
A biomimetic robot for tracking specific odors in

turbulent plumes

Dominique Martinez, Oliver Rochel and Etienne Hugues

LORIA, Campus Scientifique - BP 239

54506 Vandoeuvre-Les-Nancy, France

Phone: +33 383-59-30-72

Fax: +33 383-41-30-79

Abstract

Two basic tasks must be performed by an olfactory robot tracking a specific odor

source : navigate in a turbulent odor plume and recognize an odor regardless of its

concentration. For these two tasks, we propose simple biologically inspired strategies,

well suited for building dedicated circuits and for on-board implementation on real

robots. The odor recognition system is based on a spiking neural network using a

synchronization coding scheme. The robot navigation system is based on the use of

bilateral comparison between two spatially separated gas sensors arrays at either side

of the robot. We propose binary or analog navigation laws depending on the nature



of the available sensory information extracted from the plume structure (isolated

odor patches or smoother concentration field).

1 Introduction

The localization of a specific odor source with a robot equipped with gas sensors is a dif-

ficult task (Ishida and Moriizumi, 2003). Because of the slowness of the diffusion process,

the majority of odorant fields encountered naturally are mainly due to the advection trans-

port, and are furthermore turbulent, the medium being gaseous or liquid. In the case of

turbulence, the concentration landscape of an odor, called a plume, is very heterogenous

and unsteady, and consists of sporadically located patches (Weissburg, 2000; Roberts and

Webster, 2002). These patches move with the local wind and are continuously mixed with

other patches containing odors from different sources. Because gas sensors are non-selective

and respond to a wide variety of gases, an olfactory robot may locate a source that is dif-

ferent from the one of interest. In order to track a specific odor source, two basic tasks

must be performed by an autonomous robot : navigate in a turbulent plume and recognize

the odor independent of its concentration. The goal of this paper is to propose biologically

inspired strategies for performing these two tasks

Recent experimental measures using laser-induced-fluorescence (Webster and Weissburg,

2001; Webster et al., 2001; Weissburg et al., 2002) have given a more accurate view of

the concentration field characteristics in the case of uniform advection. Although con-
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centration fluctuations are very high, a steady picture of the field can be obtained by

averaging the instantaneous fluctuations within a temporal window of about 200 sec. The

resulting averaged concentration field looks very similar to a laminar advection-diffusion

profile (Webster and Weissburg, 2001). Furthermore, it has been shown that the proba-

bility to find a concentration higher than that at the centerline rapidly decreases with the

lateral distance from the centerline (Webster et al., 2001). Some animals could therefore

use the instantaneous bilateral comparison of their spatially separated chemosensors to

make tracking decisions. This hypothesis is supported by recent experiments showing that

unilateral lesions in some animals, e.g. the blockage of the nasal air flow in one nostril

in rats or the ablation of one of the antennae in crayfish, impair odor source localization

(Kraus-Epley and Moore, 2002; Rajan et al., 2006; McMahon et al., 2005).

Like artificial gas sensors, a biological olfactory sensory neuron is not tuned to a specific

odor (Duchamp-Viret et al., 1999). Because the variety of receptor proteins underlying

chemoreception is not as rich as the repertoire of existing odorant molecules, different

molecules may react with a particular protein and, thus, non-selectivity is probably an

unavoidable situation an olfactory system has to face. This problem is still a challenge

for electronic noses, as no really satisfactory general solution for improving both the sen-

sitivity and the selectivity has been proposed so far. Understanding how early biological

systems encode olfactory sensory information could then be highly beneficial for designing

efficient electronic noses. Recent electrophysiological recordings in the mouse olfactory

bulb have shown that the phase of the firing of a principal neuron relative to the beginning
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of each respiration cycle reflects input intensity (Margrie and Schaefer, 2003). Moreover,

this experimental work, as well as a theoretical one (Hopfield, 1995), shows an approximate

logarithmic relationship between firing latency and odor intensity. Such a logarithmic func-

tion makes the phase pattern invariant to the different concentrations of the same odor.

When the odor concentration changes, the entire phase pattern is shifted but the relative

phases are preserved. Reading the relative phase pattern can be accomplished in a biolog-

ical plausible way with delay lines and synchronization detector neurons (Hopfield, 1995;

Lysetskiy et al., 2002).

