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Abstract This study developed regional calibration models for the prediction of 
loblolly pine (Pinus taeda) tracheid properties using near-infrared (NIR) spectros-
copy. A total of 1842 pith-to-bark radial strips, aged 19–31  years, were acquired 
from 268 trees from 109 stands across the southeastern USA. Diffuse reflectance 
NIR spectra were collected at 10-mm increments from the radial face of pith-to-
bark strips using a FOSS 5000 scanning spectrometer. A subset of the 10-mm sam-
ples was selected based on the NIR spectra uniqueness and placed in calibration 
(N = 1020) and validation (N = 998) test sets. The samples were macerated and the 
tracheid properties measured using an optical analyzer (Techpap MorFi Fiber and 
Shive Analyzer). Models were created using partial least squares (PLS) regression 
using the calibration samples, and their performance checked using the validation 
set. Prediction PLS models for tracheid length were strong when checked with the 
validation set [Rp

2 = 0.87, standard error of prediction (SEP) = 0.23 mm, ratio of 
performance to deviation (RPD) = 2.8]. Prediction models for tracheid width had 
moderate fit statistics (R2  =  0.61, SEP  =  1.6  μm, RPD  =  1.6), but the SEP was 
similar to the measurement error of the camera (± 2 μm). The NIR wavelengths of 
importance were largely attributed to cellulose. The 1542 nm wavelength explained 
77% of the variation in tracheid length (RMSE = 0.31 mm). These results demon-
strate that NIR spectroscopy models for tracheid length and width can be developed 
from a diverse set of samples and still maintain prediction accuracy.
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Introduction

The southeastern region of the USA produces approximately half of the total 
wood produced in the USA, and approximately 16% of wood consumed world-
wide (Wear and Greis 2002; Zhao et al. 2011). Over 13 million hectares of south-
ern pine, composed of loblolly pine (Pinus taeda), slash pine (Pinus elliottii), 
longleaf pine (Pinus palustris), and shortleaf pine (Pinus echinata), have been 
established (Wear and Greis 2002). Of the southern pines, loblolly pine is the 
most commercially important species owing to its ability to survive on a broad 
range of sites and fast growth (Schultz 1997; McKeand et  al. 2003; Zhao et  al. 
2011). It has been extensively improved for growth and stem quality through 
genetic selection (McKeand et  al. 2003), and research trials have demonstrated 
growth rates of 29.4 m3/ha per year (Borders and Bailey 2001). These fast growth 
rates have led to rotation ages being decreased to 25  years or less (Fox et  al. 
2007), achieving site indexes as high as 32 m (base age 25) (Zhao et al. 2016). 
As rotation ages decrease, there is significant concern regarding the quality of 
wood produced due to a greater proportion of corewood (aka juvenile wood) and 
how its properties can impact the overall performance of wood and fiber-based 
products (White et al. 2009; Moore and Cown 2017). The presence of corewood 
is particularly prevalent in pulpwood, typically harvested during thinning opera-
tions and from treetops at final harvest.

Regarding pulp and paper properties, these are strongly influenced by tracheid 
morphological properties including length, width, and cell wall thickness (Zobel 
and Van Buijtenen 1989; McKenzie 1994; Via et al. 2004; Pulkkinen et al. 2006; 
Smook 2016). Tracheid length affects the tensile strength of paper, and it is criti-
cal for maintaining wet web strength (Niskanen 1998). Tracheid width and cell 
wall thickness have a strong influence on fibers ability to collapse during paper-
making (Paavilainen 1993). Tracheids with larger diameters and thin cell walls 
produce paper with improved strength and smoothness (Wang and Aitken 2001).

Traditional methods used to measure tracheid properties rely on time-consum-
ing sample macerations, typically following the technique described by Frank-
lin (1945) where wood is macerated under elevated temperatures in a solution 
of acetic acid, hydrogen peroxide, and water. Tracheid length is then measured 
via microscope or optical image analyzer (Hirn and Bauer 2006). With a micro-
scope only non-cut tracheids are measured so mean length and width are typi-
cally reported. An optical analyzer does not differentiate between non-cut and 
cut tracheids, and thus, the traditional length metric reported is weighted length 
which is roughly comparable to the mean tracheid length as measured on a micro-
scope (Chen et al. 2016a). To analyze large numbers of samples generated from 
field studies, rapid and cost-effective methods are needed (Schimleck et al. 2003). 
With the SilviScan system, an automated cell wall scanner measures the radial 
and tangential diameters of tracheids, with wall thickness and coarseness then 
calculated from the tracheid diameters and density measurements collected from 
an X-ray densitometry (Evans 1994). As an alternative to the SilviScan system, 
Vahey et  al. (2007) developed a high-resolution wood cell scanner prototype to 
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measure density and tracheid dimensions using only image analysis. Direct meas-
urement of tracheid length has occasionally been done on solid samples (Ladell 
1959; Wilkins and Bamber 1983); however, few studies have utilized this tech-
nique since the introduction of automated fiber analyzers that work on macerated 
samples.

