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This research addressed a rapid method to monitor hardwood chemical composition by applying Fourier transform infrared (FT-
IR) spectroscopy, with particular interest in model performance for interpretation and prediction. Partial least squares (PLS)
and principal components regression (PCR) were chosen as the primary models for comparison. Standard laboratory chemistry
methods were employed on a mixed genus/species hardwood sample set to collect the original data. PLS was found to provide
better predictive capability while PCR exhibited a more precise estimate of loading peaks and suggests that PCR is better for model
interpretation of key underlying functional groups. Specifically, when PCR was utilized, an error in peak loading of ±15 cm−1 from
the truemeanwas quantified. Application of the first derivative appeared to assist in improving both PCR andPLS loading precision.
Research results identified the wavenumbers important in the prediction of extractives, lignin, cellulose, and hemicellulose and
further demonstrated the utility in FT-IR for rapid monitoring of wood chemistry.

1. Introduction

As the most abundant fibrous material, wood is utilized in
numerous areas including textile [1], papermaking [2], build-
ing construction [3], composites [4], and bioenergy [5]. The
chemical composition of wood including cellulose, hemicel-
lulose, and lignin plays an important role when evaluating
the utility of a feedstock for various product streams. Rapid
assessment of biomass would open up opportunities for cate-
gorizing the raw material to an appropriate end use, allowing
for better process control, or assist in the selection of better
silvicultural or genetic management strategies for improved
product performance and forest health [6]. Recently, near-
infrared (NIR) spectroscopy was found to be a good tool for
fast and quantitative analyses of chemistry components in
plants [7–11]. NIR has been primarily successful due to its
rapidity, precision, and low cost.

These same chemometric methods commonly used for
NIR have been found to also be useful for Fourier transform
infrared (FT-IR) spectroscopy [12]. Some researchers have
studied the ability to predict secondary biomass properties
with FT-IR [8, 13, 14]. Compared to NIR, FT-IR has some
advantages as follows. First, not only is it advantageous for
quantitative analysis, but one can also determine key func-
tional groups associated with a particular trait of interest.
Also, FT-IR spectroscopy is much more common for stan-
dard laboratory analysis of polymericmaterials thanNIR and
is used in research institutes, laboratories, universities, and
companies.

Principal components regression (PCR) and partial least
squares (PLS) are themost common chemometric techniques
used to construct prediction models and the loadings of
the model can be further used for interpretation on contrib-
uting functional groups [15]. During woody tissue analysis,
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coefficients/loadings within the models are often used to
interpret the relationship between wood chemistry func-
tional groups and key traits. It was found in our previous
study with NIR that PLS performed better for prediction
while PCRwas better formodel interpretation andwavenum-
ber selection [16]. Given that PLS optimizes both 𝑋 and 𝑌
matrix for optimal prediction, it is hypothesized that PCR
may also be the best for interpretation with FT-IR. Such work
has not been done for the midinfrared region and is the
subject of this research.

The objective of this paper was to investigate whether
FT-IR coupled with chemometrics yields good predictive
equations of wood chemical composition and whether the
PLS modeling method introduces additional error to the
loading plots.

We assumed that the loadings/coefficients in PLS model-
ing will decrease in precision and consequently increase in
variance as a result of optimization for prediction. To test
this alternative hypothesis (𝐻

𝑎

), it was necessary to obtain the
residuals between the locations of the local peak loading (PLS
and PCR) and the best representative band assignment was
obtained from the literature. The mathematical expression
was listed as follows:

𝑊− BA
𝐿

= 𝑅, (1)

where 𝑊 represents the wavenumber obtained through
PLS or PCR analysis, BA

𝐿

is the best representative band
assignment obtained from the literature, and 𝑅 represents
the residual between 𝑊 and BA

𝐿

. Then, the variance of
the residuals will be further analyzed under the following
hypothesis constructs:

𝐻
0

: 𝜎2PLS-𝑅 = 𝜎
2

PCR-𝑅,

𝐻
𝑎

: 𝜎2PLS-𝑅 > 𝜎
2

PCR-𝑅,
(2)

where 𝜎2 represents the variance of 𝑅 obtained from PLS
or PCR models. Differences for variance between model
loadings will be tested by the 𝐹-test or 𝑡-test of 𝑅 [17].

