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Abstract

Electronic nose (e-nose) data represents multivariate time-series from an array
of chemical gas sensors exposed to a gas. This data is a new data set for use
with deep learning methods, and is highly suitable since e-nose data is complex
and difficult to interpret for human experts. Furthermore, this data set presents
a number of interesting challenges for deep learning architectures per se. In this
work we present a first study of e-nose data classification using deep learning
when testing for the presence of bacteria in blood and agar solutions. We show
in this study that deep learning outperforms hand-selected strategy based methods
which has been previously tried with the same data set.

1 Introduction

Deep learning [1], [2], [3] has been applied to a variety of different data ranging from character
recognition [1, 4], audio recognition [5, 6], motion capture [7], EEG event detection [8], object
recognition [9] and activity recognition [10]. Unsupervised feature learning has a number of advan-
tages, and is specifically attractive to data that is unintuitive and difficult to interpret. As we see
increase in sensor technology and new sensors emerging in a variety of contexts, feature genera-
tion from data will become more and more relevant for such applications. In this paper, we present
the first application of unsupervised feature learning to data which is collected from an electronic
nose (e-nose). An e-nose is an instrument that consist of an array of gas sensors, typically 4-32
sensors with a pattern recognition software that quantifies and classifies the gas. The inclusion of
multiple sensors with different properties increases gas selectivity but also introduce a high redun-
dancy. These sensors have been used in experiments of food, beverage, and air quality monitoring,
environmental monitoring, specific gas detection, and medical applications. Advantages of using an
electronic nose include detection of difficult, odour-less, dangerous and/or unpleasant gases.

In this work, we focus on a medical application where the electronic nose is used to detect the
presence of bacteria in two different media, namely blood and agar solution. The data collected
can be describe as a multivariate time-series signal. Each sample represents one "‘sniff"” where a
sniff last approximately 2-3 minutes. Data is normally sampled at a frequency of 2 Hz. A snapshot
of two sniffs coming from different bacteria can be seen in Figure 1. The tradition in the e-nose
community has been to use hand-pick features. However, from previous work in the literature,
where a plethora of features have been used, it can be concluded that an ideal feature set has not
been found. Due to the high redundancy in the signals, dimensionality reduction techniques is
performed before applying a classifier such as ANN or SVM. While this process has given some
reasonable classification results it has been found that there is a lack of universal features across
various applications in machine olfaction that give optimal performance. For this reason, this work
advocates the use of unsupervised feature learning. As this is the first attempt to apply such methods



to this kind of data, we use two types of RBM-based methods. The first is a DBN, which is suitable
for this data as the data is not only highly redundant but may contain more complex structures than
we are aware of. The DBN allows us to work directly on the raw data which is novel for the machine
olfaction community. For comparison, a cRBM is also applied as it is able to capture temporal
dependencies, which appear particularly in the dynamic phases of the signal (transient). Finally,
both methods are compared to a traditional feature extraction solution on the same data sets. The
contribution of this paper is two-fold: the first is an advocation of the use of unsupervised feature
learning methods for this new type of data. Secondly, we provide a discussion on the short-coming
of deep learning, and that the solutions to these short-comings could in fact be relevant for other
types of data.
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Figure 1: Raw sensor data from two bacteria in blood. The three phases are clearly visible with the
baseline at 10 seconds and recovery phase at 40 seconds.

The paper begins with a short introduction to electronic noses and a description of the specific data
set used in this work. Following is an outline of the algorithms used and the results achieved. All
data sets and part of the code are available at http://aass.oru.se/~mlt

2 Electronic noses

The sense of smell is important for biological beings in order to localize food sources, detects haz-
ards and in some species, finding a mate. Machine olfaction is a growing field that has emerged
in order to quantify and objectively analyse odours in industrial applications. An electronic nose
requires two components: sensors with varying selectivity, and a pattern recognition system [11],
and therefore interests both sensor communities and pattern recognition communities.

The general principle behind the chemical gas sensor is based on the fact that analyte molecules
come into contact with a chemically sensitive material which causes a change in the properties of
the material, resulting in a change in the electrical signal. The most common material used for gas
sensors is the tin-dioxide semiconducter, which is doped in order to provide selectivity. Examples
of selectivity include selectivity towards volatile organic compounds (VOC), alcohols, sulphurs,
carbon-based molecules e.t.c.

Typically the sensors are contained in an instrument that regulates the flow of air. Sampling is done
in three phases: baseline phase, sampling phase, and recovery phase. The gas to be analysed is
exposed to the sensor array in the sampling phase while a reference gas is used during baseline and
recovery phase in order to return the sensor values to the initial state. Valuable information is not



only obtained in the transient and static sensor values in the sampling phase but also the dynamic
appearance in the recovery phase.

