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The seed or ‘bean’ of the coffee plant is an important crop, grown commercially
across the world. Two species are commonly cultivated: Coffea arabica and
Coffea canephora variant robusta. Analytical techniques for species identifica-
tion, in particular of coffee products such as ground or ‘instant’ coffees, are
of great importance. In this paper, mid-infrared spectroscopy is proposed as
a rapid alternative to existing authentication methods, which are often time-
consuming or difficult to implement successfully. A Fourier-transform infrared
spectrometer is used for this work, equipped with a diffuse reflectance accessory.
Statistical procedures comprising principal components analysis and classical
discriminant analysis are applied to spectra of ground roast arabica and robusta
beans, and results presented which demonstrate that the species of such samples
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can readily be identified.

INTRODUCTION

The coffee bean is obtained from the fruit of the coffee
plant, a small evergreen shrub belonging to the genus
Coffea, family Rubiaceae. Two species of Coffea have
acquired worldwide economic importance: arabica
(approximately 90% of world coffee production), and
canephora variant robusta (approximately 9% of pro-
duction). Arabica beans are valued the most highly by
the trade, as they are considered to have a finer flavour
than robusta. It is therefore important that the species
of raw beans and of various coffee products can be
identified. A trained inspector can easily distinguish
raw arabica and robusta beans from differences in size
and colour. Unfortunately, these visual indicators are
eliminated by the roasting and milling processes, so
that identification of ground roast and instant coffees,
both of which are dark-brown powders, requires an
alternative method.

Efforts have been made to characterise the two coffee
species using chemical data, with some success
(Clifford, 1985, 1986). Speer et al (1991) used high-
performance liquid chromatography (HPLC) to detect
diterpene-16-0O-methylcafestol, a compound present only
in robusta coffees. This substance remains stable during
the roasting process, so that it is a useful indicator of
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the presence of robusta beans in roast, ground or
instant coffee products. However, a disadvantage of
wet chemical analysis is that it is time-consuming. Sam-
ple preparation is tedious and can be difficult, involving
extraction, dissolution and dilution steps. There is a
need to find simple, fast and reliable methods for tack-
ling food authentication problems. One such technique
is mid-infrared spectroscopy, which has been shown to
be useful for the rapid, non-invasive analysis of a wide
range of foodstuffs (Wilson & Goodfellow, 1994).
Reported applications encompass both qualitative and
quantitative work, with perhaps the most effort
expended in the area of compositional analysis.

In recent years, the rapid increase in affordable com-
puting power has made multivariate statistical methods
readily available to the spectroscopist, and these are
now being used in combination with infrared spec-
troscopy to address increasingly complex tasks, such as
classification and authentication problems. Reported
work in these areas includes the discrimination between
edible oils (Lai er al., 1994), between cell walls from
different plant species (Kemsley et al, 1994) and
between fruit purees of different types (Defernez et al.,
1995). The methodologies described in these papers are
broadly similar. Infrared spectra are collected using
a Fourier-transform infrared (FTIR) spectrometer,
equipped with a sampling accessory appropriate for the
sample morphology. Sample preparation is in general
kept to a minimum. Next, data processing comprising
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two distinct stages is carried out: firstly, the ‘data com-
pression’ step of principal components analysis (PCA),
which removes redundancy in the original spectra leav-
ing a reduced, simplified data set; secondly, discrimi-
nant analysis (DA), which uses the compressed data
and known classifications to create a set of ‘class
means’, then reclassifies existing observations to the
nearest class mean in order to estimate a likely success
rate for the assignment of future, unknown observa-
tions. There are many variations on this basic DA
theme; a range of common methods is discussed in the
book by Massart et al. (1988). A full description of
PCA and its application can be found in the work by
Jolliffe (1986).