2. Experimental Procedures

2.1.Materials and Sample Preparation. Acetone (ACSGrade),
sulfuric acid (98%, w/w), acetic acid (100%, w/w), sodium
chlorite (High Purity Grade), and sodium hydroxide (Solu-
tion Reagent Grade, 50% w/w) were purchased from the
VWR Company (Atlanta, GA, USA).

All of the hardwood samples were composed of four
different genera, including 4 Eucalyptus samples, 9 cotton
wood samples, 12 aspen samples, and 12 poplar samples.These
wood samples were dried in the air for two weeks and then
ground to 40 mesh and 80 mesh using Wiley mill. After that,
the 80-mesh samples were used for FT-IR spectra collection
and the 40-mesh samples were used for wet chemistry
analysis.

2.2. Wood Chemistry. The extractives and lignin content
were measured with National Renewable Energy Laboratory
(NREL) standards [18, 19]. The cellulose and hemicellulose

content were measured by traditional wet chemistry meth-
ods. The brief schematic diagram is shown in Figure 1, and
the detailed processes were presented as follows.

2.2.1. Extractives. One hundred fifty mL of acetone was used
to extract 5 g of sample for 6 h to get acetone based extractives
solution. It was then dried to remove acetone and extractives
for gravimetric analysis, and the extractive-free sample was
reserved for the next step.

2.2.2. Lignin. A 72% (w/w) sulfuric acid treatment at 30∘C for
2 h was used to prehydrolyze the extractive-free sample. The
solution was then diluted to 4% sulfuric acid with distilled
water, sealed in a bottle, and placed in an autoclave for 1 h
at 121∘C. After that, 10mL supernatant was taken out from
the bottle. Five mL supernatant was diluted to 20mL to
measure the acid-soluble lignin using ultraviolet and visible
spectrophotometer (UV-Vis), and then the residual was fil-
tered and oven dried tomeasure lignin content by gravimetric
methods.

2.2.3. Cellulose and Hemicellulose. In order to obtain the
percentage of cellulose and hemicellulose, we have to calcu-
late the holocellulose content first. We used a delignification
procedure to determine the holocellulose content. First, 2 g
of extractive-free samples was placed equally in two conical
flasks (500mL) with 320mL of distilled water in each flask.
Second, the flasks were placed in a water bath (75∘C) and then
1mL of acetic acid and 20mL of 15% (w/w) sodium chlorite
were added to each flask on a 1 h cycle for 4 h. After 4 h, the
residues were filtered with filter paper and then oven dried
for 3 h to test the holocellulose content. Then, 1.5 g of oven
dried holocellulose was placed in a 250mL conical flask. One
hundred mL of 17.5% sodium hydroxide was stirred in the
flask and the air was replaced with nitrogen and then the flask
was immediately sealed with aluminum foil. The flask was
then placed in a water bath at 20∘C and stirred occasionally
until the reactionwas complete.The solutionwas then filtered
through a preweighed filter paper andwashedwith 500mL of
distilled water. The sample was then oven dried at 105∘C for
12 h and weighed. The residue was determined as cellulose
and the hemicellulose content was considered to be the
difference in holocellulose and cellulose.

2.3. FT-IR Acquisition. Oven dried samples, used for FT-IR
spectra collection, were placed in a dessicator and allowed to
cool to room temperature to avoid spectra fluctuation caused
by rapidly changing temperatures [20]. The 80-mesh oven
dried samples were placed on the diamond plate of the FT-
IR machine (PerkinElmer spectrum ATR 400 FT-IR/FT-NIR
spectrometer, Waltham, MA, USA) and given a pressure of
70±2 psi for spectra collection.The spectra covered the range
of 4,000–650 cm−1 at a spectral resolution of 4 cm−1. Each
spectrum was collected from an average of 4 scans and no
zero filling.

2.4. Chemometric Analysis. Chemometric techniques, PCR
and PLS modules in Spectrum Quant + software, were
used for model construction. Models were adopted using
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Figure 1: Schematic diagram for the wet chemical and FT-IR analysis process.

unprocessed spectra (raw) and first derivative (FD). Thirty-
one samples were used to construct models and 6 samples
were used for validation. Cross validation on all 37 samples
was also run to ensure similar results and confirm validation
results. While the populations for calibration and validation
were randomly selected, the distribution of the data was
checked to ensure a similar mean and range between the two
populations.The coefficient of determination (𝑟2), root mean
square error of calibration (RMSEC), and root mean square
error of prediction (RMSEP) [17] were used to estimate the
predictive performance of the models in this work. And the
residual predictive deviation (RPD) was also measured to
decide whether models were good at prediction, screening,
or interpretation [21].

