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Abstract. Macroscale molecular communication (MC), which has a
potential for practical applications, is a promising area for communi-
cation engineering. In a practical scenario such as monitoring air pol-
lutants released from an unknown source, it is essential to estimate
the location of the molecular transmitter (TX). This paper presents a
novel Sensor Network-based Localization Algorithm (SNCLA) for pas-
sive transmission by using a novel experimental platform which mainly
comprises a clustered sensor network (SN) with 24 sensor nodes and
evaporating ethanol molecules as the passive TX. With the usage of
the SN concept, novel methods can be developed for the problems in
macroscale MC by utilizing the wide literature of sensor networks. In
SNCLA, Gaussian plume model is employed to derive the location esti-
mator. The parameters such as transmitted mass, wind velocity, detec-
tion time and actual concentration are calculated or estimated from the
measured signals via the SN to be employed as the input for the location
estimator. The numerical results show that the performance of SNCLA
is better for stronger winds in the medium. Our findings show that evap-
orated molecules do not propagate homogeneously through the SN due
to the presence of the wind. In addition, the estimation error of SNCLA
decreases for higher detection threshold values.

Keywords: Macroscale molecular communications © Sensor networks -
Localization

1 Introduction

Molecular communication (MC) which employs chemical signals for information
transfer is an emerging area in the last century for communication engineers [1,
11,33]. The motivation of MC is that electromagnetic wave-based communication
is not suitable for some environments such as human body in microscale [3]
or infrastructures comprising pipes in macroscale [15,38]. The applicability of
MC systems in such environments makes the MC a prominent communication
paradigm for future applications.
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In the literature, experimental platforms are proposed for macroscale MC.
The first pioneering experimental platform consists of a transmitter (TX) which
emits alcohol molecules with a fan behind it, and a receiver (RX) which is an alco-
hol sensor [8]. The data rate performance of the MC system in [8] is increased by
employing multiple transmitters and receivers, i.e., multiple input multiple out-
put (MIMO) technique [22,23]. In [10], an experimental platform which encodes
the information symbols by the pH level of the emitted chemicals is proposed.
It resembles the human cardiovascular system by using peristaltic pumps as the
TX. [41] proposes a similar system given in [10] by using magnetic nanoparticles
instead of chemicals. Another experimental platform is accomplished by using
an odor generator as the TX and a mass spectrometer as the RX [12,27,28].
Furthermore, MC is proposed to be used in mobile robot platforms [42,45]. In
[45], an algorithm is proposed for mobile RX robots to move towards a static
sprayer, similar to a bacteria swarm.

The studies employing these experimental platforms are mostly about chan-
nel modeling [9,21,24] or just showing that information transfer can be accom-
plished. However, the estimation of channel parameters such as the number (or
mass) of molecules, velocity of the flow in the medium and the distance between
the TX and RX is generally not studied for practical scenarios. Especially, the
estimation of the distance is important, since the channel parameters can be con-
figured for more efficient communication by estimating the distance accurately
[2,7,34]. Furthermore, the distance estimation can also be employed to locate a
molecular source in an environmental monitoring application or a virus source
propagating through breath in the air [20]. Most of the distance estimation meth-
ods which can be classified as two-way and one-way methods are proposed in
microscale. In two-way methods, the RX sends a feedback signal to the RX after
receiving a pilot signal sent by the TX [29-31]. In one-way methods, the RX
estimates the distance from the transmitted signal of the TX [19,25,35,43,44].
All these distance estimation methods are based on the diffusion of molecules in
an ideal microscale channel. Only the study in [13] proposes distance estimation
methods, which are based on data analysis and machine learning, for a practical
macroscale scenario by using experimentally obtained data. It is hard to deter-
mine the exact location of the TX with only the distance information. Therefore,
localization methods are needed for multi-dimensional practical scenarios. In the
literature, a localization algorithm is proposed by using a mobile search robot as
the RX moving towards the source according to molecule concentration gradi-
ent for a long range underwater scenario [37]. However, the performance of this
algorithm is not known for a practical scenario.

