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Chapter

Rapid Evaluation of Biomass
Properties Used for Energy
Purposes Using Near-Infrared
Spectroscopy

Jetsada Posom, Kanvisit Maraphum and Arthit Phuphaphud

Abstract

The parameters corresponding to combustion and pyrolysis such as proximate
parameter (emissions), calorific value, elemental component, pyrolysis characteris-
tics (temperature), and thermal properties are necessary to the thermal conversion
process and the trading of biomass. Traditionally, these parameters of wood chips,
milled wood, and biomass pellets are determined with chemicals, time-consuming,
and required technical experts, such as thermogravimetry, bomb calorimetry, dry
oven, muffle furnace, and so on. The near-infrared (NIR) spectroscopy is a rapid,
noncontact no-chemical measurement. For NIR spectroscopy, only 2-3 seconds are
used for evaluation, and it could be used for online measurement. The application
of NIR spectroscopy in the estimation of the biomass characteristics of wood chips,
milled wood, and biomass pellets is described in this chapter.

Keywords: biomass properties, pyrolysis characteristics, proximate analysis,
calorific value, near-infrared spectroscopy

1. Introduction

Nowadays, the utilization of alternative energy is increasing because energy pro-
duced from fossil fuels increase in greenhouse gasses which lead to global warming
[1, 2]. Biomass produced from fast-growing tree and waste of agricultural activity
is interesting because it can be used in the future [3]. Many countries have focused
on the use of biomass fuel to be the resource of future energy. Therefore, utiliza-
tion with high efficiency is a key [4]. To achieve efficiency of thermal conversion
process, knowledge of biomass properties used for energy purposes is important.
For example, the parameters that are important for combustion are calorific value
(including gross calorific (GCV) or higher heating value (HHV) and net calorific
value (NCV) or lower heating value (LHV)), proximate data or emission (including
moisture content (MC), volatile matter (VM), fixed carbon (FC) and ash (A)), and
elemental component (carbon (C), hydrogen (H), oxygen (O), nitrogen (N), and
sulfur (S)), while the important parameter for pyrolysis process is pyrolysis char-
acteristics (temperature) (including Tonsets Tshs Tpeaks Toffsets aNd DTGpear), kinetic
parameter, proximate parameter, and elemental component. On the other hand,
parameter which is essential in designing of equipment for the drying and drying
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process is thermal properties (including thermal diffusivity, thermal conductivity,
specific heat) [5]. These parameters are explained as follows:

1.1 Calorific value

Calorific value (CV) is the total energy released when the matter is burned.
CV is divided into two types, i.e., gross calorific value (GCV) and net calorific
value (NCV). CV is generally used to calculate, design, and operate thermal power
plants [6]. It also can be used to interpret how biomass is used to achieve process
efficiency [7, 8]. The GCV 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 vaporiza-
tion of product water into account” NCV demonstrates the total of heat released
under conditions where “the product water was still at vapor state and its latent heat
of vaporization was not recovered” [9]. GCV is generally determined using bomb
calorimetry.

Meanwhile, NCV is determined using a calculation method [10, 11] with theoreti-
cal function of the GCV by subtraction from moisture content (MC) as follows [12]:

NCVyp, = GCVyy, - 2.443 x MC% 1)

where NCV,,, is the lower heating value (M]/kg) and GCV,, is the higher heat-
ing value (M]/kg). GCV is expressed on a wet weight basis (M]/kg). MC is percent
moisture content expressed on a wet basis. Using the term NCV is better than GCV
if it operates under actual operating conditions because the LHV represents a real
energy content, which is defined as the efficiency of the thermal process [13].

