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Computersimulation. Vielfältige Anwendungsbereiche werden im Rahmen der 
Tracks abgedeckt. 

 

 

Qualifikationsziele und Abschluss 

Nach erfolgreichem Abschluss sind die Studierenden befähigt, komplexe Systeme 
und Prozesse mittels computerbasierter Datenanalyse zu erfassen und zu modellie-
ren, sowie diese Modelle zu nutzen, um rechnerische Vorhersagen (d.h. Simulatio-
nen) über das künftige Verhalten des Systems zu treffen. Das Qualifikationsziel ist 
die Vermittlung anwendungsübergreifender Methoden und Techniken der Informa-
tik, des wissenschaftlichen Rechnens und der rechnergestützten Wissenschaften. 
Anwendungsspezifisches Domänenwissen wird in den einzelnen Tracks vermittelt, 
wo auch die praktische Umsetzung an Problemen erarbeitet wird. Somit sind die 
Absolventen und Absolventinnen je nach Trackwahl befähigt, komplexe Systeme 
und Zusammenhänge folgender Bereiche computertechnisch zu modellieren und zu 
simulieren:  

• Energiesysteme und Energiemärkte,  
• Maschinen und technische Systeme,  
• biologische und medizinische Systeme,  
• mathematische Modelle,  
• visuelle Daten und künstliche Realitäten.  

Im Vordergrund steht die Befähigung der Absolventen und Absolventinnen, neue 
informatische Lösungsansätze und Algorithmen für Probleme entwickeln und einset-
zen zu können. Das vermittelte Wissen und Können ist generisch und zwischen den 
Anwendungsgebieten übertragbar, wodurch Zukunftssicherheit garantiert wird.  
 
Als Abschluss wird der Titel „Master of Science“ (M.Sc.) mit einem Track-
spezifischen Zusatz (s. unten) vergeben. 
 
 

Computational 
Modeling and Simulation

engineering

numerical simulation

forward problem inverse problem

detect patterns, correlations, 
interrelationsships

probe and analyse simulated 
processes and models

machine learning & 
data analysis

life science

visual computing

energy economics

mathematics

1) Nebenfach “Biowissenschaften”
2) M.Sc. “Computational Modeling and Simulation”, Track “Computational Life 

Sciences”
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Biology Computes
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Cells execute programs: 

§ Genetic programs
§ Communication programs
§ Decision making
§ Signaling networks
§ Endosomal sorting
§ …

Cells communicate by:  

§ chemical signals
§ mechanical signals
§ cell-cell contacts
§ motion
§ …

Meyerowitz, Caltech
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Systems Biology
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It’s not about using computers to process biological data or to simulate 
biophysical models,  

but  

to understand the biological system itself as a computing process,  
reverse-engineer its “algorithms” and its “grammar”,
and be able to reprogram (re-engineer) it.

biological processes are inherently algorithms that nature has 
designed to solve computational problems. 
                                     algorithmsinnature.org
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Computing in Biology
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Computer science will be 
for 2020 biology what 

mathematics is for today’s 
physics.

Microsoft Report “2020 Science”
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Where and Why Computing in Biology?
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Amount of data / 
Reproducibility

Manual evaluation too slow 
or too unreliable

Complexity
System behavior not 
apparent from description

Controllability Variables controllable

Observability Variables measurable

Ethics No living beings involved

Time/length scales
Too big/small, slow/fast for 
experimental measurement
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Computational Challenges in Biological Systems
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Images: Wikipedia

• Hierarchical

• Regulated

• Complex shapes

• Non-equilibrium

• Nonlinear

• Coupled

• Plastic

So far: DescriptionGoal: System Dynamics
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Source Code??
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Bilder: Wikipedia

???
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Some Goals
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In order to understand the 
mechanistic working of biological 
systems, we also have to consider:

• Spatial organization and 
compartmentalization

• Temporal plasticity and dynamics

• Environmental influences

• Physics of interactions

• Regulatory mechanisms
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A Typical Workflow in Systems Biology
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experiment analysis

interpretation

raw data

processed

data

knowledge

Cell Biologists Computer Scientists

Cell Biology with and versus Computer Science

modelling 

and simulation

interpretation
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What we want to do…

Simulation

Real-time  
 
analysis

Real-time visualization

Photo: SZonline

PPM_RC

OpenFPM
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Particles: a Unifying Computational Framework

• Particle methods allow seamless treatment of continuous and 
discrete systems, both stochastically and deterministically 

• In discrete systems, particles often correspond to real-world 
entities (atoms in molecular dynamics, cars in traffic simulations) 

• In continuous systems, particles represent discretization points 
(fluid elements in flow simulations, mass in diffusion, etc.)

Examples:

!12
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Particles: a Unifying Computational Framework
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discrete continuous

• Particles = real-world objects 
• Particle-particle interactions 

model physical (biological, 
financial, etc.) interactions 

• Macroscale mathematical 
models are not required 

• E.g.: molecular dynamics, 
agent-based models, Monte 
Carlo methods, etc.

• Particles = Lagrangian tracer 
points 

• Particle-particle interactions 
are designed such that the 
collective dynamics of the 
particles approximates a 
differential operator 

• E.g.: Vortex Methods, SPH, 
PSE, etc.

Particle-particle interactions can be deterministic or stochastic

Particles are computational elements, defined by their position 
and an arbitrary set of properties they carry.
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Talk Outline

Deterministic particle methods for multi-
resolution spatiotemporal simulations 

Particle-based bio-image processing 

A parallel middleware and domain-specific 
language for particle-mesh methods on 
heterogeneous parallel computers 
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Talk Outline

Deterministic particle methods for multi-
resolution spatiotemporal simulations 

Particle-based bio-image processing 

A parallel middleware and domain-specific 
language for particle-mesh methods on 
heterogeneous parallel computers 
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convect particles evolve particle strengths
dxp

dt
= u

transport equation: �f

�t
+� · (fu) = g

d�p

dt
= vpg

dvp

dt
= vp� · u

position 
volume 
strength

xp
vp

�p

Continuum Particle Methods 
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Differential Operators over Particles
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evolve particle strengths

transport equation: �f

�t
+� · (fu) = g

d�p

dt
= vpg

source term    often depends on 
derivatives of the field   , e.g. 

if    is diffused.

g = � · (��f)

g
f

f

evaluation of derivatives of    is crucialf
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x

f(x)

xq

�(x� xq)

��f

�x�

����
xq

�
� �

��
[f(xq)± f(x)]�(x� xq)dx

�
�

p

vp[f(xq)± f(xp)]�(xp � xq)

Degond & Mas-Gallic, The weighted particle method for convection-
diffusion equations. Part 1: The case of isotropic viscosity, Math. Comp. 53 
(188) (1989) 485-507


Eldredge et al., A general deterministic treatment of derivatives in particle 
methods, J. Comput. Phys. 180 (2002) 686-709

moment conditions on 
kernel function �

Schrader et al., J. Comput. Phys. 229:4159–4182, 2010.

� �q

The PSE Operator Approximation 
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The Endoplasmic Reticulum (ER)
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The main biosynthetic organelle in 
Eukaryotes: Protein and lipid 

synthesis.

Enclosed by a contiguous membrane

Membrane

Figure: De Duve, Une visite guidée de la cellule vivante, 1987.

Figure: Purves et al., Life: The Science of Biology, W.H. Freeman. 

