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Abstract. Biologically inspired systems are a common tendency in robotics. 
Nowadays the common robots use human-like behaving senses as capabilities 
as soon as they can see, hear and touch, but the senses of smell and taste, are 
starting to emerge. There are three main problems to solve when including a 
smell sensor into a robot: the environmental model or the way the odor mole-
cules behave either in outdoors or indoors, the sensor model, and the algorith-
mic or process model.  One of the difficulties of developing chemical sensors 
versus another sensor is that chemical reactions tend to change the sensor com-
position often in a way that is nonreversible. Also, the odor exposure quickly 
saturates the sensor which needs a lot of time to be ready for the next measure.  
This is why; the smell system design must be biologically inspired. In this paper 
we present the results of the sensor model including the biological inspired 
process of aspiration and the design of a smell system device. 
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1 Introduction 

Biologically inspired systems are a common tendency in robotics. Nature is a wide 
and wise teacher of how to reach specific goals. This is why; robotics and intelligent 
systems are trying to emulate behaviors and physical mechanisms out of it. For exam-
ple there are artificial systems using algorithms based on animal behaviors to reach 
cooperation and coordination [1], odor path followers [2, 3], while there are also me-
chanical systems learning how to walk exactly as a human would do [4].  

Nowadays there are a huge variety of robots emulating human senses as capabili-
ties to reach its goals, as soon as they commonly can see, hear and touch, but the 
senses of smell and taste, are not commonly implemented. Although olfaction seems 
not to be essential for our survival, in fact, it is very important because if we lost this 
sense our lives becomes a little more dangerous, for example, we would not be alerted 
to spoiled foods, leaking gas or smoke from a fire [5].  

In animal kingdom it is used for inspection, recognition, mating, hunting, and oth-
ers. Due to this ability, dogs smell capability can be trained to search for drugs, explo-
sives, some chemicals or hazardous substances or even lost people and are commonly 
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used in search and rescue operations at disaster areas, at airports or border controls 
[6].  Smell sensors and robotics are starting to emerge as a unified area using emula-
tions of the fast response of hound dogs in search and rescue operations [7-9]. At this 
task, the principal problem is the odor source localization. Nevertheless, to obtain the 
best algorithmic results, the perception of the environment is crucial. 

There are three main problems to solve when including a smell sensor into a robot: 
the environmental model or the way the odor molecules behave either in outdoors or 
indoors, the sensor model, and the algorithmic or process model.   

The main characteristics of commonly used smell sensors are the discrimination 
between odors and the sensitivity [10]. One of the difficulties of developing chemical 
sensors versus another sensor is that chemical reactions tend to change the sensor 
composition often in a way that is nonreversible. Also, the odor exposure quickly 
saturates the sensor which needs a lot of time to be restarted. There are some re-
searchers trying to solve the saturation problem by other solutions [11].  

Knowing that odor can be propagated without air flows present by diffusion, and 
by advection depending on the laminar air velocity, in a non-reversible process that 
increases the entropy, as the chemical reactions take place [12]; in this paper we are 
focusing on the perception problem, showing the results of the mathematical model 
for the sensor that includes as improvement the addition of the aspiration process 
biologically inspired, and the qualitative model for the sensorial system design.   

In the following section we present the related work about smell and robotics ap-
plications, then on the third section the analysis of the biological nose, followed by 
the analysis of the bio-inspired sensorial model and the mathematical sensor model in 
section 4.  In section 5 are presented the results.  Finally on section 6 we present the 
conclusions and future work. 

2 Related Background 

2.1 Chemical Sensors Applications 

Pashami et. al. in [13] propose a change point detection algorithm to find chances in 
intensity, compound, or mixture ratio of an odor. In this approach they evaluate it on 
individual gas sensors in an experimental setup where a gas source changes these 
variables.  

But besides the discrimination of an odor, chemical sensors can be useful in a lot of 
more applications, for example: Using the concentration measurement at continuous 
time, the increment or decrement of certain odor could alert an oil plant about some 
leak of toxic or explosive gas and the corresponding time averaged behavior of it.  
This cannot be achieved if the sensor is saturated with a peak of that certain odor. 
This could lead to a false alarm and probably to a loss of time or money.  In the other 
hand, the constant minimum increment that chemical sensors produce innately could 
lead to a constant replacement. In these applications it is important that odor sensors 
had the capability of desaturation. 

The saturation of the sensor is a common problem in chemical sensors. Some re-
search is focused to solve it [11]. They are using a multi-chamber system to decrease 
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the sampling time between sensors, but instead of it, we are trying to simplify the 
design by using only one chamber. 

2.2 Smell and Robotics Applications 

The principal task of a sniffing robot is the odor source localization. The algorithms 
used to solve this problem are commonly categorized by the terms of chemotaxis and 
anemotaxis.  The first one refers to the orientation and movement of the agent in 
relation to the chemical gradient. In the other hand, anemotaxis, instead of following 
the gradient, considers the direction or current of a fluid [14]. 

Ishida and Miyatani in [15] are using pumps pulling air into a chamber with chem-
ical sensors and creating an air curtain between two of them to produce two samples 
at different positions at the same time. 

In [16] an odor grip map was presented, where the readings of the robot are con-
volved as soon as it moves using the radial symmetric two dimensional Gaussian 
function to create the next portion of the grid map. They used three different robot 
movement techniques: spiral, sweeping and instant gradient. 

From this research, a hound robot was presented by Loutfi et. al. in [9]. This robot 
discriminates odors and creates grid maps of these using the sweeping movement 
technique. A major drawback of this approach is that the volatility of the odor par-
ticles causes them to be quickly distributed in the room so, by the time the robot has 
finished its sweeping routine, the distribution of the odor could be different.  

