
218 IEEE SENSORS JOURNAL, VOL. 2, NO. 3, JUNE 2002

System Identification of Electronic Nose Data From
Cyanobacteria Experiments

Graham E. Searle, Julian W. Gardner, Member, IEEE, Michael J. Chappell, Keith R. Godfrey, and Michael J. Chapman

Abstract—Linear black-box modeling techniques are applied
to both steady state and dynamic data gathered from two elec-
tronic nose experiments involving cyanobacteria cultures. Analysis
of the data from a strain identification experiment shows that very
simple low order MISO black box model structures are able to pro-
duce very high success rates (up to 100%) when identifying the
toxic strain of cyanobacteria. This is comparable with the best suc-
cess rates for steady state data reported elsewhere using artificial
neural networks. Analysis of data from a growth phase identifica-
tion experiment using MIMO black-box models produces success
rates of 82.3% for steady state data and 76.6% for dynamic data.
This compares poorly with the best performing nonlinear artificial
neural networks, which obtained a 95.1% success rate on the same
data. This demonstrates the limitations of these linear techniques
when applied to more difficult problems.

Index Terms—Biological systems, identification, modeling, sen-
sors.

I. INTRODUCTION

I N RECENT years, electronic nose instruments have been
applied to numerous tasks using various different data pro-

cessing techniques. They have shown promise for a wide range
of applications, including the classification of the quality of
tomatoes [1], determination of banana ripeness [2], and discrim-
ination between different blends of coffee [3]. Commercial elec-
tronic noses are now routinely employed in the food, beverage
and cosmetics industries.

In this paper, we consider the application of an electronic nose
system to the classification of odors emitted by biological sam-
ples. The objective is to determine whether the odor discrimina-
tion abilities of electronic nose systems are sufficient so that in
the future they can be used for such applications as bioprocess
monitoring and medical diagnosis.

Most of the well-established techniques for analyzing data
gathered from electronic nose experiments only involve the use
of the steady state (static) responses of the sensors. The data are
preprocessed to extract the steady state information from the dy-
namic data produced by the system. This steady state informa-
tion is then used by a pattern recognition system to classify the
odor. Popular techniques for analyzing this steady state informa-

Manuscript received February 14, 2001; revised March 24, 2002. This work
was supported by the EPSRC under Grant GR/M 11943. The associate editor
coordinating the review of this paper and approving it for publication was Dr.
H. Troy Nagle.

G. E. Searle, J. W. Gardner, M. J. Chappell, and K. R. Godfrey are with the
School of Engineering, University of Warwick, Coventry, U.K.

M. J. Chapman is with the School of MIS-Mathematics, Coventry University,
Coventry, U.K.

Publisher Item Identifier 10.1109/JSEN.2002.800286.

tion include principal components analysis, cluster analysis, dis-
criminant function analysis, and artificial neural networks [1],
[4], [5]. It has been suggested that there could be significant dis-
criminatory information contained within the traditionally dis-
carded dynamic data [6]–[8]. In this paper, linear time invariant
black-box models are used to analyze electronic nose data. Such
models have been shown to be effective when applied to steady
state data [9], but here, their application to dynamic data is also
investigated.

Two biological experiments are considered. The first was de-
signed to test the ability of the electronic nose system to dis-
criminate between two similar strains of bacteria, one of which
was toxic, the other not. The identification of different strains of
bacteria could clearly be beneficial for many applications; not
only in environmental monitoring, but also in food industries
(i.e., bacterial food spoilage) and medical diagnosis.

The second experiment was designed to investigate the ability
of the electronic nose system to classify the growth phase of a
bacterial colony. The levels of biological activity of the bacteria
vary as the culture progresses through its life cycle, which con-
sists of four distinct growth phases, known as the lag, log, sta-
tionary, and late stationary (or death) phases [10]. The experi-
ment considered here was designed to test the ability of the elec-
tronic nose system to discriminate between the different growth
phases of a single strain of bacteria. This presents a challenging
problem for the system since the odors given off by the bac-
teria change only slightly over the course of their life cycle.
Thus the classes between which we wish to discriminate are
perhaps closer together (and less sharply defined) than those for
the simpler first experiment. The knowledge of which growth
phase a sample of bacteria is currently in provides a useful in-
dication of the likely future progress (viability) of the bacteria.
The phase defines the rates at which the cells take in substances
from around them. Thus, information about the current growth
phase could be used to accurately predict the dosage levels of an-
tibiotic required to challenge the bacteria. If utilized in similar
medical applications, such predictions would yield substantial
benefits to the healthcare industries.

II. STRAIN IDENTIFICATION EXPERIMENT

A. Black-Box Modeling

The models considered here are, in effect, inverse black-box
models of the electronic nose system. A forward model of the
system would have inputs corresponding to the odor input
to the system, and outputs corresponding to the electrical resis-
tances of the sensors responding to those odors. Our models
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work in the opposite direction, taking the sensor resistances as
inputs, and producing a classification of the odor as an output.
See Fig. 1 for a pictorial representation of this process.

