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CHAPTER 1
INTRODUCTION AND LITERATURE REVIEW

Given the range of applications for wood-based products, including construction
materials, furniture, paper, musical instruments, and common household items, improving the
quality of wood supplied for such purposes is a common priority of many forest growers and
involves selective breeding of trees to emphasize certain characteristics. When it comes to wood
processing, the focus shifts towards optimizing the quality of the specific product delivered to
consumers. Characteristics including density, stiffness, strength, and stability are critical
elements which dictate the quality of a given wood product. Such attributes are determined by
age, wood structure, particularly microfibril angle (MFA, or the angle of cellulose microfibrils in
the S2 layer of the cell wall), cell wall thickness, chemical composition, and other related factors.
To provide a measure of wood quality by quantifying essential properties (such as density
and MFA, which contribute to stiffness) requires effective analysis techniques and
instrumentation. Automated X-ray methods (such as SilviScan), acoustic techniques, and near
infrared (NIR) spectroscopy are just several examples of rapid, non-destructive procedures for
evaluating wood properties in breeding programs [1]. Wood property evaluation aims to cause
minimal damage to standing trees with two common approaches (in-field testing or removal of
cores for later analysis) used. Determining the most suitable method for any given application
requires sufficient knowledge of the advantages as well as drawbacks of each approach and
utilization of the technique that provides the required information to the breeder in a timely and
cost-effective manner.
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The SilviScan system represents the most advanced approach to measuring many
properties assessed in breeding programs and incorporates the combined functions of optical
microscopy, X-ray diffraction and X-ray densitometry to perform advanced analysis of wood
samples in the form of radial strips [1], [2]. SilviScan instrument operations are based in three
separate locations (Australia, Sweden, and Canada). There are several key advantages presented
by this technique, including the capacity to produce high resolution measurements, generating
extensive amounts of data for a given sample. This proves beneficial for obtaining detailed
information on the radial variation of wood properties. However, for applications that require
measurements from thousands of samples at a time, the SilviScan method is relatively expensive
as well as time-consuming (especially considering the amount of data collected) [2].
NIR spectroscopy presents a viable option for characterizing and evaluating wood
properties for tree improvement. This approach entails the collection of reflectance spectra (from
the surface of a sample) which indicate variation in wood composition. Wood is composed of
multiple types of chemical bonds which each have specific vibrational energies. The established
relationship between bond vibrations and reflectance values (calculated from measured
absorbances) allows for wood property characterization of the sample based on bands in the
resulting spectra. In most applications of this technique, models that predict specific wood
properties for selected samples are developed based on spectral data collected from a given
subset [2].
The statistical method by which calibration models are developed (in the NIR context) is
known as partial least squares (PLS) regression. PLS regression is a data decomposition
technique that compresses variability in spectral data (the X-matrix) – within the near-infrared
range, in the case of this study – into a few factors (which form the PLS model) that explain as
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much variability as possible in a measured property (the Y-matrix). The resultant PLS model can
be used to predict the measured property (or the property of interest) in a large number of
samples, greatly reducing analysis costs especially when a property is expensive to measure.
As with other wood analysis techniques, NIR spectroscopy offers several key advantages
while also presenting certain challenges. This approach permits spectral data collection from
several types of samples (including bolts, discs, strips, and short-clear samples) and is not
restricted to radial strips from increment cores. The method is also relatively inexpensive
(compared to SilviScan) and potentially more suitable for applications which necessitate
evaluation of several hundred trees at a time. However, the technique requires calibrations
(performed through modeling processes) in order to obtain wood property estimates, which can
add to the overall cost of the analysis. Additionally, this method generates relatively lowresolution data (compared to SilviScan) [2].
The limitations imposed by current analysis systems serve as compelling reasons to
investigate newer (and potentially superior) techniques for measuring and estimating wood
properties. One prospective method involves an emerging technology known as NIR
hyperspectral imaging (NIR HSI). The following description is taken from Burger and Gowen
[3]: “Hyperspectral imaging (HSI) combines spectroscopy and imaging resulting in threedimensional multivariate data structures (‘hypercubes’). Each pixel in a hypercube contains a
spectrum representing its light absorbing and scattering properties. This spectrum can be used to
estimate chemical composition and/or physical properties of the spatial region represented by
that pixel.”
NIR HSI technology shows considerable potential to enhance wood property analysis
processes and outcomes, with the ultimate purpose of improving the quality of various timber
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products. While spectral data generated by NIR spectroscopy typically covers only a fractional
area of the sample, hyperspectral imaging provides detailed information regarding the spatial
variation of specific wood characteristics across the entire surface. In addition, averaging the
combined spectra from a sample surface can produce a single spectral profile that represents the
area of the sample imaged. This technique is adaptable to a range of sample types (similar to NIR
spectroscopy) [4]. Hyperspectral imaging is also a highly efficient process, allowing for rapid,
inexpensive, large-scale wood property analysis. Examples of NIR HSI studies related to this
research include estimation of density of Pinus taeda disks by Mora et al. [5], Fernandes et al.
[6] who utilized HSI to estimate within ring density variation in Pinus pinea, and (more recently)
Ma et al. [1] who utilized SilviScan data and NIR HSI to examine spatial variability in density
and MFA for radial strips obtained from Cryptomeria japonica.
While hyperspectral imaging could offer multiple advantages as an innovative method for
wood property analysis, this technology is still relatively novel and requires further evaluation as
well as optimization of key parameters that impact the performance of such a system. One such
element which may impact the quality of results obtained is the working distance, or the distance
from the imaging camera (specifically the lens) to the surface of the sample. Since this
technology measures the energy of light that is reflected from the surface (in order to generate
spectra), the distance between the sample and the detector (along with other factors) could
determine the effectiveness of such measurements. If the sample is too far then the measured
energy may not accurately represent the true values; however, if the sample is too close then this
could result in saturation of the camera.
Another factor which may influence the calibration process (and results) is the number of
scans taken for each individual sample [7]. In a related study (focused on pulp yield estimation),
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spectra were obtained from milled wood samples using NIR spectroscopy methods. For each
sample, spectral measurements were repeated a total of four times (with repacking of the sample
in between measurements). The results of the study indicated significant improvement in the
confidence interval with two packs (i.e. measurements) per sample instead of just one pack.
Similarly, calibration model performance in NIR HSI applications may improve with multiple
scans per sample.
The primary objective of this project was to determine an optimal working distance (or
optimal range) which would maximize the quality of spectra obtained by NIR HSI technology
and ultimately improve the performance of calibration models. An additional objective was to
investigate the potential benefit of an increased number of scans (per sample) in terms of model
performance.
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CHAPTER 2
MATERIALS AND METHODS