Lumen
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FRAP: Fluorescence Recovery After Photobleaching

• Tag protein fluorescently

• Bleach region of interest  
with Laser

• Monitor influx of unbleached 
protein
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Multi-Scale Issue in FRAP
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• Discrepancy of scales: Observation of an integral 
quantity, averaged over Region Of Interest (ROI)

• ROI is larger than geometrical features of ER

• 2D projection or slice of the 3D object

Model needed to control the artifacts of the method 
and be able to correct for them!
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A Computational Solution
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D =
Dsim

ts

FRAP experiment

Experimental FRAP curve

Simulation

Simulated FRAP curve

Micrograph sections of the 
same organelle

3D reconstruction

Fit in time

Time unit ts
Molecular diffusion 

constant

Dsim
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Example Images
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Data: Helenius group, ETHZ

ss-GFP-KDEL 
VERO cells 
confocal microscope 
3D PSF measured
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3D Deconvolving Segmentation 
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Data: Helenius group, ETHZ
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3D Reconstruction error
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• Threshold

• Resolution of the 
microscope

19

Figure 5: Supplementary Material, Sbalzarini et. al.
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Figure 6: Supplementary Material, Sbalzarini et. al.
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a: Whole network, anisotropy 3

b: 4 × 4 × 3 closeup, anisotropy 1

Figure 4: Supplementary Material, Sbalzarini et. al.

Reconstruction error  
determined by:

Find optimal threshold in 
the computer

5.3 Calculations done with small, smallRAD and smallMU 49
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Figure 5.47: Plot of errors for smallMU, = 2

threshold total error hits missed excess disconnected objects

90.43 0.3782 0.9699 0.0301 0.3482 1

100.04 0.3248 0.9218 0.0782 0.2465 3

120.14 0.3000 0.7922 0.2078 0.0922 1

140.23 0.4547 0.5820 0.4180 0.0367 1

160.33 0.6405 0.3719 0.6281 0.0124 1

Table 5.14: Error listing

Figure 5.48: Three reconstructions with thresholds: 90, 110, 120
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Particle Method for Diffusion Simulations
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Computational elements: Particles
with volumes      and property vector     :at locations

fp = (up,xp, . . .)

fpVp

(xp, Vp, fp), p = 1, . . . N
xp

Diffusion: 
Particles exchange MASS 
with their neighbors. 

Degond & Mas-Gallic, Math. Comput. 53:509. 1989.
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For (anisotropic) diffusion:

Degond & Mas-Gallic, Math. Comput. 53:509. 1989.

dup

dt
=

X

q 6=p

�✏(xp,xq,D, t)(uq � up)Vq

Eldredge et al., J. Comp. Phys. 180:686. 2002. 

Extension to any differential operator:

L�
hf(xp) ⇡

1
✏|�|

X

q

Vq (f(xq)± f(xp)) ⌘�
✏ (xp � xq)

Diffusion in space

Formulation of the diffusion operator on particles
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Lumen

Sbalzarini et al., Biophys. J. 89(3):1482. 2005.
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Simulation vs. Experiment
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Sbalzarini et al., Biophys. J. 89(3):1482. 2005.

⌫ = 34± 0.95 µm2/sD =?
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Beyond Experiments
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Sbalzarini et al., Biophys. J. 89(3):1482. 2005.
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A new method for solving PDEs on surfaces
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M
em

brane

Sbalzarini et al., Biophys. J. 90(3):1. 2006.
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Talk Outline

Deterministic particle methods for multi-
resolution spatiotemporal simulations 
Particle-based bio-image processing 

A parallel middleware and domain-specific 
language for particle-mesh methods on 
heterogeneous parallel computers 
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A Particle Method for Image Processing
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Our solution: Region Competition

Model: The method is a approximates the gradient and hence optimizes
any function.

Deformable representation: Discrete, explicit representation with labels

(colors) and particles:

0

0 1 2 3 4

1

2

3

5

A B C

Topological control with digital topology

Janick Cardinale (ETHZ) LeadNet Meegin, Berlin 08.05.2012 7 / 12

Cardinale, Paul, Sbalzarini, ITIP 2012.
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Parallelization over Particles
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Eyad Ebrahim, Master Student 2011.