For the experiment considered here, the output required
is a simple classification as toxic or nontoxic, rather than a
numerical value. In other applications, there may need to be
more output classes (e.g., the similar problem considered in
Section III). These simple classifications can be obtained from
black-box models outputs in a number of ways, requiring the
use of either single or multi-output black-box models.

The System Identification Toolbox[11] within MATLAB
(Version 5) provides the user with many functions for creating,
evaluating and using black-box models. The general form for
the discrete time multi-input, single-output (MISO) models
considered is given as follows[12]:

(1)

where is the discretised model output, is the -th input (for
), is white noise, and is the delay from input to

the system. The functions ,
and are polynomials in the backward shift operator
that is defined by

(2)

Not all of the polynomials and are used in a
particular model. The models considered in this paper are listed
in Table I, together with details of the polynomials used. The
model structures were selected because of their simplicity and
previously reported success [9]. Finite impulse response (FIR)
models only use the present and past values of the inputs (the

s) in order to produce an output. Auto-regressive with exoge-
nous inputs (ARX) models also use past values of the (simu-
lated) outputs. The addition of a moving average term to FIR
and ARX models to produce MAX and ARMAX models, re-
spectively, corresponds to the inclusion of apolynomial to the
model structure [see (1)]. This allows more effective modeling
of the noise characteristics of the system. Note that the polyno-
mials and do not appear in Table I. They were
not used in any of the model structures considered, but are in-
cluded in (1) for generality.

B. Experimental Details

The strain experiment was designed to evaluate the ability of
an electronic nose system to discriminate between two strains of
cyanobacteria (blue-green algae), one toxic and the other non-
toxic. The ability of such a system to classify quickly and ac-
curately the strain of bacteria present in an algal bloom could
clearly be useful to environmental agencies, monitoring reser-
voirs and lakes.

The headspaces of separate cultures of the two strains of
cyanobacteria, grown in a nutrient medium (BG11), were
sampled periodically by an electronic nose system over 40

Fig. 1. Diagrammatic representation of the electronic nose modeling problem.

TABLE I
LINEAR BLACK-BOX MODEL STRUCTURESUSED TO ANALYSE THE

ELECTRONIC NOSEDATA

days [10]. The nose system used consisted of six commercial
metal oxide resistive odor sensors (Alpha MOS, France), and
two other sensors to monitor ambient temperature (LM35CZ,
National Instruments) and humidity (MiniCap 2, Panametrics)
[10]. The repeated exposure cycle was as follows.

• 23 min 20 s—medium only
• 2 min—medium with toxicmicrocystis aeruginosaPCC

7806 strain
• 23 min 20 s—medium only
• 2 min—medium with nontoxicmicrocystis aeruginosa

PCC 7941 strain.
The outputs from the sensors were sampled every 10 s, pro-

ducing 350 358 data vectors corresponding to 1 150 exposure
cycles. A plot of a section of the data showing the response of
a single odor sensor is given in Fig. 2. The fluctuations in the
baseline signals are attributed to variations in the ambient air.

The data obtained from the experiment have previously been
preprocessed to extract static parameters and subsequently ana-
lyzed using artificial neural networks with considerable success
[10]. Here, we use system identification techniques to analyze
the same data in order to compare the efficacy of linear time-in-
variant black-box models, for both static and dynamic data, with
the static data based nonlinear neural network methods.

Two distinct classes of models were analyzed: in Section
II-C, models for the steady state responses of the sensors (static
models) and in Section II–D, models for the full temporal data
(dynamic models).

C. Static Models

Previous work on the analysis of data from electronic nose
experiments has mostly concentrated on using preprocessing al-
gorithms to extract the steady state features from the sensor sig-
nals. Accurate results have been achieved using only this steady
state information [10]. There are also other benefits to using this
steady state data, some of which are listed as follows.

• Information compression—the full (dynamic information
intact) data-sets can be very large, especially when the data
sampling rate is high. The preprocessing compresses this
information to a single value per sensor per odor exposure
cycle.
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Fig. 2. A 14 h section of the raw data, showing considerable variation in the output level of a single odor sensor during part of the experiment. The voltage is
directly proportional to sensor resistance.

• Baseline drift removal—the gas sensors employed are sus-
ceptible to poisoning effects that produce long term sys-
tematic drift in the baseline (sensor resistance values in
air). Some of the preprocessing algorithms help to coun-
teract these effects, an example is the difference algorithm
below.

• Reduction of temperature dependence—the resistances of
the odor sensors are highly dependent on the temperatures
of the various components of the nose system. Some phys-
ical models for the effects of temperature variations on the
sensor responses suggest that an appropriate choice of pre-
processing algorithm should reduce the effects of the tem-
perature variations on the data being analyzed [13].

