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Abstract. Molecular communication (MC) utilizes the release, diffusion and
reception of molecules to transmit information. It has promising prospects in
the field of drug delivery. The detection time estimation of the receiver in MC
system plays important roles in the resource consumption at the receiver. Existing
strategies of traditional detection time mainly focus on known channel state infor-
mation (CSI). In this paper, we propose a method for estimating the detection time
of the receiver in MC system with unknown CSI by using deep neural network
(DNN) model. We employ the Monte Carlo simulation to capture the positions of
molecules in the three-dimensional environment. The dataset is generated based on
the coordinates of the molecules at each position. The numerical results show that
the detection time can be accurately estimated by the DNN model which exhibits
good detection and generalization abilities. In addition, the number of molecules
released by the transmitter and the minimum distance between the transmitter
and the boundary of the receiver have impacts on the accuracy of detection time
estimation of the receiver.
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1 Introduction

Molecular communication (MC) [1] plays a crucial role in facilitating communication
among entities within biological environments. In MC systems, the molecules released
by the transmitter, serving as information carriers between communication entities, can
convey transmission information in the environment [2]. MC has prospects for various
applications, including targeted drug delivery and environmental monitoring [3]. How-
ever, several challenges need to be addressed, such as the limited memory of the receiver
and determining optimal detection time [4, 5].

In recent literatures about the detection time in MC, many researchers have studied
how to determine the optimal detection time for receivers. In [6], a scheme was proposed
to optimize the detection interval in order to minimize the impact of Inter-Symbol Inter-
ference (ISI). This optimization was applicable to both absorption and passive receivers.
Kim et al. identified appropriate symbol interval values in two vascular models and com-
puted the data transmission rate [7]. Chen et al. designed a modified SINAR (mSINAR),
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which can be used to measure the bit error ratio performance of MC systems with vari-
able detection intervals [8]. Cheng et al. [9] employed a multi-objective optimization
algorithm to identify the optimal detection time for receivers in a mobile multi-user MC
system in a three-dimensional (3D) anomalous diffusion channel.

Recently, there have been growing interests in incorporating machine learning func-
tionalities into MC systems. This integration also explored the potential benefits of
employing energy-efficient algorithms for machine learning on low power devices [10].
Methods for detection signals based on machine learning were studied. Shrivastava et al.
[11] proposed a method for detecting signals in mobile MC based on neural networks.
Sun et al. [12] introduced a novel recurrent neural network structure aiming at learning
and estimating transmitted signal sequences without prior knowledge of the channel
model. In response to the challenge of lacking precise mathematical models, Lu et al.
[13] integrated the principles of natural language processing into MC and presented
a detector named MCFormer based on the classical Transformer model. Furthermore,
machine learning was explored to many applications in entity localization of MC sys-
tems. When the accurate analytical formulas for received signals were not available,
Kose et al. [14] employed a deep neural network (DNN) to detect and locate the silent
entities in the two-dimensional environment in MC system.

Usually, the detection time of the receiver in MC system starts when the transmitter
releases molecules [15]. Considering the molecules arrive at the receiver needs some time
due to the diffusion, in order to reduce resource consumption at the receiver, the receiver
can delay the detection time and starts detection after it receives the first molecule.
Existing strategies of traditional detection time mainly focused on known CSI. However,
when the CSIis unknown, existing traditional strategies are not effective. How to estimate
the detection time in MC with unknown CSI is a challenge work which needs to be
studied. In order to solve the problem, we study the detection time estimation in MC
with unknown CSI based on DNN model. The main contributions of our paper are as
follows:

(1) We propose a method for detection time estimation in MC with unknown CSI by
using DNN model. The Monte Carlo simulation is utilized to capture the positions
of molecules released by the transmitter in the 3D environment. Based on the coor-
dinates of the molecules at each position, the data generation is implemented to train
the DNN model.

(2) The numerical results show that the DNN model can accurately estimate the detec-
tion time of the receiver, which demonstrates the DNN model has good detection
ability and generalization ability. In addition, the impacts of the number of molecules
released by the transmitter and the minimum distance between the transmitter and
the receiver boundary on the accuracy of detection time estimation at the receiver
are analyzed.

The remainder of this paper is organized as follows: Sect. 2 introduces the system
topology, the process of data generation and the evaluation of estimation error time.
Section 3 gives the simulation results about the estimation of detection time of the
receiver. The conclusion is summarized in Sect. 4.
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2 Machine Learning-Based Detection Time Estimation

2.1 System Topology

The system topology is consisted of a point transmitter (TX) and a spherical receiver
(RX) in a static 3D and unbounded environment with no drift. The position of TX is
represented by the coordinates (xTx, yTx, z2rXx). We assume that RX can perfectly absorb
molecules. The radius of RX is represented by » and the position of RXis (xRx, YRX, ZRX)-
The diffusion coefficient of molecules in the environment is denoted as D. It is assumed
that TX and RX are synchronized in time [16]. The system model is shown in Fig. 1.
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Fig. 1. System topology.

