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Abstract. Molecular communication (MC) is an emerging paradigm
for exchanging information via chemical signals. It holds great promise
for building nanoscale networks within biological organisms. However,
the presence of counting noise originating from the molecular diffu-
sion mechanism severely limits the signal detection performance. Cur-
rently, research on reducing such signal-dependent noise (SDN) in MC
via diffusion (MCvD) remains scarcely explored. Besides, the lack of
channel models in MCvD hinders the effects of model-based denois-
ing approaches. Against this background, we resort to the data-driven
machine learning (ML) methods that fit MCvD systems for noise miti-
gation. Additionally, the simulated numerical results show that such an
ML-based scheme outperforms its classical model-based counterparts.
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1 Introduction

In recent years, molecular communication (MC) has garnered significant atten-
tion as a novel communication mode. Inspired by nature, the encoding, trans-
mission, and decoding of information in MC are achieved through the utilization
of information molecules, with excellent biocompatibility and efficient energy
use, which has occupied an important position in nanonetwork engineering [1].
This new form of communication brings entirely new possibilities for nanoscale
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network communication, providing revolutionary opportunities for advances in
other fields such as medical care and environmental monitoring [2].

In MC, there are a variety of molecular transmission methods, including
diffusion-based [3], flow-based, etc., among which MC via diffusion (MCvD) is
one of the simplest methods to achieve MC, which simply depends on the Brown-
ian motion of information molecules in the environment without further external
energy. In the MCvD system, in addition to the common background noise, there
exists counting noise, which is a type of signal-dependent noise (SDN) that arises
due to random transmission of information molecules. Noise and inter-symbol
interference (ISI) are inevitable during molecular transmission, exerting a signifi-
cant impact on the accurate transmission and reception of information molecules,
thereby substantially compromising system performance.

The initial research of SDN originated in the field of image processing [4],
and then gradually extended to the field of visible light communication (VLC).
In VLC, SDN has attracted a lot of attention, with research efforts focusing on
modulation design [5,6], capacity boundary [7,8], and other challenges associ-
ated with SDN. Concurrently, researchers have also identified the presence of
SDN in MC and conducted corresponding investigations. However, research in
this area remains limited, particularly in terms of noise reduction methods for
SDN. It is noteworthy that [9] inspired by stochastic resonance, a linear filter is
designed to convert noise into useful signals and improve the signal-to-noise ratio,
which effectively improves the performance of the system. In [10], a noise sup-
pression filter, the I-filter, is proposed to reduce the influence of noise in MCvD
by suppressing noise. Although these studies provide a certain foundation for
SDN noise reduction methods, it is essential to explore novel noise reduction
techniques further to achieve improved efficacy in reducing noise.

In the field of signal processing and communication, machine learning (ML)
has great potential as a powerful tool. Notably, in MC, ML methods have
attracted the attention and interest of researchers. Numerous researchers have
extensively investigated the utilization of ML techniques for detecting received
signals in MC systems [11–14]. Considering the non-stationary characteristics of
SDN, traditional model-based noise reduction methods may have limitations in
addressing this type of noise. In other words, denoising methods that are based on
signal-independent noise models are not very effective in scenarios with SDN. In
contrast, the data-driven approach of ML is more adaptable and flexible, allow-
ing the model to adjust adaptively to specific data characteristics. By training
models on large amounts of data, ML can gain a deeper understanding of the
intricate relationship between signal and noise. Therefore, we contend that the
application of ML techniques holds significant implications for addressing SDN
challenges in MC. The main contribution of this paper lies in the application of
ML methods based on the Long Short-Term Memory Recurrent Neural Network
(LSTM-RNN) model to mitigate SDN in MCvD effectively.

The rest of the paper is organized as follows. Section 2 revisits the MCvD sys-
tem model. In Sect. 3, we propose a denoising method based on machine learning
using the LSTM-RNN model. In Sect. 4, the numerical results demonstrate that
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the LSTM-RNN model exhibits remarkable efficacy in mitigating SDN. Finally,
conclusions are drawn in Sect. 5.

