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Introduction - Why the microstructure?
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Microstructure determines: 
1. Operating conditions of μ-fluidic devices 
2. Development of hereditary diseases

Credit: Ozkumur et al. 2013

image: C.Conti, CSElabHow complicated is the microstructure?

low shear rate

high shear rate

Simulations to investigate dynamics 
of single RBCs in shear flows

Ht = 1% 

shape of single RBCs

Lanotte, Luca, et al., PNAS (2016).videos: L.Kulakova, CSElab

Experimental studies to link the blood microstructure 
to macroscopically observed quantities (i.e. viscosity).

Developers of the GDM 
Viscometer. 
(L to R) Charles R. Newton, 
Dr. Edward W. Merrill, Philip J. 
Gilinson, Jr.

Phase-contrast microscopy: 
Wells, R., and H. Schmid-

Schönbein. J. Appl. Physiol. 
(1969).

concentrated 
suspensions of RBCs
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normal VS hardened RBCs: viscosity 
difference due to RBC deformation

Chien, Shu, Science (1970).

How to quantify the microstructure ? 



MATHEMATICAL MODELING



Red Blood Cells 
- biconcave shape 
- viscoelastic membrane 
- constant area & volume

Plasma 
- 95% water 

modeling requirements: 
- incompressible fluid 
- hydrodynamic behavior 

(mass & momentum 
conservation)

Mesoscopic 
simulations
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Blood modeling
Basic constituents of blood: 
• red blood cells 
• plasma

Dissipative Particle 
Dynamics (DPD)

model regions of material
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Particle-particle interactions
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FDPD

FFSI

Fcell

Fwall• cell-cell (internal) 
• cell-cell (external)

• wall-solvent 
• wall-cell

Interaction types:

• solvent-solvent 
• solvent-cell



Dissipative Particle Dynamics (DPD)
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Red Blood Cell (RBC) model
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Validation of the DPD-RBC model
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1. Solvent validation
Bifurcating channel

Credit: Karniadakis et al. 2012

Phys. Biol. 9 (2012) 026010 X Li et al

Figure 4. Verification of DPD flow in bifurcating fluidic channel. Top: stations where velocity profiles of the DPD results and the NS
solutions are compared. Bottom: velocity profiles of the DPD results and the NS solutions obtained for the center plane of bifurcating
microfluidic channel at different stations. Blue and gray particles represent solvent and wall particles, respectively. For clarity, the solvent
particles are not shown in the following figures.

18.4 µm diameter solid spherical particles, 83.9% particle
recovery efficiency is obtained for φd = 2.5. For φd = 6.5, a
97.8% particle recovery efficiency is obtained. This result is
compared well with previous experimental observations [2];
see figure 6. Furthermore, 100.0% particle recovery efficiency
is achieved using φd = 8.6.

In the two recent two-dimensional theoretical studies,
Barber et al [12] and Doyeux et al [11] found that a RBC in
the vicinity of the pure flow separating streamline is attracted
toward the low flow-rate branch due to the strong confinement
in the z direction. Doyeux et al also showed that the attraction
toward the low flow-rate branch is weak for spheres of radius
R ≃ 0.5 or smaller. In particular, their experimental results
suggested that particles of radius R ! 0.3 behave like fluid
particles. To evaluate the attraction effect, we simulate solid
spherical particles in same geometric bifurcations but applying
the no-slip wall boundary condition instead of the periodic
boundary condition in the spanwise z direction; the results
are also shown in figure 6. In these cases, the diameter of
solid spherical particles in the simulation is 18.4 µm with the

depth of the microfluidic channel d0 = 20.0 µm, resulting
in a strong confinement in the z direction. Consistent with
the theoretical results, more solid spherical particles enter
into low flow-rate branch compared to those in bifurcations
with the periodic boundary condition along the z direction,
indicating that the attraction directs the solid spherical particles
toward the low flow-rate branch. For example, for Q1/Q0 =
0.2, the particle recovery efficiency is around 6.4% and 8.9%
for solid spherical particles in bifurcations with periodic and
wall boundary conditions in the z-axis direction, respectively.
The corresponding theoretical values are around 6.2% and
12.4% for p = 0.42 under the no-attraction assumption and
with the attraction, respectively. For Q1/Q0 = 0.4, the value
of N1/N0 shifts from 29.9% with the periodic boundary
condition to 35.6% with the wall boundary condition along
the z direction; it rises from 34.6% under the no-attraction
assumption up to 37.2% with the attraction according to theory
in [11]. In the study of solid spherical particles in bifurcations
with the periodic boundary condition in the z direction, the
confinement is the same in the y direction but quite weak in the
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2. RBC only (no solvent)
experiment: 
RBC stretching with optical tweezers

measurements: 
long & short diameters of RBC

Flow past a cylinder

Credit: Altenhoff et al. 2007

The four systems are equilibrated for ca. 15,000 time steps with a time step of 0.01 corresponding to a
non-dimensional equilibration time (TU/D) of !10. At this time the flow has reached a steady state and
we sample the flow for ca. 50,000–60,000 time steps (TU/D ! 50). For the simulation at a Reynolds num-
ber of 40 we extract the radial density profile along the vertical plane intersection the cylinder (Fig. 8).
The profile is clearly uniform cf. Fig. 9a with negligible perturbations at the solid wall. The corresponding
tangential velocity profile (Fig. 9b) is found to satisfy the no-slip condition at the solid wall and to reach
a uniform velocity (ut/U ! 1.14) slightly (14%) above the onset flow speed due to the blockage of the
flow. The velocity fields shown in Figs. 10a and b indicate a separated flow, which is confirmed by
the fluid streamlines cf. Fig. 10c. The flow clearly displays two separation zones downstream of the
cylinder.

The drag coefficient (CD) is computed from the time average of the total wall force distributed onto the near
wall particles and the change in impulse from particles bouncing the wall. The drag coefficient is found in rea-
sonable agreement with previous simulations [29–31] and experiments [32] with maximum deviations less than
7% cf. Table 2. The periodic boundary conditions imposed in the cross stream direction (y) and the resulting
blockage of the flow is expected to be responsible for the high drag values.
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Fig. 9. DPD simulations of the flow past a circular cylinder at Re = 40. The extracted radial density profile (a) is uniform throughout the
system. The corresponding tangential velocity profile (ut/U) is found to satisfy the no-slip condition at the wall and to reach a uniform
velocity ut/U ! 1.14 in the free stream. The error bars in the velocity are obtained from the measured variation in the velocity in the planes
below and above the cylinder cf. Fig. 8.

Fig. 10. DPD simulations of the flow past a circular cylinder at Re = 40. The steady state velocity components: (a) u and (b) v indicate that
the flow is separated, which is confirmed by the streamlines shown in (c). A uniform density field (d) is observed at the solid walls, and with
small variations in flow reflecting the variation in pressure.

