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Abstract--Electronic noses employs different types of electronic
gas sensors that have partial specificity and an appropriate pattern
recognition techniques capable of recognizing simple and complex
odors. This paper focuses on use of electronic noses that use metal
oxide gas sensors. In this paper,we present the quality assessment
applications to food and beverages, that includes determination of
freshness and identification of spoilage, polluted, contaminated ,
unhygienic or adulteration in the food. The applications of
electronic noses to a wide collection of food and beverages are
considered, that consists of fruits, milk and dairy products, fresh
vegetables, eggs, meat, fish, grains, alcoholic drinks and non-
alcoholic drinks.

Index Terms—Electronic nose, E-nose, Food analysis, Metal oxide
Sensors.

I. INTRODUCTION

The main components of electronic nose system is a large
array of chemical sensors with associated signal
conditioning (pre-processing) and pattern recognition
techniques (PARC). Such an artificial gas sensing system is
known as 'Electronics Nose (ENOSE)'. The electronic nose
strives to mimic human smell processing with an aim to
detect the presence of odor/gas at very low concentrations
and also to discriminate between them. Very encouraging
results have been reported in the past by employing
electronic nose for the classification and characterization of
foodstuffs such as beverage [1], wine [2], [3], coffee [4],
and milk [5]. Detection of volatile organic compounds
(VOCs) using non-selective sensor requires an array of
multiplexed sensors followed by pattern recognition
approach. Volatile organic compounds (VOCSs) presented to
the sensor array produces a model or prototype which is the
characteristic of the vapor. Data analysis and pattern
recognition (PARC) are the fundamental components of any
sensor array system. There are a range of PARC techniques
available which can be classified in three types. The choice
of the first way depends on existing data and the type of
result that is required. A second way of analysing E-nose
signals is by means of multivariate analysis. Multivariate
analysis generally involves data reduction. It reduces high
dimensionality in a multivariate problem where variables
are partly correlated, allowing the information to be
displayed in a smaller dimension. There are many
multivariate analysis techniques such as fourier transform
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technique[6] , linear discriminant analysis (LDA)[7],
transformed cluster analysis (TCA)[8], etc. A third type of
class is based on artificial neural network (ANN) techniques
which apart from being massively parallel in nature, are
also capable of handling nonlinear transduction properties.
BP trained ANN, genetically trained ANN [9], radial basis
function neural networks [10], adaptive resonance theory
[11], self-organizing networks [12] and the combination of
fuzzy concept and neural networks [13] have been applied
to odor/gas classification problems.The ANN is based on
the cognitive process of the human brain [14,15].

The sensing systems based on metal oxide sensors (MOS)
reached the food industry more than a decade ago and it
was presented as a non-critical technique for food odor
analysis that could contend with panel test. Gas sensors
based on the chemical sensitivity of metal oxide semi-
conductors sensors (MOS), are readily available. They have
been more extensively used to make arrays for odor
measurement than any other type of gas sensors [14].
Although the oxides of many metals show gas sensitivity
under healthy conditions, the most widely used material is
tin dioxide (SnO2) doped with a small amount of a catalytic
metal such as palladium or platinum. By varying the
selection of catalyst and working conditions, tin dioxide
resistive sensors have been developed for a group of
applications. Materials with enhanced performance with
respect to relative humidity differences have been found by
observed testing. Titanium-substituted chromium oxide
(CTO) is an example of such a material. Other available
oxide-based gas sensors include zinc oxide (ZnQ), titanium
dioxide (TiO2) and tungsten oxide (WO3) [16]. This review
article focuses on the use of MOS-based electronic noses for
food applications, the scientific limitations for some
applications and the different methods carried out to resolve
them. The complexity that have been attempted to solve
with MOS-based electronic noses are those that are
associated to quality control, monitoring process, aging,
geographical sources, adulteration, contamination and
spoilage of food.

