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Light gradient-boosting machine model
provides biologically realistic predictions of
southern pine wood extractives content
using near infrared spectroscopy
hyperspectral imaging compared to
artificial neural network and partial least
squares regression models

Sameen Raut' ©, Joseph Dahlen' ©, Thomas L. Eberhardt?®, Laurence Schimleck?,
Daniel M. Johnson', Kier D. Klepzig* and Sudhagar Mani®

Abstract

Near infrared (NIR) spectroscopy combined with partial least squares (PLS) regression has been widely used to predict the
physical, mechanical, and chemical properties of wood. Recently, advanced modeling techniques such as deep learning and
machine learning models using spectral data have increasingly been used to predict variability in wood physical and
mechanical properties, but studies on chemical properties are scarce. Herein, southern pine wood samples were acquired
from multiple height levels from 119 trees to yield 1007 pith-to-bark radial strips. The strips were scanned on an NIR
hyperspectral imaging system and the spectral data aligned to ring-level measurements. Acetone soluble extractives content
was measured on 50-mm radial length samples with 262 data points assigned to training a PLS regression model, an artificial
neural network (ANN) model, and a light gradient-boosting machine learning model (LGBM). The models were then
evaluated on the test dataset (140 samples). The fit statistics were good for all models, although the LGBM model (RMSE =
2.1%) performed better than the PLS regression (3.3%) or ANN (2.6%) models. The models were subsequently used to
predict extractives content for 31,314 rings. The LGBM model provided biologically realistic values for all rings, whereas the
PLS regression model predicted 9648 negative values, and the ANN model extrapolated well beyond the measured values
(max predicted = 69.4% vs max measured = 53.2%). This study highlights real benefits of using deep learning and machine
learning models compared to PLS regression models for NIR hyperspectral imaging datasets.

Keywords
deep learning, loblolly pine, longleaf pine, machine learning, wood quality

Partial least squares (PLS) regression and principal
component analysis (PCA) are the traditional modeling
techniques used with NIR spectral data.”** PLS regression
is a statistical modeling technique that deconvolves both X

Introduction

Nondestructive evaluation (NDE) of wood is widely
implemented in forestry and forest products research
and manufacturing processes.' * The use of near
infrared (NIR) spectroscopy (part of the electromag-

netic spectrum in the range 800 to 2500 nm) as an NDE
tool for wood properties characterization, quality
control, and end-use performance assessment has been
widely studied and found to be effective.”™ Applica-
tions of NIR spectroscopy in wood science include, but
are not limited to, the characterization of wood phys-
ical, mechanical, chemical, and morphological prop-
erties (fiber length and width), surface characteristics,
and species identification.”>* Many NIR studies have
been conducted using southern pines given their global
economic importance.?> >
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and Y matrices by projecting them onto new axes under the
constraint that the decomposition best describes the co-
variance of the spectral and reference variables.***> In
PLS regression, similar to PCA, the first few latent vari-
ables account for a significant portion of the variability in
X, but unlike PCA the decomposed X matrix is regressed
against a Y scalar.”> However, more advanced modeling
techniques such as artificial neural networks (ANNs), light
gradient boosting machines (LGBMs) and others have
been utilized in recent years with success.”!%:!7-2:26-36-38

ANNs are biologically inspired mathematical models
capable of handling complex regression and classification
tasks with a good degree of prediction accuracy.’® ANNs
are structured into input, hidden, and output layers which
are made up of neurons interconnected with weighted
links. Optimization of the number of hidden layers and the
number of neurons in each of the hidden layers is necessary
depending on factors including the task and the size of the
training dataset. Adding more hidden layers and more
neurons in each hidden layer makes a model more complex
and prone to overfitting the training dataset, leading to
weaker predictive performance on a new dataset not in-
corporated in model development. Therefore, it is im-
portant to adjust the model’s architecture, including the
number of hidden layers and neurons along with the
learning rate to ensure that the model generalizes more
accurately to the dataset instead of memorizing it.

LGBM is a newer implementation of gradient-boosting
decision trees, and for some datasets it has been shown to
reduce training times by a factor of 20 while still achieving
the same level of accuracy as the conventional gradient-
boosting decision trees.*” LGBM can better manage large
data sets and large number of features to significantly
surpass extreme gradient boosting (XGBoost) and sto-
chastic gradient boosting in ranking, regression, classifi-
cation, and many other machine learning problems in
terms of higher computational speed and lower memory
usage.*’

As noted by Schimleck et al.,*' the practical signifi-
cance of the predictive performance of deep learning and
machine learning models has not been fully assessed for
wood and such models have largely been utilized only as a
comparison to PLS regression models with respect to their
fit statistics. A broader question when using NIR cali-
brations for predicting properties is whether the models
yield biologically realistic values when the properties are
predicted from a broad sample set. Here the objective was
to acquire a suitable dataset of measured reference data for
acetone soluble extractives content** and use the data to
train a deep learning model (ANN) and a machine learning
model (LGBM) and compare the results to a PLS re-
gression model. The calibrated models were then used to
predict ring-level extractives content for samples scanned
on the near-infrared hyperspectral imaging system. This
study utilized longleaf pine (Pinus palustris) and loblolly
pine (Pinus taeda) collected from naturally regenerated
and plantation stands in the southeastern United States,
two species that owing to their similarities, are grouped
together as southern pines. The overall goal was to develop

robust models that are not species, age, and stand origin
specific, and have the potential to be readily applied to
predict extractives content in southern pine wood.

