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ARTICLE INFO ABSTRACT

Keywords: Loblolly pine (Pinus taeda) is the most important commercial tree species in southeastern U.S. In recent years,
Ash there has been a growing interest in utilizing loblolly pine wood and harvest residues consisting of bark,
Cellulo?e branches, needles, and wood, as a viable renewable feedstock to meet growing energy, chemical, and biomaterial
Eltt:iztell‘;:ose demand. Feedstock chemical compositions affect the conversion efficiency and product yields, but these prop-
Lignin erties are costly and laborious to measure. Calibration models capable of rapid and precise estimation of these
Pinus taeda properties were developed using near-infrared (NIR) hyperspectral imaging data from southern pine forest

Spectral data analysis

harvest residues collected from different physiographic regions and age groups. Partial least squares regression

models showed good cross-validation fit statistics for most measured properties, with 6 of 12 having R%, > 0.9,
thus demonstrating that NIR hyperspectral imaging is a rapid and reliable tool for estimation of chemical
composition. The results reported here have important implications in rapid feedstock suitability analysis for
conversion of southern pine harvest residues to biofuels and bioproducts.

1. Introduction

Society can reduce its reliance on fossil fuels by utilizing sustainably
sourced carbon neutral biomass sources [1,2] to which biomass from
forests is the most common form used to generate energy and bio-
products [3]. In the United States, approximately 320 million dry tons of
forest biomass are harvested annually and these operations generate
approximately 90 million dry tons of forest residues [4,5]. Forest resi-
dues are generally left behind on the forest floor because they have high
collection and transportation costs due to their low bulk density, low
energy density, high moisture content, high ash content, and higher
variability in their chemical composition [6-10]. The high variability in
forest residues result in both logistics and process complications at a
conversion facility which has resulted in limited use of forest residues
outside of direct combustion as fuel for biopower and/or combined heat
and power generation [11].

For forest residues to be utilized in applications beyond combustion,
it is important to know the chemical composition to ensure their

suitability for efficient conversion to biofuels and bioproducts [12]. The
protocols to measure chemical properties require expensive equipment
and have lengthy procedures limiting their use. Rapid techniques for
biomass compositional analysis are needed if these variable forest res-
idue feedstocks are to be better utilized in biorefining applications. NIR
spectroscopy has been successfully employed for rapid characterization
of various properties, including wood chemical properties in many tree
species for the forestry industry [12-18] and biomass properties for the
bioenergy industry [19,20]. Near-infrared spectroscopy hyperspectral
imaging (NIR-HSI) systems are particularly suited to quantifying forest
biomass variability because they combine imaging and spectroscopy
[21-25]. Due to the imaging capabilities in NIR-HSI systems, segrega-
tion of different forest residue types is more feasible in an industrial
setting as these sorting systems are becoming more common for different
applications in agriculture [26-29] and waste sorting facilities [30].
However, these systems have not been used in forest biomaterials fa-
cilities due to technology limitations, and the inclusion of such systems
would require some processing changes within a facility.

* Corresponding author. Warnell School of Forestry and Natural Resources, University of Georgia, Athens, GA, 30602, USA.

E-mail address: jdahlen@uga.edu (J. Dahlen).
! These authors contributed equally to this work.

https://doi.org/10.1016/j.biombioe.2025.108881

Received 7 November 2025; Received in revised form 11 December 2025; Accepted 19 December 2025

Available online 23 December 2025

0961-9534/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nec-nd/4.0/).


https://orcid.org/0000-0002-7088-5946
https://orcid.org/0000-0002-7088-5946
https://orcid.org/0009-0002-7231-4845
https://orcid.org/0009-0002-7231-4845
https://orcid.org/0000-0003-1958-6059
https://orcid.org/0000-0003-1958-6059
https://orcid.org/0000-0002-8818-4822
https://orcid.org/0000-0002-8818-4822
mailto:jdahlen@uga.edu
www.sciencedirect.com/science/journal/09619534
https://www.elsevier.com/locate/biombioe
https://doi.org/10.1016/j.biombioe.2025.108881
https://doi.org/10.1016/j.biombioe.2025.108881
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

S. Raut et al.

In the southeastern U.S., loblolly pine (Pinus taeda) is the most widely
planted and the most economically important tree species because of its
fast growth and high yields [31,32]. Because of this, there has been a
growing interest in utilizing loblolly pine wood and harvest residues as a
renewable feedstock [4,5,33]. The objective of this study was to develop
NIR-HSI calibration models capable of rapidly predicting the monomeric
and polymeric sugars, lignin, extractives, and ash content in loblolly
pine forest residues of both pure (bark, branches, needles, wood) and
mixed fractions in two particle size classes (3 mm round ‘pin chips’ and
7 mm round ‘small accept chips’) [34,35]. This study will provide
important information for non-destructive evaluation of southern pine
forest residues.

