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PEER-REVIEWED SPECTROSCOPY

Dissolving pulp is produced in various
grades to be used in manufacturing

several specialty products like rayon,
pharmaceuticals, and photographic films.
A number of quality control tests are per-
formed on the finished, dried pulp prod-
uct in analytical laboratories to monitor
pulp quality for every grade manufac-
tured.

Some of these laboratory tests involve
complex and lengthy wet chemistry pro-
cedures. Furthermore,most tests are natu-
rally destructive to the solid pulp samples
since they entail dissolving the sample in
alkaline or acidic solutions. As a result,
multiple samples are required for a com-
plete analysis of pulp quality.

A novel procedure for testing the fin-
ished product is based on multivariate
image analysis (MIA) of near-infrared
(NIR), multi-spectral images of pulp sam-
ples. Information extracted from the
images is then statistically modeled to
predict relevant pulp properties.

NIR SPECTROSCOPY
Traditional probe detectors

NIR spectroscopy measures the response
of materials to light in the wavelength
range of 700–2500 nm. The light is
absorbed and converted to energy mainly
in materials with characteristic functional
groups such as C–H, O–H, N–H, and C=O.
NIR is very sensitive to moisture, which
has a signal that can sometimes be strong
enough to hide the signals of other func-
tional groups.

Traditional NIR spectrometers consist
of a highly sensitive fiber-optic probe
detector that provides precise NIR spec-
tra by averaging over a small area of the

933–1787 nm. The back of the NIR 
camera consisted of an indium–galli-
um–arsenide (InGaAs) charge coupled
device array capable of acquiring intensi-
ty images with a resolution of 128 × 128
pixels. Consisting of a narrow horizontal
entrance slit, the spectrograph dispersed
the entering line of light into 128 hori-
zontal lines spanning the spectral range
of 933–1787 nm.

The NIR camera recorded the 128 dis-
persed lines as a two-dimensional intensi-
ty image, where the horizontal axis (x)
was the spatial dimension and the verti-
cal axis was the spectral (l) dimension of
the sample being imaged [11]. For this
three-dimensional image, we obtained
the second spacial dimension (y) by cap-
turing multiple lines across a moving
sample under the spectrograph–camera
assembly. This setup is ideal for samples
that are produced on moving webs, such
as pulp and paper samples.

MULTIVARIATE IMAGE
REGRESSION OF PULP NIR

IMAGES
Overview of MIA

Data from imaging spectrometers can be
viewed as multivariate images, where
the NIR spectrum represents the variable
dimension. A multivariate image is
defined as a stack of congruent images
[12], where each image is measured for a
different wavelength, frequency, or ener-
gy.

FFiigguurree  11 shows an example of a 512 ×
512-pixel multivariate image acquired at
four different wavelengths arranged as a
512 × 512 × 4 cube (XX). At each pixel
location in XX, there is high correlation in

sample being tested. This form of NIR
spectroscopy has been extensively used
to characterize samples in the pharma-
ceutical, food, and chemical industries for
many years [1].The pulp and paper indus-
try has recently discovered its potential
as a means to achieve the goals of rapid
quality testing in a nondestructive man-
ner [2, 3]. In the pulp and paper industry,
NIR spectroscopy is used to predict qual-
ity indicators such as kappa number [4],
pulp yield, and cellulose content [5–8].
NIR spectroscopy has been well tested
and thoroughly documented [9, 10].

NIR imaging spectroscopy
A shortcoming of probe-based NIR spec-
trometers is that they cannot provide
simultaneous multiple-point readings
across a solid sample. NIR imaging spec-
trometers were introduced to compen-
sate for this shortcoming.These imaging
spectrometers work on the same princi-
ples as their traditional counterparts.The
difference lies in the detector, which in
our case is a digital camera with a light-
diffracting spectrograph attached. The
camera captures reflected light from the
sample as an intensity image at unique
NIR wavelengths.The scanned section of
a sample is recorded as a three-dimen-
sional, multi-spectral, digital image. In
such images, the digitized NIR spectrum
is defined in the third dimension (wave-
length) for each pixel location across the
sample.