Materials and methods

Sample locations, tree selection and felling

A total of 12 stands were sampled, nine longleaf pine and
three loblolly pine stands.*’ Eleven stands were located in
southwest Georgia and one stand was in northwest Florida.
The age of the stands ranged from 30 to 69 years old with a
median age of 36 years. In each stand an inventory was
conducted and from each stand with 10 straight and visible
defect-free trees being selected from across the diameter
distribution. The diameter at breast height of the trees
(mean = 28.0 cm, standard deviation = 3.6 cm) and total
height (mean = 23.6 m, standard deviation = 2.5 m) were
typical of stands that would be clearcut in a commercial
forestry operation. The trees were felled using a chainsaw
and delimbed. From each tree, approximately 5 cm thick
cross-sectional disks were collected at heights of 0.15 m
(stump base), 0.61 m, 1.37 m (breast height), 2.6 m,
5.3 m, 9.9 m, 14.8 m, and at heights where the over bark
diameter was 10.1 cm, and 7.6 cm. If the over bark
diameter of 10.1 cm occurred at a height above 19.8 m,
an additional disk was cut at 19.8 m. A total of
1007 cross-sectional disks were collected and trans-
ported to the Wood and Fiber Quality Laboratory at the
University of Georgia, Athens, GA, USA and frozen
(—20°C) until further processing.

Pith to bark sample preparation and
sample dimensions

Pith-to-bark radial strips were prepared from each disk
according to a protocol developed by Dahlen et al.** to
provide matched samples targeting wood property
measurements as follows: (1) 8.5-mm longitudinal
sample suitable to measure ultrasonic velocity (USV)
(hereinafter referred to as the USV sample only to be
consistent with sampling schematic used in Ref. 44), (2)
2-mm longitudinal sample suitable to measure specific
gravity (SG) by X-ray densitometry (hereinafter referred
to as the X-ray sample), and (3) 15-mm longitudinal
sample available for other measurements/analyses
(Figure 1). For the present study, the 15-mm sample
was cut into three samples in the tangential direction,
with one being 2.5-mm thick in the transverse direction
for acetone-soluble extractives studies (hereinafter re-
ferred to as the acetone extractives sample) (Figure 1);
note that all samples have adhering poplar wood “core
holder” strips serving several functions, particularly
sample stabilization during cutting.

Hyperspectral image collection

Hyperspectral images were collected using a push broom
near infrared (NIR) hyperspectral camera (Specim FX17,
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Figure |. Left image shows the acetone-soluble extractives sample (2.5-mm transverse thickness), ultrasonic velocity sample (8.5-mm
longitudinal thickness), and the X-ray sample (2-mm longitudinal thickness); right image shows the same samples, but the transverse
view of the acetone extractives sample. Note the aligned growth rings for the samples and the yellow poplar strips on the edges of the
samples which were removed prior to determining extractives content.

Specim Spectral Imaging Ltd, Oulu, Finland) fitted with a
focusing lens (Specim OLET 17.5 f/2.1) (Figure 2). The
instrument collects 224 wavelengths from 931 to 1718 nm
at approximately 3.5 nm intervals. The working distance of
the camera from the sample was fixed at 230 mm. Two sets
of tungsten halogen lamps, each containing 3 bulbs, il-
luminate the sample at an angle of 45° positioned 240 mm
from the sample. Sample motion and image acquisition
was controlled using application software (Specim Lumo)
supplied with the system. For intensity calibration, a dark
current (with the camera’s shutter closed) and a white
reference were collected before acquiring each image. The
scanning speed was set to 11.2 mm/s and the exposure time
was set to 5.25 ms such that the white reference maximum
value was approximately 85% of the detector range (0 to
4095, bit depth = 12) to maximize the linear dynamic range
of the instrument. Samples were scanned in a windowless,
dark laboratory space.

The USV samples were conditioned in a temperature
and humidity-controlled room (22°C and 52% RH) to
reach a moisture content (MC) of around 10% (dry-basis).
The conditioned samples were placed on an aluminum
sample tray that was anodized black, and the strips from
each tree were scanned at one time, with the disks arranged
from left to right and top to bottom based on their collected
position within the tree, starting with the stump (0.15 m)
height sample (Figure 2). Each raw image is 640 pixels
wide and 2100 pixels long which translates to approxi-
mately 175 mm in width and 547 mm in length captured
(each pixel in the image represents approximately
0.2731 mm by 0.2371 mm).