Il. METAL OXIDE SENSORS TO FOOD
APPLICATIONS

A. Milk and Dairy Products

It is in the area of milk and other dairy products that there
has been wide research in assessing electronic noses for
monitoring the quality of these products. Areas of research
have varied from recognizing adulteration or contamination
of milk to establishing the environmental changes of the
cheese. Liquid milk is an crucial nutritional food for infants.
Adulteration of milk with water is a subject of serious
concern because of the poorer nutritional value provided to
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the consumers. The dairy industry employs a range of
quality tests which contains the determination of fat and
total solids by chemical or physical analyses, assessment of
residues, identification  of  bacterial calculation,
determination of freezing point, protein, etc. [17]. However,
most of these measurements are expensive and time
consuming since milk samples need to be taken to a
laboratory for testing. Yu et al. [18] examined the
adulteration of milk using an E-nose (PEN2, Germany)
containing ten different metal oxide semiconductor sensors.
Whole milk, reformed milk powder and whole milk
adulterated with different proportions of water or
reconstituted milk powder were followed in storage for 7
days at 20 °C. In this study, the E-nose was able to
distinguish skim milk contaminated with different volumes
of water and reconstituted milk, and also able to classify
100% skim milk samples between 1 and 4 days of storage.
However it was not able to distinguish samples between 5
and 7 days of shelf life. Another area associated to milk
quality and safety is the identification of contaminants,
including aflatoxins in milk. Benedetti et al. [19] studied the
feasibility of using a sensor array system, comprising 12
MOS and 12 MOSFET sensors, to identify the presence of
aflatoxin M1 (AFM1).

The E-nose classification was in complete agreement with
aflatoxin M1 substance measured by an ELISA procedure.
An added advantage of this method is that it can be applied
to quick screening for AFM1 contamination in random
samples taken at many places. Samples which are identified
as contaminated in the screening process can then be sent
for further characterization using quantitative analytical
methods, or else rejected to avoid contamination of the
entire lot [19]. Factors which are known to the development
of oxidized off-flavor in milk products include the
contamination of milk with copper, iron, rust and chlorine,
or exposure to sunlight as well as excessive incorporation of
air. Other off-flavors in milk may be derived from excessive
heating which can especially cause certain proteins (such as
whey proteins) to burn. Whey proteins are a rich source of
sulfide bonds which can form sulfhydryl compounds which
can then contribute to off-flavor [20]. Great efforts have
been dedicated to the optimization of ultra high temperature
(UHT) milk processing in order to evade this effect. One
study using an E-nose comprising of MOSFET, MOS and
quartz microbalance (QMB) sensors found that it could
distinguish as little as 10% boiled milk in pure UHT milk
whereas a sensory panel, in contrast, could not distinguish
proportions of UHT below 30% [21]. QMB are sensors
made of tiny discs, usually quartz, coated with materials
such as chromatographic stationary phases that are
chemically and thermally stable. When an alternating
electrical potential is applied at room temperature, the
crystal vibrates at a very steady frequency, defined by its
mechanical properties. Upon contact to a vapor, the coating
adsorbs certain molecules which increases the mass of the
sensing layer and hence, decreases the resonance frequency
of the crystal. One of most important steps in manufacturing
dairy products is the quality control of the starting material.
Chemical analysis of flavors in dairy products is often
complicated due to the heterogeneous nature of milk.
Furthermore, the headspace of milk typically represents a
complex mixture of organic volatiles at varying
concentrations and at high relative humidity. Profiling the

200

volatile components in milk and dairy products is usually
performed by dynamic or static headspace, “purge and trap”
techniques, etc with measurement by gas chromatography-
mass spectrometry (GC-MS) [22]. E-noses can also detect
milk volatile compounds and are able to monitor the aging
of milk [23,24]. An E-nose with five different SnO2 thin
films, prepared using sol-gel technology, was used to
measure the development of rancidity in UHT and
pasteurized milk during 8 and 3 days, respectively. The
sensors could distinguish between both types of milk as well
as determine the degree of rancidity of milks (Figure 2).
Labreche et al. [25] obtained similar results with an E-nose
housing 18 MOS sensors (FOX 4000, France). The E-nose
detected significant changes in headspace during milk aging.
The authors claimed that there was a high correlation
between bacterial counts and the sensor responses.

