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Biohiili on yksi uusista, kiinnostavista ligniinin jalostustuotteista. Hidasta pyrolyysia
kaytetdan lampokasittelyprosessin kiintoaineen, eli biohiilen saannon optimoimiseksi
vaihtelevissa olosuhteissa. Eri késittelylampétiloissa tapahtuu erilaisia fysikaalisia ja
kemiallisia ilmidita, ja lampokasittelyprosessit optimoidaan saadun tuotteen
kayttotarkoituksen mukaan. N&ma uudet teknologiat vaativat uusia nopeita ja luotettavia
analyysimenetelmié prosessin ja laadun hallintaan. Kysyntaa on etenkin menetelmille, jotka
pystytéan liittdmaéan suoraan prosessiin sen reaaliaikaista analysointia varten.

Ligniinin tiedetddn muuttavan vériddn lampokaésittelyssd, ja tatd varimuutosta pystytédén
mittaamaan spektrofotometrilld. Varimittausta on kaytetty vuosikymmenien ajan eri
teollisuusalojen laadunvarmistuksessa, ja se soveltuu monenlaisille naytteille.
Spektrofotometri soveltuu myds jatkuviin prosessianalyyseihin.

Tassa diplomitydssé tehtiin koeajo, joka laadittiin koesuunnittelun periaatteiden mukaisesti
selvittamaan voidaanko hiilletyn ligniinin ominaisuuksia mitata spektrofotometrisesti.
Kokeessa ligniinia hiillettiin eri lampétiloissa ja vaihtelevissa retentioajoissa, ja naytteiden
variarvot mitattiin spektrofotomerilla L*a*b*-vériavaruudessa. Saatu data analysoitiin
tilastollisin menetelmin, ja luotiin regressiomallit hiilipitoisuuden arviointiin sekd eri
ké&sittelyolosuhteiden méaérittamiseen. Tulokset validoitiin analysoimalla useiden ndytteiden
hiilipitoisuus orgaanisten aineiden alkuaineanalyysilla. Kokeen tuloksiin pohjautuen luotiin
perusteet menetelmélle, jonka avulla voidaan arvioida hiilletyn ligniinin hiilipitoisuutta,
seké arvioitiin menetelman luotettavuutta.
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Carbon products are one of the rising novel applications for valorisation of lignin. Slow
pyrolysis is used to optimize the yield of solid residue, called biochar, and this carbonization
process is conducted in a variety of conditions. Different physical and chemical phenomena
occur in different treatment temperatures, and thermal processes are optimized depending
on the application of the biochar. These new technologies require new quality and process
control methods that are fast and reliable and can preferably be applied on-line for real-time
analysis.

It has been studied previously that thermal treatment changes the colour of lignin, and this
colour change can be quantified with spectrophotometric analysis. Spectrophotometry has
been used in quality control of different applications for years, and it is suitable for different
sample matrixes. It has also been used successfully in on-line measurements.

In this thesis an experiment to determine if colour values can be used to describe carbonized
lignin properties was planned according to principles of design of experiments. Lignin was
carbonized in a variety of temperatures and retention times, and the colour of these samples
was analysed with spectrophotometry to measure the changes in colour in the L*a*b* colour
space. The acquired data was analysed with statistical methods, and regression models for
the estimation of carbon content and processing conditions were created. The results were
validated by analysing the carbon content of several samples with organic elemental
analyser. The basis of a method for the estimation of carbon content in carbonized lignin
was developed and evaluated for reliability.



SYMBOLS AND ABBREVIATIONS

Roman characters

E spectral energy [A]
g gram

h hour

k coverage factor

n number of observations

R reflectance [A]
T temperature [°C]
U expanded uncertainty

Greek characters

A change

A wavelength [nm]
u mean

o standard deviation of mean

@ variance

) sum

Dimensionless quantities
a* CIELAB colour space coordinate [-]
b* CIELAB colour space coordinate [-]

L* lightness [-]



Abbreviations

ANOVA
°C
CIE
C%
D50
kg
kPa
LCL
LIBS
min
nm
NMR
OEA
PSD
RT

UCL

analysis of variance
degrees Celsius

Commission internationale de I'éclairage

carbon content [m-%]
mean of particle size distribution [um]
kilogram

kilopascal

lower control limit

laser-induced breakdown spectroscopy
minute

nanometer

nuclear magnetic resonance

organic elemental analyser

particle size distribution

retention time [min]

upper control limit
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1 Introduction

Lignin is the second most abundant biopolymer on earth, and it can be purified from a side
stream called black liquor that is produced in kraft pulping processes. It has been
underutilized due to its unfavourable properties leading to difficulties in processing and
limitations in applications. There is an old saying that you can make anything out of lignin
except money. This has changed in recent years as more and more valorisation efforts have
been proven to be feasible. One of these efforts is the carbonization of lignin to biochar
products of high value, such as carbon fibres and energy storage materials. As Chatterjee
and Saito (2015), present in their review, there are multiple applications for carbonized
lignin, and the development of these materials is now gaining popularity among scientists
and companies alike. As the global shift to green energy is progressing, the need for new
types of energy storage options has risen, and lignin-based carbons are answering to this
need. The demand for lignin-based carbon products also demands the development of
effective and reliable processes that can be scaled to fit the rising production volumes. This
creates the need for reliable and robust analytical methods for rapid analysis that can be used
to control and improve processes as well as for quality assurance. EXxcess energy
consumption is also an issue to avoid in industrial processes, as it is one of the main factors
affecting production costs. The optimization of processes to produce adequately carbonized
products will reduce costs that might arise from extending the thermal treatment
unnecessarily. Existing methods for the analysis of carbonization degree like organic
elemental analysis are relatively slow as they require meticulous sample preparation, and
they cannot be utilized on-line in production scale processes. And as Singh, Camps-
Arbestain, and Lehmann (2017), mention, these methods are not always reliable when
measuring highly aromatic compounds like biochar. This thesis aims to prove that colour
analysis with a spectrophotometer is a feasible option for quick determination of
carbonization degree in lignin-based biochar. A series of thermal treatment tests is conducted
in a variety of temperatures and retention times, and a method for colour analysis of
carbonized lignin is developed. Validation of the method is done with organic elemental

analysis, which is a standard method for analysing carbon content.



Carbonization of lignin has been studied quite extensively, and the conditions to produce
aromatic biochar have been established. The whole process remains to be characterized in
detail due to the complexity of lignin, but the basics of the phenomena has been described
by Chu, Subrahmanyam, and Huber (2013) and Cao, Xiao, Xu, Shen, and Jin (2013). Lignin
colour has been studied previously in terms of how to make it lighter for novel applications
like cosmetics. For example, Zhang and Naebe, (2021), researched the use of lignin as UV-
absorbent, studying the compounds that are responsible for the colour of raw lignin. The
black liquor from which lignin is purified actually lightens somewhat during processing, but
the dried lignin still remains brown, limiting its uses in colour-dependant applications.
Zhang, Fu, and Chen (2020), studied the colour of lignin quite thoroughly, outlining the
issues that lignin faces when valorisation is considered, and concluding that different colour
means different chemical structure. Colour analysis has been used successfully in these
studies. Spectrophotometric method for the determination of the optical properties of lignin
was studied by Ajao, Jeaidi, Benali, Restrepo, ElI Mehdi, and Boumghar (2018). A method
for the determination of lignin colour was developed, and also carbonized lignin was used

in the method development for carbon black applications.

The goal in this research differs somewhat from previous lignin colour studies. This exact
topic has not been studied before, as the need for this kind of study has just been realised
when the production of lignin-based biochar materials is on the rise and scaling up rapidly.
This thesis studies only kraft lignin, and the effect of different extraction methods for the
carbonization results is not investigated. As Zhang et. al (2020), conclude, the effect of
extraction method and other treatment changes lignin structure and this will need to be
considered when optimizing processing conditions. There are also several pre-treatment
methods that might be worth investigating with colour analysis to see if they have an effect
on process parameters or product properties. The performance of a finished product in its
desired application is also not in the scope of this thesis, but it should be considered before

utilizing the results presented.
The research questions:

e Can the carbonization degree of lignin be analysed with spectrophotometry?
e Is colour analysis reliable enough to be used as an indicator for material treatment

temperature or carbonization degree?
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e Can colour analysis compete with elemental analysis as a method for carbonization

degree determination in carbonized lignin?

e Are there other possibilities for colour analysis in lignin-based biochar production?

This thesis consists of a literature review part that discusses lignin structure and composition
and the physical and chemical changes it goes through during thermal processing into
biochar. The theory of colour analysis and organic elemental analysis methods are also
presented. In the experimental part the design and setup of the experiments are described in
detail. The statistical analysis of the acquired data and the development of the analysis
method is presented, and then the thesis is concluded by analysing and discussing the

findings of the experiment in detail.
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2 Lignin-based biochar

This chapter gives an overview of technical lignin in regards of structure and chemical
composition, taking into account the effect of different extraction methods. It also describes
the conditions and phenomena during thermal processing of lignin and covers some analysis
methods used for the determination of carbonization degree. Also, some current and
upcoming applications for carbonized lignin are discussed, and the basis for design of

experiments and evaluation of uncertainty are explained.

2.1 Structure and composition of lignin

Lignin is a compound present in all lignocellulosic biomass. As Gellerstedt (2015) describes,
it is most abundant in woody biomass where it acts as a binding material for cellulose and
hemicellulose fibres, and it is the second most abundant biopolymer after cellulose. As
described by Xu and Ferdosian (2017), it is an amorphous polymer consisting of three main
aromatic structural units, p-coumaryl alcohol, coniferyl alcohol and sinapyl alcohol, also
called monolignols. These monolignols form the monomeric units called p-hydroxyphenyl,
guaiacyl, and syringyl. These units are bound in a cross-linked matrix with ether, ester, and
condensed bonds between oxygen and carbon or between carbons, forming a complex
phenolic polymer. Lignin polymer structure and different structural units are presented in
Figure 1. According to Xu and Ferdosian (2017), macromolecular structure of lignin consists
of phenyl-propanols connected with ether linkages, mainly alkyl-aryl ether (B-O-4). The
amount of different monolignols and types of linkages varies according to the raw material
source. Lignin contains functional groups that define how reactive it can be. The main
functional groups are carboxylic acid, hydroxyl (aliphatic) and p-hydroxy-phenyl. The

presence of these carboxylic acid and phenyl groups causes lignin to be soluble in alkaline
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solutions. This is the property used for lignin extraction in the kraft pulping process, where

lignin is dissolved first to sodium hydroxide and then separated with sodium sulphate.

OH

p-Coumaryl alcohol p-Hydroxyphenyl
(H)
HiC—0, HiC—0,
OH
Coniferyl alcohol Guaiacyl (G)
HiC—0, HiC—0,
OH HO F
\ OH

CH3—0' CHy—0O

Sinapyl alcohol Syringyl (S)

Figure 1:Structure of lignin polymer, monolignols and their monomeric units. (Reprinted with permission from Zhang,
Naebe 2021: Lignin: A Review on Structure, Properties, and Applications as a Light-Coloured UV Absorber. Copyright

2021 American Chemical Society)

Constant, Wienk, Frissen, Peinder, Boelens, Van Es, Grisel, Weckhuysen, Huijgen,
Gosselink, and Bruijnincx, (2016) describe in their article that in organosolv pulping the
biomass is separated using organic solvent and water, sometimes together with acid catalyst.
Soda pulping works similarly to kraft pulping, but the solvent used is exclusively sodium
hydroxide. The extraction method affects the chemical composition, molecular mass, and
degree of purity in lignin. For example, lignin extracted with organic solvents is usually high
in purity, but due to excessive cleaving of alkyl-aryl ether (B-O-4) -linkages it also has the
lowest molar mass, and kraft and soda lignin contain sodium that is not present in organosolv

lignin.

Gellerstedt (2015) illustrates in his article the process of kraft lignin fragmentation during
the extraction process, leading to a depolymerized structure with free phenolic side chains.