SAMPLE SET
Hyperspectral images were obtained from a set of wood samples (as shown in Figure 1)
representing four species of conifers which are considered highly valuable (both ecologically and
economically) to the US Pacific Northwest. The species represented by the sample set were
Douglas-fir (Pseudotsuga menziesii (Mirbel) Franco) (DF), western hemlock (Tsuga heteophylla
(Raf.) Sarg.) (WH), western redcedar (Thuja plicata Donn ex D. Don) (WRC), and grand fir
(Abies grandis (Douglas ex D. Don) Lindl.) (GF) [1]. Table 1 shows the number of samples from
each species (70 samples total). These samples varied in length (Table 2 provides a summary)
representing variation in the size of the trees sampled.
This sample set was obtained from a separate study investigating the “influence of
vegetation management treatments on plant water relations and wood properties” [1]. The wood
cores were originally collected from two different test sites (both in western Oregon, USA)
located in the central Coast Range (near Summit, OR) and the Cascade foothills (near Sweet
Home, OR) respectively. For the purposes of the previously mentioned study, each of the radial
cores (diameter = 12 mm) was cut in half at the center (pith), conditioned, and processed into
strips, then analyzed with an X-ray densitometer [1]. Table 3 provides a summary of the
measured density values for the entire sample set. Additionally, Figure 2 shows example density
plots (along with hyperspectral images) for four samples representing each of the species.
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Figure 1. Samples belonging to each of the four species (from left to right): Western Hemlock
(WH), Western Red Cedar (WRC), Grand fir (GF), and Douglas fir (DF).