B. Meat

Meat is an best development medium for several groups of
pathogenic bacteria. Evaluation of meat safety and quality is
usually based on microbial cultures. Bacterial strain
identification requires a number of different growth
conditions and biochemical tests with overnight or large
incubation periods and skilled personnel, which means that
testing may not be frequently performed. Other methods of
identifying meat safety involve quantifying volatile
compounds associated with the growth of microorganisms
on meat but these are also time consuming [26-28].
Winquist et al. [29] evaluated beef freshly ground using ten
metal oxide semi-conductor field-effect transistor sensors
(MOSFETS) with thin catalytic active metals like Pt, Ir and
Pd, and four SnO2 based Taguchi type sensors (Figaro
Engineering Inc, Japan). Compared to MOS sensors,
MOSFETs depend on a change of electrostatic potential and
they are based on the modulation of charge concentration by
a MOS capacitance between a body electrode and a gate
electrode located above the body and insulated from all
other device areas by a gate dielectric layer which in the
case of a MOSFET is an oxide, such as silicon dioxide [30].
A carbon dioxide detector based on infrared ray absorption
(Rieken Keiki Co,Japan) was also included in the array. The
array of sensors was able to decide the type of meat and
predict the storage time as well. When the carbon dioxide
monitor was omitted the performance in predicting storage
time decreased. Carbon dioxide concentration is an
important parameter to consider for predicting shelf life
storage of meat products. Balasubramanian et al. [31]
evaluated the changes in the headspace of vacuum packaged
beef strip sides vaccinated with Salmonella typhimurium
using a metal oxide based electronic nose. The E-nose
housed seven thick film SnO2 MOS sensors (Figaro
Engineering Inc, Japan). Microbiological measures as a
standard method to determine spoilage level included
Salmonella counts and total aerobic counts. Vernat-Rossi et
al. [32] studied the ability of six tin oxide semi-conductors
(FOX 2000, France) to discriminate cured products (dry
sausages of various origins or cured hams of different
qualities) and also to identify the existence of pathogenic
bacterial strains. Using these sensors it was feasible to
classify 98% of the bacterial strains, 94% of the dry
sausages and 87% of cured hams into their respective
groups. Although most applications of metal oxide semi-
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conductors based sensors in meat have been focused on
quick methods for detecting spoilage by bacterial
contamination, some work has also been conducted to
determine the presence of off-flavors in meat.

C. Fish

Freshness is the mainly important concern for fish quality.
Traditionally, fish quality evaluation has been based on
organoleptic tests. This type of testing is subjective even
when performed by experienced and well-trained personnel.
Gas chromatography has revealed that many volatile
compounds are released from degrading fish, some of which
can be used as indicators of spoilage. Electronic nose are
suitable instruments for measuring fish freshness since a
large number of volatile compounds are related to “offness”
[33]. Olafsdottir et al. [34] employed six MOS sensors
(“FishNose”, AlphaMOS-France) to evaluate cold smoked
Atlantic salmon and compared the results with sensory
analysis and microbial counts. In this research salmon were
obtained from smokehouses in Norway, Iceland and
Germany and stored in different packing for up to four
weeks. Samples were also presented to chemical analysis
including total fat, salt content, water content and chloride
content. Partial least square regression modeling, with gas
sensors as predictors and sensory attributes as response
variables, showed that there is a general correlation between
gas sensors and “off-odor” and “sweet/sour” odor attributes.
However, the correlation with the chemical parameters was
low which meant that they could not be used to calibrate the
“FishNose”. With respect to microbial analysis, one sensor
type, “PA/2”, showed a very similar pattern to the total
viable microbial counts. This work demonstrated that an E-
nose could be used for speedy quality control and freshness
evaluation of smoked salmon products related to microbially
produced volatile compounds. The same E-nose was later
used to control processing of smoked salmon in a
production plant [35]. It was necessary to correct the sensor
reading in this case due to the varying ambient air
conditions at the plant. Sardines have also been the subject
of research with the metal oxide semi-conductor sensors. El
Barbri et al. [36] developed a simple electronic nose based
on available metal oxide sensors in order to supervise the
freshness of sardines stored at 4°C. Other supervised
techniques were applied successfully corroborating the
usefulness of the sensors to classify samples. The same
authors [37] later incorporated a dedicated real-time data
acquisition system based on a microcontroller and portable
computer in order to miniaturize the device.

