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15 Abstract

16 Many species of Dalbergia are prized hardwoods, generally referred to as ‘Rosewood,” and used
17 in high-end products due to their distinctive hue and scent. Despite more than 58 species of

18 Dalbergia being listed as endangered in Appendix 1 of The Convention on International Trade in
Endangered Species of Fauna and Flora (CITES), the illegal logging and trade of this timber is
ongoing. In this work, a handheld laser induced breakdown spectrometer (LIBS) was used to

2 analyze seven Dalbergia species and two other exotic hardwood species to evaluate the ability of
23 handheld LIBS for rapid classification of Dalbergia in the field. The KNN model of the

24 classification presented 80% to 90% sensitivity for discriminating between Dalbergia species in
25 the training set. PLS-DA models were based on a binary decision tree structure. Cumulatively,

26 the PLS-DA decision tree model showed greater than 97% sensitivity and 99% selectivity for
prediction of Dalbergia species included in the training set. The data presented in the following
study are promising for the use of handheld LIBS devices and both KNN and PLS-DA models

30 for applications in customs screenings at the port of entry of hard woods, among others.
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Introduction

Illegal logging is one of the leading causes of deforestation today. The global trade in timber is
estimated to be worth between $30-100 Billion USD annually with up to 40% of the tropical
timber traded each year entering the market illegally.! The impact on the United States in 2006
from imported products manufactured from illegally harvested timber was estimated at $3.6
billion USD.?

The genus Dalbergia (Leguminosae), which contains approximately 250 tree species distributed
worldwide around the tropics possess properties (i.e. appearance, aroma, etc.) desirable for use in
the manufacture of furniture and cabinetry, is perhaps one of the most widely recognized
endangered timber species due to its over-exploitation. The Convention on International Trade in
Endangered Species of Wild Fauna and Flora (CITES) lists 58 species of protected Dalbergia, of
which 51 are endemic to Madagascar, one is from Indochina and the remaining six are from
Central and South America. In 1992, in response to the threat of logging, Brazilian rosewood
(Dalbergia nigra) became the first tree species to be listed as prohibited for international trade.
Despite its inclusion on Appendix 1 of CITES, D. nigra continues to be logged illegally and
enters the international market through illegal channels as was recently illustrated in a dispute
between U.S. federal law enforcement and certain guitar manufacturers.?

For the international community to deter such unlawful practices by presenting a risk of
prosecution, methods are needed that can provide rapid determination of CITES status within the
supply chain of the protected species’ import/export. For example, the ability to make a species
determination of a wood sample may be contingent upon identifying the geographic origin. In
typical mass spectrometry laboratory analyses, isotopic distribution can be used to identify the
region of origin for vegetation.*® Thus, due to well-defined habitats for Dalbergia species and
methods for determining isotopic distribution, Dalbergia provenance may be determined if the
species can be identified with a spectroscopic field measurement.”

To date, only laboratory-based methods are available for origin identification. Subject matter
experts can often discern species of exotic woods though the examination of organic compounds,
isotopic composition of the bulk wood, analysis of the trace elements within the wood, or a
combination of methods. At ports of entry, a subject matter expert may identify timber products
by their morphological features, either on-site or off-site. However, those distinctions are
typically limited to the species level and not every species or sub-species identification can be
readily made. Aside from macroscopic wood anatomical identification, the most common
identification procedure includes the use of ‘detector dogs’ trained to recognize scents of certain
wood species. As of 2016, no analytical technique is readily available for rapid-field
identification of wood species, although near- and mid-infrared spectroscopy (NIR, IR) and
automated macroscopic wood anatomical identification are being developed.®

NIR and IR, and to a lesser extent, X-ray fluorescence spectroscopy (XRF) and laser induced
breakdown spectroscopy (LIBS), are being investigated as a field-portable method for
identification of wood species. Recent NIR and IR research on classification of wood samples
and wood oils produce low error rates with chemometric models, however the vast majority still
require a multi-day atmospheric equilibration time, grinding prior to analysis, and use benchtop
instrumentation, making these methods insufficient for rapid on-site analyses.>”'* While the use
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of handheld NIR & IR spectrometers is documented, the research in this area is limited to only a
few groups with a wide range of classification success rates.'>!® While XRF is successfully used
for elemental analysis, application of XRF to wood has been limited to examining the elemental
composition of wood wastes.!” From a practical standpoint, the reliance on a radioactive source
would raise add an extra layers of safety and training concerns with placing portable XRF
instrumentation at customs entry points for screening hardwood shipments.