2 System Model

In this paper, we consider an MCvD system operating within a three-dimensional
(3D) environment. As shown in Fig. 1, we consider a typical end-to-end
model [15], which consists of a point source transmitter, a diffusion channel,
and a passive spherical receiver with a radius of r, whose volume is VR = 4

3πr3.
The transmitter is located at the origin of the Cartesian coordinate system. The
information molecules in the diffusion channel follow Brownian motion, where
the spatiotemporal distribution of the average molecular concentration obeys
Fick’s second law of diffusion, which can be expressed as

1
D

∂c(d, t)
∂(t)

= ∇2c(d, t), (1)

where ∇2 is the Laplace operator and D is the diffusion coefficient. Furthermore,
d is the location of information molecules in the 3D Cartesian coordinates, which
can be represented as d = [x, y, z]. ∇2 = ∂2

∂x2 + ∂2

∂y2 + ∂2

∂z2 in Cartesian coordinate,
c(d, t) represents the average concentration of information molecules at coordi-
nate d and time t. When the transmitter emits a pulse signal at time t = 0, the
corresponding initial condition has the following form as

Fig. 1. MCvD system model.
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c(0, t → 0) = Qδ(d), (2)

where Q represents the number of information molecules in each pulse signal, and
δ(·) represents the Dirac delta function. Additionally, considering the unbounded
environment, the boundary conditions can be expressed as

c (‖d‖ → ∞, t) = 0 (3)

Assuming that the received molecular concentration is uniform in the receiv-
ing space, molecular concentration can be solved (2) with (3) and (4)

c(d, t) =
Q

(4πDt)3/2
exp

(
−‖d‖2

4Dt

)
. (4)

We assumed a fixed location of the receiver as d = [d, 0, 0], so the distance
of the transceiver is a constant value, i.e., ‖d‖ = d. Based on (4), the channel
impulse response of the end-to-end MC system is

h(t) =
c(d, t)

Q
=

1

(4πDt)3/2
exp(− d2

4Dt
). (5)

In terms of modulation, the on-off keying (OOK) approach is deployed. Let
a = [a1, . . . , ai, . . . , aI ] represent a transmitted binary block of length I, where
the value of the i-th entry ai is either 0 or 1. In OOK, the transmitter emits Q
information molecules in an impulsive manner for bit-1 transmission. Conversely,
it keeps silent when transmitting bit-0. Therefore, the transmitted signal by the
i-th symbol can be expressed as

si(t) = aiQδ[t − (i − 1)T ], (6)

where T represents the symbol interval. Due to the randomness in the trans-
mission of information molecules, previously transmitted signal particles may
remain in the channel, affecting the current received signal, known as ISI. In
the absence of noise, the concentration of information molecules that reach the
receiver after the i-th symbol propagates through the diffusion channel is

yi(t) = si(t)h(t) =
min{� t

T �,I}∑
i=1

aiQh[t − (i − 1)T ], (7)

where �·� denotes the floor function. Noise interference exists in the MC system,
including background noise and counting noise. In OOK modulation, the trans-
mission of a bit-1 is typically affected by the signal-dependent counting noise
rather than the conventional background noise that is signal-independent [15].
Since the noise reduction algorithm for background noise is relatively mature, we
focus on the denoising of counting noise, which is rarely studied in the literature.
Thus, the received signal of the i-th symbol in the diffusion-based MC can be
formulated as follows

zi(t) = yi(t) + n(t). (8)
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The counting noise process, i.e., n(t), is caused by the randomness in the
molecular diffusion mechanism, which follows a normal distribution with a mean
of zero [16]

n(t) ∼ N (
0, σ2(t)

)
, (9)

where the variance term is dependent on the signal strength and is expressed as

σ2(t) =
y(t)
VR

. (10)

3 Machine Learning Based Denoising Method For SDN

MC systems are frequently subjected to intricate noise interference, which has
a substantial impact on the quality and reliability of signals, thereby restrict-
ing system performance. Therefore, it is essential to propose a noise reduction
method to eliminate noise interference. Traditional denoising techniques typi-
cally focus on noise that is unrelated to the signal. However, ML, as a powerful
data-driven approach, can learn the characteristics of the noise model through
training on data and accurately predict and remove noise. In contrast to tradi-
tional methods, ML not only effectively captures the characteristics of the SDN,
improving system robustness and adaptability, but also demonstrates superior
ability in managing complex noise interference within the MC system, thus offer-
ing new opportunities for optimizing system performance. Therefore, integrating
ML into MC can effectively eliminate the SDN and subsequently improve the
performance of the MC system. In ML, there is a wide variety of neural networks
to choose from. Given that the signal in MC is time series data, we have chosen
to use recurrent neural networks (RNNs) as the fundamental network structure.
It is worth noting that in the field of MC, RNNs have been used as the basic
network structure for sequence detection, and the effect is remarkable [14]. RNNs
can capture temporal dependencies in time series data through recurrent connec-
tions. However, traditional RNNs suffer from the problem of vanishing gradients
during training, which makes it challenging for the network to learn long-range
temporal dependencies. Therefore, in this context, we choose an improved RNN
architecture known as the LSTM network. This addresses the problem of gra-
dient disappearance in traditional RNNS by introducing gating mechanisms.
Compared to traditional RNNs, the LSTM-RNN model can effectively capture
long-term dependencies in time series data through a gating mechanism. This
enables it to model the characteristics of the SDN more accurately and improve
the system’s ability to suppress noise.