In this paper, the above ideas are exploited for developing a biomimetic robot capable of

tracking specific odor sources in turbulent plumes. To recognize an odor independent of its

concentration, a bio-inspired algorithm is derived in section 3.1. To navigate in a turbulent

plume, a guidance of the robot based on bilateral comparison is proposed in section 3.2.

2 Materials

Our olfactory robot consists of a Koala robot from k-team1 with an on-board computer

(PC104 running Linux) and two electronic noses (E-noses) placed on either side of the robot

(see Fig. 1-A). In order to limit corruption of the data due to an additional airflow created

by the movement of the robot, two inlet pipes (sniffers) allow to sample the surrounding

atmosphere in front of the robot (at the left and at the right). Two pumps (Diaphragm

1www.k-team.com
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pumps SERCOM 2002 0.35 l/min) then feed the gas directly to the sensors in each E-nose.

Data multiplexing (Multiplexer CD74HCT4052E from Texas Instrument), acquisition and

processing is performed on the robot. The sampled sensor readings are amplified (Amplifier

LMC6462 from National Semiconductor) and quantized with the analog to digital converter

available on the koala robot from k-team (6 analog inputs, 10 bits of resolution, 4.096 volts

of dynamic range). The gain of the amplifier is automatically adjusted online during the

experiments so as to make a full use of the quantization range. One particular gain among

four fixed available gain levels (x1, x2, x4, x8) is selected at each sampling period (0.1

second) based on a simple threshold-crossing procedure.

Each electronic nose consists of a closed plexiglas chamber that encompasses a sensor array

(see Fig. 1-B). The sensor array is composed of ten gas sensors divided into five different

types (Figaro TGS 2600, 2602, 2610, 2611 and 2620). These sensors are commercialized

with a cap that has a flame-proof stainless steel gauze. In practice, it takes a certain time

for the gas to diffuse through the gauze and reach the sensor. This cap was removed from

all the sensors (see Fig. 1-C). It improves their response time by a factor ten (see Fig.

2). Calibration of the electronic noses has been done for ethanol and butanol vapors of

concentrations ranging from 700 to 3000 ppm at a room temperature of 230C. In order

to extract volatile compounds at given concentrations from liquids, an automated gas

delivery experimental setup was developed (see Fig. 3). Note that this setup is needed

for the calibration method 1 only (it is not for the calibration method 2, see calibration

methods in section 3.1).

The navigation experiments were performed in an arena of 240 cm long by 120 cm large.
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An ethanol source was placed at x = 240 cm and y = 90 cm and released at a low rate of

0.35 l/min (see Fig. 4). To get a turbulent plume, advection is created by a fan (Papst

fan 3412 NL 12 VDC 61 m3/h) placed just behind the source.

3 Methods

3.1 Bio-inspired odor recognition

Odor recognition method - The steady state change in conductance, xij of a metal-

oxide gas sensor i to an odor j of concentration Cj is known to vary in a non-linear way

(power law) with gas concentration (Gardner and Bartlett, 1999)

xij = αij C
rij

j (1)

where αij and rij are coefficients that depend upon the odor and the sensor. Let us consider

a neural network with spiking neurons such that, when an odor k is sampled at time t = 0,

the input neuron i (connected to sensor i) will fire its first spike at time tik given by

tik = (log xik)/rij (2)

where xik is the steady state change in conductance of sensor i and rij is the parameter

fitted in Eq. 1 for odor j. Additionally, the delay of connection between the input neuron

i and the output neuron was set to

∆ij = ∆ − (log αij)/rij (3)
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where ∆ is a constant taken as max{(log αij)/rij} in order to preserve causality. If the

odor k corresponds to the odor j we want to detect, then xik = xij and the spike fired by

the input neuron i will arrive at the output neuron at time

tij + ∆ij = ∆ + log(Cj) (4)

which is independent of the neuron i. Therefore, in presence of odor j, all the spikes fired

by the input neurons will arrive at the same synchronization time given by Eq.4. More-

over, in presence of another odor k different to j, the spikes will arrive at unsynchronized

times. Given a suitable set of connection delays, spike synchronization will occur in the

presence of odor j only, and for any concentration of this particular odor. In this scheme,

the connection delays represent a prototype pattern of the odor to be detected.

