set of features.
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Figure 4.5: Pulp NIR spectra after processing by combination of orthogonal
signal correction with two components and discrete wavelet transform
with selected wavelet range of (3-7) with reference to (left) SRE-600,
and (right) Tear.

Among all the pulp properties investigated in this study, Scattering is unique in
that it represents an optical property of the fibre network, which correlates poorly
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with indexes derived from measures relating to fibre network strength. As shown in
Figure 4.6, amplitude of the features in the NIR spectra of pulp selected to isolate
Scattering shifts decidedly to the red compared to strength-related elements of the
spectrum, and variance concentrates in a resonance at 5100 cm−1 .
As also shown in Figure 4.6, we find that OSC-DWT selects a unique set of
features to describe Freeness as well, despite the expectation that, in its morphological and chemical basis, freeness should correlate with other measures related
to fibre length such as SRE600, Tensile Strength, etc. However, we see from Table
4.3 that Freeness represents the only parameter in this study for which prediction
from the NIR spectrum was not improved by OSC-DWT preprocessing. We conclude from this that the OSC algorithm, applied with reference to Freeness, fails
to capture the most correlated features. For this reason, we must not regard the
OSC-DWT selected features as a trustable source for spectroscopic interpretation
for Freeness.
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Figure 4.6: Pulp NIR spectra after processing by combination of orthogonal
signal correction with two components and discrete wavelet transform
with selected wavelet range of (3-7) with reference to (left) Scattering,
and (right) Freeness.

4.5

Conclusion

We have explored the effectiveness with which a range of preprocessing methods
improves the multivariate prediction of paper physical and morphological proper82

ties from the NIR spectra of pulp fibres. Simple data treatments, including firstderivative, SNV and MSC preprocessing do reduce prediction errors. However,
DWT, which removes high-frequency noise and low-frequency baseline variations,
and OSC, which suppresses variance orthogonal to a specified target property, improve performance to a better degree. Interestingly, DWT, which preprocesses
without reference to a target property, yields regression coefficients that fall shorter
of one, indicating the presence of a systematic residual uncorrelated variance.
Combining the pretreatment methods, OSC and DWT yields the smallest errors.
Using Tensile Strength as a benchmark, the sequence, OSC then DWT produces
a more robust prediction, featuring a lower RMSEP with a narrower distribution.
Either order improves RMSEP and standard deviation of prediction error to similar degrees for other properties, For all cases the application of DWT followed
by OSC gives a regression coefficient closer to one, suggesting that this approach
best avoids the biasing of noise suppression with respect to magnitude of the target
property.
NIR spectra corrected by OSC-DWT reveal interpretable features with respect
to selected properties. Correlations in such spectra provide a means to logically
connect certain properties with assigned features. These results underline the effectiveness with which OSC-DWT extracts essential information from spectra subject
to uncorrelated variations. Thus, we can conclude that the application of OSCDWT as a pre-treatment can improve the utility of a NIR spectroscopy as a method
for predicting the end-point properties of pulp and paper.
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Chapter 5

TOGA Feature Selection and the
Prediction of
Physical-Mechanical Properties
of Paper from the Raman Spectra
of Unrefined Pulp
We demonstrate that Raman spectra of unrefined pulp sample can accurately predict standard properties of paper made from that pulp at any arbitrary refining energy when modeled to a reduced space selected by a sophisticated chemometric
feature selection technique referred to as a Template Oriented Genetic Algorithm
(TOGA). We combine discrete wavelet transform (DWT) with TOGA feature selection and partial least squares (PLS) multivariate classification to extract maximum chemical and physical information from raw Raman spectra to correlate Raman features with five physical properties of pulp at five different refining energies.
We remove uncorrelated features to develop robust calibration models by which to
represent paper properties from on-line Raman spectra of production pulp. Using
TOGA reconstructed Raman spectra more than doubles the prediction accuracy
for certain properties. We also investigate the effects of chemical bonds and the
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structure of cellulose fibre on the mechanical properties of refined kraft pulp using TOGA selected Raman signals. Our results indicate that the individual fibre
strength rather than inter-fibre bonding serves as the defining factor for specific
refining energy (SRE), freeness, wet and dry zero-span breaking length while both
single-fibre properties and chemical bonding affect sheet physical and mechanical
properties such as tensile, burst and tear strength. Pulp changes associated with diminished freeness at increased refining energy reflect increased fibre-fibre bonding,
which has a major effect on mechanical properties of pulp. The Raman spectrum
of a pulp conveys information both about its chemical composition and fibre structure, providing an effective means to predict the quality of paper sheet products. In
particular, the facility demonstrated here to gauge the product properties at any arbitrary refining energy based on the Raman spectrum of an unrefined pulp can save
time and cost by determining in advance how much beating is required to produce
a desired set of paper product specifications.

5.1

Introduction

A roll of manufactured paper sheet attains a value and fitness for purpose that is
determined by a suite of physical and mechanical properties. These properties
vary with characteristics of the feedstock and parameters of production process.
To gauge the suitability of a paper product with respect to target specifications,
manufacturers rely for the most part on measured properties of the finished goods.
Thus, a bag paper must meet or exceed a particular bursting strength specification.
A printing paper must surpass a certain tear resistance threshold. All papers must
attain appropriate degrees of tensile strength, particularly for applications that depend on stress-strain performance.
Directly measured information about physical and mechanical properties of a
paper sheet determines the acceptability of a production run. But, off-line laborintensive laboratory measurements offer no means to alter process conditions to
achieve or sustain a product specification.
Paper consists of a complex fibre network. The properties of the fibres and the
arrangement they form combine to determine the properties of paper. Automated
sensors can provide online process information on the pulp stream (concentration,
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freeness, brightness, pH and kappa number) and the fibres it contains (image data
on length, thickness, curl, kink and coarseness). Calibration models have begun to
connect measures such as these to process parameters and product attributes [149].
However, the chemical composition of the fibres themselves and their morphology
interplay to determine the physical properties of a paper sheet. Control in a space
that encompasses the complete range of variance requires means of sensing both
fibre chemical and physical responses to production conditions [6, 89, 308].

5.1.1

Chemical Composition of Pulp

Papermaking begins with a highly heterogeneous feedstock of biological origin.
Pulping and refining extract polysaccharide fibrils composed to varying degrees
of cellulose and hemicellulose. Cellulose has the simple linear structure of Dglucose, linked in a repeating sequence of β (1, 4) glycosidic bonds [159]. The
hemicellulose component differs in its profusion and composition depending upon
the plant source.
Hemicelluloses link a variety different monosaccharides, including glucose,
xylose, mannose, galactose, rhamnose, and arabinose with acidified sugars, such
as glucuronic acid and galacturonic acid, to form a random, amorphous heteropolymer. Xylose predominates in hardwood hemicelluloses (xylans), while softwood
hemicelluloses (mannans) contain more mannose. The variation in the amount and
chemical composition of the hemicellulose in a wood feedstock directly affects
the in-process properties of its pulp, and all measures of the strength of the fibre
network it forms [264].
In particular, the hemicellulose component of a fibre system acts to interlink
cellulosic chains with important consequences for the mechanical strength of the
network, particularly its tensile strength [284, 285, 290, 309]. Studies have shown
that abundant hydroxyl groups secure these fibre-fibre linkages by means of interfibre hydrogen bonds. Thus, a strategy seeking to control a process for end-product
mechanical strength must measure the chemical composition of pulp fibres.

86

5.1.2

Pulp Morphology and Its Response to Refining

Morphological factors, such as fibre density, surface area, and the topology of fibrefibre contact also serve to regulate the effect of a fibre composition profile on the
strength fibre-fibre bonding and the mechanical properties it yields [149, 156]. The
refining or beating of a pulp forces wet fibres between a stationary metal plate, and
a moving metal rotor. The mechanical and hydraulic forces associated with refining
alter the physical characteristics of individual fibres and the network they form.
Refining removes part of the fibre wall leading to delamination, fibrillation
and swelling. This redistributes hemicelluloses from the fibre interior to the surface. Fibrillation increases the flexibility of individual strands, and thus makes the
network softer. This also increases the exposed surface area available to form hydrogen bonds, and so adds strength. In addition, interlinking strands incorporates
more fibre covalent bonds in determining the mechanical strength of the network,
as measured by its tensile and bursting strength. However, the process of refining
can shorten and weaken individual fibres and this reduces the tear strength of a
sheet.
By and large, pulp manufacturers supply raw material as unrefined market pulp
to papermakers and other end-product manufacturers, who refine it to fit specific
purposes. The value of a market pulp depends on the physical and mechanical
properties it can attain in the form of a final product. Target specifications and their
priority vary with the intended application, but in most cases, buyers seek pulps
that afford high tensile, burst and tear strength.
In order to refer to the physical and mechanical potential of a pulp a market
pulp manufacturer must perform tests on representative portions, refined to specific
degrees in a laboratory pilot plant. Measurements of this kind add to the overall
production cost of a pulp, and provides information, which might well have been
of use in process optimization, only after production is complete.

5.1.3

Prediction of Paper Properties from the Analysis of Pulp
Composition and Morphology

The chemical and morphological character of a pulp feedstock varies with the biological characteristics of the raw material, including, for example, the species of
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tree, the age and growth history of the stand, and degree of insect infestation, along
with factors relating to harvest and processing. A paper manufacturer tunes process parameters to target product specifications and fitness for purpose criteria, but
must contend both with determinative factors and the natural variance of biological
systems.
Industrial laboratories often use wet chemical analysis and physical tests to determine the properties of an in-process pulp and gauge its fitness for a particular end
use [83]. However, laboratory tests require time and the efforts of highly skilled
personal. The cost and inopportune timescale of such measurements prohibit their
use for real-time process control.
Spectroscopic methods have shown promise as a tool for understanding the
structure of cellulosic pulps. Research has calibrated pulp infrared, near-infrared
and Raman spectra to predict many properties normally determined by wet chemical analysis, as well as network physical properties, such as tensile and tear strengths
[4, 51, 52, 91, 340, 345, 349].
Unlike wet chemical methods, spectroscopic probes can function as online or
at-line without the need for sample preparation. However, despite their proven
utility for predicting end-product physical and morphological properties in the laboratory and the important utility of this information, spectroscopic methods have
yet to show sufficient reliability in the variable environment of an industrial process line to justify the high technological and dollar cost of entry associated with
their widespread adoption as a routine tool for process control in the pulp and paper
industry.
A significant hurdle exists in the nature of spectroscopic data itself. The amount
of information contained in a typical spectrum greatly exceeds the number of calibration samples in a typical data set. This increases the sensitivity of a prediction
model to noise and reduces the robustness of a calibration owing to the likelihood
of over-fitting.
Feature selection methods exist that can remove irrelevant information in a
spectrum and reduce the dimensionality of the calibration space. Among many
different possible feature-selection strategies, methods based on learning strategies, such as a genetic algorithm, offer the best probabilistic, non-local methods
of finding significant features in the space of all possible subsets in a reasonable
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amount of time [22]. Here we show that a data-driven genetic algorithm feature selection adapted specifically to the problem of optimizing the prediction accuracy of
a spectrochemical classification model can use the variance of the data as a guide to
determine an optimum feature-selection filter for the prediction of paper properties
on the basis of the Raman spectra of cellulosic pulps.
Our approach starts with a discrete wavelet transform, which begins to reduce
the dimensionality of the spectroscopic information by removing uninformative
baseline variations and high-frequency noise. We then refer to the variance to build
a template that guides the process of feature selection in a space of informative
wavelets. This filtering tool, which we term a template oriented genetic algorithm,
enables the construction of robust calibration models that vastly improve the power
of multivariate analysis to classify vibrational spectra.
By isolating robustly correlated wavelet features TOGA also provides a spectrum of the covariance for chemical interpretation in terms of functional group
frequencies. We show how the application of TOGA to the Raman spectrum of
unrefined pulps enables the robust prediction of pulp network physical and mechanical properties for any arbitrarily specified level of pulp refining.

5.2
5.2.1

Experimental methods
Samples

This study draws from a supply of 109 northern bleached softwood kraft (NBSK)
pulps produced by kraft mills in central interior of British Columbia. These pulps
were manufactured from chip mixtures containing varying amounts of white spruce
(Picea glauca), lodgepole pine( Pinus contorta) and sub alpine fir (Abies las locarpa). Before refining, these pulps exhibited Canadian Standard Method (CSM)
freeness in a range of 640-730 mL as determined by TAPPI standard method T 227
om-99.
We reserved representative samples of each unrefined pulp from which to fashion handsheets for spectroscopic and physical-mechanical characterization. The
pulps were then individually refined over an applied energy interval from 0 to 280
kW hours ton−1 . Regular periodic sampling and testing determined the points at
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which each pulp attained CSM freeness values of 600, 550. 500, 450, and 300 mL.
The energies to reach these target values of freeness respectively determined
SRE600, SRE550, SRE500, SRE450 and SRE300 for that pulp, noting that higher
refining energies yield smaller values of freeness. We reserved corresponding
pulp samples at each target value of freeness to make papers for the determination of freeness-dependent physical-mechanical parameters for that pulp according
to TAPPI standards.
The present study focuses on six different pulp, fibre and paper sheet properties: tensile strength, burst strength, tear strength, specific refining energy (SRE),
wet zero span (WZS) breaking length, and dry zero span (DZS) breaking length.
Tensile, burst and tear indices refer to properties of a paper sheet made of refined
or unrefined pulp. We measured these quantities for sheets formed of each pulp at
each refining energy using the following TAPPI standard methods: tensile index (t
494 om-01), tear index (T 414 OM-98), and burst index (T403 om-02).
SRE denotes to the refining energy required to attain a specified freeness, measured by the volume diverted in a draining stream of 1 L. DZS and WZS provide an
indirect gauge of single fibre tensile strength. Wet and dry zero span properties of
unrefined pulp were measured in accordance with TAPPI standard method T 231
cm-96. We measured all other properties for sheets prepared from both unrefined
and refined pulps at four different stages of refining.
This procedure afforded a large standard matrix of mechanical and physical
properties of 109 unrefined pulps as well as the same 109 pulps refined to 5 different values of freeness. The samples examined spectroscopically consisted entirely
of sheets derived from the 109 unrefined pulps.

5.2.2

Instrumentation

We have recorded the spectra of handsheets prepared solely from unrefined pulp
using a Raman micro-spectrometer. In this instrument, a 120 µm diameter fibre
couples a 785 nm diode laser onto a dichroic beam splitter, which directs this beam
down the optical axis of an Olympus BX-51 microscope equipped with a ×5 objective with a numerical aperture 0.25. A six-around-one bundle of 100 µm optical
fibres collects backscattered light. An Acton 300 mm monochromator equipped
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with a 600 groove mm−1 grating disperses the Raman signal onto a Princeton instruments PIXIS back-illuminated CCD detector. A LabVIEW user interface collects the CCD signal and controls a motorized stage that holds the sample. The
stage moves in a reciprocating x, y lateral motion, phased to sweep the focus of the
Raman illumination and collection spot over a 1 cm square of the pulp sheet area.
For each sample, we collected the Raman scattered light in two regions of
vibration frequency, from 250 to 1500 cm−1 and from 2800 to 3200 cm−1 . All
Raman spectra analyzed in this work combine the signals recorded for 5 acquisitions in each of these windows. Each such spectrum used an exposure time of
30 seconds. Spectra were saved to files by a LabVIEW data acquisition system,
and treated separately using purpose-written MATLAB programs that call upon
widely available discrete wavelet transform (DWT) signal processing and multivariate analysis packages. We use DWT to filter spectra, removing high-frequency
noise and low-frequency baseline variations. This enables us to select features and
build multivariate calibration models in a data space of lower dimension.

5.2.3

Multivariate Analysis

Discrete Wavelet Transform
Discrete wavelet transform produces a multi-scale representation of a digitized signal by using a sequence of high- and low-pass filters to sort the signal in terms of
the frequency with which it varies in the wavelength space of the spectrum. Filtering divides this information to resolve the signal into a set of subbands [29- 31].
Frequencies of importance, corresponding to peak widths in the wavelength- or
λ -space of the original spectrum, appear with large amplitude in the DWT decomposition without loss of λ -space position information. Subsampling removes unimportant information, including the slowly varying background and high-frequency
noise. Errors of prediction can serve as a guide to choose a wavelet basis and
choose the components that best preserve classification information while removing uncorrelated variance [29].
For present purposes, we use a Sym5 wavelet filter. Translating and dilating
this filter, we form a multiresolution projection of each spectrum, consisting of
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subbands with a succession of bandwidths, termed details, together with a final
projection forming a residual, lowest-frequency subband, called an approximation.
We remove components that describe the high frequency noise and low frequency
background. Typically, we start at the full 1024 point resolution of the collected
spectrum and perform six projections, keeping the four detail components from
level two to six. We then build partial least squares (PLS) calibration models for
target properties in the reduced space of the retained wavelet coefficients, and find
the root-mean-square error of prediction (RMSEP) for that property. We select
scales at which to cut the high and low frequencies that minimize the RMSEP.
Template Oriented Genetic Algorithm
We employ a novel step of spectral feature selection to further focus and economize
our multivariate calibration models, applying a genetic algorithm (GA) to establish
the most informative feature subspace. To overcome the well-known disadvantages
of conventional GA, the present method, termed, Template Oriented Genetic Algorithm (TOGA) uses a data driven approach [35]. This means that we determine
the significance of each feature first and then decide the optimal combination of
features. The factor that controls the flow of information is the data itself not a
predetermined logic of the program.
The core algorithm of TOGA proceeds as follows [35]:
1. In a data space defined by the retained DWT coefficients, we calculate the
importance of spectral predictors with respect to a target property according
to the equation
Si =

mean(βi )
std(βi )

(5.1)

where mean(βi ) and std(βi ) represent the mean and standard deviation of the
PLS regression coefficients of predictor i, (βi ) in 300 different PLS models
for the covariance of the Raman spectra in a wavelet basis. We select the 200
predictors with largest importance to define the initial predictor space for the
target property.
2. Selecting from this predictor space, we define a population of 50 chromosomes, each composed of 10 features, i, selected randomly from among the
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200 most important predictors, using a probability weighting determined by
proabilityi =

Si
n
∑i=1 Si

(5.2)

3. We use each chromosome to define a unique, feature-selected data matrix
representing the reduced Raman spectra of all 109 unrefined pulp samples.
For each such data matrix, we randomly select 75 percent of the spectra to
build a PLS calibration model, and the remaining 25 percent to validate it.
Defining the associated RMSEP of validation as an ensemble-error-criterion
fitness function for each chromosome, we determine its suitability according
to the equation:

RMSEP =

∑mj=1 ((yˆj ) − y j )2
m

!1/2
(5.3)

where yˆj and y j refer to the predicted and measured property values of sample j respectively, and m is the number of samples.
4. On the basis of this criterion, we select typically 10 of the most fit chromosomes to pass unmodified into the next generation. Then, applying ensembleerror weighting to the remaining chromosomes, we form 20 fit pairs and apply random single-point crossover to generate two children each. Drawing
new genes from the predictor space, we mutate five of these at random.
Using the new chromosomes as templates, we build a set of 50 new PLS
models, which generates a new set of fitness functions. We repeat this cycle through 10 generations, and save the single top chromosome, defined
globally by the smallest ensemble error.
5. After 10 iterations of this whole process, or after an inner loop of 10 generations produces no more than a negligible reduction in prediction variance,
we examine the genes that appear in each final top chromosome. Choosing
10 genes on the basis of appearance frequency, we construct a final chromosome representing the set of wavelet features selected by TOGA.
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We believe that TOGA serves well to addresses weaknesses in previous methods
for converting the spectra into a lower number of features. For example, conventional feature-selection methods do not exploit the functional character of spectra
(as established e.g. by wavelet transform) and thus generally represent selected
features by defining a discontinuous set of spectral positions. TOGA, on the other
hand, projects each spectrum on a sub-band template that points to chemical information in hidden band shape variations.