2. Materials and methods
2.1. Sample locations

Green southern pine forest residues were collected from five planted
loblolly pine stands. To increase the variability in the residues collected,
stands were sampled from different physiographic regions (Piedmont,
Upper Coastal Plain, and Lower Coastal Plain) [36] and from two age
groups (1st thinning: age 10-15 years; final harvest: age 22+ years)
(Table 1) [16].

2.2. Collection of forest residues

Ten to twelve trees were felled in each stand. The trees were
delimbed and the main stem was cut into approximately 1 m bolts for
handling and transport. In the final harvest stands’ bolts were taken
from heights above 12 m because the wood under 12 m was considered
to be mature wood. In the 1st thinning stands the entire stem was
considered juvenile wood and thus bolts were taken randomly along the
stem. Approximately 400 kg of bolts (wood and bark) and approxi-
mately 100 kg of branches containing needles were collected from each
stand.

2.3. Processing of forest residues

The bolts were placed in a custom-made drum debarker to separate
bark from juvenile wood (referred to as wood for the remainder of the
text), and any remaining bark was manually removed using a chisel.
Needles were handpicked from the branches. Branches, needles, and
wood were separately chipped in the green condition and then sorted
into different size classes (oversized (>45 mm), 16 mm round, 7 mm
round, 3 mm round, and fines) using a TMI Chip Class sorter (RDM Test
Equipment LLC, New Brighton, MN, USA) [34,35]. The oversized ma-
terial was rechipped and sieved again. The materials were weighed after
chipping and then oven dried at 103 + 2 °C (65 + 2 °C for needles) and
then reweighed when the weight stabilized (achieved 0 % MC). Bark was
oven-dried first before chipping and sieving because chipping green

Table 1
Descriptive information of the five stands from where the forest residues were
sourced.

Stand  Region Age Category Latitude Longitude
(yrs)

1 Upper coastal 35 Final 33.30799 —81.74788
plain harvest

2 Lower coastal 15 Ist 30.745509 —81.883691
plain thinning

3 Piedmont 12 Ist 33.4311397  —83.4579118

thinning

4 Lower coastal 24 Final 33.2650808 —79.4235915
plain harvest

5 Piedmont 22 Final 34.594429 —80.9371121

harvest
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bark did not yield enough 3 and 7 mm round particles to match other
biomass types.

2.4. Forest residue processing and blending

From each stand, only the 3 mm round and the 7 mm round chipped-
material size classes were used while making pure or mixed fractions
because the 16 mm size class consisted mostly of wood; thus the 16 mm
size class did not yield a sufficient amount of useable materialfor every
forest residue type, especially for bark and needles. For each of the five
forest residue types (4 pure and 1 mixed), 2 kg of material per stand were
used in this study, and the rest of the materials were used for grinding
energy efficiency studies. The mass distribution of the material in each
forest residue type and their respective chip-size classes (3 mm round
and 7 mm round) from the original collected material was calculated
and then mixed fractions were made by mixing chipped pure forest
residue material based on this mass distribution (Table 2). A flowchart
illustrating the steps involved in collecting, processing, and blending of
different forest residues is shown in Fig. 1.

2.5. Hyperspectral image collection

A push broom near-infrared (NIR) hyperspectral camera with an
InGaAs sensor (Specim FX17, Specim Spectral Imaging Ltd., Oulu,
Finland) and lens (Specim OLET 17.5 f/2.1) was used to scan chipped
materials. The device collected spectral data across 224 wavelengths
ranging from 931 to 1718 nm at 3.5 nm intervals. The working distance
of the camera was 230 mm from the sample. Two sets of tungsten
halogen lamps positioned 240 mm from the samples, each containing 3
bulbs, were used to illuminate samples at an angle of 45°. Sample
movement and image acquisition were managed using application
software (Specim Lumo) provided with system. A dark current (camera
shutter closed), and a white reference were collected before acquiring
each image for intensity calibration. The scanning speed was set at
12.00 mm/s while the exposure time was set to 5.25 ms. This exposure
time was selected so that the white reference peak value reached
approximately 85 % of the detector range (0-4095, bit depth = 12) to
ensure optimum linear dynamic range utilization. All chipped materials
were conditioned in a temperature and humidity-controlled room (22 °C
and 52 % RH) to achieve a moisture content (MC) of about 10 % (dry-
basis) before scanning. The conditioned samples were loaded to a depth
of approximately 7 mm on an anodized black aluminum tray for scan-
ning. The camera was focused at a depth of 7 mm above the aluminum
tray, and the depth of field for the imaging setup is approximately 13
mm, thus material above or below the focal plane was in focus except for
very tall particles. Each raw image had dimensions of 640 and 1960
pixels corresponding to approximately 187 and 574 mm in width and
length captured in each image, respectively.

