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Abstract—In this paper, we present an experimentally validated end-to-end channel model for molecular communication
systems with metal-oxide sensors. In particular, we focus on the
recently developed tabletop molecular communication platform.
Unlike previous work, this work separates the system into two
parts– the propagation and the sensing. Based on this separation,
a more realistic channel model is derived. The coefficients in
the derived models are estimated using a large collection of
experimental data and it is shown how the coefficients change
as a function of different system parameters such as distance,
spraying duration, and initial condition. Finally, a noise model is
derived for the system to complete an end-to-end system model
for the tabletop platform that can be utilized with various system
variables. Using this new channel model, we propose a multilevel modulation technique that represents different symbols with
different spraying durations while still providing more feasibility
and less computational complexity in practice.
Index Terms—Nano communication, molecular communication, channel model, tabletop platform, metal-oxide sensor, experimentation, and experimentally validated models.

I. I NTRODUCTION

W

ITH the development of nano technology, different
kinds of nanoscale machines are being developed such
as nano-sensors, nano-motors, or nano switches, and the 2016
Nobel laureates in chemistry were those who developed the
world’s smallest machines [1]. Along with this trend, networks
of these machines are also gaining a lot more interest to
create nano networks [2]. The traditional wireless technologies
based on radio frequency is one of the options utilizing
nano-antennas or nano-transceivers [3], [4]. Another one is
molecular communication, inspired from biological systems,
that may have several advantages over the traditional wireless
technologies due to its scale, energy efficiency, and biocompatibility [5], [6]. Recently it has also been considered as
a macroscale communication mechanism in certain scenarios [7], [8].
In molecular communication, information is transferred via
chemical signals, or molecules. Unlike traditional wireless
communication systems, molecules are used to physically
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Fig. 1. Theory-based and measurement-based molecular channels.

carry information [5]. The transmitter releases molecules,
often called messenger/information molecules, that propagate
through diffusion [9]–[11], medium flow [12], [13], or active
transport [14], [15] to arrive at the receiver side. The channel
characteristics and hence the channel models differ depending
on the propagation mechanism.
The information can be encoded in several ways. For example, different information can be represented with different
physical/chemical characteristics of the messenger molecules–
concentration, number, and/or type [13], [16], [17]. It is
also possible to encode messages in the timing-of-release
of messenger molecules, which can be considered as pulse
position modulation (PPM). There are also advanced techniques that may increase data rate further or decrease intersymbol interference (ISI) and peak-to-average-molecule ratio
(PAMR) [18], [19], In [20], messenger molecules, which are
appropriate for medical applications, were suggested [20].
In the literature, most prior work has focused on the communication via diffusion, or flow-assisted diffusion. Most of these
works consider only a theoretical analysis of these systems
by simplifying assumptions, with no experimental evaluations.
The authors in [20] analyzed the achievable data transmission
rates of diffusion-based systems, where information is encoded
in the type and concentration level of molecular. Other works
have focused on the information theoretic capacity analysis
of [11], [21]–[23]. Some potential applications have been
addressed in [2], and one of the promising applications for
molecular communication is considered to be the biomedical
field [24], [25].
In this work, we bridge the gap between theory and practice
by providing channel models for the first experimental plat-
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form for molecular communications developed in [26]. This
system, which was designed to be inexpensive and flexible,
proved the feasibility of molecular communication, especially
at macroscales. This testbed has an electronically controllable
spray that acts as a transmitter, a metal-oxide gas sensor that
acts as a receiver, and a fan to assist the propagation. Two
Arduino microcontrollers are also used to control the actions
of the transmitter and the receiver. Figure 2 highlights this
system and its different components. Later the same system
was expanded into a multiple-input multiple-output (MIMO)
setup [27].
One of the main advantages of molecular communications is
its multi-scale property: molecular communication can be used
both on the microscale and macroscale. Although the tabletop
platform designed in [26] is a macroscale system, some of
the components can be shrunk to micro- and nanoscale.
For example, metal-oxide sensors can be easily shrunk to a
nanoscale, and be used for detection of different biological
compounds [28], [29]. Therefore, understanding how these
sensors work can be very beneficial for both macroscale and
microscale molecular communication.
As shown in [30], the system response of this testbed
departs from the previous theoretical channel models used in
the literature. Moreover, it was shown that the system tends
to be nonlinear, where the nonlinearity can be successfully
modeled as Gaussian noise. In [30], corrections were introduced to the theoretical channel models based on experimental
results. However, only a fixed system condition, i.e., a single
separation distance between the transmitter and the receiver
and a single spray duration, was considered.
In this work, we build on our previous work and derive
a more realistic analytical model for the testbed. The new
contributions in this work (compared to [30]) are as follows:
• We consider a system model where the sensor and particle