Lochmatter and Martinoli [3, 17] developed three bio-inspired odor source locali-
zation algorithms, using a chemical sensor. The algorithms implemented in this  
research have the tendency of using the wind measurements to decide the best move-
ment of the robot.  They are also working on a simulation platform for the  
experimentation process [2].  

At this point, the analysis of the sensor model and its efficient functionality is cru-
cial before implement the odor source localization algorithms. This is why; this re-
search is focused in the analysis, design and implementation of a biologically inspired 
sensor that generates a better measurement.  The next section explains the human 
nose process to allow a complete understanding of the proposed design.  

3 Biological Nose Functionality 

According to [18], knowledge of the detailed air flow patterns in the human nasal 
cavity and the subsequent quantity of odorant transport to the olfactory receptor cites 
appear essential to a complete understanding of human olfaction. This is why the 
design of a biologically inspired smell sensor must considerate the air flow patterns to 
simulate complete olfaction.  

The nose, in both, animals and humans, has two principal functions: breathing and 
odor perception [19]. Each nostril or nasal cavity is divided in three zones which are 
the nasal airway with bones into the lateral walls of the nasal cavity, forming a series 
of folds called turbinates; the epithelium, surrounded by an aqueous mucus layer; and 
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4 Perception System 

As said before, the intention of this paper is to prove that the biological nose system 
can be emulated and implemented, improving the perception aptitude of chemical 
sensors thanks to the aspiration process generating a desaturation capability. At this 
point it is important to understand the implementation and the sensor behavior. This 
section describes the design and sensor model with and without the aspiration process. 

4.1 Bio-inspired Design 

Knowing that the smell sense in nature is divided in stages, we implemented a biolog-
ically inspired design of a nostril [25, 26]: 

1. Aspiration process. At this stage the odor is carried by an air flow being absorbed 
by a nostril. In this process there must be a physical filter to protect the sensors 
from dust and other particles.  The humidification of the sensor is also necessary 
to amplify the odor.  

2. Conduction. At this stage the turbinates homogenize the air and mix the odor in 
such a way that the mix is prepared to be sensed. Then a good sample of the odor is 
conducted to the sensory array. The other part of the air is used in respiration.  

3. Sensing. In this stage each array consists of three sensors separated by 2.5 cm from 
center to center in a linear position.   

4. Processing. This is the algorithmic stage of the smell sense. It means that the data 
collected is sent to the brain which analyzes the information.   

5. Transforming. The air is transformed to clean the sensory system so the saturation 
is not occurring.  

6. Exhalation. The last stage is the expulsion of the air through the nose and the venti-
lation of all the system. 

 

Fig. 3. Comparison between olfaction stages and processes, biological and implemented 



 Perception Aptitude Improvement of an Odor Sensor 131 

All these stages are included in the smell system developed in this research to pro-
vide an efficient and optimized measurement. The complete system has the ability to 
inhale and exhale, using two ventilators in opposite direction, one for pull the air into 
the chamber, and one to send it out. After the measurement, the chamber is cleaned. It 
has different turbinates, that transport the odors at the same time that is being mixed, 
and then a sample of this mix is oriented to the sensory system. This system provides 
the homogenization and sampling of environment besides the results in section 5.  

4.2 Sensor Model 

The aim of a model is to represent the predicted behavior of a system in a logical, 
simplified and objective way depending on an input. In this research we are using an 
odor exposure as the input, and improving the model described in [27] by the inclu-
sion of the aspiration process. A model is also useful to understand the behavior of the 
system by the analysis of the results obtained with the modification of common inde-
pendent variables.  

The gas sensor selected discriminates alcohol from any other odor. The chemical 
reaction changes the resistance between two terminals and because the supply voltage 
is maintained the current over the load changes and generates a different voltage on it. 
Then the results of the three sensors in the array for each nostril, are averaged and this 
average  [28] is the one that would be measured and analyzed. The concentration 
change (% C) was calculated as in [2]: % ∆ ⁄ 100                        (1) 

Where  is the maximum voltage ever measured, R or Reference is the lower 
voltage ever measured in absence of alcohol, and ∆  or differential range is the dif-
ference between averaged and R. 

                                                                                   ∆      ∆  ∆  ∆                            ∆  ∆                              (2) 

R                             (3)  1 exp                (4) 

 ∆ 1   ∆               (5)  exp ∆ ∆              (6)  1 exp ∆ ⁄                         (7)  ∆  ∆ 1   ∆  ∆            (8) 
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Table 1 shows the comparative results of the rate of change in /   of the no-
stril measurements when an odor source is present and the ventilation system is off, 
inhaling or exhaling. And the same analysis when the odor source was turned off or 
closed. 

These results show that aspiration is crucial when a sample of the environment is 
analyzed into the chamber; otherwise the sensors are saturated easily. Inhalation pull 
air into the nostril and the measure is reached faster, and exhalation desaturates the 
sensor even when an odor source is saturating the environment as a normal leak of 
gas.  

6 Conclusions and Future Work 

Thanks to the nostril design, we were able to concentrate the odor molecules near the 
sensors. And in the other hand, the aspiration system also helps in the desaturation of 
the sensors and makes them ready for the next measure.  

Once we have a biologically inspired system that perceives the environment and 
obtain a homogenized and desaturated sample, the next goal is to use different sensors 
or array of sensors to discriminate more than one odor finding patterns in the envi-
ronment of different mixtures.  

In particular, we aim to apply this system on unmanned vehicles that can locate the 
source of an odor autonomously or with minimal human intervention, even at out-
doors using time and space average, probably following the gradient of the odor trail.   
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