The principal component (PC) related to the chemical
constituent during multivariate modeling was utilized for
PCR coefficient/loading plots. The coefficients (𝑦-axis) were
connected via a smooth line in Origin software (Northamp-
ton,MA,USA) and then plotted against thewavenumbers (𝑥-
axis). For PLS, the regression coefficients plot was generated
to represent the relationship between all of the absorbance
and the specific chemical constituent.Thewavenumbers were
then chosen and compared to the literature.

3. Results and Discussion

3.1. Assessment of Loading Plots. The coefficients/loadings
within the models are effective ways to interpret the rela-
tionship between wood chemistry functional groups and cor-
responding wood chemistry percent. For extractives, lignin,
and cellulose loading plots, application of the first-derivative
pretreatment wasmade prior to PLS and PCR execution.This
was found to improve loading plots as evidenced by more

parallel patterns (Figures 2, 3, and 4). The positive effect of
the first-derivative pretreatment within the PLS coefficient
plots was probably ascribed to the removal of the baseline
shift present in the raw spectra. However, the positive effect
of the first-derivative pretreatment was not apparent during
the prediction of hemicellulose (Figure 5).This suggests that,
during model development, application of the first derivative
can generally improve the precision of the loadings, but not
always.

It was also apparent that there was a shift in the location
of the loading between native and first-derivative based data
sets. For example, the wavenumber at 1640 cm−1, 1508 cm−1,
and 1269 cm−1 shifted to 1649 cm−1, 1514 cm−1, and 1282 cm−1
for the extractive calibrationmodels when the first-derivative
pretreatment was used. This loading shift at 15 to 35 cm−1
could also be seen for lignin (1211 to 1227 cm−1), cellulose
(1187 to 1207 cm−1), and hemicellulose (1633 to 1652 cm−1)
(Figures 3, 4, and 5). These shifts will be studied statistically
in Table 1.

3.2. Wavenumber Assignments. Important wavenumbers for
the prediction of extractives, lignin, cellulose, and hemicel-
lulose were identified through the loading plots in Figures 2,
3, 4, and 5, and the functional groups important for a given
wavenumber were further confirmed by the literature.

3.2.1. Extractives. The sensitivity of the bands at 1730 cm−1
was attributable to the C=O stretching vibrations produced
by the ester carbonyl.These peaks appear when the lipophilic
fraction of extractive is studied; they may come from fat, wax
compounds or in esterified resin acids [22–25].The peak near
1600 cm−1 can be assigned to either the C=C stretching or
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Figure 2: Coefficients by wavenumber for PCR and PLS for extractives prediction (a) when raw spectra were processed and (b) when a first-
derivative pretreatment was processed. PC numbers 9, 2, 3, and 1 were chosen for PCR-raw, PLS-raw, PCR-derivative, and PLS derivative,
respectively (𝛼 = 0.05).
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Figure 3: Coefficients by wavenumber for PCR and PLS for lignin prediction (a) when raw spectra were processed and (b) when a first-
derivative pretreatment was processed. PC numbers 6, 2, 2, and 1 were chosen for PCR-raw, PLS-raw, PCR-derivative, and PLS derivative,
respectively (𝛼 = 0.05).

an aromatic ring deformation mode [26]. The strong peak
at 1510 cm−1 is assigned to the deformation vibration within
benzene rings [22, 27].This peak is characteristic of aromatic
compounds in wood and wood extractives [28, 29].The weak
olefinic double bond stretching is exhibited at 1633 cm−1 [26].
The strong band at 1271 cm−1 was due to carbon single bonded
oxygen but is more likely to be an interaction band between
carbon single bonded oxygen stretch and in-plane carbon

single bonded hydroxyl bending in carboxylic acids, which
is usually masked by a methylene scissoring band due to the
methylene group attached to the carbonyl [22, 24].