Hyperspectral image processing

The following hyperspectral image processing steps were
carried out in Python version 3.9 (Python Software
Foundation, https://www.python.org/) on the Spyder in-
terface® using the libraries NumPy,*® OpenCV,*’

pandas,”® SciPy,*” and Spectral Python (SPy).”° Each
image was calibrated with the measured dark and white
reference signals:

Ry —D
R:
W —D

(1)

where R is the relative diffuse reflectance, Ry is the
measured diffuse reflectance, D is the dark current refer-
ence signal, and W is the white reference signal.

The samples were isolated from the background and
from each other through several steps. Data collected in the
range 931-942 nm was removed due to poor image quality.
The standard deviation of each pixel relative diffuse re-
flectance spectra was found to yield one value per pixel,

R

Figure 2. Left: Specim FXI17 near-infrared hyperspectral
imaging setup (samples scanned in a dark room) showing ten
samples from one tree being imaged; right: resulting false color
image (R = 1131 nm, G = 1414 nm, and B = 1438 nm).
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and the image was blurred using a 5 x 5 median filter. Each
pixel with the standard deviation value less than 0.03 was
considered background and set to 0. A mask was then
created whereby pixels with zero value were the back-
ground and the other pixels were converted to 1 via
thresholding. The contours for the image were found using
hierarchical contour retrieval models.”’ Any contour with
area less than 5000 was removed and then the remaining
contours were ranked from left to right and top to bottom to
yield the samples from the first to last disk.

K-means clustering with 2 clusters and a maximum of
60 iterations was conducted with the first cluster
(value = 0) indicating the background and the second
cluster (value = 1) indicating the sample. A bounding
rectangle using the convex hull was found for the sample
and then the sample was rotated such that the image was
rectangular and aligned with bark towards the left and
pith on the right. Each radial strip image was cropped by
5 pixels from both the bark and pith sides to reduce the
edge effects. Each radial strip image was then cropped to
29 pixels (~7.92 mm) from the middle part of the image
to remove the poplar core holder and eliminate any
wood material which could have glue present (Figure 3).
The region of interest was saved for each sample as a tiff
file. Pixel values from each file were averaged in the
Y-axis (tangential) to give one spectrum for every pixel
along the length of the sample (X-axis, radial) and saved
to a CSV file.

Assignment of spectral data to annual rings after
alignment with X-ray densitometry data

The X-ray radial strips were immersed in acetone for
24 h at room temperature to remove extractives. Post
extraction, the samples were conditioned in a temper-
ature and humidity-controlled room (22°C and 52% RH)
to reach a MC around 10%. The conditioned samples
were scanned on a QTRS-01X Tree Ring Scanner
(Quintek Measurement Systems, Knoxville, TN, USA)
with the X-ray beam directed through the transverse face
at a radial resolution of 0.04 mm. Ring counts were
performed with a SG threshold of 0.480 g cm™ to
separate earlywood from latewood on the tree ring
scanner after which they were checked manually for
accuracy. The 1007 USV radial strips had 31,314 rings.

To assign the spectral data into annual rings, the NIR
and X-ray signals were aligned using the normalized cross-
correlation method.”>>* The hyperspectral data was con-
verted to a pseudo-SG value using the signal from the
966 and 1541 nm wavelengths:

1
X = 10g10@ 2

Roge

where X is the pseudo-SG value, and Rgg and Rys4; are
the diffuse reflectance values for these wavelengths. Be-
cause each image pixel represents a lower resolution
(approximately 0.2731 mm) than each X-ray data point

L

Figure 3. Pseudo color image showing how a hyperspectral
image of each radial strip was processed to isolate the region of
interest for spectral data acquisition. Area within the solid black
lines indicates the region of interest.
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(0.04 mm), the X-ray data was averaged to the lower

resolution. Both the SG and the image data were then

normalized by:

X —u
o

Z — score = 3)
where Z-score is the normalized pseudo-SG value
(ranging from 0 to 1), X is the pixel or SG value, p is the
overall mean for the sample, and o is standard deviation.
The normalized values from the images and the X-ray
densitometer were then aligned whereby the image was
shifted from left to right and the highest cross correlation
value found. A plot for each sample was then con-
structed with the normalized values overlaid onto each
other to confirm the image data was accurately matched
with the X-ray densitometry data (Figure 4). The aligned
data was then averaged within the annual ring bound-
aries to yield ring level spectral data, hence, one
spectrum of 220 relative diffuse reflectance values from
945 nm to 1718 nm at 3.5 nm intervals for each
growth ring.