The resulting compound is highly heterogenous, a property typical for lignin regardless of
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extraction method. As most of the alkyl-aryl ether (B-O-4) -linkages are cleaved during the
alkaline processing, the structure of extracted lignin has considerably shorter side chains and
a significant degree of depolymerization is observed. According to Gellerstedt (2015), the
resulting lignin complex consists of three major fractions divided by their molecular mass.
The most abundant one with medium molar mass is most likely originating from
glucomannan lignin-carbohydrate complexes. Cleaving reactions from lignin-carbohydrate
complexes and the formation of these fractions in alkaline conditions during the pulping

process are presented in figure 2.

H (o] H3C (o]
+ others
OH OH H3CO H3CO HaCO
HO Lignin-Xyl OH
o 5 OCH3 _HOTHS'
’ m i oy
OCHj; OCHs - CH,0 +H.0
H,CO e
HsCO zCO

OH OH
HsCO H LO

OH
OH
Lignin-Xylan Complex + Lignin-Xylan Residue

OCH; OCH; OCHs

R-0O. R-O O R-O. O
HO' O Lignin-GM HO Lignin-GM HO' Lignin-GM
O OH O OH OH
O - -
OCHj OH HO/HS

H3;CO O OH H
o]
Q OCH,

OH

Lignin-GlucoMannan Complex \ OCH-

Dissolved Lignin + Lignin-GM Residue

Figure 2: Fractions of lignin forming from lignin-carbohydrate complexes during alkaline extraction process (Reprinted

with permission from Gellerstedt, 2015: Softwood kraft lignin: Raw material of the future)

After extraction lignin is commonly utilized as energy source in biomass reactors, as the
main product is pulp, and lignin is regarded a side stream. It can also be dried and used for
example in the production of synthetic gas, bio-oil and biobased carbons, spinning into
carbon fibres, as an additive in glue resins and bitumen, and for soil improvement

applications.
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2.2 Phenomena during thermal processing

Lignin is carbonized via pyrolysis process where temperature and heating rate depend on the
desired outcome of the process and the main product. During thermal treatment the linkages
in the complex lignin matrix break, releasing gaseous compounds that form a product called
synthetic gas, or syngas, and liquid substance called bio-oil. The solid residue is called
biochar, and it has high aromaticity. Collard and Blin (2017) describe in their review that
fast pyrolysis is used when high syngas production is desired, but if the main product is
biochar, then the heating rate in pyrolysis is kept low, usually no more than 10°C/min.
Slower heating rate keeps the stronger chemical bonds stable and prevents the formation of
volatile compounds while allowing reactions that occur in weaker bonds, leading into

rearrangement and more stable structure in the residue.

Thermal decomposition of lignin has not been completely characterized due to the
complexity of the molecule and the varying composition depending on the source and
extraction method, but the general phenomena has been described in literature. Chu et. al
(2013) estimate that biochar formation happens in a re-polymerisation reaction, where
oligomeric structures are produced from random radicals. In lower temperatures bonds like
hydrogen and C-OH start to cleave. As the temperature rises, stronger bonds like the
dominant alkyl-aryl ether -O-4 bonds also begin to cleave, resulting in increasing amounts
of free radicals in the gaseous phase, and after prolonged residence in higher temperatures
phenolic compounds are released. Figure 3 has been drawn based on the article “The
pyrolysis chemistry of a $-O-4 type oligomeric lignin model compound” by Chu et. al
(2013). Itillustrates the possible pathway for the repolymerisation reaction of char formation
during lignin model compound pyrolysis in temperatures between 250-550°C. The dashed
lines indicate cleaved bonds.
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Figure 3: Formation of biochar in a repolymerisation reaction during thermal treatment of lignin. Figure drawn based on
Fig. 10 in “The pyrolysis chemistry of a 8-0-4 type oligomeric lignin model compound” (Chu et. al 2013)

Cao et. al (2013) characterized three mass loss stages in a lignin thermal decomposition
study. First the remaining moisture is evaporated, then gaseous compounds are released, and
lastly char formation begins. In temperatures exceeding 500°C the char undergoes structural
changes that form amorphous carbon, and temperatures over 900°C induce reforming of
carbon, creating graphitic structures. The dominant phenomena during thermal processing

in different temperatures is presented in Table 1.
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Table 1: Phenomena during thermal processing in different temperature ranges

Temperature °C | Bond Gaseous compound  Other compounds  Structural changes in
cleaving formation the solid residue
20-200 - Water vapour - Melting at glass
transition point
200-500 C-0 Carbon dioxide, | Phenols, Char formation
non-condensable benzenediols

gases, and volatile

organic compounds

500-900 Cc-C Carbon  monoxide, | Phenols, Amorphous carbon
carbon dioxide and | benzenediols formation
hydrocarbons
900-1400 c=C - - Graphitic structure
formation

Carbonization preferring char formation is conducted in inert atmosphere, in a wide range
of temperatures, and over an extended period. Inert atmosphere is used to keep reactions
stable and atmospheric conditions under control. Equipment used for thermal processing are
for example fluidized bed reactors for fast pyrolysis, and rotary or stationary furnaces for
slow pyrolysis. Rotation or other form of mixing is sometimes applied to ensure even
distribution of heat throughout the material. In some cases, lignin is pre-treated before
carbonization to improve processability. For example, Chatterjee and Saito (2015) mention
in their article that for carbon fibre production lignin is sometimes treated under vacuum
conditions for the removal of volatile compounds before spinning, then it undergoes a
thermal stabilization process and only then enters the carbonization phase. These pre-
treatments improve lignin’s thermal stability and processability in following process phases.
Retention times in different temperature zones depend on the application and desired product
but in production scale they are usually in the range of hours rather than minutes that are

commonly used in fast pyrolysis.
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2.3 Analysis of carbon content in biochar

Benchtop equipment like organic elemental analysis and thermogravimetric methods are
commonly used for the determination of carbon content in biochar. Singh et. al (2017)
describe in their book “Biochar: A Guide to Analytical Methods” that carbon content can be
estimated for example with thermal decomposition or thermogravimetric analysis that is
based on the change in mass during thermal treatment. These can be used to determine the
loss of volatile materials. Proximate thermal decomposition methods are not automated
processes but rely on precise methodology and are therefore prone to human errors.
Thermogravimetric analyses are automatized but due to sample sizes being in the milligram
range they might have issues in representability. To accurately determine the elemental
composition of biochar, these methods should be combined with methods like mass

spectrometry.

Figure 4 illustrates the working principle of an organic elemental analyser measuring
nitrogen, carbon, and optionally also water. The schematic is based on description by Singh
et. al (2017).

Sample insertion

(Water trap)

1800°C Reference

0y injection gas

Mass
spectrometer

Copper
reduction

Chromium oxide reactor

Cobalt oxide

Figure 4: A schematic of organic elemental analyser
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Singh et. al (2017) describe elemental (carbon-hydrogen-nitrogen-sulphur) analysis as
thermal treatment of an exact quantity of material in a high temperature furnace, through
which a high purity inert gas like argon or helium is flowing in temperatures of
approximately 1000°C. When the sample is in place, usually in a small capsule, the gas
stream is injected with oxygen to promote a flash combustion in up to 1800°C. The resulting
gases are then led into a series of oxidation and reduction columns to transform the gases
into carbon dioxide, sulphur dioxide, water, and nitrogen. Halogens are subsequently
removed by oxidation columns. Water can also be removed if the quantification is not
necessary. In the last step the gas mixture is separated, and their amounts quantified
chromatographically, most commonly by their thermal conductivity. For carbon the analysis
is fairly fast, a few minutes, since carbon dioxide is the second element to exit the

chromatographic column after nitrogen.

As mentioned before, the downside of this analysis method is the sample size that might not
accurately represent the actual material. The method also requires expensive inert gases and
like any equipment it is prone to malfunctions. With biochar Singh et. al (2017) mention that
the high aromaticity makes the biochar harder to combust, and it can interfere the
chromatographic separation, giving unreliable results. The presence of inorganic carbon in
the form of carbonate can also affect the results. The most time-consuming part of analysing
biochar with elemental analyser is sample preparation. In addition to adequately downsizing
the original sample that is usually in the kilogram scale, the samples also need to be dried,
homogenized, and milled to fine powder. The samples must be stored in desiccators to

prevent further moisture intake after drying.

No established method for the estimation of carbonization degree or carbon content on-line
exists at present. Some applications have been studied for the determination of carbon
content in soil and other environmental applications. Organic elemental analysers or
proximation methods cannot be modified to suit continuous measurement. One option for
on-line measurement could be nuclear magnetic resonance (NMR). As Singh et. al (2017)
present, NMR has been successfully used for the characterization of biochar. NMR working
principle is based on the difference in the resonance fields of atoms. It can detect the nuclear
magnetic radiation of $3C that is the detectable carbon isotope, comprising approximately
1% of carbon atoms. The limitations of applying NMR to on-line measurements are time

needed to reliably measure carbon content, as hundreds of measurements are required, and



19

the need for strong magnetic fields to apply the equipment in process environment. Due to
recent developments in magnet technology, on-line NMR equipment has been successfully
tested for example for fluorine by Fraunhofer Institute for Microengineering and

Microsystems (2018). It could have potential applications in biochar analysis in the future.

Laser-induced breakdown spectroscopy (LIBS) is another option for on-line measurement,
and it has been studied by Liu, R., Chen, Wang, Rong, Yan, Liu, J. and Deguchi, (2021) for
the determination of carbon content in fly ash and by Xu, Li, Wang, Ding, Qiu, He, Y, Lu,
He, F., Zou, and Liu (2020), for semi-coke. LIBS is an atomic emission spectroscopy
method. Miziolek, Palleschi, and Schechter describe that LIBS uses a laser to produce a
plasma beam to excite atoms in a material and then analyse the spectra produced by it. It can
determine the concentrations of individual atoms in a non-destructive and non-invasive way.
It is applicable to all kinds of sample matrixes and only requires an optical access to the
product stream. The limitations of the method are that for accuracy the sample needs to be
homogeneous. In case of lignin-based biochar this could become an issue, as it is commonly
characterised as highly heterogeneous. LIBS is still an emerging technology, and its
applications for on-line measurement for the determination of carbon content in biochar have

not been studied.

Spectrophotometry has been applied for on-line colour measurements with adequate
accuracy for a long time, as described by Coventry (1992). Coating, printing, and plastic
industries use spectrophotometers in their production lines for quality control, as described
by Stephens (2007). Using colour measurement for the determination of carbonization

degree is discussed further in chapter 3.

2.4 Applications of lignin-based biochar

Bio-based carbons can be used for multiple applications, and they are versatile and easy to
modify. Chatterjee and Saito (2015) mention lignin derived carbons as viable precursors for

graphitic materials, and list applications currently in use or in development:
e Carbon fibres for technical materials
e Electrodes for battery applications

e Activated carbon for purification and soil remediation
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e Lignin films for coatings and composites

Carbon fibres are currently manufactured from petroleum-based raw materials, and the
demand for a cheaper, available, and sustainable raw material is rising. Carbon fibres are
used in material applications in multiple industries including energy, vehicle, aerospace, and
construction. According to Chatterjee and Saito (2015), lignin could be used as precursor for
carbon fibres. The desirable properties of carbon fibre are good tensile strength,
thermostability, lightness and excellent durability. These are achieved mainly due to the
graphitic, layered structures in the fibres. Lignin carbon fibres show somewhat lower
performance than traditional carbon fibres, and high-purity lignin is required to produce
carbon fibres with adequate properties.

Electronics use carbon materials in energy storage devices. Anodes form a part of these
devices, and they are commonly made from graphite, hard carbon, or carbon composites due
to their ability to reversibly retain lithium ions and release them in a controlled manner as
energy discharge. As Chatterjee and Saito (2015) mention, bio-based carbons are a potential
alternative for the unsustainable, non-renewable raw materials in applications that are
currently in extremely high demand. Lignin-based carbon forms amorphous structures that
could also potentially be used in sodium-ion batteries.

Activated carbons are used in for example filtering applications and soil remediation due to
their impurity absorbing properties. As Chatterjee and Saito (2015) describe, activated
carbons have high surface area and significant porosity, and lignin-derived activated carbons
have shown great potential in these applications due to their large surface areas and high
pore volumes. Activated carbons can be in granulate or powdered form, with granulated
carbon providing more stability for continuous processes and powdered carbon having
greater efficiency but requiring more regular reactivation. Activation can be done either after
carbonization via physical methods like steam or carbon dioxide, or it can be done by
impregnating lignin with chemicals before carbonization. Physical activation leads to
smaller pore volumes with uniform pore sizes, and chemical activation leads to high pore

volumes but with more variety in pore sizes.