3.2.2. Lignin. Coefficients by wavenumber for PCR and
PLS for lignin prediction are displayed in Figure 3. C=O
stretching and aromatic skeletal vibration were important
loadings at 1735, 1658, 1328, 1510, and 1425 cm−1, respectively
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Figure 4: Coefficients by wavenumber for PCR and PLS for cellulose prediction (a) when raw spectra were processed and (b) when a first-
derivative pretreatment was processed. PC numbers 8, 3, 1, and 2 were chosen for PCR-raw, PLS-raw, PCR-derivative, and PLS derivative,
respectively (𝛼 = 0.05).
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Figure 5: Coefficients by wavenumber for PCR and PLS for hemicellulose prediction (a) when raw spectra were processed and (b) when a
first-derivative pretreatment was processed. PC numbers 3, 3, 1, and 1 were chosen for PCR-raw, PLS-raw, PCR-derivative, and PLS derivative,
respectively (𝛼 = 0.05).

[30–33]. Phenolic OH and aliphatic C-H in methyl groups
were important based on the loading at 1375 cm−1.TheG ring
showing with carbonyl stretching was a key functional group
that was important based on the loading at 1269 cm−1.The C-
C, C-O, and C=O stretch were important due to the variation
in the loading at 1220 cm−1. The C-H in-plane deformation
of the G ring plus secondary alcohols and C=O stretch were
evident based on the loading at 1140 cm−1. Aromatic C-
H deformation in the S ring was based on the loading at

1116 cm−1 [30, 34]. The aromatic C-H in-plane deformation
plus C-O deformation in primary alcohols plus the C=O
stretch was based on the loading at 1033 cm−1. C-H out-of-
plane deformation in positions 2 and 6 of S rings was based
on the loading at 835 cm−1 [30–32].

3.2.3. Cellulose. As shown in Figure 4, the wavenumbers
demonstrate that the O-H in-plane bending (1440 and
1220 cm−1), C-H bending (1380, 1375–1365, and 1280 cm−1),
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Table 1: Hypothesis testing of (2) through (a) 𝑡-test and (b) 𝐹-test.

(a) 𝑡-test

PCR PLS
Mean 𝑅 0.06 −0.49
Variance 55.5 92.6
Standard deviation 7.45 9.62
95% CI 0.06 ± 2.1 −0.49 ± 2.8
Observations 49 49
Degrees of freedom 48 48
𝐹 value 1.67
𝑃 for 𝑡-test 0.0796∗

(b) 𝐹-test

PCR PLS
Mean 𝑅 0.06 −0.49
Variance 55.5 92.6
Standard deviation 7.45 9.62
95% CI 0.06 ± 2.1 −0.49 ± 2.8
Observations 49 49
Degrees of freedom 48 48
𝐹 value 0.60
𝑃 (𝐹 < 𝑓) one tail 0.0398∗

𝐹 critical one tail 0.62
∗Thismeans that the 𝑡-test and𝐹-test were significant with 95% confidence.

and CH
2

wagging at 1310 cm−1 were important in the predic-
tion of cellulose.The C-O-C asymmetric stretching, assigned
to cellulose, appears at 1160 cm−1 and the C-O stretch in
cellulose occurred at 1047–1004 cm−1 [35, 36].

3.2.4. Hemicellulose. The loadings corresponding to FT-IR
spectra of the hemicelluloses are shown in Figure 5(a). The
peak multiplicity between 1120 and 1000 cm−1 is a typi-
cal characteristic of carbohydrates. The signal at 1051 and
1008 cm−1 corresponding to the glycosidic (C-O-C) stretch-
ing cannot be clearly distinguished due to the multiplicity of
the peaks in that region. Signals at 1453, 1426, and 1338 cm−1
are attributed to -CH

