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Abstract

The anisotropic diffusion algorithm has been intensively studied in the past decades, which could be
considered as a very efficient image denoising procedure in many biomedical applications. Several
authors contributed many clever solutions for diffusion parameters fitting in specific imaging modalities.
Furthermore, besides improvements regarding the image denoising quality, one important variable that
must be carefully set is the conductance, which regulates the structural edges preservation among the
objects presented in the image. The conductance value is strongly dependent on image noise level and
an appropriate parameter setting is, usually, difficult to find for different images databases and modalities.
Fortunately, thanks to many efforts from the scientific community, a few automatic methods have been
proposed in order to set the conductance value automatically. Here, it is presented an ITK class which
offers a simple collection of the most common automatic conductance setting approaches in order to
assist researchers in image denoising procedures using anisotropic-based filtering methods (such as well
described in the itk::AnisotropicDiffusionFunction class).
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1 Introduction

The anisotropic diffusion algorithm, firstly proposed by Perona and Malik [7], has been intensively studied
in the past decades, which could be considered as a very efficient image denoising procedure in many
biomedical applications [5, 8, 1, 12]. Following the initial proposal, several authors contributed many clever
solutions for diffusion parameters fitting in specific imaging modalities, being magnetic resoncane imaging
(MRI) one common imaging technique that has been greatly enhanced by this image filtering method [3, 6,
11, 1, 4]. The ITK library already offer a wide family of anisotropic diffusion based image filtering methods,
being well presented in the itk::AnisotropicDiffusionFunction class.

Furthermore, besides improvements regarding the image denoising quality, other issues were also investi-
gated such as the automatic diffusion variables adjustments approaches. One important variable that must
be carefully set is the conductance (usually denoted as k), which regulates the structural edges preser-
vation among the objects presented in the image [7]. As discussed in the original paper [7] and other
studies [10, 1, 12], the k value is strongly dependent on image noise level and an appropriate parameter
setting is, usually, difficult to find for different images databases and modalities. In general, a manual pa-
rameter setting is adopted, as presented in the itk::GradientAnisotropicDiffusionImageFilter and
itk::VectorGradientAnisotropicDiffusionImageFilter documentation, which creates practical dif-
ficulties for optimum results using anisotropic diffusion based algorithms.

Fortunately, thanks to many efforts from the scientific community, a few automatic methods have been
proposed in order to set the k value automatically, using image features such as local variation and mor-
phological indexes [9, 10, 1, 7]. Here, it is presented an ITK class in order to offer a simple application of
the most common automatic conductance setting approaches. Firstly, a brief explanation of the anisotropic
diffusion filtering procedure is presented in section 2 (but many more details could be found in [7, 1, 10].
Secondly, the methods adopted in the AutomaticConductanceImageCalculator ITK class are presented
in section 3 and, finally, a short example is illustrated in section 4 in order to facilitates the usage of this ITK
class.

2 Brief presentation of the anisotropic diffusion based methods

In summary, the diffusion equation could be represented by Equation (1), being a general formulation of
partial differential equations that describes the classical diffusion regime in physical and engineering prob-
lems.
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Where D is the diffusion coefficient that, in the case of anisotropic regime, it can be adopted as a spatial
function, i.e. D(7). The diffusion coefficient is responsible for regulating the diffusion intensity through
the objects borders of the image, where a high value of D(?) means that the diffusion process is strong
(providing blurring) and, otherwise, the local diffusion is restrict (preserving objects edges). An example of
a possible function that modulates the D(7) parameters is given in Equation (2), being commonly applied
in itk::GradientAnisotropicDiffusionImageFilter class. Many other functions could be adopted
in order to modulate the D(?) parameters [9, 7, 1, 10], however, in general, those functions also depend in
K parameter.
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As seen in Equation (2), the D(?) parameters depends of the proper adjustment of K, i.e. the con-
ductance parameters. Usually, the K parameter is manually adjusted, being values between 0.5 to
2.0 commonly adopted as a reasonable range to be used in the majority of situations (as seen in
itk::AnisotropicDiffusionFunction documentation). However, the choice of k value is often not
straightforward, depending of the type of data that is inserted. In general, a manual K adjusting returns
suboptimal results, which creates practical limitations in the final image filtering quality. For this reason,
several studies were developed in the previous years in order to implement automatic conductance adjusting
methods, being interesting to be added in the ITK library.

The code presented here is intended to offer a few of these automatic conductance adjusting methods, where
it could be applied in the majority of the itk::AnisotropicDiffusionFunction classes (scalar and
vector). The goal here is offer a simple tool to assist researcher for reducing the manual interaction in image
denoising procedures.

3 Automatic approaches for conductance parameter adjustment

In general, the methods adopted here are based on image features extract at the initial time step, i.e. I( 7, 0),
which represents the highest noise level image in the image filtering iterative pipeline. The following meth-
ods are also well discussed in [9, 10]. Figure 1 illustrates some examples using the methods implemented in
this ITK class.

