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Abstract: Considering the problem of radar target detection in the sea clutter environment, this paper proposes
a deep learning-based marine target detector. The proposed detector increases the differences between the
target and clutter by fusing multiple complementary features extracted from different data sources, thereby
improving the detection performance for marine targets. Specifically, the detector uses two feature extraction
branches to extract multiple levels of fast-time and range features from the range profiles and the range-
Doppler (RD) spectrum, respectively. Subsequently, the local-global feature extraction structure is developed to
extract the sequence relations from the slow time or Doppler dimension of the features. Furthermore, the
feature fusion block is proposed based on adaptive convolution weight learning to efficiently fuse slow-fast time

and RD features. Finally, the detection results are obtained through upsampling and nonlinear mapping to the
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fused multiple levels of features. Experiments on two public radar databases validated the detection

performance of the proposed detector.
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Fig. 1 Range profiles of #17 sub-data set with HH polarization
in IPIX database
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Fig. 4 The structure of sequence feature extraction block
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Tab. 3 Information of sub-dataset in IPIX database
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Tab. 6 Detection performance of different feature

fusion approaches
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Fig. 7 Detection performance of various detectors in IPIX database

m TR R FrR MEF R 2% 7] LA Al &
M FHE I PR AL . AN, PTIRMFF A
T2 AT DA I 2 R A 5 e ) 48 i o=
o MG Al I A% T B MEF F e i 45 X 6 0
RFAESRIE SR H bR Ak A0 2% B RFALE X 0 5
SR. PRI, P HRMEFAS I 5% 75 - 12 S B fiE R
ALK 1 ] g 182 G 00 188 2 B v

4.5 BIRIBRMEBER LRSI

AT S H F T IE SR B s Sk BT I MEFF
Ky 2246 F1ICA-CFAR, GO-CFAR AKX SO-CFAR
S e R R A AR AT MR RE XS L. R TR
RE 20,000 TR, 44N I 88 7 0 48 45 - Al
PERE IR OFT . MFEIFTLLE R, M T HAh3A
28 BfE RG2S, FTHEMEFF R I 8% 75 SZ bR i



Fx

T R B TIRIE S I 2 R LA Gl I H AR KRN T i 9

ERPARMIEOLT , R BER B . X U] TR
MFF eI 25 78 = 2% i i A 85 T A 4k gE A8 T34
20 Y fE R AR TN

NT B RAABILATHEME FAR I 2% 1 K 0 2k 51
BE— 2 AT A A A TN 5 8 T R b e I 45 2R

R 7 NEHEN R EIPIXBURE T RIR A BEE LR e N
Tab. 7 Averagely detection probability of various detectors in

IPIX database with different polarizations
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Tab. 9 Detection performance of various detectors
in SDRDSP database
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Tab. 8 Averagely actual false alarm rate of various detectors in
IPIX database with different polarizations
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