GPU-Result (512× 512 × 12) 
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Main source of speedup: use of texture memory!

2D 240x180GPU-Result (241 × 181) 
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Piecewise Smooth Image Model
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Piece-wise smooth
Example

(a) (b) (c) (d)

(e) (f) (g) (h)

Janick Cardinale (ETHZ) LeadNet Meegin, Berlin 08.05.2012 20 / 23

Cardinale, Paul, Sbalzarini, ITIP 2012.
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3D Piecewise Smooth Segmentation
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Topology

Estimating the number of regions? In the present work, if no prior

knowledge is available:

Splits/Handles decrease the energy and hence arise naturally during
optimization.

Data: Zebra-fish germ cells. Mohammad Goudarzi, University of Münster

Merging has to be handled separately since regions may touch and
compete (Movie).

Janick Cardinale (ETHZ) LeadNet Meegin, Berlin 08.05.2012 8 / 12

Cardinale, Paul, Sbalzarini, ITIP 2012.



Scientific Computing for Systems BiologyIvo F. Sbalzarini

Whole-Embryo Image Analysis
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Known Topology - Examples

Nuclei segmentation:

A
B

A
B

C C

Data: Andy Oates’ Lab, MPI Dresden

Data-dependent skeletonization:

Janick Cardinale (ETHZ) LeadNet Meegin, Berlin 08.05.2012 9 / 12

Known Topology - Examples

Nuclei segmentation:

A
B

A
B

C C

Data: Andy Oates’ Lab, MPI Dresden

Data-dependent skeletonization:

Janick Cardinale (ETHZ) LeadNet Meegin, Berlin 08.05.2012 9 / 12

Data: Andy Oates, MPI-CBG

Cardinale, Paul, Sbalzarini, ITIP 2012.
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Talk Outline

Deterministic particle methods for multi-
resolution spatiotemporal simulations 

Particle-based bio-image processing 
A parallel middleware and domain-specific 
language for particle-mesh methods on 
heterogeneous parallel computers 
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OpenFPM
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Middleware implementation of particle-mesh abstractions.

OpenPME page 7 of 20

Figure 2: Layers in the original PPM(L) stack.

OpenFPM core OpenFPM numerics

C++ Template Metaprogramming

Open Particle Mesh Environment (OpenPME)

Distributed memory
Shared memory

GPUs
Vector processors

DSL optimizer and code generator

Figure 3: Layers in the envisioned OpenFPM/
OpenPME stack.

The original PPM programming stack is shown in Figure 2. It is an object-oriented architecture [ADS10] with
support for mixed multi-processing/multi-threading on heterogenous multi-core platforms [AS14], as well as support
for GPU acceleration for the critical particle-mesh and mesh-particle interpolation steps in hybrid particle-mesh
methods [BAS13]. The PPM Library is organized into a core and a numerics part. The core provides the parallel
data structures for particles and meshes, adaptive domain-decomposition schemes, communication mappings,
and dynamic load-balancing methods. The numerics part implements frequently used numerical solvers [SWB+06],
such as FFTs (by wrapping FFTW), multi-grid solvers, and linear systems solvers (wrapping PETSc). The numerics
module is partly implemented using the abstractions provided by the core, and partly wraps existing third-party
libraries. The core is based on MPI as the communication interface, but transparently hides it from the application.
Applications (called “PPM clients”, symbolized by the simulation visualizations on top) are written using a mixture of
direct API calls to the PPM core and/or numerics modules, and PPML DSL statements. This makes use of PPML’s
embedding into Fortran2003.