3.1 Canny Noise Estimator

This method was proposed in the original anisotropic diffusion filtering paper, i.e. by Perona and Malik [7].
In this method, the histogram of absolute gradient values is calculated, where the K value is estimated as
the 90% value of the integral of the gradient histogram. This strategy was previously described as a noise
estimator method in [2], being considered as a classical image edge detection approach. A definition of this
process is given in Equation (3)

K= H[|VI(7.,0)].d7 3)

(M.N)

3.2 Median Absolute Deviation

This formulation was proposed by Black et al. [1] which is based on Tukey’s biweight robust estimator
that preserves sharper boundaries than previous formulations and improves the automatic stopping of the
diffusion. In summary, this method has been discussed as an efficient calculation for determining a robust
statistic in order to avoid outliers influence in the conductance parameter estimation. In other words, using
the gradient of input image, it is possible to infer an objective statistical representation that avoids global
“edge outliers” (gradient intensity extrema) in the conductance inference. A simple representation of this
method is given in Equation (4), where MAD stands for Median Absolute Deviation.

K = 1.4826. MAD(VI(7 1)) = 1.4826.median;[|VI( 7 1) — median; (|VI( 7 ,1)|)]] (4)
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a b

Figure 1: Some zoomed images to illustrate the effect of each automatic conductance methods.
a) A zoomed part o the original Lena image. b) A noisy version of the image in a) with
Gaussian noise with ¢ = 0.07. The output of the scalar gradient anisotropic diffusion filter (
itk::GradientAnisotropicDiffusionImageFilter) using 15 iterations and the c) Canny Noise Esti-
mator (section 3.1), d) Median Absolute Variation (section 3.2) and e) Morphological Feature Estimation
(section 3.3) methods. Figure adapted from [9]

Using this strategy, the authors concludes that the MAD method converges to a stable smoothing solution in
a fast and precise way [1].

3.3 Morphological Feature Estimation

The idea of using a morphological approach to estimate the K parameter derives from the fact that mor-
phology can be used for an estimation of noise intensity in the image. For this purpose, Voci et al. [10]
considered the difference openingclosing morphological methods as a conductance quantification function.
Furthermore, the x value should be at least the same as the averaged noise amplitude value [10]. Using
those concepts, the Equation (5) can be defined, where the image / (7), with m lines and n columns, ® as
a isotropic morphological kernel (defined as a 3x3x3, for a 3D image) o and e as the opening and closing
morphological operators, respectively.

(I(7)o®) y (1(7)*®) )
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4 Example

The following example illustrates a simple usage of the AutomaticConductanceImageCalculator class.
Initially, we start declaring the basic classes that will be used for data reading and processing

#include "itkImage.h"
#include "itkImageFileReader.h"
#include "itkAutomaticConductancelImageCalculator.h"

After that, the main () function could be initiated

int main(int argc, char* argvl[])

{

if ( argc < 3 )
{
std::cerr << "Missing parameters. " << std::endl;
std::cerr << "Usage: " << std::endl;
std::cerr << argv[0]
<< " inputImageFileName optimizationFunction (1,2,3)"
<< std::endl;
return -1;
}

const unsigned int Dimension = 3;

typedef float PixelType;
typedef itk::Image<PixelType, Dimension> InputImageType;
typedef itk::Image<PixelType, Dimension> OutputImageType;

typedef itk::ImageFileReader<InputlImageType> ReaderType;
ReaderType: :Pointer reader = ReaderType: :New();

reader->SetFileName (argv[1l]);
reader->Update () ;

In this example, the insertion of three parameters is needed in order to run the code, where the first parameter
is regarding the input image, the second one is the automatic approach listed in section 3 and, finally, the
last parameter is just a number selection for a simple switch-case C++ code!.

After the usual data reading process, it could be inserted the automatic conductance estimation class decla-

ration, as follow

typedef itk::AutomaticConductanceImageCalculator<InputlImageType> CalculatorType;
CalculatorType::Pointer calculator = CalculatorType::New();
calculator->SetImage (reader->GetOutput ());
int optFunction = atoi(argv[2]);
switch (optFunction) {
case 1:
calculator->SetOptimizationMethod(CalculatorType: :CANNY);

Ithis last parameters is not linked with the Automat icConductanceImageCalculator internal process and it is only used for

this example
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break;

case 2:
calculator->SetOptimizationMethod(CalculatorType: :MAD);
break;

case 3:
calculator->SetOptimizationMethod(CalculatorType: :MORPHOLOGICAL) ;
break;

default:

break;

}

Hence, after the input parameters being added in the calculator object (by SetImage() and
SetOptimizationMethod () functions), the automatic conductance algorithm can be called by the follow-
ing statement

std::cout<<"Kappa: "<<calculator->GetKappa () <<std::endl;
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