Calibration methods - In order to set appropriate connection delays, the electronic noses

need to be calibrated. The Calibration method 1 consists in estimating parameter αij and

rij by fitting real data with the power law given by Eq. 1. The Calibration method 1

requires the use of an automated gas delivery experimental setup with control of the gas

concentration (see Fig. 3). In order to avoid the need of such an olfactometer we can use

a given sensor as a reference, say sensor 1 without loss of generality. Using Eq. 1, we can

write

log xij = aij log x1j + bij (5)

with aij = rij/r1j and bij = log αij − aij log α1j. In presence of an odor k, we now consider
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that the input neuron i fires at

tik = (log xik)/aij (6)

and that the connection delay to the output neuron is

∆ij = ∆ − (bij/aij) (7)

If the odor k corresponds to the odor j we want to detect, then xik = xij and the

spikes fired by the input neurons will arrive at the output neuron at the same time

log x1j + ∆ = r1j log(Cj) + ∆ + log α1j. Parameters aij and bij needed to set the ap-

propriate synaptic delay ∆ij are now identified by fitting real data of sensor i versus sensor

1 with Eq. 5 (Calibration method 2). Thus, the Calibration method 2 does not require the

explicit knowledge of the concentration Cj.

3.2 Navigation laws based on bilateral comparison

We consider here the navigation of our robot with two spatially separated sensor arrays.

Let Cl(t) and Cr(t) be the odor concentrations estimated at time t by the sensors at the left

and at the right, respectively. The concentration difference Cl(t) − Cr(t) is noted ∆C(t).

Because we need to have a high manoeuvrability allowing the robot to turn quickly when

it goes out of the plume, we decided to control the turning speed ω and let the velocity v of

the robot constant. This allows to control the trajectory via its curvature radius R = v/ω.

We propose binary or analog navigation laws depending on the nature of the available sen-

sory information : in the binary case, only the side of the highest concentration is known,
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while in the analog case the graded concentration levels at both sides are known.

Binary bilateral comparison - Due to the turbulent nature of odor plumes, the in-

formation available might be binary only, indicating whether an odor patch hits the left

or the right sensor. When only the side hitted by an odor patch is known, the simplest

navigation law based on binary bilateral comparison would be

ω(t) = Ω(t) sgn( ∆C(t) )

If Ω(t) = Ω0 where Ω0 is some constant turning speed, we obtain simple circular trajectories

whose radius is R0 = v/Ω0. Convergence is however dependent on a particular choice for

Ω0. On the one hand, large Ω0 is needed when the orientation of the robot is far from the

optimum so that it can turn sufficiently quickly to reach the centerline of the plume. On

the other hand, a small Ω0 is needed when the orientation of the robot is at the optimum so

as to avoid large amplitude oscillations around the centerline of the plume. To circumvent

this problem, we propose to make Ω adaptive using the following heuristic rule : if ∆C

does not change sign between two consecutive hits, we consider that the current orientation

of the robot is far from the optimum. Ω is then multiplied by Λ > 1 (Λ = 1.1 here). If ∆C

changes sign between two consecutive hits, we consider that the current orientation of the

robot is near the optimum and thus Ω is divided by Λ. This gives

Ω(t) = 1.1 Ω(t − ∆t) if ∆C(t) = ∆C(t − ∆t)

= 0.9 Ω(t − ∆t) otherwise (8)
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where ∆t is the sampling period.

Analog bilateral comparison - In case we have access to a graded information concern-

ing the lateral concentrations, we have previously considered the navigation laws {Ln}0≤n≤1

ω(t) = Ω0 sgn( ∆C(t) ) | ∆C(t) |n C̄(t)1−2n (9)

C̄ = (Cl + Cr)/2 is the average concentration and n is a parameter to be specified, where

0 ≤ n ≤ 1 to insure convergence in case of an axisymmetric concentration field (Hugues

et al., 2003).

Simulations - In the simulation of the navigation laws, time is discretized as in real

experiments. This time discretization may induce some instabilities when navigating near

the source, but it was found that they could be avoided by decreasing the distance covered

by the robot between two measurements. All the navigation laws were first evaluated in

two situations : -axisymmetric- diffusion and advection-diffusion. A gaussian plume model

derived from the advective-diffusion equation was used (Roberts and Webster, 2002). In the

model, the diffusion coefficient of the gas and the air velocity along direction x have been

chosen so as to get profiles along direction y as large as in the real turbulent experiments

(Hugues et al., 2003). Two noisy conditions were considered so as to take turbulence into

account :

NC1) a uniform multiplicative noise with standard deviation σ was applied to Cl and Cr. To

simulate a similar level of noise as the actual one in the experiments, but somewhat
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higher to judge the efficiency of these laws, a value of σ = 0.2 was chosen.