Near-infrared (NIR) spectroscopy has also been used to provide rapid estimations 
of a variety of wood properties (So et al. 2004; Mora and Schimleck 2008; Tsuchi-
kawa and Schwanninger 2013; Tsuchikawa and Kobori 2015). Significant work has 
been conducted on measuring wood chemistry-related information (Raymond and 
Schimleck 2002; Hodge and Woodbridge 2004; Yeh et al. 2004; Jones et al. 2006; 
Tsuchikawa 2007), pulp yield (Schimleck and French 2002; Schimleck et al. 2006), 
specific gravity (Schimleck et al. 2003), microfibril angle (MFA) (Schimleck et al. 
2003; Jones et al. 2005b), and mechanical properties (Gindl et al. 2001; Kelley et al. 
2004; Schimleck et al. 2005; Haartveit and Flæte 2006; Hein et al. 2010).

The use of NIR spectroscopy could be particularly attractive for predicting tra-
cheid length because the common measurement techniques require macerated 
samples, but compared to other wood anatomical properties, it has attracted little 
attention. Schimleck et al. (2004a) analyzed radial strips collected at breast height 
from 14 loblolly pine trees from four sites and found strong relationships between 
measured and NIR-predicted tracheid lengths (coefficient of determination for pre-
diction set (Rp

2) = 0.88, standard error prediction (SEP) = 0.25 mm) and a ratio of 
performance to deviation (RPD) of 2.5. Via et al. (2005b) analyzed approximately 
60 disks collected at various heights from 10 longleaf pine trees from a single 
site and found a good relationship between measured and NIR-predicted tracheid 
lengths (Rp

2 = 0.65, SEP not reported). Inagaki et al. (2012) examined the feasibility 
of using NIR spectroscopy for nondestructive evaluation of fiber length measured 
using a microscope in 50 samples of Eucalyptus camaldulensis from a single tree 
and obtained strong predictions (Rp

2 = 0.98, SEP = 0.012 mm) and a RPD of 2.8. 
Pereira et al. (2015), using an optical fiber analyzer, reported strong predictions for 
fiber length (Rp

2 = 0.94, SEP = 0.007 mm, RPD = 3.9) and fiber width (Rp
2 = 0.90, 

SEP = 0.36 µm, RPD = 3.3) for Acacia melanoxylon collected from 20 trees col-
lected from four sites in Portugal; the samples were obtained from kraft pulp, differ-
ing from most studies which macerate wood fibers using the Franklin (1945) tech-
nique. Altogether, the good model statistics acquired in these studies suggests that 
NIR spectroscopy is a suitable tool for rapid prediction of tracheid and fiber length.

Lacking in the literature are calibration models for tracheid properties developed 
from a broader range of sites that capture the regional variation (Jordan et al. 2008) 
that exists in a given species; capturing this information is critical if NIR is to be 
used more broadly. To explore the feasibility of NIR models incorporating a range 
of sites and species, Hodge and Woodbridge (2004) developed calibration models 
for lignin content from 174 breast height cores from five pine species growing in 
Brazil and Colombia and found strong relationships between measured and NIR-
predicted lignin contents (Rp

2 = 0.91, SEP = 0.4%), indicating that broad-based mod-
els for wood chemistry are feasible. Schimleck et al. (2010) developed calibrations 
for density, microfibril angle (MFA), and modulus of elasticity (MOE) from 370 
breast height cores from 14 pine species samples collected from Argentina, Brazil, 
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Chile, Colombia, and South Africa. The combined species data yielded good rela-
tionships for density (Rp

2 = 0.71, SEP = 47 kg/m3, RPD = 1.8), MFA (Rp
2 = 0.79, 

SEP = 4.7°, RPD = 2.1), and MOE (Rp
2 = 0.86, SEP = 1.5 GPa, RPD = 2.7); these 

results suggest that NIR spectroscopy can be used to develop calibration models 
for wood anatomical, physical, and mechanical properties. Here, the goals of this 
study were to: (1) develop regional calibration models for the prediction of tracheid 
properties (length and width) using NIR from loblolly pine samples collected from 
across the southeastern USA, and (2) explore the relationship between measured tra-
cheid properties and NIR wavelengths associated with cellulose, hemicellulose, and 
lignin.