The NIR imaging spectrometer con-
sisted of a light-diffracting prism–grat-
ing–prism (PGP) spectrograph attached
between the front objective lens and the
back of an NIR camera.The unit was sen-
sitive to light in the spectral range of
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pixel intensities because each point of the captured scene is
defined by multiple pixels in the wavelength dimension.

Multivariate images usually contain an enormous amount of
data (e.g., XX contains 512 × 512 × 4 = 1,048,576 pixel intensi-
ties), making the computational analysis intensive. Multivariate
statistical methods like multi-way principal component analysis
(MPCA) have proven to be ideal tools for efficiently reducing
data and analyzing multivariate images in a reduced dimension-
al latent variable subspace [12]. Figure 1 illustrates the MPCA
decomposition of the three-dimensional image array XX (upon
unfolding to a two-dimensional matrix XX) into a linear combi-
nation of two scores (tt

1
, tt

2
) and two loadings (pp

1
, pp

2
) plus noise

(EE). Details about MPCA decomposition and MIA of XX are pro-
vided elsewhere [12, 13].

MIA for feature extraction of NIR multi-spectral

images
Using NIR imaging spectrometry, we captured multi-spectral
images of 60 dissolving pulp samples from two main pulp
grades. The dissolving pulp grades were based on a bleached
softwood mixture of pine and spruce. The pulp was made by
the sulfite method. For confidentiality reasons, the pulp proper-
ty values were scaled to a relative index to preserve the raw val-
ues,but the trends of the properties were retained in the results
presented.

A pulp surface area of 93 mm (W) × 140 mm (L) was cap-
tured as intensity images measuring 102 pixels (W) × 448 pix-
els (L) in 108 unique wavelengths spanning the 933–1650-nm
NIR range. Thus, for purposes of MIA the dimensions of each
multivariate image were 102 × 448 × 108 pixels. We decom-
posed each sample image using MPCA to produce a one-dimen-
sional MIA score and loading space.

The MIA scores can be used if one is interested in the spatial
variations of feature pixels throughout the imaged area of the
pulp sample. However, our main aim was to derive overall qual-
ity data from NIR multi-spectral images of the pulp samples.We
determined the pulp quality indicators through wet-chemistry
laboratory testing.

The MIA loadings indicate the NIR spectral variations of pix-
els throughout the scanned area of the pulp sample.Thus, the
loading vectors provide overall information about chemical fea-
tures (related to signatures of various functional groups) in the
imaged pulp sample. The first MIA loading vector pp

1
of each

pulp sample image was used as its feature vector,which we ana-
lyzed further to infer pulp quality. No data scaling was applied
to the multivariate images prior to MPCA decomposition for
MIA [12].

Hence, pp
1

was a normalized mean NIR spectrum of the
45,696 unique NIR spectra over the scanned area of the pulp
sample (102 × 448 pixels). This feature vector is similar to a
point reading of a traditional NIR probe. In both cases, the fea-
ture vector is an averaged NIR spectrum. The main difference
between the two techniques lies in the spectral averaging. As
opposed to point averaging in NIR probe instruments, the MIA
loading vectors are averaged spectra from multiple points
across the imaged area of the sample.

When MPCA is performed on the NIR multi-spectral images,
weights of the pp

1
loading vector can be plotted against their

respective variables (wavelengths). FFiigguurree  22 shows the pp
1

fea-

ture vectors of the 60 spectral images of the 60 pulp samples.
This new feature vector set represents a feature space (XX

ffeeaattuurree
),

which can be used as regressor vectors to build predictive mod-
els for pulp quality.

The pp
1

feature vectors in the figure indicate that the higher
wavelengths (1400–1650 nm) generally exhibit low NIR
reflectance, or high absorbance, whereas the lower wave-
lengths (933–1300 nm) exhibit high reflectance.The regions of
highest varaition among the feature vectors are in the wave-
length ranges from 933 to 1100 nm and from 1400 to 1650 nm.
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MVIR modeling of MIA feature

space to predict pulp quality 
The feature vectors extracted from NIR
multi-spectral pulp images can be further
analyzed to predict overall pulp quality
data.We performed this analysis via par-
tial least squares (PLS) regression model-
ing between the feature space and corre-
sponding pulp quality data from labora-
tory testing. PLS modeling has been pop-
ular in analytical chemistry for multivari-
ate calibration of NIR spectra. Once
trained, these models can be used to pre-
dict analyte concentrations from NIR
spectra of new samples [14, 15].

