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ABSTRACT

Molecular communication (MC) in bio-nano things (IoBNT) is one of the promising paradigm for
nanoscale networks, where information is encoded in the concentration of molecules. However, reliability
in the MC system and data rate mapping remain challenges in achieving high efficiency and accurate
symbol detection during communication between transceivers. In order to solve these challenges, a novel
approach called MolCommLSTM is proposed, which combines an adaptive modulation technique and a
deep long-short-term memory (LSTM) detector for symbol detection. The proposed MolCommLSTM
system model dynamically adjusts molecular concentration levels based on the estimated distance between
the transmitter (TN) and receiver (RN) nano-machines to optimize system performance. In addition, a deep
LSTM directly maps the received signals to the transmitted symbols, facilitating efficient and accurate
symbol detection. For theoretical comparison, a traditional detection algorithm called the maximum
likelihood detector (MLE) is used. The MLE is implemented as a threshold-based decision rule where the
detected signal strength is compared against a predefined threshold to infer the transmitted symbol. This
approach efficiently demodulates the original signal by identifying the slot with the highest likelihood of a
reaction, corresponding to the highest concentration of molecules. Extensive experimental results show that
the proposed MolCommLSTM system model significantly improves the symbol error rate (SER) and
achievable data rate (ADR) over the concentration position shift keying (CPSK) modulation scheme.
Furthermore, the proposed MolCommLSTM system model effectively addresses the bias effect and
minimizes inter-symbol interference (ISI) in the diffusion based molecular channel, resulting in superior
performance compared to the MLE detector.
Keywords: Reliability, Data Rate, Communication, [OBNT, MOLCOMMLSTM

1. INTRODUCTION (MC), which leverages the features of molecules
for information exchange and has been recognized
The I0BNT is a breakthrough in future @s one of the most popular IoBNT methods due to

technologies that can bring changes to nano- their biocompatibility, energy efficiency, and
communication [1]. The nano communication ubiquity in nature [3]. MC has emerged as a
systems can be linked to each other and then onto ~ Promising communication paradigm for bio-
an external computing part, e.g., cloud and edge nanoscale networks, offering unique opportunities
computing. While ToBNT is an artificial biology for information exchange at the molecular level [4].
that creates the cells in a way that allows them to Unlike conventional wireless communication, MC

have features like devices for the traditional leverages the concentration of biomolecules to
Internet of Things (IoT) [2]. Because IoBNT encode and transmit data between nano machines

systems are based on molecular communication [5]. MC draws inspiration from the natural
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processes that occur within biological systems,
where cells communicate with each other using
signaling molecules [6]. Furthermore, molecular
communication (MC) has distinct benefits in
nanoscale networks, where traditional
electromagnetic approaches are constrained by size
and energy [7].MC has high promise in biomedical
sensing, environmental monitoring, targeted drug
delivery (TDD), nanomedicine, and [oBNT [8].

MC, like classical electromagnetic (EM)
communication, is characterized as wired or
wireless. ICT researchers define MC into three
ranges: short-range (nanometer scale), mid-range
(micrometer to centimeter), and long-range
(centimeter to meter)[9]. Short-range MC, also
known as molecular nano-communication, uses
breakthroughs in biology and nanotechnology to
build functioning nanoscale devices, or nano-
machines. Basic communication units consist of a
transmitter nanomachine (TN) and a receiver
nanomachine (RN) [10]. When numerous
nanomachines interact together, they build
nanonetworks, which connect nanoscale MC to
macroscale EM communication and the internet

[11].

MC is a new communication paradigm
with enormous promise from the standpoint of
communication engineering. This new technology
uses molecules as information carriers to allow
communication between nanoscale devices.
Despite its intriguing possibilities, MC is still in its
early stages, and creating a full MC system faces
several problems. One of these issues is to devise
an efficient modulation strategy for encoding
information onto information-carrying particles.
Another critical component is developing strong
ways to correctly detect and decode information
from diffused signals.

In MC, CSK is a modulation technique
that uses the number of released molecules to
encode information [12][13], which unfortunately
suffers from ISI due to residual molecules
interfering with the detection of the current symbol
[14][15][16]. CPSK avoids ISI by carrying
information over the position of the molecules,
similar to PPM in EM communication [17] [18]; it
is a fixed modulation scheme, however, without the
ability to adapt to dynamic channel conditions.MC
channels vary due to the TN-RN distance,
molecule concentration fluctuations, interfering
substances, and environmental changes. Traditional
linear models are insufficient to capture the
nonlinear dynamics of molecular signaling and
chemical interactions.

