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chemical image). Each sample measurement generates a hyperspectral data cube containing thousands
of spectra. An important part of a NIR-CI analysis is the data processing of the hyperspectral data cube.
The aim of this study was to compare the ability of different commonly used calibration methods to
generate accurate chemical images. Three common calibration approaches were compared: (1) using
single wavenumber, (2) using classical least squares regression (CLS) and (3) using partial least squares
regression (PLS1). Each method was evaluated using two different preprocessing methods.

Keywords:
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Chemical imaging

Hyperspectral image A calibration data set of tablets with five constituents was used for analysis. Chemical images of the active
Hyperspectral data cube pharmaceutical ingredient (API) and the two major excipients cellulose and lactose in the formulation
Image analysis were made. The accuracy of the generated chemical images was evaluated by the concentration prediction
Solid dosage forms ability. The most accurate predictions for all three compounds were generated by PLS1. The drawback of
Classical/partial least squares PLS1 is that it requires a calibration data set and CLS, which does not require a calibration data set,

therefore proved to be an excellent alternative. CLS also generated accurate predictions and only requires
the pure compound spectrum of each constituent in the sample. All three calibration approaches were
found applicable for hyperspectral image analysis but their relevance of use depends on the purpose of
analysis and type of data set. As expected, the single wavenumber method was primarily found useful for
compounds with a distinct spectral band that was not overlapped by bands of other constituents.
This paper also provides guidance for hyperspectral image (or NIR-CI) analysis describing each of the
typical steps involved.
© 2008 Elsevier B.V. All rights reserved.

1. Introduction resulting in a hyperspectral data cube. Translating the spectral sig-
nature from each pixel into, for example, chemical concentrations
Near-infrared chemical imaging (NIR-CI) is an emerging tech- will generate a set of chemical images showing the distribution of

nology within the pharmaceutical industry compared to the now each ingredient within the sample matrix. This visualization of the
well-established traditional NIR spectroscopy. Pharmaceutical NIR internal structure and elucidation of the distribution and cluster
spectroscopy applications range from raw material testing through size of each constituent in the sample is valuable in formulation

process monitoring to final product analysis [1-5]. The conven- development an_d manufacturing of solid dosage forms as well as
tional single point NIR spectroscopy measures a bulk average NIR  for troubleshooting quality defects. NIR-CI has the potential to pro-
spectrum and reflects an average composition of the sample. NIR- vide increased process and product understanding which goes well

Cl adds spatial distribution information to the spectral information in hand with the process analytical technology (PAT) initiative of

by combining traditional NIR spectroscopy with digital imaging. In the.FD/.\ [6]. Briefly, the concept of PAT is to b“ilfl in quality by
NIR-CI, a NIR spectrum is recorded in each pixel of the sample image ~ design instead of merely passively testing the quality of the prod-
ucts and manufacturing processes. PAT promotes technologies that

can identify and monitor critical process parameters and the goal

is to enhance understanding and control the manufacturing pro-
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The majority of the early NIR-CI literature in pharmaceutical
analysis describes the general principle of this new technology and
its potential use. The applications include root-cause analysis of
manufacturing problems, product development, quality assurance
and quality control but are mostly feasibility studies on relatively
simple model systems or examples on a single pharmaceutical
sample [7,11-17]. The pharmaceutical NIR-CI research later moved
into developing methods to analyse hyperspectral NIR images and
investigating the factors affecting NIR-CI of solid dosage forms
[18-23].In the past few years the number of pharmaceutical appli-
cations using NIR-CI has increased significantly [3,9,24-29] and
recently NIR-CI is seen integrated in formulation development
[30,31], used for mechanistic powder blending studies [32,33] and
a review has also been published [34].

For NIR-CI to develop into a useful and well accepted technol-
ogy in pharmaceutical analysis it is important to have a thorough
understanding of how to properly measure and analyse such data.
The analytical work of a NIR-CI experiment can be divided into three
overall steps:

¢ Data acquisition Includes sample preparation, instrumental set-
tings and basic spectral transformation. The raw data output from
a NIR-CI measurement is organised in a 3D data structure with
two spatial axes and one wavelength axis, also called a hyper-
spectral data cube.

