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Time and Accuracy Trade-Off of LPI Radar Classification Technology
Based on Time-Frequency Analysis and Deep Learning
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Abstract

Technology for classifying low probability of intercept (LPI) radar signals with speed and accuracy is critical for cognitive communi-
cation research. We used time-frequency analysis (TFA) and deep learning to classify 12 typical LPI radar signals. Traditional methods
use the Choi-Williams distribution (CWD), which requires more than 500 times longer TFA generation time than the spectrogram
method. In this paper, we show the trade-off relationship between classification accuracy and detection time using a spectrogram, Wigner
-Ville distribution (WVD), and CWD as the training datasets. As a result, the CWD model showed higher accuracy than the spectrogram
model, but the prediction time was more than 200 times longer. The accuracy difference was only 1 %p for an SNR over —2 dB,
but it reached 7.5%p for an SNR of —10 dB. Therefore, a lower SNR shows a distinct trade-off between prediction time and accuracy,
depending on the type of TFA.
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Table 1. Frequency and phase of LPI radar signal.
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Table 2. Known Barker code.

Code length Barker code
2 1,-1
3 11,1
4 1,1,-1,1
5 L,1,1,-1,1
7 LL1-1-1,1,1
11 L1111, 111,11
13 L1LL1L1-1,-1,1,1,-1,1,-1,1
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Table 3. Range of random variable for train dataset.

Modulation type

Parameters

Range

Center frequency

U[0.05 £, 045 f]

Barker
Barker code length {3,4,5,7,11,13}
LEM Start frequency U[0.05 £, 045 £]
Stop frequency U[0.05 £, 0.45 £]
Costas code length {3,4,5,6}
Costas Min frequency U[0.05 £, 045 f]
Max frequency U[0.05 £, 045 f]
Frank, 1 Center frequency U[0.05 £, 045 f]
Polyphase segments {4,5,6,7,8,9,10}
- Center frequency U[0.05 £, 045 f]
Polyphase segments {4,6,8,10}
P3. P4 Center frequency U[0.05 £, 045 f]
’ Compression ratio ({4,5,6,7,8,9,10})2
Center frequency U[0.05 £, 045 £]
T1, T2 Time segments {4,5,6,7,8,9,10}
Phase segments {4,5,6,7,8,9,10}
Center frequency U[0.05 £, 045 f]
T3, T4 Bandwidth U[0.01 £, 0.01 £]
Phase segments {4,5,6,7,8,9,10}
Signal length 1,024
Common —10,—8,—6,—4,—2,0,2,
SNR { 4,68} dB
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Fig. 1. TFA of Costas signal; (a), (b), (c): spectrogram,
WVD, CWD of Costas signal without noise; (d),
(e), (f): spectrogram, WVD, CWD of 0 dB SNR
Costas signal.
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Fig. 2. Neural network with convolutional layers.
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Table 4. Total prediction time of LPI radar classification
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TFA Generation time | Total prediction time
Spectrogram 0.360 ms 0.864 ms

WVD 1.780 ms 2284 ms

CWD 207.314 ms 207.818 ms
0.504 ms7} A~ E ATk 22804 S48 TFA A4 A17F
3} 919 Q13 A dZ NS el HE AR A7
= ANE 5 Aok ® 4= HAE E%d ‘%L TFA
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Table 5. Prediction result of model 1 (spectrogram) for —6 dB SNR signals.
SPEC LFM Barker | Costas Frank P1 P2 P3 P4 T1 T2 T3 T4
LFM 990 0 1 0 0 7 1 0 1 0 0
Barker 0 964 0 4 3 6 0 1 14 3 5
Costas 1 3 986 0 1 2 1 0 1 1 4
Frank 0 24 3 774 7 0 150 8 4 14 6 10
P1 0 0 0 1 635 0 0 298 46 17 1 2
P2 0 2 0 0 0 996 0 0 0 0 2
P3 0 2 4 168 2 0 764 8 2 3 23 24
P4 0 0 1 0 142 1 0 814 28 7 5 2
T1 1 1 0 2 101 0 3 90 678 93 21 10
T2 0 16 2 3 50 0 0 43 130 738 9 4
T3 0 11 0 4 12 1 2 42 14 14 767 133
T4 0 4 0 4 3 3 5 26 5 9 59 882
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H 6. 29 2WVD)2 —6 dB SNR A% A& A}
Table 6. Prediction result of model 2 (WVD) for —6 dB SNR signals.

WVD LFM Barker | Costas Frank P1 P2 P3 P4 T1 T2 T3 T4
LFM 884 3 16 6 7 6 4 2 28 41 0 3
Barker 1 641 10 66 45 21 23 5 35 61 34 58
Costas 1 18 716 20 9 25 49 11 50 19 25 57
Frank 0 46 34 388 27 3 296 23 55 23 40 65
P1 1 22 11 26 310 6 52 359 93 43 24 53
P2 4 77 42 10 39 506 9 57 4 38 86 128
P3 0 8 22 131 23 1 622 33 37 15 34 74
P4 0 6 11 15 159 6 59 589 66 18 23 48
Tl 2 19 23 45 60 3 93 80 465 63 69 78
T2 4 59 19 73 66 9 43 53 163 413 37 56
T3 0 25 18 37 10 6 84 41 96 28 485 170
T4 0 16 7 13 23 3 27 29 24 12 26 820

B 7. 29 3(CWD)Y —6 dB SNR 413 oZ A3}
Table 7. Prediction result of model 3 (CWD) for —6 dB SNR signals.

CWD LFM Barker | Costas Frank P1 P2 P3 P4 Tl T2 T3 T4

LFM 997 0 1 0 0 0 0 0 2 0 0 0

Barker 0 972 0 3 4 9 0 0 1 9 1 1

Costas 3 1 968 4 3 13 1 5 1 1

Frank 0 19 0 834 3 0 133 1 1 2

P1 0 2 0 0 708 0 0 185 82 18 3 2

P2 0 1 0 0 0 997 0 0 2 0

P3 0 1 1 123 1 0 861 3 5 5

P4 0 1 0 1 151 0 0 772 40 14 16 5

Tl 0 0 0 0 45 0 2 24 820 83 21 5

T2 0 19 0 4 26 1 0 14 120 812 2 2

T3 0 13 0 4 0 2 0 1 11 3 869 97

T4 0 2 3 0 7 4 0 3 6 3 129 843
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