Lignin can be used as precursor for lignin-derived carbon films that are another application
for graphitic carbon. Chatterjee and Saito (2015) present these films as potential candidates

for applications in coatings and composite materials. These nano- to micrometre thin carbon
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films form a defect-free layer of carbon as vaporized lignin-derived carbon condenses on a
surface under vacuum conditions in a process call physical vapour deposition. Lignin films
could also be used in sensing devices detecting different compounds due to their

electrochemical properties.

There is great potential for lignin-derived carbon materials in the field of biomedicine and
pharma, more specifically in carbon nanofiber development. Wijaya, Ismadji, and Gunawan
(2021) mention in their article that the greatest advantages of lignin-based carbon materials
for pharma use are that they are biocompatible and non-toxic to humans. Lignin
nanoparticles have already been used successfully in the delivery of drugs for medical

purposes.
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3 Colour and colour analysis

This chapter describes the theory of measuring colour and how the colour of organic
compounds is depending on the chemical composition. The colour of lignin and carbonized
lignin is also described. The colour space L*a*b* is introduced, as well as the working

principles of different equipment measuring colour in the visible spectrum.

3.1 Colour of organic compounds

Christie explains the concept of colour in his book “Colour Chemistry” (2015) as requiring
three things: light, an object to reflect that light and an observer. This observer can be the
human eye or an instrument measuring the wavelengths of light reflecting from the object.
Instrumentally, colour can be measured in three properties: hue, lightness, and chroma, that
is also commonly known as saturation. Hue describes the shade or tone of a colour, such as
red, green, or blue. Lightness is the measurement of how much light is absorbed by the
object, meaning that the greater the lightness the more light is reflected from the object. Pure
black and pure white are at the opposite sides of the lightness scale. Chroma, or saturation,
is a little more obscure term, but generally it can be described as “richness” or “dullness” of

the colour.

Colour of different substances can be caused by a number of different mechanisms.
According to Christie (2015), the colour of organic compounds originates from the
composition of molecular orbitals and the transfer of charges in the electron fields of these
compounds. In 1876 there was a theory presented by O.N. Witt that chemical substances
have colour-bearing units called chromophores and auxochromes. These units form
conjugated structures that are subjectable to reducing and oxidizing reactions, reflecting
different spectra as they react. Witt’s theory has since been revised with more sophisticated
theories of colour and constitution that Christie (2015) describes as the valence-bond
approach and the molecular orbital approach. In the valence-bond approach the connection
between molecular structure and the substance’s colour is explained by the different states

of electrons in a compound. It is particularly suitable theory for aromatic structures due to
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the assumption that the most stable electronic state is that of the Kekulé-structures?, and the
changes in the absorbed wavelengths of different compounds are caused by resonance forms
where electrons are exited as side groups are added to the benzene rings. Therefore, a
compound consisting mainly of stable aromatic structures would absorb lots of light,

presenting low values in lightness, hue, and chroma alike.

Rather more complex theory of molecular orbital approach is based on the quantum model
of the atom where electrons occupy an orbital surrounding the atomic nucleus, and the
changes in colour, or more specifically, absorbed wavelength, is caused by electrons
transitioning between overlapping orbitals. Colours commonly result from the transition of
unpaired electrons, usually the outermost ones that are the most eager ones to react. They
are the valence electrons, the ones that participate in chemical bonds. According to quantum
theory, as explained by Chaudhury (2014), light is made of photons. These particles are
essentially energy that can be absorbed by an object or material if it has a suitable slot for
the photon to enter. If the energy of photons is not absorbed, then it is bounced off the object
as electromagnetic radiation. In case of colour, this radiation is light. It travels in the form
of waves, and colour is caused by different wavelengths of radiation that is either absorbed
or reflected. In figure 5 the different colours of the different wavelengths are illustrated
according to National Aeronautics and Space Administration’s (2010) Tour of the

Electromagnetic Spectrum (2010).

700 nm 600 nm 500 nm 400 nm

Figure 5: The visible spectrum wavelengths

As Chaudhury (2014) explains, object’s ability to absorb light is mainly responsible for its

colour. The law of energy conservation states that energy cannot disappear, only change

1 Named after August Kekulé, who was the first to suggest the ring structure of benzene in 1865
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form, so absorbing the energy of photons means that the absorbed energy of photons is
converted to for example heat. As photons enter an object its electrons are excited to a higher
energy level. If the energy is absorbed, the electrons will return to their original state, and
the energy will be dispersed as heat. This slot for photons is also known as the absorption
band, and the energy levels correspond to the wavelengths of visible light absorbed by the

material.

3.1.1 Colour of lignin

The colour of lignin has previously been studied quite extensively in terms of how to make
it lighter for applications that require very light colour or even transparency. Extracted,
washed, and dried technical lignin appears brown due to colour-bearing units, or complex
side chain structures, that are present in the raw material matrix. These colour-bearing units
correspond to chromophores described in chapter 3.1. Zhang, Fu, and Chen (2020) studied
the degradation of colour with acid precipitation, and they noticed that the original nearly
black colour is lightened during acid treatment. In the patented method for lignin drying,
LignoBoost ® by Valmet, lignin is treated with acid in the second process step. This results
in lignin that has light brown colour, as can be seen in figure 6.

Figure 6: Kraft lignin dried with LignoBoost®-method

According to Zhang and Naebe (2021) the main contributors to raw lignin colour are syringyl

and guaiacyl units that form the aromatic component of sinapyl alcohol and coniferyl
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alcohol, respectively. They absorb blue and purple wavelengths, reflecting yellow/brown
and red/purple, visible to the human eye as different shades of brown. Lignin chromophores
have not been completely characterized, but Azadfallah, Mirshokraei, and Latibari (2008)
list catechol, ketones, stilbenes, aldehydes and other phenolics as the main ones.

During thermal treatment the solid residue will turn black as lignin decomposes to carbon,
losing the colour-bearing groups as their chemical bonds are cleaved. The black colour of
carbon residue is the result of highly aromatic structure absorbing nearly all visible

wavelengths. Carbonized lignin colour can be seen in figure 7.

Figure 7: Carbonized lignin

In theory, there should be hardly any other colour than black remaining if lignin is adequately
carbonized. Small remnants of brown colour from the remaining chromophores can remain
in the carbonized lignin matrix, but they would be nearly impossible for the human eye to

distinguish.
3.2 Colour spaces
The quantification of colour requires that there exists a scale that includes all the colours that

the human eye can distinguish. Chaudhury (2014) explains that for this purpose in 1931 the

Commission internationale de I'éclairage (CIE) devised the tristimulus values that quantify
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the intensity of red, green, and blue in any given tone observable by human eye. The resulting
colour space is known as the XYZ colour space. The scale is 3-dimentional due to human
eye having three different colour receptors, each sensitive to certain wavelengths, red, green,
or blue. They all decode reflected wavelengths to the brain simultaneously to create the
colour we perceive. These three stimuli are further affected by the light source and its
distribution of spectral energy, E(A) and reflectance, R(A). The quantification of colour
values with colour spaces is fundamental to colorimetric applications, as they measure the

wavelengths radiated by the object and translate it to corresponding colour space values.

The L*a*b* colour space was defined by CIE to provide a more uniform colour space for
the measurement of colour differences. In L*a*b* colour space a change in the numerical
value in an axis is corresponding to a colour change that can be detected by the human eye.
It is also known as CIELAB, and it is a derivation of the XYZ colour space, describing the
properties lightness, which is the L* value on the central axis, and hue and chroma. The

CIELAB colour space is illustrated in figure 8.

L*=100

Chroma

L*=0

Figure 8: The CIELAB colour space
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Chromaticity is described by Chaudhury (2014) as the quality of colour, disregarding the
lightness value. It is defined by hue and chroma only. It describes if the colour measured or
observed has any tone or shade. If chromaticity is used for determination of presence of
shade or tone in an achromatic sample, a simple addition of the absolute values of a* and b*

can be used:
Chromaticity (abs) = |a*| + |b*|

1)

Where a* is the CIELAB colour space value in the red-green axis and b* is the CIELAB

colour space value in the blue-yellow axis.

Black colour is generated when all wavelengths of visible light are absorbed by the material,
and nothing is reflected to be perceived. Black and white are referred to as achromatic
(presenting no chroma) because they lack the selective absorption of light that causes
colours. In the CIELAB colour space pure black is where the L* value is 0. White colour is
perceived when all visible spectrum is reflected from the object, and in the CIELAB colour
space it has the L* value of 100. Achromatic greys are the values between pure black and

pure white. All the achromatic colours have both a* and b* -values at 0.

Colour difference can be defined in CIELAB colour space with a numerical value AE. This
value represents the size of the colour difference but does not tell for example if the
difference originates from a difference in hue or in chroma. Equation for the calculation of

colour difference with CIELAB coordinates is as follows:

AE:, = \/(AL")? + (Aa*)? + (Ab*)?
(2)

Where AE*y is the difference of the measured sample compared to a reference sample, AL*
is the difference of the measured sample compared to a reference sample in CIELAB colour
space value of lightness, Aa* is the difference of the measured sample compared to a
reference sample in the CIELAB colour space value of a* and Ab* is the difference of the

measured sample compared to a reference sample in the CIELAB colour space value of b*.
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The colour difference calculation can be used in determination of small colour differences

for example for quality control purposes.

3.3 Colour analysis

Colour measurement is used in the chemical and manufacturing industry for multiple
purposes. For example, to assess the effectiveness of purification in sugar solutions, measure
the amount of fat in milk and control the repeatability of dye colours. Chaudhury (2014)
defines three types of colour measurement instruments: spectrophotometers,
spectroradiometers and colorimeters. Colorimeters and spectrophotometers measure colour
in the visible light wavelengths between 400 and 700 nm by transmission or reflectance.

There are differences in how these two types of instruments convey the data.

Chaudhury (2014) describes colorimeters as devices that measure how objects or materials
absorb light. The intensity of light radiation that the object transmits or reflects is measured.
The instrument contains a photocell that detects how much light is passes through a solution.
The photocell then produces a currency that is translated to corresponding transmittance or
absorbance values. Particularly useful the measurement of change in the intensity of light
radiation is when measuring solutions with different concentrations of particles. Colour can
correlate to concentration because the properties of the solution affect its transmittance and
absorbance of electromagnetic radiation. Colorimeters will compare the obtained colour
values to a translucent standard, a pure sample of the same solvent to provide comparative

data. Colorimeters are equipped with filters for different wavelengths.

Spectrophotometers measure how chemical compounds interact with electromagnetic
radiation in specific wavelengths, or more specifically, how much electromagnetic radiation
the compound absorbs. Chaudhury (2014) describes that they collect the signal data and
present it as spectrums that portray how much radiation the compound has absorbed. The
spectrometer part of the instrument works as the light source that produces different
wavelengths, and a photometer records the intensity of this light. Spectrophotometers
measure compounds in each selected wavelength in a narrow range, whereas colorimeters
are fixed to wider wavelength ranges corresponding to the sensitivity of the human eye.
Spectrophotometers are much more sensitive and precise than colorimeters in terms of

providing specific colour data. They also incorporate the more accurate, CIE recommended
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supplementary observer angle of 10°, meaning there is a broader field of view than in the
standard 2° observer angle. Figure 9 shows the spectrophotometric spectrum of raw lignin
powder, extracted from kraft lignin with LignoBoost® technology (Valmet, 2023).

