DEBEris

= 22-47-04-08 The Journal of Korean Institute of Communications and Information Sciences *22-04 Vol.47 No.04
https://doi.org/10.7840/kics.2022.47.4.615

AAEAD Pl EHIE B4 olulx| T
Hed = A

=AW, AN, 2 EA

o

N

2L x]e
i

’

Design of the Image-Based Deep Learning Model Using a
Pre-Training Deep Learning Network
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ABSTRACT

In this paper, an image-based deep learning model is designed for Automatic Modulation Classification
(AMC) in cognitive radio. The proposed design method consists of a signal-based deep learning model and an
image-based deep learning model, and a Convolutional Neural Network (CNN) is used for the deep learning
network type. The signal-based deep learning model is trained in units of a frame which is composed of 1024
signal samples. Before being used for training, the frame is normalized through the Root Mean Square (RMS)
method, and the frame is dividied into the real part and the imaginary part. The proposed signal-based deep
learning model is analyzed according to the filter size of the convolution layer and optimized by specifying
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1x8 filter size. The image-based deep learning model is trained through images that is from the extracted

feature data using the pretrained signal-based deep learning network, and predicted each modulation type. The

feature size is 241, which is extracted through the Fully-Connected layer of the signal-based deep learning

network, and the features are converted into Red, Green, and Blue (RGB) images according to the -30 - +30

scale range. The prediction performance of the proposed model shows 2.13%, 4.05% and 9.47% higher
accuracy at Signal-to-Noise Ratio (SNR) 10 dB, and 2.12%, 3.4% and 4.26% higher accuracy at SNR 0 dB
than the conventional models ECNN, SCGNet and MCNet, respectively.
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Fig. 2. Signal-based CNN (SBCNN) architecture
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Table 1. The description of SBCNN.
Filter .
Type Size Output Size | Parameters
Input - 21024 -
ConvB | 1X8 | 2X1024X32 352
ConvB | 3X1 | 2X1024X32 318
MPool 1X2 | 2X512X32 -
ABlock
ConvB | 1X8 | 2X512X32 8,288
ConvB | 3X1 | 2X512X32 3,168
MPool 1X2 | 2X512X32 -
ConvB | 1X1 | 2X256X32 1,120
ConvB | 1X8 | 2X256X16 4,144
ConvB | 3X1 | 2X256X16 816
ConvB | 1X1 | 2X256X32 608
BBlock

ConvB | 1X1 | 2X256X32 1,120

ConvB | 1X8 | 2X256X16 4,144

ConvB | 3X1 | 2X256X16 816
ConvB | 1X1 | 2X256X32 608
APool 2X1 1X256<32 -
ConvB | 1X1 1X256 <64 2,240
ConvB | 1X8 1X256<32 16,480
ConvB | 1X1 1X256 <64 4,240

CBlock | ConvB | 1X1 | 1X256X64 4,288

ConvB | 1X8 | 1X256X32 16,480
ConvB | 1X1 | 1X256X64 2,240
GAPool - 1X1X64 -
DO - - -
FC - 1X1X64 1,560
Output | Softmax - 1X1X24 -
Output - 1X1X24 -
Total - - 73,030
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Table 2 The description of image-based CNN.

Filter .
Type Size Output Size | Parameters
Input - 24 X1X3 -
ConvB | 3X1 | 24X1X32 384
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) 6X1X16
ConvB | 1X1 6X1X64 2,240
ConvB | 1X1 | 6X1X128 8,576
CBlock
3x1 6X1X32 12,384
(€1
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(2) 6 3
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Output | Softmax - 1X1X24 -
Output - 1X1X24 -
Total - - 54,504
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Table 3. The -configuration for signal-based CNN
simulation.