Materials and methods

Specimen origin

The loblolly pine samples used here are from the Wood Quality Consortium base-
line study (Jordan et al. 2008; Antony et al. 2010); 134 stands were sampled from 
six physiographic regions: (1) Southern Atlantic Coastal Plain, (2) Northern Atlan-
tic Coastal Plain, (3) Upper Coastal Plain, (4) Piedmont, (5) Gulf Coastal Plain, 
and (6) Hilly Coastal region. The stands did not have intensive silviculture applied 
(i.e., fertilization or competition control) with the exception of phosphorus-deficient 
sites that were fertilized at stand establishment. From each stand, three trees were 
felled and 2.5-cm-thick wood disks were cut at 1.5-m intervals from the base to a 
top diameter of 2.5 cm except for the disk at breast height which was extracted at 
1.37 m. Each disk usually yielded two sets of two book-matched pith-to-bark radial 
strips cut 12 mm high by 12 mm wide which were then dried to approximately 12% 
moisture content. For this study, some of the baseline study radial strips were not 
available, having been used in prior studies involving determinations of ring-by-ring 
specific gravity (Antony et al. 2010), microfibril angle (Jordan et al. 2007), the fea-
sibility of using NIR spectroscopy for measuring tracheid length (Schimleck et al. 
2004a), tracheid morphology obtained from SilviScan (Schimleck et  al. 2004b; 
Jones et  al. 2005a), and wood chemistry (Jones et  al. 2006). Unfortunately, some 
radial strips were found to have blue stain and were therefore excluded because blue 
stain has been shown to cause erroneous relationships with NIR spectroscopy (Via 
et al. 2005a). Altogether, a total of 1842 radial strips from 268 trees and 109 stands 
were available for this study (Fig. 1). Table 1 shows the breakdown of radial strips 
and a summary of the tree information for this study.

Near‑infrared spectroscopy

A FOSS NIRSystems Model 5000 scanning grating spectrophotometer (FOSS 
NIRSystems, Inc., Laurel, MD) with a diffuse reflectance static module was used to 
scan the wood strips on the radial face. The spectra were collected at 2-nm interval 
over the wavelength range 1100–2500 nm. The instrument reference was a ceramic 



449

1 3

Wood Sci Technol (2018) 52:445–463 

standard provided by the manufacturer. Radial strips were conditioned for at least 
4 weeks in a 20 °C and 40% relative humidity-controlled environment room (~ 7.7% 
moisture content). To concentrate the light on a constant area of the sample, a Tef-
lon mask with a window measuring 5 mm high × 10 mm wide was applied to allow 
for 10-mm NIR scans from pith to bark. Fifty scans were completed and averaged 
to attain a single spectrum for each 10-mm section. Each radial strip was marked 
into 10-mm sections from pith to bark on the transverse face prior to NIR scanning. 
Following each 10-mm scan, the radial strips were moved 10-mm radially using a 
custom-made auto-sampler consisting of a Parker servo motor and controller, and a 
linear stage; this system allowed for the pith-to-bark scans at 10-mm intervals (Jones 
et al. 2007). The NIR scanning was done in the controlled environment room.

Fig. 1  Location of the 109 loblolly pine stands sampled from across the southeastern USA

Table 1  Stand characteristics and locations

Region: 1 = Lower Coastal Plain, 2 = North Atlantic, 3 = Upper Coastal Plain, 4 = Piedmont, 5 = Gulf 
Coastal Plain, 6 = Hilly Coastal

Region N Age DBH (cm) Height (m)

Stands Trees Disks 10-mm sections Macerated Mean SD Mean SD Mean SD

1 32 76 403 2503 487 22 1.6 23.8 4.7 20.6 2.5
2 7 17 105 710 164 22 1.9 24.3 3.7 18.1 2.7
3 12 29 233 1508 266 23 1.5 23.1 4.5 19.2 3.1
4 16 27 129 750 162 23 1.9 23.2 4.3 18.0 1.8
5 16 45 342 1943 317 23 3.6 20.4 3.8 18.9 2.7
6 26 74 630 4014 622 23 3.2 23.2 4.3 19.5 2.9
Overall 109 268 1842 11,428 2018 23 2.4 23.0 4.5 19.4 2.8
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The 1842 radial strips produced 11,428 NIR spectra. The NIR spectra pre-
treatment used was a second derivative with left and right gaps of 4 nm using the 
Savitzky–Golay approach (Savitzky and Golay 1964). Because it was not feasi-
ble to macerate all 10-mm sections, principal component analysis (PCA) and the 
Duplex sample selection technique (modified Kennard-Stone) (Kennard and Stone 
1969; Snee 1977) were used to split the 10-mm samples into calibration and val-
idation sets. The Duplex algorithm selects the most unique samples based on the 
Mahalanobis distance, which helps ensure that the calibration and validation sets 
contained samples representative of the population while still maintaining independ-
ence between the calibration and validation sets (Snee 1977; Mora and Schimleck 
2008). To further maintain independence with the data, when a 10-mm section was 
selected from a radial strip for the calibration set, other 10-mm sections from the 
same radial strip were not included in the validation set, and vice versa. The 11,428 
10-mm sections were split into calibration (N  =  547), validation (N  =  547), and 
the prediction sets (N = 10,334). Following the sample selection procedure, all of 
the samples collected from the breast height disks (1.37 m) were also included for 
maceration. These samples were removed from the prediction set and placed into the 
calibration or validation set as determined by the sample selection algorithm. Thus, 
the study consisted of a calibration (N = 1020), validation (N = 998) and prediction 
(N = 9410) set. No samples from the final prediction set were macerated and ana-
lyzed for tracheid properties.

