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Abstract. In this work, the implementation of the diffusion process
in a graphics processing unit (GPU) with application to medical image
enhancement is presented. The method is implemented in the many-core
architecture of the GPU and uses its resources of texture and shared
memory. The diffusion equation is used to perform the enhancement of
medical images. Due to the characteristics of the diffusion algorithm, it
is possible to take advantage of the resources of the processor and reduce
the image processing time.
A gain of up to 20 times in the execution time of the GPU implementation
of anisotropic diffusion algorithm has been achieved, with respect to
the implementation in a general purpose processor. An important noise
reduction has also been accomplished by using the diffusion parameters
found with the proposed fast search algorithm. A gain of up to three
times in the GPU implementation of diffusion filtering execution time
has been achieved using the fast search method instead of exhaustive
search.

Keywords: GPU, Image enhancement, Nonlinear diffusion, Parallel al-
gorithm

1 Introduction

In recent years, applications that combine general purpose processors with graph-
ics processors have increased significantly, due to the high processing power of
the GPU, their ability to perform massively parallel processing and their scaling
performance that is achieved by increasing the number of graphics processors.
For these reasons, a GPU is a suitable cost-effective solution to achieve high
performance computing for general purpose applications. An important field of

application is the medical image processing. The medical image applications are
time consuming, because of the amount of data to be processed and the require-

ment of high spatial resolution [1].
Medical images contain certain amount of noise that is inherent to the ас-

quisition process and affects the image quality. Noise reduction without loss of
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desired information in the image is an important challenge in the area of digi-
tal image processing. The diffusion process is a method that applies a selective

smoothing filter and performs noise reduction inside the homogeneous regions.
The noise is removed while the sharpness of the edges is preserved. The numeri-

cal algorithm is implemented with an explicit finite difference method, therefore
there are not data dependencies and properly fits the architecture of GPUs,

enabling the parallelization down to the pixel level.

The diffusion process has been widely used in image denoising and applied
to several types of medical images [2–7]. In [8], a form to estimate the stopping
time T for the diffusion is proposed. T is calculated by correlating the origi-

nal and the enhanced images. In [9], a multigrid solver is proposed to solve the

anisotropic diffusion equation and to estimate the diffusion parameters. However,
the parameter localization through these methods is based on a estimation, not

on the evaluation of the diffusion equation. The main objective of this work is

the effective utilization of a GPU to reduce the processing time of the medical

image enhancement through the diffusion process and the estimation of the dif-

fusion parameters that ensure a minimal noise in the image, using a rapid search
optimization method.

Section 2 summarizes the nonlinear diffusion method; section 3 describes the

parallelization strategy we have followed; section 4 presents the experimental

results for five synthetic MRI (Magnetic Resonance Imaging) images; finally,
some conclusions and comments about future work are outlined.

2 Diffusion filtering

The diffusion process may be considered as a dispersion phenomena in which

concentration of either mass, heat, or any other physical variable of interest
moves from an area of high concentration to an area of low concentration, until

the equilibrium is reached. The diffusion equation is

Ou

=V (aVu), (1)

where V. is the divergence operator and a is a diffusion parameter which defines

the diffusion intensity. If a is constant in the medium, a linear diffusion is pro-
duced. If a is a function of some parameter of the medium, a nonlinear diffusion
is produced.

The result of the diffusion when applied to images is a family u(x, y, t) at
different scales t, where

u(x, y,t+1) = G(x,y) * u(x, y, t), (2)

here G(x, y) is a Gaussian filter with variance o [11].
In image processing, the diffusion is the process through which clusters of

high-energy pixels within an image are dispersed, which results in the softening
of the image. Since the process evolves in time, at t = 0, the original image
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Algorithm 1 Pseudocode for the anisotropic process
u = noisy image
for t = 1 to T do

Diff =0

compute J

compute A1, set A2
compute Ө

compute V1, V2
compute D

for i = 1 to M do

for j = 1 to N do

compute Ai,j

compute Difft,j =Diffij +Aij
end for

end for

u=u+т Diff
end for

The sequential iterative process to obtain the enhanced image u from the
noisy image, is shown in the Algorithm 1. The image in the scale t is computed
from the data of the previous scale t – 1 and then overwritten over the same
memory space, therefore only the images in t and t – 1 have to been stored in
the entire process. The images are updated in each scale.

