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Abstract:

Computer simulation of the flow of blood or other fluid is beneficial to reduce the variety of costs necessary
for biological experiments in microfluidics. It turns out, that as biological experiments, even the simulations
have limitations. However, data from both types of experiments can be further processed by machine learning
methods in order to improve them and thus contribute to the optimization of microfluidic devices. This article
describes the possibilities of using neural networks to blood flow modelling. In this paper, we focus mainly
on the prediction of red blood cells movement. We propose other possibilities of using neural networks with
regard to the needs of further research in simulation modelling.

1

INTRODUCTION

Nowadays, the blood flow in microfluidic devices is
studied in many biological and medical researches,
see (Chen et al., 2012; Guo et al., 2017) for example. The aim of the Cell in Fluid, Biomedical Modeling & Computation Group is to optimize microfluidic devices to capture and sort cancer cells from other
solid components of blood. The reason is to use these
devices for early diagnosis of cancer from a blood
sample. The starting point of our research group’s
work a few years ago was that the design of microfluidic devices and the optimization of their performance
by real testing puts high demands on time, cost and
equipment. The solution was to create an extensive
simulation model in which experiments can be performed in silico. For the description of the simulation
model see (Cimrák et al., 2012; Cimrák et al., 2014;
Cimrák and Jančigová, 2018).
Current development of our work has resulted in
situations where the simulations are becoming too
complex and demanding in terms of time and computational power. This complexity results in particular from the geometry and the size of the simulated
device, the number of modelled RBCs, the quantity
of watched and recorded measurements and also the
duration of the simulation. One simulation run often
several days or weeks. This is restrictive for repeating
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or expanding simulation experiments with the same or
slightly altered parameters. On the other hand, each
of the simulations contains a huge amount of output data, of which often only a small part is needed
to evaluate the specific phenomenon under investigation. From studies (Bachratá et al., 2017a; Bachratá
et al., 2017b; Bachratý et al., 2017; Bachratý et al.,
2018) turn out that these output data can be comprehensively described and characterized the course of
individual experiments using various statistical methods. We also used statistical methods to compare and
evaluate the quality of simulation experiments. Because we have large output data from simulations and
neural networks can find hidden features in the data,
this led us to the idea of complex processing of the
output data of simulation experiments using neural
networks. This should allow us to use them to extend and obtain further results without the need to perform new simulations. We do not use data from video
recordings of biological experiments because they do
not provide sufficiently large and accurate data. In
our research, we decided to use convolutional neural
networks because they can successfully capture the
spatial and temporal dependence in the image using
appropriate filters. In this case, the images represent
the locations of the cells in the channel in the individual time steps of the simulation.
This is also indicated by studies in other fields
using machine learning methods, where simulations
are significantly limited, see (Exl et al., 2019; Gusenbauer et al., 2020).
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1.1

Machine Learning for Blood Flow
Modelling

In this section, we introduce our results of using machine learning to simulate the blood flow. Since red
blood cells (RBCs) form a major part of haematocrit,
the correct modelling of their behaviour is decisive
in these simulations. The first results of machine
learning approach were presented in (Bachratý et al.,
2018). The foundation of this study is the use of extensive and detailed data outputs of simulations describing RBC trajectories in the examined channel.
These were used as a training and testing input for
learning algorithms that created radial basis function
network based on Kohonen’s self-organized maps. In
(Chovanec et al., 2019; Chovanec et al., 2019), convolutional neural networks (CNN) predict the RBC
center velocity vector in the channel. This allow us
to:

from obstacles. For the trajectory prediction itself,
we determine cells positions from their predicted velocities. By repeating this procedure, predicted positions are determined from predicted velocities for all
time steps. Finally, we obtain the predicted trajectories from the initial trajectories of all modelled cells.
(Figure 1). Note that the obtained RBC trajectory is
a set of discrete points, which represents positions of
the cell’s center in all time steps of the prediction experiment.

2

DATASETS

These papers describe ways of CNN learning, the accuracy of trajectory predictions and their dependence
on neural network architecture, type of input parameters and methodology of verification and selection of
appropriate neural network experiments.

