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Universidade Técnica de Lisboa; (Co-Supervisor)
Doctor Mário Alexandre Teles de Figueiredo, Professor Catedrático, Instituto Superior Técnico, Universidade Técnica de Lisboa; (Supervisor)
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Resumo
A contrafacção de medicamentos é um negócio ilegal de grande escala mundial, com graves
consequências na saúde das populações e na economia dos paı́ses. Uma composição não
genuı́na produz um impacto negativo no paciente, podendo tanto ser ineficaz como, em
casos extremos, causar a morte. São feitos regularmente estudos de mercado, por meio
de inspecção visual das embalagens, para detectar comprimidos suspeitos, sendo estes
encaminhados para o laboratório. Uma vez no laboratório, três questões se levantam:
primeira, são os comprimidos realmente contrafeitos? segunda, quantas fábricas ilegais
os produzem? terceira, qual é a sua composição e o risco para os pacientes? Respostas
a estas perguntas deverão ajudar os técnicos, que deverão apenas analisar um pequeno
número de amostras por fonte, e ainda ajudar as autoridades a percorrer o caminho
destes comprimidos até à origem, com base na composição quı́mica determinada. A
presente tese explora o uso de imagem hiperespectral de infravermelho próximo, técnica
rápida e não destrutiva, na luta contra a contrafacção de medicamentos. São usados diferentes métodos matemáticos, dependendo da questão em causa: o método das K-médias
e análise em componentes principais para determinar o número de grupos/fontes de comprimidos; técnicas de separação de fontes para a sua caracterização quimiométrica. Os
resultados revelam que uma adequada combinação de imagem de infravermelho próximo
com métodos matemáticos adequados, está na vanguarda da ciência forense na área farmacêutica.
Palavras-chave: comprimidos; contrafacção; infravermelho próximo; espectroscopia; imagem hiperespectral; análise de aglomerados; separação de fontes; homogeneidade; resolução espacial; linearidade.
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Abstract
Drug counterfeiting is a large business with terrible consequences to the economy and
public health. A wrong composition of a tablet may have a harmful effect on patients,
either being ineffective or maybe even causing death. Pharmaceutical companies very
often perform market surveys, in which suspect tablets, identified by packaging analysis,
are taken to the laboratory. Three main questions are to be answered: first, are these
tablets really fake? second, how many illegal factories are manufacturing these tablets?
third, what is their composition and risk for the patient? Answers to these questions
may help scientists, as only a few samples per source may be analyzed, and hopefully
provide directions to the authorities in tracking the way back to the source, based on
the chemical composition determined. This thesis explores the use of hyperspectral near
infrared (NIR) imaging, an emerging non-destructive and fast analytical technique, in
the fight against drugs counterfeiting. Different mathematical approaches are used, depending on the question to be answered: the K-means clustering algorithm and principal
component analysis to estimate the number of groups/sources of tablets; spectral unmixing for their chemometric characterization. The results presented show that near
infrared imaging combined with appropriate mathematical methods, are the cutting edge
in pharmaceutical forensics.
Key-words: pharmaceutical tablets; counterfeit; near infrared; spectroscopy; hyperspectral imaging; clustering; spectral unmixing; homogeneity; spatial resolution; linearity.
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Chapter 1
General Introduction
1.1

Counterfeit drugs: a global problem

The counterfeiting of pharmaceutical products is a global problem that has recently escalated. According to the World Health Organization (WHO), the incidence of counterfeit
medicines in most industrialized countries is less than 1% of market value, but it can be
much larger in many African countries, and in parts of Asia and Latin America. 1 In over
50% of the cases, medicines purchased over the internet from illegal sites that conceal
their physical address have been found to be counterfeit. 1 Counterfeiting applies to both
branded and generic products, with counterfeit products including drugs with the correct ingredients or with the wrong ingredients, without active pharmaceutical ingredient
(API), with insufficient API, or with fake packaging. 2 The most timely and practical way
of identifying counterfeit medicines in the marketplace is the routine checking of packaging and use of covert markers and security features such as holograms, invisible printing,
or digital watermarks. Figure 1.1 shows a genuine and a fake package of a drug product
from the pharmaceutical company GlaxoSmithKline (GSK). At a first visual inspection,
it is evident the absence of the watermarks on the left side of the bottom pack. Spelling
errors are also common in fake packagings and allow fast detection (Figure 1.2). As soon
as suspect counterfeit medicines have been sighted in the marketplace, they are further
analyzed in the laboratory to confirm their counterfeit origin and to assess the potential
harm they might cause to patients. 3
In the laboratory, analytical techniques are required to confirm the non-authenticity of
1

a)

b)
Figure 1.1: Photographs of a a) genuine and b) fake HeptodinTM packaging.
the suspect tablets, e.g., by means of determining the presence or absence of the pharmaceutical active ingredient (API) and common excipients. Currently, the methods used for
counterfeit detection and its chemical characterization are analytical laboratory testing,
using chromatography assays, 4–6 mass spectrometry, 7–12 vibrational spectroscopies, such
as near infrared (NIR) 13–20 and Raman spectroscopy, 8,15,21–26 and hyperspectral imaging. 3,9,23,27,28 While infrared (IR) spectroscopy can primarily detect non-genuine features
on the packaging and identify some of the compounds present in the samples, only by
spectra inspection, mass spectrometry allows the study of impurity profiles related to
the API and often the detection of known substitute API’s. On the other hand, imaging is extremely useful for comparing a set of tablets together and find chemical and
physical patterns in the tablets that can distinguish between genuine and counterfeit, as
well as within counterfeit (potentially allocating similar tablets to the same source), as
it provides fast spatial and spectral information and requires no sample preparation.
Counterfeit detection is therefore the first crucial step aiming at the removal of counterfeit drugs from the market. However, little effort have been put on the chemical
identification and quantification of the components in these drugs, rather than only detecting their non-authenticity. Identifying and quantifying the composition of a counterfeit tablet falls into the ultimate goal of detecting the source and shutting down the illegal
operation. The identification of chemical compounds showing a limited geographical dis2

tribution may help authorities narrowing the search. Also of paramount importance,
the chemical identification and quantification helps assessing the risk for the patients, as
depending on their composition, different health conditions will emerge.

Figure 1.2: Spelling errors in a fake packaging.

1.2

Vibrational spectroscopy

Spectroscopy is the study of light interacting with matter. A spectrometer records the
spectrum of the light emitted (or absorbed) by a given material, which in many cases
provides information about the properties of that material, such as its chemical composition. When the light interacts with matter different interactions occur, depending on the
incident radiation. Considering the radiation as a wave, the following properties can be
used to distinguish between different types of radiation: the wavelength, the frequency,
and the wavenumber. The wavelength, λ, is the distance between adjacent peaks of a
wave, the frequency ν is the number of cycles per time interval, and the wavenumber ν̄
is the number of waves in a unit of length (ν̄ = 1/λ). 29 Vibrational spectroscopy refers
to the region in the electromagnetic spectrum between 12500 cm−1 and 10 cm−1 (800 nm
to 106 nm), i.e., the IR region (Figure 1.3).
3

Figure 1.3: The electromagnetic spectrum.
When IR radiation hits the sample, vibrations in the chemical bonds of the molecules
occur. Molecular bonds vibrate at specific wavelengths, thus producing unique spectral
signatures of the chemical compounds, which can be seen as “fingerprints”. Vibrations
correspond to stretching (change in bond length) and bending (change in bond angle)
movements of the atoms in the molecules (Figure 1.4). Stretching can also be in-plane
and out-of-plane.

Figure 1.4: Type of vibrations in molecules occurred in the IR region.
The IR region is divided in three sub-regions: far infrared (FIR), mid infrared (MIR)
and the near infrared (NIR) regions, which are named in relation to the visible region.
MIR and NIR have been extensively used in several spectroscopic applications, e.g.,
agricultural and food industries, pharmaceutics, petrochemicals, biomedical, etc. 20,30–34
Advantages of MIR over NIR include higher spatial resolution, down to just a few
micrometers, and fine and numerous peaks in the MIR spectra, allowing the identification
of chemical compounds without chemometrics. However, given the large absorptions
produced, samples in transmittance mode need to be diluted in non-absorbing matrix
media, to allow signal detection; for solid analysis, e.g., a tablet analyzed in reflectance
mode, an ATR (Attenuated Total Reflection) accessory is used to avoid saturation of
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the detector. Sample preparation, as well as higher acquisition time and more costly
instruments, make MIR not suitable for on-line analysis.
Although being called the “spectroscopic garbage can” in the past, due to the weaker
and overlapping peaks produced, NIR has become the first choice in many areas of application. Reasons for that are the fact that NIR technology is non-destructive and needs
no sample preparation, it allows analysis through a plastic or glass, and it can be easy
and safely handled for in-line analysis, since optical fiber probes can be easily set (even
in dangerous environments) and remotely manipulated. Some of the most common functional groups, e.g., C-H, O-H and N-H are measured with NIR, which, along with its fast
and non-destructive operating mode, explains the use of NIR spectroscopy in so many applications. Almost all pharmaceutical compounds have their signature in the NIR region,
thus making NIR potentially useful in the chemical identification of counterfeit tablets.

1.3

Hyperspectral imaging

Traditional spectroscopy provides one spectrum per sample analyzed, which represents an
integrated information from the sample. The modern focal plane array detectors (FPA)
are composed of several thousands of detector elements forming a matrix of pixels, thus
enabling the simultaneously acquisition of spectral and spatial information. Spectral
images are thus produced, composed of one spectrum per pixel. A hyperspectral imaging
system generates a hyperspectral data cube, defined by the spatial dimensions x and y,
and the spectral dimension λ, corresponding to the wavelength channels (Figure 1.5).
Hyperspectral image analysis on the acquired data cube aims at the identification of the
chemical compounds present in the samples, along with their spatial distribution.
Hyperspectral images are characterized by two important features: the spatial and
spectral resolutions. Spatial resolution corresponds to the size of the physical area on the
surface of the sample from which radiance measurements are taken to form a single image
pixel. As the area corresponding to a pixel increases, the spatial resolution of the image
decreases. 35,36 Spectral resolution corresponds to the range of wavelengths over which
radiance values are measured and combined to become a single band in a hyperspectral
image.
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Figure 1.5: Data cube generated by a hyperspectral imaging system; x and y depict the
spatial dimensions and λ the spectral dimension.
The NIR system used in the present work is a Spectral Dimensions Sapphire NIR-CI
2450 spectrometer (Malvern Instuments, Olney, MD, USA). The instrument is equipped
with a FPA at the top, a Liquid Crystal Tunable Filter (LCTF) employed to separate
the wavelenghts, several optics to select spatial resolution (ranging from 10 µm to 125
µm per pixel), and four tungsten lamps generating the NIR radiation, as schematized in
Figure 1.6. A stirling-cooled InSb (indium antimonide) detector of size 256×320 pixels
enables the acquisition of one spectrum y ∈ R L (L is the number of spectral bands) per
pixel, i.e., 81920 spectra in a single experiment.
Diffuse reflectance (DR) will be the sampling technique used, under the above NIR
system, to analyze samples in the present thesis. In DR, a photon entering the sample
interacts with the particles and several reflections happen before it exits the sample
and reach the detector. The parameter of interest in NIR spectroscopy, however, is the
fraction of light which is absorbed by the sample. The absorbance, A, is defined as

A = − log(T ) = − log(

I
),
I0

(1.1)

where T is the transmittance, given by the ratio of the intensity of light after it passes
through the sample, I, to the intensity of the incident light, I0 . The basis of most
quantitative spectroscopy analyses is the Beer-Lambert law, which describes a linear
relationship between A and the concentration of the absorbing species in the sample as
follows
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Figure 1.6: Schematic view of the NIR system operating in reflectance mode.

A = εlc,

(1.2)

where ε is the absorptivity of the analyte molecule at wavelength λ, l is the pathlength
and c is the concentration. A conversion of DR measurements into absorbance units is
thus a common practice in quantitative spectroscopic studies, in order to remove nonlinearities due to scatter. The relationship between DR measurements and absorbance is
described by the Kubelka-Munk function, 37 given by

f (R) =

k
(1 − R)2
= ,
2R
s

(1.3)

where R is the absolute reflectance of the sample, k is the absorption coefficient, and
s the dispersion coefficient. This function, however, does not yield a linear relationship
with the analyte concentration in many applications. This is due to several reasons, 38
namely, a relative reflectance (ratio of the intensity of the light reflected by the sample
to that by a standard, usually a stable material with a high and fairly constant absolute
reflectance, such as a ceramic) is commonly used rather than an absolute reflectance;
the common expression of concentration, weight percentage, is not proportional to the
amount of analyte per unit volume, unless all components have the same density; and
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reflectance is a function of particle size, shape and composition.
A widely used practical alternative is the relationship between the relative reflectance
and concentration, given by

A = − log(R),

(1.4)

which is used analogously to A = − log(T ). Although − log(R) has no theoretical basis on the Kubelka-Munk equation, it provides highly satisfactory results in many DR
spectroscopic applications. 39 The above conversion has been used in the present work.

1.4

Mathematical modeling

From a mathematical point of view, the goal of sourcing counterfeit tablets naturally
drives us into the clustering field, also named unsupervised classification. Cluster analysis
aims at grouping or segmenting a collection of objects into subsets or “clusters”, such
that those within each cluster are more similar to each other (in some sense) than to
objects assigned to different clusters. 40 In spectroscopy, each object/sample corresponds
to a spectrum. Different measures of similarity between samples can be calculated and
used as input to the clustering algorithm chosen. There are several clustering algorithms
described in the literature, which can be divided in two main groups: hierarchical and
partitional. Hierarchical clustering algorithms recursively find nested clusters, either in
agglomerative mode (starting with each data point in its own cluster and merging the
most similar pair of clusters successively to form a cluster hierarchy) or in divisive (topdown) mode (starting with all the data points in one cluster and recursively dividing each
cluster into smaller clusters). Compared to hierarchical clustering algorithms, partitional
clustering algorithms find all clusters simultaneously as a partition of the data and do
not impose a hierarchical structure. 41 Among the partitional clustering algorithms, Kmeans 42 is probably the most popular and will be used in this thesis. Its popularity is
due to ease of implementation, simplicity, efficiency, and empirical success. 41 Details on
the K-means algorithm will be provided in Chapter 2.
Although not being a classification method, principal component analysis (PCA) is
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often used for the visualization of the distribution of the samples in a lower dimensional
space of components explaining the highest variance in the data. Groups of tablets, if
observed, may result from similar chemical and physical properties of their elements, and
may correspond to a common origin. In traditional spectroscopy a sample is a spectrum of
a tablet, whereas in hyperspectral imaging one sample is a pixel of the tablet, represented
by its spectrum. In hyperspectral imaging a sample can also be represented by a spectrum
corresponding to a mean spectrum of all pixels’ spectra of the tablet. Tablets, or pixels of
the tablets, can thus be represented in the space of the first few principal components. A
rapid visualization of groups of similar tablets and tablets homogeneity is possible, when
the between-cluster variation is present in the first principal component directions. The
main disadvantage of PCA for finding groups in the data is that the grouping structures
are often ambiguous and do not allow a clear-cut structure visualization as clustering
does.
Inferring the composition of a counterfeit tablet, without any prior knowledge, is not
easy and requires getting into the spectral unmixing field. Linear spectral unmixing aims
at estimating the number of the pure compounds (also termed endmembers), p, in a
mixture y ∈ R L , their spectral signatures M ∈ R L×p and the corresponding abundance
fractions α ∈ R p . These quantities are related via the following noiseless linear mixing
model

y = Mα,

(1.5)

with α satisfying the constraints

α ≥ 0 ; αT 1p = 1,

(1.6)

the so-called non-negative and full additivity constraints, respectively. The first constraint
comes from the fact that abundance fractions are always non-negative; the 1-norm normalization is arbitrary in this case, as any concentration profile can be multiplied by a
constant, as long as we divide the absorbance profile by the same constant. Estimating
the pharmaceutical compounds in a counterfeit tablet, their spectral signatures, and the
corresponding fractional abundances, is called a spectral unmixing problem.
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Spectral unmixing, or hyperspectral unmixing in the context of images, can be either
supervised or unsupervised. Classical least squares (CLS) is a supervised technique,
widely used in the pharmaceutical context for quality control purposes, which can be used
in the presence of linear mixtures and a reference library M with all possible ingredients
that may appear in the mixture. CLS allows the quantification of the materials present in
the mixtures of known composition, either pixel-wise or combined in a total percentage.
When no library with reference materials exists, an unsupervised method has to be
used instead. Multivariate curve resolution - alternating least squares (MCR-ALS) 43 has
been considered the state of the art in analytical chemistry for spectral unmixing. It
alternatingly estimates the matrices M and α, in a least squares sense (1.5). The disadvantage of this method is the so-called rotational ambiguity problem, i.e., there is
an infinite set of solutions well fitting the data and fulfilling the imposed constraints in
(1.6). A new class of algorithms exploring the geometric concepts of spectral unmixing
have been recently proposed in the remote sensing field, for the identification of earth
surface materials. Among the geometry-based approaches, the minimum volume based
hyperspectral unmixing methods simplex identification via split augmented Lagrangian
(SISAL), 44 minimum volume simplex analysis (MVSA), 45 and minimum-volume enclosing simplex (MVES) 46,47 are used in the present thesis for hyperspectral unmixing pharmaceutical mixtures, namely, counterfeit tablets. The above minimum volume based
methods aim at finding vertices of the simplex of minimum volume containing the data
pixels, which correspond to the endmembers’ spectral signatures. A full explanation on
these methods can be found in Chapter 4.