propagation are two separate systems. Previous work has
modeled the tabletop platform as one system. By using
two separate systems connected in series, we achieve a
more realistic model.
• We consider the end-to-end system response and how it
changes with different system variables such as distance,
spraying duration, and initial voltage (i.e., the initial
concentration of the messenger molecules in the environment). Our previous work has considered a system model
based only on a fixed set of system variables.
• A newly defined additive noise model is also presented
for this system, where it is used to capture the randomness
of the impulse responses.
• A multi-level modulation technique is considered that
can represent different bits of information using multiple
spraying durations. In [26], [30], only two levels (i.e., no
spray or a spray for a fixed duration) is considered. It
is demonstrated that it is possible to use more than two
levels while achieving reliable communication. This can
be used to increase data rate.
Since the device in [26], [30] is now a widely-used system
for studying molecular communication, the results presented
in this paper represent an important contribution to the field,
and will help researchers both design experiments, construct
improved communication systems, and better understand the
features of the system.
The rest of the paper is organized as follows. Section II
investigates the sensor characteristics and defines the channel
model function with unknown coefficients. Section III analyzes
the effect of the system parameters on the channel response.
Section IV establishes a universal channel model with the
estimated coefficients. Section V suggests a spraying durationbased modulation technique for practical use. Section VI
concludes the paper.
II. S YSTEM M ODEL
As shown in Fig. 2, the transmitter is a spray, and the
receiver is a metal-oxide sensor. A fan is used to assist the
propagation, and isopropyl alcohol is used to carry information. Presented in Fig. 3 is the end-to-end system block
diagram of the tabletop platform. Essentially, the system input
is a spray duration, and the system output is the voltage
reading at the alcohol sensor. The system has two components:
the propagation module, where the sprayed alcohol signal
propagates to the sensor, and the sensor module, where the
alcohol concentration is estimated from the sensor voltage.
An impulse input is generated through a very short spray
(e.g., 100ms). The system response to the impulse input is the
impulse response of the system. In our previous work [30],
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There is a well-known relationship between the resistance
of a metal-oxide sensor and the concentration of target
molecules [34],
Rs ∼
= a1 C n ,

Fig. 4. The sensor sensitivity plot from the datasheet [34].

the end-to-end system response of the system was based only
on the chemical propagation model. Specifically, the model
considered was


(d − ct)2
a
(1)
C(t) = √ exp −b
t
t3
where a, b, and c are correction factors introduced to match
the theoretical and experimental results, and d is the separation
distance between the transmitter and the receiver.
In this work, we consider a more accurate model by
incorporating the sensor block as well.
A. Metal-Oxide Sensors
The sensor used in the platform is the MQ-3 metal-oxide
sensor. Metal-oxide sensors are cheap and can detect various
gasses as well as volatile liquids such as alcohol [31]. They
can also be shrunk to nanoscale and be used to detect various biological compounds [28], [29]. Moreover, metal-oxide
sensors can be used to detect different chemicals [32].
The MQ-3 is a thin-film tin dioxide (SnO2 ) sensor, where
an aluminium oxide (Al2 O3 ) tube is covered with a thin layer
of SnO2 . There is a heater coil inside the aluminium oxide
made from a nickel-chromium alloy, which is used for resistive
heating. Figure 2 shows the anatomy of the MQ-3 sensor.
The sensor works as follows. First, the heater coil heats
up the sensing layer (i.e., the SnO2 layer). According to the
sensor’s user manual, to achieve the optimal sensor sensitivity,
the sensor must be heated 24 to 48 hours prior to use. When
the SnO2 layer heats up, it becomes a semiconductor. When
alcohol vapour approaches the sensor, it will go through an
oxidization reaction that will in turn change the resistance of
the SnO2 sensing layer [33]. The resistance of the SnO2 sensing layer decreases as the concentration of alcohol increases
in the vicinity of the sensor.