1.2 Proximate analysis (emission)

Proximate data include four main parameters, i.e., MC, VM, FC, and Ash. MC is
the amount of water in a substance which had a negative effect on the pyrolysis and
combustion process, for example, a negative effect on both process and quality of
bio-oil production where temperature dropped during pyrolysis and provided more
water contents in bio-oil products. Measuring MC can be conducted by drying in
an oven (ASTM E1756-08) [14]. VM is the vapor gas released after MC is released.
Generally, VM has around 70-80% of dried biomass. VM content indicates whether
the biomass was gasified easily or not and whether it was usable for boiler and
gasifier design [15]. In fast pyrolysis and gasification process, VM was utilized to
estimate the liquid fuel and gas fuel rate. VM was measured by muffle furnace,
following the standard method of the ASTM E87282 (2006) and particular wood
fuels [16]. FC is calculated by equation FC = 100-(MC% + VM% + A%) as as-
received base. FC is the residue contained after MC and VM are released and mostly
consists of carbon content. Ash is the solid residue after biomass volatilizes and FC
is combusted [17]. High ash content leads to low HV and negative factor of storage
and transportation due to no energy content. Ash content is determined using the
muffle furnace method following the ASTM E1755-01 [18]. Ash content leads to
trouble in waste systems due to fouling and slagging.

Normally, according to standard method, the determination of proximate analy-
sis requires a long time which leads to cost implications [17]. Thermogravimetry
(TG) can be used to determine the proximate analysis also. TG was a direct method
and convenient and required small sample to be used. The direct measurement of
proximate data of biomass examined by TGA is illustrated in Figure 1. TGA is the
method utilized to study the degradation behavior in biomass burned and degraded,



Rapid Evaluation of Biomass Properties Used for Energy Purposes Using Near-Infraved...
DOI: http://dx.doi.org/10.5772/intechopen.90828

700

- moisture 4 temperature
+ 600
B vappr"s and gases| Nitrogen < > air

 S00

+ Volatile matte

=

[ 400

TG (%)
&

g
Temperature (°)

30 N "t 200

* char [ 100
ash

50 100 150 200 250 300
Time (min)

Figure 1.
Thermal behavior of biomass cavried on by TGA [19].

recording weight loss as a time function versus temperature. MC, VM, FC, and A
were estimated by direct measurement of weight changes from the TG chart [18].

1.3 Elemental compositions

The elemental components of biomass (i.e., C, H, N, O, and S) are defined as
100% =C + H+ O + N + S + A. Itis necessary in operating the overall thermal pro-
cess, such as for calculation of heat content and balancing of the heat process [20].
For example, it is used to evaluate the total of flue gas (air) required to complete
combustion. The burning of biomass containing more S and N leads to oxide emis-
sions, i.e., SOy, NO, and NOy, released into the atmosphere, which leads to acid rain
[17]. High C and H lead to increased HV, but high O content leads to decreased HV
[21]. Elemental composition is determined using CHNS analyzer, which is carried
on by burning a sample in a combustion chamber with pure O, and then measuring
the gasses released (such as CO,, N,, SO,, and H,0) from combustion [20].

1.4 Pyrolysis characteristic

Pyrolysis is a thermal degradation process under the condition of absence oxy-
gen [17], which demonstrates the behavior degradation of biomass. Pyrolysis char-
acteristics, i.e., Tonset> Tshs Tpeaks Toffsets aNd DTGpear, were defined as: “Topgee Was the
extrapolated onset temperature calculated from the partial peak that results from
the decomposition of the hemicellulose component, Ty, was the temperature corre-
sponding to the overall maximum of the hemicellulose decomposition rate, DTGyeax
was the overall maximum of the cellulose decomposition rate (dm/dt at the high-
est peak, wt loss %/min), Ty, Was the temperature corresponding to the overall
maximum of the cellulose decomposition rate, and Ty was the extrapolated offset
temperature of the DTGy..x curves determined using thermogravimetric analysis
(TGA)” [22]. The direct measurement of pyrolysis characteristics determined using
DTG curve is shown in Figure 2. These parameters are applied to operate pyrolysis
process [24]. T, is the start of the degradation of biomass, as it is needed to know
when the biomass is degraded and to help to set the gas condensation time. Tpeax is
the maximum decomposition since the biomass that decomposed at temperature at
Tpeak can produce the highest gas production rate equaling to DTGy,1. The tempera-
ture of T¢ser had no composition of biomass. If the process is heated above T, it
affects the cost of capital energy.
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Figure 2.
DTG curve profile of milled bamboo [23].