1.5

Thesis contribution

This thesis presents, for the first time, an integrated approach seeking to provide near infrared spectroscopy-based tools to help investigators and authorities in anti-counterfeiting
operations. The results presented stand beyond the detection of counterfeit tablets using
NIR hyperspectral imaging, which have already been explored in the literature over the
past few years. Particularly, attention is given to the ultimate goals in the fight against
drugs counterfeiting, e.g., sourcing and chemical identification/quantification of these
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drugs. Appropriate mathematical and statistical approaches are used to address each
specific problem. Moreover, recent promising minimum volume based spectral unmixing
techniques, aiming at qualitative and quantitatively estimating the compounds present
in a mixture, are brought from the remote sensing field. These techniques have shown
to largely outperform its competitors in such an important chemical problem, i.e., the
chemical characterization of counterfeit drugs.
The present thesis is divided in five chapters as follows:
Chapter 1 - An introductory section stating the problem under study, methodologies
currently used and further research needed.
Chapter 2 - Finding groups in a set of counterfeit tablets, using clustering and dimensionality reduction techniques.
Chapter 3 - Getting into the hyperspectral unmixing field: the use of supervised NIR
hyperspectral unmixing for accurately estimating the composition of a set of counterfeit tablets; the study of the influence of the heterogeneity of mixtures in quantitative
estimates.
Chapter 4 - The use of unsupervised NIR hyperspectral unmixing for extracting the
spectral signatures of the pure compounds in pharmaceutical mixtures, namely, counterfeit tablets; the unsupervised unmixing performance is studied regarding the homogeneity
of mixtures and spatial resolution.
Chapter 5 - A final section where overall conclusions, limitations of the techniques
studied and proposed future work are addressed.
The thesis comprises the peer reviewed scientific articles listed below:
• M.B. Lopes, and J.-C. Wolff. Investigation into classification/sourcing of suspect
counterfeit HeptodinTM tablets by near infrared chemical imaging. Analytica Chimica Acta, 633:149–155, 2009.
• M.B. Lopes, J.-C. Wolff, J.M. Bioucas-Dias, and M.A.T. Figueiredo. Determination
of the composition of counterfeit HeptodinTM tablets by near infrared chemical
imaging and classical least squares estimation. Analytica Chimica Acta, 641:46–51,
2009.
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• M.B. Lopes, J.-C. Wolff, J.M. Bioucas-Dias, and M.A.T. Figueiredo. Hyperspectral
unmixing based on a minimum volume criterion for fast and accurate chemometric
characterization of counterfeit tablets. Analytical Chemistry, 82:1462–1469, 2010.
• M.B. Lopes, J.-C. Wolff, J.M. Bioucas-Dias, and M.A.T. Figueiredo. Quantification of components in non-homogenous pharmaceutical tablets using near infrared
reflectance imaging. Journal of Near Infrared Spectroscopy, 18:333–340, 2010.
• M.B. Lopes, J.-C. Wolff, J.M. Bioucas-Dias, and M.A.T. Figueiredo. Study on
the effect of pixel resolution and blending grade on near infrared hyperspectral
unmixing of tablets, Applied Spectroscopy, 65:193–200, 2011.
This work has also been presented in the following international conferences:
• M.B. Lopes, and J.-C. Wolff. Sourcing counterfeit tablets using NIR-CI: a case
study. The 11th Conference on Chemometrics in Analytical Chemistry (CAC’2008),
Montpellier, France, 2008 (Poster communication).
• M.B. Lopes, J.-C. Wolff, J.M. Bioucas-Dias, and M.A.T. Figueiredo. Determination of the composition of counterfeit drugs by near infrared chemical imaging.
The 35th Federation of Analytical Chemistry and Spectroscopy Societies Conference
(FACSS’2008), Reno, Nevada - U.S.A., 2008 (Oral communication).
• M.B. Lopes, J.M. Bioucas-Dias, J.-C. Wolff, and M.A.T. Figueiredo. Spectral unmixing via minimum volume simplices: application to near infrared spectra of counterfeit tablets. First IEEE Workshop on Hyperspectral Image and Signal Processing:
Evolution in Remote Sensing (WHISPERS’2009), Grenoble, France, 2009 (Poster
communication).
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Chapter 2
Sourcing counterfeit tablets

M.B. Lopes and J.-C. Wolff. Investigation into classification/sourcing of suspect counterfeit HeptodinTM tablets by near infrared chemical imaging. Analytica Chimica Acta,
633:149–155, 2009.
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2.1

Investigation into classification/sourcing of suspect counterfeit HeptodinTM tablets by near infrared chemical imaging

Abstract
Near infrared chemical imaging (NIR-CI) was performed on 55 counterfeit HeptodinTM
tablets obtained from a market survey and on an additional set of 11 authentic HeptodinTM
tablets for comparison. The aim of the study was to investigate whether NIR-CI can be
used to detect the counterfeit tablets and to classify/source them so as to understand the
possible number of origins to aid investigators and authorities to shut down counterfeiting
operations. NIR-CI combined with multivariate analysis is particularly suited to compare chemical and physical properties of samples, since it is a quick and non-destructive
method of analysis. Counterfeit tablets were easily distinguished from the authentic
ones. Principal Component Analysis (PCA) and K-means clustering were performed on
the dataset. The results from both analyses grouped the counterfeit tablets in 13 main
groups. The main groups found with both methods were quite consistent. Out of the
55 tablets only 18% contained the correct active pharmaceutical ingredient (API), i.e.,
the anti-viral drug lamivudine. The remaining 82% of counterfeit tablets contained talc
and starch as main excipients. The API containing tablets classified into 3 main groups,
based mainly on the amount of lamivudine present in the tablet. The group which had
close to the correct amount of lamivudine sub-classified into 3 groups. From the analysis
carried out, it is likely that the counterfeit tablets originate from as many as 15 different
sources.

2.1.1

Introduction

Drugs counterfeiting has had increasing media coverage recently, and the number of
publications relating to analysis of counterfeit medicines has steadily been growing, too.
A counterfeit medicine is one which is deliberately and fraudulently mislabeled with
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respect to identity and/or source. Counterfeiting can apply to both branded and generic
products and counterfeit products may include products with the correct ingredients or
the wrong ingredients, without active ingredients, with insufficient active ingredients or
with fake packaging (WHO definition). 2 The illness of a patient taking a drug with no
active pharmaceutical ingredient (API) or substitute API may/will rapidly deteriorate.
Likewise counterfeit tablets containing the correct API but in different concentrations or
mixed with different excipients may also reveal (very) harmful for the patient. 48
To identify counterfeits in the market place, the method of choice is still visual analysis
of the packaging, i.e., comparing the packs to known genuine packs and examining them
for overt and covert features to authenticate the samples. After visual analysis, the
suspect counterfeit product is usually analyzed in the laboratory.
Traditional methods for analysis of suspect counterfeit drug products include laborious tests such as chromatographic assays for identity, purity, and potency. 4–6 A range of
analytical techniques has recently been investigated for the analysis of counterfeits. 11,49
Those encompass mass spectrometry (MS) 11 with new ionization sources, e.g., DESI
(desorption electrospray ionization) 9,10 or DART (direct analysis in real time) 12 and vibrational spectroscopies, e.g., Raman, 8,23–25 infrared (IR) 9,23 and near infrared (NIR).
NIR spectroscopy is a fast and non-destructive technique, with little or no sample preparation required. A few studies have been published on detecting counterfeit drugs using
NIR spectroscopy. 17,18,20 Near infrared chemical imaging (NIR-CI) is a more powerful
technique which combines spectroscopy with spatial information. Tablets can be analyzed intact and therefore are still available for testing using other techniques. NIR-CI
has been successfully applied in a few studies in solid dosage forms, namely for content
composition identification 50–52 and quantification, 53,54 for assessing components distribution/homogeneity 53,55–60 and for visualizing process effects such as dissolution and contamination problems. 51,61,62 Dubois et al. (2007) 3 and Wolff et al. (2008) 28 have used
NIR-CI to detect counterfeit tablets of an anti-malarial drug containing substitute active
ingredients. They have shown that in certain circumstances tablets can even be analyzed
in the blister strip.
Fifty-five suspect counterfeit HeptodinTM tablets, an anti-viral drug against hepatitis
B 63–65 were collected from different markets over a period of time of 2-3 years. Visual
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analysis had shown that labels and packaging were fake. There was no a priori knowledge
about the origin of the samples. An NIR chemical imaging study was conducted, firstly
to distinguish genuine from counterfeit tablets and secondly, more importantly, to classify the suspect counterfeit tablets, in order to possibly identify the number of sources,
thus aiding investigators and authorities to close down counterfeiting operations. To our
knowledge, there have been very few such studies aiming at the sourcing and classification of the counterfeits found in the market place. Probably the most exhaustive study
has been carried out by Newton and his co-workers on studying counterfeit anti-malarial
drugs (predominantly artesunate), mainly in South East Asia. 11,66

2.1.2

Experimental section

Instrumentation and data acquisition
A Spectral Dimensions Sapphire NIR-CI 2450 spectrometer (Malvern Instruments, Olney,
Maryland) equipped with an InSb focal plane array detector (320 × 256 pixels) was used
for this work. No sample preparation was required. A total of 66 tablets, 11 genuine
and 55 counterfeit, were imaged intact after removal from blister strip, in order to find
similarities within samples according to their NIR spectra. Image cubes of each tablet
were acquired in diffuse reflectance mode in the spectral range 1200-2450 nm at 10 nm
steps. The field of view was set to 7.15 mm × 8.94 mm with a spatial resolution of
27.9 µm/pixel. This field of view permitted to image about 70% of the tablet area.
Each image cube contained 81,920 full NIR spectra and required a collection time of
approximately 4 min. To aid computing, a sub-sample of 100 × 100 pixels per tablet was
used for calculations, after carefully looking at the whole tablet image and assuming the
sub-sample was representative of the entire tablet. ISys 4.0 software (Malvern) was used
for data processing. Matlab 7.1 software (The Mathworks, Natick, MA, USA) was used
for principal component analysis and K-means clustering.
Counterfeit tablets were labeled according to their coordinates in the image resulting
from the concatenation of the tablets (see Figure 2.6). Tablet weight for all the samples
was recorded. The lamivudine content of the tablets was measured by high performance
liquid chromatography (HPLC).
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Multivariate statistical analysis
Spectral data were converted to absorbance according to the following equation: A = log
1/R, where A = absorbance and R = reflectance, obtained by processing the sample (S),
dark (D), and background (B) image cubes as follows: R = (S - D)/(B - D). The dark
cube (D), collected with camera looking at a mirror (no reflectance), represents primarily
the dark current. The background cube (B) or 99% reflectance reference cube, is acquired
with camera looking at a reflectance reference (Spectralon-99 or white ceramic plate), and
represents maximum signal collected from a uniform, highly reflecting body. Finally, the
sample cube contains raw images of sample, which are converted to reflectance data using
the above calculation.
A principal component analysis (PCA) was performed on a dataset containing in each
row the spectral mean vector of all pixels spectra in each tablet. Several pre-processing
methods, e.g., multiplicative scatter correction (MSC), standard normal variate (SNV)
and derivatives, were used, and the best performance in visualizing groups in the data was
found with second-order Savitsky-Golay derivative with a filter width of 9 data points
and considering a forth-order polynomial fit. According to their position in the new
lower dimensional space (Figure 2.5) samples were assigned to the same group when
they consistently tended to appear together in the space of all major components. This
first PCA shows how the samples cluster according to their mean spectra in the lower
dimensional space. However, since NIR chemical imaging was used, the dataset also
contains spatial information. In order to visualize the differences between and within
sample images (e.g., different spatial distributions of components within a tablet), and
because performing a PCA on the 55 counterfeit tablet images, each image containing
10000 NIR spectra, would be computationally hard, one sample (image) from each of the
observed 13 groups in the first PCA was taken for a second PCA. The genuine group was
excluded since it is known genuine samples belong to the same group. For this analysis
all pixels spectra of the 13 representative images were used for model building. All 55
counterfeit samples were then projected onto the resulting principal components. For
both principal component analyses, the dataset was mean centered before calculations.
PCA searches for lower dimensional spaces which reflect as much as possible the
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original data. PCA provides a two-dimensional representation of samples in the first
principal components representing most of the variation in the data, which allows detecting or verifying the existence of groups. Score images are also of great value, given they
account for spatial information in samples, and thus images can be compared. However,
PCA is not intended to separate samples into different groups, although very often it
does, when the observed variables explain the between-clusters variation. 67 For this fact,
and given no clear-cut group structure (i.e. the grouping/classification of the samples
is somewhat subjective) was found in score plots (Figure 2.5), a clustering method, the
K-means algorithm, 42 was applied to the same dataset used for the first PCA (genuine
samples included), applying the same pre-processing. Cluster analysis uses dissimilarity
matrices and organizes data in a way that most pairs of observations that are placed in
the same group are more similar to each other than are pairs of observations that are
placed in two different clusters. In the particular case of K-means, each cluster in the
partition is defined by its member objects and by its centroid. The centroid for each
cluster is the point to which the sum of distances from all objects in that cluster is minimized. The algorithm minimizes the sum, over all clusters, of the within-cluster sums
of point-to-cluster-centroid distances. 68 In this analysis each observation corresponds to
the mean spectrum of each of the 66 genuine (11) and counterfeit (55) tablets. Squared
Euclidean distances between samples mean spectra were used as a dissimilarity measure.
The squared Euclidian distance between two points is given by:
v
u n
uX
t (ai − bi )2

(2.1)

i=1

where a and b are the spectral mean vectors of samples a and b, i is the spectral band
and n is the total number of spectra bands (n = 126 for the given dataset).
Given the required argument of k groups in the cluster analysis and no a priori
knowledge about the origin of the samples was available, several numbers for k were tested
until having all genuine in one group isolated from the others, and the best compromise
between the number of groups and the highest mean silhouette value have been achieved.
Silhouette values are a measure of how similar one sample is to samples in its own cluster
versus samples in other clusters. 69
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2.1.3

Results and discussion

NIR chemical imaging and NIR spectroscopic analysis of tablets
Before data analysis, the mean NIR spectra obtained from the tablets were visually compared to extract some chemical information about the composition of the tablets. Spectral differences between counterfeit tablets and genuine tablets and amongst counterfeit
tablets were quite marked. The main components of the genuine tablets are the active
pharmaceutical ingredient (API), i.e., lamivudine, and the excipient microcrystalline cellulose (MCC). As an example, the mean NIR spectrum obtained from counterfeit tablet
B3 (group a) (for nomenclature of tablets, see experimental section) has been plotted
together with reference spectra for lamivudine and MCC (Figure 2.1). The mean NIR
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Figure 2.1: Mean NIR spectrum obtained from tablet B3 (group a) (black line) compared
with reference NIR spectra for API, i.e., lamivudine (dotted line) and MCC (gray line).
spectrum of B3 has a band at 1720 nm, which is quite characteristic of lamivudine. From
the spectrum it can be inferred that B3 contains the correct API, i.e., lamivudine. With
respect to the excipients, it is difficult to decide whether or not MCC is present in B3,
since cellulosic excipients, and starch have very similar NIR spectra. Spectral processing
and/or multivariate analysis are required. The mean NIR spectrum of tablet A2 (group
f ) shows no evidence for the presence of API in the tablet (Figure 2.2). There is no
band at 1720 nm. A comparison of the NIR spectrum of A2 with reference spectra of
starch and talc (magnesium silicate monohydrate) shows that the latter are the main
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components of this counterfeit tablet. Talc has a very sharp characteristic band at 1390
nm. This band is observed in the NIR spectrum of numerous counterfeit tablets. For all
the tablets analyzed the main components found are talc, starch, MCC and lamivudine.
To determine the presence of minor components, multivariate analysis needs to be carried
out, or different analytical techniques need to be used.
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Figure 2.2: Mean NIR spectrum obtained from tablet A2 (group f ) (black line) compared
with reference NIR spectra for talc (dotted line) and rice starch (gray line).
To visually show the differences between tablets, three tablets were concatenated, i.e.,
a genuine tablet and the counterfeit tablets A2 and B3. Wavelength images at 1390 nm
and 1720 nm and the corresponding histograms (pixels counting) are displayed in Figure
2.3 and Figure 2.4. Clear differences between the tablets can be seen in the images and
histograms. In the image at 1390 nm (Figure 2.3) both the genuine and B3 tablet, look
fairly similar, since none of these tablets contain significant amounts of talc. In the image
at 1720 nm (Figure 2.4), again genuine and B3 tablet show similarities, since both tablets
contain lamivudine. However, the spatial distribution of the API is significantly different
in both tablets. And hence based on spatial distribution, the B3 tablet can easily be
distinguished from the genuine tablet. This is also reflected in the histogram, where the
genuine tablet shows a larger distribution of pixels. The distribution of the pixels in
the histogram for the genuine tablets was very characteristic. None of the counterfeit
tablets showed a similar distribution. To distinguish genuine from counterfeit tablets (in
this particular example), concatenation of images of all tablets at 1720 nm is probably
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sufficient. Although clear differences could be seen in the images at 1390 nm and 1720 nm,
and a classification of the tablets could be performed, multivariate statistical analysis,
i.e., principal component analysis (PCA) and K-means clustering was applied to the
dataset to take advantage of all the information present in the dataset. The images in
Figure 2.3 and Figure 2.4 show that the tablets are relatively homogeneous and hence it
was deemed acceptable to sub-sample, i.e., PCA and K-means clustering was performed
on images of 100 by 100 pixels to aid computing.
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Figure 2.3: NIR images at 1390 nm and histogram of a genuine tablet concatenated with
two counterfeit tablets A2 (containing no API) and B3 (containing API).