LIBS is an attractive option for screening of exotic hardwood samples in the field. LIBS is an
adaptation of atomic emission spectroscopy that is capable of providing rapid, multi-element
analysis of many materials in any physical state, similar to XRF.!® LIBS technology has
attributes that make it particularly useful for solving difficult and exotic problems such as the
detection of Chemical, Biological, Radiological, Nuclear, and Explosive (CBRNE) threats and
exploring the solar system.!-2! LIBS has received attention because of its ability to perform
analyses at a distance and in situ. LIBS instruments can be configured for handheld,?>?° or
standoff3*-33 detection applications with multiple hand-held LIBS instruments on the market.3*37

Spectroscopic analyses for wood classification are highly reliant upon chemometric methods
such as k-Nearest Neighbors (KNN) and Partial Least Squares Discriminate Analysis (PLS-DA),
among others.” 1618 The need of chemometrics in classification problems such as determination
of Dalbergia species lie in the highly convolved, multivariate nature of spectra collected across
many classes of wood samples. While success has been demonstrated with PLS-DA models for
obtaining sensitivities and selectivities of nearly 100% for wood oils of the same tree,'3
speciation was not a goal of the study. The application of PLS-DA and NIR to both speciation
and determination of provenance showed high sensitivity and selectivity for speciation (100%)
but low sensitivity and selectivity (64%-99%) for provenance classification.3®

In this paper classification among seven species of Dalbergia and two other exotic hardwoods by
a hand-held LIBS instrument supported with multivariate methods common in chemometrics and
machine learning is reported. The ability to rapidly and reliably identify hardwood species at
ports of entry would provide a boon for enforcement agencies and minimize the negative impact
of false positives on legitimate exotic wood traders.

Experimental

Spectra Collection.

Wood samples of seven Dalbergia and two exotic hardwoods were obtained from commercial
sources (Table 1). The non-Dalbergia hardwoods were chosen based on geographical region to
assess if there was a geographical signal that could be detected between Dalbergia and non-
Dalbergia species grown in similar locations. Samples were pre-cut, non-sanded, flat, board-like
wood sections with approximate dimensions of 0.5x2x3 in. and consisted only of heartwood, as
heartwood is the purpose of the illegal timber trade. All samples were validated using traditional
wood anatomy and mass spectrometry.3 Prior to spectra collection, no sample preparation or
instrument optimization was performed. Classification was based on the putative species
provided by the vender. No further validation was performed. For each of the 9 classes,
approximately 10 distinct hardwood samples, each from a different tree, were measured,
producing 90 recorded spectra in total. Laser induced breakdown spectroscopy (LIBS) spectra
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were acquired using the handheld SciAps Z-200C LIBS Analyzer (Boston, MA), containing a
1064 nm source operating at 5-6 mJ and a 50 Hz repetition rate. For each collected spectrum, the
laser was rastered over 6 discrete spots, in a 3x2 grid pattern, where each spot was exposed to 10
cleaning laser shots followed by 16 data collection shots. Through this treatment, each collected
spectrum was an average of 96 individual spectra. Automated calibration and wavelength scale
validation was accomplished using an internal reference of 316 stainless steel. Example LIBS
spectra are shown in Figure 1A.

INSERT TABLE 1 ABOUT HERE

Analysis.