Table 1. Number of samples examined per species.

Species

Number of Samples

Douglas fir (DF)

26

Grand fir (GF)

13

Western Hemlock (WH)

10

Western Red Cedar (WRC)

21
13

Table 2. Summary of sample lengths (categorized by species).

Species

Length Range
(mm)

Average Length
(mm)

Standard
Deviation (±)

67-153

114.7

21.3

Grand fir (GF)
Western Hemlock (WH)

70 – 186
62 – 165

127.7
108.4

39.3
28.9

Western Red Cedar (WRC)

109 – 248

192.8

44.6

Douglas fir (DF)

Table 3. Summary of density data for samples (categorized by species).

Species

Density Range
(kg/m3)

Average
Density (kg/m3)

Standard
Deviation (±)

Douglas fir (DF)

385.2 – 612.9

439.3

41.25

Grand fir (GF)
Western Hemlock (WH)
Western Red Cedar (WRC)

302.1 – 474.2
408.7 – 519.4
308.1 – 609.8

382.7
459.6
370.0

52.01
37.86
73.51
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Figure 2. Examples of bark to pith density variation, with corresponding hyperspectral images,
for DF (top left), GF (top right), WH (bottom left), and WRC (bottom right).
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EXPERIMENTAL SETUP
Experiments were conducted using the SPECIM Hyperspectral Imaging System (Figure
3) in the lab of Dr. Christopher Still (at Oregon State University). The Lumo Scanner program
installed on the laptop (to the right in Figure 3) allows the user to control the system as well as
record data. The scanning system (left) is connected to the laptop, and each sample is placed on
the moving platform, then scanned by the SPECIM FX17 camera (which captures the
hyperspectral image).

Figure 3. SPECIM hyperspectral imaging system.
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The SPECIM FX17 camera (Figure 4) covers a wavelength range of 931-1718 nm, which
includes 224 individual wavelengths (with approximately 3.5 nm intervals). This camera is fitted
with a Specim (OLET 17.5 F/2.1) focusing lens (Specim, Spectral Imaging Ltd., Oulu, Finland)
[2].

Figure 4. SPECIM FX 17 camera [3].

To ensure the images remained in focus as working distance changed, a black and white
focusing grid (Figure 5) was used to focus the camera before each set of scans.
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Figure 5. Grid used to focus camera.

LUMO SCANNER
Examples of the Lumo Scanner display are shown in Figures 6-7. The four different view
panels provide visual representations of the types of data collected by the system. As stated in
the Lumo Scanner Manual, the Waterfall view (top right panel) “provides a false color
representation of the hyperspectral imager data - as it is acquired - in realtime” [4]. The other
three panels essentially provide several different views of the 3D hypercube generated by the
system, which include the Detector view (top left panel), Spectral Plot (bottom left panel), and
Spatial Plot (bottom right panel).
Additionally, the sidebar (to the right of the view panels) contains multiple adjustable
(user-specified) parameters. For the purposes of this experiment, the main parameters requiring
adjustment were the working distance as well as the target start/stop distances (which depended
on the length of the sample scanned).
18

Figure 6. Example of Lumo Scanner display (for focusing grid).

