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Bistatic radar weak moving target detection method based on DB-YOLO

LU Yuan, SONG Jie, XIONG Wei, CHEN Xiaolong

(Research Institute of Information Fusion, Naval Aviation University , Yantai Shandong 264001, China)

Abstract: Non-cooperative bistatic radar has a low signal-to—noise ratio in the echo due to its
special detection method. In particular, the detection between frames in the radar scanning cycle for
maritime moving targets is not stable, which will bring great difficulties for subsequent target tracking.
The low threshold Constant False Alarm Rate(CFAR) detector is employed to match the detection results
of radar range—Doppler dimension and range—azimuth dimension to obtain the corresponding mask map,
and the potential moving targets are found. Then, a Double Backbone-YOLO(DB-YOLO) that fuses
multi-dimensional feature information is proposed. The network adopts a dual-trunk structure, extracts
the features of the moving target mask map and the same-scale P—display map under its mapping, and
uses a deep separable convolution module to reduce the model parameters of the network. Finally, the
comparison experiments with Faster RCNN, YOLOv5 and its common variant YOLOv5-ConvNeXt show
that DB=YOLO effectively improves the target detection performance and ensures the inference speed,
which lays a foundation for target tracking of noncooperative bistatic radar.

Keywords: non-cooperative bistatic radar; target detection; DB-YOLO; feature fusion

BEE A R GG H 25 S 2%, B A IRTR N b T H E3h R S RL, AL WEOr R, AIFG
PR AT ik, BEESEXCER T L . BB VR R4 00 B AR R G2 VAR G VR Ik fm IR, 56 T XU
A TAE 20, JF R HAR BRI B JCIR M R g, X F A A TR TRk, 3B A 1F B0k 1 75 3k ol v
U, AR, “DUdTT BE R, AT DA RO MR T A RN O, BA B R AR R g TAE
J HR DUAE S B A 4R S R S 0 BAR AR S N 27, I A b HAR O R AE S, DA S B H A Y o
BREECY, AHEE A 1E UL T TR H 2 SR 0 AN 0 P DA B U b L AT RS AR 4 B, A 0 A R e T I i 2 )
Ao, [ D R v R SR T S AR R 2 B G T 2 52 LRl AR TR g B el T A A R Y IR IR £
BT, [FE RS A 23 ok — 2 2. R Z MR R ILFEE M S S BHBREESRS, BnE
KimHEE: 2023-06-16; f&EIHHR: 2023-08-21
HEWH: FEARPEILE I H(61971433); WA 4810235 1B B H (tsqn202211247)




552 1 b RZ: ETFDB-YOLOWINEMFILEizzh BIrEiN 7% 133

W LU, G AR BURE b 7R 2K 45 4 A 30 2 1) Wit 5 ot 2 [) Y B AGI OF AN RS o PR, ek B RS R AT R E SR I A 4 2
IS TH I A Pz — o 1H R A (CFAR) R S — Fl 28 i i) B 38 H AR R I B R, AT LAAR i 75 35 A% i B0 sh 25 0 ¢ 1)
B, 7 M AR AN AZ A A0 T S8 B0 B AR A I HE A R AR, CFAR A6 I i € 78 2ok 25 i ) 8] N AR 31 17 32 1 58 43
PIBFSE . HAZ.O AR BB S S R IR S 0 ) BREEAT Fe e, R A TR, AW B AR AR s
FIWE B AR AAFAES . 2 M CFAR A UK H br 5l BR 5 B AL BE AL 7, 3l 3 T ae ik #ie, H 300 5 A A6 I 2 5
Bk, BHARERZAR, KT 058 AR 2856 1Y CFAR KR HLA 538 Mk, X LA SE IO AS [R] e s 25 A5 (9 15 Bl 7