NC2) Cl and Cr were inverted randomly with probability p and the lowest concentration

was set to zero in order to mimic the fact that an odor patch has reached only one

side of the robot. In the simulations performed, p = 0.3 was chosen.

4 Results

4.1 Concentration invariant odor recognition

Figure 5 shows the steady state responses Rs/Ro of the 10 sensors with respect to the

concentrations in butanol (15 different concentrations). Rs and Ro is the resistance ob-

tained in presence of the gas and the air, respectively. In each plot, the curve representing

the power law obtained with the fitted parameters αij and rij is also indicated. These

fitted parameters are necessary for setting the connection delays by using Eq. 3 in the

Calibration method 1. The set of delays then represents a prototype pattern of the gas to

be detected (here butanol). A match between this prototype pattern and the current odor

leads to spike synchronization and thus recognition.

Using the butanol connection delays, we now consider a spiking neural network with 10

input neurons and a single output neuron as a butanol detector. Each input neuron is

connected to a single sensor and fires a spike at a time given by Eq. 2 if the Calibration

method 1 was used to estimate the model parameters or by Eq. 6 if the Calibration method

2 was used. These spikes are received by the output neuron after some delays given by
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Eq. 3 or Eq. 7, depending on the method of calibration. Figure 6 shows the arrival times

of the spikes for increasing concentrations of butanol and ethanol. In this experiment,

the Calibration method 1 was used. When the odor concentration changes, the entire

phase pattern is shifted but synchronization is preserved for butanol. For the different

concentrations considered, spike synchronization is better for butanol than for ethanol, by

using the butanol connection delays.

In order to compare the results, we have estimated the model parameters for the two E-

noses on the robot with the Calibration method 1 and 2, and for the butanol and ethanol

detectors. Fig. 7 shows the temporal jitter of the received spikes in the different cases (left

or right E-nose, ethanol or butanol detector, calibration method 1 or 2). For each E-nose,

the temporal jitter of the received spikes for the butanol detector is higher for ethanol

than for butanol, and vice versa for the ethanol detector. It means that discrimination

between butanol and ethanol is accomplished at these concentration levels by using an

output neuron acting as a synchronization detector. Moreover, the two different calibration

methods lead to similar results. The calibration method 2 is however preferable because of

its simplicity (no need of the olfactometer).

4.2 Navigation laws

Simulation results - Simulations of the binary navigation law in the laminar situations

show a very good efficiency (data not shown). In the simulated airflow using the noisy

conditions NC1 and NC2, the efficiency is still good, apart the appearance of wandering
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behaviors illustrated here by loops (see figure 8-A and 9-A).

In the case of the analog navigation laws, L0 cannot always allow the convergence to the

source because the term C̄ appearing in it is too small when the robot is far from the

source (see figure 8-B). For the noisy condition NC2, it actually never converges (see figure

9-B). For strong noise, L1 is no longer efficient as the robot turns too much far from the

source, due to the term 1/C̄ appearing in it (see figure 8-D and 9-D). All other laws in

the family {Ln}0≤n≤1 ’interpolate’ between the two preceding cases, and among them, we

have chosen L1/2, which is furthermore independent of C̄. This law appears to be the most

efficient in the two noisy conditions (see figure 8-C and 9-C).

Experimental results - The spatial distribution of the sensor responses in presence of

the released ethanol gas has been obtained by scanning the arena with the robot moving

at 2.5 cm/sec. The contour map of this distribution, shown in figure 10 left, demonstrates

that a concentration gradient information can be extracted with our gas sensing system,

and when the robot is moving at a relatively low speed. One important point to note here

is that, in the case of robots, the measurement system -or electronic nose (see (Gardner and

Bartlett, 1999; Pearce et al., 2003))- generally filters out, up to the scale of several seconds,

the fastest concentration fluctuations. This filtering comes mainly from the slowness of the

sensors responses as compared to the steepness of turbulent fluctuations. This fact has

been clearly shown in (Yamanaka et al., 1998) for metal-oxide sensors. Thus, a robot

equipped with such sensors navigates in an apparent much weaker turbulent odor plume,

in which isolated patches are replaced by a smoother concentration field which fluctuates
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around a non-zero mean, as shown in figure 10 left. Therefore, when the real turbulent flow

has a concentration gradient which varies sharply in space and time due to the presence

of patches, this ’apparent’ plume has a gradient direction which evolves on a sufficiently

large scale to allow its evaluation using two distant sensor arrays.