To address such limitations, we present
MolCommLSTM, an approach to adaptively
modulate in relation to estimated TN-RN distance
and channel conditions. The considered system
models free diffusion-based MC channels [19, 20]
and includes the ligand-receptor binding process
(LRBP) [21-24]. LSTM networks decode the
received signals to predict the transmitted symbols,
which  would provide a better decoding
performance under complex conditions. For
comparison, we consider an MLE that requires
channel knowledge a priori [25-27]. In contrast,
MolCommLSTM learns directly from the data. The
results show that MolCommLSTM is effective in
handling nonlinearities, improves symbol detection,
and outperforms traditional MLE, thus ensuring a
robust performance under the variations of MC
channel conditions. Our main contributions are
summarized as follows:

e We propose a novel MolCommLSTM
transmitter ~ that employs  adaptive
modulation, dynamically adjusting
molecular concentration levels based on
the estimated TN-RN distance. This
approach mitigates channel variations and
overcomes limitations of fixed schemes
like CPSK, addressing challenges such as
ISI, symbol error rate (SER), and
achievable data rate (ADR).

e The MolCommLSTM receiver uses a deep
LSTM architecture for symbol detection. It
directly maps received signals to
transmitted symbols using systematic
training on input-output pairs. Inputs are
derived from Ligand-Receptor Binding
Process (LRBP) probability estimates,
while outputs correspond to transmitted
pulse positions.

e Through numerical simulations and
performance evaluations, we demonstrate
that combining adaptive modulation with
deep LSTM-based detection provides a
reliable, adaptive, and high-performance
solution for nano-scale communication,
consistently  outperforming traditional
MLE approaches.

2. RELATED WORKS

Many researchers have conducted deep
learning (DL) studies in the domain of MC [28]-
[33]. Lee et al. [28] used a deep learning method to
create a model for the channel of a molecular multi-

277




Journal of Theoretical and Applied Information Technology ~
15 May 2026 Vol.104. No.9 N

© Little Lion Scientific

SMminl

ISSN: 1992-8645

E-ISSN: 1817-3195 |

input and multiple-output (MIMO) system. They
explored the impact of adjusting the number of
neural networks used in the modeling process. IN
[29], researchers have introduced an approach using
sliding bidirectional recurrent neural networks
(BiRNN) for detection with the help of deep
learning approaches. The authors have presented an
automatic learning model system based on
experimental data and executed data detection
without using composite channel approximation or
data equalization methods. In [30], the authors
presented an ANN approach that uses raw data for
the robust receiver schema. A study by O’Shea and
Hoydis [31] has presented DL models for the
physical layer of modeling communication systems,
which are created by seeing the communication
system as an auto encoder to optimize the receiver
and transmitter components. Moreover, the
principle of RTN (radio transformer networks) is
used as a way to build competence in ML (machine
learning) frameworks. The study also describes the
CNN application for the classification of
modulation in raw IQ samples to retain precision
relative to conventional systems. Similarly, Qin et
al, [32] studied DL for the development of
communication schemes. The work discussed the
current development of DL-based physical layer
communication. Alshammri et al. [34] presented an
adaptive  threshold detection technique to
demodulate processed data by off-key modulation,
which united ANN with the fuzzy technique in MC
through the diffusion environment. In [35], the
authors applied the structure of the MC auto-
encoder and jointly optimized the transceiver
(transmitter ~ and  receiver)  using  Deep
Reinforcement Learning (DRL). In [36], the
authors studied deep neural networks (DNN),
support vector regression (SVR), logistic regression
(LR) and ridge regression (RG) to model the signal
received for a spherical receiver and trapezoidal
container of MC via a diffusion framework. In [37],
a cooperative and time-varying bidirectional
recurrent neural network (CTBRNN) is devised as a
signal detection approach. Shrivastava et al. [38]
presented a neural network capable of extracting
features from the filtered signal to identify and
detect unknown bits in MC. Kose et al. [39]
investigated the possibility of using molecular
signals and deep learning techniques to detect and
locate a silent entity. Furthermore, in another study
by different authors [40], a data-driven detection
approach was proposed using DL algorithms to
eliminate the dependency on channel impulse
response for the model-based detector. Bai et al.
[41] employed a convolutional network to detect

signals in an MC system that utilizes bacteria as
carriers of information. Vakilipoor, Fardad, et al,
[42] presents an approach to detect transmitted
symbols in a biological MC testbed using a hybrid
deep learning algorithm. The algorithm comprises
convolutional and recurrent neural network(RNN).
Cheng, Zhen, et al, [43] introduced a signal detector
for a mobile multi-user MC system, employing a
Transformer based model. The detector enhances
signal accuracy by training a Transformer-based
model at different transmitter-receiver distances.