To fully exploit the temporal characteristics of LSTM-RNN models, we opt
to employ mutual information as a metric for assessing correlation. Mutual infor-
mation I(X;Y ) quantifies the relationship between two random variables X and
Y , where X and Y represent noisy signal and noiseless signal, respectively.

I(X;Y ) =
∑

x

∑
y

P (X = x, Y = y) log
(

P (X = x, Y = y)
P (X = x)P (Y = y)

)
. (11)
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Fig. 2. LSTM-RNN model architecture for denoising.

When the value of I(X;Y ) is zero, it indicates a lack of correlation between
the noisy signal and the non-noisy signal. Conversely, as the value of I(X;Y )
increases, a stronger correlation is observed between these signals. This suggests
a more significant information correlation exists between them, with one variable
being more predictive of the other’s value. Based on this observation, we select
an appropriate memory length and train the LSTM-RNN model to capture the
temporal correlation between noisy and non-noisy signals effectively.

In Fig. 2, the proposed LSTM-RNN model architecture for denoising consists
of an input layer, an LSTM layer, a fully connected layer, and an output layer.
The LSTM unit [17] consists of the input gate, the forget gate, and the output
gate. These gates control the updating of the LSTM cell state. Specifically, the
input gate controls whether new information should be added to the cell state,
the amnesia gate controls whether information from previous cell states should
be discarded, and the output gate controls the extent to which information in
the cell state is output in the current hidden state of the time step. The LSTM
unit employs two activation functions, namely the Sigmoid function σ(·) and
the hyperbolic tangent function tanh(·). σ(·) converts the input to a range of
(0, 1) and is commonly employed to control the on-off state of the door. The
function tanh(·) converts the input into the range (−1, 1) and is primarily used
to calculate new candidate state values. In (12)–(17), xt represents the input of
the current time step, W and U represent input weight matrices and recurrent
weight matrices, and b represents bias. The activations of the gates, ft, it, and
ot are calculated for a timestep t using the activation of the cell at t − 1 (ct−1)
according to Eq. (12), (13), and (14).
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ft = σ(Wfxt + Ufht−1 + bf ), (12)

it = σ(Wixt + Uiht−1 + bi), (13)

ot = σ(Woxt + Uoht−1 + bo). (14)

Formula (15) describes the process of calculating the candidate cell state c̃t

based on the current input and the previous hidden state.

c̃t = tanh(Wcxt + Ucht−1 + bc). (15)

Formulas (16) and (17) describe the updating process of the cell state ct and
the hidden state ht, obtained by multiplying the value of the forgetting gate by
the previous cell state, and the candidate cell state by the value of the input
gate, and adding them. The cell state is then processed by the tanh function and
multiplied with the output gate to get the hidden state.

ct = ft ⊗ ct−1 + it ⊗ c̃t, (16)

ht = ot ⊗ tanh(ct), (17)

where ⊗ represents the element-by-element product.

4 Numerical Results

In this section, we aim to evaluate the noise reduction performance of the pro-
posed LSTM-RNN network model in the MCvD system. Specifically, simulation
experiments are conducted on simulated signal data to verify the effect of the
network model in reducing noise.

4.1 Experimental Setup

The system parameters are set as follows: the diffusion coefficient is D =
2.2×10−9 m2/s, and the number of information molecules released by the trans-
mitter is Q = 2 × 109. The distance between the transceivers is d = 20μm.
The simulation experiment is set up as follows: The dataset for the simulation
experiment consists of a continuous transmission of a sequence comprising 1000
randomly generated symbols, either “0” or “1”. The dataset is divided into a
ratio of 7 : 2 : 1, with 70% of the symbols allocated to the training set, 20% to
the validation set, and 10% to the test set. This scaling is a common practice in
ML to make the most of the data, validate the model’s performance, and evalu-
ate its ability to generalize. The training set is used to train the neural network
model, while the validation set is employed to tune the model’s hyperparameters
and monitor the training process. Finally, the test set is used to evaluate the
model’s performance in reducing noise. The major model hyperparameters are
summarized in Table 1.
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Table 1. LSTM network hyperparameters