Tracheid properties

Following the sample selection procedure, the selected sections for the calibration 
and validation sets were cut from the radial strips into individual 10-mm sections 
using a razor blade. The sections were further cut into 2-mm sections using a razor 
blade. The samples were then macerated with 30  mL of 50% hydrogen peroxide, 
20 mL of water, and 50 mL glacial acetic acid at 60 °C for 48 h (Franklin 1945). 
The maceration schedule was selected after several trials with different times and 
temperatures; the final schedule worked well at separating but not deteriorating the 
tracheids. After 48  h, the tracheids and chemicals were cooled to room tempera-
ture; then, the tracheids were separated from the pulping chemicals using a Buchner 
funnel, rinsed with approximately 1.9 L of water, and then, the acidic spent chemi-
cals and the rinse water were neutralized with sodium carbonate. The rinsed trac-
heids were gently shaken in water for a few seconds to further separate them from 
each other and then diluted with approximately 1 L of water prior to analysis. It was 
observed that the tracheids would begin to break down if left in the room-temper-
ature maceration solution for more than 2 days following the maceration process; 
thus, the samples were all neutralized within 2 days. The macerated samples were 
analyzed using a TechPap MorFi Compact Fiber and Shive Analyzer with a 4-µm 
resolution camera (Techpap SAS, France) to assess tracheid properties. The equip-
ment measured the number of tracheids, frequency of tracheids, tracheid length, and 
width using image analysis. To further separate the tracheids from each other, it was 
found that running the tracheids through the MorFi for approximately 2 min prior to 
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image analysis would result in complete separation of the tracheids from each other. 
For each sample, approximately 2500 tracheids were analyzed. The length-weighted 
tracheid length and the width-weighted tracheid width were used for the calculations 
instead of the mean value to minimize the effect of fines and cut tracheids (Carvalho 
et al. 1997). Length-weighted tracheid length is calculated by:

where Ll is length-weighted tracheid length,  ni is number of tracheids in the ith class, 
and li is the mean length of the ith class (Carvalho et al. 1997), and width-weighted 
tracheid width was calculated similarly.

Calibration and prediction of tracheid properties

All statistical analysis was conducted using R (R Core Team 2017) with RStudio 
interface (RStudio 2017) and the following packages: chemometrics (Varmuza and 
Filzmoser 2009), dplyr (Wickham and Francois 2016), ggmap (Kahle and Wick-
ham 2013), ggplot2 (Wickham 2009), pls (Mevik et  al. 2013), prospectr (Stevens 
and Ramirez-Lopez 2013), and signal (Signal developers 2013). Calibration mod-
els were developed on the original and the smoothed second-derivative data using 
PLS regression with four cross-validation segments and a maximum of 10 factors 
considered. The final number of factors was determined based on the standard error 
of cross-validation (SECV) (determined from the residuals of the final cross-vali-
dation), the root-mean-square error of cross-validation (RMSECV), the coefficient 
of determination of cross-validation (R2), and the RPD for the cross-validation 
(RPDcv) (Williams and Sobering 1993). The RPDcv was calculated as the ratio of 
the standard deviation of the reference data to the SECV. Determination of RPDcv 
allows comparison of calibrations developed for different wood properties that have 
differing data ranges and units, the higher the RPDcv, the more accurate the data are 
described by the calibration (Granato and Ares 2013).

The performance of the calibration models was examined by predicting the wood 
properties of the validation set samples. The standard error of prediction (SEP) 
(determined from the residuals of the predictions for the validation set) was calcu-
lated and gives a measure of how well a calibration model predicts parameters of 
interest for a separate set of samples (i.e., samples not included in the calibration 
set). The predictive ability of the calibration models was assessed by the coefficient 
of determination (Rp

2) and calculating the RPDp, which is similar to the RPDcv but 
uses the standard deviation of the validation set reference data, and the SEP.

Jones et al. (2005a) demonstrated that the prediction accuracy of tracheid prop-
erty predictions for new sites can be improved considerably when the addition of 
one sample from the new site is added to the calibration model. A calibration model, 
if built from a large enough sample size, may be able to be applied to new sites with-
out the addition of new samples added to the model. To determine whether this was 
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effective, separate calibration models for tracheid length and width were constructed 
from samples collected from an individual region and then applied to samples from 
the other regions. Thus, the prediction accuracy was determined when NIR calibra-
tion models, built from large datasets, are applied to new datasets.

In order to attribute NIR wavelengths of importance to those wavelengths associ-
ated with wood chemistry information, NIR bands were assigned via a quantitative 
approach. For each wavelength (1100–2500 nm), linear regression models were con-
ducted to relate tracheid length with each band. The linear regression model coef-
ficient of determination (R2) was plotted for each wavelength and the peaks (local 
maxima) found through the derivatives. The local maxima peaks with R2  >  0.35 
were considered initially as bands of importance and then compared to the assign-
ments compiled by Schwanninger et  al. (2011). The bands that were local max-
ima but those not assigned to cellulose, hemicellulose, or lignin by Schwanninger 
et al. (2011) were removed from consideration because the intent was to find those 
wavelengths attributed to wood chemistry as found in the literature. Multiple lin-
ear regressions models using stepwise regression were constructed between tracheid 
properties and the identified bands of importance.