5.3

Results

This section surveys the physical and mechanical standardization properties of the
full set of unrefined and refined pulp sheets. It then presents the unprocessed and
DWT-filtered Raman spectra obtained exclusively from measurements on the 109
unrefined pulp sheets. We follow this by an analysis that explores the degree to
which the spectra of unrefined pulps predict the physical and mechanical properties of sheets formed using pulps subjected to varying degrees of refinement. To
classify the effect of refining on the physical properties of interest, we employ
TOGA to isolate the best predictors.

5.3.1

Physical and Mechanical Properties of Unrefined and Refined
Pulp Sheets

In standard tests, the handsheets investigated in this study yield distributions of
tensile and tear indices that depend on the freeness of the primary or refined pulp,
as displayed in Figure 5.1. For example, tensile strength increases with refining
(decreasing freeness). Pulps with a freeness of 600 mL yield tensile indices that
distribute about a mean of 6 km with a standard deviation of 1 km, while more
refined pulps, with a freeness of 300 mL exhibit a mean tensile index of 10.5 km
with a slightly larger standard deviation.
Unrefined pulps, however, exhibit the highest tear index. This quantity decreases as freeness drops for increasingly refined pulps. Thus, for pulps with a
freeness of 300 mL, we find a tear index distributed about a mean of 12 mN m2
g−1 with a standard deviation of about 2 mN m2 g−1 . Less refined pulps with a
freeness of 600 exhibit a tear index mean of 20 ± 3 mN m2 g−1 .
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Figure 5.1: Histogram showing tensile and tear properties of six different of unrefined and refined pulp
sheets, freeness= 600, 550, 500, 450, 300. a) tensile, b) tear.
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Figure 5.2 cross correlates the tensile strength of pulps at different degrees of
refinement, as reflected by freeness. The diagonal entries reflect the distributions
of tensile strength within a freeness class, corresponding to the histograms superimposed in Figure 5.1. Notice that the tensile strengths of pulps with intermediate
freeness correlate strongly. By comparison, however, the tensile strength of an unrefined pulp predicts poorly for the tensile strength after refining. Similarly the
tensile strength of a pulp refined to a freeness of 300 mL changes to an extent not
well predicted by the tensile strength of that pulp at intermediate refining.

5.3.2

Raman Spectra of Unrefined Pulp Sheets

Figure 5.3 shows the raw and DWT Raman spectra for our set of 109 unrefined kraft
pulp samples. The raw Raman spectra exhibit weak signals for some samples with
a persistent background owing to fluorescence. Note the similar band patterns, but
some variations in relative intensities. After discreet wavelet transform (DWT) preprocessing, the filtered spectra present a flat background with little high-frequency
noise.
The region below 1500 cm−1 corresponds to motions of the C-C and C-O
framework, while the broad intense peak in the interval from 2800 to 3000 cm−1
represents to O-H stretching. We can associate regions labeled F and G in Figure
5.3 with modes that involve considerable coupling of methyl bending, methylene
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Figure 5.2: The correlation between tensile strength of six different of unrefined and refined pulp sheets,
freeness= 600, 550, 500, 450, 300.

rocking and wagging and C-OH in-plane bending.
The peaks in 1090, 1120, and 1150 cm−1 (region E) represent modes involving
anti-symmetric C-O stretch and ring vibrational modes. We can assign the peak
at 897 cm−1 (region C) to HCC and HCO bending localized at C(6) position in
glucose. Region A, below 600 cm−1 relates predominantly to skeletal, CCC, OCO,
COC, and OCC bending vibrations. The particular feature at 477 cm−1 (region B)
reflects the amount of hemicellulose in the pulp.

5.3.3

TOGA-Selected Sub-Spectra Associated with Particular
Physical Properties of Unrefined Pulp Sheets

Figure 5.4 shows spectra constructed from a TOGA feature selection targeted to a
selected set of physical and mechanical properties of pulp sheets.
Compare the TOGA reconstructed spectra related to the tensile and burst strength
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Figure 5.3: Pulp Raman spectra before/after preprocessing by discrete wavelet transform with selected
wavelet range of (2-6) a) Raw Raman spectra, b)DWT Raman spectra.

of unrefined samples plotted in Figure 5.4(a) and (c). Note that TOGA isolates similar spectral regions for both properties; however, TOGA selects features in each
wavenumber interval that have different intensities. These TOGA reconstructed
spectra indicate that features in regions B and C have greater importance in multivariate models for tensile strength, while features in region F play a more important
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Figure 5.4: Pulp Raman spectra after discrete wavelet transform and TOGA feature selection guided to
optimize the following properties of unrefined pulp a) tensile strength, b) SRE600, c) burst strength, d)
dry zero span, e)tear strength, f) wet zero span.

role in classifying for burst. Note that region B appears with varying intensity in
the TOGA spectra coding for tensile, burst, and tear.
The TOGA spectra displayed in Fig. 5.4(e), selected for the prediction of tear
strength, give greatest weight to region H. Raman features in region A, E, and F
also appear to be important for the classification of tear strength, while structure in
other regions of the spectrum seem unrelated to this property.
The TOGA spectrum optimized to predict SRE600 shows a simple pattern with
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strong features at 378 (A) and 1095 (E) cm−1 , and weaker structure in region G.
Figure 5.4, frames (d) and (f) show TOGA reconstructed spectra for dry-zerospan (DZS) and wet-zero-span (WZS) breaking strengths. Here we see that features
at 379 cm−1 (A) and 1095 cm−1 (E) dominate in modeling zero span strength as a
classification property in both cases. TOGA marks region B as an important feature
for WZS and not for DZS.

5.3.4

TOGA-Selected Sub-Spectra Associated with Particular
Physical Properties of Refined Pulp Sheets

We examine effect of refining by classifying the spectra of unrefined pulps for the
properties they exhibit at lowered freeness. Figure 5.5 show how TOGA-selected
features change depending upon the targeted freeness.
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Figure 5.5: Raman spectra of unrefined pulps after wavelet transform and TOGA preprocessing to optimize the prediction of burst strength, tensile strength, tear strength and SRE600 at freeness of (a) 600
ml, (b) 450 ml and (c) 300 ml

Just as with Raman spectra, feature-selected on the basis of their unrefined
properties, region H appears prominently as a marker for tear strength compared
to other properties at a freeness of 600. TOGA also singles out regions A and G
or F as a critical features for all properties at this degree of refining. We note that
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TOGA points to region B as an essential feature for tensile, burst, and tear.
This pattern changes dramatically for freeness 450 in a way that we see repeated in spectra for all properties. TOGA chooses the wavelet that forms the
features in region E and targets wavelet position on the shoulders of other features. For tear, we see that the importance of region H decreases significantly with
decreasing freeness.
For refining energies that produce a freeness of 300 ml, a TOGA model targeting tensile and burst calls for a decrease in the weight assigned to region E, with a
re-emergent significance in regions A, B and F, together with an outsized emphasis
on structure in region H, all regulated by fine tunning the selected position of the
wavelet. TOGA reconstructed spectra for tear at a freeness of 300 ml resembles
that targeted to freeness 450 emphasizing regions E, C, and A. Reconstructed spectra for SRE display a simple pattern at all refining energies, dominated by wavelets
in region E.

5.4

Discussion

This work explores the extent to which TOGA feature selection, targeted to the
prediction of pulp sheet properties at specific degrees of refining, yields calibration
models that can predict a pulp sheet property at any refining energy from the Raman
spectrum of the pulp before refining. To understand the basis on which one might
meet such a classification objective, we begin with an examination of the properties
of pulp fibres and their network effect on physical properties of raw pulp.
We then discuss how refining changes the physical chemical nature of pulp
fibres, and the way these changes alter the fibre network to affect its physical and
mechanical properties. Much of this discussion will focus on fibre-fibre hydrogen
bonds and how increases in these interactions predict increases in the tensile and
burst strength of a pulp sheet, while anti-correlating with tear strength.

5.4.1

Pulp Properties as Affected by Fibre Structure and Fibre-Fibre
Interactions

The physical and mechanical qualities of a paper sheet depend both on the nature
of individual fibres, and characteristics of the fibre network determined by fibre100

fibre bonding interactions. Refining affects these molecular properties in two ways.
Mechanical abrasion breaks fibres and disrupts natural structure to yield fibrillated
fibres of shorter length. Refining also acts on fibres to affect the crystallinity of the
cellulose they contain [101].
Tensile and burst strength depend on the network strength of fibre-fibre interactions. Refining increases the strength of the network by producing shorter, opened
fibres, which exposes a larger surface area, increasing the number of hydrogen
bonds. At first, these interactions increase cellulose crystallinity and strengthen
the network [53]. On the other hand, tear strength and SRE depend for the most
part on the length and strength of individual fibres. Because refining shortens fibres and disrupts fibre structure, these qualities decreases with increasing refining
energy.
Figure 5.1 summarizes trends in the distribution of physical properties of sampleset pulp sheets with different refining energies by plotting the distributions of
measured properties as histograms for pulps refined to various levels of freeness.
Consider the tensile histograms. For intermediate refining energy, they exhibit a
slightly right-skewed distributions. High refining energy, which results in a freeness of 300 mL gives rise to a plateaued distribution, which looks like that of the
unrefined pulp.
Changing the distribution pattern from plateaued to right-skewed and back to
plateaued reflects two distinct changes that occur in the structure of the pulp as the
refining level increases from intermediate to high. We examine Raman spectra for
an evidence of these chemical and morphological changes in fibres and fibre-fibre
interactions at these different levels of refining.
Figure 5.2 shows the correlation between values of tensile strength measured
for given pulps at levels of refining characterized by freeness values from 600 to
300 mL. Here we see that the tensile strength of the unrefined pulp is a poor predictor of tensile strength at any level of refining. Similarly, the tensile strength of a
highly refined pulp (300 mL) predicts poorly for the tensile strength at lower levels
of refining. But, values of tensile strength correlate strongly between pulps refined
to intermediate freeness in the range of 600 and 450 mL.
This suggests again that fibre and fibre-network variations at the molecular
level produced by refining abruptly change in nature as refining decreases the pulp
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freeness from 450 to 300 mL. In the following section, we will consider how refining affects the properties of individual fibres and their interactions in a network,
as manifested by changes in the vibrational spectrum. We then look at the trends
observed in vibrational structure revealed by TOGA feature selection, chemometrically targeted to the prediction of pulp properties at various levels of refining.

5.4.2

Vibrational Manifestations of Pulp Fibre and Network
Molecular Properties

Band positions and intensities of certain vibrational features in the Raman spectrum
of a pulp vary to reflect the degree of hydrogen bonding and cellulose crystallinity.
As indicated in Figure 5.3, region H (2800-3000 cm−1 ) reflects hydrogen bonds
which involving principally 6-3́ OH...O interfibre bonding and intrafibre bonding
for 2-6 OH...O and 3-5 OH...O [224].
Intra-fibre hydrogen bonds determine fibre extensibility, which affects fibre
length and tertiary structure. Interfibre hydrogen bonds join fibres together. The
number of the intermolecular hydrogen bonds thus determine the strength of the fibre network. The intensity and the shape of features in region H reflect the number
and the strength of hydrogen bonds that define cellulose crystallinity, determine
the flexibility of fibres, and regulate the fibre surface area in molecular contact.
The spectroscopic region below the 1500 cm−1 represents vibrational modes
of the cellulose backbone, which respond with particular sensitivity to the degree
of cellulose crystallinity. For instance, features in region G (1474 cm−1 ) shift to
lower frequency and broaden with a reduction in cellulose crystallinity, moving to
1462 cm−1 for fully amorphous cellulose [266]. Region E displays ring vibrational
modes involving skeletal stretching. The spectrum in this region varies with the
orientation of glucose linkage in the cellulose chain. Previous study has shown
that tensile deformation shifts the 1095 cm−1 band in region E to lower energy,
while pulp fibre strain affects the intensity ratio of bands at 1120 and 1090 cm−1
[340]. Conventional assignments relate the maxima at 379 (A) and 1090 (E) cm−1
to the cellulose crystallinity [266, 340], while the intensity and the position of
peaks located at region C reflect the degree of cellulosic disorder and the size of
cellulose crystallites [266, 340].
The strength of a fibre network depends on the strength of individual fibres
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as well as the strength and distribution of bonds between fibres. The fraction of
crystalline cellulose, the size and orientation of crystallites, and the geometry of
the crystal lattice all have an effect on the physical and mechanical properties of a
pulp fibre network [344]. Raman spectroscopic information highlighted by TOGA
in regions C, E and G bear on these factors regulated by crystallinity.
To explore how factors related to fibre structure and hydrogen bonding influence the properties of unrefined pulp, we provide the following analysis of Raman
structure isolated by TOGA feature selection geared to predict various different
physical and mechanical properties of pulp networks.

5.4.3

TOGA-Selected Sub-Spectra Provide Evidence for
Compositional Factor Underlying Pulp Physical Properties of
Unrefined Pulp Sheet

Comparing the TOGA reconstructed spectra from the analysis of unrefined pulp
(5.4), we see that TOGA selects simple patterns of features for parameters that
depend on the properties of individual fibre such as DZS, WZS, and SRE600. It
yields a more complex pattern containing more features for properties depending
on intra-fibre bonding. Studying TOGA reconstructed spectra for the unrefined
pulps suggests that features in regions A and E classify most directly for zerospan and SRE600. Conventional measures the ratio of these two peaks reflects the
crystallinity of cellulose, we can therefore conclude that fibre crystallinity correlate
with WZS, DZS, and SRE600.
Similarly, we can recognize that the hemicellulose (region B) appears significantly in the TOGA model for every parameter that depends on fibre network
strength, such as tensile, tear, and burst. This region is absent for WZS, which depends only on the property of single fibres. Although SRE600 depends for the most
part on the characteristics of individual fibres, the hemicellulose region (region B)
appears in models for this property. The following sections detail the essential
Raman features associated with each property of interest.
Strength properties: Tensile and Burst
TOGA suggests that both the structure of the cellulose (region C and F) and a facility for fibre-fibre attractions (region H) affect tensile and burst strengths. However,
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regions that correspond to crystallinity of the cellulose appear with higher intensity (TOGA centers selected wavelet on key feature). TOGA chooses region B,
assigned to hemicellulose as a particularly informative feature for these two properties. We find this association with hemicellulose content strongest for tensile.
Tensile strength directly relates to the hemicellulose features because the presence
of this substance increases the bonding interactions between fibres [139].
Tear
TOGA indicates that tear strength of unrefined pulp depends on both on fibre morphology and the strength of interfibre bonding. Region H signifying the degree
correlated most significantly hydrogen bonding with this property. The extensibility of hydrogen bonding depends on the fibre length.
Specific Refining Energy 600
TOGA selects regions A, E, and G indicating the importance of the cellulose structure for SRE600. Fibres with higher cellulose crystallinity, signified by the amplitude of features A and E, require more energy to break structural units. TOGA
selects region H, correlating to hydrogen bonding, and region B reflecting hemicellulose. These attributes affect a pulp’s ability to hold water and consequently
make the process of draining slower.
Strength Properties of Single Fibre: Wet and Dry Zero Span
Spectra reconstructed by TOGA for DZS and WZS present dominant peaks in regions E and A related to the crystallinity and structure of the fibres. TOGA reconstructed spectra show small differences in selecting hemicellulose signal (region
B) as important feature for dry zero span. Selecting region B for DZS by TOGA
represents the effect on interfibre bonding and bridging of hemicellulose on dry
zero span strength. Researches concluded that dry-zero span strength changes with
interfibre bonding [36], while wet zero span effectively removes all bonds. Hemicellulose and fines also can bridge weak section of fibres for dry sheets.
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5.4.4

TOGA-Selected Sub-Spectra Provide Evidence for
Compositional Factors Underlying Pulp Physical Properties of
Refined Pulp Sheet

Refining makes fibres softer, shorter, more flexible, and gives them higher surface
area. With higher beating, fibres become more flexible, and the interaction between fibres increases. Results suggest that during the refining process, the functional group characteristics of the pulp remains unchanged, while the number and
the strength of hydrogen bonds increases [101]. The crystallinity of the fibre is
also affected by beating [137].We examine features selected by TOGA geared to a
prediction of properties of the refining to understand the spectroscopy factors that
predict for the magnitude of these changes on the several properties of pulpsheets
using Raman spectra.
Freeness 600
Figure 5.5 (a) shows TOGA reconstructed spectra targeting burst, tensile, tear, and
SRE600 for a hypothetical freeness of 600 ml. TOGA shows the similar complex
pattern of features when predicting for the unrefined pulpsheet and one with a freeness of 600 ml. The similarity in the TOGA patterns for unrefined and refined
pulp with freeness 600 can be related to the range of freeness of the unrefined pulp
which is in the range of 638-704 with the average of 680. We don’t expect to see
the dramatic change in the characteristics of pulp fibres and paper network by decreasing freeness from 680 to 600. The TOGA spectra targeting these parameters
indicates that the hydrogen bonding (region H) seems to respond most as an indicator of the effect of refining on tear, while cellulose crystallinity (region G and F)
seems to code most for tensile and burst. The ratio of intensities E/A points with a
high degree prediction value to the effect of refining on SRE600. TOGA chooses
regions A, E, and G when predicting SRE600. All these features signal the structure and the crystallinity of the cellulose fibre. TOGA reconstructed spectra for
other properties combine features related to both fibre structure and the network
of fibres. TOGA selects regions referring to hydrogen bonding and hemicellulose
for all the properties of lightly refined pulp, reflecting the influence of fibre-fibre
bonding on all of these quantities.
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Freeness 450
The pattern of TOGA reconstructed spectra configured to predict for a freeness of
450 shows interesting changes. Here, in every case TOGA emphasizes region E,
which represents the crystallinity of fibre. Previous work suggests that the process
of beating decreases cellulose crystallinity in the beginning, but increases it with
an increase in beating time [137]. TOGA underlines this result by singling out
combination of features attributed to cellulose crystallinity. TOGA also selects low
intensity peaks associated with hydrogen bonding for all properties except SRE450. This omission suggests that single fibre distinguishes SRE450, while both
single fibre and network properties operate to determine tensile, burst, and tear at
a refining energy that gives a 450 ml freeness. TOGA suggests that hemicellulose
features play an essential role in predicting tensile and burst of refined pulpsheets
with a freeness of 450 ml pointing to the important influence of fibre-fibre bonding
on these properties.
Freeness 300
TOGA wavelet patterns suggest that the physical characteristics of single fibres
must affect on the mechanical properties of unbeaten pulp or pulp with low beating
energy. Single fibre effects diminish for pulp beaten to further freeness of 300 ml.
Here, for tensile and burst fibre interactions became the dominant factor. Unrefined
pulp contains long cells with thick walls which supports limited low fibre- fibre
bonding. Refining collapses fibres and make them more flexible. The presence of
the shorter fibres and fines increases the interaction between fibres. Moreover, the
flexibility of fibres enables them to form configuration of increased contact area.
This larger bonding surface supports a greater number of hydrogen bonds. TOGA
confirms this idea by pointing to the hydrogen bond region as a significant predictor
of tear and burst for highly beaten pulps with freeness of 300.
In contrast, for tear TOGA reconstructed spectra at varying freeness imply
that the hydrogen- bond region becomes less important. As we mentioned above,
greater fibre- fibre bonding improves all physical properties but tear strength. The
tear index so determined by the characteristics of single fibres balanced with the
network strength between fibres. For unrefined pulps and pulps treated with low
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refining energies, energy applied out of the fibre plane pulls the pulpsheet network
apart. TOGA recognize this in emphasizing the hydrogen bonding region H in
models for all strength attributes. The significance of hydrogen bonding for tensile and burst strength at higher refining energy increases with the formation of
shorter more flexible fibres and fines, as evident in figure 5.4-c. Hydrogen bonding
becomes less predictive for tear strength with increased refining. The presence of
hemicellulose adds to the hydrogen bonding capacity of a pulp, and TOGA identifies similar predictors of fibre network strength in region B of the pulp Raman
spectrum.
On the other hand, tensile and burst strength depend on fibre strength (crystallinity), in combination with fibre-fibre hydrogen bond strength along with the
relative contact area. Refining produces shorter fibres and produces fibre fragments known as fines. These fibre fragments fill the space between binding long
fibres. This increases the number of hydrogen bonds and fibre-fibre area in contact.
TOGA reconstructed spectra geared to predict tensile and burst emphasize the hydrogen bonding region. The general linking predicted increases these parameters
to the growing number of hydrogen bonds with increased refining.