Sample selection for measuring extractives content

The aligned USV radial strip spectral data was averaged for
every 50-mm increment in length from pith to bark to give
one spectrum per sub-sample. The 50-mm length was
selected since it provided enough dry ground material from
the acetone extractives sample for the measurement of
other chemical properties not mentioned in this study.
Some sub-samples were shorter than 50 mm and in these
cases the spectrum reflected the actual length. The
1007 USV radial strips produced 2525 spectra, each
representative of the sub-sample. The relative diffuse re-
flectance (R) spectra were transformed to pseudo absor-

bance (A):
1
A = logy, <E) 4)

Second derivative spectra pretreatment with left and
right gaps of 4 points using the Savitzky-Golay approach®*
was applied to the pseudo absorbance data which resulted
in 212 X-variables (Figure 5). This single pretreatment was
used because the ANN and LGBM models take a con-
siderable amount of time for hyperparameter tuning, and
this pretreatment has consistently produced good results
across a wide range of samples and wood properties. The
50-mm USV sub-samples were split into the training and
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Figure 4. Unaligned ultrasonic velocity radial strip spectral data to X-ray densitometry data (top) versus aligned data after cross

correlation (bottom).

test sets using the Duplex sample selection technique
(modified Kennard-Stone)’>>® using 3 principal compo-
nents on the second derivative spectra. The most unique
samples are selected based on Mahalanobis distance’’
(whereby the first most unique spectrum is assigned to
the training set, the second to the test set, the third to the
training set, and so on) to ensure that the data are repre-
sentative of the population and the training and test sets are
independent. Samples from an individual tree were as-
signed to either the training or testing dataset but not both
sets. The actual 50-mm long acetone extractives samples

matching the corresponding first 262 and 140 unique USV
sub-sample spectra formed the reference training and the
test set (a 65/35 split), respectively. The 31,314 ring-level
second derivative pseudo absorbance spectral data was
used as a prediction set.

Measuring reference extractives content (%)

The selected acetone extractives radial strips were split
using a razor blade at 50 mm radial intervals to generate the
sub-samples for reference measurements. The yellow
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Figure 5. Leftimage shows pseudo absorbance spectra; right image shows spectra after applying the second derivative treatment using

the Savitzky-Golay approach.
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poplar wood glued to each sub-sample was then removed
from each sub-sample. The 402 acetone extractives sub-
samples were oven dried at 103°C until they reached
constant weight (0% MC), placed in a desiccator, cooled,
and their mass recorded. Note that oven drying and the
steps leading up to oven drying will result in a loss of the
volatile extractives. The samples were then extracted in a
Soxhlet apparatus filled with acetone for 1 week, with the
longer than typical extraction process being the result of
these samples not having been ground (Figure 6). They
were then oven dried again, cooled in a desiccator, and
their mass again recorded. The difference before and after
extraction gave the total amount of extractives (in grams)
that was removed from a sample. The extractives content
(%) in each 50-mm long sub-sample was calculated as
follows:

Extractivescontent(%)=

Welght0venDry - WelghtOvenDryExtracted %

calculating the RMSE and coefficient of determination of
prediction (rpz). PLS regression for this study was im-
plemented in R statistical software’® using the R Studio
interface®” along with tidyverse collection of packages,*’
pls,®! prospectr,® signal,®® and gridExtra.®*

Artificial neural networks (ANNs). The ANN model con-
sisted of one input layer, four hidden layers, and one output
layer. The number of neurons in each layer was 32, 32, 16,
8, 8, and 1, respectively. The total number of trainable
parameters for this model was 8617. To determine this
architecture, the number of hidden layers was systemati-
cally varied from 1 to 10, and neuron counts of 4, 8, 16, 32,
64, 128, 256, or 512 were tested for the input and each of
the hidden layers. All the layers except the output layer
used rectified linear unit (ReLU) as an activation function

where Weightoyennry is the oven dry weight before ex-
traction, and WeightoyenpryExtracted 1 the oven dry weight
after extraction is shown in Figure 6.

Modeling spectral data to extractives content (%)

Partial least squares (PLS) regression. PLS regression models
were developed on the training dataset (N = 262), a
maximum of 15 factors were considered with four inter-
leaved cross-validation segments, where the final number
of factors was determined based on the root mean square
error (RMSE) and the coefficient of determination of
cross-validation (r.,”). The training models were then
tested for performance on the test set (N = 140) by

100 5
WeightOvenDry ( )

whereas the output layer utilized the default ‘linear’ ac-
tivation function. L1 regularization with a value of le-9
was used in all four hidden layers to prevent overfitting.
The first two hidden layers utilized ‘RandomNormal’
initializer whereas the last two layers used the default
initializer (‘GlorotNormal’). For error backpropagation,
‘Adam’ optimizer was used with default settings (learning
rate = 0.001, beta 1 =0.9, beta 2 = 0.999, and epsilon =
le-7). Mean squared logarithmic error (MSLE) was the
loss function used. The second derivative spectra which
are the input (X) for the ANN model were scaled using the
StandardScaler() function which transforms the dataset to
have a mean of 0 and a standard deviation of 1 for all three
datasets (training = 262, test = 140, and prediction =