Table 2
Composition of bark, branches, needles, and wood by weight in a representative
forest residue sample for each stand.

Size class Stand Bark Branch Needle Wood

3 mm 1 0.11 0.3 0.12 0.47
2 0.18 0.29 0.14 0.4
3 0.17 0.45 0.2 0.18
4 0.25 0.38 0.17 0.2
5 0.21 0.3 0.23 0.27
Mean 0.18 0.34 0.17 0.3

7 mm 1 0.01 0.11 0.01 0.87
2 0.02 0.17 0 0.81
3 0.03 0.33 0.01 0.63
4 0.05 0.24 0.05 0.66
5 0.06 0.21 0.07 0.66
Mean 0.03 0.21 0.03 0.73




S. Raut et al.

Forestresidues

Biomass and Bioenergy 208 (2026) 108881

Approx. 500 kgs of

collected from five
planted loblolly

10-12 trees were felled and
delimbed

material was
collected from

pine stands

each stand

h 4

Approx. 400 kgs of bolts
(wood and bark)

l

h 4

Approx. 100 kgs of branches
(containing needles)

l

using a chisel

Bark was removed from the bolts usinga drum
debarker—any remaining bark was manually removed

Needles were handpicked
from branches

l

A 4

Wood, branches, and needles were
separately chipped in green condition, then
sorted into different size classes

Bark was chipped and sorted into
different size classes after oven-drying

l

|

A 4
Chipped material was sorted into size
classes:
- Oversized (>45mm) (rechipped)
- 16 mm round

Pure and mixed fractions from 3
and 7 mm size classes were
used here

- Bark (3 mmand 7 mm)

- 7mmround
- 3mm round
- Fines

V

- Branches (3mmand 7mm)
- Needles (3mmand 7 mm)
- Wood (3 mmand 7 mm)

- Mixed (3 mmand 7 mm)

4

Material scanned on near-infrared

hyperspectralimaging system (Specim FX-17)

—_— | Chemical properties measured

Fig. 1. A flowchart showing the steps involved in collecting, processing, and blending of different forest residues.

2.6. Hyperspectral image processing and spectral data collection

The hyperspectral images were processed in Python version 3.9
(Python Software Foundation, https://www.python.org/) on the Spyder
interface [37]. Libraries used were NumPy [38], OpenCV [39], pandas
[40], SciPy [41], and Spectral Python (SPy) [42]. Each image was
calibrated with the measured dark and white reference signals:

_Ro—D

R_WfD

(€8]

where R represents the relative diffuse reflectance, Rg is the measured
diffuse reflectance, D represents the dark current reference signal, and W
is the white reference signal. Spectral data in the range 931-942 nm was
removed due to poor image quality. Each image was cropped to 540
pixels in width and 1910 pixels in length to reduce the edge effects.
Pseudo-color images of bark (red = 1325 nm, green = 1424 nm, blue =
1438 nm), branches (red = 1124 nm, green = 1488 nm, blue = 1537
nm), needles (red = 1343 nm, green = 1378 nm, blue = 1467 nm), wood
(red = 1096 nm, green = 1286 nm, blue = 1467 nm), and the mixed
fraction (red = 1096 nm, green = 1286 nm, blue = 1467 nm) are shown
in Fig. 2.

To isolate the tray from the samples, the standard deviation of each
pixel relative diffuse reflectance spectra was calculated, and the image
was smoothed using a 5 x 5 median filter which resulted in one value

per pixel. Each pixel that had the standard deviation value less than 0.04
was considered the background (tray) and set to 0. A mask was then
created where pixels with a value of 0 were the background and all the
other pixels were converted to a value of 1 through thresholding. Hi-
erarchical contour retrieval models [43] were applied to detect contours
in the image and contours with area less than 500 were removed. This
resulted in a mask where the background was removed and only the
samples remained. Pixel values from each background-removed image
were averaged to provide a single diffuse reflectance spectrum for each
tray scanned. A total of 100 trays (80 pure fractions and 20 mixed
fractions) were scanned with duplicate scans of the different forest
residue/size classes. The duplicate spectra were averaged to give a single
spectrum, therefore, a total of 50 unique diffuse reflectance spectra were
collected that were utilized for developing NIR models. Each diffuse
reflectance spectrum (R) was transformed to pseudo absorbance (A)
(referred to as absorbance for the remainder of the text) (Fig. 3) using
the equation:

1
A =log,, (ﬁ)

Using the Savitzky-Golay approach [44] with left and right gaps of 4
points applied to the absorbance data, a first and second derivative
spectra pretreatment was calculated which generated 212 X-variables.
This approach resolved peaks which overlapped substantially in the

(2
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Fig. 2. Pseudo-color images from the hyperspectral imaging setup for bark, branches, needles, wood, and the mixed fraction from the 7 mm size class. (For
interpretation of the references to color, refer to manuscript text where this figure is referenced.)
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Fig. 3. Forest residue averages for absorbance, first derivative, and second
derivative spectra.

original spectral data [45]. The absorbance, first derivative, and second
derivative data were utilized to fit NIR models to the chemical compo-
sition reference data.