Data processing The processing of the hyperspectral data cube
into a, typically chemical, image by univariate or multivariate
image analysis approaches. This part includes wavelength selec-
tion, spectral preprocessing and the subsequent data analysis to
generate the chemical images showing the distribution of each of
the ingredients within the imaged sample.

Image processing The processing of the generated chemical
images into relevant and ‘useful’ information that will qualita-
tively or quantitatively describe the properties of a sample in
relation to the problem investigated. This could, for example,
be a total concentration or a measure of the distribution of the
concentration of the active ingredient.

Each of the three steps in a full hyperspectral image analysis is
important for a successful NIR-CI experiment. If the spectral qual-
ity from the data acquisition is poor, no multivariate image analysis
method is able to compensate for this and still generate accurate
results. If the data processing method is suboptimal, inaccurate
chemical images will be generated that will lead to erroneous con-
clusions in the subsequent image processing analysis. And finally,
even when an accurate chemical image is generated, poor image
processing methods may extract the wrong product or process-
related information from the images. It is therefore imperative that
each of the three overall steps is thoroughly investigated and their
strengths and limitations are known.

Avariety of factors affect the quality of the output for each of the
three steps. The present study focuses on the data processing part
generating the chemical images. Unfortunately, there exists no uni-
versal data processing method that is superior for all hyperspectral
data cubes. The choice of proper analysis will depend on the data
set and the purpose of analysis. Table 1 presents an overview of ca-
libration methods demonstrated in the NIR-CI literature analysing
hyperspectral data cubes of pharmaceutical samples. Common for
most of the studies in Table 1 is that the pharmaceutical appli-
cation is the main purpose. The data processing methods is of
course an important part of the studies but often not critically
evaluated for its appropriateness. Many of the early NIR-CI studies
used univariate approaches (single wavenumber, peak-height ratio
etc.). More attention has since been drawn to develop multivari-
ate approaches to extract more information from the hyperspectral

Table 1
Calibration methods used for analysing hyperspectral data cubes in pharmaceutical
applications

Calibration approach Reference

Single wavelength [7,12,24,26,30,36,37]

Peak-height ratio [26,38]

Correlation coefficient [26]

PCA [19,21,24,31,33,36,38]
CLS [27,30]

PLS2 (pure spectra) [7,9,14,19,24,29,32,33]
PLS2 (calibration set) [26,27]

images. For example, Jovanovic et al. [26] evaluated four differ-
ent data processing approaches to analyse mixtures of lysozyme
and trehalose. The contrast in the chemical images were compared
by methods using intensity of a single wavelength, peak-height
ratio of two wavelengths, correlation coefficient with a reference
spectrum and principal component analysis (PCA). The correlation
coefficient method was also compared with partial least squares
(PLS) regression for further homogeneity investigations. Gendrin
etal.[27] compared classical least squares (CLS) and PLS regression
for best content prediction of the active pharmaceutical ingredient
(API) and two excipients in pharmaceutical solid dosage forms.

Although different univariate and multivariate data processing
approaches are applied to pharmaceutical applications it is often
not easy to compare the results. Chemical images generated from
different data processing methods may visually look similar but
actually provide different chemical information. Thus, there is a
lack of objective criteria or, for example, a ‘NIR-CI calibrated tablet’
to assess what the ‘best’ or most accurate image is [20]. Studies are
often seen comparing data processing methods by differences in
contrast of the generated images. However, the goal of the data pro-
cessing step in a NIR-CI experiment is not to generate high contrast
but to generate the right, i.e. accurate, contrast.

In this study, three common calibration approaches were eval-
uated for their ability to generate accurate chemical images of the
API and two major excipients in a five-compound pharmaceutical
solid dosage form. The aim of the study is to investigate the ability
of different commonly used hyperspectral image data processing
methods to generate accurate chemical images. The three calibra-
tion approaches compared were (1) using a single wavenumber for
calibration, (2) using classical least squares (CLS) where estimates
of pure spectra are used to obtain concentration estimates [35] and
(3) partial least squares regression (PLS) where a regression model
is built between measured spectra and known concentrations [35].
Two different spectral preprocessing methods were investigated for
each of the three data processing approaches. They were selected
as the two best performing preprocessing methods selected from a
comparative study of a range of different preprocessing approaches
applied to each of the data processing methods. Further, this paper
delineates the general steps involved in data processing of hyper-
spectral data cubes and can thus also be used as practical guidance
for this analytical approach.

