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Fusion recognition of radar emitter signals based on multiple
transform domain features
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Abstract: In response to the problems of low information utilization and poor anti-noise performance in existing
recognition methods for radar emitter signals of complex systems, we proposed an ensemble deep neural network
recognition method integrating multiple transform domain features of radar emitter signals. Firstly, based on the
three transform domain methods of bispectrum estimation, ambiguity function ( AF), and Hilbert-Huang transform
(HHT) , we processed the emitter signals, extracted, and transformed the signal’ s rectangular integral bispectrum
feature, AF orthogonal slice feature, and Hilbert marginal spectrum feature into two-dimensional feature images
with stronger expressiveness and interpretability. Then, we constructed a fusion recognition model framework based
on ResNetl8 + multilayer perceptron ( MLP ), took multiple ResNetl8 as base learners to perform primary
recognition on the datasets of three transform domain features, and obtained feature vectors represented by
probabilities. Finally, we conducted fusion learning on the feature vectors via the MLP and output the final signal
category information. The experimental results show that the proposed method maintains an overall average
recognition rate of above 99.23% for six classes of radar emitter signals at a signal-to-noise ratio (SNR) of 0 dB.
Even in the low SNR environment of —4 dB, the recognition rate remains stable at above 96.54% . The results
verify the effectiveness and better performance of the proposed method.
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Fig.1  Three-dimensional diagram of AF of six kinds of radar
emitter signals at 10 dB SNR
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Fig.2  AF orthogonal slices of six kinds of radar emitter signals
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Tab.2 Comparison of recognition results before and after multi-

domain fusion

A SNR N TR SIHBIZ/ %
-4dB -2dB  0dB  2dB  4dB

SRR

AF IE3ZY A 94.56  96.45 98.42  99.58 100

Hilbert 15 92.89 95.32  97.83 99.19  99.86

HOB R R 93.75 96.08 98.16 99.37 100
ZW G 96.54 98.17 99.23 99.89 100
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Fig.9  Comparison of recognition performance of different learners
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Tab.3  Comparison of recognition time of different learners

S EREEH PUNFEE/s
VGG16 + MLP 846.45
AlexNet + MLP 194.12

ResNet18 + MLP 248.76
ResNet18 + GBDT 417.18
DenseNet121 + MLP 589.57
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AR PURIFE I ek, (BRI B8ORS B VGG16 2
HRZEA 10 R Z B Z M4 ARG 4,
SHE R, ) BB T O ) SRR 2 3



53

Friafh, 4 JET 2 AR BB AE Y B IR AR ST IR = Al A U - 95

S H AR BFERT K ; DenseNet121 A RISCR 5
ResNet18 155 B PR 51| 20 SR 8230, WS S5 B B, (H i 24
Ifra] AN

F BF, 5 ResNetl8 + MLP #H I, ResNetl8 +
GBDT HJR 51 A5 BE W& 5, {H GBDT ( gradient boosting
decision tree ) J& 3 T ¥ 51 () 45 )7, B kA% AR AR
T BT — AT PR B R UM FERT RS T
AR ResNet18 1E AR AR A B2 2] 2% 5L A
TRLESE RS GRad B DA G R R R )
[R) R, {175 48 5 T2 2 Fpo A, gEmEe o+ 184~ R
SBIRIHE R A LU R s MLP 1E R t2: > 48 AR IR
SAG EERSA T GBDT  {HFERT 55, B4 & SE B
st
3.4 5 ANIHHEHREAEILE

RARGEA SO $E J7 ¥ W RE S5 R HL DTW
PEBRRAE T T 4R B = SRR AF A AR B3
FEAENS 3 b N TSR BURRAE J5 2 0 47 X L, &5 2R n
10J7

100 r —— ——— b
— —v //‘//
e
Wz L
95| 5 .
/
/ »
X 90¢t //
{*ﬁ' // 'y
| /
K ogs5f .
—u- AFRR AR AR SRR AIE
80 ~o- DTWH B RFHIE
—A- MY = YERHE
v A ICRFAE
75 1 1 1 1 1 1
2 0 2 4 6 8 10
fZMLE/dB

B 10 5ATHERIG AR

Fig. 10  Comparison with manual feature extraction method
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Tab.4  Comparison of algorithm complexity of different methods
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