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Fig. 1. Model Architecture

III. The Proposed Scheme

1. Data & Preprocessing

B AellA AR ElolE] A zAdn] BUEE
ZFX(MCD Unit: Measuring Communicating & Displaying Unit)
oA 85 ek MCD Unit & 25-E] =314 vlo]8S Eajo]
ARZE A= AR HiolHE AlS3ISI) dHiolH E+d Al
FAsl] fIElA 7|80l ol=E FEHE ScalingS X351
o} AL dlofEel] Qle]o] ~Z(scalar) 4t wote] Ul
O|HE augmentation 3T}, [3]

s
= 49

Fig. 2. Data augmentation

2. Methods

2.1 Decision Tree

Decision Tree'= BloJE}o] Egslofelts els o] 25t
o ek o5, 5 298S LRe] Fel IS Madine

Learning &alg)&olth [4]

2.2 Random Forest

Random Forest= Decision Tree F22] TS Heksl7] ¢}
o] 319+ Machine Learning 212]5]th 7]l Decision
Tree RES 37 71431 9= 3K d]o]E]o] UjeF Aetr=
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2.3 ResNet
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3. Experimental Result

3.1 Grid Search of Random Forest
Table 1-2 Grid Search ©]5-] Random Forest X&o] #Z9]
stols e E 7]&Esk Aeolrk

Table 1. Grid Search Hyperparameter

Hyperparameter Value

Cross Validation 5
n_estimator 400
max_depth 4

3.2 Result of Classification Model

Data augmentation=r ©|-835}¢] ScalingS Z18is}e] Ho|E{<
= 51 5ol 2ol3k AEl= RHEQIT) slsy dlolEl9} Bl
E dloJel= 82 HIE R WrolA A3dS X188kt Table
20114] Random Forest”} Decision Tree T} U &2 A58 1o
T 2k ERIBISIEE HElo] e 9% olde] e Agle.

o=
™ ResNet®] 7 &=}t BE Aso] 7HE =5kt

p

[}

Table 2. Experiment Result

Model Accuracy | Precision Recall F1-score

Decision | g4, 0.95 0.95 0.95
Tree

Random | 4 0.98 0.94 0.96
Forest

ResNet 98% 0.98 0.98 0.98

3.3 Class Activation Map & Feature Importance

Permutation Feature Importance.
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Fig. 3. RandomForest ¥3*
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IV. Conclusions
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