2.7. Chemical composition

The pure and mixed chipped materials were ground in a SM Retsch
2000 cutting mill (Retsch GmbH, Haan, Germany) to pass through a 1-
mm sieve size. Approximately 1.5 g of ground material was placed in
an F57 filter bag (ANKOM Technology, Macedon, NY, USA) and heat
sealed using an impulse sealer. Four replicates were made for each forest
residue of each size class. The net oven dry weight (0 % MC) of the
ground material inside the filter bags was recorded using a digital scale.

The filter bags containing samples were then placed in a Soxhlet
extractor and exhaustively extracted, sequentially in hexane, acetone,
and ethanol. All samples were extracted for at least one day in each
solvent. The post-extraction net oven-dry weight was recorded and used
to calculate extractives content (%) on a dry-basis:

Weight,, — Weight,,
Weight,,

Extractives content (%) = x 100 3)

where Weightop is the net oven-dry weight of the ground material
before extraction and Weight opg is the net oven-dry weight of the
ground material after extraction. Determination of structural carbohy-
drates (glucan, xylan, galactan, arabinan, and mannan) and total lignin
was done following the procedures outlined in Ref. [46] and reported on
a dry-basis. All structural carbohydrate and lignin measurements were
done in duplicate. Cellulose content was then calculated using the for-
mula provided by Easty and Malcom [47]:

Cellulose = Glucan — (% X Mannan) (€)]

Hemicellulose content was calculated by subtracting the cellulose
quantity from the sum of the sugars. Holocellulose content was calcu-
lated as the sum of all sugars. Cellulose content was also determined
using the diglyme-HCl method with a supplemental bleaching step as
outlined in Cullen and Macfarlane [48]. Ash content was determined
from five replicates at 600 °C [49,50].

2.8. Statistical analysis and near-infrared spectroscopy models

A correlogram was constructed to display significant Pearson cor-
relations. Partial least squares regression (PLSR) calibration models with
amaximum of 10 factors considered were developed to predict variation
in each measured property using the NIR absorbance, first derivative,
and second derivative data. The PLSR models are reported two ways, the
first being that cross-validation was conducted by reserving the spectral
and reference data for all forest residues from one stand (five forest
residue types, two size classes; hence, 10 data points kept as cross-
validation) in each iteration which continued until data from all five
stands had been used as the cross-validation set. The coefficient of
determination of cross-validation (R,?v) and root mean square error of
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cross-validation (RMSECV) are reported for the first approach. The best
model (first derivative, second derivative) was used to make the plots for
each property shown in the results section; note that absorbance never
provided the best model. In the second approach, data was split into a
training set containing four stands (stands 2-5) with an independent test
set containing one stand (stand 1). Here the Rgv, RMSECV, coefficient of
determination of prediction (RIZ,) and root mean square error of predic-
tion (RMSEP) are reported for the first and second derivative data.
The variable importance on projection (VIP) for each wavelength
was calculated from the best models from the first approach to modeling
(cross-validation was conducted by reserving the spectral and reference
data for all forest residues from one stand). The peaks in the VIP values
were found and the four highest peaks from each model are reported
here. For each reported peak, the bond vibration and forest residue cell
wall polymer (if known) are also reported, because smoothing may
result in subtle shifts in the band position of the peaks, we considered
peaks within 5 nm of what has been reported in the literature, and
immediately neighboring peaks were grouped together for different
properties [45,51]. The correlogram and the PLSR models were devel-
oped in R statistical software [52] using the R Studio interface [53]. The
packages utilized were the tidyverse collection of packages [54], pls
[55], pracma [56], plsVarSel [57], signal [58], and gridExtra [59].

2.9. Chemical properties visualization

The best models for each property were used to visualize the spatial
variation on the NIR-HSI images. Each non-background pixel in the NIR-
HSI image was converted to the first or second derivative using the
procedures previously described, and then the model was used to predict
the chemical content. The predictions were constrained by 90 % of the
minimum and 110 % of the maximum measured values, and then saved
as a png file.