2

symmetric bending, CH and OH
bending, and -CH wagging, respectively [37]. The signal at
1639 cm−1 is due to the absorbed water, but it can also reveal
the presence of conjugated carbonyl groups that either are
present in the polyphenolic structure of lignin or exist in
uronic acids or result from carbohydrate oxidation and acety-
lated residues [38]. Hardwood xylan is heavily O-acetylated;
therefore, the absorption of carbonyl groups is mainly con-
tributed by xylan in hemicellulose. The characteristic peak at
1509 cm−1 which indicates the aromatic skeletal vibration of
lignin and, correspondingly, the band at 1267 cm−1 associated
with guaiacyl nuclei and the band at 1233 cm−1 related to
syringyl nuclei of plane at positions 2, 5, and 6 inGunits could
not be distinguished. The peak at 822 cm−1 was attributed to
C-H out of plane at positions 2 and 6 of S units and all
positions of H units were not detected [39].
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3.3. Interpretation of Significant Coefficients and Loadings
Error Assessment. As we discussed in Section 3.2, C=O and
C=Cwere key functional groups that were based on the load-
ings at 1730 and 1600 cm−1 for the prediction of extractives.
For lignin prediction, the important loadings of OH and CH
appeared at 1375 cm−1, andC-C, C-O, andC=O loadingswere
assigned at 1220 cm−1. For cellulose prediction, the C-H and
CH
2

bondwas important based on loadings at 1380, 1280, and
1310 cm−1. Hemicellulose yielded -CH

2

, CH, andOHbending
and -CHwagging bond corresponding to the loadings at 1453,
1426, and 1338 cm−1.

From this study, it is apparent that error in band assign-
ments exists and can be quantified as BA

𝐿

. The distribution
of error (𝑅) for PCR exhibited a distribution closer to nor-
mality than PLS. Furthermore, PCR demonstrated a higher
frequency of lower error in the loading estimates which
supports the hypothesis that PCR provides better precision
in wavenumber assignment (Figure 6). Finally, both PLS and
PCR (𝛼 = 0.05) overlapped with zero when a confidence
interval test was performed (Table 1), which is indicative of
lack in bias for either PLS or PCR.

Hypothesis testing was used to test the precision of peak
loading location.The statistical results of the 𝐹-test indicated
that the variance of 𝑅 for PLS was greater than that of PCR.
This means that the alternative hypothesis (𝐻

𝑎

) was correct
and that PCR is a better tool for assignment or interpretation
of wavelengths and corresponding functional groups through
multivariate modeling. Thus, PLS proved to be a better
multivariate tool for prediction while PCR was better for
interpretation.This was supported by another study in which
two-dimensional correlation analysis andwaterfall plots were
used for detecting positional fluctuations of spectral changes.
It was shown that 2D correlation analysis of the spectra
was clear in defining the very characteristic cluster pattern
both for the band position shifts and for partitioning out



Journal of Analytical Methods in Chemistry 7

Table 2: Calibration and predictive results of FT-IR based multivariate models.

Algorithm Chemical components Wavenumber ranges Raw spectra First derivative
𝑅
2 RMSEP RPD 𝑅

2 RMSEP RPD

PLS

Extractives 1750–1250 cm−1 73.51 1.19 1.19 86.66 0.34 4.18
Lignin 1800–800 cm−1 87.76 1.05 2.30 90.06 0.50 4.83

Cellulose 1500–1000 cm−1 56.74 1.38 1.53 85.62 0.80 1.72
Hemicellulose 1750–800 cm−1 79.31 2.25 1.73 92.90 1.90 2.04

PCR

Extractives 1750–1250 cm−1 57.93 0.87 1.69 71.04 0.59 2.41
Lignin 1800–800 cm−1 73.70 1.51 1.60 87.36 0.82 2.94

Cellulose 1500–1000 cm−1 52.61 1.59 1.32 48.15 0.94 1.34
Hemicellulose 1750–800 cm−1 30.09 4.14 0.94 52.69 3.34 1.16

two overlapped bands. Their study also found principal
components analysis (PCA) to be very sensitive to peak shifts
and helped to justify PCR for shift identification [40]. Practi-
cally speaking, this study found that the error (±2 standard
deviations in peak loadings, Table 1) for PCR loadings was
approximately ±15 cm−1. This suggests that when loadings
from PCR plots are used for interpretation, one can expect
this estimate to be ±15 cm−1 of the true value.

In this study, transforming the spectra with the first
derivative was found to improve loading plot precision.
It is perhaps even possible to use PLS with competitive
performance in loading precision although this study found
PCR to still perform better.

