
 

 

 

Abstract— The paper presents a review of electronic noses with 

emphasis of the   usage of live olfactory receptor neurons as 

detectors interfaced with electronics. The paper focuses on the 

pattern recognition issue using artificial neural networks. The 

proposed architecture seems to be very simple and powerful at 

the same time.  The architecture was verified in recognition of 

noisy images with characters where pixels are represented by 

analog values in the range 0 to 1. In the case of odor recondition 

instead of analog values only discrete 0 or 1 values were given to 

neural network inputs and the system proved to be equally 

reliable.   

I. INTRODUCTION 

Electronic noses are becoming realities and they are entering 

out daily life. They are being used to recognize honey [1], tea 

[2][3][4], fruits [5], wine [6][7], food [8], beef [9], or infection 

[10]. These noses are becoming so sophisticated that they can 

even recognize the direction where smell is coming from [11].   

Currently, several techniques are being used [12-16]. Gardner 

and Bartlett defined the electronic nose as “an instrument 

which comprises an array of electronic chemical sensors with 

partial specificity and an appropriate pattern recognition 

system, capable of recognizing simple or complex odors” 

[17]. There are several types of electronic noses which are 

using sensors implementing different physical phenomena. In 

most cases the electronic nose uses arrays of sensors which 

react differently to odor stimulus thus generating different 

patterns which are changing with time.  

     The purpose of this research is to develop a device which 

is inspired by the dog’s sense of smell. The proposed 

approach is different from that used in the area of gas sensors 

based on man made polymers or semiconductors. We intend 

to use live olfactory receptor neurons as detectors interfaced 

with electronics.  

     History of electronic noses is well described [17-20]; 

however an artificial system that matches sensitivity and 

selectivity of the dog’s nose does not yet exist [21]. The fine 

properties of the dog’s olfactory system results from physical 

and biochemical events that occur at the olfactory epithelium 

of the nasal cavity where olfactory receptor neurons interact 

with odorants. Then the information received from the sensory 

neurons is transferred to the secondary neurons in olfactory 

bulb, and it is further sent to the cortex where the information 

is used for the discrimination of many odors [22]. Olfaction 

begins with sniffing that transports odorant molecules into the 

nose and delivers them to the mucus layer covering the 

olfactory epithelium. The binding of the odorant by a receptor 

protein initiates an intracellular cascade of signal transduction 

events, including the G-protein-dependent production of 

second messenger molecules, leading to opening of ion 

channels and passing of ion currents. This process triggers an 

action potential in the axon of olfactory receptor neuron that 

projects directly to the olfactory bulb where they synapse on 

mitral and tufted cell dendrites in the spherical neuropils 

called glomeruli [23]. From the olfactory bulb the information 

is further sent to the cortex for recognition of the signal. 

Finally, the odorant is cleared from mucus and the process 

begins again [24]. 

 

Table 1. Olfaction in Numbers [25][26]   

 Human Dog 

area [cm2] 2-4  170 

neuron diameter [µm] 2.5 3  

number of neurons 50 106 2x109 

density of neurons [mm-2] 170,000  120,000 

 

The olfactory receptors cannot function if they do not preserve 

their structure and orientation. A long-lived culture system 

composed of olfactory epithelium and olfactory bulb tissues 

was viable and functional up to 98 days [27][28]. Cocultured 

neurons in this system have preserved all major elements of 

signal transduction and therefore reporting of binding events 

can be achieved by measuring electrical activity of olfactory 

receptor or bulb neurons, using high-gain low-noise 

amplification of olfactory transduction [29]. The most 

significant advantage of using culturing olfactory neuron 

system over the olfactory receptors is the unique capability to 

collect odorant responses from glomerili where signals from 

several olfactory neurons specialized in defined odorants are 
combined and amplified [30]. This method provides further 

increase of the signal-to-nose ratio and selectivity of 

detection. Organotypic culture of olfactory receptor and bulb 

neurons can be used as a detector layer grown over the 

microelectrode array for monitoring neuronal activity. Such a 

system has already been tested using various organotypic 

cocultures including rat entorhinal cortexs and dentate gyrus, 

hippocampus slices, retina segments from newly hatched 

chickens, and olfactory receptor and bulb neurons [31-35].  