3 Parallel implementation of the nonlinear diffusion
algorithm

The execution time of the anisotropic diffusion algorithm can be reduced by
through a parallel implementation on the GPU and the efficient handling of the

different types of memories. Parallelization of the complete diffusion process al-
gorithm is performed at the pixel level, exploiting the fine grain level parallelism
allowed by the GPU architecture. The CUDA programming model has been used
instead of other models to obtain the best performance in GPU applications [17].
A graphics processor consists of a set of multiprocessors, where each of these

has several cores that compute the same operation on different data, according
to the SPMD (Single Program, Multiple Data) model [18, 19]. The work is dis-
tributed equally between the multiprocessors, in order to avoid overload or lack
of work on some multiprocessors.

The management of different types of GPU memories enables the possibility
to improve the algorithm performance. The global memory may be addressed

by all the active threads of the GPU, with the disadvantage that when many
threads need to access memory at the same time, some latency may arise that
limits the performance of the GPU. The texture, constant and shared memories
are on-chip memories, consequently, the access time for these memories is lower
than the global memory.
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Fig. 2. Functional subdivision of the memory of a GPU device.

To transfer data from the CPU to the GPU on-chip memories, is necessary to

transfer the data first to the GPU global memory and next to the corresponding
memory locations. Texture memory is used to accelerate data reading from global

memory, taking advantage of the two-dimensional image structure. Once written,

the contents of these memories may only be transferred to the corresponding

memory location of the actual processing unit, it is not possible for the processing

unit to update them directly from the multi-thread cores. Only the host may

instruct the GPU to transfer the contents of the global memory to the texture

memory of the GPU. The GPU architecture and the distribution of the GPU

memories into global, texture, constant and shared memories is shown in Fig. 2.

Synchronization points are added in the algorithm to prevent errors at the

thread level. According to the explicit scheme, the image uu¹ is obtained directly

from u and overwrites the image data on the global memory. In this process,

image data are always kept inside the GPU and texture memory is used to store

the images at time ut1. The gradient Vu, the eigenvectors v1 and v2, the
diffusion parameters A1, A2 and the tensors J, D are calculated at the pixel level

using the local memory of each thread.

The texture memory is read-only, consequently, the result of the nonlinear

diffusion for each pixel, uu+1 overwrites the value u in the global memory. To
begin a new iteration, the CPU instructs to the GPU to update the texture

memory with the image data of the global memory.

Each function that is executed in parallel by the graphics processor is called

kernel. The main program is executed in the CPU, and calls two kernel functions.
Both kernels are two-dimensional, of size [N/blocks, N/blocks], where blocks is
the number of threads that can be executed by a block. Each thread computes
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Algorithm 2 Pseudocode for the parallel anisotropic process
CPU memory allocation

GPU memory allocation

u = noisy image
MxN = image size

copy u from CPU to GPU
for t = 1 to T do

kernel1 <<< (N/blocks, N/blocks), (blocks, blocks) >>> (u,D)
update D in texture memory

kernel2 <<< (N/blocks, N/blocks), (blocks, blocks) >>> (u, D)
update u in texture memory
copy u from GPU to CPU

free CPU memory

free GPU memory
end for

{
_global kernel1 (u, D)

x = blockIdx.x * blockDim.x +threadIdx.x

y = blockIdx.y* blockDim.y + threadIdx.y
id = y* M +x

compute J

compute A1, set A2

compute Ө

compute V1, V1

compute D[id

}
_global. kernel2 (u, D)
{
x = blockIdx.x * blockDim.x + threadIdx.x

y = blockIdx.y * blockDim.y + threadIdx.y
id = y* M+x

compute Diff
compute new u[id]

}

its identifier id, from their position in the kernel. The first kernel computes J,
A1, A2, 0, V1 and v2.

