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Abstract

In modern society, in business decisions of our customers are continually increasing in
importance, and owing to the development of information and communication technology effectively
on a computer to measure the preferences of key customer techniques are being studied. However,
this preference reflects significantly on personal ideas, and therefore, it is difficult to
commercialize a measure calculated according to the ambiguous results. In this paper, by using
biometric information that has been measure; we have configured the multi-sensitivity models
based on customer preferences to evaluate the proposed system. This system consists of multiple
biometric information of multi-dimensional vector model for learning through the use of structured
emotional to apply the same criteria to evaluate customer preferences. In addition, by studying the
specific subject-specific emotion model, it is shown to improve accuracy with further experiments.

» Keyword : Evaluation, Customer Preference, Multi-Sensitivity Model, Multiple Biometric
Information
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Fig. 2. Universal Facial Expressions of Emotion
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* InputData is array o
InputData[FACE]
InputData[ TEMP]
InputData[VOICI
InputData[PULSE] is

FeaturePoints — Extractx. y ffeature pointin EJ-
VecEmotion — Create vector for face emotion in FeaturePoints;

FeatureTemps « Extract temperature around 3-by-3 area for each FeaturePoints in
InputData[ TEMP];
VecTemperature «— Create temperature vector by averaging each 3-by-3 area for
extract point in Feature Tomps;

VecVaice + Extract featres of sound wave as min, max, average for amplitude, period.
and waveform (sampling with 10 points) in InputData[VOICE];

VecPulse — Extract features of pulse wave as min, max, average for amplitude. period.
and waveform (sampling with 10 points) in JupuData[PULSE]:

Dimension of all for Vec Temp.
VecVoice, VecPulse to construct single emotion model:

EmotionModel — Construct integrated multi-emotion model by combining feature
vectors VecEmotion. VecTemperature, VecVoice, VecPulse in
consideration of Dimension ;

25 COE ZARY 5 2aeiE
Fig.5.Mutti-Emotion Model Construction
Algorithm
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* InputDat

ey

VecFeatures — Extract feature vectors for whole measured data InpurData;
VecSingle — Combine all vectors to single integrated vector in VecFeatures;

Pattern matching between VecSingle and Pref Model;

If (VeeSingle is correspondingto specific preference) then
Decision specific preference in PreferenceModel;
Return;

EndIf;

Scores «— Calculate similarity for each preference and evaluate score in FeeSingle and
PreferenceModel;

MinEval « »; i—0;
For Each S in Scores do
If (MinEval > ) then
MinEval — S:
Index — i;
End If;
I
End For;

index —0;

* Save current index to find this

Decision using Index in Pref
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Fig.6.Preference Evaluation Algorithm
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