Principal component analysis
The projections of each sample (scores) onto the new space of the resulting principal
components (PC) from the PCA build on the mean NIR spectrum of each of the 66
tablets (genuine and counterfeit) are shown in Figure 2.5. Different codes represented
by letters were assigned for each group of samples which consistently tended to appear
together in the space of all major components samples. The group composed of eleven
genuine tablets (code g) shows little variation in the first principal component, accounting
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Figure 2.4: NIR images at 1720 nm and histogram of a genuine tablet concatenated with
two counterfeit tablets A2 (containing no API) and B3 (containing API).
for 87% of explained variance. The variation is higher in the second, third and fourth
principal components (representing 6%, 4% and 1% of explained variance, respectively),
However, there are no “secondary” groups within the genuine samples. For almost all of
the counterfeit tablets groups determined, small variation was found in the first principal components and for some groups, e.g. group a, higher variation appears in further
principal components (e.g., PC3), so that the identity of that group could be questioned.
Group a is constituted of the 6 counterfeit tablets which contain levels of lamivudine
(73-97 mg) comparable to genuine tablets (100 mg) (Table 2.1), and this similarity is
expressed in PC1. But these tablets present differences, which are expressed in PC2,
PC3 and PC4. As a matter of fact, group a could be sub-classified into 4 groups a1, a2,
a3 and a4; a1 being comprised of tablets B5, B7 and B8, the other subgroups all being
comprised of a single tablet. Similarly, for other groups of counterfeits, sub-classification
could be performed.
The PCA on the mean NIR spectra obtained from all the tablets permits to easily
distinguish genuine from counterfeit tablets, and to establish some groupings amongst
the counterfeit tablets (Figure 2.5). Moreover, the position of the tablets along PC1
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Figure 2.5: Samples distribution in the new space obtained from the PCA performed
with the mean spectrum of 66 samples (g = genuine samples).
(which represents the variance due to API content) permits to determine whether the
counterfeit tablets contain lamivudine at a dosage close to the genuine dosage. Lines
have been added to delimit the space in which counterfeit tablets containing API can
be found (Table 2.1, Figure 2.5). This has been validated since a liquid chromatography
(LC) assay for lamivudine content had been carried out on all the tablets. The dosage
of lamivudine (if present) as measured by LC assay is given in Table 2.1. For counterfeit
tablets C2 and C11, having an API content of less than 2 mg, the API no longer represents
a main feature of the tablet and hence the tablets are classified with non-API containing
tablets, i.e., in group h and j, respectively. Obviously, these tablets could again be
classified into a sub-group of h and j, since there is definitely a feature (i.e., about 1-2%
mass fraction lamivudine content) in those tablets which is different. The question is:
how significant is this distinction in the bigger picture of distinguishing between different
sources of counterfeiting operations? This will be discussed further after all the data have
been presented and discussed.
A second PCA was carried out using the NIR spectra from all the pixels in the 100
by 100 pixels images of the 55 counterfeit tablets. The first PCA on the mean NIR
spectrum had clearly shown that distinction of genuine versus counterfeit was relatively
straightforward. Hence, in the second PCA the focus was placed on the counterfeit
tablets. The first PCA grouped the counterfeit tablets in 13 groups. A tablet from each
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Figure 2.6: Projections of all 55 counterfeit tablets (100 × 100 pixels) onto the lower dimensional space of the first four principal components (also called score images) obtained
from the second PCA performed with all pixels of the 13 representative tablets.

of those groups was used for the model building as explained in the experimental section.
The projections of each image onto the resulting first four components, accounting for 97%
of explained variance, are represented in Figure 2.6. Table 2.1 shows the correspondence
between group codes in Figure 2.5 and samples position in Figure 2.6.
Tablets from groups b, c and e consistently appear with similar colormaps and features
in all principal components. For most other groups (i.e., f , h, i) the same colormap can
be seen in the first principal component within the group, but some variations start to
appear when the explained variance in principal components decreases.
However, groups a and j show differences in PC1. Group a separates into 2 groups
a1 with tablets B5, B7 and B8 and a second group with the remaining 3 tablets (B3, B9
and C3). Group a1 is consistent with the group observed from the PCA on the mean
NIR spectra. The second group further separates in subsequent principal components;
all three samples show differences in PC2 and sample B3 is also different from the others
in PC4. This might mean that amongst the lamivudine containing tablets there are
actually 4 sources for the counterfeits, where the tablets B5, B7 and B8 are from the
same source and all the others are each from a separate source. In group j, there is one
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tablet standing out (showing the lowest scores), namely C6. Interestingly, compared to
tablet C7 adjacent to C6 in PC1 in Figure 2.6, the tablet volume for C6 is approximately
15% bigger. Both tablets have a similar total tablet weight, 371 mg for C6 versus 373
mg for C7. This means that C6 is a less compacted/compressed tablet. This physical
property of the tablet probably shows in PC1.
Table 2.1: Correspondence between group members in Figure 2.5 and samples position
in Figure 2.6 (lamivudine content of tablets in brackets, as determined by liquid chromatographic assay).
a
b
c
d
e
f
g
h
i
j
k
l
m
n

B3 (92 mg) B5 (89 mg) B7 (97 mg) B8 (96 mg) B9 (80 mg) C3 (73 mg)
B10 (13 mg) C1 (13 mg)
A1 (6 mg) A8 (7 mg)
A5 A11 B1 B2 B4 B6 D9 E7 E8
A9 A10 C8
A2 A3 A4 B11 C4
Genuine
C2 (0.9 mg) D3 D4 D7 D10 D11 E1 E3 E5 E6 E9
C10 D5 D6 D8 E2 E4 E10
C5 C6 C7 C9 C11 (1.6 mg) E11
A6
A7 (0.4 mg and substitute active pharmaceutical ingredient)
D1
D2

K-means clustering
The clustering diagnostics for each sample are shown in the silhouette plot (Figure 2.7). It
was found that the dataset was best partitioned into 12 clusters with a mean silhouette
value of 0.71. According to Kaufman and Rousseeuw (1990) 69 a strong structure has
been found. All clusters tended to reveal high mean silhouette values, especially cluster 1
composed of genuine samples. Cluster 6 revealed the lowest mean silhouette value. Some
samples in cluster 6 (group i) showed a low silhouette value, which indicates that these
samples have a lower similarity to samples in the group they were assigned to. However
they still have a higher similarity to the samples within cluster 6 than to samples from
neighboring clusters.
Comparing the K-means resulting groups to the ones obtained with PCA, one observes
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a reduction from 14 to 12 groups. The decrease in number of groups is the result of adding
sample A7 (previously group l) to group d, sample D1 (previously group m) to group i,
combining group b and c and removing samples C6 and C7 from group j to form a new
group (group j1). These latter two samples are the two samples from group j with a
value of about 0.05 for PC1 in Figure 2.5. They could be considered as a subgroup of j,
namely j1 and the rest of the j group samples making up group j2. But overall, both
the PCA approach and the K-means clustering approach gave consistent classification.

Figure 2.7: Silhouette plot of the 12 groups found with K-means analysis on all 66 tablets.

When looking for an optimal number of groups in the data, the risk of over-classification,
or even of under-classification was considered. Over-classification will probably occur,
since the main goal for counterfeit producers is to make the product as much look alike
as possible, but without any quality control. Some counterfeit operations are considered
“back-yard” operations. Hence the variation of counterfeits from the same source is most
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probably bigger than the variation amongst authentic products from the same source,
authentic products which are manufactured according to strict regulatory and quality
controls. Tablets from the same counterfeit source may have differences in both physical
and chemical properties. Some of those characteristics can be distinguished with NIR
spectroscopy and thus it increases the risk of over-classification. Given the inherent subjectivity of visually finding groups of samples in the space of variables (Figure 2.5), that
risk may be high with PCA (14 groups found). Some samples from the same source may
appear in separate groups. The same would apply to classifying samples according to
their grey scale in the second PCA (Figure 2.6).
Groups b and c, as determined by PCA, merge into a single cluster using K-means.
The same classification as with PCA could possibly be retained with K-means by setting
a larger number of clusters in the K-means analysis. However, a larger number of groups
than 12 led to the separation of genuine samples into two distinct groups in the K-means
analysis. The criteria for the choice of the number of groups used for the K-means
clustering was that the genuine samples were classified in one group, since it was known
that they originated from the same manufacturing site, and that variability amongst the
genuine samples would be “normal” batch to batch variability. However, a caveat has to
be introduced here. The genuine samples were obtained from a market survey, too. Hence
they were purchased from wholesalers and pharmacies. Poor storage conditions might
have altered some of the genuine tablets, and larger variability might not be unthinkable.
Especially moisture uptake would definitely have some bearings on the NIR spectra, since
NIR spectroscopy is quite sensitive to water. This again would lead to a case of overclassification. If the genuine tablets were separated in two or more groups it would mean
that classification would be done to a higher degree of detail. The comment made about
moisture uptake, due possibly to poor storage conditions, could certainly apply to the
counterfeit tablets, too. One could imagine having tablets from the same source being
separated into 2 groups based on their moisture content. To verify this, further analysis
to determine the water content of the tablets would be required.
For the K-means clustering, using a smaller number of groups than 12 meant that
some counterfeit tablets, e.g., B3, B5, B7, B8, B9 and C3 (i.e., group a), which contain
the correct API at about the right amount, grouped with genuine samples. The purpose
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of this study was to find how many sources of counterfeit tablets were present in the
data and not to find similarities between counterfeit and genuine tablets or differences
between genuine tablets. However, genuine tablets were needed to know the maximum
number of groups (i.e., the highest number possible for which genuine tablets are in one
group) and thus to minimize under- and over-estimation of number of groups within the
counterfeits.
Although there was no way for validating the achieved groupings/classification both
with PCA and K-means, given counterfeit samples were of unknown origin, it was found
that chemically and physically samples appear to cluster in both statistical analysis. With
few exceptions the same classification was obtained. NIR chemical imaging was part of
a range of analytical techniques investigated to classify this set of counterfeit samples.
The complementary analyses permitted to explain some of the classifications observed.
Sample A7, classified as a one sample group in PCA, revealed a substitute API when
analyzed by mass spectrometry. However, A7 may have some characteristics that make
it to cluster with group d in the K-means analysis. A7 may contain similar amounts of
the excipient talc to the other tablets in group d. Moreover, the amount of substitute
API (which was not measured) could be relatively low compared to the total amount of
excipients.
Under-classification will occur, if the tablets contain components/excipients that are
not detected by NIR spectroscopy. A typical case where under-classification will occur
is if the API in the tablets was of different origin. Every chemical process to produce
API gives rise to process specific impurities, which can be at trace levels, i.e., ppm mass
fraction relative to the API. These process specific impurities are markers of the process,
and an API impurity fingerprint, e.g., by liquid chromatography mass spectrometry (LCMS) will provide information on the source of API 70 and counterfeit samples containing
the correct API can be classified according to the provenance of the API. If counterfeit
tablets contain the same excipients in the same proportions, the same coating, same tablet
weight and volume and the correct API, they might classify together even if the API was
from different origins and had different impurity fingerprints. Hence, in the present case
for groups a, b and c, there could be under-classification. LC-MS analysis has shown that
based on impurity fingerprints group a classifies into 3 or 4 different groups (unpublished
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data), consistent with the sub-classification found for group a by PCA, i.e., tablets B5,
B7 and B8 having the same impurity profile.

“Final” classification of the tablets by NIR chemical imaging
Table 2.2 summarizes the classification of the 66 tablets in 14 groups and 3 sub-groups
for group a. The main characteristics as determined by NIR, weighing and liquid chromatographic assay are summarized for each group. Out of the 55 tablets only 6 tablets
contained amounts of lamivudine of 70% or more of the stated amount. A further 2 tablets
contained 10% of lamivudine and finally another 2 tablets contained 5% of lamivudine.
The main classification of the lamivudine containing tablets was based on the amount of
API present, i.e., it defined groups a, b and c. In the PCA analysis PC1 basically separates the tablets according to their lamivudine content and their talc content, since the
higher the value for PC1, probably the more talc the tablets contain. This is emphasized
by the fact that the groups with the more positive values for PC1 (Figure 2.5), contain
the heaviest tablets. In further work the NIR chemical imaging data will be interrogated
to measure the amount of the major components present, i.e., API, talc, starch, using,
e.g., classical least squares.

2.1.4

Conclusions

Quantifying the number of different sources of counterfeits is a very difficult task, given
that it is almost impossible to validate the results. NIR-CI and multivariate analysis has
proved to be a very valuable tool in distinguishing groups within a set of 66 HeptodinTM
tablets (both counterfeit and authentic). Not only has NIR-CI clearly identified genuine
from counterfeit tablets - this was validated by visual examination of the packaging
components and by other analytical methods - but, it has also permitted the grouping
of the counterfeits in 13 major groups and some sub-groups. A first PCA on the mean
spectrum of samples revealed sample groups in the space of principal components and
a second PCA on all pixels spectra of 13 representative samples from the counterfeit
tablets allowed the visualization of the differences between and within groups. Very
similar results were found in number and composition of the groups of tablets using both
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Table 2.2: Summary of classification obtained by NIR Chemical imaging and characteristics of the different groups (group g containing the authentic tablets).
Group

Subgroup

a
a1
a2
a3
a4
b
c
d
e
f
g
h
i
j
k
l
m
n

♯ samples
6
3
1
1
1
2
3
9
3
5
10
11
7
6
1
1
1
1

♯ batch
numbers
3
1
1
1
1
2
2
5
2
3
6
3
1
3
1
1
1
1

Tablet
weight (mg)
221 - 240
233 240
221
231
228
298 - 304
288 - 298
271 - 295
287 - 289
282 - 338
228 - 231
309 - 343
322 - 358
363 - 393
363
257
378
382

API
Correct
Correct
Correct
Correct
Correct
Correct
Correct
None
None
None
Correct
None/Correct
None
None/Correct
None
Substitute
None
None

Lamivudine
range (mg)
73.2 - 97.4
89.2 97.4
80
73.2
92
13.4 - 13.5
5.7 - 7.3
n/a
n/a
n/a
94.5 - 102.7
0 - 0.9
n/a
0 - 1.6
n/a
Not determined
n/a
n/a

Main
excipients
Starch
Starch
Starch
Starch
Starch
Starch, talc
Starch, talc
Starch, talc
Starch, talc
Talc, starch
MCC
Talc, starch
Talc, starch
Talc, starch
Talc, starch
Starch, talc
Talc, starch
Talc, starch

PCA and the K-means method. The use of these two different techniques was intended
to visualize groups of tablets in the space of the components representing the highest
variation with PCA and, on the other hand, to classify tablets in homogeneous groups
according to their dissimilarities, with the K-means algorithm.
Although not providing an unambiguous classification of the available set of tablets,
statistical analysis gives an approximation of the number of different sources present in the
NIR data. Moreover, NIR-CI has permitted to determine which counterfeit tablets out of
the 55 investigated contained the correct active pharmaceutical ingredient, i.e., lamivudine, which amounts to 18% of the tablets. The other 82% of tablets were “placebo” with
the main excipients being starch and talc. Further analysis by NIR-CI, using, e.g., classical least squares, will be carried out to quantify the main components of the tablets. Since
NIR-CI is a non-destructive technique, a further detailed analysis, e.g., using other analytical techniques on a few representative samples from each group can then be performed
to gain more detailed knowledge about the composition of the tablets, and possibly the
source/origin of the API.
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Determining the number of potential sources, which are probably as many as 15 for
the present dataset (as determined by NIR-CI), can help investigators and authorities to
better combat counterfeiting operations.
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3.1

Determination of the composition of counterfeit
HeptodinTM tablets by near infrared chemical
imaging and classical least squares estimation

Abstract
According to the WHO definition for counterfeit medicines, several categories can be established, e.g., medicines containing the correct active pharmaceutical ingredient (API)
but different excipients, medicines containing low levels of API, no API or even a substitute API. Obviously, these different scenarios will have different detrimental effects
on a patient’s health. Establishing the degree of risk to the patient through determination of the composition of counterfeit medicines found in the market place is thus of
paramount importance. In this work, classical least squares was used for predicting the
composition of counterfeit HeptodinTM tablets found in a market survey. Near infrared
chemical imaging (NIR-CI) was used as a non-destructive measurement technique. No
prior knowledge about the origin and composition of the tablets was available. Good API
(i.e., lamivudine) predictions were obtained, especially for tablets containing a high API
(close to the authentic) dose. Concentration maps of each pure material, i.e., the API
(lamivudine) and the excipients microcrystalline cellulose, sodium starch glycollate, rice
starch and talc, were estimated. Below 1% of the energy was not explained by the model
(residuals percentage) for every pixel in all 12 counterfeit tablets. The similarities among
tablets with respect to the total API percentage determined, as well as the corresponding concentration maps, support the classification of the tablets into the different groups
obtained in previous work.

3.1.1

Introduction

Counterfeit drugs pose a significant and fast-growing threat to public health and to the
pharmaceutical industry. For a patient, treatment with a counterfeit drug is, at best,
ineffective, at worst, lethal. For the pharmaceutical industry, the threat is of ethical
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and of commercial nature, with both reputation and revenues at stake. It is thus of the
utmost importance to be able to detect counterfeit medicines, establish the health risk
posed to the patient and, last but not least, work and support local authorities so that the
manufacturer of the counterfeit medicines can be brought to justice and counterfeiting
operations shut down.
The method of choice for counterfeit detection remains visual analysis of packaging
and drug product. A series of analytical methodologies encompassing liquid chromatography, 4–6 mass spectrometry (MS), 11 and vibrational spectroscopies, such as Raman, 24,25
infrared (IR) 9,23 and near infrared (NIR) have been used. NIR spectroscopy is a fast and
non-destructive technique, with little or no sample preparation required. A few studies
have been published on detecting counterfeit drugs using NIR spectroscopy. 17,18,20 NIR
chemical imaging (NIR-CI) is a relatively new and promising technique which combines
spectroscopy with spatial information and generates a large amount of data per sample
image. Tablets can be analyzed intact, non-destructively, and therefore remain available
for further testing with other methods. NIR-CI and multivariate analysis have been used
for detection and classification/sourcing 3,71 of counterfeit medicines.
Counterfeit drugs appear in a wide variety of compositions, regarding either the compounds present and/or their mass fractions (ultimately, the dosage of the active pharmaceutical ingredient). The counterfeit drugs may or may not include the active pharmaceutical ingredient (API). In the latter case the patient’s health may rapidly deteriorate. Substituting excipients may have impact on the bioavailability and stability of the
product. Sub-potent fake drug products pose a serious health risk too, e.g., in case of
antibiotics, it will lead to bacterial resistance. Studying the composition of counterfeit
drugs is not as easy as only distinguishing fake from authentic. Partial least squares
(PLS) regression of NIR-CI data has been successfully used to simultaneously predict the
concentration of the present compounds in pharmaceutical and artificial mixtures. 53,72,73
PLS requires a reasonable amount of samples (calibration samples) with a concentration
range of the compounds of interest as wide as possible, in order to build a model that
yields reliable predictions for the “unknown” samples. However, in the counterfeiting
context, even when a large number of counterfeit samples are available, there are potentially many counterfeiting sources, normally with no quality control procedures. Thus a
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model would never account for all chemical variability within counterfeit tablets in order
to yield accurate predictions.
Classical least squares (CLS)(3.1) has been used for predicting the species concentrations in each pixel of images of pharmaceutical products of known composition, using NIR
and Fourier transform infrared (FTIR) spectroscopy imaging. 53,58,74 Assuming a linear
mixing scenario, each observed spectral vector (e.g., all the available spectral bands in
each pixel) is modeled as

x = Mα + n,

(3.1)

where x is an L-vector (L is the number of spectral bands), M ≡ [m1 , m2 , ...mp ] is the
mixing L × p matrix (mi denotes the ith pure compound spectral signature and p is the
number of pure compounds in the mixture), α = [α1 , α2 , ..., αp ]T is the abundance vector
containing the fractions of each pure compound, and n models system additive noise.
However, when dealing with counterfeit samples, M is usually unknown, given that there
is no knowledge about the composition of the counterfeit drugs.
Multivariate curve resolution - alternating least squares (MCR-ALS) 43 was proposed
as an alternative for iteratively inferring the compounds spectra (M) and their corresponding concentrations (α). This method uses CLS regression subject to constraints
(e.g., non-negativity of spectra and concentrations, full additivity) based on chemical
knowledge and/or mathematical features of the dataset. Being an iterative procedure,
ALS requires initial estimates of α or M. The so-called simple-to-use self-modeling mixture analysis (SIMPLISMA) 75 is the most popular algorithm for estimating those matrices; it works by means of extracting the purest variables (variables that have contributions
from only one compound) and using their expression in each pixel as the concentration
profile of each pure compound. For the analysis of pharmaceutical products, MCRALS has been used to extract the pure compounds using NIR, UV and Raman spectra
of tablets. 76–78 However, MCR-ALS suffers from rotational and intensity ambiguities, 43
which makes it difficult to obtain unique solutions. Also, at the end of the procedure, M
has to be compared to a library of pure reference spectra in order to identify the pure
spectra obtained by the procedure and quantify the projection errors onto the space of
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M. For this reason, reference libraries are always needed and thus can be directly used
to build M for the model (3.1). The sample’s spectra, along with some knowledge about
counterfeiting operations, may help identifying at least the major pure materials used for
manufacturing the counterfeit tablets studied. Pure tablets of these compounds can be
easily hand made in the laboratory and NIR spectra can then be acquired to build the
matrix M.
The new challenges addressed in this work are: firstly to identify the compounds
present in the counterfeit HeptodinTM tablets investigated, with no prior knowledge about
their origin and composition; secondly, the NIR spectral signature of the pure compounds
identified has been used to build a spectral library to be used in the classical least squares
procedure. The between-tablets variability, regarding the estimated composition, and
the spatial distribution of the pure ingredients, has been linked to previous results on
the classification of the same set of counterfeit tablets using NIR-CI data. 71 Different
groups may represent different sources/factories delivering these counterfeit drugs to the
market. The identification and quantification of the compounds present in counterfeit
drugs is of extreme importance for ascertaining the risk to the patient. Also, if a specific
API/excipient composition identified shows a narrow geographical distribution, this can
help local authorities to find and close down counterfeiting operations.

