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ABSTRACT

The purpose of this thesis was to forecast the energy characteristics of biomass
using near infrared spectroscopy. The overall work was divided into five parts. The first
part of the study was to develop a simplified technique as a rapid and low-cost for
predicting moisture content (MC) and higher heating value (HHV) of Leucaena
leucocephala pellets. This is the first time to use NIR spectroscopy with biomass
pellets. The second part was to optimize the model for evaluating the HHV and
proximate value (volatile matter, VM,; fixed carbon, FC; and ash, A) of milled bamboo.
The third part was to predict the pyrolysis characteristics (Tenset, Tshr Tgeakr Toffsets DTGpea

T

peak IS temperature as a highest degradation and presents the maximum of production

rate, Tomet is the temperature of the end decomposition rate, it can be used to know
which temperature should be stopped tb heat, DTGgex is the maximum of
decomposition rate which can be used to manage feedstock) of ground bamboo as an
alternative thermogravimetry method. The fourth part investigated the lower heating
value (LHV) and element composition of ground bamboo, which was the first study to
generate the relationship between LHV and NIR absorption. Meanwhile, the bamboo
chip was investigated in the fifth part for evaluation of pyrolysis characteristics and
volatile matter.

The NIR spectrometer for scanning was Fourier transform NIR (FT-NIR)
spectrometer using spectral region of 12500 to 3600 cm™. The absorption value was
recorded into log 1/R and the models were optimized by partial least squares (PLS)
regression. The performance of models was evaluated by statistical terms of

coefficients of determination (R%), root mean square error of prediction (RMSEP) or root

In



mean square error of cross validation (RMSECV), ratio of prediction to deviation (RPD)
and bias. The effective models were selected with the lowest RMSEP.

The overview shows that NIR spectroscopy can be used to evaluate the MC,
HHV and LHV well. Even though HHV and LHV were not direct property detected by
NIR radiance, but it can be also predicted when the interaction between NIR radiance
and organic compound was known. The vibration bands of MC and lignin greatly
affected the prediction of HHV, and lignin band affected the prediction of LHV. NIR
spectroscopy gave good performance for evaluating of VM and FC, meanwhile model
for A was very poor Because ash is not NIR absorber. Because lignocellulosic
(hemicellulose, cellulose and lignin) compound in biomass can be converted to
volatile matter, then vibration band of those‘occurred in modelling of VM and FC
model. /The model of VM and FC should be generated by the absorbance of
lignoceltulosic. The overall pyrolysis characteristic predicted by NIR spectroscopy was
good performance. The Tpeax and Togeer models is usable for most applications and may
be used as a nondestructive technigue for quality assurance. The Ty, model was fair,
and Tonset and DTGea models gave poor result. For ovérall elemental composition, N
prédiction provided the highest performance, which could be used for most
- application. The O model was poor. The reference rﬁethods for elemental composition
were observed that there was high repeatability vétue, it led to low model
performance.

For deterrnination of energy charactéristic of biomass, the results could be a

guide for applying in trading, design and operation control of energy conversion.
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Overview

Statement and significance of the problem

The demand for energy continuously increases with the growth of population.
The world’s population will increase approximately of 1.5 billion and will be reached 8.8
billion by 2035. For this reason, energy consumption has been raised by 34% from 2014
to 2035 [1]. Presently, fossil fuels are mainly dominant source of energy power in the
world, and approximately of 80 % of the total energy have been supplied by those.
Consequently, the fossil fuels will be diminished and alternative energy sources will

obviously be required in near future.

In the present scenario of energy consumption of Thailand in 2016, showed that
energy generation obtained from fossil fuels about 78.09%, new renewable energy about
13.38%, current renewable energy about 5.97% and imported hydro power about 2.11%
[2]. It obviously showed that mast of renewable energy used although Thailand largely
came from agriculture wastes and forest residues. These feedstocks could be generated
to usable energy. Thailand has agricultural plantation and agricultural crop residues
enormously, around 80 million tons per year of agriculture was produced [3] e.g. rice husk
(432 tons/year), rice straw (4.1 million tons/year), bagasse (21.2 million tons/year), cassava
rhizomes (2.8 million tons/year), palm shell (619,959 tons/year) [2]. The seventh-fast-
growing species including Casuarina junghuhniana, Leucaena leucocephala, Acacia spp,
Eucalyptus spp, Bamboo, Melaleuca cajuputi, and Pennisetum purpureum (Napier Grass)
have potential to grow and can be used as a suitable alternative for fossil fuels in
upcoming days [4]. The plantation of the fast-growing trees helps to absorb and decrease
in CO, in the atmosphere [5]. The fast-growing energy crops can alleviate the current
energy crisis because it has less impact on environmental pollution. Owing to the climate
change, biomass is extremely interested because its combustion does not contribute to
net increase in CO,. There is balancing between the CO, releasing during combustion
process of biomass and the intake of CO, during the growth of the fast-growing plants
[6,7,8]. This prominent point of biomass led to planning of an Alternative Energy

Development Plan (AEDP2015) for 2015-2036 by the Ministry of Energy of Thailand. The



aim was to increase in the portion of renewable energy generation from the current tevel
to 30% of total power requirement {1} and to increase the electricity generation from

biomass from 2,452 MW in 2014 to 5,570 MW in 2036 [3].

In the future planning for 2036, the Ministry of Energy attempts to increase the use
of alternative energy of 22,100 ktoe for biomass, 495 ktoe for waste, 1,283 ktoe for natural
gas,. 1,200 ktoe for solar energy, and 10 ktoe for other resources [1]. Then, the alternative
energy production from biomass is the highest. This policy will help to reduce in amount
of import fuel such as fossil-oit and electricity. Atthough the government has promoted
to use the biomass as an alternative source of energy, the outcome seemed not to be
successful as expectation. This is due to low capacity of the thermal conversion process
and their disposal problems. In order to efficiently use biomass, the knowledge of energy
characteristic of biomass is essentiatly required, it will help to achieve high efficiency of

thermal conversion process as combustion, gasification, and pyrolysis.

The energy characteristic of biomass includes heating value (higher and lower
heating value), proximate data (moisture content, volatile matter, fixed carbon and ash),
element composition {carbon, hydrogen, nitrogen, oxygen, and sulfur), and pyrolysis
characteristic. The heating value, proximate data and element composition are used to
design and to operate biomass combustion systems [9,10]. In commercial, the moisture
content and the heating value are essentially aspects in the specification of biomass
feedstock to set a price instead of weight [11]. In fast pyrolysis and gasification plants,
pyrolysis characteristic, proximate data and element composition are important for
estimating the total of liquid and gas fuels in pyrolysis and gasification [12], and this will
help to design a reactor and to improve process development for pyrolysis of biomass

[13].

Generally, the biomass used in thermal conversion systems was performed into
four patterns such as whole wood, wood pellets, wood chips, and wood powder. The
form of pellets, chips, and powder can reduce waste, transportation and storage cost.
Pellets form help to increase the combustion time of char [14]. Wood pellets and chips

are generally used in combustion and gasification process, respectively, wood powder and



whole wood are usually used in both fast pyrolysis and slow pyrolysis process,
respectively. Developments with non-destructive methods of the thermal conversion
systemns in aspects of low-cost, accuracy, and fast are required for efficient biomass
analysis [15]. Near infrared spectroscopy has been recommended as a low-cost, rapid, and
non-destructive method to substitute the current method. The biomass consists of water,
extractives, cell wall components (lignocellulosic: hemicellulose, cellulose and tignin) and
ash. Their complex functions are composed of the chains of C-H, O-H, C=0, N-H, -COOH
and their bonds correspond to NIR radiance with overtone and combination [16]. Therefore,
it is highty possible to predict biomass’s properties as an alternative instead of the bomb
calorimeter for determining the higher heating value. NIR may forecast pyrolysis
characteristic and proximate data as an alternative instead of the thermogravimetric
analysis. For determination of element composition, pyrolysis characteristic, and bomb
“caLorimetry are limited by cost and labor skills. For example, time-consuming of
determination of its properties: thermosgravimetric analysis (TGA) (16-24 hrs/samples),
bomb calorimeter (50 min/sample) and dry oven (24 hrs at least) are very long process

while NIR method significantly develops the time to 2-3 mins.

In Thailand, near infrared spectroscopy has a high potential for evatuating chemical
and physical of agricultural products including gamma oryzanol of germinated brown rice
[17], moisture content of tapioca starch {18], dry matter and soluble solid of durian {19],
pectin constituents of Japanese pear [20], salt content in canned sardine in oil [21]
However, there was no a report of the use of NIR spectroscopy to evaluate biomass
characteristic as an alternative energy. Recently, many research projects are undergoing
to discover the possibilities of the near infrared spectroscopy to forecast the heating value
of biomass [11,22,23,24,25,26], thermal properties and biomass composition of biomass
[27,28,29,30]. Xue et al. [13] successfully used on-line measurement of proximate and
lignocellulose components of corn stover using near infrared spectroscopy, provided
coefficient of determination (R?) of 0.75, 0.84, 0.68, 0.66, 0.77, 0.62, and 0.61 for moisture
content, ash, volatile matter, fixed carbon, cellulose, semi-cellulose, and lignin,
respectively. From the literature review, the main advantage of NIR was cost-effectiveness

and a rapid method. NIR technology can be a non-destructive sensing technique in



biomass feedstock for thermal conversion systerns. Therefore, we proposed a research of
‘Determination of energy characteristic of biomass using near infrared spectroscopy
including pyrolysis characteristic, proximate data, higher and lower heating value’. The
main purpose was to solve the problem of slow and complicated measurement. This was
the first study of the NIR spectroscopy modelting for evaluation of energy properties of

L eucaena leucocephala pellet, milled bamboo and chopped bamboo.

Goal and Objectives

The overall objective of this thesis was to predict energy characteristic of biomass
processes i.e. higher heating value, lower heating value, pyrolysis characteristic, proximate
data, element composition of biomass, for converting biomasses to potential fuels. The
research scheme includes wood pellets, wood chips and wood powder as raw materials.

The specific objectives of this research were as follows.

® Toinvestigate the rapid non-destructive evaluation of moisture content and higher
heating value of Leucaena leucocephala pellets using near infrared spectroscopy

® To evaluate higher heating value, volatite matter, fixed carbon and ash content of
bamboo powder using near infrared spectroscopy

® To evaluate pyrolysis characteristics of milled bamboo using near-infrared
spectroscopy

® To evaluate lower heating value and elemental composition of milled bamboo
using near infrared spectroscopy

® To study about feasibility of evaluation pyrolysis characteristic of bamboo chips
using near infrared spectroscopy

® To investigate near infrared spectroscopy as an alternative method to

thermogravimetric analysis for evaluation of volatile matter of bamboo wood chips

Hypothesis to be tested

The energy characteristic of biomass including higher heating value, lower heating
value, pyrolysis characteristic, proximate data, element composition have the correlation

with the NIR spectral characteristic.



Scope or limitation of the study

In thi§ research, Taramba variety of Leucaena leucocephala and Phamon variety
of bamboo, which both are well-known and popular in Thailand, were used and NIR range
of 12,500-4,000 cm™ (800-2,500 nm) was selected. The moisture content and higher
heating value of the Leucaena leucocephala pellets was investigated. The higher and
lower heating value; pyrolysis characteristic; proximate data; element cdmposition of
bamboo powders was studied. The pyrolysis characteristics and volatite matter of chips

were investigated.

Process of study

1. The literatures about using near infrared spectroscopy for evaluating energy

characteristics were reviewed.

2. The current method including bomb calorimeter, thermogravimetric analysis, CHNS

analyzer for determination of energy characteristics of biomass were reviewed.

3. The samples of biomass were collected. Leucaena leucocephala, variety “Tarramba”
samples were collected from Nakhonrachasima Province, Thailand,; bamboo,
Dendrocalamus sericeus ¢l. “Phamon” samples were obtained from the forestry -

plantations in Uttaradit province.

4. Samples preparation were carried on, and divided into three parts: Leucaena
leucocephala was performed in pellets form, while bamboo was formed in wood chips

and powders.

5. To scan the sample: FT-NIR spectrometer was used for scanning in diffuse reflectance

mode at a wavenumber of 12,500-4000 cm™ (800-2500 nm).

6. The referenced value of samples were determined including higher heating value by
bomb calorimeters; proximate data and pyrolysis characteristic by thermogravimetric;
CHNS by CHNS analyzer; moisture content by dry oven; and lower heat value and oxygen

content by calculation.



7. The model was optimized using with pariial least squares (PLS) regression using the
test set validation method. The samples were randomly sub-divided into 80% for the
calibration sample set and 20% for the validation sample set. Spectrum preprocessing was
performed by the constant offset elimination; straight line subtraction; wvector
normalization, min-max normalization; multiplicative scatter correction (MSC); first
| derivatives, second derivatives; first derivatives + straight line subtraction; first derivatives

+ vector normalization and first derivatives + MSC techniques.

8. The NIRS models (regression data) were developed using the NIR spectra and the energy
characteristic obtained from reference data, by partial least square regression (PLS) for
predicted energy characteristic. The models were optimized by partial least squares
regression (PLSR) with 80% of samples for the calibration set and 20% for the validation
set. Performance’s models were indicated by statistics termn, coefficient of determination
(R?), standard error of prediction (SEP), the ratio of standard error of prediction to standard

deviation (RPD), and bias.

9. The results of thesis were summarized.
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Literature review

Characteristic of biomass

Biomass is fuels obtained from organic materials, which is oldest source of
renewable energy. Biomass garneres much interest due to the increase in worldwide
energy demand. At present, due to climate change, biomass is interesting topic than ever
because of the increasing demand for energy [1]. Biomass is collected from plant material
(include agricultural waste or fast growing plants) and animal waste. They can be used as
alternative resource of energy through generating via thermal conversion process. Thermal
conversion process is thermal systems converting biomass material to be energy
production. Biomass can be converted to energy by direct combustion for providing heat
to generate steam production used for the process of generating electric power, by
gasification to provide a fuel gas which is clean gas, by fast pyrolysis to provide a liquid
fuel [2], and slow pyrolysis giving bio-char. The advantage of fuel in liquid form is easy to
store and transfer, while bio-char is convenient use in household. Figure 1 shows three
forms of the marketing fuel products obtained from three main thermal processes

including combustion, gasification and pyrolysis [3].

) Primary
Conversion product Conversion Market
Slorage !
el
Pyro \ Storage Bl st

Figure 1 Products from thermal biomass conversion (3]

The pyrolysis process gives three products such as bio-char, bio-oil, and fuel gas. The main

propose of gasification is to generate the clean fuel gas, and combustion provide the heat



11

for boiler. To convert the biomass to fuel energy, the energy characteristics is required.
The characteristic of biomass incudes:
Heating value (HY)

The HV has been called either calorific value or heat of combustion. HV is the total
energy of biomass releasing when it is burned.HV is divided into higher heating value (HHV)
and lower heating value (LHV). The energy content or HV is one of the most necessary
parameter for the use of biomass in thermal conversion systems, it is used for designing,
calculating, planning and oberating the thermal power plant [4][5][6][7]. The HV explains
about how biomass is used to achieve process efficiency [8][9]. HHV is called gross heating
value (GHV), while LHV is called net heating value (NHV). The HHV is “the amount of heat
released from combustion of a certain amount of fuel and assuming its combustion
product water had returned to liquid state at the end of a measurement in which it took
the latent heat of vaporization of product water into aécount”, meanwhile LHV is the
amount of heat released under conditions that “the product water was still at vapor state
and its latent heat of vaporization was not recovered” [10]. Then, LHV is the real energy
without water. Generally, the HHV is determined by bomb calorimetry. HHV is normally
obtained by complete combustion of fuel in bomb calorim'eter, the ideal was that HHV
equal to energy generating temperature increase (AT) of water in mass m. It is calculated
by Eq. (1);

HHV = mc,AT (1)
When HHV is higher heating value of biomass, m is mass of water (ke), ¢, is specific heat
of water (J/kg-K) and AT is change in temperature (K) of water. HHV is determined by the
bomb calorimetric method according to DIN 51900 T3 (testing of solid and liquid fuels,
determination of gross calorific value by the bomb calorimeter and calcutation of net

calorific vatue [11].
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Figure 2 Construction of a bomb calorimeter [12]

Figure 2 shows construction of a bomb calorimeter: it consists of a bomb which is
made by a strong cytindrical stainless steel. It is screwed to the body of the bomb to
make a perfect gas tight seal. The bomb is placed by sample and filled by oxygen. For
ignitions, there are two electrodes and then the electric current is released for burning
the sample. Stirrer is placed in the water jacket to maintain uniform distribution of heat
and thermometer is placed to measure increase in water temperature. For wall, it help
to prevents heat loss due to radiation.

Bomb calorimetric can be divided into two large classes: isothermal and isoperibol
calorimeters, and the adiabatic calorimeters. Wunderlich [13] explained that the
isothermal calorimeter, measurements are made at constant temperature of calorimeter
and surrounding. If only the surrounding is kept isothermal, the mode of operation is called
isoperibol {equal surround). In the isoperibol calorimeter, the temperature changes with
time are governed by the thermal resistance between calorimeter and surroundings. In
adiabatic calorimeters, the exchange of the heat between calorimeter and surrounding is
kept close to zero by making the temperature difference small and the thermal resistance
large.

The LHV is generally determined by calculating using theoretical function of the
HHV via subtraction from moisture content (MC} as follows [14]:

LHWy, = HHV,,, — 2.443MC (2)
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~ where LHV,,, is the lower heating value (MJ/wet kg), HHV,,;, is the higher heating value
(MJ/wet kg), the HHV measurements were expressed on a wet weight basis (MJ/wet kg).
MC is moisture content. Therefore, the LHV call “real energy content” which operate
under actual operating conditions. LHV is better than HHV [15] and is defined as efficiency

of thermal process.

Proximate analysis

Proximate data includes moisture content (MC), volatile matter (VM), fixed carbon
(FC), and ash content (A). MC is the amount of water content in biomass. It affects to HV
of biomass, the HV decrease with increasing MC. MC gave a positive effect on HHV and,
conversely, it gave a negative effect on the pyrolysis and combustion process. In pyrolysis,
MC negatively effect on process and quality of bio-oil such as temperature drop during
pyrolysis and more water contents in bio-oil. MC into feedstock will evaporate before the
feedstock will be burnt, this mean that the net energy is released during evaporation
although it is useful heat. HV of biomass can increase by drying. The HV depend on MC,
the HV increased with decréasing of MC [16][14]. Generally, MC is determined by drying
oven (ASTM E1756-08 standard test method for determination of total solids in biomass)
[17]. It usually takes time at least 24 hr.
Volatile matter (VM) is the vapor gas that is released after MC released. Biomass contain
generally VM around 70-80%. The amount of VM indicates how the biomass can be
gasified easily which effects the desien of boiler and gasifier [18]. Both A and FC remain
constant after of the volatilization. The rate of volatilization can be used to evaluate liquid
fuel and gas fuel rate in the fast pyrolysis and gasification process, respectively. In fast
pyrolysis, heavy VM gas will be condensed to be liquid fuel and light gas will be released.
Amount of VM can evaluate the ability of the feedstock used in pyrolysis and gasification
that if any biomass contain of more VM, that biomass should be used. Due to diferent
biomass contains different VM, the design reactor’ s capacity, process development of
pyrolysis and combustion involve with VM [19]. The commercial market of biomass to be
energy purpose involve amount of VM as reference for setting price instead of weight.
Generally, VM can be determined by muffle furnace as standard method i.e. American

Society for Testing and Materials (ASTM E872-82, 2006) for particular wood fuels [20].
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For fixed carbon (FC), its composition consists the most of carbon content, high
carbon content is higcher heating value, and high FC content usually provide high capacity
of combustion process. In fast pyrolysis, FC and A is solid residue after biomass volatilizes
at high temperature, and the FC in fuel woods remains in the char form before combusted
to ash [21]. For slow pyrolysis, coal char is the main product ahd the biomass is volatilizes
at low temperature (approximately 400 C°). It is expected that this process want to obtain
more coal char. The coal char consists of carbon, volatile and ash for 75%, 10%, and 5%
[22], respectively. Th_en, FC of biomass can be used for setting price instead of weight. FC
can be calculated as FC=100{MC%+VM%+A%) as as-received base.

Ash is the solid residue after FC burned. Ash content (A) effects to HV of biomass,
higher A give low HV. In addition, it was negative effect of storage and transportation
because it has no energy content. Generally, A content can be determined using muffle
furnace method following American Society for Testing and Materials (ASTM E1755-01
(2007), is standard test method for ash in biormass [23]. The major constituents of ash of
biomass are the silica, aluminum, iron and calcium, small amount of magnesium, titanium,
sodium, and potassium [21], then it make trouble for waste systems due to it become to
fouling and slagging.

The proxi'mate data and HHV of the raw material for biomass feedstock was
demonstrated in Table 1. The HHV of biomass feedstock including Leucaena
leticocephala, palm shell, wood and bamboo gave high HHY. They are suitable to use in
power combustion process.

The MC content was the range of 5.43 to 60%, while VM was in range of 16-84%,
they may use in pyrolysis and gasification. The biomass in which consists of much water
content, inviove the drying cost and preparing time. The lignite bituminous coal contained
low VM, however it had more FC, so it is suitable for combustion. Bamboo and sawdust
contain more VM about 80%, so they can be good raw material in pyrolysis and
gasification process. The A of bamboo, bagasse, parawood, palm trunk, palm leaf, tapioca
rhizome, and leucaena leucocephata is lower than 2%. The highest A is found in the rice
husk about 26% by weight. The big problem is the waste management , because it need

big storage area. The biomass is suitable to be alternative energy must give the high
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HHVand low ash content. The biomass is easy to ignite and burn due to general high VM

and low ash [24]. Then, they should be invested for being source of energy.

Table 1 Specific properties of the raw material for biomass

Material MC VM FC A HHV (MJ/Kg)
Bituminous coal (Armutck)®[25} - 3281 | 6283 | 436 -
Coconut husk®[26] 5.43 6115 | 29.70 372 17.35
Rice husk®i26) B.20 51.10 14.40 26.30 13.24 .
Sugarcane bagasse®[27] 4.99 73.5 19.1 241 17.44
Cotton stalks®[27] 0.14 64 22.2 4.66 15.92
Empty fruit bunch (EFBY*[28] 8.2 74.2 12.8 48 18.44%
Palm kernel shell (PKS)*{28] 5.4 71.1 18.8 4.7 163"
Groundnut cake (MJ/Kg)[29] 56 83 6.6 48 15.00
Wood[22] 35 77.4 16.6 25 17.8
Bamboo(1] 6,14 83.95 16.05 1.95 17.87
Sawdust[1] 10.81 83.12 16.88 2.58 16.63
Rice Husk[30] 12.05 56.98 18.88 12,73 14.638
Rice Straw(30] 10.12 60.87 18,80 10.92 13.275
Bagasse[30] 50.76 41,99 5.86 1.75 9.664
Cane Trash[30] 9.34 67.78 16.30 6.23 16,342
Parawood([30] 45.32 4567 7.71 1.7¢ 10.112
Palm Fiber{30] 38.57 42,53 14.39 4,55 13.279
Palm Shell[30] 12.12 68.31 16.30 3.66 18.446
Empty Fruit Bunchi3o] 58.67 30.52 8.90 2.09 8.265
Palm Trunk[30] 48,34 38.98 11.70 1.34 8.370
Palm Leaf[30] 18.34 16.62 4.60 0.72 3.889
Corncabl30] 40.11 45.55 13.68 0.95 11,198
Corn Stalk[30] 41.69 46.98 814 3.80 11.634
Tapioca Rhizome[30] 59.78 31.09 8.10 1.69 7.423
Eucalyptus Bark{30] 60.09 28.02 9.56 2.33 6.723
Barnboo Gimsune (Bombusa Deecheyama)[30] 14.30 63.10 18.90 3.70 15.700
Bamboo Tong (Dendrocalamus asper}{30} 5.80 71.70 12.80 2.70 17.585
Pseudosasa amabilis and Pleioblastus chino bamboo {31] - - - - 19.4-19.9
Leucaena leucocephalal32]
Cunningham - - - 1.69 19.91
Tarramba - - - 201 10.87
Pery - - - 1.69 19.91
Leucaena leucocephala pellets[33] 7.59 7291 17.55 1.96 17.69-18.12*%

®=(wt% on air dry basis), >=(wt% on pre-dry basis), *=(wt% on as received), * Chotchutima et al. [34]



16

Due to the long time consumption and cost imply with proximate data by
American Society for Testing and Materials method [21. The alternative method by
thermogravimetry (TG) is used to determine proximate data, it is direct method. This
technique, the small sample is used and heated. Figure 3 demonstrated the thermal
behavior of biomass carried on with TGA by recording the weight loss as a function of time
and temperature, the TG curve sorts out in terms of its MC, VM, FC and A. The accuracy
of proximate data obtained by TGA and standard method and TGA investigated by Garcia
et al. [35]. The results showed that the error criteria results were satisfactory with the

average experimental error under 6% for MC and VM, and close to 10% for FC.
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Figure 3 Thermal behavior of biomass carried on by TGA [36]

The sample (100% weight) were heated from 20 to 700 "C with 150 min by injecting N
into the system. The first shoulder is the mass toss which is MC (temperature at around
20-130 'C), and when keep the temperature at 700 ‘C for about 60 min to ensure
compeleted pyrolysis. From process, the VM can be determined. Then, inject promptly
the O, instead of Ny, the mass burned instantly, and keep 700 C with O, for 1 hour to

ensure compeleted combustion. The residue is the ash.
Elemental compositions

The commercial biomass concerning about the design of biomass conversion
systems and critical atmosphere pollutants, it was indicated by analytical element
coefficients for feedstock, and understanding for behavioral biomass degradation [7]. The

elemental compositions of biomass including carbon (C), hydrogen (H), nitrogen (N),
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oxygen (0O), and sulfur (S) is expressed as C+H+O+N+5+A=100%. It has been essential for
operating the overall thermal process and necessary to caculate heat content and heat
balance of the process [37]. The detailed chemistry describing the behavioural reaction,
use for estimating the flue gas flow rate or O,/air requirement for complete combustion,
meanwhile estimating the flue gas component in pyrolysis and gasification also required
the percentage of chemistry component [5]. In combustion reaction, carbon content is
used to estimate the O, flow rate to balance the ratio between C and O. The combustion
of carbon presents C+0,=C0,-394 MJ/kmol, mean that 1 kmol of carbon was burnt in the
air completely, it will produce 394 MJ heat [21]. If O or.airis underload, the reaction will
involve with incomplete combustion, the process will appear CO releasing to atmosphere.
For firing fuel, S and'N of feedstock become oxide emissions for the combustion such as
SO,, NO, and NO,, they will release in atmosphere, and lead-to acid rain precursors and
greenhouse effect [21]. Moreover, high A in combustionalso come from high S content,
lead to fouling and slagging. Runge et al. [38] mentioned that C and H content depend
upon the increasing of HV while high ‘O content lead to decreasing HV.  For pyrolysis,

decomposition of the biomass can be described as [21]:

CaHmO0p = Xiiquia CaHpOc + Xgas CxHy 07 + Xsolia C (3)
when n, m, p, a, b, ¢, x, y and z are the number of molecules. C is solid residue, contain
the most carboen or bio-char. The biomass were volatilized and were condensed to be
condensable gasses i.e. liquid oil and water. When elemental composition of biomass is
known, therefore, non-condensable gases can also be estimated. The elemental
composition is determined generally with CHNS analyzer. The sample is burnt into
combustion chamber with a pure oxygn atmosphere, the gases (CO,; N, SO, H0)
obtained from combustion are separated by thermoconductometer detector and
elemental composition are reported [37]. Table 2 illustrated the comparision of element
composition for some biomass. The high C content were bituminous coal lignite, coconut
husk, bamboo and wood, they were suitable for combustion due to providing high HV.
While the low C content was in the group of cornstalk rice straw rice hull rice husk.
Bamboo was low in the oxygen-to-carbon, low H/C and O/C was high HV. In currently

commercial market, biomass feedstock is sold or bought by weight (price/kg) [39]. On

078447
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above mention, the different biomass properties {ead to different energy charactieristic
such as HV, elemental data and proximate data. To determine prices of biomass can set
using elemental composition as the percent of C, H, O, N, S or H/C, O/C. For example, if
feedstock contains higher C and H, it will set to be higher price. On the contrary, with

feedstock is high N, O and S, they will sell for less price.

Table 2 Comparision of element composition for some biomass

S Mgteral T - - | € Ho| N | ol .s [ Hel o
Coconut huskb[2.6]. 50.29 5.05 0.45 36.63 - 0.100 0.790
Rice husk®[26] 35.60 4.50 0.19 3340 - 0.130 0.7%0
Biturmninous coal (Armutck}?[25] 86.27 4.67 119 7.24 0.63 0.650 0.060
Sugarcane bagasse[27] 41.98 6.04 0.53 43.87 0.24 0.144¢ 1.140
Cotton stalks®(27)] 4144 5.84 1.43 46.44 0.17 0.141 1.080
Empty fruit bunch (EFB)?[28] 48.20 6.49 0.47 3174 0.10 - -
Palm kemel shell (PKS)*<([28] 48.06 6.38 1.27 34.10 0.09 - -
Groundnut Cake([29] _ 46.37 7.02 6.89 39.44 0.287 1.820 7.852C/N
Bamboo[t] 50.52 6.04 0.58 42.80 0.09 1.425 0.636
Sawdust[1] ~ 44.19 6.03 247 46.80 0.54 1.626 0.795
Rice straw[40] 44.20 6.20 0.80 48.80 - - -
Rice husk[40] 44.40 6.80 0.00 48.80 - - -
Cornstalk®d[24] 3795 6.47 0.77 40.76 0.59 - -
Rice straw®J[24] 36.55 5.49 0.78 40.01 0.56 - -
Rice hull*d[24] 36.31 4.05 0.51 22.90 0.12 N -
Sawdust??[24] 4555 542 0.60 3331 0.17 - -
Sorghum[37)] 41.07 5.13 1.01 51.61 1.19 - -
Woeod[22] 43.80 5.20 1.40 44.60 - - -
Leucaena leucocephalal34] 44.13- 7.05- 0.55- 47.08- 0.07- - -
435 7.38 0.92 47.87 0.08

b=(wt% on air dry basis), 2=(wt% on pre-dry basis), **=(wt% on as received), ad=as received.
Pyrolysis characteristic

Pyrolysis is a thermochemical degradation of biomass occurring in the complete
absence of oxygen [41][21]. Pyrolysis is used for generating biomass into fuel energy and
chemical products. its products consist of bioc-oil {liqud oil), solid biochar and gas [42].

