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Odor is closely bound up with people’s lives. Hazardous gases can do us more harm. It is now imperative to
take a deep dive into life odors in order to lessen the harm the hazardous gases cause to human body. In
modern times, the integration of mobile internet and odor source localization is a new trend of current study in
the field. A plume model is used herein to conduct a simulation experiment on odor source localization based
on the IoMT (Internet of Mobile Things). Study results show that: indoor simulation experiment has a very high
success rate, but there is a fuzzy effect of the step size and the sensor distribution radius on the success rate
of the odor source localization; if the step size and the sensor distribution radius are lesser, the success rate
of the odor source localization is subjected to the two to a certain extent and shows a downward trend. The
success rate of simulation experiment in the outdoor environment is significantly lower than that in the indoor
environment. Therefore, it is very important to choose a reasonable range of values in the simulation
experiment.

1. Introduction

Odor has a direct bearing on people’s lives. There are some gases in the air, which can cause great harm to
human body. In this case, it is imperative for us to probe into the odors in order to lessen the harm done by
these gases to human body (Li et al., 2011). The Internet of Things (l0T) is integrated with the Internet via a
number of small sense networks to fully grasp the intranet information communication, thus enabling individual
trace, location and surveillance (Lu et al., 2014). A hotspot in current study is to integrate the loMT and odor
source localization, so that the study of odor source localization based on the IoMT is bound to have a broad
application prospects in the fields of tracing hazardous gases and fire preventing (Esquivelzeta et al., 2017).
The study of the odor source localization mainly originated from the 1980s. Many experts and scholars at
home and abroad had made extensive studies on odor source localization at that time, and their efforts have
borne productive fruits. Some scholars used robots to simulate the location of odor sources (Sato et al., 2010;
Saxena et al., 2018); some applied fluid mechanics and stochastic process theory to the odor source
localization (Ishida et al., 2006; Kowadlo and Russell, 2006; Gardiner and Atema, 2007), and some also
introduced the visual localization for exploring it (Pyk et al., 2006; Frye et al., 2003). This paper, based on the
IoMT, conducts a simulation experiment with a smoke plume model to dive into the odor source location, so
that it has a strong practical application value.

2. Basic theory of plume model

The trajectory path formed by the diffusion of gas molecules in the air is called plume. As the impact of air
torrent cannot be predicted more accurately, the plume structure seems more complicated and the distribution
is uneven (Sumner, 2006). There are two types of plume model, i.e. static and dynamic models. In general,
static model is used to track odor sources, while dynamic model is mainly used in simulation experiments.

2.1 Static model

There are two types of static plume models, i.e. Gaussian and BM models. The assumptions that need to be
met in the application process are given as follows: no obstacles in the space, the wind speed remains
unchanged; the wind is in the positive direction of the x-axis; there is only one odor source, located at (Xs, Ys);
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the release rate q of the odor source remains unchanged (Agassounon et al., 2004). The gas concentration
value is obtained by the formula:

Clxiy 1) = g exp [ 3 (d = (xi = x0))] (1)

Where (x;,v;) is the sensor coordinate; C(x;,y;) is the concentration value of the sensor at (x;,y;); d is the
distance from the sensor to the odor source. The calculation formula is:

d= \/(xl - xs)z + (i — ys)z (2)

The static plume model effectively simplifies externally complex environment information. It is often used in the
estimation process, but in general, it cannot simulate more complex experiment environments (Goken et al.,
2010).

2.2 Dynamic model

Currently, the most widely used dynamic plume model is the atmospheric diffusion plume model. Odor source
releases puffs mainly composed of countless filaments which constitute a gas plume. Impacted by different
scales of vortices in the vortex, the filaments take on many forms of motion (Lu et al., 2013). If the filament is
smaller than the vortex, it, as a whole, will present a convective motion, expressed as va, which in turn forms a
curve; the filament motion deviating from the centerline of the plume is vm, and the filament will be changed to
be different shapes and sizes by small-scale vortex, expressed as vad.

