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UNIVERSITY OF ENGINEERING AND TECHNOLOGY, TAXILA
FACULTY OF TELECOMMUNICATION AND INFORMATION ENGINEERING 
COMPUTER ENGINEERING DEPARTMENT


Machine Learning

LAB  MANUAL 6
Implementation of Clustering techniques 

LAB OBJECTIVE:

The objective of this lab is to understand 
1. The basic concept of clustering 
2. To look at various clustering algorithms 

3. To implement  k-mean clustering in MATLAB
4. To implement c-mean clustering in MATLAB

BACKGROUND MATERIAL

What
is
Clustering?
Clustering can be considered the most important unsupervised learning problem; so, as every other problem of this kind, it deals with finding a structure in a collection of unlabeled data.
A loose definition of clustering could be “the process of organizing objects into groups whose members are similar in some way”.
Clustering is the classification of objects into different groups, or more precisely, the partitioning of a data set into subsets (clusters), so that the data in each subset (ideally) share some common trait - often proximity according to some defined distance measure. Data clustering is a common technique for statistical data analysis, which is used in many fields, including machine learning, data mining, pattern recognition, image analysis and bioinformatics. The computational task of classifying the data set into k clusters is often referred to as k-clustering.
A cluster is therefore a collection of objects which are “similar” between them and are “dissimilar” to the objects belonging to other clusters.
We can show this with a simple graphical example:
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In this case we easily identify the 4 clusters into which the data can be divided; the similarity criterion is distance: two or more objects belong to the same cluster if they are “close” according to a given distance (in this case geometrical distance). This is called distance-based clustering.
Another kind of clustering is conceptual clustering: two or more objects belong to the same cluster if this one defines a concept common to all that objects. In other words, objects are grouped according to their fit to descriptive concepts, not according to simple similarity measures.

Possible
Applications
Clustering algorithms can be applied in many fields, for instance:

· Marketing: finding groups of customers with similar behavior given a large database of customer data containing their properties and past buying records;

· Biology: classification of plants and animals given their features;

· Libraries: book ordering;

· Insurance: identifying groups of motor insurance policy holders with a high average claim cost; identifying frauds;

· City-planning: identifying groups of houses according to their house type, value and geographical location;

· Earthquake studies: clustering observed earthquake epicenters to identify dangerous zones;

· WWW: document classification; clustering weblog data to discover groups of similar access patterns.

Clustering Algorithms
Classification
Clustering algorithms may be classified as listed below:

· Exclusive Clustering

· Overlapping Clustering

· Hierarchical Clustering

· Probabilistic Clustering 

In the first case data are grouped in an exclusive way, so that if a certain datum belongs to a definite cluster then it could not be included in another cluster. A simple example of that is shown in the figure below, where the separation of points is achieved by a straight line on a bi-dimensional plane.
On the contrary the second type, the overlapping clustering, uses fuzzy sets to cluster data, so that each point may belong to two or more clusters with different degrees of membership. In this case, data will be associated to an appropriate membership value.
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Instead, a hierarchical clustering algorithm is based on the union between the two nearest clusters. The beginning condition is realized by setting every datum as a cluster. After a few iterations it reaches the final clusters wanted.
Finally, the last kind of clustering use a completely probabilistic approach.
Here are some clustering algorithms mentionedbelow:
· K-means

· Fuzzy C-means

· Hierarchical clustering

· Mixture of Gaussians

Each of these algorithms belongs to one of the clustering types listed above. So that, K-means is an exclusive clustering algorithm, Fuzzy C-means is an overlapping clustering algorithm, Hierarchical clustering is obvious and lastly Mixture of Gaussian is a probabilistic clustering algorithm. We will discuss about each clustering method in the following paragraphs.

Distance
Measure
An important component of a clustering algorithm is the distance measure between data points. If the components of the data instance vectors are all in the same physical units then it is possible that the simple Euclidean distance metric is sufficient to successfully group similar data instances. However, even in this case the Euclidean distance can sometimes be misleading. Figure shown below illustrates this with an example of the width and height measurements of an object. Despite both measurements being taken in the same physical units, an informed decision has to be made as to the relative scaling. As the figure shows, different scaling can lead to different clustering’s.
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Notice however that this is not only a graphic issue: the problem arises from the mathematical formula used to combine the distances between the single components of the data feature vectors into a unique distance measure that can be used for clustering purposes: different formulas leads to different clustering.
IMPLEMENTATION DETAILS WITH RESULTS:

K-MEAN CLUSTERING
The K-means algorithm assigns each point to the cluster whose center (also called centroid) is nearest. The center is the average of all the points in the cluster — that is, its coordinates are the arithmetic mean for each dimension separately over all the points in the cluster...