Each of these terms are stored in the local memory of the GPU. The diffusion

tensor D is calculated and stored in the global memory of the GPU, that is
linked to the texture memory. The CPU must indicate to the GPU to update

the diffusion tensors in texture memory from the global memory. The second
kernel function calculates the amount of diffusion Diff by reading the diffusion
tensors and the image in the previous iteration from the texture memory. The
new image is stored in global memory and then updated by the CPU for the

next iteration. The parallel implementation of the anisotropic diffusion process
is summarized in the Algorithm 2.
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4 Experimental Results

The parallel algorithm for the nonlinear anisotropic diffusion was tested in a
GPU with 336 cores (NVIDIA GeForce 460). All the calculations were made with

single precision floating point arithmetic. Two implementations of the nonlinear

anisotropic diffusion have been compared, through the computation of Eq. (10).
The first implementation makes use of the global memory of the GPU, and the

second uses the texture memory. In both cases, the execution time was measured

using the GPU timer. The time measured includes the execution of the CPU and

the GPU functions for the diffusion computation until the diffusion stopping
time T is reached, it also includes the time spent in data transfers between
both architectures, the texture memory allocation and memory updates. The

experiment was conducted over 181 synthetic MRI images of 181 × 217 pixels
with 8 bits per pixel [20]. Noise added into the process of image capture is

modelled by a Gaussian distribution with zero mean and variance σ = 0.002.

The diffusivity function g used in the experiment is [12]

1
g(Vu) =

1+ (1)
(13)

where K is a contrast parameter which controls the amount of diffusion the
function exerts.

Table 1. Average execution time in msec for the nonlinear anisotropic diffusion algo-
rithm.

t 1 2 3 4 5

TCPU 29.20 42.20 55.80 64.90 77.70

Tglobal
Tiez

0.84 0.95 1.15 1.38 1.59

0.36 0.53 0.71 0.89 1.07

Tglobal/Tiez 2.35 1.77 1.63 1.56 1.49

TCPU/Tiex 20.33 19.79 19.73 18.33 18.24

The average execution time of the algorithm implemented in the CPU and

in the GPU is shown in Table 1. The term TсPU identifies the execution time

in a CPU, Tglobal denotes the global memory approach in the GPU, and Ttez
identifies the case of texture memory in the GPU. A total of t = 5 Gaussian

scales were used. If more scales are used the error grows rapidly and the image
becomes indistinguishable. A gain of up to 20 times in the algorithm execution
time was achieved using the GPU architecture with the memory optimization,
compared against the CPU implementation. In the GPU, the implementation

with the memory optimization is 1.6 times faster than the implementation using
global memory. A more detailed comparison between the CPU and the GPU is

presented in [10], they use as metrics: execution time, occupancy and FLOPS.
The evolution of the nonlinear anisotropic diffusion process on an image

for different scales is shown in Fig. 3, using the edge enhancing approach. It
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Fig. 3. Nonlinear anisotropic diffusion process evolution. (a) Noiseless image, (b) Noisy
image. Diffusion (c) t = 2, (d) t = 5, (e) t = 10, (f) t = 20

is possible to see the smoothing effect of the diffusion filter and the gradual
decreasing of noise in the images. If T >> 0, an undesirable effect is generated
in the image edges, because of the extreme diffusion that is applied to those
areas. The diffusion parameters are т = 0.25 and K = 20.

The quality of the enhanced image is measured by the mean squared error

(MSE), which is given by

ΣΣ( - υ;)2,

M-1 N-1
1

MSE=
MxN

i=0 j=0

(14)

where M × N is the image size, u and u are the original and enhanced images.
The MSE error behavior of the anisotropic diffusion for values of the contrast

parameter K, from K = 0 to 100 was calculated for the image of Fig. 3. The low-
est MSE obtained is achieved with K = 43 and t = 4, which is MSE = 27.33.

