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2.1 ¥ f# 538 (Convolutional Neural Network, CNN)
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train_datagen=ImageDataGenerator(rescale=1/255)
val_datagen=ImageDataGenerator(rescale=1/255)
test_datagen=ImageDataGenerator(rescale=1/255)

train_generator=train_datagen.flow_from_directory(train_dir,
target_siz
color_mode
class_mode se ' ,batch_size=32,shuffle=True)

val_generator=val_datagen.flow_from_directory(validation_dir,
target_siz ,150),
color_mode
class_mode ‘,batch_size=32,shuffle=True)

test_gemerator=test_datagen.flow_from_directory(test_dir,
target_siz 50),
color_mode
class_mode="s; ‘,batch_size=32)
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Model size Top-1 acc Top-5 acc  Parameters depth

Xception 88MB 0.79 0.945 22910480 126

PORCHAAFETRGE A PRSI E Sk s B s

Ao T & A7oF o d 2 A @ * dhencoding & sparse encoding odf A S #icié #

sparse categorical cross entropy 3+ &

model x1 x2 x3 x4
base xception
epoch 20 20 20 5
0 global max pooling2d
1 flatten
2 Dense 235 relu Dense 235 sigmoid Dense 1024 relu Dense 1024 elu



Dense 235 softmax

loss sparse_categorical crossentropy
optimizer adam adam adam adagrad
test acc 0.9523 0.9549 0.9609 0.9787
x5a
base xception
epoch 20
0 global _max_pooling3d
1 flatten
2 Dense 1024 elu
3 Dense 235 softmax
loss sparse_categorical crossentropy
optimizer adagrad
test acc 0.9898
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Ketkar, N., & Santana, E. (2017). Deep Learning with Python (Vol. 1): Springer.
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