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ORIGINAL ARTICLE

Efficiency of preprocessing methods for discrimination of anatomically similar pine
species by NIR spectroscopy
F. Digdem Tuncer a, Dilek Dogu a and Esra Akdeniz b

aDepartment of Forest Biology and Wood Protection Technology, Faculty of Forestry, Istanbul University-Cerrahpasa, Istanbul, Turkey;
bDepartment of Medical Education, School of Medicine, Marmara University, Istanbul, Turkey

ABSTRACT
Identification of wood species with fast, reliable and non-destructive methods is highly important for
forestry and wood-related industries. Near-infrared spectra of anatomically similar pine species (Pinus
sylvestris L. and Pinus nigra J.F. Arnold) were taken and analysed by partial least squared discriminant
analysis (PLS-DA) for comparing the efficiency of preprocessing methods. Raw data were subjected to
multiple scatter correction (MSC), standard normal variate (SNV), Savitzky–Golay for derivatives (1st
and 2nd Dr) and smoothing (Sm) and combination of these preprocessing methods (1st Dr, 1st Dr
+ SNV, 1st Dr + MSC, Sm + 1st Dr and Sm + 2nd Dr). The success of the models was determined by
the accuracies of test sets that did not participate in the calibration phase. In this study, it was
determined that not all the preprocessing methods improve the model performance. Smoothing
with 1st derivatives (Sm + 1st Dr) enhanced 14.3% improvement and have the best performance
(95%) for classification of pine species. For understanding modelled relationship, mean spectra
and selectivity ratio were used. It was found that discrimination was held by the differences at
their absorption, and the most important variables for wood classification were noted around
4000–7000 cm−1.
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Introduction

Identification of wood species is generally carried out by
wood anatomy through microscopic examinations. This
identification method is the most established and reliable
one (Wheeler and Baas 1998), but beyond that, it also requires
expertise, needs relatively long preparation and inspection
time and is quite labour-intensive. The development of new
technologies in the world and our expectation of fast access
to information are becoming a necessity for forest industries,
as in every stage of life. Consequently, it leads up to a search
for substitution/different diagnostic methods (Dormontt et al.
2015). Some of the developed methods for the identification
of the species with high success rates are as follows: appli-
cation of multivariate data analysis to wood anatomy (Clark
2003, Hellberg and Carcaillet 2003, Evans et al. 2008, Gasson
and MacLachlan 2010, Turhan and Serdar 2013, Giménez
et al. 2014, Marques et al. 2015, Esteban et al. 2017);
machine vision, which allows wood anatomy experts to

teach the necessary information to computer-based camera
systems to distinguish tree species with similar characteristics
(Hermanson and Wiedenhoeft 2011, Ravindran et al. 2018, de
Andrade et al. 2020); DNA barcoding, which allows us to work
on very small samples but can take up to several days (Jiao
et al. 2014); and application of mass spectroscopy based on
extractives content of wood (Espinoza et al. 2014, Deklerck
et al. 2017, Evans et al. 2017). In addition to these studies,
another prominent solution proposal is the use of near-infra-
red spectroscopy (NIRS) with chemometric methods, which
evaluates the data obtained by analysing the chemical struc-
ture of the wood with statistical approaches, multivariate
analysis (Pasquini 2003, Brereton 2007, Burns and Ciurczak
2008, Tsuchikawa and Kobori 2015). The common point of
all these methods is that each of them is still in the exper-
imental stage. In order for these methods to be counted
among the traditional methods, the usability of these
systems should be tested for different tree species.
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NIRS is an analytical method used to determine the chemi-
cal components of the material, characterized by quantitative
and qualitative analysis. This method is based on measuring
the vibrational energy reacted by the molecular bonds of
organic substances. With the use of vibrational energy for
analysis, NIRS appears as a non-destructive, low-costly,
clean, and easily reproducible method (Tsuchikawa et al.
2003, Burns and Ciurczak 2008, Workman and Weyer 2012,
Cao 2013).