1134 A.M. Altenhoff et al. / Journal of Computational Physics 225 (2007) 1125–1136

Unsteady Stokes flow

Credit: Altenhoff et al. 2007

4.4. Flow past a circular cylinder

The last test case involves the flow past a circular cylinder demonstrating the capability of the method to
handle non-planar geometries. We choose the parameters recently considered in similar DPD simulations [29],
with Reynolds numbers (Re = UD/m) of 10, 20, 30 and 40, where D is the diameter of the cylinder and U the
onset flow speed. The flow is imposed by reassigning a random velocity to the particles in the inlet region [29]
(Li = 2rc) located at the left boundary cf. Fig. 8. The random velocity is drawn from a Maxwellian distribution
with mean values of (U, 0,0). Otherwise, periodic boundary conditions are imposed in all spatial directions.
The size of the computational domain (Lx · Ly · Lz) is chosen sufficiently large to avoid excessive blockage
(D/Ly) of the flow. The parameters governing the fluid are: q = 4.0, a = 18.75, r = 3, and kBT = 1. With these
parameters the fluid viscosity is m = 0.271 (Eq. (14)) and the isothermal speed of sound (cs) [29] is 3.05. In order
to assure an effectively incompressible flow we choose flow speeds U sufficiently low to obtain Mach numbers
(Ma = U/cs) below !0.3 cf. Table 1.
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Fig. 7. Stokes flow near an oscillating flat plate: We show the velocity profiles at eight instances during the period: t = 2kp/8, k = 0, . . . , 7.
DPD simulations are indicated with squares, analytic solutions with lines.

Fig. 8. DPD simulations of the flow past a circular cylinder. (a) Schematic of the simulation setup. The cylinder of diameter D is placed in
the center of the computational box of size (Lx,Ly,Lz). A uniform velocity profile with mean U = (U, 0,0) is imposed to particles in the
inlet region of size Li. Radial profiles of the tangential velocity and density are extracted in the vertical plane intersecting the center of the
cylinder (shaded area).

Table 1
Simulation parameters for the flow past a circular cylinder

Re Lx · Ly · Lz D D/Ly U Ma

10 150 · 150 · 3 5.6 3.7% 0.48 0.16
20 150 · 150 · 3 5.6 3.7% 0.98 0.32
30 150 · 150 · 3 8.0 5.3% 1.00 0.32
40 150 · 150 · 3 11.0 7.3% 1.00 0.32

The diameter (D) and onset flow speed (U) are combined with a fluid viscosity (m) of 0.271 to attain Reynolds numbers (Re = UD/m) of 10,
20, 30, and 40, respectively. To allow comparison with incompressible fluid flow, the velocity is chosen sufficiently low to assure Mach
numbers (Ma = U/cs) below !0.3. cs is the isothermal speed of sound, here cs = 3.05. D/Ly is the blockage.

A.M. Altenhoff et al. / Journal of Computational Physics 225 (2007) 1125–1136 1133Poiseuille flow

Credit: Altenhoff et al. 2007

force (mg) acting on each particle. In the simulations we place parallel walls at x = 0 and x = 10 and drive the
flow by a gravitational acceleration (gz) of 0.02. Starting from a fluid at rest, a steady flow develops with a
parabolic velocity profile

uðxÞ ¼ qgh2

8l
x
h
$ x

h

! "2
# $

; ð13Þ

where l denotes the fluid viscosity, and h the distance between the walls [27]. All the quantities are averaged
for 40,000 time steps after an initial 160,000 time steps of equilibration. In Fig. 6 we show the results obtained
with the parameters used in Ref. [9], thus q = 3, a = 25, r = 3, and kBT = 1. The results indicate that the flow
does not introduce further perturbations in the fluid density and temperature, both remaining below 6% and
2%, respectively. The velocity profile is found to satisfy the no-slip condition at the boundary with a relative
error of 4%. The slip was found to be insensitive to the density of the fluid (not shown).

As a second validation, we repeat the Poiseuille flow problem with the parameters used in Ref. [28], thus
q = 4, a = 18.75, r = 3, and kBT = 1, in a computational domain of size 30.5 · 5.0 · 10.0. From the simula-
tions we obtain a maximum velocity of 8.650 and an estimated viscosity of 1.076 both within 0.2% of the val-
ues reported in Ref. [28].

4.3. Stokes flow near an oscillating flat plate

In order to demonstrate the accuracy of the proposed scheme for unsteady flows, we consider the Stokes
flow near an oscillating flat plate. We conduct the simulation with the parameters used in Ref. [9] with a com-
putational domain of size 10 · 10 · 10, with solid walls located at y = 0 and y = 10, and periodic boundary
conditions imposed in the x- and z-directions. The lower wall is oscillating with a velocity Ux = sin(Xt), with
X = p/20 [9]. The parameters of the fluid are: q = 10, a = 3, r ¼

ffiffiffi
3
p

, and kBT ¼ 1
3. The kinematic viscosity is

estimated according to [20]

m ¼ 45ðkBT Þ2

2pqr2r3
c

þ pr2qr5
c

1575kBT
; ð14Þ

thus, here m = 0.2060.
The computational domain is divided into 20 equally sized bins in the y-direction, and the data are collected

at 8 time points during the cycle, with a window of 5 time steps. The simulation is conducted for 200,000 time
steps with a time step of dt = 0.01 with a total of 100 periods. The phase averaging is conducted for 50 period
after an initial 50 periods of equilibration. The resulting velocity profiles are found in good agreement with the
analytical solution cf. Fig. 7, with an absolute error below 1%.
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Fig. 6. DPD simulations of the Poiseuille flow problem. (a) The density (- -) and temperature (& & &) profiles obtained using the present
boundary method display a significant reduction in the perturbations compare to previous studies (—) [9]. (b) The velocity profile is found
in good agreement with the Navier–Stokes solution (- -).

1132 A.M. Altenhoff et al. / Journal of Computational Physics 225 (2007) 1125–1136

Credit: Fedosov et al. 2010
simulation

Credit: Fedosov et al. 2010
experiment

Credit: Suresh et al. 2015
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3. RBC-Wall interactions

4. RBC-RBC interactions
- addition: RBC-RBC forces (LJ potential)

- addition: RBC-Wall and DPD-wall potential (DPD) forces

experiment
Credit: Quinn et al. 2011

simulation
Credit: Xuejin et al. 2014
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cell suspensions (29), and blood (7). Following the extrapolation
method in ref. 7, we fit a polynomial in Casson coordinates (_γ1∕2,
τ1∕2xy ) to the simulated data for a H ¼ 45% suspension shown in
Fig. 3A. The fitting clearly indicates the extrapolated τy to be non-
zero for the aggregating RBC suspension and zero without cell
aggregation.

The yield stress for blood has previously been attributed to the
presence of rouleaux in experiments reported in refs. 1, 10 and 11.
In practice, the measurement of yield stress is complicated by the
nature of suspension and type of instrument used (30). As an ex-
ample, at the lowest shear rates sedimentation and viscometer
wall effects are complicating factors, and yield stresses derived
from viscometric data are not consistent with those derived from
nonrheological measurements (6). Merrill et al. (1) found τy of
healthy human blood to lie between 0.0015 and 0.005 Pa at
H ¼ 45%, and to vary as H1∕3, similar to the dependence Thur-
ston (31) described for the elastic modulus of blood. Copley et al.
(11) measured blood properties at very low shear rates down to
0.001 s−1, and still found evidence for a yield stress. Fig. 3B shows
that the simulated τy obtained by the extrapolation in Casson co-
ordinates are in good agreement with viscometric data, consistent
with the agreement between the computed and the measured
viscosities.