3. Results

The Pearson correlations ranged from —0.72 to 0.98 with non-
significant correlations (p-value >0.05) being shown with a ‘X’ in
their box (Fig. 4). The strongest positive correlation was cellulose
determined from the HPLC [46,47] with holocellulose, given

S
g
= £ g g 4
8 8 3 2 2 2 5 £ & 5 § =
- 8 5 s & 0§ = © £ g
2 2 5 ¢ &8 £ 5 3 & £ 8§ §
§ § £ 2 £ & 2 & % &8 x = )
Cellulose — Diglyme (%) 1.00 0.96 0.85 0.95 057 X2 097 086 X 0.88
0.8
Cellulose (%) | 1.00 0.87 098 X -0.72 -0.57 100 090 X X 081
Hemicellulose (%) 1.00 0.95 >< >< >< 0.87 L
Holocellulose (%)  1.00 M -0.75 -0.58 098 093 X X 086 04
Klason lignin (%) 1.00 054 | X7 | X | 067 0.58 |-

Extractives (%) 1.00 0.88 -0.71 -0.72 -0.63 X

o

Ash (%) | 1.00 | -0.56 -054 -0.59 X X
Glucan (%) | 1.00 089 X X 084

Xylan (%) 100 X X071 04

Galactan (%) 1.00 0.64 X 06
Arabinan (%) 1.00

Mannan (%) 1.00

Fig. 4. A correlogram for the chemical properties measured in this study.
Significant Pearson correlations (p-value <0.05) shown as text with non-
signficant correlations (p-value >0.05) shown with a ‘X’ in their box.
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holocellulose is the sum of cellulose and hemicellulose from HPLC this
finding was logical. Cellulose via diglyme and cellulose via HPLC was
very strongly correlated (r = 0.96) which suggests that measuring cel-
lulose via diglyme-HCI with a supplemental bleaching step can provide
reliable estimates of cellulose measured via HPLC in the same samples,
which is otherwise more challenging to measure as it requires costly
equipment. The strongest negative correlation was found between ex-
tractives and HPLC cellulose (r = —0.72), glucan (r = —0.71), and xylan
(r = —0.72), this finding is logical because needles have the highest
amount of extractives (~30 %) but relatively low cellulose content
(~22 %).

The PLSR models developed for chemical composition data
measured from different forest residue types and size classes yielded
models of varying quality (Tables 3 and 4). There were subtle differences
between the fit statistics developed using absorbance, first derivative,
and second derivative spectra for the cross validation only models. The
cross-validation only models differed marginally from those developed
using separate training and testing datasets, as such we will only discuss
the cross-validation models moving forward. Models with RZ, values
above 0.9 were considered very good/excellent, those between 0.80 and
0.90 were considered good, those between 0.6 and 0.79 were considered
fair/satisfactory, and any model with an R%, value below 0.6 was
considered poor [60]. For the structural compounds (Fig. 5), cellulose
had the best fit statistics, with the diglyme-HCI measured cellulose being
similar to HPLC cellulose (R%, 0.97 vs 0.96, RMSECV 1.3 % vs 1.6 %).
Models for total lignin (RgV 0.94, RMSECV 1.7 %) and holocellulose (RfV
0.93, RMSECV 3.5 %) also had excellent fit statistics. The lignin model
performed better than holocellulose across the different forest residue
fractions with some additional variation present in the prediction of
bark lignin content. In contrast the hemicellulose model (R%, 0.75,
RMSECV 2.8 %) was considerably noisier due to some individual sugars
having excellent or good models, while others (arabinan, galactan, and
mannan) were noticeably poorer.

The individual sugar models had varying fit statistics ranging from
excellent to fair (Fig. 6). Glucan had excellent fit statistics (R.fV =0.97,
RMSECV = 1.6 %) with the performance essentially mirroring the HPLC
cellulose model. The glucan model performed well across the different
forest residue fractions with some variation in the prediction of bark
glucan content. Xylan had good fit statistics (R%, = 0.89, RMSECV = 0.7
%) but relative to glucan had more variation across the different forest
residue fractions. In contrast, the models for galactan (R, = 0.65,
RMSECV = 0.6 %) and mannan (RgV = 0.65, RMSECV = 1.7 %) can only
be considered fair and used for preliminary screening, and both had
considerable variation across the different forest residue fractions. The
arabinan model (R%, = 0.55, RMSECV = 0.6 %) was poor and generally
under predicted the mixed fraction values relative to the measured
values.

The extractives model had the best R%, (0.98) for all of the measured
properties with only minor variation in the prediction of the extractives
content of needles (Fig. 7). The excellent performance of the extractives
model would make it suitable for quality control purposes. Ash had good
fit statistics with R, of 0.81 and RMSECV of 0.5 %. There was some
variation across the different forest residue fractions for ash, with the
mixed fraction predictions being underestimated relative to the
measured values.

