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1. Functional Magnetic Resonance Imaging (fMRI)

Magnetic Resonance Images (MRI) are images taken of the human body while a particular task is being performed by a subject. Parts of the body such as the brain, heart, lungs and kidneys can be the body part under investigation when taking the MRI image (for this project the brain will be the body part under investigation).

fMRI images, however are a series of MRIs taken over time, and are used experimentally to try to determine which regions of the brain were active/inactive when the subject carries out a task, which is the main purpose that a researcher or neuroscientist finds fMRI images of use.

fMRI images are compared with each other on a voxel by voxel basis, with the voxel being the basic unit in an fMRI image. A voxel is defined as the volume element in an fMRI image and it usually takes on only one value. 

The important aspect about fMRI images is that when analysing them it is important that each voxel represents only one tissue type (as stated before) and that each voxel also represents the same part of the brain as all other fMRI images.

The problem that can occur in analysing fMRI images is that the voxel's value can be of more than one tissue type as a result of movement by the subject in the experiment.

This action causes a problem known as partial volume effects. 

Due to events such as image capture and motion it may contain two or more values. This is considered problematic as the tissue type of the voxel doesn't represent a clear tissue type and the analysis of the fMRI images may be done on corrupted data, which can lead to false conclusions.  Therefore ensuring that the data to be analysed was error free would represent an improvement of the technology.  

One such solution to motion is a method known as Motion Compensation which is used to correct images so that each voxel represents one tissue type, leading to images that can be compared on a voxel by voxel basis. However Motion Compensation is also known to produce anomalous values into the data, that is, values that stand out or are different from its so-called neighbors, hence one aim of this project is to investigate filtering of the data to ensure that anomalous values are dealt with.

In relation to the data there are a few different formats that it can take.

The data can be two dimensional (2D) slices that make up three dimensional (3D) images and sequences of 3D images.

It can be viewed as four-dimensional (4D) where there are three spatial dimensions and one time dimension and the 3D images elements can also be voxels of vectors.

The project will assure that different data formats can be processed. 

2. Statistical Parametric Modelling (SPM)

SPM has been developed by members and collaborators of the Wellcome department of cognitive neurology [3].

It refers to the construction and assessment of spatially extended statistical processes used to test hypotheses about [neuro] imaging data from SPECT/PET and fMRI. 

All ideas have been instantiated into software called SPM.

The general idea of SPM is outlined below: - 

- Images are spatially normalised into a standard space, and smoothed.

- Parametric statistical models are assumed at each voxel, using the General

Linear Model to describe the variability in the data in terms of experimental and confounding effects, and residual variability. 

Hypotheses expressed in terms of the model parameters are assessed at each voxel with

univariate statistics. 

This gives an image whose voxel values are statistics, a Statistic Image, or Statistical Parametric Map Temporal Convolution of the General Linear model for fMRI enables the application of results from serially correlated regression, permitting the construction of statistic images from fMRI time series.

The multiple comparisons problem of simultaneously assessing all the voxel statistics is addressed using the theory of continuous random fields, assuming the statistic image to be a good lattice representation of an underlying continuous stationary random field [3].

Results from Euler characteristic lead to corrected p-values for each voxel hypotheses. 

In addition, the theory permits the computation of corrected p-values for clusters of voxels exceeding a given threshold, and for entire sets of supra-threshold clusters, leading to more powerful statistical tests at the expense of some localising power.

One advantage of SPM is that statistical parametric maps refer to image processes of a statistical parameter. This statistic (usually the T or F statistic) is carefully chosen to relate directly to the effect one is interested in.

However, since the advent of fMRI which brought with it a new wave of innovation

and enthusiasm which carried imaging science, there were 2 problems faced by SPM.

The first problem was how to model evoked hemodynamic responses in fMRI time series.

This was easily solved though, by the virtue of the fact that SPM could embrace any

general linear model, including linear approximations to the way hemodynamic responses were caused.     

The second problem that SPM had to contend with was the fact that successive scans

in a fMRI time series were not independent.

The SPM community tried a series of heuristic solutions until it arrived at the formulas presented in Worsley & Friston (1995) [3].

These provided a completely general framework that retained its exact connection

with the earlier techniques but embodied among error terms.

The fMRI community however, largely ignored one issue and it is still only now being addressed.

This issue is correcting the p values for the multiplicity of tests that are performed.

While people using SPM quite happily adjusted their p values using Gaussian field theory, others seemed to discount the problem as non-important.

People were hostile to the capricious reporting of potentially specious results and there

was a clear message from the broader scientific community that the issue of false-positive had to be resolved.         

This was the primary motivation for developing the machinery to adjust p values to protect against family wise false-positives over the entire brain (i.e. Gaussian Field Theory).

In a sense SPM was a reaction to the very clear mandate set by the larger communities, to

develop a valid and rigourous framework for making inferences about activation studies.