(2)

where Rs is the resistance of the sensor, C is the concentration
of molecules, and a1 and n are constants. In (2), the constant,
a1 , is empirically chosen, and the power law exponent, n,
is specific to the type of target molecule. This can also be
calculated theoretically from the reduced depletion depth and
reduced reactivity [34].
To estimate the constant n provided in (2) for the MQ-3
sensor, we use the sensitivity graph in the MQ-3 data sheet.
In this graph, shown in Fig. 4, the ratio Rs /R0 is plotted
against the concentration of different target gases. Here R0 is
the resistance of the sensor at a specific concentration of the
target gas C0 . In this plot, both axes are in log scale. Therefore,
we have


Rs (t) ∼
(3)
log
= log (a2 C(t)n ) ,
R0
where a2 = a1 /R0 is a new constant. From (3) it is clear that
n is the slope of the line corresponding to alcohol in Fig 4.
Therefore, we estimate the value of n = −0.65, and the sensor
resistance is related to the concentration with
Rs (t) = a1 C(t)−0.65 ,

(4)

where a1 is an unknown constant.
B. End-to-End Response
As shown in Fig. 3, the system consists of two stages:
propagation and sensor detection. For the propagation phase,
the expected system response is given by [35]:


d
(d − vt)2
C(t) = M √
exp −
,
(5)
4Dt
4πDt3
where M is the number of alcohol molecules released by the
spray in a short burst; d is the distance between the transmitter
and the receiver; D is the effective diffusion coefficient; and v
is the average velocity of the wind flow. Substituting (5) into
(4), the end-to-end system response is given by

−0.65

d
(d − vt)2
Rs (t) = a1 M √
. (6)
exp −
4Dt
4πDt3
In [26] and our setup, the change in sensor resistance is
measured using a simple voltage divider circuit.
Since it is impractical to measure accurately M , a1 , the
effective diffusion coefficient D, and the average velocity v,
the end-to-end system response of the system is given by

 (d − ct)2 −0.65
d
h(t; a, b, c) = a √
exp −
(7)
4bt
4πbt3
where a, b, c are unknown coefficients, and d is the distance
between the transmitter and the receiver. Specifically, a is
the product of constant a1 and the number of transmitted
molecules M ; b is the effective diffusion; and c is the average
velocity. By obtaining the proper values for the coefficients,
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Fig. 5. One fitting example with three unknown coefficients when system parameters are 2 m, 150 ms, and 1.3 V.

TABLE I
S YSTEM PARAMETERS AND DATA SETS PARTITION FOR INTERPOLATION
AND EXTRAPOLATION VERIFICATIONS .
Distance (m), d
2
3
Spraying Duration (ms), s
50
100
Initial Voltage (V), ν
1.0
1.3
Total data sets, F = F (d, s, ν)
Training data
Model 1 data set
F − F (3, 100, 1.6)
Model 2 data set
F − F (5, 200, 1.9)

4
150
1.6

5
200
1.9

Testing data
F (3, 100, 1.6)
F (5, 200, 1.9)

a generalized universal model can be established. In the next
section, we use experimental data to estimate the values of
these three coefficients, and observe how they change with
respect to different system parameters.
III. A C HANNEL M ODEL BASED ON E XPERIMENTS
To find the value of the unknown coefficients as a function
of system parameters, the tabletop platform shown in Fig. 2
is used to measure the end-to-end impulse response of the
system using, isopropyl alcohol. To see the effects of different
system parameters on the channel responses, the following
three system parameters are considered: the distance between
the transmitter and the receiver, the spraying duration (which
is related to the number of the transmitted molecules), and
the initial voltage or initial concentration of the messenger
molecules in the environment. Each parameter is varied over
four different values as shown in Table I. Therefore, there
are 4×4×4=64 different cases, and the end-to-end impulse
response of each case is measured across 10 different trials.
Thus, to collect all the data to estimate the unknown coefficients, in this paper, we carry out 640 sets of experimental
trials in total.
Among 64 different combinations, we use 63 for estimating
the coefficients (i.e., 630 training data), and leave one case
for testing the obtained model. We do this two times and