3.1.2

Experimental section

Samples

The twelve counterfeit HeptodinTM tablets analyzed are part of a set of tablets acquired
in a market survey, as previously discussed in Lopes and Wolff (2009). 71 Lamuvidine
API was a GSK (GlaxoSmithKline, UK) factory batch. The excipients microcrystalline
cellulose (MCC), i.e., AVICEL PH-101 and starch from rice were obtained from Fluka
(Fluka, Buchs, Switzerland). Talc, i.e., magnesium silicate monohydrate was from Alfa
Aesar (Heysham, UK). Sodium starch glycolate (SSG) was received from within GSK.
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Instrumentation and data acquisition
A Spectral Dimensions Sapphire NIR-CI 2450 spectrometer (Malvern Instruments, Olney,
MD, USA) equipped with an InSb focal plane array detector (320 × 256 pixels) was used
in this work. A total of 12 counterfeit HeptodinTM tablets obtained in a market survey
were imaged intact after removal from the blister strip. No sample preparation was
required. Image cubes of each tablet were acquired in diffuse reflectance mode in the
spectral range 1200-2450 nm at 10 nm steps. The field of view was set to 7.15 mm ×
8.94 mm with a spatial resolution of 27.9 µm/pixel. Each image cube contained 81,920
full NIR spectra and required an acquisition time of approximately 4 min. Sub-images
of 200 × 200 pixels were taken for data analysis. The amount of active pharmaceutical
ingredient (API), lamivudine, in all counterfeit tablets was measured by high performance
liquid chromatography (HPLC). Five tablets of pure reference materials were pressed in
the laboratory (see description of the choice of reference materials in Section 3.1.2). The
tablets were 12 mm in diameter with a thickness of about 1 mm and featured a flat
surface. Reflectance values (R) were converted into absorbance values (A) using the
relationship
A = − log R,

(3.2)

where R = (S − D)/(B − D), obtained by processing the sample (S), dark (D), and
background (B) image cubes. The Isys 4.0 software package (Malvern) was used for the
above computations.

Data transformation
In a linear mixture, each response spectrum x is a linear combination of the spectral
signatures in the columns of M weighted by the abundance fractions α; see (3.1). The
abundance fractions are non-negative (α ≥ 0) and sum one (1T α = 1), i.e., the noise free
spectral vectors are elements of the simplex St = {t ∈ RL : t = Mα, 1T α = 1, α ≥ 0}.
Plotting two arbitrary bands i and j (Figure 3.1), sample spectra are inside a simplex,
with the vertices of the simplex corresponding to the pure reference materials in the
mixture (termed endmembers). However, in certain conditions, sample spectra are not
inside a simplex, e.g., when the tablet surface is not flat, when mixtures are non-linear,
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in the presence of noise, or when the intensity of light varies. In these situations, the
samples may belong to a convex cone Cp = {x ∈ RL : x = Mα, α ≥ 0} instead, with
abundance fractions no longer adding up to one. The dark point fixed transform (DPFT)
was introduced by Craig (1994) 79 to ensure that all sample vectors are inside a simplex
(Figure 3.2). This simplex Sp = {y ∈ RL : y = x/(xT u), x ∈ Cp } is the result of a
perspective projection (xT u) of the convex cone Cp onto a properly chosen hyperplane
(u) and its vertices are the vertices of St . With this transformation, the length of the
spectral vectors is changed, but not their angles, and so there is no loss of information.
DPFT was applied to the sample and reference spectra using a vector u defined as
1
p

p
X

mj
M
j=1
u=
=
,
2
kM k
kMk2

(3.3)

where M is the mean spectrum of the spectral signatures in M. After this data transformation, all the pixels spectra, along with the reference spectra, were projected onto the
subspace spanned by the columns of the matrix M, the pure compounds matrix, since
it is clear that the noise-free spectra belong to this subspace. The projected data were
used in the least squares procedure described next.

Figure 3.1: Geometrical illustration of a simplex and a cone, projected on a twodimensional subspace, defined by the mixture of three pure materials.
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Figure 3.2: Geometrical illustration of the dark point fixed transform.
Classical least squares
CLS was used to estimate the abundance fractions of each pure compound in the counterfeit tablets. Predictions for all compounds in all pixels of the tablets were obtained
and then combined in a total percentage in each tablet, according to
!
P
α
i,j
Pj
,
i,j αi,j

αi = 100 ×

(3.4)

where αi,j is the concentration of compounds i in pixel j. Reference spectra (M) are
needed as input to the algorithm and no a priori knowledge about the composition of the
samples was available. The three major compounds in genuine tablets, lamivudine and
the two excipients (MCC and SSG), were added to the library to assess if the genuine
compounds are being used in counterfeits. By visual inspection of the mean spectra of the
tablets (Figure 3.3), in comparison to spectra of the above genuine compounds (Figure
3.4), lamivudine seems to be present in all the tablets in a wide range of concentrations;
MCC and starch profiles can also be seen (e.g., 1400-1600 nm, 1900-2200 nm) in these
spectra. Talc and starch (from rice, corn, maize) are very cheap thus, frequently used
ingredients in counterfeit tablets (see the mean spectra in Figure 3.4). Some of the
tablets mean spectra (Figure 3.3) exhibit two sharp peaks at 1390 nm and 2310 nm,
corresponding to two known talc bands (Figure 3.4). The mean absorbance spectrum of
rice, corn, and maize starch tablet images was compared to spectra obtained from several
pixels from counterfeit tablets revealing the presence of starch-like NIR spectra.
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Figure 3.3: Mean absorbance spectra of the 12 counterfeit tablets.

Figure 3.4: Mean absorbance spectra of pure reference materials.

Rice starch proved to give the most similar spectrum to the ones from the counterfeit
tablets (results not shown) and was used for analysis. The mean spectra of the API and
excipients (MCC, SSG, talc, and rice starch) were used as reference spectra in the CLS
regression. A non-negativity constraint on the regression parameters (concentrations)
was introduced. The energy not explained by the model in each pixel is given by
e=

kMα − yk2
,
kyk2

(3.5)

which corresponds to the squared norm of the residuals in the pixel divided by its total
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energy (squared norm of the pixel’s spectrum).

3.1.3

Results and discussion

The predicted percentages of lamivudine in the tablets versus the percentages estimated
by HPLC, are displayed in Figure 3.5. The reason for showing only lamivudine predictions
is that HPLC measurements are only available for lamivudine; no quantitation of the
excipients was carried out by another analytical technique. For the samples containing
high lamivudine contents, the prediction errors are below 13%. On the other hand,
for samples with low lamivudine content, the prediction errors were much larger. The
prediction errors for lamivudine content, especially for the low level containing tablets,
may be due to many factors, as discussed next.

Figure 3.5: Scatter plot for the measured versus predicted API mass fraction percentages.

A first plausible explanation for the observed prediction errors is the incompleteness
of the reference library, as minor ingredients/excipients were not taken into account. For
example, magnesium stearate and the coating present in the authentic Heptodin tablets
have not been considered, since the corresponding mass fraction is less than 5%. However,
not considering minor compounds may explain the over-predictions of the lamivudine
content.
Homogeneity may also be an issue, given that the NIR light penetration depth into
the coated tablets is 1 ∼ 2 mm; thus, if samples/tablets are not homogeneous, some information may be lost. Namely, since the analysis was carried out on intact coated tablets,
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this low penetration depth of the NIR light may have the following consequence: the
coating will have a higher contribution to the NIR spectrum than its relative mass. This
fact can be confirmed by conducting further analysis on uncoated or microtomed tablets.
Nevertheless, for the present set of tablets, the spectra obtained are fully representative
of the compounds below the coating (present in the library). Thus, NIR light is certainly
going through the coating barrier, which is thus not constituting a major source of error.
The HPLC method used for the lamivudine quantitation was developed for authentic
Heptodin tablets (accurate predictions were obtained for 10 genuine tablets also analyzed). In the presence of different excipients, as in the counterfeit tablets, the dissolution
of lamivudine may be incomplete, thus introducing a larger measurement uncertainty for
the HPLC results; this uncertainty might be larger for tablets with a low lamivudine
content.
One last source of possible error is the between-tablets variability. Samples used for
HPLC and NIR imaging were taken from the same blister strip but were not the same
tablets. Since counterfeiting operations most often (if not always) have no quality control,
tablet to tablet variability (both in chemical and physical characteristics) may be large
even in the same blister strip from the same carton/package.
CLS predictions of each pure compound in each pixel of the images are shown in Figure
3.6. The sample names/labels are the same that were adopted in previous work. 71 Two
main groups can be distinguished with respect to the lamivudine predictions: in increasing
order, sample 1 (B3) to sample 6 (C3) as tablets with high lamivudine content, and sample
7 (B10) to sample 12 (C11) as tablets with less lamivudine. Small percentages of MCC
as excipient were found in all counterfeit tablets (compared to the expected percentage
in genuine ones, which is of 50.7% of the total tablet weight). The highest MCC mass
fraction was found in counterfeit tablet C2, i.e., 21.4%. All the estimated mass fraction
contents are summarized in Table 1. Nearly all counterfeit tablets appeared to contain no
SSG. In all counterfeit tablets, the main authentic excipients, i.e., MCC and SSG, were
replaced with rice starch and talc. Talc appears in larger mass percentages in tablets
with low lamivudine percentage (Table 3.1; Figure 3.6): the lower the content of API
(lamivudine) in a counterfeit tablet, the more talc is used as filler.
The energy not explained by the model in each pixel is also shown in Figure 3.6.
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Table 3.1: CLS predictions (%) of all compounds found to be present in tablets containing
lamivudine.
Tablet
Lamivudine Lamivudine Lamivudine MCC SSG
weight (mg)
(mg)a
(%)a
(%)b
(%)b (%)b
B3
221
92
41.6
44.1
13.9
0.0
B5
233
89.2
38.3
43.4
14.4
0.0
B7
237
97.4
41.1
42.2
5.5
0.3
B8
240
96.3
40.1
41.5
3.0
0.3
B9
228
80.3
35.2
34.9
0.9
1.0
C3
231
73.2
31.7
34.5
1.3
0.0
B10
298
13.4
4.5
14.3
1.7
0.0
C1
304
13.5
4.4
15.5
5.7
0.0
C2
320
0.9
0.3
6.8
21.4
0.0
A1
298
5.7
1.9
4.7
1.1
0.0
A8
288
7.3
2.5
7.0
3.1
0.0
C11
393
1.6
0.4
5.8
8.5
0.0
Genuine∗
230
100
43.5
43.5
50.7
2.9
a
determined by HPLC.
b
determined by NIR and CLS.
∗
for the genuine tablets the mass fraction percentages shown are theoretical values.
Tablet

Starch (rice)
(%)b
34.2
35.7
46.5
47.0
50.1
43.5
46.0
42.1
47.2
64.6
57.9
29.2
n/a

Talc
(%)b
7.9
6.5
5.5
8.2
13.1
20.7
38.0
36.7
24.6
29.6
32.0
56.5
n/a

Overall, very small residuals were achieved (below 1%), especially for the high lamivudine
content tablets. Even the largest residuals, found in the low lamivudine content tablets,
are below 1%, which indicates that the unkown compounds not accounted for correspond
to a small mass fraction of the tablets.

Comparison with clustering results
In a previous study aimed at the classification of the same set of the counterfeit HeptodinTM
tablets used in this work, 71 NIR-CI and principal component analysis (PCA) were used
to visually and spatially detect differences between tablets in a lower dimensional space.
K-means clustering on the same NIR-CI data was then used to achieve an optimal number of groups present in the dataset. The clusters thus obtained can now be compared
with respect to the estimated quantitation of the pure compounds in the tablets and
their spatial distribution. In Figure 3.6, tablets B3–C3 correspond to group a (and its
sub-groups) of the classification found in Lopes and Wolff (2009). 71 However, slight differences can be found among images. For example, tablets B9 and C3 show spatially
lower lamivudine concentrations and also a total lamivudine percentage of 35% and 32%,
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respectively, compared to tablets B3–B8 showing a total mass percentage of 40% (Figure 3.5). Tablets B9 and C3 also show a higher percentage of talc in their composition
(Figure 3.6). These differences may explain the lowest similarity of these two tablets to
the remaining samples in group a (Figure 2.7 in Lopes and Wolff (2009) 71 ). Previous
classification 71 had shown that tablets B5, B7 and B8 were in the same sub group a1,
whereas tablets B3, B9 and C3 were on their own. The present work however shows that
B5 might be slightly different from B7 and B8, since B5 contains more MCC (about
14%) and less starch.

Figure 3.6: Predictions of each pure compound in each pixel of the NIR sub-images in
the first column; the corresponding energy not explained by the model in each pixel (ej )
in the second column.

Amongst the tablets containing lower API mass fraction, tablets B10 and C1 show
very similar concentration maps, which may be the reason why they were grouped in 71
(group b). These samples have a true lamivudine mass fraction percentage of ∼ 4%,
as determined by HPLC. In the present work the mass fraction is over-predicted to ∼
15% (Figure 3.5). The reason for this is not fully known, although several possible
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explanations were put forward in Section 3.1.3. Samples A1 and A8 also show very
similar concentration maps and correspond to group c in Lopes and Wolff (2009). 71 Their
measured lamivudine percentage is ∼ 2%, again here overpredicted to 5 ∼ 7% (Figure
3.5). Finally, tablets C11 and C2 show distinct concentration maps from the remaining
tablets. These tablets have very small lamivudine mass fractions in their composition (≤
0.4%), a value which is too low to significantly contribute the NIR spectrum; this explains
why they were previously grouped together with the tablets containing no lamivudine. 71
For C11, the main component of the tablet is talc (about 56.5% mass fraction), hence
that tablet was grouped together mainly with talc containing tablets. 71

3.1.4

Conclusions

This work combines NIR-CI and classical least squares estimation to study the composition of counterfeit tablets of unknown origin. Without knowing anything about the
tablets and without destroying the tablets, NIR-CI and CLS were able to spatially identify and quantify the major compounds present in the set of counterfeit tablets under
study. The similarities between the corresponding concentration maps perfectly matched
a previous classification study of these counterfeit tablets into different groups/sources
using NIR-CI data, described in Lopes and Wolff (2009). 71 Samples in the same group
showed very similar concentration maps as well as total API percentages. A clear distinction between tablets with low and high lamivudine content was found, from which
the risk for patients taking these drugs can be inferred. Good lamivudine predictions,
especially for tablets with high lamivudine concentration, were achieved. Prediction errors were higher for the tablets with low lamivudine fraction. To minimize these errors
in the lamivudine mass fraction estimates, and consequently in fractions of the remaining compounds identified, the present library will be extended by including the minor
genuine compounds, common excipients, e.g., cheaper substitute compounds, such as
calcium carbonate, calcium phosphate, different grades of cellulose and starch, or lactose
(the latter not necessarily cheaper but also a commonly used excipient) and substitute
API’s. However, because identification of all the compounds in such a counterfeit drug
(especially minor compounds) will never be possible, future work will combine unsuper47

vised and supervised approaches in order to estimate the unknown compounds spectra,
by taking into account useful known information. Even if the identification of these pure
unknown compounds is not achieved, taking their presence into account is expected to
lead to more accurate estimates of the concentrations of the known compounds.
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3.2

Quantification of components in non-homogenous
pharmaceutical tablets using near infrared reflectance imaging

Abstract
The adequacy of the quantification of the components in non-homogeneous pharmaceutical tablets using near infrared (NIR) linear hyperspectral unmixing has been studied
with and without the presence of the tablet coating and an inefficient blending process.
NIR images of six coated tablets of different formulations and of sections thereof, extracted at specific depths, were acquired. The quantification of the compounds present
was performed via the classical least squares (CLS) criterion. The results presented show
that, given the low depth of penetration of the NIR radiation, the coating represents as
much as 30% of the mass fraction of the sampled tablet, even though it is commonly less
than 3% of the mass fraction of the total tablet. This deviation negatively impacts the
estimates of the compounds of interest. Estimates of the compounds obtained in sections
approached the true values and were consistent at each depth. Both scenarios (coated
and uncoated) were found to be well explained by a linear mixing model, as the errors
in spectral estimates were small. The pixels showing the highest fraction of energy not
explained by the linear model were found to be spatially located in areas where the surface curvature was high and a high reflectivity was observed; factors known to contribute
with non-linearities to the mixing scenario. The outcomes of this study have practical
importance for the pharmaceutical industry: first, tablets should always be uncoated or
microtomed before being imaged, in order to remove the high contribution of the coating
and to obtain a flat surface. These steps reduce the above-mencioned non-linearities that
introduce errors when using a linear mixing model. Second, the mixing scale shall be
taken into account, as a poor blending may not show a similar in-depth pattern and thus
provide different estimates at each depth and, on the other hand, over-blending may lead
to a non-linear mixing scenario, depending on the spatial resolution used. An appropriate
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prior study will direct analysis either to linear or non-linear approaches.