Pyrolysis divided into fast and slow pyrolysis. Slow pyrolysis is carbonization, its result is
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to maximize the charcoal or char. For fast pyrolysis, its goal is to maximize the production
of liquid bio-oil [21]. The pyrolysis characteristics, i.e., Tonsets Tshr Tpeats Toffsets AN DTGpeak,
are demonstrated in Figure 4. El-Sayed and Mostafa [27] mentioned about pyrolysis
behavior that “T,n.er was the extrapolated onset temperature calculated from the partial
peak that results from the decomposition of the hemicellulose component, Ty, was the
temperature corresponding to the overall maximum of the hemicellulose decomposition
rate, -DTGpeak was the overall maximum of the cellulose decomposition rate (dm/dt at
the highest péok, wt (0ss 9%/min), Toeq was the temperature corresponding to the overall
maximum of the cellulose decomposition rate and Toger was the extrapolated offset

temperature of the DTGgeq CUrves determined using thermogravimetric analysis (TGA)".
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Figure 4 DTG profile for material’s characteristic properties based on thermal

degradation [43]

Pyrolysis characteristics are estimated by differential thermogravimetric (DTG). TG
curve is determined by thermogravimetric analysis (TGA). This curve was totality of overall
elemental component decomposing in the process. After that, TG curve is differentiated
to obtain DTG curve, then pyrolysis properties peaks will appear as the Figure 4. These
respects is used to operate the thermal conversion process during pyrolysis. Tonse is the
starting decomposition of biomass, this respect is required to know when the biomass is
decornposed and it helps to set the gas condensate collection time. Tpea is the maximum
degradation. If biomass is decomposed at Thes, the process wilt produce the maximum

gas production rate equaling to DTGpeu. The temperature equaled 10 Toper, has no
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degradation of biomass. If process is heated over than Toger, it involes about the cost of
capital energy. In addition, many researchers have mentioned about pyrolysis behavior
as follows: Wannapeera et al. [44] and Lv et al, [45] mentioned that proportions of
element compositions effect the pyrolysis behaviour. For example, high lignin is slow
degradation, high hemicellulose and cellulose provided fast degradation [44], [45], [46]
[47]. High cellulose provides high yields of bio-oil; high hemiceltulose content provided
high gas yields; and high lignin content provided high charcoal residue [48]. Yang et al. {49]
reported that hemicellulose was degrated at 220-315 °C, cellulose was decomposed at
315-400 °C, and lignin was slowly degrated in a wide range between 160 to 900 °C. Then,
the pyrolysis behavior of biomass depends on the elemental component of biomass.
Table 3 demonstraed the pyrolysis characteristics of biomass. It can be seen that each
biomass has different degradation. Then, to understand the degradation behavior is

important to achieve efficiency of thermal conversion.
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Table 3 The pyrolysis characteristics of coal and some biomass

Material - ] Tonset €0 | Ten €€ | Tmax (€ | DTGy (% min™) | Topreer (€°)
Biturninous coal {Armutck)(25) 350 - 460 -1.710 600
Biturninous coal {Amasra)(25] 350 - 450 -1.373 680
Sugarcane bagasse[27] 140 219.73 325.36 -0.192 520
Cotton stalks[27] 150 286,647 | 438.24 -0.114 525
Empty fruit bunch (EFB)?[28] 258 - 436 - -
Palm kernel shell {PKS)[28] 260 - 330 - -
Pinewood sawdust (FW)[50] 172.40 - 340.37 - 567.24
Fern (Dicranopteris linearis) stem
p—— 141.47 - 321.79 - 588.00
Wheat statk (WS)50] 154.82 - 326.60 - 58i.16
Sugarcane bagasse (SB)[50) 157.40 - 350,79 - 57317
Jute (Corchorus capsularis) stick (JS)[50] | 157.22 - 340.38 - 554.85
Lemnol51] - 148 245 307 - 570
Spirodelal51] 150 - 322 - 560
D. tertiolecta A[51] 98 265 332 - 690
D. tertiolecta B[51] 125 X 288 - 600
E. prolifra[51) 162 261 319 - 596
Bamboo fibres(52] - 285.14 336.73 -1,0362 -
Giant[53] 198 - 336 -0.748 -

Above demonstrated the important of biomass characteristics involving the high
efficiency of thermal conversion process. Certainly, the rapid; accurate, low cost operation;
environmental friendly and safety is needed to compensate the current method. Then,
near infrared (NIR) protocol is required due to more advantages sush as it takes only 2-3
minutes per sample, the maximum accuracy of its protocol can be equivalent to reference
method, no chemical is used when the NIR models are used. It is safely technique for
employee and the operating cost per sample is inexpensive. NIR provided at low cost
(from 200 to 1 USD) and reduced the time (from 100 to 1 min) for predicting HHV and
element composition [37]. The several reseachers have been investigated on NIR
spectroscopy as an alternative technique for predicting of biomass properties such as corn
stover and switchgrass [54], sweet sorghum [55], switchgrass [56], and Jatropha curcas L.

kernels [57]. The other studies showed in Table 4, the predicted moisture content of
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biomass using NIR spectroscopy. Table 5 showed the predicting of ash content and Table
6 illustrated the HHV. For VM and FC of corn stover was investigated by Xue et al. [19],
they showed that NIR spectroscpy is possible to predict volatile matter with R? of 0.68
and 0.66, RMSEP of 9.92 and 7.83 g kg, respectively. The overall results showed that
predicted moisture contents have provided a good result, and the performance depend
on the particle size. If its particle size is too small, they will give mostly good result than
bigger size. The famous scanning mode is u;_,_ed of diffuse reflectance mode and the
absorbance is in the unit of log [1/R] because biomass had high solid density,
transmittance mode is not suitable because transmittance provided as a weak signal. The
developing method is optimized with using partial least square regression. The moisture
content is prominent parameter to be well predicted by NIR spectrascopy. A few research

reported on proximate data and there has been no pyrolysis characteristic and element

composition predicted via NIR spectroscopy method.

Table 4 Predicted moisture content of biomass using NIR spectroscopy

M AN=0 = R N e el ! | SEP/RMSEP
Material_ .. . Absorbance: | NIR region Particle size SDfrange = | R® . o
RPN ey A N O I /RMSECV.
Biomass'[58] log {L/R) 1140-2500 nmP=S 1 mm 2.25%% 0.95 | 0.51
1680, 1942, 2100, Under 2mm, 2-5
coal{59] log (1/R) 7.83-18.99 %% | - 1.74%
2180, 2300 nm MR mm, over 5 mm
wheat straw[60] log (1/R) 400-2500 nmfL 1 mm screen 3.08-11.82%"% | 0.91 | 0.691%%
Miscanthus xeiganteus
and short rotation log 1/R 750-1100 nm <3 mm - 0.99 | 0.90%%
coppice willow[61]
Jatropha curcas(62] log (1/R} 4000-12500 cm? Whole kernel 25.4% wh™ 0.96 | 4.0% wb
0.63-14.16%
Wood pellets?[63] Reflectance | 400 nm - 2500 nm - e 0.95 | (.670 % wh
W
weod, Miscanthus and
herbaceous energy Reflectance | 900-1700 nm™S Dia. 6 mm 9.119" 0.85 | 0.73>
grasses pellet{64]
Ciffuse 12,000 and shorter than 25.97-70.02
corn stover[19] 0.75 | 3.76 g/ke
reflection 4000 em-17L8 5G mm a/ke "8

‘switchgrass {(Panicum virgatum L., 56 samples), sugarcane bagsse (Saccharm spp., 4 samples), corn

stover (Zea mays L., 13 samples), lespedeza [Lespedeza cuneate (Dum.-Cours.) G.Don, 18] and various
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wood species [Fucalyptus spp., 3 samples; hybrid poplar (Populus spp., 18 samples), American

sycamore (Platanus occidentalis, 3 samples); black locust (Robinia pseudoacacia, 6 samples)]

Table 5 Predicted ash content of biomass using NIR spectroscopy

- . o : : SEP/RMSEP
Biomass Absorbance. | NIR region Particle size SD/range R? _
o T T S .| /RMSECV
Biomass![58] log (1/R) 1140-2500 nmPLs 1 mm 2.25% = 0.95 { 051
Under Zmm,
1680, 1942, 2100,
coai[59] log (1/R) 2-5 mm, over | 7.83-18.99 %" | - 1.74%
2180, 2300 nm MR
5 mm
Wheat straw[60] log (L/R) 400-2500 nmPLs 1 mm screen | 3.08-11.42%¢ | 0.91 | 0.691%<
Miscanthus
xgivanteus and
short rotation log 1/R 750-1100 nm <3 mm - 0.58 | 0.42%%
coppice
willow[61]
Biomass pellet(64] | Reflectance | 900-1700 nmf® Dia. 6 mm 6.22%"% 0.82 | 0.62%
Diffuse 12,000 and shorter than 42.9%-125.27
Corn staver[19} 0.84 | 7.55 g/ke
reflection 4000 cm~ FL8 50 mm a/ke &

switcherass (Panicum virgatum L., 56 samples), sugarcane bagsse (Saccharm spp., 4 samples), comn

stover (Zea mays L., 13 samples), lespedeza [Lespedeza cuneate (Dum.-Cours.) G.Don, 18] and various

wood species [Eucalyptus spp., 3 samples; hybrid poplar (Populus spp., 18 samples); American

sycamore (Platanus occidentalis, 3 samples); black locust {(Robinia pseudoacacia, 6 samples)]

Table 6 Predicted higher heating value of biomass using NIR spectroscopy

B R 0 1 O > LS | SEP/RMSEP/R
Biomass “Absorbarici IR region SDY range R? -
Straw[6] Log {1/R} 400 - 2498 nm 4-5 cm long 815.09 Jg~' 0.95 | 173.66 Jg'™
1680, 1942, 2100, | Under 2mm, 2-5
coal[59) Log {1/R} 70291 Jgt= | - 532,06 Jg!
2180, 2300 nm MB | mm, over 5 mm
Miscanthus xgiganteus
and short rotation Leg 1/R 750-1100 nm <3 mm - 0.99 | 130 Jgt @
coppice willow[61]
biomass pellet{6d] Reflectance | 500-1700 nm Dia. 6 mm 326 Jg'te 094 | 240 Jgt
Jatropha curcas(62] Log (1/R) 4000-12500 cm? | Whole kemel 950 Jg~t =9 0.86 | 360 Jg!
Sorghum(37] Reflectance | 6000-7000 cm™ Ground 0.5 mm | 270 Jg*t % 096 | 61 )¢

“ cross validation, *standard deviation, "range, *multiple linear regression, ™partial least square

regression
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Near infrared (NIR) spectroscopy

This chapter demonstrate a literature review of NIR technology including its
history, principle, background, theory, optimizing method, models and performance

analysis.
History and Background

in the 1800, Willaim Herschel who was the musician and astronomer, did
experiments by the sunlight that was divided into various particular color, and he
want to know that how was the different heat capacity between any particular light
color. During his experiment, he discovered that beyond red color which was in the
end of spectra provided the highest heat [65]. I;|.e did not believe that it was light
because the position at beyond red color was pellucid. Then, he also called ‘heat
radian’. Until in 1835, Ampere illustrated that it was only different wavelength in light
and he also called “infrared radiation” [66]. In the 1960, there were many papers
reported about NIR analysis and demonstrated the evaluation of water in various
liquids, led the NIR spectroscopy interested to be new method [67]. At the same
time, Karl H Norris started and succeeded to use spectroscopic method such as
visible and NIR including transmittance and reflectance, for determination of bio-
agriculture sample such as leave and grains, This century regarded as the first use for
analytical methods. After that, in 1970 there many researchers further studied and
published the use of NIR spectroscopy with food and agricultural product. This was
the big use for NIR spectroscopy, which led to develop the NIR instruments [68].

X-ray Far-Uv Near-UY Visiole Far IR
[ ‘—“_*!‘——’I‘—"—*I‘———*I
0.5 10nm 200 350 nm 800 nm 2500 nm 25 pum 100 pm
Micro waves Radio frequencies (NMR)

Ll B § L
| | ]
100 pm 1 mm 1cm 10 cm 1m

Figure 5 Electromagnetic spectral regions [68]
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Figure 5 demonstrated the electromagnetic spectral regions. The NIR region
covers in the range of approximately 800-2500 nm, and MIR is between 2500-25000
nm. The NIR region is related to overtones and combinations of fundamental
vibrations of C-H, N~H, O-H and S-H functional groups [69]. in the obvious
developments, NIR was not famous due to its overlapping peaks and difﬁcult to
analyze. However, in présent this problem can be solved using the chemometrics
evaluation methods. “Chemometrics” is multivariate calibration. There are more
advantages in of chemometrics in analytical chemistry, compared to the previous
univariate calibration [70]. The classical calibration method used only one spectral
data point, but chemormetric used whole spectra. This advantage was that all
information in analyte were considered. At present, NIR and chemometric can
improve the efficiency of both qualitative and quantitative analysis. NIR spectroscopy
is method that use the near infrared region of electromagnetic field to find the
answer in matter [71]. But the weakness is that, if concentration of the analyte is less
than about 0.1% of the total composition into sample, the results are not
acceptable [72], due to other peaks hide the peak of analytes. NIR speciroscopy
have been famous technique, it is the one of sensor to determine the quality
parameter of food and agricultural products e.g. moisture content of tapioca starch
[73], dry matter of durian [74], salt content in canned sardine [75].

The fundamental of NIR spectroscopy is the creation of the models using
measured data obtained from reference method and NIR spectra. After that, the
model was validated by unknown spectra and its corresponding. The goal of NIR
spectroscopy, is to know the calibration function, when Y,.=X,..b, where Y. is the
predicted value, X, is spectra of unknown, and b is regression coefficient. The b-
coefficient value is constant value and very important, or we can call “models”. The
aim of multivariate analysis {MVA) method, such as multiple linear regression (MLR),
principal component regression (PCR), and partial least regression (PLS), want to
determine the final b-coefficient, when it multiply with spectra of unknown, we can
predict the predicted value as a nearby measured value. The both predicted value
and measured value were compared, and mathematical performance were invested,
i.e. coefficient of determination (R%), root mean square error of calibration (RMSEC),
root mean square error of validation (RMSEP), standard error of calibration (SEC),

standard error of validation (SEP), residue prediction deviation (RPD), and Bias. Their
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mathematical term was used to consider its models whether they should be use for

predicting or not. The procedure for NIR spectroscopy illustrated in Figure 6.

. Neatinfrared (MR) sbectroscok

——

. Spectra data .

Unknown S"pect_rdrh_

sample

v

Figure 6 The procedure for near infrared spectroscopy

Why is NIR used in the future?

NIR spectroscopy is a fast, low-cost, easy-to-use, non-destructive, reliable and
versatile analytical method [65]. Only 2-3 min are needed for measurement without
sample preparation. Mcclure [76] stated that it provided four advantages over other
kinds of spectroscopy;

1) It is fast method with very little sample preparation. [n addition, a spectrum

can be obtained only by 30 seconds.

2) It is nondestructive method. The same sample can be retained for other

analytical procedures or returned to the population.

3) It is multi analytical. More than one constituent can be determined from a

single scan or spectrum.

4) It is not depended on highly skilled personnel to operate the instrument.

Theory and Principle

Basic laws and NIR interaction with matter
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The scientists have tried to describe how the interaction between lights and objects
are. The understanding of its behavior is going to help for improving the measuring
technique. When the light beam emits on the sample’s surface, one part of beam
was absorbed via object, or one part transferred though out the sample, or one part
of light cannot emit through surface and then 100% reflected back, or one part of

beam go inside, it scattered and reflected back to the surface [77].
Body reflectance \ “ ﬁ x f /4
(=0.1-0.8l,) \\

Incident light ()

Regular reflectance
(=0.01,) /X/ J

Transmittance

(=10%-10%,)

Absorption

Emissicn

(=10°-107,)

Figure 7 Simplified schematic drawing showing the interaction between light and

sample [77]

In order to understand the interaction between light and sample (see Figure
7), Birth [78] explained that the incident light (Ip) falls down on sample. There were
four parts of interaction ie. regular reflectance, emission, body reflectance,
absorption and transmittance. He measured the intensity after interaction and found
that the beams intensity of regular reflectance, emission, body reflectance, and
transmittance were about 0.4l,, 108-10%,, 0.1-0.8l,, and 10107, respectively. The
intensity remaining of beam scattered deeply into sample, it was absorption. The
regular reflectance was the no light emitted through the surface and then it will be
reflected back of 100 percent. The maximum intensity after interaction was the body
reflection and the minimum was the transmittance. Then, the information into
samples was intensely taken out of object by body reflectance, while radiation
intensity via transmittance was weakest. The transmittance mode required high-
intensity of light source {77]. Therefore, the suitable light source and detector is very

important for measuring method. Transmission spectroscopy is the oldest. It is the
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basic infrared method which is based on absorption radiation at specific wavelength
as i-t passes through the sample [79]. Considering in Figure 8, the monochromatic
radiation (I5) is shined into the sample, I was the absorbance, It was the
transmittance and Iz was the reflectance. The sum of all radiant power must be

equal to (Iy), equation is defined as [67}
IOZIT'I'IR'I'IA (ﬁl)

The ideals of transmittance mode, Iz presents to zero. There are no lights
reflect back to surface of sample. Therefore, when detector detected the signal of
transmission mode. Transmittance (T), is defined as [80];

Tt s)
Iy

When, |y is the incident intensity, and I, is the transmittance intensity.
However, absorbed energy cannot be directly measured, but can be collected by
measuring all the non-absorbed energy (transmittance, T). The mechanism of
absorbance techniques use Beer-Lambert law, it supposes that |z equal to zero [67].

Absorbance (A) defined as A=logs (1/T). Then, we can know A if we know I or I.
Ir

Ir
2

/'IV
= .0 .

Figure 8 Interaction of radiation with matter [67]

Due to body reflectance is high intensity, reflectance is usually easier to use for
analyzing the quality of agricultural products and is widely used. Either the high light
intensity of light or the high sensitive of detector do not need. Its intensity is higher
than signal of noise. Body reflectance can call ‘diffuse reflectance’. The reflectance
method is used when it is difficult to analyze by normal transmission. Specially,

diffuse reflectance was considered where light penetrates one or more particle and
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reflected in all directions (67]. Kubelka and Munk optimized a theory explaining the
diffuse reflectance mechanism for powder sample [79]. The equation that developed

by Kubelka and Munk was defined as [81]

—R 2
F(R.) = 525 =2 (6)

Where F(R..) is the Kubelka and Munk (K-M) function or value. R, is the absolute
reflected light of an infinitely thick sample, s is the scattering coefficient and k is the
molar absorption coefficient. R is defined by R_=Igy, Iz is intensity of reflect light and
Iy is intensity of incident light. For diffuse reflectance, the function was assumed for
infinitely thick sample. The thickness of samples Have to be thick enough for
ensuring that its diffuse reflectance intensity will not change when increase the
thickness. In addition, the scattering coefficient (s} is pretended that it is constant at
any wavelength of all spectrum, and scattering coefficient depend on particle size or
path length [82]. ‘

When R, < 0.01, the alternative function that is log /R, =kc (c is the
concentration and k is the absorption coefficient) is usually used in NIR diffuse
reflectance spectroscopy, because small r, value is generally found in the NIR region
[83]. The manly ideal was the portion between the reflectance of standard and
diffuse reflectance of sample, e log (R/R), when R is the reflectance of standard
{equal to 1: it was assumed that reflection was 100 percent), R is diffuse reflectance

of sample {67] Then the information in the object can be fully taken out to be the

diffuse NIR spectra [84] for modelling.
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Modeling and performance analysis
Modeling

This subtopic lists basically the modeling method, which is divided into five step. The

fundamental methodology of NIR spectroscopy was illustrated in Figure 9.

1 Total data

(Spectral + Reference)

Calibration set Validation set

T
1
I
{Spectral data) (Reference data) !
| i
1
t
3 (Spectral Pre-processing) :
¥ B :
1
[ i
MLR, PCR and PLSR 1
‘L __________ (Spectral data)
i
Calibration model :
1 :
h 4 hd
Prediction value 1 5 [ {Reference data}
W

RZ, RPD, SEP or RMSEP

Figure 9 1) Sample scanning and reference lab 2) Data separation data for calibration
set and validation set 3) Spectra preprocessing 4) Modeling 5) Validation
and model performance analysis. SLR is simple linear regression, MLR is
multiple linear regression, PCR is principal component regression, and PLSR is partial
least square regression.

1. Sample scanning and reference lab

The first step of NIR spectroscopy is the sample scanning. The correctly
scanning method produce the good spectrum and accurately predicted result. The
type of samples presentation to NIR radian are mainly divided in to (a) transmittance,
(b) reflectance, (c) specular reflectance, (d) diffuse or body reflectance and (e)

interaction modes, is shown in Figure 10.
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i‘.\

(a) Transmittance (b) Transﬂectance

i/ \/?

(c) Specular reflectance {d) lefuse or body reﬂectance (&) Interactance

Figure 10 Five methods for obtaining NIR spectra [85]

The different types of interaction of radiation with matter was between
transmittance and reflectance. Transmission is the oldest technique and basic of
infrared spectroscopy. Reflection technique is a wide use at present including
diffuses reflectance or body reflectance and interactance. Transflectance is the
combination of transmission and reflection. In the case of interaction method, an
interaction probe with a concentric outer ring of itlluminate and an inner pdrtion of
receptor is used as the one side of the probe is in contact with the surface of the
sample [85]. When samples are scanned by NIR spectrometer to obtain the NIR
spectra, the transmitted spectra are obtained by Tzllf, when, [ is the incident
intensity, and [, is the transmittance intensity. Meanwhile, absorbance is recorded by

(1-R)?

A=log (/T) for transmittance mode, and either A=log(1/R) or F(R) =g is

recorded for diffuse reflectance mode, when R is diffuse reflectance of sample.

After that the reference data of samples are immediately determined by the
standard method. For example, the MC is determined by dry oven, HHV is usually
determined by bomb calorimeter. Afterward references data have to check for

outlier. If outliers are found, they are removed from data set. The outlier of

references data is determined using & ‘D X) > +3 [86], where X is the measured
value of sample i. X and SD were the average and standard deviation of the
measured values, respectively. If the result is satisfied, the sample (i} will be

removed from data set. This step, the precision of reference method and NIR
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spectrometer are concerned using repeatability and reproducibility, respectively. For
reference method, the repeatability is the standard deviation of the different
duplicate and reproducibility is the standard deviation of the different duplicate

obtained from blind samples. Then, the maximum coefficient of determination

SDZ—Rep?
(R%,,,) is calculated by R3,.x = _ﬂs_fg);;&
¥

of measured value. R%,,, is used to estimate the possibility of the modeling. If there

[87], where SDy is the standard deviation

are no errors in the spectra in modeling, the coefficient of determine (R?) is close to
RZ ... The R%., can be approximately notified that should be continually
developed the models or ﬁot. For repeatability of NIR instrument, either one or more
than one sample is re-scanned for n time, the absorbance value at obvious peak of
NIR spectra are selected and collected. Then, the repeatability is the standard
deviation of n absorbance value. For reproducibitity, is the standard deviation of the
absorbance value when that sample is re-loaded and re-scanned for n time

(personal communication with Phil Williams).
2, Separations of sample set to calibration and validation sets

The samples set are divided into calibration and vatidation set by the ratio of,
for example, 50:50, 60:40, 70:30, 80:20. If the samples number are less than 50, the
model should be validated by cross validation [70]. The measured data to be

calibration set have to cover the widest range of reference data.

3. Spectrum Manipulation

When the calibration set is selected, then its spectra will be pretreated. The
spectral preprocessing methods help to reduce the contribution of noise or error in
experiment which cannot be eliminated by the regression technique [88]. The
irrelevant information was the effect of different temperature, particle size, relative
humidity, human error, sample holding, and multiplicative effect of scattering. The

spectra preprocessing method is described as follow.

Baseline offset
NIR spectra shift because of physical effect such as the different particle size
and non-uniform and inhomogeneous. Baseline offset technique is used to correct

the baseline shifted spectra. It is conducted by adjusting the data to the minimum
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point. The original spectra are subfracted by minimum absorption. The formula for
the baseline offset correction can be written as [89].

Xsusi = Xorg — Xmin - (7)
Xgps,i is the new absorbance at sample i, Xqrg is the original absorption, Xy, is the
minimurn of absorption.
Multiplicative signal correction or multiplicative scatter correction (MSC)

It is used to reduce the multiplicative effect of scatter arising because of
differences in particle size between samples [90]. Hts original name is “multiplicative
scatter correction” because it is used to reduce for types of multiplicative problem
more than arising from scatter only [91]. Firstly, slope (a) and intercept (b) are
calculated from regression between each individual spectrum and a reference
spectrum (usually, it is used the avera.ge spectrum).

X=aXes+Dh (8)
Coefficient a and b are used to correct each spectrum by using the expression below
[90]:
“op il ©)

X
corr a

Where X o is corrected sample spectrum, X,er is reference spectrum (average
spectrum), X is original sample spectrum and a is slope and b is intercept.
Standard normal variate (SNV)

SNV is similar as the multiplicative scatter correction (MSC), which is used to
reduce the multiplicative effect of scattering [90]. The mean and standard deviation

of each spectrum is calculated, and then it is defined as:

XX
Xsnvi = — SDavg (10)

Where X; is absorbance for the spectrum at wavelength i, Xgyyj is the new
absorbance as standard normal variate of each spectrum at wavelength 1. X;yg and
SD is average and standard deviation of spectrum.
Smoothing
All the spectral points are smoothen using n-point (g is gab width) average

moving to reduce the effect of noise in the spectra [92]:

Apew = (Ap—ag + An_g + Ap + Apyg + Anyzg)/n (11)
Where A, is the new absorbance value at the wavelength at n nm, A, is the original
absorbance in the wavelength at n nm, n is the smoothing point, and g is gap.

Centering
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Mean centering is used the data set to reposition the centroid of the data to
origin of the coordinate [93]. It is calculated by subtracting the average response

from each individual response as follow [90]:

Xme = X~ Xav (12)

Xme X and X,y are mean centering absorbance value of each spectrum, absorbance
value of each spectrum and mean of spectra data, respectively. After this step, all
means are zero and variances are spread around zero and mean centering is often

powerful in resolution enhancement [93].

Normalization

There are four forms of normalization, vector normalization, mean
normalization, maximum normalization and range normalization. Normalization is
used to get all data in approximately to same scaling {94]. Vector and mean
normalization are the popular normalization procedures [93], the normalization is
written as [94]:
e (13)

Xvector,nor < :
,‘Z Xik

Xyectornor 1S Normalization absorbance value of each variable, X; is absorbance

value of each variable, k is number of variable.
_ [ p (14)

Xmean,nor = AT

Xmean,nor i Mean normalization absorbance value of each variable, X; is absorbance
value of each variable, X ean IS mean of spectra data.
X

- (15)

xmax

Xmax,nor =
Xmaxnor 1S maximum normalization absorbance value of each variable, Xj is

absorbance value of each variable, X,,.x is mean of spectra data.
% (16)

range,nor Xi,max—Xi,min

X rangenor IS range normalization absorbance value of each variable, X; is absorbance

vatue of each variable, Xpi, is minimum of spectra data.

Derivatives
This method has been used in NIR spectroscopy. The first derivative is use to

reduce difference in baseline shift, while second derivative use to reduce difference
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in slope and separate overlapped peak, however higher order derivative is not
recommended because they increase noise in the signal and reduces its magnitude
[901.

Hruschka [95] and Ozaki et al. [93] described that a derivative spectrum is an
expression of derivative value, d"A/d"A (n=1,2,..), of a spectrum A(A) as a function
of A. The first derivative is written as dA/dA, second derivative is written as d®A/d%A
and third derivative is written as d*A/d?A. Transformations to first, second and third

derivative are then

dAn = Ap+g — An—g ' (17)
d?A, = d(Apyg = Ang)
= An+2g - 2 ® An + An._zg _ (18)
d3Ap = d(Bpszg — 2 % Ag + Anezg)
= An+3g =, 3 * Aﬂ'l'g + 3 * An—-g = An_gg (19)

Where dA,, d?A,, and d3A, is first, second and third derivative at point n, g is an
integer called the gap or derivative size and A, is the log(1/R) value at point n.

4 The calibration Model

There are several methods to optimize the calibration model. This step discusses
three method including multiple linear regression ( MLR), principal component

analysis (PCR) and partial least square regression (PLS).
Multiple linear regressions (MLR}

Mark [9 6] described that: when several independent variables (x) were used to
predict a dependent variable (y}, it is called a multiple regression. It is advance
regression than simple regression. The idea of MLR is y=ype+€, when y, ype, and e is
the matrix of analyte concentration, predicted analyte concentration and residue
matrix, respectively. The solution forms yg.= xb, when b is regression coefficient
matrix. Then b can estimate from b=x"y, where x+ is the pseudo-invers of x, x+ is
calculated by (x'x} X", and x is independent variable (absorbance value). The
prediction of dependent variable (y;} was calculated by ype= x(x) X"y, and y= x(x'x}
X'y+e. If the matrix of x contain of noise, the term of (x'x)™ will provide double
noise. We can see that MLR is unstable when the independent variable contains

noise.
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Figure 11 Schema for the calibration of a multiple linear regression model and the
prediction of new sample. Step: (1) Calculation of regression vector. (2)

Prediction of the property of the new sample. N and D is number of

sample for calibration and validation set, R is wavelength.

Figure 11 is the overall of MLR concept. Firstly, the data set is separated to
calibration set and validation set, After that, regression coefficient matrix (b} will be

calculated by calibration set as

b= (x’galxcal)_lxgaIYCal (20)

Secondly, regression coefficient matrix will be used to calculate the predicted value

(Yore) @5
Ypre = XpreD (21)
Principal component regression (PCR)
1) Rotational axis and principal component analysis (PCA)

Rotational axis base on principle component analysis, it was explained by Krzanowski
[97], Figure 12 demonstrated the effect of rotating axes around the coordinates of
the midpoint (point O). The point M has coordinates (x;,x,), refer to the original axes
lines OX,, OX,, respectively. When the axes OX;, OX, are anticlockwise rotated
through an angle of 8 to be the new axes ie. OTy, 0Ty, the new coordinates of M

become to (ty,t,) when refer to new axes OT;, OT,, respectively.
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M
'& T,

Xy

Figure 12 Effect of a rotation of axis on the coordinates of a point {97]

Thus, if we know the coordinate {x;, x,) at point M which referred to a pair of
orthogonal axis, and we can deduce its new coordinates (t;, t;) when the axis is
anticlockwise rotated through an angle 8. The coordinates (i;, t;) of new axis relate

the original axis (x;, x,) as follows:
t; = x,c086 + X,siné (22)
ty = —X,sin0 + x,c0s0 (23)
T=[ty, b, t), X=lXg,%2,. %], P=[P11,P120,P1al; thén T=XP, when a is number of axis,

and x; and x, can convert to the coordinate (ty, t,) as:

X, = t1c0s0 — t,sind (24)
X, = t;sinf+t,cos0 (25)
X=TP" (26)

The relationship between P and PT are presented as

PPT = PTP = (27)
where 1 is a identify matrix, T is a score matrix (new coordinate), P is a loading weight

matrix, and P matrix is orthogonal with P'.

PCA is widely used in data-processing. {t is a famous and dimension-reduction
technigue, with numerous applications in engineering, biology, and social science

[98]. Naes? et al. [99] noticed that “it is a method of data reduction or data
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compression”. The PCA can be conducted using rotational axis. PCA is similar to
singular value decomposition (SVD), the SVD forms X=USV’, when T=US and P=V,
while PCA forms X=TP'+E. The matrix X (nxa) is the independent variable
(absorbance value), it was decomposed as X=YR TgPg : n is number of sample, and a
. is number of wavelength. The matrix of X can write as X=F ¥ T PT+E, when k<R, k is
the number of reduced factors, E is residue between YR TgPy and TiP¢, then
lim TePp =~ XX TRPR. Then the number of factor of X matrix will be reduced from a

to k.
2) Perform multiple regressions (MLR)

PCR is based on the basic concept continuing from principal component analysis
(PCA) [99). The PCR is combination between PCA and MLR. The data set contain of
dependent variable (Y or analyte concentration) and independent variable (X or
absorbance value). In Figure 13, the matrix of X is converted to new coordinate using
PCA technigue and called “score matrix (T)"”. The information in X (Xy,X;) of two
dimensions is compressed down in t line (Figure 13). It is the reduced process from
many variables to a few components. The components tis used as independent
variable, it is regressed with y as dependent variable [99]. After that the score matrix
s relate.d linearly with dependent variable for obtaining regression coefficient matrix

by MLR.