5.4.5

Multivariate Classification of Pulp Raman Spectra for
End-Product Properties Using Template Oriented Genetic
Algorithm

We have investigated the effectiveness of Raman spectroscopy as a means of classifying a pulp to a degree that accurately predicts the properties of the product
sheet forms in advance of its manufacture. To begin, we take the Raman spectra of
unrefined pulp sheets. We apply TOGA to economize the Raman spectral representation. We evaluate the effectiveness of spectroscopic measurement combined with
chemometric analysis by constructing prediction models and testing prediction accuracy using the method of partial least squares (PLS) reserving with independent
pretreated data subsets as validation standards.
Figure 5.6 and 5.7 illustrate PLS models for 4 properties before and after applying TOGA. We have made PLS prediction model by calibration the Raman spectra
of unrefined pulps against properties of unrefined and refined pulp with five different freeness (600, 550, 500, 450, 300). PLS models for tensile and burst shown in
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Figure 5.6: PLS models for untreated and treated Raman spectra by TOGA with latent variable equals to
7 a)Tensile (untreated Raman) b) Tensile (treated Raman) c) Burst (untreated Raman) d) Burst (treated
Student Version of MATLAB
Student Version of MATLAB
Raman).

Figure 5.6 show that TOGA improves the prediction models based wholly on spectra of unrefined pulp for the application of these properties at any level of refining.
TOGA narrows the scatter for both the training and validation data sets.
We should expect to achieve better a PLS model for unrefined properties because we used unrefined pulp sheet; however, Figure 5.6 shows the similar or even
better correlation for higher refined properties. One reason for this observation can
be relied on the weakness of Raman in detecting effective factors; which become
less important for properties of refined sample. One example of these factors can
be fibre length, width, and cell wall thickness. For properties of unrefined sample,
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single fibre properties is the dominant factor in predicting them, as we discussed
above. Since Raman has limitation in detecting this property, PLS model using
Raman fails to predict unrefined properties precisely. On the other hand, by increasing beating the effect of fibre length and width become less important while
interfibre bonding shows the most essential impact on refined properties. Raman
spectroscopy is able to detect hydrogen bond, which is the dominant interfibre bond
in paper samples. So, we achieve more reliable PLS model using Raman spectra
for refined properties.
Figure 5.7 shows that PLS models that predict tear and SRE for untreated Raman spectra and treated Raman spectra by TOGA. PLS models for tear and SRE
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follow much the same pattern as models for tensile and burst. TOGA improves the
regression coefficient and correlation for both characteristics. However, contrasting with PLS models for tensile and burst, here we see poorer prediction occurs for
the higher tear indices and SRE observed in unrefined pulps. We notice that TOGA
substantially improves the quality of prediction models of these attributes for pulps
after refining.
We report error of prediction for all properties for untreated and treated Raman spectra in table 5.1. We observe that untreated Raman spectra yield high
relative errors of prediction for almost all the physical properties. Weak Raman
signal, overwhelming-fluorescence background, matrix interference, and the over
determination associated with a high numbers of features all contribute to this limitation of untreated Raman spectra. We note significant improvements in relative
prediction error after selecting important Raman features by TOGA.This confirms
that TOGA serves well to filter out uncorrelated features without removing important information. This improvement is more noticeable for parameters in unrefined
samples. Table 5.1 also shows that Raman predicts all properties except tear with
higher beating energy and lower freeness more accurately.
Refining collapse fibres, after refining they becomes more flexible and their
bonding surface area is increased. By increasing the refining energy and having
smaller fibres, fibres interact more, detecting hydrogen bond interactions thus becomes more important, improving the discerning power of Raman analysis. This
observation implies that Raman spectroscopy better predicts the physical properties of samples with shorter fibres because it effectively detects the potential for
hydrogen bonding interactions in the sample.

5.5

Conclusion

Raman spectroscopy has particular strengths suited to pulp and paper analysis. It
extracts chemically specific signatures from aqueous samples with little or no sample preparation. Here we present new computational routines that enable multivariate analysis to overcome potential limitations of sample fluorescence and substantial uncorrelated variance. TOGA classifies unrefined pulp spectra to a degree that
accurately predicts the attributes of finished paper. TOGA provides information
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for any subsequent degree of pulp refinement that relates morphological details
of pulp structure and bonding to chemical and physical properties of finished papers. Technology emerging from this research will ultimately point the way to an
on-line process control sensor that can measure production pulp stream chemical
composition and gauge its conformance with end-use paper sheet specifications.
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Table 5.1: Prediction error for all physico-mechanical properties of pulp samples using treated and untreated Raman spectra.

Parameters
Tensile (initial)
Tensile 600
Tensile 500
Tensile 450
Tensile 300
Burst (initial)
Burst 600
Burst 500
Burst 450
Burst 300
Dry zero span
Wet zero span
Tear (initial)
Tear 600
Tear 500
Tear 450
Tear 300
SRE600
SRE 500
SRE 450
SRE 300

Range

Mean

Raman-DWT-PLS

Raman -DWT-TOGA- PLS

2.50 - 4.87
4.30 - 7.67
6.50-9.63
7.90-10.63
9.20-11.56
1.36-3.37
3.2-5.95
4.90-7.63
5.76-8.37
6.55-9.18
14.42-16.78
12.40-15.82
19.86-30.34
17.34-24.29
12.15-20.13
9.78-18.37
8.25-15.22
23.91-82.73
60.81-162.50
92.35-217.97
152.90-309

3.72
6.17
8.24
9.34
10.32
2.25
4.38
6.21
7.17
8.01
15.51
14.42
25.83
20.24
15.53
13.25
11.44
52.19
113.77
160.16
239.85

0.61
0.68
0.73
0.81
0.62
0.40
0.41
0.62
0.75
0.69
0.97
0.80
2.81
2.15
2.09
1.56
1.61
8.40
15.09
26.95
31.91

0.39
0.49
0.57
0.61
0.52
0.24
0.31
0.41
0.52
0.49
0.76
0.64
1.92
1.37
1.41
1.09
1.12
5.73
11.66
22.35
27.15
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Chapter 6

Combination of Multiple
Spectroscopy Techniques Using
Data Fusion for Enhanced
Prediction Modeling of
Physical-Mechanical Properties
of Paper
We demonstrate that fusing the Raman, NIR, and ATR-FTIR spectra of unrefined
pulps takes advantages of the synergistic effect of the information acquired by
the three vibrational spectroscopic techniques to accurately predict the mechanical properties of the corresponding final paper product. We investigate strengths
and weaknesses of each technique when applied individually to predict various
pulp properties. We compare low-, mid-, and high- level data fusion for improving the prediction of paper properties of interest. For mid-level data fusion, we
merge selected variables of Raman and NIR using a powerful chemometric feature
selection technique termed Template genetic Oriented Genetic Algorithm (TOGA)
for Raman and a well-known feature reduction method referred to as Orthogonal
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Signal Correction (OSC) for NIR. For high-level data fusion, we combine the prediction results obtained individually for each spectroscopic measurements. The
results show generally that data fusion improves the efficiency of prediction models in predicting physical and mechanical paper properties, compared to models
built using only individual techniques.

6.1

Introduction

The spectroscopic analysis of pulp and paper has garnered significant interest recently as a robust, rapid, and cost-effective alternative to the traditional wet-chemical
methods traditionally employed by industry. Spectroscopic techniques show inherent sensitivity to many properties of interest, but do not yield information with the
same clarity as wet-chemical methods and thus must be paired with advanced data
treatment techniques in order to yield useful results.
Three spectroscopic techniques have shown particular promise: near-infrared
spectroscopy (NIR), attenuated total reflection fourier-transform infrared spectroscopy
(ATR-FTIR), and Raman spectroscopy. Besides being rapid and cost-effective,
these spectroscopic techniques also present the distinct advantage of being entirely non-destructive, unlike wet chemical processes, and can be adapted for online process monitoring applications. All have been investigated to some extent
[44, 63, 217, 241, 251, 315, 320, 349]. Each presents strengths and weaknesses in
predicting pulp and paper properties, and these must be considered when choosing a technique best suited for a particular application or material property to be
investigated. The ability to determine the cellulose crystallinity of the pulp is of
particular interest, since the crystallinity plays a role in predicting bulk pulp properties.
NIR spectroscopy has been used in a variety of contexts within the pulp and
paper industry. Antti et al. combined NIR with partial least-squares (PLS) modeling to identify tree species contributing to a pulp mixture, and predict a variety
of pulp properties with a high degree of accuracy [112]. Hauksson et al. published a similar study in 2001 in which they used nearly identical techniques to
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accurately predict various wood meal properties [120]. Several more studies have
been published studying the Eucalyptus genus, in which the authors were able
to accurately predict pulp yield from wood, as well as various pulp properties
[74, 89, 211, 241, 242, 251, 252, 269, 270]. Cooper et al. published a study in
2011 that reviewed the applications of NIR spectroscopy to the characterization of
wood and pulp products in some detail. The original research they reported focused on the moisture content of wood samples, as well as species determination.
[65] NIR spectroscopy has been demonstrated to be sensitive to many of the components of wood and pulp such as lignins, cellulose, and hemicellulose, as well
as the interactions between them [120, 178, 349]. When combined with processing techniques such as PLS, NIR spectroscopy is generally a very robust method
for constructing accurate prediction models for wood and pulp properties. Nelson
and O’Connor introduced the measure Total Crystallinity Index (TCI), which is the
ratio of near-infrared absorption bands at 1372 cm−1 and 2900 cm−1 . They also
established an empirical “crystallinity index” as the ratio of near-infrared absorption bands at 1429cm−1 and 893 cm−1 , implying that NIR spectroscopy offers a
good monitor of pulp crystallinity [217].
Other spectroscopic techniques, such as ATR-FTIR and Raman spectroscopies,
may be more sensitive to certain aspects of wood and pulp products than NIR spectroscopy, and thus may be better suited for specialized applications. ATR-FTIR
spectroscopy is a surface-probing technique, and thus is more sensitive to surfacerelated properties [349]. On the other hand, Raman spectroscopy is almost completely insensitive to water, thus avoiding some of the overwhelming water signals
observed in infrared spectra.
ATR-FTIR spectroscopy has been shown to be a useful technique for predicting
pulp properties, although is not as prevalent in the literature as NIR spectroscopy.
Numerous studies have been published detailing its use along with PLS and other
chemometric techniques. Many have used ATR-FTIR spectroscopy to probe physical properties or changes such as surface degradation [138, 184, 206], surface
coatings [90, 205, 207], thermal treatment [130, 343], and species differentiation
[130, 360]. Our own unpublished work indicates that ATR-FTIR spectroscopy
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is much more sensitive to surface-dependent properties such as burst index, light
scattering, and SRE600, but is less sensitive for bulk properties such as wet zero
span and freeness. ATR-FTIR spectroscopy can detect changes in the crystallinity
of cellulose, which are seen by movement of cellulose peaks that occur at 1430,
1163, and 897 cm−1 [44, 63, 217, 218, 232], as well as the peak at 3330 cm−1 . The
latter is assigned to the O – H stretching band representing the specific O(3) H –
O(5) intramolecular hydrogen-bond. It has been shown that this peak shifts to
3420 cm−1 for amorphous cellulose [162].
Raman spectroscopy, as applied to characterizing wood and pulp samples, is
not as widely researched as NIR and FTIR. Although Raman spectroscopy avoids
interference due to the presence of water in samples, it is far more sensitive to
fluorescence interference. Although Wiley and Atalla published a study detailing
band assignments of the Raman spectra of cellulose [340]. However, pulp and
wood systems are much more complex and often require more advanced chemometric processing techniques [91, 265, 321, 349]. Despite these complications,
Raman spectroscopy has been used to measure the lignin content of pulp samples
[138, 302, 326, 349], as well as cellulose crystallinity [265, 266, 320, 321]. The
feature at 1474 cm−1 in the Raman spectrum of cellulose shifts to a lower frequency and broadens with a reduction in cellulose crystallinity, appearing at 1462
cm−1 for amorphous cellulose. The peak at 897 cm−1 , which is assigned to HCC
and HCO bending localized at the C(6) position in glucose, changes both in frequency and intensity to reflect the degree of disorder in cellulose and the size of
the regions of crystalline cellulose.
Each of these spectroscopic techniques has its own advantages and disadvantages for predicting a variety of pulp properties. It stands to reason that we can
improve prediction models for many properties by combining the information gathered from all of these techniques.
Data processing plays an important role in the application of spectroscopic
probes for quantitative analysis. In this work, we use a variety of spectra processing methods, including discrete wavelet transform (DWT), data fusion, and PLS
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regression modeling, to extract meaningful information from the spectra. DWT
offers an effective method of spectrum denoising and baseline compression, that
improves the performance of most calibration models [53, 308]. DWT expresses
a spectrum in terms of an orthonormal basis wavelets. Discarding the highest frequency wavelets removes high-frequency spectral noise. Discarding the lowest
frequency components reduces the baseline. The midrange frequencies signaling
chemical substances of interest are not disturbed.
Computational models seek to form classifying representations of target systems. Sometimes, one technique cannot provide enough information to make an
accurate prediction model, so we need to combine multiple data sources to improve the accuracy, consistency, and precision of the model. The combination of
data from different resources has been termed data fusion. This process integrates
multiple data sets that each offer a different measure of some real-world property
into a consistent, accurate, and useful representation. Using multiple data sets improves the robustness of a model, and leads to more accurate property prediction.
Data fusion processes are often categorized as low-level, mid-level or highlevel, depending on the processing stage at which fusion takes place [112]. For
low- and mid-level data fusion, prediction models are constructed after fusing data
sets. High-level data fusion fuses completed models, after they have undergone
variable selection and data processing. The expectation is that a fused data set is
more informative and synthetic than the individual original inputs.
A PLS regression model predicts values of an observable property y based upon
multivariate measures of its covariance with a multivariate response, X. Standardization maximizes the covariance between an X predictor matrix and a vector of y
responses. This approach is especially useful when the number of measured variables in X is much greater then the number of properties collected in y.
In this study, we compare NIR, ATR-FTIR, and Raman spectroscopies as applied to a variety of pulp properties: tensile index, burst strength, tear strength,
SRE600, light scattering, absorption, wet zero span (WZS), dry zero span (DZS),
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and density. We applied and compared low-, mid-, and high-level data fusion to
combine the benefits of using each spectroscopic technique and improve our PLS
model’s ability to predict these physical and mechanical properties.

6.2
6.2.1

Materials and Methods
Samples

Canfor Corp. (Vancouver, B.C., Canada) provided 75 northern bleached softwood
kraft (NBSK) pulp sheet samples from the Northwood and Intercontinental Pulp
Mills (Prince George, B.C., Canada). The samples were produced between 2007
and 2012, mainly using pulp produced from lodgepole pine (Pinus contorta var.
latifolia) and white spruce (Picea glauca) killed by mountain pine beetle (Dendroctonus ponderosae) infestations. Sample preparation consisted of cutting the
pulp sheets into roughly 10cm x 15cm cards. The pulp properties to be predicted
by spectroscopy with PLS modeling and data fusion were absorption, burst, density, freeness, light scattering, SRE600, tensile index, dry zero span, and wet zero
span.

6.2.2

Spectroscopic Instrumentation and Measurement

We collected Raman spectra with an OLYMPUS BX-51 Raman microscope with
a fibre-coupled 785 nm laser source, a motorized microscope stage sample holder,
and a CCD detector. Spectra were collected with 30 second integration time and 5
co-added accumulations. Each measurement was repeated 5 times.
We collected NIR spectra using a Nicolet 6700 FT-IR spectrometer (ThermoScientific) equipped with a NIR integrating sphere module and a 5 cm diameter
sample cup spinner. When operated in the diffuse reflectance mode, this instrument illuminates samples with broadband near-infrared radiation from a tungstenhalogen lamp and collects interferograms using an InGaAs detector. The instrument’s Fourier transforms span a spectral range from 4000 cm−1 to 9900 cm−1 .
Each acquisition represents the sum of 64 scans of 10 second integration time. We
cut five circular samples sized to fit the sample cup from different positions in each
pulp sheet, and scanned the top-side of each. Five spectra from each sample were
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averaged and used in subsequent analysis.
We analyzed five distinct points on each pulp sheet sample using a PerkinElmer
Frontier Fourier Transform Infrared / Attenuated Total Reflection (FTIR/ATR)
spectrometer. 20 replicate scans were collected and averaged for each point, with
a wavelength range of 300 to 4000 cm−1 and resolution of 1 cm−1 . ATR-FTIR
was used because of its inherent sensitivity to surface morphology and its ability
to provide information not only about cellulose structures but also about lignin and
hemicellulose structures that may be present in samples.

6.2.3

Discrete Wavelet Transform

Discrete wavelet transform (DWT) is a well established method of spectral denoising and baseline elimination. It provides multi-resolution numerical representation
of the original spectrum in waveform convolutions distributed over discrete intervals of position. The wavelet transform begins with a mother wavelet, which is
dilated and translated to form an orthonormal basis from which the original spectrum is filtered. Low-pass and high-pass filters remove the high-frequency noise
and the low-frequency background, leaving just the features in the spectrum. After
DWT ,the spectrum is represented in terms of coefficients c j0 ,k and d j,k . In this
work, we use the ’sym5’ basis set with N levels of decomposition. j runs form 1 to
N, and k from the lowest to highest frequency for each technique [12, 80, 329].

6.2.4

Orthogonal Signal Correction

Orthogonal signal correction (OSC) minimizes uninformative variation in a signal
by finding and removing the features that affect the total variation in a signal and
exist in an orthogonal direction to the property of interest [308, 347]. We have
discussed OSC in detail in chapter 4.

6.2.5

Template Oriented Genetic Algorithm

Template Oriented Genetic Algorithm (TOGA) is a feature selection technique
based on the genetic algorithm. It reduces the number of features in a signal,
and consequently leads to an improvement in PLS prediction accuracy. In this
study, we applied TOGA on ATR-FTIR and Raman spectra in order to select the
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most highly correlated features to the target of interest for further study [307]. In
chapter 3 and 5, we have explained how TOGA works in detail.