These preprocessed data are traditionally then passed on to
pattern recognition algorithms or artificial neural networks for
classification [5], [14].

In this section, black-box models for these preprocessed (or
static) data are analyzed. The four preprocessing algorithms
tested are as follows.

• Absolute response: ;
• Difference: ;
• Relative difference: ;
• Fractional difference:

where is the sensor voltage when exposed to the headspace of
the bacteria sample (final value at end of exposure period) and

is the sensor voltage when exposed to the headspace of the

medium (immediately before the sensor is exposed to bacteria).
The preprocessed sensor outputs for each of the six gas sensors
are considered to be the inputs to MISO black-box models.

The preprocessed values are heavily influenced by the inten-
sity of the odor to which the sensors are exposed. For certain
quantitative applications, this can be useful, since one might
wish to obtain an estimate of the concentration of a gas in some
sample. However, for this experiment, the aim is only to dis-
criminate between the two classes of odor (the toxic bacteria
and the nontoxic bacteria). For this reason, the effects of nor-
malizing the data vectors in order to try and remove the concen-
tration information contained within the data are investigated.
The normalization process used for this experiment is simply
to take each six-dimensional data vector and to divide it by its
Euclidean length, so that each data point is projected onto the
surface of the six-dimensional unit hypersphere.

The evaluation of each model structure and preprocessing al-
gorithm was carried out using the following procedure.

• The chosen preprocessing algorithm was applied to the
data to produce an array (23006) of input data for the
inverse models, normalized if required.

• An output vector was formed using knowledge of the ex-
perimental details. A classification output of toxic was en-
coded as , and nontoxic as .

• The data set was split at the half-way point. The first half
to be used for training of the models, and the second to be
used for testing.
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• A MISO black-box model was trained, i.e., MATLAB was
used to estimate the polynomial coefficients in the selected
model structure.

• The model was used to produce a simulated output vector
from the second half of the data set.

• The elements of the simulated output vector were con-
verted to classifications simply by taking their sign. Fi-
nally, this classification vector was compared with the
known classification vector in order to evaluate the suc-
cess of the model. Note that this method forces the classi-
fication system to always produce a classification and does
not allow for a “not known” result.

1) FIR Models: Finite impulse response (FIR) models are
the simplest of the black-box model structures considered here.
A zero-delay FIR model forms a prediction of the system output
at time by simply taking a linear combination of the system in-
puts at time and at times , where is
the order of the polynomial in the model (see Section II.A).
Depending on the nature of the system being modeled, it may
be appropriate to include delay terms [theparameters in (1)].
These could be different for each of the model inputs; thus, for a
6-input 1-output FIR model, the structure of the model is deter-
mined by the orders of the six polynomials, and the six delays

. However, due to the fundamental similarity between our six
inputs (i.e., same type of semiconducting oxide gas sensor), our
investigation was restricted to models using the same order for
all six polynomials, and the same delay for all six inputs.

Early investigations showed that the most appropriate delay
was zero. This was expected with this static data since a single
data point corresponds to a whole exposure cycle. Hence, to in-
troduce a nonzero delay would be to expect the model to classify
an odor using none of the data recorded during the sampling of
that odor.

The most effective orders for the polynomials were either
two or three for each of the eight preprocessed data sets (for all
four different algorithms and normalized/raw data). The results
obtained using models with these optimal structures are given
in Table II.

The normalization process carried out on the preprocessed
data had the effect of reducing the success rates slightly. As
mentioned before, the aim of the normalization procedure is
to remove some of the intensity of odor information to leave
mainly type of odor information. The fact that this process re-
duced the ability of the models to classify correctly the odors in
the test data set would seem to indicate that the models for pre-
processed data (raw) were using a small amount of this intensity
information to produce the classifications. In a field-based ap-
plication, it would be impossible to control the intensities of the
signals, so for such purposes, one might expect normalized data
processes to yield greater success rates.

The fact that the absolute response algorithm produced a
noticeably poorer success rate than the other three algorithms
could be attributed to the fact that this algorithm is the most
affected by the long term baseline drift evident in the data.
The normalization process reduces these effects somewhat,
enabling the normalized absolute response models to perform
comparably with the other models using normalized data.

TABLE II
CLASSIFICATION SUCCESSRATES OBTAINED USING ZERO-DELAY FIR MODELS

OF ORDERSTWO OR THREE FORSTATIC (PREPROCESSED) DATA

2) More Complex Model Forms:The FIR models in the
previous section produced very high classification success
rates, however the inclusion of either or polynomials to
the model structure to form auto-regressive with extra inputs
(ARX) or moving average with extra inputs (MAX) models
increased the success rates obtained, perhaps because the more
complex model structures are better able to handle the drift
evident in the data.

