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Abstract — Modern fluid flow simulations can be
extremely
complex
and
computationally
demanding. Using GPU devices (Graphics
Processing Unit) they can execute up to several
tens of times faster and simulations can be
observed interactively. In this study the basic
principles of GPU programming are applied to the
implementation of lattice Boltzmann (LB) method.
The software that was developed based on the
basic LB equations is parallelized and a
discussion is given about certain improvements
made on the initial implementation.The developed
software was tested on a Tesla GPU device and
significant speed-up is obtained, when comparing
to the traditional version of the software. Fluid flow
simulations in the field of biomedicine that needed
up to a few hours to be performed, can now be
finish in just a few minutes.
Index Terms — graphics processing unit, lattice
Boltzmann method, CUDA architecture, execution
time comparison, parallelization speed-up

1. INTRODUCTION

S

cientific methods used to include only
observation, hypothesis and experimentation,
but in the past 20 years computer simulations
have become a new scientific paradigm [1].
Modern methods of computer scientific simulation
of various phenomena, such as fluid flow
simulations, can be extremely complex.
Computational demands of these applications are
high and large computational resources are
required in order to perform these simulations.
GPU devices (Graphics Processing Unit)
represent a good choice for applications with high
requirements in terms of computational
resources. These devices have drawn much
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attention since they could be used in a wide range
of general-purpose applications [2,3]. GPU
devices execute hundreds or even thousands of
threads simultaneously and thus accelerate
calculations. The greatest benefit is that GPU
device works as a coprocessor of the main
computer, and together they form an effective
system. Also it is not necessary to introduce large
modifications in existing computer programs,
thanks to a specially designed CUDA architecture
(Compute Unified Device Architecture). With the
help of GPU devices, programs that used to
execute for a few days or hours, can now execute
up to several tens of times faster. This way,
simulations of many different phenomena can be
observed interactively. There are many examples
of successful application of GPU devices in
different areas [4-6].
The problem of fluid flow simulation can be
numerically solved using a wide range of
methods, such as a continuum based finite
element method [7] or discrete methods like
dissipative particle dynamics [8]. This paper
considers fluid flow simulations using a discrete
method called lattice Boltzmann (LB) method.
This method observes the fluid as a set of
fictitious particles and by studying the dynamics
of these particles (the collisions between them)
the fluid flow is modeled on the macroscopic
level. The greatest advantages of LB method are
the simplicity of implementation and the possibility
of parallelization.
Nowadays, in order to obtain high-accuracy in
simulations of fluid flow in complex geometries, it
is necessary to define a fine mesh, which results
into many thousands of nodes. And if it is
expected to get results in a reasonable computing
time, it is necessary to parallelize the software.
Different CFD solvers were parallelized using
GPU devices and the obtained speed-ups were
published in literature, including more traditional
methods [9,10], but also lattice Boltzmann
method [11-13].
In this study the basic principles of GPU
programming are applied to fluid flow simulations,
namely to the implementation of lattice Boltzmann
method. The first implementation is further
optimized and the improvements in terms of
obtained speed-up are discussed. The developed
software is tested on a specialized Tesla GPU

device and a speed-up of 21 times is obtained,
when comparing to the traditional version of the
software.
The paper is organized as follows. In Section 2
the theoretical background of lattice Boltzmann
method and the final form of equations used in
numerical implementation of LB method are
presented. Some details of the implementation
are the subject of Section3. Parallelization of the
software is explained in Section 4. Section 5
concludes the paper.
2. THEORETICAL BACKGROUND OF LATTICE
BOLTZMANN METHOD
The lattice Boltzmann method belongs to the
class of problems named Cellular Automata (CA)
and observes the physical system in an idealized
way, so that space and time are discretized, and
the whole domain is made up of a large number
of identical cells [14]. Single distribution function
is defined that represents the probability for
particles to be located within a certain space
element. This function in a specific lattice cell
depends on the state of neighboring cells and it
has an identical form for all cells. The state of all
cells is updated synchronously, through a series
of iterations, in discrete time steps. The derivation
procedure of the lattice Boltzmann method can be
found in literature [15,16] and only the initial and
final equations will be given in this paper.
In the presence of an external force field , one
can write a distribution function balance equation
– Boltzmann equation:
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where  is the collision operator.
Since this operator is represented using a very
complex expression, a simplified model is
introduced, initially proposed by Bhatnagar, Gross
and Krook [17]. This model is known as the single
relaxation time approximation or the BhatnagarGross-Krook (BGK) model. Operator  is
defined as follows:
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where  is the relaxation time (the average time
period between two collisions) and is the
equilibrium distribution function, the so-called
Maxwell-Boltzmann distribution function.
Finally, BGK model of the continuous
Boltzmann equation is given by:
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The original BGK Boltzmann equation is
continuous in space domain and is related to
continuous velocity field. This form is not suitable
for numerical implementation. In order to develop
a program that numerically solves this equation
on a computer, the equations have to be
previously discretized. After discretization, the
macroscopic quantities are evaluated in terms of