Because, in case of our robot, the nature of the available sensory information is analog, we

report here results for the L1/2 law. The two sensor arrays were first calibrated so that the

robot moves straight ahead in presence of a null concentration gradient obtained when the

same information was simultaneously fed to the two arrays. Over 16 runs performed with

the robot starting from the same location (x = 70 and y = 70) inside the plume, 13 have

successfully converged to the source location. Some of these trajectories are depicted in

figure 10 right. The trajectories were obtained using the available data from the odometers

on the robot, using a simple dead reckoning approach to estimate the global position at

each point in time. The fact that the trajectories differ is due to the fluctuating character

of the field. The few unsuccessful runs can be explained by the fact that the robot moved

sometimes in a wrong direction due to the turbulent nature of the odor plume. Because

the size of the arena was small we were not able to see if the robot might have been able

to correct it afterwards. However, if the robot leaves the plume by chance then it will

continue to move straight and never returns because the sensory signal outside the plume

is weak. This was clearly seen when the robot has started searching from the location

x = 200 and y = 20. As this starting point is outside the plume, concentration levels

are extremely small (see the quantized values in the contour plot in Fig. 10 left) and the

success rate was very low. In such cases, an exploration strategy is therefore needed but
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this is out of the scope of the present paper.

Figure 11 shows the mean sensor reading with respect to the distance to the source during

the successful robot trajectories. The mean sensor reading is obtained by averaging the

outputs of the sensors (quantized with 10 bits) from the E-noses at the left and the right

sides of the robot. The maximum of the sensor reading is not obtained at the source location

but at 20± 9 cm from the source, in agreement with the contour plot in Fig. 10 left. Two

types of trajectories have been found, those for which the sensor reading increases during

the path towards the source (figure 11 at the left) and those for which the sensor reading

does not always increase (figure 11 at the right). Because the wind is in the x-direction, the

concentration drops very fast in the y-direction, and the sensed chemical concentration is

not always a useful indicator of distance to the source. Therefore, a strategy purely based

on climbing a concentration gradient may fail because the concentration gradient is larger

in the y-direction than in the x-direction.

5 Discussion

There exist previous works about autonomous olfactory robots capable of searching for an

odor source (Ishida and Moriizumi, 2003). In the simplest case of diffusion, Porat and

Nehorai (1996) derived a statistical estimator for the odor source location. Russel (1999)

investigated odor trail marking and following by mobile robots. In the case of turbulence,

the situation is however more complicated, as the odor plume consists of discontinuous

odor patches moving with the local wind. The olfactory sensory information available
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might thus be binary only, indicating whether an odor patch hits the sensor. Because

of the poor olfactory information, a classical approach is to use additional sensory cues

provided by the speed and the direction of the wind. Hayes et al. (2002) implemented on

a real robot an algorithm that merely uses the binary information given by the presence

or the absence of an odor patch to decide either to move the robot upwind or to perform

a local search. This algorithm is similar to the one developed by Balkovsky and Shraiman

(2002) who considered a simplified model of a turbulent plume based on a random walk of

odor patches. In addition to gas sensors, the implementation of navigation laws based on

the direction of the wind requires the use of an anemometer. However, because of the rela-

tive imprecision of the anemometers that can be used on real robots, this approach is only

valid in presence of a strong airflow, as noted in (Lilienthal and Duckett, 2003). Instead,

we proposed in this paper the use of bilateral comparison between two spatially separated

gas sensor arrays to estimate the direction from which the odor patch came. The idea of

using bilateral odor sampling on a real robot is motivated both by physical measurements

on natural plumes (Webster and Weissburg, 2001; Webster et al., 2001; Weissburg et al.,

2002) and by biological experiments on animal behavior (Kraus-Epley and Moore, 2002;

Rajan et al., 2006; McMahon et al., 2005).

Previous works about autonomous olfactory robots using bilateral comparison include the

robotic ’lobster’ for tracking saline plumes in water from Grasso and Colleagues (Consi

et al., 1995; Grasso et al., 1997; Grasso, 2001) and the Braitenberg olfactory robot from

Lilienthal and Duckett (2003). The fundamental aspect of these studies is the fact that
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the sensed olfactory information is analog. In this paper, we have proposed and studied

several navigation laws depending on the nature of the available sensory information ex-

tracted from the plume structure (isolated odor patches or smoother concentration field).

