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Abstract—The benefits of using Finite-Difference alike methods
for coverage prediction comprise highly accurate electromagnetic
simulations that serve as a reliable input for wireless networks
planning and optimization algorithms. These algorithms usually
require several thousands of iterations in order to find the optimal
network configuration, so to obtain results within reasonable
computation times, the applied propagation models must be
as fast as possible. In this study an implementation-oriented
analysis on the suitability of using Graphics Processing Units
(GPU) to perform Finite-Difference Time-Domain simulations
is carried out. We believe that the recently released Compute
Unified Device Architecture (CUDA) technology has opened the
door for computational intensive algorithms such as FDTD to be
considered for the first time as a precise and fast propagation
model to predict radio coverage.

I. INTRODUCTION

With the very fast deployment of wireless networks during
the last decades, the need for radio network planning tools
that aid operators to design and optimize their wireless infras-
tructure is rising. In order to increase the reliability of these
tools, accurate radio wave propagation models are necessary.

The currently used optimization tools make use of em-
pirical or semi-empirical models [1] [2] due to its quick
implementability and short running time. But these models
suffer from a lack of precission in complex environments
such as urban scenarios, where the different obstacles should
be more accurately modeled. It is thus necessary to make
use of deterministic models based on physical laws that try
to compute the reflections, diffractions, transmissions and
scattering on obstacles.

Ray-tracing and geometric-like models [3] [4] have been
proposed. They have shown to be very efficient, except in too
severe environments, where too many reflections need to be
computed, and where the diffraction phenomena, even with the
Uniform Theory of Diffraction (UTD), are difficult to simulate.
Another well known approach to compute radio wave propa-
gation is the Finite-Difference Time-Domain (FDTD) model
[5], which solves the Maxwell equations on a discrete grid.
This method is attractive because all the reflections/diffractions
are implicitly taken into account by its formulation. However,
since FDTD tries to simulate an unbounded region in a size-
restricted area, an Absorbing Boundary Condition (ABC) such
as the Convolutional Perfectly Matched Layer (CPML) [6]
must be used in order to avoid reflections on the border.

On the other hand, FDTD is a very computationally inten-
sive model, so it has not yet been widely applied for radio
coverage predictions. In [7] an adaptation of a discrete model
called Parflow has been proposed in the frequency domain,
reducing a lot the complexity of the problem but bypassing
the time related information such as the delays of the different
rays. In [8] an hybridization of FDTD with a geometric model
is proposed. In this approach FDTD is applied only in small
complex areas and combined with ray-tracing for the more
open space regions, but the running time of such an approach
is still too large for the purpose of radio network planning.

II. RELATED WORK

During the last years, two hardware acceleration techniques
have received most of the attention from the FDTD commu-
nity. These are the implementations on Field-Programmable
Gate-Arrays (FPGAs) [9] and on Graphics Processing Units
[10]. For instance, [11] claimed to have achieved speeds of
around 75 Mcps1 for a 2D implementation in an FPGA.
However and due to market needs, these devices tend to be
more costly than GPUs. On top of that, GPUs are nowadays
present in every personal computer, being more accessible for
testing than FPGAs. Furthermore, we must mention that other
models such as ray-tracing have been also tested under GPU
architectures [12].

With the development of new programmable graphics hard-
ware, novel solutions to compute electromagnetics are being
already implemented on GPUs [13]. Graphics chipsets are
becoming cheap and powerful, and their architecture is very
well adapted to parallel algorithms.

FDTD is however an iterative model, i.e. the information
within each pixel must be properly updated at each iteration.
The fact that all the pixels must be simultaneously recomputed
makes it very suitable for implementation on a parallel archi-
tecture [14]. Thanks to this, FDTD is starting to appeal to the
propagation models community as a suitable fast method to
perform radio coverage and channel modeling. For example,
[15] makes use of a multi-resolution FDTD implementation
on a GPU as a tool to model a microwave wireless channel,
and [16] presents a hybrid UTD-FDTD approach for this very
purpose.
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Since our objective was to implement a propagation model
for its integration into a generic wireless networks simulator,
GPU computing using CUDA seemed to be the quickest and
most flexible solution. We therefore present in this paper,
a potential GPU implementation of an FDTD model. This
approach, based on the recently released Compute Unified
Device Architecture (CUDA) from NVIDIA is adapted to
simulate radio coverage, and its performance in terms of speed
and accuracy is evaluated taking the COST 231 Munich [17]
city test environment as reference.