Figure 6. Left: Soxhlet apparatus used to exhaustively remove acetone soluble extractives from 50-mm long sub-samples; right: close up

view of the Soxhlet apparatus showing submerged samples.
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31,314). Training of the ANN model was done on the
training dataset with a batch size of 32 and 1/4™ of the
training data was allocated as cross-validation data to
assess loss and model performance metrics after every
epoch (one complete iteration over the entire dataset).
Early stopping was employed to prevent overfitting by
stopping the model training if there was no improvement in
validation MSLE over 40 epochs. Therefore, model
training was stopped after 86 epochs. The performance of
this model was tested on the test set (N = 140) by cal-
culating the coefficient of determination (R?) and root
mean squared error (RMSE). ANN and LGBM models for
this study were implemented in Python (Python Software
Foundation, https://www.python.org/) with libraries Ten-
sorFlow,>  Keras,®® LGBM,40 Scikit-learn,®”  and
SHAP.°*%° The ANN and LGBM models were fit to
extractives defined on an extractive free basis and then
converted to dry-basis.

Light gradient boosting machines (LGBMs). The LGBM
model hyperparameters were found using the Optuna
Bayesian optimization framework.”® Optuna does an au-
tomated search for optimal hyperparameters using the
Tree-structured Parzen Estimator which is its default op-
timization algorithm. Tree-structured Parzen Estimator
models a probability distribution for the hyperparameters
and selects new sets of hyperparameters that have a higher
probability of improving performance giving them an edge
over traditional random and grid search methods.”"”’* To
implement Optuna, a regression study was created, and the
direction was set to minimize the cross-validation RMSE
(training and cross-validation split of 80/20) with the
number of trials set to 320,000. The second derivative
spectra which are the input (X) for the LGBM model were
scaled using the Normalizer() function which transforms
each row (treated as a vector) in all three datasets
(training = 262, test = 140, and prediction = 31,314) to
have a magnitude of 1. After exhausting the number of
trials, the study returned the hyperparameters from the best
trial having the lowest cross-validation RMSE. The hy-
perparameters returned by Optuna are ‘num_leaves = 133’,
‘lambda_11 = 0.261°, ‘lambda 12 = 0.000419°, ‘featur-
e fraction = 0.369°, ‘bagging fraction = 0.999°, ‘bag-
ging freq=3", ‘min_child samples = 3’, ‘learning_rate =
0.0825’, ‘max_depth = 15°. The total number of estimators
‘n_estimators’ was set to 1600. The performance of the
LGBM model fitted with these tuned hyperparameters was
tested on the test set (N = 140) by calculating R?
and RMSE.

The top 10 most important features (wavelengths) for
the LGBM model were found using SHAP (SHapely
Additive exPlanations)*®®” which assigns an importance
value to each feature for a particular prediction. SHAP
takes a game-theory approach to explain the output of a
machine learning model and provides significant theo-
retical improvement over the Shapley Value estimation
method with regards to feature consistency and model
stability across different machine learning models.”*”*
The 10 most important wavelengths were assigned to

their respective structural components (if any) and func-
tional groups as per Schwanninger et al.”” Measured ex-
tractives content (%) in the training and test datasets (N =
402) were then regressed using a simple linear model
against second derivative absorbance values for each of
these 10 important wavelengths and the model fit statistics
(R* and RMSE) reported for the 10 individual regression
models. A final multiple linear model was also fitted by
regressing the second derivative values from all the
10 important wavelengths against the measured extractives
content (%).

Annual ring extractives content prediction. The PLS regres-
sion, ANN, and LGBM models were then used to predict
extractives content (%) to 31,314 ring-level second de-
rivative spectral data, thus providing extractives content
estimates for each growth ring in all of the 1007 pith-to-
bark USV radial strips that were scanned on the near-
infrared hyperspectral imaging system. Hence the models
were evaluated over a broad range of samples which al-
lows us to evaluate the biological realism of the predictions
for southern pine.

Extractives prediction on image for visualization. The LGBM
model was used to predict the extractives content on the
NIR-HSI images to visualize the spatial variation within
the samples. Each pixel in the NIR-HSI image was con-
verted to the second derivative using the procedures
previously described, converted from 3D to 2D, and then
the LGBM model was used to predict the extractives
content. The data was converted back to the input di-
mensions, and then saved as a png file.

Results and discussion

The summary statistics for the extractives content (%) in
the training and test set split by Duplex method is shown in
Table 1, along with the overall data. The mean values were
slightly different between the training (10.7%) and test
(7.1%) sets however their range was very similar. Half of
the measurements ranged from 0% to 10% extractives with
the majority within this group being less than 5%.

Modeling results for PLS regression, ANN, and LGBM

The fit statistics for the PLS regression, ANN, and LGBM
models are given in Table 2. The optimal number of factors
for the PLS regression model was four, which was able to
explain 92% of the variability in the training set (r,,* =
0.92) and 88% of the variability in the test set (r,” = 0.88).
The training and test errors (RMSE) associated with the
PLS regression extractives content model (%) were 3.0%
and 3.3%, respectively (Figure 7). Where the PLS re-
gression model is really deficient for predicting extractives
content (%), is the negative predictions for measured
extractives content (%) values that are very close to zero.
The PLS regression model had 36 negative predictions for
the training dataset with the minimum value being —5.8%.
Similarly for the test dataset, the PLS regression model had
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Table I. Summary statistics of the measured extractives
content (%) for the training, test, and the total dataset (training
and test).