All of the platforms given above focus on active transmission of molecules
such as sprayers or pumps. However, there is not any platform to understand the
dynamics of macroscale MC with passive transmission such as evaporating toxic
molecules from a threatening source through the air. Moreover, there is not any
experimentally validated localization method for practical macroscale scenarios.
Within this context, we propose a novel experimental platform for macroscale
MC applications and a novel localization algorithm by using this platform.
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Firstly, our experimental platform consists of a passive source which include
freely evaporating ethanol molecules. The experimental platform is placed in a
fume hood which is a closed box to provide controlled conditions. Evaporating
molecules are detected by a sensor network (SN) which includes 24 MQ-3 alcohol
sensor nodes in a rectangular order. The novelty of our experimental platform
lies in the usage of the SN which can pave the way to novel methods by adapt-
ing techniques from the SN literature. Moreover, the concept of employing a
SN can be applied for different practical scenarios such as the localization of an
underwater molecular TX.

Secondly, the Sensor Network-based Clustered Localization Algorithm
(SNCLA) is proposed for the localization of a passive molecular TX as a proof-
of-concept application employing our experimental platform. The SN is divided
into four clusters. Primarily, the Gaussian plume model which is employed widely
in the meteorology literature to model the movement of the pollutant particles in
the air is given as the system model. As for the SNCLA, the location estimator
is derived for the sensor node pairs in each cluster. In order to use the loca-
tion estimator, some experimental parameters such as the actual concentration,
transmitted mass and the wind velocity are required to be estimated or calcu-
lated. To this end, the measured sensor voltage is smoothed by using a moving
average filter and a detection is made according to a predetermined detection
threshold voltage. The measured sensor voltages at the chosen threshold voltage
are converted to actual concentration values via the sensitivity response of the
sensors. The detection time of the SN is employed to estimate the velocity of
the wind in the medium for four directions on the x — y plane. The estimated
wind velocity is taken as the input for the mass calculation of the evaporated
molecules. The location estimator employs all these estimated/calculated values
as the input. Finally, SNCLA determines two clusters according to the magnitude
of the wind velocities estimated for the four directions and makes the location
estimation for the sensor nodes in these clusters. The numerical results show
that SNCLA performs better, when the wind velocity is higher. Furthermore,
the average detection times for all of the sensor nodes are given to show the
propagation pattern of the evaporating molecules. Surprisingly, the evaporating
molecules do not propagate in an isotropic fashion. It is observed that there is
always a wind in the medium that affects the propagation of molecules. In addi-
tion, cluster error is defined as an error metric to evaluate the performance of
the clusters in the SN. It is shown that cluster errors decrease and more stable
results can be obtained for higher detection thresholds.

The remainder of the paper is organized as follows. In Sect. 2, the experimen-
tal platform is given in detail. Section 3 introduces the system model on which
the SNCLA is based. The SNCLA is presented in Sect.4. The numerical results
are shown and analyzed in Sect.5. Finally, the concluding remarks are given in
Sect. 6.
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2 Experimental Platform

In this section, the experimental platform which is employed for the localization
of a molecular transmitter using a SN is introduced. As shown in Fig.1, this
platform consists of a TX and a SN placed inside a fume hood, which is a
closed cabinet to conduct chemical experiments at controlled conditions without
being exposed to chemicals. The TX includes a pipette pump, two pipettes, a
rubber hose and a circular petri dish. The pipette connected to the tip of the
pipette pump is filled with liquid ethanol before the transmission. When liquid
ethanol is pumped through the rubber hose, it fills the petri dish which has a
radius of 2.25cm. The petri dish is deployed at the midpoint of the SN. The
transmission is realized by the evaporation of ethanol molecules in the petri
dish at room temperature (25°C). After the transmission, evaporated ethanol
molecules propagate in the air.

PIPETTE PUMP

\

IRUBBER HOSE

Fig. 1. Experimental platform.

The SN consists of 24 MQ-3 alcohol sensor boards (or nodes), a power sup-
ply and two Arduino Mega microcontroller boards which are connected to a
computer. The sensor nodes are placed on a rectangular surface of 60 x 60 cm.
The distance between two adjacent nodes on the horizontal and vertical axis is
15cm. Each sensor board has a 1k} load resistor on it in order to generate a
voltage to be an analog input signal for the microcontroller board. As shown in
Fig. 1, while fourteen of the sensor nodes are wired to the first Arduino micro-
controller board, ten of them are connected to the second Arduino board. In
order to synchronize the TX and SN, the nodes start to receive signals as soon
as the petri dish is filled with 5ml of liquid ethanol. Next, the system model
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to explain the propagation of evaporated molecules employed in the proposed
experimental platform is given.