3.2.1

Introduction

The pharmaceutical industry has recently fostered a considerable amount of research on
near infrared (NIR) diffuse reflectance imaging applied to the chemical characterization
of drugs. The main advantage of spectral imaging over the traditional spectroscopic
methods is the incorporation of spatial information of the samples, making possible the
mapping of the spatial distribution of the compounds present. This feature is used to
analyze and understand pharmaceutical preparations designed for sustained, delayed, or
extended release of the active ingredient. In those cases, the spatial distribution of the
constituents of tablets, for example, is of paramount importance. Several approaches for
spatial chemical characterization of the homogeneity of pharmaceutical tablets, using NIR
imaging, have been published. The most common are the inspection of images provided by
the absorbances of each pixel at characteristic wavelengths, 53,54,57,58 projections of pixels
spectra onto the space of principal components, 76 clustering maps, 80 and estimates of the
abundance fractions of the pure compounds in each pixel using classical and partial least
squares. 53,54,56,57,76,80–82 In all cases, the non-homogeneity in pharmaceutical tablets can
be easily detected.
Most pharmaceutical formulations are designed to produce homogeneous tablets, i.e.,
with a homogeneous distribution of their chemical ingredients in the formulation. More
recently, with the advances in pharmaceutical and biomedical research, some formulations are required to be non-homogeneous. That is the case for tablets in which the
active pharmaceutical ingredient (API) is required to form clusters in order to delay its
dissolution and hence release as it passes along the digestive tube. If homogeneity is
required, a good blending process should be conducted. An assurance of homogeneity
is a common and very important quality control procedure in the tableting process and
at the final product inspection. Besides a poor control of mixing times, the coating can
also be seen as a factor introducing in-depth inhomogeneity. Coatings are mostly used to
help swallowing, to provide tablet stability (i.e., protecting the tablet core from external
factors, such as photo-induced decomposition or acid degradation), and to rend tablets
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more appealing in terms of colour and taste. Coatings can also be formulated to protect
the tablet in order to delay its digestion, so that the API is released at a specific location
in the digestive tube.
Inhomogeneity may cause errors in the estimation of the concentration of a compound
in the tablet. The main reason for that is the low depth of penetration of the NIR radiation into the tablet, which limits the volume of sample contributing to the measured
reflected radiation. For the cellulose materials, which are largely used in tablet formulations, a maximum 109-777 µm information depth was found, varying from longer to
shorter wavelengths. 83 An information depth of 100-200 µm was also found by Andersson et al. (1999) 84 in film coated tablets. When quantifying coated tablets, although
the coating is a small percentage of the whole tablet, the coating may make a relatively
larger contribution to the measured reflected radiation and hide some of the chemical
information underneath. 82 Transmittance measurements would be useful and potentially
provide a more accurate quantification of the compounds present. However, some pharmaceutical tablets are thick and opaque, thus not allowing the light to pass through to
the detector.
For accurate quantification of images, a first inspection of the nature of the mixtures
is needed in order to choose the appropriate model. Depending on the mixing scales at
each pixel, mixtures are either linear or non-linear. 35 A linear mixing model holds when
the mixing scale is macroscopic and the incident light interacts with just one material,
as it happens in checkerboard type scenarios 85 (as illustrated in Figure 3.7a). Under
this model, the spectral vectors acquired in each pixel are a linear combination of the
signatures of the compounds present, also called endmembers, weighted by the respective
abundance fractions. A non-linear mixing holds when the light suffers multiple scattering
involving different materials 86 (Figure 3.7b).
In the presence of linear mixtures, and in possession of the “true” spectral library
containing the reference spectra of the compounds in a mixture, classical least squares
(CLS), a supervised technique, can be used for estimating the abundance fractions of
the reference materials present in the library. Given a linear mixing scenario, each pixel
spectrum y is modeled as
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y = Mα + n,

α ≥ 0,

and αT 1p = 1n ,

(3.6)

where M ≡ [m1 , m2 , ..., mp ] is the (L × p) mixing matrix (mi denotes the ith pure compound spectral signature, with L spectral bands, and p is the number of pure compounds
in the mixture), α = [α1 , α2 , ..., αp ]T is the vector containing the abundance fractions
of each endmember, and n models acquisition system additive noise. For hyperspectral images, the estimated abundance fractions calculated for each pixel can be spatially
mapped on the tablets or combined in a total percentage for the whole tablet. CLS
has been used in several studies on tablets, namely process analysis related, 58,80,81 and
counterfeit drugs characterization. 82 On the other hand, when no knowledge is available
about the composition of the samples, unsupervised methods, for example, the recent,
and promising, geometry-based algorithms proposed in the remote sensing field, simplex
identification via split augmented Lagrangian 44 (SISAL) and minimum volume simplex
analysis (MVSA), 45 can be used instead; SISAL and MVSA has been successfully used
for determining the composition of counterfeit tablets. 87 Having estimated the spectral
signatures for the compounds, CLS can then be applied for estimating the abundance
fractions of each material in the scene.

Figure 3.7: Illustration of a a) linear and b) non-linear mixing scenario.

Following a previous publication, 82 we studied the influence of the coating on the
quantification of the compounds present in coated pharmaceutical tablets, using NIR
images and CLS estimation. This is particularly important for process and quality control
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in the pharmaceutical industry, as imaging intact coated tablets is more efficient. In the
present study, NIR images of six coated tablets and of sections of each tablet (obtained
by microtoming at specific depths) were acquired, and CLS estimates of the abundance
fractions of each compound in each pixel and in the whole tablets were obtained.

3.2.2

Experimental section

Instrumentation and data acquisition
Six intact commercially available GSK (GlaxoSmithKline, UK) tablets, one from each of
six different formulations (A − F ), were used in this study (Table 3.2). NIR reflectance
images of the six tablets were acquired on a Spectral Dimensions Shappire NIR-CI 2450
spectrometer (Malvern Instruments, Onley, MD, USA), equipped with an InSb focal plane
array detector (320 × 256 pixels). The field of view was set to 10.3 mm × 12.4 mm, with
a spatial resolution of 40.3 µm/pixel, and the spectral range was set to 1200-2450 nm,
at 10 nm steps. Each of the six GSK tablets was mounted (Figure 3.8) and sectioned in
a microtome, until the coating had been totally removed and a flat surface was visible.
Two more sections were performed at the depths specified in Table 3.3.

Table 3.2: Chemical composition (%) of the six tablets (A -F) under study.

Constituent
Active pharmaceutical ingredient
Microcrystalline cellulose
Magnesium stearate
Sodium starch glycollate
Lactose monohydrate
Hydroxypropyl methyl cellulose
Dibasic calcium phosphate
Coating
∗

Tablet
A
B
C
19.5 (c1)∗
43.4 48.8
39.0 (c2)∗
50.5 45.1
35.3
0.7 0.7
0.7
2.9 2.9
2.9
2.4 2.5
2.5

D

E

F

6.9

54.6

3.4

42.1 19.3
1.1 0.7 0.5
1.8
4.8
67.8
1.3
88.1
2.1 2.6 2.9

c1 and c2 refer to the first and second active pharmaceutical ingredients, respectively.
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Figure 3.8: A tablet mounted.

Table 3.3: Depth (in µm) of each section in the six tablets (A - F).
Tablet
A
B
C
D
E
F

Section 1∗
840
950
1900
1300
1000
1500

Section 2 Section 3 Total height
1640
2440
3600
1750
2550
4320
2900
3900
6580
2100
2900
4020
1300
1600
2880
2300
4860

∗

depth reached when the tablets are totally uncoated and a flat
surface is obtained.

Reflectance images were acquired at each section. Reflectance data (R) were transformed into absorbance units (A) according to

A = − log R,

(3.7)

where R = (S − D)/(B − D), obtained by processing the sample (S), dark (D), and
background (B) cube images. The above transformation has been extensively used in
the literature, as it has been empirically shown that, analogously to a transmittance
measurement, − log R provides a linear relationship between A and the concentration,
in the presence of a matrix that is not strongly absorbing. 38,88,89 The Isys 5.0 software
package (Malvern Instruments, Onley, MD) was used for the above computations.
Pure tablets, i.e., tablets containing exclusively one compound, were pressed in the
laboratory, namely the APIs (a−f ), and the excipients microcrystalline cellulose (MCC),
magnesium stearate, sodium starch glycollate, lactose monohydrate, hydroxypropyl methyl
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cellulose (HPMC), dibasic calcium phosphate, and the respective tablet coatings. The
APIs were GSK factory batches; MCC, i.e., AVICEL PH-101 was obtained from Fluka
(Fluka, Switzerland); all other excipients and coatings were received from GSK manufacturing sites and are the materials used in the tableting process. NIR reflectance images
of the pure tablets were also acquired under the conditions described above. The mean
spectra of each pure tablet were used to create a spectral library which was used in the
least squares procedure, as described in the following section.
Data processing
Before applying CLS, the data were transformed using the dark point fixed transform 79,82
to ensure that all sample vectors are inside a simplex. CLS was then applied to each pixel
of the coated tablets and its sections. The estimated abundance fractions of each ingredient in each pixel were finally combined to produce an estimate of the total percentage in
the whole tablet. CLS was applied under the non-negativity (α ≥ 0) and full additivity
(1T α = 1) constraints in Equation (3.6). The fraction of energy (e) not explained by the
model in each pixel was calculated as follows:

e=

kMα − yk2
,
kyk2

(3.8)

which corresponds to the squared norm of the residuals in the pixel divided by its total
energy. The residuals of the model for the whole images was calculated using the matrix
norm of the difference between the estimated and true images divided by the total number
P
of pixels (N), given by kMα − ykF /N (where kAkF = ( i,j A2ij )1/2 denotes the Frobenius
matrix norm).

3.2.3

Results and discussion

The results presented in Table 3.4 show that all pharmaceutical mixtures studied were
well described by a linear mixing scenario, as the fraction estimates of compounds were
close to the true values (label claim in percentage). However, this was only true for the
sections, not for the images of the coated tablets. Due to the low NIR penetration depth,
only the surface (i.e., the coating) and the layer just underneath the coating of the tablet
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were sampled, i.e., only a fraction of the volume and hence a fraction of the mass of
the tablet was sampled. In this fraction of the tablets analyzed, the contribution of the
coating to the volume sampled was overestimated (since the core of the tablet was not
sampled). Typically, the coating represents less than 3% mass fraction of the total tablet
weight. In the present scenario, where only a fraction of the coated tablet was sampled,
the coating represented as much as 30% of the mass fraction of the tablet sampled. Only
one exception was observed; the estimated percentage of the coating of tablet F was very
close to the true one (Table 3.4; Figure 3.9). This was indeed a misleading result, as the
expected large contribution from the coating was amalgamated with HPMC, the major
ingredient of the coating, showing almost coincident NIR spectra. The same result could
also be seen in sections of tablet F (Table 3.4; Figure 3.9).
Given the above coating mass fractions overestimates, it was expected that the estimates of the other compounds would differ from the true values as well. For instance,
the APIs d (Table 3.4) and f (Table 3.4), from tablets D and F, respectively, appeared
in a larger percentage in the coated tablets than in the sections, which was a surprising
result, as the coating is somehow expected to hide the chemical information underneath.
In a previous study, 82 images of counterfeit coated tablets were used for quantification of
the API. The use of a library excluding the coating and the minor compounds (less than
1% mass fraction) allowed accurate API estimates for the high API mass fraction tablets.
This result, however, was only verified in this study for tablets A, B and E (Tables 3.4),
all high API mass fraction tablets. Quantification of the API (by excluding the coating
component in the library used to perform CLS) might be possible in coated tablets when
the API is close to or exceeds 50% mass fraction of the tablet. However, this needs to
be verified with more examples, since the accuracy of the API quantification in coated
tablets might also depend on the formulation and possibly on physical properties of the
different components of the tablet, for example, particle size of the different compounds.
In the present study, the main excipient in the high API mass fraction coated tablets,
for which the quantification was good, was MCC. Further studies in which the main excipient was varied for a given level of one API can be undertaken. However, this would
require the manufacture of model tablets, which was not considered here; only commercially available tablets were studied. Whether quantification in coated tablets is possible
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Table 3.4: True and estimated composition (%) of the six tablets, A to F.
Estimated composition (%)
Tablet

A

B

C

D

E

F

Constituent
API-a
MCC
SSG
MgSt
coating
API-b
MCC
SSG
MgSt
coating
API-c1
API-c2
MCC
SSG
MgSt
coating
API-d
DCP
SSG
MgSt
coating
API-e
MCC
MgSt
coating
API-f
SSG
MCC
LM
MgSt
HPMC
coating

True composition
(%)†
43.4
50.5
2.9
0.7
2.5
48.8
45.1
2.9
0.7
2.5
19.5
39.0
35.4
2.9
0.7
2.5
6.9
88.1
1.8
1.1
2.1
54.6
42.1
0.7
2.6
3.4
4.8
19.3
67.8
0.5
1.3
2.9

Coated

Section 1

Section 2

Section 3

29.7 (45.3∗ )
36.1 (54.6∗ )
0.2 (0.1∗ )
0.1
33.9
29.4 (51.5∗ )
22.7 (48.2∗ )
0.1 (0.3∗ )
2.8
45.0
11.3 (2.5∗ )
18.7 (71.4∗ )
16.2 (25.3∗ )
0.1 (0.8∗ )
1.3
52.4
24.1 (46.4∗ )
33.9 (53.6∗ )
10.4
1.0
30.6
27.9 (58.2∗ )
15.4 (41.8∗ )
1.7
55.0
10.6 (11.4∗ )
2.1 (2.4∗ )
14.1 (13.6∗ )
40.9 (42.6∗ )
5.1
24.1 (30.0∗ )
3.1

45.0
45.9
2.4
0.8
5.9
51.7
39.1
1.5
2.0
5.7
20.5
37.7
34.5
0.6
2.2
4.4
11.1
80.5
6.0
0.6
1.8
63.6
26.3
0.2
9.9
2.4
1.8
19.4
71.3
0.7
4.4
0.0

47.7
42.8
2.3
0.7
6.5
51.0
39.6
0.8
1.8
6.8
20.3
38.4
34.4
0.6
2.5
3.9
11.6
79.6
6.3
1.0
1.5
63.1
25.8
0.3
10.8
2.5
1.7
19.2
71.5
0.7
4.5
0.1

55.1
39.1
3.6
1.1
5.1
52.0
38.1
1.1
1.9
6.9
23.2
35.7
33.6
0.9
2.0
4.5
14.2
76.5
7.3
0.6
1.4
63.6
26.8
0.2
9.4
-

∗

excluding compounds < 0.1% and the coating.
Composition (%) as claimed in the label.
API, active pharmaceutical ingredient; DCP, dibasic calcium phosphate; HPMC, hydroxypropyl
methyl cellulose; LM, lactose monohydrate; MCC, microcrystalline cellulose; MgSt, magnesium
stearate; SSG, sodium starch glycollate.
†

57

for a given product needs to be assessed on a case by case basis.
Despite contributing with large errors in the estimates of compounds, the presence of
the coating caused low prediction errors, both total (Table 3.5) and pixel-wise (Figure
3.10). This result indicates the proximity to a linear model, for both coated and uncoated
tablets. Thus, the errors observed for the coated tablets (Table 3.5) seem to be entirely
due to the low NIR penetration depth. For tablets D and F , however, larger prediction
errors were obtained for the coated images (Table 3.5), which can in part be attributed
to the non-linearities present in the mixing scenario. Factors that may introduce nonlinearity are non-flatness, high reflectivity of the materials present, texture, granulometry,
and type of mixture (checkerboard or intimate mixtures). In fact, a high reflectivity in
pixels with high curvature in the coated tablets (D and F ) and in the cavities caused by
the debossing, was noticed during image acquisition; the largest errors can be observed
in those pixels (Figure 3.10).
After the coating had been removed, its estimated percentage became much more
accurate, with its small percentage corresponding to its presence only in the borders of
the tablet. The estimates of the compounds present in the sections also became much
closer to the true values. However, the fraction estimates of compounds in the sections
were not totally satisfactory; if the aim of the analysis is quality assurance for control
purposes, the accuracy is not sufficient. The differences observed might be due to the fact
that the coating was not entirely removed in the sections, given the difficulty in removing
it from the borders. Thus, with the use of the full additivity constraint in the least
squares procedure, the presence of the coating will definitely impact on the estimates of
the other compounds. Moreover, the non-linearities introduced by the non-flatness of the
borders of the tablets may also have contributed to the observed errors in estimating the
compounds. The above error estimates will not be a problem if the goal is estimating
the composition of a counterfeit tablet, as it is sufficient to have a good approximation
of the composition of the tablet and the effect it may have on patients.
The estimation of the chemical compounds present in the six tablets tended to be
consistent in depth (Table 3.4; Figure 3.9). This result shows that, although not being entirely homogeneous (clear clusters can be seen in all sections), these tablets show
a degree of homogeneity which is very similar among the sections. For the chemical
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Table 3.5: Relative errors, e (×10−3 ), of the linear model given by the Frobenius matrix
norm, kMα − ykF /N (where N is the number of pixels) for the six tablets, A to F.
Tablet
A
B
C
D
E
F

kMα − ykF /N (×10−3 )
Coated Section 1 Section 2 Section 3
1.2
1.3
1.5
1.5
1.6
2.2
3.4
3.2
1.4
1.2
1.3
1.2
2.4
1.1
1.2
1.4
2.4
2.1
2.2
1.9
6.0
1.4
1.4
-

quantification of these tablets, it was found that the first section, corresponding to the
coating removal, provided estimates which would have been representative of the whole
tablet. This result can, in fact, have an important practical consequence, as time spent
microtoming tablets in the laboratory can be drastically reduced. Note, however, that for
tablets which are much more heterogeneous, in-depth consistency may not be observed
and, in such tablets, the total estimation may fail if based on just a first section.