2. Materials and methods
2.1. Materials

Due to intellectual property rights, the name and structure of
the active pharmaceutical ingredient (API) cannot be shown. It
is simply denoted API. The excipients for the tablet formulation
were silicified microcrystalline cellulose (ProSolv SMCC® HD90, JRS
Pharma, Germany), a-lactose monohydrate (Tablettose®70, Meg-
gle, Germany), magnesium stearate (Liga MF-2-V, Peter Greven
Fett-Chemie, Germany) and talc (Unikem, Denmark).
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2.2. Samples

A five-compound conventional pharmaceutical tablet formu-
lation was used to produce the calibration data set analysed
throughout this study. The nominal composition was active phar-
maceutical ingredient (API: 6.3%, w/w), microcrystalline cellulose
(MCC: 20.0%, w/w), lactose (lact: 71.5%, w/w), and the lubricants
magnesium stearate (0.75%, w/w) and talc (1.5%, w/w). From this
nominal composition a calibration data set of 9 batches was
designed by a D-optimal formulation design using Modde soft-
ware [39]. The design was constructed to vary the API and cellulose
+30% from their nominal values. The content of the lubricants mag-
nesium stearate and talc were fixed and lactose was adjusted to
make a total of 100%. Table 2 shows the concentrations of the five
compounds for each of the 9 calibration batches.

The dry-blend formulations were all mixed in a drum-mixer
and compressed into tablets of 175 mg by direct compression on
a 6-punch station rotary tablet press. A flat punch-set was used to
obtain a flat sample surface. The diameter of the tablets was 8 mm
and the thickness 2.6 mm. Batch sizes were 500 g and tablets were
collected from start, mid and end of the tabletting process. Pure
compound reference samples of the API and the excipients were
also produced. Approximately 250 mg of each raw material was
compressed into 8 mm diameter wafers on a hydraulic tablet press
using 10 kN pressure for 10s. The wafers were analysed similar to
the pharmaceutical tablets and used to generate pure compound
reference spectra.

2.3. Data acquisition

To get a representative sampling from each batch two tablets
from start, mid and end of the tabletting process were analysed
from each of the 9 calibration batches, i.e. a total of 54 samples (6
tablets from each of 9 batches).

Each tablet was fixed onto a microscope slide using cyanoacry-
late glue and measured directly on the flat tablet surface. Samples
were analysed on a NIR line mapping system (Spectrum Spot-
light 350 FT-NIR Microscope, PerkinElmer, UK) from which 16
spectra were collected in each acquisition from a linear MCT detec-
tor array. An area of 2 mmx 2 mm were analysed using pixel size
25 wm x 25 wm thus obtaining a total of 6400 spectra (= pixels) for
each image. Each spectrum was the average of 8 scans from wave-
length region 7800-4000 cm~! using a 16 cm~! spectral resolution.

2.3.1. Spectral correction

As the spectral responses obtained from a NIR-CI measurement
contain information from both the sample and the instrument it
is necessary to correct for the instrument response by using a
background reference. The raw data from the data acquisition is
thus relative NIR diffuse reflectance data (R=Rsample/Rbackground)
organised in a 3D structure (hyperspectral data cube). The high-
reflectance standard Spectralon™ (Labsphere, Inc., North Sutton,
New Hampshire) was used as background reference in this study.

The background corrected 3D image data files were imported
into Matlab software [40]. All image data processing was performed
using in-house scripts together with PLS_Toolbox [41].

2.3.2. Conversion to absorbance

Prior to data analysis all raw reflectance data (R) were
transformed into absorbance (A) by the relation A=—logio (1/R).
Assuming the path length on average is constant for the NIR dif-
fuse reflectance mapping measurements of the sample, a linear
relationship exists between absorbance and chemical compound
concentration (Beer-Lambert law).

2.3.3. Unfold 3D hyperspectral data cube

Hyperspectral image data can be analysed by both ordinary two-
way and three-way methods but the two-way methods have been
found most suitable for this type of data [42]. In our study, ordinary
two-way multivariate methods are compared and to make hyper-
spectral image data amenable for two-way methods it is necessary
to unfold the 3D hyperspectral data cube to a 2D matrix, in which
each row is a spectrum related to one of the pixels. Once all data
acquisition and data processing has been performed the resulting
2D matrix is refolded to retain the pixel location of each spectrum
and generate the chemical image.