X2
A
T
e
» L]
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» -4
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e > X
0 * X
e &
° ®
L]

Figure 13 The projection from two dimensions to one [97]

The data set of X is the matrix of spectral in dimension of NxR, N is the sample

number, and R is number of wavelength. The matrix X is constructed as [90]

X =TrPs = TyPf +E (28)
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, when k<R, E is the residue matrix of variance between variance TgPa and TRPJ. T,
is new dimension called score matrix (Nxk), P is called loading (kxR) and E is called

residue matrix of model (NxR). X can be presented by its score matrix as
T = XPy (29)
Matrix of referenced value (Y) can be calculated by regressing Y against T:
Y=Tb+F ’ ' (30)

Where Y is dependent data (Nx1), b is regression coefficient matrix {(Nx1) that is
obtained from least square regression by multiple linear regressions, F (Nx1) is

residue, is defined a:
b= (T T) (Tc'Y) (31)
The step of principal component analysis is shown in Figure 14 and obtained as:

1) Decomposition of independent variable calibration data matrix in score and
loading matrix. 2) Calculation of regression vector {(using MLR) of calibration set. 3)
Projection of prediction spectral into calibration space. 4) Prediction of the property
of the new sample. Where T* is score matrix of prediction set, Xpre and X, are
absorption spectra of prediction set and calibration set, Yyre is predicted value of

prediction set and Y, Is reference value of calibration set.
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Calibration Prediction

Figure 14 Schema for the calibration of a PCR model and the prediction of new

sample [90]

Partial least squares regression
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PLS regression is a technique that combines the properties of principat
component analysis (PCA) and multiple linear regressions (MLR), it is a method for
relating two data matrices X and Y by a linear multivariate model {(Wold et al., 2001).
PLS is constructed of the relationship of two matrices X and Y by score vectors and
is based on the basic latent component decomposition [100] and both matrices can
be decomposed as:

X=Y2  tgpr =TPT+E (32)
y=Xi-1taqr =TQ" +F (33)

P and Q is called X-loading and Y-loading, is used to describe that how the variables
in T related to matrixes X and Y [99], respectively. E and F is residue matrix of X and
Y, respectively. T is called score matrix or latent component. For PLS and PCR, a
matrix of score T can be defined by X matric and weight matrix (W} as covariance of

y and T must be the maximum. Then, the weight matrix (W) can write as:

xTy
L8aaR 4
WIRE (34)
and score T can be calculated as:
T= Xw (35)

From equation 2.56, data set is any dimension, Q Twill be defined as:
QT = (TTD)(T™Y) (36)

The regression coefficient matrix (B} can be estimated as a function of loadings of X,

Y and P and Q, respectively, in addition to W(X) [90]:
B=W(PTW)'Q’ (37)
Then predicted valued matrix is calculated as:

Y=XyeB= XpreW(PTW)‘1QT=XpreW(PTW)‘1(TTT)‘l(TTY) (38)
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Figure 15 Schema for the calibration of a PLSR model and the prediction of new
sample [90]

In Figure 15 shows the procedure for the calibration of a PLSR model. The first step is

decomposition of X and calcutation of weight matrix, second step is calculation of

regression matrix of calibration set. The third step is prediction of prediction set.

Performance analysis

When calibration equation is calculated, it is needed to determine the
performance of prediction model. There are two types of validation including -
internal vatidation or cross validation and external validation or test set validation.
The step by step of a cross validation is shown with Figure 16 [70] and it is described

as:
1. A sample is removed from a data set.
2. Calibration model is computed from the remaining samples.

3. Removed sample is analyzed by calculate the error of analysis for this sample:
Yevi — ycv,i
4. Removed sample is returned to the data set and then a new sample is removed

and calculate new model and predict new sample: ¥a—cvi — ¥2-cvi

5. Repeat step 4 until all samples of the calibration data set were removed. Then

the root mean square error of cross validation is calculated.
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Figure 16 Schematic of cross validation [70]

Root mean square of cross validation (RMSECV) is one of parameter that

implies a performance of modeling and is defined as:

N g e
RMSECV = Fi—-=1(y°;‘ o (39)
/ t

When .y, is prediction value of cross validation test and yy,; is measurement value

of cross validation test set and Ny is number of total sample.

For external validation set, the total data set is divided to calibration set and
validation set. it will be built when the data set is more than 50 samples. The
calibration model will be created by calibration set and then it will be validated by
validation set. It is essential to know the performance of model. The performance of
the model was indicated by the coefficient of determination (R?), root mean square
error of catibration {(RMSEC), root mean square error of prediction (RMSEP), ratio of
prediction to deviation (standard error of validation to the standard deviation, RPD)

and bias.

Coefficient of determination (R?). It is the proportion of explained variance to total
variance. Williams [84] described that “it is the showing of percentage of variance in
X data that can be explained by the variance in the Y data”. For unexplained
variance is attributable to other factor. It cannot be controlled such as sample
preparation, reference testing etc. Figure 17 shows the scatter plots of the
comparison of measured by the reference laboratory technique and predicted by

near-infrared (NIR} spectroscopy.

Considerably, P(9;,y:) is the scatter plots between of y; (measured value) and
¥ (predicted value). The residue (e) is the difference between the measured and

predicted as can be defined as:
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e=y;—§i (40)
N
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¢
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Figure 17 Comparison of measured by the reference laboratory technigue and

predicted by near-infrared (NIR) spectroscopy [67]

e? is called the sum squared of residuals {SSR) or sum of squared errors of
prediction (SSE), it can be written as:
SSR = €% = Y \(y; — §;)? (a1)
While sum squares of the difference of the measured value and its mean is called
total sum square (TSS). It can be wri'.cten as:
TSS = %(yi — §) (42)
SSRis called “unexplained variance”, TSS is called “total variance” and TSS — SSR
is called “explained variance”.
The coefficient of determine (R?) can be calculated as:

2 _ 4 SSR_ ., -9 _ i-9P-Gi-9)?
RE=1-Is=1 TiE 97 (43)

y; s measured value, ¥ is mean of measured value, ¥; is predicted value. For
example, if R? equals to 90, this means that 90% variance of reference data can be
explained by NIR spectra data, and 10% was the unexplained variance. Zornoza et al.
[101] suggested about R? that “the model provides excellent prediction if R > 0.90
and good prediction if 0.81 < R < 0.90 and it permits only approximate prediction if
0.66 < R? < 0.80 and were poorly predicted if R? < 0.66 and RPD < 2.

Williams [84] guided about the use of R? as follow Table 7.
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Table 7 Guidelines for the Interpretation of R? [84]

R? Interpretation

Up to 0.25 Not usable in NIR spectroscopy calibration

0.26-0.49 Poor correlation, reason should be researched
0.50-064 - OK for rough screening

0.66-0.81 OK for screening and some other “ approximate”

calibrations

0.83-0.90 Usable with caution for most applications, including
research o

0.92-0.96 Usable in most applications, .including quality
assurance

0.98+ Excellent, usable in any application

For validation based on the validation set, the performance was explained by root

mean square of prediction (RMSEP), it is defined as

Ziﬂ(?ip“ﬁp)z (a4)

RMSEP = N,

when §;, is prediction value of prediction set and yip is measurement value of
prediction set and Ny, is number of sample in prediction set. RMSEP is the average
uncertainty that can be expected for forecasting of future sample [88] It is a

qualitative measure for the accuracy of the analysis.

Bias is one of the most important parameter to imply the model performance. It is
the mean difference between predicted data and measured data. It measures the
overall accuracy of the calibration medel [84] and can be calculated as:

N
. _ Zi=p1 Yip—Yip
Bias, = B {45)
SEC is the standard deviation of error of calibration. It shows the standard deviation
of the different between measured value and predicted vatue of calibration set. It

can be calculated as:

N r6. v _Bias.)2
SEC = \/EFI@lcNchl Biasc) (46)
c—
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For validation set is written as:

Np o v —Bias)Z
SEP - JZi:l(?l YI Blas) (47)
"RPD is the Ratio of SEP to the SD (standard deviation of measured value of
validation set). [t is a qualitative measure for the assessment of the validation results.
It is calculated by

L)
RPD = SEP (48)

where SD is the standard deviation of the measured valued of the validation set, and
SEP is the standard deviation of error of the validation set. If RPD is low, its means
are narrow reference data or high SEP, thén model is not necessary [84]. The
guideline for RPD have recommended by researcher such as:

Williams {84] recommended for RPD that “if the model provided RPD between 0.0
and 2.3, its use is not recommended, RPD between 2.4 and 3.0 could be used for
very rough screening, RPD between 3.1 and 4.9 could be used for screening, RPD
between 5.0 and 6.4 could be used for quality control, RPD between 6.5 and 8.0
could be used for process control; and RPD>8.1 could be used for any application”.
Zornoza et al. [101] suggested about R? and RPD that “the model provides excellent
prediction if RPD>3 and good prediction if 2.5 <RPD <3, and it permits only
approximate prediction if 2.0 < RPD < 2.5 and were poorly predicted if RPD < 2”.
Nicolai et al. [88] guided that “RPD between 1.5 and 2 means that the model can
discriminate low from high values of the response variable; a value between 2 and
2.5 indicates that coarse quantitative predictions are possible, and a value between
2.5 and 3 or above corresponds to sood and excellent prediction accuracy™.

The RPD? is:

2
RPD? = % (49)
Substitute SEP in Eq. 47
T —
RPDZ — Zlyi—vi) /Np 1 (50)

N .
%o (Fi-yi—Bias)?/Np-1

And then, if bias very less= (. Equation 50 become as:
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RE=1—— (51)
This is shown that R? o« RPD?. RMSEP? can be defined by
RMSEP? = Bias? + SEP? (52)

and become as:

N Np 95—
M i~ ZND ?i—yi 2 Zi:a(?i_Yi"Ei:}Wfi 2 (53)
Np T LHE N Np~1
N o
Zi=p1(?i_y{)z ~ +M (54)

Np Np=1

Correlation coefficient (R) shows the performance of model. It is the correlation

coefficient between the predicted and measured, defined as:

(55)

X (SD)?—~(RMSEP) 2z |z
(sD)?

where SD is the standard deviation of measured value {y;). Syef is standard error of

the laboratory of reference method and is defined as:

(56)

SN BN (yig=31) "/ (M-1)
Sref = N

Where M is a replicates for sample 1 and N is a total sample. The standard error of
the laboratory reference method is an estimate of the precision of the reference
method [102]. If two is a replicate for sample and N is a total sample, S;¢f can be
written as:

N —ys)2
Z,:;(h ¥2) (57)

Sref - N

Where y, and y, are the replicate 1 and 2 respectively.
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Introduction

The information of biomass properties are particularly required in order to optimize
the thermal conversion process as the resource of energy generated by biomass feedstock.
Biomass is generally characterized by its energy properties including heating value (HHY,
LHV); proximate data (MC, VM, FC, and A), pyrolysis characteristics {Tonseer Tshy peaks Toffsets
and DTGpeqy); and elemental compositions (C, H, N, O, and S) compared to fossil fuels [1].
Generally, the MC is water content in biomass and it is a negative parameter for thermal
conversion. The moisture content (MC) in biorass contributes to temperature drop during
burning in combustion process because one part of energy was used to heat the water.
In pyrolysis, high MC leads to high MC in bio-oil in which made the poor-quality bio-oil.
Demirbas [2] stated that the HHV of fuel was decreased with in;:reasing in MC. Therefore,
the MC could be used to predict the HHV due to high correiation with the MC. Thus,
determination of HHV by using dry oven based on MC is obviously cheaper than bomb

calorimetry technique.

The HHV is not only affected by MC, but it is also influenced by major component
" in biomass. The determinations of major component in biomass were divided into three
terms such as lignocellulosic, proximate data, ultimate data. Lignocellulosic terms are the
cell wall of biomass including hemicéltulose, cellulose, and lignin; they are
polysaccharides which contain the molecule of hydrocarbon [3]. Proximate data term is
the weight percentages of MC, VM, FC, and Ash of biomass. The ultimate data term is
weight percentages of chemical element contents (C, H, O, N, and S) [4]. For lignocellulosic
term, hemicellulose, cellulose and lignin were approximately made up by 20-30%, 40-
44%, and 18-25% [5]. A higher lignin content (corresponding to lower cellulose) results in
slower decomposition, while higher hemicellulose and cellulose contents {eéd to faster
decomposition [6-9]. Stefanidis et al. [10] reported that pyrolysis of cellulose gave high
yields of bio-oil; high content of hemicellulose gave higher gas yields and moderate yields

of bio-oil; and high content of lienin gave the highest solid residue yield. Hemicellulose
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and cellulose were quickly decomposed at 220-315 °C and 315-400 °C, respectively, while
lignin was decomposed in a wide temperature range from 160 to 900 °C [11].
Hemicellulose decomposition had a shoulder peak at 290 °C, cellulose decomposition
occurred at the highest peak at 347 °C, while lignin was decomposed in a wide
temperature range without an observable peak [12]. This meant that Tonget was the started
decomposition of lignin and hemicellulose, while T, was the maximum degradation of
“hemicellulose. Tpea was the degradation of cellulose and lignin and DTGpey was the
decomposition rate among lignin and cellulose. To consider the proximate data, the real
energy of biomass obtained only from the combustion of VM and FC. Ash was the residue
solid. It consisted of silica, aluminum, iron and calcium, small amount of magnesium,
titanium, sodium, and potassium which could not be burnt. VM was fuel gas releasing after
the water released completely which consisted of hydrogen and carbon. The FC was the -
products of the carbonization of biomass matter (bio-char). It was seen that VM was fuel
gas obtained from decomposition of hemicellulose, cellulose, and lignin. Moreover, HHV
could be predicted using proximate data. Yin [4] gave the equation for predicting HHV
based on proximate analysis as follows: HHV (MJ/kg) =0.1905VM+0.2521xFC. While the
correlation based on ash content for predicting HHV was presented by Sheng and Azevedo
[13], the equation was HHV=19.914-0.232dxAsh. For ultimate data, the C content was
about 30-60%, H was around 5-6% and O was ‘approximately of 30-45% meanwhile N and
S were less than 1% [14]. Tts C, H and O content highly affected to higher heating value.
In pyrolysis process, C and H became to VM, and bic-oil and C became to fixed carbon.
The HHV could be predicted by the ultimate data. Yin [4] generated the equation for
predicting HHV of biomass based on ultimate analysis as follows: HHV
(MJ/kg)=0.2949C+0.8250xH. Meanwhile, S and N content were necessary in term of
environmental protection [15)], they led to releasing of SO,, NO and NO, and became to
acid rain. During combustion, C,O was emitted from combustion between C and O whereas

M and O became to H,0. The knowledge of C and H in biomass could be used to predict
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the amount of air used in combustion process. If the air is inadequate, the C and O will

becorne to CO.

in addition, the HHV could be converted to LHV by LHV=HHV (100-M)/100-rM [16],
where M is the moisture content (wt%), and r is the latent heat of vaporization of water
at normal pressure. The HHV was determined by ultimate or proximate datg, it is easy to
predict LHY when MC was known. As mentioned above, it clearly showed the relationship

among biomass constituents.
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Chapter 1

Rapid non-destructive evaluation of moisture content
and higher heating value of leucaena leucocephala

pellets using near infrared spectroscopy

1.1 Abstract

The MC (moisture content) and HHV (higher heating value) of Leucaena
leucocephala pellets using NIR (near infrared) spectroscopy was investigated in this study.
The MC of the pellets was adjusted by subjecting the samples to different relative
humidity environments. The samples were scanned in diffuse reflection mode at
wavenumbers of 12,500-4000 cm™. Partial least squares regression models correlating the
MC and HHV with the NIR spectra were developed and validated by full cross validation.
The models for MC and HHY provided coefficients of determination (R?) of 0.995 and 0.964,
a root mean square error of cross validation (RMSECV) of 0.187%wb and 79.2 J ¢, bias of
-0.0008%wb and 1.29 J g’ and a RPD (ratio of prediction to deviation) of 13.9 and 5.30,
respectively, The models had excellent accuracy. This rapid quality evaluation method
may be used for trading of biomass pellets. An equation related MC and HHV was also

developed.

*This chapter constituted the journal article: Posom J, Shrestha A, Saechua W, Sirisomboon P. “Rapid
non-destructive evaluation of maoisture content and higher heating value of Leucaena leucocephala

pellets using near infrared spectroscopy.” Energy, vol. 107, 2016. Pp. 464-672.
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1.2 Introduction

The fast-growing plant is garnered much interest to be biomass due to its
characteristics is rapid growth, easy care, and durable drought [1]. Leucaena leucocephala
is one kind of seven fast-growing trees promoted by government sector [2}. Leucaena can
plant in all part of Thaitand. It is one of alternatives to fossil fuels. Thailand has the large
area of growing Leucaena leucocephala in Lopburi and Nakhonratchasima Province where
are in the central and northeastern area of the country, respectively. Leucaena
leucocephala is considering for biomass production due to its reported yield of wood
around 30-40 m3/hafyear [3]. Mainoo and Ulzen-Apiah 4] stated that Leucaena
leucocephala had the highest heating value and it is a better choice when the users are
interested in buming quality. Leucaena is the nitrogen-fix tree, then help to reduce the
fertilizer prices and improve soil nutrient respect [11 |

The wood pellets are a good choice for heating. The densification into pellets
could reduce materiat waste and improve the ease of transporting and storage [5]. Pellets
is convenient and easy to use which can be store at less space [6], have a high HHV and
increasing pellets density would increase char combustion time [7]. Owing to low density
of biomass involved handling, transportation and storage costs, therefore biomass should
be kept in pellets forms [8].

The global wood pellet production has continuely increased since in 2000 (2 Mt)
to present (more than 28 Mt} [9]. In 2015, global wood pellet demand equal to around
28 Mt, European Union member countries (EU28) imports 13.4Mt, Japan imports 232kt,
South Korea imports 1.5Mt [10]. From total asian imports Q1-Q3 at 2015, Korea imported
approximately 19 thousand tonnes from Thailand [11]. Moreover, Thailand want to
increase the use of biomass for generating heat combustion from 5,144 ktoe in 2015 to
22,100 ktoe in 2036 [12]. Then wood pellet quality was also concerned for commerciat
products and generating heat.

Since Leucaena teucocephala woody gave a HHV, approximately 17.69-18.12
MJ/kg [13] for pellets forms. The HHV and MC of pellets are very necessary, it is the main
respect to set price of pellets. If pellets had high HHV or low water content, the price is
high. The measurement of HHV and MC by NIR is required for factory because of rapid
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measurement, convenient and low cost per sample. In addition, the rapid measurement
of MC also helps to improve the pelletizing process in real time. NIR is promising and more
useful for intact biomass because many different species of feedstock are investing in
further, the bonds of O-H and C-H in organic are expected depending on anharmonicity
as well as modeling.
1.3 Objective

The aim of this work was to investigate the effect of moisture content on the
higher heating value of Leucaeno.[euc'ocepha(a pellets and evaluate the properties using
near infrared spectroscopy calibration models developed by PLS (partial least squares)
regression.

1.4 Materials and methods

1.4.1 Sample

E® CH;COOH %

a)
Figure 1.1 a} Leucaena leucocephala pellets, b} the subjected pellet samples into 7

plastic boxes (RH, relative humidity)

Leucaena leucocephala variety “Tarramba” samples were collected from
Nakhonratchasima Province, Thailand. It was consecutively chopped, dried, and ground.
The ground wood was formed to 8-mm diameter pellets by a pelletization process (see
in Figure 1.1a). The pellet samples were subjected to a 7 RH (relative humidity)
environment including 22.6, 32.7, 43.8, 57.5, 63.5, 75.3 and 84.3% RH by putting the

samples into 7 plastic boxes that each contained a saturated aqueous solution of
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CH,COOH, MeCl,, K;COs, NaBr, NaNO,, NaCl and KCl, respectively, for 2 months (see in
Fieure 1.1b). Furthermore, 6 samples (1 L per sample) were placed in one box.

1.4.2 Near infrared scanning of the Leucaena leucocephala pellets

A FT {Fourier transform)-NIR spectrometer (Bruker Ltd., Germany) (see in Figure 1.2)
was used for scanning. Each sample at the same volume of 200 mt in a quartz-sampling
cup (87.0-mm diameter and 87.5mm height) was scanned through the quartz window in
a rotary diffuse reflectance mode at a wavenumber of 12,500-4000 cm"__(800-2500 nro)
with a resolution of 16 cm™. The scanning was completed 64 times per one avérage
spectrum. Before each sample scanning, the gold used as a reference material was
scanned for background. All scanning was coﬁductéd at room temperature {25.0 + 1.00

°C)

ara )

Figure 1.2 Scanning pellets by FT-NIR spectrometer

1.4.3 Determination of the Leucaena leucocephala pellets moisture
content
After scanning, 3 g of the scanned sample was broken and put in aluminum cans
{(5-cm diameter and 4 cm height) for measuring the moisture content with a hot air oven
{(Memmert, model ULM 500, Germany} at 105 °C for 24 h, The samples were re-heated at
6 h interval until the sample weights remained constant. Weighing was completed using a
digital balance {Adventure AR2140, OHAUS, resolution of 0.0001 g). The moisture content

(% wet basis) was calculated using Equation (1.1):

MC (%wh) = ["‘%’“f] X100 (1.1)



65

where MC is moisture content in % wb, m is mass in g, and the subscripts i and f are
initial and final, respectively. There were 3 replicates per sample.

1.4.4 Determination of the Leucaena leucocephala ,bellet higher heating

value

The scanned pellets were weighed (0.50-1.00 ¢) (Adventure AR2140, OHAUS) and
measured for their higher heating values using a bomb calorimeter (C200, IKA, Germany)
in isoperibol mode. Before the measurements were taken, the sample vessel was
calibrated using pelletized benzoic acid (IKA C 723, IKA, Germany). There were 2 replicates

per sample.

a

Figure 1.3 a) Decomposition vessel (C5010, IKA, Germany), b) Bomb calorimeter (C200,
IKA, Germany)

Determine of heat capacity (C-value) of systems

The calorimeter system is calibrated before accurate measurements are possible.
So, heat capacity will be determined in this step. The heat quantity required to raise the
temperature of the calorimeter system by a Kelvin is used to determine the heat capacity
of the so-called “C— value” of the system. C — value (J/K) can be calculated from Eq. (1.2)

(Operating instructions, ITS (Thailand) co., Ltd):
{Hg*mg+QExt1+QExt2)

- (1.2)

C —value =
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Where H, is standard heating value of benzoic acid {gross calorific value: 26460 J/g), mg is
weight of standard sample (Benzoic acid, about 1.0 @), QExt1 is correction value for the
heat energy generated by the cotton thread as ignition aid (50 J) and QExt2 is correction
value for the heat energy from other burning aids (If sample holder is quartz or glass,
QExt2 equal zero) and AT is calculated temperature increase of water in inner vessel of
measuring cell {K). This value is used for determining the following calorific value of
material. It is the C — value of system (J/K) (water and decomposition vessel).

Calculated calorific value

Combustion is caried out in a calorimeter under specific conditions. The
decomposition vessel is filled with fuel sample and oxygen the fuel sample is ignited and
the temperature increase in the calorimeter system measured. The specific calorific value
of the sample is calculated as follows (Operating instructions, ITS (Thailand) co., Ltd):

__ C—valuesAT—QExt1-QExt2

H, = (1.3)

m
where H, is heating value {(J/g), C-value is heat capacity of calorimeter system that is

obtained from step 1 (J/K), and m is weight of fuel sample (g). QExt2 will equal zero if
quartz or glass is used for sample holder and QExt2 do not equal zero if is made from
plastic.

1.4.5 Repeatability and maximum coefficient of determination

The precision of the moisture content and higher heating values of the reference
data were determined using the repeatability (Rep) value. It was calculated from the
standard deviation of the differences values between duplication; then, the repeatability
was also used to calculate the maximum coefficient of determination (R?,,,,) that was

calculated by the following formula [14)

g soZ—rep”
Max

P (1.4)
50y
where SD, is the standard deviation of the calibration set data. Thus, if no error occurs in
the spectra or the model, the coefficient of determination (R9) should be equal to R%u.
SD, and Rep can indicate whether a range is too narrow and/or a reference method is not
sufficiently precise [14].

1.4.6 Determination of outliers of the reference data

The outlier of the reference data was determined using Equation (1.5).
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&0 > +3.00 (1.5)

sD .
where X;is the measured value of sample i.X and SD are the average and standard

deviation of the measured values of all samples, respectively. If the equation is satisfied,
the sample was considered an outlier.

1.4.7 Spectrum pre-processing and NIR spectroscopy modelling

The NIR spectroscopy models for predicting the moisture content and higher

heating values of the Leucaena leucocephala pellets were established using PLS (partial
least squares) regression. The software for multivariate analysis (OPUS, v. 7.0.129, Germany)
was used in both spectrum pre-processing and model development. The NIR spectra used
for model development were no preprocessing spectra or pre-processing specira using
any of the following methods: constant offset elimination, straight line subtraction, vector
normalization, min-max normalization, MSC {multipticative scatter correction), first
derivatives, second derivatives, first derivatives + straight line subtraction, first derivatives
+ vector normalization and first derivatives + MSC.
After model development, the spectral outlier samples were identified using the
Mahalanobis distance limit by the software. The limit was determined on the basis of
distribution of all calibration spectra. Assuming a normal distribution, a one-sided limit is
defined that covers a probability of 99.999%.

The optimum model was selected from the combination of the number of latent
variables, the wavenumber ranges and the preprocessing methods which provided the
minimum RMSECV (root mean square error of cross validation). The models were validated
by full cross validation. The determination coefficients of calibration and validation (R?),
ratio of prediction to deviation (standard deviation to the standard error of validation, RPD)
and bias were calculated. The regression coefficient and X-loading of each PLS latent
variable was determined and plotted. In addition, the other models were developed from
the wavenumber ranges that were not selected by the software. The results were
validated by full cross validation, and the same performance parameters were calculated.

1.4.8. Diffuse reflectance measurement assumption and partial least squares

modelling
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The method of NIR spectroscopy is the determination of a linear relationship
between the spectral data (absorbance) and the sample constituent concentration. For
reflectance measurement, Kubetka-Munk equation [f(R) =(1-R)}%/2R=(k/s)}, where R is the
diffuse reﬂlectancehof an infinitely thick sample, k is the molar absorption coefficient and
s is the scattering coefficient could be applied [15]. The equation of a linear relationship
between the spectral intensity and the concentration could be created. This equation was
assumed for infinitely thick sample, where the sample had to be thick enough to ensure
that its diffuse reflectance would not change with increasing thickness and the scattering
coefficient was assumed to be constant at any wavelength of the spectrum which
depended on particle size [15]. These restrictions reduced the number of spectra
presentable in Kubelka-Munk units, but did not restrict “non-ideal” samples from
quantitative diffuse reflection analysis [16]. Typically, quantitative diffuse reflection
measurements are presented in log (1/R) units. The ideal relationship of the spectral
collected from diffuse reflection measurement was log (R/R), when R is the reflectance of
standard i.e. reference material, R is diffuse reflectance radiation of sample [17]. The
assumption was the reflectance of standard was 100 percent (R equal to 1) and the
sample was infinitely thick, and tight could not emit through the sample. Furthermore,
the diffuse reftectance could carry information on composition .and functionality from

within the sample to the detector a NIR instrument [18] for model development.

1.5 Results and discussions

1.5.1 Reference data of the moisture content and higher heating value of

Leucaena leucocephala pellets

Figure 1.4a illustrated the vibrationat band of Leucaena leucocephala petlets.
Spectra of heartwood, sapwood, cellulose and lignin were shown in Figure 1.4b, there is
considerable overlap; however, they found the obvious differences between cellulose
and lignin for some regions of the NIR spectra [19]. The average NIR spectra of L.
leucocephala pellets was quite similar to heartwood and sapwood and some regions have
a bit different shape as. lignin’s and cellulose’s spectra. The repeatability and maximum
coefficient of determination (R%,) of moisture content and higher heating value were

0.293%wb, 141 J g* and 0.988 and 0.890, respectively. Table 1 shows the standard
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deviation and average moisture content and higher heating values of Leucaena
leucocephala pellets in different relative humidity environments and in a range from 7.31

to 14.9%wb and 16,891 to 17,662 J ¢, respectively.

1.2 08
1 Leucaen pellet o7
§ 4 06 Sapwood
_§ w8 § . Heartwoud \
£ a 04 \H\/
= <
2
-‘3 04 .g 0.3- Lignin
= 3
E a1 3 0.2
a.1 Cedlulose
i - s 0
S0 Tode L5600 2000 2500 § §
‘Wavclength (nm) 500 1000 1500 2000
Wavelength {nm)
a) b)

Figure 1.4 a) average NIR spectral of Leucaena leucocephala pellets and (b) NIR spectra
of heartwood, sapwood, cellulose and lignin [19]

Figure 1.5 shows the relationship between moisture content and higher heating value of
Leucaena leucocephala pellets where the heating value increased with decreasing
moisture content. The relationship can be written using linear regression equations as HHV
= -159MC + 18,780, when HHV is the higher heating value (J ¢!} and MC is the moisture
content (%wh) with a coefficient of determination (R?) of 0.962. In the higher moisture
content samples, there was less dry matter in the biomass, i.e., lower heating value results.
Thus, the HHV of dry L. leucocephala pellets is approximately 18,780 J g™, This value is
not too low for biofuel. For example, biofuel can be used in the case of as-received
biormass such as wheat straw [20], wood sawdust [20], sunflower seed husk [20], straw
[21], rice husk [22], Eucalyptus elobutus [23], millet {24], hemp [24] in which HHV were
17,344 J g, 18,207 J ¢, 17,998 J ¢, 17,640 J ¢, 15,944 J g, 17,600 J g'.l, 18,165 J ¢ and
18,036 J g, respectively.

The relationship between moisture content and higher heating value was similar to that
reported on S. lespedeza pellets [25], solid wastes (i.e., newsprint, biodried municipat solid
wastes, municipal solid waste derived composts, wastewater sludge, and sea weed
derived compost) [26], coal and biomass [27]. The results confirmed that the higher

heating value was dependent on the moisture content.

250C



70

18000 1 y=-159x + 18780
17500 | R?=0.962

17600 o
17400 -
17200
17000 4
16800 +

16600 1

Higher heating value, J g-!

16400 4

16200 . v Y ; y
6 8 10 12 14 6

Moisture content, %owb
Figure 1.5 Relationship between the higher heating value of Leucaena leucocephala

pellets and moisture content

Table 1.1 Equilibrium moisture content at different relative humidities and the

corresponding higher heating value of Leucaena leucocephala pellets

MC {Yowb) HHY (J ™)
Saturated aqueous solution = %Relative humidity Standard Standard
Average Average

deviation deviation
CH.COOH 2256 731 0.345 17662 89.0
MgClL, 327 7.35 0.224 17613 32.6
K€, 43.8 7.75 0.207 17559 185
NaBr 57.5 883 0.132 17422 874
NaNO, 63.5 8.47 0.157 17260 ar4
NaCl 753 11.7 0.088 16891 88.8
KCl 84.3 14.9 0.139 16440 39.2

1.5.2 Near infrared spectroscopy models for moisture content and higher
heating value of Leucaena leucocephala pellets
Table 1.2 shows the statistical data regarding the moisture content and higher
heating value of Leucaena leucocephala pellet samples including minimum, maximum,

mean and standard deviation that were used for model development. Table 1.3 shows
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%

the result of the wavenumber range, spectrum pre-processing method, number of PLS
latent variables, coefficient of determination (R?) of both calibration and validation, RMSEE
(root mean square error of estimation), RMSECY (root mean square error of cross

validation), RPD {ratio of prediction to deviation) and bias of the optimum PLS models.