However, the performance and accuracy
of symbol detection in MC systems with varying
channel conditions cannot be matched by the
methods mentioned above. The primary distinction
between our research and previous studies is the
modulation technique used in the MC system. In
contrast to our approach, most existing research
focuses on traditional modulation schemes such as
concentration shift key (CSK), OOK modulation,
and binary-concentration shift keying (BCSK).
Inspired by the aforementioned issues, our work
proposes an adaptive modulation-based MC model
that adjusts molecular concentration levels based on
the estimated distance between the TN and RN.
Adaptive modulation can help reduce ISI and
enhance transmission efficiency in the MC system.
Another key difference between our approach and
previous studies is the network architecture used for
the detection of symbols based on DL. In contrast
to previous studies that utilized multilayer
perception,RNN and regression models for MC
detection, our approach employs a deep LSTM
architecture. Moreover, recent studies [44]-[46]
have further emphasized the importance of data
driven and adaptive approaches in MC. These
works highlight the growing trend towards
intelligent system. However they still primary focus
on receiver side improvement without jointly
optimizing transmitter and receiver. This limitation
further motivates the need for the proposed
approach.

3. PRINCIPLE OF CPSK MODULATION

CPSK is a modulation technique used in
MC to encode information such as the position of
molecular concentration [17]. CPSK is a
modulation technique that combines two existing
methods: concentration shift keying (CSK) [47] and
pulse position modulation (PPM) [48]. In PPM, the
information is encoded in the timing of the
molecule release. CPSK combines both methods by
using different concentration levels and different
time slots to represent different symbols. CPSK can
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transmit multiple bits of information within each

symbol duration. the total transmitted time Ttx is
divided into eight slots. Each slot represents the
duration of transmission of one symbol (ts). With
8-CPSK, three bits can be transmitted per symbol.
This means that each symbol can represent one out
of eight possible combinations of three bits (000 to

111). The total transmission time Ttx is given by

Tix = Mt (1
Mathematically, the transmitted signal
Q(t) from T N using CPSK modulation M-ary can
be represented as follows [17]:

0t) = [QS if(im—1Dt, <t <mt,,

0 otherwise.

2

Here, ™ € {1,2,3,4,5,...,M} represents
the position of the pulse (M = 8). Qs represents

the molecular concentration per symbol. @s is
given by the following equation:

Qs = log,(M) + @ 3)
where @b represents the molecular
concentration required to transmit one bit of
information. In figure 1, an example of the CPSK
modulation for 8-ary CPSK, to transmit the signal

010 with (ts) = 5 is shown below.

=3
]
g
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Figure 1: Transmitted signal ”010” for M=8 at
) =5

Using CPSK can increase the data rate and reduce
the inter-symbol interference (ISI) compared to
using CSK or PPM alone. However, CPSK also has
some challenges and limitations, such as:

e The receiver needs to estimate both the
concentration and the position of the
received signal, which may introduce
errors or complexity.

e The transmitter needs to adjust the
concentration levels and the time slots
according to the channel conditions, such
as distance, noise, and interference.

40

To compensate for the drawbacks of
CPSK, we propose a new adaptive modulation
algorithm. In this algorithm, TN adapts the
concentration level for each symbol based on an
estimate of the distance to the RN

3. MOLCOMMLSTM SYSTEM
METHODOLOGY

4.1 System Model Formulation

When numbering equations, enclose
numbers in parentheses and place flush with right-
hand margin of the column. Equations must be
typed, not inserted.

As shown in Figure 2, this work considers
a diffusion-based MC system composed of two
nano-machines, a nano-transmitter (TN) and a
nano-receiver (RN). The medium through which
molecules propagate is a free diffusion channel in
the air [49] [50]. This indicates that the molecules
freely diffuse through the air without significant
barriers or restrictions. In TN, information is
encoded on the basis of the positon concentration of
the molecular. The TN then uses an adaptive
modulation-based CPSK. In adaptive CPSK
modulation, we adjust concentration level
according to the distance between the TN and RN.
For example, we increase the concentration level
for each symbol as the distance between the TN and
RN increases to overcome the decrease in the
concentration level at the RN. After that, the
modulated molecular signals are released into the
air by the TN. The molecular signals travel through
the air as they diffuse and eventually reach the RN.
In the RN, molecules are received and processed
using a mechanism called the Ligand-Receptor
Binding Process (LRBP). In this process, specific
receptors on the RN selectively bind to the
molecules transmitted on the basis of their position.
Using the information obtained from the LRBP, the
RN can decode the bits of transmitted data. Since
the modulation scheme used is adaptive CPSK, the
RN can determine the positions at which the
molecules were modulated. Because of the LRBP
mechanism, some molecules may not be bound by
the ligand and remain in the channel. We
demodulate the data by selecting the maximum
probability value as the proper received symbol
position. MLE is used as a detector on the RN side.
Moreover, deep LSTM is applied to improve
symbol detection at RN.
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Figure 2 A visual representation framework of the proposed MolCommLSTM system model approach.