Figure 7. Example of Lumo Scanner display (for sample).
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EXPERIMENTAL SUMMARY
The flowchart shown in Figure 8 gives a basic overview of the experiments performed. In
the first experiment, all samples were scanned at two different working distances (185 mm and
278 mm) with the experimental setup adjusted accordingly (Figure 9). Four consecutive scans
were taken of each individual sample with the aim of determining the extent to which multiple
scans would improve calibration model performance. For the second experiment, samples were
scanned with the working distance set to 293 mm (15 mm increase from working distance #2)
with only one scan of each sample.

Figure 8. Flowchart showing overview of experiments and scanning distances investigated.
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Figure 9. Scanning platform adjusted for each working distance.

IMAGE PROCESSING
MATLAB (R2019b) codes were used to convert the hyperspectral images into spectral
data. The required input to the main code was the name of the file folder which contained the
image to be processed. Given the folder name as an input, the program would then locate the
corresponding image and allow the user to manually select a specific section as shown in Figure
10. Once this selection was complete, the code would display a spectrum of the sample (Figure
11) as well as produce two Excel files (mean.csv and sd.csv). The mean.csv files contained
spectral averages (an average reflectance value was obtained for each of the 224 wavelengths).
Similarly, the sd.csv files contained standard deviations of the measured reflectance values for
each of the 224 wavelengths.
In the case of Experiment #1, multiple mean.csv files (generated through several
consecutive scans of each sample) were combined and average values from the collective data
sets were then obtained. For each sample, a total of four averaged data sets were generated. This
included a single spectral data set (from the first scan), the average of two sets of spectral values
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(from the first two scans), as well as the averages from three, and finally all four scans (a total of
four scans were taken for each sample).

Figure 10. Original hyperspectral image (left) with user selection highlighted (right).
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Figure 11. NIR spectrum produced by MATLAB code, with reflectance values (y-axis) plotted
for each of the 224 wavebands (x-axis). Each waveband corresponds to a wavelength within the
specified range (931-1718 nm).

MODELING
Multiple density models based on spectra from different working distances (and with
different numbers of scans per sample) were developed using Unscrambler software (version
9.2). Four cross-validation segments were used for model development with a maximum of 10
factors. Model performance was assessed using coefficient of determination (R-squared) [5] and
standard error of calibration (SEC) [6], where R-squared and SEC were calculated (by the
program) using Equations (1) and (2), respectively:
𝑅2 = 1 −

𝑠𝑢𝑚 𝑠𝑞𝑢𝑎𝑟𝑒𝑑 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 (𝑆𝑆𝑅)
𝑡𝑜𝑡𝑎𝑙 𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠 (𝑆𝑆𝑇)
NC

^

(y − y )
SEC =

i =1

i

=1−

2
∑(𝑦𝑖 − 𝑦̂
𝑖)

∑(𝑦𝑖 − 𝑦̅)2

(1)

2

i

( NC − k − 1)
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(2)

^

where y i is the value of the constituent of interest for validation sample i, estimated using the
calibration model, yi is the known value of the constituent of interest of sample i, NC is the
number of samples used to develop the calibration model and k is the number of factors used to
develop the model [6].
Dimensions of the X-matrix were 70 rows x 224 columns (where rows = the number of
samples analysed and columns = wavelengths) and the Y-matrix was 70 rows x 1 column (where
rows = samples and columns = measured density values of the analysed samples).

SIGNAL-TO-NOISE RATIO (SNR) CALCULATIONS
Signal-to-noise ratios (for 185 mm and 278 mm working distances) were obtained by
scanning a Spectralon target (diffuse reflectance) as a reference at each distance. An image of the
reference panel used (reflectance = 99%, reflective area = 127x127 mm, calibration range = 250
– 2500 nm) is included below (Figure 12).