Micro-to-Macro Link. The non-Newtonian nature of blood (e.g.,
shear thinning, yield stress) emerges from the interactions be-
tween cells and from their properties and dynamics. Therefore,
we examined the structure and dynamics of the modeled suspen-
sions on the level of single cells. We found null pair correlations
of RBC centers of mass for each direction ðx;y;zÞ, which indicates
that the cell suspensions do not self-assemble or order themselves
in any direction at H ¼ 45%. This finding contradicts with sus-
pensions of spherical colloids, which have been shown (32) to
self-assemble near the close-packing concentration. To examine
the cell suspension’s local microstructure, we calculate the radial
distribution function (RDF) of RBC centers shown in Fig. 4A. An
equivalent isotropic structure factor can be found in SI Text. For
the no-aggregation case, we find that no significant structures
formed over the entire range of shear rates. At the lowest shear
rate (red solid line), several small peaks in RDF indicate the pre-
sence of infrequent intermediate structures because RBCs may
have enough time to relax locally at very low shear rates. A larger
peak of the red solid curve at r ¼ 8 μm, which is equal to the cell
diameter, indicates that neighboring RBCs are often aligned with
each other in the flow. As seen from the other solid curves (blue,
green, and black), the correlations completely disappear at higher
shear rates, and therefore the shear thinning behavior of a non-
aggregating suspension is clearly not due to a change in micro-
structure. In contrast, several large peaks in the RDF function
for the aggregating case at the lowest shear rate _γ ¼ 0.045 s−1
(red dashed line) indicate the formation of rouleaux of two to
four RBCs. An increase of the shear rate leads to the dispersion
of rouleaux shown by the blue dashed curve in Fig. 4A, where
predominant RBC aggregates are formed by only two RBCs.
At shear rates above approximately 5–10 s−1, no difference in mi-
crostructure is detected between aggregating and nonaggregating
cell suspensions. As a conclusion, the steep increase in viscosity
of the aggregating blood at low shear rates is mainly due to the
cell aggregation into rouleaux. In addition, rouleaux formation
also provides a plausible explanation for the existence of yield
stress, because with decrease of shear rate, larger rouleaux struc-
tures are formed resulting in an eventual “solidification” of the
suspension.

The dynamics of a single RBC in shear flow is characterized by
the tumbling motion at low shear rates and membrane tank-
treading at high shear rates (13–15). The tumbling-to-tank-tread-
ing transition occurs within a certain range of intermediate shear
rates, where an RBC may experience high bending deformations

Fig. 2. Visualization of aggregation. Simulated reversible rouleaux are
formed by LD-RBC model (Upper) and MS-RBC model (Lower) with
H ¼ 10%. The left column corresponds to low shear rates, center column
to moderate share rates, and right column to high shear rates as indicated
on the plots; see SI Text.
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SETUP

Ωin=0

Ωout=0.05 tDPD-1

Rin

Rout

x

z

DPD Solvent in a Taylor Couette flow

Single RBC in Taylor Couette flow

• Check density 
uniformity 

• Velocity comparison 
to analytical solution:

Towards the Virtual Rheometer: HPC for the Red Blood Cell Microstructure PASC’17, June 2017, Lugano, Switzerland

Table 1: Measured strong scaling (left) and weak scaling e�ciency (%) over 1 node (right) on Piz Daint.

Nodes Speedup E�ciency
625 - -
1250 1.98 98.9%
2500 3.82 95.4%
5000 7.50 93.8%

Nodes

Ranks / node 1 625 1250 2500 5000

1 - 98.3 98.2 98.2 97.7
2 - 99.7 99.4 99.1 98.6
4 - 99.6 99.7 99.7 99.7
8 - 99.9 99.9 99.9 99.9

Ωin=0

Ωout

Rin

Rout

Figure 1: Simulation setup: Taylor-Couette �ow with sta-
tionary inner cylinder and rotating outer cylinder at con-
stant angular velocity �out.

to the experimental shear viscosity of well-prepared nonaggregat-
ing erythrocyte suspensions (ES) and to the shear viscosity of whole
blood.

4.2.1 Comparison to analytical solution. To draw conclusions
regarding the e�ect of the presence of the RBCs on the �ow, we
�rst run a case where only solvent is considered (i.e. no RBCs are
present). We map the obtained particle data to continuum space
by dividing the simulation domain into bins and averaging over
each bin and over time. In Fig. 2, the velocity is compared with the
analytical solution of the Taylor-Couette �ow [46]:

� (r ) =
�outR2out
R2out � R2in

*
,
R2in
r
� r+- (2)

Note that the shear stress in this �ow is proportional to 1/r2 and the
ratio between stresses on inner and outer cylinders is R2out/R

2
in ⇡ 7.

The particle density distribution is shown in Fig. 2(A). The results
indicate that the �ow and the boundary conditions at the wall do
not introduce further perturbations in the �uid density of the DPD
simulation. In addition, the velocity pro�le is found to be in good
agreement with the theoretical predictions (Fig. 2(B)). We note that
the data shown in Fig. 2(A,B) are cell-centered quantities along the
radial direction, where the �rst and last cells are adjacent to the
prescribed wall location.

4.2.2 Comparison to boundary element method. We use the
Boundary Element Method (BEM) with regularized kernels as de-
scribed in [15], to simulate the trajectory of a single solid RBC in a
Taylor-Couette �ow, at the limit of zero Reynolds number (Stokes
�ow). We compare the results of the BEM solution to the DPD

simulation of the �ow of one RBC inside a Taylor-Couette �ow.
The comparison is shown in Fig. 2(C,D). The position of the center
of mass of the RBC during an entire cycle of the RBC inside the
domain is plotted in Fig. 2(D). We observe that the DPD results
show an excellent agreement with the reference BEM results. Our
results are in agreement with [28] showing no migration in the case
of a tumbling cell. The orientation angle of the RBC at the plane
of shear with respect to the distance traveled by the RBC’s center
of mass (COM), is presented in Fig. 2(C). The DPD results comply
well with the BEM results. The light �ickering in the DPD data is
caused by the random thermal �uctuations of the RBC membrane.

5 RESULTS
5.1 Macroscopic �ow properties
To observe the e�ect that the RBCs have when immersed in a New-
tonian solution, we simulate RBCs �owing inside a Taylor-Couette
setup. We perform two simulations with di�erent volume fraction
of RBCs (hematocrit):Ht = 15% andHt = 45%. While our approach
can be applied to much lower or higher hematocrit regimes, we
here show results from two values that represent the most clini-
cally relevant values of in vivo human systemic hematocrit (45%)
[19], and human microcapillary hematocrit (15%) [11]. Furthermore,
values of 15% hematocrit are often used in micro�uidic devices [43].

Figs. 3(A,D) show the average particle density along the radial
direction. The total density of the system (black line) is uniform in
the interior of the domain and presents small oscillations on the
edges, as a result of the space con�nement, due to the presence
of the cylindrical walls. The jump in the density pro�le near the
walls is expected, as the boundary conditions used for the wall
determine the presence of near-wall oscillations in density, and
several previous studies have addressed this issue [3, 25, 61, 74].
Details about the boundary conditions that we use can be found
in Section 2. By comparing the density pro�le for the DPD (blue
line) and the RBC (red line) particles, we observe an increase in
the solvent density and a decrease in the RBC density near the
wall. This demonstrates that the cells migrate away from the wall,
creating a “cell-free” layer (CellFL). The CellFL has been observed
in in-vitro experiments of blood �ow through microvessels [23] and
is the origin of the Fahraeus-Lindqvist e�ect [20].