hence obtain two models (Model 1 and 2) which can be
tested on the corresponding test case. For Model 1, we keep
the experimental results for the case where distance = 3 m,
spraying duration = 100 ms, initial voltage = 1.6 V, and
the estimate the coefficients using the remaining 63 cases. For
Model 2, the data set where distance = 5 m, spraying duration
= 200 ms, initial voltage = 1.9 V is used for testing and the
remaining data sets are used for estimating the coefficients.
Here, for Model 1, the testing data set is constructed within
the ranges of the known system parameters. Therefore, the
process of obtaining Model 1 that fits to this testing data would
be interpolation. Similarly, for Model 2, the testing data set
is constructed beyond the remaining data set, so it would be
extrapolation process to obtain Model 2 that fits to this data.
For example, if Model 1 fits to the chosen testing data, we
can say interpolation works in this model, and can apply other
values within the range such as 2.5 m cases.
A. Coefficients
To estimate the value of the unknown coefficients in the
analytical end-to-end model (7), we use a nonlinear least
squares curve-fitting technique used in our previous work
[30]. Assuming that there are N points in the sensor measurement from each trial, then (7) can be discretized as
h(tk , p) (k ∈ {1, 2, · · · , N }), where tk are sampling times,
and p = [a, b, c]T is the parameter vector representing the
three unknown constants. The coefficient estimation problem
can be formulated as
arg min
p

N
X

2
O(tk ) − h(tk , p) ,

(8)

k=1

where O(tk ) represents the experimental observations.
Channel responses for each case are averaged over 10 trials,
and the coefficients are estimated using the least squares
estimation technique. For example, the fitted results are shown
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in Fig. 5 for the case when the distance between the transmitter
and the receiver is 2 m, the spray duration is 150 ms, and the
initial voltage is 1.3 V. It is apparent that our model function
fits very well to the measurement data. The root mean square
error (RMSE) with Model 1 is 0.0299, and is 0.0282 with
Model 2, which is smaller than with the previous model in
[30]. Here, the fitting results are shown only from Model 1
data set to avoid redundancy.
Figure 6 shows the effect of the system parameters on
the coefficients. Each point in the plot represents the average
value of the corresponding coefficient across 160 trials. The
standard-deviation bars represent the standard deviation across
trials. As can be seen, coefficient a changes frequently with
changing system parameters, while coefficient c varies slightly
with respect to system parameters, and b is mostly a constant. Specifically, coefficient a changes with distance, spray
duration, and initial voltage; c changes only with distance
and initial voltage (i.e., not with spraying duration). These
results agree with the physical characteristics of the system.
For example, the effective diffusion coefficient is expected to
be a constant. From Fig. 6(b), we can see that as the spray

duration increases, a increases linearly and the variance of a
also increases. This is because more molecules are released
as the spray duration increases thereby increasing M in (6).
Based on these observations, we assume b to be constant and
to be equal to the average values of b over 630 trials. Note
that since the variance of b is so small, this is a very good
estimation for this coefficient. Let b∗ be this average value
with b∗ = 0.1950.
When we perform least squares curve fitting with the fixed
coefficient b∗ and unknown coefficients a and c, the fitted
curves are as good as the ones shown in Fig. 5. Therefore,
to avoid duplications, we leave out those plots. Fig. 7(a) and
7(b) show the behavior of the coefficients with the fixed b∗ . As
can be seen, both a and c change with respect to the system
parameters. Let d, s, and ν be, respectively, the distance,
spraying duration, and the initial voltage. Then from (7) we
have the final end-to-end model as shown in (9).
B. Noise
An important part of the system is the random nature of
the end-to-end impulse response. Some of the factors that
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#−0.65
(d − ct)2 
exp −
, a = f (d, s, ν), c = g(d, ν),
h(t; a, b , c) = a √
4b∗ t
4πb∗ t3
"
#
 (d − g(d, ν)t)2  −0.65
d
exp −
h(t; d, s, ν) = f (d, s, ν) √
,
4b∗ t
4πb∗ t3
"

∗

d



(9)

where h(t; d, s, ν) is a function of time, t, with three coefficients.