D. Eggs

One of the major concerns of the egg industry is the
organized determination of egg freshness, because some
consumers identify variability in freshness as lack of

quality [38]. The modern poultry industry is not satisfied
with the traditional system for the handling and processing
of eggs, which is based on visual inspection of eggs, mainly
because it is time consuming and is not error-free. The
industry is therefore interested in evaluating alternative
ways that can be used to measure quality parameters more
quickly. The main quality parameters of interest are:
freshness, weight and shape, state of the eggshell, size of air
cell, albumen and yolk quality, the ratio of albumen weight
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to egg weight (Haugh unit) and eggshell thickness [39]. An
alternative approach for determining the state of freshness of
eggs is to identify the organic volatiles emitted by eggs with
an E-nose. Methyl sulfide compounds are good candidates
for freshness determination because they are directly related
to deterioration and awareness of unacceptable odors in
whole eggs [40]. Dutta et al. [39] used four tinoxide odor
sensors (Figaro Engineering Inc, Japan) to classify eggs
non-destructively. Three different freshness methods were
identified using principal component analysis which was in
good agreement with the three categories of egg freshness
determined from the ‘use by date’ of the egg samples.
Ninety-five percent classification accuracy was achieved
using a radial basis function network. Suman et al. [41]
evaluated the performance of an E-nose based on metal
oxide semi-conductors with classical chemical and sensory
methods for quality control of manufactured egg products.
A trained sensory panel evaluated egg samples against the
descriptors ‘strong egg odor’, ‘slightly pungent’” and
‘pungent’.Lactic acid and succinic acid in the egg products
were decided enzymatically while microbiological analyses
included total viable mesophilic bacteria and
Enterobacteriaceae counts. The researchers employed a
destructive method to evaluate freshness of eggs with E-
nose where fresh egg products were spiked and
homogenized with different percentages of degraded eggs to
obtain  different degradation levels. The E-nose
demonstrated a high degree of discrimination of samples
analyzed during their degradation process compared to
chemical and microbiological tests.

E. Fruits

The flavour of fruits and vegetables are either produced
during ripening or upon tissue disruption, which happens
after maceration, blending or homogenization. Many
volatile compounds are naturally formed by enzymes found
in the intact tissue of fruits and vegetables. They begin from
secondary metabolites with various biosynthetic pathways.
The characteristic aroma of fruits is an significant factor in
their overall approval by the consumer. For many years
human senses have been the primary “instrument” that has
been used to determine fruit quality. More recently,
techniques  such as gas  chromatography-mass
spectrometry(GC-MS) have been used to characterize the
volatile profiles of fruits and vegetables. However, it is
neither feasible nor practical to use techniques such as GC-
MS or sensory panel to assess cultivars or product found at
storage stations. Gomez et al. [42] evaluated the capacity of
ten metal oxide semi-conductor sensors (PEN2, Germany)
to monitor the change in volatile production during tomato
ripening. The E-nose was able to discriminate among
different ripeness stages (“unripe”, “half-ripe”, “fully-ripe”
and “overripe”) with LDA showing 100% correct
classification of samples. In the same way, an EOS835 E-
nose with six thin film MOS sensors was tested for its
ability to verify microbial contamination in canned peeled
tomatoes [43]. Tomatoes were artificially contaminated with
different microbial flora and analyzed by electronic nose,
and the E-nose was able to detect contamination at early
stages depending on the type of contamination (e.g.
Saccharomyces cerevisiae and Escherichia coli) as well as
classify spoiled tomato samples with high fidelity. Other
fruits including blueberries, melons, snake fruit and
mandarins have been evaluated by MOS-based electronic
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noses either to predict the optimal harvest day (OHD) or to
monitor shelf life. Blueberry is a highly perishable fruit that
must be processed properly and with care otherwise it can
develop damage such as cracks, leaks, soft spoilage, which
will be apparent to the consumer. Simon et al. [44] were
able to detect 5% soft and damaged blueberry fruit in
packaged containers with just two tin oxide gas sensors and
could also distinguish four of five fruit ripeness classes. The
sensor responses correlated well with other quality
indicators like berry firmness, pH titratable acidity, and
color. These workers also detected differences among ten
cultivars. In a similar study on snake fruit, three out of 18
MOS-based E-nose (FOX 4000, France) were found able to
discriminate among maturity levels [45]. For mandarins
however, a sensor array of ten different metal oxide semi-
conductor sensors (PEN2, Germany) was not effective in
separating mandarins based on different storage times [46].
In contrast, though the same E-nose could detect differences
in mandarins picked on different dates and also evaluate
mandarin quality attributes such as firmness, soluble solids
content and acidity [47]. In a different study with melons
and using another E-nose, MOS sensor responses were
found to be highly correlated with the sugar content of
melon samples harvested at different stages, demonstrating
that it could be used to predict the OHD [48,49]. OHD is
also of importance in those fruits which are used for further
processing, like winegrapes. Berna et al. [50] suggested that
a MOS bhased-E-nose (FOX 3000,France) may be a useful
practical tool to estimate the time to ripeness of grapes.