Table 1.2 Statistical moisture content and higher heating value data of Leucaena

leucocephala petlet samples used in model development

Parameter N Max Min Mean sD
Moisture content (%wb) 42 149 7.0t 9.62 2.63
Heating value (U ¢ 42 17765 16460 17253 425

N is number of samples. Min is minimum. Max is the maximum. SD is standard deviation

Table 1.3 Results of the partial least squares regression models for determining the

moisture content and higher heating value of Leucaena leucocephala pellets

Wavenumber Calibration Validation
Parameter . Pre-processing
range (cm'} Factors  R? RMSEE  R? RMSECV RPD Bias

7506-5446.3 Min-max

4 099 0.168 (0995 0.187 139 -8.0x107
4428-4242.9 normalization 4

MC (%wb)
Min-max
5446.6-4420.3 4 0996 0.181 0995 0.193 134 0.0018%
normalization
9403.8-74983  Min-max
23 0972 745 0964 79.2 53 1.29
6102 - 5446,3 normalization
HHY (J g1}
First
5046.3-4242.9 1 0859 870 0955 89.2 471 -0.102
derivative+MSC

RZ is coefficient of determination. RMSEE is the root mean square error of estimation. RMSECV is the root mean square
error of cross validation. RPD is ratio of standard deviation, and Bias is average error of prediction. MSC is the

multiplicative scatter correction.

The wavenumber ranges were effective for the determination of the properties
and were 7506-5446.3 and 4428-4242.9 cm™ for moisture content and 9403.8-7498.3 and

6102-5446.3 cm™ for higher heating value. The spectra pre-processing by min-max
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normalization was the best pre-treatment method that provided the best model
performance for both moisture content and higher heating value. Therefore, by this
mathematic manipulation, the spectra were shifted linearly so that the minimum
absorption equaled zero, which helped to reduce the influences from different material
densities or particle sizes [28]. The number of PLS latent variables used for the model
development was 4 for both moisture content and higher heating value. The calibration
models of moisture content and higher heating value showed 0.996 and 0.972 of R?,
0.168%wb and 74.5 J g of RMSEE, respectively, while the validation models of moisture
content and higher heating value provided 0.995 and 0.964 of R?, 0.187%wb and 72.9 J ¢
1 of RMSECY, 13.9 and 5.30 of RPD and -0.0008%wb and 1.29 J g of bias, respectively. The
R2..x Of the moisture content model was 0.988, while R? values were 0.996 and 0.995 for
the calibration and validation modet. For this case, approximately 1.24% error was found
from the reference test, and no emor was found from the NIR spectra. For the higher
heating value model, R% .. was 0.890, while R? were 0.972 and 0.964 for the calibration
and validation model. The information on the NIR spectrum demonstrated a dependent
variance of 96.4% and a 3.56% error from an unexplained source. However, the moisture
content and higher heating value models provided less R%, than R? This indicated that
optimum PLS models and pre-processing method could eradicate the error from the
reference laboratory and spectra. Williams [18] suggested that the models with R? > 0.980
and RPD > 8.10 were excellent and could be used in any application inctuding quality
assurance. Furthermore, models with R = 0.920-0.960 and RPD of 5.00-6.40 were good
and could be used for most applications, including quality assurance. 5o, the moisture
content and higher heating value models developed here could be used in any
applications including quality assurance. For higher heating value, the model provided a
low bias of approximately 1.10x10% of the mean value (0.020 J g'of 17,253 J g);
therefore, the model was excellent for the approximation of heating value. Posom and
Sirisomboon [29] also reported that the model for heating value of J. curcas kernel oil
extracted residue showed R? of 0.860, RMSEP of 360 J ¢!, bias of -17.0 J ¢ and RPD of
2.60. It showed a low bias of approximately 0.100% of the mean value; therefore, the

model was acceptable for the approximation of the heating value.
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Figure 1.6a and 1.6b show the scatter plots of the moisture content models

comparing the moisture content predicted by NIR spectroscopy and measured with the

reference laboratory technigue of calibration and validation modelling, respectively.

Figure 1.7a NIR spectra pretreated by min-max normalization, Figure 1.7b shows

the regression coefficient plot of the moisture content model, and Figure 1.7c shows the

corresponded X-loading plot of 4 PLS LV {latent variables), respectively.
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Figure 1.7 (a) NIR spectra pretreated by min-max normalization, (b) PLS model regression

coefficient plot for the moisture content of Leucaena leucocephala pellets.

(c) X-oading weight plot of the PLS model for the moisture content of

Leucaena leticocephala pellets. LV 1,1V 2, LV_3 and LV_4 are PLS latent variables

1, 2, 3 and 4, respectively.
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Figure 1.8 Comparison of higher heating values of {eucaena leucocephala pellets

predicted by near infrared spectroscopy and measured by reference

laboratory of (a) the calibration model and (b) the validation model

If the regression coefficient and X-loading weight at any wavenumber is high, the

vibration of the particular bond occurring at that frequency will have a significant influence

on the model prediction. The absorption bands at a high regression coefficient and X-

loading weight plot for predicting the moisture content are shown in Table 1.4, in which
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the intensity of the peaks is presented in descending order. The highest peak was
approximately 7089 cm™ (1410 nm) in the regression coefficient plot. The highest peaks of
the X-loading weight plots of PLS latent variables 1, 2 and 3 was at approximately 7097
e (1409 nm), which was the vibration of ROH (O-H stretch first overtone) [17]. The high
peaks at approximately 5801 cm™ (1724 nm), 7313 cm™ (1367 nm) and 4366 cm™ (2290
nm) in the regression coefficient plot and X-loading weight plot were due to the vibration
of CH, (C-H stretch first overtone), the CH; (2xC-H stretch + C-H deformation) and the
amino acids (N-H stretching + C=0 stretching) [17], respectively. Onsawai and Sirisomboon
[30] found that the bond vibration of O-H stretching in a cellulose structure highly
influenced the prediction of the dry matter of durian pulp. Phetpan and Sirisomboon [31]
also found that O-H bands of starch and O-H bands of water influenced the prediction of
the moisture content of tapioca starch. Posom and Sirisomboon [29] reported that the
vibration band of CHs (C-H stretch, second overtone), CH (C-H stretch, second overtone),
starch (O-H stretch + C-C stretch) and cellulose highly affect the prediction of moisture
content in J. curcas kernels. Fagan et al. [32] also reported the effect of O-H stretching on
prediction of moisture content of SRCW (Short Rotational Coppice Willow) and Miscanthus
samples.

Figure 1.8a and Figure 1.8b show the scatter. plots of the higher heating value models
developed from calibration and validation, respectively. Figure 1.9a NIR spectra pretreated
by min-max normalization (b} show the regression coefficient ptot and (c} X-loading weight
plot of the higher heating value model of Leucaena leucocephala pellets. The absorption
bands at the peaks of the regression coefficient plot and those of the X-loading weight

plot correspond to the bond vibration as concluded in Table 1.5.
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Figure 1.9 (a) NIR spectra pretreated by min-max normalization, (b) Regression coefficient
plot of the PLS model for higher heating value of Leucaena leucocephala
pellets. (¢} X-loading weight plot of the PLS model for higher heating value

of Leucaena leucocephala pellets. LV_1,LV_2, LV 3 and LV_4 are PLS latent

variable 1, 2, 3 and 4, respectively.

The obvious peaks at approximately 5801 cm! (1724 nm) in the regression
coefficient and X-loading weight plots was at CH, (C-H stretch first overtone), indicating
the highest influence on the prediction of higher heating value of Leucaena leucocephala
pellets. This peak appeared on the NIR spectral curve pretreated by min-max
normalization (Figure 1.9a). The wavenumbers in range of 6102-5446.3 cm™ was used for

modelling, there were wave band of 1682 nm [33], 1730 nm [34], 1750 nm [34], and 1780
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nm [35] corresponded with the vibration band of lignin, hemicellulose, hemicellulose, and
cellulose, respectively. From the results, author recommended that the wave band in
range of 6102-5446.3 cm™ should be used to develop as an NIR instrument for predicting
higher heating value of biomass. In the regression coefficient and X-loading weight plots,
there were high peaks at approximately 7498 cm™ (1334 nm) and 7822 cm™ (1278 nm) due
to CH {C-H stretching second overtone). A peak also occurred at 6102 cm™ (1639 nm) due
to R-CH-CH (C-H stretching first overtone). Therefore, the vibration of C-H stretching highly
affected the prediction of the higher heating value of Leucaena leucocephala pellets. C-
H bonds are in the structure of lignin, cellulose and hemicellulose. Table 1.5 shows the
first three highest peaks in the regression coefficient and X-loading plot as the vibration
bands of CH, CHsand HC=CH. These bonds are in the structure of lignin polymers. In fact,
lignin in its pure form has a higher HHV than cellulose or hemicellulose (36, 37, 38, 39,
40), so its contribution to the overall biomass HHV should be significant. The higher heating
values of Leucaena leucocephala pellets samples were the heat obtained from
combustion of organic matter, i.e., cellulose, hemicellulose, lignin and starch. This result
was similar to Posom and Sirisomboon [29] that the vibration bands of fibre and cellulose
have important effects on the prediction of the higher heating value of J. curcas kernels.
Gillespie et al. [41] reported that the absorption band at 915 nm was related to the 3rd
overtone stretching of the C-H bonds of CH,, at 1314 nm to 1377 nm and at 1643 nm.
Furthermore, the stretching and deformation of the C-H bonds also influenced the
absorption band and the region at 1454 nm, which is related to the 1st overtone of
stretching of the O-H bonds of H,O. The bands were important for higher heating value of
wood, Miscanthus and herbaceous energy grasses. Fagan et al. [32] also reported that the
vibration of the C-H stretching (second overtone) of aromatic and the CHj structure
effected the prediction of the higher heating value of biomass (Miscanthus x giganteus).
Huang et at. [42] found that absorption bands at 1194 nm related with C-H stretch second
overtone at 1724 nm, 1766 nm related With the C-H first overtone, 1930 nm related with
O-H stretch/H-O-H deformation combination, 2100 nm related with the O-H bend/C-O
stretch combination, 2280 nm related with C-H stretch/CH, deformation, 2236 related with

C-H stretch/C-H deformation. Each of these results effected the heating value prediction
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for straw samples. However, a different trend was found by Everard et al. [43], where the
O-H stretching first overtone, O-H stretching, and N-H stretching first overtone, i.e., 1430
nm, were related for the higher heating value of bioenergy crops (i.e., Miscanthus and two
varieties of SRCW). The higher heating value model of Leucaena leucocephala pellets
was developed from the waveband of 9403.8-7498.3 cm™ (1063-1333 nm) and 6102-5446.3
cm (1638-1836 nm). These waveband ranges were strongly associated with C-H vibration
in the structure of CH, CH,, CH, in-lignoceltulosic, which effected the heat of combustion.
The range of 7498 to 6102 cm™ (1333-1638 nm) Was not used to create the model. The
N-H first overtone band was in this range and was the structure of CONH, CONHR, CONH,,
ArNH,, NH, protein, RNH, [17]. This indicated that the N-H bond in the chemical structure
did not relate to the heat combustion of Leucaena leucocephala pellets.

However, thé wévenumber ranges that were not selected for modelling above
wé}é used for new medelling. In the case of moisture content, the 5446.6-4420.3 cm™ that
contained a water band at 5154.6 e was used. The validation model with PLS LV (latent
variables) equat to 4 provided the R? of 0.995, RMSECV of 0.193% whb, RPD of 13.4 and bias
of 0.00181% wb (Table 1.3). The result was excellent and close to the results of the
previous model. Therefore, the vibration band of water can also be used to optimize NIR
instrument for evaluating moisture content of biomass. Therefore, the combination
vibration of O-H stretching and O-H deformation [17] effected the moisture content
prediction. This was also confirmed by the highest X-loading of the PLS LV1 and the high
regression coefficient at the wavenumber,

In case of higher heating value, three bands were used {12500-9403.8, 7498.3-6102,
5046.3-4242.9 cm™); these bands were not used for previous model development.
However, the band between 5446.3 and 4242.9 cm™ showed good performance of the
developed model while the other bands did not. However, this wave band was the region
of water, the result provided good perFormahce because higher heating value related to
moisture content. The performance was similar to that of the previous model. The model
with PLS latent variables equal to 1 showed R? of 0.955, RMSECV of 89.2 J ¢! RPD of 4.71
and bias of -0.102 J ¢! (Table 1.3). Remarkably, bias decreased from 1.29 t0 0.102 J ¢, and

the PLS latent variables reduced from 4 to 1. The model characteristic was better than
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the previous model where the information in the NIR spectrum extracted by only one PLS
latent variable was enough to explain the dependent variable. With only 1 latent variabte,
it was ensured that this model could eliminate the noise or bias that came from scanning,
sample preparation, instrument errdr and other sources. In addition, the highest X-loading
of LV 1 was at 4921.7 cm™, which corresponded to the vibration of the C=0 stretch
second overtone of amide [17] and the high peak at 5322.9 cm™ that corresponded to the
same vibration.

1.6 Conclusion

NIR spectroscopy could be an alternative method for oven drying and bomb calorimetry
for the evaluation of MC (moisture content) and the HHV (higher heating value) of
Leucaena leucocephala pellets, respectively. The MC model was excellent for use in any
application, and the HHV model could be used for quality assurance. These will be benefit
the biomass pellet industry for the rapid quantiﬁcatioh of properties as price set
bérameters and monitoring conversion processes of the pellets with less cost. A good
relationship between HHV and MC was HHY=-159MC+18,780. Thus, the HHV of the pellets
can be evaluated using the MC obtained from the oven analysis.

This chapter shows that the MC affects the HHV significantly and NIR spectroscopy has
high ability for predicting both MC and HHV. The MC can be used to predict HHV. The next
chapter investigates about the use of NIR spectroscopy for the determination of HHV, VM,

FC and A of ground bamboo when MC is constant.
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Table 1.4 The absorption bands with high regression coefficients and the X-loading

weight of the model for the moisture content of Leucaena leucocephala pellets

Regression coefficient

Wavenumber Wavelength  Wavelength {(nm) Bond vibration Structure
{cm™) {(nm) referred from

reference [17]
7089 1410 1410 O-H stretching first overtone Lignin
5801 1724 1725 C-H stretching first overtone CH,
4366 2290 2294 N-H stretching 4+ C=0 stretching Amino acid
7313 1367 1368 - ' Sucrose
5948 1681 1685 © . C-H stretching first overtone Aromatic
5585 1790 1780 C-H stretching first overtone Cellulose
6133 1630 1620 C-H stretching first overtone =CH;
6935 1442 1440 O-H stretching first overtone Sucrase, starch
6665 1500 1500 N-H stretching first overtone NH
X-loading weight
Wavenumber Wavelength  Wavelength(nm) PLS Bond vibration Structure
(em™) {nm) referred from latent

reference [17] variable
7097 1409 1410 V.3 O-H stretching first overtone ROH
7051 1418 1420 Lv_1 O-H stretching first overtone ArOH
5786 1728 1725 Lv 4,2 C-H stretching first overtone CH,
7267 1376 1371 Lv & - o-D-

clucose

4359 2294 2294 Lv 4 N-H stretching + C=0 stretching  Amino acid
5446 1836 1820 LV 3 O-H stretching +2xC-O stretching  Cellulose
5624 1778 1780 Lv 3 C-H stretching first overtone Cellulose
6133 1630 1620 v 4 C-H stretching first overtone =CH,
4428 2258 2252 Lv 4 O-H stretching + O-H deformation  Starch
4382 2282 2280 .3 C-H stretching + C-H deformation  CH;
6665 1500 1500 Lv 3 N-H stretching first overtone NH
7082 1412 1410 v 2 Q-H stretching first overtone ROH
6897 1449 1450 Lv 3 0O-H stretching first overtone Starch, H,0O
7313 1367 1368 Lv_ 3 - Sutrose
4450 2247 2252 Lv_ 2 O-H stretching + O-H deformation  Starch
5585 1790 1789 LV_4 - o-D-glucose

Remark: The intensity of the peaks was running in descending order.
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Table 1.5 The absorption bands with high regression coefficient and X-loading weight of

the model for higher heating values of Leucaena leucocephala pellets

Regression coefficient

Wavenumber Wavelength Wavelength (nm)  Bond vibration Structure
(cm) {nm) referred from
reference [17]
5801 1724 1725 C-H stretching first overtone CH;
7498 1334 1360 2xC-H stretching + 2xC-H CHs;
deformation

8578 1166 1170 C-H stretching second overtone HC=CH

8648 1156 1152 C-H stretching second overtone CHy

6102 1639 1645 C-H stretching first overtone R-CH-CH

8910 1122 1143 C-H stretching second overtone Arornatic

9118 1097 1097 2xC-H stretching + 2xC-C stretching Cyclopropane

7838 1276 1278 - Cellulose and

Hemicellulose

X-loading weight

Wavenumber  Wavelength Wavelength {nm)  PLS latent  Bond vibration Structure

(em™) {nm) referred from variable

reference [17] (LV)

7498 1334 1360 Lv_2 2xC-H stretching + 2xC-H CH,
deformation

8362 1196 1195 Lv_4 C-H stretching second CHy
overtone

5801 1724 1725 v 2,1 C-H stretching first overtone CH,

8578 1166 1170 Lv_4 C-H stretching secend HC=CH
overtone

7668 1304 1278 LV 4 - Cellulose and

7822 1278 1278 Lv 1 - Hemicellulose

6071 1647 1645 Lv_4 C-H stretching first overtone R-CH-C-CH

8571 1167 1170 v 2 C-H stretching second HC=CH
overtone

8918 1121 1143 Lv_4 C-H stretching second overtone  Aromatic

9265 1079 1080 LV 4 2xC-H stretching + 2xC-C Benzene
stretching

8632 1158 1152 Lv_1 C-H stretching second overtone  CH,

6079 1645 1645 Lv_3 C-H stretching first overtone R-CH-O-CH

Remark: The intensity of the peaks was running in descending order.
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Chapter.2
Evaluation of the higher heating value, volatile
matter, fixed carbon and ash content of ground

bamboo using near infrared spectroscopy

2.1 Abstract -

This research aimed to determine the higher heating value (HHV), volatile matter
(VM), fixed carbon (FC) and ash content (A) of ground bamboo using Fourier transform
near-infrared spectroscopy as an alternative to bomb calorimetry and
thermogravimetry. Bamboo culms used in this study have circumferences ranging from
16-40 cm. Model development was performed using partial least squares (PLS})
regression. The HHV, VM, FC and A were predicted with coefficient of determination
(r?) of 0.92, 0.82, 0.85 and 0.51; root mean square error of prediction (RMSEP) of 122
Jgl, 1.15%, 1.00% and 0.768%; ratio of the standard deviation to standard error of
validation (RPD) of 3.66, 2.55, 2.62 and 1.44; bias of 14.4 Jg*, -0.427%, 0.0256% and -
0.108%, respectively. This report shows that NIR spectroscopy is quite successful in
predicting the HHV, and is usable with screening for the determination of FC and VM.
For A, the method is not recommended. The models should be able to predict the

properties of bamboo for achieving highly efficient of biomass conversion process.

* This chapter is under review for the journal article (J Near Infrared Spectroscopy): Posom J. and
Sirisomboon P. “Evaluation of the higher heating value, volatile matter, fixed carbon and ash

content of eround bambeo using near infrared spectroscopy.”
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2.2 Introduction

Bamboo is a type of biomass which has many advantages including a fast-growth
rate, high strength, and a high yielding natural source [1-2]. Bamboos are large woody
grasses that consists of 1250 species within 75 genera. It produces rapid growth and
attains stand maturity within five years [3]. Some species can grow up to a foot a day
under the right condition [4]. In the south of Asia, bamboo is used for the construction
of walls, floor, roof, apparatus, and handicrafis. In addition, bamboo also has great
potential as a renewable energy source [5-6]. Scurlock et al. {3] reported that bamboo
is an ideal bicenergy source due to its low ash content (A) (1% or less) and higher
heating value (HHV) that ranges from 19090-19570 Jg. Darabant et al. [7) reported that
bamboo B. beecheyana and D. membranaceus species were attractive options for use
aé bicenergy feedstocks due to their high volatile mater (VM), low A and high HHV of
74.08 and 74.17%; 1.92 and 1.97%; and 19347 and 19513 Jg!, respectively.
Furthermore, Cheng et al.[6] reported that the HHV of these two bamboo species were
in the range of 19.4-19.9 MJkeg. It is also reported that age differences in bamboo
biomass can have a significant effect on yield and properties of the fast pyrolysis
products [6]. It is possible that the chemical composition of biomass also changes with
age and other external factors such as location, harvest age, soil fertility and so on.
Additionally, different locations can lead to different biomass yield, as reported by
Darabant et al. [7], who demonstrated that the bamboo biomass characteristics can
show vast differences under differing plantation management conditions. It was
observed that the cellulose content decreased, lignin content increased and ash
content increased when the age of bamboo increased from one year to three years
[6]. These factors also affected the thermal processing characteristics.

Understanding the characteristics of biomass helps in the design of optimum
thermal conversion systems [8]. The HHV and proximate analysis data are important in
thermal processing [9,10]. The HHV is one of the thermal characteristics that expresses
how much energy can be obtained from biomass material [11]. When biomass is used
in thermal conversion processes and in power plants, knowledge of its HHV is required.
It is an important parameter for power plants planning to use biomass fuel [12, 13, 14].
Furthermore, the VM and fixed carbon (FC) provides information to understand the
combustion behavior which significantly influences plant design [9]. In fast pyrolysis

processing, the VM of a substance is the extent to which it vaporizes. it is used to
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evaluate the performance of the biomass pyrolysis and gasifier based on the rate of
gas production [15]. In addition, it also helps in the evaluation of bio-ail condensation.
In slow pyrolysis, the information provided by the FC helps op,erators_to evaluate the
weight of bio-char or solid products. Finally, A represents the solid residue after the
fuel is burned. It is the negative of the heat consumption and the information
described by A is important for the design of the storage bins in thermal conversion
processing [16]. it is known that a high A value also has implications for transportation
systems [9].

" The cost of biomass per kilogram should be set in a fair way by considering
parameters such as the HHV and proximate analysis data. Normally, the HHV can be
determined by calorimetry. The proximate analysis data can be determined using
thermogravimetric (TG) analysis by the direct measure of weight changes of a sample’s
TG chart [9]. Both p.arameters require the services of a high skilled technician. These
highly skilled workers are then required to spend between 3-24 hrs for TG ana'.Lysis and
50 min for assessment in a bomb calorimeter, per sample. Hence, a new method that
can be used to rapidly determine these properties to allow the setting of a reliable
price for biomass fuel is essential as the role of this material increases.

In addition, determining the characteristics of biomass (thermal properties and
proximate analysis data) by rapid non-destructive methods is important in determining
the theoretical yield associated with biochemical conversion [20]. It can be used to
monitor biological or thermochemical conversion processes of bamboo such as for
quality evaluation and to design thermal chemical conversion methods such as
gasification and pyrolysis processes of bio-energy.

There have been a number of application of NIR spectroscopy to study biornass
including the moisture content and HHV of Jatropha curcas L.[17], thermal properties
of Jatropha curcas L.[18], hemicellulose, cellulose and lignin in sorghum(19], HHV of
biomass from dedicated Irish bioenergy crops, (i.e. Miscanthus and two varieties of
short rotational coppice willow (SRCW)) [20], moisture, calorific value, ash and carbon
content of harvested Miscanthus and SRCW [21], and moisture content, total carbon
content, A and HHV of a multi-variety biomass pellet sample set [22]. Near infrared
(NIR} spectroscopy is a non-destructive analytical technigue with many advantages

over calorimetry including the fact that it is non-destructive (the sample can be
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returned to population), it is rapid (usually time consumption was 2-3 minute),

environmentally friendly {(no or few chemical required) and has a low labor cost.

2.3 Objective

This study is therefore focused on the application of NIR spectroscopy beyond
just biomass and moisture content, to the determination of HHV, VM, FC and A of
ground bamboo.
2.4 Materials and methods

2.4.1 Sample preparation
Bamboo at different ages of the Phamon variety was obtained from Uttaradit province
in Thailand. The samples were split into 12 different groups based on their culm
circumference (approximately 16-18, 18-20, 20-22, 22-24, 24-26, 26-28, 28-30, 30-32,
32-34, 34-36, 36-38 and 38-40 cm). The circumference was measured from 10 cm
above the ground where planted. The bamboo trunk was then cut at 10 cm above
the ground to avoid retaining any soit or root that can attach to the trunk for 1 m long,
The bamboo samples of different culm circumferences were collected because it was
assumed that the different culm sizes would provide different thermal and energy
properties. In this experiment, the standard deviation of the culm sizes was 6.85 cm.
A total of 80 samples were obtained. The whole trunk, approximately five kg, of each
bamboo sample were chopped by a chopping machine (P5508, Patipong, Thailand)
and dried under the sun until the moisture reached around 5% wb. The samples were
then ground and passed through a sieve with a mesh diameter of 3 mm (60201, QC,
UK) and kept in the aluminum bag until experiments were performed. The 5% moisture
content value of the dried bamboo wood chips was determined by randomly selected
10 samples for determination of moisture content using a hot air oven method at the
temperature of 105°C until constant weight was achieved.

2.4.2 Near infrared spectral scanning

Experiment were performed at the laboratory of Near Infrared Spectroscopy Research

Center for Agricultural Products and Food (www.nirsresearch.com), part of the
Curriculum of Agricultural Engineering, Department of Mechanical Engineering, Faculty
of Engineering, King Mongkut’s Institute of Technology Ladkrabang. The scanning of
samples were done using an FT-NIR Spectrometer (MPA, Bruker, Germany) in diffuse
reflectance mode between a wavenumber range of 12500-3600 cm™, with resolution

of 8 cm™. A quartz bottom sample cup of 43 mm in diameter and 50 mm in height,
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was used, which contained the ground samples of at the height, which there was no
light leaked. This was determined by observing that there was no leaked light from the
surface of the ground bamboo. Before each sample was scanned, a gold plate was
scanned as a reference. A résolution of 8 cm™! was used and each reported result was
faken as the average of 64 repeat spectra.
2.4.3 Biomass characterization

The higher heating value (HHV) of biomass was measured with a bomb calorimeter
(C200, IKA, Germany) and evaluated using the isoperibol method. In this method, the
temperafure changes over time are governed by the thermal resistance between
isoperibol calorimeter and the surroundings [23]. Before the measurement were taken,
the bomb calorimeter was calibrated using two 0.5 g Benzoic acid pellets (C723, KA,
Germany). Then, between 0.5-1 g of biomass sample was weighed out using an
electronic balance (ARC 140 Adventure, OHAUSS, 0.0001 ¢ resolution), pelletized and
then evaluated in the bomb calorimeter.

Biomass characteristics including VM, A, and FC were determined using
thermogravimetric analysis. Monitoring the mass loss and mass loss rate was performed
using a thermogravimetric analyser (TG 209 F3 Tarsus, Netzsch, Germany, with a 0.1 g
resolution; 6.8 mm diameter aluminum oxide {AL,O3) crucible). Bamboo samples of
6.0:£0.5 mg were used. The thermal program started by maintaining the temperature
at 30°C in 20 mi/min N, flushed environment for 1 hour to ensure a zero O,
environment. Then the temperature was increased to 700°C with a heat rate of
10°C/min for pyrolysis. The temperature was maintained at 700°C for 1 hour to ensure
complete pyrolysis, and then 20 mlU/min O, was added for 1 hour to achieve
combustion. The mass loss at different times and temperatures were recorded. The
thermogravimetric (TG) profile and differential thermogravimetric (DTG) profiles were
obtained using Proteus 6.0.0. (NETZSCH Software, Germany). TG and DTG curve was
typical of degradation processes such as moisture release, devolatilization and char
degradation which can be used for the approximation of the composition of biomass.
The biomass characteristics were determined by the direct measure of weight changes
on each sample’s TG chart. The VM and A were determined from sample’s DTG chart.
The A is the mass residue after burned. After that, FC can be calculated as follows
{241

FC% =100 - (MC%+VM% + Ash%) (2.1)
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where MC% VM%, FC% and Ash% were the moisture content, volatile matter, fixed
carbon and ash content of ground bamboo, respectively. Therefore, VM%, FC% and
Ash% were presented on as-receive basis.
When the HHV and proximate analysis data were determined, outliers in the reference
data were identified using the following equation {25,26]:
B > 43 | (2.2)

‘Where X; is the measured value of sample i. X and SD are the average and standard
deviation of the measured values of all samples, respectively. If the equation was
satisfied, the sample was outlier and it was then removed from reference data set.

2.4.4 Repeatability, reproducibility and maximum coefficient of

determination (R2,.,)

Before model development, the spectral data and the measured reference
data were checked for both repeatability and reproducibility. The reproducibility of
spectral data is the standard deviation of absorbance values, when the sample was
re-loaded and re-scanned 10 separate times (Phil Williams, personal communication).
The 10th loading was {eft in the cell and re-scanned 9 more times, to achieve 10 scans
with this sample in the same position within the cell. The standard deviation of these
10 absorbance values was the repeatability of the instrument. The samples number
16, 28 and 44 were selected to determine the repeatability and reproducibility. The
absorbance value at wavenumber of 4011 cm™ (2493 nm), 4397 cm! (2274 nm) and
5176 cm™ (1932 nm) were used for the calculation because they are obvious peaks.
The absorption at any wavenumber could be selected for determination of the
repeatability and reproducibility of the NIR scanning method. The wavenumber at 4397
cm™ (2274 nm), 4011 cm™ (2493 nm) and 5176 cm™ (1932 nm} corresponds to the
absorption band of cellulose, starch [27] and polysaccharides (28], respectively. In
addition, the peak showed the greatest change when the scanning conditions and
sample conditions were varied. When the absorption of spectra obtained from the
samples number 16, 28 and 44 for repeatability and reproducibility tests were
collected, the average and standard deviation of the difference between measured
value and predicted value were also calculated. The predicted value obtained from
repeatability and reproducibility tests were determined using PLS regression of

calibration set. A comparison of predicted results on the repeat scans were helpful in
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showing the contribution of sample reloading error and instrument error {scanned
without reloading} to show the magnitude of instrument error and sample presentation

error,

The repeatability of the measured reference value corresponds to the standard
deviation of the differences between the duplicates. On the other hand, the
reproducibility of the measured reference value was the standard deviation of the
differences between the duplicates, which were obtained from blind samples. Then
the repeatability of measured reference value (Rep) was used to determine the
maximum coefficient of determination (R, which was calculated using following

formula [29]:

SDZ=Rep?
2, = = (2.3)
SDy

where SD, is the standard deviation of data of measured value in calibration set. R},

is possibte only when there are no errors in the spectra or the model.
2.4.5 Spectrum pre-processing and NIR spectroscopy modeling

The NIR spectroscopy models were established using partial least squares regression
(PLS). The software program (OPUS, v. 7.0.129, Germany) was used for the multivariate
analysis including spectrum preprocessing and model development. The spectra were
used with and without pre-processing using the following methods: constant offset
elimination, straight line subtraction, vector normalization, min-max normalization,
multiplicative scatter correctién (MSC), first derivatives, second derivatives, first
derivatives + straight line subtraction, first derivatives+ vector normalization and first
derivatives + MSC were used for model development. Spectral preprocessing helps to
reduce the contribution of noise or error in experiment which are the eifect of several
factor including differences in temperature, particle size, relative humidity, human
errors, sample handting, multiplicative effect of scattering and so on. The samples were
then split 80/20% into the calibration and validation sample sets, respectively, at
random using the software package. The maximum vatue and minimum value of the
reference data were set to be in the calibration set. The optimal model was selected
according to the model that had the lowest root mean square error of prediction.
Outliers were calculated based on the Mahalanobis distance limit.