Figure 9: Visible wavelength spectrum of raw lignin powder, obtained from SpectraMagic NX

Optical equipment manufacturer Konica-Minolta explains in their online education material
“Precise Color Communication, Part III: Color and Gloss” that spectrophotometers also
account for the shine of the materials. There are two types of reflectance, diffuse and
specular. Shiny materials have lots of specular reflectance, so the appearance the material
can be different to the observer, like in a glossy photograph. To measure only the actual
colour of the specimen, spectrophotometers can exclude this specular reflectance.
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Spectroradiometers are used to measure colour in objects that are also light sources, such as
screens and light bulbs. Unlike spectrophotometers that have their light sources built in and
covered, spectroradiometers can take in light from external sources. Chaudhury (2014)
describes their working principle as measuring light source’s radiometric quantities in

relation to wavelength. It can be used to measure luminance and radiance.
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4 Design of experiments

Design of experiments is a term for statistical method of choosing experiment parameters,
called factors and levels, that yield adequate data suitable for statistical analysis and building
of regression models. It is based on knowledge and theory about the topic of the experiment,
on which is based the chosen factors and levels. As Montgomery (2013) explains, the aim is
to design the experiment simple enough to give results that differ enough to make statistical
analysis. Experiment design can be simple comparison tests of a factor that either is present
or is not. This will give an indication if changing one factor effects on the results. Based on
the results obtained from the experiment, statistical analysis can be done on the outcome to
further investigate if the seen effects are statistically significant. In chemical engineering
where the phenomena that are studied are complex and involve multiple variables that are
affected by the chosen conditions, factorial design approach is often more useful than
comparison tests. Montgomery (2013) describes that in factorial design, or 2X design of
experiments, the number symbolises the levels and k is the number of factors. Most simple
factorial design is 22 where two limit levels, low and high, are chosen for two factors. These
levels are generally marked as -1 for low and +1 for high. Experiments are then conducted
in these combinations of parameters and used in the analysis of variance in the results. The
drawback of this simple design is the lack of quadratic component that is often present in
processes. This can be considered by adding tests in between and outside the chosen values.
Most simple method is to add axial points around a mid-point. The designs for 22 factorial

design and central composite design are illustrated in figure 10.
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Figure 10: 22 factorial design (left) and central composite design (right)
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For individual factors some basic statistical analysis can be performed. It is useful, for
example, to know the mean (p) of the population or a sample, and the standard deviation (o)
and variance (¢%) in the observations. Expanded error in the observations can be determined

from standard deviation of mean.

Mean is calculated by adding the sum of all observations and dividing by number of

observations:

n
_ZjgX

=
2
I

©)
Where U is the mean of observations, £, x is the sum of observation values and n is the
number of observations. Variance of mean describes how far the observations are from the
mean in the population. It is calculated by finding the differences between individual
observations and the mean:

g2 = 2:Z‘L=1(xi - Hx)z
n

(4)

Where ¢ is the variance, x' is the value of an individual observation and pi is the mean of
observations. All these squared values are summed and divided by number of observations.

Taking a square root of o2 gives a standard deviation of mean (o):

o=
®)

from which the expanded error (U) can be calculated multiplying the standard deviation (o)

of means by a coverage factor:

(6)

Where k is the coverage factor, commonly 2 for confidence level of 95% and 3 for

confidence level of 99%.
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Montgomery (2013) explains that with multiple factors involved the response, or outcome,
can be dependent on independent variables or regressor variables that are dependent on each
other. These dependencies are analyzed with regression models, where the data from the
experiment is used to create a model on which the data is fitted. The model describes the
dependencies and relationships between factors. Polynomial functions of low order are
commonly used to approximate the unknown responses. Analysis of variances (ANOVA) is
used to evaluate if regression models describe the data with adequate accuracy and which
factors and cofactors have statistical significance. ANOVA assesses the differences in means
of observations between groups of independent variables to determine what sort of effect
they have on the response of the model. F-test is a tool that is used in ANOVA to evaluate
the significance of a regression model by comparing it to a model without predictors and

concluding if the model provides a better fit for the observations.

For the evaluation of uncertainty, Tague (2005) presents the fishbone diagram. It is a method
where the causes for effects can be sorted into categories. It is also used in root cause analysis
of deviations, and it can be used for evaluating the sources of uncertainty in experiments as
well. The method consists of drawing a diagram with lines connecting to the issue or process
that is to be evaluated. The uncertainties are divided on the line by categories and then further
divided to more specific sources of uncertainty. The categories can be experiment-specific

or in general categories, as pictured in the example in figure 11.

Measurement Materials Methods
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Figure 11: Example of a fishbone diagram (Copyright: TAGUE, N.R., 2005. The quality toolbox. 2 edn. Milwaukee,
Wisconsin: ASQ Quality Press)
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Tague (2005) explains that using the fishbone diagram promotes thorough and methodical
evaluation of the issue in question. In-depth understanding can be achieved if this tool is
implemented properly. Evaluating the sources of uncertainty before conducting an
experiment can help in minimizing their effect on the outcome by using planned means of
control. These means can be for example different kind of standardizations, automated
processes, operating instructions, material storage planning, environment monitoring, and

additional control points during the experiment.
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5 Experimental part

This chapter describes the experimental design and materials used in the experiment. The
setup, sampling methods, software and equipment used in the test runs and measurements
are described. Sources of uncertainty are evaluated and the tests to control the uncertainties

are described in detail.

5.1 Experimental design

The experiment aimed to prove that there is correlation between the colour values and
carbonization degree of lignin. A flowchart visualizing how the experiment was planned and

conducted is presented in figure 12.

DESIGN OF EVALUATION OF TEST RUNS AND ANALYSIS OF THE
EXPERIMENTS UNCERTAINTIES SAMPLING SAMPLES

Choosing factors . Fishbone diagram *  Operating the kiln *  Colour measurements
Choosing levels *  Control methods *  Sampling *+ OeA
Sample preparation

Figure 12: Flowchart of the experiment

Two factors were recognized to have an effect on the carbonization degree: temperature and
retention time (RT). To obtain an adequate amount of data with enough measurable variety
for reliable statistical analysis multiple temperature levels and retention times were chosen
for the experiment instead of conducting the test runs only at the low and high ends of the
possible carbonization temperatures and retention times. By including multiple levels, the
assumed nonlinearity of the results could also be considered. Another justification for
multiple levels in the two factors were the different chemical and physical phenomena that
occur during thermal treatment in different temperatures. To promote char formation, the
temperature levels, retention times, and heating rates were chosen based on findings in

literature and equipment operating recommendations. The theory of lignin carbonization and
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the basis for the chosen temperature levels is described in chapter 2.2. The principles of
experiment design are presented in chapter 4. The two factors temperature and retention time
were further divided to five different temperature levels and three different retention times.
Altogether twenty-one test runs were planned, including repeatability tests in the low, high,
and middle range temperature-retention time combinations using a modified central
composite design. The order of experiments was randomised with an online randomiser. See

table 2 for the experiment limit factors.

Table 2: Experiment upper and lower limit factors

Factor Name Unit Low High
A Temperature °C 300 700
B Retention time minute 30 120

All the chosen test levels and randomized order of execution are listed in table 3, including

the repeatability runs, of which three were conducted last.

Table 3: Experiment design and chosen temperature and retention times

Test | Level Level | Temperature (°C) Retention time (min) Repeatability Order

1 -2 -1 300 30 X 2,13,25
2 -2 0 300 60 15

3 -2 1 300 120 5

4 -1 -1 400 30 4

5 -1 0 400 60 12

6 -1 1 400 120 16

7 0 -1 500 30 5

8 0 0 500 60 X 6, 18, 26
9 0 1 500 120 1

10 1 -1 600 30 9

11 1 0 600 60 14

12 1 1 600 120 7

13 2 -1 700 30 10

14 2 0 700 60 11

15 2 1 700 120 X 8,17, 24
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Carbon content of the samples in the region of interest was analysed with organic elemental
analyser to evaluate if the measured colour values or calculated chromaticity correlate with
carbon content of the samples. For the analysis of carbon content with OEA the experiment
was designed as 2% experiment with mid-point included for possible nonlinearity. In Table 4
is the factorial table of experiments for OEA.

Table 4: 2-factor experiment design for the analysis of carbon content

Test Temperature level | Time level
1 -1 -1

2 -1 1

3 1 -1

4 1 1

5 0 0

Three replicates for each sample were measured first from the corner points in randomized
order, and then from the middle point to check for nonlinearity. OEA principle is described
in chapter 2.3.

5.2 Test runs

The tests runs were performed in the randomized order. Table 5 shows the five runs that
were added after the first tests due to observations mentioned in evaluation and control of

sources of uncertainty in chapter 5.5.

Table 5: Additional test runs and operating parameters

Test nro. Temperature (°C) Retention time (min) Order
19 300 30 21
20 300 120 19
21 550 30 20
22 550 60 23
23 550 120 22
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A temperature level of 550°C was added for the determination of the turning point in the

colour measurements’ behaviour, and 300°C runs were repeated because of sample aging.

The tests were conducted in nitrogen atmosphere with a laboratory scale batch rotary furnace
with loading of 500 grams (g) per batch. Heating rate for all test runs was 5°C/minute (min).
The furnace was cooled naturally down to 300°C after the desired retention time, and with
active air cooling on the outer envelope of the furnace from 300°C down to less than 80°C,
after which the material was unloaded. The material used in the experiment as feed material
was mechanically and thermally pre-treated kraft lignin, all from the same source and pre-
treatment batch. The feed material was thoroughly mixed before dividing into feed loads and
stored in a closed container between the test runs. The thermally treated materials were
collected into antistatic plastic bags after cooling the furnace to a safe temperature. The
collected material was thoroughly mixed and divided equally by weight into three sample
containers that were closed with a lid and placed inside antistatic, sealable plastic bags before
sample preparation and analysis. The furnace was cleaned after each batch. Due to
equipment and commodity availability the test runs were conducted over four months period.
All the test runs were programmed and loaded in a similar manner to minimize operator
related uncertainties. The process was automatically monitored by the furnace control

system.

5.3 Sample preparation

Each sample container was shaken to mix the material before taking a subsample for
analysis. 10.0 grams of sample was weighted with analytical scales and ground with a small
hand-operated, rotary grinding mill at finest setting. The analytical scales were controlled
weekly to validate accurate calibration between 0.1 grams and 200 grams. After grinding the
entire subsample was scooped to a petri dish and pressed lightly with a spoon to create an
even layer of powder to fill the petri dish. Then the petri dish was covered with a watch glass

and the sample was measured with the spectrophotometer three times.

Particle size distribution was measured from each sample after analysing the colour.
Approximately 0.2 grams of powder was measured to a test tube with deionized water, and
two drops of dispersant were added. The PSD of the sample was measured with laser

diffraction. Sample of untreated lignin was prepared similarly to the carbonized samples and
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measured as reference. The remaining thermally treated materials were stored in sealed

plastic containers in case more subsamples were required.

For OEA analysis new subsamples were taken from the original samples. The samples were
blended again, and the subsamples were combined from the three samples 1:1:1. The
subsamples were thoroughly blended before measuring one millilitre of sample for OEA
preparation. These samples were dried in 105°C for 60 minutes to remove any remaining
moisture. 1.5-2-milligram samples were then prepared with ~5 mg of vanadium pentoxide
to convert inorganic sulphur into sulphur dioxide for detectability. The analysis was
performed according to the equipment method, and calibration with known standards was
done according to equipment instructions before analysing the samples. The samples and
reagent were measured into tin cups and three parallel samples from each subsample were
analysed for carbon content. Average carbon content was calculated by the equipment

software.

5.4 Equipment and software

For milling a handheld rotary grinder with ceramic blades was used. The finesse of the
grinding was adjusted by the height of the blades. For the experiment the height of the blades
was adjusted as high as possible to provide the finest possible particles with as little operating
variability as possible. The spectrophotometer, Konica-Minolta CM-5, was set with standard
illuminant D65 (daylight) and 10° supplementary observer angle. Specular reflectance was
excluded to measure the actual perceived colour. The equipment was calibrated once a day
according to equipment supplier’s instructions. For zero calibration a black standard
chamber was used, and for white calibration a device-specific user calibration standard disk
was used. PSD was measured in dispersant with laser diffraction. Mie scattering method
with ten replicate measurements was used. Organic elemental analysis was used for the
validation of the results. The equipment used was a combustion elemental analyser for
carbon, hydrogen, nitrogen, and sulphur, equipped with thermal conductivity detector for the

quantification of elements.