Even NIRS is already applied in various industries, the use
of NIRS in the forest products industry is in the development
phase and has not yet been included in the standard
methods. On the other hand, researches show that NIRS
makes it possible to obtain highly accurate predictive infor-
mation for many different purposes related to the forest pro-
ducts industry (Via et al. 2014, Wang et al. 2021), such as the
content of lignin, cellulose, hemicellulose, extractives and the
crystallinity of cellulose (Jiang et al. 2007), microfibril angle
(Schimleck et al. 2005, Via et al. 2007), morphological charac-
teristics of tracheid (Schimleck et al. 2004, Jones et al. 2005),
mechanical properties (Hoffmeyer and Pedersen 1995,
Kelley et al. 2004), density (Li et al. 2019), moisture content
(Hans et al. 2015), shrinkage behaviour (Taylor et al. 2008),
separation of sapwood-heartwood (Sandberg and Sterley
2009), determination of reaction wood (Chen et al. 2007),
type and degree of degradation (Gierlinger et al. 2003, So
et al. 2004), effects of wood modification (Bächle et al.
2012), content of wood pulp (Dahlman 2012) and discrimi-
nation of tropical wood species (Flaete et al. 2006, Tounis
2009, Braga et al. 2011, Espinoza et al. 2012, Shou et al.
2014, Lang et al. 2015) based on the chemical structure of
wood.

In near-infrared (NIR) region, due to the changes in the
path of light (scatter effects) and the complex spectra
formed by the overlapping and combination of signals, pro-
blems could occur. Herewith, it becomes difficult to establish
the direct connections of a particular feature with a particular
component. For this reason, it is critical to use preprocessing
methods to obtain the desired information from the spec-
trum (Burns and Ciurczak 2008, Rinnan et al. 2009,
Workman and Weyer 2012, Wiesner et al. 2014). The main
reason for using preprocessing methods is to reduce the
noise in the data set and improve the spectral properties of
interest. Choosing the most robust preprocessing method is
very important for establishing a reliable model and for a suc-
cessful modelling phase (Gholizadeh et al. 2015, Olivieri
2018). But it has two main problems; lack of a standard pro-
cedure for selection of the suitable preprocessing method
(s) and the noise originating from the device can be seen as
a feature (correlation of noise).

In many commercial cases, wood discrimination at the
genus level is sufficient (Dormontt et al. 2015), but the
importance of discrimination at the species level becomes
apparent when the situations like where information about
cultural and historical structures is needed (Horikawa et al.
2015, Hwang et al. 2016) or where some endangered
species’ trade is restricted while there is no commercial
restriction for other species of similar appearance within
the same genus (Gasson and MacLachlan 2010, Shou et al.

2014, Snel et al. 2018). Although microscopic methods are
generally used in such cases where tree species identification
is needed, there are situations where it is difficult to dis-
tinguish some tree species from each other microscopically,
sometimes even impossible (Hather 2000, Schoch et al.
2004). In this study, identification of anatomically similar
wood species (Scotch pine (Pinus sylvestris L.) and black
pine (Pinus nigra J.F. Arnold)) that cannot be distinguished
by traditional methods was investigated by NIR spec-
troscopy. In this way, an area where traditional methods
are insufficient has been tried to be illuminated. Further-
more, frequently used preprocessing methods (Tuncer
2020) employed for wood discrimination via NIRS were com-
pared. For this purpose, raw data were preprocessed using
multiple scatter correction (MSC), standard normal variate
(SNV), Savitzky–Golay for derivatives (1st and 2nd) and
smoothing (Sm) and combination of these methods. For
comparing the efficiency of different preprocessed data,
partial least square discriminant analysis (PLS-DA), a multi-
variate data analysis, was used.

Materials and methods

For this work, 25 trees for each species of Scotch pine (Pinus
sylvestris L.) and black pine (Pinus nigra J.F. Arnold) were
taken from Ayancik (Sinop) and Sariyer (Istanbul) regions
in Turkey (Table A1, Appendix). Sample collection was
held by cutting wood discs and taking increment bores at
breast height (1.30 m). For each disc, a woodblock was
cut from bark to pith and all samples were air-dried at 20
± 2°C with 65% + 5 relative humidity. For homogenization
of the surface roughness, cross section of each sample
was sanded with grit 80 and 180. A total of 376 spectra
from 50 individual trees were collected from bark to pith
(Table 1).

NIR spectra were collected by Antaris FT-NIR Analyzer
(Thermo Nicolet Scientific, USA) equipped with an integrating
sphere (operating in reflectance mode) at the spectral region
from 4000 to 12000 cm−1 with 4 cm−1 resolution, and 64
scans averaged per scan. Depending on the changes in
chemical structure through perpendicular to the longitudinal
axis of the tree (radial direction) (Zobel and van Buijtenen
1989, Schweingruber 2007), more than one measurement
area (5–10 per sample) in the radial direction were deter-
mined on the samples.