Type Value
MaxEpochs 40
MiniBatchSize 64
InitialLearnRate 0.1
LearnRateDropPeriod 35
LearnRateDropFactor 0.1
Optimizer SGDM
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Table 4. The performance comparison of each modulation.
SNR Name | 128APSK |128QAM| 16APSK | 16PSK 16QAM | 256QAM |32APSK | 32PSK |32QAM | 4ASK | 64APSK [64QAM
ECNN 4.3 6.8 77 33.6 100 63.6 49 100 81.6 59 13.2 69.1
0dB SBCNN 15.8 7.8 74.1 25.8 99.7 65.2 68.1 100 83.1 9.28 24.5 49.8
IBCNN 4.5 8 79.3 354 99.8 64.5 52.8 100 81.5 232 21.8 56.2
ECNN 18.2 14.8 75.6 58.9 100 69 84.9 100 922 39.7 24.1 64.6
2dB SBCNN 10.3 1.5 60 67.7 100 554 85.5 100 97.6 35.6 333 494
IBCNN 17.7 18.4 85.1 72.8 100 67.2 88.6 100 81.9 52.3 335 67.1
ECNN 274 31.9 96.3 96.8 100 65.8 99.9 100 94.7 62.3 589 62.1
4dB SBCNN 453 284 95.8 99.1 100 66 100 100 99 724 714 61.6
IBCNN 56.2 40.2 98.1 99.1 100 64.3 99.8 100 98.4 70.2 74.4 61.5
ECNN 574 58.7 89.8 99 100 68.4 100 100 99.3 80.8 87.2 62.3
6dB SBCNN 76.1 36.2 99.8 100 100 65.5 100 100 99.8 89.3 919 54.5
IBCNN 81.8 64.4 100 100 100 63 100 100 99.8 94.1 952 64.3
ECNN 78 73.9 100 99.6 100 69.1 100 100 99.8 93.7 96.7 64.3
8dB SBCNN 89.3 85.1 100 99.88 100 66.3 100 100 99.8 98.4 99.5 59.5
IBCNN 93.6 88.8 100 100 100 68.1 100 100 100 99.7 99.2 63.9
ECNN 86.9 88.6 100 99.6 100 65.6 100 100 99.9 97.4 99.1 63.1
10dB | SBCNN 94.5 93.7 100 100 100 62.5 100 100 100 99.6 100 60.6
IBCNN 95.9 954 100 100 100 66.3 100 100 100 99.8 99.7 65.2
ECNN 91.1 924 100 99.8 100 68.1 100 100 100 99 99.5 63.1
12dB | SBCNN 99 97.4 100 100 100 69.1 100 100 100 99.8 100 67
IBCNN 97.3 98 100 100 100 67 100 100 100 100 100 68.6
ECNN 9224 93.2 100 99.8 100 64.5 100 100 100 98.8 99.8 61.3
14dB | SBCNN 96.2 97.9 100 100 100 67.1 100 100 100 100 100 65.9
IBCNN 98 97.4 100 100 100 67.5 100 100 100 100 100 65.2
AM-DSB-| AM-DSB- | AM-SSB- | AM-SSB-
SNR Name 8ASK 8PSK sC wC sc wC BPSK M GMSK | OOK | OQPSK | QPSK
ECNN 23.7 56.4 15.5 100 15.3 66.4 74 100 98.7 100 31.6 73.1
0dB SBCNN 2.08 66.1 223 100 7.08 83.8 73.6 100 98.9 100 323 76.5
IBCNN 36.6 69.7 26.9 100 16.3 79.4 81.5 100 99.3 100 12.9 80.2
ECNN 49.7 79 33.6 100 19.3 87.9 92.3 100 100 100 36.5 84.1
2dB SBCNN 61.1 83.5 522 100 383 95.9 95.2 100 100 100 26.2 91.3
IBCNN 50.1 91.8 48.2 100 28.5 89.01 95.9 100 100 100 41.6 86.8
ECNN 63.7 95.6 41.4 100 41.1 92.6 99 100 100 100 50.4 90.4
4dB SBCNN 33 97.1 44.8 100 52.7 90.9 99.2 100 100 100 96.2 90.2
IBCNN 63.3 99.2 49.6 100 64.9 92.5 100 100 100 100 45.6 93.6
ECNN 79.4 99 442 100 82.7 94.5 100 100 100 100 95.5 89.7
6dB SBCNN 67.5 100 68.8 100 94.5 98.2 99.8 100 100 100 80.4 92.4
IBCNN 79.2 100 58 100 95.1 93.77 100 100 100 100 74.3 94.5
ECNN 97.2 99.6 56 100 93.4 94.9 100 100 100 100 99.8 93.2
8dB SBCNN 98.2 100 70.4 100 99.3 97.9 100 100 100 100 100 94.8
IBCNN 99.1 100 835 100 99.5 95.1 100 100 100 100 99.6 92.5
ECNN 98 100 71.6 100 98.8 97.2 99.9 100 100 100 100 93.9
10dB | SBCNN 99.7 100 87.5 100 99.8 98.2 100 100 100 100 100 96.2
IBCNN 100 100 94.1 100 100 94.5 100 100 100 100 100 94.9
ECNN 99.4 100 78 100 99.1 96.9 100 100 100 100 100 95.1
12 dB | SBCNN 99.8 100 81.56 100 100 93 100 100 100 100 100 90.9
IBCNN 100 99.8 96.4 100 100 932 100 100 100 100 100 93.8
ECNN 99.5 99.9 86.3 100 99.4 98.2 100 100 100 100 100 93.9
14 dB | SBCNN 100 100 92.31 100 100 93.7 100 100 100 100 100 94.6
IBCNN 100 100 96.7 100 100 94.9 100 100 100 100 100 95.2
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Fig. 6. Converted images of 24 modulation types
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