UTAESR, B N TR BESE R R R RE , P20 0 25 DL HL A0 10 AR R M i S BB 0T T2 T R A AR AR U, 52
br b, TS BB B Ge it v B o — AR WS U 2 A R AR 0L R ] IO R AR R DA B Gk P ]
B T 1) 2R BRR INet HEAT D0 AL, $ i 1 A DN B R R B2 2R R 1 T A Rz AR RE ™. TR T o A R T A B R 2 T 4%
(Convolutional Neural Networks, CNN)XJ & ik [0] 3 i) B 450 ] E 47 4 A B B, S23 7 1 1 H A ke U 5 42 3 28 8 1 43
N P R A K YR & AR 2 KRR K AR AR R R (R BT RS, s T RAEAMT B
G A B R T RS 1 R M TR Ik el T R AR A LA A DL RIS MR R A PR O E e, AR AR R b H AR
W AR, 40 20z 3 H AR AE 7 8 13 4 1 5 i TR IR AEE L SR A A% 58 1 CFAR A6 g A6n i) H s 2347
KR BE, AR TR HbRREE . B, Q0] A S8oR FH TR B 27 21 5 K IR IE SR ICRE ) 0T 45 G iz sh HAR £
W5 B, R THES XU T R 12 2 85 H bR ry R R RE B A — s I BF T R

ASCHRE R — B BE T A P R K A ) B AR R A 1B Rl A 1 T EE 24 2] H AR AT I 46 DB-YOLO, J&1E YOLOVS [y
et b, SR TS50 43 B $2 BOE 3K P & A 3l H AR RS [ A RRAE S B, I TR B2 ] 43 B3 465 FRUGS T 24 2 B3tk
frfidl . o) R AR & VR RUEE 1 55 38 X8 g H AR I 37 52 T 19 A s 2 e AT DI Al ol . SEae 45 SRR, P de
W0 2% B b b A AL B AT — s B OB, AT LS THE S 1R XU b 7 ik s 3 58 E AR ORI BE 7, [ I A ot 8 i i
HARBRER AT T — 5 1 B4l

1 3E& 1B E M B 1 R A% 4 46 N 77 7 B (8]
L1 FESIENEME X

&1 R AR G AE WU b IR M LT C R, Tx N
IE G VR IR 5 SR & G, Rx ChH BRI, T, N
Hir; Tx 5 Rx B ML E L, 0,10, 5 5]
Sy R Ak S s 0 HAR T 60 f . ROFIR, 43 R
H b B & 5T 0 5 5 ol i R B . R0 b I 22
R,=R,+R,—L.

WHE G T, &L ERAR D E S BB
Rl B A V48 SR AY Bk D A 1ok (g 35
Mo B, REHIELT, SHZEVLLL T 5 i dirct wave
WOCIRAS o 7 38 R0 55 R i T3 LE 2 R 1) 0
{EAK 20~50 dB"™ . HZ&ead T — W g, HARE
] 9 1) i et A LU LR U PR O, 5 3 H AR g
AR,

1.2 5% CFAR & Ul £ 7 19 i8] &1

B EHARMBE R | 4P T AE 5 X 4 ok
TR BRI A E L H A SRR R T AT AR A N HAE LRI TR, 1T BR i M RN 2% I B A AR fk
AR A o Sk die /b R 58 P e KA A A R Py, R FH 4% 2 B R b o ) 1 A7 e 56 143X — [in) f81 3 % 3 128 CFAR
R #5 ff pe, CFAR KGN 8 H 36 W M il — A R b e i T TR, JF0 PoORFE R T (A . (B F 55 B A ke, s
FTBR I B, W A RIS AL, B A K . DUAS SO B HE & 1 SO | H 3k R
24 CFAR K 2% 9 2 2% Son B i R 32, P on 8 b 16, Filt i+ 1.5 B, 5 3k 4 4 JR1 300 40 48 9 it A B
B - AT 2 R 2 B, RGN A SRS P AN 3 BT R o & 2 H target 1 A1 target 2 7E Fi — i 2 Bl R &
A G — Wi By BT Ik . Xt T R A VR RO b R 38 S IR 0 R 0 S e A B O3 b L AT A AR 174 BR o] 25 T
B, TR IR R S et AR S N e . I, WA ) Rk Bl AL S8 i CRAR AR I 2% AR e 1k 2 4
T B4 ARG 0 2 i

target Tg

/
+ scattered wave channel R,

receiver Rx

Fig.1 Geometry diagram of non—cooperative bistatic radar
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Fig.2 Range—azimuth detection results of adjacent frames
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Fig.3 PPI of adjacent frames
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Fig.5 Diagram of DB-YOLO overall network structure
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Fig.7 Diagram of DB-YOLO network module composition and connection
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Fig.10 Comparison of model test results
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(a) YOLOVS5 detection results (b) DB-YOLO detection results

(¢) YOLOV5 Grad—CAM results (d) DB-YOLO Grad-CAM results

Fig.11 Comparison of local detection results
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