Data analysis and spectral preprocessing were carried out
using open-access R software (R Core Team 2018) with
various packages (Signal Developers 2013, Wehrens 2011,
Kucheryavskiy 2019, Mevik et al. 2019). Partial least squares
discriminant analysis (PLS-DA) was carried out according to

Table 1. Diameter at breast height (DBH), ages, number (No.) of trees and
spectra.

Wood
Species

DBH (cm)
(min–max)

Age at DBH
(min–max)

No. of trees
(wood discs/

increment bores)
No. of spectra
(train/test)

P. sylvestris 31–62 57–142 25 (10/15) 195 (143/52)
P. nigra 32–74 49–162 25 (10/15) 181 (128/53)

Total 50 376

WOOD MATERIAL SCIENCE & ENGINEERING 213



Straightforward Implementation of a statistically inspired
modification of the partial least square (PLS) method
SIMPLS algorithm (de Jong 1993, Kucheryavskiy 2019).

Several spectral preprocessing methods and their combi-
nations were used to eliminate the scatter effects and
removal of noises. Multiplicative scatter correction (MSC)
(Geladi and Kowalski 1986, Naes et al. 2004, Mevik et al.
2019) and standard normal variate (SNV) (Barnes et al. 1989,
Kucheryavskiy 2019), for smoothing (Sm) (15 point filter,
first-order polynomial) (Kucheryavskiy 2019) and derivative
(Dr) Savitzky–Golay (SG) (Savitzky and Golay 1964, Naes
et al. 2004, Signal Developers 2013, Kucheryavskiy 2019, Oli-
vieri 2018) algorithm and combination of these preprocessing
methods (1.Dr + SNV, 1. Dr + MSC, Sm + 1Dr (3-point filter,
first-order polynomial) and Sm + 2Dr (5-point filter, second-
order polynomial)) were used in this work; 70% of the data
sets were used for the calibration of the models, the remain-
ing 30% was reserved for the control of the models with inde-
pendent samples (validation). The samples were assigned to
train and test groups at the tree level. For both species, the
spectra obtained from 18 trees were divided into the training
group, while the spectra obtained from 7 trees were divided
into the test group. The performances of the models were
evaluated based on accuracy (ACC), sensitivity (SEN) and
specificity (SPE) via confusion matrix (Table 2) (Ciaburro and

Venkateswaran 2017).

ACC(%) = (TP+ TN)/(TP+ TN+ FP+ FN) (1)

SEN(%) = TP/(TP+ FN) (2)

SPE(%) = TN/(TN+ FP) (3)

For variable selection and interpretation, the relationship
between the latent variables used in PLS-DA and the original
variables was determined by selectivity ratio (SR) (Rajalahti
et al. 2009).

SRi = nexpl,i/nres,i i = 1, 2, 3. . . (4)

Results and discussion

As can be seen in Figure 1, NIR spectra of two pine species
have quite similar spectral curves and overlaps, like their ana-
tomical characteristics. Based on this visual similarity, it is
hard to make any discrimination by individual samples. This
caused a necessity to use preprocessing methods for reveal-
ing the hidden relationship.

In order to find out the best preprocessing method for
modelling, different methods were tried alone or combined
with others (Figure 2). Since visual differentiation could not
achieve by just preprocessing methods, the use of chemo-
metric analysis has become a requirement. Based on this
requirement and for comparison of the effects of preproces-
sing methods to classifying wood species, PLS-DA models
were used (Table 3).

According to the correct classification rate (accuracy)
without any preprocessing methods (raw data), classification
of pinewood species was acquired (84.3%). It was determined

Table 2 Confusion matrix.

Confusion matrix

Predicted values

True (1) False (0)

Actual True (1) True positive (TP) False negative (FN)
Values False (0) False positive (FP) True negative (TN)

Figure 1. NIR spectra of pine species: Scotch pine (green), black pine (black).
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that not all the preprocessing methods improve the model
performance. Smoothing with 1st derivatives (Sm+1Dr)
enhanced 14.3% improvement and has the best performance
(95%) for classification of pine species by means of PLS-DA.