III. FDTD, CPML AND CUDA

Our implementation is formulated for 2D scenarios, being
thus very suitable to perform coverage simulations in flat
or near-flat urban and indoor environments. Although the
memory requirements will be substantially higher, a 3D imple-
mentation can be easily derived by porting the traditional Yee
[5] formulae to the memory and execution scheme presented
in this paper.

GSM, UMTS and WiMAX typically use vertically polarized
antennae. In order to predict the propagation of electromag-
netic waves with vertical polarization in a 2D simulator, it is
necessary to restrict the formulation of the Maxwell equations
to the TMz mode (electrical field polarized in the vertical
direction). Following the terminology given in [18] it is
straightforward to deduce such FDTD and CPML expressions.
To update the magnetic field H and electrical field E in
a discrete grid sampled with a spatial step of ∆, the TMz

formulae are as follows.
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where Db, Ca, and Cb are the update coefficients that depend
on the properties of the different materials, and ΨHx,y , ΨHy,x ,
ΨEz,x and ΨEz,y are discrete variables with nonzero values
only in some CPML regions. For a more in-depth development
of the variables used in these formulae the reader is referred
to [18].

Just as with the traditional parallel programming paradigm,
the GPU is a device capable of executing several threads run-
ning simultaneously. With CUDA, the developer is responsible
for writting the kernels, which are the pieces of C code that
each thread will execute. The compiler will then convert it

Fig. 1. Division of the scenario

to the instruction set of the device for execution. Different
threads are always bundled together into a thread block in
a way that allows them to cooperate by exchanging data
through shared memory. Since a block contains only a limited
number of threads, blocks can also be grouped together into
a grid, increasing therefore the total number of threads that
will be executed. By looking at (3), it is easy to see that the
same computation must be applied to all the cells (i, j) of
the computational domain. The parallel programming model
provided by CUDA is thus more than suitable for this purpose.

The multiprocessors within the GPU are responsible for
executing the different thread blocks. This is achieved by
splitting each block into SIMD (Single Instruction, Multiple
Data) groups named warps. It is important to balance the
amount of resources that a block will need, because it might
restrict the number of warps that a multiprocessor is able to
execute simultaneously. The ratio of the number of active
warps to the maximum amount of warps that can be active
simultaneously is called the multiprocessor occupancy and it
is the responsability of the programmer to maximize it in order
to exploit the hardware resources.

IV. 2D IMPLEMENTATION

One of the main advantages of the CPML absorbing
boundary condition is that its computation can be performed
completely independently from the computational domain.
This eases the implementation on a SIMD architecture because
it eliminates the need for having to decide in each kernel,
whether the current pixel belongs to the absorbing border or
to the Computational Domain. Kernels are most effective when
all of the threads within a warp follow the same execution path.
If the deciding condition evaluates differently for two or more
threads within the same warp, the execution of the threads
will have to be serialized, loosing therefore the advantage of
parallel computing.

A direct conclusion is thus that dividing the computation
into several kernels for the different parts of the scenario
is more suitable than having one single kernel computing
the whole environment. We have thus designed five different
types of kernels that will compute the different parts of the



scenario. Figure 1 displays this division of the environment
and indicates the terminology that will be used to reference
the pixel coordinates:

1) CPML update in X bottom (including corners).
2) CPML update in X top (including corners).
3) CPML update in Y bottom.
4) CPML update in Y top.
5) Fields update in the computational domain.
The steps that each kernel must follow in order to perform

the FDTD field updates, can be further divided into three
different parts:

1) Loading of the previous field values.
2) Computation of the new field values.
3) Writing of the result to memory.
In order to exploit the SIMD architecture of the GPU to

carry out the above mentioned steps, the workload is divided
between all of the threads that will be executed in the grid
of thread blocks. As an example, the pseudocode2 of the
kernel that implements the electrical field update is shown
in Algorithm 1.