F. Alcoholic Drinks

While metal oxide semi-conductors are possibly the most
extensively used of the E-nose sensors, they have still some
important drawbacks when applied to alcoholic drinks.
MOS responses depend logarithmically on the absorption of
analyte gases. In the occurrence of very high concentrations
of analyte, such as ethanol in alcoholic beverages, sensors
become saturated and mask the responses to other volatile
compounds. Consequently, samples tend to be differentiated
on the center of variations in ethanol content rather than the
other volatile compounds which are responsible for the
aroma [51]. Several approaches have been developed to
reduce ethanol content and increase concentration of other
volatile compounds before E-nose analysis. These include:
the use of a chromatographic column between the headspace
sampler and the sensor array to eliminate ethanol [52], and a
purge and trap step to remove water and ethanol [53]. Other
techniques include solid phase micro-extraction (SPME)
[54], pervaporation [55,56] or dynamic headspace sampling
using resin [57]. Other researchers have effectively dried
wine samples on nylon membranes prior to E-nose analysis
[58-61]. Beer samples cause an additional problem due to
the super-saturation of CO2 and foam formation when the
samples are heated for headspace sampling. Different
methods have been tested to liberate CO2 such as NaCl
addition at low temperature [62], nitrogen sparging [63] or
simple agitation [64]. Current approaches to assess wines
include sensory analysis but, because of its high cost, E-
noses have been estimated as an alternative. Penza et al.
[65] tested three red, three white and three rosé wines from
different Italian denominations of origin and vintages using
a multisensor array that incorporated four metal oxide
(WQ3) semi-conductor thin film sensors. Static headspace
sampling (SHS) was used to sample the volatile compounds