3.2.4

Conclusions

The findings of this study are two fold. First, the tablet coating should be removed, for
example through microtoming, for quantification purposes, unless checks prove this is not
required. In certain cases, good quantification results may be obtained on intact coated
tablets, as shown in Lopes et al. (2009). 82 However, generally, the coating makes a large
contribution in the area in which NIR can penetrate, hence biasing results. Second, the
spectral mixtures in the tablets are not always linear, due to many factors described here,
thus linear spectral unmixing should be used with caution, i.e., prior studies are needed
to decide on which approach to take, either linear or non-linear.
This work provides practical and, we believe, important contributions for helping
pharmaceutical quality control procedures. The most relevant outcome of this work
was the evidence that the NIR spectra of pharmaceutical mixtures are not always well
explained by a linear mixing model. The non-flatness and high reflectivity of the tablets
may have contributed to the non-suitability of the linear model for some pixels in the
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Figure 3.9: CLS predictions for the pharmaceutical ingredients in tablets A−F ; the color
bar on the right represents a color scale for the estimated abundance fractions, from zero
(dark blue) to one (red).
images, namely, pixels located at the borders of the tablets, and pixels of high curvature.
This was particularly evident in some of the coated tablets studied. In the absence of
the coating, however, CLS produced good estimates of the compounds present, which
suggested that any non-linearities present were very small. Moreover, the heterogeneity
observed in the mixtures, in combination with the low resolution used (∼40 µm per pixel),
indicated that the mixing model may approach a checkerboard type scenario, which is
well modeled by a linear model. It is thus very important to conduct a prior investigation
of the nature of the mixtures that support the choice of a linear or non-linear approach
for unmixing purposes.
In addition to the non-linearities described above, the heterogeneity introduced by
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Figure 3.10: Energy of the pixels not explained by the linear model, given by kMα −
yk2/kyk2; the color bar on the right represents a color scale for the energy fraction values,
from zero (dark blue) to one (red).
the coating was a dominant reason for the inaccurate estimations of compounds in the
coated tablets. For the given samples, the coating exerted a strong influence on the
estimates of the compounds at the core of the tablet; a consequence of the known low
penetration depth of NIR light into the samples. For this reason, the coating should
always be removed before applying a spectral unmixing technique, unless it has been
shown that accurate estimates of the API can be obtained on coated tablets (when the
coating is not considered in the library of compounds for CLS). On the other hand, the
blending process must provide the same in-depth patterns in the samples analyzed to
allow a consistent estimation of the chemical compounds in the tablet. However, such a
result may not be reproducible for all formulations and a strong degree of heterogeneity
may produce inaccurate estimations.

Acknowledgements
M. B. Lopes would like to thank financial support from the Portuguese Foundation for
Science and Technology (research grant no. SFRH/BD/31084/2006).

61

62

Chapter 4
Unsupervised spectral unmixing

M.B. Lopes, J.-C. Wolff, J.M. Bioucas-Dias, and M.A.T. Figueiredo. Hyperspectral unmixing based on a minimum volume criterion for fast and accurate chemometric characterization of counterfeit tablets. Analytical Chemistry, 82:1462–1469, 2010.
M.B. Lopes, J.-C. Wolff, J.M. Bioucas-Dias, and M.A.T. Figueiredo. Study on the effect
of pixel resolution and blending grade on near infrared hyperspectral unmixing of tablets,
Applied Spectroscopy, 65:193–200, 2011.

63

64

4.1

Near infrared hyperspectral unmixing based on
a minimum volume criterion for fast and accurate chemometric characterization of counterfeit
tablets

Abstract
A rapid detection of the non-authenticity of suspect tablets is a key first step in the fight
against pharmaceutical counterfeiting. The chemical characterization of these tablets is
the logical next step to evaluate their impact on patient health and help authorities in
tracking their source. Hyperspectral unmixing of near infrared (NIR) image data is an
emerging effective technology to infer the number of compounds, their spectral signatures,
and the mixing fractions in a given tablet, with a resolution of a few tens of microns.
In a linear mixing scenario, hyperspectral vectors belong to a simplex whose vertices
correspond to the spectra of the compounds present in the sample. SISAL (simplex identification via split augmented Lagrangian), MVSA (minimum volume simplex analysis),
and MVES (minimum-volume enclosing simplex ) are recent algorithms designed to identify the vertices of the minimum volume simplex containing the spectral vectors and the
mixing fractions at each pixel (vector). This work demonstrates the usefulness of these
techniques, based on minimum volume criteria, for unmixing NIR hyperspectral data of
tablets. The experiments herein reported show that SISAL/MVSA and MVES largely
outperform MCR–ALS (multivariate curve resolution–alternating least squares), which is
considered the state of the art in spectral unmixing for analytical chemistry. These experiments are based on synthetic data (studying the effect of noise and the presence/absence
of pure pixels) and on a real dataset composed of NIR images of counterfeit tablets.

4.1.1

Introduction

The recent spread of counterfeiting operations has fostered the pharmaceutical industry to devote considerable attention to the problem of detecting counterfeit drugs and
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determining their composition. The absence of the active ingredient and/or the introduction of other, non-genuine, materials may reveal very harmful to the patients. Thus,
the determination and quantification of the compounds present in these drugs is of the
utmost importance for determining their negative impact. Moreover, the identification of
compounds with a known narrow geographical distribution may help authorities to find
and shut down counterfeiting operations. Developing fast, non-destructive, and effective
methods for the identification of the composition of counterfeit drugs constitutes thus a
relevant research goal.
Some studies have been conducted to detect counterfeit drugs 3,28 and to classify them
into a number of possible origins 71 using near infrared (NIR) imaging. Hyperspectral
imaging in the pharmaceutical sciences presents several advantages over the traditional
spectroscopic techniques. The most relevant/important is the introduction of spatial
information, i.e., for each pharmaceutical tablet the system acquires a large number of
NIR spectra in a few seconds, from different positions of the tablet surface. Another very
important advantage is the non-destructive nature of hyperspectral imaging, allowing
samples to be kept intact for further analytical testing. NIR reflectance hyperspectral
images of genuine and counterfeit tablets most often reveal clear spatial and spectral
differences. However, identifying and quantifying the composition of counterfeits, with
no prior knowledge about the samples, is a difficult task for which spectral unmixing
holds the promise of playing an important role. This promise stems from the success
these techniques have had in the identification of materials over the earth surface, 35 for
estimating the number of reference materials present, their spectral signatures, and the
corresponding abundance fractions, as formally stated in the next paragraph.
Let M ≡ [m1 , ..., mp ] be an l × p matrix, where each column mi ∈ R+l , for i = 1, ...p,
represents the spectral signature (with l bands) of each of the p pure materials (the socalled endmembers). Under a noiseless linear mixing hypothesis, each observed spectrum
y ∈ R+l is modeled as y ≡ M α, where α ≡ [α1 , ..., αp ]T is the vector of abundance
fractions of each material, which necessarily belongs to the standard (p − 1)-simplex
∆p ≡ {x ∈ Rp+ : 1Tp x = 1} (where 1p = [1, 1, ..., 1]T denotes a vector of p ones, thus
P
1Tp x = pi=1 xi ). Given a set of n observed spectra (hyperspectral image pixels), collected
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in an l × n matrix Y , the noiseless linear mixing model for this data is thus
Y = MA,

(4.1)

where A is a p × n matrix containing the n abundance fraction vectors, thus satisfying
A ≥ 0 and AT 1p = 1n ;

(4.2)

in (4.2), A ≥ 0 means that all elements of A are non-negative. 90 Notice that, under this
noiseless linear model, each column of Y (i.e., the spectrum in each pixel) belongs to the
simplex
SM ≡ {y ∈ Rl+ : y = Mα, α ∈ ∆p },

(4.3)

the vertices of which correspond to the pure reference materials in the mixture. Figure
4.1 depicts such a simplex. For example, for a pixel containing only material 1, whose
signature is y = m1 , the vector of abundance fraction is α = (1, 0, 0).

Figure 4.1: Illustration of the 2-simplex set generated by the columns of M.
Aiming at the quantification of the compounds present in counterfeit drugs, i.e.,
estimating the matrix A, and in the presence of a comprehensive library with spectral signatures of active pharmaceutical ingredients (API) and excipients, the abundance
fractions A can be estimated via classical least squares (CLS), which is a supervised approach. Lopes et al. (2009) 82 have used CLS on NIR hyperspectral images of counterfeit
HeptodinTM tablets for the estimation of the abundance fractions of the reference materials present in a spectral library M. In that study, M was built based on the identification
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of common pharmaceutical compounds and compounds known to be frequently used in
counterfeiting operations, only by visual inspection of the NIR spectra of the tablets.
However, when such a library is not available or if the library does not contain the spectra of all the compounds present in the tablets (thus introducing errors in the abundance
estimates), we should resort to unsupervised or semi-supervised unmixing methods.
Spectral unmixing aims at estimating the number of pure materials p, their spectra M,
and the corresponding abundance fractions A, from the observed data Y . It is a source
separation problem that appears in several areas of research. Applications range from
remote sensing, e.g., identification earth surface materials, 35 to the microscopic level, e.g.,
identification of chemical substances in pharmaceutical and biomedical images. 76,80,81,91,92
Identifying the pure compounds present in a counterfeit tablet of unknown origin, and
its spatial distribution, is a similar problem. 82
Multivariate curve resolution (MCR) is a class of techniques for recovering the response profiles (e.g., the spectra of the components in a mixture obtained in evolutionary processes), when no prior information is available about its composition. MCR–
alternating least squares (MCR–ALS), proposed by Tauler et al. (1995), 43 is extensively
used for the investigation of chemical systems and has also been used for the resolution of
Raman 93 and NIR images of pharmaceutical mixtures. 76,80,81 The method works by alternatingly minimizing the least squared error kY − MAk2 with respect to M and A, under
the above explained positivity and normalization constraints. The main disadvantage
of MCR–ALS is the so-called rotational ambiguity problem, i.e., a set of simplices with
different orientations, all enclosing the data points, are minimizers of the least squares
criterion. Figure 4.2 illustrates the rotational ambiguity; let Mi (i = 1, 2, 3) be the matrices of spectral signatures associated to three estimated simplices. Consider some vector
y belonging to the three simplices; then, there are three abundance fraction vectors, α1 ,
α2 , α3 , verifying the positivity and full additivity constraints, such that y = Mi αi , for
i = 1, 2, 3. Thus MCR-ALS does not yield a unique unmixing solution.
When the data includes pure pixels, i.e., pixels that contain only one of the pure materials in the mixture, the vertices of the simplex SM are present in the data (Figure 4.3a).
Many algorithms aim at finding the spectra of the vertices of the simplex by exploiting
the presence of these pure pixels. PPI (pixel purity index 94 ), N-FINDR, 95 VCA (vertex
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Figure 4.2: Illustration of a number of simplices obtained by MCR–ALS, all minimizing
the least squares criterion.
component analysis 90), SGA (simplex growing algorithm 96 ), and AMEE (automated morphological endmember extraction 97 ) are algorithms belonging to this class. Among these
pure-pixel-based methods, VCA is the computationally lightest and performs better than
PPI and similarly to N-FINDR. 90

Figure 4.3: Illustration of minimum volume simplices estimated under the presence/absence of pure pixels and presence/absence of pixels in the facets of the true
simplex.
For datasets without pure pixels, the unmixing process becomes more difficult. Following Craig (1994), 79 a natural criterion consists in finding the vertices of the minimum
volume simplex containing the data. Figure 4.3b,c illustrates this scenario. A necessary
condition for this idea to work is that each facet of the simplex contains at least p − 1
spectral vectors. Figure 4.3c illustrates an estimated minimum volume simplex when
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such condition is violated. The estimated mixing matrix slightly differs from the true
mixing matrix M, whose columns define the simplex in gray, because there are not at
least two data points per facet.
The minimum volume approach has raised increasing interest and, recently, new
algorithms have been proposed: SPICE (sparsity-promoting iterated constrained endmember 98 ), ICE (iterated constrained endmembers 99), NMF–MVT (nonnegative matrix
factorization–minimum volume transform 100 ), SISAL (simplex identification via split augmented Lagrangian 44), MVSA (minimum volume simplex analysis 45), MVES (minimumvolume enclosing simplex 46,47 ). SISAL solves the same problem as MVSA but is much
faster and deals with larger datasets.
Pure-pixel-based methods are less complex than those based on minimum volume
criteria but depend critically on the presence in the data of at least one pure pixel
per endmember. In NIR hyperspectral images of pharmaceutical tablets, for instance,
it is unlikely to have pure pixels, which is mainly due to a low spatial resolution of
instruments, normally up to 10µm/pixel, and due to the penetration depth of NIR light
into the tablet, which is estimated to be up to a few hundred microns. 83 To show pure
pixels in the images, tablets would need to contain large domains of a single component,
provided by a poor mixing process (and consequently poor tablet homogeneity), which
is being avoided in the pharmaceutical industry. If no pure pixels exist, pure pixel based
methods find as endmembers the spectral signature of the purest pixels in the data.
Despite being computationally more complex, NMF–MVT, SISAL/MVSA, and MVES
exploit the more realistic situation of absence of pure pixels in the data. In previous
studies, MVSA yielded better results than NMF–MVT. 45
This work aims at bringing these recent hyperspectral unmixing approaches, based
on minimizing the simplex volume, into chemical and pharmaceutical problems. Particularly, in the counterfeiting detection context, where there is no knowledge about the
origin/composition of the drugs, the usefulness of these techniques may be determinant.
The minimum volume based methods SISAL/MVSA and MVES are used for the hyperspectral unmixing of two simulated datasets, studying the effect of the presence/absence
of pure pixels and noise. The same algorithms are then applied to a real dataset of NIR
hyperspectral images of five counterfeit tablets obtained in a market survey. The perfor70

mance of the SISAL/MVSA and MVES is compared to that of MCR–ALS (considered
the state of the art in analytical chemistry for source separation), showing that, for these
datasets, the minimum volume simplex based methods clearly outperform MCR–ALS.

4.1.2

Experimental section

Methods
A standard first step used in hyperspectral unmixing consists in identifying the (p − 1)dimensional affine set that best represents the data, in a least squares sense, and then
project the data Y onto this affine set. 46 Recall that an affine set is defined as a set
such that any affine combination of elements of this set also belongs to the set; an affine
combination is a linear combination with weights (of arbitrary signs) adding up to one.
From now on, we assume that the data is represented in the subspace of dimension p
that contains the (p − 1)-dimensional affine set. Assuming that this preprocessing step
is always done, one may assume without loss of generality that l = p; thus, Y is now a
p × n matrix and M is a square p × p matrix. Of course, in many practical problems,
p is unknown and subspace identification methods have to be used; 101 in this paper, we
assume that p is known.
SISAL/MVSA. The implementation of the minimum volume criterion is based on
the fact that the volume of the simplex SM , defined in eq (4.3), is proportional to
| det M|, i.e., the magnitude of the determinant of M. Assuming that M does have
rank p (the pure spectral signatures are linearly independent), let Q = M −1 , and recall
that det Q = 1/ det M. Using Q, the constraints in eq (4.2) are written as QY ≥ 0
and Y T QT 1p = 1n . A minimum volume criterion can then be written as the following
constrained optimization problem:
Q∗ = arg max | det Q|, subject to: QY ≥ 0 and Y T QT 1p = 1n ,
Q

(4.4)

where, as above, QY ≥ 0 denotes an element-wise inequality. It was shown 45 that the
constraint Y T QT 1p = 1n can be simplified to QT 1p = q, where q = (Y Y T )−1 Y 1n . Finally,
the strict constraint QY ≥ 0 is relaxed into a soft constraint, to accommodate for noise
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and/or outliers, leading to
Q∗ = arg max log | det Q| − λ 1Tp max{−QY, 0}1n , subject to: QT 1p = q,
Q

(4.5)

where λ ≥ 0 is a regularization parameter and max{·, 0} is understood in element-wise
fashion. As λ approaches infinity, the hard constraint is recovered. On the other end,
small values of λ give a bigger slack for the abundance fractions originated in outliers or
noise to be negative. Consequently, the corresponding pixels will not be inside the estimated minimum volume simplex, yielding more accurate endmember signature estimates.
Figure 4.4 illustrates the presence of outliers/noisy pixels in a mixture and the effect of the
soft constraint, allowing for those pixels to be ignored. The optimization problem in eq
(4.5) is solved via a sequential quadratic programming method, after being initialized by
the VCA algorithm; 90 for more details, see Li and Bioucas-Dias (2008). 45 MATLAB implementations of MVSA and SISAL are available at http://www.lx.it.pt/∼bioucas/
code.htm.

Figure 4.4: Noisy data. The application of the minimum volume concept yields a simplex
comprising all data points (dashed line delimited simplex); by allowing violations to the
positivity constraint, SISAL/MVSA yields a simplex very close to the true one (solid line
delimited simplex).
MVES. The MVES approach is also based on the criterion of eq (4.4), but does not
consider the simplification of the constraint Y T QT 1p = 1n into QT 1p = q, and uses a
different optimization strategy. Notice that the constraint simplification is important,
since Y T QT 1p = 1n is in fact a set of n scalar constraints, whereas QT 1p = q is a set
of p scalar constraints, and usually n ≫ p (e.g., in the experiments reported below,
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p = 4 and n = 104 ). Finally, the optimization problem is addressed using a cyclic
method based on the cofactor expansion of the determinant, with each intermediate
optimization problem being equivalent to a pair of linear programs; for more details, see
Chan et al. (2009) 46 MATLAB implementation of the MVES algorithm is available at
http://www.ee.nthu.edu.tw/cychi/software download.htm.
MCR–ALS. The MCR–ALS method formulates the problem of estimating M and A
as that of finding a bilinear factorization of Y (as expressed by eq (4.1)) in a squared error
sense, under the constraints in (4.2) and also positivity constraints on the elements of
M. As for SISAL/MVSA and MVES, the preprocessing step of dimensionality reduction
above explained is applied to the data. The method is initialized with either an estimate
of M or an estimate of A. The methods evolving factor analysis (EFA), 102 orthogonal
projection approach (OPA), 103 and simple-to-use self-modeling mixture analysis (SIMPLISMA) 75 are commonly used to provide such estimates. In this work, SIMPLISMA
will be used to obtain initial estimates of A. Then, MCR–ALS cyclically updates these
estimates using a minimum mean squared error criterion under the constraints explained
in the previous paragraph, until a convergence criterion is satisfied. Specifically, this convergence criterion stops the algorithm when the change in the relative root mean squared
error falls below some threshold, i.e., when
1
c(t) A
b(t) kF − kY − M
c(t−1) A
b(t−1) kF < δ,
kY − M
kY kF

where kBkF = (

P

i,j

c(t) and A
b(t) are
Bij2 )1/2 denotes the Frobenius matrix norm, and M

the estimates of M and A at iteration t of the algorithm. In the experiments reported
below, we use the MCR–ALS implementation available at http://www.ub.edu/mcr/.