Calculate the i and j indices;
Load Hx
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if threadIndex.y = 0 then
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end
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end
Load material index;
Compute Ez
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according to (3);

Store result to global memory;

Algorithm 1: Electrical field update

The next important design decision consists on choosing an
appropriate block size. The bigger the block, the more threads
it will contain. In our implementation of the FDTD algorithm,
each thread is responsible for loading one field value (two for
the Ez update kernel) into shared memory. There is thus a
direct relationship between the block size and the amount of
shared memory it will need. Of course, the amount of shared
memory that each block can use is finite (see table I), so this
imposes an upper limit for the size of the block. Furthermore,
the amount of shared memory must be divided between all the
blocks that are executed on a multiprocessor. Considering this
limitations, several numerical experiments have proven that
a block size of (Bx, By) = (16, 8) is optimal, yielding 128
threads per block and a multiprocessor occupancy of 100% for
all kernels. Using the kernel that updates the magnetic field
as an example, figure 2 shows the effect on multiprocessor

2Note that in Algorithm 1, i and j refer to the matrix coordinates in the x
and y dimensions, not the physical Yee coordinates of (1), (2) and (3).

Fig. 2. Multiprocessor Occupancy

occupancy of using different block sizes. The red triangle
indicates the multiprocessor occupancy reached with our block
design.

In order to maximize the instruction throughput by reducing
divergency within warps, an efficient design is to match the
block size to the geometry of the matrices. Ten cells are
usually enough for the CPML to avoid waves reflecting back
into the streets of the simulation scenario. But since the
maximum dimension of the block is 16, a 16-cell CPML
depth will be applied, reducing thus instruction branching
within warps and obviously providing even lower reflection
coefficients.

One of the most important parameters of a FDTD simulation
is the spatial step (∆), which must be smaller than the smallest
obstacle within the computational domain. Since our objective
is to perform urban coverage simulations, the spatial step will
be determined by the resolution with which the simulation
scenario (a city in this case) can be modelled.

TABLE I
CARDS USED FOR COMPUTATION

GF 8600M GT TESLA C870
Global Memory 256 MB 1.5 GB
Constant Memory 64 KB 64 KB
Shared Memory per Block 16 KB 16 KB
Clock Rate 337.5 MHz 1.35 GHz
Memory Bandwidth 9.6 GB/s 76.8 GB/s
Number of Multiprocessors 4 32
Algorithm Running Time: 43 s 8 s

In our design, each thread will be responsible for calculating
one pixel of the fields’ matrices. The grid and block sizes must
be therefore defined accordingly so that the total number of
threads matches the total number of FDTD cells. In the cases
where the size of the scenario is not a multiple of the block
size, there will inevitably be some threads that will not need to
compute anything, decreasing therefore the total instructions
throughput. That is why the dimensions of the simulation
scenario must be as close as possible to a multiple of the block
size. CUDA uses the Floating-Point Standard and the float type
for the representation of real numbers. Since the electrical and
magnetic fields are always real physical magnitudes, the value
of a field corresponding to one cell can be stored as a float type
in 4 bytes of memory. This value together with the spatial step
will determine the memory requirements for the simulation of
a specific scenario.

As can be deducted from algorithm 1 and section III, the



calculation of the different fields consists mainly of some
multiplications and additions, usually combined together by
the compiler into a multiply-add (FMAD) instruction. On
the other hand, several matrices of the size of the scenario
must be read and written in each iteration from the graphics
card global memory. The access to memory will thus be the
bottleneck of the FDTD algorithm, so it is crucial to use
an appropriate memory access scheme to get the maximum
memory bandwidth. The graphics cards from NVIDIA have
four different types of memory spaces [19] and offer thus an
extremely versatile range of memory access patterns.

Since it is not possible with CUDA to synchronize the
execution of the different thread blocks or to pass information
between them, each individual block will have to load the
update coefficients from memory itself. This redundancy in
the memory access can be greatly reduced by making use of
the constant memory space. Constant memory is backed by a
small on-chip cache. Thanks to this, a reading from constant
memory will access the device memory only on a cache miss.
Furthermore and because this cache is physically located on
each multiprocessor, almost all the thread blocks will read
from the cache once it is loaded (usually by the first block to
be executed).

