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a b s t r a c t

Near-Infrared Chemical Imaging (NIR-CI) is rapidly gaining importance for the analysis of complex inter-
mediate and final drug products. The availability of both spectral information from the sample and spatial
information on the distribution of individual components offers access to greater understanding of man-
ufacturing processes in many stages of pharmaceutical production. One major aspect in terms of chemical
imaging is data analysis, since each measurement (image) generates a data cube containing several thou-
sands of spectra (i.e., one spectrum per image pixel). The visual interpretation of component distribution
(e.g., homogeneity) is an important issue but subjective. Chemometric methods are therefore required to
extract qualitative and quantitative information from each image and enable comparison of several
images. In this work, we describe a novel approach for the statistical evaluation of NIR-CI in terms of a
multivariate treatment of univariate statistical descriptors characterizing image pixel (e.g., skewness
and kurtosis). This technique was called by the authors ‘‘Symmetry Parameter Image Analysis’’ (SPIA),
since it enables assessing the symmetry of pixel distributions in terms of different sample attributes. That
approach is an innovative way of reporting results with a straightforward relation with attributes such as
homogeneity, thus providing the basis for setting up acceptance criteria for good processing conditions or
sample homogeneity. Furthermore, this procedure is applicable to determine product variability for large
data sets without the need for explicit consideration of each image as its main attributes have been cap-
tured by the pixel distributions and their univariate descriptors.

The approach is described by means of data obtained by NIR-CI on a powder blend case study (process
application). Additionally, SPIA was used for the qualitative classification of tablets (sample application),
showing that the approach can be generalized to set up criteria for sample-to-sample similarity and be
useful in establishing criteria for e.g., counterfeiting.

� 2011 Elsevier B.V. All rights reserved.
1. Introduction

Near-Infrared Chemical Imaging (NIR-CI) is becoming increas-
ingly popular in the pharmaceutical industry. It is an emerging
technique that combines conventional imaging and spectroscopy
to attain both spatial information on the distribution of compo-
nents and spectral information from an object. Reviews by Reich
[1], Geladi et al. [2], Gendrin et al. [3], Gowen et al. [4] and book
chapters by Griffiths [5], Lewis et al. [6] and Del Bianco et al. [7]
comprehensively describe the basic principles, instrumentation,
and analysis of NIR-CI. The relatively fast, non-destructive, and
non-invasive features of NIR-CI mark its potential suitability as a
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Process Analytical Technology (PAT) tool for the pharmaceutical
industry, for process monitoring, quality control, process develop-
ment, root cause analysis, and trouble shooting in many stages of
drug product manufacture [3,8–14]. The use of NIR-CI for the iden-
tification and characterization of counterfeit drug products has
been described by Puchert et al. [15], Dubois et al. [16], and Wolff
et al. [17]. Core to the PAT initiative is the Quality by Design (QbD)
concept; rather than being tested into products and manufacturing
processes, quality should be built in [18–20]. In this context, it is
mentioned that blend homogeneity is essential to obtain high
quality products of uniform drug content. Studies for the monitor-
ing of powder blend homogeneity using NIR-CI were published by
El-Hagrasy et al. [18] and Lewis et al. [19], while studies by Lyon
et al. [20] and Westenberger et al. [21] dealt with tablet homoge-
neity. What they have in common is the usage of the standard
deviation of pixel intensity distribution of single channel images
for the image analysis to determine homogeneity. Additionally,
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Lyon et al. [20] and Ravn et al. [22] have used PLS predicted images
instead of single channel images for the determination of tablet
homogeneity. Furthermore, symmetry parameters like Skewness
and Kurtosis (both are measures of normality in terms of statistical
normal distribution) given by image histogram statistics were used
by Lewis et al. [19] in an univariate manner for data analysis and
interpretation of homogeneity.