SpectraMagic NX-software provided by the equipment supplier Konica-Minolta was used
to log L*, a* and b* values which were then copied to Excel for sorting and basic

calculations. The data was statistically analysed and visualized with Minitab.
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5.5 Evaluation of sources of uncertainty

Figure 13 shows the fishbone diagram with descriptions of the sources of uncertainty that
were recognized for the experiment.
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Figure 13: Fishbone diagram of experiment uncertainties

The sources of uncertainty were further evaluated in terms of equipment-related and design-

related uncertainty. Design-related uncertainties are as follows:

e Time that elapses between test runs and analysis can have unknown effects on the
materials

e Environment can affect the materials unpredictably
e The temperature of the material cannot be measured reliably in the furnace

e More test levels might be required for accurate statistical analysis

Equipment-related uncertainties can be summarized as follows:
e Sample preparation can affect measurement accuracy

e Processing conditions can vary
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Equipment-related uncertainties were estimated to have the most effect on the reliability of
the experiment, and they should be controlled carefully. The first source of uncertainty
related to equipment that was to be controlled came from the spectrophotometer. According
to optical equipment manufacturer Konica-Minolta (2019), measurements of powders with
spectrophotometers can vary depending on the density of the material measured. No
radiation should go through the sample to provide accurate measurements. A fixed amount
of powder with consistent particle size distribution (PSD) is preferred for reliable results. As
the materials were ground with a hand-operated mill, the variation in PSD could be
significant. Second source of equipment-related uncertainty was the furnace. The stability
of the temperatures and retention times can vary in case of malfunctions, and processing
atmosphere needs to be controlled to avoid loss of inert conditions or uncontrollable pressure
increase. In operator related uncertainties there is sample extraction error and
representability uncertainties regarding OEA. The sample amounts used represent only a
small fraction of the whole sample, as it is analysed in milligram range. These quantities are
so small, that they may not represent the entire batch accurately. Also, the high aromatic
carbon content can lead to incomplete combustion and poor detection, an issue recognized
by Singh et al (2017). Other more minor sources of uncertainty were identified as operator
and environment -related uncertainties, such as variation of results between analysts, human

errors, and room temperature or moisture.

5.5.1 Controlling the sources of uncertainty

For the control of design-related uncertainties the storing of samples and feed material was
first considered to minimize environment related uncertainties. Feed material was stored in
a closed container, and all thermally treated batches were stored in sealed plastic containers
that were placed in sealed plastic bags. A stability test was initiated right after the first
measurements. One sample was taken from a batch treated in 500°C for 120 minutes and
one sample was taken from the batch treated in 300°C for 30 minutes. Both samples were
ground with a hand-operated mill. The samples were placed in a cabinet in their sample
dishes, covered with watch glasses but not completely sealed from atmosphere. The colour
values were measured at altering times 2-3 times per week for five weeks for the sample
treated in 500°C for 120 minutes, and six weeks for the sample treated in 300°C for 30

minutes to confirm if values have levelled.
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Stability test results show that in the sample treated in 500°C chromaticity remained stable,
the measurements varying randomly, as is illustrated in figure 14. The values varied within

approximately £0.1 units.
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Figure 14: Chromaticity of a sample treated in 500°C, measured repeatedly for 5 weeks

There was a gradual increase in the L*-value of the sample, with a total increase of ~0.35
units. The values start to incline after approximately two weeks. The phenomenon is

illustrated in figure 15.
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Figure 15: L* values of a sample treated in 500°C, measured repeatedly for 5 weeks
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Further examination of L*-values in samples treated in 500°C showed that the range in
observations varies £0.54 units, so this observation should be treated with considerations.
Further study on the behaviour is required to determine the significance of the increasing

L*-values in sample aging.

On the contrary to the sample treated in 500°C, exposure to atmosphere significantly affects
the chromaticity of samples carbonized in 300°C. The values decreased steadily over the six-
week period for approximately 1.8 units. After reaching the lowest point the values started
to fluctuate, suggesting ever further that the results are unreliable for samples treated in

300°C after more than 24 hours has passed. The phenomenon is illustrated in figure 16.
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Figure 16: Chromaticity of a sample treated in 300°C, measured for 6 weeks

The L*-value of this sample declined along with a* and b*, showing behaviour opposite to
the L*-value of the sample treated in 500°C. What is noticeable is the same kind of
behaviour as in the 500°C sample that the decline starts to show more clearly after two

weeks. This is illustrated in figure 17.
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Figure 17: L* -values of a sample treated in 300°C, measured repeatedly for 6 weeks

Repeatability tests we conducted for low-end, middle, and high-end test points to ensure that
the furnace conditions remain stable and there is consistency in the results. In the samples
treated in 700°C there was no significant difference between the standard deviation of
chromaticity measured from the samples from different test runs. In 300°C the stability test
sample showed aging as the chromaticity declined over time. Sample that was prepared and
measured 10 weeks after the batch was run showed chromaticity about 3 units lower than a
sample prepared and measured 24 hours after the batch was run. One repeatability run in
300°C was repeated as well as another run in the same temperature to have consistent results
measured less than 24 hours after the run was completed. Samples from other temperature
levels were considered stable enough to represent chromaticity accurately. The results from
the reproducibility tests were analysed for variation within samples and between samples.
The results show that they deviate more as the treatment temperature decreases. The range

of variation in the measurements of the repeatability tests are logged in table 6.

Table 6: Range of values in chromaticity between samples of the repeatability tests

Temperature (°C) | Retention time (min) | Range of values

300 30 1.6
500 60 0.6
700 120 0.2
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The results from the repeatability runs were also used for the evaluation of measurement
uncertainty in the spectrophotometer. This was evaluated by taking three parallel
measurements from each subsample and analysing the data with basic statistics using
equations 3, 4, 5, and 6. The results of these deviations within samples (o) are listed in table
7 with the expanded uncertainty (U) at 95% confidence level.

Table 7: Standard deviations of chromaticity within subsamples of the repeatability tests and expanded uncertainty

Sample number Temperature (°C) o Uatk=2
1 300 0.05 0.09
2 300 0.07 0.14
3 300 0.04 0.07
4 300 0.02 0.05
5 300 0.01 0.02
6 300 0.03 0.06
7 300 0.03 0.05
8 300 0.02 0.04
9 300 0.01 0.02
1 500 0.00 0.00
2 500 0.06 0.12
3 500 0.02 0.03
4 500 0.02 0.03
5 500 0.02 0.03
6 500 0.02 0.05
7 500 0.03 0.07
8 500 0.04 0.08
9 500 0.02 0.04
1 700 0.01 0.02
2 700 0.01 0.02
3 700 0.02 0.05
4 700 0.02 0.03
5 700 0.01 0.03
6 700 0.01 0.02
7 700 0.03 0.06
8 700 0.01 0.02
9 700 0.02 0.03
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From the expanded uncertainty it can be deduced that measurement uncertainty is relatively
consistent within the treatment temperatures, with slightly more uncertainty in the lower

treatment temperatures.

The deviations were further investigated by evaluating the PSD effect. The PSD of the
samples was measured with laser diffraction to incorporate the effect of particle size
differing due to grinding with a hand-operated mill. The mean particle size (D50) was used
to describe the distribution mid-point in micrometres (um). The range of variability in the
PSD mean values was 94.5um. The effect of PSD was studied with the samples treated in
300°C, 500°C, and 700°C repeatability tests.

For the samples treated in 300°C no clear correlation between PSD and chromaticity values
was noted with R? value of ~20% in the plotted graph with regression included. There was
a wide range of variability in both mean chromaticity and D50. The seventh measurement
was a possible outlier, as it deviated from the others in visualization of the results. With that
measurement left out there was a clearer correlation noticed. The R? value with the possible
outlier left out was 63.7%, and range of variability in chromaticity was reduced slightly. The
charts comparing the trends with and without the possible outlier are illustrated in figure 18,

with the possible outlier marked in red on left hand side chart.
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Figure 18: Mean chromaticity versus D50 value of samples treated in 300°C with possible outlier included at the left
graph and removed from the right graph.

Figure 19 shows how the mean chromaticity of the samples treated in 500°C has no visible

trend regarding the varying PSD.
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Figure 19: Mean chromaticity versus D50 value of samples treated in 500°C

In 700°C the effect of PSD was very slight, with R? value of ~10%, as can be seen in figure
20. The range of variability was so small in these samples that they are reliable regardless of
the slight trend.
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Figure 20: Mean chromaticity versus D50 value of samples treated in 700°C
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Although the PSD did not have a statistically significant effect in this test on any temperature
level, in method development it should be considered. For 300°C there is more uncertainty
regarding the PSD of the samples and the range of variability is higher. Standardizing the
grinding method to a consistent D50 would be beneficial for method reliability. Boxplot for
the variability of chromaticity in different temperature levels for the repeatability tests is
pictured in figure 21. From this figure it can be clearly seen that in lower treatment
temperatures there is more variability in the samples. Differing PSD explains a part of this

phenomenon.
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Figure 21: Boxplot of standard deviations in the chromaticity of repeatability tests

Other equipment related sources of uncertainty were controlled by automatic process
monitoring of inert atmosphere and temperature that were equipped in the furnace with alerts
to deviations. Only pressure was to be monitored by the operator and adjusted with a hand
valve if exceeding 0.5 kilopascals (kPa). For OEA the equipment related uncertainties were
related to detection of small quantities of nitrogen and hydrogen. There was some variance
in these values in the last measurements due to the copper reducing reactor being worn out.

For carbon the deviation was very small, well within method limits. The OEA measurements
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could not be completely randomized due to practical and time management related issues.
For OEA samples the original samples were blended and compiled, and then blended again

before analysis to minimize sample extraction error.

After initial review of the first 18 runs another test level at 550°C was added to the test runs.
The reason was the unexpected behaviour of especially the values of L* and b* in
temperatures of 600°C and 700°C. The aim was to pinpoint at which temperature the turning
point was located. One operator error was noticed when copying the results to Excel, as one
sample had only one replicate measurement logged in the spectrophotometer software. Due
to sample aging the sample in question could not be reanalysed. Out of 216 measurements
these two missing measurements represent 0.93%, leaving 99.07% of measurements

accurately logged.
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6 Results

This chapter describes and visualizes the data obtained from analysing the materials from
the test runs with a spectrophotometer. Statistical data analysis is explained, and regression
models are created for different temperature levels and variables. Method development and

result validation are described, and the method reliability is evaluated.

6.1 Data collection and visualization

Data was first collected from the spectrophotometer as values of L*, a*, and b*. The data
was then copied to Excel for basic calculations. Absolute values of a* and b* were summed
to calculate chromaticity using equation 1. Temperature levels, retention times, and PSD
mean values were added, and the data was copied to Minitab for statistical analysis and result
visualization. An outlier test was conducted for the different temperatures and retention
times to see if any value of chromaticity is deviating from the others. No outliers were found
at 5% level of significance. All results were plotted b* versus a* to represent chromaticity
and L*-values were plotted separately, grouped by temperature and RT. The graph

containing all chromaticity measurements can be seen in Figure 22.
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Figure 22: All measurements plotted b* versus a* to represent chromaticity, untreated lignin indicated with an arrow
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The arrow is indicating the measured colour of untreated lignin, listed in the legend with
temperature and RT as 0. From this graph we can see some non-linear trend forming in the

measured colour values.