2.4. Data processing

Prior to applying the actual data analysis method that generates
the chemical image the wavenumber range and spectral prepro-
cessing methods must be selected. These two steps are described
below together with the specific settings used in this study.

2.4.1. Variable selection

Multivariate methods often excel above univariate methods
because of their ability to use the entire measured wavenumber
range. Nevertheless, the precision of a multivariate method can,
in some cases, be improved by a proper variable selection. In this
study, variable selection by variable importance in the projection
(VIP) [43,44] was used to select the optimal wavenumber range(s)
for the PLS1 model. For CLS the noisy wavenumber ends were
removed and the spectral range was reduced to 7500-4200cm™1,
For the single wavenumber method the wavenumber was selected
at positions with a distinct spectral absorption band having lit-
tle spectral overlap from the other compounds. This was assessed
visually.

2.4.2. Spectral preprocessing

The raw NIR diffuse reflectance spectra obtained from a NIR-CI
measurement contain both chemical and non-chemical informa-
tion about the solid sample [45]. The source of the non-chemical
information may be from the sample (e.g. uneven sample surface
or differences in sample density) and/or the instrumentation (e.g.
changes in lamp intensity or detector response). The effects are
typically observed as spectral baseline offsets or a sloping baseline.

As it is the chemical information that is of interest the non-
chemical biases are sought and removed by different preprocessing
techniques. These preprocessing techniques are routinely used in
conventional NIR spectroscopy and their effects on hyperspectral
NIR images have also been investigated [21,27]. The most common
preprocessing approaches used in NIR-CI experiments on pharma-
ceutical solid dosage forms are first and second Savitzky-Golay
derivative transformation [46], standard normale variate (SNV)
[47], multiplicative scatter correction (MSC) [48] or a combination
hereof.

In this study a calibration data set was available. It was thus
possible to perform regression analysis by all three calibration
approaches trying different preprocessing treatments and choosing
the preprocessing giving best results. Using this approach the two
best preprocessing methods found for each data processing method
were selected and used for comparison throughout this study.
Savitzky-Golay derivative transform implies choosing derivative
order, filter width and polynomial order. For example a first deriva-
tive transform with a nine-point filter width and polynomial order
three is denoted here as “first (or 1st) derivative (9/3)".

2.4.3. Calibration methods
At this stage of the overall NIR-CI analysis the spectral data are
translated into concentrations producing the NIR chemical images.
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Table 2

Composition (% w/w) of the five-compound pharmaceutical tablet formulations constituting the 9 calibration batches

Ingredients (particle size") 1 2 3 4 5 6 7 8 9

API (2.4/11/129) 438 8.14 438 8.14 438 8.14 6.26 6.26 6.26
Cellulose (43/121/272) 14.00 14.00 26.00 26.00 20.00 20.00 14.00 26.00 20.00
Lactose (13/62/152) 79.37 75.61 67.37 63.61 73.37 69.61 77.49 65.49 71.49
Magnesium stearate (1.7/4.7/19) 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75
Talc (3.5/13/44) 1.50 1.50 1.50 1.50 1.50 1.50 1.50 1.50 1.50

" Particle size measures (wm) of the cumulative volume distribution given by the 10%, 50% and 90% percentiles (D[v,0.1]/D[v,0.5]/D[v,0.9]) obtained using a Malvern

Mastersizer 2000 laser diffraction system.

Similar to preprocessing treatments there do not exist any standard
calibration method that is superior for analysing all hyperspectral
data cubes. The choice of calibration method will depend on the
type of data set and the purpose of analysis.

The goal of this study was to compare the ability of three com-
mon calibration methods to generate accurate chemical images of
the major ingredients in a solid dosage form. Hyperspectral NIR
image data from 54 tablets (6 tablets from 9 calibration batches)
were analysed by a single wavenumber method, CLS and PLS1.

The nine predicted concentrations (mean of 6 replicates) were
calculated for API, cellulose and lactose for each of the three
methods. The method that generated the most accurate chemical
images was evaluated by the accuracy of prediction of the overall
concentration in the image, which was assessed by the model pre-
diction error (root mean square error of cross-validation; RMSECV).
Characteristics of the three common calibration methods are sum-
marized in Table 3.