Due to the limited amount of sensory information required, the binary navigation law (Eq.

8) appears to be well suited to a turbulent situation made of intermittent isolated odor

patches. The binary navigation law was very efficient in simulation (see Fig. 8A and 9A).

Convergence comes from the fact that the probability to find an odor patch rapidly de-

creases with the lateral distance from the centerline (Webster et al., 2001). In the case of

our robot, the gas sensing system filters out, up to the scale of several seconds, the fastest

concentration fluctuations. A faster measurement system giving us access to isolated odor

patches would then be needed to test the binary navigation law in practice. In our ex-

periments, the robot moves at a low speed (2.5 cm/sec) so that a concentration gradient

information can be extracted with our gas sensing system (see Fig. 10 left). Because of the

graded nature of the sensory information available, the analog navigation law L1/2 (Eq.

9 with n = 0.5) was implemented on our robot and successfully tested in presence of a

chemical odor plume (see Fig. 10 right, some videos of the experiments are available at

http://www.loria.fr/∼dmartine/videos). Over 16 runs performed with the robot starting

from the same location inside the plume, 13 have successfully converged to the source lo-

cation. However, if the robot starts outside the plume or if it leaves the plume, then it will

continue to move straight and never returns because the sensory signal outside the plume

is weak. This is consistent with previous observations made by others, e.g. in (Consi et al.,

1995). When the robot is outside the plume, an exploration strategy is needed, for example
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by using a zigzag or a spiral trajectory (Hayes et al., 2002; Balkovsky and Shraiman, 2002).

In agreement with previous works, e.g. (Lilienthal and Duckett, 2003), we found that the

maximum of the sensor reading is not obtained at the source location but at 20 ± 9 cm

from the source (see Fig. 10 left or Fig. 11). As distance from the source increases, the

odor plume tends to spread both horizontally and vertically. Nevertheless, close to the

source, the plume has a limited height. Because the gas sensors on the robot cannot be

designed to be exactly at the same (unknown) altitude than the odor source, the chemical

concentration sampled near the source does not always match the distance to the source.

A better estimation of the source location could have been obtained by rotating the robot

at the location of the maximum and using a series of measurements, as in (Nakamoto et al.,

1996; Ishida et al., 1999; Lilienthal et al., 2004).

While navigating inside the plume, the robot encounters odor patches of various concen-

trations. Recognizing an odor regardless of its concentration is therefore a basic task

that is needed for tracking specific sources. For this goal, we have proposed a simple

biologically inspired spiking neural network using a synchronization coding scheme. The

connection delays represent a prototype pattern of the odor to be detected. A match be-

tween this prototype pattern and the current odor leads to spike synchronization and thus

recognition. When the odor concentration changes, the entire firing pattern is shifted but

synchronization is preserved. In order to set appropriate connection delays, two calibration

(or training) methods were proposed, a first one that requires the use of an olfactometer

with control of the gas concentration, and a second one which does not. This scheme was
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successfully tested on a discrimination task between butanol and ethanol with the two elec-

tronic noses mounted on the robot. The two different calibration methods lead to similar

results. The second calibration method is however the only one that can be implemented

on a real robot because of its simplicity, the parameters being just identified by a linear fit

from several measurements without requiring knowledge of the odor concentration (see Eq.

5). To the best of our knowledge, there exist a single work performing odor recognition on

an olfactory robot, by using a multilayer neural network (Marques et al., 2002). However,

the training procedure is complex, time-consuming and, thus, difficult to implement on a

real robot. Instead, due to its simplicity, our odor recognition spiking neural network is

particularly well suited for building dedicated VLSI circuits and/or for on-board imple-

mentations on real robots. When the robot moves continuously, the steady state of the

sensor responses may not be available but can be predicted from the transient response,

as shown in (Yamanaka et al., 1998).

