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ABSTRACT

In the fast pacing world, it has becomes essential to so many
gadgets that humans should take their effort to understand and
use them. One such device is an Electronic Nose (E-Nose).
There is still a long voyage ahead before artificial Electronic
nose is developed completely. This work is a commendation
for refining and enhancing current detection capabilities. Gas
sensors used in electronic noses are based on broad selectivity
profiles, mimicking the responses of olfactory receptors in the
biological olfactory system. To identify a particular odour, the
design is should be able to detect the odour which sufficient
confidence and hence saving the humans for hazardous
situation and false alarms.
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1. INTRODUCTION

An electronic nose (E-nose) is a device that is designed to
mimic the function of the biological nose. The technological
advancements in appreciating and realizing artificial human
olfactory senses make it more feasible to quantify odours [1].
E-Nose uses an array of sensors to detect and discriminate
complex odours. The sensor array consists of a group of
chemical gas sensors which are non-specific and they respond
to odours. The detection and identification of a particular
odorant is based on a combined response pattern from all
sensors rather than a response pattern from a particular sensor.
In addition to the sensor array, the response pattern
recognition algorithm is another key component in an E-nose
system that determines how well the E-nose identifies Volatile
Organic Compounds.

The electronic nose instrumentation was developed in the
early 1980 [2]. Since then, the analysis of volatile compounds
has been of increasing interest due to their applications. The
short comings of Gas chromatography had paved way for the
development of electronic nose. The realization of the
electronic nose was made possible by using the human
olfactory system as a paradigm [3]. The human olfactory
system consists of a slim region of thin epithelium in the
upper portion of nose well known for its sensitivity in the
identifying the odour. Following the anatomy of biological
nose, E-nose is developed to include an array of conducting
polymer sensors and neural networks [4]. The sensors are
transducers which convert the odour to electrical signals
which are being processed by the neural network part to
identify the odour.
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Figure 1: Block diagram of E-Nose

The E-Nose design consists of five parts as shown in figure 1.
Preprocessing can be used to recompense for sensor drift,
Normalize the sensor data, and compress the sensor response.
Feature extraction reduces the dimensionality of the
measurement space and extracts information for classification
purposes. The classification module assigns a class label to an
unknown sample based on the information contained in the
entire data set or on previously recorded data. The final
decision making block uses application specific information
to modify the classifier assignment and to enhance the
accuracy of the system.

Electronic Nose is a smart instrument that is designed to
detect and discriminate among complex odours using an array
of sensors. The array of sensors consists of a number of
broadly tuned (non-specific) sensors that are treated with a
variety of odour-sensitive biological or chemical materials.
An odour stimulus generates a characteristic fingerprint from
this array of sensors. Section Il deals with sensors. Section 11
deals with analog to digital converter and section IV deals
with spiking neural networks. Section V deals with results and
discussion.

2. SENSORS

Sensors are small devices made with chemical sensitivity for
volatile compounds. The most common types of sensors used
in Electronic Noses are conductivity sensors, optical sensors
and piezoelectric sensors [5]. The sensors used in this work
are conductivity sensors and the background discussion here
is limited to this type of sensor only. When a chemical is
detected with a profound odour, the electrical signal from the
sensor suffers a change. This can be used as a landmark for
identifying the chemical. Each gas with odour can be
categorized by working on the output signals of the sensors.
Each sensor can detect few of the chemical compounds with
odour. It might require a few sensors to set up a complete E-
nose system. In this work, three sensors (MQ5, MQ6 and
MQ7) are employed. The structure of MQ5 and MQ6 sensor
are similar as shown in figure 2. Each sensor will have several
working conditions to configure the environment. Standard
working conditions such as temperature, humidity, oxygen
concentration, sensing resistance, chemical composition, and
concentration slope rate are the parameters which
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distinguishes these sensors. The principle behind the working
of the sensor is that the resistance of the material in the sensor
changes its resistance to varying concentrations of chemicals
which are volatile and is in contact with the sensor surface [5].

Figure 3: Structure of MQ7 sensor

The sensors are mainly for detecting gases and convert them
into electrical signals in the form of concentration. As the
output signal of the sensor is large enough, the interface
circuit uses only a voltage follower as a buffer between the
sensor output and the A/D converter, which makes the system
less sensitive to external interferences.

