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for file in files:
img = cv2.imread(os.path. join(file_path, file))
name = file.split(”.”)
name_90 = namel0]+”_90. jpg

name_180

name[0]+”_180. ipg
name_270 name[0]+"_27

img90 = np.rot90(img,
img180
img270

1)
np. rot90 (img, 2)
3,

np. rot90(img, 3)

cv2. imwrite (path+”/“+classs+”/"+name_90, img90)
cv2. imwrite (path+”/“+classs+”/"+name_180, imgl80)
cv2. imwrite (path+”/“+classs+”/"+name_270, img270)
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d_loss (train discriminator)

r_img _ r_img r_out

> ——® rloss —p

I d_loss =
ra— f_loss —r_loss + A penalty

£ a_img a_out

(0<e<1) B e+ (1-€) ——P D ———P penalty —p

| \ f ' ] gl fl
z | fi fi out | _loss =-f_loss
. G Bl BLLLY > - f loss —p»

3
g_loss (train generator)

r_img : real image
f_img : fake image
a_img : averaged image

B 7 WGAN-GP
WGAN-GP z_ %47 4 5 Generator £ Discriminator - Generator 2 7 #£3X ¥ ™ [§]
8 #7r;r » @ Discriminator 2. 7 3K ¥ X Bl 9 #77

class Generator(nn.Module):
def _ init__ (self, img_size, latent_dim, dim):
super (Generator, self)._ init_ ()

self.dim = dim

self.latent_dim = latent_dim

self.img size = img size

self.feature_sizes = (int(self.img_size[0] / 1€), int(self.img size[l] / 1¢))

self.latent_to_features = nn.Sequential(
nn.Linear(latent_dim, © * dim * self, feature_sizes[0] * self.feature_sizes[l]),
nn.RelU()

)

self.features_to_image = nn.Sequential(
nn.ConvIranspose2d(2 * dim, 4 * dim, 4, 2, 1),
nn.RelU(),
nn.BatchNorm2d(4 * dim),
nn.ConvIranspose2d(4 * dim, 2 * dim, 4, 2, 1),
nn.RelU(),
nn.BatchNorm2d(2 * dim),
nn.ConvIranspose2d(2 * dim, dim, 4, 2, 1),
nn.RelU(),
nn.BatchNorm2d (dim) ,
nn.ConvIranspose2d(dim, self.img size([2], 4, 2, 1),
nn.Sigmeid ()

B 8 - Generator 2 % 3% &



class Discriminator(nn.Module):
del’ _init__ (self, img_size, dim):

img

super (Discriminator, self)._ init_ ()
self.img size = img_size

self.image_to_features = nn.Sequential(

nn.Conv2d(self.img_size[2], dim, 4, 2, 1),
nn.LeakyRelU(0.2),

nn.Conv2d(dim, 2 « dim, 4, 2, 1),
nn.LeakyRelU(0.2),

nn.Conv2d(2 * dim, 4 * dim, 4, 2, 1),
nn.LeakyRelU(0.2),

nn.Conv2d(4 * dim, € * dim, 4, 2, 1),
nn.Sigmoid()

)

# 4 convolutions of stride 2, i.e. halving of size everytime
$# So output size will be 8 * (img _size / 2 ~ 4) * (img size / 2 ~ 4)
output_size = int(S * dim * (img_size[0] / 16) * (img_size[l] / 1§))
self.features_to_prob = nn.Sequential(

nn.Linear (output_size, 1),

nn.Sigmoid()

®l 9 - Discriminator 2 % #3% %
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Model: “wggl®”

Layer {type) (atput Shape Faram #
input_I1 (InputLayer) [{Rone. 48, 48, 31] i
blackl_cemvl (ConvZD) (Hone, 48, 48, 64) Lra2
block]_conw? (ConvED) (Home, 48, 48, 64) I60EE
block]_pool (MaxPooling2d) (Heme, 24, 24, 6d) o
block?_cemvl (CarviD) (Home, 24, 24, 1IB) T3E56
blockZ_comvE (ConviD) {Home, 24, 24, 1283 147584
blockZ_pool (MaxPooling2D) (Home, 12, 12, 1ZB) 0
blockd_comel (ConviD) {Hone, 12, 12, 2563 2051448
block3_convE (ConvzD) (Nome, 12, 12, 256) GR00AD
blockd_conwd (CanwiD) (Home, 12, 12, 258) 5a0080
block3_comvd (ConviD) (Hone, 12, 12, 256) SH00RD
blockd_pool (MaxPooling2D) (Mome, 6. 6. 256) ]
blockd_comwl (CanviD) (Hone, 6. 6, 512) L1ED160
blockd_comv? (CarviD) (Heme, 6, 6, BLZ) 2350808
blockd_comvd (ConvaD) {Rome, 6, &, BIZ) 2359003
blackd_comed (ConvzD) {Home, 6, 6. 512) 2359804
blockd_pool (MaxPooling2Dl {Nome, 3. 3. B12) i
blockS_comvl (ConvzD) {Heme, 3, 3. G12] 2359808
blockS_conw? (CanwiD) (Heme, 3, 3, BL2) 2350808
blockS_comwd (ConviD) (Nome, 3, 3. GLZ) 2350808
blockE_comwd (Carw2D) (Home, 3. 3. BI12) 2350809
blockS_pool (MaxPooling2Dh) (Nome, 1. 1, 512) i}

B 11-VGG19 ik & 1
Eodel: “zequential”
Layer (typel Cutpat Shape Paran #
vggl® (Functiconall (Hone, 1, 1, 512) 024384
flatren (Flatten) (More, 5132) 1]
denge (Demze) (Hore, 1024) 55311
dropeat (Dropeat) (Hors, 10241 i
dense_1 (Denze) [Hore, 9) A

Total params: 20, 558,931
Trainsble params: 30, 558, 921
Bor—trainable parame: O

Bl 12~ VGGI19 ¥ #k & 2
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Optimizer ~ Dropout ~ Batch Size o § Z & 2. & 2404 5 #7577
A 6 FREAR
Factor
Level Optimizer Dropout Batch Size
Level 1 Adam 0.4 16
Level 2 AdaDelta 0.5 32
Level 3 AdaGrad 0.6 64
42102 % %
FRR LSRN A B Lo A& AT
% 7-L9% 24
Factor .. .
) Optimizer Dropout Batch Size Accuracy
Experimant
1 Adam 0.4 16 0.8532
2 Adam 0.5 32 0.8658
3 Adam 0.6 64 0.8576
4 AdaDelta 0.5 64 0.8247
5 AdaDelta 0.6 16 0.8463
6 AdaDelta 0.4 32 0.8132
7 AdaGrad 0.6 32 0.8465
8 AdaGrad 0.4 64 0.8532
9 AdaGrad 0.5 16 0.8469
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