Hyperparameter Value

Number of layers 5

Hidden state size 4

Epoch 60

Batch size 32

Initial learn rate 0.01

Learn rate drop factor 0.9

Learn rate drop period 10

4.2 Simulation Results

We test the noise reduction performance of this network model at various symbol
intervals (T = 0.4 ∼ 2.0 s) and use the symbol interval T = 1 s as an example.
In this paper, we use the root mean square error (RMSE) as an indicator to
evaluate noise reduction performance, which is defined as follows

RMSE =

√√√√ 1
N

N∑
j=1

(
r̂(j) − r(j)

)2
, (18)

where N is the signal length, r(j) represents the normalized denoised signal
vector, and r̂(j) represents the normalized noiseless signal vector.

Figure 3 illustrates the noise reduction effect of certain symbols in the test
set, which clearly shows that the denoised signal is almost perfectly restored
to the noiseless signal, highlighting the excellent performance of the model in
suppressing SDN. In addition, the RMSE value for the test set is measured at
0.005, further confirming the excellent performance of the model in suppressing
the SDN. In general, the model demonstrates excellent performance in reducing
noise and has a remarkable effect on suppressing the SDN.

The FIR low-pass filter and wavelet denoising are two classical methods
widely used in signal processing. FIR low-pass filters are well-known for their sim-
ple structure and effective filtering capabilities. It can filter out high-frequency
noise while retaining low-frequency information, making it a classical method
commonly used for signal denoising. On the other hand, wavelet denoising can
offer improved local feature representation in the time-frequency domain. Its
multi-scale analysis characteristics enable it to capture instantaneous features
and frequency information in the signal. Both methods have distinct advantages
in addressing noise. Therefore, we compare these two model-based methods with
the data-driven LSTM-RNN models, focusing on their noise reduction perfor-
mance. To ensure optimal performance, we utilize a brute-force search method
to determine the optimal parameters for the FIR low-pass filter and wavelet
transform. Specifically, the FIR low-pass filter is implemented using the fir1
function, the filtering order of 4, and the cutoff frequency of 0.001. For the
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Fig. 3. The denoising effect of LSTM-RNN model in MC.

wavelet denoising, we choose rbio1.3 as the wavelet basis function. In the exper-
iments, we compare the performance of three methods under various symbol
intervals (T = 0.4 ∼ 2.0 s) and evaluate quantitatively by RMSE. By observing
the comparison results in Fig. 4, we note that the RMSE values of all three meth-
ods decrease as the symbol interval increases. Furthermore, the noise reduction
method employing the LSTM-RNN model demonstrates a smaller RMSE value
at various symbol intervals compared to the traditional FIR low-pass filter and
wavelet denoising, which indicates that the LSTM-RNN model performs better
in mitigating SDN.

The superior performance of the LSTM-RNN model can be attributed to its
robust ML capabilities and adaptive network architecture. The proposed model
has powerful ML capabilities to learn complex patterns and Temporal character-
istics in data. In contrast, traditional FIR low-pass filters and wavelet denoising
methods heavily rely on mathematical modeling and signal processing, making
it challenging to adapt to the complex characteristics of the SDN flexibly. More
importantly, the architecture of the LSTM-RNN model is well-suited for pro-
cessing time series data, effectively capturing and learning long-term dependen-
cies within the data. Furthermore, the flexible network structure enables better
adaptation to the non-stationary characteristics of SDN. In contrast, traditional
methods may be limited by fixed filter characteristics or wavelet basis functions,
which makes them less adaptable to changing noise characteristics. Therefore,
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Fig. 4. Comparison of the noise reduction effect of three methods at different intervals.

our proposed LSTM-RNN model demonstrates superior performance in reducing
noise while mitigating the SDN.

5 Conclusion

In this paper, we proposed an innovative solution for the SDN in MCvD, specif-
ically the LSTM-RNN model-based ML method for denoising. The proposed
method’s performance is evaluated through simulation experiments, comparing
the RMSE of an ML-based noise reduction network with that of traditional
noise reduction methods across various symbol intervals. These results confirm
the excellent potential of the LSTM-RNN model in mitigating the SDN. This
approach provides an effective solution for enhancing the performance and reli-
ability of the MC system. Future research could explore and optimize other
network structures within ML to tackle more intricate and realistic noise sce-
narios.
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