3 System Model

This section details the system model on which the localization algorithm is
based. In macroscale MC, diffusion-based models are employed to explain the
propagation of molecules through the air [9,27,45]. Unlike macroscale experi-
mental studies in the literature, molecules are released by evaporation at room
temperature in our scenario. Since there is not any applied force for the emission,
we can classify it as a passive transmission. The absence of the force applied to
this emission makes molecules susceptible to the effects of wind or flows in the
air, even at low velocities. Actually, there is almost always a slight wind in the
air [17]. Considering the passive transmission of molecules and winds in the air,
Gaussian plume model, which is widely used in the meteorology literature for
the dispersion of air pollutants, can be applied for our scenario to model the
propagation of evaporated molecules. By using the conservation of mass, the
equation below can be written as [40]

o +V-J=25, (1)
where S is the source term, J and C represent the mass flux and concentration
of evaporated molecules, respectively. Here, the mass flux can be given as the
summation of diffusive flux J_fg, which stems from the turbulent diffusivity in
the atmosphere, and the advective flux .J,, stemming from the wind velocity ().
Hence, the mass flux is given as

= —

J=Jp+J,=-KVC + (4, (2)

where K = diag(K,, K,, K,) is a diagonal matrix showing the turbulent diffu-
sivities in three dimensions. Thus, (1) takes the form of the equation which is
known as the atmospheric diffusion (or dispersion) equation as given by [40]

%+V-(Cﬁ):V~(I?VC)+S. (3)
In our scenario, we define the TX at the position (xr, yr, 27) as an instantaneous
source to have a time-dependent solution in (3). In fact, our experimental plat-
form is in a sufficiently small scale so that the TX can be considered as a source
releasing molecules in an instantaneous puff. Furthermore, the wind velocity is
defined with two components in z and y axes, i.e., u, and u,. It is assumed that
the plane at z = 0 is a reflective plane and there is not any other boundaries. For
the source term which is defined as S = " 6(z —27)0(y —yr)d(z —21)d(t) where
mrp is the transmitted mass and §(.) is the Dirac delta function, the solution of
(3) is given as [6]



322 F. Gulec and B. Atakan

(nt) =3 *my (z —ar —ugt)® (v —yr —uyt)®
t = - -
C’(;v,y,z, ) S(KmeKz)l/QeXp 4Kt 4Kyt
(z — 27)? (2 + 27)2
_ 2T AT A A 4
X |:exp( 1Kt + exp 1Kt ;4
(zt27)2

which is known as the Gaussian puff solution. Here, e~ #K:t  represents the
reflection of the plume from the ground. In the literature of atmospheric dis-
persion, the turbulent diffusivities are defined in terms of dispersion parameters
such that 02 = 2K,t, o7 = 2K,t, 02 = 2Kt [39]. Hence, (4) is rearranged as

B me (. —xp —ugt)®  (y —yr — uyt)?
Cla,y,2,t) = (2m)3/ 20,040 P (_ 202 B 202
T z T Yy

() () 0

The advantage of this conversion is to determine the dispersion parameters
(0z, 0y, 0-) by using empirically derived models which depend on the distance
between the TX and RX. According to the model given in [5] which is widely
used in the meteorology literature, o, and o, for stable air conditions as in our
case are calculated by

o 0.04r (6)
Y (14 0.00017)0-5
0.0167
_ 7
(1 + 0.0003r) Q

O, —

where r is the distance to the source in meters and o, can be approximated
as 0, =~ o, [6]. Regarding these empirical models in (6) and (7), the effect of
the dispersion parameters on the system model are negligible, since the scale of
our SN is small (60 x 60 cm). Therefore, the dispersion parameters are defined
as constant values. In our scenario, the SN and TX are all deployed at z = 0.
Accordingly for each sensor, the concentration is given as

mr (
exp | —
V2730,0,0., 202 205

where (z; ;, ;) and ¢; ; show the location and detection time of the node N; ;
which is in the 7*" row and j* column of the SN, respectively. Here, i = 1, ..., M,
and j =1,..., M..

In addition, the deployment of the sensor nodes are illustrated in Fig. 2. It
is assumed that each sensor node knows its location in the Cartesian coordinate
system. As shown in this figure, the SN is divided into four clusters. These
clusters are employed for the localization algorithm of the TX in MC as given
in the next section.

L — unts )2 L — s )2
Cij= (Tij — T — Uzli ;) (Yij — yr — uytij) ), (8)
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Fig. 2. The deployment of the sensor nodes and TX.