L*-values of the thermally treated samples are visualized in figure 23 grouped by
temperature and retention time. In 300°C the values vary more consistently between
retention times, suggesting that at low treatment temperatures as retention times increase the
L*-value decreases. For the other temperatures there seems to be an increase in L* as

treatment temperatures increase, and the effect of retention times is not so visible.
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Figure 23: L*values of all thermally treated samples versus temperature, grouped by retention time

In Minitab the data was further divided to worksheets according to temperatures to
statistically analyse the temperature ranges of interest. The reason for the division was the
abrupt change in the L* and b* values in higher temperatures. Results from the stability tests
and data including PDS values were also added for the evaluation of the effect of PSD on
measurement reliability. After division to temperature ranges the results were plotted for
visualization as scatterplots of b* versus a* in temperature levels of 300-500°C, 400-500°C,

550-700°C and 500-700°C. Figure 24 visualizes chromaticity values at temperatures
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between 300-500°C. From this graph it is already clear that the differences in chromaticity

are significantly smaller as the temperatures increase.
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Figure 24: Scatterplot of chromaticity of samples treated in 300-500°C

The smaller differences that were noticed in chromaticity at materials treated in temperatures
between 400-500°C were visualized individually to see if there was any credible difference
in these temperatures. In figure 25 is the scatterplot of the grouped measurements of a* and
b* in temperatures between 400-500°C. A slightly rising trend can be seen as temperature
level decreases, varying within +0.5 units for a* and +0.4 units for b*.
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Figure 25: Scatterplot of chromaticity of samples treated in 400°C and 500°C

The data was further visualized in figure 26 with a contour plot, where the darker colour
represents lower chromaticity. These changes are too small for the human eye to see, but the

accuracy of the spectrophotometer shows these differences in a clearer way.
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Figure 26: Contour plot of chromaticity of samples treated in 400°C and 500°C
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Chromaticity decreases as temperature increases from 400°C to 500°C. For the value of
lightness, the contour plot is presented in figure 27, from which can be seen that in this

narrow temperature range the L*-value is reverse to the values of chromaticity.
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Figure 27: Contour plot of L* of samples treated in 400°C and 500°C

The turning point for the behaviour of b* and L* values was determined to be at 500°C by
conducting additional test runs at 550°C. Below 500°C chromaticity behaves almost linearly,
decreasing as temperatures increase, but it makes a steep turn in the opposite direction after
increasing the temperatures to 550°C, as was already illustrated in figure 21 with all
measured samples. The phenomenon is enhanced as temperatures rise. This is visualized in
figure 28 where dark symbols are results obtained from samples treated in 700°C, blue
symbols are results obtained from samples treated in 600°C, and yellow symbols from
samples treated in 550°C.
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Chromaticity behaviour is the opposite compared to the samples treated in 500°C or less.

The inversion of values is illustrated in figure 29 where the results measured from the

samples treated in 500°C are included.
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Figure 29: Scatterplot of chromaticity of samples treated in 500-700°C
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This phenomenon can also be seen in the contour plot pictured in figure 30 created based on

the samples treated in 550-700°C, where the chromaticity is rising as temperature and

retention time increase.
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Figure 30: Contour plot of chromaticity of samples treated in 550-700°C

From the visualization of the acquired data the results were divided to areas of interest based

on the behaviour of colour values in different temperatures. Statistical analysis was

conducted on the chosen data sets.

6.2 Statistical analysis

Regression models were created for temperature levels 300-500°C and 550-700°C with

chromaticity as response, and for a* and b*-values separately to determine if they

individually describe the results in a coherent way. Some non-linear behaviour was expected

from the visualization of results, so the model was created for four test levels in the higher

temperature range to prove the effect. Testing the regression model with different cofactors

showed that the quadratic term of temperature by temperature improved the fit significantly

on both temperature ranges, increasing the coefficient of correlation from ~85% to over 95%.

The highest single impact in all the models was temperature.
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For the model of chromaticity at temperature levels 300-500°C (Appendix 1. Regression
model 1) the coefficient of correlation was over 99%. Factoring in the PSD did not improve
the model, and it was not statistically significant with a P-value of 0.44 at 5% confidence
level. Four degrees of freedom were used for the regression model, leaving 110 for the
residuals. Of the five unusual observations three had a significantly higher PSD than other

samples.

The second model for chromaticity was created to prove the quadratic component in the
results. For this the temperature range of 500-700°C (Appendix 2. Regression model 2) was
chosen. Factoring in the PSD values gave slightly improved regression model fit and it
normalized the residuals. Adding the PDS also made the P-value of initially insignificant RT
drop from 0.11 to 0.05. The coefficient of correlation for this model was over 95%,

regardless of the already noticed turn in the value’s behaviour.

One more model for chromaticity was created for the highest temperatures that showed
opposite chromaticity behaviour compared to lower temperatures. The range was 550-700°C
(Appendix 3. Regression model 3). Coefficient of correlation was also high for this model
at over 98%. For regression model 3 it was noticeable that the cofactor of temperature and
retention time was insignificant. Adding the PSD as variable did not change this, as it was
also insignificant. It did, however, normalize the residuals, when comparing the residual
versus fits charts. Figure 31 is the residual chart of chromaticity values without PSD as

variable.
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Figure 31: Regression model 3 residuals versus fits without PSD
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Figure 32 shows the residual chart with PSD included in the regression model.
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Figure 32: Regression model 3 residuals versus fits with PSD included

Some trend remains in the residuals, suggesting that there is a factor that remains to be

identified in the high temperature range.

Factoring in only the PSD in the lower temperature range did not affect the distribution of
residuals, but adding interactions for PSD, temperature, and retention time revealed that they
have some impact on the model and the distribution of residuals. Still, PSD on its own and
combined with RT were insignificant, but combined with temperature, and all three factors
combined were significant. In the higher temperature range adding more interactions also
slightly improved the scattering of the residuals, but the added interactions were not
statistically significant. These additional interactions made the models unnecessarily
complicated and did not improve the already very good coefficients of correlation. It did,
however, indicate that PSD needs to be considered in the analysis method where
measurement accuracy needs to be determined and factors that can be controlled should be
controlled. The significance of PSD for method development and repeatability of analysis

results is discussed further in chapter 6.3.

Regression model for a* in 300-500°C temperature range had a coefficient of correlation at
over 99%, and b* over 98%. This was expected as also chromaticity had similar results in
regression model 1. In the higher temperature range b* was descriptive of treatment

temperature and retention time with coefficient of correlation at ~98%, but a* only ~82%
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with RT statistically insignificant. Another model was created for L* because it was seen in
the visualization of the results on chapter 6.1, figure 23 that it seemed to be rising as
temperatures increased. 300°C was left out of the data due to inverse behaviour of the results
compared to the other temperatures. A regression model for lightness at temperatures 400-
700°C (Appendix 4. Regression model 4) was created. Coefficient of correlation for
regression model 4 was over 97%, with PSD and the cofactor of temperature*retention time
insignificant. It suggests that in this temperature range L* value is also descriptive of

treatment temperature, and it should be considered in the method.

6.3 Method validation

After the statistical analysis of the data, it was noticed that the colour of carbonized lignin
corresponds to the temperature the material has been treated in. The model fits the data well
for chromaticity for samples treated in 300-500°C. In higher temperatures b* and L* change
significantly, leading to the deduction that chromaticity could be the most descriptive value
in 300-500°C, and b* in 550-700°C, whereas L* varies more in all temperatures, but follows
consistent trend in temperatures exceeding 400°C. Chromaticity is not directly descriptive
in the higher temperature range, but a* and b* need to be considered as individual values
together with L*.

Carbon content (C%) of the samples treated in two different temperatures and retention times
in the high and low levels f temperature and retention time combinations were measured
using OEA to validate if colour values have any correlation with carbon content of the
material. Mean values of a*, b*, and L* were calculated from the values measured in the
samples of the original test runs for quick visualization of the results. Average C% versus
average a*, b*, and L* with regression lines are visualized in figures 33, 34, and 35,
respectively. In these visualizations values of b* do not seem to have as strong correlation

to carbon content as a* and L*.
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Figure 35: Average carbon content versus average L*

From the regression analysis it became evident that b* does not indicate carbon content as it
was not statistically significant with P-value of 0.52 at 95% confidence level. The regression
model (Appendix 5. Regression model 5) created for the corner points using a* and L* as
variables predicted the mid-point with excellent accuracy at confidence level of 95%. For
the mid-point prediction average values of a* and L* from the mid-point test runs were used,
and the carbon content was analysed with OEA. The prediction and measured value can be

seen in table 8.

Table 8: Model 5 prediction and measured value for mid-point carbon content by variables of a* and L* with standard
error (SE fit)

Predicted C% SE Fit 95% confidence interval 95% prediction interval Measured value (C%b)

87.25 0.19 (86.87; 87.62) (85.48; 87.62) 87.39

In figure 36 the measured average carbon content is plotted with the average carbon content
predicted by the model.
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Figure 36: Predicted average C% versus measured average C%.

From this model the equation for the estimation of carbon content was derived. It is in the

form of:
C% == bo + blL* * bza*

(7)

Where C% is the estimated carbon content, b is the constant given by the model based on
the experimental data, b is the coefficient for L* in this experiment, L* is the measured
lightness value of the sample, b is the coefficient for a* in this experiment, and a* is the

measured CIELAB colour space a* value of the sample.

6.4 Assessment of the method reliability

Chromaticity on its own can be ruled out as clear indicator of carbon content, as it increases
again after reaching carbon contents of ~90%. When applying L* and a* values the
correlation to C% was nearly linear. The method can be applied for the estimation of carbon
content of the materials in this experiment when these two variables are used. The method

can also be applied for the estimation of material treatment conditions. In this application
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also b* should be considered, as it shows significance in the models created for chromaticity
and in regression model 4 created for the higher temperatures. As the results in different
temperatures and retention times overlap, the results should be interpreted as a combination

of at least two values.

In this study the repeatability runs enable the creation of control charts for the samples
treated at 500°C for 60 minutes, and samples treated in 700°C for 120 minutes. Example of

such chart can be seen in figure 37.
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Figure 37: Example of an individual value control chart (I-chart) with upper and lower control limits

Control charts for individual values (I-charts) have upper control limits (UCL) and lower
control limits (LCL) at three standard deviations from the mean value. The measured values
should fall within the control limits if the treatment conditions have been achieved. Further
repeatability runs are required for the creation of control charts for other temperature-
retention time combinations, and standardized milling needs to be used for the validation of

the method in temperatures under 400°C.

Measurement uncertainty was already estimated to be more significant in lower temperatures

in chapter 5.5. This includes the more significant variability in the measurements and the
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stronger effect of PSD. The individual value plot with all measurements on all temperature
levels and retention times visualizes this phenomenon in figure 38. This limits the use of this
method in low temperature ranges, but for higher temperatures the method is reliable in the
estimation of material treatment temperature and carbon content even when the PSD of the

samples varies.
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Figure 38: Individual value plot for chromaticity in all thermally treated samples

Lightness was deemed descriptive even though the values had more variance in all
temperature levels and retention times, as it showed a clear trend in the visualization of data
in chapter 6.1. Individual value plot for lightness in figure 39 visualizes how the results vary
in all treatment temperatures more than for a* and b*, that are visualized in figures 40 and

41, respectively.
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Figure 39: Individual value plot of lightness in all thermally treated samples
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Figure 41: Individual value plot of b* in all thermally treated samples

For accurate measurement and repeatable results, the materials that are analysed need to be
ground to a fine powder. Although PSD in whole was deemed statistically insignificant for
the regression models, there were indications of its significance. For example, the
distribution of residuals was more randomized when PSD was included as a variable, and in
unusual observations it was noticed that D50 was deviating from the parallel measurements.
This could mean that when there is enough difference, it can have an impact on the results.
Standardized milling or sieving to a known PSD is preferred, but hand grinding is acceptable
for temperatures exceeding 500°C. In case of an unknown treatment temperature,

standardized milling to D50 of 50um should be used.

L*, a*, and b* values should be measured as average of three measurements, and the results
interpreted with either upper and lower limit values as described in chapter 6.3 or by inserting
the values of L* and a* in regression model 5 equation to estimate carbon content. If the
equation is used for quality or process control purposes, the estimation should be validated
with OEA or other standard method for the determination of carbon content until the method

can be proven accurate in real process conditions, preferably in a controlled study. It should
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also be considered that in the models the residuals show some trend, indicating that there are
some factors to be identified in the results, so the model should mainly be used for

estimations, and for process control purposes where estimations suffice.
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7 Conclusions

It has been proven in previous studies that treating lignin thermally and mechanically
changes its colour. This property can be quantified with spectrophotometric analysis as was
concluded by Ajao et. al (2018). This thesis aimed to demonstrate that carbonization degree
of lignin can be determined with colour analysis. As results from the experiment were
gathered it became evident that treatment temperatures correlate with the measured colour
values in a coherent and predictable way, and this effect was enhanced by retention time.
Based on the visualization of data the colour values’ relationship to treatment temperature
was obvious. Regression analysis gave excellent fit for the data on both lower and higher
temperature ranges, both in chromaticity and in L*, a*, and b* individually for certain
temperature ranges, further confirming that treatment conditions have a measurable effect
on the colour values of carbonized lignin. It was also evident that instead of just studying

chromaticity, all the values in L*a*b* colour space needed to be considered.