All computations were performed in the Matlab 2018b (Matlab Natick, MA) operating
environment augmented by the PLS-Toolbox (Eigenvector, Chelan WA). Spectral baseline
removal by an automatic Whittaker filter*® and Savitzky-Golay*! first derivative were performed
by algorithms included in the PLS-Toolbox. Following preprocessing of the data, decluttering by
External Parameter Orthogonalization (EPO)** and analyses by either uniform (unweighted)
KNN or PLS-DA was also performed in the PLS-TOOLBOX. Decision trees were generated by
‘in house’ software.

The Whittaker filter is a means of estimating baseline signal and deemphasizing any baseline
humps that may unequally augment signal intensity to a subset of the variables in the spectra.
Mathematically, spectral contributions are determined to belong to either baseline or signal by
iteratively fitting a low order polynomial to the baseline in a piecewise manner. Whittaker
parameters were set to A = 100 and P = 0.001 for the least squares estimation of the baselines.
These parameters set the allowable amount of curvature (1) and negativity (P) in the estimated
baseline.

The Savitzky-Golay method applied the first derivative of a local 2" order polynomial to
simultaneously remove any residual baseline off-set and smooth high frequency random errors in
each spectrum. The filter width was set to 15 points, approximately half the width of the LIBS
peaks.

External Parameter Orthogonalization (EPO) was applied with a 3 principal component model to
estimate the uninformative variance within each class (class). The portions of the whole data set
that is correlated to this variance is removed. The EPO algorithm is a “hard” orthogonalization
method, i.e. it all variance is totally removed. Consequently, care must be exhibited to not over-
fit the data with a large number of PCs in the EPO method and begin to remove usable signal.

For each analysis, the 90-sample data set was divided into a 72-sample training set and a 18
sample validation set. For the validation set, 2 samples were randomly removed from each class.
When PLS-DA was applied 3 times on different training and validation sets, a truly unique
validation set was randomly determined such that there were always 2 samples removed from
each class and no sample was assigned to a training set twice. For cross-validation of the KNN
and PLS-DA models, a further 1 sample (10% of total data) is temporarily removed, thus only 7
samples per class are employed to generate the KNN or PLS-DA models during cross-validation.
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Results & Discussion

To test the efficacy of hand-held LIBS instrumentation for differentiating among multiple
Dalbergia species, two classification methods common in chemometric and machine learning
applications were investigated. KNN is a non-parametric, unguided classification technique in
that it does not use prior knowledge of class identities to assemble sample groupings based on
observational (in this case LIBS spectra) similarities.*>** By contrast, PLS-DA is a guided,
parametric model that relies on linear regression to differentiate among two (or more) putative
classes of samples.**7 4 priori class information is enlisted to divide a high dimensional space
defined by multivariate observations (again, LIBS spectra here).

KNN and PLS-DA with decision trees each offer a particular set of advantages and
disadvantages for classification problems. The advantage of KNN is, thus, robustness against
misidentified sample classes in the training set and resistance to overfitting the model by relying
on chance correlations of random errors within the data set. The disadvantage of KNN is the lost
opportunity of building a more sensitive or parsimonious model by enlisting all a priori
knowledge about the training set in the modelling process. With PLS-DA, the use of a priori
class knowledge to drive the PLS model mitigates the obfuscating effect of random errors and
other sources of variance within the training set. With the LIBS spectra of wood samples these
variances can be large relative to the spectral differences unique to differentiating among
Dalbergia species. However, the linear PLS models are often inefficient in simultaneously
differentiating among three or more classes. Consequently, binary decision trees,*4° such as
those used in Classification and Regression Trees (CART),*° are employed to simplify the
differentiation among multiple classes (Dalbergia species) into a series of simple, often binary,
choices.

Preprocessing of LIBS spectra.