Figure 12. Spectralon diffuse reflectance target [7].
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From the hyperspectral images obtained for the Spectralon target, two sets of mean.csv
and sd.csv files were generated (corresponding to each of the two distances). SNR values were
then calculated using Equation (3):
𝑆𝑁𝑅 =

𝑚𝑒𝑎𝑛 (𝑥)
𝑠𝑡 𝑑𝑒𝑣 (𝑥)

(3)

where mean (x) and st dev (x) represent the mean and standard deviation values associated with
any given waveband.
With this equation, SNR values were obtained for all 224 wavebands. This same
calculation was performed for both working distances.
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CHAPTER 3
RESULTS AND DISCUSSION

IMAGE COMPARISON
Figure 13 shows the contrast in quality between hyperspectral images obtained (for the
same sample) at working distances of 185 mm and 278 mm (the 293 mm image is not included
as there is little difference compared to 278 mm). The image taken at 185 mm is sharper (with
better defined rings) than at 278 mm. This suggests that a shorter working distance (where the
camera is closer to the sample) results in higher quality hyperspectral images and presumably
allows for more accurate measurement of reflectance values as well.

Figure 13. Comparison of hyperspectral images obtained at working distances of 185 mm (left)
and 278 mm (right).
27

SPECTRAL DATA
NIR spectra for all samples (grouped into species) are displayed in Figure 14. This set of
plots was generated from hyperspectral data obtained at a working distance of 185 mm. The plots
indicate that DF and WH generally have higher reflectance values than GF and WRC.
Differences among samples by species become increasingly apparent as wavelength increases
and considerable spectral variation is observed within a given species. In addition, in many
spectra the amount of noise starts to increase after waveband 220 (which corresponds to 1703
nm). This indicates that the detector performance is declining near the limits of the specified
wavelength range.

Figure 14. Spectral plots corresponding to each of the four species: DF (top left), GF (top right),
WH (bottom left), and WRC (bottom right). In these graphs, reflectance values (y-axis) are
plotted for each of the 224 wavebands (x-axis). Each waveband corresponds to a wavelength
within the specified range (931-1718 nm). Additionally, each individual sample is represented by
a different color.
28

In Figure 15, average NIR spectra are displayed for each species (obtained by averaging
all the spectra for a given species as shown in Figure 14). The averaged WH and DF spectra
confirm higher reflectance values compared to GF and WRC. Given the relationship between
wood density and reflectance (higher density = higher reflectance) [1], these results are
consistent with the average density values reported (by species) for the sample set in Table 3 (the
WH and DF samples are higher in density than the GF and WRC samples).

Figure 15. Average spectral curves for each of the four species (represented by different colors
according to the legend). In these graphs, reflectance values (y-axis) are plotted for each of the
224 wavebands (x-axis). Each waveband corresponds to a wavelength within the specified range
(931-1718 nm).

MODELING OUTCOMES
Table 4 provides a summary of the PLS regression modeling results (corresponding to
each working distance). All models were run using 3 factors to ensure that results were
comparable (although 4 factors were recommended for Models 2 and 3). Based on the reported
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R-squared and SEC values, Model 1 (working distance 185 mm) had the best fit of the three
models (given that the objectives are to maximize the R-squared value and minimize the SEC
value). These results indicate that of the three working distances tested, 185 mm yielded the
highest quality spectral data (since the sample sets are the same, the quality of spectra is a main
factor in determining model performance).
Table 4. Summary of PLS regression results for each working distance
Model #
1
2
3

Working
Distance (mm)
185
278
293

# of factors

R2 (slope)

3 (3f rec)
3 (4f rec)
3 (4f rec)