The overall MVIR scheme is illustrat-
ed in FFiigg..  33. The MIA feature vectors
(XX

ffeeaattuurree
) were individually regressed with

four pulp quality variables (YY = S10, S18,
DCM resin, and intrinsic viscosity). For
dissolving pulp grades, these four param-
eters are the key values for customers
who manufacture rayon, pharmaceuti-
cals, photographic films, etc. These vari-
ables describe the solubility of hemicel-
luloses (S10 and S18), the measure of
extractable materials using
dichloromethane solvent (DCM resin),
and the average length of the molecular
chains of polymers making up pulp
fibers (intrinsic viscosity).

Tembec Inc. previously performed a
preliminary analysis to empirically pre-
dict pulp properties from NIR spectra
obtained through a spectroscope with a
probe detector [16]. PLS regression mod-
eling was used to predict pulp properties
from NIR spectra.The NIR spectra were
orthogonal signal corrected (OSC) prior
to PLS modeling.We also used OSC of the
MIA feature vectors prior to PLS model-
ing for predicting pulp properties.

OSC is a spectral filtering technique
[17, 18] for removing systematic varia-
tions from MIA feature vectors (XX

ffeeaattuurree
)

that are unrelated to (i.e. orthogonal to)
pulp properties (YY).This type of filtering
is particularly important because the NIR
spectra are strongly affected by moisture
in the pulp. Other systematic variations
in XX

ffeeaattuurree
that are unrelated to YY include

surface effect variations in images of dif-
ferent samples and light variations
between imaging runs. By subtracting
the OSC components from XX

ffeeaattuurree
, we

obtain a filtered predictor matrix, which
contains the variations of interest that
are related to the variations in YY. (An
excellent introduction to OSC of NIR
spectra is offered by Wold et al. [18].)

We found it optimal to remove two
OSC components, based on the predic-
tive ability of the filtered model. The
amount of information removed by OSC
can be more fully appreciated by observ-
ing the raw and filtered feature vectors of
the pulp NIR images.

The graph in FFiigg..  44aa illustrates feature
vectors extracted via MIA for the NIR
multi-spectral images of two pulp sam-
ples from the “at-line” imaging study.
FFiigguurree  44bb illustrates the signal-corrected
feature vectors after filtering with two
OSC components using YY = intrinsic vis-
cosity.

By comparing the magnitudes of the
coefficients in the two feature vectors
before and after filtering, we see that
OSC removes most of the variation in
XX

ffeeaattuurree
. Furthermore, OSC removes the

trends in the feature vector coefficients
with respect to the NIR wavelength
spectrum. Subtle differences between
the feature vectors are enhanced in cer-
tain wavelengths, indicating higher infor-
mation content in specific regions of the
NIR spectrum. Such information is relat-
ed primarily to the intrinsic viscosity
variations in the dataset.

To develop the empirical models, we
then individually PLS regressed the OSC-
filtered feature space with respect to the
four different pulp properties with the
respective laboratory-measured pulp
property data 

Regression modeling details

and results
In an “at-line”imaging study conducted at
the pulp mill, samples from the end of
each roll were imaged immediately after
production and prior to laboratory test-
ing for pulp quality. The following is a
description of the regression modeling
and results from this “at-line” imaging
study.

Sixty pulp samples were imaged in a
time sequence over three days at the
pulp mill.These samples belonged to two
main grades,Grades 1 and 2.Grade 1 was
further divided into two sub-grades, A
and B, because of different specifications
on some of the pulp properties.
Laboratory tests for the four pulp prop-
erties were performed on the pulp sam-
ples after imaging.The NIR multi-spectral
images of the pulp samples were decom-
posed via MPCA into pp

1
loading feature

vectors and were assembled as observa-
tions (rows) of XX

ffeeaattuurree
(Fig. 3).