As mentioned above in the discussion, future work is still necessary as extensions to this

research. In particular, work is ongoing to test the binary navigation law with two simul-

taneous, different odor plumes, where the robot is required to both identify and locate one

of the odor sources.
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Figure 1: Olfactory robot. (A) A Koala robot from k-team was equipped with two elec-

tronic noses (E-noses). Two inlet pipes (sniffers), separated by 18 cm, allow to sample the

surrounding atmosphere in front of the robot (at the left and right) and two pumps feed the

gas directly to the sensors in each E-nose. Data multiplexing, acquisition and processing is

performed on the robot. (B) Each E-nose consists of a plexiglas chamber that encompasses

a sensor array of ten metal-oxide sensors. (C) These sensors are commercialized with a

cap that has a flame-proof stainless steel gauze. In order to improve their response time,

the cap was removed from all the sensors in the array.
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Figure 2: Effect of the cap on the sensor response. The dashed curve is the response

of a gas sensor (TGS 2620) with the cap. The plain curve is the response of the same

sensor without the cap. The fluctuations in the source concentration are the same in the

two conditions. These fluctuations are not reflected in the dashed curve because it takes

tens of seconds for the response of the sensor with the cap to reach a steady state.
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Figure 3: Olfactometer. The gas delivery system for calibration method 1 consists of two

micro-pumps (Diaphragm pumps from Sercom 2002 0.35 l/min), two airflow controllers

(Tylan mass flow controllers 2900), one bubbler and a data acquisition system (the robot).

odor plume

240  c
m

Turbulent

120 cm

Ethanol source

Figure 4: Experimental arena. The experiments were performed in an arena of 240 cm

long by 120 cm large. An ethanol source was placed at x = 240 and y = 90 and released

at a low rate of 0.35 l/min. To get a turbulent plume, advection is created by a fan placed

just behind the source.
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Figure 5: Calibration method 1. The different panels (from sensor 1 at the top left

to sensor 10 at the bottom right) show the fitted steady state responses Rs/Ro of the ten

sensors in the array versus the concentration in butanol (15 different concentrations taken

in the range 700-3000 ppm). Rs and Ro is the resistance obtained in presence of the gas

and the air, respectively. The array is the E-nose at the left of the robot. The fits are

obtained with the power law model (Eq. 1).
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Figure 6: Butanol detector. The different panels show the arrival times of the spikes

fired by the input neurons in presence of butanol (circles) and ethanol (squares). Odor

concentration increases from test #1 to test #15. For each test, the concentration of

ethanol is similar to the one of butanol.
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Figure 7: Performance of the Butanol and Ethanol detectors, for the two cali-

bration methods, and for the two E-noses on the robot. The different plots show

the temporal jitter of the spikes received by the output neuron (butanol or ethanol detec-

tor). The black and white histograms are for the E-nose at the left and at the right of

the robot, respectively. The error bar represents one standard deviation, estimated as the

average over the temporal jitters obtained on the 15 different concentrations of butanol

and ethanol.
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Figure 8: Simulation of the navigation laws (noisy condition NC1). Sample tra-

jectories starting from different initial angles for the different navigation laws in the noisy

condition NC1 (multiplicative noise of standard deviation σ = 0.2). The odor source is at

(0,0). Wind is in the x-direction from right to left. Panel A is for the binary navigation

law. Panels from B to D are for the the analog navigation laws, L0, L1/2 and L1.
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Figure 9: Simulation of the navigation laws (noisy condition NC2). Sample tra-

jectories starting from different initial angles for the different navigation laws in the noisy

condition NC2 (probability of left-right inversion p = 0.3). The odor source is at (0,0).

Wind is in the x-direction from right to left. Panel A is for the binary navigation law.

Panels from B to D are for the the analog navigation laws, L0, L1/2 and L1.
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Figure 10: Robotic experiments. Left: Contour plot of the spatial distribution of a

sensor response in presence of the released gas. This distribution has been obtained by

scanning the arena with the robot moving at 2.5 cm/sec. The contour plot was obtained

by linear interpolation between neighboring measurement points and the indicated values

on the contours represent the obtained sensor responses (quantized with 10 bits) between 0

and 1024. The arena is 240 cm long by 120 cm large. The ethanol source (S) is at x = 240

and y = 90. Wind is in the x-direction from right to left. Right: Successful trajectories

(full lines) and unsuccessful trajectories(dashed lines) of the robot starting from the same

location (x = 70 and y = 70).
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Figure 11: Mean sensor reading versus distance to the source during the suc-

cessful robot trajectories. Two types of trajectories have been found, those for which

the sensor reading increases during the path towards the source (figure at the left) and

those for which the sensor reading does not always increase (figure at the right). Insets in

the figures represent the corresponding trajectories.
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