     Suitable microelectrode arrays were designed and 

fabricated for these purposes. Extracellular contacts and 

communications with cells were carried out by galvanic 

connections [31][32][36] or addressable by light [37]. Patch-
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clamping of cells through micro-openings in substrate was 

also demonstrated [38]. 
 
 
II    PATTERN RECOGNITIONS  
 

 In order to retrieve electrical signals from live tissue two 

approaches can be used intracellular and extracellular. The 

intracellular methodology follows the patch clamp technique 

to read cell membrane current. In the case of extracellular 

methodology the outside set of electrodes are detecting 

electrical activities of cells/neurons. The extracellular 

methodology requires more sophisticated electronics and only 

passive measurement is possible. With  extracellular  approach 

it is more difficult to separate signals from noise and  multiple 

signals have to be processed at the same time. The 

intracellular methodology allows for selective stimulation 

cells to be read so the useful information can be read on one 

by one basis.  

     Several methods are used in the process of recognizing 

odors by electronic nose. The most common methods are 

implementing PCA – Principal Component Analysis, DFA - 

Discriminant Function Analysis, or ANN – Artificial Neural 

Networks [10], [39].   PCA is being used primarily to reduce 

the size of the problem and DFA  is used as classifier. Both 

PCA and DFA are linear methods and as such have significant 

limitation for recognizing patterns from sensors, which in 

most cases have a nonlinear nature.  ANN can handle both 

linear and nonlinear problems. I was shown by Oja [40] [41] 

that Hebbian type of ANN architectures can work as PCA 

systems. Also, simple artificial neurons with linear activation 

function can work as DFA Discriminant function classifier 

[42]. Therefore both PCA and DFA can be considered as 

simple cases of linear neural network architectures. Many 

other more complex ANN architectures were already 

developed such as: EBP – Error Back Propagation Networks, 

WTA- Winner Take All networks, ART- Adaptive Resonant 

Theory networks, Counterpropagation networks, LVQ – 

Learning Vector Quantization networks,  Polynomial 

networks, Functional Link networks, CC- Cascade Correlation 

networks, Recurrent networks, FC - Fully Connected 

networks, and many others [42-44].  Depending on network 

architectures a different number of artificial neurons must be 

used to obtain the similar classification abilities. In other 

words, depending on the architecture ANN can be more or 

less complex to perform the same function.   Also, some ANN 

are easier to train than another [44].  

      The most well known and most commonly used are the 

EBP networks. The most popular EBP networks, known also 

as MLP – Multi Layer Perceptrons [42], are unfortunately not 

very powerful and they are difficult to train. The most 

powerful neural networks are CN - Cascade Networks, but it 

is relatively difficult to train them. Cascade Correlation 

Networks are subset of CN and they can be easily trained but 

the training process has to be done with a fixed set of patterns 

and they may not adapt their weights to changing patterns.  

Fully Connected networks can be almost as powerful as 

Cascade Networks, but because they can be wider instead of 

being deeper (signal can propagate through less number of 

neurons in cascade); thus, learning algorithms may converge 

much faster. The FC networks are not only more powerful 

than EBP networks; they are easier to be trained [44]. 

Unfortunately most of ANN training software (like Neural 

Network Toolbox of MATLAB) are not capable of training 

FC networks. At Auburn University we developed the NBN 

software by modifying the second order LM - Levenberg-

Marquardt algorithm for arbitrary connected neural networks 

(including EBP, CN, and FC networks). The training time for 

our software is over 100 times shorter than the traditional EBP 

learning scheme [44]. Moreover, our software converges to 

several orders of magnitude smaller errors than  

EBP. 

 
Fig. 1. Comparison of learning methods: (a) with EBP - Error Back 

Propagation and (b) with LM algorithms. Solid red dashed lines 

indicate cases where method convergence was not reached to the 

required errors (0.01 for EBP and 0.0001 for NBN) 
 

 Fig. 1 shows comparison of training resulting in relatively 

simple FC network for the parity-3 problem. As one may see, 

our algorithm converges in about 30-40 interactions to the 

error of 10-4 while commonly used EBP algorithm has 

difficulty to reach error of 0.01 with 10,000 iterations. Due to 

the asymptotic characteristics of the EBP training there is no 

practical way of reaching a solution for EBP algorithm with 

errors significantly smaller than 0.01.  