Two equal divisions of the complete
dataset were made (30 samples each) for
(a) training the multivariate regression
model to fit the YY data (Observations 1,
3,…,49 of XX

ffeeaattuurree
) and (b) using the devel-

oped model on a validation dataset
(Observations 2, 4,…, 50) for predicting
the pulp properties and calculating pre-
diction errors. Alternate samples were
divided into training and validation sets
mainly to accommodate the analytical
laboratory.The laboratory procedure for
measuring intrinsic viscosity required
only 20 min.As a result, this property was
the only pulp property that was meas-

4. Effect of OSC filtering on pulp image feature vectors. (a) Raw feature vectors of two sample images. (b) Filtered feature

vectors upon removing two OSC components (Y = intrinsic viscosity).
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ured for all 60 pulp samples from the at-line study. The other
three pulp properties (S10, S18, and DCM resin) were measured
for only half of the dataset (i.e. only for the training dataset)
since their wet-chemistry procedures were more tedious and
took much longer. Because three property measurements were
not available in the validation set, PLS model prediction errors
are not available for S10, S18, and DCM resin.

The NIR spectral data in XX
ffeeaattuurree

were mean-centered with
respect to the 108 wavelengths (columns) prior to modeling.
Each of the four pulp property variables in YY was mean-cen-
tered and auto-scaled to unit variance. DCM resin values were
transformed by taking the natural logarithm, expressed as
ln(DCM resin). Beebe et al. [19] and Eriksson et al. [15] provide
insights to different types of variable scaling and variable trans-
formations that can be performed to remove nonlinearity and
improve the PLS model fit and predictions.

When the DCM resin values were transferred into ln(DCM
resin), the corresponding relative experimental errors (coeffi-
cient of variation = ±6.3%)  were also stabilized to absolute
errors (2s experimental error = ±0.13). Separate PLS regression
models were developed for each of the four pulp properties in

the training dataset.The corresponding models were then used
to predict pulp property values from feature vectors in the val-
idation dataset.The errors between pulp property values from
the analytical laboratory tests and PLS model predictions from
the training and validation datasets (for intrinsic viscosity) were
then calculated.
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6. Time series plot of S10 pulp property experimental data

and OSC + PLS regression model predictions.
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I. Multivariate regression model results for four pulp property variables.

PULP PLS EXPERIMENT ERROR,
PROPERTY COMPONENTS R2

cum
Q2

cum
RMSEE RMSEP 2 std. dev.

Intrinsic viscosity 3 0.929 0.894 0.289 0.451 0.223
S10 1 0.891 0.813 0.545 — 0.600
S18 2 0.974 0.964 0.068 — 0.300
ln(DCM resin) 2 0.76 0.715 0.596 — 0.126

5. Time series plot of intrinsic viscosity experimental data and OSC + PLS regression model (a) fit to the training dataset

and (b) prediction of the validation dataset.
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mental data and OSC + PLS regression model predictions. 
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An overall measure of the quality of a
regression model can be determined by
comparing its root mean squared error
of fit (RMSEE) and its root mean squared
error of prediction (RMSEP) with the
experimental errors from laboratory
tests of pulp properties. If the RMSEE and
RMSEP are similar to experimental
errors, the regression models can fit and
predict the pulp property at least as well
as the laboratory testing can.The results
of four OSC + PLS multivariate regression
models used for the pulp properties of
interest are summarized in TTaabbllee  II.

In Table I, R2
cum

is the cumulative sum
of squares of YY explained by the fitted
PLS regression model. Q2

cum
is the per-

cent sum of squares that can be predict-
ed as determined by cross-validation
[20]. If Q2

cum
is close to R2

cum
and both are

close to 1.0, then the model is consid-
ered to be highly predictive. RMSEE is
defined as the root mean squared error
of estimation for the fitted data using the
PLS model:

(1)

where y^ and y are the predicted and
observed values of the response variable,
respectively, and N is the number of fit-
ted data points. RMSEP is calculated in
the same manner as RMSEE, except that
it is defined as the root mean squared
error of prediction for the data not used
in the model building stage (i.e., on the
validation dataset) [21].