The regression coefficient and X-loading weight of each PLS factor were determined

by the software program and plotted. The coefficients of determination (R?), root mean



93

square error of prediction, (RMSEP), ratio of prediction to deviation (the standard
deviation o standard error of prediction, RPD) and bias were used to aséess the
performance of the PLS model. According to Williams [30], a model with an R? between
0.66-0.81 can be used for screening and some other “approximate” applications.
Therefore an R? below 0.66 means a model cannot be used for guantitative analysis.
However, if the standard deviation of dependent variable of calibration set is more
than repeatability of dependent variable for 10 times, the R? maximum will be more
than 0.9.

2.5 Results and discussions

2.5.1 Repeatability, reproducibility and RZ,,,

Repeatability, reproducibility and R4, of HHV, and proximate data i.e. VM, FC, A on
as-receive of ground bamboo are shown in Table 2.1. The values of R%,,, of HHV (0.95),
VM (0.96) and FC (0.86) were high indicating that the NIR model was reasonable for
development use. Though the value for A was rather low (0.56) this indicates that it is
not reasonable to develop an NIR-based model. R,y is possible only when there is

no error in the spectra {29].

Table 2.1 Repeatability, reproducibility and anax of HHV, VM, FC and A

Repeatability Reproducibility
Standard Mean of the Standard
Mean of the
Parameter deviation of the | difference of | deviation of the | RZa
difference of
difference of blind difference of
duplicate
duplicate duplicate blind duplicate
HHY 88.38 J/g 68.34 J/¢g 109.8 J/g 64.46 I/g 0.955
Vv 1.010% 0.593% 1,095% 0.916% 0.960
FC 0.885% 1.087% 0.809% 0.845% 0.862
A 1.046% 0.829% 0.516% 0.552% 10561

Table 2.2 shows the repeatability and reproducibility of absorption at 5176 cm’
1(1932 nm), 4397 cm! (2274 nm), and 4011 cm? (2493 nm) of ground bamboo. The
mean of absorption in repeatability side was almost the same with that of

reproducibility side, but the standard deviation or the reproducibility was
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approximately more than the repeatability for six times. The average and standard
deviation of the difference between measured value and predicted value calculated
by the spectra from repeatability and reproducibility tests for HHV, VM, FC and A of
sample number 16, 28 and 44 are shown in Table 2.3. The error in NIR protocol could
be described as follows, for example, for HHY model, the overall RZ,,, and R? were 0.95
and 0.92, respectively. This means that 5% {(100-95%) of the total variation was
unexplained variance due to reference method. Thus, it is that 3% (8-5%) was the
unexplained variance due to either NIR spectra error, sample error or something else.
The standard deviation between the difference of the measured and predicted value
from repeatability and reproducibility test to its measured value was 0.121%
(21.7x100/17981.5) (Table 2.3) and 0.302% (54.4x 100/17981.5) (Table 2.3), respectively.
When R? was 0.92, the unexplained variances were 5%, 0.121%, and 0.302% due to
reference method, NIR spectrometer and sample presentation, respectively, and the

residual of 2.57% was the unexplained variance due to other things.

Table 2.2 Repeatability and reproducibility of absorption at 5176 cm™ (1932 nm), 4397
cm™! (2274 nm}, and 4011 cm™ (2493 nm) of ground bamboo of sample
number 16, 28 and 44

SO 2 S AN s S A
number (g ten vate Mean of Repeatablltty _=g'_""‘$€“f‘f°‘f]_ D ,ﬁéﬁfdduéi‘bjti'ty. :
absorption, 1.~ :7ov ..o Yabsorption: .t fro o
At 5176 cm™ (1932 nm) 0.389 0.00376. 0381 | 00141
16 | At 4397 cm™ (2274 nm) 0437, o 000321 0 0425 T00163
At 4011 ' (2893 nrm) 0578 | 000273 0,565 oo
. Average - . . 0468, {:. 000325 (| © 6457 [ 00161
At 5176 cmr! (1932 nm) 0.408 0.00466 o401 T o8t
28 | ALA39Tcm (2274 nm) | L0461 P 000302 1. 0453 b 00191
| At 4011 cmv? (2493 nm) 0.603 000301 0.598 0.0218
Average ' _ - 0490 % 7 0003697 T 0884 U {n L 0.0196
At 5176 cr? (1932 nm) 0.407 0.00388 0.412 0.0196
46 | Atd37cm’(2740m) | 0468 | 000427 - |- - 0469 | 00199
AtAOLL e (2493 m) | 0614 0.00244 0.611 0.0228
Average 00496 | 000353 . 00497 | 00207 -
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2.5.2 Sample spectra
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Figure 2.1 Averaged NIR spectra of ground bamboo, pure cellulose and lignin

The averaged NIR spectrum of ground bamboo, pure cellulose and lignin displayed the
same obvious peaks at 5176, 4397 and 4011 cm™ (1932, 2274 and 2493 nm) (Figure
2.1). The wavebands of 1930 nm correspond to O-H stretching + H-O-H bending
combination of polysaccharides [28], 2276 nm is O-H stretching + C-C stretching of
starch [28], 2500 nm is C-H stretching and C-C stretching of starch [28]. Polysaccharides
are the major component of starch and cellulose structure, and consist of many
individual monosaccharides. Cellulose is a linear polysaccharide polymer. It is the
primary component of biological cell walls. Starch also is a major source of energy for
plant cells. Furthermore, the CH, group appears on lignocellulosic such as
hemicelluloses, cellulose and lignin. The peak at 5951 cm™ (1680 nm) demonstrated
the different absorption among three materials, lignin is highest, ground bamboo is in

the middle, and cellulose is lowest. The wave band at 1685 nm is the C-H stretching

of lignin [28].

2.5.3 Model and validation

The statistical data used for model development are shown in Table 2.4.
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Higher heating value

The most effective model for the predictioﬁ of HHV was developed using the
wavem;lmber range of 6102-4597.7 cm™ (1639-2175 nm), spectrum pre-processing
consisting of min-max normalization and PLS factor number of 7. It was selected based
on the fact it displayed the lowest RMSEP. Scatter plots of measured value by
reference laboratory technique (Y axis) and the predicted value obtained by NIR
spectroscopy (X axis) for the validation set are shown in Figure 2.2a. The R* and RMSEE
of calibration were 0.87 and 124 Jg*, respectively. The r?, RMSEP, RPD and bias of"
validation were 092, 122 Jg?!, 3.66 and 14.4 Jg', respectively. Williams [30] has
indicated that the model provided R?* between 0.92 and 0.96 could be used for most
applications, including quality assurance and RPD in the range of 3.1-4.9 could be used
for screening. The bias (14.4 Jg'!) was very small compared to the mean of reference
value (17701.9 Jg™. -

Fisure 2.3a illustrates the spectra of validation set pretreated by min-max
normalization, reegression coefficient and X-loading weight plot. The regression
coefficient plot and X-loading weight plots for the first three PLS factors used in model
development are used to interpret the effect of absorbance at the peak wavenumber
(X variable) on the prediction of the constituent or properties (Y variable) on the
‘molecular level. A high value at any wavenumber indicates that the vibration of the

particular bonds at the wavenumber strongly influences the model prediction.
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Figure 2.2 Measured vs predicted a) higher heating vatue, b) volatile matter, c} fixed

carbon and d) ash content of validation set

The absorbance region corresponding to 5180 cm™(1930 nm), 4686 cm(2134
nm) and 5994 cmm! (1668 nm) at peak 1, 2 and 3, respectively, were important in the
prediction of HHV. The wavebands of 1930 nm correspond to O-H stretching + H-O-H
bending combination of polysaccharides [28]. The peak at 2134 corresponded to lignin
[31] and 1685 nm corresponded to lignin {28].

The HHV of biomass depended on ifs chemical composition i.e. lignocellulosic.
Even though the HHV was not direct property determining by NIR spectroscopy, but it
could be predicted when the interaction between its property and NIR radiation were
known [32]. These results were compared to Guimardes et al.[19], that the peaks at
about 5940 cm! (1684 nm) (first overtone of aromatic C-H stretching), 5230 cm™ (first
overtone of aromatic O-H stretching), 4415 cm™ (2265 nm) (combination band of O-H
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and C-Q stretching) were dependent on lignin. These corresponded to hydrocarbons
which are the primary energy source of bamboo.

The lignin content is strongly related to the HHV of biomass [33,34]. Posom
and Sirisomboon {17] reported that vibration bands of fiber and cellulose had an
important effect oﬁ the prediction of HHV of Jatropha curcas L. Thus, the
determination of HHV was affected by the vibration of the C-H bonds associated with
tignocellulosic compound.

Volatile matter

The most useful model was developed using a wavenumber range of 7502.2-
4597.7 cm (1333-2175 nm), with spectrum pre-processing :considering of the first
derivative + straight line subtraction and PLS factor number of 9. Figure 2.2b shows the
scatter plots of measured value by reference laboratory technique (Y axis) and the
predicted value obtained by NIR spectroscopy (X axis) for the validation set. The R?
and RMSEE of calibration set were 0.87 and 0.905%. The r?, RMSEP, RPD and bias on
the validation set were 0.82, 1.15%, 2.55 and -0.427%. The r? of 0.82 indicated that the
model was acceptable for screening and RPD of 2.55 indicated that the model was
acceptable for rough screening {30]. The bias was low compared to the mean
measured value (-0.427% of 58.223%).

The spectra of validation set pretreated by first derivative + straight line
subtraction, regression coefficient and X-loading weight plot are demonstrated in Figure
2.3b. The obvious peak 1, 2, 3, 4, 5 and 6 were approximately at 5276 cm’? (1895
nm), 7116 cm? (1405 nm), 5785 cm™ (1728 nm) and 4651 cm™ (2146 nm), 4883 cm™
(2047 nm) and 5091 ecm™ (1964 nm), respectively. The wave band at 1896 nm relate
to O-H stretching + C-O stretching of C=0 and CO,H [36]. The vibration band of
1728 nm correspond to hemicellulose {27]. The peak at 2146 nm is vibration band
of HC=CH [27]. Lignocellulosic compound can be converted into gas product [36].
Both Lv et al.[37] and Burhenne et al.[38] stated that the gas yield of biomass
pyrolysis increased with increase of cellulose content, but bio-char yield
decreased. Wannapeera et al.[39] reported that biomass (rice husk, rice straw and
corncob) contains the highest cellulose content, and gave the highest total gas yield.
Xue et al.[40] reported three peak including O-H first overtone (7092 cm™), C-H
stretching first overtone (5797 cm™), and O-H bend/C-O stretching combination

corresponded to prediction of VM into corn stover.
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Figure 2.3 Pretreated spectra, regression coefficient plot, X-loading plots of a) higher

heating value, b} volatile matter and ¢) fixed carbon. PC_1, PC_2 and PC_3 are

PLS factor 1, 2 and 3, respectively

Fixed carbon
The most effective model for the prediction of the fixed carbon was developed

using a wavenumber range of 7502.2-6098.2 cm™ (1333-1639.8 nm) and 5450.2-4597.7
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cm™ (1835-2175 nm), with spectrum pre-processing consisting of the first derivative +
MSC, with a PLS factor number of 10. Scatter plots of measured value by reference
laboratory technigue {Y axis) and the predicted vatue obtained by NIR spectroscopy (X
axis) for the validation set are shown in Figure 2.2c. The R? and RMSEE of calibration
set were 0.89 and 0.778%. The r?, RMSEP, RPD and bias of the validation model were
0.85, 1.00%, 2.62 and 0.0256 %. A model that provided an R? between 0.83 and 0.90
could be used with caution for most applications, including research and RPD in the
range of 2.4-3.0 could be used for rough screening [30].

The spectra of vatiaation set pretreated by first derivative + MSC, regression
coefficient and X-loading weight plot are demonstrated in Figure 2.3c. The important
peaks were at 5276 cm™ (1895 nm) (peak 1), 4898 cm™ (2041 nm) (peak 2), 5141 cm
(1945 nm) (peak 3), 7112 cm™ (1406 nm) (peak 4), and 4659 cm! (2146 nm) (peak 5).
The wave band at 1896 nm relate to O-H stretching + C-O stretching of C=0, CO,H
[36]. The peak at 2140 nm correspond to =C-H stretching + C=C stretching of
HC=CH [27].

Xue et al.{40] reported the many peaks were useful for predicting fixed carbon
of corn stover such as C-H stretch/C=0 stretch combination (4545 cm?), C=0 stretch
second overtone (4926 cm™), C-H stretch first overtone (5935 cm™), and C=0 stretch
third overtone (6897 cm™). The main peaks observed were due to alcohol OH and CH,
both of which are in lignocetlulosic structure, as either lignin or cellulose. Notably, OH
was one functional group of lignin chemical structure. Burhenne et al.[38] reported that
biomass containing a high lignin content can produce high bio-char. In addition, peaks
associated with polysaccharides were found. According to Floch et al.[41], fibrous
polysaccharides were either starch or cellulose, both a good source of energy. It
can therefore be concluded that the model for fixed carbon depended strongly
on the lignin and cellulose content.

Ash content

Scatter plot of the measured ash content value obtained by the reference
laboratory technigque (Y axis) and the predicted value by NIR spectroscopy (X axis) of
validation set is shown in Figure 2.2d. The most effective model for the prediction of
ash content were developed using a wavenumber range between 9828-8933.2 cm™
(1018-1119 nm) and 8046-5376.9 cm™ (1243-1860 nm), spectrum preprocessing of first
derivative and straight line substation and PLS factor number of 8. The R? and RMSEE
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of calibration set were 0.67 and 0.587%. The r?, RMSEP, RPD and bias of validation |
model were 0.51, 0.768%, 1.44 and -0.108%. This low r? means that only 51% of the
variance in absdrbance values can be accounted for by variance in ash content. The
models by Acquah et al.{32] to predict the ash content of loblolly pine wood provided
fair result. They reported the R? of 0.68, SEC of 0.61% and RPD of 1.08.
Consequently, model analysis was not necessary {30]. In this case the unexplained
variance was due to the sample, and this was because the ash was Hbt the NIR
absorber and the range of reference values was very narrow, so the prediction model
was less effective.
2.6 Conclusion

in this study we observed that the HHV and A values do not vary with the culm
circumference. HHV, VM, FC, and A showed a high standard déviation, meant that the
culm size does not influence the reference value. The PLS model development for
the evaluation of the HHV, VM and FC of ground bamboo were feasible for screening
only. However, it was not possible to develop a useful predictive method for A, largely
because the ash was not NIR absorber and the range of ash data was also narrow. The
peaks associated with O-H stretching + H-O-H bending combination and lignin greatly
affected the prediction of HHV. The prediction of VM and FC, was primarily influenced
by the O-H stretching + C-O stretching of C=0, CO,H. Moreover, the results showed
that the reference method had the highest influence on error of prediction.
Collectively the results indicate that NIR spectroscopy could be used as a
nondestructive technique for most applications, including quality assurance, for the
prediction of HHV. Also there was a model that could be used for prediction of VM
and FC with screening. However, because of a limited data set (80 samples), the further
evaluation on more samples sampling in different area are recommended for more
robust models. These properties can be used-to-design-thermak-chemical conversion
methods such as combustion, easification and pyrolysis processes associated with
biomass, as well as to monitor biological or thermochemical conversion processes.
The properties can be used to set a fair market price for such biomass materials.

This chapter demonstrates that NIR spectroscopy can predict HHV and
proximate data when MC is controlled at about 5 wt% because the proximate data
was different. Even though bamboo was of the same species, chemical component

was different because of different diameter size. When NIR spectroscopy can predict
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proximate data, then it may predict pyrolysis characteristic. Therefore, next chapter

aims to use NIR spectroscopy to evaluate pyrolysis characteristic of milled bamboo.
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Chapter 3

Evaluation of pyrolysis characteristics of milled

bamboo using near-infrared spectroscopy

3.1 Abstract

This paper reports the development of a rapid and low-cost method based on
near-infrared spectroscopy as an alternative for thermogravimetric determination of the
pyrolysis characteristics, inctuding Tonsetr Tshy Tpeaks Tofiset @M DTGpear, Of milled bamboo.
Toer 15 the extrapolated onset temperature that is calculated from the partial peak
resulting from the decomposition of the hemicellulose component, Ty, is the temperature
corresponding to the overall maximum of the hemicellulose decomposition rate, DTGpea
is the overall maximum of the cellulose decomposition rate, Tpeax is the tem"perature
corresponding to the overall maximum of the cellulose decomposition rate and Togser i
the extrapolated offset temperature of the DTGpe curves determined using
thermogravimetric analysis (TGA). The models may be used to control the pyrolysis
processes of bamboo to achieve the most economical and environmental conditions. 80
samples of bamboc with various circumferences of culms in the ranges of approximately
16-18, 18-20, 20-22, 22-24, 24-26, 26-28, 28-30, 30-32, 32-34, 34-36, 36-38 and 38~
40 cm were randomly collected for optimization of the models. The models were
optimized by partial least squares regression (PLSR} with 80% of samples for the calibration
set and 20% for the validation set. FOT Toner, Tsh Tpeas Tofset @Nd DTGpear, the models
showed coefficients of determination (R?) of 0.566, 0.845, 0.917, 0.973, and 0.671; root
mean square errors of prediction (RMSEP) of 9.7 °C, 4.36 °C, 3.77 °C, 2.66 °C, and 0.428 wt
loss %/min; ratios of prediction to deviation (RPD) of 1.52, 2.58, 3.48, 3.55, and 1.75; and
biases of -0.344 °C, —0.765 °C, 0.349 °C, -5.41 °C, and 0.045 wt loss %/min, respectively.
In addition, the results showed that pyrolysis characteristics did not depend on the
circumference. The vibrational bands of water and CHs, O-H stretch, first overtones of Ar-
OH, CH, and HC=CH in the cellutose and lignin structures, O-H hydrogen bonds of potyvinyl
alcohol and C-H stretch corresponding to the first overtone of CH, had the highest
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influence on the values of Tonser, Teh Tpeaks aNd Tofrser, Tespectively. The vibrational band of
the C-0-C asymmetrical stretches of cellulose and hemicellulose, and the combination of
O-H stretch and HOH bend of polysaccharides influenced the DTGy value. These results
are beneficial for studying the thermal behavior of milled bamboo as a potential resource

for producing biofuets, especially in the pyrolysis process.

*This chapter constituted the journal article: Posom J, Saechua W, Sirisomboon P. “Evaluation of
pyrolysis characteristics of milled bamboo using near-infrared spectroscopy.” Renewable energy, vol.

103, 2016, Pp. 653-665.
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3.2 Introduction

Bamboo can be one of economic crops. It is one of seven fast-growing trees
promoted by government sector used to be alternative energy resource {1]. It is the most
important non-wood species which is abundantly grows in most of the tropical and
subtropical zone [2]. It encompasses 1250 species within 75 genera, ranging from 10 cm
to 40 m in height which is relatively fast-growing, attaining stand maturity within five years
and it is the vernacular or common term for members of a particular taxonomic group of
large woody grasses (subfamily Bambusoideae, family Andropogoneae/Poaceae) [3].
Bamboo plant is a complex system and is parts of grass family [4]. Itis a tall glass, fast-
' growing and typically woody.

Bamboo is'a native plant of Thailand which has been used for several activities.
Thailand is the tropical zone which is the center of diversity of bamboos [5]. Some species
can grow up to a foot a day [6]. In Thailand, there are 13 generals, and 60 species [7]
where culm or stem are used for several products such as food {(from shoots), food
containers, fishhook, agricuttural equipment, chopsticks, furniture, flooring, raft, paper,
boats, charcoal, musical instruments, bridges, scaffolding and housing. It is usually
comfortable but temporary structural material. In addition, it is used for renewable energy
such as biodiesel and biogas, and charcoal production [8]. Bamboos like wood, consists of
the extractives, cell wall components and ash. Especially cell wall components, is
consisted of cellulose, hemicellulose and lignin which are important composition for using
as an alternative for energy production via thermochemical conversion processes [9], the

characteristics of the bamboo biomass was shown in Table 3.1.



Table 3.1 Characteristics of the bamboo biomass [10]
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Property Value

High heating value (MJ/kg) 17.235 + 0.143
- Proximate analysis (% wet basis)

Moisture 9.37 + 0.80

Fixed carbon 17.75 + 0.40

Volatile 70.31 £ 0.4d

Ash 257 +0.41

Elemental Analysis (%dry basis)

C 39+3

H 6.1+ 0.2

N 0.6 £ 0.3 0,018+ 0,006

< :

O 54+3

Structural Composition (% dry bosis)

Cellutose 47.5 +0.4

Hernicellulose 15.35 +0.42

Lignin 26.25+0.07

Extractives 4.90 +0.14

Silica 0.7+0.0

In proximate analysis, bamboo consists the more VM and C but had small A

content. For elemental analysis, C content was highest and S content was smallest. Table

3.2 illustrated fuel properties of different bamboo species [11], the A and HHV of bamboo

were different when different bamboo species.

Table 3.2 Fuel properties and potential of different bamboo species [11]

Species Ash content Energy content
(in %) (MI/kg an)

B. pallida 1.91 . 1863

8. tulda 1.92 18.61

D. asper 4.23 17.92

D. membranaceus 4.99 1881

G. apus 200 18.14
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Why has bamboo gained interest?: Bamboo is a renewable energy crop that has
been planted in many parts of the world. It is used for furniture, apparatus and fuel.
According to literature {12] and [13], bamboo has a short growth cycle and provides high
yields of natural resources. Several studies have reported the advantages of bamboo, such
as its fast growth [6] and [14], high energy and low ash [5], easy propagation and high
productivity [15]. Bamboo is a large, woody grass [5]. It has been previously noted that
bamboo could be the biomass material and bic-energy resource of the future

[14] and [16].

Bamboo, like wood, consists of hemicellulose, cellulose and lignin. Some studies
have reported the content of hemicellulose, cellulose and lignin in bamboo (Table 3.3).
Biomass are formed by the atoms C, O and H [17]. Near-infrared (NIR) radiation interacts
with structure of O-H, N-H, C-H, C-O, C-O-C, HC=CH, C=C and so on [18] and [19]. Hence,
biomass is a good absorber of NIR radiation. NIR spectroscopy is an appropriate and rapid
method for evaluating the components and physical properties of agricultural products.
Rapid methods are needed to characterize biomass for energy because of the increasing
use of biomass in energy systems and the expanding varieties of biomasses available [20].
The different characteristics of biomass are important for controlling thermal processes.
These should be monitored to achieve the most economical and environmental
conditions. NIR spectroscopy has many advantages, such as being rapid, nondestructive,
environmentally friendly due to no or low chemicals, and requiring minimal guantities of
samples. Therefore, several recent studies have focused on applying NIR spectroscopy as
an alternative method for the assessment of biomass characteristics, such as prediction of
composition and bioethanol yield from the cell wall structural components of sweet
sorghum biomass {21], evaluation of the thermal properties of Jatropha curcas L. kernels
[22], prediction of the heating value and moisture content of Jatropha curcas L. kernels
[23], prediction of moisture, calorific value, ash and carbon content of two dedicated
bioenergy crops [24], prediction of biomass composition of switchgrass [25], determination
of biochemical methane potential of plant biomass [26] and determination of the
chemical compositional variability of corn stover and switchgrass [27]. These studies have

shown the feasibility of NIR techniques for assessment of the thermal properties and
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chemical corhposition of biomass. At present, there has been no report on the application

of NIR spectroscopy to study pyrolysis characteristics.
3.3 Objective

Thus, this work is focused on the evaluation of pyrolysis characteristics of milled
bamboo, including Tonsets Tsh Tpeato Toftset @Nd OTGpear Using Fourier Transform-NIR (FT-NIR)
spectroscopy as an alterative to thermogravimetric analysis. The reference parameters
were obtained from a thermogravimetric apparatus under non-isothermal conditions in a

nitrogen atmosphere.

Table 3.3 Hemicellulose, cellulose and lighin content in bamboo

Material Hemicellulose Cellulose Lignin Reference

Bamboo 15-20% 35-65% 15-25% (28]

Bamboo 24.2 43,1 27 [5]

Bamboo Shoots (Bombusa blumeana) 2730+ 28 2790 £ 1.2 792+ 00 29]
2-Year-old (Bambusa blumeana) 2751+ 1.7 3770+ 1.5 25.73 = 0.0
5-Year-old {Bambusa blumeana) 2294 £ 2.1 4191 + 1.0 271103

3-year-old moso bamboo culms (Phyllostachys 22.86x2.19 41.72+£2.37 20.91+0.24 £30}

pubescens)

3.4 Materials and methods
3.4.1 Sample

The samples of bamboo, Dendrocalamus sericeus cl. Phamon, in this study were
obtained from the Uttaradit province, Thailand, and had different circurnferences of culms.
A total of 80 samples in 12 ranges of culm circumference (16-18, 18-20, 20-22, 22-24,
20-26, 26-28, 28-30, 30~-32, 32-34, 34-36, 36-38 and 38~40 cm) were randomly cut
10 cm above the ground. Each sample was chopped by a chopping machine (P5508,
Patipong, Thailand). After this, the samples were dried under the sun until the moisture
reached approximately 5%wb. The milled were passed through a sieve of diameter 3 mm

(60201, QC, UK) and kept in an aluminum bag till the experiment.

3.4.2 Near infrared spectroscopy
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Figure 3.1 Scanning milled bamboo by FT-NIR

Figure 3.1 showed the scanning milled bamboo by FT-NIR. The milled sample was
filled in a sample cup of 43 mm diameter and 50 mm height, the bottom of which was
made of quartz. The sample was scanned using a FT-NIR spectrometer (MPA, Bruker,
Germany) with the diffuse reflection mode, and the spectrum was recorded in the range
of 12,500-3800 cm™!, as an average of 64 scans with a resolution of 8 cm™ at air-
conditioning room temperaturé, i.e, 25+ 2°C. The sample at the bottom of the cup,
irradiated by NIR radiation, was collected to determine the reference values because it

contained more NIR spectral information than the remaining part of the cup.

3.4.3 Reference methods

Milled sample

Figure 3.2 Thermogravimetric analyser (TG 209 F3 Tarsus, Netzsch, Germany, 0.1 ug

resolution; 6.8 mm diameter aluminium oxide (Al,Os) crucible)
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Figure 3.3 The temperature program for pyrolysis

The reference value of pyrdlysis characteristics, including Tonset, Tshy Tpeaks Toffset @N
DTGpeax (dm/dt at the highest peak), of a milled sample were determined using a
thermogravimetric analyser (TG 209 F3 Tarsus, Netzsch, Germany, 0.1 ug resolution;
6.8 mm diameter aluminum oxide {(Al,O4) crucible). The milled sample of 6 * 0.5 mg was
put into aluminum oxide (Al,Os) crucible (see in Figure 3.2). The samples were heated
from 32 °C to 700 °C with a flow rate of 20 mi/min of N, zero-O, environment and heating
rate of 10 °C/min for pyrolysis. The temperature was maintained at 700 *Cfor 1 h to ensure
completion of the pyrolysis process. The temperature program was demonstrated in
Figure 3.3. After the pyrolysis characteristics were measured, the outliers were then

catculated using equation (3.1).

X =13 (3.1)

where X; is the measured value of sample i. X and SD are the average and standard
deviation of the measured values of all samples, respectively. If the equation was satisfied,
the sample was outlier and it was then removed from reference data set.

3.4.4 Repeatability, reproducibility and maximum R?

The precision of pyrolysis characteristics measured and spectral data scanned were

determined using the parameters of repeatability and reproducibility. Maximum R?(RZ,ax)
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is the maximum coefficient of determination, when there are no errors in the spectra. For
the pyrolysis characteristic reference data; repeatability was the standard deviation of the
difference between duplicates; while reproducibility was the standard deviation of the
difference between duplicates from blind samples. In addition, the precision of the NIR
instrument was also determined using repeatability and reproducibility. The absorbance
value at the wavenumber of 5176 cm™ (1932 nm) was used for the determination. Any
wavenumber could be used to determine the repeatability and reproducibility of NIR
scans. Therefore, we used the wavenumber 5176 cm™ {1932 nm). This was thé absorption
band of water in the milled bamboo spectrum. The NIR absorption band of water was the
highest peak that was oniously visible in the spectrum. The peak was easily changed
when the scanning conditions were varied. The repeatability of the NIR instrument was
the standard deviation of the absorbance values when the sample was re-scanned 10
times in fhe same position, and the reproducibility of spectral data was the standard
deviation of the absorbance values when the sample was re-loaded and re-scanned 10
times (personal communication with Phil Williams). According to Dardenne [31], Rfax can

be calcutated using equation (3.2}

: REL= E’z’—sf.;i:iz (3.2)
where SD, is the standard deviation of the measured values in the calibration set. Rep is
the repeatability of the pyrolysis characteristic reference data. R%,,y is possible only when
there are no errors in the spectra or the model, and it depends on the range and precision

of the reference data.
3.4.5 Spectrum pre-processing and NIR spectroscopy modelling

The model was optimized using the OPUS software, Version 7.0.129, Bruker Optik
GmbH, Germany, with partial least squares (PLS) regression using the test set validation
method. The samples were randomly sub-divided into 80% for the calibration sample set

I was

and 20% for the validation sample set. The wavenumber range of 12500-3800 cm™
equally divided into five sub-ranges. Spectrum preprocessing was performed by the
constant offset elimination; straight line subtraction; vector normalization, min-max

normalization; multiplicative scatter correction (MSC); first derivatives, second derivatives;
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first derivatives -+ straight line subtraction; first derivatives -+ vector normalization and first
derivatives + MSC techniques. The models were developed using a combination of sub-
ranges of wavenumbers and spectrum pre-processing techniques, and the corresponding
root mean square error of prediction (RMSEP) was determined. The model with the
optimal sub-range of wavenumbers and spectrum pre-processing technique was selected
by the lowest root RMSEP. Spectral pre-processing techniques are required for model
developmen;c to remove any irrelevant information that cannot be properly handled by
regression techniques [32]. The outliers were determined by the Mahalanobis distance
limit. The reeression coefficient and X-loading weight of each PLS latent variable was also

determined by the software program and plotted.

3.5 Results and discussions
3.5.1 Pyrolysis characteristics of milled bamboo

The Tonsets Tshr Tpeaks 1ofisets aNd DTGpeqy of milled bamboo are illustrated Table 3.4.
Based on ANOVA, there were 2 different levels for Tgnger and DTGpear, and 3 different levels
for e, Toeak @nd Toper- AS seeN In Table 3.4, the standard deviations were high, indicating
the difference in pyrolysis characteristics, even for equal circumferences of culms. Thus,
the pyrolysis characteristics did not depend on circumference. However, the age may have
a sienificant influence on the properties of the fast-pyrolysis products [33]. Moreover, the
different pyrolysis characteristics were affected by the lignin, cetlulose and hemicellulose

contents [34,35,36,37,38].
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Table 3.4 Toqer, Tshy Tpeakr Toftset aNd DTGpeay of milled bamboo obtained from bamboo

trunks with different circumferences of the culms

Range N Tonsat °C) Ten (°0) Toeax (°C) Tattser £°C) DTGpeak (welght
(mm) loss % /min)
16<l.<18 8 141.725:12454ab 295.375:10.796abc  332.818+14.81dabc  385.562%10.959abc  -8.835:0.73%ab
18<Ls20 6 136.233:14.417b  303250%17.394a  343.501x15531a 390.833+11.910a  -9.486:1.046b
20<Ls22 6  133.550+8.51%b  294.000+15.241abc  335.916x15.635abc  385.166x12.363abc  -8.733:0.678a2
22<l«24 7 141.657+9.866ab  289.857+12.82labc  326.471x12.958bc  380.92828.757abc  -8.498x0.579%a
24<l<26 6 137.916+9.370ab  285.083x1.357c 322.000+2.393c 377.3335.988¢ -8.638+0.351a
26<L<28 6 144.600+8.728ab 289.5+9.746abc 322.950+8.074¢ 376.583+5.219c -8.623+0.574a
28<L<30 8 139.162x13116ab  288.875:8.096bc  323.812+8.110bc 378.812:8.668bc  -8.451x0.521a
30<L<32 8 146.250x14.576ab  293.750+6.18labc  332587:9.794abc  383.625:6.968abc  -8.402+0.261a
32<i<3¢ 7 138.442+11296ab 290.428%10.357abc  327.685+12.020bc  379.500x7.643bc  -8.387+0.520a
34<L<36 7 1538424196772  294.214x10.676abc  332.028:11.605abc  383.928+8.115abc  -8.261+0.653a
36<L<38 5 146.160:8.838ab  301.800:4.868ab 342,700+7.316a 389.900:6.328ab  -8.834x0.4063b
38<L<40 6 141.883:8.628ab  298583:9.95labc = 338.183x8.857ab  387.500+7.66labc  -8.471:0.589a

Different letters in the same column indicates the different means that are significantly at p>0.05 by

the Duncan multiple range test. N is number of sampiles. L is circumference of the bamboo culms.