the distribution function, as weighted sums over a
finite number of discrete velocities.
The discretized equation that is numerically
solved in software based on LB method is given
by:
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where  is the modified relaxation time,
introduced to provide more appropriate time
discretization and better numerical stability of the
solution.
When LB method is implemented on a
computer, this equation is most commonly solved
in two steps – the collision step and the
propagation step. Two values of the distribution
function can be defined - f iin and f iout , that
represent the values of the discretized distribution
function before and after the collision,
respectively. The mentioned steps are expressed
as follows:
Collision step:
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Propagation step:
in
out
(6)
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Each one of these steps must be applied to the
whole system (to all nodes of the lattice mesh, i.e.
to all particles) before the next step starts. The
step that considers collisions is a completely local
operation (the equations for every node are
independent and not coupled), while the step that
considers propagation takes into account only the
currently considered node and a few closest
neighboring nodes. This is why the described
scheme and LB method are particularly
convenient for parallelization.
3. IMPLEMENTATION OF LB METHOD
A specialized software based on lattice
Boltzmann method is developed. The basic idea
of the implementation of LB method is to divide
the observed domain on a certain number of
identical elements that are also called cells. For
two-dimensional problems the type of mesh that
is used is denoted by D2Q9, because it is a twodimensional domain. For every node of this mesh
9 components of distribution function are defined.
Figure 1 shows the domain in two-dimensional
space and the lattice mesh, and also shows the
directions of the discretized distribution function
for one node of the mesh.
The program for the simulation of fluid flow,
based on LB method is written in programming
language C++. There are functions that were
specifically developed to manipulate data related
to nodes individually, to the entire mesh (within
the mesh the interactions between nodes are
considered), as well as the entire simulation (that
controls all other activities). All of these functions
are implemented within several classes, such that
there is particular class that defines a node, the
mesh and the simulation. It is important to

emphasize that there must exist a loop of
iterations within the program, since the problem is
solved in a large number of time steps, until the
steady state is reached.

version, the GPU works as the coprocessor of the
CPU. Large data set on which the arithmetical
calculations are performed is passed on to the
GPU, while CPU interprets and transfers the
necessary information.
In order to execute part of the program on a
GPU device, the programmer must define
specialized functions that are called kernels.
Every kernel function is called from the main
program and is executed on a grid of threads.
Within every kernel call it is necessary to define
the number of threads and dimension of the grid
and of course to pass the appropriate arguments.
4.1 NVIDIA Tesla

Figure 1 - Two-dimensional mesh and discretized distribution
function [18]