Major aspects in terms of chemical imaging are data analysis
and data mining. Most images have a strong visual content, and vi-
sual interpretation is very important [2]. It is, however, subjective,
since for process monitoring or batch comparison, hundreds or
even thousands of images have to be analysed. Statistical tools
are therefore required for data reduction and reporting. Image
analysis using parameters such as standard deviation, skewness,
or kurtosis in an univariate manner is difficult to interpret, most
notably if some samples differ in terms of content and are evenly
distributed with low standard deviation, while other samples have
large skewness values but non-significant changes in kurtosis or
vice versa. Due to the different nature of sample variability, a gen-
eral assessment is not feasible. To overcome this problem, we
developed a novel multivariate approach of Symmetry Parameter
Image Analysis (SPIA). Additionally, an innovative method for the
statistical reporting was applied. The techniques are described
using a powder blend case study (process application) and a quali-
tative classification study of tablets (sample application).
2. Materials and methods

2.1. Powder blend case study (process application)

A 100 L bin-blender (Servolift GmbH, Offenburg, Germany) was
charged with one low dose active pharmaceutical ingredient (API)
(�2.5% w/w drug loading and a mean particle size of 40 lm) and
four excipients (Crospovidone, Microcrystalline Cellulose, Corn
Starch and Magnesium Stearate). All ingredients were of the high-
est available pharmaceutical grade and complied with their corre-
sponding European Pharmacopoeia monographs. The blender fill
level was set to 85% of the total vessel volume, and the components
were mixed for 1 h at 12 rpm. The blending process was stopped at
pre-defined time intervals (1, 3, 5, 7, 9, 11, 13, 15, 17, 19, 21, 23, 25,
27, 29, 60 min). Aliquots comparable to one tablet mass were with-
drawn at five different powder bed locations within the vessel
using a sample thief to be analysed by NIR-CI.

In this context, it should be mentioned that the current state of
the art approach of collecting blend samples by using sampling
thieves can result in significant sampling errors or bias, since the
orientation, angle, and depth of sampling thief insertion, as well
as insertion force and smoothness, impact the consistency of the
sampling. Such sampling devices disturb the powder bed and com-
promise the validity of collected samples [18,23]. Sampling has
been carried out carefully, and the sampling protocol was consis-
tent throughout the study.
Fig. 1. Pre-treated mean spectra of pure components. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of
this article.)
2.2. Near-Infrared Chemical Imaging (NIR-CI)

Data were collected with a SyNIRgi™ Chemical Imaging System
(Malvern Instruments, Malvern, UK) equipped with an InSb focal
plane array detector (320 � 256 pixels) and a 30-position auto-
matic sample holder. Image cubes of each powder sample were ac-
quired with Pixys� 1.1 software (Malvern Instruments, Malvern,
UK) in the spectral range 1200–2400 nm at 10 nm steps and 16
frames per wavelength. The field of view was set to 12.8 �
10.2 mm which encompasses 100% of the area of the sample and
provides a magnification of 40 lm per pixel. Each image cube con-
tained 81 920 full NIR spectra and required a collection time of
approximately 3 min. Before the actual sample is scanned, the soft-
ware enforces the collection of appropriate dark and background
data cubes and then uses these data to produce reflectance spectra
according to the formula R = (S � D)/(B � D), where S is the sample
cube, B is the 99% reflectance cube (Background), D is the dark
cube, and R is the resulting reflectance cube. This calculation was
performed for all pixels in all planes in the cube.

The first step was to convert the data into absorbance units
according to the following equation: A = log 1/R, where A = absor-
bance and R = reflectance. Non-sample regions were masked, and
a standard normal variate (SNV) algorithm [24] followed by a first
derivative was applied (Savitzky–Golay algorithm [25], using sec-
ond-order polynomials across 21 data points). Furthermore, pure
component spectra were collected from powder samples of the
API and pharmaceutical-grade Crospovidone, Microcrystalline Cel-
lulose, Corn Starch and Magnesium Stearate to build a hyperspec-
tral reference library. Spectral data of all five components were
processed in the same manner.

A reference library with >600 spectra per component was built
for the API and the excipients. These training spectra were used as
predictors to build a partial least squares (PLS) classification model,
which was applied to the spectral data of the powder blend sam-
ples for discriminant analysis. Applying such PLS model to the
powder blend samples resulted in a ‘‘classification scores image’’
for each of the library components without any quantitative cali-
bration set being required. The intensity of each pixel in the resul-
tant predicted classification scores image is determined by the
degree of membership (scaled from 0 to 1) predicted for the spec-
trum at that special location based on the reference. A score value
of 0 meant that the component was not present, and a score value
of 1 meant that the component was present at 100%. The brighter
the colour of the pixel, the stronger the degree of membership of
that spectrum to the specific class, predicted at that location. For
the presented images, the brighter colour represents a higher con-
centration. The variation in predicted classification scores and the
distribution of pixels reflects the variation in component concen-
tration across the sample and is an indication for homo- or heter-
ogeneity of spectra [13]. All PLS predicted images shown in the
next section result from histogram plots centred to the mean and
normally distributed. The predicted concentration threshold was
set to 3SD.
2.3. Qualitative classification study of tablets (sample application)