In addition, many researchers have mentioned pyrolysis behavior as follows:
Wannapeera et al. [25] and Lv et al. [26] mentioned that proportions of element
compositions effect pyrolysis behavior. For example, high lignin shows slow deg-
radation, while high hemicellulose and cellulose provide fast degradation [25, 26].
High cellulose provides high yields of bio-oil, high hemicellulose content provided
high gas yields, and high lignin content provided high charcoal residue [27]. Yang
et al. [28] reported that hemicellulose was degraded at 220-315°C, cellulose was
decomposed at 315-400°C, and lignin was slowly degraded in a wide range between
160 and 900°C. Then, the pyrolysis behavior of biomass depends on the ratio of
chemical content in biomass, such as hemicellulose, cellulose, and lignin. As such,
understanding the degradation behavior is important in achieving efficiency of
thermal conversion.

1.5 Kinetic parameters

Understanding of degradation behavior of biomass which explains the cracking
mechanism required knowledge of kinetic behavior. Kinetic parameters, i.e., activa-
tion energy (Ea), pre-exponential factor (A), and reaction order (n) [29, 30], are
employed to predict of the reaction behavior, which are usable for the optimization
of the pyrolytic degradation process; they are examined using the information of
biomass decomposition obtained from the thermogravimetric (TG) and deriva-
tive thermogravimetric (DTG) [29]. Kinetic parameters are utilized to design and
achieve efficiency of processes [31, 32]. The minimum amount of energy needed to
initiate chemical change is calculated using Ea, while the reaction rate is calculated
using A and n [29].

2. Application of NIR spectroscopy on estimation of biomass properties

2.1 NIR spectroscopy for quantitative and qualitative analysis

In the 1800s, William Herschel discovered that the end of the visible band could
provide heat [33]. In 1835, Ampere found that this was one of the electromagnetic
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waves which have its wavelength in light. It was called infrared radiation [34]. Until
in 1960, much research was reported involving IR analysis and its application. The
research showed that this was a new method which could be used in evaluating
water content [35]. Meanwhile, Karl H. Norris succeeded in using the spectroscopic
method, for example, visible and NIR for predicting the quality of agricultural
products (i.e., grains). Since 1970, many publications have reported on the applica-
tion of NIR spectroscopy with food and agricultural products. This was a wide
use of NIR spectroscopy. Near infrared (NIR) ranged between 700 and 2500 nm
(12,500-4000 cm™?) and is the technique which studies the correlation between
analyte and its corresponding NIR radian [36]. NIR radian is absorbed by the
chemical bonds of C-H, N-H, S-H, C=0 and O-H [36]. NIR technique had many
advantages, such as being rapid, nondestructive, no-chemical use, environmentally
friendly, and so on.

Despite NIR having many advantages, its weakness should be not overlooked.
If the concentration of analyte is lower than 0.1% of the total weight of sample, the
calibration equation is acceptable [37], because the peaks of analyte are overlapped
and hidden from other substances. The basic NIR spectrometer contained three
parts, i.e., light source, detector, and mathematical model [36]. The assumption of
NIR protocol was that if the concentration of a sample changed, the absorption of
the sample may differ. Basic NIR spectroscopy creates a mathematical equation that
can provide the highest performance, which is indexed by accuracy of model. The
accuracy of the calibration equation is indexed by statistical terms of coefficient of
determination (R?), standard error of prediction (SEP), residue prediction devia-
tion (RPD), and bias. The application of NIR model is indicated by R* and RPD. If
amodel provided an R? of between 0.50 and 0.64, it could be used toward rough
screening: 0.66 and 0.81, applied for screening and approximate calibrations; 0.83
and 0.90, applied for caution with most applications; and 0.92 and 0.96, applied
for most applications [38] and, for RPD, between 0.0 and 2.3, not recommended,
2.4 and 3.0 applied for very rough screening, 3.1 and 4.9 applied for screening, 5.0
and 6.4 applied for quality control, 6.5 and 8.0 applied for process control; and
RPD > 8.1 applied for any application [38]. Nicolai et al. [39] and Zornoza et al. [40]
indicted that R > 0.90 and RPD > 3 was an excellent prediction; 0.81 < R* < 0.90
and 2.5 < RPD < 3 was a good prediction, 0.66 < R* < 0.80 and 2.0 < RPD < 2.5
was an approximate prediction, and R” < 0.66 and RPD < 2 was a poor prediction.
For biomass, the physical forms included ground, chipped, and pelleted. Figure 3
shows the different physical forms of biomass used for the thermal conversion
process. The NIR spectroscopy used to estimate the biomass properties coupled
with various physical forms is explained in the next topic.