The evaluation and control of uncertainties showed that equipment and material related
uncertainties have the most effect on the reliability of the experiment. From the evaluation

fishbone diagram the uncertainties that were realized are enhanced in figure 42.
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Figure 42: Fishbone diagram of the estimated uncertainties, with the realized uncertainties enhanced
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Material aging was observed, more test levels were required, and the sample preparation
with hand-operated grinding mill resulted in variety in the sample PSD. Slow decrease of
chromaticity and lightness of the sample carbonized in 300°C was noticed in the stability
measurements. This suggests that the darkening reactions and decrease in chromaticity are
observed when the prepared sample is exposed to air atmosphere for prolonged periods. With
contact to limitless oxygen the sample continued reacting, apparently leading to lower colour
values. These reactions cannot be connected to carbonization as they occur without heat
treatment. During sample preparation untreated lignin was exposed from within the sample
matrix in grinding. This exposed lignin was then in contact with air, and the darkening and
reduction of chromaticity is most likely the result of oxidation caused by atmospheric
oxygen. Ajao et. al (2018) mention in their research that some leucochromophores such as
catechol and hydroquinone have been identified in lignin. These compounds become colour-
bearing chromophores when oxidized. Formation of more stable side chains that absorb more
light would also support the molecular orbital approach of colour formation described by
Christie (2015). Chromaticity value of the sample carbonized in 500°C remained stable, with
no statistically significant change in chromaticity over time, suggesting that there is very
little, or no lignin left to be oxidized. From the obtained colour values, it can be deduced that
chromaticity is most likely dependent on the amount of untreated lignin, that in temperatures

exceeding 400°C is lower, also showing significantly lower chromaticity values.

In higher temperatures and as carbon content of the samples increase, chromaticity alone is
no longer descriptive, but all the colour values need to be considered. Colour measurement
can be used for the determination of the temperature that the material produced in this
experiment was treated in, and in this experiment, it also indicates the degree of
carbonization when L* and a* are considered. OEA results supported the hypothesis that
carbon content of carbonized lignin can be estimated with colour analysis in the L*a*b*
colour space. In higher treatment temperatures carbon content of the samples did not increase
that much between different retention times. In this experiment the high temperature showed
only 0.5 percentage point increase in the carbon content between 30 minutes and 120 minutes
retention times, when in the lower temperature the difference was 2.3 percentage points. For
carbon content the values of b* were statistically insignificant, but in the higher range of
550-700°C they described the carbonization conditions with good accuracy. The L*-levels

were noticeably different for materials treated in different temperature levels, and it gives an
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indication of changes in the materials. In addition to differing L*-values within temperature
levels, in temperatures exceeding 500°C there was a significant change in the values of b*,
whereas a* remained within the range of the values measured in samples treated in 500°C.
There was also a change in a* as treatment temperature rose to 700°C. Literature suggests
that in this temperature range the carbon that is formed in the preceding step starts to form
amorphic structures, causing the stable molecules to warp and distort. This could lead to
more reflectance and less absorbance in carbonized lignin, causing the effect noticed in this
study. Compared to Ajao et. Al (2018) the samples treated in 600°C for 120 minutes were
closest to the parameters they used in their research. The results in this study are close to
their results, keeping in mind that the retention time in their study was 6 hours. In this study
the longer retention times in 500°C yielded results closer to the reference carbon black, that
according to Pfaff (2017) is usually not entirely amorphous but contains microcrystalline,
graphitic structures. Graphite is a very stable form of carbon, absorbing nearly all visible
wavelengths, further suggesting that the formation of more amorphic structures can be a

factor in spectrophotometric analysis of lignin biochar.

For method reliability the sample preparation needs to be standardized. The effect of PSD to
the spectrophotometer results is most visible in the samples treated below 400°C. This is the
result of these samples containing more untreated lignin within the sample matrix, and that
untreated lignin is being exposed in grinding, reflecting more light. If the method is to be
validated for treatment temperatures below 400°C there also needs to be a more controlled
way of grinding, or a PSD correction coefficient needs to be defined with more extensive
research and larger sample pool in these temperatures and untreated lignin content levels.
For temperatures exceeding 400°C the PSD effect was not so noticeable, but for the accuracy
of the measurement the grinding should be standardized for these samples as well. More
repeatability tests would be required for further measurement accuracy especially in lower

treatment temperatures.

Effect of different lignin extraction methods and washing was not considered in this thesis,
as only one type of lignin was used. The results are not directly applicable to materials
carbonized from other types of lignin, as the required temperatures and retention times to
acquire similar colour values and carbonization degrees may differ. Depending on the
desired end use, the materials used for carbonization may undergo different kind of pre-
treatments that already affect the colour. It is likely that as these pre-treatments affect the
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colour of lignin before carbonization it can also affect the colour measurements, especially
in the lower temperatures where more non-carbonized lignin is present, and the effect of
these pre-treatment steps can be still present. The experiments conducted were sufficient for
the purpose of this thesis, and the key research questions were answered. However, a
repeated experiment in more than three experiment points could be beneficial in further
improvement of the regression models, as the residuals show that there are some factors yet
to be recognized in the models. It would be beneficial for the validation of the method to
repeat the OEA analysis on a new set of samples to confirm the findings in this experiment.
Other methods for the determination of carbon contents should also be considered for
validation purposes to minimize the uncertainty arising from representability of the OEA
samples. The samples in this experiment were treated by milling to fine powder. In on-line
applications the method needs to be validated for untreated sample, unless on-line grinding
is an option. Control limits for on-line applications should be defined case by case, in real

process situations.

There is great potential for further research in this topic. Colour values of materials treated
in temperatures under 400°C should be studied with a standardized milling method to
minimize the effect of this variable. Experiment concentrating on lower temperatures could
give valuable information for the control of processes that precede carbonization. There is
also an interesting topic for research regarding the higher temperature range. As the focus of
this thesis was carbon content, the structural changes’ effect on the colour values would
require expanding the experiment by increasing the processing temperatures up to 900°C to
see if the values keep rising, suggesting more structural changes. Utilization of colorimetric
methods for the determination of carbon structure can bring even more value to industries
developing carbon products, as the analysis of carbon structures presently requires

specialized techniques of spectroscopy.

The most significant discovery in this thesis was the correlation of carbon content to
measured colour values. This means that spectrophotometry could be used to quickly
estimate the carbon content in carbonized lignin with adequate accuracy for process and
quality control purposes. However, the regression model used for creation of the carbon
content estimation equation showed high variance inflation factor. It means that even though

the model can give accurate predictions for carbon content based on values of L* and a* in
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an unknown sample, it also suggests there is multicollinearity in the results, and the model

needs to be improved with more data points and repeated measurements.

Regardless of the recognized need for further method development there is unquestionable
novelty value in this discovery, as it has not been previously proven that carbon content and
treatment conditions could be determined by analysing the colour values of carbonized
lignin. There is also a possibility that this method works for other carbonized biomass
materials as well and could serve a broader field of applications than only lignin valorisation.
The application of this method can save time and reduce costs of analysis in environments
where these kinds of analyses are done regularly, and where estimation of carbon content is
used to control downstream process steps or to determine product quality. It is also
measuring carbon only, reducing the uncertainties related to equipment measuring multiple
elements. In addition, the sample amount used for spectrophotometry is significantly larger
than in conventional elemental analysis, which means that the representability is much
better. Spectrophotometry could be validated to determine what temperature the carbon
product has seen during processing, which is important especially with value-added products
that require accurate and fast process control methods. With an expanded study and further
validation of the results of this experiment spectrophotometry has potential to become a

proven and reliable method for the estimation of carbon content in carbonized lignin.



73

References

AJAOQ, O., JEAIDI, J., BENALI, M., RESTREPO, A.M., EL MEHDI, N. and
BOUMGHAR, Y., 2018. Quantification and Variability Analysis of Lignin Optical
Properties for Colour-Dependent Industrial Applications. Molecules (Basel, Switzerland);
Molecules, 23(2), pp. 377

ARGUDO-SANTAMARIA, J., ORTIZ, H.A.R., CANO, B.D., AUCLAIR, I, SILVA,
M.L.S., PALOMINO, J.L.V., FERNANDEZ, F.,D., GARCIA, S.L.A., PHAM, T.T.H. and
RAMIREZ, A.,A., 2020. Production and Applications of Pyrolytic Oil and Char from
Lignocellulosic Residual Biomass. Cham: Springer International Publishing, pp. 261-284.

AZADFALLAH, M., MIRSHOKRAEI, S.A. and LATIBARI, A.J., 2008.
Photodegradation of acidolysis lignin from BCMP. Molecules (Basel, Switzerland);
Molecules, 13(12), pp. 3129-31309.

CAQ, J., XIAO, G., XU, X., SHEN, D. and JIN, B., 2013. Study on carbonization of lignin
by TG-FTIR and high-temperature carbonization reactor. Fuel Processing Technology,
106, pp. 41-47.

CHATTERIJEE, S. and SAITO, T., 2015. Lignin-Derived Advanced Carbon Materials.
ChemSusChem; ChemSusChem, 8(23), pp. 3941-3958.

CHOUDHURY, A.K.R., 2014. Principles of Color and Appearance Measurement Object
Appearance, Color Perception and Instrumental Measurement. 1 edn. Cambridge, England]
;» Woodhead Publishing.

CHRISTIE, R., 2015. Colour chemistry. Royal Society of Chemistry.

CHU, S., SUBRAHMANYAM, A.V. and HUBER, G.W., 2013. The pyrolysis chemistry
of a -O-4 type oligomeric lignin model compound. Green chemistry : an international

journal and green chemistry resource : GC, 15(1), pp. 125-136.

COLLARD, F. and BLIN, J., 2014. A review on pyrolysis of biomass constituents:
Mechanisms and composition of the products obtained from the conversion of cellulose,

hemicelluloses and lignin. Renewable and sustainable energy reviews, 38, pp. 594-608.



74

CONSTANT, S., WIENK, H.L.J.|., FRISSEN, A.E., PEINDER, P.D., BOELENS, R.,
VAN ES, D.,S., GRISEL, R.J.H., WECKHUYSEN, B.M.|., HUIJGEN, W.J.J.,
GOSSELINK, R.J.A., BRUIININCX, P.C.A.|., SPECTROSCOPY, N., SUB INORGANIC
CHEMISTRY, A.C., SUB, N.S. and INORGANIC CHEMISTRY, A.C., 2016. New
insights into the structure and composition of technical lignins: A comparative
characterisation study. Green chemistry : an international journal and green chemistry
resource : GC, 18(9), pp. 2651-2665.

COVENTRY, G., 1992. ONLINE COLOUR MEASUREMENT. Sensor Review, 12(4),
pp. 10-12.

ERFANI JAZI, M., NARAYANAN, G., AGHABOZORGI, F., FARAIJIDIZAJI, B.,
AGHAEI A., KAMYABI, M.A., NAVARATHNA, C.M. and MLSNA, T.E., 2019.
Structure, chemistry and physicochemistry of lignin for material functionalization. SN
Applied Sciences, 1(9).

FRAUNHOFER INSTITUTE FOR MICROENGINEERING AND MICROSYSTEMS
IMM-NMR On-Line Analysis For Continuous Chemical Processes. Available:
https://www.imm.fraunhofer.de/content/dam/imm/de/documents/PDFs-neu2018/E-und-
C/IMM-NMR_On-Line_Analysis_For_Continuous_Chemical_Processes.pdf [14.7. 2022].

GELLERSTEDT, G., 2015. Softwood kraft lignin: Raw material for the future. Industrial
crops and products, 77, pp. 845-854.

KONICA-MINOLTA INC., 2019. Precise Color Communication: Part I,

https://www.konicaminolta.com/instruments/knowledge/color/part3/02.html [19.3.2023]

LI, J, LI,Y., WU, Y. and ZHENG, M., 2014. A comparison of biochars from lignin,
cellulose and wood as the sorbent to an aromatic pollutant. Journal of hazardous materials;
J Hazard Mater, 280. pp. 450-457.