Tablets from five different manufacturers (no counterfeits) with
the same content of an API (�2.5% w/w drug loading) but differ-
ences in the excipient composition were used. Five samples from
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each batch were analysed. Coating was carefully removed using a
scalpel in order to expose the interior to NIR-CI.
2.4. Data analysis

Imaging data were analysed and processed with ISys 5.0 soft-
ware (Malvern Instruments, Malvern, UK). The results from histo-
gram statistics were processed and visualized using the software
SIMCA-P+ 12.0 (Umetrics, Umeå, Sweden).
3. Results and discussion

3.1. Powder blend NIR-CI analysis

The first step was the development of the reference library and
the PLS calibration model with the powder samples of the pure API
and four major NIR-active excipients (Crospovidone, Microcrystal-
line Cellulose, Corn Starch and Magnesium Stearate). Pre-treated
mean spectra of the pure raw materials are shown in Fig. 1.

As the purpose of the study was to establish a fast method for
discriminant analysis, a PLS classification model rather than a
quantitative PLS model was developed. A model with five factors
Fig. 2. PLS predicted API images. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)
was sufficient for the reliable discrimination of ingredients (one
API and four other excipient components). The Predicted Residual
Sum of Squares (PRESS) was lower than 0.02 at that stage (PRESS
displays how the residual prediction errors depend on the number
of factors in the model). We truncated the factors beyond five, be-
cause the slope of the PRESS significantly flattens.

The next step was to apply the PLS model to all powder blend
samples (see Section 2.1: samples were withdrawn at different
powder bed locations within the vessel). Fig. 2 shows the PLS pre-
dicted API images – ‘‘five samples at a time’’. The score values over
the images show that the maximum value at any pixel is only
�0.025 which would equate to an abundance of �2.5%, i.e., 97.5%
of the pixel contribution is from the other components.

The distribution of the API showed strong variability within the
samples. Samples from the beginning (A1–E1) differed with re-
spect to the relative abundance of the API, while samples from
the end of the blend process clearly varied in the spatial distribu-
tion. Generally, samples within the time period of 3 min (A3–E3)
up to 17 min (A17–E17) were evenly distributed, which indicated
good homogeneity. In this case, it was obvious that unnecessarily
long mixing significantly affected quality. Shah and Mlodozeniec
[26], in their study of surface lubrication phenomena, suggested
that during the mixing process, lubricant particles such as
Fig. 3. PLS predicted Crospovidone images. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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Magnesium Stearate first adsorb onto the surface of individual
powder particles or granules and then, as mixing continues, dis-
tribute more uniformly upon the granule surface following delam-
ination or deagglomeration mechanisms [27]. Segregation or
lubrication phenomena are not discussed in more detail at this
point, since the statistical analysis of chemical images was the fo-
cus of the study.

Figs. 3–6 illustrate the PLS predicted images of the major excip-
ients. The visual inspection of the images also indicated differences
in the relative abundance and spatial distribution of components.

Lyon et al. [20] described homogeneity measurements by calcu-
lating the % standard deviation of the distribution of the predicted
classification scores for a given component within a specimen.
Homogeneous samples will have small standard deviations, while
heterogeneous samples will have larger standard deviations. In this
study, the % standard deviation was calculated as follows (1):

%std ¼ m ¼ s
�x
� 100 ð1Þ

where s is the standard deviation and (�x) the mean value of pixel
intensity distribution throughout the image.

Image statistics was carried out, but the % standard deviation of
the predicted classification scores was less sensitive. Fig. 7 illus-
trates the % standard deviation of the API. The values decreased
Fig. 4. PLS predicted Microcrystalline Cellulose images. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of
this article.)
after 3 min to a certain minimum. There were no major differences
observable until the end of the blend process contrary to the visual
inspection of the PLS predicted API images.

A new statistical approach was used to analyse sample variabil-
ity with the aim to gain higher sensitivity for image analysis, thus
providing the basis for setting up acceptance criteria for good pro-
cessing conditions or sample homogeneity. The approach will be
described in more detail in the next section.