The wavelengths of importance for the NIR models as determined by
variable importance on projection (VIP) is shown in Table 5, from each
model the top four peaks are reported here. Eleven out of seventeen of
the identified wavelengths have known bond vibrations, and ten of these
have a known cell wall polymer or analyte associated with the bond
vibration. The model for lignin had the most direct link to wavelengths
of importance identified to lignin, as all of the wavelengths are either
solely associated with lignin (1170, 1417, and 1683 nm) or associated
with all cell wall polymers (1346 nm). Fourteen of the identified
wavelengths are relatively short (<1486 nm) and these wavelengths are
associated with differences in particle size and color [45,51], both of
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Table 3
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Partial least squares regression (PLSR) model fit statistics for chemical composition data with the cross validation applied at the stand level; the best model for each

analyte is highlighted in bold (lowest RMSECV).

Absorbance First derivative Second derivative
Cell wall polymer or analyte (%) No. of factors R%, RMSECV (%) No. of factors RZ, RMSECV (%) No. of factors RZ, RMSECV (%)
Cellulose — Diglyme (%) 6 0.97 1.3 6 0.97 1.3 5 0.97 1.5
Cellulose (%) 5 0.96 1.6 5 0.96 1.6 2 0.96 1.7
Hemicellulose (%) 3 0.73 29 2 0.74 2.9 3 0.75 2.8
Holocellulose (%) 3 0.92 3.8 3 0.92 3.7 3 0.93 3.5
Klason lignin (%) 6 0.92 1.9 4 0.94 1.7 3 0.92 1.9
Extractives (%) 5 0.95 2.3 10 0.98 1.4 9 0.97 1.7
Ash (%) 5 0.76 0.5 4 0.81 0.5 4 0.81 0.5
Glucan (%) 6 0.97 1.6 5 0.97 1.6 5 0.96 1.8
Xylan (%) 5 0.86 0.8 4 0.86 0.8 4 0.89 0.7
Galactan (%) 4 0.40 0.8 10 0.49 0.7 8 0.65 0.6
Arabinan (%) 9 0.52 0.6 7 0.54 0.6 7 0.55 0.6
Mannan (%) 3 0.64 1.7 1 0.65 1.7 3 0.61 1.7

Table 4

Partial least squares regression (PLSR) model fit statistics for chemical composition data with the training set (stands 2-5) and testing set (stand 1); the best model for

each analyte is highlighted in bold (lowest RMSEP).

First derivative

Second derivative

Cell wall polymer or analyte (%)  No. of factors RZ, RMSECV (%)  R3 RMSEP (%)  No. of factors R, RMSECV (%) R} RMSEP (%)
Cellulose - Diglyme (%) 4 0.96 1.6 0.98 1.2 4 0.96 1.7 0.97 1.2
Cellulose (%) 3 096 1.6 094 1.8 1 0.95 1.8 096 1.6
Hemicellulose (%) 3 074 2.6 0.81 2.9 3 074 26 079 3.0
Holocellulose (%) 3 0.93 3.4 0.94 3.4 3 093 3.4 094 35
Klason lignin (%) 4 0.94 1.7 0.90 1.4 4 0.93 1.9 0.90 1.4
Extractives (%) 3 095 23 097 1.8 7 096 2.1 099 1.0
Ash (%) 4 0.87 0.4 045 05 4 0.87 0.4 051 0.5
Glucan (%) 3 096 1.8 0.95 1.9 3 096 1.9 095 1.9
Xylan (%) 7 093 06 090 0.6 7 094 0.5 0.95 0.5
Galactan (%) 10 077 05 0.85 0.4 8 0.80 0.5 0.75 0.5
Arabinan (%) 7 0.58 0.6 0.40 0.6 5 0.54 0.6 034 0.7
Mannan (%) 1 0.66 1.5 0.60 2.1 3 066 1.5 0.60 2.1

which can be quite different for forest residues. Three of the four
wavelengths were the same for cellulose - diglyme and HPLC cellulose
(966, 1128, 1339 nm), which again illustrates the similarities in the
measurements.

Fig. 8 shows the predictions of cellulose (HPLC) and lignin from one
sample of the mixed fraction in the 7 mm size class. The top image is the
pseudo color image, note that pieces of bark appear more blue in color
due to the wavelengths selected for the pseudo color image. The middle
image is the cellulose prediction, and here both bark pieces as well as
needles have low predicted cellulose content. Lignin content is shown at
the bottom of the figure and here bark pieces have high lignin content in
contrast to the branches, needles and wood. Earlywood and latewood
can be differentiated from each other on some of the wood chips based
on the predicted values. Additionally, the predicted values vary with the
different surfaces (transverse vs radial or tangential) on some of the
wood chips. A model that was focused on accurate prediction of indi-
vidual chips would need further work to be accurate as the transverse
surfaces of the wood chips sometimes appear to show a high cellulose
(>45 %) and lignin content (>50 %) which is not realistic.