Set N Mean (%) SD (%) Min (%) Max (%)
Training 262  10.7 11.0 0.0 532
Test 140 7.1 9.4 0.2 532
Total 402 9.4 10.6 0.0 532

30 negative predictions out of 140, with the most negative
value being —8.5%. The problem with negative values was
not observed for the ANN and LGBM models which are
more advanced and have displayed good performances in
modeling complex, non-linear relationships. The perfor-
mance of the ANN model improved on the PLS regression
model with training (R?) and testing (r*) values of 0.94 and
0.92, respectively, and the RMSE values were also lower.
The LGBM model was the best model among the three
with training and testing coefficients of determination of
1.00 and 0.95, and RMSE of 0.0% and 2.1%, respectively.
The LGBM overfits to the training data but is still able to
perform very well on the independent test data. This shows
that the LGBM model was able to improve on the PLS
regression and ANN models in explaining variability in
extractives content (%). ANN and LGBM models, in this
study, recognized that negative extractives content (%)
values are not possible and therefore their predictions of
NIR spectral data cannot be negative.

Gierlinger et al."* reported r.,” of 0.86 and root mean
standard error of cross-validation (RMSECV) of 0.32%
from their PLS regression model developed using 63 wood
powder samples from Larix sp. The range of acetone-
soluble extractives in their study was very narrow, 0.8% to
3.6%, compared to this study. So and Eberhardt* reported
prediction r* of 0.78 and SEP of 2.51% for PLS regression
models developed to predict acetone-soluble extractives in
longleaf pine wood meal. Most NIR studies on wood that
have used advanced modeling techniques have focused on
model development for wood physical and mechanical
properties, or for wood identification, with limited studies

done on wood chemical properties. To the authors’
knowledge, the only study in the literature that applies
deep learning to wood chemistry data is Zhang et al.”® who
measured extractives, lignin, and holocellulose content in
wood samples collected from different species and de-
veloped adversarial transfer learning (ATL) models using
NIR spectral data collected from both solid wood blocks
and ground material. Solid wood is anisotropic which
results in higher variability in the collected spectra due to
spatial inhomogeneity. Ground material, at the expense of
a time-consuming additional sample preparation step, is
more homogenous, and the spectral data collected is thus
more representative of the actual sample. They concluded
that more advanced ATL models were able to adapt and
make reasonable chemical composition predictions despite
spectral differences resulting from different species and
particle size (solid block or ground material). The more
advanced ANN and LGBM models employed in this study
likely accounted for the spatial inhomogeneity inherent in
collecting spectral data from solid wood, ensuring that all
predictions remained above zero.

The PLS regression, ANN, and LGBM models were then
used to predict ring-level extractives content (%) for the
31,314 rings of the 1007 pith-to-bark USV radial strips (Table 3
and Figure 8). PLS regression predicted values had the lowest
mean (4.1%, SD of 9.4%) whereas the ANN predicted values
had the highest mean (6.1%, SD of 10.0%), and the LGBM
predicted values were in the middle (5.4%, SD of 9.3%). PLS
regression predicted a total of 9648 negative values, nearly 30%
of the predictions, with the lowest value predicted
being —28.9%. The ANN model here did not predict any
negative values, but it predicted a maximum value of 69.4%,
which is not a realistic value for extractives considering the
maximum value in the measured dataset was 53.2% (Table 1).
The ANN model produced 171 predictions out of 31,314 for
which the extractives content values were greater than the
maximum value measured, with 27 greater than 60%. The
LGBM model predicted values from 0.1% to 52.6%, which is
slightly constrained compared to the measured range on the
50 mm sub-samples (0% to 53.2%).

Table 2. Model fit statistics for the partial least squares (PLS) regression, artificial neural network (ANN), and light gradient boosting
machine (LGBM) models fitted to the training set and evaluated on the test set for extractives content (%). The summary statistics of the
model predicted values along with the number of negative predictions from each of these models is also shown.

Set Variable PLS regression ANN LGBM

Training (N = 262) R? 0.92 0.94 1.00
RMSE (%) 3.0 2.6 0.0
Mean (%) 10.7 10.8 10.7
SD (%) .1 1.4 11.0
Min (%) -58 0.4 0.0
Max (%) 48.6 524 53.1
No. of negative predictions 36 0 0

Test (N = 140) r? 0.88 0.92 0.95
RMSE (%) 33 2.6 2.1
Mean (%) 6.0 6.5 6.8
SD (%) 9.8 9.0 9.1
Min (%) -85 0.4 0.4
Max (%) 49.2 535 51.5
No. of negative predictions 30 0 0
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Figure 7. Measured versus near infrared (NIR) predicted extractives content (%) for training (left) and test datasets (right) from the
partial least squares regression (top), artificial neural network (middle), and the light gradient boosting machine (bottom) models. The

black dashed line denotes the line of equivalence.