6.2.6

Data Fusion

In the following section we discuss low-level, mid-level or high-level level data
fusion methods. Figure 6.1 shows that different data fusion levels differ by the processing stage at which the fusion takes place. For low- and mid-level data fusion,
prediction models are constructed after fusing preprocessed data sets. The data sets
for low- and mid- data fusion consist of preprocessed data and selected features,
respectively. High-level data fusion fuses completed prediction models, after they
have undergone feature selection and data processing.
Low-Level Data Fusion
We normalized DWT-NIR, DWT-ATR-FTIR, and DWT-Raman spectra so they
would have a similar scale. As Figure 6.1 represents the normalized spectra are
concatenated together as new spectra for making prediction model of interest. In
low level of fusion the number of feature in fused spectrum is equal to sum of the
features of used individual spectra.
Mid-Level Data Fusion
We processed and selected important features for each spectra individually. We applied OSC on NIR spectra and TOGA on Raman and ATR-FTIR spectra to select
essential features in predicting the property of interest. As Figure 6.1 represents,
in mid level data fusion, we concatenate selected features to make a final spectrum
and then build a PLS model to predict the property of interest. This method involves a fused spectrum with a much smaller number of features than the one in
low-level data fusion.
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Figure 6.1: A schematic chart of different levels of data fusion, a)Low level, b)Medium level, and c)High level.

PLS

High-Level Data Fusion
For high level data fusion which is also known as decision fusion, we integrate
the predicted value calculated by the PLS models, made separately for each technique (Figure 6.1). Thus, we constructed PLS prediction models separately for
untreated and treated Raman, NIR, and ATR-FTIR data sets. Then, we calculated
the RMSECV (root mean square error of cross-validation) and calculated normalized weight for each PLS model as follows,
WNIR =

1/RMSECVNIR
1/RMSECVNIR + 1/RMSECVAT R + 1/RMSECVRaman

(6.1)

We then scaled the predictions by multiplying each prediction models by its normalized weight (6.1). Finally, we fused the weighted predictions by adding the
values obtained for each technique to calculate the final predicted value. Figure
6.2 shows how RMSECVs obtained from each PLS model used to calculate the
final predicted value for each property of interest.
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Figure 6.2: A schematic chart of high level data fusion to calculate the final predicted property of interest.
As the chart represents, we calculate W as the weight of each technique to then fuse the result of each
techniques as the final result.

122

6.3

Results

Here, we utilize three different vibrational spectroscopic techniques (ATR-FTIR,
Raman, and NIR) in order to asset the effectiveness of each and the combination of
them in predicting different physical and mechanical properties of pulp. Figure 6.3
displays the raw spectra of NIR, ATR, and Raman spectra of a pulp sample. We
see that both Raman and ATR contain a number of sharp and distinct peaks while
NIR spectra contains mostly broad peaks.
The majority of bands in the ATR-FTIR spectra of pulp samples arise from
cellulose (see Fig. 6.3.a). The peak at 3330 cm−1 is assigned to an O – H stretching
band representing the specific O(3) H – O(5) intramolecular hydrogen-bond . The
peak at 1640 cm−1 corresponds to water molecules. Figure 6.3.a shows C – H
stretching bands in the 3000-2890 cm−1 region, and C – H bending bands in the
1500-1300 cm−1 region. The bands at 896 cm−1 , 1372 cm−1 , 1418 cm−1 are from
the C – O – C valence vibrations of the glycosidic linkages, C – H deformation in
cellulose, CH2 scissoring at C(6) in cellulose, and C – H stretching in cellulose,
respectively [98, 130].
Figure 6.3.b shows the raw Raman spectra for a set of pulp samples. The region
below 1500 cm−1 corresponds to the motions of the C – C and C – O framework.
We can associate peaks at 1474, 1379, and 1337 cm−1 with the modes that involve
considerable coupling of methane bending, methylene rocking and wagging, and
C – O – H in-plane bending. The peaks in 1090, 1120, and 1150 cm−1 represent
modes involving anti-symmetric C-O stretch and ring vibration. We can assign the
peak at 897 cm−1 to H – C – C and H – C – O bending localized at C(6) position in
glucose. The region below 600 cm−1 relates predominantly to skeletal, C – C – C,
O – C – O, and O – C – C bending vibrations [4, 321].
Figure 6.3.c shows representative NIR spectrum of a pulp sample set. We see
that absorption bands associated with many vibrational overtone transitions overlap
to form a smooth and relatively undistinguished spectrum. The small peak at 4280
cm−1 is attributed to C – H stretching and deformation, while the peak next to it
at 4400 cm−1 is assigned to combination bands of O – H and C – O. The two big
peaks at 4740 and 5200 cm−1 are associated with O – H and C – H for the first peak
(4740 cm−1 ), and – OH and – C – O groups for the second peak (5200 cm−1 ). The
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Figure 6.3: Representative raw ATR, Raman, and NIR spectra in cm−1 for each pulp samples in the
present datasets. a) Raw ATR-FTIR spectra. b) Raw Raman spectra d) Raw NIR spectra.
Student Version of MATLAB

broad peak around 8000-9000 cm−1 is assigned to second overtone of H2 O, C – H
and CH2 . The intense wide peak around 6000-7000 cm−1 is ascribed first overtone
of O – H stretching [112, 210, 211].
Figure 6.3.a, b, and c are the spectra after DWT treatment for ATR-FTIR, Raman, and NIR spectra, respectively. Here, we see an elimination of baseline slope
and offset, together with a significant amplification of reproducible structure over
the full range of the spectrum.
Figure 6.5 represents the mid-level fused spectra of three techniques treated
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(a)

(b)

(c)
Figure 6.4: Representative DWT treated ATR, Raman, and NIR spectra for pulp samples. a) DWT-treated
ATR-FTIR spectra. b) DWT-treated Raman spectra c) DWT-treated NIR spectra

with DWT, which is an assembly of normalized DWT spectra shown at 6.4.a, b,
and c. Figure 6.5 shows that all three spectra have the same scale, and can be
considered as one unit signal.
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Figure 6.5: Concatenation of DWT-processed NIR, ATR-FTIR, and Raman data sets for low-level fusion.

6.4

Discussion

Since each spectroscopic technique provides some specific information about the
morphology and chemical composition of pulp samples, we explored the use of
low-, mid-, and high-level data fusion both to determine the accuracy of each technique in predicting different physical properties of pulp, and the integrate different
prediction models to form a final prediction model of improved accuracy. Raman
spectroscopy offers information probing symmetrical non-polar groups, mid-IR
spectroscopy (i.e. ATR-FTIR) yields information pertaining to asymmetric polar
groups, and near-IR spectroscopy probes the overtones of the vibrations excited
by mid-IR spectroscopy. Near-IR radiation has the advantage of penetrating much
farther into sample than mid-IR radiation can, and with appropriate data treatment
steps, can provide information about the bulk composition of pulp and paper samples. Water has a small Raman cross-section but it disturbs IR spectrum significantly.

126

6.4.1

Comparing the Efficiency of Spectroscopic Techniques in
Predicting Physical Properties of Pulp

Predicting Properties with Initial Freeness
Both the properties of a fibre (eg. strength and dimension) and the bonding between fibres have a strong deterministic effect on the properties of paper. Some
tests, like wet zero span (WZS) and dry zero span (DZS) measure single fibre
properties while others, like tensile strength, reflect the properties of the fibre network. Both single fibre crystallinity and bond strengths between fibres influence
freeness, tensile, and SRE.
Several chemical and physical factors affect the strength of paper, including
the strength and dimensions of single fibres, the build-up of the fibre network,
and the bond strength that develops between fibres. Hydrogen bonding between
cellulose chains dominates the process that builds up paper from pulp fibre stock.
Other forces, such as dispersion and van der Waals forces between the fibers, also
contribute to the strength of the paper. The capability of various spectroscopic
techniques to probe these types of bonds can determine the technique’s efficiency
for predicting strength properties.
Table 6.1 shows the root mean square error of cross validation (RMSECV) of
PLS models using each of three spectroscopy methods to predict various properties.
Poorer sensitivity of a technique for molecular properties that signal to a particular
characteristic causes a larger error of cross validation. Table 6.1 shows that NIR
spectroscopy works better than the other two techniques in predicting of almost all
physical properties of paper samples, since NIR spectroscopy consistently has the
lowest error of cross validation.
Figure 6.6 shows the fraction of each weighted prediction model that was used
to make the high-level fused prediction model. We calculate the fraction of each
technique based on equation 6.1, where the RMESCV for each technique is indicated in table 6.1.
Figure 6.6 shows that NIR spectroscopy produces a prediction model that is
45% more accurate than those made by ATR-FTIR and Raman spectroscopies for
tensile strength, burst strength, and scattering. Since these parameters strongly correlate with the dimension of the fibres [147], we can conclude that NIR responds
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with greater sensitivity to the dimension of fibres than ATR and Raman.

Figure 6.6: The calculated weight for each spectroscopic technique, when constructing a high-level data
fusion model for different properties. Red: Raman, Green: NIR, and Blue: ATR-FTIR

The wet and dry zero span strength (WZS and DZS) measure the tensile strength
of a single fibre in wet and dry environments. For these two parameters, fibre dimension has little to no effect. Figure 6.6 shows that Raman and ATR-FTIR spectroscopies predict the tensile strength of single fibres better than that of paper. This
shows that both of these spectroscopic techniques are better-suited for looking at
single fibre properties than bulk material. It also demonstrates that ATR and Raman predict properties independent of fibre dimension better than those which vary
strongly. NIR spectroscopy still plays a major role in building the fused prediction
model for WZS and DZS.
ATR-FTIR and Raman spectroscopies predict tear strength better than other
strength properties of paper. If the paper’s fibres are very poorly bonded during a
tearing test, all the fibres will remain whole following the tear. Thus, interaction
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between fibres has high effect on tear strength. Since the fibre properties have has
lower influence on tear strength compared to other strength properties of paper,
ATR-FTIR and Raman-based prediction models have higher weights in building
the fused prediction model, as seen in Figure 6.6.
Comparing results in Table 6.1 and Figure 6.6 show that NIR spectroscopy
predicts freeness better than Raman, but only slightly better than ATR-FTIR spectroscopy. Freeness represents the refining degree and draining velocity of paper
fibres, and indicates the fibre length of the pulp. Long fibre pulps have higher
freeness compared to short fibre pulps. Freeness depends only on the surface conditions and swelling of the fibres. Shorter fibres lead to a rougher surface and are
able to interact more with other fibres, which manifests in strong fibre-fibre features
in the spectra. Since ATR-FTIR spectroscopy is a surface-sensitive technique, we
would expect it to be able to predict freeness well.
SRE600 and freeness behave similarly as expected, ATR-FTIR spectroscopy
succeeds better in predicting this property than NIR and Raman spectroscopies.
SRE600 is defined as the refining energy needed to reach a freeness of 600. This
depends on the strength and crystallinity of single fibres [101]. High energy is required to break down fibres and decrease their freeness. Once again, ATR-FTIR
spectroscopy makes up the largest part of the fused prediction model for SRE600,
although NIR spectroscopy is almost as important.
Table 6.1 shows that NIR, ATR-FTIR, and Raman spectroscopies yield relatively similar errors of cross validation for water absorption. Water absorption
depends highly on the crystallinity of the paper. As the crystallinity decreases,
the number of hydroxyl groups involved in cellulose-cellulose intarmolecular hydrogen bonding decreases; they then become free to hydrogen bond with water.
ATR-FTIR and Raman spectroscopies both detect the crystallinity disorder of fibres [4, 44, 98], and show a RMSEP that compares to the model constructed with
NIR spectroscopy.
Density is determined by the raw materials used in production, as well as the
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Table 6.1: Comparison of the root mean square error of cross validation (RMSECV) of individual prediction models made with DWT-filtered data.
Tensile, burst, tear, SRE, and density have been labeled in different freenesses as 600 ml, 500 ml, 450 ml, and 300 ml.
Parameters
Tensile (initial)
Tensile 600
Tensile 500
Tensile 450
Tensile 300
Burst (initial)
Burst 600
Burst 500
Burst 450
Burst 300
Tear (intial)
Tear 600
Tear 500
Tear 450
Tear 300
SRE 600
SRE 500
SRE 450
SRE 300
Density (initial)
Density 600
Density 500
Density 450
Density 300
Dry zero span
Wet zero span
Freeness
Absorption
Scattering

NIR-PLS
0.2
0.32
0.38
0.43
0.57
0.2
0.31
0.35
0.46
0.38
1.73
1.19
1.2
1.19
1.12
12.3
21.29
26.77
33.73
0.014743
0.01177
0.01146
0.01158
0.0116
0.46
0.5
9.301
0.0085
0.81

ATR-FTIR-PLS
0.55
0.66
0.71
0.72
0.64
0.37
0.41
0.64
0.78
0.7
2.97
2.18
2.11
1.55
1.58
7.92
12.83
24.54
29.56
0.0215
0.01653
0.01359
0.01244
0.01187
0.99
0.9
9.4
0.0091
1.79
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Raman-PLS
0.57
0.63
0.71
0.79
0.62
0.39
0.4
0.58
0.73
0.69
2.77
2.16
2.08
1.54
1.56
8.10
15.08
26.95
31.92
0.0225
0.01659
0.01385
0.0125
0.01313
0.98
0.8
10.5
0.0091
1.86

production process itself. The curl and morphology of the fibres (length, roughness
and thickness) affect sheet density [149]. Since the bonding interactions of fibres
can indirectly yield information about fibre morphology, ATR-FTIR and Raman
spectroscopies predict this property with a relatively low prediction error; however, NIR spectroscopy still yields the best prediction model.

Predicting Properties with Varying Freeness
A paper product that requires a shorter fibre length demands a pulp with a lower
freeness manufactured with higher refining energy. Refining collapses fibres and
makes them more flexible, also increases their bonding surface area. Smaller and
more flexible fibres better conform to one and other and yield a large fibre-fibre
contact area. Spectroscopic techniques can detect these bonding interactions. For
pulps of decreased freeness and decreased fibre size, bonding interactions in the
fibre network become the most important factor in determining different physical
and mechanical properties of paper, instead of single fibre properties. So, for lower
freeness values and most of properties of interest, all three spectroscopic techniques
show similar prediction accuracy. However, this is not the case for properties measured for unrefined pulps at initial freeness. In Table 6.1, the freeness at which a
property is measured is described by the number beside the property. The freeness
values studied were the initial freeness (unrefined), 600 ml, 500 ml, 435 ml, and
300 ml.
In this section, we use root mean square error of cross validation (RMSECV)
of each technique for each property with different freeness to evaluate the accuracy
with which spectra attained by each method to predict different properties of paper
sheet.
Figure 6.6 plots the calculated weights based on equation 6.1 for each of the
three spectroscopic techniques in predicting various properties for different freeness values. Higher weight means better accuracy in prediction model and higher
impact on final high-level fused prediction model.
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Figure 6.6 demonstrates that NIR spectroscopy consistently commands the
highest weight in predicting tensile strength, regardless of freeness. This shows
that NIR spectroscopy responds more sensitively to chemical and morphological
composition, which influence tensile strength. We also see that ATR-FTIR and
Raman spectroscopies predicts tensile strength for samples with lower freeness
(higher refining energy) better than for unrefined pulp samples. Figure 6.6 confirms
this by showing that compared to ATR-FTIR and Raman, the impact of NIR spectroscopy on final fused prediction model in predicting tensile strength decreases
from more than 55% for initial freeness to the lower than 35% for freeness of 300
ml. Thus, the three spectroscopic techniques differ most in their ability to predict
tensile strength for pulps at their initial freeness. This is because lower freeness
means higher refining energy which forms pulps consisting of smaller and more
flexible fibres. By decreasing the freeness, the fibre dimensions (especially fibre
length) have a smaller effect on paper strength than do fibre bonding and network
strength. This observation explains the weakness of ATR-FTIR and Raman spectroscopies in determining properties that depend on fibre dimensions. On the other
hand, ATR-FTIR and Raman spectroscopies predict tensile strength much better
for lower freeness, demonstrating that these two methods can provide information
that relates bonding and network strength.
We obtained similar results for burst strength. NIR spectroscopy predicts burst
for unrefined pulp and highly refined pulp with freeness of 300 ml, much better
than the two other techniques.
Fibre length and inter-fibre bonding both play an important role in determining the tearing strength. In particular, longer fibres increase tear strength. The
explanation is straightforward: longer fibres tend to distribute the shear stress of
tearing over a greater area, i.e. over more fibres and more bonds, while short fibres
concentrate the shear stress in a smaller area. The strength of chemical bonds in
the fibre for exceed that of the inter-fibre bonds, so most of the tearing events happen between fibres. Shorter fibres reduce the effectiveness of covalent bonds while
increasing the effectiveness of fibre-fibre bonds, thus lowering the tear strength.
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Therefore, while the refining process increases tensile and burst strength, it simultaneously decreases tear strength. Here, in predicting tear strength we see a reversal
of the pattern of accuracy of the three spectroscopic methods. Prediction accuracy
decreases from initial to freeness of 600 ml, unlike with tensile and burst strength.
However, as with the other properties, decreasing the freeness below 600 ml sees
an increase in prediction accuracy using ATR-FTIR and Raman spectroscopies.
Density depends a great deal on the morphology and curl of the individual fibres. The morphology of fibres in a pulp sheet sample can be estimated by probing
the associated bonding interactions. Knowing the specific freeness value of a sample assures us that the sample has a relatively homogeneous fibre length. Thus, we
mitigate the effect of fibre length on final properties of paper by using higher refining energies. We can see a similar pattern for density. For initial freeness, a big
difference emerges between RMSECV observed for NIR spectroscopy with those
for ATR-FTIR and Raman spectroscopies. This difference decreases dramatically
for lower freeness. For a freeness of 450 ml and below, all three techniques yield
similar prediction results for density, due to their similar effectiveness in detecting
bond interactions between fibres.
SRE refers to the refining energy to yield a specific freeness. It depends sensitively on the characteristics of single fibres, such as crystallinity. Determining SRE
for specific freeness mitigates the effect of fibre dimension. Figure 6.6 shows that
ATR-FTIR spectroscopy works as well as NIR spectroscopy for predicting SRE,
due to its capacity for determining crystallinity. For the lower freeness, all three
techniques yield similar accuracy in predicting SRE.

6.4.2

Fusing Spectroscopic Methods to Build a Final Prediction
Model

We have combined data from NIR, ATR-FTIR, and Raman spectroscopies using
low-, mid-, and high-level data fusion. Since each of these spectroscopic techniques provides different specific information about sample properties, we expect
that fusing the data will improve the accuracy of the prediction model. Table 6.2
shows that the prediction error of the models using low-level fused data is larger
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than the best prediction error which obtained by any of the spectroscopic techniques. This does not meet our expectations, and could be due on the high number
of features compared to the number of samples. Partial Least Square (PLS) prediction models fail in this type of large data dimension. Decreasing the number
of features using feature reduction or selection techniques help to solve this shortcoming of multivariate analysis.
In high-level data fusion, we preprocessed the data by DWT (6.4) and made
separate PLS models for each technique. Table 6.2 shows the accuracy of the
high-level fused data set compared to the individual data sets. The results imply
that high level data fusion resulted in models with similar predictive capability as
the individual spectroscopic model with the best prediction ability, typically those
based on NIR spectroscopy. However, since each technique is able to predict some
of the properties better than the other two, high-level data fusion provide slightly
better prediction models overall.