202

above the wine sample. Although SHS, as recognized by the
authors [65], is very sensitive to volatile compounds like
ethanol and barely able to identify trace compounds, it is
also a simple, fast and reproducible sampling method that
can be used with an automated extraction process.
Furthermore, it is also low-cost and a solvent free method.
Neural network classification of the E-nose data correctly
predicted 100% of the white wines, 77.8% of the red wines
but only 33.3% of rosé wines. Other researchers [66] used
SHS followed by dynamic headspace to classify Spanish
wines according to their geographic origin. Multivariate
statistical analysis demonstrated that all the tested wines
were different. Buratti et al. [67] used ten metal oxide semi-
conductors type chemical sensor (PEN2, Germany) and an
enrichment desorption unit to trap and thermally desorb
wine samples into the E-nose. The sorbent material was
Tenax®-TA polymer and the wine samples arrived from
two northern Italian regions. LDA applied to a larger data
set (i.e., chemical analysis, E-nose, Etongue and color
measurements) accurately classified 100% of wines into
their region. The error rate using only E-nose responses was
not disclosed. Berna et al. [61] compared E-nose (12 MOS
sensors, FOX 3000) SPME measurements after drying wine
samples on a nylon membrane with SHS for predicting the
regional origins of 34 Sauvignon Blanc wines. GC-MS was
also used to examine all wine samples. After training the E-
nose based on GC-MS grouping of wines, the average error
of prediction was 6.5% with SPME compared with 24%
using SHS.Di Natale et al. [68, 69] used four MOS sensors
to classify wines having the same geographic origin but
coming from different vineyards. The E-nose was found
superior to the standard chemical analysis usually executed
by the wineries. Aging of wines and beers permits desirable
flavors and aromas to develop and off-flavor notes to
diminish. Volatile chemicals are an important constituent of
wine and beer flavor and it is advantageous to monitor them
through aging. Garcia et al. [54] analyzed wines of the same
range and geographical origin that differed in age after
fermentation (young wines, aged for a year, aged for 18
months and aged for 24 months). They compared two
sampling systems, SHS and dynamic headspace with purge
and trap, with a 16 MOS sensor array. With SHS sampling
80% of the wines were correctly classified while with purge
and trap, a technique more efficient in decreasing moisture
and ethanol content in the headspace, the success rate was
95%. More recently, Villanueva et al. [70] used 20 MOS
sensors combined with SPME to discriminate wines aged
for 3 and 6 months in oak barrels. The E-nose evidently
distinguished between aging times and was in good
agreement with chemical analysis and sensory panel
evaluations. McKellar et al. [58] attempted to establish the
influence of aging time on the development of aroma
characteristics of a commercial beer (“Sleeman Cream Ale”)
with an E-nose (FOX 3000, France). SHS was the sampling
method of choice. The E-nose was able to distinguish beer
samples into different groups with those aged up to 12 or 14
days separated from samples aged longer than 14 days.
These findings were confirmed by GC-MS. Aging beer for
longer than 5 to 7 days shows to have no important
advantage in eliminating fermentation odors. The authors
concluded that reducing the time required in the aging tank
would reduce costs to the brewer. Classification of alcoholic
drinks by McKellar et al. [59] used a MOS based-E-nose
(FOX 3000, France) for the classification of eight fruit
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wines  (blueberry, cherry, raspberry, blackcurrant,
elderberry, cranberry, apple and peach) and four grape
wines (red, Chardonnay, Riesling and ice wine), and each
category of wine obtained from a minimum of five Ontario
wineries. The wine samples were dried onto membrane
filters to remove ethanol. Each of the 12 different wine
varieties could be divided according to winery. The E-nose
appeared to be distinguishing volatile patterns that were
characteristic of each winery or the wine-making procedure.
However, the E-nose was less able to separate the 12
varieties of wines from each other, in part owing to the
variation among wineries. Although the E-nose failed to
find dissimilarities between fruit wines, the same type of E-
nose (FOX 2000, France) seems to be more efficient to
discriminate between other alcoholic beverages like tequila,
whisky, vodka, wine and beer as found by Ragazzo-Sanchez
et al. [71].The authors used gas chromatogram (GC) to
remove ethanol and dehydrate headspace beverages with the
remaining volatile compounds collected by reverting the gas
using column ‘back-flush’ and introduced in the injector
port of the E-nose.