4 Sensor Network-Based Clustered Localization
Algorithm

In this section, Sensor Network-Based Clustered Localization Algorithm
(SNCLA) whose block diagram is given in Fig.3 is proposed. First, the loca-
tion estimator is derived using the system model given in Sect.3. Then, the
estimation and calculation of the required parameters for the location estimator
is detailed. At the end of this section, SNCLA is detailed by employing all the
estimated and calculated parameters.

P @ )
Uy o Uy, s Uxy Uy,

Transmitted Mass | "7
Calculation Location Estimator

Wind Velocity
Estimation

Uy, Uy

Measured
Sensor
Voltage

.91

Signal Preprocessing
and Detection i)

Fig. 3. Block diagram of the SNCLA.

Sensitivity Response
of the Sensor

4.1 Derivation of the Location Estimator

In order to derive the location estimator, (8) can be written as

\/ﬁazoyozCi,j ~exp (_ (ij — o1 —uastij)®  (yij —yr — Uyti,j)Q). o)

mr 202 2072
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When the natural logarithm, i.e., In(.), of both sides is taken, then (9) is given
by

I [(V2rP0e0y0:Ciy | | (@ig —er —uatiy)® (g — yr —uytiy)? (10)
mr 202 202 '

\/5(7\')3/201, 0,0.C; ;
mr

For convenience, let n; ; = In ( ) Hence, the final equation for

the location estimator is given by

(ij — 27 — ugti ;) n (ij — yr — uytij)

2
;=0 11
202 20 g =0 (11)

2
Y

For two sensor nodes, a system of nonlinear equations can be generated using
(11) where 27 and yr are the variables and the other parameters are constant.
Since the solution of this system is not easily tractable, numerical methods can
be used to obtain the solution as detailed later in this section. In order to solve
these equations, parameters such as C; ;, t; j, m and wind velocity values are
required to be estimated or calculated.

4.2 Signal Preprocessing and Detection

In our experimental platform, the concentration is measured as a voltage value
from the sensor nodes. Due to the random movements of molecules, there are
fluctuations on the measured sensor voltage. In order to detect the signals more
accurately, the received signal by the sensor is needed to be smoothed via remov-
ing the fluctuations. Therefore, a moving average filter is employed as defined
by [36]

yin] = %ZC[n—k]. (12)

where C[n] is the measured sensor voltage, y[n] and L are the output and window
size of the filter, respectively.

When there is no transmission from the TX, the sensors still output a positive
voltage value which is defined as the offset level, i.e., 4, ;. Since the offset levels
of the sensors can be different, the threshold voltage (v;;) is defined for each
sensor node by employing a constant detection threshold amplitude (Ar) as
given by

Yij = Aoi,]’ + Ar. (13)

In order to calculate A,, ;, the first p samples of the received signal is averaged
before the moving average filter. After ; ; is determined for each sensor node,
the time instances that each sensor reaches the ; ; value in y[n] is recorded as
t;;. These ¢; ; and ~y; ; values are employed as input for velocity estimation and
the sensitivity response of the sensor, respectively.
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4.3 Sensitivity Response of the Sensor

Sensor voltage is obtained via a sensor measurement circuit on the MQ-3 sensor
boards which is shown in Fig. 4. As the concentration around the sensor changes,
its resistance (Rs) changes. Hence, the molecule concentration is converted to
an electrical signal via the circuit in Fig. 4 where V,,; gives the output voltage.
Using this circuit, Ry is derived as

R, = Vi —1) Ry, 14
(7= -1) (14)

Vout

Fig. 4. Measurement circuit of the sensor board.

where V;,, shows the DC input voltage and R; is the load resistance. For each
concentration value, the sensor has a different Ry value. The sensor resistance
can be normalized by dividing Rs to R, where R, is the sensor resistance mea-
sured at the concentration value of 0.0004 kg/m?* which is the minimum concen-
tration level MQ-3 sensor can measure [18]. According to its datasheet, MQ-3
sensor has a sensitivity characteristic which maps each concentration value to
the normalized resistance value (Rs/R,) [18]. This sensitivity characteristic can
be expressed as a sensitivity function