Another fast memory space is the shared memory, which
also resides on-chip. It is called shared because all the threads
within the same block can exchange information by doing
synchronized reads and writes. Since each cell in an FDTD
algorithm is updated based on the previous values of the
fields in its neighborhood, each pixel (i, j) will need to be
accessed at least twice to compute one field update. In order
to minimize access to global memory, the threads of a block
will first load the corresponding submatrix into shared memory
(see algorithm 1), and later use these values to perform the
computation.

The GPU can read 4, 8 and 16 byte words from global
memory in only one instruction. Moreover, some memory
accesses can even be coalesced into a single and contiguous
memory access. But to exploit this feature, there are some
requirements regarding the way that the information is stored
in global memory [19]. These include the fact that the width of
a matrix stored in global memory is a multiple of 16. This is
therefore another argument in support of simulating scenarios
whose width is a multiple of 16.

V. RESULTS

Taking the Munich scenario [17] as a reference, a value
of 2 meters for the spatial step provides enough precision to
accurately model the width of the streets and the buildings
along with their corners. But in order to avoid anisotropy in
the phase velocity of the propagating wave, it is very important
in FDTD to establish correctly the proportion between the
wavelength and the spatial step. Such relationship is better
explained throughout the following formula.
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Fig. 3. FDTD Prediction in Munich

For the presented simulations Nλ = 10 has been used, which
gives a velocity-anisotropy error [18] of:

∆ṽaniso ≈ 0.9% (5)

The Munich scenario has a size of approximately (dx, dy) =
(2.4, 3.4) kilometers, with dx the length in the x dimension
and dy the length in the y dimension. Using ∆ = 2m the
scenario can be sampled into a matrix of size (nx, ny) =
(1204, 1704) (roughly 2 million cells). Since the width and
height of a block of threads are 16 and 8, the environment
has been extended by adding some extra cells containing air
in both dimensions. This generates an scenario matrix of size
(1216, 1704). After adding the CPML cells, the total size of
the matrix to simulate is (1248, 1736), with an omnidirectional
source located at position (663, 707). The maximum distortion
of the wavefront due to anisotropy of the wave velocity occurs
when the signal has travelled ntc = 1744 − 707 = 1037
cells from the source in the vertical direction. Using (5) this
distortion is estimated in ṽanisontc ≈ 9 cells. With bigger
size scenarios, this distortion becomes even bigger and we
therefore recommend to use not less than Nλ = 10 for
simulations in urban environments.

From (4), λ = 20m is calculated, which implies that the
frequency used for this simulation is not equal to that of the
measurements (GSM at 900 MHz), but fsim = 15 MHz.
In [20] we already analyzed the consequences of reducing
the simulation frequency, which requires a proper model
calibration in order to compensate for the error introduced
by such frequency reduction.



Fig. 4. The bar graph shows the running time (left axis) of the presented
algorithm on three different platforms. The plot graph (right axis) presents
the performance in terms of Megacells per second for the global scenario
(including the ABC) and its usable part (without the ABC).

Our main objective is to perform fast and accurate simu-
lations on standard PCs. Two different graphics cards have
been used to perform the computation: an off-the-shelf and
non-expensive laptop graphic card and a high-performance
computing card. Their characteristics are gathered on table
I. Since FDTD is a memory-intensive algorithm, the memory
bandwidth is the most important feature of a graphic card to
run it in the shortest period of time, so it is easy to predict that
our algorithm running time will be much faster in non-mobile
graphic card models.

