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Algorithm 1: The k-means clustering algorithm

Input:

D = {dl, d2,......,dn} //set of n data items.k// Number of desired clusters
Output:

A set of k clusters.
Steps:

1. Arbitrarily choose k data-items from D as initialcentroids;
2. Repeat
Assign each item di to the cluster whichhas the closest centroid,
Calculate new mean for each cluster;
Until convergence criteria is met.
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Algorithm 2: Finding the initial centroids

Input:

D = {dl, d2,......,dn} // set of n data itemsk // Number of desired clusters
Output:

Aset of K initial centroids .

Steps:

1.Setm=1;

2. Compute the distance between each data point and allother data- points in the set D;

3. Find the closest pair of data points from the set D andform a data-point set

Am (1<=m <= k) which containsthese two data- points, Delete these two data points from

the set D;

4. Find the data point in D that is closest to the datapoint setAm, Add it to Am and deleteit from D;

5. Repeat step 4 until the number of data points in Amreaches 0.75*(n/k);

6. If m<k, then m = m+1, find another pair of datapointsfrom D between which the distance is the shortest, formanother data-point set Am
and delete them from D, Go tostep 4;

7. For each data-point set Am (1<=m<=k) find thearithmetic mean of the vectors of datapoints in Am,these means will be the initial
centroids.

Algorithm 3: Assigning data-points to clusters

Input:

D = {dl, d2,......,dn} // set of n data-points.

C={cl,c2,....... ,ck} // set of k centroids

Output:

A set of k clusters

Steps:

1. Compute the distance of each data-point di (1<=i<=n) toall the centroids cj (1<=j<=k) as d(di, cj);
. For each data-point di, find the closest centroid cj andassign di to cluster j.
. Set ClusterId[i]=j; // j:1d of the closest cluster

. Set Nearest Dist[i]= d(di, c¢j);

. For each cluster j (1<=j<=k), recalculate the centroids;

. Repeat

7. For each data-point di,

7.1 Compute its distance from the centroid of thepresent nearest cluster;

7.2 If this distance is less than or equal to the presentnearest distance, the data-point stays in the cluster;
Else

7.2.1 For every centroid cj (1<=j<=k)

Compute the distance d(di, cj);

Endfor;

7.2.2 Assign the data-point di to the cluster withthe nearest centroid cj

7.2.3 Set Clusterld[i]=j;

7.2.4 Set Nearest_Dist[i]= d(di, cj);

Endfor;

8. For each cluster j (1<=j<=k), recalculate the centroids;

Until the convergence criteria is met. o ) . D wD
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Algorithm 4: The Distributed k -means Algorithm

Input:  aset S of d-dimensional data and an integer K.

Output :K clusters

Begin

for each processor P; do in parallelinitialize a set of center vectors z, fork=1 to K,

(these centers are called old centers {Z ,EOld))})

Repeat
for each processor P;do in parallelbegindistribute local data in Pjinto k classesaccording to
minimum distance from z,for k =1 to Kcompute new center vectors {Z ,((new)} fork=1,... K
considering old centers {Z ,Eom) } as data items
end

for each processor P;broadcast{Z I({new)}’ for k=1,..., K, to all other processors

for each processor P;do in parallelbegin
for k=1,... ,K do

compute average of{Z ,Enew)} from self and those received from other processors and replace {Z ,EOM) }with this average
end

until center vectors are stable

end
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Algorithm 5: NDKM ol

o8

Input: Homogeneous p datasets, each with d dimensions ; :::

Output :Global partitions of p datasets ﬁgf.
T
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Procedure

Step 1: Find Maximum And Minimum Values of each feature froneach local dataset
and Transmit them into Central Place

Step 2: Compute Maximum And Minimum Values at Central Place

Step 3: Normalize real Scalar Values of Local datasets with Global Maximum And
Minimum Values

Step 4: Cluster each Local dataset By K-Means Algorithm and obtain Centroid Matrix
Along with cluster index for each dataset

Step 5: Merge cluster centroids of local datasets into a single dataset named as centroids
Dataset at Central Place

Step 6: Cluster centroids dataset using K-Means Algorithm to obtain Global Centroids

Step 7: Update local Cluster indices by assigning each object to nearest cluster centroid,

After Computing Euclidean distance between the object and global centroid
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