R, Vin R
f(Cij) R, (Vout > R (15)

where C; ; is the actual molecule concentration around the sensor and R;/R, is
given by substituting (14) into (15). By employing the values in its datasheet,
f(Ci,;) can be obtained via curve fitting technique. Nonlinear least squares
method that minimizes the sum of the square errors is employed to fit the
datasheet values of the MQ-3 sensitvity characteristic. As the result of the curve
fitting, f(C; ;) is given by

F(Cig) = a1 (Cij)™ +du, (16)

where a1, by and dy are the curve fitting parameters. By employing Levenberg-
Marquardt algorithm, these parameters are estimated as a; = 0.0116,
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b=—0.5855 and d; = —0.0743 with a Root Mean Square Error (RMSE) value
of 0.0371 [16]. The sensitivity response of the MQ-3 sensor is also employed in
our study [14] which is a part of the signal reconstruction approach of the RX
in macroscale. The signal reconstruction of the RX is first proposed in [4] in
order to investigate how the actual concentration around the RX is sensed in
microscale.

In order to find the molecule concentration for the given detection threshold
voltage, Vot is set as 7;; in (15). (15) and (16) are combined to obtain the
equation as given by

Vin R N
( B 1) B )+ (a7)
Vout

As the result of the sensitivity response of the sensor, (17) is manipulated to
obtain C; ; which is given by

Cij=

. N R — o (1/b1)
(‘/;an PY'LJRZ dl’Yz,jRo> ] (18)

Vi,j Roa1

4.4 Wind Velocity Estimation

After the threshold voltages (v; ;) and detection times (¢; ;) are obtained for
each sensor, the wind velocity flowing over two sensor nodes can be estimated
in x and y directions as given by

_ |!E2—$1| _ |y2—y1|
to—t1 Y tg—t;

(19)

where (z1,y1) and (z2,y2) are the coordinates for the first and second sensor
node, respectively and ¢; and 9 are the detection times for the first and second
sensor node, respectively. For our scenario, (19) is generalized by averaging the
wind velocities estimated by the sensor node pairs in the corresponding cluster
defined in Fig. 3 for four directions according to the formulas given below

Uy = =S % ul = L % [Zin = @il Cluster-1 (—x direction) (20)
M, = = M, = (tix —ti2)’

0. = L S ul? = L i [2i5 = Tia Cluster-3 (+x direction)  (21)
T+ M, P T+ M, P (t7,75 t7;74) ’

M M,
_ 1 S [y5.5 — ya ] . .
Uy, = 31 2 uéjj = ﬁ g (bs.s = t4,j) Cluster-2 (+y direction) (22)
| M M, | |
Uy = 57 Zug{) Z Wiy 79231 Cluster-4 (—y direction) (23)

(tl,y t2,a)
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where u{] and u{/) show the instantaneous wind velocity of the i*" and j** sen-
sor node pair in the corresponding direction (or cluster), respectively, ., and
Uy, show the average of these sensor node pair velocities in the corresponding
direction (or cluster), respectively, z; ; and y; ; indicate the horizontal and ver-
tical position of the sensor node IV; ; given in Fig. 2, respectively and M, and
M, are the total number of rows and columns of the SN, respectively. Here,
the instantaneous velocities whose values are negative are not considered for the
velocity estimation. During the experiments it is observed that the wind blows
stronger in one direction which means that it can only have at most two velocity
components among the estimated velocities in four directions. Therefore, u, and
u, are defined as:

Uy = Max(Ug_, Uy, ), Uy = Max(Uy_, Uy, ). (24)

4.5 Transmitted Mass Calculation

The estimated values of u, and u, are used to calculate the evaporation rate of
ethanol in the air (Q.). For the wind blowing over a surface with a velocity u at
room temperature (25°C), Q. (kg/m?s) is given by [26]

Qe = ™, (25)

where hy = 4 x 107kg/m* and u = ,/u2 +u2. In order to find the mass

flow rate of evaporated molecules, i.e., @ (kg/s), which is defined as the mass
flowing through a surface per unit time, @ = Q. A where A is the surface area of
evaporated molecules, i.e., the surface area of the petri dish for our case. Here,
the instantaneous puff of the TX which is represented by §(¢) in the system
model is approximated by a pulse with a short emission time (T.). Hence, the
transmitted mass can be calculated as [32]

mr = QT, = QeATe- (26)