By selecting appropriate orders for theand polynomials
in an ARX model, a successful classification rate of 100% was
obtained using each of the eight preprocessed data-sets. The or-
ders required were mostly one for the polynomial and be-
tween one and three for thepolynomial.

The extension of the FIR model structure to a MAX model
structure produced similar success rate increases. Success rates
of 100% were achieved for seven of the eight data sets, with
99.9% achieved on the remaining data set. The orders required
for these models were mostly two for thepolynomials and be-
tween zero and three for the polynomial. The MAX models
generally required more parameters (polynomial coefficients)
than the ARX models, making the ARX models preferable in
terms of simplicity and computational efficiency. Further exten-
sion of the model structures to form ARMAX models was not
found to produce any significant improvement over the ARX
and MAX models.

It should be noted that, for the training and testing of these
static models, the temporal order of the data was maintained. It
might be considered more realistic to randomly reorder the data
vectors to avoid the possibility of the models learning the char-
acteristics of the particular experiment rather than the character-
istics of the different odors. In order to enable fair comparison
with the dynamic models in the next section (for which random
reordering would not be as straightforward), the data sets used
in this section were not reordered. However, it was noted that,
when the static data sets were randomly reordered (100 times,
average results taken), the success rates were only reduced by a
few percent (typically around 4%).

D. Dynamic Models

The models for the static data used in the previous section
achieved considerable success, but it has been suggested [6]–[8]
that there is also useful information contained within the dy-
namic data which the preprocessing algorithms discard. In this
section, we form linear time-invariant black-box models for the
full dynamic data in order to investigate this possibility. We also
investigate the effects of normalizing the sample vectors (as in
Section II.C).
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The model structures tested are the same as those for the static
data in the previous section. The crucial difference is that, for
the static models, a model of order, say, takes into account the
last exposure cycles, whilst for the dynamic models, a model
of order takes into account the lastsampled data points, i.e.,
the last s (since our data was sampled at 0.1 Hz).

The evaluation of each model structure was carried out using
the following procedure.

• If required, the data-set was normalized to form an array
(350 358 6) of input data.

• As before, an output of toxic was encoded as, and
nontoxic as . Here, however, an output of medium was
required for the periods where no bacteria were sampled.
This was encoded as 0. An output vector was accordingly
formed.

• The data-set was split into halves. Data from the first 20
days of the experiment were used for training the models,
and data from the remaining 20 days were used for testing.

• A MISO black-box model of the chosen structure was
trained on the first half of the data using MATLAB.

• The model obtained was used to produce a simulated
output vector from the second half of the data.

• The simulated output was sampled at the time point just
before the system switched from bacterial odor input to
medium input, for each exposure cycle, thus producing a
single numerical output for each exposure cycle.

• The vector of numerical outputs was converted to a vector
of encoded classifications by taking the sign of each ele-
ment. This vector was then compared with the known se-
quence of classifications in order to evaluate the success
of the model.

1) FIR Models: The first model structures considered were
FIR models. As with the static models, the set of structures con-
sidered was restricted to those having the same order polyno-
mials for each of the inputs, and similarly the same delay on each
input. FIR models for both the raw and normalized data-sets
with polynomials of orders from one to 25 and having delays
from zero to 5 data points (corresponding to zero to 50 s) were
formed and evaluated. Note that the orders of each of the six
polynomials were the same for any given model. The optimal
structures for each data-set were chosen as a compromise be-
tween a high successful classification rate, and a simple model
structure, i.e., one having few parameters requiring estimation.

With the static models in the previous section, the optimum
delay was found to be zero, as expected. However, for the dy-
namic models in this section, a nonzero optimum delay would
not be unexpected. The delay required in the model reflects the
physical characteristics of the system in question. The sample
vessels were connected to the sensor chamber via a system of
pipes and valves, thus one might expect there to be a noticeable
time lapse between the switching of the valves and the arrival of
the new odor at the sensor array. However, for our data-set, no
delay was observed. This could be explained by the relatively
low dead volume in the pipework compared with the vol-
umetric flow-rate of the pump producing a physical delay
that was short enough to be undetectable at the 0.1 Hz sampling
frequency used [i.e., much less than 10 s].

Using the raw data-set, the optimum model order was found
to be 12. This corresponds to an input information window of
120 s being used by the model in order to calculate an esti-
mated output at a given time. The successful classification rate
achieved by this model on the test data was 91.3%. A slightly
higher success rate (91.8%) could be achieved using a model of
order 22, but the lower order model was deemed more suitable
due to the insignificant (and unlikely to be reproducible) differ-
ence and the greatly reduced computing costs associated with
using a model with 72 polynomial coefficients rather than 132.

The models for the normalized data-set achieved greater suc-
cess than those for the raw data. The optimum model order was
found to be 11, producing a success rate of 99.3%. The fact that
the normalization process improved the success rates for the dy-
namic models contrasts with the situation for the static models,
where the normalization process reduced slightly the classifica-
tion success.