Results and discussion

Tracheid properties for the calibration and validation datasets are presented in 
Table 2; these summary statistics are based on measurements of approximately 5.1 
million tracheids. A total of 1020 NIR spectra were used to develop the calibration 
model, and 998 NIR spectra, representing samples from different radial strips, were 
used for the validation set. Mean tracheid length for the calibration set was 2.26 mm 
with standard deviation of 0.65 mm, while the validation set had a mean of 2.28 mm 
and standard deviation of 0.63 mm. The range in tracheid length for the calibration 
(1.06–4.00 mm) and validation (1.06–3.82 mm) sets is similar. Tracheid width had a 
mean of 40.3 µm and standard deviation of 2.9 µm for the calibration set, and mean 
of 41.1 µm and standard deviation of 2.6 µm for the validation set. Calibration and 
validation datasets had similar summary statistics for both properties, indicating that 
the duplex sample selection algorithm (Snee 1977) successfully selected calibration 
and validation samples with similar tracheid property variation using the variation 
present in the NIR spectra. The ranges for tracheid width were also similar between 
the calibration (31.9–48.9 µm) and validation (33.4–47.6 µm) sets.

Table 2  Summary statistics of tracheid length (mm) and tracheid width (µm) for the calibration and vali-
dation sets

Property Calibration set Validation set

N Mean Min Max SD N Mean Min Max SD

Tracheid length (mm) 1020 2.26 1.06 4.00 0.65 998 2.28 1.06 3.82 0.63
Tracheid width (µm) 40.3 31.9 48.9 2.9 41.06 33.4 47.6 2.6
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The calibration models for tracheid length and width were carried out using the 
raw spectra (no spectral preprocessing) and their second derivatives (Savitzky–Golay 
approach); the summary statistics are listed in Table 3. The second-derivative data 
performed only slightly better than the untreated spectra for both tracheid properties. 
While the second-derivative spectral data did not significantly improve the perfor-
mance of the calibration models, it did result in a reduction in the number of factors 
in the tracheid length model to 7, and 7 for the tracheid width model, both down 
from 10 with raw spectra for tracheid length and 9 for tracheid width.

For tracheid length, using a seven-factor model with the second-derivative spec-
tra had R2 = 0.90 and SECV = 0.21 mm. The calibration model, when applied to the 
validation set, had similar summary statistics with Rp

2 = 0.87 and SEP = 0.23 mm. 
The tracheid length RPD values for the calibration and validation sets were 3.1 
 (RPDcv) and 2.8  (RPDp), respectively. As these RPDs are between the thresholds 
necessary for screening (RPD ≥ 2.5) and quality control (RPD ≥ 5), the models are 
at least appropriate for screening in breeding programs (AACC 1999). It is impor-
tant to note that the AACC standard was created for cereal grains and not wood, and 
these threshold values are important for predictions when the properties of a single 
sample are of interest. However, the vast majority of NIR prediction models devel-
oped for wood properties is to measure population statistics using multiple samples, 
and thus, differences between the RPD thresholds are less important as the number 
of measurements increases. The relationship between measured values and NIR-pre-
dicted values for tracheid length is shown in Fig. 2.

The tracheid length SEP in the current study of 0.23  mm was similar to that 
reported by Schimleck et al. (2004a) (Rp

2 = 0.86, SEP = 0.25 mm). The current study 
evaluated a considerably larger number of samples (2018 samples vs. 40 samples) 
and thus included more variation in site, climate, genetics, and soil type. The study 
results are very similar also with respect that differences may arise due to the type 
of optical fiber analyzer used; Schimleck et al. (2004a) used a Kajaani fiber qual-
ity analyzer, while here a TechPap MorFi instrument was used. However, while dif-
ferences between optical analyzers have been reported, the instruments themselves 
tend to be very repeatable, and thus, differences between analyzers are consistent 
(Guay et al. 2005; Li et al. 2011). The calibration model statistics reported here are 
stronger than those reported by Hauksson et al. (2001) from NIR samples collected 

Table 3  Near-infrared spectroscopy results for tracheid length (mm) and tracheid width (µm) for the 
calibration and validation sets

2ndDer = second derivative calculated from Savitzky–Golay data pretreatment

Property Preprocessing Calibration set Validation set

No. of factors R2 SECV RMSECV RPDcv Rp
2 SEP RPDp

Tracheid length 
(mm)

None 10 0.87 0.23 0.25 2.8 0.85 0.25 2.6
2ndDer 7 0.90 0.21 0.23 3.1 0.87 0.23 2.8

Tracheid width 
(µm)

None 9 0.61 1.8 1.7 1.6 0.55 1.8 1.5
2ndDer 7 0.66 1.7 1.7 1.7 0.61 1.6 1.6



454 Wood Sci Technol (2018) 52:445–463

1 3

from milled wood of Norway spruce (Picea abies) (Rp
2 = 0.52). Using longleaf pine 

(N = 300), Via et al. (2005b) showed weaker calibration model statistics (Rp
2 = 0.72) 

for tracheid length than reported here; they used a different NIR instrument (Thermo 
Nicolet Instruments Nexus 670 Fourier transform); however, the specifications are 
similar to the FOSS that was used here (wavelength range from 1000 nm to 2500 
with 1-nm interval). The differences observed between the two studies may be due 
to the lack of humidity control in the scanning room used by Via et al. (2005b), or 
related to the area scanned. Via et al. (2005b) scanned the latewood area of the wood 
next to the wood that was macerated, but here the wood was scanned and macerated 
in the same area.