4. Discussion

In this paper, we developed chemometric models using a push-broom
NIR-HSI system for forest residues with both pure forest residues of bark,
branches, needles, and wood, as well as mixed fractions which contained
a mixture of the different forest residues. To our knowledge, this is the
first paper that uses NIR-HSI to predict chemical properties on forest
residues that contain the major forest residue fractions produced by
trees.

There are a wide variety of papers published that utilize NIR and
NIR-HSI to predict properties from different energy crops [61-64] and

forest residues. For bark, Schimleck and Yazaki [65] used a benchtop
NIR system to predict extractives of the bark in radiata pine (Pinus
radiata) and found good relationships (standard error of predictions
(SEP) ranged from 1.5 to 2.1 %). Also working with radiata pine, Bridson
et al. [66] used a benchtop NIR system to predict the hot water ex-
tractives (RMSECV 2.6 %), ash (RMSECV = 0.4 %), gross calorific value
(RMSECV = 0.2 MJ/kg), and total phenolics (RMSECV = 39 mg/g) from
bark and found good relationships. So and Eberhardt [67] used a
benchtop NIR system to predict the amount of inner bark to total bark
content and found reasonable results (RMSEP = 19.5 %) which could
then be used to predict chemical components. A literature search on
branches and NIR resulted in no results for chemical properties, however
Barotto et al. [68] utilized a benchtop NIR on Eucalyptus globulus and
Eucalyptus viminalis branches to predict anatomy, hydraulic, and phys-
ical properties. For both bark and branches, we were not able to find any
studies using NIR-HSI to predict chemical properties, however Xue et al.
[69] used NIR-HSI for species identification using bark. Considerably
more NIR studies have been conducted on needles, with most work
being done using NIR-HSI systems in remote sensing applications to
study plant stress as it relates to water content [70,71], nutrient content
[72-74], chlorophyll concentration [75], blight [76], and as a surrogate
to fusiform rust resistance [77].

With respect to wood, considerably more research has been con-
ducted using NIR and to a lesser extent NIR-HSI for chemical property
variability [78-81]. Schimleck and Tsuchikawa [82] provide a
comprehensive summary of studies utilizing NIR, and Schimleck et al.
[78] provide a similar study of NIR-HSI applications. Axrup et al. [83]
scanned wood samples on a moving conveyer belt with a low cost NIR
diode system and concluded it could be used to monitor material
properties. Specific to NIR-HSI, Thumm et al. [13] mapped the chemical
composition of radiata pine using NIR-HSI from samples collected from
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Fig. 5. Measured vs partial least squares regression (PLSR) model predicted
diglyme-HCI cellulose, HPLC cellulose, hemicelluloses, holocellulose, and total
lignin using spectral data collected from samples of different residue types. The
dashed black line denotes the line of equivalence.

disks. They found strong relationships for Klason lignin (Rf, = 0.78, SEP
= 0.96 %) and reasonable relationships for cellulose, glucose, and some
of the hemicellulose sugars. For loblolly pine wood and using a benchtop
NIR system, Acquah et al. [12] measured the same chemical properties
as reported here and found similar relationships, with some models
having better performance while others having worse. Given the
different forest residues and instruments used, comparisons between
studies can be challenging.

The use of NIR-HSI systems in biomass facilities could significantly
improve quality control procedures for a facility that utilizes forest
residues. Current quality control procedures for facilities take several
forms, with some form of visual inspection of loads happening to qual-
itatively evaluate the types of forest residues found within each load.
Facilities may also take random samples and evaluate the presence or
absence of different forest residues and their particle size. NIR-HSI could
be substituted for these tasks such that all loads entering a facility can be
screened and their properties predicted, loads that do not meet stan-
dards could be rejected, or their price per unit be decreased. A major
technical barrier for scanning loads entering a facility would be handling
both closed top and open top trailers, and the variability in the height to
which material is loaded within a trailer. Unlike a conveyor within a
plant where the height of the material can be reasonably controlled,
material within a trailer will have a wide variability in the surface
topography, and thus it would be important to determine which mate-
rials within the image are reasonably within the depth of field. This
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could be accomplished by measuring the surface depth and combining
the measurements with the NIR-HSI to determine particles in and out of
focus.

Once material enters a facility the most common method for sorting
is with respect to size. For example, pulp mills screen wood chips for size
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Table 5

Wavelengths of importance for the partial least squares regression (PLSR)
models determined with variable importance on projection (VIP). Bond vibra-
tion and associated cell wall polymer (- means not identified) if identified [45,

51].