Datasets for the prediction experiments come from
simulations. As the output of a simulation experiment, we obtain miscellaneous characteristics about
cells. From these data, we extract the coordinates
of the centers of the cells and their velocity vectors.
Then we use this information as an entry for the prediction experiment.
For a given prediction experiment, we use data
from simulations, which vary in the initial seeding
of RBCs. Hence, the cell trajectories in these experiments are different from each other. However,
there should be similarities in the trajectories, since
all other setups of these simulations are the same.
It includes elastic parameters of cells, fluid parameters and geometry of microchannel. These data are
divided to training and testing sets for neural network. The training set consist of extracted data from
one simulation experiment and data for the testing set
comes from the second simulation experiment output.

1.2

2.1 Simulation Experiment Designs

• virtually extend or artificially create new RBC trajectories,
• estimate the impact of RBC motion on cancer cell
behaviour at at all examined points in the channel
points in the channel,
• improve RBC tracking when processing videos of
real experiments.

Prediction of Red Blood Cells
Trajectory

Here we describe how neural networks predict red
blood cells movement. In (Chovanec et al., 2019)
we created a framework for predicting RBCs trajectories in microfluidic channels using CNN. (In what
follows we will call it the prediction model and neural networks (NN) experiments as prediction experiments.) In this model, the network learns to predict
the velocity vector of a cell’s center from the temporal
sequence of its previous positions. This information
comes from the simulation outputs. More information
about simulation outputs and their processing for the
model are in the work (Chovanec et al., 2019). The
velocity of the cell in the microchannel is affected by
various factors, for example the previous movement
of the cell, the motion of other particles, the topology of the channel, the speed of the liquid which is
different in the channel slits than in the areas free

Simulation experiments use Open-source software
ESPResSo (Arnold et al., 2013). The fluid is
modelled using the Lattice-Boltzmann method, see
(Ahlrichs and Dünweg, 1998). RBCs and other
elastic objects are immersed in the fluid (Cimrák
et al., 2014).
For prediction experiments, we use simulations of
blood flow in two microfluidic devices with different
topology described below. The RBC model is the triangulation of its surface. Both simulations use RBC
model with 374 nodes and the size of RBC in a relaxed state is 7, 8µm × 7, 8µm × 2, 56µm. The direction of the blood flow is from left to right along the
horizontal x-axis. The channels are periodic (in this
direction) in a sense that the cell which leaves the simulation channel at one end reenters the channel on the
other end.
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Figure 1: Red blood cells trajectory prediction using CNN.

2.1.1

Channel with Narrow Slits

The simulation of this channel is based on the laboratory experiment described in (Tsai et al., 2016). This
paper studies the correlation between RBC velocity
and its deformation in narrowings of the microfluidic
channel formed by obstacles. The internal dimensions
of the simulation channel are 208µm × 98µm × 3.5µm.
There are 4 longitudinal obstacles in the channel, see
Figure 2. To fit the haematocrit used in the laboratory
experiment, the number of blood cells in the simulation experiment is 38. At the beginning of the simulation, all cells were in the left part of the channel.
A more detailed description of the simulation can be
found in (Kovalčı́ková et al., 2019). We will refer to
the dataset and the channel from this simulation as
dataset A and simulation channel A.

et al., 2017b; Bachratý et al., 2017; Bachratá et al.,
2017a). The channel is shown in Figure 3. It is a
cuboid of size 100µm × 50µm × 30µm and it contains
5 cylindrical obstacles with a diameter of 5µm. An
element of each cylinder is parallel to the z-axis and
the height of each cylinder is equal to the height of
the simulation channel. The amount of RBCs in experiments is 100. The initial seeding of the cells is
random in the whole space of the simulation channel.
We will refer to the dataset and the channel from this
simulation as dataset B and simulation channel B.

Figure 3: Simulation channel B with cylindrical obstacles.

The calibration of elastic coefficients of the cell’s
model was made by stretching experiment. The detailed explanation of the calibrating process is explained in (Tóthová et al., 2015). The obtained elastic parameters for simulation models are summarised
in Table 1.Another type of parameters which had to
be set separately for each cell model are the interaction parameters between cells. These parameters prevent cell collisions. They are summarised in Table
2.The numerical parameters of simulation liquid are
depicted in Table 3.
Figure 2: Simulation channel A with narrow slits.