Example: The data set has three dimensions and the cluster has two points: X = (x1, x2, x3) and Y = (y1, y2, y3). Then the centroid Z becomes Z = (z1, z2, z3), where z1 = (x1 + y1)/2 and z2 = (x2 + y2)/2 and z3 = (x3 + y3)/2. 

The algorithm steps are:

· Choose the number of clusters, k. 

· Randomly generate k clusters and determine the cluster centers, or directly generate k random points as cluster centers. 

· Assign each point to the nearest cluster center. 

· Recompute the new cluster centers. 

· Repeat the two previous steps until some convergence criterion is met (usually that the assignment hasn't changed). 

The main advantages of this algorithm are its simplicity and speed which allows it to run on large datasets. Its disadvantage is that it does not yield the same result with each run, since the resulting clusters depend on the initial random assignments. It minimizes intra-cluster variance, but does not ensure that the result has a global minimum of variance.
Syntax

IDX = kmeans(X,k)

[IDX,C] = kmeans(X,k)

[IDX,C,sumd] = kmeans(X,k)

[IDX,C,sumd,D] = kmeans(X,k)

[...] = kmeans(...,'param1',val1,'param2',val2,...)

Description
IDX = kmeans(X, k) partitions the points in the n-by-p data matrix X into k clusters. This iterative partitioning minimizes the sum, over all clusters, of the within-cluster sums of point-to-cluster-centroid distances. Rows of X correspond to points, columns correspond to variables. kmeans returns an n-by-1 vector IDX containing the cluster indices of each point. By default, kmeans uses squared Euclidean distances. 
[IDX,C] = kmeans(X,k) returns the k cluster centroid locations in the k-by-p matrix C.
 [IDX,C,sumd] = kmeans(X,k) returns the within-cluster sums of point-to-centroid distances in the 1-by-k vector sumd. 
[IDX,C,sumd,D] = kmeans(X,k) returns distances from each point to every centroid in the n-by-k matrix 
D. [...] = kmeans(...,'param1',val1,'param2',val2,...) enables you to specify optional parameter name-value pairs to control the iterative algorithm used by kmeans.

CODE FOR K-MEAN CLUSTERINGS:

function [W,iter,Sw,Sb,Cova]=kmeansf(X,W,er,itmax,tp)

[c,N]=size(W);

[K,N]=size(X);

if nargin < 5,

   tp=[0 0];

elseif length(tp)==1, % tp(2) not specified

   tp=[tp 0];

end

dtype=tp(2);

if nargin < 4, % if itmax not specified

   itmax=c;

end

if nargin < 3, % if error is not specified either

   er=0.01;

end

if c==1,

   iter=1; Sb=zeros(N); D=0;

   if N==1,

      W=X;

      Sw=0;

   elseif N > 1,

      W=mean(X);

      tmp=X-ones(K,1)*W;

      Cova=tmp'*tmp/K;

      Sw=K*Cova;

   end

   return

end % the case of c > 1 will continue

converged=0;   % reset convergence condition to false

Dprevious=0;

iter=0;

while converged==0,

   iter=iter+1;

   % step A. evaluation of distortion using dtype norm

   tmp=dist(X,W,dtype);    % K x C

   [tmp1,ind]=sort(tmp');  % first row of ind gives new cluster assignment 

   % of each data vector, tmp1, ind: 1 X K

   % step B. compute total distortion with present assignment and check for 

   %         convergence.  If converged, we still update weights one more time!

   if dtype==0, % L2 norm

      Dpresent=sum(tmp1.*tmp1);    % distortion before weight is adjusted.