0.5886
0.4997
0.4596

Standard Error of
Calibration (SEC)
38.86
42.85
44.53

Initially, all 70 samples were included in the regression modeling process. However, the
initial models had poor calibration statistics. An example regression plot including all 70 samples
is shown in Figure 16 (this plot corresponds to the 185 mm working distance). The low Rsquared value (0.3598) for the calibration indicates that the model was relatively ineffective at
predicting density values for the samples. However, a few samples appeared to be outliers and
were suspected to have a significant impact on model performance.
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Figure 16. Plot of predicted density values (y-axis) versus measured density values (x-axis) for
each sample. The calibration data is shown in blue, while cross-validation data is shown in red
(model fit lines for each set are included as well). Additionally, significant outlier points have
been circled (for identification purposes).
Figure 17 shows several different types of outlier plots which demonstrate the influence
of outliers on model performance (these plots are based on the regression model represented in
Figure 16). According to the plots, certain samples exhibited relatively high degrees of influence
as indicated by outlier points (sample influence plot) or peaks (x-variance and y-variance plots).
Although multiple possible outliers were identified from the plots, samples 54, 62, and 65
appeared to have the most significant impact based on residual sample variance (the highest
peaks were associated with these samples). In terms of spectra (X-variance), sample 62 exhibited
the highest degree of influence, while samples 54 and 65 (which also correspond to the outlier
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points with large residuals in the regression plot) showed considerable influence in terms of
density (Y-variance).

Figure 17. Outlier influence levels are shown with a PCA plot (top left), sample influence plot
(top right), X-variance plot (bottom left), and Y-variance plot (bottom right). Note: in this case
the X-variance is equivalent to variance associated with the spectral data, while the Y-variance
corresponds to density data. Significant outlier points (indicated in the previous figure) are
highlighted in these plots as well.
Pictures of the identified outlier samples are also included (Figure 18); all three samples
are WRC. These samples display several unusual features (non-uniform ring patterns, variable
coloring) which may have impacted wood property and NIR measurements (consequently
impacting model performance as well).
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Figure 18. Images of the outlier samples (from left to right): 62, 54, and 65.
The outlier samples (54, 62, and 65) were removed and as indicated by the R-squared
value (0.5886) in the following regression plot (Figure 19), model performance improved
significantly. Consequently, the three outlier samples were eliminated entirely from the modeling
process (all models were run with 67 samples instead of 70).
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Figure 19. Plot of predicted density values (y-axis) versus measured density values (x-axis) for
each sample. The calibration data is shown in blue, while cross-validation data is shown in red
(model fit lines for each set are included as well).

AVERAGING SPECTRAL DATA
Table 5 provides a summary of the PLS regression modeling results obtained by
combining (and averaging) multiple spectra for each sample. These results correspond to a
working distance of 278 mm. All models were run using 3 factors (the recommended number).
Variation in R-squared and SEC values obtained for Models 1-4 is minimal, which indicates that
increasing the number of scans does not significantly improve model performance.
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Table 5. Summary of PLS regression results for averaged spectral data sets.
Model #

# scans averaged

# factors

R2 (slope)

1
2
3
4

1
2
3
4

3 (rec)
3 (rec)
3 (rec)
3 (rec)

0.5002
0.508
0.51
0.504

Standard Error of
Calibration (SEC)
43.49
43.17
43.24
43.32

In Figure 20, all four sets of spectral averages are plotted for a single DF sample. As seen
in the plot, all of the spectral curves are nearly identical (consistent with the results in Table 5).

Figure 20. Spectra for each set of averaged data (corresponding numbers of scans are indicated
in the legend). In this figure, reflectance values (y-axis) are plotted for each of the 224
wavebands (x-axis). Each waveband corresponds to a wavelength within the specified range
(931-1718 nm).
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SNR ANALYSIS
The SNR values determined for working distances of 185 mm and 278 mm are plotted in
Figure 21. Comparison of SNR values indicates that 185 mm yields a better signal than 278 mm
(by a variable factor ranging between 3.6-5.6). Furthermore, at 185 mm a near constant SNR
value (approximately 5) is obtained over almost the entire wavelength range (between
wavebands 5 – 205) while at 278 mm the SNR is more variable and actually decreases slightly
(from around 1.4 – 0.9) over the same range. However, for the 185 mm distance a sharp decrease
in SNR is observed after waveband 210 (possibly related to the decline in detector performance
discussed earlier) while for 278 mm a slight increase in SNR is visible after waveband 205 (the
reason for this is unclear).