Figure 3.
(a) Ground biomass, (b) bamboo chips format, and (c) Leucaena pellets.
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2.2 Proximate analysis and calorific value

The prediction of biomass properties used for energy purpose using NIR spec-
troscopy has been utilized by many researchers, such as cassava rhizome ground
(MC, HHV, and LHV) [41], maize cob (GCV) [19], and recycled sawdust (GCV and
ash) [42]. The measurement of MC was conducted by Shrestha and Sirisomboon
[43], predicting the MC of bamboo wood chips using two different portable
spectrometers, i.e., NIR-Gun (600-1100 nm) and MicroNIR (1150-2150 nm).
Figures 4 and 5 illustrate the scanning technique of two spectrometers through
diffuse reflectance mode and the particle size of bamboo wood chips, respectively.
The calibration equation was developed using PLS algorithm. The statistical terms
of R%, SECV, SEP, bias, and RPD were used to examine the performance of the NIR
model, providing 0.924, 2.871% wb, 2.385% wb, —0.250% wb, and 3.656 for NIR-
Gun. Meanwhile, a MicroNIR spectrometer gave 0.743, 4.349% wb, 4.499% wb,
0.026% wb, and 1.972, respectively. The results indicated that the model is suitable
for screening and approximating the MC in bamboo chips. This technique benefits
commerce in terms of setting prices and was usable in process control using the
parameter of MC such as drying process, pelletization, and combustion. Portable
spectrometers are convenient to use and suitable for use on field.

Prediction of MC and HHYV of pellets fuel was investigated by Posom and
Sirisomboon [44], who developed the NIR model to evaluate the MC and HHV of
Leucaena pellets using an FT near-infrared spectrometer. Figure 6a illustrates the
scanning technique for Leucaena pellets (8 mm diameter). Each sample was placed

-

= e

a) b)

Figure 4.
Scanning of wood chips using portable NIR spectrometer (a) NIR-gun and (b) MicroNIR spectrometer.

Figure 5.
Particle size of bamboo wood chips.
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Figure 6.
(a) Scanning of Leucaena pellets in diffuse reflectance mode and (b) Leucaena pellets spectrum.

in a quartz sampling cup (dimension with 87.0 mm diameter and 87.5 mm height)
and scanned through the quartz window using a rotary mode. The scanning was
done 64 times per sample and averaged to one spectrum. The spectrum of Leucaena
pellets is illustrated in Figure 6b. In commercial setting where the MC and HHV are
necessary, they are measured for quality assurance. The rapid method was used as an
alternative method to the traditional MC and HHV due to complications including
time, cost, and the requirement of a skilled technician. Based on quality assessment,
NIR spectroscopy measured MC and HHV within 30 seconds.

