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for 1i,labelname in enumerate(os.listdir(“train/trai
print (i, labelname)
for imgname in os.listdir(“train/train/{}”. format(labelname)) :
img = image. load img(’ tr {}’. format (1abelname, imgname))
X. append (image. img_to_ar
y = [0 for j in
yli] = 1

Y. append (y)

x val = []

for imgname in os.listdir(”

img = image.load img(’ test/test formdttlmgnamehl

x_val. append (image. img to dlra\{1mﬂ
x val = np.array(x val)
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1. #3-
(1) #031% 4

1 % S dk  categorical

C 4

-S‘u:;.

¥ # %k : Conv2D

# i &  MaxPool2D

FoE it orelu

B fe — K g Sdik - sigmoid
v % © Adam(lr =0.01)

model = Sequential ()
model. add (Conv2D (32
model. add (MaxPoo12D (

model. add (Dropout (0.
model. add (Conv2D (64,
model. add (MaxPool2D (
model. add (Dropout (0
model. add (Flatten (

model. add (Den: ,activation="
model. add (Dropout (0

model. add (Dense (33, activation

optim = 0.01)

optimizers. Adam(1r
model. compile (loss="

model. summary ()

input_shape=(100, 100, 3),

activation="relt

optimizer=optim,

activation="relu”))

metrics=[




Model: "sequential 6”

max_pooling2d 12 (MaxPooling (None,
dropout_18 (Dropout) (None,
conv2d_13 (Conv2D) (None,
max_pooling2d 13 (MaxPooling (None,
dropout_19 (Dropout) (None,
flatten 6 (Flatten) (None,
dense 12 (Dense) (None, 32) 1083424
dropout_20 (Dropout) (None,

dense 13 (Dense) (None, 1089

Total params: 1, 103, 905
Trainable params: 1,103, 905
Non—trainable params: 0

(2) #7842
P8 RIFE 2 A

x_train, x_test, y_train, y_test = train test_split(X, Y, test_size=0.2, shuffle=

% ¥_early_stopping > ¥ ¢ overfitting > patience=5 °

rerbose=1)




& Epoch 35/100 p¥ d) 3. early stopping ° accuracy= 90.82% -
val_accuracy=99.70% -

=========—=======] — 1555 11s/step — loss: 0.2596 — accuracy: 0.9082 — val_loss: 0.0228 — val_accuracy: 0.9970
Epoch 00035 y stopping

score = model.evaluate(x test,y test, verbose=0)
print (score)

y val = model. predict(x val)

print (y_val)

.02279523015022278, 0.9970335364341736]

754e—06 1.3314720e-12 9.2935413e—02 ... 8.0686164e—08
. 7468527e—11 1. 1778058e-06]
2.4881142e—09 9. 8206270e—01 4. 5281798e—02 ... 7.4178819e-10
3. 3337602e—07 1. 2962500e—08]
.9742656e-12 1. 1144977e-12 9. 939336801 ..
2. 6051459e-12 8. 5137394e-16]

.9950391e-01 0.0000000e+00 4. 1431489¢-10 ... 1.9596158e-23
3028000e—21 6.4681713e—31]

4.3039918e—03 9.9999255e—01 1. 3685717e—09 ... 1.1473060e—02

2. 7675837e—02 9. 1987658e—01]

3.1216370e—12 1. 8856898e—13 9. 9066645e—01 ... 9.5604312e-16

.6805175e—12 3.2268440e-16]]

t. plot (history. history[ loss

t. plot (history. histc

t. title( ' '
ylabel

t. x1label (

t. legend ([
t. show ()

t. plot (history. history[ acc
t. plot (history. history

t. title (

t. ylabel

t. x1label (

t. legend ([

t. show ()




= ftrain_loss
test_loss

= ftrain_val
test_val

¥ I train_loss B >* test_loss » ) I underfitting e w0 Fpt AT iE
7% 2 PR BBt - R kS Sl B S5 softmax > Tk B
patience & 10 > "4 B3 HGE B o



