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Abstract

This document describes an implementation of an altemailateral filtering algorithm in ITK.

This class implements the fast bilateral filter algorithmTiK by taking the input image and orga-
nizing it into the required data structure as an ITK Imagéwitmension one greater than the original
image. Theitk::DiscreteGaussi anl nageFi | ter is then used to blur the higher dimensional im-
age. The discrete Gaussian image filter was chosen becaugertiel width used should usually be
small due to the down-sampling involved when using this mégple [L]. As described in the ITK doc-
umentation, this class should outperform the recursives@an algorithm due to the small kernel size
itk::DiscreteGaussianl mageFilter. After the Gaussian blur has been completed the data will be
interpolated and written to the output image.

By incorporating this class into the ITK framework, this ra@&fficient algorithm will be made avail-
able to all ITK users.
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1 Introduction

Currently a bilateral filter classi¢ k: : Bi | at eral | mageFi | t er ) exists within ITK. This class implements
the bilateral filtering algorithm proposed by Tomasi and Miachi [2]. The bilateral filter smooths an image
while not blurring its edges. However, it is computatiopatkpensive and requires many multiplication
and add operations per pixel. Paris and Durand proposed agpsoximation for the bilateral filter and
have shown that their implementation is more accurate thizer @accelerationsl], but it has not yet been
implemented in ITK. This class implements the algorithm.

2 Comparison to the BilaterallmageFilter

The FastBilaterallmageFilter class was designed to be ampatble with the existing
itk::Bilateral lmageFilter class as possible. Methods in the FastBilaterallmageFdi@ss have
methods with the same name as those inith&: : Bi | at eral | nageFi | t er . The units of the parameters
that these methods takes are also the same to facilitatesgrceaversion from one filter to the other if so
desired.

Some methods of theétk:: Bilateral | mageFi | ter could not be implemented using this algorithm, or
did not make sense to implement.

e Get/Set FilterDimensionality - The dimensionality of thikefi can not be set with the expectation
of similar results to the bilateral filter because all dataha input still goes through the down-
sample/interpolate process.

e Get/Set NumberOfRangeGaussianSamples - This variabld issed in the FastBilateralFilter algo-
rithm.

e Get/Set AutomaticKernelSize - Unnecessary in the FagiBaiFilter algorithm. Due to the down-
sampling a small kernel with a uniform size can be used every.t

e Get/Set Radius - Used in thietk: : Bi | at eral | nageFi | t er when AutomaticaKernelSize is set to
false. Unnecessary because there is no AutomaticKermeelSiz

3 Usage

Use of the FastBilaterallmageFilter is like most other imadlters, and identical to the
itk::Bilateral | mageFi|ter with the exception of the methods not implemented.

The FastBilaterallmageFilter has two instance variabites tan be set, DomainSigma and RangeSigma.
The domain sigma specifies the standard deviation of theekaised to blur the pixels based on their
distance from one another. The domain sigma may be diffénesmich dimension and is measured in the
units of spacing of the image. The range sigma specifiesdineatd deviation of the kernel for the intensity.
A larger domain sigma will result in a larger neighborhoogbiskls being averaged and a larger range sigma
will result in a greater number of intensities being avedapgether.
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4 Limitations

While the fast algorithm is typically faster than the classialgorithm, there are situations where the classi-
cal algorithm may perform better. When the sigma values etreesy small, especially when less than one,
the fast algorithm may take longer to run. This is due to thoe tlaat with small sigma values less down-
sampling can be done to the data. Using too small of sigmasallso causes more bins to be generated and
more memory to be used. On a large data-set this may resultt inefing able to allocate enough memory
for the filter to run.

The fast algorithm may also run longer than the classicaréign on images in more than two dimensions.
This is due to the interpolation step of the algorithm beedusear interpolation in too many dimensions
becomes much more expensive computationally.

5 Example

typedef itk::FastBilaterallnageFilter< InputlnageType, CQutputlnmageType > FilterType;
typenane FilterType::Pointer filter = I mageType:: New();

filter->Set Domai nSi gma(10.0);

filter->Set RangeSi gnma (10.0);

filter->Setlnput(image);

filter->Update();

The bilateral filter and fast bilateral filter were run on theage in figure 1 both with a domain sigma of 10
and a range sigma of 10. The classical algorithm ran in 5468rgls and produced the result in figure 2
while the fast algorithm ran in 0.65 seconds and producedebdt in figure 3. The difference of the two
results is shown in figure 4.
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Figure 1: The input image for both filters.

Figure 2: The bilateral filter result.
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Figure 3: The fast bilateral filter result.

Figure 4: The difference of the two results.
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