Figs. 3(B,E) depict the normalized momentum distributions in
the system. By focusing on the total momentum (black line), we
observe that the presence of the RBC particles lead to a signi�cant
change in the qualitative behavior of the total momentum distribu-
tion, originating from deviations of the overall density with respect
to the only-solvent case (see Fig.4). Figs. 3(B,E) both have a peak for
momentum, a feature that is not present in the momentum pro�le

o   DPD 
—  Analytical

RBC center of mass

o   DPD-RBC 
—  BEM

Comparison of DPD-RBC to simulations of a solid RBC 
with the Boundary Element Method (BEM):
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Table 2: Outperforming factor over LAMMPS.

Nodes Ranks/node Particles/rank
Outperforming factor

N

R

= 4 N

R

= 1

1 1 3,538,944 26.7 44.1
48 1 3,538,944 26.7 44.6

48 8 442,368 7.40 17.2
18600 1 3,538,944 22.2 37.9

18600 8 442,368 4.9 11.4

Table 3: Achieved throughput in terms of instructions and
unknowns.

Metric Measured value

Maximum [I/s] 2.58⇥ 1016

Overall [I/s] 1.34⇥ 1016

Unknowns/s 1.55⇥ 1013

8. PERFORMANCE RESULTS
The present software and simulations have enabled the

following achievements:
• Peak performance: our software reaches 65.5% of the

nominal peak for the most computationally-intensive
kernel and 34% overall nominal peak performance
considering the aggregate CPU and GPU.

• Time-to-solution: our software outperforms the cur-
rent, leading, state-of-the-art software LAMMPS3 by
a factor of up to 45X.

• Throughput: we simulate 1.8 Billion cells/s and 1.55⇥
1013 unknowns/s, a three orders of magnitude im-

provement over state-of-the-art blood flow simu-
lations [56].

• Complexity: Simulations considered microfluidic de-
vices with a volume of 132 mm3 with at sub-micron
resolution, handling up to 1.43 Billion deforming

RBCs (0.15 -0.29 ml of blood for 80%-40% hema-

tocrit respectively), each discretised with 500 ele-
ments. To the best of our knowledge, there have never
been such large-scale simulations of blood flow in real-
istic geometries of microfluidic channel, at sub-micron
resolution, accessing continuum time scales.

These results were collected on Titan with simulations
at full scale and include I/O time. The performance was
measured throughout the simulation with high-resolution
timers and hardware counters with nvprof. More precisely,
the overall aggregate IPC was measured by counting the to-
tal number of executed vector instructions over hundreds of
timesteps, divided by the wall-clock time. The profiling was
performed in the middle of the simulation.

Table 2 shows the comparison of our code with LAMMPS
for a plane Poiseuille flow. The test case consisted of run-
ning 104 time steps of DPD solvent in a periodic domain
with the number density of 4. We have varied the number
of nodes, ranks per node and particles per rank as well as
the frequency N

R

of rebuilding neighbor lists in LAMMPS.
The parameter N

R

depends on the problem, e.g. flow prob-
lems exhibiting high shear strain rates and large time steps
require N

R

= 1. We observed a consistent improvement of
time to solution with respect to LAMMPS of up to 45X.

3LAMMPS GPU package, compiled for SP arithmetic.

Table 4: Weak scaling e�ciency in percent.

Ranks/node
Nodes

1 300 1200 4800 10800 18600

1 - 98.8 92.4 89.9 82.1 80.5
2 - 99.6 99.1 97.7 94.0 87.9
4 - 99.9 99.7 99.7 98.6 98.2

8 - 99.9 99.6 99.6 99.7 99.7

16 - 99.9 99.9 99.9 99.9 99.9

Table 5: Strong scaling e�ciency in percent (Piz Daint).

Nodes Speedup E�ciency
625 - -
1250 1.98 98.9%
2500 3.82 95.4%
5000 7.50 93.8%

We benchmarked HOOMD-Blue4 against the same flow
problem. The current version HOOMD-Blue is not capable
of large-scale simulations using more than 124 Million par-
ticles. Therefore the benchmark is limited to a maximum of
280 nodes for a constant workload of at least 442,368 par-
ticles per rank. Under this limitation, we report a constant
gain from 3X to 4X over HOOMD-Blue.

Table 3 shows the peak performance of our code in terms
of instructions and unknowns throughput. Our software
reaches 65% of the nominal IPC peak performance of Titan.
This leads to a rate of 13.4 PetaInstructions/s, e↵ectively
solving 15.5 · 1012 [Unknowns/s].

A close-to-perfect weak scaling of our software is depicted
in Table 4. As the number of ranks per node increases, we
observe an excellent weak e�ciency of more than 98% on the
18, 688 nodes of Titan. Table 5 reports a 94% strong scaling
e�ciency on Piz Daint from 625 nodes to 5000 nodes.

Table 6 shows a summary of a series of large-scale simu-
lations performed on Titan. The four cases considered are
simulations involving solvent, RBCs and CTCs in complex
geometry with volumes of up to 150 mm

3 and 1.43 Billion
deforming cells, where we observe a computational through-
put of 1.8 Billion cells/s.

GPU kernels.

We carried out a detailed analysis of the four most de-
manding CUDA kernels which take approximately 85% of
the execution time on GPU (Figure 10). The analysis is
based on the event counters and metrics supported by nvprof.

The DPD kernel computes the interactions and accounts

4HOOMD-Blue was compiled for SP arithmetic.

Table 1

DPD 42

FSI 24.2

Walls 7.6

Others 10.9

Pack/Unpack 15.5

DPD
FSI
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Figure 10: Distribution of the GPU execution time.
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ABSTRACT
We present simulations of blood and cancer cell separation
in complex microfluidic channels with subcellular resolu-
tion, demonstrating unprecedented time to solution, per-
forming at 65.5% of the available 39.4 PetaInstructions/s in
the 18, 688 nodes of the Titan supercomputer.

These simulations outperform by one to three orders of
magnitude the current state of the art in terms of numbers
of simulated cells and computational elements. The com-
putational setup emulates the conditions and the geometric
complexity of microfluidic experiments and our results re-
produce the experimental findings. These simulations pro-
vide sub-micron resolution while accessing time scales rele-
vant to engineering designs.

We demonstrate an improvement of up to 45X over com-
peting state-of-the-art solvers, thus establishing the frontiers
of simulations by particle based methods. Our simulations
redefine the role of computational science for the develop-
ment of microfluidics – a technology that is becoming as
important to medicine as integrated circuits have been to
computers.

Keywords
Supercomputing, time-to-solution, peak performance, irreg-
ular codes, dissipative particle dynamics, microfluidics sim-
ulations, blood analytics, circulating tumor cells

1. INTRODUCTION
The quest towards miniaturisation of devices capable of

handling fluids and biological matter at a molecular level is
revolutionising medicine and pharmaceutical research. Mi-
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crofluidic systems, such as lab-on-a-chip, transport and ma-
nipulate nanoliter quantities of fluids and cells to enable pre-
cise analysis and large-scale automation for important bio-
chemical processes. By benefiting from an economy of scales,
microfluidics is advancing technologies ranging from clinical
diagnostics and cancer detection to regenerative medicine
and proteomics [67, 61].