For the MC model, the spectra pretreated by min-max normalization gave
the affective calibration equation and wavenumber range of 7506-5446.3 and
4428-4242.9 cm™', providing the best result with a r* of 0.995, RMSECV of 0.187
(%wb), and RPD of 13.9. Meanwhile, the HHV model developed with the min-max
normalization spectra, wavenumber range of 9403.8-7498.3, and 6102-5446.3 cm™
also provided the optimal model, with r* of 0.964, RMSECV of 89.2 J/g, and RPD of
4.71. The MC and HHV models were excellent for any application.
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Posom and Sirisomboon [45] developed the mathematical equation for the
prediction of HHV, VM, FC, and ash of ground bamboo. Milled bamboo (particle
size <3 mm (see Figure 4a)) was scanned using FT-NIR spectroscopy with diffuse
reflectance mode. The absorbance was recorded by log 1/R unit, where R is the
reflectance of milled sample. The purpose was to apply the NIR technique instead
of bomb calorimetry and thermogravimetry (TG). The model was optimized using
PLS regression. The result of HHV, VM, FC, and ash model provided r* of 0.92,
0.82, 0.85, and 0.51; RMSEP of 122 ] g_l, 1.15,1.00, and 0.77%; and RPD of 3.66,
2.55, 2.62, and 1.44, respectively. The summary was that NIR spectroscopy was
successful in estimating the HHV, VM, and FC; meanwhile the ash model was not
recommended because of low RPD. It was recommended that the range of reference
value should be as wide as possible. The spectra of the ground sample can give a
high precision because of homogeneous sample. However, the use of ground sample
was complicated in terms of sample preparation, which led to higher time and cost.
Posom and Sirisomboon [46] updated the NIR model in prediction of HHV, LHV,
MC, VM, FC, and ash of bamboo wood chips (see Figure 4b). This model replaced
the previous model (ground bamboo model). The samples were collected for two
seasons in 2017 and 2018. In real situations, wood chip preparation is easier than
ground sample. In addition, even though the previous study on ground bamboo
reported a good performance, in the prediction of ground sample, it was found
to be inconvenient because of complicated sample preparation. NIR model were
developed by directly scanning bamboo chips and created based on PLS regression.
A big particle size led to lower spectrum repeatability, but this problem was solved
using spectral preprocessing. The improvement of MC, ash, VM, and FC models
(bamboo chips) could be applied for quality assurance. The HHV and LHV models
can be utilized in most applications. A big particle size of wood chips can affect
negatively in the calibration equation because the sample was inhomogeneous;
however, this problem can be solved by spectral pretreatment technique. Therefore,
the direct scanning in wood chips can eliminate the need process for grinding wood
samples [46]. Moreover, a calibration equation can predict ash content in bamboo
wood chips successfully. The reason why NIR spectroscopy can predict ash content
is because: “the infrared bands for inorganic materials are broader, fewer in number
and appear at lower wavenumbers than those observed in organic materials, and
if an inorganic compound forms covalent bonds within an ion, it can produce a
characteristic infrared spectrum” [47].

The heating value and proximate analysis (MC, VM, FC, and A model) model
of biomass pellets was studied by Feng et al. [24], who constructed a 2D NIR
hyperspectral image in the prediction of proximate analysis and illustrated a quality
distribution map. The rapid measurements for properties of biomass pellets helped
to monitor the feedstock pellet production. The models were constructed using
an algorithm of PLSR and least-squares support-vector machine (LSSVM). The
optimized calibration models constructed by successive projections algorithm
(SPA)-LSSVM gave excellent efficiency in the prediction of MC, A, VM, and HV,
with the R? of 0.94, 0.92, 0.94, and 0.90, respectively. The quality indexes of pellets
can be visualized on predicting component maps by calculating prediction value to
each pixel into the 2D hyperspectral images.

Nakawajana et al. [11] predicted the HHV, LHV, and ash of milled rice husk
using FT-NIR spectroscopy. lllustrations of pure cellulose, lignin, and sample
spectrum are displayed in Figure 7. Vibration band of cellulose (range 1) and lignin
(range 2) was quite different, and some wavelengths of risk husk were quite similar
to cellulose and lignin. The fact was that the rice husk contains lignocellulose. Range
1 was the vibration band of cellulose, and range 2 was the vibration band of lignin.
Therefore, if we want to know which wavelength is the vibration band of analyte,
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Figure7.
Average rice husk, hemicellulose, cellulose, and lignin spectrum [11].

scanning of pure analyte with NIR radian should be taken to find obvious peaks in
the absorption spectrum. We can assume that an obvious peak is the vibration band
of analyte, which is suitable for model development. The calibration equation was
validated by an unknown sample, which was obtained from another mill rice plant.
The unknown sample was collected from different resources to set calibration. It
ensured that the developed model could be used for future samples. HHV (J/g) was
determined using bomb calorimeter, and LHV can be calculated using the knowl-
edge of HHV and MC (%wet basis). LHV,,};, was then determined as follows [7]:

LHV = HHV - 2433 x MC (2)

2443 is the latent heat of the vaporization of water at 25°C (J/g), and MC was the
unit on a %wb determined from the air dry oven.