As previously mentioned, signal processing in the area of machine olfaction has traditionally been
based on feature extraction using various properties of the signals such as maximum value, area
under the curve, transient derivatives [12], Dynamic Time Warping [13] e.t.c. This step is followed
by dimensionality reduction, either by PCA, feature selection and/or sensor selection. Finally, the
reduced data is sent to a shallow supervised classifier. An overview of previous methods and features
can be seen in [14].

2.1 Mednose data sets

The Mednose project aims to use an e-nose in order to discriminate between different type of bacteria
that is typically found in blood and can lead to septisimia. Identifying bacteria in blood using an
electronic nose has been done before with a 22 sensor array [12], as well as with a single sensor [13].
The two data sets used in this work are outlined below. In these data sets 1 of 10 different bacteria
types is present in each sample.

Bacteria in blood The sampling system used for this data set is NST 3220 Emission Analyzer
from Applied Sensors, Linkdping, Sweden, which is composed of 10 MOS and 12 MOSFET sen-
sors, for a total of 22 sensors. The odour sampling phases and recovery phase is 30 and 260 seconds
long respectively. With a baseline phase of 10 seconds, the total length of one sampling cycle is 5
minutes. If one where to consider the sampling in Figure 1 as one sniff, this data set consists of a
total of 800 sniffs. For more detailed description on how the samples were prepared see [12].

Bacteria in agar The device used for data collection in this data set is the Cyranose 320, which is
a commercial generic e-nose system consisting of a sensor array of 32 conducting polymer sensors.
The odour sampling phases and recovery phase is 20 and 80 seconds long, respectively. This data
set contains a total of 740 sniffs. No publication with more detailed description for this data set is
available.

Both data sets have the same sampling frequency of 2 Hz. The complete list of bacteria with the
number of samples is given in Table 1.

3 Methods

We demonstrate the use of two deep learning architectures, namely DBN and cRBM.

A Restricted Boltzmann Machine (RBM) has visible units, v, with bias vector, ¢, and hidden units,
h, with bias vector, b. A weight matrix, W, connects the hidden and visible units. For binary visible
and hidden units (Bernoulli-Bernoulli), the probability that hidden unit 4 is activated given visible
vector, v and the probability that visible unit v; is activated given hidden vector, h are given by

P(hj|v) = o(b; + Z Wijvi)

P(vilh) = o(c; + ZWijhj)

where o() is the sigmoid activation function. The parameters W, b, and ¢, are trained with con-
trastive divergence [15], which, in a similar fashion as auto-encoders, trains the model under the
constraint to minimize the reconstruction error. For our data set the input vector to a DBN v is given
by

V:[Sl,la~"7S’LU,17~"aS’L',Sa"'7S’LU,S] (l)

where S, ; is the reading from sensor s from 1 to window size w for one sniff.

For the cRBM the input vector is given by concatenating sensor values across all sensors by the
following:

v(t) = [St1,---,Sts) (2)
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Figure 2: Graphical depiction of (a) deep RBM and (b) deep cRBM with model order 2 in first layer
and model order 1 in second layer.

The model for a Conditional Restricted Boltzmann Machine (cRBM) looks very similar to a RBM,
except visible units are dependent on previous visible units, and hidden units are dependent on
previous hidden as well as visible units. The probabilities for going up or down a layer is now

P(hylv) = o(bj + Y Wivi+ > > Bigruvi(t — k)
P(vi|lh) = o(c; + Z Wijh;) + ZZ Aijpui(t — k)
J ki

The parameters W, b, ¢, A, and B, are trained using contrastive divergence.

A deep network of the two models can be formed by stacking them on top of each other where the
lower-level hidden layer becomes the visible layer for the layer above, see Figure 2. Classification is
achieved by attaching a single set of "‘softmax"’ units to the top hidden layer. The probability that
predicted class y belongs to class j given input vector  and weight matrix 6 is given by
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where 1 {-} is the indicator function. The classes label j is one of the possible 10 bacteria that can
be identified.

With exception of the top layer, each layer is only suboptimal, therefore, a fine tuning step is per-
formed [16] for both methods. Training for the DBN is done by first (1) unsupervised pre-training
of each layer, then (2) unsupervised fine-tuning of all layers with backpropagation, and finally (3)
supervised fine-tuning of all layers with backpropagation. No experiments with fine-tuning a DBN
with CD was done. Training for the deep cRBM is done by first (1) unsupervised pre-training of
each layer, and then (2) supervised fine-tuning of all layers with backpropagation. We noted that
fine-tuning with CD for cRBM did not improve our classification accuracy. In our implementa-
tion of supervised backpropagation for cRBM, we only update the bottom-up weights (W, b and
B), which lower the reconstruction capabilities. However, since the task is to do classification and
not reconstruction tasks, e.g., generating casual input data or noise reduction, we do not need the
reconstruction parameters (A and c) once initial greedy layer-wise training is done.