PPM and PPML in their present form have several limitations. The implementation in Fortran2003 prevents
use on emerging hardware platforms, such as Parallela or HAEC (SFB 912), where Fortran2003 compilers are
not usually available. Moreover, most Fortran2003 compilers do not implement the full language standard or use
vendor-specific extensions, hence hampering code portability. Functionally, PPM is limited to particle-mesh meth-
ods in 2D and 3D, preventing its use for parameter optimization, image processing, and other higher-dimensional
applications. Most importantly, Fortran uses static memory layout for all data structures, and the PPM API is man-
ually overloaded to a limited set of data types that could be foreseen at design time. This prevents the framework
from being generic to different hardware platforms and also does not allow particles to carry arbitrary objects.
The Sbalzarini group hence started designing a successor of PPM in 2014 in a project termed “OpenFPM” (Open
Framework for Particles and Meshes). OpenFPM is based on the same proven abstractions as PPM [Sba10],
but implemented in C++ using full templating and template metaprogramming (TMP). It is generic to arbitrary-
dimensional spaces and allows particles to carry arbitrary objects and types. The TMP layer, together with a
built-in memory manager, also decouples the semantics of any data structure from its physical memory layout,
hence providing compile-time targeting to different hardware platforms. This is illustrated in the lower stack levels
of Figure 3. Currently, a numerics part for OpenFPM is missing, and also a DSL and development environment
are missing. These are the focus of the present project. Hence, the upper part of the figure shows the envisioned
development environment providing a high-level DSL and advanced editing features to end-users. The code gener-
ator of the DSL emits well-formed and optimized C++ code that links with the library. The new architecture provides
a clearer separation between the DSL language, OpenFPM, and the compile-time targets.

Prof. Ivo Sbalzarini also works on the theory and algorithms for particle methods. This included DC-PSE
(mentioned in Section 1.0.1), providing a unifying theory for collocation methods that is fully consistent for arbitrary
linear differential operators on any distribution of particles. This in particular made it possible for particles to self-
organize at runtime, such as to dynamically adapt their number and spatial distribution to developing simulation
[RSS12]. Recently, this has been extended to anisotropic particles that self-organize, further reducing the number
of particles needed to reach a given solution accuracy [HRS15]. Performance models can predict the computational
cost and accuracy of different schemes and enable auto tuning [SRS12]. Moreover, boundary conditions have
traditionally been a problem in particle methods, which has been alleviated by a general framework to impose
arbitrary boundary conditions directly on particles [FDS13].
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Compile-time code generation

vector_dist<2,float, aggregate<float,
                           float[3],

    Point<3,double>, 
      openfpm::vector<float>

                              >
 >

vector_dist<2,float, aggregate<float,
                           float[3],

    Point<3,double>, 
      openfpm::vector<float>>,

           memory_traits_lin,
 CartDecomposition<2,float>,HeamMemory,

                          ParMetisDistribution<2,float>
 HeapMemory

           >

(a) (b)

Main Innovation
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Parallel Particle-Mesh Abstractions
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Sbalzarini et al., J. Comput. Phys. 215:556. (2006) 
I. F. Sbalzarini, Intl. J. Distr. Systems & Technol. 1(2), 40 (2010)

Data abstractions

(a) particles (b) mesh (c) connections (d) topology

Particles Mesh Connections Topology

7.2. PPM ABSTRACTIONS

computational domain

⌦
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toplogy
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mapping

Figure 7.2. Using the topology abstraction, the computational domain ⌦ is
decomposed and the sub-domains assigned to processors (upper panels). The
global mapping abstraction distributes particles, meshes, and connections across
the processors (represented by the graph) as specified by to the topology (lower-
left panel). The ghost get mapping abstraction creates ghost layers around
subdomains according to the topology and the boundary conditions (in the
example shown here, periodic boundary conditions).
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Dynamic Load balancing

particles.decompose()

particles.redecompose()

CPU 0
CPU 1
CPU 2
CPU 3
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File I/O

VTK: Visualization

HDF5: Save the full distributed data-structures

                    
particles.write(“my_file”)

                  
grid.write(“my_file”)

                    
particles.load(“my_file”)

                  
grid.save(“my_file”) Checkpoint file Restart
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Lennard Jones Code Example