TABLE II
T HE ESTIMATED β COEFFICIENTS OF M ODEL 1.
Coefficient

Value

Coefficient

Value

Coefficient

TABLE III
T HE ESTIMATED β COEFFICIENTS OF M ODEL 2.
Value

Coefficient

Value

Coefficient

Value

Coefficient

Value

βd

(f )

-0.4166

(g)

0.0708

(L)

βd

-0.1249

(f )

(g)

(L)

βd

-0.1272

βs
(f )
βν
(f )
β0

0.0099
-1.7799
4.6282

-

βs
(L)
βν
(L)
β0

0.0014
-0.2373
0.9662

βs
(f )
βν
(f )
β0

0.0099
-1.7785
4.6204

(g)
βν
(g)
β0

0.1369
-0.0443

(L)

(g)
βν
(g)
β0

0.1358
-0.0420

(f )

βd

0.0711

(L)

βd

-0.4162

(f )

βd

βs
(L)
βν
(L)
β0

0.0014
-0.2450
0.9878

contribute to the randomness are the spray, which is not precise
enough to spray the same amount of alcohol across trials, the
random propagation due to diffusion and turbulent flows, and
other phenomena such as temperature variations. Therefore, to
obtain a complete system model, the random effect must be
represented as noise. To establish a noise model, an additive
noise is defined as the difference between the experimental
observation and the model function shown below.
Ni (t) = Oi (t) − h(t; d, s, ν),

(10)

where, Ni (t) is the additive noise, and Oi (t) is the observation
or measurement for each trial i (i = 1, 2, 10 for a specific
distance, spray duration, and initial voltage). From Figs. 7(a)
and 7(b), we can see that for coefficient c, the standard
deviation across the trials is small. Therefore, since only
coefficient a has a large variance across different trials we
have
Oi (t) =
"

(d − g(d, ν)t)2 
(f (d, s, ν) + N ) √
exp −
4b∗ t
4πb∗ t3
d



#−0.65

behavior similar to a. Thus, it is also possible to express the
standard deviation as a function of the system parameters as
in analyzing coefficient a.
E[N ] = 0
p
V ar[N ] = σa = L(d, s, ν)

(14)

where, E[·] and V ar[·] denotes the expectation value and
variance, respectively.

IV. A C OMPLETE E ND - TO -E ND M ODEL
In this section, we derive a complete end-to-end model for
the tabletop platform. From Section III, coefficient a– the
standard deviation of its additive noise, and coefficient c have
a close relationship with the system parameters. Therefore,
our goal is to estimate a, c, and σa as the functions f (d, s, ν),
g(d, ν), and L(d, s, ν).

,
(11)

A. Estimating the Coefficient Functions

where N is the noise introduced by the system, with
#
"
 (d − g(d, ν)t)2  −0.65
d
Ni (t) = N √
exp −
.
4b∗ t
4πb∗ t3
(12)

From Figs. 7(a), 7(b), and 7(c), it can be seen that the
coefficients a, c and the standard deviation of the additive noise
change relatively linearly with respect to the different system
parameters. Therefore we estimate the functions f (d, s, ν),
g(d, ν), and L(d, s, ν) as linear functions as shown below

Let aOi be the best least squares fit for coefficient a for a trial
corresponding to the experimental observation Oi (t). Then a
noise sample for N is obtained by:

f (d, s, ν) = βd d + βs(f ) s + βν(f ) ν + β0 ,

N = aOi − f (d, s, ν).

(13)

Since f (d, s, ν) is obtained from the average value of coefficient a over different trials, the mean of N becomes zero for
all cases. As represented in Fig. 7(c), however, the standard
deviation of N changes with system parameters showing

(f )

g(d, ν) =
L(d, s, ν) =

(g)
(g)
βd d + βν(g) ν + β0 ,
(L)
βd d + βs(L) s + βν(L) ν

(f )

(15)
(16)

+

(L)
β0 ,

(17)

where all the β variables are constants. To estimate the values
of the β constants, we use again the linear least squares
method. With interpolation and extrapolation data, Tables II
and III show the estimated values of these constants.
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B. Verifications
To verify the estimation of the channel coefficients, two
testing data sets are selected, as described in Table I. First, the
training data sets are used for regression to estimate Models
1 and 2, and the testing data sets are used for verification.
Figure 8 describes the comparison between Model 1 and the
averaged observations of the Model 1 testing data. It shows
that the two results match fairly well, and similar result is also
shown in verification of Model 2 (not shown here to avoid
redundancy). Thus, it is proved that the newly developed endto-end molecular channel model can be utilized for various
values of the distance, spraying duration, and initial voltage.
V. M ODULATION T ECHNIQUES FOR P RACTICAL U SE
A great deal of literature is devoted to investigating modulation techniques for diffusion-based molecular communication
systems. For example, the various physical or chemical characteristics of the molecules such as concentration level, concentration frequency, type, or ratio can be used to represent different symbols [36], [37]. Timing information is also frequently
used by applying different pulse positions, which could easily
be combined with other modulation techniques [38]. Such
techniques, however, have been analyzed only theoretically,
and not considered in a practical setting. Therefore, we can
propose based on the measurement data, a more improved
version of previous modulation technique that can give more
feasibility in practice with less computational and operational
complexity maintaining reliable communication.
Recall the completed channel model from Section IV:
h(t; d, s, ν) =
 (d − g(d, ν)t)2 i−0.65
h
d
f (d, s, ν) √
exp −
.
4b∗ t
4πb∗ t3