FFiigguurree  55 shows the time series plots
of the training and validation datasets of
the intrinsic viscosity pulp property col-
lected during the “at-line” study.As these
plots show,the predictions closely follow
the trends of the laboratory test data
from Grade 1A to Grade 2.The error bar
around the “target value” (dash-dot line)
gives the 2s experimental error limit for
the laboratory measurements of intrinsic
viscosity. The model fit and predictions
seem generally within the limits defined
by the error bar. The OSC + PLS model
predictions not only follow the general
trends of intrinsic viscosity between
grades,but the model can also detect any
process upsets within a grade (e.g., the
temporary decrease in intrinsic viscosity
around Sample 28 in Grade 1A).

FFiigguurree  66 illustrates a time series plot
of the S10 pulp property. PLS model pre-
dictions for the validation set have been
overlaid with the training set laboratory
measurements as part of a common time
series plot. Actual laboratory measure-
ments for the validation set are not avail-
able for the S10 pulp property.As the fig-
ure shows, the OSC + PLS model per-
forms reasonably well in following the
S10 pulp property trends from Grade 1A
to Grade 1B to Grade 2.Furthermore, this
model can also detect the sudden
increase in the S10 value for Grade 1A
around Samples 27 and 28. Thus the
model performs well both within and
between the grades studied.The experi-
mental error bar (±0.6) is included to
show the model’s ability to predict the
pulp property values for the validation
set.

Similar time series plots are shown in
FFiiggss..  77  aanndd  88 for S18 and ln(DCM resin)
pulp properties, respectively.The chosen
OSC + PLS regression model for S18 also
seems to perform reasonably well in fol-
lowing the pulp property trends from
Grade 1A to Grade 1B to Grade 2.

As Fig. 8 shows, the PLS model pre-
dictions for ln(DCM resin) are not as
good as those for the other three pulp
properties. This discrepancy could be
attributed to the noisy laboratory meas-
urements of the DCM resin pulp proper-
ty for Grade 1B and Grade 2.As illustrat-
ed in the figure, the laboratory measure-
ments (solid diamonds) for these grades
exhibit a bouncing pattern between –15
and –18 for Samples 37–60. These inac-
curacies may contribute to a bad training
set for the PLS models,which is reflected
in the poor predictions of ln(DCM resin)
for the validation set.

EXTRACTING SPATIAL 
DISTRIBUTIONS USING

MVIR MODELS
The main objective of the MVIR pulp
property modeling study was to relate
multi-spectral NIR images of finished
pulp samples to their average properties.
We did not use any spatial information
from the pulp sample images in the
MVIR calibration models. Instead, we
tried to extract spatial information of a
pulp sample through the application of
the overall MVIR model on subsections
of its multi-spectral NIR image [22].
Doing so would enable us predict the
spatial variations in pulp properties
throughout the sheet and would there-
fore provide a measure of the hetero-
geneity of the sample with respect to
each property.This advantage is a poten-
tially important one for the two-dimen-
sional NIR imaging spectrometer over a
traditional NIR instrument, which uses a
single point as a source.

When the multi-spectral NIR image is
segmented into various subsections and
the overall MVIR model is applied to pre-
dict local pulp properties for each sub-
section, one can obtain a spatial distribu-
tion of predicted pulp properties
throughout a pulp sample. Such a distri-
bution can be plotted as a two-dimen-
sional histogram of property predictions.
The histogram gives an idea of the mean
and variance of a pulp property as it is
distributed through a particular sample
image. The mean property prediction
gives an overall measure (similar to the
overall MVIR model predictions), where-
as the variance provides a measure of
pulp heterogeneity with respect to the
property being predicted.

