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ABSTRACT

Blind channel coding recognition is highly useful in non-cooperative communication environments, such as
cyber-electronic warfare. Blind channel coding recognition is a technique where the receiver identifies the
channel coding scheme without prior knowledge of the coding or any additional data processing. In this paper,
we propose CRANet, a network designed to improve channel coding recognition rates in blind environments by
utilizing CNN, Residual, and Attention mechanisms. Eight types of channel coding schemes were used: BCH,
Hamming, Product, RM, Polar, Golay, Convolutional, and Turbo. Simulation results show that the proposed
CRANet outperforms benchmark deep learning models such as TextCNN and CNN-BLSTM, with accuracy
improvements of up to 53.5% and 58.7%, respectively. Moreover, when using 2D CNN instead of 1D CNN,
the recognition performance improved by 41.36% at -4 dB. Notably, CRANet with 2D CNN achieved an
accuracy of 93.62% at 0dB.
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Layer name Output size Parameters
E 2. CRANet® £¥ z7] 2 sjejve] Filter 2
Table 2. CRANet™ Output size and parameters CRA Modulel 32 x 256 Stride 2
. CRA Module2 64 x 128 [1x2,2]
Layer name Output size Parameters
. CRA Module3 128 x 64 [1x2, 2]
Filter 3x3
Convl 32 x 64 x 64 Stride 2 CRA Module4 256 x 32 [1x2, 2]
Padding 1 CRA Module5 512 x 16 [1x2, 2]
CRA Modulel_1 | 32 x 64 x 64 [gig } ﬂ Global AvgPool 128 x 1 -
FC 8 x 1 -
3x3,1,1 .
CRA Modulel_2 32 x 64 x 64 3%3,1,1 Channel Attention - r=16
Conv2 64 x 32 x 32 (3%3,2,1] Spatial Attention - [1x3,1,1]
3x3,1,1
CRA Module2_1 64 x 32 x 32 [3><3 1 1] 4 S stolssietue 47
3%3,1,1 Table 4. Hyperparameters setting of training
CRA Module2_2 64 x 32 x 32 3%3.1.1
Hyperparameter setting
Conv3 128 x 16 x 16 [3x3,2,1] .
Activation LeakyReLU
3x3,1,1
CRA Module3_1 | 128 x 16 x 16 [3><3 1, 1] Optimizer Adam
3%3,1,1 Scheduler CosineAnnealingWarmUpRestarts
CRA Module3_2 | 128 x 16 x 16 [3><3 1 1] Dropout 025
GlobalAvgPool 128 x 1 x1 BatchNormalize -
FC 8 x1 - Batch size 300
Channel Attention - r=16 Epoch 100
Spatial Attention - [7x7,1,1] Early stopping 5
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Table 6. Performance comparison with and without the

attention mechanism(w/o A : without Attention mechanism)

Model Average accuray
CRANet? 96.34%
CRANet™® (wfo A) 93.22%
CRANet'? 78.74%
CRANet'™® (wjo A) 74.78%
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Table 7. CRANet model complexity

erformance Total Model Inference
Model parameters | size(MB) time(ms)
CRANet'? 444.753 4.59 0.0269
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