6.4.3

Fusing Spectroscopic Methods to Build the Final Prediction
Model After Reducing the Number of Features

In the previous section, we observed that low-level data fusion failed to improve
prediction model accuracy, due to limitations of PLS in forming definitive prediction models for data sets with a high number of features compared to the number of
samples. In this study, the ratio of the number of features to the number of samples
is greater than 65. To decrease the number of features, we used two methodologies:
treating each signal separately to reduce the number of its features, and discarding
ATR-FTIR data in favor of keeping only NIR and Raman signals. We previously
discussed the similar performance of ATR-FTIR and Raman in predicting strength
properties of pulp samples. This similarity motivated us to use only one of these
techniques, and fuse its data NIR.
Figure 6.7 plots the mid-level fused data, consisting of NIR spectra following
OSC-DWT treatment, and Raman spectra following with TOGA treatment. All
treatments were targeted to tensile strength. As shown previously, OSC enhances
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Table 6.2: Comparison of the root mean square error of cross validation (RMSECV) of prediction models made with individual spectroscopic and data
fusion techniques using preprocessed spectra with DWT. Tensile, burst,
tear, SRE, and density have been labeled in different freenesses as 600
ml, 500 ml, 450 ml, and 300 ml.
Parameters
Tensile (initial)
Tensile 600
Tensile 500
Tensile 450
Tensile 300
Burst (initial)
Burst 600
Burst 500
Burst 450
Burst 300
Tear (intial)
Tear 600
Tear 500
Tear 450
Tear 300
SRE 600
SRE 500
SRE 450
SRE 300
Density (initial)
Density 600
Density 500
Density 425
Density 300
Dry zero span
Wet zero span
Freeness
Absorption
Scattering

NIR
0.2
0.38
0.41
0.43
0.51
0.22
0.33
0.38
0.44
0.39
1.70
1.26
1.24
1.21
1.11
12.333
21.2958
26.8012
33.7233
0.014
0.012
0.012
0.012
0.011
0.41
0.50
9.33
0.0085
0.81

ATR
0.57
0.66
0.71
0.73
0.64
0.37
0.41
0.64
0.78
0.70
2.97
2.18
2.11
1.55
1.58
7.92
12.83
24.54
29.56
0.022
0.016
0.015
0.013
0.011
0.99
0.92
10.04
0.0093
1.77

Raman
0.61
0.68
0.73
0.76
0.62
0.4
0.41
0.62
0.75
0.69
2.81
2.15
2.09
1.56
1.61
8.40
15.09
26.95
31.91
0.023
0.017
0.014
0.013
0.013
0.97
0.80
10.5
0.0094
1.91
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H.L. Fusion
0.21
0.38
0.42
0.45
0.52
0.22
0.33
0.38
0.45
0.41
1.72
1.26
1.26
1.22
1.11
8.42
12.91
25.69
29.83
0.015
0.012
0.013
0.012
0.011
0.43
0.56
9.41
0.0088
0.85

L.L. Fusion
0.48
0.59
0.65
0.67
0.57
0.39
0.37
0.66
0.45
0.39
1.50
1.21
1.19
1.18
1.10
8.06
15.54
26.06
31.27
0.13
0.11
0.013
0.010
0.010
0.43
0.52
10.29
0.0095
1.77

Figure 6.7: Concatenation of DWT-OSC processed NIR, and TOGA processed Raman data sets for midlevel fusion.

the most correlated features for each property, resulting in better prediction model.
For Raman spectra, we applied TOGA as an efficient feature selection method. We
determined TOGA would be inappropriate for use with the NIR spectra, due to the
broad shape of their signals.
The left-hand section of Figure 6.7 illustrates NIR spectra after treatment with
OSC-DWT for initial tensile as target. Comparing the OSC-DWT-NIR features
here with DWT-NIR in Figure 6.7 shows that some parts of NIR spectra has been
enhanced while other parts have been suppressed. OSC-DWT-NIR spectra manifest a large variation in the region 4300-5800 cm−1 , with an isosbestic point at
4700 and 4900 cm−1 .
Figure 6.4.b shows DWT-treated Raman spectra. The DWT spectra do not
show any feature that stands out as a more important univariate feature correlated
with a specific property of pulp. On the other hand, the right-hand parts of the
Figure 6.7 represents the TOGA-reconstructed spectra of Raman, using initial tensile as target. Figure 6.7 demonstrates how TOGA can isolate the set of distinct
features that relate most to a selected property, in this case initial tensile strength.
Table 6.3 lists the RMESCV of prediction models built using NIR and Raman
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Table 6.3: Comparison of prediction models made with individual spectroscopic and data fusion techniques. In this table, Raman spectra have
been treated with TOGA and NIR spectra with OSC, as chemometric
feature selection methods. Tensile, burst, tear, SRE, and density have
been labeled in different freenesses as 600 ml, 500 ml, 450 ml, and 300
ml.
Parameters
Tensile (initial)
Tensile 600
Tensile 500
Tensile 450
Tensile 300
Burst (initial)
Burst 600
Burst 500
Burst 450
Burst 300
Tear (intial)
Tear 600
Tear 500
Tear 450
Tear 300
SRE 600
SRE 500
SRE 450
SRE 300
Density (initial)
Density 600
Density 500
Density 450
Density 300
Dry zero span
Wet zero span
Freeness
Absorption
Scattering

OSC-DWT-NIR
0.17
0.37
0.38
0.4
0.44
0.22
0.31
0.35
0.43
0.37
1.71
1.24
1.23
1.21
1.07
12.21
19.87
23.87
32.11
0.013
0.010
0.009
0.01
0.01
0.40
0.50
9.42
0.008
0.81

TOGA-Raman
0.39
0.49
0.57
0.61
0.52
0.24
0.31
0.41
0.52
0.49
1.92
1.37
1.41
1.09
1.12
5.73
11.66
22.35
27.15
0.017
0.013
0.01
0.008
0.007
0.76
0.64
9.78
0.008
1.22
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M.L. Fusion
0.14
0.31
0.37
0.41
0.39
0.19
0.27
0.33
0.41
0.34
1.73
1.22
1.2
1.21
1.05
5.92
11.57
20.86
25.99
0.012
0.009
0.009
0.007
0.007
0.40
0.49
9.33
0.008
0.79

H.L. Fusion
0.18
0.37
0.38
0.40
0.47
0.22
0.31
0.36
0.44
0.37
1.71
1.24
1.26
1.22
1.09
6.80
13.74
22.32
28.42
0.013
0.011
0.009
0.008
0.008
0.40
0.50
9.48
0.008
0.81

Figure 6.8: The calculated weight for OSC-DWT-NIR and TOGA-Raman spectra in building a high-level
data fusion model for different properties. Tensile, burst, tear, SRE, and density have been labeled in
different freenesses as 600 ml, 500 ml, 450 ml, and 300 ml. Red: Raman, and Green: NIR.

spectra after OSC and TOGA signal processing techniques, respectively. It shows
that the processing steps improved the models built by both techniques. TOGA improved the efficiency of prediction model dramatically, by decreasing the number
of features in the Raman spectra. The values in Table 6.3 suggest that NIR is still a
better-suited technique for predicting almost all of the properties. However, as Figure 6.8 illustrates, the contribution of Raman in making the final fused model significantly increased after applying TOGA compared to using simply DWT-Raman.
Table 6.3 shows that mid-level fusion slightly improves the prediction model
over the individual methods.
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6.5

Conclusion

The present work uses data fusion to determine whether combining NIR, ATRFTIR, and Raman spectral information provides prediction models with improved
efficiency in predicting physical and mechanical paper properties, compared to
models built using only the individual techniques. We have compared the effectiveness of these three spectroscopic techniques in predicting pulp properties by
applying the root mean square error of prediction to evaluate PLS models. We
have found that NIR spectroscopy performs most favorably in predicting mechanical properties. However, NIR spectra offer overlapping spectra with limited information available, so it is not an effective technique for spectroscopic troubleshooting. ATR-FTIR and Raman both showed similar performance in predicting pulp
properties with similar accuracy in prediction. Raman spectroscopy is particularly
well-suited to pulp and paper analysis. It extracts chemically specific signatures
from aqueous samples with little or no sample preparation, while NIR and ATRFTIR techniques both show an overwhelming broad peak for water. We also found
that Raman and ATR-FTIR spectroscopies predict properties with higher beating
and lower freeness more accurately than NIR. This observation indicates the ability of Raman spectroscopy to detect hydrogen bonding interactions present in the
sample. Since refining collapses fibres, they become more flexible and their bonding surface area is increased after refining. By increasing the refining energy to
yield smaller fibres, they interact with one another to a greater degree. Detecting
hydrogen bond interactions becomes more important in classifying such samples,
which can be seen by the improved analytical performance Raman and ATR-FTIR
spectroscopies.
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Chapter 7

Live, Three-Dimensional
Dynamics of Nanoscale Particle
Internalization, Detected
Chemically and Morphologically
in Human Cells
7.1

Introduction

Rapid advancements in microscopy have allowed scientists to resolve subcellular
compartmentalization and ultimately individual molecules [3, 25, 64, 128]. Currently, a variety of optical imaging techniques are available for the study of biological systems.
Fluorescence microscopy represents a broad category of optical imaging techniques. The development of fluorescent proteins and fluorophore-conjugated antibodies has provided biologists with the tools to selectively label individual molecules
and track their positions within a cell. While illumination methods and signal
collection vary between the different techniques, in all cases, a fluorophore is introduced to the cell, which absorbs an incident photon (or photons) at an excita140

tion wavelength and emits a photon at a different wavelength following an internal
chemical relaxation [152, 322, 336].
The simplest form of fluorescence microscopy is Laser Scanning Fluorescence
Microscopy (LSFM) [116, 240]. In this method, a monochromatic excitation laser
(usually in the UV-visible region of the spectrum) is rapidly scanned over the sample, exciting fluorophores in the beam path. Upon relaxation, the fluorophores
emit photons at a longer wavelength than the excitation laser, which are redirected
to a photodetector using a dichroic mirror. In most instrumental setups, confocal pinholes remove fluorescence originating from above or below the focal plane.
Confocal laser scanning microscopes are easy to implement, have fast image acquisition times, are capable of three-dimensional image reconstruction (with the use
of a translational stage), and offer diffraction-limited spatial resolution. However,
using a short wavelength excitation laser increases potential photo-damage to the
sample or fluorophore itself [116, 267].
Multiple-Photon Excitation Fluorescence Microscopy (MPEF) operates similarly to confocal LSFM with a few notable differences. Instead of using a single
high-energy excitation photon, fluorophores absorb two incident photons carrying
half as much energy each; thus, the same excitation effect is produced provided the
photons reach the fluorophore within approximately 1 fs of each other. This offers
two distinct advantages over confocal LSFM. First, the use of a longer wavelength
excitation laser (typically in the near-infrared spectrum) reduces spontaneous scattering and absorption of incident photons, thereby increasing the depth of field that
can be imaged. Second, because of the femtosecond timescale of the excitation
event, fluorescence is restricted to the areas of high photon density at the sharp
focal point of the laser. Thus, all detected fluorescence comes from the focus, and
confocal pinholes are not required [228, 286, 300, 346, 363].
The aforementioned fluorescence methods create two-dimensional images by
scanning a single point excitation source over the field of view, which typically
requires significant time. Light sheet microscopy (LSM), on the other hand, illuminates a full plane of the sample and acquires all of the resultant fluorescence
by means of an objective aligned perpendicular to the illumination. LSM produces a high signal-to-noise ratio and is capable of creating three-dimensional
reconstructions, with proper manipulations to the sample holder or illumination
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source. In addition to conventional fluorescence limitations, LSM requires unique
sample preparation that is not suitable for all samples, and generates very large
datasets that may result in computational processing problems for larger projects
[253, 256, 262, 325].
The spatial resolution of conventional fluorescence methods, including as those
listed above, is constrained by the diffraction limit of light (approximately half the
wavelength of the detected light), arising from the point spread function (PSF) of
a point source of light. Recent experimental designs have succeeded in breaking
this limit, and are termed super-resolution microscopy techniques [133]. The main
super-resolution techniques in use are stochastic reconstruction microscopy methods, Stimulated Emission Depletion Microscopy (STED) [121], and Structured Illumination Microscopy (SIM) [39, 129].
Stochastic Optical Reconstruction Microscopy (STORM), Photoactivated Localization Microscopy (PALM), and Fluorescence Photoactivation Localization Microscopy (FPALM) are super-resolution techniques collectively referred to as Stochastic Reconstruction Microscopy. Two fluorophores that cannot be spatially resolved
by conventional methods become resolvable temporally by applying stochastic
reconstruction microscopy methods. Progress in engineering and modeling zdependent PSFs have also realized three-dimensional reconstructions at super resolution [227, 361]. While offering some of the highest spatial resolution available,
STORM/PALM/FPALM are limited by the efficiency of sample labeling, the reliability of photoactivatable tags, and are difficult to extend to temporal studies
[10, 227, 361].
The fluorescence signal detected in STED is restricted to a much tighter focus
at the center of the excitation beam, and careful rastering of the sample through
this focus allows for spatial resolution beyond the diffraction limit. As such, wide
fields of view require longer acquisition times, and the method is not suitable for
real-time applications. Higher laser intensities used in STED may also pose greater
concern for photobleaching of fluorescent labels [235, 312].
SIM uses a diffraction grating to generate wide-field illumination with a known
sinusoidal intensity pattern. The recorded fluorescence intensity is then the product
of the excitation intensity with the density of fluorophores in that region. Varying
the orientation of the patterned illumination modulates the fluorescence accord142

ingly. Applying a Fourier transform to the data set provides spatial information at
up to twice the resolution of the detected light, which can then be used to reconstruct the sample image at this enhanced resolution. While SIM benefits from low
laser power and wide-field imaging to produce super-resolution reconstructions,
the underlying principle of the method means that spatial resolution cannot surpass
twice the diffraction limit, effectively imposing a new diffraction-limited resolution. The biggest limitation of all fluorescence methodologies is their inherent
need to label the sample. With these limitations in mind, there is a great interest in
developing purely optical, label-free methods for visualizing cells, while retaining
the advantages of fluorescence methods [168, 235].
Many different microscopy techniques are available which do not require labeling. Bright-field microscopy is the simplest and most prevalent technique, relying
on absorption of white light by the sample. Bright-field is an absorbance based
microscopy; absorbing structures in the sample reduce the intensity of the light
reaching the objective, resulting in dark features on a bright background. The aqueous interior of a cell has a very small absorbance cross-section for white light, and
thus generates insufficient contrast to be visualized in bright-field. To counteract
this, cells are often stained with cytotoxic contrasting agents, making bright-field
unsuitable for in vivo studies. The incoherent white light source also imposes a
diffraction limited spatial resolution and prevents three-dimensional optical sectioning. As such, bright-field is typically used to locate features of interest to be
further analyzed by more sophisticated techniques [277, 306, 362].
Recognizing the limitations of absorbance-based microscopy, dark-field microscopy produces an image from light scattered by the sample, rather than absorbed. Dark-field produces a wide-field image with diffraction limited resolution
and is well suited to label-free studies of live cells, as their biochemical complexity
produces large scattering cross-sections. However, the high illumination intensity
required to generate sufficient contrast in dark-field may limit its use in photosensitive samples. Difficulties in optical sectioning also make three-dimensional
reconstruction difficult to perform [331, 334, 335].
Relying on neither absorption nor scattering, differential interference contrast
(DIC) microscopy maps changes in a sample’s refractive index to create an image.
The resulting image produced in a DIC experiment is a shadowed trace of refrac143

tive index boundaries with sharp contrast, often difficult to detect by conventional
bright-field. Like dark-field, DIC offers wide-field images suitable for live cell,
label-free experiments. Work on data processing of DIC images has shown threedimensional reconstructions to be possible. However, this technique is not suitable
for thick samples [11, 14, 61].
The label-free nature of the aforementioned optical microscopy techniques
have so far been presented as advantageous over fluorescence techniques. However, in a fluorescence experiment, the observed signal arises from fluorophores
specific for a defined molecular target. Eliminating external label requirements
comes at the cost of molecular specificity. Raman microspectroscopy, or Raman
mapping, acquires chemical information about the sample while remaining suitable for label-free, in vivo experiments. Further processing of the data, via peak
integration or multivariate analysis, can transform the spectral intensity data into
a spatial distribution map for a chemical marker. While chemically specific threedimensional reconstructions at diffraction-limited spatial resolution are possible
with Raman mapping, the method is limited by long data collection times. A single spectrum may only take a second to acquire, but extending this to a wide field
of view over two or three dimensions at nanoscale step-sizes rapidly increases the
runtime of an experiment. Thus, Raman mapping is unsuitable for real-time imaging of cells. However, it may be used to monitor spectral changes at a single focus
over a prolonged period of time [1, 187, 278].
Another limitation of Raman microspectroscopy is the weak signal intensity
generated by spontaneous Raman scattering. Multiple variations of Raman spectroscopy have been developed that exploit resonant frequencies or use multiple
lasers to enhance the signal, such as coherent anti-Stokes Raman spectroscopy
(CARS) [64, 122, 244, 365], resonance Raman spectroscopy [16, 292], tip-enhanced
Raman spectroscopy [20, 219, 271, 354], and surface-enhanced Raman spectroscopy
(SERS). SERS has proven to be a popular method among cell biologists, as labeling samples with noble metal nanoparticles can increase Raman signal intensity by
many orders of magnitude. Introducing AuNPs to the sample provides more detailed information when using surface enhanced Raman spectroscopy (SERS). In
SERS, coupling of the surface plasmon resonance of a nanoparticle produces more
intense and sensitive signals in the area surrounding the particle. This enhances the
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detail generated in a Raman mapping experiment, and can be used to measure the
number of AuNPs internalized by the cell [66, 141, 160, 221, 296, 311].
Raman spectroscopy is a powerful method for the label-free imaging of live
cells, but is limited by long acquisition times. In a Raman mapping experiment, it
is important to validate that the system being studied does not change dramatically
due to the long timescale or laser excitation energy.
Interferometric scattering microscopy (iSCAT) is a complementary imaging
technique that suits this purpose well. Briefly, iSCAT collects back-scattered light
from the sample, and compares its phasing information to a reference field to create
an image, similar to conventional dark-field microscopy [57, 229]. The result is a
wide-field view of a label-free live sample capable of video frame rates in real
time. In this article, we discuss the uptake of AuNPs in a HeLa cell model and its
subsequent imaging by Raman mapping and iSCAT.

7.2
7.2.1

Experimental Design
iSCAT-Raman Instrumentation

Figure 7.1 shows a schematic diagram of the combined interferometric scattering
(iSCAT)-Raman microscope used in the present research. This instrument represents a novel combination of high-resolution wide-field real-time optical imaging and label-free, non-destructive confocal Raman microscopy. Together, these
techniques readily provide chemical and morphological information about samples
with minimal preparation needed. To our knowledge, this instrumental approach is
unique [57]. Confocal Raman spectroscopy has been widely reported in the literature [45, 55, 58, 84, 105, 158, 246]; details about iSCAT’s mechanism of action
are discussed in a later section.
iSCAT Path
After exiting the green 532 nm laser (LaserQuantum ltd), the iSCAT illumination
beam is enlarged and rastered over a rectangular area by the two perpendicular
acousto-optic beam deflectors (Gooch & Housego plc). The rastered beam is further expanded and directed into the infinity-corrected high-NA oil immersion ob145

jective (Olympus Corp.). Backscattered light from the sample is returned along
the same path. It is segregated from the Raman path by long-pass filter, and separated from the incident light beam by a 50:50 beam-splitter cube, which directs the
backscattered light into a CMOS camera (Point Grey Research, Inc.) with a 100 x
100 µm2 field of view.
Confocal Raman Path
633 nm red light leaving the HeNe laser (Thorlabs, Inc.) is expanded and collimated through a spatial filter and directed to fill the objective. Backscattered light
returning from the sample follows the same path, passing through the iSCAT longpass filter unperturbed. At the second longpass filter, Rayleigh-scattered light is
removed from the beam, and the remaining Stokes-scattered light passes through
the confocal spatial filter and into the spectrograph (Princeton Instruments). A
closed-loop high precision translation stage (Piezosystem Jena GmbH) rasters the
sample with respect to a fixed objective focus.
Data Collection
Though the iSCAT and Raman branches are coaxial, the overwhelming power of
iSCAT illumination means that iSCAT and Raman data cannot be collected simultaneously. However, switching between iSCAT and Raman modes is facile.
iSCAT imaging data can be collected as still images or video; video is preferable for recording real-time dynamics within a sample. Both collection modes can
be used during piezo scans, where the automated piezo stage rasters the sample
along a user-defined path. The most useful type of iSCAT scan is along the optical
z axis, i.e. a depth scan. Collecting a series of iSCAT images (or frames in a video)
at different focal depths can illuminate the sample three-dimensional resolution.
Collecting spectral data with the confocal Raman branch is inherently a pointby-point process. It is often useful to use an iSCAT image to determine sample
regions that suggest structure of chemical of interest; the Raman probe can then be
directed to those regions using the piezo stage. In order to build a Raman map that
will be analogous to an iSCAT image, the sample can be rastered in two dimensions
(xy) along a user-defined path, with a spectrum collected at each point.
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Figure 7.1: Schematic diagram of the combined iSCAT-Raman microscope,
including lasers operating at 532 nm (iSCAT) and 633 nm (Raman),
acousto-optic beam deflectors (AOBD), long-pass filters (l p f ), CMOS
cameras for iSCAT and Bright-field, confocal apparatus, and spectrograph. Note that the bright-field system is peripheral and was not used
in the present research.