Wavelength ~ Bond Vibration Cell wall polymer Properties
or analyte
966 O-H str. second - Cellulose (both),
overtone Glucan, Mannan
1114 - - Holocellulose, Xylan
1128 - - Cellulose (both),
Extractives, Glucan,
Mannan
1170 C-H str. second Lignin Lignin
overtone
1177 - - Cellulose — Diglyme,
Mannan
1339 - - Cellulose (both),
Extractives, Glucan,
Mannan
1346 1st OT C-Hstr. +  Hemicellulose & Lignin
C-H def. All
1364 1st OT C-H str. + Cellulose Holocellulose, Ash,
C-H def. Xylan
1396 - - Arabinan
1403 - - Ash, Xylan, Galactan
1417 1st OT C-Hstr. +  Lignin Lignin
C-H bend
1428 1st OT O-Hstr. +  Cellulose & Water Extractives, Arabinan
H20
1435 1st OT O-H str. Water Galactan
1445 1st OT O-H str. Lignin & Holocellulose, Ash,
Extractives Xylan
1672 1st OT Car-H str. Lignin Holocellulose, Ash,
Galactan, Arabinan,
1683 1st OT C-H str. &  Hemicellulose & Lignin, Extractives
1st OT Car-H str. Lignin
1697 1st OT C-H str. Lignin Cellulose, Glucan,

Galactan, Arabinan

with fines being burned while oversized material is rechipped to further
reduce their size to acceptable dimensions [84]. While the larger sizes
contain a higher amount of wood relative to needles and bark (Table 2),
it is clear that separation by size is unlikely to provide forest residue rich
fractions of materials and thus an air classification system could first be
used to help separate bark and needles from branch and stem wood [85,
86]. For example, Saha et al. [86] sorted forest residues into a light and
heavy sort using air classification and they found that the ‘light’ sort
whereby low density material was screened contained most of the bark,
needles, and consequently the ash. After air classification, NIR-HSI could
be used to further segregate the material. What gets screened would
ultimately depend on the products produced by the facility. Lestander
et al. [87] used NIR-HSI (1000-2500 nm) to predict the extractives
content in wood chips with the intent to demonstrate that chips with
high extractives content could be identified using NIR-HSI and thus
segregated such that they could be processed as a feedstock for chemical
products. They measured extractives content from Scots pine (Pinus
sylvestris) and Norway spruce (Picea abies) wood chips and found strong
relationships (RMSE 1.2 %). For forest residues, this same logic could be
applied such that forest residues that have beneficial (e.g. high extrac-
tives content) or alternatively negative properties (e.g. high ash content)
could be segregated.

5. Conclusions

Forest residues are widely available yet remain underutilized mostly
due to their high compositional variability. Biomass facilities processing
forest residues currently rely on visual load inspections and basic par-
ticle size measurements for quality control which results in inconsistent
feedstock quality and inefficient processing. Near-infrared hyperspectral
imaging as a rapid, non-destructive screening tool offers opportunities

Biomass and Bioenergy 208 (2026) 108881

Fig. 8. Pseudo color image of a 7 mm size class from the mixed fraction (top
image), and the predictions for cellulose measured via HPLC (middle image)
and lignin content (bottom image). (For interpretation of the references to color
in this figure legend, the reader is referred to the Web version of this article.)

for real-time characterization of biomass whereby all loads entering a
facility can be assessed for their physical and chemical properties and
loads that do not meet standards could be rejected or their price per unit
be decreased.

In this study we developed calibration models capable of rapid and
precise estimation of chemical composition in loblolly pine harvest
residues collected from different physiographic regions and age groups
using NIR spectral data. Partial least squares regression models showed
strong cross-validation fit statistics (RgV > 0.9) for 6 out of 12 properties
measured, and thus NIR-HSI can be a rapid and reliable tool for esti-
mation of chemical properties of forest residues. Among the structural
components, cellulose had the best cross-validation fit statistics followed
by total lignin and holocellulose. The hemicellulose model was notice-
ably poorer as some individual sugars (glucan, xylan) had excellent or
good predictive models while others (arabinan, galactan, and mannan)
did not. The extractives model achieved the best cross-validation fit
statistics across all measured properties, showing only minor variation
in predicting extractives content in needles. The results provided here
have important implications in rapid and real-time feedstock analysis in
a facility utilizing southern pine harvest residues. Chemometric models
such as the ones developed in this study can also be integrated with
process parameters in plants to predict product yield and compositions.
Future research could focus on expanding calibration datasets to capture
regional and species-level variability in feedstocks as well as pairing
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NIR-HSI with advanced machine learning and deep learning models to
improve prediction capabilities or be used to segment individual
particles.
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