The position of a single molecule in motion can be expressed as:

Pm = Vg tUn + Vg 3)

The concentration at x = [X, y, z] at time t can be expressed as:

molecules

Cxt =X G(x,t) (4)

cm3

The concentration produced by the filament i at coordinate x can be expressed as:

—r?(t)y molecules )

_ Q
Cilxnt) = VBm3RE(t) exp(—Ri2 (t)) cm3filament

Where, Ri is the radius of the filament i; Pi(t) is the coordinate of the center position.

1i(0) = llx — p;®Ollem (6)
The puff radius is subjected to change with time, and the law is:

R(®) = (R(0) +vt)* @)

R(0) and R(t) are the initial radius and the current radius of the filament, respectively. The gradient of the puff
radius is shown as follow:

daR _ v

=X (8)

dt 2R

The dynamic model features obvious discontinuities of plume. It is widely It is therefore widely applied in
outdoor simulation experiments with relatively complex environments (Muezzinoglu et al., 2009).

2.3 Plume discovery algorithm based on loMT

For the unknown environment, the Spiral algorithm is mainly used to search for plume, and expressed as
follows:

{xr(k) =k-a-w-cos(kw) + x(0) )

y-(k) =k a-w-sintkw) + y(0)

Its motion trajectory mainly presents a spiral shape, which is controlled with given parameters k, a and w, as
shown in Fig. 1.
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Robot motion path

\ Plume is found

Figure 1: Spiral algorithm search smoke plume schematic

Start point

The schematic diagram of the trajectory of loMT in the motion when the tracing the plume is shown in Fig. 2.

°y

Figure 2: Traced smoke plume trajectories by mobile sensor array

3. Simulation experiment of odor source localization

In the odor source localization, this paper mainly uses the success rate and location error as the most
important performance indicators. The layout of the sensor array presents a circle with a radius r, as shown in
Fig. 3.

Gas sensors anemometer
r

Figure 3: Traced smoke plume trajectories by mobile sensor array
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In the simulation experiment of the outdoor environment, there are mainly three phases, namely Spiral search
plume, LM algorithm plume trace and Spiral odor source declaration. In the indoor environment, the plume
search is not required. Therefore, in the indoor simulation experiment, there are only two phases, i.e. the LM
algorithm plume trace and the Spiral odor source declaration (Ding, 2018).

Before identifying the odor source, it is also required to determine whether the plume has been traced around
the odor source. If this is the case, it will be able to preliminarily estimate the location of the odor source and
stop tracing, otherwise, it continues to trace the plume. When searching for and tracing the plume, we need to
continuously record and update the measured sensor coordinates (xmax, ymax) that correspond to the
maximum concentrations, and then the Spiral verification algorithm can be performed, as shown in Fig.4.

e“\

(Xmax 9 Ymax)

Figure 4: Spiral algorithm confirms the smell source

During indoor and outdoor simulation experiments, the focus is to explore what's effect the different step sizes
and the distribution radius of the sensor will have on the localization of the odor source.

In the indoor simulation experiment, the step sizes for the plume trace are set to 10 cm, 20 cm, 30 cm, 40 cm,
and 50 cm, respectively. The distribution radii r of the sensor are set to 0.1 m, 0.2 m, 0.3 m, 0.4 mand 0.5 m
for simulation experiments, respectively. If the distance between the coordinate estimated at last and the odor
source coordinate after odor source declaration does not exceed 0.5 m, it means that the odor source
localization is successful. Simulation data of the location success rate and error accuracy under different
combinations are shown in Table 1 and Table 2.