2.1.2

Channel with Cylindrical Obstacles

Simulations of the blood flow in the channel with
cylindrical obstacles were an important tool to design
and test most of the RBC characteristics used in the
simulation model, for example the absolute cell velocity, the position, the slope and the rotation of RBC
or a periodic behaviour in the channel, see (Bachratá
142

3

NEURAL NETWORK MODEL

In this section we first introduce neural network input.
Then we describe the networks architectures, hyperparameters that are used and other details.

Possibilities of using Neural Networks to Blood Flow Modelling

Table 1: Elastic parameters of the cell model used in simulation experiments, established by simulation of stretching experiment.

Radius
Stretching coefficient ks
Bending coefficient kb
Coefficient of local area conservation kal
Coefficient of global area conservation kag
Coefficient of volume conservation kv
Membrane viscosity

simulation A
LB units
SI units
3.91Lm
3.91∗ 10−6 m
6∗ 10−3 LN/Lm 6∗ 10−6 N/m
8∗ 10−3 LNLm 8∗ 10−18 Nm
1∗ 10−3 LN/Lm 1∗ 10−6 N/m
0.9LN/Lm
9∗ 10−4 N/m
0.5LN/Lm2
5∗ 102 N/m2
0Lm2 /Ls
0m2 /s

simulation B
LB units
SI units
3.91Lm
3.91∗ 10−6 m
5∗ 10−3 LN/Lm 5∗ 10−6 N/m
3∗ 10−3 LNLm 3∗ 10−18 Nm
2∗ 10−2 LN/Lm 2∗ 10−4 N/m
0.7LN/Lm
7∗ 10−4 N/m
0.9LN/Lm2
9∗ 102 N/m2
0Lm2 /Ls
0m2 /s

Table 2: Parameters of inter-cellular interactions.

a
n
cutoff
offset

simulation A
LB units
SI units
2∗ 10−3 (−) 2∗ 10−3 (−)
1.5Lm
1.5∗ 10−6 m
0.4(−)
0.4(−)
0(−)
0(−)

simulation B
LB units
SI units
1∗ 10−3 (−) 1∗ 10−3 (−)
1.2Lm
1.2∗ 10−6 m
0.5(−)
0.5(−)
0(−)
0(−)
channel with narrow slits.

3.2 Networks Architectures

Figure 4: Input tensor based on spatial discretization of the
channel.

3.1

CNN Input

Inputs to the neural network are tensors. They are
based on the discretization of the simulation channel
to a three-dimensional rectangular network in which
the position and movement of cells is described by
their occupation evolving over time (Figure 4). For
more detailed description of the input see (Chovanec
et al., 2019; Chovanec et al., 2019). In (Chovanec
et al., 2019) we compared this input format with another input format based on the numerical expression
of the cell’s center positions. For the input based on
discretization, the maximum error of the experiments
performed was 3.26%. For the other input type, the
error of the performed experiments was in the range
of approximately 10% to 40%.
In (Chovanec et al., 2019) we tested the impact of
various modifications of CNN input on the accuracy
of the prediction experiment. In both of these studies, we used the dataset A from the simulations of the

In prediction experiments, we use 3 different CNN
architectures net 0, net 1 and net 2 for both dataset A
and dataset B. We chose these architectures based on
the accuracy of NN experiments in our previous studies (Chovanec et al., 2019; Chovanec et al., 2019) and
also with regard to the latest improvements in the field
of neural networks. In these models we use the activation function ELU (Clevert et al., 2015). For dataset
B, we also use net 6, which we used for dataset A in
(Chovanec et al., 2019). Networks architectures are
shown in Figure 4. In networks net 0 and net 1, there
are alternating convolution layers with max pooling
layers. At the end, there are 2 fully connected layers
with 256 and 3 neurons, respectively. Network net 1
differs from network net 0 by adding spatial attention
layers (Vaswani et al., 2017). In network net 2, compared to net 1, 4 dense blocks (Huang et al., 2017) are
used instead of 3 × 3 convolution kernels.
3.2.1

Hyperparameters

All CNN architectures have the following hyperparameters: weights are initialized using xavier (Glorot
and Bengio, 2010); the bias is set to 0; minibatch size
is 32 (Li et al., 2014).
Regularization parameters are: dropout = 2 · 10−2 ;
L1 = L2 = 1 · 10−6 . We also use feature pooling with
1 × 1 kernels to prevent overfitting.