7.2.2

Sample Preparation

We cultured HeLa cell line in Dulbeccos modied Eagle’s medium (DMEM) containing 10% fetal bovine serum. Thin coverslips were soaked with 70% ethanol
and dried in a sterile air flow in the biosafety cabinet. They were next treated with
0.1% sterile gelatin, and dried again. Treated glass was placed in petri dish filled
with medium and serum. The cells were loaded and incubated overnight at 37 ◦ C
in 5% CO2 .
Preparation of slides with normal human lung fibroblast HFL1 cells (UBC
Chemistry Cell Line Collection # 846) was similar to the preparation of HeLa
cells, except we used Ham’s F-12K (Kaighn’s) Medium with 2 mM L-glutamine
and 10% fetal bovine serum. To prepare slides containing both HeLa and normal
fibroblast cells, we followed the same steps as HeLa cell preparation, culturing the
cells in DMEM, containing 10% fetal bovine serum.
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7.2.3

Image Processing

Wavelet transform (WT) plays an increasingly important role in signal and image processing. Wavelet transform has several useful applications such denoising, resolution enhancement, reconstruction of missing regions, image compression, edge detection, feature extraction, and 3D object processing [12, 72]. In
this study, we apply wavelet transform to denoising, resolution enhancement, and
three-dimensional image processing using iSCAT images.
Two-Dimensional Wavelet Transform
Discrete wavelet transform (DWT) decomposes a signal into two functions of scale
and time, providing a multi-resolution time-scale dataset using a basic wavelet
function W (t) (equation 7.1).
1
1
Wm,k (t) = √ W ( (t − b))
a
a

(7.1)

Where m is the scale, k is the location of an image or a signal that wavelet is
applied to, a is equal to 2m , and b is equal to k ∗ 2m . In this study, we used Gaussian
wavelet, as shown in Figure 7.2-a.
Wavelet transform uses such a function as equation 7.1 to decompose an image into a set of different frequencies. Figure 7.2 presents the principle of image
wavelet decomposition with two decomposition steps. To do so, a high-pass and
its complementary low-pass filters are applied to image columns, followed by the
same process on image rows. Each column or row can be considered as a one
dimensional signal with N elements, as per equation 7.2:


R(1)






  R(2) 

ImageN×N =  . 
 = [C(1) C(2) . . . C(N)]
 .. 
R(N)

(7.2)

For the first level of the decomposition, high- and low-pass filters can be applied to produce two different frequency signals (high and low frequency) with half
the number of elements (N/2). We apply the same procedure on rows producing
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four different images: low-low (LL), low-high (LH), high-high (HH), and high-low
(HL) subimages. For the next level of decomposition, the low-low subimage can
be further decomposed by high- and low-pass filters [48, 68, 72, 143].
Image Denoising
Wavelet Transform decomposes an image into a set of low and high frequencies,
and after applying threshold coefficients to filter out unwanted noise, the denoised
image can be reconstructed. Threshold coefficients determine which frequencies
are considered to be noise noise and which contain essential image data. Noise in
iSCAT images consists of random signals which are unrelated to the object of interest. In this study, the objects of interest are mostly represented in the low-frequency
domain, while noise is dominant with the high-frequency domain. Therefore, using
low-pass filter, can remove high-frequency noise and reconstruct an image consisting of a determined range of “useful” frequencies. We removed high-frequency
noise by setting a threshold for wavelet transform. Based on what information
is useful and what is not, we can keep or remove any specific frequency (with a
predefined resolution).
Wavelet Transform and Image Quality Assessment
We measure the quality of an image to determine the extent of its blurriness. To do
this, we use wavelet transform multi-resolution analysis, requiring no information
from the original image.
Tong et al. report that blurriness mainly impacts the type and sharpness of an
edge. They propose that blurred images contain different types of edge, and the
sharpness of an edge represents the extent of the overall blurriness [314]. Edges
are high-frequency features in the image [69, 314]; therefore, wavelet transform
seems to offer a good means to isolate and represent blurred edges.
In general, four categories of edge are available in an image:
• Dirac structures, which for blurred edges become Roof structures.
• Step structures, which can be classified as either A- or G-step structures. For
A-step structures, the change of intensity is very sharp, while it is gradual
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(a)

(b)
Figure 7.2: (a): Gaussian wavelet used for 2-D Discrete Wavelet Transform (DWT). (b): iSCAT image of
Hela and fibroblast cells, after applying 2-D DWT to discrete image in different frequency levels. The
first-level low-low subimage (LL1) has been processed with 2-D DWT again to produce second-level
subimages.
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for G-step structures.
Figure 7.3 shows the four types of edges. For G-step structures and roof structures, a parameter a is defined to determine the sharpness of the edge. A larger a
indicates a sharper edge.

(a)

(b)

(c)

(d)

Figure 7.3: Graphical representations of edge structures. (a): Dirac structure (b): Roof structure (c):
A-step structure (d): G-step structure

Out of focus features cause blur by converting Dirac-structures to Roof-structures,
and A-step structures to G-step structures. G-step and Roof structures do not
change when blurring occurs; however, their sharpness does decrease (smaller a).
Calculating the percentage of edges that are G-step and Roof structures represents
an estimation of the blur extent in an image. To do so, we first decomposed the
image with Gaussian wavelet transform to four levels (Fig. 7.2-a). Afterward, we
calculated the edge map Ei according to equation 7.3:
Ei =

q
LH2i + HL2i + HH2i

where i (scale) is iterated from 1 to 4 [314].
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(7.3)

We map Ei for all the four scales of Gaussian wavelet, and then partition the
map into windows of fixed size. Based on the level, the size of the window typically
ranges between 2 × 2 for the highest scale (i = 4). and 16 × 16 for lowest scale
(i = 1). Local maxima in the edge map Ei represent the intensity of edges. We set
a threshold Thi against which we can compare the intensity of these maxima.
Comparing the results of each decomposition scale (i.e. each resolution) provides us information about the extent of the blurriness in an image. We consider
maxima in Ei to be edges if their intensity is higher than the selected threshold in at
least one scale. To select an appropriate threshold, Kerouh and Serir have proposed
equation 7.4:
Thi =

M N
2i−1
∗ ∑ ∑ Ei (k, l)
M ∗ N k=1 l=1

(7.4)

where M × N is the image size [157].
Comparing the intensity of maxima in different levels indicate the type of the
edge as follows. If Emax-1 < Emax-2 < Emax-3 , then the edge has a G-step or Roof
structure, while if Emax-2 > Emax-1 and Emax-2 > Emax-3 , the edge has a Roof structure. To consider a G-step or Roof structure to be blur, the first level calculated
Emax-1 should be greater than the selected threshold. However, to have a rough idea
of the blurriness of an image, we use the ratio of the sum of the Dirac and A-step
structures over all the detected edges to represent the extent of sharpness of the
image [314].
The edge map Ei is positive for possible edges, and is equal to zero for non-edge
areas. Note that the edge pixel intensity depends on the level of decomposition.
Thus, for each decomposition level, a specific threshold should be set.
Blur Reduction
Based on the image reconstruction method, blurred edges can be sharpened or
removed outright. Removing all blurred edges provides two-dimensional images
containing only in-focus features; these can be compiled into an informative threedimensional volume. However, to obtain the best representation of a sample in a
single two-dimensional image, it is preferable to retain the out-of-focus information contained in blurred features; that information is best accessed by sharpen152

ing blurred edges. The primary interest of this study is the construction of threedimensional volumes of our samples; therefore, we removed blurred features from
our images, retaining only sharp, in-focus information.
Single Particle Tracking
Single-particle tracking techniques have allowed us to observe the structure and
dynamics of an individual nanoscale objects. iSCAT does not directly image gold
nanoparticles in cells, but rather images the convolution of the nanoparticle with its
point spread function. The point spread function degrades the quality of an image.
Localizing the center of mass of a single particle can improve the optical resolution of the system. This can be accomplished by computationally deconvoluting
the point spread function from the observed image. One approach is to fit the point
spread function of a particle to a two-dimensional Gaussian function, which facilitates deconvolution by allowing the point spread function to be mathematically
modeled and removed for any particle in an image. In the absence of external fluctuations, the signal to noise ratio limits the speed and precision with which we can
track the point spread function of a single molecule [8, 293, 294].
To localize a particle, we follow two steps: we locate the brightest pixels in the
image, and then we calculate their centroid-weighted position.
To obtain an initial estimate of the location of a particle, we start with the
brightest pixel of each particle. To do so, we consider pixels in an area with a
radius smaller than the distance between two separate particles and larger than the
radius of a particle itself. In that radius, we select the brightest 60% of pixels to
represent the particle. The plot of particle pixel intensity versus the pixel number
along one dimension (x or y) falls in a Gaussian distribution. However, in most
cases, the brightest pixel is not at the centroid of this Gaussian plot. We use the
one-dimensional Gaussian distribution and its centroid to localize the x-coordinate
of each particle, and repeat thus procedure to localize the particle’s y-coordinate.
By repeating this procedure in neighboring frames, collected at 45 frames per
second, we can track gold nanoparticle motion in real time. For some points, however, no coordinate information can be determined, due to a particle’s diffusion into
and out of the focal plane of the image.
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7.3

Results

We have investigated the performance of a new technique that combines interferometry scattering microscopy (iSCAT) with confocal Raman spectroscopy [57].
Three different features are of the interest to this study:
1. The three-dimensional structure of different cells illuminates by iSCAT.
2. The dynamics of the interaction between a live cell and a gold nanoparticle,
in three steps: while entering the cell, while in the cell membrane, and while
in the cytoplasm
3. The chemistry of the regions of the cell in which gold nanoparticles aggregate
The combination of iSCAT and Raman data allows us to address these points.
Each is covered in the following sub-sections.

7.3.1

Nanoparticle Dynamics Before, During, and After
Internalization by Live Cells

We evaluated the utility of the iSCAT-Raman approach by studying the dynamics
and interactions of gold nanoparticles with live cells. For this reason, we used
iSCAT to observe the internalization of gold nanoparticles (AuNPs) by live cells,
and the motion of the nanoparticles within the cells.
We investigated the interaction of 30 nm gold nanoparticles with HeLa cells
as a model cancer cell. Figure 7.4 contains 12 frames collected over a timescale
of one minute, illustrating the two gold nanoparticles entering the membrane of
the HeLa cell. Figure 7.4 is consistent with the idea that internalization of a gold
nanoparticle is time-dependent.
As our goal was to test the capability of iSCAT in observing and capturing timedependent events, the details of nanoparticle endocytosis are beyond the scope of
this study. Such information has been previously reported.[23, 24, 190, 358]
To evaluate the feasibility of iSCAT in detecting gold nanoparticles associated
with cells, we recorded an iSCAT video over 2 hours after adding 30 nm gold
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Figure 7.4: Successive frames showing the interaction of two gold nanoparticles with the membrane of
HeLa cell before internalization. Only a small part of the cell membrane is shown. The temporal
interval of each frame was 10 s. The scalebar is 200 nm.

nanoparticles to a sample containing live HeLa cells. This video provided information on the dynamics of gold nanoparticle motion inside HeLa cells.
The large, top image in Figure 7.5 shows two HeLa cells attached to one another. Internalized 30 nm gold nanoparticles are easily detected and identified in in
the membrane of the cells. Only a few of the gold nanoparticles are observable in
the cytoplasm.
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Figure 7.5: Gold nanoparticle dynamics in HeLa cell membranes. Top: Overall image of nanoparticles and cells. Bottom: Frames showing the motion of nanoparticles inside the cell membrane; expansion of the illustrated area in the top image. The temporal interval of each frame is 7
s.The scalebar for top and bottom images is 10 µm and 200 nm, respectively.
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The lower, small images in Figure 7.5 show a time series of the dynamics
of gold nanoparticles in a HeLa cell. The frames show that particles are moving
independently of each other. However, they only move within a small part of the
cell during the time we recorded the video.

7.3.2

Chemistry of Nanoparticle-Dense Areas Within Cells

The cell contains of four major chemical groups: proteins, nucleic acids, lipids,
and carbohydrates. In this study, Raman spectroscopy observes the chemistry of
each part of the cell. Biological molecules have Raman shifts in the range of 6003000 cm−1 . Figure 7.6 shows a surface-enhanced Raman signal of a HeLa cell; the
complex spectrum illustrates the different chemical groups in the cell.
The dominant peaks related to carbohydrates in the HeLa cell are 1025, 1081,
and 1152 cm−1 , corresponding to the coupling of the C – O stretching and C – O – H
deformation modes assigned to glycogen. Smaller peaks at 1070, and 1656 cm−1
are attributed to collagen.
The peak at 1096 cm−1 is assigned to the phosphodioxy group. The peak at
788 cm−1 is assigned to the phosphodiester bond in DNA, and the peak at 813
cm−1 is assigned to phosphodiester in RNA identify the chemistry of nucleus. The
peak located at 782 cm−1 is assigned to thymine, cytosine, and uracil. The peak
at 1578 cm−1 shows the existence of guanine and adenine in the nucleus. Smaller
peaks at 728, 1374, 1421, and 1486 cm−1 are also correspond to the nucleus.
The Raman peaks at 1301 cm−1 and 1499 cm−1 correspond to C – H vibrations
in the hydrocarbon chain in lipids. The peak at 1660 cm−1 , assigned to C – C
stretching, also represents lipid components. Other lipid peaks are located 719,
1743, and 2852-2888 cm−1 , attribute respectively to choline, C – O stretching, and
symmetric CH2 stretching.
Proteins in the cell can be identified by dominant peaks at 1666-1670 cm−1 ,
which are assigned to Amide I, and 1200-1300 cm−1 , which assigned to Amide III.
Raman peaks related to phenyl groups in amino acids also can be used to recognize
protein in a cell. Some of the main phenyl group peaks are 1005 and 622 cm−1 ,
assigned to phenylanaline, 877 and 854 cm−1 , assigned to tyrosine, and 760 cm−1
assigned to tryptophan.
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Figure 7.6: Surface enhanced Raman Spectra of different parts of a HeLa cell. Exposure time: 0.5 s.
Laser wavelength: 633 nm. black: lipid, blue: nucleic acid, red: protein, and green: carbohydrate.

A major component in cellular membrane is phosphatidylcholine, which exhibits a Raman peak at 719 cm−1 . Using these peak assignments, different cell
regions can be segregated by building a map of Raman spectra collected at points
across the cell, and those identified regions can be correlated with features observable in iSCAT images.

7.4

Discussion

We present a new interferometric light microscopy system combined with Raman spectroscopy. This wide field imaging system has successfully demonstrated
three dimensional localization and spectroscopic identification of domains in gold
nanoparticle-targeted human cells. Spatial and spectral information of this type
could offer utility for such biomedical applications, as disease detection and treatment in complex biological environments. The present system can be used for
real-time three-dimensional nanoparticle tracking in which the surface-enhancing
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Figure 7.7: iSCAT image of a fibroblast cell. Left: Raw iSCAT image. Right: Deconvolved iSCAT image
using DWT. The scale bar is 10 µm.

ability of nanoparticles act as spectral sensors.

7.4.1

Three-Dimensional Reconstruction of Cells

iSCAT microscopy provides a means to image living cells in real time without
the need for any labels, offering an opportunity to study biological mechanisms
and dynamics. Moreover, a combination of a series of images taken along the
optical z axis can yield a three-dimensional structure of the specimen. Each twodimensional (xy) iSCAT image of a sample contains information from both the
structure of the in-focus part, and the intensities from the out-of-focus light originating from neighboring image planes.
To remove these out-of-focus features from each xy plane, we used deconvolutionbased image processing. In the following section, we discuss the efficacy of iSCAT
in capturing three-dimensional volume image of a cell, in studying the dynamic of
gold nanoparticles interacting with live cells, and in providing structural-chemical
information about any chosen part of a cell.
The construction of a three-dimensional image requires many focal plane stacks
that are clear of out-of-focus haze. However, as Figure 7.7 illustrates, the raw iSCAT image contains a persistent non-uniform background, noise, and blurred features. Fig. 7.7 also shows that the contrast of the raw iSCAT image is relatively
low. The impaired quality of the raw iSCAT image is due to the interaction of
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10 μm
Figure 7.8: HeLa cells affixed to the cover slip, after removing background and noise. This image has
been obtained by calculating the sum of 15 different z planes (0 − 10 µm), showing HeLa cell structure
in the x, y, and z dimensions.

the backscattered light with many optical components. The beam passes several
lenses, mirrors, and beam-splitters before reaching the detector, and each component has a small detrimental effect on beam quality. These negative contributions
are constant for a given incident light power; thus, they can be accounted for and
removed. To do so, we take an iSCAT image of a plain coverslip, and use it as a
representative background signal, which can be removed from other images.
Other factors which deteriorate the image quality are noise and blurred features. Each focal plane is contaminated with out-of-focus features from neighboring planes, causing blurriness. In this study, we use wavelet transform to first
denoise the image by applying a threshold to wavelet coefficients. We then use the
wavelet basis to gauge the quality of the image, calculate the amount of blurriness,
and finally correct the blur by removing it.
Removing blur is the most important step towards making a high-quality threedimensional image. This blur contains two main contributions: motion blur and op160

Figure 7.9: Processed iSCAT images of detached Hela cells. Left: Three-dimensional structure of five
detached HeLa cells, with their nuclei in red. Right: An xz section of the left-hand image, with nuclei
in red, and the rest sections of cell in blue.

tical blur. This work discusses an efficient method to remove optical blur. Blurring
mostly affects edges. Thus, considering the types of edges in an image provides a
measure of the extent of blurriness. We use this to assess the quality of an image,
and find and remove the out-of-focus features. One of the main challenges that
edge detection techniques face is the identification of edges in noisy image areas.
Edges are defined as any change in intensity between adjacent pixels; in general,
an edge can be any small change in intensity in a pixel neighborhood, which can
be represented as a peak in the gradient domain. High levels of noise can disrupt
the process of edge detection by confounding edge gradients with random intensity
gradients. Wavelet transform is well-known for its adaptability to different noise
levels. Therefore, we use wavelet transform to investigate the type of edges in an
image.
Comparing the left- and right-hand images in Figure 7.7 illuminates the ef-
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fect of wavelet deconvolution in removing noise and out-of-focus features. The
right-hand image is the sum of the fifteen treated focal planes, and shows that the
applied deconvolution technique has improved the contrast and the quality of image significantly. Figures 7.8 and 7.9 show the deconvoluted images of HeLa cells
at two different scales and with two different sample preparations. In Figure 7.8,
cells are affixed to the glass coverslip, while in Figure 7.9, they are loose, resulting
in two different structures. Note the higher level of detail in the image of affixed
HeLa cells (Fig. 7.8). Figure 7.9 b represents a z cross section of unattached HeLa
cells, demonstrating the equal image quality and contrast for all focal planes across
different depths [23, 24, 190, 358].