4.6 Operation of the SNCLA

Thus far, the required input parameters for the location estimator (see Fig.3)
are obtained. By using these parameters, Algorithm 1 is proposed for the local-
ization of the TX. In this algorithm, two clusters are chosen according to the
direction of the wind velocity on x and y axes. For instance, if the wind blows
stronger in the +x direction on the z-axis and +y direction on the y axis, then
the node pairs in Cluster-3 and Cluster-2 are chosen for the location estima-
tion. Similar to the wind velocity estimation, the node pairs whose absolute
instantaneous wind velocity value is negative are not considered for the location
estimation. Afterwards, the equation pairs given in (27)—(30) are solved for zp
and yr according to the chosen two clusters. The solution for each of two equa-
tions gives the estimated coordinates of the TX, i.e., Z7 and gr. The solutions of
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Algorithm 1. SNCLA

1: input: 4y, , Uy, , u

(4) w m
x4y Yyt THT,

€]

Ci’j, ti’j for all ¢+ = 1,...,]\47n7 j = 1,

2: if (uz == u,_) and (uy, == uy, ) then

11:
12:
13:
14:

else

end

Calculate (27, yr) by (2
Calculate (zr, yr) by (30

if

Calculate (27, y7) by (27) for Cluster 1
Calculate (2r,yr) by
else if (uy; ==u,_) and (u
Calculate (27, yT) by
Calculate (2r, yr) by
else if (u; == us, ) and (uy, == u, ) then
9: Calculate (27, yr) by
Calculate (2r, yr) by

(28) for Cluster 2
(uy_ == uy+) then
(27) for Cluster 1
(30) for Cluster 4
(uy
(28) for Cluster 2
(29) for Cluster 3
9) for Cluster 3
) for Cluster 4

(27)—(30) are too long to write in this paper. Instead, these equations are solved
numerically as given in the numerical results.

(g =27 —uotin)® | (ar —yr —wti)*
2 2 i,1 — .
202 203 i=1,...,M,. (27)
(i — 21 —uytin)® (Y2 —yr — uytio)? _0 (Cluster-1)
202 + 202 t iz =
x y
55 — ts;)* 5.0 — YT — Uyts ;)°
(x5, — 2 _ ugts,;) + (y5,5 — yr _ uyts,;) + s, =0
2Uz 20'y j= 1,. 28)
(g — o —usta)® | (Wag —yr —uytag)® g Cluster 2)
202 207 7
R _ t 2 L _ t. 2
(951,5 T _ Ug 1,5) + (%,5 yr _ Uy z,5) Y5 =0
20m 20'y 1= 1 (29)
(xia —xT — uyti,4)2 + (Yia —yr — uyti,4)2 ma =0 Cluster 3)
202 202 i
T Y
(1) —or —ustiy)® | (g —yr —uwtiy)®
2 902 L
2 v i=1L. 30)
(w25 — a1 —uglaj)® | (Y2, — yr — uyta ;) 0 Clubter 4)
202 + 202 t 2=
z y

5 Numerical Results

In this section, numerical results of the SNCLA is given. 25 measurements each
lasting 180 s were performed with the experimental platform. There were at least
30 min left among adjacent measurements in order to decrease the concentration
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Table 1. Experimental parameters.

Parameter Value
Number of measurements (M, ) 25
Detection threshold amplitude (Ar) 0.055 V
Emission time (7%) 0.1s
Actual TX location (zr,yr) (0.3,0.3) m
Area of the petri dish (A) 0.0024 m?
Input voltage of the sensor board (Vi) |5V

Load resistance (R;) 1 kQ

Sensor resistance at 0.0004kg/m? (R,) |24 kQ

Standard deviation of the Gaussian 0.0115m, 0.0115m, 0.0046 m
concentration distribution on the x, y
and z axis (0z,0y,0%)

Number of samples to be averaged for |3
the offset level A,, ; of the sensors (p)

Window size of the moving average 7
filter (L)

level with the ventilation of the fume hood. The ventilation was not used during
the measurements.

The experimental parameters are given in Table 1. Among these parameters,
R, is calculated by employing output voltage (V) of the sensor measurement
circuit. According to the MQ-3 sensor datasheet, its detection scope is between
5 x 1075 and 1072 kg/m?3 [18]. This detection scope is scaled for V,,; values
between 0 and 5 V. Thus, 0.0004 kg/m? corresponds to Vy,; = 0.2V which is
used to calculate the sensor resistance value via (14). As mentioned in Sect. 3,
the dispersion parameters (o,,0,,0,) are assumed as constant values. For our
experimental scenario and according to (6)—(7), the ranges of o, and o, are
0.006-0.017 m and 0.0024-0.0068 m. Therefore, o, and o, are chosen as the aver-
age values of these ranges. o, is also taken as equal to o, [6]. The window size of
the moving average filter (L) and number of samples to be averaged to determine
the offset level (A,, ;) of the sensor node N; j, i.e., p, is determined empirically
for our experimental scenario. In addition, the detection threshold amplitude
(A7) is also chosen as an empirical value in order to have accurate estimations.
However, the error values for a range of Ay values are also given in Fig. 8.