Table 1: The success rate of odor source localization under the indoor simulation environment

10cm 20cm 30cm 40cm 50cm
10cm 85% 85% 100% 95% 85%
20cm 95% 95% 80% 100% 95%
30cm 95% 95% 100% 90% 95%
40cm 80% 95%  100% 100% 95%
50cm 95% 95% 100% 100% 95%

Table 2: Location error of odor source localization in indoor simulation environment (unit cm)

10cm 20cm 30cm 40cm 50cm
10cm 5.3 6.8 4.9 7.2 9.9
20cm 5.3 6.7 4.2 5.6 9.3
30cm 85 6.7 5.9 10.3 10.6
40cm 7.2 5.6 9.7 7.5 10.5
50cm 6.7 5.4 7.8 8.4 15.7

Data in the tables 1 and 2 are the average values obtained from more than twenty simulation experiments. It is
found from data listed in the table that the success rate of the indoor simulation experiment is much higher,
and there is a fuzzy relationship between the step size, the sensor distribution radius and the odor source



119

localization. However, the success rate of odor source localization will be subjected to and decline if the
distribution radii of step size and sensor get lesser. It is also found that the average localization error shows an
upward trend as the sensor radius increases.

In the outdoor environment, attacked by the wind, the plume will change its movement direction, which affects
the sensor's measurements on the concentration. The outdoor simulation results are shown in Tables 3 and 4.
It is found from data in the table that, compared with the indoor simulation experiment, the success rate of the
outdoor simulation is obviously lower. Like the indoor simulation experiment, there is also a tiny effect that
step size and sensor distribution radius play on the success rate of outdoor simulation experiment, but when
the step size falls within 250cm-400cm and the sensor distribution radius reaches 50cm or 60cm, the success
rate of the simulation experiment gets higher. The success rate of simulation experiments is relatively high (Li
and Fu, 2018). When the step value takes [100,500] and the sensor distribution radius falls within [30, 70], the
odor source localization error does not depend on the specific values of the sensor distribution radius and the
step size.

Table 3: The success rate of odor source localization in outdoor simulation environment

30cm 40cm 50cm 60cm 70cm
100cm 65% 40% 75% 85% 60%
150cm 75% 60% 85% 80% 55%
200cm 65% 60% 95% 90% 30%
250cm 80% 65% 90% 100% 50%
300cm 60% 60% 100% 100% 20%
350cm 65% 50% 95% 90% 35%
400cm 85% 40% 100% 95% 40%
450cm 70% 80% 100% 100% 45%
500cm 75% 80% 90% 95% 30%

Table 4: Location error of odor source localization in outdoor simulation environment (unit cm)

30cm 40cm 50cm 60cm 70cm
100cm 175 11.4 124 174 11.3
150cm 19.7 11.7 11.6 12.6 12.8
200cm 10.2 11.7 11.9 11.7 125
250cm 12.3 10.4 124 113 10.3
300cm 14.6 15.3 11.3 12.3 15.3
350cm 125 12.6 14.2 13.6 16.2
400cm 11.7 12.8 13.7 12.3 11.9
450cm 114 117 12.9 11.5 125
500cm 13.5 13.5 11.3 10.5 13.2

As described above, we can find that over high or too low step size and sensor distribution radius will lead the
success rate of the simulation experiment to declining. Therefore, it is very important to select a reasonable
range of values in the simulation experiment. In addition, the step size and the sensor distribution radius have
a little effect on the error of the final odor source localization, and there is no obvious correlation between
them.

4. Conclusion

Simulation experiment is conducted on the location of odor sources based on the IoMT in the indoor and
outdoor environments, respectively. The results show that indoor simulation experiment has a very high
success rate; there is a fuzzy relationship between the step size, the sensor distribution radius and the
success rate of the odor source location, but too low step size and sensor distribution radius are lesser will
have a certain negative effect on the success rate of the odor source location.

The success rate of the simulation experiment in outdoor environment is significantly lower than that in indoor
environment. Step size and sensor distribution radius all have a little effect on the experimental success rate.
however, when the step size falls within 250cm-400cm and the sensor distribution radius is 50cm or 60cm, the
success rate of the simulation experiment gets higher.

When the step size and the sensor distribution radius are too high or too low, the success rate of the
simulation experiment will decrease. Therefore, it is very important to select a reasonable range of values in
the simulation experiment.
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