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ABSTRACT

The limitations of applying a variety of artificial intelligence to the medical community are, first, subjective views,
extensive interpreters and physical fatigue in interpreting the image of an interpreter's illness. And there are questions
about how long it takes to collect annotated data sets for each illness and whether to get sufficient training data without
compromising the performance of the developed deep learning algorithm.

In this paper, when collecting basic images based on acne data sets, the selection criteria and collection procedures are
described, and a model is proposed to classify data into small loss rates (5.46%) and high accuracy (96.26%) in the
sequential structure. The performance of the proposed model is compared and verified through a comparative experiment
with the model provided by Keras. Similar phenomena are expected to be applied to the field of medical and skin care
by applying them to the acne classification model proposed in this paper in the future.
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Table. 1 Collected Images by Type
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| The Dataset Definition |
¥

| Analyze the Dataset |
¥

| Prepare the Dataset |
i

The Dataset preprocessing
(Train_test_split)

Testing Dataset II

Training Dataset

Fig. 3 Preprocessing of Dataset
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Table. 2 Development Environment

Description

- OS : Windows10 (64bit)
- CPU : Intel(R) Core i5-7200 2.50 GHz
-RAM:8GB

- Python 3.6.3

- Keras 1.0.6

- Tensorflow 1.10.0
- Scikit-learn 0.20.1

Type

Hardware

Software
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Fig. 4 Proposed Model Architecture
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Create Model
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model.compile()
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Fig. 5 Overall structure and data flow of the proposed
model
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Fig. 6 Loading prepared dataset

Layer (type) Qutput Shape Param#

conv2d_1(Conv2D) (None, 30,30,32) 896
Process conv2d_2 (Conv2D) (None, 28,28,64) 18496
activation_1 (Activation) (None,28,28,64) 0
Data Load max_pooling2d_1 (MaxPocling2 (None, 14, 14,64) 0
‘ dropout_1 (Dropout) (None, 14,14,64) 0
Network conv2d_3 (Conv2D) (None, 12,12,128) 73856
Defl n ition activation_2 (Activation) (None, 12,12,128) 0
' max_pooling2d_2 (MaxPooling2 (None, 6, 6,128) 0
Network dense_1 (Dense) (None, 6, 6, 64) 8256
Traini ng activation_3 (Activation) (None, 6,6, 64) 0
! max_pooling2d_3 (MaxPooling2 (None, 3, 3, 64) 0
E\laluation dropout_2 (Dropout) (None, 3, 3, 64) 0
Veriﬁcation flatten_1 (Flatten) (None, 576) 0
dense_2 (Dense) (None, 64) 36928
activation_4 (Activation) (None, 64) 0
dropout_3 (Dropout) (None, 64) 0
dense_3 (Dense) (None, 4) 260
activation_5 (Activation) (None, 4) 0

Fig. 7 Network Definition
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Table. 3 Conditions

* X train shape (15594, 32, 32, 3)

* X test shape (5199, 32, 32, 3)

* Train samples(Ea) 15594
* Validation samples(Ea) 5199
* Epoch(#) 24

* Predict(#) 5
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Training Loss and Accuracy for Acne Classification
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Fig. 8 Loss rate and Accuracy Convergence Curve
(Typical CNN model provided by Keras)
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Training Loss and Accuracy for Acne Classification
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Fig. 9 Loss rate and Accuracy Convergence Curve
(VGG model provided by Keras)
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Table. 4 Result Composite Table

KECNN KEVGG P.Model
Loss 11.66% 11.77% 5.46%
Accuracy 94.80% 94.32% 96.26%
100% 100% 100%
True: 1, True: 1, True: 1,
Predict : 1 Predict : 1 Predict : 1
True : 3, True : 3, True : 3,
Predict Predict : 3 Predict : 3 Predict : 3
#5) True : 0, True : 0, True : 0,
Predict : 0 Predict : 0 Predict : 0
True : 3, True : 3, True : 3,
Predict : 3 Predict : 3 Predict : 3
True : 0, True: 0, True : 0,
Predict : 0 Predict : 0 Predict : 0

Ak melo] Al = 96.26%, KECNN 2 2-2-94.80%,
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