The estimation results for each cluster are shown in Fig.5. For the experi-
mental values, Zr and gy have two complex conjugate roots for each. Therefore,
only real parts of the solutions are considered for the numerical results. As shown
in Fig. 5, there are more results for Cluster-1 and Cluster-2, since the wind veloc-
ity is mostly in —z and +y direction for our measurements. The results of these
two clusters are also more accurate than the other clusters, since the wind blows
stronger in —z and +y direction than the other directions. The accuracy of these
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Fig. 5. Estimated points using SNCLA for each cluster.
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Fig. 6. Estimated points using SNCLA for all clusters without outliers.

clusters are more clearly depicted in Fig. 6. This figure shows the results of the
best ten measurements in the same scale for a better visual perception of the
figure. When the wind velocity is higher, SNCLA gives better results, since the
effect of the dispersion of evaporated molecules decreases.

In Fig. 7, the average of the detection times for each sensor node is given as
a heatmap. This figure verifies the direction of the wind by the detection times.



Localization of a Passive Molecular Transmitter with a Sensor Network 331

- “H i
50

11.64 4.288 2475 . 40

30
23.81 52.01 19.66 20

-

Row Number

Column Number

Fig. 7. Average of the detection times for each sensor node.

Interestingly, there is no detection for the given threshold for the sensor node
Ns 3. Actually, there are also very few detections for the other sensor nodes
in the third column of the SN. According to these observations, some of the
evaporated molecules move in the same direction with the wind whereas the rest
of the molecules move mostly in the opposite horizontal direction of the wind
due to the initial puff of the TX.

For the last part of the numerical results, an error metric, which is called
Cluster Error (e.), is defined for each cluster by

M M
R P —
i — Z \/( T — ac(Tz) + (yr — yng)?, Cluster 1,3 (31)
Ti=1 T k=1
€ =
1 M, 1 M,

— ) — \/(xT — :v(TJ))z + (yr — ?Q(TJ:P, Cluster 2,4 (32)

where M, is the number of the measurements and (ng), @§3)) show the estimated

points for the ¥ node pair in the corresponding cluster at the k" measurement.
In our case, there are M, = M, = 5 node pairs for each cluster. First, the
Euclidean distance between the actual and estimated points are calculated for
each node pair in the cluster. Then, these distances for all the measurements are
averaged. This process is repeated for each node pair in the cluster. The results
of €. for Ar values between 0-0.15V with 0.001 V steps are given in Fig. 8. For
higher threshold values, Cluster-1 and 2 outperform the other clusters due to
the higher wind velocities. For lower thresholds, Cluster-3 has better results due
to the lower number of detections. Figure8 also shows that the choice of the
detection threshold for lower error is significant which is left as an open research
issue.
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6 Conclusion

This paper presents a novel experimental platform for macroscale MC and a
novel algorithm for the localization of a molecular TX with a sensor network
of four clusters, i.e., SNCLA. In our experimental platform, the molecular TX
emits molecules by evaporation at room temperature and the signals are received
with the SN. First, Gaussian plume model is given as the system model for our
scenario. Based on this system model, a location estimator is derived. Then,
estimation/calculation methods for the unknown parameters in the location esti-
mator such as detection time, transmitted mass, wind velocity and the actual
concentration are proposed. Finally, SNCLA is explained by combining all these
estimated/calculated parameters. In SNCLA, the estimated location of the TX
is based on the estimated wind velocity direction and the derived location esti-
mator. SNCLA gives more accurate results for the clusters in the same direction
with the wind for higher detection threshold values. Since the Gaussian plume
model on which the SNCLA is based is employed for longer distances in the
meteorology domain, it is anticipated to have more accurate results on larger
scales with the proposed SNCLA. As the future work, we plan to improve this
model on larger scales and adapt different localization algorithms from the sensor
network literature with MC perspective.
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