143

BIOINFORMATICS 2021 - 12th International Conference on Bioinformatics Models, Methods and Algorithms

Table 3: The numerical parameters of simulation liquid.

Density
Kinematic viscosity
Friction coeff.

simulation A
LB units
SI units
1Lkg/Lm3 1∗ 103 kg/m3
1Lm2 /Ls 1∗ 10−6 m2 /s
1.15(−)
1.15(−)

simulation B
LB units
SI units
1.025Lkg/Lm3 1.025∗ 103 kg/m3
1.3Lm2 /Ls
1.3∗ 10−6 m2 /s
1.41(−)
1.41(−)

Table 4: Networks architectures.

layer
0

8

net 0
conv 3x3x32
max pooling
2x2x1
conv 3x3x32
max pooling
2x2x1
conv 3x3x64
max pooling
2x2x1
conv 3x3x64
max pooling
2x2x1
fc 256

9

fc 3

1
2
3
4
5
6
7

net 1
conv 3x3x32
spatial attention
max pooling
2x2x1
conv 3x3x32
spatial attention
max pooling
2x2x1
conv 3x3x64
spatial attention
max pooling
2x2x1
conv 3x3x64

12

spatial attention
max pooling
2x2x1
fc 256

13

fc 3

10
11

14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29

3.3

Networks Training

In all prediction experiments, we use training algorithm ADAM (Kingma and Ba, 2015) and learning
144

net 2
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
conv 1x1x32
spatial attention
max pooling
2x2x1
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
conv 1x1x32
spatial attention
max pooling
2x2x1
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
conv 1x1x64
spatial attention
max pooling
2x2x1
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
conv 1x1x64
spatial attention
max pooling
2x2x1
fc 256
fc 3

net 6
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
conv 1x1x16
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
conv 1x1x16
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
dense conv
3x3x8
conv 1x1x32
fc 3

rate is set to 2 · 10−4 . We minimalize the loss function:
∑n (yi − ŷi )2
MSE = i=1
,
n

Possibilities of using Neural Networks to Blood Flow Modelling

where yi are target values, ŷi are predicted values and
n is the dataset size.
For both datasets and for the nets net 0, net 1 and
net 2, the networks did not trained enough. We suppose, it is due to the fully connected layer with 256
neurons. For net 6 and for dataset B, the value of
loss function was significantly lower at the end of the
training. Note, that we used this network and networks with similar architectures in (Chovanec et al.,
2019). Thus, we suspected good training results for
this network. Moreover, there is bigger decrease of
loss function from the beginning to the end of the
training than for the dataset A trained on net 6 in
(Chovanec et al., 2019).

4

DATASET DAMAGING

In this section, we propose a method of using neural
networks to detect and eliminate possible errors and
inaccuracies of simulation experiments. During our
simulation experiments, we encountered inaccuracies
in the simulation outputs several times. These errors
may be due to the improper calibration of the simulation parameters, numerical errors caused by computational algorithms or measurement errors with respect
to data obtained by processing laboratory experiment
records. For example, in the simulation model, inaccuracies are encountered in the calculation of velocity of cells center and nodes. Figure 5 shows graphs
comparing the y- and z-coordinates of the cell’s center
velocity obtained from the simulation, and the same
coordinates computed from the cell’s center positions
(determined by the simulation). This simulation was
used in (Bachratý et al., 2018). This could serve as
a tool to correct the simulation experiments, since to
correct the simulation by using a prediction experiments is faster then to run the simulation again with
slightly altered setup.
Our aim is to find out at what extent of the damage we can still predict the movement of blood cells
with sufficient accuracy. To do this we intentionally
damage a part of the training data. The data damage
can be described using three parameters:
1. type,
2. percentage,
3. data corruption level.
The parameter type says what kind of data is damaged. In our prediction experiments, it can be cell’s
center positions or velocities. The second parameter
determines the percentage of damaged data. Finally,
data corruption level is the degree of inaccuracy of a
damaged value compared to the actual value.