Ash content was determined using bomb calorimeter. It was the solid residue
after the sample burned and was calculated as follows:

A (%wt) = W,/W; x 100 (3)

W, is the weight of the sample after burned, and W is the initial weight. The
outliers were checked and removed using equation ~~--= > +3, where X; is
the reference value of sample i. X and SD are the mean and standard deviation of
reference value, respectively. If any samples satisfied the criteria, they were cut
from the data set. The result provides the relative standard error of prediction
(RSEP) of 1.104, 1.159, and 5.975% for HHV, LHV, and A models. The results were
recommended for screening as a quality assurance. The RSEP was the relative ratio
between the absolute error of prediction and measured value; an RSEP of around
5% meant that every predictive value could provide the error of approximately 5%

of reference value [48].

2.3 Elemental components

Posom and Sirisomboon [10] developed the NIR model to predict C, H, N, O,
and S across FT-NIR spectroscopy. The scanning of samples was conducted with
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Figure 8.
Scanning of milled bamboo using (a) FT-NIR and (b) MicroNIR spectrometer.

diffuse reflectance mode, shown in Figure 8a. The ground sample was placed in a
sample cup (43 mm diameter and 50 mm height). The bottom of the sample cup
was made from quartz. The sample was scanned in diffuse reflectance mode 64
times and averaged to one spectrum. The sample at the bottom of the sample cup
was obtained to be analyzed by traditional method. The model was established
using PLS regression. The NIR models of C, H, N, S, and O provided ? and RPD
of 0.803 and 2.31, 0.856 and 2.65, 0.973 and 6.6, 0.785 and 2.19, and 0.522 and
1.46, respectively. N and H model could be utilized for most applications. C and
S models were fair. The O model was poor because the reference method was

not precise. The reference method for O was calculated as 0% = 100-C%-H%-
N%-S%-Ash%, meaning that the predicted O included total error from another
parameter. This result could be used to guide operation control into the thermal
conversion process to predict flow rate of flue gas and air requirement in com-
bustion and to predict flue gas component in combustion and pyrolysis. Posom
and Saechua [49] predicted the elemental components (C, H, N, O, and S) of
ground bamboo using low-cost spectrometer (MicroNIR spectrometer), which
was a handheld spectrometer. Figure 8b displays the scanning method using a
portable NIR spectrometer. It shows that only C (carbon) model was recommend
for screening because the spectrum collected from the low-cost spectrometer
was scanned once, while FT-NIR spectrometer scanned each sample for 64 times
which was averaged.

10
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2.4 Kinetic parameters

The activation energy (Ea) of ground bamboo was studied using online NIR
spectroscopic method [48]. The online systems are shown in Figure 9, including NIR
spectrometer (MicroNIR), computer, and conveyer belt. The main work was to evalu-
ate the Ea of ground bamboo through real-time monitoring. The Ea value was deter-
mined using the Coats-Redfern method. The online prediction of Ea of the reaction
order (n) atn = 1and n # 1 was investigated. The model of online measurement was
created using PLS algorithm. The model of Eaatn = 1and Eaatn # 1 had  of 0.781
and 0.714, respectively, and SEP of 5.249 and 6.858 kJ/mol, respectively. Both models
were fair and could be applied to screening and monitoring. The vibration bands of
lignocellulosic such as CH,, hemicellulose, cellulose, and lignin influence prediction.

2.5 Pyrolysis characteristics

The identification of the pyrolysis characteristics of milled bamboo using NIR
spectroscopy was conducted [23] using a FT-NIR spectroscopy, including T peet,
Toh> Tpeaks Toftsets and DTGyeak. The scanning method was performed using diffuse
reflectance mode, which is shown in Figure 8a. “T, . is the extrapolated onset tem-
perature 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; DTGyeax is the overall maxi-
mum of the cellulose decomposition rate; Ty, is the temperature corresponding to
the overall maximum of the cellulose decomposition rate; T is the extrapolated
offset temperature of the DTG, curves determined using thermogravimetric
analysis (TGA).” The aim is to be used as an alternative for thermogravimetry
method. The calibration equations were created by PLSR and validated using test
set method. The results found that the models of Tynsets Teh» Tpeaks Toftsets aNd DTGpear
showed R? of 0.566, 0.845, 0.917, 0.973, and 0.671; RMSEP of 9.7 C, 4.36 C, 3.77 C,
2.66 C, and 0.428 wt loss %/min; and RPD of 1.52, 2.58, 3.48, 3.55, and 1.75, respec-
tively. The vibration bands of water and hydrocarbon (CH3, O-H stretch, Ar-OH,
CH; and HC=CH, O-H and C-H, CH,) influence the prediction.