3. SUCCESSIVE APPROXIMATION
ADC CIRCUIT

After successfully converting chemical odorants into electrical
signals, the processing should be performed. For processing,
the signal has to converted to its digital form as processing
will be a lot simpler and accurate in digital form. For
converting into digital signal, Successive Approximation
ADC circuit because it is suitable for working with the terms
of Neural Networks. A successive-approximation converter,
Figure 4, is composed of a digital-to-analog converter (DAC),
a single comparator, and some control logic and registers.
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Figure 4: Successive Approximation ADC Circuit
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4. SPIKING NEURAL NETWORK

Artificial neural network is a mathematical tool used to
identify some of the specific classification of the sub systems
from the main complex system. During analysis of the input
and output signals spikes are used to classify the pre-data of
the source, hence this is called spike neural network system.
The spiking neurons can be used to store spacio-temporal
information in communication [6]. During training, the weight
of the synapse is modified according to the timing difference
between the pre-synaptic spike and the post-synaptic spike
[7]. When the post-synaptic spike occurs immediately after
the pre-synaptic spike, the synaptic weight is increased [long-
term potentiation (LTP)] [8]. By contrast, the synaptic weight
is decreased [long-term depression (LTD)] when the post-
synaptic spike occurs immediately before the pre-data (STDP)
[9]. Recent studies have shown that the synaptic weight
plasticity depends not only on the action potential timing but
also on the post-synaptic depolarization [10]. Furthermore,
LTP dominates at high firing frequencies. This mechanism
can be realized even for synapses that have only two steady
states (potentiated or depressed), and is widely implemented
in the spike-based neuromorphic learning system [11].
Although most SNN circuits learn the patterns of the firing
rate, this type of learning suffers from a tradeoff between
accuracy and speed. Spiking neural networks have wide
applications in data modeling [12], delay prediction [13],
classification problems [14], pattern classification [15] and in
many more data analysis crisis [16].

5. RESULTS AND DISCUSSION

In Spiking Neuron Networks (SNNs), the presence and timing
of individual spikes is considered as the means of
communication and neural computation. This compares with
traditional neuron models where analog values are considered,
representing the rate at which spikes are fired.

MQ5.6.7 ARM 7BOARD LCD
Figure 5: Hardware Implemented for E-Nose

In SNNs, new input-output notions have to be developed that
assign meaning to the presence and timing of spikes. When
the volatile compounds are applied to the hardware unit, the
following results will be applied. As the gases in the
atmosphere hits the sensors part, these gas signals which are
analog signals, are converted to digital signals through ADC
unit. From the digital signals, for the gas analysing purpose
neural networks are used. The ADC part and neural network
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parts are both functions available in the ARM 7 processor.
Before the programs are interfaced into the ARM processor,
E-nose will show just normal readings are shown in the LCD
screen.

The data collection was done for detecting different gases by
measuring the readings of concentration of the gas during a
span of 6 days. These data will be used to train the spiking
neural network for threshold of the device. When the
concentration reaches a particular value, the E-nose should
detect the reaction as a gas with enough concentration to
cause sufficient damage. The gases under consideration are
Carbon dioxide CO,, Carbon monoxide CO and Nitrous oxide
NO. For analysis, the E-Nose was tested in smoke for the
concentration of these gases.

Carbon Dioxide

300
250
200
150
100

50

B Sensor 1

M Sensor 2

Sensor 3

Dayl Day2 Day3 Day4 Day5 Day6

Figure 6: Concentration of carbon dioxide for 6 days

The concentration of carbon dioxide was found to be
approximately 180 to 250 ppm. It can be noted that the
readings from sensor 1 is found to lower than that of other two
sensors for all the days of measurement.
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Figure 7: Concentration of carbon monoxide for 6 days

The concentration of carbon monoxide was found to be
approximately 200 to 250 ppm.
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Figure 8: Concentration of nitrous monoxide for 6 days
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The concentration of nitrous monoxide was found to be
approximately 230 to 250 ppm. It can be noted that the
readings on day 5 have varied quite a lot from the readings on
other days. For improved accuracy, the readings on all days
except day 5 can be taken for fixing the threshold.

The results of the algorithm are shown in figure 8 and figure
9. The result can be interpreted as the display shows that when
the levels of gases crosses 100 ppm, the result analysis will
display a warning stating the possible allergy due to gas which
is supposed to be detected.
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Figure 9: Result from the hardware when smoke is the
input
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Figure 10: Result from the hardware when thinner is the
input

6. APPLICATIONS

E-nose after created, then by the doctor’s consultation gases
such as the carbon dioxide, carbon mono oxide, nitrous oxide
are gases are harmful to asthmas patients because the some of
the asthma patients are doesn’t know the dangerous gas smell
at the surroundings [17]. For this main purpose only E-Nose
was developed. CO, gases will be come from the motor cycle,
CO gas from the factories, car A/C. Nitrous oxide (NO) gas
from the vehicle, all these gases are tested by the ENOSE the
details are given below.