The raw LIBS spectra (Figure 1A) exhibited a significant baseline with broad, variable features
around 390 nm, 460 nm, and 510 nm. A few variables, notably the most intense features at 395
nm, 398 nm, 425 nm and 195 nm presented large sample-to-sample variability within each class.
Additionally, LIBS analyses of the wood samples returns sparse spectra; approximately 90% of
the variables are below the 3 standard deviations of instrumental noise. Applying a KNN model,
with n = 3, to the raw data yielded correct classification of only 35 of 90 hardwood samples in
the calibration model (Figure 2A). Perhaps not surprisingly, the two distinct non-Dalbergia
classes (8 & 9) are accurately classified relative to the seven Dalbergia species (Figure 2A).

INSERT FIGURE 1 ABOUT HERE

Preprocessing of the LIBS spectra was essential for developing sensitive and selective models
for classification of the 9 distinct types of hardwood sampled. Application of a Whittaker filter
followed by determination of the spectral 1st derivative significantly decreased the baseline
variance (Figure 1B). The error structure of each spectrum was normalized by taking the square
root of the absolute value of the intensity for each baseline corrected spectrum (Figure 1C). For
all analyses, variables representing the uninformative spectral baseline were removed by
applying a cut-off filter set to either 0.5 units or 1.0 units for the mean normalized spectrum. The
cut-off filters reduced the number of points per sample from 17431 to 1849 or 489, respectively.
After normalization and variable selection, the spectra were autoscaled (u = 0,0 = 1),
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decluttered by EPO, then autoscaled again. The benefit of some variable selection to ignore
uninformative baseline variables is evident when comparing the KNN (n = 3) models with no
variable removal (Figure 2B, 55/90 correct) to the models applied to the 0.5 cut-off filter
(Figure 2C 81/90 correct) and the 1.0 cut-off filter (Figure 2D 83/90 correct). While not
autoscaling before or after applying EPO occasionally presented a more sensitive or selective
model, the technique of pre- and post-autoscaling was found to be the most robust across
preliminary models and was employed for all data presented here. Similarly, preliminary
analyses could not support a greater merit to either cut-off filter values, so both the 0.5 filter and
1.0 filter are considered for future analyses.

INSERT FIGURE 2 ABOUT HERE

Classification by KNN

Predictive KNN (n = 3) models determined from a 72-sample training set and applied to an 18-
sample test set yielded a 94% success rate for classification of the test set with the 0.5 cut-off
filter and a 100% success rate with the 1.0 cut-off filter. Only 1 Dalbergia sample was
misclassified in the test set. Cross-validated classification errors for the two 72-sample training
sets were appreciably greater than the two 18 sample test (prediction) sets. However, the cross-
validation errors are effectively based on only 6 samples per class, while prediction errors were
based on 7 training samples per class and the preliminary analyses above employed 10 samples
per class. In spite of the functionally sparser data clouds for each class, cross-validation was still
90% correct for the 0.5 cut-off (Figure 3A) and 79% correct for the 1.0 cut-off (Figure 3B).

Closer examination of results yields a few observations about KNN model performance in this
data set. For cross-validation, no class of Dalbergia samples has both a sensitivity and selectivity
of 1.00; all Dalbergia classes either have samples misclassified as a different Dalbergia species
or have samples from a different Dalbergia misappropriated into that class. The KNN model
works better with the data from the 0.5 cut-off filter (7 miss-classifications) than with the 1.0 cut-
off filter (15 miss-classifications). The KNN model has the hardest time classifying Dalbergia
melanoxylon (class 3) with a sensitivity of 0.62 for the 0.5 cut-off data and only 0.25 for the 1.0
cut-off data. However, the KNN method deftly classifies the more distinct non-Dalbergia
hardwoods with a sensitivity of 1.0 for the data with the applied 0.5 cut-off filter.

INSERT FIGURE 3 ABOUT HERE

To further validate that the KNN model was classifying based on real spectral features and not
forcing classification through chance correlations within each class, classification was repeated
with randomized class assignments. The KNN model (n = 3) returned only 4 of 90 correct
classifications (4.4%), less than would be expected by random chance.