When TX releases molecules at position (xtx, YTX, ZTX), the distance between TX
and the boundary of RX is determined by

dpoundary = \/(XTX —xrx)? + (yTx — YRX)? + (21X — 2RX)% — 7. (D

In order to ensure that the molecules will not be absorbed immediately after emission,
we set the minimum distance between the transmitter and the boundary of the receiver
which i8 dpin. Then we have

dboundary > dmin. 2

2.2 Data Generation

The mechanism of estimation of the detection time is described as follows: RX estimates
the detection time based on the initial coordinates of the molecules and the way that the
molecules diffuse in the environment. The estimation of detection time of RX is defined
by the arrival time of the first molecule when TX releases the molecules at = 0. It means
that RX determines whether one molecule can be captured in each time interval Az. If
no molecules are captured in this A¢, RX continues to count the molecules in subsequent
At. Once one molecule can be captured at time ¢, then the time ¢ is the detection time
of RX. When the position of TX changes, the corresponding detection time of RX may
vary. Therefore, it is essential to employ computer simulations to model the process of
emission, motion, and absorption of molecules under different position coordinates of
TX.
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To enhance the accuracy of detection time estimation, we employ the Monte Carlo
simulation experimental method [17] to capture the positions of molecules in the envi-
ronment. In the simulation, the detection time of RX is discretely divided into multiple
At intervals. Here At represents the time interval for each sampling. At time ¢t = 0,
TX emits N molecules. In each subsequent time interval At, the displacements of each
molecule along the x-axis, y-axis, and z-axis are denoted by AX, AY, and AZ, respec-
tively. X (¢), Y (t) and Z(¢) are the coordinates of the molecules along the x-axis, y-axis,
and z-axis at time ¢, respectively. X (t + At), Y (¢ + At) and Z(¢ 4+ At) are the coordinates
of the molecules along the x-axis, y-axis, and z-axis at time (¢ + At), respectively. The
positional information of the molecules is updated as follows:

X (14 A1) =X (1) + AX,
Y(t+ Af) =Y (&) + AY, 3)
Z(t + At = Z(t) + AZ,

where AX, AY and AZ are obtained by

AX = V2DAt x ny,
AY = ~2DAt x ny, “4)
AZ = V2DAt x ng,

where ny, ny, and n, are random parameters which follow an independent standard
normal distribution:

ne ~N(0, 1),
ny ~ N(0, 1), (5)
ng ~N(0,1).

To ensure universal applicability of the neural network, the position of TX in 3D
environment needs to be randomly selected. Although the coordinates of TX can the-
oretically take continuous values, obtaining continuous coordinate (xtx, yTX, ZTX) as
training data is a challenge work due to high computational complexity. Therefore, the
x-axis, y-axis, and z-axis are discretized into multiple steps and each step is 1 um. The
ranges of xTx, yTX, and zTx are set as

—20um < xtx < 20pm,
—20pum < yrx < 20Wm, (6)
—20pum < zrx < 20m.

When TX coordinates satisfy dpoundary < @min, the TX coordinates are not used for
data generation. It is noted that the number of emitted molecules is closely linked to the
range of the coordinates of TX. When the range of TX coordinates is large, the number
of molecules which are emitted by TX should be sufficiently more.

Considering that xTx, yTX, and zrx have continuous and real values, the values of
XTX, YTX, and zrx of TX at all possible positions are stored in the coordinate vectors
X1x, YTX, and Z1x, respectively. The training data is consisted of distinct coordinate
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vectors XTx, YT1x, and Ztx. These vectors are randomly chosen coordinates within a
specified range, and the values of the coordinates are uniformly distributed within the
given range. This approach ensures that our model can provide good accuracy of the
detection time of RX.

Based on the range of xTx, yTX, and zrx in (6), there are 64,000 discretized coordi-
nates in 3D environment. When dpin, = 5 um, there are 59,861 coordinates after remov-
ing the coordinates which are not satisfied with the condition (2). For each coordinate
(*TX, YTX, 2TX), there are 160 training samples and 40 test samples.

2.3 Model Architecture

We employ a DNN model to estimate the detection time of RX when the CSI is unknown.
After multiple testing experiments, the parameters of the DNN model are optimized. The
DNN model takes three coordinate vectors of TX as input. Here, Inputl, Input2, and
Input3 represent XTx, YTx, and ZTx, respectively. The output of the model is the
detection time of RX, which is represented by a one-dimensional vector. In the DNN
model architecture illustrated in Fig. 2, it includes four hidden layers H1, H2, H3, and
H4, with each layer having 300 nodes.

Input; Input, Input;

VN A\ Y\
( ( ) { )

RelLU —<

ReLU —

ReLU —

Linear <|:

Fig. 2. The topology of the DNN model.

