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Abstract In this paper, we are going to study how we can automatically determine the number of convolutional filters for the
optimal model without a search algorithm. This paper proposes HSE Block by connecting SE Block proposed in SENet to a
convolutional neural network and connecting a convolutional neural network not learned at the bottom. An experiment was conducted
to increase the number of filters by one per 3 epoch using two datasets for the HSEBlock model and to increase the number of
filters by the value in the filter. Based on this experiment, the model was constructed with multi-layer HSE Block instead of layer
HSE Block, and the experiment was carried out using a dataset that was more difficult to learn than the one used in the previous
experiment. The effect of HSE Block was verified by conducting an experiment with the number of HSE Blocks set to 2, 3, 4, and

5 on a dataset that is more difficult to learn than before.
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Fig. 1 A HSE Block for Hyperparameter Optimization
(a) before filter increasing; (b) after n filter increasing
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Table 1. Layers of HSE Block

Layer | Hyper Parameter
Conv padding=same, kernel_init=he_normal,
kernel_size=k, filter=i, activation=RelLU

GlobalAvgPooling -

FC activation=RelL.U
FC activation=sigmoid
Scale -
padding=same, kernel_init=he_normal,
Conv kernel_size=k, filter=i, activation=RelLU,
Train=False
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Table 2. Layers of Single HSE Block Model

Layer Hyper Parameter
InputLayer Input Shape : (224, 224, 3)
HSE Block ratio=2, init_filter=8, kernel_size=(3, 3)

MaxPooling2D pool_size=(2, 2), strides=(2, 2)

GlobalAvgPooling -

output_node=Number of Class,

Dense L
activation=softmax
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Fig. 2 SE Block Excitation 0.9 Upper Values Ratio:
(a) fruit recognition; (b) vegetable image dataset
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Fig. 3 SE Block Excitation 0.9 Upper Values Ratio:
(a) fruit recognition; (b) vegetable image dataset

Table 3. Comparison Result
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Layer Hyper Parameter
InputLayer Input Shape : (224, 224, 3)
HSE Block ratio=2, init_filter=8, kernel_size=(3, 3)

MaxPooling2D pool_size=(2, 2), strides=(2, 2)

HSE Block ratio=2, init_filter=8, kernel_size=(3, 3)

MaxPooling2D pool_size=(2, 2), strides=(2, 2)
GlobalAvgPooling -

output_node=Number of Class,

Dense L
activation=softmax
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Table 5. Comparison Result
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) 16 126 - - - 142 0.572
3 17 8 130 - - 229 0636
4 6 25 28 130 - 199 0871
5 16 16 75 131 18 256 0939
aceuracy Synthetic Digit : SEBLOCK 1
T MWWWTY
0.8 4
06+ — train_acc
—— val_acc
0.41 —— 0.9 Ratio
[ T e T T
/
0.0 T T T T T T T T
0 50 100 150 200 250 300 350
epoch
(@
?:curacy Synthetic Digit : SEBLOCK 2
T b ) |
0e
06 —— train_acc
— val_acc
04 —— 0.9 Ratio
02 e e —————————
0 50 100 150 200 250 300 350
epoch
b

- 183 -

accuracy
0

: Synthetic Digit : SEBLOCK 3

iy (ailaer

0.8

061 — train_acc
— val_acc
— 0.9 Ratio

0.0

o 50 100 150 200 250 300 350
epoch
(c)
?Ecwacy Synthetic Digit : SEBLOCK 4
0.8
06 — train_acc
—— val_acc
04 —— 0.9 Ratio
0.2 o o o o e o e e
o 0 50 100 150 200 250 300 350
epoch
(o
?':oc“” acy Synthetic Digit : SEBLOCK 5
i e "T"’V}W"WW
0.8
06 1 —— train_acc
—— val_acc
0.4 — 0.9 Ratio
D2 =] o e e e e
- 50 00 150 200 250 %00 30
epoch

(e)
Fig. 4 SE Block Excitation 0.9 Upper Values Ratio:
(a) SE Block 1; (b) SE Block 2; (c) SE Block 3;
(d) SE Block 4; (e) SE Block 5;
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