The error is reduced in the edges, improving the visualization of the image. The
skull area keeps details through the diffusion scales, but the area inside the brain

is smoothed after several diffusion scales. The test image is shown in Fig. 3b. We
have found experimentally that the MSE error always has only one minimum.
The error measurement is performed to optimize the diffusion parameters that

produce the lowest error. The MSE calculation is performed by reading the pixel

values from the texture memory and saving partial summations on GPU shared

memory, combined with a reduction algorithm [19, 21]. The operation u - tt
is computed in parallel by the GPU and the summations of the difference are



140 F. Villalbazo, J. Tapia, J. Rolón

eo e1 e2 ез ...€127 €128 €129 e130 e131 e255

eo e1 e2 e3... €127

Fig. 4. First step of the reduction algorithm

stored in the shared memory of the corresponding multiprocessor. When all the

summations are stored, these are used to compute the total error, which finally

is transferred to the CPU. The summation is performed in parallel through the
reduction algorithm, which allows to calculate the sum of the error with a re-

duced number of iterations. The error array is split in 2, and the elements i and

i + N/2 are summed, where i is the element position, and N is the size array.
When the calculation of a partial sum is completed, the array is split in 2 again
and the summation is performed again. The algorithm continues until there is
just one element, with the value of the sum of all elements. The first step of the
reduction algorithm, with an array of 256 elements is shown in Fig. 4.

4.1 Fast search method to optimize the diffusion parameters

To optimize the diffusion parameters, an exhaustive search of the whole space
should provide the answer. However, this method is computationally intensive.
In order to reduce the computational load generated by the exhaustive search,
a fast search method is implemented, which is a variant of the three-step search

method [22]. The algorithm consists in dividing the search space in 4 regions of
the same size. The parameters that correspond to the locations of the centroids

of each region are evaluated. The region with the lower error is chosen to split in
the next iteration. The algorithm continues until a certain number of iterations

is reached. This method has the advantage of reducing the computational cost
of the search method, when the search space is very large. However, as with any
optimization method that approximates the solution, the parameters not always

match the real minimum with the approximate one.

Table 2. Minimum MSE found by the exhaustive and fast search algorithm.

Image MSEES MSEFS MSEif (K,t)Es (K,t)FS
10 25.9229 25.9364 0.0134 (43,4) (45,5)
40 27.3342 27.3367 0.0025 (43,4) (41,5)
70 28.1007 28.1033 0.0026 (43,4) (41,5)
100 27.0664 27.1540 0.0198 (43,4) (41,5)
130 26.8103 26.9351 0.1247 (41,4) (39,5)
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The fast search method was applied to five MRI images, T1 weighted. The
image modality was chosen due to its high contrast. The minima MSE calculated

using the exhaustive and fast search method are defined by the MSEES and the
MSEFS, respectively. The difference of the MSE between both methods is

MSEdif < 1, which does not represent a significant difference in the resulting
images.

Table 2 shows the diffusion parameters and the error (MSE) that results from
applying the exhaustive and fast search method on a search space 1 ≤K ≤ 100
and 1≤t≤ 30. Furthermore, the diffusion parameters (K, t) localized with both
methods, for comparison.

Average execution time of exhaustive search algorithm TEs and fast search
algorithm TFs is: TES = 113.13 msec. and TFs = 31.19 msec, for 1 ≤ K< 100
and 1≤t ≤ 30 for 181 MRI images. Processing the complete set of 181 images
and calculating the error by using the fast search algorithm, a gain G = 3.62
of the execution time was achieved in the algorithm. For the search interval
proposed in the experiment, using the exhaustive search needs to perform 3000
iterations of the algorithm, whereas with the fast search algorithm with 140
iterations the minimum is reached.

5 Conclusions

It has been demonstrated that the use of the GPU in-chip memories significantly
decreases the processing time of anisotropic diffusion algorithm and error com-
putation, because the algorithm is naturally adapted to the GPU architecture.
Texture memory aim to fast read pixel values and shared memory is useful to

fast error calculation, through the parallel reduction algorithm. In the case of
medical image datasets, this reduction may lead to an improvement in the global
performance of the system. The error computation is performed totally in the
GPU, in a way to minimize the data transference between both architectures

and to improve the performance of the implementation.

A fast search of the parameters that minimize the MSE in the enhancement

process was implemented. The results of the MSE obtained with the fast search

algorithm are very close to those obtained with the exhaustive search algorithm.
The differences are negligible.
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