4.2 Proposed Adaptive Modulation

In our system, we propose an adaptive
modulation scheme for MC, where the symbol
concentration level is adjusted based on the
distance between TN and RN. The algorithm adapts
to changes in distance and concentration level. It
involves estimating distance d to the RN, selecting
the appropriate set of the concentration level based
on d, mapping data to symbols, releasing molecules
at the beginning of each symbol duration according
to the selected concentration level. This ensures
that the RN can accurately detect transmitted
symbols even when there are changes in distance
and concentration level between TN and RN.
Moreover, this can help improve the reliability of
the system.

Algorithm 1 presents the detailed procedure of
the proposed adaptive modulation.
Algorithm 1: Proposed adaptive modulation
Require: Number of symbols(M), symbol duration
(tg), total transmission time (T,.), molecular
concentration per bit (@},), distance between the TN
and RN, (d), pulse position(m).
Ensure: Sclected molecular concentration levels
(@) based on the estimated distance.
Initialize the matrix @, 4.; of size
M x 2 to store molecular concentration levels Q.=
new matrix(M,2).

Compute molecular concentration levels for
different distances and store them in Qs.
fori « 1toM do
if dp,e < 5 then
QL[] = log,(M) * Qp * i
end if
if djq> 5 then
Qulil[2] = log,(M) % @y * 2 i
end if
end for
Estimate the distance to the receiver >dj,. =d //
Assume perfect distance estimation
Select molecular concentration levels based on the
estimated distance.
if dj ;e <5 then
Qs o1 = Qs [1, 1] D> Set Q, . to the first column of
Qs
else if d;,,.> 5 then
Qs oe1 = Qs [, 2] D set Qg 4.1 to the second column
of Qs
end if
return ¢, ;; > // Return @ . as the output
if(m — 1t;, <t < mtythen @Q(t) < Qusu
else
Q) «< 0
end if
End
a) Channel Communication: In this paper, we
investigate a diffusion-based MC channel.
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It leverages quantum or particle theory
propagation  to model  molecular
propagation, in contrast to conventional
electromagnetic (EM) wave propagation.
The channel quantum response (CQR) is
developed as an analogous concept to the
time-varying channel impulse response
(CIR) encountered in conventional EM
communication. Based on the work
presented in [47], we have adapted the
behavior of molecular propagation in a
free diffusion environment, such as air.
The mathematical representation of the
MC channel’s impulse response, denoted
as C(d, t) is expressed as follows:

dz
ze 4Dt
(4mDt)2

1

Cld 1) =
“4)

where D corresponds to the diffusion coefficient of
the MC channel, and d represent the distance
between (TN) and the (RN) in cm. In Figure 3, the
channel impulse response C(d,t) is shown that
varies with the d between TN and RN. We can see
that as d increases, the magnitude of CQR becomes
less (which means that few molecules reach RN).
After diffuse through the channel, the arrived signal
at the RN can be given as

U(d,t) = Q(t) = C(d,t) 6)

where, (*) refers to the convolution operation.

] 5 0 15 0 5 30 35 40

Time (s}

Figure 3 channel C(d,t) according to d yith ts= 5 sec
and D = 0.43 cm?s™L.

b) Reception Process: We consider the
ligand-receptor binding(LRBP) process in
the proposed system model. Once the TN
reaches to RN through the free diffusion
channel, the transmitted molecules
encounter the receptors, referred to as
ligand molecules. This interaction causes a
chemical reaction that results in a short
pulse known as LRBP. Some molecules
persist in the medium because they do not
collide with receptors, resulting in ISI.
The RN decodes symbols by measuring

concentrations in each time slot using its
receptors. A propensity function
determines the average frequency of
ligand-receptor interactions over a certain
time interval, simulating LRBP receipt and
considering incoming molecules as a
random variable in the signal-and-noise
model. Given the high number of
diffusing molecules, monitoring each
individually is impracticable, hence the
propensity function [24] is defined as:

a(U(d,t)) = nP = n(RU(d,t)) = nRU(d,t)

Here, 1 represents the probability rate
constant specific to molecular reactions between a
ligand molecule and a receptor, while R
corresponds to the concentration of receptors on the
RN. We can calculate P = RU(d,t) where
U(d,t) is defined by equation (5). Because the
precise solution to the propensity function in the
Continuous-Time MC process is difficult due to its
intrinsic unpredictability, we use an approximation
technique using the following constraints. Firstly,
we assume that the time interval dt is very small,
leading to

a(U(d, b)) = a(U(d,t")),forallt’' € [t,t +
dt]