Sykes et al. (2005) used the transmittance NIR technique instead of diffuse reflec-
tance NIR technique used here to predict tracheid length for loblolly pine. They 
transmitted light through 200-µm microtomed sections collected from two sites. 
The data from tracheid length were reported in an earlier study; however, discus-
sion on the measurement of length was not discussed (Sykes et al. 2003). The sam-
ples from one site were used to develop calibration models and then used to pre-
dict the second-site characteristics. Overall, they found moderate results (Rp

2 = 0.43, 
SEP = 0.49 mm). These results suggest that diffuse reflectance NIR spectroscopy 
has significant advantages over transmittance NIR spectroscopy because microtomed 
sections are time-consuming to prepare and the models performance was worse than 
those found in studies using diffuse reflectance NIR. However, the use of single-site 
models may have presented problems with the prediction accuracy because of the 
lack of variation found in the calibration dataset (Jones et al. 2005a).

Fig. 2  Calibration and validation set plots of tracheid length versus the near-infrared spectroscopy fitted 
values predicted from a model developed on the calibration set
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For tracheid width, using a seven-factor model with the second-derivative spec-
tra had R2 = 0.66 with SECV = 1.7 µm. When the model was used to predict tra-
cheid width for the validation dataset, similar statistics were obtained (Rp

2  =  0.61 
and SEP = 1.6 µm). The tracheid width RPD values for calibration and validation 
sets were 1.7 and 1.6  (RPDcv and  RPDp). One important factor to consider herein is 
the operational specifications of the instrumentation used to measure the tracheids. 
Specifically, the camera resolution for the MorFi Compact Fiber and Shive Ana-
lyzer system is 4 µm, and thus, the NIR model performance was within the meas-
urement error (± 2 μm) for the system. The relationship between measured values 
and NIR-predicted values for tracheid width is shown in Fig. 3. The model shows 
some nonlinear behavior, particularly at low tracheid widths which may be the result 
of a combination of factors. Via and Jiang (2013) discuss the nonlinear behavior 
observed between light absorbance and wood density, and they found nonlinear 
behavior of bending strength and stiffness with NIR predictions. For tracheid width, 
differences in the chemistries between earlywood and latewood zones, when com-
bined with differences in the light absorbance of low-porosity latewood and higher-
porosity earlywood, may be causing the slightly nonlinear behavior in the models. 
Another possible reason for the slightly nonlinear behavior could be related to meas-
urement errors resulting from the camera accuracy (±  2  μm). Some research has 
used nonlinear modeling techniques to improve the predictions; for example, Mora 
and Schimleck (2010) demonstrated the effectiveness of using kernel regression 
methods to improve nonlinearity in NIR data.

Fig. 3  Calibration and validation set plots of tracheid width versus the near-infrared spectroscopy fitted 
values predicted from a model developed on the calibration set
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The SEP for tracheid width (1.6  µm) was similar to the results reported by 
Schimleck and Evans (2004) for radiata pine (Pinus radiata) for radial diameter 
(SEP  =  1.9  µm) and tangential diameter (SEP  =  1.7  µm) obtained using the Sil-
viScan system. In a study on loblolly pine using the SilviScan system, Jones et al. 
(2005a) found lower Rp

2 values for radial (0.29) and tangential diameter (0.59), but 
similar SEP values for radial (1.8 µm) and tangential (1.1 µm) diameters. Compared 
to tracheid length with a range of values from 1.06 to 4.00 mm, tracheid width has a 
range of values from 31.9 to 48.9 µm and thus shows less radial variation from pith 
to bark (Evans 1994); this low variability may be one reason why tracheid width 
predictions are less accurate than tracheid length predictions. However, because the 
tracheid width SEP is within the measurement error of the camera (± 2-µm), it is 
difficult to say with certainty what the limiting factor is with regard to the calibration 
model. The measurement error for the MorFi has greater precision than most other 
optical fiber analyzers except those instruments that have a two-camera setup where 
one camera measures length, and the second measures width (Guay et al. 2005). It 
is also possible that stronger calibration and validation statistics were acquired for 
tracheid length because of the orientation of the NIR beam to the sample compared 
to tracheid width (Evans 1994; Schimleck and Evans 2004; Jones et al. 2005a).

Studies utilizing reference data provided by the SilviScan system have found 
stronger calibration models for coarseness, a measure of mass per unit length 
(µg/m), and cell wall thickness than for radial and tangential diameters. For 
example in radiata pine, Schimleck and Evans (2004) reported Rp

2  =  0.91, and 
SEP = 76.6 µg/m for coarseness, and Rp

2 = 0.88, SEP = 0.5 µm for wall thickness. 
Jones et  al. (2005a) reported similar relationships for loblolly pine (coarseness 
Rp

2 = 0.82, SEP = 45.1 µg/m and wall thickness Rp
2 = 0.86, SEP = 0.3 µm). Overall, 

it appears that the density-related pulp properties have better NIR relationships than 
the width properties. The fact that tangential width shows little variation from pith to 
bark (Schimleck et al. 2004b) may be another cause of the lack of good fit statistics.