From the point of view of SPM there were three important challenges to be addressed.

1. A refinement of the models of evolved responses. 

2. The borne of the growing corpus of event related fMRI studies. 

3. SPM only had the machinery to do single level (fixed effects) analyses, a device required to implement mixed or random-effects analyses. 

3. FMRIB Software Library (FSL)

The FMRIB Software Library (FSL) is a collection of functional and structural brain image analysis tools, written mainly by members of the Image Analysis Group in FMRIB, Oxford University [2]. 

FSL is a completely self-contained software suite. 

Majority of the tools can be run both from the Unix command line and as Graphical User Interfaces (GUI). 

Below is a description of the major software tools available from FSL with their associated purpose:

BET (Brain Extraction Tool) takes an image of a head and removes all non-brain parts of the image - it is a useful tool to use as a preprocessing step before further analysis. BET uses a surface model approach, to robustly and accurately carry out the segmentation in less than 1 minute. It normally requires no user intervention [2]. 

BET has been tested on thousands of images, giving accurate segmentation in all but a very few cases [2].

FAST (FMRIB's Automated Segmentation Tool) segments a 3D image of the brain into different tissue types (Grey Matter, White Matter, CSF, etc.), whilst also correcting for spatial intensity variations (also known as the bias field)[2]. 

The underlying method is based on a hidden Markov random field model and an associated Expectation-Maximization algorithm [2]. 

The whole process is fully automated and can also produce a bias field-corrected input image and a probabilistic and/or partial volume tissue segmentation [2]. 

It is robust and reliable, compared to most finite mixture model-based methods, which are sensitive to noise. 

SUSAN (Smallest Univalue Segment Assimilating Nucleus) nonlinear noise reduction reduces noise, ideally without blurring the underlying image. It is necessary to choose the spatial scale of the smoothing (just as in linear Gaussian filtering), and also an intensity threshold. 

This intensity threshold is used to distinguish smoothly between whether variation is noise (less than the threshold) or signal (greater than the threshold)[2].

The SUSAN Principle for Feature Detection:

The SUSAN principle is described below. Figure 1, shows a dark rectangle on a white background. A circular mask (having a centre pixel which shall be called the nucleus) is shown at five image positions [2]. 
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Figure 1: Four circular masks at different places on a simple image [2].
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Figure 2: Four circular masks with similarity colouring; USANs are shown as the white parts of the masks.

If the brightness of each pixel within a mask is compared with the brightness of that mask's nucleus then an area of the mask can be defined which has the same (or similar) brightness as the nucleus [2].

This area of the mask shall be known as the USAN, an acronym meaning Univalue Segment Assimilating Nucleus. 

In Figure 2 each of the masks from Figure 1 is depicted with its USAN shown in white. 

This concept of each image point having associated with it a local area of similar brightness is the basis for the SUSAN principle [2]. 

The local area or USAN contains much information about the structure of the image. 

It is effectively region finding on a smaller scale. 

From the size, centroid and second moments of the USAN two dimensional features and edges can be detected [2]. This approach to feature detection has many differences to the other well known methods, the most obvious being that no image derivatives are used and that no noise reduction is needed. 

The area of an USAN conveys the most important information about the structure of the image in the region around any point in question [2]. As can be seen from Figures 1 and 2, the USAN area is at a maximum when the nucleus lies in a flat region of the image surface, it falls to half of this maximum very near a straight edge, and falls even further when inside a corner. It is this property of the USAN's area, which is used as the main determinant of the presence of edges and two-dimensional features. Consider now Figure 3, where a small part of a test image has been 
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Figure 3: A three-dimensional plot of USAN area given a small part of a test image, showing edge and corner enhancement.

processed to give USAN area as output. Each point in the input image is used as the nucleus of a small circular mask, and the associated USAN is found. The area of the USAN is used in the three dimensional plot shown [2]. The USAN area falls as an edge is approached (reaching a minimum at the exact position of the edge), and near corners it falls further, giving local minima in USAN area at the exact positions of image corners. Figure 4 shows a small 
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Figure 4: A three-dimensional plot of USAN area given a small part of a real noisy image, showing edge and corner enhancement.

part of a real noisy image, and the resulting output from USAN area processing. (The variation in brightness within the flat regions is of the order of 15 out of 256 greyscale levels.) Once again there is edge and corner enhancement, with the noise having no visible effect on the final result [2]. 

Consideration of the above arguments and observation of the examples and results shown in Figures 1, 2, 3 and 4 lead directly to formulation of the SUSAN principle [2]: 

An image processed to give as output inverted USAN area has edges and 

two-dimensional features strongly enhanced, with the two-dimensional features more strongly enhanced than edges [2]. 