This assumption implies that reactions occurring
within [t,t + dt] are independent of each other.
Consequently, the number of reactions within the
following time interval [t,t + dt] adheres to a
statistically independent Poisson’s random variable
with a rate of 4 = a(U(r,t))dt  Secondly, we
assume that 4t is large, leading to a significantly
(> 1 within
[t,t +dt]. Under these conditions, the previously
mentioned Poisson random variable can be
approximated by a normally distributed random
variable with the same mean and variance,
represented as, denoted as N ~ (4 A). In our
system, the release of molecules can occur at any
point within the symbol intervals during the total
transmission time. Thus, the probability of ligand-
receptor reaction during the interval
[(i = 1)ts1ts] can be revealed as a randomly

2
distributed variable Nj ~ N(Mi.07)  where W

2. .
represents the mean and i is the variance. These
values are given by:

larger number of reactions

it

o au@n)de (1
where i € {1,2,...,M}. We employ this method
to evaluate the likelihood of a reaction occurring

ar 2
P = 0;
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during each time interval of £, using the LRBP. To
recover the original signal, we apply the Maximum
Likelihood Estimation (MLE) function. In this
context, the MLE is implemented as a threshold-
based decision rule derived from the MLE
principle, where the detected signal strength Nj is
compared against a predefined threshold to infer the
transmitted symbol [51][52]. The threshold is set to
half the molecular concentration per symbol,

f =
while retaining the accuracy of MLE detection:
B { 1.0p M =0

0 otherwise

% , simplifying the decision-making process

®)

This threshold-based technique demodulates
the signal by choosing the slot with the greatest
possibility of a reaction, which corresponds to the
peak molecule concentration. By combining these
approximations with the MLE-based threshold, the
system can consistently infer transmitted symbols,

providing an effective and computationally
economical demodulation technique for MC
systems.

4.3 Deep LSTM for Symbol Detection
In this section, we describe a deep-learning-based
receiver design for the MC system. Because the

symbols are broadcast in different time intervals,
the dataset is time-series in nature. To capture these
temporal patterns, we employ an LSTM network, a
form of recurrent neural network that is ideally
adapted to learning long-term dependencies. The
LSTM also makes classification judgments by using
prior inputs and outputs. In the next section, we
compare the performance of this LSTM-based
receiver to that of the typical MLE receiver.

a) Data generation: The generation of input
and output data is critical for modeling and
training the MC system. In this subsection,
we will go into the details of how input
and output data are generated and
collected for subsequent analysis and
training. To assess the performance of the
system and train a DL model, we
performed multiple trials, iterating over
different distances between the transmitter
and receiver. The core idea is to train the
receiver using input-output data pairs, with
input values derived from the probability
estimates obtained through the LRBP. This
training process's output data is set to the
matching transmitted pulse positions.
Figure 4 depicts the process of creating a
training data set.

signal to be modulated
--— TX

signal Processing at

Modulated signals

!

MC channel model

signal Processing at

Training dataset Deep LSTM

RX =
onlina
'y
Probability of
Received
molacules
learned LSTM
(NJ) offline

Transmitted
pulse
position{m)

model

Figure 4 Generation of the training data set for deep LSTM training process.
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b) Deep LSTM model architecture: LSTM is
a deep neural network that can handle
time-varying input and develop long-term
relationships among sequences [53]. In
this paper, we utilize Keras to create an
LSTM model specifically for the MC
system in [oBNT. The architecture
consists of two LSTM layers with 256
units each. The first layer returns
sequences, followed by dropout (0.2) and
layer normalization to prevent overfitting
and stabilize training. Dense layers with
Leaky ReLU activation further refine the
features, whereas the output layer employs
softmax for multi-class scenarios or
sigmoid when M = 2. This approach
allows for good symbol pattern learning
and dependable prediction in the MC
channel.

5. IMULATION RESULTS AND ANALYSIS

Following the introduction of the
parameter settings, this section will proceed to
show the results of our simulations based on the
parameter settings shown in Table 1 of the values
of the MC setting used in this study.