Datasets
Before applying a spectral unmixing method to real data, we evaluate its performance
on synthetic datasets, not accounting for physical and external factors. If the algorithm
does not perform well in such controlled conditions, it would not be worth to test it on
real datasets. In this study, two simulated datasets were used, as described next.
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Simulated Datasets. A first synthetic dataset (Simulated Dataset I) was generated
according to (4.1). The data matrix Y has size n = 10000 spectra, i.e., pixels and l = 126
spectral bands. The abundance fractions A follow a Dirichlet distribution with unit parameter (i.e., uniformly distributed over the canonical simplex). The spectral signatures
M (l × p) of the endmembers are NIR spectra of four pure pharmaceutical substances
(p = 4): the active pharmaceutical ingredient lamivudine (GlaxoSmithKline, U.K.) and
the excipients microcrystalline cellulose (MCC), i.e., AVICEL PH-101, and rice starch,
obtained from Fluka (Fluka, Buchs, Switzerland), and talc from Alfa Aesar (Heysham,
U.K.). The above endmembers spectral signatures correspond to the mean spectra of
image datacubes of four pure tablets composed of each of the four pure materials. Datacubes were acquired in diffuse reflectance mode in the spectral range 1200-2450 nm at
10 nm steps, using a Spectral Dimensions Sapphire NIR-CI 2450 spectrometer (Malvern
Instruments, Olney, MD, USA) equipped with an InSb focal plane array detector (320 ×
256 pixels); for more details about acquisition of the spectral signatures see Lopes and
Wolff (2009) 71 and Lopes et al. (2009). 82
The second dataset (Simulated Dataset II) was built for assessing the performance
of the methods with noisy data and the absence of pure pixels. Data was generated
from Simulated Dataset I, by discarding all pixels with any abundance fraction above
0.7. Then, zero-mean Gaussian noise was added to the spectral vectors of the resulting
data matrix Y , such that SNR ≡ 20 log10 kMAkF /kNkF = 20 dB (where N denotes the
noise matrix).
Real Dataset. Hyperspectral NIR images of five counterfeit HeptodinTM tablets
acquired in a market survey 71,82 were used in the present study. A matrix composed of
all five images (126 bands × 105 pixels) was used for spectral unmixing. The selected
tablets have the following codes in previous studies: 71,82 A1, B3, B5, C2, C11 (containing
1.9, 41.6, 38.3, 0.3, 0.4% mass fraction, API respectively). These specific tablets were
chosen because they have been previously classified as belonging to distinct groups. 71,82
Thus, one sample per group should be enough to account for spectral information from all
endmembers in different purity levels. Given previous knowledge about the composition
of the present set of counterfeit tablets, the above set of pure pharmaceutical spectral
signatures used for generating simulated datasets was used for validating the estimated
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endmembers signatures of the real dataset.

4.1.3

Results and discussion

The three datasets were preprocessed as described in the Methods section, taking p =
4. The regularization parameter λ was empirically hand-tuned to 100/n; the inverse
proportionality with respect to n is based on the assumption that the fraction of outliers
is constant, thus its number is proportional to n. A more principled approach to adjusting
the regularization parameter (a well-known non-trivial issue in any regularization method)
c, the estimate of M,
is the topic of current and future research. Having computed M

c − MkF was computed, after
by SISAL/MVSA, MVES and MCR–ALS, the error kM
c. This
establishing the best correspondence between the columns of M and those of M

c and
was done by trying all p! (in this case p! = 24) permutations of the columns of M
choosing the one yielding the smallest angle between the vectors.

The endmembers estimated by the three methods from the Simulated Dataset I are
represented in Figure 4.5a (the 2D representation uses the first two components of the
4D space obtained by the preprocessing step). Notice the very accurate SISAL/MVSA
and MVES estimates, closely followed by VCA; given the presence of pure pixels/spectra
in the data, VCA performs well. For the Simulated Dataset II (which is noisy and has
no pure spectra), SISAL/MVSA still yields very accurate estimates, as shown in Figure
4.5b; in this case, MVES exhibits higher sensitivity to noise, although it still leads to
reasonable estimates. In both scenarios MCR–ALS provided the worst estimates. Table
c − MkF . These results show a dramatic
4.1 reports quantitative results, in terms of kM

superiority of SISAL/MVSA and MVES over MCR–ALS, for the noiseless data, and a
clear superiority of SISAL/MVSA over both MVES and MCR–ALS, in the synthetic
noisy data case.
The estimated endmembers spectral signatures of Simulated Dataset II, produced

by the three methods, are shown in Figure 4.6. Each endmember signature is plotted
alongside with the respective true pure compound providing the best correspondence, as
explained above. For all methods, the estimated spectral signatures were corrected by a
scale factor that minimizes the distance to the corresponding true one. Again, there is
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Figure 4.5: Estimated endmembers of simulated datasets (a) Simulated Dataset I (noise
free, pure pixels present); (b) Simulated Dataset II (noisy and with pixels close to pure
excluded).
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Table 4.1: Quantitative results for the SISAL/MVSA, MVES and MCR–ALS with the
simulated and real datasets, as described in the text.

Method
SISAL/MVSA
MVES
MCR-ALS

Simulated data I
0.00
0.00
3.54

kM̂ − MkF
Simulated data II
0.11
0.85
3.22

Real data
1.13
1.94
5.08

a clear superiority of SISAL/MVSA over MVES, which is achieved by not fitting noisy
pixels near the facets of the simplex in the optimization procedure in eq (4.5).
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Figure 4.6: Estimated signatures of Simulated Dataset II by SISAL/MVSA, MVES and
MCR–ALS.
Hyperspectral data from counterfeit tablets was used for evaluating the performance
of the methods in the context of identifying the compounds present in counterfeit drugs.
As for the synthetic datasets, SISAL/MVSA and MVES clearly outperform MCR–ALS
(Figure 4.7), with SISAL/MVSA yielding again a smaller prediction error than MVES
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(Table 4.1). Images of the estimated abundance fractions of each material in each pixel
of a given sample can be found in Figure 4.8. These images testify for the very good
performance of SISAL/MVSA, which yields abundance fraction estimates very close to
the “true” ones. By “true”, we mean estimates based on a library M with the true NIR
spectral signatures of the four endmembers known to be present in the mixtures, i.e.,
lamivudine, MCC, starch and talc.
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Figure 4.7: Estimated signatures of Real Dataset (counterfeit tablets) by SISAL/MVSA,
MVES and MCR–ALS.
Concerning computational time, for the datasets herein considered, while SISAL/MVSA
and MVES run in just a few seconds, MCR-ALS takes several minutes until convergence
is achieved. Another disadvantage of MCR–ALS over the minimum volume based methods is the fact that solutions obtained by MCR–ALS are not unique, i.e., there is a
set of solutions fitting the experimental data equally well and satisfying the constraints.
Experimental errors and noise also propagate from experimental data to parameter estimates during the alternating least squares procedure, yielding noisy estimates of the
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Figure 4.8: Abundance fractions of each endmember estimated by SISAL/MVSA, MVES
and MCR–ALS, in each pixel of four counterfeit tablets (∗ the true images have been
estimated using a library M composed of the true NIR spectral signatures of the four
endmembers known to be present in the mixtures, i.e., lamivudine, MCC, starch and
talc).
endmembers spectral signatures and corresponding abundance fractions. 104
Prediction errors produced by the minimum volume based techniques can be geometrically explained. Figure 4.9 shows a 2D representation of the estimated endmembers
from the real dataset by the three methods. The data pixels are distributed in clusters, each cluster corresponding to a distinct tablet, with different concentrations of the
chemical compounds present (see Section Datasets). As tablets are very homogeneous
(clusters very compact in Figure 4.9), and thus most probably yielding no pixels in the
facets of the true simplex, the use of as many tablets as possible in spectral unmixing
is desirable. This way, the data cloud is expanded toward the facets of the true simplex
and the performance of the minimum volume based techniques is increased. Figure 4.9
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shows, however, that there should still be facets with no pixels. The estimated simplex
(e.g., by SISAL/MVSA) is consequently shifted with respect to the true one, in order to
accommodate all pixels with a minimum volume. It is thus expected that, although accurate, the estimated signatures of pure compounds known to be present in these tablets
(i.e., MCC) incorporate spectral characteristics from other compounds in their signatures
(namely, talc). Future research work will address the highly mixed scenarios where the
simplices show at least one facet with no pixels. 105
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Figure 4.9: Estimated endmembers of Real Dataset (counterfeit tablets) in two components of the 4D space obtained by the preprocessing step.

Another potential source of error is the fact that the NIR signatures of the four laboratory substances used (API, MCC, starch and talc), considered as defining the true
simplex, may slightly differ from the true signatures, corresponding to the compounds
used by counterfeiting sources to produce the tablets under study. Such differences may
be due to different manufacturers, levels of moisture content, or impurity profiles. Nevertheless, even with the above factors accounting for errors in the endmembers estimates,
minimum volume based methods for spectral unmixing could clearly identify the compounds present in the analyzed set of counterfeit tablets, with a high accuracy level.
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4.1.4

Conclusions

This work shows the advantages of using minimum-volume-based unmixing techniques
(SISAL/MVSA and MVES), over the traditional alternating least squares (MCR–ALS)
approach, for the analysis of hyperspectral NIR data of counterfeit tablets. SISAL/MVSA
and MVES produced very good pure spectra estimates, from both simulated and real
datasets, with SISAL/MVSA proving to be the best method for noisy data with no
pure pixels. Moreover, SISAL/MVSA and MVES are computationally much faster, when
compared to MCR–ALS approach.
Finding new, faster, and effective methodologies for spectral unmixing is crucial, particularly in applications with a high impact in public health. In combination with NIR
imaging, a fast and non-destructive technique, spectral unmixing allows obtaining, in a
few seconds, estimates of the spectral signatures of the compounds. Whenever a counterfeit drug appears, it is urgent not only to detect it and remove it from the market,
but also to identify its composition, thus assessing the level of risk associated to it. The
methods described in this paper may contribute to the computational arsenal to identify
and characterize counterfeit drugs.
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4.2

Study on the effect of pixel resolution and blending grade on near infrared hyperspectral unmixing of tablets

Abstract
Many pharmaceutical problems require chemical identification of the ingredients present
in a drug product, e.g., a tablet. Examples include the identification of the compounds
present in many steps of the manufacturing process and the chemical characterization of
counterfeit and third party tablets. Hyperspectral unmixing of near infrared images is
a key method for solving the above problems, as it provides estimates of the number of
pure compounds present in a mixture, their spectral signatures, and the corresponding,
spatially mapped, abundance fractions. The performance of hyperspectral unmixing depends upon the degree of homogeneity of the tablets, as well as the pixel resolution used
for image acquisition. This work explores the use of the recent simplex identification via
split augmented Lagrangian (SISAL) algorithm to unmix near infrared images of tablets
under different homogeneity and pixel resolutions conditions. SISAL is known to solve
complex problems beyond the reach of previous hyperspectral unmixing methods. The
tablets used in this study are 4- and 5-compound model pharmaceutical mixtures, produced with good and poor blending processes, and the acquisition was performed at three
pixel resolutions: 8.1, 27.9 and 40.3 µm/pixel. Heterogeneity proved to increase SISAL’s
accuracy, as the increased pixel resolution in homogeneous tablets did. Given the fast
image acquisition and algorithm execution times, low and high resolution images should
always be acquired; combined with the homogeneity grade of the samples, this may be
determinant to a case by case decision on the proper action to be taken next.

4.2.1

Introduction

Near infrared (NIR) spectroscopy has been adopted by the pharmaceutical industry as
an important analytical tool in many quality control procedures. This spectroscopic
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technique offers several advantages, compared to mid infrared; namely, it is fast, needs no
or little sample preparation, and can be remotely and safely used for in-line analysis, using
optical fiber probes. While NIR spectroscopy is well implemented in the pharmaceutical
industry, NIR hyperspectral imaging has appeared in the literature essentially in the last
decade, with the promise of providing a more detailed picture of the drug product under
study. The main advantage over traditional spectroscopy is the possibility of mapping all
chemical compounds known to be present in the mixture, which may help solving another
important pharmaceutical quality control procedure: homogeneity assurance.
In the presence of mixtures of unknown composition, the chemical mapping mentioned above is only possible using an unsupervised method that estimates the compounds’ spectral signatures, i.e., that performs hyperspectral unmixing. Given a set of
mixed hyperspectral vectors (pixels), linear unmixing aims at estimating the number of
pure (unknown) compounds present (also called endmembers), their spectral signatures,
and the corresponding abundance fractions. The high dimensionality of hyperspectral
vectors makes hyperspectral unmixing far more attractive than most source separation
algorithms.
In the pharmaceutical industry, identifying the compounds present in a drug product,
e.g., a tablet, is of vital importance when analyzing tablets of unknown origin, e.g.,
counterfeits, to gain an understanding of their composition/formulation. Moreover, the
pharmaceutical industry files a number of formulation patents to protect the competitive
advantage of a given formulation, e.g., sustained or extended release versions. In order
to police formulation patents, one needs to be capable of analyzing the composition of
third party competitor tablets (of which there is no a priori knowledge, because the
information is proprietary), which might infringe the patent holders’ rights. Acquiring
images (NIR, IR or Raman) of third party tablets and determining the spatial distribution
of the chemical composition of the tablets is of paramount importance if infringement
actions are to be undertaken by the patent holder. Hyperspectral unmixing of the images
has an important role to play in gaining the necessary understanding of the “architecture”
of a third party tablet.
A hyperspectral imaging system generates a hyperspectral data cube, which has three
dimensions: two space dimensions and one spectral dimension. Two important character84

istics of a hyperspectral cube are its spectral and pixel resolutions. The spectral resolution
corresponds to the range of wavelengths over which radiance values are measured and
combined to become a single band in a hyperspectral image. The pixel resolution corresponds to the size of the physical area on the surface of the sample from which radiance
measurements are taken for a single image pixel. As the area corresponding to a pixel
increases, the pixel resolution decreases. 35,36
Under a noiseless linear mixing scenario, each spectral vector, i.e., a given pixel’s
spectrum, is modeled as

y = Mα,

(4.6)

where y is an L-vector (L is the number of spectral bands), M ≡ [m1 , m2 , ...mp ] is the
mixing L × p matrix (mi denotes the ith endmember signature and p is the number of
endmembers), α = [α1 , α2 , ..., αp ]T is the abundance vector containing the fractions of
each endmember. Under the above linear mixing model, the abundance fractions α are
non-negative quantities (α ≥ 0) that have to add up to one (αT 1p = 1n ). Two different
approaches can be followed for linear hyperspectral unmixing: statistical and geometrical.
The former addresses spectral unmixing as an inference problem, 105–107 often formulated
under the Bayesian framework, whereas the latter exploits the fact that, under the linear
mixing model, spectral vectors belong to a simplex whose vertices correspond to the
endmembers (Figure 4.10). Geometrical approaches operate by finding the vertices of
this simplex. Once the endmembers’ spectral signatures have been estimated, the next
step corresponds to the estimation of the corresponding abundance fractions in each pixel.
Geometrical spectral unmixing algorithms can be further divided into two main groups:
one assuming the presence in the data of pure pixels (pixels exclusively composed of one
compound); the other not requiring pure pixels. Examples of the first group are the pixel
purity index (PPI), 94 N-FINDR, 95 vertex component analysis (VCA), 90 simplex growing algorithm (SGA), 96 and automated morphological endmember extraction (AMEE). 97
Most algorithms not requiring the purity assumption work by trying to find the simplex of
minimum volume containing the data pixels. Among these minimum-volume-based methods, several algorithms have been recently proposed: namely, sparsity-promoting iterated
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Figure 4.10: Illustration of the 2-simplex set generated by the columns of M (endmembers’ spectral signatures) in gray; the dashed delimited simplex corresponds to an estimate
of the true one in case there are no p − 1 pixels in the facets of the true simplex.
constrained endmember (SPICE), 98 iterated constrained endmembers (ICE), 99 nonnegative matrix factorization–minimum volume transform (NMF–MVT), 100 simplex identification via split augmented Lagrangian (SISAL), 44 minimum volume simplex analysis
(MVSA), 45 and minimum-volume enclosing simplex (MVES). 46,47 Its speed and accuracy
have contributed to classify the SISAL algorithm as the state of the art for hyperspectral
unmixing. Applications in the remote sensing field, 44,45 and more recently, in counterfeit
tablets’ characterization, 87 have demonstrated the effectiveness of SISAL.
As a minimum-volume-based method, SISAL aims at finding the simplex of minimum
volume containing the data cloud. It is known that for the algorithm to succeed, the data
must include at least p − 1 pixels in the facets of the simplex containing the data. Figure
4.10 illustrates a scenario where such condition is violated. In the context of pharmaceutical mixtures, two main factors may impact the accuracy of the SISAL algorithm. The
first to be taken into account is the blending grade. A poor blending allows agglomerates
of the chemical compounds in the mixture to persist, which will allow the presence of
pure or near pure pixels in the images. On the other hand, a very good mixture will
shrink points in the data cloud away from the facets of the true simplex, which may deteriorate the algorithm’s performance. Homogeneity in tablets can be important, e.g., for
bioavailability of the API (especially for reduced particle size APIs), for prolonged and
uniform release of the API in sustained release tablets, or if the tablets are designed to be
halved for uniformity of dosage. As most tablet formulations are increasingly required to
be homogeneous, a second important factor to consider is the pixel resolution. A higher
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pixel resolution will correspond to smaller pixels, thus increasing the probability of finding pixels closer to being pure, i.e., near the facets and/or the vertices of the simplex.
The presence of such pixels is beneficial for the algorithm.
This work studies the effect of good and poor blending of 4- and 5-compound pharmaceutical mixtures on the performance of the minimum-volume-based hyperspectral
unmixing algorithm SISAL. For the good blendings, expected and confirmed to provide
less accurate endmember’s predictions, three different pixel resolutions were used for hyperspectral unmixing. A decrease in the pixel size, accompanied by the corresponding
increase in the number of pixels (size of the data cube), has resulted in a better accuracy
of the estimates of the endmembers. Such an improvement is a crucial step in any pharmaceutical “problem/issue” needing endmembers’ identification, allowing for the decision
on the appropriate actions to be taken next.