As discussed in Sections II.C and II.C.1, the normalization
process reduces the intensity information within the data and
increases the significance of the odor type information. For this
dynamic data-set, it would appear that the models for raw data
were partially classifying the odors based on correlations in the
training set between the intensity of the signal and the correct
classification. Thus, when the models were applied to the testing
set, where these correlations were no longer valid due to long
term drifts in sensor responses, incorrect classifications were
made. With the intensity information removed by the normaliza-
tion process, the models were able to make their classifications
based on the type of odor and thus generalize more successfully
from the training to testing sets.

The sensor chamber contained a temperature sensor and a
humidity sensor in addition to the six odor sensors. The activity
levels of the bacteria and the responses of the odor sensors are
both known to be sensitive to changes in ambient temperature
and humidity. For this reason, the inclusion of the outputs of
these sensors as extra inputs to the FIR models was investigated,
but found to produce no significant improvement using either
the raw or normalized data set.

2) ARX Models:The inclusion of an polynomial to the
black-box structure to form ARX models allows the model to
consider past values of the model output as well as past and
present values of the inputs. The delays on the inputs were again
set to zero. Models with orders from zero to 15 for thepoly-
nomial and from one to 15 for the polynomials were formed
and evaluated for both the raw and normalized data sets. The
percentage successful classification rates obtained on the test
data set by each of the 240 models for the raw data are plotted
in Fig. 3.

It is evident from Fig. 3 that the order of the polynomials
is a more significant factor in the success of the model than
the order of the polynomial. For low order polynomials
(around 3–7), the inclusion of a low order polynomial in-
creased the success rate slightly. However, the greatest success
rate overall for this raw data set was obtained using the order 12
FIR model of the previous section (91.3%).

The results for the normalized data set are similar in that the
greatest success was observed when nopolynomial was in-
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Fig. 3. Plot of successful classification rates against orders ofA andB polynomials when ARX model structures (with zero input delays) were tested on the raw
data set.

cluded in the model structure, so that the maximum success rate
(99.3%) was obtained with an 11th order FIR model.

3) MAX and ARMAX Models:The addition of a polyno-
mial (a moving average term) to the FIR and ARX model struc-
tures to form MAX and ARMAX model structures was also in-
vestigated.

MAX models with orders from one to 15 for the polyno-
mials and from zero to 15 for the polynomial (and again, zero
delays) were investigated. Again, it was found that the optimum
models only involve the polynomials (using both the raw and
normalized data sets). This indicates that the extension from an
FIR model to an MAX model is not beneficial.

Similarly, the addition of an polynomial (an auto-regressive
term) to the MAX models to form ARMAX models did not in-
crease the success of the models, This suggests that (recent-10 to
150 s previous) past output values do not provide any useful in-
formation that can be used to produce a more accurate value for
the current output. This makes sense when the observed sensor
drift seems to vary diurnally rather than by the minute—prob-
ably associated with changes in the ambient temperature of the
bacterial samples.

III. GROWTH PHASE IDENTIFICATION EXPERIMENT

A. Black-Box Modeling

For this experiment, the bacteria must be classified according
to which of four possible growth phases the bacteria are cur-
rently in. Quantitative information about the strength or con-
centration of the odor inputs is unnecessary. These simple clas-

sifications can be obtained from black-box model outputs in
a number of ways, requiring the use of either single or multi-
output black-box models.

In this section, the model structures used were, without ex-
ception, multi-input, multi-output (MIMO) finite impulse re-
sponse (FIR) models. This is in contrast with the simpler strain
identification experiment considered in Section II, where FIR,
ARX, MAX, and ARMAX models were considered. The model
structure considered was selected due to its simplicity (and thus
computational efficiency) and previous success (in Section II
and [9]). FIR models effectively just take a linear combination
of the present and past values of the inputs (thes) in order to
produce an output.

For example, MIMO FIR models with inputs and outputs
have the general form [12]

(3)

where and are -dimensional vectors, is an -dimen-
sional vector and is an matrix. The elements of are
polynomials in the backward shift operator , which is de-
fined by

(4)

Thus, can be written

...
...

.. .
...

(5)
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Fig. 4. Plot of the data from the CellFacts instrument for the growth phase identification experiment. The upper plot shows the general increase in biomass (cell
counts) with time. The lower plot shows the variation in mean size of the bacteria cells with time. The four growth phases (lag, log, stationary and latestationary),
are labeled I to IV in each plot. This plot shows the subtle changes in biomass between phases.

where for and for

(6)

where is the order of the polynomial , and is the delay
from input to output .