Classification by Partial Least Squares — Discriminant Analyses (PLS-DA)

The sensitivity and selectivity of PLS-DA for determining class identity of the 18-sample
validation set was 0.97 and 0.99, respectively, for the 0.5 intensity cutoff filter and 0.98 and 0.99,
respectively, for the 1.0 intensity cut-off filter. The difference between the 0.97 and 0.98
sensitivity is one sample misclassification across 3 realizations of an 18-sample validation set
(54 samples total) (Table 2). The confusion matrix for 0.5 intensity cut-off data shows that one

Page 6 of 23
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out of six test samples from class 2 was predicted to belong to class 9 and one of six test samples
from class 3 was predicted to belong to class 7 (Table 3), while for the 1.0 intensity cut-off only
one sample from class 2 was miss-allocated (Table 4).

INSERT TABLE 2 ABOUT HERE

The 0.92 sensitivity determined by cross-validation (Table 2) is impressive considering only 7
samples per class are employed to construct each PLS-DA model. For the 0.5 intensity cut-off
data, the majority of the miss-classifications come from classes 1 and 2. An average of two class
1 samples were predicted as belonging to class 6 and from the thee resampled analyses, a class 1
sample was predicted to belong to class 4 on 1 of the 3 replicates (Table 3). At the same time, on
average 1 sample from class 2 was miss-classified as class 7 and another as class 9 during cross
validation. The 1.0 intensity cut-off data exhibited a more uniform distribution of miss-
classifications during cross-validation (Table 4). Only class 7 had 1.00 sensitivity and only class
4 averaged more than one miss-classification.

INSERT TABLE 3 ABOUT HERE

INSERT TABLE 4 ABOUT HERE

The key to success of the PLS-DA models for classification of Dalbergia species is the
simplification of the classification process by employing decision trees to transform the
classification model to a series of binary decisions. The two decision trees independently
determined for data sets from each intensity cut-off are very similar. They differ only in class
grouping of the penultimate decision of each branch and the number of factors employed in the
PLS-DA model for each decision (Scheme 1). For example, the first decision of each data set is
whether a sample belongs to the group of classes 2, 7, 8, and 9 or the group of classes 1, 3, 4, 5,
and 6. With the 0.5 intensity cut-off data, a 1 factor PLS-DA model was employed and a 3 factor
PLS-DA model was employed for the 1.0 intensity cut-off data. At the ends of the decision trees,
differences can be seen in how the model distinguishes among the final three classes. For
example, at Level 3 the 0.5 intensity cut-off tree differentiates class 9 from classes 2 and 7 before
distinguishing among classes 2 and 7 at Level 4. While the decision tree for the 1.0 cut-off data
differentiates class 7 from classes 2 and 9 at Level 3 and then resolves class 2 from class 9 at
Level 4. The differences in structure at the tips of the trees are understandable because the final
differentiations are generally the hardest to resolve.

Assessment of the classification models

Classification of Dalbergia species by LIBS was expected to be a challenging application.
Consequently, the 0.97 sensitivity and 0.99 selectivity for these samples by a PLS-DA decision
tree should be viewed skeptically. One concern is that the high sensitivity for prediction could be
the result of cherry picking the test set to lie in the center of each class. To guard against that, the
test set was resampled 3 times without replacement such that 60% of the data was included in the
test set at one time or another. All three models performed equivalently (Supplemental
Information).
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A second concern is that the models are forcing classification based on random signals. Were
this the case, it is doubtful that the sensitivity for either cross-validation or prediction would
above 0.9. However, to further validate that the models were not seizing upon spurious
correlations, the classification models were repeated with randomized class affiliations. With
randomized classes the KNN model (n = 3) miss-classified 84 out of 90 samples. The PLS-DA
model at the Level 1 decision exhibited a cross-validation sensitivity of 0.44 and cross-validation
selectivity of 0.61 even though 9 samples per class were employed in construction of each
model.