3.5.2 NIR spectral characteristics of milled bamboo

The vibrational bands of milled bamboo can be observed in Figure 3.4, which

shows the NIR spectra of 80 samples. The main spectral regions were at 6823 cm™
(1466 nm), 5192 cm™! (1926 nm), 4752 cm™ (2104 nm} and 3992 cm™! (2505 nm). The
waveband at 1471 nm is the first overtone of N-H stretching of CONHR [18], 1930 nm is

the combination band of O-H stretching + H-O-H bending polysaccharides [19], 2103 nm

is the band for glucose, and 2500 nm is the band corresponding to C-H stretching + C-C

stretching of starch [18]. Similar results were also reported by Yang et al. [39] for mature

bamboo (two years old) and juvenile bamboo (one month old), with many absorption

bands in the wavelength region of 1100-2500 nm, including peaks at approximately 1473,
1925, 2095, 2267 and 2328 nm.
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Figure 3.4 NIR spectra of 80 samples of milled bamboo

The NIR spectra obtained by scanning the milled bamboo raw material changed
when the scanning environment, i.e., ambient temperature and water dissolved in the
ambient air penetrating into the spectrometer, was changed [40]. In our scanning protocol,
this environment was kept constant by means of an air conditioning temperature
controller and a spectrometer humidity controller using a molecular sieve. However,
parameters such as heating rate, inert gas flow rate and pyrolysis temperature, which were
the reference test conditions, might have an effect on the pyrolysis characteristics. Further,
the change of pyrolysis characteristics might affect the prediction models. Some
researchers concluded that the maximum weight loss rate (DTGg.n) decreased with
increasing heating rate because their curves shifted obviously towards the high
temperature range as the heating rate rose [41,42,43]. By observing the DTG curves of
these reports, it might be concluded that Tonet, Tehs Tpeak @NG Togmser iNCreased with
increasing heating rate. Modifications of reference test conditions, such as heating rate,
pyrolysis temperature and inert gas flow rate, would affect the product and residue yield.
Oyedun et al. [6] reported that residue yields increased with increasing heating rate, but
were very similar. Higher heating rates lead to higher liquid yields, while lower heating
rates lead to higher biochar yields [44]. The pyrolysis temperature influences the bio-
product yield. Thus, Irfan et al. {45] reported that for pyrolysis of Achnatherum splendens
L. under three different pyrolysis temperatures (300, 500, and 700 °C), the biochar yield
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decreased and syngas yield increased when pyrolysis temperature was increased, and the
maximum bio-oil yield was obtained at 500 °C. In addition, the pyrolysis temperature also
has an effect on the product properties. Lower pyrolysis temperatures and heating rates
promote higher mass and energy yields of biochar, while higher pyrolysis temperatures
and heating rates lead to higher mass and energy yields of the non-condensable gas [46].
Kim et al. [47] reported that increasing the N, gas flow rate from 20 to 40 L/min did not
change the vield of the pyrolysis products. However, it did change the bio-oil properties,
e.g., by decreasing the water content and increasing the amount of organic compounds.
In our experiment, both scanning and thermogravimetric protocols were fixed. When the
models are proven to be suitable for use, the developed protocol must be applied to

update the model.

Table 3.5 Repeatability, reproducibility and R4 of reference laboratory for Tonen Tso
Toesks Toffset and DTGpeqe and of absorption at 5176 cm™ (1932 nm) of milled

bamboo

Parameter Repeatability Reproducibility R:rznax
Tanset 8.8 7.0 0.465
Tin 3.9 5.2 0.877
Toeax 181 -2.39 0.979
Toffset 1.58 1.89 0.970
DTGpeak 0.199 0.333 0.903
Absorption value at 5176 cm™ (1932 nm) of sample number 28 0.00467 0.01816 -

3.5.3 Overall precision of reference test

The repeatability, reproducibility and 82, of Tonsets Tshs Toeaio Toftsets DTGpeax @and the

absorption at 5176 cm™ (1932 nm) of milled bamboo are demonstrated in Table 3.5. They
had the same precision as the reference laboratory and NIR spectrometer. While rZ,, is
possible only when there are no errors in the spectra [31], it can be used to indicate
whether the NIR model should be developed or not. rR2,, of Touer Was the lowest, and it

was not reasonable to develop a NIR model for this parameter. However, those of Ty,
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Tpeaks Toffsets @aNd DTGpeq Were high, due to which it was reasonable that NIR models should

be developed for these.
3.5.4 Performance of PLS models

Statistical data for Tonsets Tsh» Tpeaks Toffsets @Nd DTGpear Of milted bamboo in the total
samples, calibration set and validation set are shown in Table 3.6. The data were used for
model development and validation. The results of the optimal PLS models for the studied
properties are shown in Table 3.7, where the wavenumber range, spectrum pre-processing
method, number of PLS latent variables, coefficients of determination (R%) of both
catibration and validation, root mean square error of estimate (RMSEE), root mean square
error of prediction (RMSEP), ratio of prediction to deviation (RPD) and bias are shown. The
RZ_ in Table 3.5 was determined when there was no error in the scanning and the only
error was from the reference laboratory source. It was the maximum possible value of R%
In Table 3.7, the R? was the normal R%, where the sources of error came from NIR scanning,
reference laboratory as well as other unknown sources. Figure 3.5 displays the scatter
plots of measured versus predicted values of the prediction sample set. The best models
for prediction were developed using the wavenumber range of 6102-5446.3 e for Tynses;
8046-7155 and 6267.9-4485.9 cm™! for Ty _5874.5—4246.7 et for Tpem and 9403.8-
7498.3 and 6102-4597.7 cm! for Toper and 9403.8-7498.3 and 5450.2-4246.7 crn™! for
DTGpea: The second-derivative spectrum pre-processing method was used for model
development of Tyner and Ty, and first derivative + vector normalization was used for

Tpesks Toftsets and DTGpear- The PLS latent variable numbers were 7, 7, 9, 9 and 9 for Tonget,

T Tpeaks Toftset @Nd DTGpeat, respectively.
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Table 3.6 Statistical data of Tongets T Tpeaks Toffset aNA DTGpear OF milled bamboo used in

model development

Pararmneters Data set N? Max Min Mean Range sob
Total sample 80 182.6 1157 141.882 66.9 12.574
Tonges (°C) Calibration set 64 182.6 115.7 141,560 66.9 11.941
Prediction set 16 1725 117.3 143.250 55.2 15,213
Total sample 79 319 277 293.063 42 1047t
T PO Calibration set 63 319 277 202777 a2 10.336
Prediction set 16 316 278 293437 38 11.458
Total sample 80 357 313.2 331.007 438 12.283
Taeak (°C) Calibration set 64 357 3132 330.407 438 12.003
Prediction set 16 3538 313.2 333.368 40.6 13.476
Total sample 78 403.5 367 382.565 34.5 8.646
Tofsat °C) Calibration set 62 403.5 367 382.270 36.5 8.457
Prediction set 16 398 368 383.687 30 9.539
Total sample 80 -1.25 -11.27 -8.618 4.02 0.638
DTTS" weight g Catibration set 64 725 0 -1127 8681 4.02 0.605
/roie) Prediction set 16 -7.43 -10.25 -8.525 282 0.771

? Number of samples, b Standard deviation.

Table 3.7 Result of partial least squares regression models for determination of Tonset, Tsh

Tpeaio Toffs;t and DTGpeq Of milled bamboo

Parameters Wavenumber Pre-processing Calibration Validation

range {cm™) PLS latent  R? RMSEE ~ R2 RMSEP  RPD  Bias
variables

Tonset 6102-5446.3 Second derivative 7 0.545 8.55 0.566 9.70 152 -0.344

Tsh 8046-7155 Second derivative 7 0.865 402 0.845 4.36 258 -0.785
6267.9-4085.9

Toeak 5874.5-4246.7  First derivative + 9 0.921 3.66 0917 377 348 0349

vector normalization

Tattset 9403.8-7498.3  First derivative + 9 0939 227 0917 266 355 -0541
6102-4597.7 vector normalization

DTGpeak 9403.8-7498.3  First derivative + 9 0.692 0.363 0.671 0.428 175 0.0452

5450.2-4246.7

vector normalization

R? is coefficient of determination. RMSEE is root mean square error of estimation. RMSEP is root mean

square error of prediction. RPD is ratio of standard deviation and Bias is average error of prediction.
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The R? were 0.566, 0.847, 0.917, 0.894, 0.671; RMSEP were 9.7 °C, 4.87 °C, 3.77 °C,
332 °C, 0.428 wt loss %/min; RPD were 1.52, 2.59, 3.48, 3.08, 1.75; and biases
were -0.344 °C, -0.78 °C, 0.349 °C, 0.352 °C, 0.0452 wt loss %/min for Tonset, Tshs Tpeaks Tofiset
and DTGgea, respectively. Our results show that the models for Tonset and DTG, Yielded
low R? of 0.566 and 0.671, respectively. Those models were not applicable due to the
following reasons: R? of 0.566 indicates that 56.6% of the total variation can be exptained
by NIR spectra, while 43.4% (100-56.6) of the total variation is unexplained variance that
cannot be explained by NIR spectra. R? of 0.671 indicates that 67.1 can be explained by
NIR spectra while the remaining 32.9% cannot be explained by NIR spectra. If R?* is too
low, the model results in a high error (unexplained variance). Many researchers have
suggested guidelines for R? and RPD. For example, the model that gives R? between 0.50
an.d 0.64 could be used for rough screening, 0.66-0.81 for screening and some other
“approximate” calibrations, 0.83-0.90 could be used with caution for most applications
and- 0.92-0.96 could be usable for most applications [48]; the modet shows excellent
predictions if R?>0.90 and RPD >3, good predictions if 0.81 <R?®<0.90 and
2.5 < RPD < 3, only approximate predictions if 0.66 < R* < 0.80 and 2.0 < RPD < 2.5 and
poor predictions if R* < 0.66 and RPD < 2 [49]; RPD between 1.5 and 2 means that the
model can discriminate between low and high values of the response variable; a value
between 2 and 2.5 indicates that coarse quantitative predictions are possible; and a value
between 2.5 and 3 or above corresponds to good and excellent prediction accuracies,
respectively [32]. Therefore, the Tonge prediction model is not recommended due to low
R% and RPD. Tyt showed 43.4% variance, which cannot be explained by absorption data.
Although the measured data were in a wide range, it had high values of repeatability and
reproducibility. The Ty, model showed low bias (approximately -0.765 °C), low RMSEP,
and high R? and RPD. The ratio between RMSEP and the mean of the reference value
(4.36 °C/293.437 °C) was approximately 1.48%. Therefore, the Ty, model showed good
predictions and could be used with caution for most applications. For Toea, the model
showed high R? and RPD, low RMSEP and bias. The ratio between RMSEP and the mean
of the reference value (3.77 °C/333.368 °C) was approximately 1.13%. This model is

excellent and could be used for most applications. For Temer, the model displayed
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excellent predictive accuracy with high R? and RPD and low RMSEP and bias, and may be
used with caution for most apptications. The ratio between RMSEP and the mean of the
reference value (2.66 °C/383.687 °C) was approximately 0.693%. On the other hand, for
DTGpeats the ratio between RMSEP and the mean of the reference value (0.428 wt loss
%/min/-8.525 wt loss %/min) was approximately 5.020%. It only permitted approximate
predictions and could be used for screening. Moreover, all parameters showed low bias.

This means that a better model could be provided with a wider range of reference data.
3.5.5 Regression coefficient and X-loading

The regression coefficient plots of the models developed for Tonset, Tshy Tpeak, Toftset
and DTGpea are shown in Figure 3.6, while the X-loading plots of the first three factors are
shown in Figure 3.7. The high values of the regression coefficient and X-loading weight at
any wavenumber meant that the vibration of a particular bond at that wavenumber was

the main factor influencing the model prediction.
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The regression coefficient plot of Tyner is displayed in Figure 3.6a. The most
important peaks are at approximately 5543 cm™ (1804 nm) (O-H combination of water)
{19], 6094 cm™! (1641 nm) (first overtone of C-H stretching of R-C,H,0) [18] and 5716 cm™
(1750 nm) (related to the structure of a-D glucose) [18]. While the corresponding X-loading
weight plot is also shown in Figure 3.7a, the most important peaks are at approximately
5901 cm~! (1695 nm) (retated to first overtone of C-H stretching of CHj), 5952 cm™!
(1680 nm) (related to aromatic C-H of hydrocarbon or aromatic) and 5979 cm™ (1673 nm)
{related to C-H aromatic C-H (aryl)). The corresponding absorption bands with high
regression coefficients and X-loading weights are displayed in Table 3.8. The results
indicate that the O-H vibrations of water and C-H vibrations of CH; had the highest
influence because there was no volatilization of water during the initial decomposition of
hemicellulose [50]. The CHs is found in the hemicellulose structure. Guimaraes et al. [21]
also reported that the most important peaks affecting the hemicellulose evaluation model
were the first overtone of O-H stretching, the first overtone of C-H stretching and the

combination of the C-H stretching.
Tsh

For Tq, the regression coefficient and X-loading weight plots of the first three
factors are shown in Figures. 3.6b and 3.7b, respectively. The most important peaks of the
regression coefficient plots are at approximately 5959 cm™ (1678 nm) (C-H methyl,
carbonyl adjacent to (C=0CHs) of ketones) [19], 5138 cm~-1 (1946 nm) {(C=0 esters and
acids (C=0O0R} of acids and esters) [19] and 4872 cm-1 (2052 nm) (NH combination from
potyamide Il of polyamide II} [19]. For the X-loading weight plots, the most important
peaks are at approximately 5338 cm™ (1873 nm), 4494 cm™ (2225 nm) (related to CHO)
[19] and 5230 cm™! (1912 nm) (related to O-H stretch first overtone of Ar-OH) [51]. The
corresponding absorption bands with high regression coefficients and X-loading weights
are displayed in Table 3.9. Guimaraes et al. [21] also reported that the first overtone of
the O-H stretch and first overtone of the C-H stretch affected the hemicellulose

predictions.
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Tpeak

For Tgeaks the regression coefficient plots are shown in Figure 3.6c. The most
important peaks are at approximately 5797 cm™ (1725 nm) {related to the first overtone
of C-H stretching of CH,) [18], 4663 cm™! (2144 nm) (=C-H stretching + C=C stre.:cc.hing of
HC=CH) [18] and 4328 cm™! (2310 nm) (C-H stretching + C-H deformation of CH,) [18]. The
X-loading plots of the first three factors are shown in Figure 3.7c. The high peaks are at
approximately 4359 cm™ (2294 nm) (related to the C-H aromatic C-H (aryl) of C-H aryt)
[19], 5196 cm™! (1925 nm) {related to the assigned O-H) [19] and 4929 cm™! (2029 nm)
(related to the second overtone of the C=0 stretch of CONH,) [18]. The corresponding
absorption bands with high regression coefficients and X-loadings alre displayed in
Table 3.10. Tpe is the temperature corresponding to the overall maximum of the
cellulose decomposition rate [50]. The peaks of CH, and HC=CH, found in the cellulose
and lignin structures, had the highest influence. The results are similar to those reported
by Guimaraes et al. [21], where the vibration band of the first overtone of C-H stretching
was the most important for cellulose prediction. The Tpey of the milled bamboo samples
had a range of 313.2-357 °C (Table 4), in agreement with the result of Jiang et al. [14],
where the critical temperature of maximum weight loss was 347 °C with 10 °*C/min for
moso bamboo in the pyrolysis process. Cellulose was quickly decomposed at 315-400 °C
[5.2] and highly decomposed at 347 °C [53]. Lignin was degraded in a wide temperature
range of 200-600 °C [54]. Accordingly, it may be concluded that not only cellulose but

lignin was also degraded at Tpeak.

Toffset

For Teer, the regression coefficient and X-loading weight plots of the first three
factors are displayed in Figures 3.6d and 3.7d, respectively. The important peaks of the
regression coefficient are at approximately 5273 cm™ (1896 nm) (related to the O-H
hydrogen bonding between water and exposed polyvinyl alcohol OH of water and
polyvinyl alcohol) [19], 5801 cm™ (1724 nm) {first overtone of C-H stretching of CH,) [18],
and 9342 cm™! (1070 nm) (O-H combination band, alcohol or water of alcohols as R-C-O-
H) {19]). The X-loading weight plots showed important peaks at 4933 cm™ (2027 nm)
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(related to C=0 stretching + second overtone of CONH,) (18], 5192 cm™ (1926 nm)
{(combination of O-H stretching and HOH deformation from water molecules in the 3-
aminopropyltriethoxysilane-ethanol-water system) [19]. The corresponding absorption
bands with high regression coefficients and X-loading weight plots are shown in Table 3.11.
Teitset 1S the extrapolated offset temperature. It is the temperature at the end of the DTG
curves at which there is little or no volatilization of the biomass. The O-H bond of polyvinyl
alcohol, found in the lignin structure, had a significant influence. The CH, bond, present

in both lignin and cellulose structures, also had a high influence.
DTGpeak

For DTGpeaw the regression coefficient and X-loading weight plots of the first three
factors are displayed in Figures 3.6e and 3.7e, respectively. The important peaks are at
approximately 8837 cm™ (1132 nm), 8559 cm™ (1168 nm) {(C-O-C asymmetrical stretch of
cellulose and hemicell_ulose) [55], and 9157 cm™ (1092 nm) {2 x C-H stretches + 2 x C-C
stretches of cyclopropane) [19]. The important peaks in the X-loading weight plots are at
5184 cm™ (1929 nm) (combination of O-H stretch and HOH bend of polysaccharides) [19]
and 4386 cm™! (2280 nm) (C-H stretch + C-H stretch deformation of CH,) [18]. The
corresponding absorption bands with high regression coefficients and X-loading weights
are shown in Table 3.12. The results show that polysaccharides strongly influence DTGpeax
prediction. Polysaccharides, such as hemicellulose, holocellulose and cellulose, have a
similar molecular structure of -OH groups [56]. The DTG which was the overall
maximum of the cellutose decomposition rate [50], increased with increasing cellulose

content [34,35,36,37].
3.6 Conclusion

This study focused on NIR spectroscopic methods as an alternative for
thermogravimetric analysis (TGA) to determine Tonget, Ten, Tpeaks Toffser aNd DTGpeq of milled
bamboo. The results show that the pyrolysis characteristics did not depend on the culm
circumference, and the lignocellulosic content in the bamboo influenced the predictions
of the models. The models developed for Ty, and Torer May be used as a nondestructive

technique with caution for most applications, and the model developed for Tyeax is usable
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for most applications. On the other hand, the model for DTG, may be used for
screening. However, the predictive model for Tynse is NOt usable due to high RMSEP and
low R% However, all models showed tow bias. This indicates that the developed protocol
could be used to control the pyrolysis processes of bamboo to achieve the most
economical and environmental conditions. In the authors” opinion, Tyneer and To;fset can be
used to set the starting temperature and the final target temperature of the pyrolysis,
both- of which are very important parameters. Oyedun et al. [6] explained that the final
target temperature could greatly influence the amount of energy used during pyrolysis,
and its value could significantly affect the energy cost and completion time. If the value
is too low, the biomass will contain some volatile gas and the process will take a long
time to complete, thus leading to a low amount of bio-cil. On the other hand, if the value
is too high, the amount of energy used by the heater is too high, which affects the energy
cost. Tonset 1S the temperature at which biomass starts to decompose, and it can be used
to set the gas collection time. If the gas is collected hefore the biomass starts to
decompose, there will be a high amount of moisture in the gas, which results in low-
quality bio-oil. Tpeay is the temperature at the highest degradation rate and DTG is the
maximum rate of decomposition. Their values can significantly affect the processing time.
It was assumed that if the biomass pyrolysis was carried out at the temperature Tgeq it
will give the highest decomposition rate of DTGpea, thus resulting in the highest processing
rate. The NIR spectroscopic model for these pyrolysis characteristics could be applied to
control the process online in real time. The information found in this research can be used
to manage the bamboo biomass feedstock, pyrolysis process, and storage. In addition, the
authors recommend the development of a universal model using different types of
biomass, where the reference value will be in a wide range. Such a model may be useful

for many types of biomass materiats.

This chapter illustrates that NIR spectroscopy has the possibility to determine the pyrolysis
characteristic. The next chapter will describe about the use of NIR spectroscopy for
evaluating LHV and elemental composition. The conclusion was made from the chapter
3 that NIR spectroscopy has the ability for predicting proximate data and HHV. Generally,
HHV can be converted to LHVY, and HHV is the energy from the combustion of C, H, and
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O. Then NIR spectroscopy may also have high possibility for predicting the LHV and

elemental components.
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Table 3.8 The absorption bands with high regression coefficient and X-loading weight of

the model for Ty of milled bamboo

Regression coefficient

Wavenumbe  Wavelengt Wavelength (nm) Bond vibration Structure
r {em™) h {nrm) referred from
reference
5543 1804 1790[19] O-H combination Water
6094 1641 1645[18] C-H stretching first overtone R'CE'E,H
Q
5716 1750 1750[18] - O-D-glucose
6002 1666 1664{19] C-H methyl, OH associated as Alcohols, dials
ROHCH;
5585 1790 1790[19) O=-H combination Water
5882 1700 1700019} C-H methyl, CH,CL Halogenated {CH,Cl)
5901 1695 1695[19] C~H mathyl, CH3Br Halogenated {CH,Br)
5809 1721 1725(18] C-H stretching first overtone CH,
5658 1767 1765[18] C-H stretching first overtone CHy
5608 1783 1780[18] C-H stretching first overtone Cellulose
5828 1715 1711[19] C-H methyl, CHaBr Halogenated {CH,l)
5793 1726 1728[18] - Hericellulose
X-loading weight
Wavenumbe  Wavelengt  Wavelength (nmj} PLS Bond vibration Structure
r {cm) h (nm) referred from latent -
reference variable
5901 1695 1695[18] 3 C- stretching first CHs
overtone
5952 1680 1680[19] 2 Aromatic C-H Hydrocarbon, aromatic
5979 1673 1671[19] 1 C-H aromatic C—H (anAd) C—H aryl
5936 1685 1685[19] 1 C-H aromatic C-H Hydrocarbon, aromatic
5450 1835 1834[18] 1 - O-D-glucose
5801 1724 1725[18] 2 C-H stretching first CH,
overtoneg
5712 1751 1750[18] 3 - O-D-glucose
5766 1734 1733[19] 1 C-H methyl C-H, ether Ether
associated as (R-O-
CH,)
5828 1716 1711[19] 3 C-H methyl, CH;Br Halogenated (CH;)
5589 1789 1789[18] 1 - Q-D-glucose

The intensity of the peaks was running in descending order.
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Table 3.9 The absorption bands with high regression coefficient and X-loading weight of

the model for T, of milled bamboo

Regression coefficient

Wavenumber  Wavelength Wavelength Bond vibration Structure
(em™) (nm) (nm) referred

from reference

5859 1678 1678[19] C-H methyl, carbonyl adjacent as Ketones
(.C=0CH,)

5138 1946 1950[191 C=0 esters and acids (.C=CO0R) Acids and esters

4872 2052 2053119] N-H combination frorn polyamide Il Polyamide Il

5905 1693 1694{19] C-H methyl C-H, (.CH3} Hydrocarbons,

aliphatic

5307 1884 - 1892(19] O-H hydrogen bonding between water Water and
and exposed polyvinyl alcohol OH polyvinyl

5211 1919 1920[18] C=0 stretching second overtone CONH

7174 1394 1395[18] 2xC—H stretching + C—H deformation CH,

7197 1389 1390[19] Si-OH Silica; optical fibers

5836 1714 1711[19] C-H methyl C—H, iodine (CH;b Halogenated {CHsi)

X-loading weight

Wavenumber  Wavelength  Wavelength(n PLS Bond vibration Structure
(cm™) {nm) m) referred latent

from reference variable

5338 1873 - 2 - -
4494 2225 2230019] 1 CHO -
5230 1912 1910 [51] 3 O-H stretch first overtone Ar-OH
5188 1928 1928019] 2 O-H stretching and 3
HOH deformation amincpropyltriethoxysil
binati ane-ethanol-water
combination
system
4980 2008 2008[18] 1 - Sucrose
5253 1904 1900(18] 1 O-H stretching second Starch
overtone
5288 1891 1892{19] 3 O-H hydrogen bonding between Water and
water and exposed polyvinyl polyvinyl alcohol
alcohol OH
OH
5157 1939 1940[18] 3 O-H stretching + O-H Water
deformation
4891 2045 2050[18] 1 N-H asym. Stretching+ CONH,
arnide llI

The intensity of the peaks was running in descending order.
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Table 3.10 The absorption bands with high regression coefficient and X-loading weight of

the model for Thea of milled bamboo

Regression coefficient

Wavenumber  Wavelength Wavelength Bond vibration Structure
{cm™) (nm) {nm) referred
from reference
5797 1725 1725[18] C-H stretching first overtone CH,
4663 2144 2140[18] =C-H stretching + C=C stretching HC=CH
4328 2310 2310(181 C-H stretchineg + C-H deformation CH;
5412 1847 - - -
4397 2274 2276[18] O-H stretching + C-C stretching Starch
5277 1895 1900[18] 0O-H stretching + 2xC-0 stretching Starch
5196 1925 1923[19] O-H assigned to molecutar water {O-H C-H molecular
stretching and HOH deformation) water
4744 2108 2110018] - Hemicellulose
4872 2053 2053[19] N-H combination from poLyamide 11 Polyamide 11
4783 2090 2090[19] O-H combination Polymeric CH
X-loading weight
Wavenumber  Wavelength  Wavelength(nm PLS Bond vibration Structure
cm'} {nm) ) referred from latent
reference variable
4359 2294 2294[19] 3 C-H aromatic C-=H (aryl) C-H aryl
5196 1925 1923(19] 2 O-H assigned to molecular water ~ O-H molecular
water
4929 2029 2030([18] 1 C=0 stretching second overtone CONH,
4467 2239 - 2 - -
4868 2054 2053[19] 3 N-H combination from Polyamide i
polyaride ||
5296 1888 1900118] 1 O-H stretching + 2x C-O stretching Starch
4497 2224 2220(19] 3 NH combination band from urea  NH from urea
(N=H5~C=0-NH,)
44490 2252 2252[18] 1 O-H stretching + O-H Starch
deformation
4409 2268 2270[19] 2 O-H stretching and C-C Cellulose
stretching combination
4355 2296 2294[18] 2 N-H stretching + C=0 stretching Amino acid

The intensity of the peaks was running in descending order.
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Table 3.11 The absorption bands with high regression coefficient and X-loading weight of

the model for Tget of milled bamboo

Regression coefficient

Wavenumber Wavelength Wavelength Bond vibration Structure
{emt) (nm) {nm) referred
from reference
5273 1894 1892[19] 0-H hydrogen bonding between water and  Water and polyvinyl
exposed polyvinyl alcohol OH alcohot
5801 1724 1725[18] C-H stretching first overtone CH,
9342 1070 1065(19] Q-H combination band, alcohol or water  Alcohols as R-C-
O-H
5199 1923 1920[18] C=0 stretching second cvertone CONH
9215 1085 1080[18] 2xC-H stretching + 2xC-C stretching Benzene
5415 1847 = = -
9168 1091 1097[18] 2xC-H stretching + 2xC~C stretching Cyclopropane
4667 2143 2140[18] =C—H stretching + C=C stretching HC=CH
9041 1106 N - -
X-loading weight
Wavenumber Wavelength Waveleneth{n PLS Bond vibration Structure
{emt) (nm) m) referred latent
from reference  variable
41933 2027 2030[18] 1 C=0 stretching + second overtone CCNH,
5192 1926 1928(19] 2 O-H stretching and HOH deformation 3
combination from water molecules in the 3-  aminopropyltri
aminopropyltriethoxysilane-ethanol-water ethoxysilane-
systermn ethanol-water
system
5169 1935 1933[19] 3 Si-0-H stretching + Si-O-Si Silicone
combination frem silicone
4860 2058 2060[19] 3 N-H combination band from N-H from
secondary amide in proteins protein
4683 2135 2132[18] 2 N-H stretching + C=0 stretching Armino acid
5304 1885 1892[19] 1 O-H hydrogen bonding between water Water and
and exposed polyvinyl atcohol OH palyvinyt
alcohol OH
6052 1652 1654[19) 3 C-H methyl C~H, nitro (CH,NO,) Nitre (CH3)
as {CHaNOy)
5319 1880 - 2 - -
5944 1682 1685[18] 3 C-H stretching first overtone Aromatic

The intensity of the peaks was running in descending order.
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Table 3.12 The absorption bands with high regression coefficient and X-loading weight of

the model for DTGez of milled bamboo

Regression coefficient

Wavenumber  Wavelength Wavelength Bond vibration Structure
{cm™) (nrm) (nm) referred
from reference
8837 1132 - - -
8559 1168 1160[55] C-0-C asymmetrical Cellulose,
stretching hemicellulose
9157 1052 1097[18) 2xC-H stretching + 2x C—C stretching Cyclopropane
8879 1126 - - -
8779 1139 1142[19] C-R (3v), aromatic C-H Hydrocarbon,
arornatic
o242 1082 1080{18] 2xC-H stretching + 2x C-C stretching Benzene
9099 1099 109718] 2xC-H stretching + 2x C-C stretching Cyclopropane
5176 1932 1930[19] O-H stretching and HOH bending combination Polysaccharides
9334 1071 1065[19] O-H combination band, alcohels or water Alcohols
4494 2225 2230[19] CHO -
8181 1222 1225[18] CH stretching second overtone CH
5003 1999 2000{18] 2x O-H stretching and C-O deformation Starch
X-oading weight
Wavenumber  Wavelength Wavelength PLS Bond vibration Structure
(em™) (nmj (nm) referred latent
from reference variable
5184 1929 1930[19] 2 C-H stretching and HOH bending Polysaccharides
combination
4386 2280 2280[18] 3 C-H stretching + C-H stretching CH,
deformation
4467 2239 - 1 - -
5315 1882 1900[18] i O-H stretching + 2xC-0O stretching Starch
4933 2027 2030([18] 1,2 C=0 stretching overtone CONH,
4490 2227 2230(19] 32 CHO -
5319 1880 1900[18] O-H stretching + 2xC-0 stretching Starch
5280 1894 1892(19] 2 O-H hydrogen bonding between Water and
water and alcohol OH alcohol CH
5250 1905 1908[18] 3 O-H stretching + O-H deformation POH
4702 2127 2027(19] 2 N-H/C=0 combination from Poly"amide I
polyamide Il
5199 1923 1923[19] 1 O-H assigned to molecutar water O-H molecutar

water

The intensity of the peaks was running in descending order.
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Chapter 4

Evaluation of lower heatihg value and elemental
composition of bamboo using near infrared

spectroscopy

4.1 Abstract

This study was to optimize models using near infrared spectroscopy for
evaluation of lower heating value (LHV), carbon (C), hydrogen (H), nitrogen (N), sulfur
(S) and oxygen content (O) of bamboo. Partial least squares regression was performed
using 80 samples of bamboo where 64 samples was randomly assigned for calibration
and 16 samples for validation. The result was that LHV and element composition did
not depend on circumference size. The models showed the coefficient of
determination of validation set and ratio of standard error of prediction to standard
deviation of reference value of 0.934 and 3.96 for LHY, 0.803 and 2.31 for C; 0.856 and
2.65 for H; 0.973 and 6.6 for N; 0.785 and 2.19 for S and 0.522 and 1.46 for O,
respectively. Models for LHV, N and H prediction provided the highest performance,
which could be used for most application. The C and S models were fair and O model
was poor. The result could be a guide for applying in bamboo trading as biomass, in
design and operation control of energy conversion and in predicting flue gas flow rate,

air requirement, and flue gas compositions in combustion, gasification or pyrolysis.