This gives rise to the acronym SUSAN (Smallest Univalue Segment Assimilating Nucleus). Mathematical analyses of the principle are given after the algorithms have been described in detail [2]. 

The fact that SUSAN’s edge and corner enhancement uses no image derivatives explains why the performance of the algorithm in the presence of noise is good. The effect of the principle, together with its non-linear response, give strong noise rejection. 

This can be understood simply if an input signal with identically independently distributed Gaussian noise is considered. As long as the noise is small enough for the USAN function to contain each similar value, the noise is ignored [2]. 

The integration of individual values in the calculation of areas further reduces the effect of noise. Another strength of the SUSAN edge detector is that the use of controlling parameters is much simpler and less arbitrary (and therefore easier to automate) than with most other edge detection algorithms [2]. 

The SUSAN noise reduction algorithm is related to the SUSAN principle in that the USAN is used to choose the best local smoothing neighborhood [2].

FLIRT is a very robust and accurate automated linear registration tool.

It can be used for inter- and intra-modal registration [2].

MCFLIRT is an intra-modal motion correction tool designed for use on fMRI time series and based on optimization and registration techniques used in FLIRT, a fully automated robust and accurate tool for linear (affine) inter- and inter-modal brain image registration [2].

The importance of FSL is that its software tools, more specifically SUSAN and FAST will be used to test my results against them.

The performance of my filtering technique on fMRI images will be compared against SUSAN’s filtering performance on fMRI images and from the binarization point of view my techniques will be tested against that of FAST.

4. Self-adaptive algorithm of impulsive noise reduction

The method below is one of the best filtering techniques for noise reduction. From this projects point of view one of the software tools I will have will be applied to the fMRI image to make sure that impulsive noise is reduced as much as possible.

Self-adaptive algorithms of impulsive noise reduction in color images was developed by Smolka, Plataniotis, Chydzinski, Szczepanski, Venetsanopolous and Wojciechowski[5].

The algorithm gives a new direction to the problems of impulsive noise reduction in color images. 

The basic new concept involved in the algorithm is the maximization of the similarities between pixels in a redefined window [5].

The improvement presented in this technique is dependant in the adaptive establishing of parameters of the similarity function and causes that the new filter adapts itself to the fraction of corrupted pixels [5].

This new technique has advantages over existing techniques in that it preserves edges, corners and fine image details, it is relatively fast and easy to implement.

The performance of this algorithm shows that it outperforms most of the basic methods for the reduction of impulsive noise in color images.

An explanation of the algorithm is as follows:

Define the gray scale image to be represented by a matrix of a given size.

The following assumptions are made for the similarity function.

1) It is non-ascending between 0 to infinity

2) It is convex between 0 to infinity

3) When it is passed a parameter value of 0 it equals 1

 
When it is passed a parameter value of infinity it equals 0

As the parameter of the identity will be a distance between pixels in grey scale space, Rule 1 is easily followed.

If the similarity function must be non-ascending it implies that similarity between 2 pixels is small if the distance between them in a given space is large.

Rule 3 is a natural normalization of the similarity function.

So by this, the similarity between 2 pixels with identical gray scale value is 1 and the similarity between pixels with larger distances is 0.

The purpose of Rule 2 is as follows:

In the development of the filter the central pixel in the window is replaced by the pixel, which maximizes the sum of similarities between all its neighbors. The basic assumption made is that a new pixel must be chosen from the window.

Hence for this reason the similarity function must be convex.

Filtering is carried out as described below:

The central pixel in the mask is replaced by the pixel from neighborhood of the central pixel, for which the total similarity function reached its maximum. It can be applied in a straightforward way to color images. By defining the similarity function with appropriate vector norms the method is carried out the same way as before, namely the similarity function is maximized for the vector case.

5. Tischer’s Vector Median Filtering Method

In this method a 3 by 3 window is applied to a 2D image (Note: For the purpose of processing fMRI the structure of the data can be a set of 2D images grouped into a 3D image).

Then for each voxel, compute the total distance to every other voxel.

After this is performed, sort the voxels in order from smallest total distance to largest total distance.

The value that is smallest is the most typical value.

If we replace the center value by this value the Vector Median Filter (VMF) is attained.

What we can also do is replace the center pixel value if it is the most ‘outlying’ value in the mask. If we replace the center pixel by the value in the mask, which is most similar to it, we get the Tischer Least Change VMF.

This filter will remove image features, which consist of a single pixel but preserve pixel features which have at least 2 pixels.

The approach can also be generalized to preserve regions with a given minimum number of voxels.

This method has flexibility in the sense that depending on the value that is picked from the sorted total distance list.

If the pixel under investigation is replaced with the most inlying value, the Vector Median filter has been chosen whereas if the smallest possible change wants to be made, the most similar value in the window is chosen.

This method can also be used to preserve features with x number of voxels, where x is a finite integer.