In the present paper, the data analysis procedure
outlined above is applied to infrared spectra of ground
roast coffee beans, with the aim of discriminating
between the arabica and robusta species. Convincing
results are presented indicating that mid-infrared spec-
troscopy is able to distinguish between pure samples of
each species, and may offer the potential for adulter-
ation detection in the future. A conventional FTIR
technique for sampling powders, diffuse reflectance
(DRIFT) (Wilson & Goodfellow, 1994), was employed
for spectral acquisition. To obtain a DRIFT spectrum,
a powdered or ground sample is placed into a stainless-
steel cup (approximately 10 mm diameter), and the
sample surface flattened. The cup is placed in a DRIFT
accessory, which incorporates suitable mirrors to steer
the infrared beam onto the sample, to collect the por-
tion that is diffusely reflected from the sample surface
and to direct it onto the detector to record the spec-
trum. For certain samples, dilution in another matrix
(for example, powdered infrared grade potassium bro-
mide (KBr)) is essential to avoid optical distortion
effects in the spectra. Nevertheless, sample preparation
remains relatively straightforward, and FTIR combined
with DRIFT can be regarded as a rapid analytical
technique.

MATERIALS AND METHODS

Twenty-eight samples of whole roast coffee beans were
obtained for this work; the supplier was able to guar-
antee their authenticity. Twenty of the samples were
arabica beans, eight robusta. The arabica beans origi-
nated from eight different countries: Ethiopia, Brazil,
Zaire, Zimbabwe, Kenya, Honduras, Costa Rica and
Columbia. The robusta beans originated from Indonesia,
Uganda, Thailand, Vietnam, Zaire and Ghana.

From each sample, approximately 15 beans were
selected at random, and ground in a Krups coffee
grinder. Equal quantities of the ground coffee and of
infrared grade KBr were weighed into a mortar, and
pounded with a pestle to reduce the mixture to a very
fine powder. Infrared spectra were recorded of all 28
samples. In addition, one arabica mixture was selected
at random and spectra obtained of five further sample
cup re-loadings.

All spectra were collected using a Monit-IR (Spectra-
Tech, Applied Systems Inc.) FTIR spectrometer
operating in the region 800-4000cm™, equipped with
a sealed, desiccated interferometer compartment, a
deuterated triglycine sulphate detector and a perma-
nently mounted DRIFT accessory, which incorporated
windows to minimise exposure of the infrared beam to
the atmosphere. All spectral measurements were made
at nominal §cm™ resolution, with 64 interferograms
co-added before Fourier transformation, zero-filled to
give a data point spacing of ~4 cm™ in the frequency
domain.

All sample single-beam spectra were transformed to
Kubelka-Munk units using a background spectrum of
ground KBr, and truncated to 286 data points in the
region 800-1900 cm™. To reduce the effect of irrepro-
ducible sample cup loading, a single-point baseline
correction at 1900 cm™! was performed, followed by
normalisation on the integrated spectral area. The pre-
treated data was processed using PCA and DA proce-
dures. All data processing was carried out using
‘Win-Discrim’ (E. K. Kemsley, Institute of Food
Research, Norwich), a specialised package for discrimi-
nant analysis.

RESULTS AND DISCUSSION

Typical spectra of ground arabica and robusta beans
are shown in Fig. 1. The spectral quality is high: exam-
ination of the baseline in the region 1800-2400 cm™
shows that detector noise is negligible. Another com-
mon source of spectral contamination is also noticeably
absent: water vapour bands in the region 1500-1800
cm™'. Thus, the sealed, desiccated optical bench com-
bined with the permanently mounted DRIFT accessory
offered high performance, whilst avoiding the lengthy
purge times of traditional research-grade instruments.
All spectra were truncated to 286 points in the region
800-1900 cm™! to accommodate computer memory lim-
itations and to avoid the inclusion of irrelevant data,
which can degrade the results of subsequent analyses.

There is another source of spectral variability which
is less a function of instrumental parameters, but rather
an intrinsic difficulty associated with the DRIFT sam-
pling technique: irreproducible re-loading of the sample
cup. Grinding the sample to a fine powder and smooth-
ing the sample surface in the same direction upon each
loading of the cup mitigate the problem to an extent;
nevertheless, the number and orientation of sample
particles in the infrared beam will inevitably vary, and
in turn lead to variation in the quantity of diffusely
reflected radiation. This variability manifests itself as
differences, not in relative intensities, but rather in
overall spectral response. Baseline-correction followed
by normalisation on the integrated spectral area helps
remove this unwanted variability. To illustrate this
effect, the replicate spectra of the randomly chosen ara-
bica sample are shown before and after pre-treatment
in Fig. 2.
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Fig. 1. Raw spectra of arabica and robusta ground coffees.
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Fig. 2. Spectra of repeated sample re-loadings of single
arabica sample, before and after baseline correction and
area-normalisation.