The developed software was used to simulate
diverse problems in the field of biomedicine. The
software was initially tested on simple examples
like straight stationary flow between two parallel
walls. But the software is primarily used to
simulate more complex problems of fluid flow,
e.g. simulation of fluid flow through an artery with
bifurcation and fluid flow through a human aorta.
4. PARALLELIZATION OF THE LB SOLVER
GPU devices are especially adapted to solve
problems that can be described as processing a
large number of arithmetical operations over a
large data set. In other words, when the same
series of operations needs to be performed on a
large data set in parallel, with a small number of
memory operations and a large number of
arithmetical calculations – it is suitable to use
GPU devices. A computer program that performs
this type of operations would execute sequentially
on a standard PC computer, while on the GPU
device the data is transferred into the device
memory and is divided on thousands of parallelprocessing threads. Applications that operate with
long arrays or matrices with large dimensions are
appropriate for parallelization using this approach
and in these cases a considerable speed-up of
the calculations is achieved.
In this paper special software architecture
called CUDA (abbreviated from Compute Unified
Device Architecture) [19] was used for
programming of GPU devices using upper level
programming languages, like C and C++.CUDA is
actually an extension of the programming
language C, with a specific set of new keywords
that are used for GPU commands. CUDA
programming enables the source code to be
executed on two different platforms, on a socalled host system (that represents the CPU) and
a device system (that consists of one or more
GPUs).
The task of programmer is to modify the
existing program and to separate parts that
perform a large number of calculations from the
rest of the program and to transfer this data to the
GPU device. The rest of the program is executed
on the CPU. During the execution of the parallel

Most of modern graphics cards, that are part of
the configuration of modern personal computers,
can be used as a GPU device. However, NVIDIA
has also offered specialized GPU devices – the
Tesla series [20]. Tesla devices are optimized for
execution of complex scientific simulations. The
main difference between a typical graphics card
and a Tesla device is that Tesla does not have
the possibility to output images to a display. For
parallelization of LB solver, implementation and
testing of improvements and execution time
measurements Tesla C2075 device was used.
This device is part of the Curie supercomputer,
owned by GENCI, located in France and it
represents PRACE (Partnership for Advanced
Computing in Europe) Research Infrastructure
resource. We were able to use it since our
project was rewarded with access to this cluster
within one of preparatory project access calls.
4.2 Parallelization of the software based on lattice
Boltzmann method
In the implementation of lattice Boltzmann
method the collision and propagation step
(defined in Equations (5) and (6)) are repeated in
a predefined number of iterations (or until a
condition is satisfied). As it was already stated in
section 2, each of these steps must be applied on
all lattice nodes, before the next step starts. Since
the equations that simulate collisions between
particles are mutually independent, this step is a
completely local operation. In the propagation
step only the currently observed node and its
closest neighbors are considered. All this
indicates that this large data set can be divided to
smaller subsets and then a certain number of
(mostly arithmetical) operations should be
performed on these subsets in parallel. Therefore
it is evident that LB method is very suitable for
parallelization. Figure 2 shows the algorithm of
execution of standard (sequential) LB solver, with
marked part of the algorithm that can be
parallelized. In the same Figure parts of the
source code used to implement the two
mentioned steps are stated.

Figure 2 - Algorithm of execution of the standard LB solver

Since it was concluded that the collision and
propagation steps are local in nature and that
they can be easily parallelized, it is necessary to
develop two kernel functions that will be called
instead of regular functions used in standard
version of LB solver. Figure 3 shows the calls of
these functions in sequential (regular) and parallel
form.
When two kernels required for collision and
propagation step are implemented, they are
called instead of the equivalent regular
(sequential) functions. However, there is another
important aspect that needs to be considered
when existing programs are parallelized - the
memory manipulation. Namely, GPU device is not
a completely independent device, since the CPU
controls the execution process on the
GPU.CUDA architecture is designed in such a
manner that CPU (also called host) and GPU
(also called device) have separate DRAM
(abbreviated from Dynamic Random Access
Memory), which in fact is the case, if it is
observed from hardware point of view. They are
called host and device memory, respectively.
CUDA allows the program to access these
memories independently, but there are certain
limitations in this process. Part of the program
that is executed on the CPU has access only to
the host memory, while kernel functions have
access only to the device memory. Therefore it is
necessary to explicitly allocate and free memory
resources on both systems, as well as transfer
data between these two types of memory. Special
CUDA functions are providing the transfer of data
from the CPU to the GPU and vice versa.
The easiest way to parallelize LB solver would
be to save all the necessary data about lattice
nodes in host memory. Before every kernel call
this data would be transferred to device memory
and after the kernel execution the new data would
be transferred back to the host memory. But
when transferring memory it is very important to
analyze the effects that communication between
CPU and GPU will have on the performance of

