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input: (None, 32, 32,10, 1)

conv3dd_1: Conv3D
- (None, 32, 32, 10, 128)

output:

mput: | (None, 32, 32, 10, 128)
(None, 32, 32, 10, 128)

activation_1: Activation

output:

input: | (None, 32, 32, 10, 128)
(None, 32, 32, 10, 128)

convdd_2: ConviD

output:

input: | (None, 32, 32, 10, 128)
(None, 32, 32, 10, 128)

activation _2: Activation

output:

input: | (None, 32, 32, 10, 128)

max_poolngdd 1: MaxPooling3D
(None, 11, 11. 4, 128)

output:

mput: | (None, 11, 11, 4, 128)
(None, 61952)

flatten 1: Flatten

oufput:

nput: | (None, 61952)

denge_1: Denge
(None, 512)

output:

mput: | (None, 512)
(None, 512)

batch_nornmalization_1: BatchNormalization
output:

mput: | (None, 512)
(None, 43)

H3ERRLT=ETIL

dense_2: Dense

output:
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