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1. Standard * j*

FU# kT i s 3 feid 2 S R X 8 T ERIB 0 B
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DCGAN 22

| In | |DeConv1 ||DeConv2 | | DeConv3 ” DeConv4| | In “ Conv1 | | Conv2 | | Conv3 | | Conv4 |

| 8x8x1024 ' ' 8x8x1024
16X16X512 ' ' 16X16X512 (Relu)

(Rell)  32X32X256 32X32X256  (Relu)
Relu) ¢1x6ax128 saxeaxizs oY)

(Relu)  128x128x64 | 128X128X64 (Relu)
(tanh)
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Generator Discriminator

® 6~ DCGAN % #

% - ~DCGAN %-#& %
DCGAN %%k &

NOISE_SIZE 100
LR D 0.00004
LR G 0.0004
BATCH_SIZE 64
EPOCHS 1500
BETAI 0.5
Losses
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DCGAN 532 75 152 759
() VGG-16 A2 = 2 3R

VGG16 3" A4+ - k& Flatten 2 dense & ° 4- @ 10

Layer (type) Output Shape Param #
vgzl6 (Functional) (None, 7, 7, 512) 14714688
flatten_1 (Flatten) {None, 25083) 0
dense_1 (Dense) {None, 1) 25089

Total params: 14, 739, 777
Trainable params: 25,089
Non—trainable params: 14, 714,688
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$o SR TR
% Epoch fr Dropout » #
ER 5075 4@ 11 -

- BT EHF H T U 4 accuracy F7 3 FFH learning
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f$ 3

o
3

¥ Z_epoch 40 Drop out 0.5 accuracy

rate > # {¢ i¥ ¥_learning rate 0.001 > accuracy %% 5 0.75 > 4]

12 -

optimizer SGD Accuracy optimizer SGD

Learningrate | 0.001 Learning rate 0.001

momentum 0.9 momentum 0.9

Bantch size 32 0.6 0.73 Bantch size 32

epoch 40 0.75 073 epoch 40

Accuracy 0.73 ’ Lo B2 Drop out 0.5
) | Accuracy 0.75
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optimizer SGD optimizer SGD

Learning rate | 0.001 Learningrate | 0.001

momentum 0.9 0.1 0.69 momentum 09
Bantch size 32 0.01 0.73 Bantch size 32
epoch 40 0.001 0.75 v epoch 40
Drop out 0.5 L0 Lzl Drop out 0.5

Accuracy 0.75 — Accuracy 0.75
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optimizer SGD
Learning rate 0.001
momentum 0.9
Bantch size 32
epoch 40
Drop out 0.5
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Model Accuracy Model Loss

—— Tain Set
Val Set

¥l 14 No Augmentation 3" i #% Accuracy %2 Loss

1. Standard % %

#7148 J e Accuracy 5 0.80 0 R AELAc@] 150 RE AR
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#7148 J e Accuracy 5 0.90 0 R B AcR] 17 0 DTREAR
Accuracy % Loss 4rf] 18 °

Confusion matrix

(0. 'NO") 32 8

TFue label

(1, "YES") 2

(0. "NO")
(1, "YES')

Predicted label

® 17 DCGAN & & st

Model Accuracy Model Loss

% 18 DCGAN 3" 3 iE 4% Accuracy % Loss
3. B5 ik

Az e d R o W Accuracy b 0 A E[E OH
Sensitivity ~ Specificity ~ Precision 2 F1-Score > " e & 4r&k w o
¥ {7 1 DCGAN # 3. i » # * Dcgan % Standard = ;% i& 7 #ic
BB o A ulE S 15%2 5%nEFES o Boypahi v e i
FERS o AP F BIR M KL T > # * Dcgan +* Standard % %
% eF o
% m ~ = % (No Augmentation, Standard, DCGAN) £ 3¢ &
Augmentation Accuracy Sensitivity Specificity Precision F1-Score

No 0.75 0.55 0.90 0.78 0.64
Standard 0.80 0.82 0.71 0.64 0.72
DCGAN 0.90 0.80 0.96 0.94 0.86
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