It is worth noting that the wood samples were acquired from two different vendors. A modicum
of confidence in the models is added because the initial classification is not a binary decision
based on vendor. Classes 1 and 6, the two classes purchased from Gilmer Wood, do fall on the
same of the first binary decision, but with three other classes of Dalbergia. While there might be
a systematic difference in the wood spectra based on vendor, any difference here is not so great
as to induce those samples from forming a distinct and separate branch of the decision tree.

INSERT SCHEME 1 ABOUT HERE

Conclusions

This preliminary study presents encouraging evidence that Dalbergia species can be rapidly
identified by a handheld LIBS device. With appropriate data preprocessing both KNN and PLS-
DA driven models can accurately classity Dalbergia species. The worst case observed 0.92
sensitivity is sufficient for customs screening of imported hardwoods at ports of entry. In such an
application, the goal is not to definitively identify the species of an unknown Dalbergia sample.
Rather, the rapid LIBS field test would screen the sample for a mismatch to the species reported
on the manifest. If these two identities do not match, the shipment would be flagged for further
investigation or laboratory analyses. As identified by Dormontt et al., there is a growing need for
both tools and methods that allow for rapid screening of potentially illegally sourced wood at
ports of entry.’! Consequently, a high sensitivity is desired to minimize impact on legitimate
trade. A high selectivity is important so protected or trade-regulated species are not mistakenly
identified as legal, tradeable woods.

The next step of this project is to test the models on a larger number of samples acquired from
multiple sources. Simultaneously, the data collection parameters should be optimized to
determine the minimum signal-to-noise needed to realize reliable classification. Lower signal-to-
noise ratios can be more rapidly be acquired by handheld instrumentation. An additional
exploratory task is to determine whether fusion of the LIBS spectra with complimentary
information, such has from a handheld XRF or handheld IR reflectance, would significantly
improve the models.
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TABLE 1

Table 1. Origins, class labels, and commercial source of wood samples
Species Origin Class Number Number of Samples

oNOYTULT D WN =

Dalbergia baronii? Madagascar 1 10
11 Dalbergia latifolia® India, Malaysia 10
12 Dalbergia melanoxylon® Tanzania 10
13 Dalbergia nigra® Brazil 10
14 Dalbergia retusa® Mexico 11
15 Dalbergia spruceana® Brazil 10
Dalbergia stevensonii® Honduras 9

Phoebe porosa® Brazil 10
19 Swietenia macrophylla®  Central & South America 10

O 03O L B~ Wi

20 2 Gilmer Wood Co., Portland, OR, USA
21 b Eisenbrand Inc. Exotic Hardwoods, Torrance, CA, USA
22 ¢ Cook Woods, Klamath Falls, OR, USA




oNOYTULT D WN =

Analyst

TABLE 2

Table 2. Ensemble Sensitivity and Selectivity of all PLS-DA models for Dalbergia

Classification.
Calibration Cross-Validation Prediction
(0.5 Cut/ 1.0 Cut) (0.5 Cut/ 1.0 Cut) (0.5 Cut/ 1.0 Cut)

Sensitivity ~ Selectivity ~ Sensitivity — Selectivity — Sensitivity — Selectivity
Class 1 1.00/1.00 1.00/1.00 0.71/0.88 1.00/098 1.00/1.00 1.00/1.00
Class 2 1.00/1.00 1.00/1.00 0.75/0.88 0.99/099 0.85/0.85 1.00/0.99
Class 3 1.00/1.00 1.00/1.00 1.00/0.91 0.99/099 0.85/1.00 1.00/1.00
Class 4 1.00/1.00 1.00/1.00 1.00/0.79 0.99/099 1.00/1.00 1.00/1.00
Class 5 1.00/1.00 1.00/1.00 0.92/0.97 1.00/099 1.00/1.00 1.00/1.00
Class 6 1.00/1.00 1.00/1.00 0.96/0.96 097/098 1.00/1.00 1.00/1.00
Class 7 1.00/1.00 1.00/1.00 0.96/1.00 098/099 1.00/1.00 0.97/1.00
Class 8 1.00/1.00 1.00/1.00 1.00/0.96 1.00/1.00 1.00/1.00 1.00/1.00
Class 9 1.00/1.00 1.00/1.00 0.96/0.96 0.98/098 1.00/1.00 0.99/1.00
Average 1.00/1.00 1.00/1.00 0.92/0.92 0.99/0.99 0.97/0.98 0.99/0.99
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TABLE 3