   elseif dtype==1, % L1 norm

      Dpresent=sum(tmp1);

   elseif dtype==2, % L_Inf norm

      Dpresent=max(tmp1);

   end

   if abs(Dpresent-Dprevious)/abs(Dpresent) < er | iter == itmax,

      converged=1;

   end

   % Step C. update weights (code words) with new assignment

   if tp(1)==1, cidx=[1:c]; end

   for i=1:c,                 

      nc(i)=sum([ind(1,:)==i]);

      if nc(i)>1,

         W(i,:)=sum(X(ind(1,:)==i,:))/nc(i);  

      elseif nc(i)==1,

         W(i,:)=X(ind(1,:)==i,:);

      elseif nc(i)==0,

         if tp(1)==0, % if must have n non-empty clusters

            [tmp1,midx]=sort(-tmp1); % sort samples according to negative distance 

            % from their current center. THe most remote ones come first

            W(i,:)=X(midx(i),:); % if an empty cluster reassign it 

            % to the i-th most remote samples

         elseif tp(1)==1, % if empty clusters can be eliminated,

            cidx=setdiff(cidx,i);

         end

      end

   end % i-loop

   if tp(1)==1, % remove clusters that are empty if instructed so

      W=W(cidx,:);

      c=length(cidx);

   end

   Dprevious=Dpresent;

end % while loop

% optional procedure to calculate within cluster scatter matrix Sw and

% between cluster scatter matrix Sb

if K > 1, 

   xmean=mean(X);

else

   xmean=X;

end

Sw=zeros(N,N); Sb=Sw; Cova=zeros(N,N,c);

for i=1:c,                 % update code words

   idx=find(ind(c,:)==i);     % index of samples belong to cluster i

   nj(i)=length(idx);

   tmp=X(idx,:)-ones(length(idx),1)*W(i,:); % (x_k-m_i)^t, nj(i) X N

   if nj(i) > 0,

      Cova(:,:,i)=tmp'*tmp/nj(i); % N X N

   end   

   Sw=Sw+nj(i)*Cova(:,:,i); % Sw is N by N

   Sb=Sb+nj(i)*(W(i,:)-xmean)'*(W(i,:)-xmean); % Sb is N by N

end % i-loop
******************************************************************

TASK 1

Implement k-mean clustering with MATLAB’s builtin functions.

******************************************************************

Fuzzy c-means clustering
In fuzzy clustering, each point has a degree of belonging to clusters, as in fuzzy logic, rather than belonging completely to just one cluster. Thus, points on the edge of a cluster, may be in the cluster to a lesser degree than points in the center of cluster. For each point x we have a coefficient giving the degree of being in the kth cluster uk(x). Usually, the sum of those coefficients is defined to be 1:
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For m equal to 2, this is equivalent to normalising the coefficient linearly to make their sum 1. When m is close to 1, then cluster center closest to the point is given much more weight than the others, and the algorithm is similar to k-means.

The fuzzy c-means algorithm is very similar to the k-means algorithm:

· Choose a number of clusters. 

· Assign randomly to each point coefficients for being in the clusters. 

· Repeat until the algorithm has converged (that is, the coefficients' change between two iterations is no more than ε, the given sensitivity threshold) : 

· Compute the centroid for each cluster, using the formula above. 

· For each point, compute its coefficients of being in the clusters, using the formula above. 

Syntax 
[center,U,obj_fcn] = fcm(data,cluster_n) 

Description
[center, U, obj_fcn] = fcm(data, cluster_n) applies the fuzzy c-means clustering method to a given data set. 
The input arguments of this function are
· data: data set to be clustered; each row is a sample data point
· cluster_n: number of clusters (greater than one)
The output arguments of this function are
· center: matrix of final cluster centers where each row provides the center coordinates
· U: final fuzzy partition matrix (or membership function matrix) 
· obj_fcn: values of the objective function during iterations

Example code for c-mean clustering
data = rand(100, 2);

[center,U,obj_fcn] = fcm(data, 2);

plot(data(:,1), data(:,2),'o');

maxU = max(U);

index1 = find(U(1,:) == maxU);

index2 = find(U(2, :) == maxU);

line(data(index1,1), data(index1, 2), 'linestyle', 'none', 

'marker', '*', 

'color', 'g');

line(data(index2,1), data(index2, 2), 'linestyle', 'none', 

'marker', '*', 

'color', 'r');
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******************************************************************

TASK 2

Implement c-mean clustering without using MATLAB’s builtin functions 
******************************************************************

SKILLS DEVELOPED:

· Overview of various clustering techniques.

· Implementation of k-mean clustering.

· Implementation of c-mean clustering.

HARDWARE & SOFTWARE REQUIREMENTS:
           Hardware

· Personal Computers.

           Software

· MATLAB.

For any Query please E-mail me at alijaved@uettaxila.edu.pk Thanks
Machine Learning                 8th Term-SE/CP 
    UET Taxila