Ethylene oxide (EtO) is a gas capable of killing micro
organisms by the alkylation of the sulphur-containing based
on: proteins. As it is a highly inflammable gas, haemodiain.
After undergoing long-term dialysis were studied in order to
of sensitization to EtO and the importance of atopy evaluate
the importance of ethylene oxide (EtO) in as a risk factor for
sensitization to EtO in causing allergic reactions during
dialysis. The use of EtO during dialysis can give rise to range
of clinical features including itching, rhinitis, bronchial
asthma, urticaria, angioedema, extremely rare severe reaction.
Enormous amounts of hazardous waste (nuclear, chemical,
and mixed wastes) were generated by more than 40 years of
weapons production in the U.S. Department of Energy
weapon complex. The Pacific Northwest National Laboratory
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is exploring the technologies required to perform
environmental restoration and waste management in a cost
effective manner. This effort includes the development of
portable, inexpensive systems capable of real-time
identification of contaminants in the field. Electronic noses fit
this category.

Environmental applications of electronic noses include
analysis of fuel mixtures, detection of oil leaks, testing ground
water for odours, and identification of household odours.
Potential applications include identification of toxic wastes,
air quality monitoring, and monitoring factory emissions [5].
Because the sense of smell is an important sense to the
physician, an electronic nose has applicability as a diagnostic
tool. An electronic nose can examine odours from the body
(e.g., breath, wounds, body fluids, etc.) and identify possible
problems. Odours in the breath can be indicative of
gastrointestinal  problems, sinus problems, infections,
diabetes, and liver problems. Infected wounds and tissues emit
distinctive odours that can be detected by an electronic nose.
Odours coming from body fluids can indicate liver and
bladder problems. Currently, an electronic nose for examining
wound infections is being tested at South Manchester
University Hospital.

A more futuristic application of electronic noses has been
recently proposed for telesurgery [18]. While the inclusion of
visual, aural, and tactile senses into telepresent systems is
widespread, the sense of smell has been largely ignored. An
electronic nose will potentially be a key component in an
olfactory input to telepresent virtual reality systems including
telesurgery. The electronic nose would identify odours in the
remote surgical environment. These identified odours would
then be electronically transmitted to another site where an
odour generation system would recreate them.

Currently, the biggest market for electronic noses is the food
industry. Applications of electronic noses in the food industry
include quality assessment in food production, inspection of
food quality by odour [19], control of food cooking processes,
inspection of fish, monitoring the fermentation process,
checking rancidity of mayonnaise, verifying if orange juice is
natural, monitoring food and beverage odours [20], grading
whiskey, inspection of beverage containers, checking plastic
wrap for containment of onion odour, flavour analysis [21]
and automated flavour controlto name a few. In some
instances electronic noses can be used to augment or replace
panels of human experts. In other cases, electronic noses can
be used to reduce the amount of analytical chemistry that is
performed in food production especially when qualitative
results will do. Patterns or fingerprints from known odours are
used to construct a database and train a pattern recognition
system so that unknown odours can subsequently be classified
and/or identified. E-Noses can be used to detect diseases such
as diabetics through odour [22].

An electronic nose system primarily consists of four
functional blocks, viz., Odour Handling and Delivery System,
Sensors and Interface Electronics, Signal Processing and
Intelligent Pattern Analysis and Recognition. The array of
sensors is exposed to volatile odour vapour through suitable
odour handling and delivery system that ensures constant
exposure rate to each of the sensors. The response signals of
sensor array are conditioned and processed through suitable
circuitry and fed to an intelligent pattern recognition engine
for classification, analysis and declaration.

The most complicated parts of electronic olfaction process are
odour capture and associated sensor technology. Any sensor
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that responds reversibly to chemicals in gas or vapour phase,
has the potential to participate in an array of sensor designed
as electronic nose. For black manufactured tea, an array of
Metal Oxide Semiconductor (MoS) sensors has been used for
assessment of volatiles.

7. CONCLUSION

This work has found a way to implement the architecture of
electronic nose of ARM 7 processor. The hardware designed
was found to work efficiently. This work can be extended to
improve the portability and compactness of the device. the
simulation results are successfully shows the spiking graph for
the allergic gases.
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