7.4.2

Gold Nanoparticle Tracking

It has become important in cellular biology to investigate the dynamics and mechanism of nanoparticle endocytosis. The following section describes the capability of
interferometric scattering microscopy (iSCAT) in the context of particle tracking.
Figure 7.5 displays time dependent images of gold nanoparticle internalizing in the
HeLa cell.
We investigated the interaction of 30 nm gold nanoparticles with HeLa cells,
as a model cancer cell. File 2 in the supplementary information shows a video
of 30 nm gold nanoparticles interacting with different parts of a HeLa cell. The
video shows a gold nanoparticle attached to cell membrane, and then moving in
three dimensions within the cell. Our goal in this study was to investigate the iSCAT’s capacity to capture time-dependent events, so the whole process of entering
nanoparticle into cells was not tracked rigorously.
Figure 7.5 shows the iSCAT images of HeLa cells cultured with 30 nm gold
nanoparticles. Bright circular spots in the image represent the gold nanoparticles.
Particles that are in focus resemble white spots, while out-of-focus particles close
to focal plane appear as rings with a small spot in the center. These rings are
Airy disks, caused by the point spread function. The center of mass of the gold
nanoparticles is easily determined in most cases. To measure the center of mass
of the nanoparticles with higher accuracy, we fit the nanoparticles signal to a twodimensional Gaussian function. External fluctuations, shot noise, or background
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Figure 7.10: Three-dimensional gold nanoparticle trajectory while interacting with the exterior of a HeLa
cell membrane (100 points, 33 ms per point), reconstructed from the time-resolved iSCAT images
with a temporal resolution of 33 ms.

Figure 7.11: Three-dimensional particle trajectory while (left) passing through the membrane and (right)
moving within the HeLa cell (1,200 points, 33 ms per point), both reconstructed from the timeresolved iSCAT images with a temporal resolution of 33 msec. The scalebar is 200nm.

noise - such as out-of-focus signal contributions - cause a less-defined center of
mass. Thus, we need to remove all the confounding parameters before being able
to reliably track single particles. As we discussed in the previous section, wavelet
transform subtracts the noise and out-of-focus features, while background subtraction eliminates background from raw iSCAT images.
We focused on one particular particle of interest to study time-resolved particle
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Figure 7.12: HeLa cell after culturing with 30 nm gold nanoparticles for 4 hours. This image is a sum of
12 different z sections.

motion. Three time-resolved interactions of nanoparticles with the HeLa cell are of
interest: interactions before, during, and after cell internalization. Figures 7.11 and
7.10 illustrate the three-dimensional trajectories of nanoparticles, providing information of the type of the motion occurring. Each shows the motion of a separate
nanoparticle at different stages of endocytosis.

7.4.3

Dynamics After Adding Gold Nanoparticles to Cell Samples

Three-dimensional information about nanoparticle concentration and the localization of single or aggregated nanoparticles is important for the development of relevant nanoparticle applications, such as drug delivery or cell labeling. For the
present study, we incubated HeLa cells with gold nanoparticles for four hours. The
cells were visualized by iSCAT microscopy at different depths within the sample.
Figures 7.12 and 7.13 shows that gold nanoparticles are easily detected and identified in a z-axis scan of a cell.
Figure 7.12 shows HeLa cells after 4 hours of adding gold nanoparticles. Nanoparticles are visible as yellow-orange bright spots. To identify the exact position of
nanoparticles inside the cell, we took a z scan of iSCAT images over different cel-
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Figure 7.13: Four different z sections of HeLa cells after culturing with 30 nm GNP for 4 hours. the depth
is 8 µm with ∆z as 2 µm

lular depths. Figure 7.13 shows iSCAT images of nanoparticle-infused HeLa cells
at different depths, showing that most of the nanoparticles are attached to the surface of the cell; however, some of nanoparticles are seen inside the cells, without
being internalized in the nuclei.

7.4.4

Raman Spectra

In Raman mapping, each pixel contains a large amount of spectral data, typically 1,340 points, depending on the size of the spectrometer’s detector. Different
methods are available to convert spectral intensities to a single pixel intensity; in
other words, to reduce the dimensionality of the dataset from M × N × 1, 340 to
M × N × 1. One efficient technique is Principal Component Analysis (PCA).
The left-hand image in Figure 7.14 shows the first principal component (PC-1)
of the Raman dataset of a sample containing both HeLa and fibroblast cells next
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Figure 7.14: Interactions of gold nanoparticles with HeLa (lower left) and fibroblast (right) cells. Left:
Map of first principal component of Raman data; orange areas are the most highly correlated with
gold nanoparticles. Right: iSCAT image showing cells, before gold nanoparticles were added.

to each other, after adding gold nanoparticles to the sample. The right-hand image
is the corresponding iSCAT image, before adding gold nanoparticles. The figure
illustrates that Raman spectroscopy differentiates between not only different parts
of individual cell, but also between healthy and cancerous cells. The underlying
reason Raman has this ability is that the ratio of nucleus to cytoplasm is larger in
cancerous cells compared to healthy cells. Moreover, cancerous cells have higher
metabolic activity, causing differences in lipid and protein levels between healthy
and cancerous cells.
The orange areas of the Raman PC-1 map in Figure. 7.14 clearly reveals that
cancerous HeLa cells uptake gold nanoparticles more readily than healthy fibroblast cells, due to higher permeability and retention effect of effect of cancerous
cells.[135]

7.4.5

Comparison Between iSCAT-Raman and Other Techniques

A variety of optical imaging techniques are available for the study of biological
systems. A brief review of common techniques alongside their advantages and
limitations is presented to help guide our discussion about the unique capabilities
of iSCAT-Raman.
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As we mentioned in the introduction, bright-field microscopy offers simplest
approach, and is used widely in biology. The low image contrast of biological samples and low resolution of bright-field microscopy limit its applications in this area
of science, where researchers are increasingly interested in probing sub-cellular
structures. Phase-contrast and differential interference contrast (DIC) microscopy
provide fine details of samples; however, these two techniques are not suitable for
thicker samples. Transmission electron microscopy (TEM)-tomography is a highresolution technique capable of achieving 0.2 nm resolution, and able to create a
three-dimensional image reconstruction of a cell. The need for thin sections of
sample and sample fixation restrict the applications of this technique.[5, 25, 126]
Scanning electron microscopy (SEM), capable of achieving resolutions below 1
nm, reveals details about the surface of samples with a good depth of field. SEM
requires that samples be coated with a conductive material. This process can distort
cellular features by dehydrating the sample, and along with TEM, is unsuitable for
in vivo imaging.[70, 192, 305].
As we discussed, the aforementioned techniques require complex sample preparation. Such preparatory procedures can affect the structure of biological samples,
and create artifacts. It is not possible to study any reaction dynamics in a cell
using these techniques. The other shortcoming of most of the aforementioned microscopy techniques is their lack of ability to provide three-dimensional image reconstruction without very thin samples, or the preparation of different thin slices of
the sample. To deal with these limitations, recent fluorescence-based approaches
have been widely used in the last decade.
Fluorescence microscopy represents the most well-known category of highresolution optical imaging techniques. A variety of different modified fluorescence techniques are available, which produce high-resolution wide field threedimensional images. However, all fluorescence methodologies suffer from the
inherent need to label samples. The use of fluorophore-conjugated antibodies or
fluorescent chemical dyes generally require preparative treatments that kill cells,
making fluorescence techniques unsuitable for in vivo experiments. While studies
using fluorescent proteins are well-suited to live cell studies, introduction of the
fluorescent protein may disrupt native protein function, and requires the use of a
transformable organism. One must also be concerned with the efficiency of the
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labeling technique, as an insufficient density of fluorophores in the sample can introduce artifacts. Moreover, all fluorescence-based techniques are prone to photobleaching, a process in which prolonged excitation of a fluorescent marker causes
its degradation.
Setting these limitations aside, fluorescent markers are single quantum emitters, and can only emit a certain number of photons per unit time. In order for
emission to occur, the fluorophore must populate an excited electronic state. On
the other hand, photochemical effects limit the yield of emission photons. These
limitations increase time necessary to observe a single emitter, to the order of a
minute. For practical fluorescence microscopy, the achievable speed and localization of a single molecule roughly follows this equation:
σ (time,space) = 1nm Hz−1/2

(7.5)

If high localization accuracy is desirable, imaging at high speeds is ineffective. Therefore, this trade-off limits the utility of fluorescence-based techniques
for studying the dynamics of many biosystems, which occur faster than a certain
rate.
Extensive research has been carried out to develop an optical technique that
overcomes the limitations inherent to fluorescence-based techniques. Scattering
microscopy is a useful approach, as the incident photon flux is the only limiting
factor for detection and localization. Two scattering microscopies are of interest:
pure scattering-based, and interferometric scattering-based techniques. In contrast
to fluorescence microscopy, the photon flux in scattering techniques is only restricted by the amount of incident power on the sample, mitigated by scattering
cross section of the sample.
In scattering-based techniques, we can tune the power of the incident light according to desired scattered photon flux. This makes it theoretically possible to
achieve unlimited temporal and spatial resolution. However, in a practical experiment, background scattering limits the signal to noise ratio and consequently limits
detection and localization.
In general, the number of photons detected by the detector in scattering technique obeys the following equation:
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N = Ni ζ 2 + |s|2 + 2ζ |s| cos ∆φ

(7.6)

where s is the scattering amplitude, Ni is the number of photons in incident light,
∆φ refers to the phase difference between reference and scattered electric field, and
ζ refers to background (reference term), which is suppressed for dark field images.
For objects with smaller diameter than the wavelength of the incident light, the
scattering amplitude is a function of the size of the object as follows:
s = |s| exp iφs

(7.7)



D3 ε p (λ ) − εm (λ )
s = γεm (λ )π 2
2λ ε p (λ ) + 2εm (λ )

(7.8)

where s is described as:

in which γ is a proportionality constant, εm is the complex-valued dielectric constant of the medium, ε p is the complex-valued dielectric constant of the particle,
and λ is the incident wavelength.[229]
The detected signal for pure scattering depends mainly on the pure scattering
term |s|, while for interferometric scattering, the reference term ζ 2 dominates the
signal.
In instrumental setups based on pure scattering techniques, such as dark-field
microscopy, the detector is mounted perpendicular to the light source. In such
setups, the only light detected by the detector is the scattered light; the setup rejects
incident illumination light, due to the detector’s perpendicular orientation.
Instrumental background suppression in dark-field microscopy makes the specimen scattering term |s| dominate the detected signal, while background term ζ 2
dominates in interferometric scattering. The remaining terms are negligible for
dark-field; however, the third (interference) term in Eq. 7.6 becomes important
for interferometric scattering, when the scattering fields of the sample and background interfere. This happens when the optical path length difference between
the reference background and sample is smaller than the coherence length of the
illumination light.
Therefore, we can simplify Eq. 7.6 for the two scattering approaches, as fol169

lows:
Dark-field (pure scattering):
N ≈ Ni |s|2

(7.9)



N ≈ Ni ζ 2 + 2ζ |s| cos ∆φ

(7.10)

iSCAT (interferometric scattering):

In interferometric scattering, the background term ζ 2 contains no information
about the sample, so the interference term alone is of interest. Therefore, the signal produced by the sample is observed as a small variation on top of the large
background. The ratio of the signal to the background, Contrast, can be described
as:
Isignal
Ibg

(7.11)

|s|2
ζ

(7.12)

|s| cos ∆φ
ζ

(7.13)

C=
For pure scattering:

C≈
For interferometric scattering:
C≈2

Note that for interferometric scattering, the signal contrast C linearly scales
with the scattering amplitude |s|, and consequently to the third order of particle
diameter (C ∝ D3 ; cf. Eq. 7.8). However, the dependence of contrast on particle
size increases to the sixth order for pure scattering (C ∝ D6 ).
This signifies a big difference between interferometric scattering and either
dark-field or fluorescence. The biggest limitation of pure scattering-based techniques is the high dependency on the size of the object (C ∝ D6 ). The applications
of pure scattering-based techniques are restricted to samples larger than 200 nm,
due to this dependency. Interferometric scattering improves this limitation and
decreases the order of the dependency. With interferometric techniques, the back170

ground is intense, compared to sample features. Fortunately, the background is
almost constant and can be removed by differential imaging.
In this study, we used wide field iSCAT microscopy and removed the out-offocus features using wavelet deconvolution techniques. The resulting deconvoluted
iSCAT image is comparable in quality to a confocal iSCAT image. However, the
speed of image acquisition is much faster than with confocal iSCAT. Another benefit of deconvoluted iSCAT is that it can be achieved at a lower incident illumination
power, makes the technique better-suited to image light-sensitive specimens.

7.5

Conclusion

We have presented and evaluated efficiency of the combination of interferometric
scattering microscopy (iSCAT) and confocal Raman microscopy, by studying the
interaction of gold nanoparticles and human cells. Two types of cells, fibroblasts
as model healthy cells and HeLa cells as model cancer cells, were investigated.
Based on the results, iSCAT-Raman is able to provide real-time morphological and
chemical information in three dimensions without the need for sample labels. The
advantages of proposed technique over current spectroscopy techniques was also
discussed. Although an increasing number of techniques have been developed for
biological applications, none of them has proven capable of taking online, threedimensional, label-free images with the ability to provide chemical information for
every area of a sample of interest. As we reviewed, fluorescence techniques are efficient in taking fast, three-dimensional images with high resolution. However, the
inherent need for labels limits the applications of fluorescence microscopy. Other
mentioned techniques suffer from low resolution, poor contrast, long acquisition
time, or restrictions in the thickness of a sample.
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Chapter 8

Conclusion
A wealth of information creates a poverty of attention.
Herbert Simon
This thesis has presented some novel chemometric methods to improve quantitative and qualitative analysis by means of spectro/microscopic measurements.
In the first part, chapters 3-6, it was demonstrated that Raman and NIR spectra of
unrefined pulp sample could accurately predict standard properties of paper made
from that pulp at any arbitrary refining energy when appropriate data mining techniques were applied. In the second part, chapter 7, the efficiency of data mining
techniques were tested against images of biological cells. To do so, a new combination of iSCAT-Raman with data mining was introduced which was capable
of taking online, three-dimensional, label-free images with the ability to provide
chemical information for every sample area of interest. This study was able to
prove the success of this methodology in studying the dynamic of gold nanoparticle uptake in cancer and healthy cell models. The summary and conclusions of the
first part are highlighted below
• The first section showed that NIR was able to determine the physical properties of paper sheet efficiently. We investigated the effectiveness of several
preprocessing methods to determine which one could improve the multivariate prediction of paper physical and morphological properties from the NIR
spectra of pulp fibres. It was found that a combination of the OSC and DWT
results in the smallest error. NIR spectra corrected by OSC-DWT revealed
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interpretable features with respect to selected properties, enabling us to connect certain properties with assigned features. These results underlined the
effectiveness of OSC-DWT in improving the utility of NIR spectroscopy for
predicting the end-point properties of pulp and paper.
• It was demonstrated that Raman spectra of unrefined pulp samples could accurately predict standard properties of paper made from that pulp at any arbitrary refining energy, when modeled to a reduced space selected by a sophisticated chemometric feature selection technique referred to as a Template
Oriented Genetic Algorithm (TOGA). The results showed that TOGA could
efficiently identify and quantify the Raman spectra of systems of analytes
with overlapping spectral features and uncorrelated variance. TOGA removed irrelevant information in the spectrum and reduced the dimensionality of the calibration space. By isolating robustly correlated features, TOGA
also provided a spectrum of the covariance for chemical interpretation in
terms of functional group frequencies. We showed how the application of
TOGA to the Raman spectrum of unrefined pulps enabled the robust prediction of pulp network physical and mechanical properties for any arbitrarily
specified level of pulp refining. TOGA showed that the physical characteristics of single fibres had the greatest influence on the mechanical properties
of the unbeaten pulp or with low beating energy. On the other hand, TOGA
successfully identifies the hydrogen bond region as an essential part of the
spectrum for classifying the mechanical properties of beaten pulp, since in
higher beating energy fibre interactions became a dominant factor.
• Finally, we compared the effectiveness of NIR and Raman spectroscopy
techniques in predicting pulp properties by applying the root mean square
error of prediction to evaluate PLS models. It was found that NIR spectroscopy performed better in predicting most of the mechanical properties of
paper sheets. However, NIR spectra present only overlapping spectra with
limited information available, so does not offer an effective technique for
spectroscopic troubleshooting. Raman spectroscopy on the other hand extracts chemically specific signatures from aqueous samples with little or no
sample preparation, compared with NIR techniques showed an overwhelm173

ing broad peak for water. We also found that Raman spectroscopy predicts
properties with higher beating and lower freeness more effectively than NIR.
Results obtained by fusing these two techniques showed a slight improvement in the prediction model over the individual methods.
The application of vibrational spectroscopy together with the development of
efficient data mining algorithms was not limited in pulp and paper industry. By
removing uncorrelated features and highlighting the correlated ones in spectra utilizing data mining algorithms, vibrational spectroscopy can be justified as a strong
online tool in many industries. This claim was examined in the second part, chapter
7. The summary and conclusions are as follows
• We presented and evaluated efficiency of the combination of interferometric
scattering microscopy (iSCAT) with confocal Raman microscopy in instrumental part and efficiency of DWT in deconvolution part, by studying the
interaction of gold nanoparticles and human cells. Two types of cells, fibroblasts as model healthy cells and HeLa cells as model cancer cells, were
investigated. Based on the results, iSCAT-Raman combined with DWT was
able to provide high resolution, real-time morphological and chemical information in three dimensions without the need for sample labels. It was shown
the fluorescence techniques were efficient in taking fast, three-dimensional
images with high resolution. However, the inherent need for labels limited
the applications of fluorescence microscopy. Other possible techniques suffer from low resolution, contrast, long acquisition time, or restrictions in the
thickness of a sample.
• The discrete wavelet transform was successfully utilized in denoising, resolution enhancement, and three-dimensional image processing of iSCAT images. To accurately track a gold nanoparticle, we applied an algorithm based
on the two dimensional, Gaussian-corrected point spread function of a gold
nanoparticle to accurately localized its center of its mass. The gold nanoparticle tracking study illustrated that the internalization of gold nanoparticles
could take more than an hour, due to the slow endocytosis process of the cell.
• We showed that Raman spectroscopy not only differentiates between dif174

ferent parts of an individual cell, but also between healthy and cancerous
cells. The results of iSCAT-Raman inquiry showed that cancerous HeLa
cells could uptake gold nanoparticles more readily than healthy fibroblast
cells, likely due to higher permeability and retention effect of the cancerous taxonomy. Most of the nanoparticles are attached to the surface of the
cell. But some of nanoparticles were seen inside the cells, without being
internalized in the nuclei.
Utilization of iSCAT-Raman combined with 2D data mining algorithms can potentially be expanded to different research areas such as drug delivery, biosensing, imaging, catalysis, and more due to the unique capability of this approach in
providing real-time morphological and chemical information in three dimensions
without the need for sample labels.
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[284] E. Sjöholm, K. Gustafsson, E. Norman, T. Reitberger, and A. Colmsjö.
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chemistry? TrAC Trends in Analytical Chemistry, 16:451–463, 1997.
[330] C.-S. Wang. Theory of stimulated raman scattering. Phys. Rev.,
182:482–494, Jun 1969.
[331] G. Wang, A. S. Stender, W. Sun, and N. Fang. Optical imaging of
non-fluorescent nanoparticle probes in live cells. The Analyst,
135(2):215–221, 2010.
205