SHAP (SHapely Additive exPlanations) which assigns
an importance value to each feature for a particular pre-
diction was used to identify the top 10 wavelengths which
had the most impact on extractives content (%) predictions
from the LGBM model (Table 4). Measured extractives
content (%) in the training and test datasets (N =402) were
regressed against second derivative absorbance values for

each of these 10 important wavelengths and linear model
fit statistics (R> and RMSE) reported in Table 4. It is
necessary to note that the most important wavelength
returned by SHAP for LGBM will not necessarily be the
most important for linear regression as well, which is what
was found here. The wavelength 1378 nm was the most
influential for the LGBM model whereas it was the third
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Table 3. Summary of the ring-level extractives content (%) predictions made by the partial least squares regression, artificial neural
network, and light gradient boosting machine models developed in this study.

Prediction set (N = 31,314)

No. of negative No. of predictions more
Model Mean (%) SD (%) Min (%) Max (%) predictions (%) than maximum measured
PLS regression 4.1 9.4 —28.9 65.0 9648 (30%) 30
ANN 6.1 10.0 0.4 694 0 (0%) 171
LGBM 5.4 9.3 0.1 52.6 0 (0%) 0

most influential (out of the 10 selected) for the linear model
with an R? of 0.77 and RMSE of 5.1%. The wavelength
1262 nm had the best fit statistics (R> = 0.86, RMSE =
4.0%) which is not assigned to any functional groups or
structural components (similar to wavelengths 1265 nm
and 1269 nm which likely represent the same functional
groups). There were two wavelengths, 1385 nm and
1382 nm which are associated with isolated OH groups and
C-H combinations but are not associated with any structural
component, which is logical because extractives are a non-
structural wood component. In Larix sp., Gierlinger et al."*
reported 1654 nm associated with acetone extractives and
taxifolin to be suitable for extractives model development
which is similar to 1651 nm (Table 4) A model based on
1651 nm was able to predict 73% of the variation in ex-
tractives content with RMSE of 5.5%. When all the top
10 wavelengths returned by SHAP were regressed against
measured extractives content (%), the resultant linear model
reached an R” of 0.93 and an RMSE of 2.7%.

Figure 9 shows a pseudo color image (top), and the
predicted extractives content using the LGBM model
(bottom) for one sample having a high amount of ex-
tractives. For this particular sample, the concentration of
extractives ranges from 35-45% in the first 120 pixels near
the pith, but for older rings the extractive deposition be-
comes more variable and localized in specific areas. To-
wards the bark the extractives content is near 0%.

The excessively large number of negative predictions
based on the PLS regression model was unexpected.
Giroud et al.”” developed NIR PLS regression models for
SilviScan measured wood properties (density, microfibril
angle, modulus of elasticity) and then predicted radial
variation on 30,159 tree cores containing 114,729 growth
rings from 6 different species. The resulting radial profiles
were consistent with the literature and scaling the radial
predictions to disk level estimates proved reliable when
compared to measured data. Dahlen et al.”® report
within-tree tracheid length and width models developed
from PLS regression NIR calibration models and they
found logical predictions relative to measured values.
Here using PLS regression, it was found that extrapo-
lation well beyond the minimum and maximum mea-
sured values occurred. The differences found here for
extractives relative to Giroud et al.”” and Dahlen et al.”®
likely relate to how the properties are formed and the
fact that extractives content can be zero, whereas other
wood properties always have a non-zero value. Wood
density (extractive free), microfibril angle, modulus of
elasticity, tracheid length, and tracheid width properties
are formed when the cells are elongating and when the
cell wall is being lignified. In contrast, the extractives
content for sapwood is relatively low, and deposition of
extractives occur during the conversion from sapwood
to heartwood, or as an active defense to an injury; both

Ring-level extractives % prediction
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Figure 8. A violin plot showing the distribution of model predicted extractives content (%) for 31,314 ring-level spectral data for the
partial least squares regression, artificial neural network, and light gradient boosting machine models.



Raut et al.

87

Table 4. Wavelengths of importance found through SHAP (SHapely Additive exPlanations) regressed against all measured extractives

content (%) values (N = 402).

Extractives content (%)

(N = 402)
Wavelength (nm) Structural component Functional group R? RMSE (%)
1378 Hemicellulose/all -CH; 0.77 5.1
1385 - -OH, C-H 0.50 7.5
1265 NA NA 0.84 42
1382 - -OH, C-H 0.65 6.2
1339 Hemicellulose/all -CH3; 0.70 58
1269 NA NA 0.76 5.2
1651 (Extractives) C-H 0.73 5.5
1184 Lignin/cellulose -CH; 0.74 5.4
1262 NA NA 0.86 4.0
1188 Lignin/cellulose -CH; 0.69 59
All 10 wavelengths 0.93 2.7

Note. Band assignments from Schwanninger et al.”> NA — Not Assigned.