DEFINE_INTERACTION_3D(ln_force)
 Point<3,double> r = xp - xq;
 double rn = norm2(r);

 if (rn > r_cut2) return 0.0;

 return 24.0*(2.0 * sigma12 / (rn*rn*rn*rn*rn*rn*rn) -  sigma6 
/ (rn*rn*rn*rn)) * r;
END_INTERACTION

Interaction definition

double sigma12;
double sigma6;
double r_cut2;

constexpr int velocity_prop = 0;
constexpr int force_prop = 1;

Constants

 double dt = 0.0005, sigma = 0.1, r_cut = 3.0*sigma;
 sigma6 = pow(sigma,6), sigma12 = pow(sigma,12);
 double rc2 = r_cut * r_cut;

 size_t sz[3] = {10,10,10};
 Box<3,float> box({0.0,0.0,0.0},{1.0,1.0,1.0});
 size_t bc[3]={PERIODIC,PERIODIC,PERIODIC};
 Ghost<3,float> ghost(r_cut); 

  ln_force lennard_jones;

Simulation domain

typedef aggregate<Point<3,double>,Point<3,double>> part_prop;    

vector_dist<3,double, part_prop > particles(0,box,bc,ghost);

Particles definition

 Init_grid(sz,particles);

 auto force = getV<force_prop>(particles);
 auto velocity = getV<velocity_prop>(particles);
 auto position = getV<PROP_POS>(particles);

 velocity = 0; 

 auto NN = particles.getCellList(r_cut);
 force = applyKernel_in_sim(particles,NN,lennard_jones);

Initialization

   for (size_t i = 0; i < 10000 ; i++)
 {
  velocity = velocity + 0.5*dt*force;
  position = position + velocity*dt;

  particles.map();
  particles.ghost_get<>();

  particles.updateCellList(NN);
  force = applyKernel_in_sim(particles,NN,lennard_jones);

  velocity = velocity + 0.5*dt*force;
 }

Timeloop

  openfpm_finalize();
}

int main(int argc, char* argv[])
{
 openfpm_init(&argc,&argv);

DEFINE_INTERACTION_3D(ln_force)
 Point<3,double> r = xp - xq;
 double rn = norm2(r);

 if (rn > r_cut2) return 0.0;

 return 24.0*(2.0 * sigma12 / (rn*rn*rn*rn*rn*rn*rn) 
                   -  sigma6 / (rn*rn*rn*rn)) * r;
END_INTERACTION

typedef aggregate<Point<3,double>,Point<3,double>> part_prop;    

vector_dist<3,double, part_prop > particles(0,box,bc,ghost);

 for (size_t i = 0; i < 10000 ; i++)
 {
  velocity = velocity + 0.5*dt*force;
  position = position + velocity*dt;

  particles.map();
  particles.ghost_get<>();

  particles.updateCellList(NN);
  force = applyKernel_in_sim(particles,NN,lennard_jones);

  velocity = velocity + 0.5*dt*force;
 }

Verlet-list velocity algorithm
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Compact scalable simulations

C++ Lines: 531

C++ Lines: 85

C++ Lines: 299

C++ Lines:492

C++ Lines:492
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Performance

Time to complete 1.5 seconds Dam break simulation

OpenFPM
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*S. Plimpton, Fast Parallel Algorithms for Short-Range Molecular Dynamics, J Comp Phys, 117, 1-19 (1995)
°Crespo et al, DualSPHysics: open-source parallel CFD solver on Smoothed Particle Hydrodynamics (SPH). Computer Physics Communications, 2015
^C. A. Rendleman, at al, Parallelization of structured, hierarchical adaptive mesh refinement algorithms. Computing and Visualization in Science, 

3(3):147–157, 2000.
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Multi-GPU automatically 

(SPH) GTX: 1080 is 100 to 200 time faster (for float) than E5-2670, 1 core
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The PPME Language for parallel computing

Jeronimo Castrillon
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Performance

Gray-Scott model PPML code of right-hand side

66 PPML vs. 560 Fortran lines for the complete simulation code

Simulation with 105 particles. Turing patterns after 40,000 time steps.