For the percentage p% of the cell’s positions
damage with the d% data corruption level, we
randomly damage p% of positions as follows:
cdamaged = (1 − 0.01 · d)c + 0.01 · d · rand(−1, 1),
where c corresponds to the value of individual
coordinates x, y and z normalized to the interval h0, 1i
as is common in neural networks, and rand(−1, 1) is
a random value from the range (−1, 1).
Damaged value in coordinate c is then


cdamaged , if cdamaged ∈ (0, 1),
cdamaged = 0,
if cdamaged < 0,

1,
if cdamaged > 1.

5

PREDICTION BASED ON
LOCAL AREA INFORMATION

The study (Chovanec et al., 2019) shows that the accuracy of the prediction experiment depends on the
input data format. A format based on the discretization of the channel to a three-dimensional rectangular
network (see 3.1) seems to be clearly more appropriate.
The discretization of the channel affects the size
of the input tensor for the neural network. It is limited in the z-axis by the depth of the neural network.
Due to the computational complexity, we can only
use discretizations smaller than 9 in this direction,
which is not sufficient for deeper microfluidic channels. Instead, we can only look at the close local
area of the monitored RBC, and use a finer discretization of the situation there (see Figure 6, the cell of
an interest is in the red rectangle, and for this rectangle we use a finer discretization). This discretization
is three-dimensional, captures the position of the cell
of an interest and other objects in the neighborhood,
that is, other cells, channel walls and obstacles. It
describes positions of cells more precisely, hence it
could be used to predict other characteristics of cells
movement, such as the rotation and slope. One of
the most important purposes of this local prediction
model should be the prediction of cells movement in
channels with different topology. It means that topology of a channel used for training is different from the
topology of a simulation channel used in testing. This
is of great interest for simulating process because simulations of large channels are computationally very
difficult or even impossible to run. An interesting
question is if a network trained on these local data will
be able to predict the RBC behaviour globally across
the channel with sufficient accuracy.
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Figure 5: Cell center velocity at y and z coordinates. The blue curve shows the speed calculated by the simulation. The orange
line represents the speed computed from the cell center positions.

eases and its impact on life quality”, ITMS code:
313011V446, co-financed by resources of European
Regional Development Fund.
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Figure 6: Discretization of local area of the simulation
channel.

6

CONCLUSIONS

This paper presents the possibilities of the use of neural networks to optimize simulation and biological experiments of blood flow in microfluidic devices. It
deals mainly with the prediction of the trajectory of
red blood cells, which can significantly help in the
tracing of red blood cells from video recordings of
real experiments. This is also useful in simulating
blood flow where simulations are limited by computational complexity. Furthermore, we point out the
ways of improving prediction experiments and propose their further use. This would be especially useful
for predicting the movement of blood cells in devices,
for which, due to their topology, current simulation
experiments cannot be performed. Further, this can
be used to detect possible inaccuracies of simulation
outputs, and to investigate other characteristics of red
blood cells needed for the proper simulation model.

ACKNOWLEDGEMENTS
This work was supported by the Ministry of Education, Science, Research and Sport of the Slovak Republic (contract No. VEGA 1/0643/17) and by Operational Program ”Integrated Infrastructure” of the
project ”Integrated strategy in the development of personalized medicine of selected malignant tumor dis146

Ahlrichs, P. and Dünweg, B. (1998). Lattice-boltzmann
simulation of polymer-solvent systems. International
Journal of Modern Physics C (IJMPC), 09(08):1429–
1438.
Arnold, A., Lenz, O., Kesselheim, S., Weeber, R., Fahrenberger, F., Roehm, D., Kosovan, P., and Holm, C.
(2013). Espresso 3.1 — molecular dynamics software
for coarse-grained models. In Meshfree Methods for
Partial Differential Equations VI, volume 89.
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