Depending on the number of voxels used this technique extends the window to find the neighbours of the voxels under investigation and it will form the basis of my own filtering technique for fMRI images.

6. k-means Clustering

The binarization aspect of this project will be based on the k-means algorithm.

The k-means algorithm will be used to help segment fMRI brain images and group clusters so they can be clearly classified as to point out which regions of the brain were active/inactive.

Many people use a k-means algorithm to obtain an initial clustering and then apply another algorithm that can merge or divide clusters. Others make many runs with different orders of the feature vectors (and multiple values of K for each) to arrive at the best clustering according to a clustering validity measure [6].

If there are K = 2 classes in a dataset of feature vectors, then the k-means algorithms perform well. At K = 3, they may perform well, but as K increases beyond 3 they become more likely to yield clustering’s that are not the best for the value of K [6].

For fMRI data in this project a value of 2 for K will be enough for binarization but a value of 3 for K will may be necessary.

Below is a description of a flavour of the k-means algorithm, namely Forgy’s k-means clustering algorithm.

Let {x(q): q = 1,...,Q} be a sample of feature vectors of dimension N, where 

                                                    x(q) = (x1(q),...,xN(q)) . . . . . . . . . . . . . . . . . . . . . . (2.1) 

We assume that the feature vectors are in random order (if not, then we randomize their order). For this algorithm we must provide the number K of clusters that we want, K < Q.

A High Level Description. First, we read in the Q feature vectors and input K. Then we initially assign K prototypes {z(k): k = 1,...,K} equal to the first K feature vectors in the sample, i.e., z(k) = x(k) for k = 1,...,K. Next, we assign every feature vector x(q) (q = 1,...,Q) to the cluster k* whose prototype z(k*) is closest to x(q). Then for each kth cluster we average all of its feature vectors to obtain a new prototype z(k) (k = 1,...,K).

We now iterate the two-part process of: 

i) assigning each of the Q feature vectors to the cluster whose prototype is closest; 

ii) and ii) averaging each of the K resulting clusters to obtain a new prototype. After a number of iterations the clusters become fixed, which means that the prototypes do not change further[6].

The Mechanics of the Algorithm. To assign a feature vector x(q) to a cluster with prototype z(k), we must compute for each k (k = 1,..,K) the distances

                                                     Dqk = |x(q) - z(k)| . . . . . . . . . . . . . . . . . . . . . . . . . (2.2)

and find the k* for which the distance is minimum. We then designate that x(q) is assigned to cluster k* by putting

                                                       clust[q] = k* . . . . . . . . . . . . . . . . . . . . . . . . . . . . (2.3)

Initially we put the count of feature vectors in cluster k, denoted by count[k], to zero. Whenever a feature vector x(q) is assigned to cluster k we also increment the count for cluster k by

                                                        count[k] = count[k] + 1 . . . . . . . . . . . . . . . . . . . (2.4)

The Forgy Algorithm. We assume here that we are given the sample {x(q): q = 1,...,Q} in randomized order and are also given the number K of clusters. In the algorithm listing below we denote the feature vector components xn(q) by x[n][q] and the prototypical vector components zn(k) by z[n][k]. The algorithm pseudo-code follows for K < Q [6].

------------------------the Forgy k-means Algorithm------------------------- 

Step 1: 

read in the feature vector file; 

input K; 

-----------------------------set first prototypes--------------------------------- 

Step 2: 

for k = 1 to K do 

for n = 1 to N do 

z[n][k] = x[n][k]; 

----------assign each of Q feature vectors to one of K clusters---------- 

Step 3: 

for k = 1 to K do count[k] = 0; 

for q = 1 to Q do 

minD = 9999.9; 

for k = 1 to K do 

D = 0.0; 

for n = 1 to N do 

D = D + square(x[n][q] - z[n][k]); 

if D < minD then 

minD = D; 

kmin = k; 

clust[q] = kmin; 

count[kmin] = count[kmin] + 1; 

-----------------------------save K old prototypes------------------------------ 

Step 4: 

for k = 1 to K do 

for n = 1 to N do 

zold[n][k] = z[n][k]; 

----------------------compute K new prototype components-------------------- 

Step 5: 

for k = 1 to K do 

for n = 1 to N do 

ave_sum_n = 0.0; 

for q = 1 to Q do 

if clust[q] = k then ave_sum_n = ave_sum_n + x[n][q]; 

z[n][k] = ave_sum_n/count[k]; 

-------------------check for convergence to fixed clusters----------------- 

Step 6: 

stop_it = 1; 

for k = 1 to K do 

for n = 1 to N do 

if |zold[n][k] - z[n][k]| > 0.0 then 

stop_it = 0; 

break; 

--------------------check criterion to stop or continue--------------------- 

Step 7: 

if stop_it = 1 then stop; 

else goto Step(3) [6];
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