*This chapter constituted the journal article: Posom J and Sirisornboon P. “Evaluation of lower
heating value and elemental composition of bambeo using near infrared Spectroscopy.” Energy,

vol. 121, 2017. Pp. 147-158.
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4.2 Introduction

Bamboo's characteristic as a raw material for electricity production of biomass
power plants in Thailand was studied by Sritong et al. [1]. They concluded that
bamboo was appropriate for producing electricity with moisture contents (MC) of
14.30 % and 5.80%, ash (A) contents of 3.70% and 2.70%, volatile matter (VM) contents
of 63.10% and 71.70%, fixed carbon (FC) contents of 18.90% and 19.80%,_and higher
heating values (HHVs) of 15.700 MJ kg'* and 17.585 MJ ke'! for Gimsung bamboo and
Tong bamboo, respectively. The elemental composition of bamboo was also
investigated by Scurlock et al. [2]. They reported approximately 52% for C, 5% for H,
a range of 0.2-0.5% for N, 43.3% for cellulose, 24.6% for hemicellulose and 26.2% for
lignin. Many researchers have been interested in the properties of bamboo as an
energy resource such as biochar obtained from pyrolysis [3], bamboo pellets [4],
pyrolysis characteristics [5], characteristics at different ages and bio-oil production [6],
yield and feedstock characteristics of energy [7], pyrolysis behavior, product properties,

and carbon and energy yields of bamboo pyrolysis [8].

Like wood, chemical properties of bamboo can be effected by crop location,
plant species, collection method, harvesting age, and storage time [9]. Thus, energy
content, element composition (C, H, N, O and S) and A could differ even if they were
the same species. Additionally, energy content and elemental compositions of
biornass are very important for analyzing the overall process of thermal conversion
systems. LHV is the real energy content. Under actual operating conditions, LHV is
better than HHV [10], however, HHV has been reported more often. For elemental
compositions, S and N lead to oxide emissions and can be oxidized into SO,, NO, and
NO,; released in the air; and become acid rain precursors and greenhouse gases [11].

High H leads to high ash content during combustion. They should be investigated.

In the combustion process, C and H had the effects of increasing calorific value
and O decreasing calorific value [12]. In current trading, biomass is sold or bought by
weight i.e., price per kg [13). In the authors' opinion, this is incorrect due to biomass
feedstock having variable energy characteristics i.e., heating value (HV) and element
composition. In the future, it will be necessary to determine prices using chemical

cormposition and HY such as using either the percent of C, H, O, N and S or heating



146

value. For example, with biomass that contains high C and H, that biomass will fetch
a higher price. On other hand, if the biomass is high in N, O and S content, that biomass

will sell for less.

There were also several reports on successfully using NIR spectroscopy with
PLS regression to determine HHV of biormass [13,14,15,16,17]. However, no studies have
been reported using NIR spectroscopy to evaluate the LHV of biomass. NIR
spectroscopy of C of biomass was investigated by Gillespie et al. [15] and Fagan et al.
[17]. They used NIR spectrometers in reflectance mode and the models were validated
by cross validation, and provided R? of 0.78 and 0.88, respectively. They recommended
that the models were fair and could be. used for screening applications. Vis-NIR
waveband of 400-1000 nm for C prediction of milled Miscanthus and two short
rotation coppice willow varieties was investigated by Everard et al. [18], giving R? of
0.85. The use of NIR spectroscopy for determination of N in soil was investigated by
Zhang et al. [19], who obtained fair performance of a PLS regression model, which
provided R? of 0.634. In addition, the elemental content {(C, H, N and S} from ultimate
analysis of coal was estimated by NIR spectroscopy [20,21,22]. Chadwick et al. [23]
reported that the prediction of C, H and O of biomass was not successful. Because
there have been no reports on LHV determination using NIR spectroscopy and the

prediction of C, H, N, O and S by the same method showing fair results.
4.3 Objective

The goal of this study was to evaluate LHV and element composition (C, H, N,
O and S) of bamboo using a Fourier transform-NIR spectrometer in the wavenumber

range of 12500-3600 cm™ with diffuse reflection mode. PLS modelling was employed
and validated by the test set method.

4.4 Materials and methods

4.4.1 Materials

The 80 bamboo samples used in this study were collected from the Uttaradit
province, Thailand. Each sample was cut 10 cm above the ground. After harvest, it was

chopped with a chopping machine (P5508, Patipong, Thailand), air-dried under the sun
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until the moisture content was approximately 5%, and then ground through a sieve
with a diameter of 3 mm (60201, QC, UK). After erinding, all samples were kept in

sealed aluminum bags until experiments.
4.4.2 NIR measurement

The ground sample was stirred until homogeneous and poured into the sample
cup 43 mm in diameter and 50 mm in height with the bottom made of quartz. The
sample was scanned with the FT-NIR spectrometer (Bruker Optics, Ettlingen, Germany)

_in diffuse reflectance mode at room temperature of 25 + 2 °C. The scanning was

I and

conducted .with a spectral range of 12,500-3600 cm™ and resolution of 8 cm™
each spectrum was obtained with an average of 64 scans. The spectral data were
obtained by OPUS 7.0.129 software in log (1/R) unit and saved as OPUS files. In the
measurement of diffuse reflection mode, it was assumed that the spectral data
collected from equation of log R/R);, where R was the reflectance of standard, that is
reference material; and R was the diffuse reflectance radiation of the sample [34]. The
reflectance of the reference material gives 100% reflection, meaning that R is equal to
1, and the sample was thick enough so that no light was emitted through the sample
{24]. After scanning, the ground bamboo at the bottom of the cup was collected for

determination of moisture content, ash content, HHV and elemental composition.

4.4.2 Reference methods

Each scanned sample was divided into three parts. The first part of the sample was
used for determination of moisture and ash content using a thermogravimetric analyzer
(TG 209 F3 Tarsus, Netzsch, Germany). A sample of 6 + 0.5 mg was put into an AlO;
crucible. The sample was heated from 30 to 700 °C at a heating rate of 10 °C/min in
20 ml/min N, flushed environment. When the temperature reached 700 °C, 20 ml/min
O, was fed for 1 h for the combustion process. Moisture content and ash content were
approximated by direct measurement of weight changes. The moisture and ash were
obtained from TG profile by the difference from slope to slope [25]. The solid residue
after complete combustion provided the ash content. The second part of the sample
was used for determination of HHV where the ground bamboo was compressed into

pellets (approximately 0.5 ¢) and subjected to a bomb calorimeter (C200, IKA,
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Germany) in isoperibol mode. The HHV measurements were expressed on a wet weight
basis (MJ/wet kg). The HHV was used to calculate the LHV as follows {26]:
LHW,,, = HHV,,, — 2.443M (4.1)

where LHV,,;, is the lower heating value (MJ/wet kg), HHV,,; is the higher heating value
(MJ/wet kg), which is experimentally determined directly on wet samp(es with a known
moisture content (M); M is the moisture content obtained from TG profile (expressed
as a fraction on a wet weight basis), and 2.443 is the latent heat of the vaporization of
water at 25 °C (MJ kg™). The third part of the sample was for determination of the ‘
elemental composition (C, H, N and S) and was determined using a CHNS analyzer

(Vario EL CUBE, Elementar, Germany). O was calculated as follows:
0% =100%-[C%+H%+N%+5%-+A%] (4.2)

where A is the percentage of ash content, which was obtained from the TG chart. The
elemental compaosition, moisture and ash content were measured in duplicate. After
that, the repeatability of reference data and spectrum scanning were determined,
which indicates the precision of laboratory and NIR spectrometer, respectively.
Repeatability of reference data is the standard deviation of the difference between
duplicates. Repeatability of spectrum data was determined using the absorbance value
at a wavenumber of 5176 cm™ (1932 nm) when the sample was re-scanned for 10
times and these values used to calculate the standard deviation of absorbance values
in the same position. Repeatability data were also used to calculate the maximum

coefficient of determination (2,,) using the formula:

. SD%—Rep? :
2 — Uy P
R2-C = = (4.3)

Where SDZ and Rep? were the standard deviation of reference data and repeatability,
respectively. The RZ,, was defined as the maximum of coefficient of determination
when there was no error of spectral. RZ,, was dependent on standard deviation of
reference data and repeatability, and it was high when standard deviation was wide

and/or repeatability was low [27].

4.4.4 Spectrum pretreatment and chemometric analysis
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The spectra pretreatment and chemometric analysis were conducted using the
software program OPUS version 7.0.129, Germany. Spectra pretreatment methods were
the constant offset elimination, straight line subtraction, vector normalization, min-
max normalization, multiplicative sﬁatter correction (MSC), first derivatives, second
derivatives, first derivatives + straight line subtraction, first derivatives + vector
normatlization and first derivatives + MSC. Nicolal et al.[28] recommended that the
spectral pretreatment techniques were used to remove any irrelevant information. All
80 ground samples were randomly separated into a calibration set of 80% of samples
and a validation set of 20%. The partial least squares regression (PLSR) was used for
modelling. The PLSR algorithm could be described as follows [291:

Y=aX+b S (4.4)

where Y is the response matrix of the samples, X is the predicted matrix of the samples,
a is the matrix of regression coefficients obtained from PLSR, and b is the matrix of

residual information.
4.4.5 Optimization of models

Optimization of models was carried out using PLS regression. There were three
methods used i.e., General A, General B, and NIR mode. For example, if full
wavenumber range was divided into three sub wavenumbers e.g., 1, 2, and 3; for
General A mode: the modelling would start to remove each one out: 1 + 2 + 3 (full),
2 + 3 (1 was removed), 1 + 3 (2 was removed), 1 + 2 (3 was removed), 2 (1,3 were
removed), and 1 (2 and 3 were removed), respectively; for General B: the optimization
would start from individual sub wavenumber, then add new sub wavenumbers and
some wavenumbers were repeated: 1,2,3,1+2,2+3,2,1,1 + 2+3,2+ 3,1 + 3, and
1 + 2, respectively; and for NIR, the method was similar but not exactly the same as
General B: 1, 2, 142 3, 1+3, 243, 1+2+3, 1, and 2, respectively. If any
combination gave the lowest root mean square error of estimation (RMSEE), that region
was divided into two sub wavenumbers again. For example, if condition of 1 + 2 + 3
was the best result, it would be divided into two regions and examined again. Either
full wavenumber or sub wavenumber ranges were used in combination for
construction of the model with one of 11 spectrum pretreatment methods including

non-pretreatment and 10 pretreatment methods (see 2.4.). Full wavenumber or sub
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wavenumber ranges were crossed with 11 methods of spectrum pretreatment. The
best model was selected by the lowest RMSEE. Then, the optimal sub wavenumber

ranges and spectrum pretreatment method were selected.

The performance of the model for application could be considered.
Commonly, many researchers have suggested the guidelines for the R? and RPD.
Williams [24] recommended a guideline for R?, i.e., if the model provided R? between
- 0.50 and 0.64, it could be used for rough screening; if between 0.66 and 0.81, it could
be used with screening and some other “approximate” calibrations; if between 0.83
and 0.90, it could be used with caution for most applications; and if between 0.92 and
0.96, it could be used for most applications. Williams [24] also recommended for RPD
that if the model provided RPD between 0.0 and 2.3, its use is not recornmended, RPD
between 2.4 and 3.0 could be used for very rough screening, RPD between 3.1 and 4.9
could be used for screening, RPD between 5.0 and 6.4 could be used for quality
control, RPD between 6.5 and 8.0 could be used for process control; and RPD>8.1
could be used for any application. Zornoza et al. [30] also suggested about R? and RPD
that the model provides excellent prediction if R? > 0.90 and RPD>3 and good
prediction if 0.81 < R*< 0.90 and 2.5 <RPD < 3, and it permits only approximate
prediction if 0.66 <R?<0.80 and 2.0 <RPD < 2.5 and were poorly predicted if
R? < 0.66 and RPD < 2, The RPD between 1.5 and 2 means that the model can
discriminate low from high values of the response variable; a value between 2 and 2.5
indicates that coarse quantitative predictions are possible, and a value between 2.5

and 3 or above corresponds to good and excellent prediction accuracy [28].

4.5 Results and discussions

4.5.1 Measured values

Table 4.1 shows the statistical data regarding the LHV and elemental
composition (in as-received basis} of bamboo obtained from bamboo trunks of
different circumferences. It can be observed that there was no difference of average
LHV and element composition even if the circumference sizes were different. In
addition, every parameter had high standard deviation, which meant that

circumference size did not influence LHV and the elemental composition. Table 4.2
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shows the repeatability of the measured value and absorption data, which indicates
the precision of the laboratory and NIR spectrometers, respectively, and the maximum
coefficient of determination, which was the possible maximum coefficient of
determination when there was no error from spectral collection. These resulis can be
used to determine whether the models should be developed further. The number of

sarmples, range, mean and standard deviation (SD) of LHV and elemental composition |
of ground bamboo of total samples, calibration set and validation set were presented
in Table 4.3. The models would be considered robust if the reference value range of
the calibration set is wider than the prediction set, due to the sample distribution
within the calibration set being important for the madel's reliability and performance.
The LHV, C, H, N, S and O reference values were distributed around mean values of
17.68 MJ kg, 46.270%, 6.232%, 0.382%, 0.059% and 43.231%, respectively, and
standard deviations of 0.37 MJ ke-1, 0.956%, 0.095%, 0.126%, 0.015%, and 1.273%,

respectively. For the bamboo, the C was the highest, and the S was the lowest.

Table 4.1 LHY, C, H, N, S and O of bamboo obtained from bamboo trunks with different

circumferences of the culms

Culm

range N LHV (MJ kg™ C (%) H (%) N (%) 5 (%) 0 (%)

(cm)

16<L<18 8 17.636+0.387a 45,908+0.858% 6.2132+0.0706a  0.3262+0.079%bc 0.0677+0.0420a  43.3530+1.4804ab
18<Ls20 6  17.772+0.129a 66.522120.6831a  6.3011+0.0943a  0.2791+0,0595¢ 0.0528+0.0180a  43.1349+0.8154ab
20<l=22 6 17.642+0.33da 46.451x0.7690a 6.2877+0.0524a  0.2966+0.08500¢ 0.0588+0.0104a 42.8175+1.9144ab
22<L=24 7  17.588+0.370a 46.0453+0.9793a  6.2068+0.1441a  0.4035+0.0828abc  0.0589+0.0147a 42.8911+1.5048ab
24<l<26 & 17.628+0.134a 46.5862+0.60043  6.2329+0.1330a  0.5325x0.1537a 0.0613+0.0:125a  42.6595+1.0680b
26<1<28 6 17.606+0.454a 46.1466+0.9160a  6.215+0.05253 0.3808+0.1468hc 0.0735+0.0357a  43.6032+0.5586ab
28<1<30 8 17.536ax0.567a 45.800721.2880a 6.2098:x0.0615a 0.4150=x0.1636abc  0.0661+0.0204a 43.7746+1.4172ab
30<l=s32 8 17.740x0.497a 46.4603+£0.9893a  6.1957+0.0825a 0Q.3706+0,1658bc 0.055440.0231a 43.2417+1.3423ab
32<L=34 7 17.701+0464a 46,5080+1.5024a  6.202210.1157a  0.3328+0.0978bc 0.0533£0.0137a  02.8389x1.1061ab
3d<l<36 7 17.647+0.367a 46.6514+1.38052a 6.2237+0,1198a  0.422810.1257abc  0.0561x0.0095a 43.0780+1.5517ab
36<L=<38 5 17.888x0.225a 45.8643+0.1806a 6.2777+0.0801a 0.439+0.0579%ab 0.0585+0.006%9a 44.4515+0.7353a
38<L<40 17.821+0.208a 46.3682+0.4525a  6.2534+0.0595a 0.£066+0.0583zbc  0.0742+0.01%4a  43.044210.8226ab

Different letters in the same column indicates the different means that are significantly at p>0.05 by the Duncan

multiple range test. N is number of samples. L is circumference of the culm.
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Table 4.2 Repeatability of the reference test and maximum R?for LHV, C, H, N, and S,

and NIR scanning of ground bamboo

Parameter Repeatability R%nax
LHV (MJ ke-1} 0.0674 0.967
Carbon content (%) 0.4368 0.792
Hydrogen content (%) ) 0.0538 0.676
Nitrogen content (%) 0.0447 0.874
Sulfur cantent (%) 00111 0.740

Oxygen content (%) - -

Absorption value at 5176 cm? (1932 nm) of  0.0047 -

sample number 28

Table 4.3 Statistical data of LHV, C, H, N, S and O for ground bamboo used in modet

development
Parameters Data set N Max Min Mean Range SD
Total sample 80 18.25 16.34 17.68 1.91 0370
LHV (MJ ke) Calibration set 64 18.25 16.34 17.71 1.91 0.334
Validation set 16 18.2 16.71 17.53 1.49 0.479
Total sample 80 48,3735 43.15 46.27046  5.2235 0.9566
C (%) Calibration set 64 48.3735 43.15 46.31577  5.2235 0.8781
Validation set 16 47.9455 43.74 4608925 4.2055 1.2397
Total sample 79 6.4875 5.9255  6.231734  0.5620 . 0.0951
H (96) Calibration set 63 6.4875 59255  6.229587 0.5620 0.0900
Validation set 16 6.637 5.991 6.240188  0.4460 0.1160
Total sample 79 0.755 0.18 0.381962 0.5750 0.1269
N (%) Calibration set 63 0.755 0.18 0.37373 0.5750 0.1122
Validation set 16 0.745 0.18 0.414375 0.5650 0.1742
Total sample 78 0.105 0.0235 0.059833 0.0815 0.0157
S (%) Calibration set 62 0.105 0.0235  0.059435 0.0815 0.0155
Validation set 16 0.091 0.031 0.061375 0.0600 0.0169
Calibration set 64 46.5305 40594 4323113 59365 1.2730
oo Validation set i6 46.5305 40.594 4316853 5.9365 1.1670

4.5.2 Spectral information
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Figure 4.1 shows the NIR spectra of 80 samples covering the wavelength range
of 12500-3600 cm™ (x axis — wavenumber in cm™; y axis — absorbance value obtained
from log(1/R)). The main bands were between 7151 and 6075 cm™ (1398-1646 nm).
The bands at 1395, 1415, 1417, 1440, and 1446 nm corresponded to the 2 x C-H
stretching + C-H deformation {31], at 1410, 1420, 1440, 1450 1480, 1490, 1520, 1528,
1540, and 1580 nm corresponded to O-H stretching first overtone [31]. There were also
the main bands at 5176 cm™ (19'32 nm), 4771 cm~! (2096 nm), 4401 cm—1 (2272 nm)
and 4019 cm! (2488 nm). The band at 1930 nm is O-H stretching + H-O-H bending
combination of polysaccharides [32], 2100 nm is 2 x O-H deformation + 2 x C-O
stret.c‘hing of starch [31], 2500 nm is C-H stretching + C-C stretching of starch [31], and
2276 nm is O-H stretching + C-C stretching of starch [31]. The result of the absorption
bands was similar to those reported by Yang et al. [33] in which there were many
absorption bands of bamboo timber fractions occurring in the wavelength region of
1100-2500 nm, including prominent bands near 473, 1925, 2092, 2267, and 2328 nm.
The wave band at 2267 nm is the overtone of O-H stretching and C-O stretching from
lignin [33].

Log (1/R)

11600 10600 9600 8600 7600 6600 5600 4600 3600
_ Wavenumber (cm)

Figure 4.1 NIR spectra of 80 samples of ground bamboo
4.5.3 Predictions of LHV

Table 4.4 shows the results of optimum PLS models for LHY which was

developed from multiplicative scattering correction of pretreated spectra in the
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wavenumber ranges of 8373.9-7853.2 and 6827.2-5793.5 cm™ and with a number of
PLS latent variables of 3. The R, RMSEP, RPD and bias were 0.934, 0.119 MJ kg'', 3.96
and ~0.0187 MJ kg™. R? of 0.934 meant that 93.4% of LHV variance could be explained
by absorption variance, and 6.6% was the unexplained variance. The RPD value of
more than 3 was acceptable. The obtained RMSEP indicated that the average
uncertainty was 0.119 MJ kg-1 which could be expected for prediction of future
samples. The bias of —0.0187 MJ kg is the overall accuracy of the calibration model
for the future applications. Zornoza et al. [30] indicated for R? and RPD that the model
is excellent predicted if R? > 0.90 and RPD>3 and the RPD between 2.5 and 3 or above
corresponded to good and excellent prediction accuracy [28]. Williams [24]
recommended that R? between 0.92 and 0.96 could be used for most applications.
The ratio between RMSEP and mean value of prediction set (0.119/17.53 MJ kg'!)
provided a small value of 0.678%. Therefore, the model was excellent for LHV

“ prediction.

Table 4.4 Result of partial least squares regression models for determination of LHV,

C, H, N, S and O of ground bamboo

6310.3-5793.5 substation

Calibration Validation
Wavenumber
Parameters Pretreatments | Latent
(em) | RZ | RMSEE | RZ | RMSEP | RPD | Bias
. ! variables N p
8373.9-7853.2 Multiplicative
LHV (MJ kg™ 3 0.844 0.135 0.934 0.119 396 | -0.0187
6827.2-5793.5 scattering correction
12493.3-11602.3
10715.2-9824.2 ‘
C (%) Second derivative d 0.890 0.301 0.803 0.532 | 231 {-0.118
8937-7155
6267.9-4485.9
9403.8-7498.3 Constant offset
H (%6) P9 0.531 0.0667 { 0.856 0.0427 ; 265 | -0.00524
5450.2-4597.7 elimination ;
7857-6823.3 Min-max ‘
N (%) 8 0.860 0.045 0.973 0.0276 | 6.6 0.0103
5797.3-4246.7 normalization
9403.8-7340.2
Multiplicative 0.0076
S (%) 6827.2-5276.6 8 0.584 | 0.0107 | 0.785 219 | -0.00139
scattering correction 1
4763.6-4246.7
8850.7-8370 Straight line
O (%) 5 0.532 | 0.832 | 0.522 1.110 | 146 § -0.158
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RZ, R3 is coefficient of determination of calibration set and validation set, respectively. RMSEE is
root mean square error of estimation. RMSEP is root mean square error of prediction. RPD is
standard error of prediction fo standard deviation of reference value and Bias is average error of

prediction.

The linear regression plot of measured values compared with the predicted
value of calibration set and prediction set, regression coefficient plot and X-loading
plot are shown in Figure 4.2a, b and ¢, respectively. Figure 4.2a also shows the target
line with its slope equal to 1.00. For the regression coefficient and X-loading plot, if
there was a high value at any wavenumber, it indicated that the vibration of a
molecular bond at that wavenumber had the main influence on the model prediction.
The dependent variable would change positively or negatively as the composition of
bamboo related to the bond vibration was changed. This information is important for
developing spectrometers for this specific application [9]. For the regression coefficient
plot, the important absorbance bands were in the range of 6460 cm™ (1548 nm) to
5793 cm! (1726 nm). The absorption at 1648-1659 nm corresponded to the bond
vibration of RCH=CH, and C=CH,, at 1678-1695 nm was the vibration of RCH=CH,,
HC=CH, and C=CH [31]. The high bands were found at 5994 cm™! (1668), 6137 cm™!
(1629 nm), 6391 cm™ (1565 nm), 6569 cm™ (1522 nm). The wave band at 1664 nm

- related to C-H methyl and OH associated with (R-OHCH,) alcohols, 1630 nm related to
C-H vinyl and vinylidene C-H as {CH,=C(CH5)-CH=CH,) [32]. For X-loading plots had a
high band at 6823 cm™ (1466 nm), 5805 cm™ (1723 nm), 6025 cm™ (1660 nm),
5955 em™ (1679 nm), 6137 cm™! (1629 nm), 6368 crn™! (1570 nm), 6002 cm™!
(1666 nm), 6137 cm™ (1629 nm), and 6310 cm™ (1585 nm). The vibration band of
1468 nm related to O-H (2v) (-C-OH) of tertiary alcohols [32], 1725 nm related to C-H
stretching first overtone of CH, [31], 1660 nm related to C-H stretching first overtone
of cis-RCH=CHR [31], 1678 nm related to C-H methyl, carbonyl adjacent as (.C=0CHs)
of ketones [32], 1630 nm related to C-H, vinyl and vinylidene (2-methyl-|, 3-butadiene),
isoprene as {CH,=C(CH5)-CH=CH,) of vinyl and vinylidene C-H as is isoprene [32],
1570 nm related to N-H stretching first overtone of CONH[31], 1584 nm related to
structure of cellulose and hemicellulose [31], 1664 nm related to C-H methyl, OH
associated as ROHCH; of alcohols [32]. Those wave bands corresponded mostly with

hydrocarbon bands. As mentioned above, wavenumber ranges of 8373.9-7853.2
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(1194-1273 nm) and 6827.2-5793.5 cm™ (1465-1726 nm) were used to develop
models, in which there was no band of water (760, 970, 1450, 1940 nm). This might be
because LHV was calculated by subtracting the heat of vaporization of water in the
biomass. In addition, the obvious bands of CH,, CH,, HC=CH influenced the LHV model.
Those molecules were in the lignin structure. Demirbas [34] noticed that lignin highly
influenced HHV prediction and that HHV increased with increasing lignin content. This
result was similar to Posom et al. [13]. in addition, the bands corresponded with the
results of Xue et al. {9], which reported that the bond vibration of C-H stretch first
overtone (1765 cm™!), C-H stretch first overtone of CH, (1725 cm™Y), C-H stretch first
overtone of CH; (1705 cm™), and O-H stretch first overtone (1540 cm™) had a strong

influence on the lignin prediction of corn stover.

The linear regression plot (also called scatter plot) of measured value versus
predicted value of calibration set and prediction set has been used for showing how
accurate the developed model is. The regression coefficient plot and X-loading plot
are the plots illustrating the model feature in which the effect of the chemical bond

vibration in molecular level on the prediction of constituents could be determined.
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Figure 4.2 a) Linear regression plots of measured value of LHV versus predicted value
of calibration set and prediction set, b) Regression coefficient plots and ¢)

X-loading plots. R%, RZ is coefficient of determination of calibration set and

validation set, respectively. LV is PLS latent variable.
4.5.4 Prediction models of element composition

Table 4.4 shows the results of partial least squares regression models for
determination of LHV, C, H, N, 5 and O of ground bamboo. The best PLS model for C
was optimized using the wavenumber ranges of 12493.3-11602.3, 10715.2-9824.2,
8937-7155, and 6267.9-4485.9 cm™, the number of latent variables of 4 and a spectral
pretreatment method of second derivative. Xu et al. [35] indicated that the second
derivative method was used to resolve spectral peak overlap. The model shows =2,
RMSEP, RPD and bias of 0.803, 0.5329%, 2.31 and-0.1189%, re'spectively. Linear regression
plots of measured value versus predicted value of the calibration set and prediction

set are displayed in Figure 4.3a, showing 80.3% of variation in the prediction set which



158

can be explained by the prediction models fitted with the calibration set. According
to Williams [24]) and Zornoza et al. [30], the C model could be used only for
approximate predictions and screening and some other “approximate” calibrations,
This result was compared to Gillespie et al. [15}, Everard et al. [18] and Fagan et al.
[17], who used NIR spectroscopy to evaluate C of biomass using cross validation and
the models developed provided R? of 0.78 for wood, Miscanthus and herbaceous
energy grasses pellets, 0.85 for milled Miscanthus and two short rotation coppice
willow varieties, and 0.88 for Miscanthus x giganteus and short rotation coppice willow.
They suggested that the accuracy of the models was fair and could be used in a
screening application. Our result was rather similar to previous studies even though we
used FT-NIR spectrometer for scanning and the model developed here was validated
using test set method (calibration set of 64 samples and validation set of 16 samples).
The regression coefficient and X-loading plots of C are shown in
Figure 4.4a and Figure 4.53, respectively. The high regression coefficient bands were
observed approximately at 12331 cm™ (810 nm) (808 nm corresponded to 2 x N-H
stretching+2 x N-H  deformation+2 x C-N stretching) [31], 5273 ¢cm™ (1896 nm)
(1900 nm corresponded to O-H stretching + 2 x C-O stretching of starch) [31], and X-
loading peaks were observed approximately at 5331 cm™ (1876 nm), 5238 cm™!
(1909 nm) (1908 nm comesponded to OH stretching first overtone) [31], 5253 cm™!
{1903 nm) (1900 nm corresponded to O-H stretching + 2 x C-O stretching of .starch)
(31].
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Figure 4.3 Linear regression plots of measured value versus predicted value of

calibration set and prediction set; a) C, b) H, ) N, d) S, and e) O. RZ, R% is

coefficient of determination of calibration sef and validation set, respectively.
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The best PLS model for H prediction was optimized using the wavenumber
ranges of 9403.8-7498.3 and 5450.2-4597.7 cm™!, with a latent variable number of 9,
and spectral pretreatment method of constant offset elimination. Constant offset
elimination and straight line substation were used to resolve spectra baseline drift [35].

The R§, RMSEP, RPD and bias were 0.856, 0.0427%, 2.65 and -0.00524%, respectively.
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Linear regression plots of measured value versus predicted value of calibration set and
validation set are displayed in Figure 4.3b, and show explained variance of 85.6%
meaning that unexplained variance was 14.4%. According to Williams [24] and Zornoza
et al. [30], the H model was a good prediction model, which could be used with
caution for most applications. Figure 4.4b shows the regression coefficient plot. The
high peaks were observed at approximately 5265 cm™ (1899 nm) (1900 nm
corresponded to O-H stretching + 2 x C-O stretching of starch) [31], 5180 cm™!
{1930 nm} (1930 nm corresponded to O-H stretching and HOH behding combination of
polysaccharides) [32]. X-loading plots are shown in Figure 4.5b, the high peaks were
observed at approximately 5215 cm™ (1918 nm), 5230 cm™! (1912 nm) (1908 nm
corresponded to O-H stretching first overtone), 4779 cm™ (2093 nm) (2090 nm O-H

combination) [32].