B. Experimental Details

The experiment considered here involved a single (toxic)
strain of cyanobacteria, monitored over a 40 day period. As
well as electronic nose data, information concerning the mean
size of the bacterial cells and the biomass present in the cultures
was recorded using a CellFacts instrument (Microbial Systems,
Ltd.). This enabled the identification of the four distinct growth
phases through which the bacteria pass during their life cycle.
Neural networks have been successfully used by Shinet al.[10]
with the electronic nose data to classify the bacteria into each of
the four growth phases, obtaining classification success rates of
up to 95.1%. In this section, we apply MIMO linear black-box
models to the same data in order to investigate the ability of
such techniques to tackle this more challenging problem.

The experiment in question was intended not only to test
the ability of an electronic nose to discriminate between the
different growth phases of a cyanobacteria strain, but also to
investigate the reproducibility of the measurements and suc-
cess rates. For this reason, the experimental system consisted

of three vessels, two containing nominally identical cultures
of toxic microcystis aeruginosaPCC 7806 in nutrient medium
(BG11) and one reference vessel containing only the nutrient
medium. The headspaces of these vessels were connected via a
system of pipes and computer-operated valves to an electronic
nose system. The nose system used consisted of six commercial
metal oxide resistive odor sensors (Alpha MOS, France), and
two other sensors to monitor ambient temperature (LM35CZ,
National Instruments) and humidity (MiniCap 2, Panametrics)
[10]. The repeated exposure cycle was

• 50 min—medium only;
• 5 min—medium and toxicmicrocystis aeruginosaPCC

7806 strain sample 1;
• 50 min—medium only;
• 5 min—medium and toxicmicrocystis aeruginosaPCC

7806 strain sample 2.
The sensor outputs were again sampled every 10 s, producing

361 698 data vectors corresponding to 548 full exposure cycles.
The information collected using the CellFacts instrument

was used to produce a correct classification vector for the
data, identifying the four growth phases of the bacteria using
understanding of the biological processes involved. It should be
noted that the boundaries between the growth phases were by
no means sharp, thus making the identification problem highly
nontrivial. Some of the data from the CellFacts instrument are
plotted in Fig. 4.
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TABLE III
SUCCESSRATES FORFIR MIMO M ODELS OFORDERSBETWEENONE AND FOUR FORSTATIC (PREPROCESSED) DATA FROM THE GROWTH PHASE EXPERIMENT.

THE PERCENTAGESARE AVERAGESOVER TEN DIFFERENTRANDOM REORDERINGSUSING TWO-FOLD (50%) CROSS-VALIDATION .

C. Static Models

Both static and dynamic linear black-box models are consid-
ered. This section deals with static models for the system. The
preprocessing algorithms used were the same as those in Section
II, namely absolute response, difference, relative difference, and
fractional difference (for definitions of these, see Section II–C).
However, the details of how the black-box techniques should be
applied to the data were less clear-cut. In Section II, the basic
aim of the modeling was to produce an algorithm for classifying
an odor into one of two classes (toxic or nontoxic), so the classi-
fication output was encoded simply as for a classification of
toxic, and for nontoxic. In this experiment, the odor must be
classified into one of four classes corresponding to the current
growth phase of the bacteria. Hence, the simple numerical en-
coding of the output used in Section II is no longer appropriate.

Two methods of encoding the classification output of the
model into a numerical output were considered. The first was
an analogue of the method used in Section II, whereby the
four growth phases were each allocated a numerical label [a
(possibly zero) integer] between and and a multi-input,
single-output model was formulated using the given phase
labeling system. All of the different labeling combinations
possible were tested to find the optimum labeling system
for each model structure. This method was time consuming,
though moderately successful, producing a maximum success
rate of approximately 66% when trained on half of the static
data, and tested on the second half.

The second method considered was the use of multi-output
models to encode the different classification. An inverse model
with four outputs (and six inputs, as before) was chosen, cor-
responding to the four different possible classifications of the
odor. Thus a perfect classification of growth phase 1 would be
a four-dimensional vector with a in the first coordinate and
zeros elsewhere. This method was found to be more successful
than the single-output model method. Though it should be men-
tioned that analogous two-output models were tested for the
data in Section II but were out-performed by the single-output
models previously used.

The effects of normalizing the sample data vectors were also
investigated. The evaluation of each model structure and pre-
processing algorithm was carried out as follows.

• The chosen preprocessing algorithm was applied to the
data to produce an array (10966) of input data for the
inverse models, normalized if required.

• An output array (1096 4) was formed using the data
from the CellFacts instrument. A classification output of
growth phase was encoded as a 4-dimensional vector
with in the -th position and zeros elsewhere.

• The data vectors corresponding to the Toxic 1 bacteria
culture were separated from those corresponding to the
Toxic 2 culture, thus forming two separate data-sets (each
with 548 input and output vectors).

• Each data-set was randomly reordered and then split into
two halves. The first to be used for training and the second
for testing of the models.

• A MIMO black-box model was trained (see Section II for
details of the MIMO model structure used).