A full assignment of the spectral bands is a challeng-
ing problem, and will not be attempted in this work.
The composition of ground coffee is highly complex; in
addition to a few readily identified major constituents,
there are many more minor compounds, not all of
which have yet been elucidated (see Clifford, 1985), but
which will doubtless contribute to the infrared spec-
trum. Carbohydrates are the bulk constituent of roast

coffee, largely present as complex polysaccharides; the
simple sugars found in green coffee beans are largely
consumed during roasting, with only small quantities
of glucose and fructose surviving. Complete spectral
assignment of such bio-polymers is notoriously difficult,
and has been achieved for only very few samples. How-
ever, carbohydrates generally exhibit large features in
the so-called ‘fingerprint’ region (900-1400 cm™), and
are probably responsible for the majority of bands in
the roast coffee spectrum. Other major compounds
include proteins and, in particular, lipids. Green arabica
beans contain 14-18% (w/w) crude lipid, whereas green
robusta beans contain 9-12%. A loss of 1-2% occurs
on roasting. The bulk of the crude lipid is a typical
seed oil: C;; and Cy;., are the dominant fatty acids,
each present at around 35-40%. The balance of the
seed oil consists of unsaponifiable lipids, including
hydrocarbons, tocopherols, pigments, phospholipid,
sterols and diterpenes. Lipids in general exhibit a char-
acteristic band arising from the carbonyl (C=0) vibra-
tion centred at ~1744 cm™', which can be identified in
both the arabica and robusta spectra. Variations in the
lipid composition can subtly affect the spectral shape in
and around this feature.

Pre-treated spectra of the 28 samples are shown in
Fig. 3. To aid clarity, the arabica and robusta groups
are offset. There is substantial within-species variation,
but overall the two groups appear quite similar. The
most noticeable differences occur in the bands centred
at ~1744 cm™ and ~1150 cm'!, which tend to be rela-
tively larger in the arabica spectra. The former obser-
vation can be explained by the known difference in
lipid content of the two species; the latter could be due
to differences in the polysaccharide composition. How-
ever, not all the arabicas fit this pattern, and identifying
the species of individual spectra using visual inspection
alone is not wholly satisfactory.

PCA was applied to the 28 spectra data set. This
1s an essential first step, since multivariate statistical
procedures cannot be employed whilst the number of
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Fig. 3. Pre-treated spectra of arabica and robusta ground
coffees.

spectral data points (or ‘variates’) exceeds the number
of spectra (or ‘observations’). The variates in the original
data set will normally be correlated with one another,
to a greater or lesser extent; PCA removes this redun-
dancy by a linear transformation of the original data to
a set of new, uncorrelated variates, termed the principal
component (PC) scores. In doing so, a re-arrangement
takes place, such that only the first few PC scores are
required to describe most of the information contained
in the many original variates. The number of significant
PC scores is always less than the number of observa-
tions, and multivariate methods can proceed. A further
advantage of the reduction in variates is the resultant
simplification of the data set, enabling easier visualisa-
tion of relationships within the data, for example by
plotting pairs of PC scores against one another.

The percentage (%) variance and cumulative % vari-
ance accounted for by each of the first 10 PC scores are
presented in Table 1. The cumulative % variance rises
fairly slowly. Generally, this indicates that there are a
large number of independent sources of variation in the
data, which is consistent with the chemical complexity
of the coffee bean. Plots for the first few scores against
one another were examined. Considerable grouping of
the data was found in up to the first three PC scores.
An example 2D plot, of the first against third PC, is
shown in Fig. 4. Some division according to species is
evident, but perhaps a better impression of the separa-
tion of the two groups in ‘PC-space’ is obtained from
examining a 3D plot of the first three PC scores (Fig.