III. PROPOSED ANN ARCHITECTURE  

There are many methods to reduce the size of array with large 

number of inputs such as PCA - Principle Component 

Analysis, FT - Fourier Transformation, WT- Wavelet 

Transformation, etc. These methods of dimensionality 

reduction are very computational intensive and often it is more 

difficult to classify compressed data so sometimes it is much 
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easier to recognize patterns without dimensionality reduction 

if an efficient classification method is used. One such simple 

method used relatively simple neural network architecture 

shown in Fig. 2.  The main advantage of this architecture is its 

computational simplicity.  
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Fig 2. Artificial Neural Network architecture for classification of 

patterns.   

 

This network is an enhanced version of the conterpropagation 

network proposed by Hecht-Nielsen [42] with 

Kohonen/Hamming input layer and with Grosberg/linear 

output layer. First layer computes Euclidean distances 

between input pattern and stored patterns. If inputs are 

binaries, for example X=[1, -1, 1, -1, -1] then the maximum 

value of net  

 5
1

nwxnet T
n

i

ii XW  (1) 

is when weights W=[1, -1, 1, -1, -1] are identical to the input 

pattern  X. If input signal is different, for example X=[1, 1, 1, 

-1, -1]  then 

 3
1

T
n

i
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   or    

 3,2 WXHDnnet  (3) 

 

Winning “neuron” is with the highest value of net and it is 

with the minimum of Euclidean distance from the stored 

pattern.  This specific architecture of artificial neural network 

was selected because it is not computationally intensive 

because of binary patterns to find the Hamming distance the 

weight-signal multiplication process can be replaced by a 

subtraction: 

 

 )( WXD abs  (4) 

 

and calculate the sum of all elements of D. Then  

 

 sumnnet 2  (5) 

 

Such neural network can be easily implemented on very 

simple ($1 worth)  microcontrollers [46] 

 

       
 

       
 

      
 

     
 

     
 
Fig. 3. Recognition of noisy characters by the neural network of Fig. 

2.  

IV.   CASE STUDY WITH CHARACTER RECOGNITION 

The process of odor recognition can be compared to 

recognition of optical images where intensities of pixels are 

time dependent. Depending on the sensor types temporal 

changes may carry more or less information. Recognizing 

time dependent patterns is a very complex issue and often the 

time sequence is discretized (sampled) leading to larger (more 

dimensional) patterns, which are time invariant.  

    In this experiment, 256 characters used in CGI displays 

were selected for the experiment. The CGI characters are 

organized in 8*7 arrays. (Fig. 3). One may notice that the 

artificial neural network of Fig 2 was able to correctly 

recognize noisy characters while humans may have difficulties 

to fulfill the same task. 

 The experiment of character recognition was carried on in 

the following scheme. Original characters (left columns on 

Figs. 4,5,6 were distorted by six levels of noise. Then the 

neural network with the architecture of Fig. 1 was asked to 

recognize characters (left side of the architecture) and to 
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retrieve the original character (right side of the architecture). 

For the experiment shown in Fig. 4 the neural network was 

trained to 9 patterns only and as result on the output only 9 

characters were recognized (letters from a to i). The correct 

character retrieval was done for noise level 1, 2, and 3. For 

higher level of noise, the system had difficulty to recognize 

letter “e”, recognizing it depends on the noise level as “b”, 

“a”, or “h”.  For the highest level of noise, also, only one 

character “b” was misclassified. 

 

 
Fig. 5.  Result of pattern retrieval for neural network architecture 

from Fig. 2 trained to recognize 9 patterns.  

 

 
Fig. 6.  Result of pattern retrieval for neural network architecture 

from Fig. 2 trained to recognize 26 patterns.  

 

 In the case of the experiment of Fig. 5 the neural network 

was trained to recognize 26 characters (small letters). Again 

correct classifications were done for noise levels 1, 2, and 3. 