Microfluidic devices exploit the functional properties of
fluids confined in microscopic channels to perform tasks such
as blood separation, detection of circulating tumor cells, and
molecular recognition with high sensitivity and specificity
[59, 10]. However, the acquisition of information of the fluid
micro-rheology, including phenomena such as cell merging,
lysis [45] and biochemical signaling [69] remains a formidable
task [52]. Without such information, the unique, and often
unexpected, properties of fluids at the micro-scale can be
a hindrance for new designs while complex prototypes may
be impossible to manufacture at an economy of scales. Fast
turnaround times for design are essential for the evolving
technologies (3D printing, liquid biopsies, organ-on-a-chip)
of microfluidic chips that can assist medical analysis and
drug development [57, 43, 12]. Predictive simulations are
becoming an invaluable tool in accelerating the design cycle
for microfluidics [33].
Today, the majority of simulations for microfluidic sys-

tems employs continuum models. Grid based and Boundary
Integral solvers of the linear viscous Stokes equations can
handle the geometries of the microfluidic channels but they
have limited capabilities in resolving essential sub-micron
flow biophysics [18]. Continuum models cannot be read-
ily extended to capture cell topological changes, membrane
transport and electrochemical interactions between the chan-
nel and the fluid constituents. Such processes are essential
for important microfluidic applications ranging from drug
delivery and immunoassays [10] to micro-robotics for non-
invasive surgery [46].

Mesoscale models, such as Lattice Boltzmann (LB) [9] and
Stochastic Particle Methods (SPM) ([20, 34] and references
therein), use discrete particles to represent flows in microflu-
idic channels. They overcome the limiting assumptions of
continuum models at the expense of requiring larger num-
bers of computational elements to resolve sub-micron scales
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Stats
• 104 RBCs -> 5x106 rbc 

particles 
• 6.5x106 solvent particles 
• Total: 11.5x106 particles 

• 96 nodes (Piz Daint, CSCS)  

• #timesteps = 107 
• simulation time = 5 sec 
• timestep Δt = 0.0005 TDPD 

• physical simulation time: 24 h
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• Uniform density in bulk. Density 
variation near walls. 

• Cell Free Layer (CellFL) near walls. 
• Presence of RBCs: affects total 

momentum distribution. 
• CellFL region: steeper slope of total 

momentum 
• Measured shear rate at inner wall: 7 

times larger than outer wall.
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—   Solvent 
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—   Combined

• Fit inside region not affected by 
CellFL. 

• Power-law model produces smaller 
residuals - especially at Ht=45%. 

• Power-law exponents: 0.93 and 
0.84 for Ht=15% and Ht = 45%.

Velocity Fit A
Ht=15%

B
Ht=45%—   Power-law 

—   Newtonian
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Ht=15%

Ht=45%

Qualitative Observations: 
• Limited variation of cell shapes 
• Limited variation in orientation 

angle at plane of shear 
• No clusters observed 
• No cell layering

Quantitative Measurements: 
• Bending Energy 

• Asphericity, Acylindricity 

• Radius of Gyration 

• Relative Shape Anisotropy

Towards the Virtual Rheometer: HPC for the Red Blood Cell Microstructure PASC’17, June 2017, Lugano, Switzerland

deformation, with respect to their position inside the device. These
observations are based on distributions of bending energy, radius
of gyration, asphericity, acylindricity, relative shape anisotropy and
orientation. Our results are the outcome of collaborative and in-
terdisciplinary research, bridging scienti�c �elds concerned about
complex �uid rheology, bioengineering and computational science.
To our knowledge, these are the �rst results that present informa-
tion related to the microstructure of RBCs in a viscometric device,
obtained from three dimensional simulations of individual RBCs.
Previous related works studied the e�ects of vesicle suspensions
on mixing [41, 42], in two dimensional Taylor-Couette �ows in
the zero Reynolds number regime. In addition, [28] performed two
dimensional simulations of vesicles in Taylor-Couette �ow, using
the boundary integral method, focusing on vesicle migration and
�ow disturbance at the presence of a single and multiple vesicles.
We wish to contribute to the e�orts towards the accurate model-
ing of blood micro�uidics and provide insights to the dynamics of
the microstructural arrangement of the blood constituents, and its
implications to the observed micro- and macro-rheology.

This paper is structured as follows: Section 2 provides details
for the mathematical model and the boundary conditions between
the di�erent combinations of particle interactions. In Section 3, we
present the software that is used in our simulations, along with
details on its performance. In Section 4, we specify the simulation
setup and perform the necessary validation tests by comparing the
output of our DPD simulations to results obtained from simulations
using the Boundary Element method. Section 5 presents the results
of high and low hematocrit simulations inside a Taylor-Couette
setup, focusing on macro- and micro-scopic �ow properties and
characteristics. Our �ndings are summarized and further discussed
in Section 6. Additional information regarding the simulation setup
and parameters is included in the Appendix.

2 NUMERICAL METHODS
2.1 Dissipative particle dynamics
Following recent works [24, 36, 68], we model blood as a suspension
of RBCs using Dissipative Particle Dynamics. DPD is a mesoscopic
method which assumes a coarse grained representation of the sys-
tem: the number of degrees of freedom is reduced by representing
clusters of molecules with soft particles, to simulate �uids on a
mesoscopic scale [23]. Essentially it is an N-body algorithm where
discrete particles interact through pairwise forces. We denote by
ri j = ri � r j the vector between particle centers i and j, and by
vi j = vi � vj their relative velocity. The particle’s position and
velocity are updated through Newton’s second law:mi

dvi
dt = fi ,

where fi is the total force applied on particle i . It is computed as a
sum of three forces each of which is pairwise additive [32].

fi =
X

i,j

⇣
FCi j + F

D
ij + F

R
i j
⌘

ˆri j

The conservative force, FCi j , is a soft repulsion between two parti-
cles. The dissipative force, FDij , represents the energy loss caused by
frictional e�ects. The random force, FRi j , represents the energy in-
crease by including the e�ect of the suppressed degrees of freedom

in the form of thermal �uctuations.
FCi j = awC (ri j )

FDij = ��wD (ri j )
⇣
ˆri j ·vi j

⌘

FRi j = �wR
⇣
ri j
⌘
�i j�t

�1/2

wD ,wR , andwC are weight functions that are zero for r > rc = 1,
where rc is the cuto� radius, and �i j is a Gaussian random variable
with zero mean and unit variance that is drawn independently for
each pair and timestep.

In this work we choose the following weight functions:

wC (ri j ) = 1 � ri j

wD (ri j ) = (wR (ri j ))
2 =
⇣
1 � ri j

⌘k

where k is an envelop parameter. The connection between random
and dissipative forces is set by the �uctuation-dissipation theorem
[18].

� =
q
2�kBT

where kB is the Boltzmann constant and T is the temperature in
absolute units.

2.2 RBC model
The RBC membrane is represented by DPD particles composing
the vertices of a two-dimensional triangulated network forming
the RBC surface [23]. Incident mesh triangles have an associated
potential energy depending on the angle between them, and local
and global area constraints are enforced, along with a global volume
constraint.

The total potential energy of the system is [22]

U = Uin-plane +Ubending +Uarea +Uvolume

Uin-plane accounts for the energy of the elastic spectrin network
of the RBC membrane, including an attractive wormlike chain
potential and a repulsive potential such that a nonzero equilibrium
spring length can be obtained

Uin-plane =
X

j 21...Ns

2666664
kBTlm

⇣
3x2j � 2x3j

⌘

4p (1 � x j )
+
kp

l0

3777775
where x j is the normalized spring length and Ns is the number of
springs.