All commonly used calibration approaches share the feature that
they do not actively exploit the spatial information in the images.
Alternatives that do exploit this are available [49] but they are not
commonly used and are hence not included in this work. A general
description of the principles for each of the three calibration meth-
ods used to analyse hyperspectral NIR images follows together with
the specific settings used for each data processing method in this
study.

2.4.3.1. Single wavenumber method. The single wavenumber
method is a univariate approach and the chemical images gen-
erated from this method are based on the absorbance intensity
values in each pixel at one specific wavenumber. To obtain an
image with chemical information for a specific compound it is
important to select a wavenumber with a strong and distinct
absorption band for that particular compound, i.e. with as little
absorption interference as possible from the other compound’s
spectra in the sample. The most distinct absorption band is best
selected from the pure compounds NIR spectra if available and
preferably from a derivative form of the spectra as this transform
will enhance the spectral resolution of overlapping bands and
highlight subtle spectral peaks. Second derivatives spectra are
often preferred as the absorption peaks from this preprocessing
technique appear at the same position as for the original peaks.

Table 3

In this study, pure compound spectra normalised using SNV
followed by second derivative (9/3) were used to select the most
distinct absorption band for each of the three analysed com-
pounds in the tablets. This preprocessing method was selected
together with a second derivative (15/3) preprocessing for the sin-
gle wavenumber regression analyses.

2.4.3.2. Classical least squares (CLS). The multivariate classical least
squares (CLS) algorithm is often used in simpler spectroscopic
applications and also appears to be an obvious choice for analysing
hyperspectral images such as those in this paper [35]. The CLS
model is based on the assumption that the measured spectra are
the sum of pure compound spectra weighted by the concentration
of the compounds. The relative concentrations of the compounds
in the sample can thus be estimated using only the pure compound
spectra according to Beer-Lambert’s law.

In our study, the pure compound spectrum for each of the five
constituents was calculated as the mean spectrum of the hyper-
spectral data cube for each pure compound reference sample. Using
all five pure compound spectra and the image cube mean spec-
trum of a sample the relative concentrations of the compounds in
the sample matrix were estimated by the CLS model. To generate a
chemical image for each compound in a sample, all spectra from the
hyperspectral data cube were used to estimate the concentration
values for each compound in each pixel.

The wavenumber range used for CLS in our study was selected
by removing the noisy end channels thus reducing the wavenum-
ber range to 7500-4200cm~!. The lowest prediction error was
obtained using either the first derivative (9/3) or the second deriva-
tive (9/3) preprocessing of spectra and these two preprocessing
methods were therefore selected for comparison.

2.4.3.3. Partial least squares (PLS1). PLS is a multivariate regression
method used to build quantitative calibration models [35,50]. It
is a regression method that relates two data matrices, X (spectra)
and Y (reference values), with each other. PLS requires a calibra-
tion data set composed of several samples spanning an appropriate
concentration range to build a model for new predictions. This may
limit the use of the PLS method as calibration data sets can often
be difficult to obtain, for example, in the early development of a
pharmaceutical formulation.

Comparison of the three calibration methods used to analyse the hyperspectral NIR data cubes in this study

Calibration method Samples required for method

Characteristics of method and preferred use

Single wavenumber (univariate)
distinct absorption peaks)

CLS (multivariate—supervised) NIR spectra of pure compounds

PLS (multivariate—supervised)

NIR spectra of pure compounds (to identify

Calibration data set of known compositions

Qualitative use. Easy, seemingly intuitive and fast.
Exploratory analysis, valid for simple sample matrices.
Distinct spectral band for compounds required.

Quantitative use.
Relatively accurate, fast and easy.
Requires only pure compound spectra. Assumes Beer’s law valid.