2

In the DNN model, the Rectified Linear Unit (ReLU) activation function is applied
after each hidden layer to achieve nonlinearity. At the nodes in the output layer, the
linear activation function is employed to compute the detection time of RX based on the
corresponding topology. Given that the output of model is the predicted detection time
of RX by the DNN model, the Mean Squared Error (MSE) is utilized to define the loss
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function as follows:

_Is, e
Lvse =~ ) (6 = i), (7)

i=1

In (7), nis the number of training samples. ¢; and #; are represented the actual detection
time and the estimated time for the i-th training sample, respectively. Throughout the
training process of the utilized network model, the stochastic gradient descent (SGD)
method is employed. During the optimization process of the DNN model, after numerous
experiments, we set the batch size as 256 and a learning rate as 0.001. We also adopt the
Adam optimizer [18] to obtain optimal results. The error of estimation detection time of
RX is defined as the time difference between the estimated time from the DNN model
and the arrival time of the first molecule captured by RX. This estimation error time
(EET) is computed by

EET = |7 —1|. ®)

EET|k At represents the estimation error time which is at the range of k time intervals
whichis kAt (k=1,2,3,4,5). NggT|ka: is the number of samples under the conditions
of EET|k At . The total number of testing dataset is N;. The proportion of the number of
error time data in k At to the number of data in testing dataset which is denoted by PoE
is computed by

PoE = Nggr),,, /M- &)

3 Numerical Results

According to the data generation process and the construction of the DNN model,
simulation experiments are conducted by using the system parameters outlined in Table 1.

Table 1. System parameters

Symbol Explanation Value

D Diffusion coefficient 7 x 10~ 10m?2/s
N Number of molecules 4 x 109

At Simulation time step 0.001 s

dmin Minimum distance between TX and the boundary of RX |5 um

r Radius of RX 5 pm

(*RXs YRX z2RX) | The position of RX (0,0,0)

Figure 3 shows the convergence of the DNN model on the training dataset. We can
see that when a training epoch achieves 120, the output of DNN model can get better
results. At this time, the variance of the value of MSE is very small.
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Fig. 3. MSE vs training epoch

The error data results in the testing dataset are presented in Table 2. It is evident
that when the error time is within one At, the number of qualified testing data is more
than three-quarters of the total testing dataset. Furthermore, as the estimation error time
increases, the value of PoE decreases.

Table 2. PoE statistics under different ranges of EET

The statistics of estimation error time PoE

% of Estimation error time < 1 A¢ 76.75%

% of 1At < Estimation error time < 2At¢ | 18.19%

% of 2At < Estimation error time < 3A¢ 3.77%

% of 3At < Estimation error time < 4At 0.98%

% of 4At < Estimation error time < 5A¢ 0.25%

In Fig. 4, we make a statistics for EET|kAr with k = 1, 2, 3, 4, 5. Then we get the
value of PoE within 5A¢. It is evident that the value of PoE exhibits a notable increase
between one Ar and 2A¢. However, when the value of PoE is within 3A¢, the predicted
time for the entire testing dataset closely aligns with the actual data. Notably, when
the allowable error time is within 5A¢, almost all the data in the testing dataset can be
considered. Considering the detection time can be accurately estimated by the DNN
model, it can be inferred that training on discrete points imparts generalization ability
of the DNN model.

Subsequently, we employ the control variable method to conduct comparative exper-
iments, aiming to further assess the estimation ability of the DNN model. In comparison
with Fig. 4, we maintain the values of D and dp,i, while setting the number of emitted
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Fig. 4. The statistics of estimation error time under different values of k (D =7 x 1010 m2/s,
At=0.001s,N =4 x 10° dpin = 5 pm)

molecules N to three different orders of magnitude. In addition, we keep the values of D
and N constant while varying the minimum distance d i, between TX and the boundary
of RX through three discrete values.

PoE (%)

< 1At <2At <3At

Estimation error time

Fig. 5. The statistics of estimation error time with different values of N (D =7 x 10710 m2/s,
At =0.001s, dmpip = 5 pum)
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In Fig. 5, it is observed that with an increase of the number of emitted molecules
N, the value of PoE becomes more concentrated within 3Az. This phenomenon can be
attributed to the fact that as the number of molecules in the environment increases, the
variation of the detection time of RX is small, which makes the training of the DNN
model more effective.

100

80
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PoE (%)

40
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Fig. 6. The statistics of estimation error time with different values of d i, (D =7 x 10~ 10m2/s,
Ar=0.001s, N =4 x 10

In Fig. 6, when dpin, = 1 pm, some of the coordinate sets selected by TX are very
close to RX. Consequently, the emitted molecules can be immediately captured by RX,
which results in small variation of the detection time of capturing molecules by RX.
However, when dpnin = 15 pm, the coordinate sets selected by TX are much farther from
RX. In such a case, with the same number of emitted molecules, the detection time of
capturing molecules by RX will have a larger variation compared with the scenarios
with dpip = 1 pm and dpj, = 5 pum. As a result, the accuracy of estimation error time
by the DNN model at 15 pm is worse than those with dpin = 1 pm and dpyip = 5 pm.

4 Conclusion

This paper proposed the use of DNN model for estimating the detection time of RX with
unknown CSI. The number of molecules released by TX and the minimum distance
between the transmitter and the boundary of the receiver had significant impacts on the
estimation detection time of RX. Specifically, a larger number of molecules released
by TX and a smaller minimum distance resulted in a more accurate estimation of the
detection time of RX. In future work, we plan to explore scenarios with multiple receivers
and aim to determine the detection time for each receiver in the diffusion environment
with drift.
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