G. Non-Alcoholic Beverages

Tea and coffee are the most popular beverages which have
been the subject to research using electronic noses, mainly
in the assessment of the quality grades of these products.
Because of the complexity of the organic compounds
present in both raw materials, E-noses are suitable for
continuous real time monitoring of odor. Tea grade is
conventionally classified by a trained human panel. In total,
24 non-overlapping flavor terms have been recognized out
of 40 generally used flavor observations [72]. Dutta et al.
[73] assessed an E-nose for its appropriateness in
monitoring the quality of five Assam tea samples
manufactured under different processing situations in India.
Tea sample variations were based on drying of the product,
fermentation and the final oven fired process. Four tin oxide
sensors (Figaro Eng. Inc, Japan) were used to assess
headspace of liquid tea samples. MOS sensors were
competent to discriminate five different categories of tea,
indicating that the instrument was capable to discriminate
between flavors of teas manufactured under different
processing conditions. A probabilistic neural network used
with the E-nose responses provided 100% accuracy in
classification of the tea samples. Yu et al. [74] studied the
applicability of an electronic nose for assessing the same
group of tea with different quality grades. Tea samples had
five grades (different prices) picked from the same area and
prepared as tea leaf or tea beverage or tea remains. Like tea,
coffee quality is assessed by coffee tasters, largely on the
basis of its aroma and flavor. The highest quality beans
command a considerable quality when the product is sold.
Coffee volatiles are various and varied in their aroma
quality, potency and concentration. Most of the volatiles are
derived from non-volatile components of the raw bean, and
formed during roasting to produce a complex aroma
mixture. Green coffee beans are generally considered as
having no pleasant aroma or flavor but do own a large
number of volatiles, most of which increase in concentration
during coffee roasting even though there is a minority which
tend to degrade [75]. Aishima et al. [76] focused on the
ability of six MOS sensors to discriminate coffee beans and
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instant coffee. They found, after cluster analysis applied to
the normalized responses, a clear separation between coffee
beans and instant coffees. Gardner et al. [75] employed an
array of 12 tin oxide sensors to evaluate three commercial
coffees (covering two different blends and two roasted
varieties) as well as one coffee sample which was subjected
to a range of six roasting times. It appeared that tin oxide
gas sensors were suitable for discriminating between both
the blend and roasting level of coffee, proving the potential
of E-noses for on-line quantitative process control in the
coffee industry. Other application of E-noses to coffees
include the study of Pardo et al. [77] who evaluated a
system consisting of four SnO2 thin film sensors, of which
two were pure SnO2, another doped with gold and the last
one doped with platinum, to distinguish between coffee
blends. Twelve types of coffees were evaluated in the form
of espresso extract and each were sampled at three points in
preparation: as beans, ground powder and liquid. Only two
sensors were needed to correctly classify 100% of the bean
samples. In the case of ground coffee, a supervised drift
compensation algorithm was developed and best
classification rate was achieved. On the other hand, liquid
coffee samples were not successfully classified; which the
authors attribute to the difficulty in assuring reproducible
sampling conditions. In later work Pardo et al. [78] used the
same system with an extra SnO2 sensor doped with
palladium in order to evaluate two groups of coffees. The
first group comprised six single coffee varieties and an
Italian certified espresso blend while the second group of
coffees consisted of seven blends. The E-nose results were
then compared with sensory analysis of the final product;
i.e., cups of espresso, with the panel judging ten quantitative
descriptors and four qualitative descriptors. Although the
authors focused on the investigation of sampling conditions
and feature selection for improving classification
performance, the results showed that EOS835 was suitable
to monitor coffee blends during the seasoning process. Only
two sensors performed adequately for this application.

I11. CONCLUSIONS

The approaching applications in odor assessment by
electronic noses in the food locality are various; they have
been used for quality control, monitoring process, aging,
determination of geographical origin, adulteration,
contamination and spoilage. In most cases classification of
samples obtained a good classification rate, but, before these
particular applications can become a reality, i.e., these
laboratory-based assessments are moved into the industry, a
number of challenges still need to be met; these are to
correctly review various characteristics of electronic nose
presentation, including drift, humidity influence,
redundancy of sensors, selectivity and signal to noise ratio.
Although new sensor materials and designs, and
improvement of algorithms that can be applied for each
sensor, are being accounted, the major drawback of
currently available MOS sensors remains their authorization
and selectivity. Sensors with poor selectivity change
adversely the discriminating authority of the array.
Additionally, with the technology developed so far, it is
unrealistic to envisage a universal electronic nose that is
able to cope with every odor type as accurate data
processing and, sometimes instrumentation, must be
developed for each application.
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