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Figure 4: Architecture of Generator and Discriminator Network with corresponding kernel size (k), number of feature maps
(n) and stride (s) indicated for each convolutional layer.
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ZE A% 7 ESRGAN » gt » P’ SR-NET e3¢ 4 -

LAz & 7#(Face super-resolution (SR))dp eh &8ss 745 (IR) e 4 9%
e 347 24 i A 785 (LR) < % Wi 4 5 % 5 B X g & 537 2 40 2
i i CNN R F 3 -

BN $420 i iv4d i > e PR R 3 AR FEMAE - E ML RS B
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A LAFIR T > 7 0L M dropout i * oo § R EBRPERE IS (F
= R s i L
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def down(filters , kernel_size, apply batch normalization = True):
dovnsanple = +tf.keras.models. Sequential() # Sequential() TEZRIER AR
dovmsanple. add(layers. Conv2D (filters, kernel_size,padding = 'same’, strides = 2)) # 20 HEE
if apply_batch normalization:
downzample. add (layers. BatchNormalization())
downsample. add (keras. layers. LeakyReLU())
return dowmsample
def up(filters, kernel size, dropout = Falze): # dropout EHABEHFSHIEREAE
upzample = tf.keras.models. Sequential ()
upsanple. add(layers. Conv@DTranspose (filters, kernel_size,padding = “same’, strides = 2)) # ConiDTranspose [3STE, SHIEEMES
if  dropout:

upsample. dropout (0. 23
upszanple. add(keras. layers. LeakyReLU(})

return upssnple
BAATERTHEEDNAL > THRET mALTilter, kernel size FiTA FIF &
65 R MW B R 0 A padding VA 5 R E 00 4 B IAKE 5
AR LR S = R R R R P R ARy e S M S R p
Ao Piabds B 2 ke P HRRTY ERFANE
Con2DTranspose & & ¥4 » 2 P enE k| k|3 E PR RSB Y > & & 4E
PR Ml (e i B B S (B H PR

RPN Sl B -
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def model():
inputz = layers. Input(shape= [SIZE, SIZE, 3])
dl = down(128, (3,3),False) (inputs)
d2 = down(128, (3,3),Falze) (d1)

di = down(256, (3,3), True) (d2)

dd = down(512, (3, 3], True) (d3)

df = down(51Z, (3, 3], True) (d4)
Hupsampling

ul = wup(hl2, (3, 3),Falze) (dO)

ul = layers.concatenate![ul, d4])

ud = upl286, (3,3),Falze) (ul)

u? = layers.concatenate![uZ, d3])

ud = up(l28, (3,3),Falze) (u2)

ud = layers.concatenatel[u3,d2])

ud = yp(l28, (3,3),Falze) (ud)

ud = layers.concatenate![ud, d1])

uwi = upl3, (3,3),Falze) (ud)

uf = layers.concatenate ([ [uf, input=z])
output = layers.Conv2D(3, (2,21, ztridez = 1, padding = '=zame’ ) (ud)

return tf. keras.Model (inputs=inputs, outputs=output)

(z)~ gdip

Learning 0.001 0.0001
rate

Optimizer  AdaDelta Adam Adagrad

Activate Tanh ELU Relu
function
Filters 32 64 128
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Learning Activate Accuracy
rate function

1 0.01 RMSprop Tanh 0.4665 0.8670
2 0.01 Adam Sigmoid 64 0.3716 0.7261
3 0.01 Adagrad RelLu 128 0.8505 0.0385
4 0.001 RMSprop Sigmoid 128 0.9037 0.0282
5 0.001 Adam RelLu 32 0.8930 0.0297
6 0.001 Adagrad Tanh 64 0.8984 0.0296
7 0.0001 RMSprop Relu 64 0.8666 0.0353
8 0.0001 Adam Tanh 128 0.8601 0.0363
9 0.0001 Adagrad Sigmoid 32 0.8239 0.0414
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Onginal Image Super Resolution
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