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Abstract The characteristic of the beta wave among the EEG waves corresponds to the stress area of human
perception. The over-bandwidth of the stress is extracted by analyzing the beta-wave correlation between the
low-bandwidth and high-bandwidth. We present a KMeans clustering analysis model for unsupervised machine
learning to construct an analytical model for analyzing and extracting the beta-wave correlation. The proposed model
classifies the beta wave region into clusters of similar regions and identifies anomalous waveforms in the
corresponding clustering category. The abnormal group of waveform clusters and the normal category leaving region
are discriminated from the stress risk group. Using this model, it is possible to discriminate the degree of stress of
the cognitive state through the EEG waveform, and it is possible to manage and apply the cognitive state of the
individual.
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Table 1. Frequency bands of brainwave

Band Type Feature
0.173Hz 5 Deep sleep
477Hz C] Sleep state
8712Hz a Relaxation
13715Hz SMR Caution
16720Hz Mid-B Concentration
21730Hz B Tension, Stress
30750Hz T Anxiety
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Fig. 1. Processing for KMeans clustering
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Fig. 2. KMean model for beta—wave corelation
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Table 2. Algorithm for beta wave analyze model

Input k: Cluster Number
Dataframe: N’s Data Objectllow-beta, high-betal
Output value: Centroid value

Algorithm
Sesstion, sqglContext create
Dataframe acquistions
Vector Object create

Initial value: D= {d1, d2, -+, dn},

Centroid of each cluster

Repeat:

Center value=Distance(di, centroid)

Recalculate centroid

Until no change
Calculate:
(stress range ~ correlation coefficient)
Decide beta-wave outlier
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Table 3. Using tools for the platform of construction
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Fig. 3. Brainwave analyzer on spark
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The optimal k of betawave example
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Fig. 6. Verification about KMeans model of optimized
k—value in beta—wave dataset
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