4.2.2

Experimental section

Samples
Two tablet formulations were designed for the experiments: one with 4 and the other
with 5 compounds. Powders of the following chemical compounds were hand mixed in
the laboratory and pressed, to produce compact pharmaceutical tablets (see Table 4.2
for chemical composition): paracetamol/acetaminophen (Sigma-Aldrich, St Louis, MO),
lactose monohydrate (Sigma-Aldrich, St Louis, MO), microcrystalline cellulose (Avicel
pH-101, Fluka, Buchs, Switzerland), starch from rice (Fluka, Buchs, Switzerland), and
dibasic calcium phosphate dihydrate (Fluka, Buchs, Switzerland). For each tablet, two
blending grades were obtained, corresponding to good and poor blendings.
Instrumentation
All samples were imaged in reflectance mode, using a Spectral Dimensions Sapphire NIRCI 2450 spectrometer (Malvern Instruments, Olney, MD, USA), equipped with a InSb
focal plane array detector (320×256 pixels). The spectral range was set to 1200-2450 nm,
with a step size of 10 nm, and a pixel resolution of 40.3 µm/pixel was used. Sub-images
of 200 × 200 pixels (∼ 8000 × 8000 µm imaged area) were taken for data analysis. For
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Table 4.2: Chemical composition (% mass fraction) of the pharmaceutical tablets.
Compound
Paracetamol
Lactose
Microcrystalline cellulose
Rice starch
Calcium phosphate

4-compound
mixture
10
30
40
20

5-compound
mixture
10
40
10
20
20

the 4- and 5-compound good blending tablets, images of an area of ∼ 1500 × 1500 µm
were also acquired using three different pixel resolutions: 40.3, 27.9 and 8.1 µm/pixel,
corresponding to the following total number of pixels: 1486, 3025 and 34596, respectively.
Reflectance data (R) was converted into absorbance data (A) on the Isys 5.0 software
package (Malvern), using the relationship A = − log R, where R = (S − D)/(B − D),
obtained by processing the sample (S), dark (D), and background (B) image cubes.
The SISAL algorithm
The SISAL algorithm was used to perform spectral unmixing of all the images acquired.
SISAL solves the following optimization problem:

Q∗ = arg min − log | det (Q)| + λ kQY kh , subject to: 1Tp Q = 1n Y T (Y Y T )−1 ,
Q

(4.7)

where Q = 1/ det (M), with | det (M)| being proportional to the volume of the simplex containing the spectral vectors, λ ≥ 0 is a regularization parameter and kXkh ≡
P
ij h([X]ij ) and h(x) = max{−x, 0} is the so-called hinge function. A full description
of the SISAL algorithm can be found elsewhere. 44 MATLAB implementations of SISAL
can be freely obtained at http://www.lx.it.pt/∼bioucas/code.htm.

4.2.3

Results and discussion

The projections of the pixels’ spectra of the 4-compound mixture, both from the good
and poor mixtures, onto the subspace of dimension p containing the (p − 1)-dimensional
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affine set that best represents the data, are depicted in Figure 4.11. The higher degree
of homogeneity in the good blending case, with pixels more densely distributed towards
microcrystalline cellulose, rice starch and calcium phosphate (Figure 4.11a), the major
ingredients (Table 4.2), can clearly be seen. Paracetamol, with a contribution of 10%
mass fraction (Table 4.2), appears much further away from the data cloud. On the other
hand, the spread of the distribution of the pixels in the poor 4-compound mixture, and
their proximity to the pure compounds (pixels close to pure) and to the facets of the true
simplex enclosing the data pixels (defined by the circles as vertices), is a clear indication
of a strong lack of homogeneity (Figure 4.11b).
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Figure 4.11: Estimated endmembers for the 4-compound a) good and b) poor mixture,
by SISAL.

89

The endmembers estimated by SISAL, in both good and poor blending 4-compound
mixtures can also be found in Figure 4.11. Given the minimum volume approach followed
by the SISAL algorithm, it is expected that, in the absence of at least p − 1 pixels in all
facets of the true simplex (Figure 4.11a), the estimated simplex is shrunken towards the
data cloud. For the given example, this fact has particularly affected the paracetamol
estimate. The corresponding estimated spectral signature (Figure 4.12a) confirms its less
accurate estimate, compared to the other compounds’ estimates. The estimated spectral
signatures are plotted alongside with the closest pure compound signature, given by the
shorter angle distance between spectral vectors. For the estimated and pure compounds
to be comparable, as for the estimated spectral signatures, the pure spectral signatures
are projected onto the subspace of dimension p containing the (p − 1)-dimensional affine
set previously identified. Thus, the resulting pure spectra slightly differ from the raw
“true” spectra (Figure 4.13).
As opposed to the good mixing scenario, in the poor mixing scenario, the above mentioned difficulties felt by SISAL have been removed, as all facets of the true simplex
appear to contain at least p − 1 pixels, near or on it (Figure 4.11b). The estimated
paracetamol spectrum estimated by SISAL is now much more accurate than before (Figure 4.12b). The improvement of the performance of SISAL in a less homogenous mixing
scenario can be confirmed by the errors produced, given by the Frobenius norm of the
difference between the estimate of matrix M (denoted M̂ ) and the true M. For the poor
mixing scenario, a lower prediction error was achieved (Table 4.3).
Table 4.3: Prediction errors (kM̂ − MkF ) of the SISAL estimations, obtained for the 4and 5-compound good and poor mixtures.
Mixture
4-compound
5-compound

Blending
Good
Poor
Good
Poor

Pixel resolution
(µm/pixel)
40.3
40.3

Number of
kM̂ − MkF
pixels
0.0309
40000
0.0231
0.0198
40000
0.0184

The final goal of a spectral unmixing method is the estimation of the abundance
fraction of each estimated endmember, in each pixel of the image. In order to visualize
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Figure 4.12: Estimated endmembers’ NIR spectral signatures of the 4-compound a) good
and b) poor mixture, by SISAL, along with the correspondent pure compounds’ spectra
(as for the estimated signatures, projections of the pure spectra onto the subspace of
dimension p, containing de (p − 1)-dimensional affine set, are plotted).
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Figure 4.13: NIR spectral signatures of the pure compounds in the mixtures.
the magnitude of the differences between the estimated abundance fractions and the true
ones (here called true abundance fractions when using the true spectral signatures, i.e.,
matrix M), classical least squares (CLS) was run in each pixel using a library composed
of the estimated spectral signatures, matrix M̂, and true spectral signatures, matrix M
(Figure 4.14). It was found that, although providing less accurate endmembers spectral
estimates, the final abundance estimates were almost coincident with the true ones, in
both good (Figure 4.14a) and poor mixing (Figure 4.14b) scenarios. The homogeneity
degree can now be confirmed, with the good mixing images proving to be very homogeneous (considering the 2 mm × 2 mm area imaged) and the poor mixing showing the
presence of larger compounds’ agglomerates.
For the 5-compound mixtures, the spatial distribution in the 2D affine representation
of the good and poor mixtures have shown the same characteristics as for the 4-compound
mixtures, i.e., the good mixture showing a more compact data cloud inside the true
simplex, and the pixels from the poor mixture being more spatially spread out towards
the pure compounds. Going from the good to the poor blending 5-compound estimates,
the main difference is now the calcium phosphate estimate, found to be very accurate in
the poor mixing case (Figures 4.15b, 4.16b). The big calcium phosphate clusters found in
the CLS abundance predictions for the 5-compound poor mixing scenario (Figure 4.17b)
may explain the above result. As for the 4-compound mixtures, a lower prediction error
was found for the poorly mixed 5-compound tablet when compared to the well mixed
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Figure 4.14: Abundance fractions of each endmember in each pixel of the 4-compound a)
good and b) poor mixtures, estimated by SISAL (*the true images have been estimated
using a library M composed of the true NIR spectral signatures of the four chemical
compounds present in the mixture)
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Figure 4.15: Estimated endmembers for the 5-compound a) good and b) poor mixture,
by SISAL.

5-compound tablet (Table 4.3), although the error decrease is less evident than in the
4-compound case. The estimated abundance fractions of the chemical ingredients of the
5-compound mixtures were again very close to the true abundance fractions (Figure 4.17).
Finally, to test the spectral unmixing performance, in a good mixing scenario, given
different pixel resolutions, a small area of 1500 × 1500 µm of the 4- and 5-compound
mixtures was imaged, using three pixel resolutions: 40.3, 27.9 and 8.1 µm/pixel. With
the corresponding larger amount of information contained in the increasing number of
pixels of the higher resolution images, spectral unmixing was expected to improve its
performance. This expectation was confirmed by the resulting prediction errors (Table
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Figure 4.16: Estimated endmembers’ NIR spectral signatures of the 5-compound a) good
and b) poor mixture, by SISAL (as for the estimated signatures, projections of the pure
spectra onto the subspace of dimension p, containing de (p − 1)-dimensional affine set,
are plotted).
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Figure 4.17: Abundance fractions of each endmember in each pixel of the 5-compound a)
good and b) poor mixtures, estimated by SISAL (*the true images have been estimated
using a library M composed of the true NIR spectral signatures of the four chemical
compounds present in the mixture).
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4.4). The decrease in the errors, with the increase of pixel resolution, was even clearer
in the 4-compound good blending case. The implication of this finding is: if the tablet
is very homogeneous, it is better to perform spectral unmixing with the highest possible
resolution (i.e., for this instrumentation 8.1 µm/pixel) in order to identify the compounds
present in the tablet. Once the compounds have been identified, the tablet can be imaged
at lower resolution, e.g., to perform quantification of compounds by CLS, so as to obtain
more accurate quantification results. At high resolution, the area of the tablet imaged is
relatively small (2.1 mm × 2.6 mm) compared to, e.g., the 40.3 µm/pixel resolution (field
of view is 10.3 mm × 12.9 mm). If a tablet has a certain compound in a limited area, it
may happen that with high pixel resolution in a low area, a particular compound may be
missed during the spectral unmixing, simply because the compounds is not present in the
imaged area. A possible acquisition strategy consists in partitioning of tablets in areas
and implementation of some subsample scheme that is statistically relevant. Judgement
needs to be exercised concerning the best approach for a given scenario and, given the fast
acquisition (approximately 4 min) of the images, it is relatively easy to acquire images
at high and low resolution.
Table 4.4: Prediction errors (kM̂ − MkF ) of the SISAL estimations, obtained for the 4and 5-compound different pixel resolutions.
Mixture
4-compound

5-compound

4.2.4

Pixel resolution
(µm/pixel)
40.3
27.9
8.1
40.3
27.9
8.1

Number of
kM̂ − MkF
pixels
1486
0.0737
3025
0.0624
34596
0.0353
1486
0.0487
3025
0.0386
34596
0.0353

Conclusions

The results shown provide experimental evidence of the validity of the application of the
linear model in the present case. Heterogeneity in pharmaceutical tablets has proven
to improve spectral unmixing performance. However, given that most pharmaceutical
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formulations are required to be homogeneous, the next step should be to improve the
spectral unmixing performance in highly mixed scenarios. Two directions can thus be
taken: first, increasing the pixel resolution for image acquisition, thus increasing the
chance of having close to pure pixels and pixels in the facets of the simplex enclosing the
data; second, developing methods based on sample statistics, able to deal with highly
mixed data. 105 The first direction, herein addressed, provides practical evidence that
an increase in pixel resolution improves accuracy of the endmembers estimates. As the
recent state-of-the-art algorithms show an increased ability to deal with increasingly large
datasets, hundreds of thousands of pixels and a significant number of endmembers (up to
20), 44 and given the short acquisition times of modern NIR equipments, pharmaceutical
problems requiring spectral unmixing should always be addressed with images of the
highest possible resolution.
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Chapter 5
General conclusions and future work
The present thesis presented solutions to several problems encountered by the pharmaceutical companies in the combat against drug counterfeiting, using NIR hyperspectral
imaging, an emerging, fast, and non-destructive analytical technique. Three main questions need a rapid and efficient answer: once labeled as suspects and taken to the lab,
can we confirm that the tablets are really fake? how many sources are they representing?
and what is their chemical composition and the associated risk for the patient?
It has been shown that NIR imaging combined with clustering algorithms and PCA
can easily help non-authenticity confirmation and, at the same time, provide an estimate
of the number of sources present in a set of tablets. For the determination of the chemical composition, spectral unmixing techniques, namely, minimum simplex volume based
methods (SISAL/MVSA) have shown to provide accurate estimates of the compounds
present in a set of counterfeit tablets. Results obtained by these methods have largely
outperformed the state-of-the-art method in analytical chemistry for spectral unmixing,
MCR-ALS. The question on the determination of the risk for the patients is not here
addressed, as it implies biochemical and biomedical studies, not covered in this thesis.
The next few paragraphs will enumerate the limitations of the methods used in this thesis, both analytical and mathematical, and point out future research needed to overcome
those difficulties.
Having used the logarithmic transformation of the reflectance into absorbance (A =
-log R), widely and empirically successful in eliminating non-linearities and providing
good estimates in several areas of applications, we have seen, however, that weak non99

linearities, not explained by the subspace spanned by the data, still persist. These nonlinearities, combined with offsets and noise produced by the NIR systems, need to be
properly addressed, following a previous identification of the nature of the mixtures,
either areal/macroscopic or intimate mixtures, explained by linear and non-linear mixture
models, respectively. Further studies on these topics will be undertaken in the future,
some already being under study by the authors of the scientific articles published in the
scope of this thesis.
PCA is very often used in the literature to visually find groups in the data, between
and within tablets. PCA is a dimensionality reduction method, which allows the summarization of the information in just a few principal components that explain most of
the variance in the data. Score plots are useful as they allow, in an attractive way, a first
guess of the number of groups of tablets and the visualization of tablets’ homogeneity
in the space of the principal components. However, PCA does not provide a clear-cut
structure, i.e., clusters’ contours, when plotting a set of tablets, and color maps, when
plotting of images of several tablets (pixels), can be very subjective and vary from component to component. This was indeed verified in the present thesis. On the other
hand, some clustering methods provide an estimate of the number of groups of tablets
present, showing a clear-cut structure of the data, as well as a measure of goodness of the
clustering achieved. Although there is no ground truth to confirm such estimates in the
counterfeiting context, investigators and authorities can have an idea of the heterogeneity
of a given set of tablets found in the market and try to relate them to previous groupings
obtained in previous market surveys; moreover, significant help to the scientists is given,
as they can take just a few samples per group for further analytical testing.
For the chemical identification and quantification of the composition of the counterfeit tablets, supervised, i.e., CLS, and unsupervised linear spectral unmixing, using
SISAL/MVSA, were employed. SISAL/MVSA presents a limitation, which is the assumption that at least p − 1 (p is the number of endmembers) pixels are located on
the facets of the simplex containing the data pixels. The increasing pharmaceutical requirements for the production of highly mixed tablets will make these minimum simplex
volume based methods less accurate in spectral identification, although still always showing more robustness than the alternating least squares approach, currently used in nearly
100

all analytical chemical applications. Although most probably not obeying any quality
assurance/control requirements, counterfeiters are also producing highly mixed tablets,
as shown in PCA results for images. Two approaches can thus be taken: using increased
spectral resolution, as it has been shown to succeed in providing accurate endmembers’
estimates; using methods based on the statistical analysis of the data cloud, not requiring the above SISAL assumption, following ideas presented by Nascimento and Bioucas
(2007). 105 The latter approach is topic of ongoing and future work.
NIR spectroscopy, and NIR imaging, also contribute with a limitation for spectral unmixing, given the low penetration depth of the NIR light, estimated to be up to just a few
hundred microns. 83 Heterogeneous tablets, provided by an insufficient blending process,
are expected to produce accurate results in spectral identification using SISAL/MVSA,
as at least some pixels may stay in the facets of the simplex containing the data. This
has indeed been confirmed in this thesis. However, even in a heterogenous tablet, if a
compound is absent from the first few hundred microns, it will not be identified by the
SISAL/MVSA (or any other) method. For the quantification of the materials identified
in a heterogeneous sample, using CLS, a not so accurate estimate is also expected, as
the sample information acquired by the NIR system may not be representative of the
whole tablet. The coating has also been shown to introduce strong inhomogeneity, thus
providing inaccurate abundance estimates. Homogeneous samples may not be a problem
for quantification, once in possession of a matrix of reference spectra previously identified,
as the sample area imaged may be representative from the whole tablet.
One last factor affecting the performance of minimum simplex volume based techniques is the fact that some pharmaceutical materials show very similar spectral signatures, thus making the optimization problem more difficult. Most excipients are polymers,
cellulose materials, with long chains of small units, almost only COH bonds, all units with
small variations and thus with small vibration. This fact explains the broad NIR bands
for the excipients and their similar spectra. Examples of such excipients are microcrystalline cellulose and starch with its variants rice, corn, maize and glycollate (laboratory
substance). These materials are used as fillers, binders, lubricants and carriers in tablets.
On the other hand, API’s are smaller molecules, highly vibrating molecules with other
functional groups, which makes their identification much easier, even in the NIR region.
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A final goal in the use of NIR hyperspectral imaging to stop counterfeiting operations
is the integration of all mathematical methodologies here presented in the already available portable NIR instruments to be used in the field. With counterfeiters presenting
increasingly sophisticated imitations of packagings and medicines, more accurate analyses need to be conducted in the field, acting as good filters of samples to be taken to the
laboratory. The incorporation of spectral unmixing in these portable equipments, along
with a specialized training of technicians, will certainly make the difference in the fight
against drugs counterfeiting.
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