Figure 21. Plot of SNR (y-axis) versus waveband (x-axis). Each waveband corresponds to a
wavelength within the specified range (931-1718 nm).
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Since lower SNR values were obtained at both ends of the wavelength range (for the 185
mm working distance), several additional models were developed with select data points
removed (either from the beginning or the end of the range). The following regression plots
(Figures 22 and 23) were obtained after the removal of 5 and 10 data points (from both ends),
respectively. Comparison of R-squared values shows a decline in model performance upon
removal of the selected points (an R-squared of 0.5886 was obtained for the original model
including 67 samples).

Figure 22. Regression plot corresponding to model with 5 data points from the beginning and
the end of the spectral range (10 data points total) removed.
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Figure 23. Regression plot corresponding to model with 10 data points from the beginning and
end of the spectral range (20 data points total) removed.
Figure 24 corresponds to another model with 10 data points removed but from the
beginning of the spectra only. Since the resulting R-squared value was similar to that obtained
with the original model, the first 10 wavelengths were concluded to have minimal influence in
terms of model performance.
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Figure 24. Regression plot corresponding to model with 10 data points removed from the
beginning of the spectral range.
However, with 10 data points removed from the end only, a decline in model
performance was observed (shown in Figure 25). This indicates that despite the reduction in
SNR values, the wavelengths at the end of the range are still critical in determining model
performance. The significance of these wavelengths in terms of model impact is likely related to
the corresponding types of bond vibrations (associated with the first overtone C-H stretch that
arises from cellulose, lignin and hemicellulose) excited by wavelengths in the given region [2].
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Figure 25. Regression plot corresponding to model with 10 data points removed from the end of
the spectral range.
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CHAPTER 4
CONCLUSIONS

Several important conclusions can be drawn from the results of this research. Of the three
working distances tested, 185 mm proved closest to optimal in terms of calibration model
performance. This suggests that the optimal range is located relatively close to the camera (rather
than far away). Although the best results were obtained at 185 mm, that does not necessarily
mean that the most optimal distance has actually been determined. It is possible that this distance
still needs to be narrowed down further.
Averaging spectra from multiple images showed minimal improvement in model
performance regardless of the number of additional scans taken per sample. This indicates that
multiple scans are not necessary for achieving satisfactory results in terms of modeling. While
the study on milled wood samples did indicate that collecting multiple measurements could add
statistical value, the difference between that study and this project is that not only did this project
involve NIR HSI techniques rather than NIR spectroscopy, but in the other study ground wood
samples were repacked between measurements so there could have been a higher level of
variability. In this case the repeatability factor is probably less relevant since the sample does not
change and there should not be that much of a difference between consecutive scans.
Analysis and comparison of SNR also provided useful information in terms of
recognizing not only which distance gives better signal, but also which wavelengths are most
important when it comes to modeling. The additional models showed that even with an
observable decline in SNR for certain wavelengths, removal of those wavelengths actually had a
negative impact on the model. Since the system does not measure wavelengths in the
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1685 – 1720 nm range quite as effectively, and that is a fairly critical range from a wood
property characterization standpoint, model performance would be expected to improve if the
system could more effectively capture data in that range.
The fact that correlations between density and spectra were observed is very promising.
Using NIR HSI is a very efficient way to obtain spectra, so given that the models are effective in
predicting wood properties, the technology proves valuable in the context of wood property
analysis. In fact, density is not even the property with the highest established correlation [1].
Perhaps using MFA data in the calibrations would yield even better results because this property
has a stronger correlation with light reflectance.
Overall, NIR HSI technology shows potential as an alternative method for analyzing
wood properties. As an efficient and inexpensive technique, this system can provide useful
information which may not be as easily obtained with other wood analysis systems. While there
is definitely room for improvement in terms of certain elements, further developing this
technology would be a very worthwhile investment. The future of the wood products industry
will most certainly include NIR HSI applications.
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