parallelized applications. Thus the described
approach is completely wrong, because the
transfer of data between these two memories is a
very “expensive” operation. Maximum bandwidth
between device memory and the GPU is 102.4
GBps (Gigabytes per second) for Tesla C1060,
while the bandwidth between host and device
memory is around 8 GBps [21]. This means that it
is necessary to minimize the transfers between
host and device memory whenever it is possible.
One should always balance between speed-ups
obtained using GPU and the cost of data
transfers between host and device.
In this concrete case, that means that all data
about lattice nodes (the components of the
distribution function and everything else) have to
be initialized on the host, then this data is
transferred only once to the device memory and
during program execution they stay in device
memory. Kernel functions access data in device
memory and make the necessary changes. In
order to view the results (visualize velocity and
pressure field), only the macroscopic quantities
can be transferred back to host memory. These
macroscopic quantities are calculated in a
specialized kernel function. It should be noted
that fluid velocity and pressure fields are not
visualized after every iteration, but most
commonly after 100, 1000 or even more
iterations, depending on the problem that is being
simulated. This means that the amount of data
transferred from host to device is significantly
reduced.
There are some other aspects of memory
manipulation that need to be considered when
implementing kernel functions. There is a
hierarchy in GPU device memory, i.e. threads can
access data from memory at different levels.
Every thread has its own private local memory
and only that particular thread has access to it.
Every block of threads has its own shared
memory that is accessible to all threads within
that block. And finally, all threads have access to
global device memory. It does not take the same
time for a thread to access data from local
(register), shared or global memory. The least
amount of time is needed to access register
memory, more time is needed when accessing
shared memory and the access to global memory
requires the greatest amount of time [20; 22] (in
some cases access to global memory is up to
150 times slower than access to register
memory). Thus, access to global memory should
be avoided whenever possible.
If all these facts are taken into consideration
when performing parallelization of LB solver,
instead of using two kernel functions for collision
and propagation steps, it is more appropriate to
implement one function that combines these two
steps. That does not make any changes in the
theoretical background, since the two steps are
still performed separately. This is just a matter of
implementation. Values of the distribution function

f iout x, t  in equations (5) and (6) (at the end of
collision step and at the beginning of propagation
step) are simply not written into the global device
memory and then read again, but are written in
register memory of each thread individually. In
order to ensure that the collision step is finished
before the start of the propagation for all nodes
(i.e. for all threads in the kernel function), a

system-defined CUDA function is used to
synchronize thread execution - __syncthreads().
This function ensures that all threads are done
with the execution of all previous operations
before proceeding with kernel execution.
Figure 4 shows the algorithm of execution of
parallelized LB solver.

Figure 3 - Algorithm of execution of parallelized LB solver

5. RESULTS AND COMPARISON OF EXECUTION
TIME OF REGULAR AND PARALLELIZED VERSION
OF LB SOLVER
In the sequel the speed-up obtained with the
parallelized version of LB solver will be presented.
First the importance of proper memory
manipulation in CUDA programs will be
demonstrated. As a test example the simulation
of straight stationary flow between two parallel
walls is used. The execution time of the program
mainly depends on the dimension of the domain
(the total number of nodes in lattice mesh) and on
the number of iterations. In this case the
performance tests have been performed using
the total number of 20.000 nodes and the number
of iterations is set to 20.000.The number of
iterations is chosen such that the simulations can
be finished in a reasonable amount of time and
the obtained results are relevant because the
computational load remains the same for every
iteration and the insight that can be obtained

using these test simulations can be used to
estimate the time needed for more complex
simulations.
The execution time of regular LB solver was
compared with execution time of three different
versions of parallelized LB solver. The first
version transfers data from device to host
memory and vice versa after every iteration (after
every kernel call). The second version is
optimized from the aspect of memory transfers –
an additional kernel function that calculates
macroscopic quantities is introduced and only
macroscopic quantities are transferred back to
host memory, to visualize the results. In the third
version the access to global device memory is
minimized, i.e. the collision and propagation steps
are combined in one kernel function, like it was
already described in Section 4.2.2. The
comparison of execution time (expressed in
seconds) is shown in Figure 4.
From Figure 4 it is obvious that bad memory
manipulation can have a great influence on the

execution time. The first version of parallelized LB
solver is executed almost 10 times slower than
the sequential version, which is of course
unacceptable. Proper memory manipulation (like
in versions 2 and 3) has brought a speed-up of
almost 10 times compared to the regular version,
which is an expected speed-up. If the execution
time of second and third version is compared, it
can be seen that the third version is executed
faster, due to a more optimal approach to global
memory manipulation, but the difference is not as
extreme as with the first version.