The bending energy term, Ubending, models the bending resis-
tance of the lipid bilayer and is equal to

Ubending =
X

j 21...Ns

kb
f
1 � cos(� j � �0)

g
(1)

where kb is a bending constant and � j is the angle between two
adjacent mesh triangles.

Uarea andUvolume represent the area and volume conservation
constraints, which mimic the area-incompressibility of the lipid
bilayer and the incompressibility of the inner cytosol, respectively.

Uarea =
ka (Atot �Atot

0 )2

2Atot
0

+
X

j 21...Nt

kd (Aj �A0)2

2A0
,

Uvolume =
k� (V �V tot

0 )2

2V tot
0

, Atot =
X

j 21...Nt

Aj
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Figure 4: Comparison of density pro�les between the results
of pure solvent and results where cells are present.

The depletion of near wall regions from RBCs has been also ob-
served in recent Boundary Integral simulations of vesicles in a
Taylor-Couette �ow [42] in 20% and 40% volume fractions.

In the region of the CellFL the total momentum has a higher but
�nite slope. This leads to a locally higher shear rate near the inner
wall, where large velocity variations occur, due to the imposition
of zero wall velocity. In both simulations the shear rate is changing
up to 7 times along the radial direction, from one wall of the do-
main to the other. The physical range of shear rates covered in our
simulations is 3.5� 27 sec�1 (Fig. 3(C,F)). In this range the viscosity
of aggregating and non-aggregating blood is the same [14].

The viscosity of the blood is expected to decrease with increasing
shear rate. To interpret the simulated velocity pro�les we consider
two models: constant viscosity (Newtonian �uid) and Power-law
�uid:

� = �0�̇
n�1 (3)

The Power-law �uid reduces to the Newtonian �uid for n = 1. The
analytical solutions were �tted to the simulation data in the region
that is not a�ected by the CellFL. Both models give a good �t for the
data, with the Power-law model producing smaller and less regular
residuals, especially in the case of Ht = 45%. The parameters of
the �t n = 0.93 and n = 0.84, are recovered for Ht = 15% and
Ht = 45%. This is consistent with the fact that blood is a shear
thinning �uid, and non-Newtonian properties are more pronounced
for higher concentration of RBCs. The simulated and theoretical
velocity pro�les are shown in Fig. 5. The di�erence between the
two models is better seen in transformed coordinates by taking the
logarithm of the ratio of velocity and distance to wall.

5.2 RBC microstructure characteristics
We now focus on the characterization of the RBCs con�guration.
By examining visually the slices of the simulation domain in time
(see Fig. 6) the following qualitative observations can be made:

• We do not observe a large variety of cell shapes and ori-
entations, as reported recently [47], possibly due to the
relatively low shear rate used in our simulations. Devia-
tions from bi-concave shape are seen only for Ht = 15%
and close to the inner cylinder (the region of higher shear
rate).

• There are no clusters or layers of RBCs as postulated by
some authors [70, 71].

• Shear stress deforms and orients cells for both concentra-
tion, but very few tumbling and tank-treading events are
seen.

• Trajectories and conformations of the cells are not qualita-
tively di�erent between the two concentrations.

• Trajectories and conformations of the cells are not qualita-
tively di�erent in the bulk and the CellFL.

5.2.1 Microstructural statistics. We now proceed to a quantita-
tive analysis of the cell dynamics and con�gurations. The results
are summarized in Figs. 7 and 8. Fig. 7 presents distributions of six
metrics that characterize the con�guration and state of the RBCs:
bending energy, radius of gyration, asphericity, acylindricity, rela-
tive shape anisotropy and orientation angle. This �gure is created
by using data from the last 20% of the simulation snapshots. This
corresponds to approximately 500 data-�les, out of which every
10th is used for the construction of the plots in Fig. 7. Themembrane
bending energy, is computed from Eq. 1. The radius of gyration, R�
is computed as R2� = �x + �� + �z , where, �x  ��  �z are the
principal moments of the gyration tensor [52]. The asphericity is
computed asb = �z�0.5

⇣
�x + ��

⌘
and is always non-negative, and

has zero value for a spherical object ( �x = �� = �z ). We compute
the acylindricity as c = �� � �x . The relative shape anisotropy, �2,
is computed through a combination of the asphericity and acylin-
dricity, �2 =

⇣
b2 + (3/4)c2

⌘
/R4� , and obtains values between 0 and

1, corresponding to spherically symmetric shapes and points in a
line, respectively. Finally, the orientation angle is de�ned as the
angle of the cell’s principal axis in the azimuthal direction, with
respect to the plane of shear (�z-plane).

The bending energy of the RBC membrane is a metric of the
deformation that the membrane is subject to, compared to the equi-
librium state (see Eq. 1). Di�erent bending regimes correspond
to di�erent RBC shapes. Figures 7(A,G) show the distribution of
the cells’ bending energy along the radial direction. In the case of
Ht = 45%, it is observed that the bending energy has a wider distri-
bution near the inner cylindrical wall (Fig. 7(G)). The distribution
becomes narrower as the outer wall is approached. This suggests
that the RBCs are undergoing larger deformations in the proximity
of the inner wall. For the Ht = 15% (Fig. 7(A)), the bending energy
distribution does not have large variances along the radial direction,
suggesting that the RBCs are less deformed and retain their original
shape.

The radius of gyration, asphericity, acylindricity and relative
shape anisotropy, are all related to cell shape characteristics. The
radius of gyration relates to the size of the cells, while the rest
are scale invariant metrics that contain information related to the
con�guration of the particles on the cell membrane. By observ-
ing the distribution plots of these four metrics, it is seen that the
acylindricity has the largest divergence from the mean line, espe-
cially for Ht = 45%. Moreover, by comparing the plots between
Ht = 15% andHt = 45% (Figs. 7(B,H,C,I,D,J,E,K)), it is observed that
the discrepancies from the mean value in the Ht = 45% case are
remarkably larger. The highest divergence occurs in a region closer
to the inner wall. This leads to a decrease in the mean value of the
radius of gyration, acylindricity and relative shape anisotropy. A
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The depletion of near wall regions from RBCs has been also ob-
served in recent Boundary Integral simulations of vesicles in a
Taylor-Couette �ow [42] in 20% and 40% volume fractions.

In the region of the CellFL the total momentum has a higher but
�nite slope. This leads to a locally higher shear rate near the inner
wall, where large velocity variations occur, due to the imposition
of zero wall velocity. In both simulations the shear rate is changing
up to 7 times along the radial direction, from one wall of the do-
main to the other. The physical range of shear rates covered in our
simulations is 3.5� 27 sec�1 (Fig. 3(C,F)). In this range the viscosity
of aggregating and non-aggregating blood is the same [14].