On the other hand, standard normal variate (SNV) has a nega-
tive effect and diminished the model performance by 13.10%
(Table 3). These result consistent with the recommendation of
not to use multiple preprocessing methods, as it may result in

Figure 2. NIR spectra of pine species; from left to right SNV, MSC, 1Dr, Sm, 1.Dr + SNV, 1.Dr + MSC, Sm + 1.Dr, Sm + 2.Dr.
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loss of meaningful data (Rinnan et al. 2009). Therefore, during
the selection of preprocessing methods, it is better to carry
out classic empirical research until a robust multivariate
model is found (Olivieri 2018).

Considering all the studies conducted in the last 15 years
about wood classification via NIRS, it has been determined
that the accuracy rates for PLS-DA vary between 60% and
100% (Flaete et al. 2006, Tounis 2009, Horikawa et al. 2015,
Yang et al. 2015, Bergo et al. 2016, Hwang et al. 2016, Lazar-
escu et al. 2017, Snel et al. 2018, Yong et al. 2019, Leandro
et al. 2019, Pace et al. 2019, Zhou et al. 2020). Although this
change in the correct prediction rates depends on the tree
species and the applied preprocessing methods when com-
paring similar researches, it can be concluded that classifi-
cation of Scotch pine and black pine wood species by the
combination of NIRS and PLS-DA (95%) is quite successful.

Since the selection of the original variable is essential for
understanding the modelled relationship (Xiaobo et al.
2010, Kvalheim 2020, Mehmood et al. 2020), mean spectra
and latent variables of PLS-DA were examined in the
current study. Visual inspection of the spectrum is the most

commonly used method for classifying an unknown material
in optical spectroscopy. This examination is carried out by
looking at the areas where the absorbance peaks are
located (shape) and the strength of absorbance peaks. If
the peaks are seen at the same wavelengths in each of the
compared materials, the absorbance differences can serve
as a distinction in the classification of these materials (Burns
and Ciurczak 2008). The mean spectra of pine species have
some similarity in shape, but several minor differences in
their absorption could be seen visually (Figure 3). It is
thought that the differences between the species in the
same genus arise from the quantitative differences in their
chemical structures, not the qualitative ones (Fengel and
Wegener 1983). Thus, their spectra appeared very similar to
each other, and the difference is due to the strength of the
absorption peaks. Those areas where the absorption differ-
ences were appearing at mean spectra were noted around
4167–4400 cm−1, 4500–5267 cm−1, 5500–6000 cm−1, 6267–
7000 cm−1, 4733 cm−1, 5167 cm−1 and 6833 cm−1.

For understanding the modelled relationship, latent vari-
ables used in PLS-DA were determined by the selectivity

Table 3. Performance of PLS-DA models with respect to preprocessing methods.

Preprocessing methods

Calibration Validation

Improvement of accuracy (%) (test)ACC SPE SEN ACC SPE SEN

Raw 0.974 1 0.945 0.843 0.843 0.833 -
SNV 0.978 1 0.953 0.733 0.740 0.727 −13.10
MSC 0.989 1 0.977 0.838 0.818 0.860 0
1. Dr 1 1 1 0.933 0.881 1 10.71
1. Dr + SNV 1 1 1 0.933 0.895 0.979 10.71
1. Dr + MSC 1 1 1 0.943 0.897 1 11.90
Sm 0.875 0.923 0.820 0.771 0.792 0.754 −8.33
Sm + 1. Dr 1 1 1 0.952 0.912 1 14.29
Sm + 2. Dr 1 1 1 0.914 0.852 1 8.33

Note: ACC: Accuracy, SPE: Specificity, SEN: Sensitivity, SNV: Standard normal variate, MSC: multiplicative scatter correction, Sm: smoothing, Dr: derivative.

Figure 3. Mean spectra of Scotch pine (red) and black pine (black). a: 4167–4400 cm−1, b: 4500 cm−1, c: 5500–6000 cm−1, d: 6267–7000 cm−1, 1:4733 cm−1,
2:5167 cm−1, 3: 6833 cm−1.
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ratio. First 20 original variables according to selectivity ratios
(SR) of the variables used in PLS-DA were 7444–8788 cm−1,
7360 cm−1, 5932 cm−1, 5680–6100 cm−1, 4336 cm−1,
4504 cm−1 and 4966 cm−1 (Figure 4).