B3l =

OF=F33

1 % S dic  categorical

¥ # % : Conv2D

# 1 & . MaxPool2D

s it orelu

B {8 — R g S Cosoftmax

it = - Adam(lr = 0.001)

d 3tk % & 58 §_Multi-class Classification F* 48 > F]pt :2# softmax o
input = Input (shape=(100, 100, 3))

convl 1 onv2D (32, size=(3,3), activation="relu”) (
convl_2 si ), elu”) (convl_1)
pooll 3 '

dropl 4

flatl b5

conv2 1

activation="relu”)

activation="relu”) (conv3 1)

)

pool3 3 size (conv3_2)
drop3 4 :

flat3 5

merge = ate() ([flatl_5, flat2 5, flat3_5])
hidden ense ( ) (merge)
output ense ftmax”) (hidden)
model = Model (inputs=input, outputs=output)

optim = optimizers.Adam(lr = 0.001)

model. compile (loss="categorica v”, optimizer=optim, metrics=[

model. summary ()



3k T_early_stopping ° #f #. overfitting » patience= 10

early stopping = EarlyStopping(monitor="val loss”, patience=10, verbose=1)

(2) A 7iEA2
B 453" 3~ batch_size 3% % 512 » epochs= 1000 °

history = model.fit(x train,y train,
epochs=1000, batch_size=512, verbose=1,
callbacks=[early stopping],
validation data=(x_test, y test))

% Epoch 59/1000 B+ I} 35 early stopping  test loss :
0.00013364345068112016 -’ testaccuracy:1 °

Epoch 59/1000
] — 276s 12s/step — loss: 0.0688 — accuracy: 0.9739 — val_loss: 1.2249e—04 — val_accuracy: 1.0000

Epoch 00059: early stopping

BT RE PSSR E

MODEL'S METRICS VISUALIZATION

model loss model accuracy
339 — train_loss —— train_val
test_loss 1.0 test_val
'\\/f
3.0
0.8
2.5
2.0
0.6
> B
& fn
g e
H 5
8 g
LI &
0.4
1.0
05 0.2
0.0
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epoch epoch

oA eloss i F £ BEHT I e B FET L T T F
under fitting -
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FI* Kaggle * endicdiy & R - # (T4 47 {00 50> FF D
LB fol Frfd iR 0 £ 4-RGB B it T 03] 1 2 FF - #&
HPORF o F L CNN R nlg & R A 4 0 B B
3 e (activation function) cfd g ~ R it B (optimizer) ik #cF » %
WRBECR] AR Sl & T i S o A R (B B AR
)0 F AL F underfitting > ¥ B FApEOT ¥ - B Sl
E2HAlE o AT TT L2 RIS S BH ] X R A
Kenlrr X 5 100% o

Parameter Model 1 Model 2
Convolution layer Conv2D Conv2D
Pooling layer MaxPool2D MaxPool2D
Activation Relu Relu
Last-layer activation Sigmoid Softmax
Optimizer Adam(Ir=0.01) Adam(lr=0.001)
Loss categorical_crossentropy | categorical_crossentropy
Patience 5 10
Batch-size 1024 512
Epoch 100 1000
Val_accuracy 99.70% (under fitting) 100.00%
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1. 247 %R 5% (4):Sigmoid, Softmax & &k ? 5 #+ A& *
MSE v Cross Entropy ? 3 B & 54 #-7] from
https://www. ycc. idv. tw/deep—-dl 4. html

2. & * TensorFlow ¥ % Softmax ¥ Ef»“f(Softmax Regression) from
https://medium. com/%E6%89%8BRES%AF%ABRE 7%AD%86%E8%A8%98 /%E4
%BD%BF%E 7%94%A8-tensor f 1 ow-%E5%AD%B8%E T%BF%92-sof tmax—
%ED%IBRIEXE6%AD%B8-sof tmax-regression-41al2b619£f04

. [FRABEEY] 5.1 M SRS
(Convolutional Neural Network) from
https://medium.com/jameslearningnote/%E8%B3%87%E6%96%99%E5%
88%86%E6%IE%I0-%E6%AI%IF%ES%O9%ABNES%AD%BE8%E7%BF%92-
%E7%ACKHAC5-1%ESWAC%IB-
%E5%8D%B7%E7%A9%8D%E7%A5%9E%ET7%B6%93%E7%B6%B2%E7%B
5%A1%E4%BB%8B%E7%B4%B9-convolutional-neural-network-
418249d65d4f
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