2.6 Prediction of thermal properties

The use of NIR spectroscopy in the prediction of the thermal properties (thermal
diffusivity, thermal conductivity, specific heat) of Jatropha kernels was studied by

Spectrometer

Computer
Holder

Sample box

Conveyor belt

Figure 9.
Schematic diagram of the experimental design [48].
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a) b)

Figure 10.
(a) Jatropha kernels, (b) rotational diffuse reflectance scanning.

Posom and Sirisomboon [50]. The samples were scanned using FT-NIR spectrometry
across a wavenumber of 12,500-4000 cm ™}, with diffuse reflectance model. For

the diffuse reflectance method, the scanning could confirm that there was not light
transmitted through the sample. The thickness of the sample path should be enough.
The calibration equations were created by PLS regression. Figure 10a and b shows
Jatropha kernels and scanning of technique, respectively. The results of thermal dif-
fusivity, thermal conductivity, and specific heat at 40 and 100°C had the R? of 0.5968,
0.7592, 0.7509, 0.4211, and 0.6396%, respectively; the RMSEP of 1.1 x 10~ * m*s ™",
0.0169 W m™'°C™, 0.0685 W m™'°C™", 5.88 k] kg™'°C™", and 15.8 J kg "°C™";

the biases of ~2.52 x 107" m’s ™}, 2.85 x 10> Wm™°C™},2.52 x 107> Wm™°C",

1.83kJ kg "°C™", and 4.69 I kg '°C™"; and RPD of 1.57,2.04, 1.98, 1.28, and 1.64,
respectively. NIR spectroscopy could be applied in the estimation of the thermal prop-
erties of Jatropha kernels, due to reduced times and costs. The use of NIR spectroscopy
required only 2-3 minutes for measuring and can be applied for drying process control.

3. Caution in model development and application

Even through the NIR spectroscopy is rapid, environmental friendly, and low
cost in long-term analysis, the application of NIR spectroscopy should be careful as
follows: if the concentration of analyte has lower than 0.1% of the total concentra-
tion of the sample, the calibration equation was not acceptable [37] because the
absorption peak of the analyte is overlapped by other peaks; the model could be
updated monthly to reduce the impact of season; dark and white reference collec-
tion of NIR instrument should be done often during operation.

For model development, the caution is before model development, the repeatabil-
ity and reproducibility of reference method could be firstly examined until the result
is satisfied; the maximum R®,,,, could be calculated before modeling; the calibration
equation could be validated again using unknown sample in which that sample must
be obtained from different areas and different seasons unless there are three seasons.

4, Conclusion

From previous study, many research demonstrated that this technology is suit-
able in predicting biomass quality; it is usable in commercial and process control.
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NIR spectroscopy is rapid which has the ability in the evaluation of the proximate
data. A good prediction was found in predicting HHV (r*> 0.9), MC (r* > 0.9), VM
(r* > 0.8), and FC (¢* > 0.8), which is suitable toward for any application [38]. The
performance of the model will be good when the range of analyte developed is wide.

For evaluation of elemental component, a good performance was found in the
prediction of C (r*> 0.8), H (* > 0.8), and N (r* > 0.8), which could be utilized
for most application [38]. A poor prediction is found in the prediction of O and S,
which is not recommended. The O model is low performance due to its reference
method which is not precise (calculation method), while the S model is low perfor-
mance because its range is not narrow which seems that the S content in biomass is
not different.

The pyrolysis characteristic model was a good accuracy for the prediction of
Ten (1° = 0.845), Tpearc (r* = 0.917), and Tofsser (t° = 0.973). This method is rapid
(2-3 seconds per sample), which is usable in the process control of pyrolysis.

For the measurement of Ea with online NIR spectroscopic method [48], it could
be used as an alternative technique to TGA and Coats-Redfern method. The model
is fair and could be applied for screening, which is usable to process control. The
vibration bands of CH,, hemicellulose, cellulose, and lignin impact in prediction.
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