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New Hybrid Approach of CNN and RNN based on
Encoder and Decoder
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Convolution Max Pooling Convolution ~ Max Pooling  Flatten Encoding & Decoding BiLSTM Concatenate FC Softmax
“ .‘.‘I| :
(Odl 7) 2 A7 mekst ECRNN O |ElK
54L& FE3 7 AR DA SollA] T o Z93kQl 139 flatten E o] P A] Ho|E &
&9 339 HolHE flaten 1] o]F A HoHE  QEghom wol, A=Y Fayste] o] Fa
1A¢oe 2 HxA "ot g AAHFE AL o] FAMGTE THA T
theog, A=t Gl e Lol ONN 9 =g5te] Qmrle] At T A9 £
(E 1) ECRNN®| WIE¥/3 TZ(BILSTM: 1-layer, 16 nodes)
Hs | 99 Layer Output Param Kernel | Stride Padding
1 Input Layer 32,32, 3 0 - - -
2 Conv2D 32, 32, 32 896 3x3 1 same
3 Batch Normalization 32, 32, 32 128 - - -
4 Max Pooling 16, 16, 32 0 2x2 2 same
5 Conv2D_1 16, 16, 64 18,496 3x3 1 same
6 Batch Normalization_1 16, 16, 64 256 - - -
7 CNN Max Pooling_1 8, 8, 64 0 2x2 2 same
8 49 Conv2D_2 8, 8, 128 73,856 3x3 1 same
9 Batch Normalization_2 8, 8, 128 512 - - -
10 Max Pooling_2 4, 4, 128 0 2x2 2 same
11 Conv2D_2 4, 4, 256 295,168 3x3 1 same
12 Batch Normalization_3 4, 4, 256 1,024 - - -
13 Max Pooling_3 2, 2, 256 0 2x2 2 same
14 Flatten 1,024 0 - - -
15 Dense 512 524,800 - - -
16 Batch Normalization_4 512 2,048 - - -
17 Dense_1 256 131,328 - - -
18 o5t Batch Normalization_5 256 1,024 - - -
19 | e Dense_2 512 131,584 - - -
20 e Batch Normalization_6 512 2,048 - - -
21 Dense_3 1,024 525,312 - - -
22 Batch Normalization_7 1,024 4,096 - - -
23 Reshape 1,024, 1 0 - - -
24 BiLSTM 32 2,304 - - -
R
25 O?IOI: Dense_4 10 330 - - -
26 ° Softmax 10 0 - - -
27 Total(Z ] AFE-E »2hu|g F): 1,715,210
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(Z 2> CNNz} CRNN XN=EE H|w
(S %, %p)
Number of Nodes in RNN Layers
Methods 1-Layer 2-Layers
16 32 616 | 3232
CNN 73.25
CRNN LSTM 74.08 73.96 73.69 73.08
BiLSTM 73.40 74.52 73.76 74.49
CNN vs LSTM 0.83" 0.71" 0.44 -0.17
CRNN BiLSTM 0.15 1277 0.51 125"
“p<.05, "p<.005, ""p<.0001.
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(E 3) CNNZ} ECRNN dET dH|w
(9 %, %p)

Number of Nodes in RNN Layers
Methods 1-Layer 2-Layers
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Number of Nodes in RNN Layers
Methods 1-Layer 2-Layers
16 32 16-16 32-32
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CRNN -
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LSTM 1.89™" 1.64™" 2.16™ 2477
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Abstract

In the era of big data, the field of artificial intelligence is showing remarkable growth, and in particular,
the image classification learning methods by deep learning are becoming an important area. Various
studies have been actively conducted to further improve the performance of CNNs, which have been
widely used in image classification, among which a representative method is the Convolutional Recurrent
Neural Network (CRNN) algorithm. The CRNN algorithm consists of a combination of CNN for image
classification and RNNs for recognizing time series elements. However, since the inputs used in the
RNN area of CRNN are the flatten values extracted by applying the convolution and pooling technique
to the image, pixel values in the same phase in the image appear in different order. And this makes
it difficult to propetly learn the sequence of arrangements in the image intended by the RNN. Therefore,
this study aims to improve image classification performance by proposing a novel hybrid method of
CNN and RNN applying the concepts of encoder and decoder. In this study, the effectiveness of the
new hybrid method was verified through various experiments. This study has academic implications in
that it broadens the applicability of encoder and decoder concepts, and the proposed method has advantages
in terms of model learning time and infrastructure construction costs as it does not significantly increase
complexity compared to conventional hybrid methods. In addition, this study has practical implications
in that it presents the possibility of improving the quality of services provided in various fields that
require accurate image classification.

Keywords: Deep Learning, CNN, RNN, LSTM, BiLSTM, CRNN
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