The optimum PLS models for N prediction were optimizéd using the
wavenumber ranges of 7857-6823.3 and 5797.3-4246.7 cm™, the latent variable
number of 8, and spectral pretreatment of min-max normalization. Min-max
normalization was used to compensate for baseline shift and multiplicative effects
(28]. The model provided R%, RMSEP, RPD and bias of 0.973, 0.0276%, 6.6, and
0.0103%, respectively. Linear regression plots of measured value versus predicted
value of calibration set and validation set are displayed in Fieure 4.3c, proving that the
model was robust. According to Williams [24] and Zornoza et al. [30], the N content
model is an excellent prediction model and could be used with any application. The
regression coefficient and X-loading plots are shown in Figure 4.4c and Figure 4.5¢,
respectively. For regression coefficient, the high peaks were observed at approximately
4424 cm™* (2260 nm), 4366 cm™! (2290 nm) (2294 nm N-H stretching + C=0 stretching
of amino acid) [32]. In X-loading plots, the important peaks were at 5107 cm™
(1958 nm) (1960 nm N-H asym. stretching amide Ii) [32], 5180 cm™ (1930 nm) (1930 nm
O-H stretching and HOH bending combination of polysaccharides) [32], 6920 cm™
(1445 nm) (1445 nm N-H primary aromatic amine) [32].
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Figure 4.5 X-loading plots of PLS prediction models for a) carbon content, b} hydrogen

content, c) nitrogen content, d) sulfur content and e) oxygen content

The PLS model for S prediction was optimized using the wavenumber ranges

of 9403.8-7340.2, 6827.2-5276.6, and 4763.6-4246.7 cm™, a latent variable number of
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8, spectral pretreatment method of multiplicative scattering correction. Nicolai et al.
[28] indicated that multiplicative scattering correction was used to compensate for
multiplicative effects that were the physical effects. The model showed R%, RMSEP,
RPD and bias of 0.785, 0.00761%, 2.19, and -0.00139%, respectively. According to
Williams {24} and Zornoza et al. [30], the S model only permitted approximate
predictions which could be used for rough screening. Linear regression plots of
measured value versus predicted value of calibration set and prediction set, regression
coefficient and X-loading plots are shown in Figure 4.3d, Figure 4.4d and Figure 4.5d,
respectively. For regression coefficient, the high peaks were cbserved at approximately
5346 cm~! (1870 nm), 5446 cm™! (1836 nm). The wavenumber of 5280 cm™ (1894 nm)
(1892 nm O-H bending bonding between water and exposed polyvinyt alcohol OH)
[32], 4424 cm™ (2260 nm), 4416 cm™ (2265 nm), 5797 cm™ (1725 nm) (1725 nm C-H

stretching first overtone) [31] were the peaks of X-loading plots.

The best PLS model for O prediction was optimized using the wavenumber
ranges of 8890.7-8370 and 6310.3-5793.5 cm™!, the latent variable number of 5, and
spectral pretreatment method of straight line substation. The model showed the RZ,
RMSEP, RPD and bias of 6.522, 1.1109%, 1.46, and -0.158%, respectivety. According to
Williams [24] and Zornoza et al. [30], the O model was poorly predicted and was not
recommended for use. The regression plots of measured value versus predicted value
of calibration set and prediction set, regression coefficient plot and X-loading plots are
shown in Figure 4.3e, Figure 4.4e and Figure 4.5e, respectively. The important peaks
were observed at approximately 8470 cm™! (1180 nm), 8613 cm™! (1161 nm)
(1160 nm C=0 (carbonyl > C=0)) [32] for regression coefficient and 6117 cm™!
(1635 nm) (C-H vinyl C-H, associated with (CH,=CH-)) [32], 5982 cm™! (1672 nm) (C-H
aromatic C-H (aryl)) [32], 6306 cm™ (1586 nm) (1583 nm O-H stretching band of alcohol
or water O-H) [32] for X-loading plots.

4.5.5 Comparison of the results with other works

In general, there have been no reports on LHV prediction. There were only
reports on HHY. The models in this study were not as accurate as the HHV predictions
of straw [36], wood, Miscanthus and herbaceous energy grasses pellets {15],

Miscanthus x giganteus and short rotation coppice willow [17], which demonstrated R?
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of 0.96, 0.94, and-0.99, respectively. The results of carbon models in this study had
the same accuracy with wood, Miscanthus and herbaceous energy grasses [15], and
Miscanthus x giganteus (R* of 0.78) and short rotation coppice willow (R? of 0.88} [17],
where models were constructed using cross validation. The recommendations were
fair and could be used for screening applications. In addition, the models were as
accurate as straw models [36]. Their validation results gave R? of 0.97, 0.77 and 0.87
for C, H, and N, respectively. They concluded that prediction of C, H, N of straw samples
using NIR spectroscopy gave satisfactory accuracy. These models were believed to be
reliable for quantitative analysis. For O evaluation of biomass, there have been no
reports of using NIR spectroscopy as an evaluation technique. Another method was
Enyestigated by Nhuchhen {37], where the predicted C, H, and O compositions of
torrefied biomass were evaluated by proximate analysis, providing R? of 0.83, 0.70, and

0.84, respectively.

4.6 Conclusion

Models for prediction of LHV and the element composition of bamboo were
developed using FT-NIR spectroscopy. The ground samples were scanned using the
diffuse reflection mode. The most important finding of this study was the performance
of the PLS models for evaluation of LHV and element composition by FT-NIR using
test set validation. Moreover, the LHV model was not influenced by the band vibration
of water. The models for prediction of LHV and N content were excellent and suitable
for use in most applications. The C model could be used only for approximate
prediction. The H model was a good predictive model and could be used with caution
for most applications. The S model was only permitted for approximate predictions
that could be used for rough screening. The O model was poor and was not
recommended for use. These results could be a guide for future applications, such as
for trading and operational control of energy conversion systems. The narrow statistical
range of element composition might lead to fair performance. Therefore, the
calibration model that was obtained from various biomass sources as a global model
could provide better performance and more robustness due to a wider range of

reference values.
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Chapter 5

Near infrared spectroscopy as an alternative method
-~ to thermogravimetric analysis for evaluation of
volatile matter and pyrolysis characteristics of
bamboo wood chips

5.1 Abstract

The main objective of this study was to evaluate the pyrolysis characteristic (i.e.
Tpeaks Toftsets DTGpeat) @nd volatile matter (VM) of bamboo chips using near infrared
spectroscopy as an alternative to thermogravimetric analysis. The bamboo samples |
(n=84) were obtained from different sizes of trunks. The models were optimized using
partial least squares regression (PLRS) with 80% of samples for calibration set and 20%
for validation set. The Tpeak Tofiser and DTGgeax models provided R? of 0.891, 0.928, and
0.771; RMSEP of 3.59 °C, 3.21 °C, and 0.382%w/min; RPD of 3.21, 3.83, and 2.09; and
bias of 1.2 °C, 0.749 °C, and -0.000581 %w/min, respectively. The VM gave in range of
68.68-61.02% on as-received and 75.60-68.96% on dry basis. The VM model on as-
received provided R? of 0.874, RMSEP of 0.768%, RPD of 2.82, and bias of -0.0454%,
while VM model on dry basis gave R? of 0.889, RMSEP of 0.665%, RPD of 3.00, and bias
of 0.000433%. This indicated high possibility in applying NIR spectroscopy for prediction
of pyrolysis characteristic and VM. This result will benefit for setting a price of biomass

and could be used for planning and control in fast pyrolysis and gasification process.

* This chapter constituted the oral presentation article: Posom J, Sirisomboon P, Funke A, Heinrich
J, Maier J and Griesheimer P. “Feasibility of evaluation of pyrolysis characteristic of bamboo chips
using of near infrared spectroscopy.” Asian NIR Symposium 2016 in Kagoshima, Japan, the

Shiroyama hotel during 30 Novernber to 3 December 2016.

Posom J, Sirisombocn P, Funke A, Heinrich J, Maier J and Griesheimer P. “Near infrared spectroscopy
as an altermnative method to thermogravimetric analysis for evaluation of volatile matter of bamboo
wood chips.” The 9th TSAE international conference: TSAE 2016, the Impact exhibition center,
Bangkok, Thaitand during 8-10 September 2016.
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5.2 Introduction

Bamboo “Dendrocalamus siriceus cl. Phamon” which are planted everywhere
in Thailand. It can be used as source of renewable energy. Pyrolysis characteristics
included Tpears Toftsets DTGpeak (Figure 5.2). Their parameters can be used to design and
control pyrolysis system. Toeq is temperature as a highest degradation and presents
the maximum of production rate. Tyt is the temperature of the end decomposition
rate, it can be used to indicate which temperature should be stopped to heat. DTGpes
or (differential thermogravimetric) is the maximum of decomposition rate which can
be used to manage feedstock. The previous study has only reported biomass
composition [1,2] but there has no report on biomass degradation behavior
determination using NIR spectroscopy. Meanwhile, VM of biomass is atso considered
to be an important parameter for evaluation of the amount of liquid fuel and gas fuel
produeed by fast pyrolysis and gasification. It is the specific characteristic of biomass
feedstock to indicate whether it is suitable for fast pyrolysis prbcess or gasification. In
addition, VM can be also determined using thermogravimetric analysis (TGA). The
results of the standard methods and TGA proximate analyses were in good agreement
(3]. Garcia et al. [4] determined proximate data of biomass using standard method and
TGA, they found that the error criteria results were satisfactory with the average
experimental error (AEE) under 6% for moisture content and VM, and close to 10% for
fixed carbon. However, TGA are complicated that take a long time, destroyed sample
and required special technician skills. In the future, VM in biomass can be used for

setting a price of biomass instead of weight. Therefore, rapid method is needed.

5.3 Objective

The main objective of this study was to evaluate pyrolysis characteristic and VM of
bamboo chips using near infrared spectroscopy as an atternative to thermogravimetric
analysis. The interesting point for this work is that no previous work has been studied
on bamboo chips. The model was developed from 84 samples of bamboo chips

obtained from small to big size of circumferences.
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5.4 Materials and methods

5.4.1 Sample

Figure 5.1 Bamboo chips

The total sample were 84 samples, obtained from Uttaradit province, Thailand.
All samples were cut at 10 cm above the ground for 1 m length. Then were suddenly
chopped by chopping machine (P5508, Patipong, Thailand) and dried under the sun
until the moisture reached approximately 10%wb. Each sample was kept into
aluminum bag at room temperature of 25+2 °C. Dried bamboo chips are shown in

Figure 5.1,
5.4.2 NIR scanning

FT-NIR spectrometer (MPA, Bruker, Germany) in the wavenumber range of 12500 - 3600
em™ in diffuse reflectance mode at resolution of 16 cm™ was used for scanning of
bamboo chips at room temperature of 2542 °C. The absorption was recorded in togl/R

unit.

5.4.3 Moisture content of bamboo chips
After scanning, moisture content (MC) of each dried bamboo chips were measured
according to standard method (ASTM E1756-08). About 5 g was seperated from
scanned sample and was put in glass cans (18-cm diameter and 4 cm height) for
measuring with a hot air oven (FDL 115, BINDER, Germany) at 105 °C for 24 h, The
samples were re-heated at 6 h interval until the sample weights remained constant.

Weighing was completed using a digital balance ( METTLER AT261, Switzerland,
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resolution of 0.0001 g). The moisture content (% wet basis) was calculated using

Equation (1):

m;—my

MC (%wb) = [ ]xlOO (5.1)

m;

where MC is moisture content in % wb, m is mass in g, and the subscripts i and f are
initial and final, respectively. There were 3 replicates per sample.

5.4.4 pyrolysis characteristics and VM of milled bamboo

The remained bamboo chips were milled with a 6800-230 SPEX CertiPrep
Freezer Mill (Methucen, SPEX CertiPrep inc, USA). The milled samples were made
balancing moisture humidity surrounding by kept in an opened cup and stored at room
temperature for 2 days. After that, pyrolysis characteristic and VM were carried out
with a thermogravimetric analyzer (STA 409, Netzsch Co., Ltd, Germany) using a flow
rate of 15 ml min? of Ny, 55 ml min™ of N, (protective gas), zero O, environment.
Approximately 200 g of milled sample were heated range from 20-105°C with heating
rate 5°C min™, and kept at 105°C for 30 min to determine moisture content, and then
heated from 105-700°C with heating rate 10°C min, and kept at 700°C for 1 hr to
make completely pyrolysis. Each sample was subjected to the experiment 1 time,
however there were 6 samples were'randomly taken for duplicates to determine
repeatability. After that, weight loss and temperature change and time were recorded

(TG chart) as seen in Figure 5.2.
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Figure 5.2 Thermogravimetric (TG) curve of bamboo
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Figure 5.3 Pyrolysis characteristics of bamboo (DTG curve)

To determine the pyrolysis characteristic (Tpeax Tofsets OTGpear); TG's chart was
differentiated to be DTG’s chart as seen in Figure 5.3. Moisture content (mc) and VM
were obtained by direct measure of weight changes which their value was read on TG

profile (Figure 5.2). VM on as-received can be calculated as:

. (100-MC)
VMas = VMX s, (5.2)

while volatile matter on dry basis were calculated as:

100
VMary = VMX e, (5.3)

where MC is moisture content obtained from dry oven (ASTM standard), mc and VM is

moisture content and volatile matter obtained from TG profile.

After the reference data were obtained, the outliers were determined using Eq. (5.4).
Xi—X)

Where X, X and SD are the reference value of sample i, mean of reference values, and

standard deviation of reference values, respectively. If the equation was not satisfied,

the sample was the outlier and was removed.

5.4.4 Development and analysis of NIR models

NIR models were optimized using partial least squares regression by OPUS 7.0 (Bruker,
Germany). Total data were divided into 80% of samples for calibration set and 20%
for validation set by random sampling. Then the spectral were pre-treated using no

pre-treatment, constant offset elimination, straight line subtraction, vector
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normalization {SNV), min-max normalization, multiplicative scatter correction {(MSC),
first derivatives, second derivatives, first derivatives + straight line subtraction, first
derivatives + SNV and first derivatives + MSC. After models were developed, the

modets were validated by validation set.

5.5 Results and discussions
5.5.1 Reference parameter

Repeatability (Rep), mean of the different of duplicate and RZ%,, of pyrolysis

characteristic and VM are shown in Table 5.1. Rep is the standard deviation between

duplicate, it is the precision of laboratory. Riax Of Tpeak @and Toger Were highest and

lowest with DTGgeak. anax is defined as the maximum of coefficient of determination

SD%—Rep?

5z where 5D is standard

when there was no spectra error. It is calculated as:
deviation of reference data, Rep is repeatability of measured value. If the anax is low,

means that either range of measured value is narrow or there are more errors during

duplication. It can be seen that pyrolysis characteristic and VM gave high Riax, were

more than 0.950, then NIR model of those should be developed. The statistical data
for pyrolysis characteristic and VM i.e. minimum (Min), maximum (Max), mean, range,
standard deviation (SD) and number of sample for developed models are shown in

Table 5.2.

Table 5.1 Repeatability, mean of the different of duplicate and RZ,, of pyrolysis

characteristic and VM

Parameter Mean of the different of Repeatability Maximum R?
duplicate (RE,ax)

T peak 8.894 0.572 0.995

Totfset 9.791 0.633 0.995

DTGpeax 0.428 0.0875 0.958

VM on as-received 0.967 0.114 0.986

VM on dry basis 0.649 0.127 0.961
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Table 5.2 Statistics of pyrolysis characteristics and VM of bamboo chips used in model

development
VM (% mass Vivi (% mass
[tems Toeak Totfset DTGpea on as-received) | on dry basis)
Cal Val Cal Val Cal Val Cal Val Cal Val
Average 334,49 | 337.58 | 353.68 | 357.03 | -11.20 | -11.25 | 64.47 1 64.54 7149 | ¥2.09
sD 10.13 11.23 11.13 1235 | 0.65 0.824 | 1.59 2.24 152 | 2.06
Min 320.70 | 320.80 | 337.5 33840 | -13.01 | -1265 | 61.02 | 61.11 68.96 | 69.00
Max 357.20 | 3564 | 377.8 377.50 | -9.95 | -9.99 | 68.68 | 68.25 75.60 § 75.39
Range 36.5 35.8 403 39.1 3.06 2.66 7.66 7.14 6.63 6.39
Number of samples { 66 16 66 16 66 16 66. 16 66 16

Cal is calibration set, Val is validation set.

Table 5.3 PLS calibration results for predicting pyrolysis characteristics and VM of

bamboo chips

DTGpeak VM (% mass on | VM (% mass
Parameters Toeak °C Toffset °C
{%/min) as-received) on dry basis)
o 1= [\} S e T a5e 0. 74983 1 | '
Wavelength region CHL AN e 11602.3-9820.3: -4 & Y N )
R e 5102:6242.9. 17 vt . 1 7506-5446.3
{em™?) o wn ) : R s LI i
T : =} 86054-4242.9
Second First Straight line Vector
Pretreatments First derivative
derivative derivative subtraction normalization
RE 0.893 0.825 0.630 0.732 0.700
Calibration s s s i e e .
RMSEE : 3.54 oy 088w Lt 10808 -y o 08T 0.897
R? 0.891 0.928 Q771 0.874 0.889
RMSEP | 359 D32t 0382 e L0768 - | 0665
Validation - At At el PRSI . .
Bias 1.2 0.749 -0.000581 -0.0454 0.000433

F: The number of factors; R the coefficient of determination; RMSEE: root mean square error of estimate, RMSEP:

root mean square error of prediction; Bias: the average of differences between reference value and NIR valug; RPD:

the ratio of standard deviation of reference data in the validation set to SEP.



5.5.2 Spectra

log I/R

176

o5 | by

Second derivative
[=1

i
RN Ay
il

11600 10600 9600 8600 7600 6600 5600 4600 3600

 Wavenumber (cm!)

Figure 5.4 a) bamboo spectra, b) second derivative spectra

Table 5.4 Vibration bands of important peaks at any wavenumber appeared on raw

spectra and its second derivative of bamboo chips

.| Appeared wavenumber Cited wavelength

oint cm? nm nm Vibration band? Structure
1 6981 1432 1431(8] - cellulose
2 5199 1923 191616} OH str + OH def water
3 4829 2071 2080[6] OH str + CH def Cellulose
i} 4420 2262 2266[7] OH, CO combination Cellulose
5 4250 2353 2352(8] | CH def. second overtone | Cellulose
6 4019 2488 2488[8] CH str + CC str starch

2 def deformation, str stretching
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The NIR spectra of bamboo chips and its second derivative were presented in Figure
5.4a and 5.4b, respectively. The raw spectra had overlapped peaks. To solve the
complexity of overlapped peaks and baseline shift were done by second derivative.
As seen in Figure 5.4b, the obvious peaks were appeared and were shown the vibration
bands in Table 5.4. The obvious peaks were water, cellulose, lignin and starch band.
The major components of the plant cell wall are hemicellulose, cellulose, and lignin
[9]. Cellulose is a linear polysaccharide polymer. It is the primary component of

biological cell walls. Starch also is a major source of energy for plant cells.
5.5.3 Prediction of Tgeak

The result of PLS models are shown in Table 5.3. For Toey, the PLS model was
performed with wavenumber in the range of 6102-4242.9 cm’; second derivative; and
PLS factor number of 8. The R?, RMSEP, bias and RPD were 0.891, 3.59°C, 1.2°C and
3.21, respectively. Scatter plots of measured and predicted value of calibration and
validation set of Tpey illustrated in Figure 5.7a. Zornoza et al. {10] and Fagan et al. [11]
suggested that R? and RPD has excellent predictions if R?>0.90 and RPD>3. Williams
[12] recommended a guideline that the model could be used with caution for most
application if provide with R? between 0.83-0.90. Bias (1.2°C) was small compared to
the mean of reference value (337.58°C). The ration of bias to its mean value was

(1.2/337.58°C) 0.355%.
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Figure 5.5 a) Second derivative spectra, b) PLS regression coefficient of Tpea

Figure 5.5 illustrates the second de;ivative spectra (a) and its corresponding
peaks in regression coefficient plot (b) of the optimum model for predicting the Toea
of bamboo chips. The vibration bands appeared in second derivative spectra and PLS
regression coefficient reported in Table 5.5. There were bands of water (peak 1) and

cellulose (peak 4 and 5) appeared on the second derivative plots.
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Table 5.5 Vibration bands of important peaks at any wavenumber appeared on

second-derivative spectra and regression coefficient plot of bamboo chips

for Tpeax Model

Appeared wavenumber Cited wavelength
Peak ! Vibration band® Structure
cm’? nm (nm)
1 5214 1918 1916 [13] OH str + OH def | Water
2 4698 2128 - - -
3 6001 1666 - - -
4 4397 | 2274 2273 [8] - Cellulose
C- H stretching
5 5616 1780 1780(8] Cellulose
first overtone
6 4836 2068 - - -

® def deformation, str stretching

5.5.4 Prediction of Tgeet

The result of PLS models are shown in Table 5.3. For Tgeer, the PLS model was

performed with wavenumber in the range of 7506-4597.7 cm’; first derivative; and PLS

factor number of 6. The R%, RMSEP, bias and RPD were 0.928, 3.21°C, 0.749°C and 3.83,

respectively. Scatter plots of measured and predicted value of calibration and

validation set of Tpey illustrated in Figure 5.7b. R? and RPD is excellent predictions if

R?>0.90 and RPD>3 [10,11] and the model could be used with most application if

provide with R? between 0.92-0.96 [12]. The bias (0.749°C) was small compared to the

mean of reference value (357.03°C). The ratio of bias to its mean value was

(0.749/357.03°C} 0.209%.
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Figure 5.6 a) First derivative spectra, b) PLS regression coefficient of Tyget

Table 5.6 Vibration bands of some peaks at any wavenumber appeared on first

derivative spectra of bamboo chips and regression coefficient plot for Tegeet

model
Appeared wavenumber Cited
Peak wavelength Vibration band?® Structure
cm? nm
(nm)
1 5261 1900 1900(8] OH str + 2xCO str starch
2 5060 1976 - - -
3 4852 2061 - - -
q 7128 1402 - - -
5 4668 2142 2134[14] - lignin

2 def deformation, str stretching
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Figure 5.6 demonstrates the first derivative spectra and its corresponding in
regression coefficient plot of the optimum model for predicting the Tygse of bamboo
chips. The vibration bands appeared in first derivative spectra and PLS regression
coefficient reported in Table 5.6. There were bands of starch and lignin appeared on

the plot at peak 1 and 5, respectively.
5.5.5 Prediction of DTGpexx

Scatter plots of the measured DTG value obtained by the reference
laboratory technique (Y axis) and the predicted value by NIR spectroscopy (X axis) of
calibration and validation set are shown in Figure 5.7¢. The most effective model for
the prediction of DTGg. were developed using a wavenumber range between
11602.3-9820.3 cm™ (862-1018 nm) and 8933.2-8038.3 cm™(1119-1244 nm), spectrum
preprocessing of first derivative and PLS factor number of 3. The R?, RMSEP, RPD and
bias of validation model were 0.771, 0.382%/min, 2.09 and -0.000581%/min. This
model is not recommended [10,12]. The low RPD was due to either narrow measured
value or high standard error of prediction. As seen in Table 5.1 and 5.2, the range of
calibration set was narrow and repeatability was high, which led to poor performance.
This low R? means that only 77.1 % of the variance in absorbance values can be

accounted for by variance in DTGpea, Meanwhile, 22.9% was unexplained variance.
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5.5.6 Prediction of VM on as-received

set of a) VM on as-received and b} VM on dry basis

The result of PLS models are shown in Table 5.3. For VM on as-received, the

PLS model was performed with wavenumber in the range of 8454.9- 7498.3, 6102-

5770.3 and 4605.4- 4242.9 cm’; pre-processing of straight line subtraction; and PLS
factor number of 8. The R?, RMSEP, bias and RPD were 0.874, 0.768%, -0.0454% and

2.83, respectively. Scatter plots of measured and predicted value of calibration and

validation set of VM on as-received illustrated in Figure 5.8a. Good predictions If

0.81<R%*<0.9 and 2.5< RPD<3 is if OR%>0.81 and RPD>3 [10][11], usable with caution for
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most application [12]. The bias (-0.0454%) was small compared to the mean of
reference value (64.45%). The ration of bias to its mean value was (-0.0454/64.45%)
0.070%.

Figure 5.9 shows the straight line subtraction spectra (a) and its corresponding
in regression coefficient plot (b) of the optimum model for predicting the VM on as-
revived of bamboo chips. The important peaks appeared in straight line subtraction
spectra and PLS regression coefficient plots were reported in Table 5.7. There were
bands of hemicellulose, cellulose, glucose and lignin appeared on the plot at peak 1;

2 and 4; 3; and 5, respectively.
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as-received



184

Table 5.7 Vibration bands of important peaks at any wavenumber appeared on straight
line substraction spectra and regression coefficient plot of bamboo chips

for VM on as-received model

Appeared wavenumber Vibration Structure
Peak Cited wavelength (nm)
cm? nm band?

1 5700 1754 1750[15] - hemicellulose

2 4404 2271 2273[8] - cellulose

3 4605 2172 - - -

4 4350 2299 2291[16] CO + OH cellulose

5 5986 1671 1672(17] - lignin
? def deformation, str stretching

5.5.7 Prediction of VM on dry basis

The result of PLS models are shown in Table 5.3. For VM on dry basis, the PLS model
was performed with wavenumber in the range of 7506-5446.3 cm™; pre-processing of
vector normalization; and PLS factor number of 9. The R, RMSEP, bias and RPD were
0.889, 0.665%, 0.000433% and 3, respectively. Scatter plots of measured and predicted
value of calibration and validation set of VM on dry basis illustrated in Figure 5.8b.
Good predictions If 0.81<R?<0.9 and 2.5< RPD<3 is if OR?>0.81 and RPD>3 [10,11],
usable with caution for most application [12]. The bias (0.000433%) was small
compared to the mean of reference value (72.09%). The ration of bias to its mean

value was (0.000433/72.09%) 0.6x10739%.

Figure 5.10 shows the vector normalization spectra (a) and its corresponding in
regression coefficient plot (b) of the optimum model for predicting the VM on dry basis
of bamboo chips. The important peaks appered in vector normatization spectra and
PLS regression coefficient were reported in Table 5.8. There were bands of
hermicellulose, cellulose and lignin appeared on the pretreated spectral and regression
coefficient plot. It could be seen that the lignocellulosic substance was related to VM.
The PLS model of VM also depended on molecular vibration of hemicellulose,

cellulose, and lignin.
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Figure 5.10 a) Vector normalization spectra, b) PLS regression coefficient of VM on dry

basis

Table 5.8 Vibration bands of important peaks at any wavenumber appeared on vector
normalizatioh spectra and regression coefficient plot of bamboo chips for

VM on dry basis model

Peak | Apperaed Cited wavelength (hnm) | Vibration band® | Structure
wavenumber
cm’! nm
1 7274 1375 1370[18] CH str+CH def hemicellulose
2 7475 1338 1335[15] - cellulose, lignin,

hemicellulose

3 7413 | 1349 | - - :
4 6981 1432 1431(8] - cellulose
5 6842 1462 1465[15] - lignin
6 6657 1502 1500[15] - lignin

? def deformation, str stretching
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5.6 Conclusion

In summary, PLS calibration models established by near infrared spectroscopy (NIRS)
were found to suitable for rapid and non- destructive quantification of bamboo
properties i.e. Tpeak Tofiser and VM. The model for Tome: Was excellent and could be
used with most applications. The Tpea, VM on as-received and VM on dry basis model
was good and could be used with caution for most applications. Meanwhile, DTGpeax
was not recommended. The RZ%,, > R?for all parameter, meant that there were the
errors from error of spectra due to the particle size which influence on the opticat
path tength. The peak of the plant cell wall included cellulose and lignin occurred on
second derivative spectra. The water and cellulose band effected to predicted Ty,
starch and lignin had effected to predictd Tumer. The vibration band of cellulose,

hemicellulose and lignin influnced on VM models.
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Summary

Energy characteristics of biomass including MC, HHV, LHV, VM, FC, A, C, H, N, O, §5,
Tonsets Tshr Tpeaks Toffsets and DTGpe were investigated. According to hypothesis, it was
summarised that the energy characteristics of biomass were not parameters and
absorbers which could be directly predicted by NIR radiance. They can be predicted
using the correlated information between NIR radiance and their organic compound. As
the results of pre-treated spectra, regression coefficients, and X-loading plots, the
obvious peaks showed relation between vibration band of lignocellulosic and water. This
was obviously showed their effects to energy characteristics.

The first experiment (chapter 1), the effect of MC on HHV of Leucaena was
investigated. It was found a good relationship between MC and HHV with linear
regression equations as HHV = -159MC + 18,780: HHV is the higher heating value (J gl)
and MC is the maisture content (%wb) with a coefficient of determination (R?) of 0.962.
The HHV of pellets was decreased with increasing of its moisture content. In commercial,
the MC and HHMHV are stated as quality assurance of products, their values must be
determined before the pellets were traded. Moreover, the HHV could also be
determined by MC content. This method was not only convenient and easy to use, but
also offered cost-saving per sample because of cheaper cost of determination of MC
using standard method. According to implementing of NIR, MC model was excellent for
using in any application, and the HHV model could also be used for quality assurance.

From previous experiment, it was shown the fact that MC quite affects to HHV.
Chapter 2, 3, 4 and 5 aimed to study the effects of the culm circumference size of
bamboo on energy properties including the HHY, LHV, VM, FC, A, C, H, N, O, S, Tonsets Tshs
Tpeoks Toffser aNd DTGpeak When the initial MC of raw material was approximately of 5
%wb. The experiment was assumed that the parameters were varied with the cutm. The
objective was whether NIR spectroscopy could be estimated bamboo properties when
MC was constant. The assumption was that different culm circumference size led to
difference between element composition and chemical properties. The results were
found that the statistical data of the HHV, LHV, VM, FC, A, C, H, N, O, 5, Tonset, Tshs Tpeaks

Totrset, and DTGpesx Values did not vary with the culm circumference. Their values showed
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a high standard deviation meaning the culm size did not influence the reference value.
The PLS model development for the evaluation of the HHV, VM and FC of ground
bamboo were feasible for screening. However, it was not possible to develop a largely
useful predictive method for A, because the ash was not NIR absorber. The models
developed for Ty, and Tywe: May be used as a nondestructive technigue with caution for
most applications, and the model developed for To.; can be used for most
applications. On the other hand, the model of DTGy may be used for screening.
However, the predictive model for Tne: Was not usable due to high RMSEP and low R?
value. The models for prediction of LHV and N content were excellent and suitable for
using in most applications. The C model could be used only for approximate prediction.
The H model was a good predictive model and could be used with caution for most
apptlications. The S model was only permitted for approximate predictions that could be
only used for rough screening. The O model was poor and was not recommended for
using,

Prediction of MC and HHV, the vibration band of water and lignin depended on
their models, because water was high sensitivity with NIR radiance and HHV had high
relationship to MC. For prediction of LHV, was found that band of lignin quite affected to
model development, and had no peak of water because LHV was calculated without
MC. Generally, VM obtains by evaporation of lignocellulosic, then model VM and FC
appeared the peaks of hemicellulose, lignin and cellulose. The A {ash) model was not
recommended because its composition was not absorber and range of reference data
was narrow. Generally, the A content relates to HHV in order to improve the A model, it
must be optimized using many type of biomass samples. Pyrolysis is the thermal
decomposition of biomass occurring in the absence of oxygen. Tpey stated the maximum
decomposition of biomass which relates to VM, VM and lignocellulosic. Therefor, it
could be seen the band of lignocellulosic appeared on the PLS regression coefficient.
DTGpear provided poor prediction because the reference data was not different. For
predicting elemental composition, C and N models gave a good prediction. S and H
models showed fair prediction. O model gave poor prediction because the reference

data had high repeatability value, this meant that the sample was non-homogeneous
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and the error of reference value was high. The author recommended that to evaluate
energy properties of biomass, vibration band of lienocellulosic should be selected for -

developing the PLS models.
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