The viscosity of the blood is expected to decrease with increasing
shear rate. To interpret the simulated velocity pro�les we consider
two models: constant viscosity (Newtonian �uid) and Power-law
�uid:
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n�1 (3)

The Power-law �uid reduces to the Newtonian �uid for n = 1. The
analytical solutions were �tted to the simulation data in the region
that is not a�ected by the CellFL. Both models give a good �t for the
data, with the Power-law model producing smaller and less regular
residuals, especially in the case of Ht = 45%. The parameters of
the �t n = 0.93 and n = 0.84, are recovered for Ht = 15% and
Ht = 45%. This is consistent with the fact that blood is a shear
thinning �uid, and non-Newtonian properties are more pronounced
for higher concentration of RBCs. The simulated and theoretical
velocity pro�les are shown in Fig. 5. The di�erence between the
two models is better seen in transformed coordinates by taking the
logarithm of the ratio of velocity and distance to wall.

5.2 RBC microstructure characteristics
We now focus on the characterization of the RBCs con�guration.
By examining visually the slices of the simulation domain in time
(see Fig. 6) the following qualitative observations can be made:

• We do not observe a large variety of cell shapes and ori-
entations, as reported recently [47], possibly due to the
relatively low shear rate used in our simulations. Devia-
tions from bi-concave shape are seen only for Ht = 15%
and close to the inner cylinder (the region of higher shear
rate).

• There are no clusters or layers of RBCs as postulated by
some authors [70, 71].

• Shear stress deforms and orients cells for both concentra-
tion, but very few tumbling and tank-treading events are
seen.

• Trajectories and conformations of the cells are not qualita-
tively di�erent between the two concentrations.

• Trajectories and conformations of the cells are not qualita-
tively di�erent in the bulk and the CellFL.

5.2.1 Microstructural statistics. We now proceed to a quantita-
tive analysis of the cell dynamics and con�gurations. The results
are summarized in Figs. 7 and 8. Fig. 7 presents distributions of six
metrics that characterize the con�guration and state of the RBCs:
bending energy, radius of gyration, asphericity, acylindricity, rela-
tive shape anisotropy and orientation angle. This �gure is created
by using data from the last 20% of the simulation snapshots. This
corresponds to approximately 500 data-�les, out of which every
10th is used for the construction of the plots in Fig. 7. Themembrane
bending energy, is computed from Eq. 1. The radius of gyration, R�
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line, respectively. Finally, the orientation angle is de�ned as the
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The bending energy of the RBC membrane is a metric of the
deformation that the membrane is subject to, compared to the equi-
librium state (see Eq. 1). Di�erent bending regimes correspond
to di�erent RBC shapes. Figures 7(A,G) show the distribution of
the cells’ bending energy along the radial direction. In the case of
Ht = 45%, it is observed that the bending energy has a wider distri-
bution near the inner cylindrical wall (Fig. 7(G)). The distribution
becomes narrower as the outer wall is approached. This suggests
that the RBCs are undergoing larger deformations in the proximity
of the inner wall. For the Ht = 15% (Fig. 7(A)), the bending energy
distribution does not have large variances along the radial direction,
suggesting that the RBCs are less deformed and retain their original
shape.

The radius of gyration, asphericity, acylindricity and relative
shape anisotropy, are all related to cell shape characteristics. The
radius of gyration relates to the size of the cells, while the rest
are scale invariant metrics that contain information related to the
con�guration of the particles on the cell membrane. By observ-
ing the distribution plots of these four metrics, it is seen that the
acylindricity has the largest divergence from the mean line, espe-
cially for Ht = 45%. Moreover, by comparing the plots between
Ht = 15% andHt = 45% (Figs. 7(B,H,C,I,D,J,E,K)), it is observed that
the discrepancies from the mean value in the Ht = 45% case are
remarkably larger. The highest divergence occurs in a region closer
to the inner wall. This leads to a decrease in the mean value of the
radius of gyration, acylindricity and relative shape anisotropy. A
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The depletion of near wall regions from RBCs has been also ob-
served in recent Boundary Integral simulations of vesicles in a
Taylor-Couette �ow [42] in 20% and 40% volume fractions.

In the region of the CellFL the total momentum has a higher but
�nite slope. This leads to a locally higher shear rate near the inner
wall, where large velocity variations occur, due to the imposition
of zero wall velocity. In both simulations the shear rate is changing
up to 7 times along the radial direction, from one wall of the do-
main to the other. The physical range of shear rates covered in our
simulations is 3.5� 27 sec�1 (Fig. 3(C,F)). In this range the viscosity
of aggregating and non-aggregating blood is the same [14].

The viscosity of the blood is expected to decrease with increasing
shear rate. To interpret the simulated velocity pro�les we consider
two models: constant viscosity (Newtonian �uid) and Power-law
�uid:

� = �0�̇
n�1 (3)

The Power-law �uid reduces to the Newtonian �uid for n = 1. The
analytical solutions were �tted to the simulation data in the region
that is not a�ected by the CellFL. Both models give a good �t for the
data, with the Power-law model producing smaller and less regular
residuals, especially in the case of Ht = 45%. The parameters of
the �t n = 0.93 and n = 0.84, are recovered for Ht = 15% and
Ht = 45%. This is consistent with the fact that blood is a shear
thinning �uid, and non-Newtonian properties are more pronounced
for higher concentration of RBCs. The simulated and theoretical
velocity pro�les are shown in Fig. 5. The di�erence between the
two models is better seen in transformed coordinates by taking the
logarithm of the ratio of velocity and distance to wall.

5.2 RBC microstructure characteristics
We now focus on the characterization of the RBCs con�guration.
By examining visually the slices of the simulation domain in time
(see Fig. 6) the following qualitative observations can be made:

• We do not observe a large variety of cell shapes and ori-
entations, as reported recently [47], possibly due to the
relatively low shear rate used in our simulations. Devia-
tions from bi-concave shape are seen only for Ht = 15%
and close to the inner cylinder (the region of higher shear
rate).

• There are no clusters or layers of RBCs as postulated by
some authors [70, 71].

• Shear stress deforms and orients cells for both concentra-
tion, but very few tumbling and tank-treading events are
seen.

• Trajectories and conformations of the cells are not qualita-
tively di�erent between the two concentrations.

• Trajectories and conformations of the cells are not qualita-
tively di�erent in the bulk and the CellFL.

5.2.1 Microstructural statistics. We now proceed to a quantita-
tive analysis of the cell dynamics and con�gurations. The results
are summarized in Figs. 7 and 8. Fig. 7 presents distributions of six
metrics that characterize the con�guration and state of the RBCs:
bending energy, radius of gyration, asphericity, acylindricity, rela-
tive shape anisotropy and orientation angle. This �gure is created
by using data from the last 20% of the simulation snapshots. This
corresponds to approximately 500 data-�les, out of which every
10th is used for the construction of the plots in Fig. 7. Themembrane
bending energy, is computed from Eq. 1. The radius of gyration, R�
is computed as R2� = �x + �� + �z , where, �x  ��  �z are the
principal moments of the gyration tensor [52]. The asphericity is
computed asb = �z�0.5
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is computed through a combination of the asphericity and acylin-
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/R4� , and obtains values between 0 and

1, corresponding to spherically symmetric shapes and points in a
line, respectively. Finally, the orientation angle is de�ned as the
angle of the cell’s principal axis in the azimuthal direction, with
respect to the plane of shear (�z-plane).