Table 1. Percentage variance and cumulative percentage variance
for the first 10 PC scores

PC score % Variance Cumulative % variance
1 420 420
2 20-7 62-7
3 16:4 79-1
4 55 84-6
5 37 883
6 20 902
7 1-6 91-8
8 14 932
9 13 94.5

10 12 95.7

5). The overlap present in the 2D plots is now elimi-
nated and the two classes can be entirely spatially sepa-
rated. In view of these findings, the first 3 PC scores
were used to perform a classical DA, using the Maha-
lanobis D? metric (Mardia, 1977). As expected from the
encouraging 3D scores plot, all 28 spectra were cor-
rectly classified at the re-assignment stage: the results
are presented graphically in Fig. 6. Also marked on
Fig. 6 are the D? values, measured in the same PC-
space, for the remaining replicates of the arabica sam-
ple. All are correctly classified, although this is not an
especially useful finding, since these are not truly
independent samples. However, an indication of the
expected reproducibility of the method is obtained.
Having achieved a successful DA, one may now
speculate on the basis of this discrimination. Figures 4
and 5 show that the first three PC scores all play a role
in distinguishing the two species. Therefore, examina-
tion of the PC loadings (sometimes known as ‘factor
spectra’) may be worthwhile. Since the PCA transfor-
mation reported in this work employed the correlation
matrix method (see Jolliffe, 1986), the loadings resemble
variance-scaled spectra and can be somewhat difficult
to interpret. In order to assist interpretation, an ‘inverse
variance-scaling’ process was employed, consisting of
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Fig. 4. Plot of first versus third PC scores.
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multiplying the loadings by the data standard deviation.
This gives the loadings a more familiar appearance,
allowing specific spectral features to be identified. The
first three loadings are shown, offset and inverse vari-
ance-scaled, in Fig. 7. The first loading is relatively fea-
tureless, apart from a fairly broad band at ~1100 cm ',
perhaps indicating that it represents largely a baseline
or overall intensity shift not completely removed by the
data pre-treatment. The most pronounced features are
in the second and third loadings, in particular a nega-
tive feature again centred at ~1100 cm ', and a sharper
band centred at ~1744 cm™'. The former occurs in the
spectral region associated strongly with carbohydrates,
and could be due to differences in the polysaccharide
composition. It has been suggested (Clifford, 1985) that
such differences may arise as the result of different
behaviour during roasting, although not all researchers
share this view (Bradbury, 1987). The feature at
1744 cm ! can be identified with a similar band in the
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Fig. 7. First three PC loadings, offset and ‘inverse variance-
scaled’ to aid interpretation.

original spectral data, where it was found to be rela-
tively more intense in arabica than robusta, and arises
from the lipid content of the beans. Since the PC scores
represent the relative importance of the corresponding
loadings in explaining the original data, it is not
surprising that the second and third scores are also
larger for arabica compared with the robusta. We
conclude therefore that the basis of the discrimination
is due at least in part to differences in the lipid compo-
sition of the two species, although the minor structure
in the loadings suggests that this is not the whole
story, and a full interpretation remains a complex
problem.

CONCLUSIONS

This work has demonstrated that FTIR spectroscopy
combined with the DRIFT sampling technique may be
used for the species discrimination of grabica and
robusta ground roast coffees. Minimal sample prepara-
tion, and a sealed desiccated spectrometer requiring no
lengthy purge time, mean that analysis is extremely
rapid in comparison with wet chemical methods. Data
pre-treatment minimised the sampling irreproducibility.
Data processing comprised PCA, which revealed clear
grouping of the spectra according to species, followed
by classical DA based on the PC scores, which yielded
100% successful discrimination.
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The only qualifier to this success is the relatively
small sample size (20 arabicas, 8 robustas). Clearly,
work of this kind is of limited value unless certifiably
authentic samples are used, and such samples are hard
to obtain in any quantity. However, further samples
are likely to become available to us in the near future,
which will be used to extend the database. In addition
to identifying pure samples of each species, future work
will explore whether it is possible to detect blends of
robusta and arabica, as this may offer a new, fast
method for the detection of adulteration.
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