• The model was used to produce a simulated output array
from the second half of the data-set.

• Each output vector (row in the output array) was converted
to a growth phase classification by choosing the output
with the largest (positive) value.

• The resulting classification vector was compared with the
actual growth phase data to evaluate the success of the
model.

Note that, for this growth phase data set, the data were ran-
domly reordered (unlike those in Section II). This was done for
two main reasons:

• to give a more realistic indication of how well the models
could perform on real world data;

• to enable cross validation testing; unlike the experiment in
Section II, the different classes are not distributed evenly
(with time) through the data-set. Thus, training the model
on the first half of the data and testing on the second half
would be nonsensical, since only growth phases 1 and 2
would be seen by the model training algorithm, so it would
be impossible to get useful results when testing the model
on data corresponding to phases 3 and 4.

1) MIMO Static Models:As with the strain identification
experiment detailed in Section II, fairly low order models
were found to produce the best compromise between model
simplicity and success rate. The exact order used varied across
the 16 preprocessed data sets (choice of two bacteria cultures,
four algorithms, each one subsequently normalized or left
unchanged) varied between one and four.

For the Toxic 1 bacteria, the most successful of the prepro-
cessing algorithms was the relative difference algorithm, not
normalized, producing a success rate of 78.6% using a model of
order four. For the Toxic 2 bacteria, the success rate was highest
(82.3%) using the static difference algorithm, again not normal-
ized, this time using a model of order three. For the results using
other preprocessing algorithms, see Table III.

Notice that, as with the strain identification experiment of
Section II, the normalization process reduced the success rate
slightly in most cases. This can be attributed again to the odor
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Fig. 5. Plot showing the considerable long term variations in the output voltage from a single sensor over the whole (40 day) period of the growth phase experiment.
There is clear evidence of diurnal peaks probably associated with the temperature of the biomass. The temperature of the room fluctuated daily.

intensity being related to the cell count and hence growth phase.
Also note that the absolute response preprocessing algorithm
was markedly less successful than the other three algorithms.

D. Dynamic Models

The MISO dynamic models for the bacterial strain identifica-
tion experiment considered in Section II achieved considerable
success. In this section we consider similar MIMO models ap-
plied to the bacterial growth phase data.

Aswith thestaticmodels inSection III–C, thesurveyofMIMO
model structures is restricted by the available computing algo-
rithms and time constraints to FIR MIMO models of various or-
ders. However, unlike the case for the strain identification exper-
iment in Section II, the appropriate method for preparing the data
for themodels isnotobvious.Asmentioned inSections III–Band
III–C, the experimental procedure was such that the data-set ob-
tained was effectively two data-sets interleaved. For the prepro-
cessed (static) data, this posed no real problem; however, for the
dynamic data, things are less straightforward. As with the static
data, it was desirable to treat the data from the two cultures sep-
arately, but this necessitated splitting and reforming the data-set
into two halves. The sensor values drifted significantly over the
course of the experiment (see Fig. 5) so, whilst splitting up the
data-set into two, it was decided to shift each response segment
to remove baseline drift in an analogous manner to the difference
preprocessing algorithm for the static data. The effects of this dy-
namic preprocessing can be seen in Fig. 6.

Since the data were already being split up into individual re-
sponse cycles, it was decided to also randomly reorder these re-
sponse cycles to better simulate real-world application and fa-
cilitate fair comparison between the performances of the static
and dynamic models.

MIMO FIR models of various orders for these dynamically
preprocessed data-sets were formulated, and the effects of two
different normalization methods were investigated. The evalua-
tion of each model was carried out as follows.

• The dynamic preprocessing method was applied to the
original growth phase data-set to produce two separate
dynamic input data-sets (each being 180 8406) corre-
sponding to the Toxic 1 and Toxic 2 cultures.

• An output array (180 840 ) was formed for each of the
two cultures using the classifications gained from the Cell-
Facts information.

• The response cycles of each data-set were randomly re-
ordered.

• If required, a normalization process was applied to the
input data.

• A MIMO FIR model was trained on the first half of the set
in question using MATLAB.

• The model obtained was used to produce a simulated
output from the second half of the data-set.

• The simulated output was sampled at the appropriate
points, and the output vectors obtained were converted to
a sequence of (274) classifications.
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Fig. 6. Upper plot shows a section of the output data from a single sensor for the growth phase experiment. The lower plot shows the same section after dynamic
preprocessing to shift each response cycle and thus remove some of the effects of the baseline drift evident in the upper plot.

• The sequence of classifications obtained was compared
with the correct classifications to evaluate the success of
the model.

The above process was repeated ten times with different
random reorderings, and the results averaged.