For the highest level of noise (level 6) only four out of nine 

characters (“b”, “d”, “g”, and “h”) were classified correctly. 

 In the case of the experiment of Fig. 6 the neural network 

was trained to recognize 256 characters (all ASCII code). In 

this case the system failed for all 9 letters at the highest level 

of noise (levels 5 and 6). At the level 4 five out of  nine 

characters were classified correctly, while at the level 3, seven 

out of  nine characters were classified correctly.   

 

 
Fig. 7.  Result of pattern retrieval for neural network architecture 

from Fig. 2 trained to recognize 256 patterns.  

 
Fig 8. Retrieval of odors with introduced 4 levels of noise using 

ANN for Fig 2 when only 9 known odors are considered.  

V.   RECOGNITION OF ODORS 

In the case of recognizing odors by live olfactory receptor 

neurons the electronic interface is sensitive only to binary 

signals: receptors were activated or not. Therefore, instead of 

noisy patterns (gray scale on Figs. 3 to 7) only binary (o or 1) 

information is received.  Each odor represents a different 

pattern as is shown in the first columns of Figs 8 and 9. For 

nine odors, a different group of receptors is being activated. 

Unfortunately usually many different odors are present at the 

same time and receptors are responding to many existing 

odors; as result we are obtaining distorted patterns. In the case 
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of distorted patterns some receptors were activated by the 

background odors so the system sees distorted images 

(columns 2, 4, 6, and 8 on Figs. 8 and 9). The level of these 

distortions could be different. The purpose of the Artificial 

Neural Network of Fig. 2 is performing an attempt of 

restoration of original odor patterns (columns 3, 5, 7, and 9) in 

Figures 8 and 9.  

 
Figure 9. Retrieval of odors with introduced 4 levels of noise using 

ANN for Fig 2 when 9 known and 18 unknown odors are considered.   

 

     For the example shown in Fig 8, the input pattern is 

significantly distorted by introducing four different levels of 

noise and then the Artificial Neural Network has to retrieve 

odorants with four different levels of noise. In the case of Fig. 

8 the artificial neural network is enforced to select one of  9 

possible options. Only in three cases of nine there was 

misclassification and only for the largest level of noise. All 

other classifications were done correctly. 

     For the example shown in Fig 9 the same number of 9 

odors has to be recognized, but ANN was previously trained 

to 27 odors, 9 of them are known and 18 odors are unknown. 

In this case for the highest level of noise (level 4), only two 

odors were classified correctly. For noise level 3, only two 

odors were misclassified. For level 1 and level 2 noises, all 

odors were correctly recognized. It is worthy of notice that 

level 2 of noise is so significant that humans may not be able 

to provide proper classification, while ANNs are handling 

properly these very distorted patterns. Despite very simple 

ANN architecture of Fig. 2, the obtained results surpass 

human ability of recognizing patterns.   

      If patterns need not to be retrieved, then the architecture of 

Fig. 2 can be further simplified by elimination of WTA and 

retrieval layer. Notice that output values from sumators would 

be proportional to the probability of a given odor. Of course, 

the largest value selects the winner, but at the same time there 

is information there about runner up, second runner up, etc.  

In other words this ANN gives information not only about the 

winner but about probability of different odors.  

 

V.   CONCLUSION 

 

The proposed architecture proved to be y simple and powerful 

at the same time.  The neural network architecture was very 

reliable in recognition analog patterns (letters) and digital 

patterns (odors). With the increased number of odors to be 

recognized the complexity of the pattern recognition system 

increases significantly for several reasons: 

(1) Practically the number of ANN must be equal to the 

number of odors to be recognized. Benefits of merging 

these networks are minimal in comparison to difficulties 

which we can face 

(2) If more odors have to be classified then more different 

sensors have to be used in order to distinguish odors. 

From practical point this would require larger arrays of 

sensor. This leads to large number of inputs and large 

sizes of artificial neural networks 

(3) If more odors have to be recognized (with the presence of 

other odors) then patterns become noisier and the 

recognition process is more difficult. 
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