Fig. 10. Conceptual figure of the modulation technique.

There can be several curve features using the model such
as peak position (tpeak ), peak value (h(tpeak )), delay to start
(tdelay ), and slope of channel responses, which can be utilized
to differentiate different channel responses on the receiver
side. Here, the moment when the peak occurs in a channel
model is referred to as the peak position, and peak value is
the maximum value of a channel response. Delay-to-start is
the moment when the response starts to change suddenly, and
slope is obtained from the peak value divided by the difference
between the peak position and the delay-to-start as obtained
below.
p
−6b∗ + 36b∗ + 4d2 g(d, ν)2
dh
= 0 ⇒ tpeak =
,
dt
2g(d, ν)2
(18)
peak value = h(tpeak ),
h(tpeak )
slope =
.
tpeak − tdelay
By performing curve feature analysis, we can formulate
several curve differentiation methods. Specifically, slope and
peak value change significantly with spraying duration, and
Fig. 9 shows the slope behaviour as an example. This can motivate the idea of a multi-level modulation technique that can
represent different symbols using different spraying duration.
Compared to previously-used modulation techniques [26],
[30], duration-based modulation can be easily differentiated
using slope or peak values. It is similar to the concentration-
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Fig. 11. Error rate comparisons of the used modulation technique.

Fig. 12. Throughput comparisons of the used modulation technique.

shift keying (CSK) technique [36], but can be considered
as a combination of the square-based and the impulse-based
CSK. Therefore, in terms of peak-to-average-molecule ratio or
PAMR, it overcomes the high PAMR weakness of the widelyused impulse-based CSK technique [39].
Also, on the practical side, this techniques does not require
different types, as in molecule shift keying (MoSK); or different concentrations of messenger molecules, both of which
give lower operational complexity. Specifically, a transmitter
has to be equipped with multiple reservoirs for different
concentrations or different types of messenger molecules to
apply CSK or MoSK techniques. On the other hand, spraying
duration can be easily controlled in the testbed by the microcontroller that gives lower transmitter complexity. At the
receiver side, it may not be easy to recognize the concentration
of received molecules with a limited number of receptors, but
can be relatively easy to calculate the slope or peak value of
the received channel responses as shown in (18).
For example, symbols 0, 1, and 2 can be represented by
no spray, 50 ms of spray, and 200 ms of spray, as described
in the conceptual figure of Fig. 10. For numerical analysis,
Figures. 11 and 12 show the relative comparisons of error
rate and throughput with the selected distance and initial
voltage cases. It can be seen that the error rate increases
with distance and initial voltage, and throughput decreases
accordingly as expected. Therefore, we conclude that the
used multi-level modulation technique works well providing
reliable communication. For future work, it can be deployed
with more levels, and further demonstrated using the test bed.

sensors as a function of various system parameters such as distance, spraying duration, and initial voltage. The propagation
and the sensing models were considered as separate systems.
We collected experimental data for various system parameters.
In particular, data was collected for four different distances,
four different spray duration, and four different initial voltage,
which resulted in 64 different scenarios. Using this data an
end-to-end model for the system is developed. An additive
noise model was added to the system, and it was shown
that these models can represent the system very well. We
then considered a multi-level modulation technique that used
different spraying durations to represent different symbols.
We showed that it is possible to use more levels compared
to prior work, while maintaining reliable communication,
which increases information rate. Finally, the experimentally
validated channel model derived in this work provides a more
realistic framework for many researchers studying molecular
communication.

VI. C ONCLUSIONS
This work proposed an experimentally validated channel
model for molecular communication systems with metal-oxide
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