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Abstract As data size increase, a single database is not enough to serve current volume of tasks.
Since data is partitioned and stored into multiple databases, analysis should also support parallelism
in order to increase efficiency. However, traditional analysis requires data to be transferred out of
database into nodes where analytic service is performed and user is required to know both database
and analytic framework. In this paper, we propose an efficient way to perform K-means clustering
algorithm inside the distributed column-based database and relational database. We also suggest an
efficient way to optimize K-means algorithm within relational database.
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Algorithm 1. K-Means Algorithm

1. Randomly pick k initial means

2. For every point in X, assign the closest mean
3. Calculate new means for new clusters
4. Repeat steps 2 and 3 until means converge
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Algorithm 2. Parallel K-Means Algorithm

Master Process
1. Randomly pick k initial means
2. Send new means to slaves
3. Wait for all slaves to return
4. Aggregate result and calculate new means for
new clusters
. Repeat steps 2 to 4 until means converge

[9)]

ith Slave Process
1. Receive k new means from master node
2. For every point in Xi, assign the closest mean
3. Aggregate values with same mean
4. Return master node the result
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3 1 K-Means #4¢]] Al85= golE 7]
Table 1 Table Schema used in K-Means clustering

data id, lat, Ing, ts, clusterld
centroids clusterld, lat, Ing, ts

prev_centroids clusterld, lat, Ing, ts

distance id, clusterld, distance

3.1 Single Node Standard K-Means
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SET centroidsCount = 0;
WHILE (centroidsCount < k) DO

INSERT INTO centroids

SELECT lat, Ing, ts

FROM data

SAMPLE 1;

SET centroidsCount = (SELECT COUNT (%)

FROM centroids);

END WHILE;
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INSERT INTO distance
SELECT 1id, a.clusterld, distance()
FROM data, centroids AS a;

UPDATE data AS ¢
SET c.clusterld =
(SELECT b.clusterId
FROM (SELECT id, MIN(distance) as d
FROM distance
GROUP BY id) a, distance b
WHERE a.d = b.distance)
WHERE c.id = id;
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