The bending energy of the RBC membrane is a metric of the
deformation that the membrane is subject to, compared to the equi-
librium state (see Eq. 1). Di�erent bending regimes correspond
to di�erent RBC shapes. Figures 7(A,G) show the distribution of
the cells’ bending energy along the radial direction. In the case of
Ht = 45%, it is observed that the bending energy has a wider distri-
bution near the inner cylindrical wall (Fig. 7(G)). The distribution
becomes narrower as the outer wall is approached. This suggests
that the RBCs are undergoing larger deformations in the proximity
of the inner wall. For the Ht = 15% (Fig. 7(A)), the bending energy
distribution does not have large variances along the radial direction,
suggesting that the RBCs are less deformed and retain their original
shape.

The radius of gyration, asphericity, acylindricity and relative
shape anisotropy, are all related to cell shape characteristics. The
radius of gyration relates to the size of the cells, while the rest
are scale invariant metrics that contain information related to the
con�guration of the particles on the cell membrane. By observ-
ing the distribution plots of these four metrics, it is seen that the
acylindricity has the largest divergence from the mean line, espe-
cially for Ht = 45%. Moreover, by comparing the plots between
Ht = 15% andHt = 45% (Figs. 7(B,H,C,I,D,J,E,K)), it is observed that
the discrepancies from the mean value in the Ht = 45% case are
remarkably larger. The highest divergence occurs in a region closer
to the inner wall. This leads to a decrease in the mean value of the
radius of gyration, acylindricity and relative shape anisotropy. A
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The depletion of near wall regions from RBCs has been also ob-
served in recent Boundary Integral simulations of vesicles in a
Taylor-Couette �ow [42] in 20% and 40% volume fractions.

In the region of the CellFL the total momentum has a higher but
�nite slope. This leads to a locally higher shear rate near the inner
wall, where large velocity variations occur, due to the imposition
of zero wall velocity. In both simulations the shear rate is changing
up to 7 times along the radial direction, from one wall of the do-
main to the other. The physical range of shear rates covered in our
simulations is 3.5� 27 sec�1 (Fig. 3(C,F)). In this range the viscosity
of aggregating and non-aggregating blood is the same [14].

The viscosity of the blood is expected to decrease with increasing
shear rate. To interpret the simulated velocity pro�les we consider
two models: constant viscosity (Newtonian �uid) and Power-law
�uid:

� = �0�̇
n�1 (3)

The Power-law �uid reduces to the Newtonian �uid for n = 1. The
analytical solutions were �tted to the simulation data in the region
that is not a�ected by the CellFL. Both models give a good �t for the
data, with the Power-law model producing smaller and less regular
residuals, especially in the case of Ht = 45%. The parameters of
the �t n = 0.93 and n = 0.84, are recovered for Ht = 15% and
Ht = 45%. This is consistent with the fact that blood is a shear
thinning �uid, and non-Newtonian properties are more pronounced
for higher concentration of RBCs. The simulated and theoretical
velocity pro�les are shown in Fig. 5. The di�erence between the
two models is better seen in transformed coordinates by taking the
logarithm of the ratio of velocity and distance to wall.

5.2 RBC microstructure characteristics
We now focus on the characterization of the RBCs con�guration.
By examining visually the slices of the simulation domain in time
(see Fig. 6) the following qualitative observations can be made:

• We do not observe a large variety of cell shapes and ori-
entations, as reported recently [47], possibly due to the
relatively low shear rate used in our simulations. Devia-
tions from bi-concave shape are seen only for Ht = 15%
and close to the inner cylinder (the region of higher shear
rate).

• There are no clusters or layers of RBCs as postulated by
some authors [70, 71].

• Shear stress deforms and orients cells for both concentra-
tion, but very few tumbling and tank-treading events are
seen.

• Trajectories and conformations of the cells are not qualita-
tively di�erent between the two concentrations.

• Trajectories and conformations of the cells are not qualita-
tively di�erent in the bulk and the CellFL.

5.2.1 Microstructural statistics. We now proceed to a quantita-
tive analysis of the cell dynamics and con�gurations. The results
are summarized in Figs. 7 and 8. Fig. 7 presents distributions of six
metrics that characterize the con�guration and state of the RBCs:
bending energy, radius of gyration, asphericity, acylindricity, rela-
tive shape anisotropy and orientation angle. This �gure is created
by using data from the last 20% of the simulation snapshots. This
corresponds to approximately 500 data-�les, out of which every
10th is used for the construction of the plots in Fig. 7. Themembrane
bending energy, is computed from Eq. 1. The radius of gyration, R�
is computed as R2� = �x + �� + �z , where, �x  ��  �z are the
principal moments of the gyration tensor [52]. The asphericity is
computed asb = �z�0.5
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has zero value for a spherical object ( �x = �� = �z ). We compute
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/R4� , and obtains values between 0 and

1, corresponding to spherically symmetric shapes and points in a
line, respectively. Finally, the orientation angle is de�ned as the
angle of the cell’s principal axis in the azimuthal direction, with
respect to the plane of shear (�z-plane).

The bending energy of the RBC membrane is a metric of the
deformation that the membrane is subject to, compared to the equi-
librium state (see Eq. 1). Di�erent bending regimes correspond
to di�erent RBC shapes. Figures 7(A,G) show the distribution of
the cells’ bending energy along the radial direction. In the case of
Ht = 45%, it is observed that the bending energy has a wider distri-
bution near the inner cylindrical wall (Fig. 7(G)). The distribution
becomes narrower as the outer wall is approached. This suggests
that the RBCs are undergoing larger deformations in the proximity
of the inner wall. For the Ht = 15% (Fig. 7(A)), the bending energy
distribution does not have large variances along the radial direction,
suggesting that the RBCs are less deformed and retain their original
shape.

The radius of gyration, asphericity, acylindricity and relative
shape anisotropy, are all related to cell shape characteristics. The
radius of gyration relates to the size of the cells, while the rest
are scale invariant metrics that contain information related to the
con�guration of the particles on the cell membrane. By observ-
ing the distribution plots of these four metrics, it is seen that the
acylindricity has the largest divergence from the mean line, espe-
cially for Ht = 45%. Moreover, by comparing the plots between
Ht = 15% andHt = 45% (Figs. 7(B,H,C,I,D,J,E,K)), it is observed that
the discrepancies from the mean value in the Ht = 45% case are
remarkably larger. The highest divergence occurs in a region closer
to the inner wall. This leads to a decrease in the mean value of the
radius of gyration, acylindricity and relative shape anisotropy. A



Ht=15% Ht=45%

Results: Microstructure characteristics

17

Time evolution: Normalized histograms
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Steady state quantities: Along radial direction
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Highlighted RBCs belong to the first and/or fourth quantiles of the bending 
energy and asphericity distributions.
• Concentration highly affects cell deformation. 
• Shear rate affects bending energy, not asphericity. 
• Asphericity does not relate to membrane deformation.
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• Investigation of importance of cell shape on membrane deformation. 
• Simulations inside a “virtual rheometer” for high (45%) and low (15%) 

cell concentrations. 
• Report on macroscopic quantities: density, velocity, shear rate, and 

comparison of velocity fits with Newtonian and Power-law solutions. 
• Insights on RBC microstructure: relate membrane deformation to cell 

shape. 
• Identify location of high/low membrane deformations. 
• Emphasize importance of hematocrit in studies of cell suspensions in 

confined geometries.

Future steps: 
• Investigation of deviations of microstructure  of diseased-erythrocyte 

from healthy values (mechanisms causing blood-related diseases & 
guide the development of diagnostic and therapeutic devices).
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