Separate calibration models were then developed for length and width from 
data specific to one region, and then the models used to predict the tracheid prop-
erties of samples from the other regions. For tracheid length, using the region 
1 samples to develop the calibration model, the results of predicting the other 
regions were Rp

2 = 0.87, SEP = 0.23 mm. Similar results were obtained for region 
2 (Rp

2 = 0.85, SEP = 0.25 mm), region 3 (Rp
2 = 0.85, SEP = 0.26 mm), region 4 

(Rp
2 = 0.86, SEP = 0.25 mm), region 5 (Rp

2 = 0.87, SEP = 0.23 mm), and region 
6 (Rp

2 = 0.89, SEP = 0.23 mm); all models used seven factors. For tracheid width, 
using the region 1 samples to develop the calibration model, the results of predict-
ing the other regions were Rp

2 = 0.56, SEP = 1.8 μm. Similar results were obtained 
for region 2 (Rp

2 = 0.51, SEP = 2.0 μm), region 3 (Rp
2 = 0.58, SEP = 2.0 μm), region 

4 (Rp
2 = 0.44, SEP = 2.2 μm), region 5 (Rp

2 = 0.55, SEP = 1.8 μm), and region 6 
(Rp

2 = 0.61, SEP = 2.1 μm); all models used seven factors. For tracheid length, the 
region-specific models performed similarly to the overall calibration model, whereas 
the tracheid width models had slightly lower accuracy, particularly from region 2 
(N = 105), region 3 (N = 166), and region 4 (N = 129), which had the least number 
of samples macerated compared to region 1, 5, and 6. Jones et  al. (2005a) dem-
onstrated that the prediction accuracy of tracheid properties for new sites can be 
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improved considerably when the addition of one sample from a new site is added 
to the calibration model. This finding is one of several studies that have concluded 
that calibration model accuracy improves when new sites are included in the calibra-
tion set because the subtle amount of variation from new samples can be accounted 
for in the model (Guthrie et al. 2005; Jones et al. 2005b; Dahlen et al. 2017). The 
results found here suggest that model accuracy can still be maintained when predict-
ing samples from new sites provided the calibration model contains a large enough 
sample size to account for the resource variation. The slightly nonlinear trend for 
tracheid width was also observed with the region-specific models.

Wavelengths of importance were explored for tracheid length and not tracheid 
width, because of the strength of the models developed for tracheid length. Trac-
heid length was regressed against each of the second-derivative NIR wavelengths 
response. The models afforded a plot with the individual wavelengths plotted along 
the x-axis and coefficient of determination for the linear model along the y-axis. In 

Table 4  Wavelengths of 
importance found through 
local maxima values from the 
coefficient of determination 
values by regressing tracheid 
length against each near-infrared 
spectra wavelength

Wavelength Tracheid length (mm) Structural component

R2 RMSE

1160 0.46 0.47 Cellulose
1226 0.65 0.38 Cellulose
1416 0.57 0.42 Lignin
1486 0.46 0.47 Cellulose
1516 0.38 0.50 Cellulose
1542 0.77 0.31 Cellulose
1600 0.55 0.43 Cellulose
1780 0.54 0.44 Cellulose
1832 0.44 0.48 Cellulose
2082 0.41 0.49 Cellulose
2324 0.34 0.52 Hemicellulose

Fig. 4  Near-infrared spectroscopy wavelengths of importance with tracheid length. The wavelengths are 
attributed to cellulose (bands: 1160, 1226, 1486, 1516, 1542, 1600, 1780, 1832, 2082), hemicellulose 
(band: 2324), and lignin (band: 1416)
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doing so, the NIR bands assigned to cellulose, hemicellulose, or lignin by Schwan-
ninger et al. (2011) imparting the greatest effect on the models could be determined 
by finding the local maxima (Table 4, Fig. 4). Several bands that can be attributed 
to cellulose bond vibrations include those at 1160, 1486, 1516, 1542, 1600, 1780, 
1832, and 2082 nm. A hemicellulose band (2324 nm) and a lignin band (1416 nm) 
were also identified in the plot. The two best wavelengths were attributed to cellulose 
(1542 nm, R2 = 0.77, RMSE = 0.31 mm; 1226 nm, R2 = 0.65, RMSE = 0.38 mm) 
(Schwanninger et al. 2011). The third best relationship for predicting tracheid length 
was the 1416  nm lignin band (R2  =  0.57, RMSE  =  0.42  mm). Tracheid length 
increases from pith to bark (Via et al. 2005b; Mäkinen et al. 2007), as does cellu-
lose content while lignin decreases (Uprichard and Lloyd 1980). Given the strong 
relationship observed here between wavelengths attributed to cellulose, the changes 
appear to be related. The caveat herein with band assignments is that with the second 
derivative, bands can shift as much as 5 nm because of the effect of data smoothing 
which is necessary for calculating the derivative (Schwanninger et al. 2011). Thus, 
band assignments in the literature may differ slightly if found using the untreated 
raw spectra or after data pretreatments. Re-running the analysis separately using 
samples from each of the six regions did not change the wavelengths of importance. 
A multiple linear regression model for tracheid length using stepwise regression was 
constructed with the final bands selected being at 1160, 1226, 1416, 1486, 1542, 
and 2082  nm. Other combinations of bands had some wavelengths with variance 
inflation factors over 10, which indicates collinearity among the selected parame-
ters. The adjusted R2 for the multiple regression model was 0.81 and the RMSE was 
0.28 mm, which nearly equaled the performance of the PLS model. Given the strong 
relationship between certain wavelengths and tracheid length, there exists the pos-
sibility that a NIR instrument could be built to measure selected wavelengths. This 
would result in a simpler, more affordable system that potentially would be attractive 
to companies seeking a lower cost method for tracheid analysis.