[332] Z. Wang, J. Feng, L. Li, W. Ni, and Z. Li. A non-linearized pls model
based on multivariate dominant factor for laser-induced breakdown
spectroscopy measurements. J. Anal. At. Spectrom., 26:2175–2182, 2011.
[333] L. Wei, Y. Yu, Y. Shen, M. C. Wang, and W. Min. Vibrational imaging of
newly synthesized proteins in live cells by stimulated raman scattering
microscopy. Proceedings of the National Academy of Sciences,
110(28):11226–11231, 2013.
[334] N. Wei, E. Flaschel, K. Friehs, and T. Nattkemper. A machine vision
system for automated non-invasive assessment of cell viability via dark
field microscopy, wavelet feature selection and classification. BMC
Bioinformatics, 9(1):449, 2008.
[335] N. Wei, J. You, K. Friehs, E. Flaschel, and T. W. Nattkemper. In situ dark
field microscopy for on-line monitoring of yeast cultures. Biotechnology
Letters, 29(3):373–378, Dec. 2006.
[336] S. Weiss. Fluorescence spectroscopy of single biomolecules. Science,
283(5408):1676–1683, Mar. 1999.
[337] Z. Q. Wen, L. D. Barron, , and L. Hecht. Vibrational raman optical activity
of monosaccharides. J. Am. Chem. SOC, 115:285–292, 1993.
[338] L. G. Weyer. Near-infrared spectroscopy of organic substances. Applied
Spectroscopy Reviews, 21(1-2):1–43, 1985.
[339] M. Whittle, V. J. Gillet, P. Willett, and J. Loesel. Analysis of data fusion
methods in virtual screening: similarity and group fusion. Journal of
Chemical Information and Modeling, 46(6):2206–2219, 2006. PMID:
17125165.
[340] J. H. Wiley and R. H. Atalla. Band assignments in the raman spectra of
celluloses. Carbohydrate Research, 160:113–129, Feb. 1987.
[341] P. Willett. Combination of similarity rankings using data fusion. Journal of
Chemical Information and Modeling, 53(1):1–10, 2013. PMID: 23297768.
[342] E. Wilson, J. Decius, and P. Cross. Molecular Vibrations. McGraw-Hill,
New York, 1955.
[343] E. Windeisen and G. Wegener. Behaviour of lignin during thermal
treatments of wood. Industrial Crops and Products, 27(2):157–162, Mar.
2008.
206

[344] N. Wistara and R. A. Young. Properties and treatments of pulps from
recycled paper. part i. physical and chemical properties of pulps. Cellulose,
6(4):291–324, 1999.
[345] A. Wojciak, H. Kasprzyk, I. Khmelinskii, A. Krawczyk, A. Oliveira,
L. Ferreira, A. Weselucha-Birczynska, and M. Sikorski. Direct
characterization of hydrogen peroxide bleached thermomechanical pulp
using spectroscopic methods. J Phys Chem A, 111:10530–10536, 2007.
[346] D. L. Wokosin, V. F. Centonze, J. G. White, S. N. Hird, S. Sepsenwol,
G. P. A. Malcolm, G. T. Maker, and A. I. Ferguson. Multiple-photon
excitation imaging with an all-solid-state laser. In D. L. Farkas, R. C. Leif,
A. V. Priezzhev, T. Asakura, and B. J. Tromberg, editors, Optical
Diagnostics of Living Cells and Biofluids, volume 2678. SPIE-Intl Soc
Optical Eng, May 1996.
[347] S. Wold, H. Antti, F. Lindgren, and J. Ohman. Orthogonal signal correction
of near-infrared spectra. Chemometrics and Intelligent Laboratory
Systems, 44:175–185, 1998.
[348] S. Wold, M. Sjstrm, and L. Eriksson. Pls-regression: a basic tool of
chemometrics. Chemometrics and Intelligent Laboratory Systems,
58:109–130, 2001.
[349] J. J. Workman. Infrared and Raman spectroscopy in paper and pulp
analysis. Applied Spectroscopy Reviews, 36(2-3):139–168, June 2001.
[350] J. Wright, M. Birkett, and M. Gambino. Prediction of pulp yield and
cellulose content from wood samples using near-infrared reflectance
spectroscopy. TAPPI Journal, 73:164–166, 1990.
[351] Z. Wu, M. Du, C. Sui, B. Xu, Y. Peng, X. Shi, and Y. Qiao. Development
and validation of a portable aotf-nir measurement method for the
determination of baicalin in yinhuang oral solution. In 2012 International
Conference on Biomedical Engineering and Biotechnology, pages
1322–1326, May 2012.
[352] Q.-S. Xua and Y.-Z. Liang. Monte carlo cross validation. Chemometrics
and Intelligent Laboratory Systems, 56:1–11, 2001.
[353] H. Yang, L. Xu, K. Chen, X. Huang, Q. He, and G. Jin. Improvement of
miniature grating spectrometers, 2007.

207

[354] B.-S. Yeo, J. Stadler, T. Schmid, R. Zenobi, and W. Zhang. Tip-enhanced
raman spectroscopy – its status, challenges and future directions. Chemical
Physics Letters, 472(1-3):1–13, Apr. 2009.
[355] P. R. Yildiz, A. & Selvin. Fluorescence imaging with one nanometer
accuracy: Application to molecular motors. Acc. Chem. Res., 38:574582,
2005.
[356] G. Yu-mei and Z. Wei. Recent progress in nir spectroscopy technology and
its application to the field of forestry. Spectroscopy and Spectral Analysis,
28:1544–1548, 2008.
[357] G. W. Zack, W. E. Rogers, and S. A. Latt. Automatic measurement of sister
chromatid exchange frequency. The Journal of Histochemistry and
Cytochemistry., 25:741–753, 1977.
[358] S. Zhang, H. Gao, and G. Bao. Physical principles of nanoparticle cellular
endocytosis. ACS Nano, 9(9):8655–8671, Sept. 2015.
[359] R. G. Zhbankov. Vibrational spectra and structure of mono- and
polysaccharides. Journal of Molecular Structure, 275:65–84, 1992.
[360] G. Zhou, G. Taylor, and A. Polle. FTIR-ATR-based prediction and
modelling of lignin and energy contents reveals independent intra-specific
variation of these traits in bioenergy poplars. Plant Methods, 7(1), 2011.
[361] X. Zhuang. Nano-imaging with STORM. Nature Photonics, 3(7):365–367,
July 2009.
[362] A. Zieba, C. Wahlby, F. Hjelm, L. Jordan, J. Berg, U. Landegren, and
K. Pardali. Bright-field microscopy visualization of proteins and protein
complexes by in situ proximity ligation with peroxidase detection. Clinical
Chemistry, 56(1):99–110, Nov. 2009.
[363] W. R. Zipfel, R. M. Williams, R. Christie, A. Y. Nikitin, B. T. Hyman, and
W. W. Webb. Live tissue intrinsic emission microscopy using
multiphoton-excited native fluorescence and second harmonic generation.
Proceedings of the National Academy of Sciences, 100(12):7075–7080,
May 2003.
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Appendix A:
Physical Properties of Pulp

Figure A.1: The correlation between different mechanical properties of pulpsheets made of a slightly
beaten pulp with freeness 600
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Table A.1: The experimental range, average and the standard deviation of
measurment of different physical- mechanical properties of pulp samples that served as calibration and validation standards in chapter 3-5.
character
Freeness
Tensile initial
Tensile 600
Tensile 500
Tensile 450
Tensile 300
Tear initial
Tear 600
Tear 500
Tear 450
Tear 300
Burst inital
Burst 600
Burst 500
Burst 450
Burst 300
SRE 600
SRE 500
SRE 450
SRE 300
Density
Density 600
Density 500
Density 450
Density 300
Wet zero span
Dry zero span
Absorption
Scattering
Scattering 600
Scattering 500
Scattering 450
Scattering 300

Range
649.50 - 700.50
2.50-4.87
4.30-7.67
6.50-9.36
7.91 - 10.63
9.20 - 11.56
19.86 - 30.34
17.34 - 24.29
12.15 - 20.13
5.76 - 8.37
8.25 - 15.22
1.36 - 3.37
3.20 - 5.95
4.90 - 7.63
5.76 - 8.37
6.55 - 9.18
23.91 - 82.73
60.81 - 162.50
92.35 - 217.97
152.90 - 309.08
0.47 - 0.57
0.54 - 0.61
0.59 - 0.65
0.62 - 0.67
0.64 - 0.70
12.40 - 15.82
14.42 - 16.78
0.1669 - 0.227
32.6 - 39.8
29.10 - 35.37
25.52 - 31.47
24.10 - 29.21
22.35 - 26.80

average
656.01
3.77
6.19
8.27
9.38
10.41
26.18
20.51
15.62
13.28
11.40
2.33
4.42
6.25
7.22
8.10
50.69
111.57
157.59
236.65
0.53
0.58
0.62
0.65
0.68
14.59
15.65
0.19
35.50
31.47
27.98
26.16
24.38
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median
700.50
3.76
6.21
8.35
9.43
10.44
26.64
20.55
15.43
13.20
11.47
2.35
4.40
6.27
7.26
8.14
51.91
115.45
161.25
239.97
0.53
0.58
0.62
0.65
0.68
14.69
15.69
0.19
35.57
31.45
27.97
26.16
24.31

Standard deviation
12.11
0.54
0.68
0.70
0.65
0.51
1.93
1.39
1.63
1.65
1.34
0.43
0.53
0.56
0.52
0.42
14.44
23.52
29.29
36.08
0.02
0.01
0.01
0.01
0.01
0.60
0.53
0.01
1.51
1.29
1.11
1.00
0.96

Appendix B:
A Comparative Study of Different Machine Learning Techniques In Predicting Properties of Paper Products
In this section, we build machine learning models to predict the physical properties of pulp products using Raman spectra of pulp sample. As we discussed in
chapter 4, the data is high dimensional, and the number of samples is limited to
less than hundred. So, we used a feature selection and reduction techniques before
applying prediction model.
In supervised machine learning, a setup data labeled with target variables are
used to train a regression model. To evaluate and improve the model, the data set
is divided into training and validation sets. The learner fit a regression model using
the training data established in a way that performs well in predicting the target
variables in the validation set.
Next, we utilized feature extraction/selection techniques to find most important
features representing the input pattern to decrease the data dimensions. Feature extraction/selection techniques are considered as a preprocessing step of data mining
result in a less computational effort and in improving the accuracy of the model.
In table B.1 we report root mean square error obtained from all the regressors
when they used the selected and extracted features together. Comparing this table
with the TOGA results presented in the chapter 5 shows that TOGA improves prediction models for all mechanical properties of pulpsheets more efficiently. This
improvement proves that this method extracts reconstructed spectra that offer important and sufficient information for classification.
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Table B.1: Root mean square error all the regressors when they used the selected features and extracted features together.
Method
Freeness
Initial Tensile
Tensile600
Tensile 550
Tensile 500
Tensile 450
Tensile 300
Initial Tear
Tear600
Tear550
Tear500
Tear450
Tear300
Initial Burst
Burst600
Burst550
Burst500
Burst450
Burst400
SRE600
SRE550
SRE500
SRE450
SRE300
Initial Density
Density600
Density550
Density500
Density450
Density300
Wet zero span
Dry zero span
Absorption
Scattering

Average
61.1
4.8
3.9
4.3
4.1
4.28
4.2
3.7
3.2
3.7
4.8
4.2
4.8
4.3
4.0
4.1
4.5
4.2
4.1
11.4
19.4
23.8
33.1
47.8
3.9
3.8
3.9
3.9
4.1
4.1
3.9
3.7
3.9
2.5

KNN
12.7
0.81
0.69
0.72
0.77
0.74
0.72
2.7
1.5
1.7
2.5
2.7
2.1
0.63
0.64
0.67
0.67
0.65
0.55
15.0
21.7
25.8
32.9
45.5
0.029
0.021
0.017
0.017
0.015
0.015
0.74
0.62
0.019
2.28

Ridge
8.1
0.63
0.57
0.57
0.53
0.55
0.53
1.9
0.98
1.2
1.7
1.5
1.2
0.40
0.46
0.44
0.53
0.46
0.40
10.9
16.6
20.2
27.7
35.2
0.017
0.014
0.013
0.012
0.011
0.013
0.66
0.46
0.0088
1.5
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Lasso
8.7
0.68
0.57
0.58
0.53
0.55
0.56
2.1
0.97
1.1
2.1
1.5
1.2
0.32
0.47
0.46
0.53
0.47
0.40
11.1
18.4
19.6
27.8
34.7
0.017
0.014
0.013
0.012
0.009
0.013
0.67
0.46
0.0082
1.4

LassoLars
8.9
0.65
0.57
0.62
0.56
0.55
0.57
2.1
0.99
1.1
2.3
1.6
1.4
0.32
0.52
0.43
0.53
0.50
0.36
11.8
18.4
19.6
27.9
34.7
0.020
0.014
0.014
0.012
0.010
0.013
0.69
0.45
0.0085
1.4

Bayesian Ridge
9.5
0.62
0.59
0.57
0.56
0.54
0.52
2.2
1.1
1.3
1.5
1.7
1.5
0.47
0.48
0.50
0.49
0.46
0.39
10.1
13.6
17.2
22.7
36.3
0.021
0.014
0.014
0.011
0.010
0.010
0.65
0.46
0.0086
1.8

Appendix C:
iSCAT Application 1, iSCAT Images of Single Fibre and Pulp Samples

Figure C.1: A deconvolved iSCAT image of a single fibre in a pulp sample
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Figure C.2: DWT deconvolved iSCAT images of a single fiber in different stacks containing information
of 24 micron in Z direction, 20 micron in X and 60 micron in Y direction.

Figure C.3: A reconstructed volume using the deconvolved stacks in Figure
fig:fibre.
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Figure C.4: DWT deconvolved iSCAT images of a single fiber in different stacks containing information
of 20 micron in Z direction, 20 micron in X and 60 micron in Y direction.

Figure C.5: A reconstructed volume using the deconvolved stacks in Figure
fig:fibre2.
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Figure C.6: DWT deconvolved iSCAT images of a pulp sample representing
the network of fibres in different stacks containing information of 0
micron in Z direction, 60 micron in X and 60 micron in Y direction.
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Appendix D:
iSCAT Application 2, Fluid Trapped in Olivine
This work has been done in collaboration with Department of Earth, Ocean
and Atmospheric Sciences at UBC. The sample is Olivine (Mg2 SiO4 ) contains little cavities in it. The aim of our collaboration was to detect these cavities and
investigate if they are filled with fluid or not. The composition of this fluid was
another scope of this study.

Figure D.1: 3D iSCAT image of an olivin sample
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Figure D.1 presents an iSCAT image of one olivine sample. The red part is
olivine, and blue-green color represents cavities in the sample. The size of these
cavities is around 10*10 micron in the X-Y plane. The 3D iSCAT image shows
that these holes are connected underneath of the surface.

Figure D.2: Raman spectra of an olivine sample contains fluid. Green spectrum shows the Raman spectrum of olivine while red and blue spectra
represent area of the sample with a hole. We were interested to find the
composition of the fluid which fills up the hole. The results show that
it is possible that the hole is empty or the liquid has a low Raman cross
section which hasn’t been shown up in Raman spectrum.

221

Figure D.3: left figure shows iSCAT image of an olivine sample with olivine
in red and holes in blue and yellowish colors. right figure represents
Raman map of around the same area of the olivine sample which we
used to take iSCAT image. PC1 was used to build the present Raman
map.
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Figure D.4: Left shows the iSCAT image of surface of an olivine sample.
Right figure represent the same area of olivine sample in a stack with 5
micron deeper. It shows that the holes in surface get smaller in deeper
regions
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Appendix E:
iSCAT Aplication 3, Study of Spinal Cord

Figure E.1: This image shows the surface of a sample of mouse’s spinal cord
representing a neuron.
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Appendix F:
iSCAT Application 4, Biomineralization: iSCAT/Raman Analysis of Mineralized Elastin
Mineralisation of extracellular matrix is essential in the development and function of the skeletal system. Similar mineralization is observed in soft tissues under
pathological conditions and is particularly problematic when seen in the vascular
system. Our studies are primarily looking into the role of elastin (and collagen)
degradation in the progression of vascular calcification. They could indicate that
digestion of elastin with cathepsin K, a vital protease primarily secreted from osteoclasts and macrophages, increases the accumulation of mineralized plaques in
the elastin, presumably due to an increase in available nucleation sites.
Mineralisation of elastin fragments occurs by different mechanisms associated
with available nucleation sites, and digestion with catK may increase the availability of certain nucleation leading to differences in quantity and mechanism of
mineralization.
Live interferometric scattering provides ultrafast and high resolution optical
imaging to determine the composition of a substance at a molecular level.

Figure F.1: iSCAT images of different parts of an elastin sample.
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Figure F.2: iSCAT images of an elastin sample with the calcificied crystals.
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Figure F.3: iSCAT images of an elastin sample with the calcificied crystals, the calcificied crystals are shown up in brighter color compared
227
to elastin.

Figure F.4: Top figure shows the iSCAT image of an elastin sample with calcificied crystals, the bottom image serves Raman map of the same sample around the same region which iSCAT image has been taken. PC1
was used to make Raman map.
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Appendix G:
iSCAT Application 5, Visualization of PDA-Primed Silicone Surfaces
Based on recent discoveries related to the methods used by mussels and other
marine organisms to stick to surfaces (e.g., rocks) in the marine environment, there
has been interest in a bio-inspired approach to modifying material surfaces. Polydopamine (PDA) appears to be involved in such binding mechanisms and, as found
by others, PDA can not only bind strongly to both inorganic and organic surfaces
but also provides a reactive surface for complexation of other molecules (e.g., moieties with thiol or amine groups, metals, certain drugs). We therefore had an interest in using PDA as a primer to attach drugs which might then be released in a
controlled manner either initially in vitro or eventually in vivo.
This study was in collaboration with Dr. David Plackett, from Pharmaceutical Sciences, UBC. The work in pharmaceutical department was supported by the
NSERC CREATE SusSyn network in the form of a summer student dedicated to
the project in summer 2015 and focused on PDA priming of silicone films as a
model material. We were then interested in studying the binding and release of the
aminoglycoside antibiotic gentamicin. A series of studies were run in which the
release of gentamicin from PDA-primed silicone was characterised.
iSCAT was used to visualize of PDA-primed silicone surfaces before and after
loading with gentamicin. A series of images and videos were obtained and these
illustrated both the thickness of the PDA coating and the surface morphology.
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Figure G.1: This image shows PDA-primed silicone surfaces. The thickness
of PDA coating and the surface morphology are easily can be detected
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Figure G.2: This image shows PDA-primed silicone surfaces loaded with
gentamicin. Comparing between this figure and above figure shows
the different surface morphology before and after loading drug.
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Appendix H:
iSCAT Application 6, Visualization of Biological Cells

Figure H.1: A DWT deconvolved iSCAT image of heLa cell using the standard deviation of 25 Z stacks.
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Figure H.2: DWT deconvolved iSCAT images of a heLa cell sample in fifteen different depth.
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Appendix I:
MATLAB Codes
The developed MATLAB codes used in this thesis have been uploaded to my
”GitHub” as follows:
Data Mining in Analytical Chemistry
The supplementary documents such as iSCAT videos could be found in:
Online Study of Various Complex Sample.
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