Quantitative use.
Accurate, robust predictive precision.
Requires full calibration data set.
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Table 4
Results from concentration predictions of API, cellulose and lactose for the single wavenumber method, CLS and PLS1
Single wavenumber CLS PLS1
Compounds API Cellulose  Lactose API Cellulose  Lactose API Cellulose Lactose
Preprocessing 2" derivative (15/3) 1% derivative (9/3) 1% derivative (9/3) + mean center
xg\il:rrl.l L(T::?; 5984 4280 5168 4200-7500 15282%-%1% 4?5828:::8)8 ‘;%)4088‘;5‘1%%
(105 var.) (85 var.)
Corr. coef. R? 0.98 0.95 0.92 0.98 0.98 0.96 0.99 0.98 0.99
Slope 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.01 0.99
RMSEC 0.29 1.56 2.03 0.30 0.93 1.50 0.05 0.24 0.32
RMSECV 0.38 1.94 2.46 0.40 1.16 1.82 0.18 0.70 0.62
Preprocessing SNV + 2" derivative (9/3) 2" derivative (9/3) 2" derivative (9/3) + mean center
leionams 5984 4280 5168 4200-7500 Se16-6000 4(150(;‘;‘:’;9)5 0165400
(112 var.) . (86 var.)
Corr.coef. R? 0.96 0.97 0.86 0.99 0.97 0.95 0.98 0.98 0.97
Slope 1.00 1.00 1.00 1.00 1.00 1.00 1.04 1.04 0.92
RMSEC 0.44 1.53 2.59 0.17 1.11 1.60 0.07 0.33 0.35
RMSECV 0.54 1.97 3.38 0.23 1.34 1.94 0.23 0.87 0.88

For each calibration method results are presented for the two preprocessing treatments showing best predictions. The grey-shaded area points out the best predictions

obtained.

When a new hyperspectral data cube of a sample with identical
ingredients but unknown concentrations is applied to a PLS model
it will convert the spectral information of each pixel into predicted
concentrations. The generated PLS prediction image of each com-
pound therefore shows the predicted concentration in each pixel
(=chemical image). The predicted compound concentration of the
imaged sample is calculated by the mean value of all predicted pixel
concentrations.

In our study, PLS1 models were developed for each of the three
major compounds API, cellulose and lactose. The image cube mean
spectrum for each of the 54 calibration samples was first calcu-
lated followed by computing the mean spectrum of the 6 replicates
for each of the 9 calibration batches. The resulting 9 mean spec-
tra formed the data matrix X. The reference values in the Y matrix
were the 9 theoretical concentrations (% w/w) for each of the three
major constituents given in Table 2. Each PLS1 model was developed
and optimised regarding number of PLS components, wavenum-
ber range(s) and preprocessing methods evaluated from regression
analysis. Cross-validation was performed by leave-one-out cross-
validation. The chosen preprocessing methods were first derivative

— API
-==== Cellulose
e | actose

N
[

SNV normalised intensity
(arbitrary units)
IS} o -
L o o o a4 ;N

1Y
3]

ot

)

7500 7000 6500 6000 5500 5000 4500 4000
Wavenumber (cm-1)

(9/3) and second derivative (9/3) both followed by mean centering
and the wavenumber ranges optimised for each model can be read
from Table 4.

3. Results and discussion

3.1. Pure compound spectra and mean spectra of calibration
samples

The normalised (SNV) NIR absorbance spectra of the pure com-
ponents API, cellulose and lactose were first examined to select
specific wavenumbers for the single wavenumber analysis (Fig. 1,
left). A distinct, sharp absorption band for API at 5984 cm~! was
easily identified. It was more difficult to identify distinct absorption
bands for cellulose and lactose. They both showed broad absorp-
tion bands and were difficult to distinguish from each other due
to their similar spectral pattern caused by their chemical resem-
blance. The second derivative (9/3) of the NIR normalised (SNV)
spectra were therefore generated (Fig. 1, right). A distinct absorp-
tion band for lactose at 5168 cm~! was now resolved but it was still

6 .
——API
----- Cellulose
4 fi --w Lactose Cellulose
4280 cm-1

SNV + 2nd derivative (9/3) intensity
(arbitrary units)

5984 cm-1 f
Bl i
L
&512?223-1
7500 7000 6500 6000 5500 5000 4500 4000

Wavenumber (cm-1)

Fig. 1. Pure compound reference spectra of the three major compounds constituting the calibration batches. Spectra are preprocessed by SNV (left) and SNV followed by
second derivative (9/3) (right). The arrows point out the wavenumbers used for the single wavenumber analysis.
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SNV transformed mean image cube spectra for each calibration batch

SNV transformed absorption intensity
(arbitrary units)

7500 7000 6500 6000 5500 5000 4500 4000
Wavenumber (cm-1)

Fig. 2. Image cube mean spectra of the 9 calibration batches normalised by standard
normal variate (SNV).

difficult to find a characteristic band for cellulose. Enlargement of
spectral regions finally identified wavenumber at 4280cm~! for
cellulose single wavenumber analysis although it was not as clear
and well resolved as for the two other compounds and selection of
other wavenumbers could be argued.