3.4. Predictive Diagnostics. The predictive results for the
chemical composition in wood were shown in Table 2. It
should be noticed that the assignment of the peaks is a
very important reference for modeling optimization. During
the model construction, coupled with the peak assignment
in the previous section, the optimal wavenumber ranges of
extractives, lignin, cellulose, and hemicellulose for building
the FT-IR model were found to be 1750–1250 cm−1, 1800–
800 cm−1, 1500–1000 cm−1, and 1750–800 cm−1, separately. It
was found that PLS always outperformed PCR in predic-
tive diagnostics with the first-derivative pretreatment often
improving calibration statistics. Models with a higher 𝑟2, a
lower RMSEP, and a higher RPD were deemed to generally
be the best performers. RPD has particularly been utilized as
a way of classifying whether a model was used for screening,
prediction, or actual measurement [7]. The best predictive
results (RPD value) for extractives, lignin, cellulose, and
hemicellulose were 4.18, 4.83, 1.72, and 2.04, which were
performed by PLS and first-derivative pretreatment.TheRPD
values demonstrate that the FT-IR prediction models for
extractives and lignin were good enough to conduct quanti-
tative analysis, while cellulose and hemicellulosemodels were
more appropriate for screening or for measurement of pop-
ulation statistics during process control [41]. The predictive
ability of calibration models on new samples is presented in
Figure 7. Several chemical components could be predicted
from a single measurement in a rapid and precise way.
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Figure 7: Chemical content (%, w/w) predicted by multivariate
models with FT-IR (PLS) for validation samples.

4. Conclusion

PLS and PCR were paired with FT-IR spectroscopy to
determine which methods were better for interpretation and
prediction of wood chemistry. Important wavenumbers to
extractives, lignin, cellulose, and hemicellulose were identi-
fied by analyzing the loading plots and this was compared to
the literature. It was found that PCR performed better than
PLS for interpretation when FT-IR spectroscopy was used.
Research also found that the chemical composition content
in wood could be predicted by FT-IRmodels with extractives
and lignin models exhibiting an RPD > 4, which suggests
that these models are adequate for quantitative analysis of
individual samples.
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effects of a heat treatment on the behaviour of extractives
in softwood studied by FTIR spectroscopic methods,” Wood
Science and Technology, vol. 37, no. 2, pp. 109–115, 2003.

[25] R. Sun and J. Tomkinson, “Characterization of hemicelluloses
isolated with tetraacetylethylenediamine activated peroxide
from ultrasound irradiated and alkali pre-treated wheat straw,”
European Polymer Journal, vol. 39, no. 4, pp. 751–759, 2003.

[26] E.-M. A. Ajuong and M. C. Breese, “Fourier transform infrared
characterization of Pai wood (Afzelia africana Smith) extrac-
tives,” Holz als Roh—und Werkstoff, vol. 56, no. 2, pp. 139–142,
1998.

[27] D. Lin-Vien, N. B. Colthup,W.G. Fateley, and J. G. Grasselli,The
Handbook of Infrared and Raman Characteristic Frequencies of
Organic Molecules, Elsevier, 1991.

[28] B. H. Nielsen, J. Rodrigues, H. Pereira, and et al, “Rapid deter-
mination of the lignin content in Sitka spruce (Picea sitchensis
(Bong.) Carr.) wood by Fourier transform infrared spectrome-
try,” Holzforschung, vol. 53, no. 6, pp. 597–602, 1999.

[29] M. Schwanninger, J. C. Rodrigues, H. Pereira, and B. Hinter-
stoisser, “Effects of short-time vibratory ball milling on the
shape of FT-IR spectra of wood and cellulose,” Vibrational
Spectroscopy, vol. 36, no. 1, pp. 23–40, 2004.

[30] S. Kubo and J. F. Kadla, “Hydrogen bonding in lignin: a fourier
transform infrared model compound study,” Biomacromolecu-
les, vol. 6, no. 5, pp. 2815–2821, 2005.



Journal of Analytical Methods in Chemistry 9

[31] O. Faix and O. Beinhoff, “FTIR spectra of milled wood lignins
and lignin polymer models (DHP’s) with enhanced resolution
obtained by deconvolution,” Journal of Wood Chemistry and
Technology, vol. 8, no. 4, pp. 505–522, 1988.

[32] O. Faix, “Classification of lignins from different botanical
origins by FT-IR spectroscopy,”Holzforschung, vol. 45, no. 1, pp.
21–28, 1991.

[33] A. T.Mart́ınez, G. Almendros, F. J. González-Vila, and R. Fründ,
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