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[ Abstract] Aiming at the identification problems that Smeared Spectrum ( SMSP) , Chopping and Interleaving (C&1) ,
smart noise jamming ,the composite jamming of noise amplitude modulation and noise range deception,and the composite
jamming of noise frequency modulation and noise range deception. This paper proposes a SAE-GA-SVM-based
identification model algorithm , which can identify. The algorithm constructs a mathematical model for target echo and
jamming signals, employing a multi-domain joint feature extraction method to extract the 47-dimensional features. In
order to effectively remove redundant data and_.mnaintain a high identification rate, the Stacked Auto-Encoder ( SAE)
algorithm in deep learning is adopted. By using the\SAE structure,a mutual mapping between high-dimensional space and
low-dimensional space is constructed to obtain the'corresponding optimal low-dimensional representation of raw data.
Then the Genetic Algorithm ( GA) is useéd,to ‘optimize the penalty factor and kernel function parameters of Support Vector
Machine( SVM) ,and on this basis.the, SAE-GA-SVM-based model for new radar jamming identification is established.
Simulation results show that thé proposed model can effectively reduce the feature dimension, and its classification
accuracy is 10% higher than‘thatwef the traditional detection models.
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Table 1 Feature categories extracted by multi<domains jointly
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Table 2  Recognition rate of various jamming signals %

T IJNR IJNR iy JNR IJNR INR Hy JNR INR Hy IJNR iy INR Hy INR Hy
-12 dB -10 dB -8 dB -6 dB -4 dB -2 dB 0 dB 2 dB 4 dB 6 dB

[l + V) 7 B 38.19 58.01 73.41 93.82 99.27 99.77 100. 00 100. 00 100. 00 100. 00
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4.2.2 51 RURIE T S A SAE (1R

D R R 2% I B0 TR 5 DL KA A R A 4
JEE A SCEE XS SAE FRFAIE I - R AR 1 AR S 9 0 L K%
L5 R M, SAE WSS K X 73 S RN U A B EE Y
SO, ARIESRIBCE 47 4ERSAE 1) B OE 2 2 RBM
FIERREAEAL B AR B35 s B 47, T 1 R
JE R AR R DG B, R T LA B Y 1 I 2 T
PesE TR A SRR R ICRE 1 o — T T, Y RO 2

FEAE NS N 2 1) 2% 2T g 0 5 5 — 7 1, 19 S8 3 £
SR 45 W2 AL RE J1, B LA R R R OF Hol
SRR R . AR 4.2, 1 1100 EL L0 45
FEWE INR = - 10 dB (54T, 38 i 52 405 R I% 7 1L
STEGXT 6 Bl 5 2 = A 600 AN I SR AEAS, Bl HL A
B 200 A4 R4 5 A HEF T 100 YA B S5, B
PIEAE R 15 B 5L 56 45 5%, SAE-SVM #5812 ik ' HL
e 3 pim.



446 & 6 M) BB XIH R

filt, 55 HE T SAE-GA-SVM #4519 77 38 37 LT 4 Uil

285
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Table 3 SAE-SVM parameter settings

SAE-SVM £ % 2Rl
Number of RBM Layers 2
Sae. ae {1} . activation_function sigm
Sae. aef{1}.learningRate 1.0
Sae. ae {2} . activation_function sigm
Sae. ae{2} . learningRate 1.0
Sae. opts. numepochs 300
Sae. opts. batchsize 10
Nn. activation_function sigm
Nn. learningRate 1.0
Nn. opts. numepochs 100
Nn. opts. batchsize 10
SVM kernel type RBF
C value 2
SVM gamma value 0.167
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Table 4 / Effect of number of first hidden layer nodes on SAE performance

SAE %iHy BAREONY o ARRHA 20 EAREC 60 EAKECT 80 25 ALKENL00 /;/ -

0 N S
47-20-10 0.594 9 0/102'9 0.060 0 0.053 2 0.052 0 93.81 12.25
47-30-10 0.4373 0.107 3 0.065 3 0.061 3 04052 6 94.31 12.90
47-40-10 0.828 8 0.164 4 0.067 3 0.060 2 0057 8 94.63 13.18
47-50-10 0.736 5 0.101 1 0.618 4 0.058 2 0.047 9 94.40 13.78
47-60-10 0,475 7 0.1158 0.061 6 0060 2 0.052 0 95.50 13.48
47-70-10 0.402 0 0.098 9 0.059 7 0.046 1 0.053 4 95.10 14.69
47-80-10 0.393 8 0.107 8 0.058 2 0.055 1 0.054 4 94.76 14.78
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Table 5 Effect of number of output layer nodes on SAE

performance
(EEE | SEHRG /% S YI it ] /s
47-60-3 94.44 13.95
47-60-4 94.22 13.81
47-60-5 94.50 13.59
47-60-6 94.25 14.06
47-60-7 94.08 13.88
47-60-8 94.39 13.57
47-60-9 94.15 13.48
47-60-10 95.50 13.64
47-60-11 94.37 13.95
47-60-12 93.89 14.01
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Table 6 Comparison of recognition performance of different classification algorithms
T INR Ny INR Hy INR Hy INR H INR Hy INR INR Hy SE I 25 S H
7 ! -12 dB -10 dB -8 dB -6 dB -4 dB -2 dB 0 dB I [a] /s it [a] /s
47-SAE-10
90.25% 96.25% 97.75% 99.10% 100% 100% 100% 115.64 1.36
GA-SVM
47-Fisher-SFS-20-
SYM™ 79.35% 85.34% 94, 28% 84.69% 88.31% 97.06% 91.69% 0.21 4.15
47-PCA-
s 77.56% 83.23% 86.56% 81.59% 87.36% 97.51% 97.21% 1.15 3.89
10-SVM'®!
47-PCA-GA-
1o 81.25% 83.50% 88.75% 85.25% 88.00% 98.10% 97.50% 157.56 3.75
10-svM!1?]
47-KPCA-10-SVM 80.58% 84\ 69% 87.49% 82.78% 88.35% 98.15% 99.70% 4.18 1.96
47-SVM 78.84% 86.17% 92.48% 97.94% 99.46% 99.92% 99.97% 0.05 5.02
5 mwiE R s AT AR Lk 0 B e 2 S A S B R R
= =

AR SCET R B 5T BT B U R A, R — A
#£ T SAE-GA-SVM Wy Tk KR . 45 & 70 B
W55 B R A R 2 UK A 1 5 IR R IR S
I S /N B X SRR A, 43 5 5s 6 Bl o)
AT HEAT PERE AT LU, SAE AR 5 1 28 I 28 25 kg %of i

FRAEZERE o (5 BLA5 R R W], M T 4% G2 10 0 2B
7, SAE-GA-SVM H A 8 i iR Bl HEdl R . W T
AR SCR 75 18 2 T iR 3K T P 5 TR i E ARk
BLERI AR B0 LA B B2 A 38 2R A 1) B0 30 0 A7 25 Mg Tl 4k B
S TR A SR ME R, T — 2R ik g AT
W,
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