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Radar emitter signal recognition based on ambiguity function contour
lines and stacked denoising auto-encoders
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(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology,
Kunming 650500, China; 2. Computing Center, Kunming University of Science and Technology, Kunming 650500, China)

Abstract : The complex radar emitter signal recognition methods have problems of poor anti-noise performance, low recognition rate, etc.
To address these issues, we propose a new recognition method based on ambiguity function contour lines and stacked denoising auto-
encoders. First, the ambiguity function is processed by the Gaussian smoothing and the contour lines are calculated by linear
interpolation. Then, principal component analysis is used to reduce its feature dimension. The main ambiguity energy information is
remained. Finally, deep learning stacked denoising auto-encoders are established to learn and extract the deep and more ubiquitous
features of contour lines. The Softmax classifier is used to classify them. Simulation experiments show that the overall average recognition
rates of six types of typical radar signals are all above 99. 83% when the signal-noise ratio is 0 dB. The recognition rate can also reach
83.67% when the signal-noise ratio is —6 dB. Results prove that this method has good performance and feasibility under the extremely
low signal-noise ratio conditions.
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Fig. 13 Performance comparison with manual feature extraction
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Fig. 15 Performance comparison of different signal input forms

i1 [& 15 A1, AFCL #11 AFMR 7 SNR=-2 dB i},
SIVERG R REIL E] 95% LA_b, HAHZEARF] 3% , 7E1iK SNR
BT, AR BUREAE RN AF AE % A B0 U0 25T [ 0R
FEREA, o DL AT 1B R4 ARHE -6 dB BHEGRA N
56% , AN GnHAD 3 FIE L, DL AFMR AF R di A 7E 5%
PET AR5 82% , T LA AFCL 7E i A REL % 83. 67%
AR AE T oA 3 i A TS, U AFE S 24 M S AT T,
AFCL iR B AR S5 IR 2B g /{5 8., PUe M e s
I BURAE AERICOR  TEI S B 4 rh 5 BRI 2, HoR
SR IBUAT ] e MR A i, DAY 0Hb ] 25 25 0 R R0 260 72%
LZEGT, W SHIRAS S 1Y AF FPiF 8 IR 2 6 AFCL,
WEREA SRR AF BIRHIELESL, NHEFL A SDAE 4% i) %
Mk BE, R 7EIG SNR PR EE T 151 R b 5B 15 21 F 2L
TREE
3.3 HBELES

B ) AR R 52 e 6 R FE 27 ) W 4% i PR RE R
A R J AT e P B B 22 A RRAIE 2 i A A R ) ) i
KTERIAET . A SCR A PCA % AFCL B #E 1T
V4t | RS ERE 4500 SDAE [ 2% 1 1] 2 i 5 ) | 16 4%
SNR=-6 dB REHE A HEA TS50 45 R anEl 16 i,

M 16 143 M #5495 AE 4 B0 AR, (R R 2l
PCA 4bFRJ5 19 AFCL Fr i 88 B e i 15 258D | A
SDAE W 4% 2% > UR A AR B AR U R A Ik, Bl 2 4
BN, N RAE B R AR LT, BT LUE B 4R 4
BT 300 B, IR AIROR R 2 . 256 5 TR 2% 1) R
TE B IBGEE J3 AN B0 1) 56 B, TR I AR SRR A1F 4 451k %
363, X 5 1 LI RIA 3,

09r
081
0.7r
0.6r
; 0.5}
041
031

0.2

Ol 100 200 300 400 500 600
RHE4ER
P16 AR AR B A 5
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