@U

@t
= DUr2U � UV 2 + f(1� U)

@V

@t
= DV r2V + UV 2 � (f + k)V

rhs grayscott_rhs (U=>parts, V) 
  get_fields (LU, LV) 
  LU = apply_op(L, U) 
  LV = apply_op(L, V) 
  foreach p in particles (parts) with sca_fields (U,V,LU,LV) 
    LU_p = D_u∗LU_p - U_p∗(V_p∗∗2) + f∗(1.0 - U_p) 
    LV_p = D_v∗LV_p + U_p∗(V_p∗∗2) - (f + k)∗V_p 
  end foreach 
end rhs

Parallel efficiency

0.21s wall clock time per iteration with 106 particles
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Molecular Dynamics with PPML

The Lennard-Jones potential

VLJ(r) = 4✏

⇣�
r

⌘12
�

⇣�
r

⌘6
�

VLJtrunc(r) =

(
VLJ(r)� VLJ(rc) , r  rc
0 , r > rc

PPML code for initialization

topo = create_topology(bcdef,ghost_size=<#cutoff + skin#>) 
parts = create_particles(topo,ghost_size=<#cutoff + skin#>) 
global_mapping(parts, topo) 

v = create_property(parts, ppm_dim, "velocity",zero=true) 
F = create_property(parts, ppm_dim, "force",zero=true) 
dx = create_property(parts, ppm_dim, "displace",zero=true) 

ghost_mapping(parts) 

nlist = create_neighlist(parts,cutoff=<#cutoff#>,skin=<#skin#>)

126 PPML vs. 516 Fortran lines for the code

Speedup and efficiency with 8 processes per node

speedup parallel efficiency

1.43s wall clock time per iteration with 106 particles
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Brain electromagnetism

!54

Solve the quasi-stationary Maxwell equations on particle 
distributions adapted to head/brain geometries from CT/MRI scans

Solve the forward problem for EEG/MEG source localization.
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Biomechanics

!55

Equilibrium shape of an Erythrocyte

Simulating the 
biomechanics of lipid 

membranes using particle 
phase field methods
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Imagine…

!56

Simulation

Echtzeit-

Bildanalyse

Echtzeit-Darstellung

Photo: SZonline

PPM_RC

OpenFPM
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Freie, offene Software! 

Bildanalyse: MOSAICsuite for Fiji/ImageJ 
• Segmentierung, Verbesserung, Tracking, Objektanalyse 
• mosaic.mpi-cbg.de

Simulation: OpenFPM 
• Skalierbare Hochleistungssimulationen 
• openfpm.mpi-cbg.de

Virtuelle Realität: Scenery 
• Immersive Mikroskopie mit Nutzerinteraktion 
• https://github.com/clearvolume/scenery

Echtzeitmikroskopie: ClearVolume 
• Visualisierung während der Bildaufnahme 
• https://github.com/clearvolume

Programmierung: PPME 
• Schnelle Softwareentwicklung  
• bitbucket.org/ppme/
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Cool Stuff! 

Scientific Computing for Systems BiologyIvo F. Sbalzarini
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Research Topics @MOSAICgroup1

• Scientific Computing: multiscale numerical simulation 
algorithms that can handle biological complexity  
—> Particle Methods

• Computer Graphics (with Prof. Gumhold and Prof. Dachselt): 
real-time VR of distributed 3D microscopy and simulation data

• Computer Vision: bio-image segmentation using particles, 
motion tracking

• High-Performance Computing: PPM Library, OpenFPM

• Programming languages and Compilers (with Prof. Castrillon): 
PPML

• Theory (with Prof. Baader): Automata and information theory 
of cellular and biochemical information processing

!59
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mosaic.mpi-cbg.de

http://mosaic.mpi-cbg.de