The application of NIR spectroscopy to go beyond feasibility studies conducted 
on a small number of samples in the laboratory has increasingly been demonstrated 
in recent years (Leblon et  al. 2013). Downes et  al. (2010) successfully developed 
and applied calibration models of cellulose content, Kraft pulp yield and density 
in eucalypt from over 1000 samples using a Bruker MPA instrument. Meder et al. 
(2011b) utilized a fiber-optic-equipped NIR system with a linear drive to predict 
wood properties in 1-mm radial resolution from pith to bark for eucalypt and radiata 
pine. The use of hyperspectral imaging systems has increasingly been used to pre-
dict and visualize the spatial patterns for wood chemistry (Thumm et  al. 2010), 
compression wood (Meder and Meglen 2012), MFA and density on small samples 
(Ma et al. 2017), and moisture content and density of lumber (Haddadi et al. 2015a, 
b). In addition to measurements on core, disk, or lumber samples, the use of port-
able instruments to predict measurements on standing trees has been demonstrated. 
Meder et al. (2011a) compared a handheld NIR (Polychromix Phazir) to a laboratory 
instrument (Bruker MPA) and found excellent correlations (R > 0.90) for both cel-
lulose and Kraft pulp yield in eucalypt. These developments are promising for the 
utilization of NIR spectroscopy to make decisions in the forest industry (Meder et al. 
2010; Meder and Schimleck 2011).
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Unfortunately, there are still significant limitations for collecting NIR reference 
tracheid length data because of the maceration process. When disk samples are 
available, the measurement is straightforward; however, this requires tree felling and 
in recent years more information on wood properties can be extracted from incre-
ment cores which allow for more rapid measurements to be conducted, especially 
when they are paired with the SilviScan system (Evans 1994). When measuring tra-
cheid length from increment cores, the effect that cut ends have on the measure-
ments is of great concern because as core size decreases the amount of cut tracheids 
increases which negatively affects the accuracy of the measurement (Bergqvist et al. 
1997). Thus, in order to minimize the effect of cut tracheids, increment cores should 
be avoided for sampling tracheid length unless the sides of the core are cut off; how-
ever, this technique still does not work well with cores less than 12 mm in diam-
eter. Regardless of whether using disk or core samples, the effect of cut tracheids 
is still observed in any sample macerated and thus the reliance on weighted length 
measurements instead of arithmetic measurements when using optical fiber analyz-
ers. Mӧrling et al. (2003) developed a method to predict the true length based on the 
calculated distribution of the fines and the tracheids. They found little variation in 
the distribution of fines, and thus, they were able to utilize this information to calcu-
late the distribution of the tracheids and find the true mean length. Recently, Chen 
et al. (2016a) refined this technique by using the expectation–maximization method 
and compared the calculated results to weighted length obtained from the optical 
analyzer to the mean length as measured on un-cut tracheids using a microscope. 
They found that the expectation–maximization method prediction of mean length 
was more accurate than using weighted length, and they employed the technique in a 
progeny test to evaluate the tracheid length and other wood and fiber properties from 
524 families (Chen et  al. 2016b). The method appears to have promise for poten-
tially more accurate predictions of tracheid length and when combined with NIR 
spectroscopy would help yield rapid and accurate predictions.

Conclusion

The purpose of this study was to develop NIR spectral models to predict the tra-
cheid properties of loblolly pine collected from across the Southeast. The mod-
els were developed by scanning 1842 samples from pith to bark at 10-mm radial 
resolution using NIR spectroscopy and measuring the tracheid properties using an 
optical instrument. The prediction statistics determined here demonstrate that NIR 
models developed and applied to samples collected from data across the region can 
be accurate at predicting for tracheid length (SEP = 0.23 mm). The tracheid width 
relationships were not as strong as the length models but within the measurement 
error of the camera (SEP = 1.6 µm, camera ± 2 µm). Wavelength 1542, attributed 
to cellulose, had the strongest linear relationship with tracheid length (R2 = 0.77, 
RMSE = 0.31 mm). The study shows that robust region-wide NIR calibration mod-
els can be successfully developed for predicting the tracheid properties of loblolly 
pine.
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