Table 1: MC system parameter values Table

Parameter Value
Symbol duration(t) (5,10,20,30)sec
Distance(d) 1:10cm
Diffusion Coefficient(D) 0.43
Modulation order (M) 2,4,8

5.1 Performance Analysis of Our Proposed
Adaptive Modulation Based on MLE

In this section, we present the performance
analysis of our proposed adaptive M-ary CPSK
modulation for MC system. We evaluate the SER
and the DR to assess the effectiveness of our
approach. SER is a vital metric for assessing the
dependability of MC systems since it measures the
likelihood of wrongly decoding a symbol owing to
noise and interference in the diffusion channel.
Extensive simulations were conducted to assess the
SER of our proposed technique at various distances
and symbol lengths (Ls). Figures 5, 6, and 7 depict
the SER curves for the MolCommLSTM model
with adaptive modulation in 8-, 4-, and 2-ary
schemes. The charts show how SER varies with
distance for various s values. Adaptive modulation
allows the system to change the modulation order
based on channel circumstances, which improves

reliability and spectral efficiency. The (8, 4, 2)
arrangement implies that the system may transition
between several modulation levels, allowing for
flexibility in a variety of channel situations.

Each curve in Figures 5-7 corresponds to
a distinct combination of distance and symbol
duration, providing insight into how system
performance varies with different conditions. This
research refines and optimizes the suggested
communication technique, ensuring its flexibility
and resilience in real-world MC circumstances.
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Even the SER depends on several factors,
such as the distance between the TN and RN, the
concentration level of the transmitter, the diffusion
coefficient of the molecules, the noise level of the
channel, and the symbol duration (ts). The distance
between TN and RN affects the SER because it
determines how much the molecules diffuse before
reaching the receiver. The longer the distance, the
more the molecules spread out and lose their
concentration, making it harder for the receiver to
distinguish  between different symbols. The
previous results show that the SER increases as the
distance increases for all values of d. However, the

duration of the symbol (s) affects the SER because
it determines how long the transmitter releases
molecules per symbol and how long the receiver

measures them. The longer (s, the more molecules
are released and measured, making it easier for the
receiver to decode them. However, a longer s also
reduces the data rate and increases the delay of MC.
The proposed technique uses a fixed (¢s) values for
all distances, which is chosen to balance between
SER performance and data rate efficiency. The

results show that this choice of ts can achieve a
low SER for all distances. we also can note that,

when (%s) increase SER decrease. We also can
notice that, while decrease modulation order (M),
decrease symbol error rate increase. The
concentration level of the transmitter affects the
SER because it determines how many molecules
are released per symbol. The higher the
concentration level, the more molecules are
available for transmission, making it easier for the
receiver to detect them.

However, a higher concentration level also
increases the energy consumption and interference
of MC. The proposed technique adapts the
concentration level according to the distance and
concentration level, using lower concentration
levels for shorter distances, and higher
concentration levels for longer distances. The
results show that this adaptation can reduce the
SER especially for long distance.

5.2 Achievable Data Rate (DR) Performance

The DR is another crucial metric for
evaluating the efficiency of a communication
system. It represents the maximum data rate that
can be reliably transmitted over the diffusion based
MC channel. Figures 8,9 show the MLE DR
performance curves for our method using (8,4,2)-
ary adaptive modulation over a range of distances

values for fixed (ts) value and different Tex.
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Figure 8 MLE DR vs distance for different M of our

proposed adaptive modulation where Tex=60.
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Figure 9 MLE DR vs distance for different M of our

proposed adaptive modulation where T =40.

from the results shown above in figure
(8,9) we can notice that, higher modulation order
(M), increase the DR.

5.3 Comparison With Fixed M-ary CPSK
Modulation

To further validate the performance of our
proposed adaptive modulation, we compared it with
fixed modulation as shown in figure10 below. The
proposed technique aims to improve the SER of the
MC system by adapting the concentration level
according to the distance between the TN and RN.
The findings show that the suggested approach
consistently delivers a lower SER than the fixed
CPSK system, which uses a single concentration
level across all symbols.

Across all tested distances, the suggested
technique had a lower SER than CPSK. This
demonstrates its potential to harness spatial variety
and plasticity in molecular communication.
Furthermore, by applying lower concentration
levels across shorter distances, the approach
reduces energy consumption and interference.
Overall, the suggested technique provides robust
SER performance and greater attainable data rates,
making it a potential choice for dependable and
efficient MC systems.
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Figure 10 MLE SER comparison between fixed and our proposed adaptive modulation.

5.4 Training Results of MolCommLSTM for Symbol
Detection

In this section, we investigate closely the training

results and performance evaluation of deep LSTM for symbol
detection in our System Method. In this study, we present an
in-depth analysis of our deep LSTM-based symbol detection
approach, highlighting the training process, performance

metrics.

a)

Training of the deep LSTM model: The propose
model is instantiated with a diverse array of distinct
configurations, in which the Adams optimizer is
employed as a gradient descent-based optimization.
We used the categorical cross entropy loss function,
which shows the difference between the predicted
and actual symbol labels. SER is the ratio of the
number of misclassified symbols to the total number
of symbols. The performance evaluation metric
accuracy, which is based on the proportion of

b)

correctly detected symbols in the training and testing
data sets, is a performance assessment. The Proposed
model is trained using a subset of the provided data.
Specifically, the training data set is split into training
and validation sets, with a portion (20%) reserved for
validation to monitor training progress. The proposed
model undergoes training for a fixed number of 100
epochs with a batch size of 256. After training, the
proposed model performance is evaluated on a
separate test data set.