Each sensor signal was scaled to have values between 0 and 1. This was done by subtracting each
sensor signal with a baseline approximation and then dividing by the maximum value over all sub-
tracted training examples. This also eliminates any possible sensor drift that might have occurred.
The only form of dimensionality reduction is down sampling by a factor of 2, not by any feature or
sensor selection.

4 Experimental Results

Table 1 lists the 10 bacteria that was inserted in the different media of blood and agar and the
number of training, testing and validation samples for each class. Each class was randomly divided
into training and testing sets. The number of samples increased when using a moving window. The
same set of softmax units are connected to the units of the last hidden layer for all window positions.

Table 1: Bacteria names and number of train, test and validation samples

Bacteria in blood Bacteria in agar

Bacteria | Train Test Validation | Train Test Validation
E.coli (ECOLI) 62 6 12 56 10 8
Pseudomonas aeruginosa (PSAER) 66 8 6 60 6 8
Staphylococcus aureus (STA) 64 5 11 63 7 5
Klebsiella oxytoca (KLOXY) 64 10 6 61 7 7
Proteus mirabilis (PRMIR) 66 7 7 60 9 9
Enterococcus faecalis (SRFCL) 63 9 8 64 4 8
Staphylococcus lugdunensis (STLUG) 63 10 7 57 9 8
Pasteurella multocida (PASMU) 63 8 9 57 7 10
Steptococcus pyogenes (HSA) 64 6 10 55 6 4
Hemophilus influenzae (HINFL) 65 11 4 59 9 7
Total | 640 80 80 592 74 74

Three different experiments for both data sets were performed: classification using only raw data, a
DBN, and a cRBM. Each experiment included tests of using either 1 and 2 layers as well as using
either the full sample as input or only a 20 sample moving window as input. Step size of the window
was set to 20 for the blood dataset and 5 for the agar dataset. An average over all individual windows
were calculated to predict the class for the whole sample. Each layer had 200 hidden units and was
trained with 200 epochs. Initial biases of the hidden units were set to —4 to encourage sparsity for
the DBN [17].

The classification accuracy for all experiments can be seen in Table 2. Raw data was presented to
the softmax classifier in the first two experiments, where it can be noted that comparable results with
a feature-based method for Bacteria in blood is almost already achieved. A RBM with full sample
as input did not perform well for either of the data sets. Increasing the number of levels improved
the results only slightly. Using a 20 sample moving average window on the bacteria in blood dataset
did, however, give satisfactory results. No reasonable results with a RBM could be obtained with the
bacteria in agar dataset. We believe this is due to a much shorter recovery time for the agar dataset,
resulting in a difficulty in properly aligning the sensor data. However, using a cRBM on the agar
dataset gave much better results. In particular when a smaller model order was used. The number of
levels for cRBM did not seem to have a significant effect on the classification accuracy for either of
the data sets.

5 Discussion

In this work we have shown that unsupervised feature learning can be applied to electronic nose
data, thus removing the task of designing hand-made features. We see the need to look into methods
that are less influenced by human engineers in order to discover relevant patterns in complex data
such as e-nose data. The e-nose community is a growing one with a number of emerging appli-
cations. However, for the data from an e-nose to be interpreted in a consistent manner, it is not
tractable for each application to have its own hand-picked features for classification. A generalized



Table 2: Classification accuracy for full sample window

Setup Bacteria in blood Bacteria in agar
Features + SVM [12] 93.7 84.0
Raw data (full sample window) 80.0 52.7
Raw data (20 sample window) 84.1 39.2
RBM (1-layer, full sample window) 38.8 36.5
RBM (2-layer, full sample window) 43.8 44.6
RBM (1-layer, 20 sample window) 93.8 41.9
RBM (2-layer, 20 sample window) 96.2 473
cRBM (1-layer, model order 5) 85.0 96.1
cRBM (2-layer, model order 10-10) 75.0 90.0
cRBM (2-layer, model order 5-5) 85.0 96.0

method is required and unsupervised feature learning provides a framework towards this direction.
There are some aspect about e-nose data that are not addressed within the methods that was used
here. Namely, the high-level knowledge about which phase of the e-nose signal is most informa-
tive might suggest that a weighted window approach is more suitable, preferably with a separately
trained model and classifier for each window. Further, the type of fine-tuning that is required to
run is still not clear. It is especially difficult for e-nose data to verify what the model has learned
by examining the reconstruction or visualizing the model parameters, as e-nose data is inherently
difficult to understand. Finally, we see that there is an advocacy for non-RBM based approaches,
such as stacked auto-encoders, as they seem easier to train. However, RBM-based methods are par-
ticularly suited for time-series multivariate data. Future work will focus on further examination of
the suitability of RBM techniques for processing e-nose data, specifically continuous e-nose data
that is done in open sampling systems where a three-phase sampling is not necessarily present, and
when the gas character changes throughout the signal.
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