3.1.1. Novel approach of Symmetry Parameter Image Analysis (SPIA)
The approach is shown schematically in Fig. 8.

First, we performed a descriptive statistical analysis at the sam-
ple (image) level. This resulted in PLS predicted images, as previ-
ously described. Through histogram plots and statistics patterns,
the predicted classification scores and pixel distribution through-
out the image were computed. Parameters given by the histogram
plot are the mean, standard deviation, skewness, and kurtosis of
pixel intensity distribution throughout the image of a component.
They are related to intra-sample homogeneity and can be used to
compare different samples or assess sample-to-sample variability
from same or a different process as in blending or counterfeit test-
ing, respectively.

Skewness is a measure of the lack of symmetry. A distribution,
or data set, is symmetric if its mean and median match (i.e., if it
Fig. 5. PLS predicted Corn Starch images. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this
article.)



Fig. 6. PLS predicted Magnesium Stearate images. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version
of this article.)

Fig. 7. % Standard deviation of the API.

Fig. 8. Description of Symmetry Parameter Image Analysis (SPIA). (For interpreta-
tion of the references to colour in this figure legend, the reader is referred to the
web version of this article.)
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looks the same to the left or to the right of the location of the
mean). The skewness for a normal distribution is zero, and any rea-
sonably symmetric data set should have a skewness near zero.
Negative values for the skewness indicate data that are left
skewed, while positive values indicate that the distribution is right
skewed. By skewed to the left, we mean that the left tail is long rel-
ative to the right tail.

Kurtosis is a measure of whether the data are peaked or flat rel-
ative to a normal distribution. Positive kurtosis indicates a
‘‘peaked’’ distribution, and negative kurtosis indicates a flattened
distribution [28].

As described in Section 2, the threshold of each histogram was
set to 3SD from the mean. The mean value and the corresponding
standard deviation, skewness, and kurtosis values of each PLS pre-
dicted image were exported to a spreadsheet. This resulted in col-
umns of the mean (=relative abundance), standard deviation,
skewness, and kurtosis values of each component (API and four
excipients) for the defined time intervals (rows). It should be men-
tioned that we also performed multivariate data analysis with the
histograms – comparable to analysing spectral data. However, the
results were not meaningful to describe significant variability (data
not shown).



Fig. 9. Predicted Hotelling’s T2 chart for: (a) API; (b) Crospovidone; (c) Microcrystalline Cellulose; (d) Corn Starch; (e) Magnesium Stearate. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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The current approach to illustrate variability is to plot the
parameters given by the histogram statistics separately into uni-
variate control charts. Some samples, for example, differ in terms
of content and are evenly distributed with low standard deviation.
Other samples have large skewness values but non-significant
changes in kurtosis or vice versa. Due to the different nature of
sample variability, a general assessment is not feasible. To over-
come this problem, we performed principal component analysis
(PCA) on all parameters given by the histogram plot of the PLS pre-
dicted images. PCA is probably the most widespread multivariate
statistical technique used in chemometrics [29]. An important is-
sue, regarding PCA, is the choice of the scale. It is well known that
it is compulsory to use scale when the variables are of different
nature (e.g., temperature and pressure) [30]. This is relevant here,
since kurtosis and skewness are different in nature. Each column of
the tables was centred and scaled to unit variance (autoscaling), by
subtracting each value in the column by the mean and dividing
each value in the column by the standard deviation. If data are
scaled to unit variance, the weighting reflects their correlation,
while using mean centring the weighting reflects the covariance
of the variables [31]. Five independent PCA models were built -
one for each chemical component in a sample. This approach is
meaningful, since different blend dynamics of ingredients were
observable.

The calculations of each PCA model revealed that four principal
components (PC) were sufficient to explain about 99% of the vari-
ability in the data. A multivariate method that is the multivariate
counterpart of Student’s t-test and which also forms the basis for
certain multivariate control charts is based on Hotelling’s T2 distri-
bution, which was introduced by Hotelling [32]. The T2 control
chart is a tool to detect multivariate outliers, mean shifts, and other
distributional deviations from the in-control distribution. It has to
be mentioned that Hotelling’s T2 statistics is commonly available in
21 CFR Part11 certified standard chemometric software and there-



Fig. 10. (a) PLS predicted API images of tablets from five manufacturers; (b) predicted Hotelling’s T2 chart for tablets from different manufacturers. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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fore used in this study. By plotting the PCA results including the
four PCs for each ingredient (API and excipients) into Hotelling’s
T2 control charts, some outliers were detected. Usually it is as-
sumed that a series of measurements fall roughly into a normal
distribution. If some measurements are so extreme that they can-
not easily be accounted for this way, they are probably outliers
[33]. In our case, samples D1 and E1 were most likely outliers in
all data sets – that was already observable by visual inspection of
the images. If they were retained in the datasets, they would dis-
turb an otherwise close to normal distribution. Therefore, we ex-
cluded the outliers in each data set and recalculated all PCA
models. In our case, Hotelling’s T2 95% confidence intervals were
chosen. For each PLS predicted image, it can be determined,
whether it falls within or outside the confidence limit. Fig. 9 illus-
trates the predicted Hotelling’s T2 charts for each ingredient.