( )  ŷ 2∑ −= NyRMSEE

9. Intrinsic viscosity distribution

across seven subsections of NIR multi-

spectral image of Sample 16 from the

at-line imaging study.
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Since the NIR imaging spectrometer
scans the pulp sample as a line-scan cam-
era, if one were to segment the pulp
image into subsections containing sever-
al line scans, the corresponding predic-
tion histogram could be used to monitor
changes in pulp properties in an on-line
fashion. In a typical monitoring scheme,
one could track both the mean and the
variance of the pulp properties.

The idea is illustrated by calculating
the intrinsic viscosity distribution across
Sample 16 from the “at-line” imaging
experiment.The intrinsic viscosity value
(along with 2s experimental errors) for
the sample as measured in the laboratory
was 25.03±0.22, whereas the MVIR pre-
diction using the OSC + PLS regression
model was 25.14.The multi-spectral NIR
image of the entire pulp sample was seg-
mented into seven subsections, with
each subsection covering the full line-
scan width of the original pulp sample
image.

Using the overall OSC + PLS MVIR
model coefficients within every image
subsection, we obtained intrinsic viscosi-
ty predictions for seven subsections of
the scanned surface of the pulp sample.
The size of image segments chosen will
be a tradeoff between obtaining finer
spatial detail with finer segmentation
and increased variance of the predictions
in each subsection as result of fewer
image pixels and local variations in light-
ing [22]. (The distribution of pulp prop-
erty predictions across the same pulp
sample image segmented into 48 subsec-
tions is illustrated elsewhere [23].)

To investigate the variation of the
properties throughout the sheet, the
overall OSC + PLS MVIR model can be
applied to any image subsection to
obtain predictions for that subsection of
the image. The mean intrinsic viscosity
prediction over the seven subsections is
24.87, and the standard deviation of the
predictions across the seven subsections
is 0.549. The physical dimension of the
pulp sample area scanned by the imag-
ing spectrometer is 140 mm (L) × 93 mm
(W). Compared to the width of an indus-
trial pulp web, the imaging spectrometer
covers less than 1% of its true horizontal
dimension. As a result, it would be rea-
sonable to assume very little variability in
the spatial distribution of predicted
intrinsic viscosity across the seven sub-

sections of the multi-spectral NIR pulp
image.

CONCLUSIONS
FFiigguurree  99 shows the distribution of intrin-
sic viscosity predictions obtained by
applying the PLS model coefficients to
seven subsections. A multivariate image
regression technique was used to predict
pulp quality data from NIR multi-spectral
images of pulp samples.The MVIR tech-
nique can be used to relate feature infor-
mation from multivariate images of fin-
ished products to corresponding data
obtained from the quality control lab.
Once trained, the MVIR model can then
be used to infer quality data from prod-
uct images in on-line industrial processes
equipped with multivariate imaging sen-
sors.

The proposed technique has been
tested in a feasibility study at a pulp mill
with promising results. The empirical
modeling technique produces adequate
predictions of three out of the four pulp
quality indicators studied. With current
trends in high-speed camera technology,
the proposed image regression scheme
has the potential for on-line monitoring
of pulp quality through NIR multi-spec-
tral imaging spectroscopes mounted on
pulp machines. TJ
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INSIGHTS FROM THE AUTHORS
For many years now, we have been doing research on
process control and multivariate statistical methods for
extracting information from sets of industrial data. Our
main area of research is process control as it relates to
sensors for monitoring quality. On-line digital imaging
systems represent a powerful new kind of sensor for
monitoring and controlling quality in solid products
such as pulp and paper. 

The tremendous potential of NIR imaging for evalu-
ating quality was evident to us in this work because we
were able to do better than we expected in determining
the properties accurately. One problem we had was
getting pulp samples in a timely enough manner to pre-
vent the pulp from showing the effects of aging. The
solution was obvious. We moved the camera from
McMaster University to Tembec’s mill site and took the
measurements as the rolls came off the line.

Our next step in developing the method is to get
more detailed spatial information on all the quality vari-

ables throughout the sheets, rather than just the aver-
age quality over the image. We also want to develop
the imaging system for on-line use. In the meantime,
the technique can give mills a new laboratory method
for monitoring pulp quality that can replace many of
the tedious methods now used.
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