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Abstract 
Electronic noses are targeted at determining odour character in a 
fashion that emulates conscious odour perception in mammals. 
Biological olfactory systems are reviewed with the purpose of 
extracting the organisational principles that result in successful 
olfaction. Principles of gas handling, chemoreception, and 
neural processing are considered in the formulation of an 
organisational framework. An electronic nose is then developed 
in accordance with the biologically inspired framework and is 
shown to produce significant performance gains by virtue of the 
biologically inspired signal-processing model. 
 
 

1. Introduction 
Odour is an abstract phenomenon that is difficult to define. 
Although related to chemical composition, odour is not defined 
by composition alone. For example, several pure gases (e.g. 
indole) adopt a very different odour character when 
concentration is changed. The change in character can be so 
drastic that the human subject falsely perceives a completely 
different substance. Furthermore, the relationship between 
olfactory appreciation and chemical composition varies over 
time and across individuals of a species. The olfactory sense 
does not discriminate chemical composition; instead it relates 
chemical odour to abstract conditions through association. 
 
Now a maturing discipline, the field of artificial olfaction has 
spun off a variety of commercial ventures. In their article “The 
how and why of electronic noses” [1] Professors Troy Nagel 
and Susan Schiffman provide a useful review of the state of the 
art and industry as it stood in 1998 at the commencement of this 
study. Current technology remains minimally influenced by 
biological system organisation. Most of the current research 
effort goes into sensor development while Principal Component 
Analysis (PCA) remains the most commonly utilised processing 
methodology. This paper proposes a more pervasive application 
of biological system organisation as a principal motivator of 
electronic nose design. 
 
The mammalian olfactory system is therefore reviewed with the 
purpose of extracting the organisational principles that result in 
successful olfaction. Although the study of biological olfaction 
already spans several decades, the research community is still in 
the process of establishing a definitive and globally acceptable 
model of olfaction. In the light of recent findings, a consensus 
of opinion is emerging, and many of the older theories on 
chemoreception and neural processing are falling by the 

wayside [2]. This paper presents aspects of the generally 
acceptable model of olfactory information processing. Major 
topics including pre-receptor processes, chemoreception and 
neural processing are touched on with the purpose of 
establishing a signal-processing model that can be expressed in 
engineering terms. A sample cheese odour discriminator is then 
deployed in line with the model.  
 
 

2. Olfactory organisation 
The biological odour-processing pathway may be decomposed 
into a complex sequence of processes. It is useful to arrange the 
various processes into four categories: 

• Pre-receptor events; processes that influence the 
availability of stimulus molecules at the detection 
surface [3]. 

• Chemoreception; the process of stimulus detection 
and electrical (neural) representation. 

• Low-level processing; transformation of the initial 
neural code. 

• High-level processing; selection, association and other 
higher-brain processes. 
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Figure 1: Simplified anatomy of the human olfactory system 
[Modification of the original image (uresp.wmf) from LifeART 
Super Anatomy 1, Copyright © 2002, Lippincott Williams & 
Wilkins, a Walters Kulwer Company.] 
 
 
2.1 Pre-receptor processes 
The process of conscious odour discrimination starts with the 
deceptively simple action of sniffing. Stimulus bearing air is 



drawn via the nostrils, past the turbinate bone structures and 
over the olfactory epithelium. Individual stimulus molecules 
eventually reach the receptive surfaces thereby triggering a 
cascade of neural processes. This phase incorporates several 
processes that influence the spatial and temporal profile of 
stimulus delivery to the receptive surfaces.  
 
Sniffing and air flow-rate: Recent studies [4, 5] have 
characterised sniffing as an integral part of a larger feedback 
loop that regulates the olfactory process. Sniffs are modulated in 
frequency, duration and depth, indicating a temporal dimension 
in odour perception [5]. Odour detection is episodic, with a 
definite identification period that begins and ends with each 
sniff. The inhalation and exhalation transients are encoded in 
each detection cycle. The rate of change of stimulus 
concentration in the nose (as the stimulus is introduced and 
removed) may be more important than the absolute 
concentration itself [6].   
 