The CLS method used the pure compound spectra shown in
Fig. 1 together with those of the two minor ingredients (not shown
here). The PLS1 method used the mean spectra from each of the 9
calibration samples as matrix X (Fig. 2).

3.2. Prediction of concentrations

The concentration predictions of API, cellulose and lactose
evaluated by correlation coefficient, slope and prediction error
(RMSECV) are shown in Table 4. In general, reasonable prediction
results (low RMSECV values) were obtained by all three methods
and for each of the two preprocessing methods examined.

For all three calibration methods the predictions of API
(RMSECV: 0.18-0.54%) were more accurate compared to predic-
tions of the two excipients (RMSECV: 0.62-3.38%). This is not
surprising as the APl component showed a very distinct absorption
peak with no large spectral interference from the other compo-
nents in the pharmaceutical tablet (Fig. 1). The predictions of
API for all three methods with the preprocessing giving the best
predictions are shown in Fig. 3.

Prediction of API using single wavenumber (5984 cm-1)

Prediction of AP using CLS (4200-7500 cm-1)

Excipient predictions were less accurate for API and with a
generally poorer prediction of lactose compared to cellulose. This
may be surprising as lactose had a more resolved and characteristic
absorption peak than could be found for cellulose. The difference
could probably be explained by the more narrow lactose concen-
tration range between the different calibration batches (9 levels in
steps of ~ 2%) compared to cellulose (3 levels in steps of 30%, cf.
Table 2).

PLS1 was the superior regression method to predict concentra-
tions for all three compounds. The best predictions were obtained
for PLS1 using first derivative (9/3) followed by mean centering
(Table 4, shaded area). For this PLS1 model API prediction was
highly accurate with low prediction error (RMSECV =0.18%) and
correlation 0.99. The API prediction for the two other calibration
methods showed less accurate but still reliable results with CLS pre-
dictions being slightly better than the single wavenumber method.

The better concentration predictions of cellulose compared to
lactose were observed for CLS and single wavenumber but not for
PLS1. The PLS1 predictions of the two major excipients were simi-
lar and quite accurate with RMSECV <0.88% and correlation > 0.97.
For CLS and single wavenumber the prediction error values and
correlations followed API < cellulose < lactose.

For the PLS1 models the results illustrate that first derivative
(9/3) preprocessing gave better prediction than second derivative
(9/3) preprocessing both followed by mean centering. This may only
be the case for this data set and it should also be noted that the re-
sults were only slightly better for the first derivative preprocessing.

3.3. Chemical images

The aim of this study was to evaluate the selected methods
ability to generate accurate chemical images. As discussed in the
previous section, PLS1 was the method that generated the most
accurate overall predictions and therefore presumably the most
accurate chemical images can be obtained using PLS. Fig. 4 shows
the chemical images of API, cellulose and lactose for a tablet of
batch 9 composition (cf. Table 2) analysed by single wavenumber,
CLS and PLS1 methods using their best performing preprocessing
treatment. The images show the distribution of the predicted con-
centrations of the three major compounds.

The chemical images of API appeared visually similar for the
single wavenumber, CLS and PLS1 methods with only minor differ-
ences in the distribution information. Again, this can be explained
by the distinct, well resolved absorption band for API which makes
all three methods suitable for mapping API within the sample.