MolCommLSTM demodulation training results: in
this section, curves of accuracy and loss, with respect
to the number of epochs, for M=8,4,2 are presented.
for the training we generated combined data for
different distance values from 1 to 10 at different ¢,
values. In Figure 11, the training demodulation loss
for M=8.,4,2 are shown. The loss function calculates
the error between the model’s predictions and the
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actual target values at each epoch. Figure.11a, 11b,
11c plot the demodulation loss rate at training epochs
100 for M=8,4,2 respectively. The loss rate
decreases as the model goes through more epochs,
which means that the model updates its parameters
and gets better at predict accurately. The decrease of
the loss rate over epochs indicates how the model

Training and Validation Loss
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0.475

Loss
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0.425 -

0.400 -

0.375 -

—— Training Loss
Validation Loss

learns and improves its demodulation performance.
The general decrease of the loss rate over epochs
indicates how the LSTM model learns and improves
its demodulation performance on this data for
different values of M. The exact shape and slope of
the loss decrease provides insight into model
convergence and learning rates.

Training and Validation Loss

—— Training Loss
validation Loss

Loss.
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(a)Demodulation loss of M=8
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(c) Demodulation loss of M=2

Figure 11 The training curves depicting loss are presented in the Figure, illustrating distinct values of M, which is 8, 4, and 2.

In figurel2a, 12b, and 12c present the
demodulation accuracy fro M=8,4,2 respectively. The
difference value comes from subtracting the ground truth
from the predicted value. the ground truth is the original data
in the data sets. Notably, during our iterative training of the
MolCommLSTM model, there has been a consistent increase
from both the training and validation accuracy scores of
LSTM. After 100 epochs of careful training, the following
graphs reflect some very interesting trends in the accuracy
score for different values of the modulation order M. For
instance, when M is set to 8, the MolCommLSTM model
attains an impressive accuracy of 0.9. For M = 4, the model
performs at an accuracy of 0.875. Most impressively,
reducing M to 2 achieves an accuracy of 0.98 after 100
epochs.What sets this observation apart, however, is that in

the context of M = 2, the MolCommLSTM model performs
exceptionally, outperforming the performance achieved when
M was set to either 4 or 8. Accordingly, for M = 2, the
MolCommLSTM model astonishingly yields a validation
accuracy as high as 0.98, against the ordinary figures of 0.9
and 0.875 obtained in the case of M = 8 and M = 4,
respectively. This prominent margin reflects the drastic
difference in  demodulation  performance of the
MolCommLSTM model with M = 2 on the unseen validation
dataset. A smaller value of M leads to a simpler architecture
of the MolCommLSTM model with fewer parameters. Thus,
such simplicity in architecture diminishes the danger of
overfitting the model to the training data and provides it with
an enhanced capability of generalizing well to the unseen
validation data. Therefore, it goes without saying that a
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significantly higher validation accuracy for M = 2 emphasizes to the LSTM of the MolCommLSTM model on its capability
the fact that a simpler MolCommLSTM model architecture to learn and capture useful demodulation features.
can actually provide better performance in terms of yielding Additionally, our results clearly point to the fact that
superior performance with higher accuracy on previously seen performance peaks for the modulation order M = 2, further
data. Therefore, the consistent increase of both training and emphasizing the efficiency of this lower complexity model
validation accuracy scores during the training epochs testifies regarding demodulation accuracy on unseen data.
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Figure 12 Demodulation accuracy curves for M=8,4,2
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5.5 Comparison Between MolCommLSTM and
MLE

In our exhaustive analysis, we carried out
an extensive analysis of SERs related to the use of
deep LSTM in the framework of the
MolCommLSTM model, compared with the MLE
detection method. We present the results of our
analysis in Table 2, considering the modulation
order to be 8 in different distances (r = 2, 4, 6, and
8 cm) for a symbol duration, Is = 10 sec. This
analysis thus provides a much more detailed look
into the performance of the MolCommLSTM
model under different channel distances and for
certain modulation order conditions.

Table 2 shows that when M = §, the
MolCommLSTM model outperforms MLE at all
distances. For example, at 2 cm, MolCommLSTM
records a much lower SER (0.096) compared to
MLE (0.279). As the distance increases, this gap
becomes even larger. At 8 cm, MolCommLSTM
reaches an SER of (0.154), while MLE rises
sharply to (0.746). Overall, the results highlight the
consistent and  superior  performance of
MolCommLSTM across all distances.