One of the two normalization processes investigated was the
sameasused inSection II,whereeachdatavectorwasscaledsoas
tohaveunit length.Thisconstrains thepositionof the inputvector
insensorspacetomoveaboutonthesurfaceofthesixdimensional
hypersphere (there were six sensors used), removing to some ex-
tent information regarding the intensity (or strength) of the odor
andforcingthesystemtoutilize insteadinformationregardingthe
type(ornote)ofodor.Theothernormalizationprocessconsidered
wastonormalize(i.e.,scale tounit length)only the inputdatavec-
tors corresponding to the times when the bacterial headspace was
sampled, leaving the data vectors corresponding to theheadspace
samples from the (nonbacterial) control vessel (containing only
the nutrient medium) in their original form. The latter normaliza-
tion process consistentlyproduced superior success rates to those
obtained using the former method.

FIR model orders between one and 20 were investigated and
generally a model of order around 10 was deemed an appropriate
compromise between model complexity and success rate. The
success rates obtained withorder10modelsare given inTable IV.

IV. CONCLUSION

The models for the static strain identification data were able
to produce very high success rates: 98.4% for normalized,

99.7% for nonnormalised data, using 50% cross validation
(using MISO FIR models of order two or three). These success
rates increased to 100% on the extension of the FIR models to
ARX or MAX model structures.

The models for static data work best with a ‘memory’ of the
last three or so response cycles in order to make a classifica-
tion. In practical applications it may not be acceptable to wait
for three complete exposure cycles to obtain a classification. In
contrast, the dynamic models, even though they use higher order
polynomials, require only a single exposure cycle to produce a
classification (since for the dynamic data, 10 data points corre-
sponds to 100 s, rather than 10 exposure cycles).

The models for the dynamic data produced maximum suc-
cess rates of 91.3% for the raw data (using an FIR model of
order 12) and 99.3% for the normalized data. This showed that
the normalization process can be an effective tool for improving
the classification success rates when long term drift might oth-
erwise adversely affect the system performance. This might be
attributable to the fact that the normalization process reduces
the strength of smell information in the data, and thus forces the
model to learn (and subsequently make classifications based on)
the type of smell encountered.

The success rates of the models for static data, and those for
normalized dynamic data, compare well with the success rates
achieved using the best artificial neural networks [10] where
a successful classification rate of 100% was obtained using a
Fuzzy ARTMAP applied to static data from the same experi-
ment.
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TABLE IV
SUCCESSRATES OBTAINED FOR 10TH ORDERFIR MIMO M ODELS FORDYNAMICALLY PRE-PROCESSED ANDRANDOMLY REORDEREDGROWTH PHASE DATA. THE

MODELSWERETRAINED ON HALF OF THE DATA AND TESTED ON THEREMAINING HALF, I.E., TWO-FOLD (OR 50%) CROSS-VALIDATION WAS EMPLOYED.

The models for the growth phase identification experiment
data were significantly less successful than those for the simpler
strain experiment. The static data from the experiment were ran-
domly reordered to simulate real-world applications (and also
to avoid the fact that if the data had not been reordered then the
model would have encountered a training set consisting of all
the phase 1 data points, followed by all the phase 2 data points
etc.). Successful classification rates of up to 82.3% were ob-
tained with the static data. This compares with 95.1% obtained
elsewhere [10] using an LVQ artificial neural network.

The models for dynamic growth phase data were considerably
less successful than the static models. Although a maximum
success rate of 76.6% was achieved using one particular data-set
with one of the normalization techniques considered, this suc-
cess was not repeated using the alternative data-set (where a
maximum of 61.5% success was achieved).

The lack of success of linear black box techniques (both static
and dynamic) to identify growth phase in comparison to non-
linear neural network techniques [10] may be attributed to the
fact that the models used here are linear in nature, whilst the
processes being modeled are clearly not. Only FIR models were
investigated for the growth phase data due to the computational
demands of more complex model structures when dealing with
very large data-sets. It is possible that more complex model
structures (such as ARX, MAX, ARMAX etc.) may be capable
of producing better results.

The success of the black-box models (for these and other ap-
plications) might be improved by the use of nonlinear system
identification techniques. It should also be noted that the cri-
teria used for parameter estimation were not precisely the same
as those used for the evaluation of the resulting models. Thus,
further work to produce a more appropriate parameter estima-
tion algorithm may improve the success rates obtained.

In conclusion, it has been shown that simple linear black-box
(inverse) models for an electronic nose system can be success-
fully employed for strain classification of cyanobacteria. The
models performed as well as the previously employed artifi-
cial neural network techniques, with the advantage that they
require less computing power to implement. However, for the
more complex problem of growth phase classification, the tech-
nique was only moderately successful, failing to compete with
the results obtained elsewhere [10] using nonlinear neural net-
work techniques. Thus such modeling techniques could be ap-
propriate for use in relatively simple applications where avail-
able computing power is limited, such as in a handheld instru-
ment. Future refinements of the techniques could make them
suitable for more challenging classification problems, where
currently artificial neural networks are most suitable.
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