The single wavenumber method did not extract the distribu-
tion information of cellulose and lactose very well which was also

Prediction of AP1 using PLS1
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Fig. 3. Linear regression results of API concentration for single wavenumber method (left), CLS (middle) and PLS1 (right). Results are shown for the preprocessing methods

giving the best regression and concentration predictions.
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Fig. 4. Chemical images of a tablet of batch 9 composition (cf. Table 2) generated from data processing using single wavenumber, CLS or PLS1. The chemical images show
the distribution of the three major compounds API, cellulose and lactose. The prediction errors (RMSECV) from Table 4 are shown beneath each image. High/low (red/blue)
color intensities relates to high/low concentration of the component of interest. (For interpretation of the references to colour in this figure legend, the reader is referred to

the web version of the article.)

reflected in the higher RMSECV values. CLS and PLS1 provided com-
parable visual distribution information of cellulose and lactose but
with differences in the image contrast. The highest contrast for the
images of cellulose was obtained by CLS whereas for lactose it was
by PLS1. In both instances the best concentration prediction, and
thus presumably the most accurate chemical image, was obtained
by PLS1. The observation that the best concentration prediction
not necessarily produces images with the highest contrast is not
unusual (and could, for example, also be shown for images by the
other preprocessing methods used in this study but not presented
here).

This also delineates one of the limitations of NIR chemical imag-
ing. No tablet calibration standard exists for NIR chemical imaging
and it is therefore not possible to set any objective criteria or con-
firm what the ‘correct’ chemical image is. Only with a calibration

data set available is it possible to statistically evaluate the most
accurate generated images as performed in this study. A calibration
data set is a prerequisite and always available for PLS but not for the
general use of the single wavenumber method and CLS (cf. Table 3).
This is both the advantage and disadvantage of PLS. Data processing
using PLS may generate the most accurate chemical images but it
requires a calibration data set which is time consuming to produce
and often not available (e.g. for a single trouble-shooting case or in
early formulation development).

4. Conclusion
This study emphasizes the importance of data processing as part

of a successful near-infrared chemical imaging analysis. Compar-
ing a single wavenumber method, CLS and PLS1 by their ability to
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predict API and excipient concentrations from hyperspectral data
cubes of pharmaceutical solid dosage forms, PLS1 proved most
accurate. This means that PLS1 can be assumed to provide the most
accurate chemical images when using the model on single-pixel
spectra. PLS1 is therefore also the preferred method when further
image processing to extract process-related information from the
chemical images is needed.

All three calibration approaches were found applicable for
analysing hyperspectral data cubes and generate chemical images.
But their use depends on the purpose of analysis, type of data set
and the accuracy of the generated chemical images required. The
single wavenumber method should primarily be used for initial
exploration of compound distribution in a sample and it requires
a distinct NIR absorption band for the compound of interest. CLS
proved to be an excellent alternative to PLS1 generating only
slightly less accurate concentration predictions. An advantage of
CLS is that it is relatively fast as it only requires pure compound
spectra of the sample constituents to perform the data processing.
PLS1 is the method of choice when accurate concentration predic-
tions are required but the disadvantage is that a calibration data set
is needed which in many cases may not be available. Other calibra-
tion approaches to analyse hyperspectral image data cubes than
investigated in this study may also be used with similar success.
However, the three common calibration approaches presented here
will cover a wide range of possible pharmaceutical samples and
applications.

The wavenumber and preprocessing selections were also found
to be an important part of data processing hyperspectral images.
This study indicated the importance of a careful selection of both
wavenumber range(s) and preprocessing treatment in order to
obtain the most accurate results but a more thorough investiga-
tion of the issue is needed to fully understand the impact of these
two factors.

The general principles of each calibration approach and the typi-
cal steps involved in a NIR-CI analysis is described in this work. This
paper may therefore be used as practical guidance for analysing
hyperspectral image data of pharmaceutical solid dosage forms.

This study demonstrates the usefulness of NIR chemical imag-
ing when spatial distribution information of compounds in a solid
dosage form is needed. But the message is also that care should be
taken not to over-interpret the chemical images. Chemical images
can be obtained by several different data processing methods but
the obtained accuracy might be quite different as shown in this
study. One should not be misled by images with high contrast as it
is not high contrast but the right, i.e. accurate, contrast that is the
goal. And the right contrast or accuracy of the chemical images can
so far only be evaluated using a calibration data set as demonstrated
here. Generating accurate chemical images is of high importance
for the subsequent image processing analyses used to extract use-
ful information and, for example, numerically describe the quality
of the images. Different pharmaceutical conclusions may be drawn
from chemical images of the same sample analysed by different
processing methods having different accuracies as shown in this
study. Developing image processing tools is not simple but is highly
needed to further develop the technology of NIR chemical imaging.
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