Table 2 SER comparison of MolCommLSTM and MLE at
different distance when M=8.

lowest SER is 0.2206 at 4 cm. The gap gets more
obvious as the distance grows. Overall, the
MolCommLSTM model outperforms MLE by
consistently and significantly improving SER
across all modulation orders and distances
investigated.

Table 4 SER comparison of MolCommLSTM and MLE at
different distance when M=2.

d 2cm 4cm 6cm 8cm
MolCommLSTM 0.019 0.0311 | 0.0561 | 0.1051
MLE 0.0751 | 0.2206 | 0.3934 | 0.5627

d 2cm 4cm 6¢cm 8cm
MolCommLSTM | 0.0960 | 0.1380 | 0.1400 | 0.1540
MLE 0.2794 | 0.2794 | 0.5052 | 0.7462
Table 3 shows that the

MolCommLSTM model consistently outperforms
MLE for a modulation order of M = 4 and distances
of 2, 4, 6, and 8 cm at ts= 10. MolCommLSTM
achieves a SER of 0.094 at 2 cm, while MLE
achieves a SER of 0.116. As the distance grows,
this gap gets wider. While MLE increases to 0.530,
more than double the error rate, MolCommLSTM
reports a SER of 0.252 at 8 cm. These findings
demonstrate the MolCommLSTM model's robust
and consistent performance over a range of
distances.

Table 3 SER comparison of MolCommLSTM and MLE at
different distance when M=4.

d 2cm 4cm 6cm 8cm
MolCommLSTM | 0.0940 | 0.1020 | 0.2440 | 0.2520
MLE 0.116 | 0.1867 | 0.3297 | 0.5304

Table 4 shows the findings for M = 2 at
distances of 2, 4, 6, and 8 cm and ts= 10. The
MolCommLSTM model again demonstrates
unambiguous advantage. It keeps SER wvalues
below 0.1lover all distances, whereas MLE's

Furthermore, our findings show that the
MolCommLSTM model performs better for lower
modulation orders, notably M = 4 and M = 2, as
compared to M = 8. This discovery highlights the
MolCommLSTM system model's amazing capacity
to demodulate lower-order modulations with
greater precision, even when working with
constellations with fewer symbol points.

6. DISCUSSION

this section presents a comprehensive
discussion of the proposed MolCommLSTM
system by evaluation of the research objective , and
highlight limitation and research issues.

The first objective of this paper was to
enhance reliability of the MC system and reducing
SER. The results obtained clearly demonstrate that
the propose model significantly outperforms the
traditional MLE-based detection over different
modulation orders and transmission distances. This
confirms the effectiveness of integration DL for
robust detection in MC system.

The second objective was to improve ADR
by adaptive modulation. The results showed that
the proposed distance adaptive modulation
successfully enhances data rate performance by
dynamically change molecular concentration level
according to the condition of the channel.

Despites these improvements, several
limitation must be stated. First, the proposed system
assume perfect distance estimation between
transmitter and receiver ,which may be not realistic
in real MC environment. Second, the model relies
on simulated data, and therefore lack of validation
using real biological datasets. Furthermore, while
the proposed model adapts to distance variation,
other factors such as mobility, noise and complex
biological interaction are not fully considered.
These limitations represent important open
challenges the need further investigation.

Overall, the proposed MolCommLSTM
model demonstrates strong potential for improving
reliability and efficiency in MC systems.

e ——
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7. CONCLUSIONS

In this paper, we proposed the
MolCommLSTM system model, which utilizes
adaptive strategy during modulation and deep
LSTM for demodulation. It is considered that the
MolCommLSTM system model dynamically
adjusts the level of concentration based on the
estimated distance between TN and RN, thereby
optimizing system performance. Moreover, our
approach to the system model integrates deep
LSTM in order to map the received molecules to
the transmitted symbols, allowing for precise and
effective symbol detection. Upon evaluation of the
MolCommLSTM system model, the results clearly
showed that our system model significantly
improved both SER and ADR, outperforming
CPSK  modulation schemes. The system
successfully handled bias effects. The ISI within
the diffusion-based channel was minimized to
outperform the performance of the MLE detection
method. From our perspective, the proposed work
represents a promising advancement towards
intelligent and adaptive MC system. However,
several limitations must be acknowledged,
including the reliance on accurate distance
estimation, increased computational complexity,
and the absence of real biological data.

Future work will focus on addressing these
challenge by using real biological dataset, and
enhancing  interpretability to  support the
deployment of IoBNT applications.
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