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Radar Emitter Signal Recognition Based on Convolutional Bidirectional
Long- and Short-Term Memory Network
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Abstract Radar emitter signal recognition is an important means to defeat the enemy on the actual battlefield. To solve
the problems of incomplete characteristic parameters and low timeliness of an artificial extraction’s radar emitter signal,
based on the unique role of the ambiguity function in characterizing the internal structure of the signal, this study proposes a
recognition method for convolutional bidirectional long- and short-term memory network combined with the transformation
of the main ridge coordinate of the ambiguity function. First, to amplify the difference between different signals, the main
ridge section was mathematically converted into a geometric image in the polar coordinate domain, which was used as the
input of a neural network. Second, a convolutional neural network was designed to excavate the feature information of a
two-dimensional time-frequency map. Finally, a bidirectional long- and short-term memory network was built to classify
and recognize the extracted features. Simulation results show that the proposed method maintains 100% accuracy even
when the signal-to-noise ratio is above 0 dB, the recognition rate reaches above 93.58% even at — 6 dB, and the signal
classification time is effectively shortened. Furthermore, the proposed method extracts the hidden abstract features of the
signal and produces good timeliness and antinoise performances.
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1 The experimental platform: Matlab2019

2 Initial change;

3 Emitter: radar emitter to be classified

4 Num: number of signals generated by each radar emitter
5 SNR: signal-to-noise ratio

6 n: signal length

7 M: signal resampling length

8 for all Emitter do

9 for all SNR do

10 for all Num do

11 discrete signals: s(n);

12 resample s(n) because of M/n;

13 find the AFMR polar coordinate diagram according to section 1.1;
14 using 80-point average filtering twice to reduce the noise of the AFMR polar graph;
15 grayed out, resampled to [300 300 1] and saved,;
16 end for

17 end for

18 end for

19 Experimental platform: Python3.6 and Tensorflow1.15.0;
20 Using CNN_Bi_LSTM to classification and recognition;

21

Statistical recognition rate and time

K6 JT CNN_Bi_LSTM B A b AFMR 1 i Ui 5 7%
Fig. 6 Polar coordinate AFMR aspect recognition algorithm based on CNN_Bi_LSTM
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Table 1 Experimental results of different network structures

Number Structure Loss
1 3CNN+1Bi_ LSTM 0.2743
2 4CNN+1Bi_LSTM 0.2026
3 5CNN-+1Bi_LSTM 0. 3030
4 3CNN+2Bi_LSTM 0. 2865
5 4CNN+2Bi_LSTM 0.2633
6 5CNN-+2Bi_LSTM 0.3255
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Table 2 Recognition rate of different classification methods

Recognition rate /% Time of an
Number Method

—6dB —4dB —2dB 0dB 2dB epoch /s

1 Proposed method 93.58 96. 88 99. 83 100 1 59

2 One-dimensional AFMR+LSTM 85.12 93.24 96. 27 99. 25 1 165

3 One-dimensional AFMR+SAE 82.33 96.83 98.83 99.55 1 96

4 One-dimensional AFMR+Bi_LSTM 86. 12 94.57 95.63 99.42 1 462

5 Two-dimensional AFMR-+CNN 93.17 96. 33 99. 50 100 1 85
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