The sniff therefore defines a standard procedure for 
measurement. A standardised temporal measurement procedure 
was used to mimic a controlled sniff. Each measurement event 
captured the transient response to stimulus introduction and 
removal while delivering stimuli at fixed flow-rates over 
standard time intervals. Figure 2 illustrates a single odorant 
measurement event that spans 261 samples taken at 1Hz across 
six Taguchi gas sensors [7]. 
 

Figure 2: A measurement event (simulated sniff) across six 
sensors and 261 samples taken at 1Hz. 

 
Temperature, Humidity and Concentration: Apart from air flow-
rates, other factors such as temperature, humidity and 
concentration may also affect the detection process. In 
mammalian olfactory systems, temperature and humidity are 
regulated as air enters the warm, moist nasal cavity and passes 
over the turbinate bone structures and mucus membranes. With 
the electronic nose, environmental temperature and humidity 
were stabilised through the use of air-conditioning and a 
synthetic air medium (Afrox instrument grade Air Zero). 
 
Dynamic range control: The vast majority of odours result from 
complex mixtures of pure gases. The relative concentrations of 
gases in an odour mixture are a key factor in mixture 

classification. Where significant variations in total mixture 
concentration take place, it is believed that feedback signals 
from the brain cause compensatory adaptation in the olfactory 
sensor neurons. This is believed to extend the dynamic range of 
the detection mechanism [8]. It would be prudent to take 
reasonable steps to limit the concentration range over which the 
experiment is to take place.  
 
The concentration of stimuli was kept within sensory range to 
avoid saturation of the sensors. Electronic gas sensors do not 
have the wide dynamic range and adaptation mechanisms that 
biological systems possess. 
 
The receptive surface is physically isolated from the nasal 
airflow by a mucus layer that is typically 35µm thick.  Odorant 
molecules must dissolve into and traverse this aqueous layer for 
detection to take place. A typical odorant takes 300 milliseconds 
to traverse the mucus layer [9]. The layer is constantly replaced 
to prevent fouling of the detection mechanism.  
 
The most important phenomenon at the mucosal surface (from 
the electronic nose point of view) must be the differential 
sorption1 of odorants [10]. The detectable spatial distribution of 
odorants at the mucus surface is believed to be a result of 
turbulent stimulus flows imposed by the turbinate bone 
structures [4]. There is also clear evidence of temporal 
separation of odour mixture components. This is imposed by 
differential diffusion rates of component gases through the 
mucus layer [4]. The effect is similar to gas separation in the 
separation columns of gas chromatographs [11, 12]. It is clear 
that the temporal signature may encode aspects of mixture 
identity. Some commercial electronic noses now use gas 
separation columns. This study did not implement gas 
separation due to cost and complexity considerations. 
 
 
2.2 Chemoreception 
After traversing the mucus layer, molecules reach the olfactory 
sensor neurons where detection takes place as a reversible 
surface reaction.  
 
Detection method: In 1964 Amoore [13] discovered receptor 
proteins on the receptor surface that had structural 
characteristics that are complementary to those of the odorant 
molecules they detect. The odorant and its complementary 
receptor site form the basis of a  “lock and key detection 
mechanism”. This model has since been expanded and refined, 
but remains the generally accepted foundation of modern 
theories.  
 
Combinatorial coding: There are as many as 1000 distinct 
odorant receptor proteins in mammals. Each sensor neuron is 
known to express only one receptor protein [14]. Ressler, 
Sullivan and Buck have shown [15] that each receptor interacts 
with multiple odorants and that each odorant is detected by 
                                                 
1 Sorption is a generic term that refers to the process whereby 
sorbates (odorants) attach to sorbants (solid or semi-solid base 
material) either as a surface attachment (adsorption) or by 
migrating into the solid phase (absorption). Desorption is the 
reverse process where sorbates are liberated back into the 
atmosphere 



multiple receptors. Taken at face value, this many-to-many 
mapping appears to contradict the unique binding requirements 
of the lock and key theory. Buck and Malnic et al [16, 17] 
explain that the receptors do not detect entire molecules, instead 
they detect smaller structural features in each odorant molecule, 
and individual structural features may be common to a diversity 
of odorants. Therefore, odorants that are described by multiple 
features are detected across multiple receptor types. 
 