For the matrix size given above, a total of 3000 FDTD
iterations in the Munich environment have been performed.
Using the first GPU shown in table I, the total computation
time has been of 43 seconds, which compares favorably with
other existing propagation models. We have also implemented
the FDTD-CPML method in Matlab, which makes use of
the AMD Core Math Library (ACML) for efficient matrix
operations. The Matlab code was run on a computer equipped
with an AMD Athlon 64 X2 Dual Core Processor 4600+
at 2.41 GHz and 3.25 GB of RAM memory. Applying the
same configuration parameters as with the GPU simulation,
the total computation time in Matlab was of approximately 72
minutes. This indicates that for the implementation of FDTD-
based algorithms a standard off-the-shelf graphics card for
laptops like ours (GeForce 8600M GT) provides an speedup
of around 100 times over highly optimized Linear Algebra
libraries. Furthermore, when the computation is run on the
high-performance computing card (TESLA C870), the sim-
ulation time is reduced to 8 seconds with respect to the
Matlab computation (speedup of 540). Figure 4 compares the
measured running times as well as the performance of this
FDTD implementation.

Table II presents the properties of the materials used in
this simulation, where µr, εr and σ are the relative magnetic
permeability, relative electric permittivity and the electric
conductivity. The configuration parameters of the CPML form
a complex tensor (see [18]) and are described by a, κ and

Fig. 5. Comparison of measurements and predictions

TABLE II
PROPERTIES OF THE MATERIALS

µr εr σ
Air 1 1 0
Concrete 4.5 6.5 0.005

σ. Their values are shown in table III, being n the width in
number of cells of the ABC, m the polynomial grade for κ
and σ, and ma the polynomial grade for a.

In figure 3 the high level of detail achieved by using our
FDTD simulation to predict urban radio coverage can be veri-
fied. We also observe that, as opposed to other techniques such
as ray-tracing, with FDTD an unlimited number of reflections
can be very accurately modelled. The street canyon effects
are also clearly displayed, along with diffractive distortions
at corners of buildings at the end of some streets. We invite
the reader to zoom into the coverage prediction of figure 3 to
appreciate these details.

Since the different field updates are calculated by taking
derivatives on the other fields, continuity must exist in the
transition from one cell to the adjacent, i.e. no cell within the
scenario can be skipped from the calculation. As seen from
figure 3, even the pixels that correspond to the inside of the
buildings have been computed, evincing the high attenuation
introduced by the walls of the buildings for indoor reception.
Nevertheless, the outdoor-to-indoor power prediction in this
case must be considered optimistic due to the lack of infor-
mation regarding the inner structure of the different buildings.

By comparing the measurements of the Munich scenario
against our predictions, an RMSE of 8.1 dBs is obtained,
which is low enough considering that no calibration of ma-
terials has yet been applied. In figure 5 a comparison of the
accuracy of these attenuation predictions is displayed, where
an overestimation of the path loss for locations that are close
to the antenna due to the 2D approximation is shown.

VI. CONCLUSIONS

This study has presented the design considerations that
must be taken into account when using CUDA to implement



TABLE III
PROPERTIES OF THE CPML

n m ma αmax κmax σmax

16 3 1 0.001 1.1 0.0526

Finite-Difference algorithms. We have introduced an efficient
memory access scheme that matches the execution threads
to the different cells within the Yee lattice. Furthermore, the
applicability of each memory space to the implementation
of an FDTD algorithm to minimize memory accesses and
increase simulation speed is introduced. Besides and in order
to minimize threads serialization and exploit the parallel
capabilities of the GPU, an efficient way of subdividing
the absorbing boundaries to minimize instructions branching
within threads of the same warp has been presented. We have
explained the tasks that are assigned to each execution thread,
and carefully shaped the dimensions of each threads block.

Finally, simulation results for an urban environment are
presented where the extreme accuracy of FDTD for coverage
prediction is evinced. Since this method is a direct approxima-
tion to the Maxwell equations, the only limit to the achievable
precision is in the proper calibration and configuration of the
different FDTD parameters. It has been shown that in very
short running times, it is possible to perform highly accurate
predictions that implicitely consider all the distortions suffered
by the propagation of an electromagnetic wave. Since this is
a 2D implementation, we believe that this model is specially
appropriate for near-flat urban as well as indoor environments.

Future lines of research will include studying potential
calibration algorithms such as heuristics in order to minimize
the error introduced by the lower frequency approximation
[20]. Besides and with the advent of new and powerful graphic
cards, our final goal is to design a complete 3D FDTD-based
propagation model and to further reduce the computation time
in order to integrate this model into the upcoming wireless
networks planning and optimization tools, being designed
within our research group.
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