When comparing the absorbance differences in mean
spectra with selectivity ratio, it was seen that they were

quite compatible with each other. These findings were con-
sistent with the near-infrared studies, which carried out on
the classification of different wood species held by PLS-DA
(Table 4) (Gierlinger et al. 2004, Braga et al. 2011, Pastore
et al. 2011, Espinoza et al. 2012, Shou et al. 2014, Lang et al.
2015, Snel et al. 2018). Although the assignment of bands
to which chemicals or bonds they relate to has been calcu-
lated since the inception of infrared spectroscopy, it is a
difficult step as the number and intensities of bonds vary
widely even for simple molecules. In complex materials
such as wood, these calculations were considered much
more complex and difficult to implement. These difficulties
arise from the complex molecular structures of wood com-
ponents, as well as the fact that even a simple functional
group can change the molecular environment considerably.
Thereby bands and vibrations in these areas were discussed
instead of the chemical components to which the bands
are related in the near-infrared spectrum. When dividing
the near-infrared spectrum into regions, 1st and 2nd over-
tones of OH, NH stretching vibration, 1st CH combination,
2nd and 3rd CH, ArCH, NH stretching vibrations were appear-
ing in 12000–7000 cm−1 region which is affected by physical
changes such as particle size and colour, it is preferred in
working subjects such as thermally treated woods, density,
etc. Hereby, this region is generally used for the establish-
ment of calibration models for quantitative purposes (Tsuchi-
kawa et al. 2003, Schwanninger et al. 2004, 2011, Bächle et al.
2012, Popescu et al. 2018). Below the 7000 cm−1 regions, 1st
overtone of OH stretching vibrations mainly from carbo-
hydrates dominated the region of 7000–6000 cm−1, 1st over-
tone of H2O, RCO2H, RCOR, ArCH, SH, CONH2, CH, CH2, CH3

and aromatic CH stretching vibrations and O-H combination
band appear in 6000–5000 cm−1, band combinations of NH,

Figure 4. Selectivity ratio of raw data. a: 5680–6100 cm−1, b:7444–8788 cm−1, 1: 4336 cm−1, 2: 4504 cm−1, 3: 4966 cm−1, 4: 5932 cm−1, 5: 7360 cm−1.

Table 4. The positions of the wavenumbers with the highest discriminating
power in species-based classification.

Wavenumber
(cm−1) Wood species

Gierlinger et al.
(2004)

6700–6300 Larix decidua
Larix kaempferi
Larix eurolepis

Braga et al. (2011) 8995–7498
8246–7498
7502–4247

Swietenia macrophylla
Carapa guianensis,
Cedrela odorata
Micropholis melinoniana

Pastore et al. (2011) 4249–7501
5448–6100
5448–5774
4249–4600

Swietenia macrophylla
Carapa guianensis
Cedrela odorata L.
Micropholis melinoniana

Espinoza et al. (2012) 5405–4000 Hybrid pine species
Shou et al. (2014) 9090–6250

9090–7142
10000–6060

Pterocarpus santalinus
Dalbergia louvelii
Pterocarpus soyauxii

Yang et al. (2015) 6789, 5195,
4780, 4411

Pometia sp.
Instia sp.
Couratari sp.

Snel et al. (2018) 6097–5682
5348–5236
4808–4630

Dalbergia cearensis Ducke
Dalbergia tucurensis Donn. Sm.
Dalbergia decipularis Rizzini &
A. Mattos

Dalbergia sissoo DC.
Dalbergia stevensonii Standl.
Dalbergia latifolia Roxb.
Dalbergia retusa Hemsl.
Dalbergia nigra (Vell.) Benth
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H2O, ROH, RNH2, CONH2, CHO, CH, CH2, CH3, CONH2 were
observed around 5000–4000 cm−1, and 5200–4900 cm−1 is
mainly related to water bands.

When our findings were evaluated with former studies, it
was concluded that the range of 4000–7000 (9000) cm−1 is
effective in wood identification. This spectral range is used
for qualitative and quantitative purposes and is mainly domi-
nated by stretching vibrations and combinations of wood
components (cellulose, hemicellulose, lignin and extractives)
(Xiaobo et al. 2010, Schwanninger et al. 2011).