After an odorant molecule binds with its complementary 
receptor protein, a complex electrochemical process is set in 
motion. This process, known as the transduction cascade, takes 
place entirely within the olfactory sensor neuron and is 
responsible for producing the neural (electrical) codeword. The 
transduction cascade is not considered further because practical 
emulation of receptor neurons is not currently possible. An array 
of six different Taguchi gas sensors with broad overlapping 
receptive fields was used such that it emulated array detection as 
found in mammalian olfactory systems.  
 
 
2.3 Orthogonal feature map 
Each sensor neuron projects its single axon (output) into a part 
of the brain called the olfactory bulb. along their way to the 
olfactory bulb, these axons converge to form the olfactory 
nerve. The sensory image presented in the olfactory nerve is a 
complex and dispersed depiction of a multitude of sensory 
events across the olfactory epithelium. The information is 
refined in the olfactory bulb to produce a clear and unique 
combinatorial map [15] for that odour stimulus. A brief look at 
olfactory bulb structure reveals some inner workings of this 
transformation.  
 
The first synaptic contacts in the olfactory pathway take place in 
the glomeruli of the olfactory bulb. Neural interactions in the 
bulb are complex and are still the subject of investigation. Only 
the core functionality is presented here. Figure 2.2 presents a 
partial depiction of olfactory bulb structure. Axons from the 
olfactory epithelium project into the bulb and terminate in 
prominent spherical structures called glomeruli. Each 
glomerulus is a collection of synaptic contacts between a single 
mitral or tufted cell and a multitude of axons from olfactory 
sensor neurons. Mitral and tufted cells propagate the sensory 
signal to higher processing levels in the brain, while 
periglomerular cells mediate inter-glomerular interactions. 
These lateral interactions serve to refine the sensory input [18] 
through processes of inhibition or excitation.  
 
A breakthrough discovery published in 1994 [15] showed that 
the randomly distributed sensor neurons projected their axons 
onto small and distinct subsets of olfactory bulb glomeruli, such 
that each glomerulus expressed axons for one receptor type 
only. Therefore, receptor types that are expressed in random and 
dynamically distributed sensor neurons later converge on 
specific locations in a discrete and fixed glomerular map. It was 
also shown that these glomerular maps are consistent across 
distinct individuals of a species [19].  
 
So what does this achieve? In the nose, an odour is coded by a 
unique combination of randomly distributed active sensor 
neurons. This distribution varies across individuals of a species 
and varies with time as the olfactory epithelium constantly 

regenerates. When a detection event is expressed along an axon, 
it is clear that detection has taken place, but there is no clear 
indication of stimulus identity because axons are associated with 
randomly mixed receptor types. When this signal reaches the 
olfactory bulb of the brain, the axon will terminate in a 
glomerulus that is distinctly associated with a single receptor 
gene. This glomerulus occupies a fixed position in an ordered 
spatial map of distinct glomeruli. By virtue of its stereotyped 
spatial location, the active glomerulus indicates a clearly 
categorised detection event. 
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Figure 3: Schematic of selected epithelial and bulbar structures 
 
 
Each receptor protein detects a specific structural feature of an 
odorant molecule. Therefore, different structural features are 
mapped onto specific stereotyped locations on the olfactory 
bulb. The olfactory bulb therefore presents a combinatorial 
feature map called the bulbar map to the higher processing 
centres in the brain. Furthermore, given that the underlying 
receptor proteins each detect structurally unique features, the 
feature map may be regarded as orthogonal. It can be seen that 
the bulbar map describes each odour as a unique combination of 
archetypal bases. This is remarkably similar to the orthogonal 
discrete trigonometric transform (DTT) domain representation 
of measured signals, where signals are decomposed into linear 
combinations of unique basis vectors.  The two-dimensional 
Discrete Cosine Transform (DCT) was used to decompose the 
measured signal into a linear combination of 2048 orthogonal 
bases. This emulates the orthogonal transformation in the 
olfactory bulb. 
 
 
2.4 Subspace selection and classification 
The stereotyped bulbar map is projected directly to a region of 
the brain called the olfactory cortex. It is believed that the 
olfactory cortex is responsible for integrating spatio-temporally 
coded information from the olfactory bulb [20]. This spatial 
integration is clearly expressed in the structure of neural 
connectivity between the bulb and cortex. The cortex possesses 
an array of loci that are similar to the bulbar map.  
 