processes are extremely variable relative to the more
ordered cell elongation and lignification processes.
Unlike the PLS regression models, the ANN and LGBM
models did not result in prediction of negative values. The
ANN model predictions extrapolated beyond the measured
range, whereas the LGBM constrained the maximum values.
Tree-based models such as LGBM do not extrapolate, and
assuming that the training dataset covers the entire range of
values this interpolation only behavior can be beneficial. We
do anticipate that for some rings the extractives content would
be subtly higher than what was measured on the training
dataset and test dataset, and thus some extrapolation in the
predictions is probably prudent, but how much more? Ex-
tractives content is reported on a dry-basis and not an
extractive-free basis, and thus it is important to consider that
the 69.4% maximum value predicted by the ANN model
represents a substantial increase in the amount of extractives
predicted versus 53.2%. Consider that for one g of wood, a
53.2% extractives content represents 1.14 g of extractives
compared to 2.27 g of extractives for 69.4%. The maximum
value predicted by the PLS regression model was 65.0%,
which corresponds to 1.86 g of extractives, again a substantial
increase compared to 1.14 g. It is concluded that the most
realistically predicted extractives content across the entire
range of possible values was from the LGBM model. Al-
ternatively, both the PLS regression and ANN models could
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Figure 9. Pseudo-color image (top) sample with predicted
extractives content using the light gradient boosting machine
model (bottom).

be used with filters to reduce the amount of extrapolation. If
negative predicted values are set to zero, and values greater
than the measured maximum are set to that value (53.2%), the
PLS regression average and standard deviation are 5% and
8.6% (originally 4.1% and 9.4%), whereas the ANN is 6.1%
and 9.9% (originally 6.1% and 10.0%). The PLS regression
filtered predictions resulted in the most changes compared to
the unfiltered predictions due to the large number of negative
predictions, whereas the ANN model mean and SD are ef-
fectively unchanged due to the large number of predictions
(31,314 annual rings).

PLS regression models fit quickly and perform very well
in general for most wood properties. These models are op-
timized by selecting the number of factors (latent variables)
and their performance tested using cross-validation, and
prediction fit statistics on independent test data. ANN models
have the capability to outperform PLS regression models but
there are many hyperparameters that need to be tuned to
achieve a good model. While searching for an optimal ar-
chitecture, a larger ANN model with many hidden layers and
more neurons in each layer (resulting in a greater number of
trainable parameters) attained R* values close to 1.0 yet
showed poorer performance on the testing dataset. Here, a
relatively smaller ANN model was able to generalize better to
both datasets. The LGBM hyperparameter tuning run with
320,000 trials took close to 75 h to complete. Consequently,
this meant that performing a similar search for each different
spectral pre-treatment would either require substantially more
time or involve a fewer number of trials which would reduce
the chances of finding the optimal hyperparameter set. ANN
and LGBM models can perform better than PLS regression
models, but unless properly tuned, they typically perform
similar or worse.

Conclusions

This study tested the prediction performances of three
distinct types of models: partial least squares regression,
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artificial neural network, and light gradient boosting
machine, for their ability to accurately predict southern
pine wood extractives content using NIR spectral data.
The models were then used to predict extractives
content for 31,314 ring-level spectral data thus pro-
viding a realistic extractives content estimate for each
growth ring in the 1007 pith-to-bark radial strips
scanned on the NIR hyperspectral imaging system,
providing a practical application to these models. Many
studies in the literature report on improving model fit
statistics over the PLS regression models using machine
learning and deep learning approaches but few describe
using the models for any practical applications. In terms
of model fit statistics, PLS regression, ANN, and
LGBM were all acceptable, with the LGBM model
outperforming the other two models with an rp2 of
0.95 and an RMSE of 2.1%. The predictions from these
different models however were very different. When the
PLS regression model was applied to the ring-level
spectral data, the model predicted a total of 9648 neg-
ative values. In contrast, the ANN and LGBM models
did not yield any negative predictions in any of the
datasets. For the ring-level spectral data, ANN how-
ever, predicted very high extractives content predic-
tions for some growth rings, with the maximum value
predicted being 69.4%, which again is not a realistic
value, thus rendering ANN unsuitable for making ring-
level predictions for extractives content in southern
pines unless the maximum values were capped to the
measured dataset. The LGBM model performed better
across the entire range of extractives content for
southern pines, and therefore is recommended for
predicting extractives content using NIR spectral data
in southern pines. SHAP (Shapely Additive explana-
tions) identified 10 most important wavelengths with
the absorbance at 1262 nm having a very strong linear
relationship with extractives content, it alone predicted
86% of the variability with an RMSE of 4.0%. This
study reports the first successful application of ANN
and LGBM models for predicting extractives content in
southern pines using NIR spectral data with strong
implications for extractives content predictions from
PLS regression models for future studies. The findings
presented here also demonstrate that an LGBM model
enables more precise and scalable extractives content
predictions, with potential for significant implications
of wood quality assessment in forest product industries,
and future advancements in precision forestry and wood
characterization.
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