Table 3. Confusion Matrix for PLS-DA applied to 0.5 Cut-off Filtered Average LIBS Data.
Shown values are for the calibration / cross validation / and test sets. Each value represents the
9 average number of assignments across three replicate analyses, each with a unique training set

10 and different calibration set. Values of ‘0’ are replaced in the table with ‘. for clarity of reading.
1 N= Pred. 1 Pred.2 Pred.3 Pred.4 Pred.5 Pred.6 Pred.7 Pred.8 Pred.9

oNOYTULT D WN =

True 1 8/8/2 8/5.712 ././. s .1.3/. . .12/ o

True2 8/82 ././. 8/6/1.7 /. 1. s / s Nava
True 3 8/8/2 . 8/8/1.7 /.. / s 113
16 True 4 8/8/2 / s 8/8/2 . v o
17 True 5 9/9/2 / /.71. s 9/8.3/2 / A
18 True 6 8/8/2 / . .1.3/. ./ 2
19 True 7 7/7/2 . s / 7/6.7/2
20 True 8 8/8/2 /. 1. /
/.. /

21 True 9 8/8/2

/

o
o
o
e
s
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o
./ /
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TABLE 4

Table 4. Confusion Matrix for PLS-DA applied to 1.0 Cut-off Filtered Average LIBS
Data. Shown values are for the calibration / cross validation / and test sets. Each value
represents the average number of assignments across three replicate analyses, each with a
unique training set and different calibration set. Values of ‘0’ are replaced in the table with °.
for clarity of reading.

N = Pred.1 Pred.2 Pred.3 Pred.4 Pred.5 Pred.6 Pred.7 Pred.8 Pred. 9
Truel 8/82 &/7/2 s s .13/, . L1 o o /..
True2 8/82 ././. 8/7/1.7 ./.1. s . o o s /1.3
True3 8/82 ./J/. A 8/7.312 . /.. L. . . o o
True4 8/8/2 ./1/. s s 86312 ./. /. L1 s s s
True5 9/972 ././. A .13 . 9/8.7/2 ./. 1. o o o
True6 8/82 ././. A . 1.3/, . 87712 ./1.1. o o
True7 7/772 ././. . s o o o 7/7/2 o o
True8 8/82 ././. . . . . o 1.3/, 87712 ./.1.
True9 8/82 ././. 1.3, . . . . . . 8/7.1/2
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FIGURE 1
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37 Figure 1. LIBS spectra of (A) Raw data, (B) the data after application of a Whittaker filter and the first
38 spectral derivative, and (C) fully preprocessed and baseline corrected data. Spectra shown are 5
39 select spectra from randomly chosen timbers.
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Figure 2. k-Nearest Neighbors plots showing (A) a KNN model of the raw data, (B) a KNN model of the
preprocessed data with no variable selection, (C) a KNN model of the preprocessed data with a mean

intensity cutoff greater than 0.5, and (D) a KNN model of the preprocessed data with a mean intensity
cutoff greater than 1.0.
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FIGURE 3
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23 Figure 3. k-Nearest Neighbor models of the training sets (~8 samples/class) for (A) a mean intensity
24 cutoff greater than 0.5 and (B) a mean intensity cutoff greater than 1.0.
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SCHEME 1
Mean > 0.5 Mean > 1.0
All Groups All Groups
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Scheme 1. Decision tree model for calibration, training, and validation sets at both variable
selection cutoffs. Circled number indicates number of latent variables used at each branch
for the PLSDA model.
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