LIST RANDOMIZER (https://www.random.org/lists/)

LIU, R., CHEN, P.,, WANG, Z., RONG, K., YAN, J,, LIU, J. and DEGUCH]I, Y., 2021.
Quantitative analysis of carbon content in fly ash using LIBS based on support vector
regression. Advanced powder technology : the international journal of the Society of
Powder Technology, Japan, 32(8), pp. 2978-2987.


https://www.konicaminolta.com/instruments/knowledge/color/part3/02.html

75

MIZIOLEK, A.W., PALLESCHI, V. and SCHECHTER, 1., 2006. Laser-induced
breakdown spectroscopy (LIBS) : fundamentals and applications. Cambridge: Cambridge

University Press.

MONTGOMERY, D.C., 2013. Design and analysis of experiments. 8 edn. Place of
publication not identified: John Wiley & Sons Inc.

NATIONAL AERONAUTICS AND SPACE ADMINISTRATION, Science Mission
Directorate 2010. Visible Light. NASA Science website:
http://science.nasa.gov/ems/09_visiblelight [23.3.2023]

PFAFF, G., 2017. Inorganic Pigments. Berlin ;: De Gruyter.

SERRANDO, L., LUQUE, R. and SELS, B.F., 2020. Lignin Chemistry. 1 edn. Cham:

Springer International Publishing.

SHARMA, R.K., WOOTEN, J.B., BALIGA, V.L,, LIN, X., GEOFFREY CHAN, W. and
HAJALIGOL, M.R., 2004. Characterization of chars from pyrolysis of lignin. Fuel
(Guildford), 83(11), pp. 1469-1482.

SINGH, B., CAMPS-ARBESTAIN, M. and LEHMANN, J., 2017. Biochar: A Guide to
Analytical Methods. Victoria: CSIRO Publishing.

STEPHEN, M., 2007. The evolving art of colour measurement. Canadian Plastics, 65(1),
pp. 19-20.

TAGUE, N.R., 2005. The quality toolbox. 2 edn. Milwaukee, Wisconsin: ASQ Quality

Press.

VALMET QY, Lignoboost® https://www.valmet.com/pulp/other-value-adding-
processes/lignin-extraction/ [22.3.2023]

WANG, S. and LUO, Z., 2017. Pyrolysis of biomass. Berlin: De Gruyter.

WIJAYA, C.J., ISMADJI, S. and GUNAWAN, S., 2021. A Review of Lignocellulosic-
Derived Nanoparticles for Drug Delivery Applications: Lignin Nanoparticles, Xylan
Nanoparticles, and Cellulose Nanocrystals. Molecules (Basel, Switzerland); Molecules,
26(3), pp. 676.


http://science.nasa.gov/ems/09_visiblelight
https://www.valmet.com/pulp/other-value-adding-processes/lignin-extraction/
https://www.valmet.com/pulp/other-value-adding-processes/lignin-extraction/

76

XU, C. and FERDOSIAN, F., 2017. Conversion of Lignin into Bio-Based Chemicals and
Materials. Berlin, Heidelberg: Springer Berlin Heidelberg.

XU, X,, LI, A.,, WANG, X., DING, C.,, QIU,S.,HE, Y., LU, T., HE, F., ZOU, B. and LIU,
R., 2020. The high-accuracy prediction of carbon content in semi-coke by laser-induced

breakdown spectroscopy. Journal of Analytical Atomic Spectrometry, 35(5), pp. 984-992.

ZHANG, H., FU, S. and CHEN, Y., 2020. Basic understanding of the color distinction of
lignin and the proper selection of lignin in color-depended utilizations. International

journal of biological macromolecules; Int J Biol Macromol, 147, pp. 607-615.

ZHANG, Y. and NAEBE, M., 2021. Lignin: A Review on Structure, Properties, and
Applications as a Light-Colored UV Absorber. ACS sustainable chemistry and
engineering; ACS Sustainable Chem.Eng, 9(4), pp. 1427-1442.



Appendix 1. Regression model 1

Details for the regression model 1 created in chapter 6.2 for temperatures 300-500°C.

Appendix table 1: Coded Coefficients for coefficient (Coef), standard error coefficient (SE Coef), (ratio of differences in
variation) T-value, level of significance (P-value), and variance inflation factor (VIF).

Term Coef SE Coef T-Value P-Value VIF
Constant 0.452 0.122 3.69  0.000

Temperature(°C) -5.7781 0.0774  -74.64 0.000 131
RT (min) -1.2144 0.0817  -14.87 0.000 1.07

Temperature(°C)*Temperature(°C) 5.813  0.142 40.97 0.000 1.03

Temperature(°C)*RT (min) 1.5880 0.0982 16.17 0.000 1.30

Appendix table 2: Regression model 1 summary with coefficients of correlation

S R-sq R-sg(adj) R-sq(pred)

0.634167 99.09% 99.05% 98.98%

Appendix table 3: Analysis of variance for regression model 1 with degrees of freedom (DF), sum of squares (SS), mean
sum of squares (MS), ratio of variances (F-value), and level of significance (P-value)

Source DF AdjSS Adj MS  F-Value P-Value
Regression 4 4803.89  1200.97 2986.24 0.000
Temperature (°C) 1 224034  2240.34 5570.67 0.000
RT (min) 1 88.89 88.89 221.02 0.000

Temperature (°C)*Temperature (°C) 1 675.13 675.13 1678.71 0.000

Temperature (°C)*RT (min) 1 105.15 105.15  261.45 0.000
Error 110 44.24 0.40
Lack-of-Fit 4 35.85 8.96 113.20 0.000
Pure Error 106 8.39 0.08

Total 114  4848,13



Appendix 2. Regression model 2

Details for the regression model 2 created in chapter 6.2 for temperatures 500-700°C.

Appendix table 4: Coded Coefficients for coefficient (Coef), standard error coefficient (SE Coef), (ratio of differences in
variation) T-value, level of significance (P-value), and variance inflation factor (VIF).

Term Coef SE Coef T-Value P-Value VIF
Constant 0.5365 0.0219 24.53 0.000

Temperature(°C) 0.5915 0.0137 43.03 0.000 1.09
RT (min) 0.0271 0.0139 1.95 0.053 111
D50 0.0449 0.0205 2.19 0.030 1.08

Temperature(°C)*Temperature(°C) 0.4484 0.0261 17.16 0.000 1.10

Temperature(°C)*RT (min) 0.0847 00174 4.87 0.000 1.07

Appendix table 5: Regression model 2 summary with coefficients of correlation

S R-sq R-sg(adj) R-sq(pred)

0.128635 95.15% 94.97% 94.76%

Appendix table 6: Analysis of variance for regression model 2 with degrees of freedom (DF), sum of squares (SS), mean
sum of squares (MS), ratio of variances (F-value), and level of significance (P-value)

Source DF AdjSS AdjMS F-Value P-Value
Regression 5 447666 8.9533 541.08 0.000
Temperature (°C) 1 30.6382 30.6382 1851.59 0.000
RT (min) 1 00631 0.0631 381 0.053
D50 1 00797 0.0797 4.82 0.030
Temperature (°C)*Temperature (°C) 1  4.8729 4.8729 294.49 0.000
Temperature (°C)*RT (min) 1 03922 0.3922 23.70 0.000
Error 138 2.2835 0.0165

Lack-of-Fit 42 21812 0.0519 48.72 0.000
Pure Error 9 0.1023 0.0011

Total 143 47.0500



Appendix 3. Regression model 3

Details for the regression model 3 created in chapter 6.2 for temperatures 550-700°C.

Appendix table 7: Coded Coefficients for coefficient (Coef), standard error coefficient (SE Coef), (ratio of differences in
variation) T-value, level of significance (P-value), and variance inflation factor (VIF)

Term Coef  SE Coef T-Value P-Value VIF
Constant 0.7706 0.0181 42.64 0.000

Temperature(°C) 0.6383 0.0109 58.74 0.000 1.35
RT (min) 0.08223 0.00993 8.28 0.000 1.12
D50 0.0272 0.0175 1.56 0.123 1.23

Temperature(°C)*Temperature(°C) 0.1709 0.0221 7.74 0.000 1.16

Temperature(°C)*RT (min) -0.0038 0.0114 -0.34 0738  1.09

Appendix table 8: Regression model 3 summary with coefficients of correlation

S R-sq R-sg(adj) R-sq(pred)

0.0806548 98.34% 98.25% 98.10%

Appendix table 9: Analysis of variance for regression model 3 with degrees of freedom (DF), sum of squares (SS), mean
sum of squares (MS), ratio of variances (F-value), and level of significance (P-value)

Source DF AdjSS AdjMS F-Value P-Value
Regression 5 35.7380 7.1476 1098.75 0.000
Temperature (°C) 1 224430 22.4430 3450.00 0.000
RT (min) 1 04459 0.4459 68.55 0.000
D50 1 0.0157 0.0157 2.42 0.123
Temperature (°C)*Temperature (°C) 1 0.3893 0.3893 59.85 0.000
Temperature (°C)*RT (min) 1 0.0007 0.0007 0.11 0.738
Error 93 0.6050 0.0065

Lack-of-Fit 27 05474 0.0203 23.23 0.000
Pure Error 66 0.0576 0.0009

Total 98 36.3430



Appendix 4. Regression model 4

Details for the regression model 4 created in chapter 6.2 for temperatures 400-700°C.

Appendix table 10: Coded Coefficients for coefficient (Coef), standard error coefficient (SE Coef), (ratio of differences in
variation) T-value, level of significance (P-value), and variance inflation factor (VIF)

Term Coef SE Coef T-Value P-Value VIF
Constant 24.2255 0.0498 486.44 0.000

Temperature (°C) 2.7952 0.0364 76.71 0.000 1.10
RT (min) 0.3244 0.0308 10.53 0.000 1.14
Temperature (°C)*Temperature -0.5115 0.0543 -9.41 0.000 1.09
0

RT (min)*RT (min) -0.2842 0.0587 -4.84 0.000 1.13

Appendix table 11 Regression model 4 summary with coefficients of correlation

S R-sq R-sq(adj) R-sq(pred)

0.309365 97.52% 97.46% 97.38%

Appendix table 12: Analysis of variance for regression model 4 with degrees of freedom (DF), sum of squares (SS), mean
sum of squares (MS), ratio of variances (F-value), and level of significance (P-value)

Source DF AdjSS AdjMS F-Value P-Value
Regression 4  625.488 156.372 1633.87 0.000
Temperature (°C) 1 563.222 563.222 5884.90 0.000
RT (min) 1 10.610 10.610 110.86 0.000

Temperature (°C)*Temperature (°C) 1  8.480 8.480 88.60 0.000

RT (min)*RT (min) 1 2239 2.239 23.40 0.000
Error 166 15.887 0.096
Lack-of-Fit 10 5.719 0.572 8.77 0.000
Pure Error 156 10.168 0.065

Total 170 641.375



Appendix 5. Regression model 5

Details for the regression model 4 created in chapter 6.3 for carbon content estimation.

Appendix table 13: Coded Coefficients for coefficient (Coef), standard error coefficient (SE Coef), (ratio of differences in
variation) T-value, level of significance (P-value), and variance inflation factor (VIF)

Term Coef SE Coef T-Value P-Value VIF
Constant 85.380 0.147 579.44 0.000

L*(D65) 6.707 0.498 13.47 0.000 8.10
a*(D65) -1.551 0.681 -2.28 0.029 8.10

Appendix table 14: Regression model 5 summary with coefficients of correlation

S R-sq R-sg(adj) R-sq(pred)
0.846658 98.36%  98.26% 98.13%

Appendix table 15: Analysis of variance for regression model 5 with degrees of freedom (DF), sum of squares (SS), mean
sum of squares (MS), ratio of variances (F-value), and level of significance (P-value)

Source DF Adj SS Adj MS F-Value P-Value
Regression 2 1417.30 708.651 988.59 0.000
L*(D65) 1 130.06 130.061 181.44 0.000
a*(D65) 1 3.72 3.724 5.19 0.029
Error 33 23.66 0.717

Total 35 1440.96