The Hotelling’s T2 chart results confirmed the findings of image
visualization. Samples outside the 95% confidence interval in the T2

charts also showed significant image characteristics related to
inhomogeneity. The PLS predicted images of the API showed the
largest variance in terms of pixel intensity and spatial distribution,
while the excipients were more or less evenly distributed. Conse-
quently, we defined the API as limiting factor to describe blend
homogeneity. In this example, the blend reached homogeneity
within 3 min, while segregation or lubrication phenomena oc-
curred after 17 min.

3.2. Tablet NIR-CI analysis

The motivation of the study was to demonstrate the potential of
Symmetry Parameter Image Analysis (SPIA) also being applicable to
compare solid drug products (e.g., tablets from different manufac-
turers) in terms of API distribution. Image acquisition and pre-
treatments were processed in the same manner as for the powder
blend study. The previously developed hyperspectral reference li-
brary and PLS calibration model were applied to the tablet samples
with the difference that only the PLS predicted API images were
used for further investigation.

We followed the new approach as described in the previous sec-
tion, but this time, we used manufacturer-related samples instead
of time-related samples to be analysed by PCA and Hotelling’s T2

statistics. The results are shown in Fig. 10.
The PLS predicted API images of manufacturer M1 and M5

showed the largest variance in terms of pixel intensity and spatial
distribution, while tablets of manufacturer M2, M3, and M4 were
evenly distributed (Fig. 10a). This was confirmed by the T2 chart
(Fig. 10b).

The complementarity between ‘‘process application’’ and ‘‘sam-
ple application’’ clearly demonstrates the potential of SPIA in being
general and applicable in the future to set up criteria for various
types of applications.

4. Conclusions

A new multivariate approach for the statistical evaluation of
NIR-CI was developed. This type of image analysis is called by
the authors Symmetry Parameter Image Analysis (SPIA). Based on
a powder blend study, it was shown that the current practice of
calculating the % standard deviation for a given component within
a specimen was not sensitive enough to assess blend uniformity.
By using symmetry parameters such as skewness and kurtosis to-
gether with mean and standard deviation in a multivariate man-
ner, reliable determination of blend homogeneity was achieved.
The approach of reporting results given by Principal Component
Analysis in a Hotelling’s T2 chart confirmed the findings of image
visualization. This also provides an elegant way for data reduction
since image visualization is time consuming and in the case of hun-
dreds or even thousands of images not feasible. We have also
shown that different blend dynamics of ingredients can be evalu-
ated under these criteria, since NIR-CI delineates the spatial unifor-
mity of the API as well as major excipients across the sample.

Additionally, SPIA has demonstrated to be suitable and straight-
forward for the assessment of solid drug products in the context of
a sample application. Based on tablets from five different manufac-
turers, a classification in terms of the API distribution has been car-
ried out. We observed extreme differences between the various
manufacturers by applying the novel approach of data analysis.
Of course, such a small sample set is not conclusive, but the mag-
nitude of differences found suggests that this should be investi-
gated further. In this context, the use of SPIA for the detection of
counterfeit drug products is conceivable by setting criteria for
counterfeiting, i.e., dissimilarity between a suspect sample and a
reference genuine sample.

At-line NIR-CI together with SPIA fully complies with the PAT
concept and the QbD principles in terms of gaining process under-
standing. In the future, hundreds or even thousands of images
could be analysed by applying SPIA to on-line NIR-CI systems. In
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this context, further investigations need to be carried out to exploit
the full potential and assess the limitations of this approach for use
in on-line process monitoring. In general, using parameters given
by image histogram statistics in combination with multivariate
data analysis is a powerful PAT tool to detect sample or product
variability. It can help to evaluate process capability in the many
stages of drug product manufacture with a potential impact on
better process control and towards improved quality by process
design and operation in line with the International Conference on
Harmonization (ICH) Q8 [34] guideline.
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