solver (and applying one Tesla C1060 GPU
device) is 21.
When the execution time of the parallelized LB
solver is compared with the regular solver, it is
necessary to keep in mind the number of lattice
nodes, i.e. the dimension of matrices on which
the operations are performed. Figure 5 shows
how the variation of speed-up of the parallelized
LB solver is changing depending on the number
of lattice nodes. As the number of nodes
increases, the speed-up increases as well.
Practically this means that the parallelized LB
solver achieves greater speed-ups when
simulation parameters are set such that the whole
simulation is more computationally demanding. If
the speed-up is determined based on the
execution time of the entire program, the
maximum value is 16.5 times (for 80.000 nodes).
Further increase of the number of nodes does not
affect the speed-up.

Figure 4 - Comparison of execution time of different versions
of LB solver

The performance improvement of the existing
program and the speed-up achieved by
parallelization depend on many factors, but one of
the main factors is the percentage of the program
that can be parallelized. Amdahl’s law specifies
the maximum speed-up that can be expected by
parallelizing portions of a program [22]. Maximum
speed-up can be determined using the following
expression:
1
(7)
S
1  P   P
N
where P is the fraction of the program that can
be parallelized (the easiest way to determine is by
dividing the execution time of that particular
portion with the overall execution time of the
program), and is the number of processors.
In case of LB solver it can be considered that
the number of processors is equal to the number
of CUDA cores – 240. However, if the expression
(7) is analyzed in detail, it becomes evident that
as the number of processor increases, the ratio
decreases and becomes a lower order member
that can be neglected. Therefore with the
increase of number of processors, this variable
actually does not provide a greater performance
benefit. It can be considered that this conclusion
is valid in this particular case too.
Portion of the LB solver that is not parallelized
includes the initialization of data and visualization
of results. Therefore one can say that the portion
of the program that is not parallelized is around
4.5% of the overall program, which means that .
If the values for and are substituted in the initial
expression, it is obtained:
(8)
S  21
Hence it is estimated that the maximum speedup that can be achieved by parallelization of LB

Figure 5 - Variation of the speed-up of parallelized LB solver
depending on the number of lattice nodes

The achieved speed-up of 16,5 times is slightly
lower than the predicted value of 18,5 times. This
can be explained with the fact that even though
they are minimized, the transfers of data between
host and device memory do exist and a certain
amount of time is required for their execution, and
this time is not directly spent on operations that
are normally performed in the regular LB solver.
Figure 6 shows the values of speed-up calculated
based on the execution time measured only for
the portion of the program where calculations are
performed (the iterations loop shown in Fig. 5,
without visualization of results). In this case, the
obtained speed-up is up to 21 times, which is
approximately equal to the predicted value.
6. CONCLUSION
It seems that scientific simulations demand
more and more computational resources.
Personal computers can no longer follow up
these increased demands. NVIDIA has offered a
good solution for solving this emerging problem
with its series of Tesla GPU devices. Applying
GPU devices a considerable speed-up can be
achieved in existing complex and demanding
programs. Thanks to a specialized technology

that was developed by NVIDIA, the so-called
CUDA architecture, customizing the existing
programs to work with GPU devices is
significantly simplified. In this paper the
developed software based on lattice Boltzmann
method was parallelized using CUDA architecture
and the execution time of regular and parallel
version was compared. On a specialized Tesla
device the speed-up of 21 times was achieved,
which represents a great time saving. It was
shown that the developed parallel LB solver
achieves greater speed-ups when simulations are
more computationally demanding. It was also
shown that the cost of CPU-GPU communication
in memory manipulation requires special
consideration from programmer’s side, in order to
obtain greater performance improvements.
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