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from tensorflow. keras import backend as K
from tensorflow. keras. models import Model, Sequential
import tensorflow. keras

-

BHRAH =1 —F I3y FID—T DVERL

num_classes = 10
img_rows, img_cols = 28, 28

if K. image_data_format() == "channels_first': @ 1 ):l
input_shape = (1, img_rows, img_cols) =

M

else:

=

5 3 3 2 3 38 2 3

input_shape = (img_rows, img_cols, 1)

= Sequential () @ 2

]
I @ I I I

.add (Conv2D (32, kernel_size=(3, 3),

activation="relu’,

input_shape=input_shape)) - @ 3 ==
.add (Conv2D (64, (3, 3), activation="relu')) =
.add (MaxPool ing2D (pool_size=(2, 2)))&
. add (Dropout (0. 25))
.add (Flatten()) @ 4 e
.add (Dense (128, activation="relu')) <« =
.add (Dropout (0. 5))
.add (Dense (num_classes, activation="softmax’)) <
.compile(loss="categorical_crossentropy’, optimizer='adam’, @ 5 &

metrics=["accuracy']) =

. summary ()
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