Conclusion

This study demonstrated the effects of different preprocessing
methods on the classification of hard to distinguished wood
species. Near-infrared spectra of pinewood samples were col-
lected and compared with each other. Results of the research
show that it is effective to use NIR spectroscopy along with
PLS-DA to the classification of the Scotch pine and black
pine wood are impossible to distinguish each other by
means of microscopic investigations (traditional methods).
The correct classification rate without any preprocessing
methodwas found at 84%. After applying different preproces-
sing methods, accuracy rates were differed between 73%
(SNV) and 95% (smoothing and 1st derivative). It could be
easily concluded that preprocessing methods are effective
on the correct prediction rates of the models, but this effect
is not always positive. It has been observed that the range of
4000–7000 cm−1 is useful for species-based discrimination.
Further investigation should focus on this spectral range for
the classification of different wood species, and various pre-
processingmethods and their combinations should beon trial.

This work showed that near-infrared spectroscopy (NIRS)
coupled with the right chemometric methods (preprocessing
and modelling) would be a fast, accurate and non-destructive
technique for wood identification, even in the distinction of
indistinguishable wood species. Also, the selection of the
right preprocessing method affects the success of this
technique.
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Appendix

Table A2. Identifier for Pinus nigra J.F. Arnold.

Wood species
Sample
collection Provenances

Tree
Code

1.30-m diameter
(cm) Age Coordinates

Pinus nigra J.F.
Arnold

Wood discs Turkey, Sinop-Ayancik: Kepez Forest Management
Department

K1 60 109 34. 532100 41.773382
K2* 66 117 34.532124 41.773365
K3 64 127 34.532131 41.773301
K4* 46 122 34.532189 41.773195
K5 50 138 34.532204 41.773114
K6 58 142 34.532146 41.773167
K7* 66 147 34.532130 41.773148
K8 74 134 34.532148 41.773137
K9 64 155 34.532165 41.773199
K10 64 162 34.532141 41.773194

Increment
bores

Turkey, Istanbul-Bahcekoy: Bentler Forest
Management Department

K11* 42 68 28.9884797 41.1755729
K12 38 72 28.9869191 41.1756155
K13 58 67 28.9869014 41.1783159
K14 58 58 28.9869014 41.1782833
K15* 54 53 28.9872683 41.1783291
K16 42 57 28.9871077 41.1783550
K17 32 49 28.9871559 41.178400
K18 44 55 28.9876897 41.1773978
K19* 40 62 28.9876005 41.1773504
K20 38 62 28.9872864 41.1786318
K21 36 60 28.9873745 41.1786303
K22* 40 64 28.9873149 41.1789665
K23 38 57 28.9871626 41.1789387
K24 40 61 28.9873103 41.1789337
K25 42 64 28.9875773 41.1788513

*Spectra collected from these trees were used for validation (test sets).

Table A1. Identifier for Pinus sylvestris L.

Wood species
Sample
collection Provenances

Tree
code

1.30-m diameter
(cm) Age Coordinates

Pinus sylvestris
L.

Wood discs Turkey, Sinop-Ayancik: Kepez Forest Management
Department

S1 62 114 34.532131 41.766068
S2 56 138 34.532128 41.755062
S3 54 142 34.532144 41.766152
S4 48 129 34.532155 41.766140
S5* 46 121 34.532188 41.766112
S6 50 137 34.532188 41.766066
S7 62 139 34.532165 41.766013
S8* 54 126 34.532170 41.765995
S9* 54 132 34.532165 41.765918
S10 36 138 34.532148 41.765977

Increment
bores

Turkey, Istanbul-Bahcekoy: Bentler Forest Management
Department

S11 40 63 28.9882156 41.1755548
S12 38 58 28.9883700 41.1753410
S13* 32 61 28.9884696 41.1753757
S14 44 70 28.9883973 41.1756475
S15 44 62 28.9884778 41.17575
S16* 34 65 28.9887654 41.1754801
S17 36 66 28.9889469 41.1759666
S18 36 57 28.9874645 41.1785613
S19* 31 63 28.9873406 41.1784888
S20 38 64 28.9872852 41.1784201
S21 40 60 28.9871709 41.178479
S22 40 59 28.9871635 41.1767316
S23 36 66 28.9876135 41.1767215
S24 42 66 28.9878576 41.1768542
S25* 38 60 28.9879091 41.1769735

*Spectra collected from these trees were used for validation (test sets).
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