Studies of connectivity between bulbar and cortical maps have 
shown that individual bulbar outputs project onto multiple 
cortical loci [21], and each cortical locus receives multiple 
bulbar outputs [22]. 
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Figure 4: Summary of the simplified biological model and the engineering implementation. 

 
Based on the above experimental findings, it is assumed that 
each cortical locus receives a selection of bulbar outputs [3] that 
enables it to encode some rudimentary odour quality. It should 
be noted that the glomeruli code a detailed and elementary map 
of structural features in the odour molecule. Individual loci in 
the bulbar map are far too elementary to code odour quality. 
These structural features may be regarded as the building blocks 
of odour quality. Therefore, each cortical locus presents a 
feature subspace. That is, multiple orthogonal “building blocks” 
are integrated at each cortical locus to generate a higher-level 
representation of odour quality. 
 
In the electronic nose, a set of 8 transform coefficients was 
selected from the original 2048 DCT coefficients for final 
classification. The selection method was not based on any 
biological principle due to a lack of findings in this area. Rather 
a variance-based method was used [23]. The selection 
mechanism is subject to ongoing research and development. 
Any method that selects a subspace in which classification is 
simpler but still representative of the larger classification task 
may be regarded as appropriate. 
 
Classification: The value added cortical outputs then project to 
several parts of the brain [20]. The olfactory association 

pathway [3, 24] forms the basis of associative odour memories. 
This is where conscious discrimination and perception takes 
place. The limbic pathway is responsible for emotional and 
hormonal responses to odour stimuli. Electronic noses emulate 
the conscious discriminatory functionality of the olfactory 
association pathway. The discrimination mechanism in 
biological olfactory systems is a non-linear neural-network. A 
simple capacity-optimised, multilayer, feed-forward artificial 
neural network was used. 
 
A total of 560 cheese odour measurements were made across 7 
distinct cheese categories. A neural network was used to classify 
the raw measured data. The raw dataset was then processed in 
line with the signal-processing model and the processed dataset 
was also classified by neural network. The two classification 
results were compared to gauge the benefit, if any, of using the 
biologically inspired signal-processing model. In both cases, the 
same appropriately transformed training, validation and testing 
sets were used. Fixed random seeds ensured that the same 
training sequences were used in each training experiment. In 
each case, multiple neural networks were trained in the search 
for optimal hidden layer size. 
 



 
3. Results 

Figure 4 illustrates the simplified biological processing model 
and the electronic and software approximation of that model. 
The biologically inspired processing scheme is distinctly 
layered and may be summarised into the following levels: 
environmental regulation, sensing, orthogonal transformation, 
coefficient selection and classification.  
 
The DCT and artificial neural network used in this study 
produced the results shown in Table 1. It should be noted that 
other orthogonal transformations and classifiers can also be 
used. Two datasets were generated, raw data and fully processed 
data. Both were applied to capacity optimised neural network 
classifiers and the results compared. The raw dataset provides a 
control against which the fully processed dataset is compared.  
 

The data in Table 1 shows that the fully processed dataset 
produced better classification results in terms of greatly reduced 
training time and storage space, and improved classification 
rate.  
 
 

4. Conclusion 
The fully processed dataset produced the benefit of low input 
dimensionality while remaining representative of the larger 
problem. The final network produced the best result across all 
performance categories namely, classifier size, training time and 
classification rate. A classification rate of 99.11% was achieved 
across 560 odour measurements in 7 cheese categories. The 
optimised classifier trained in 36 seconds and required 5.74 KB 
of storage. The results clearly show that the biologically 
inspired signal-processing model has significantly improved 
system performance. 

  
Table 1: comparative result using capacity optimised neural networks to classify raw and processed data. 

 Original raw data Fully pre-processed data Result modification 
(Relative to raw data) 

Input space 
dimensionality 

1566 
(6 sensors x 261 samples) 8 DCT coefficients Dimensionality reduced to  

0.51% of 1566 
Neural network 

Hidden units 100 12 Hidden units reduced to 
12% of 100 

Training time 
(hh:mm:ss) 08:28:11 00:00:36 Training time reduced to 

0.12% of 08:28:11 
Network file 
size  (bytes) 

2,847,856 
(2.71MB) 

5,887 
(5.74KB) 

File size reduced to 
0.22% of 2,847,856 

Classification 
rate   (%) 97.32 99.11 Absolute increase 

1.79% 
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