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Abstract: Existing data-driven object detection methods use the Constant False Alarm Rate (CFAR) principle
to achieve more robust detection performance using supervised learning. This study systematically proposes a
data-~driven target detection framework based on the measured echo data from the ground early warning radar
for low-altitude slow dim target detection. This framework addresses two key problems in this field: (1) aiming
at the problem that current data-driven object detection methods fail to make full use of feature representation
learning to exert its advantages, a representation learning method of echo temporal dependency is proposed,
and two implementations, including unsupervised- and supervised-learning are given; (2) Low-altitude slow dim
targets show extreme sparsity in the radar detection range, such unevenness of target-clutter sample scale
causes the trained model to seriously tilt to the clutter samples, resulting in the decision deviation. Therefore,

we further propose incorporating the data balancing policy of abnormal detection into the framework. Finally,
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ablation experiments are performed on the measured X-band echo data for each component in the proposed

framework. Experimental results completely validate the effectiveness of our echo temporal representation

learning and balancing policy. Additionally, under real sequential validation, our proposed method achieves

comprehensive detection performance that is superior to multiple CFAR methods.

Key words: Radar target detection; Temporal-dependence; Echo representation learning; Recurrent Neural

Network (RNN); Data balancing policy
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Fig. 1 Radar echo temporal relation learning-based spatial-temporal sparse target detection
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Fig. 3 The schematic diagram of EchoDarwin
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Fig. 4 The diagram of EchoDarwin for unsupervised temporal feature learning of radar echo
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Fig. 5 The illustration of supervised Seq2Seq-based radar echo temporal feature learning method
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Tab. 1 Target-Clutter sample scale balancing algorithm
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o ‘LB : SyncRatio = N x 100%;
o B SUERFEARES: Qiync ={}h
1. HIaE.:
L1 BFEA T Streshape: Qe — Q)5 =
12 EARERTS: r=1;
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Fig. 8 The illustration of training process for echo temporal relation-based radar target detection framework
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75 A AT #A5; (c)MLP-LSTM: i 74 fid
o A Ty EALZER TR AN £ )2
JBAIHL(Multi-Layer Perceptron, MLP)Al—/ Bi-
LSTMZM e, HAMLPH A4 &R (Fully-
Connected, FC)/ZF1—"MLeaky ReLUPH 21
s (d)2E T HBHAILSTM(Convolutional LSTM,
ConvLSTM): HMLP-LSTMAFEZ AfET, i
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ALEFMLPHE > A T1Ix I EHERZAAE . N
PREFSLIG A — B0 AT WS ER R FH AR R AR AL 5
ERBESATING, IR E 5 W 4% B AR SE1E L
#£2.

3.3 LWHERKEDH

LG 43K 43 IR FHRSHD i 42 FIRSPD
AT I VERE SR E, R AERSHDES 73 VP4 B K
MR e A R, BN IEHZ (Accuracy) W
% (False Alarm Rate, FA). Kk B (Precision)
for t 2 B8 A 1] # (Recall), LA FE(F Score). H
W, CRE MR FE R E T N

Precision x Recall
32 x Precision + Recall

F_Score = (1 + 3?) x (17)
Hr, REBWNL. BATRIRKISE R N IIZR/
M P AT 45 R I IME . /ERSPD I KPR $i
PRI R ] H AR A0 R R BEAT VR . X
TRSHDISEERER 7y, A SCRE 5 5 P PR RF AL 27 2]
5 A ) 7 SRS o I 2 38 A A L ) R A (] A
MRS A ;s X TRSPDSEER 73, ASCKR
T REAE AN T A S B TAR IGO0, SR I i Aer U]
R ETERE, JF 5 2 M2 K CFARBIEIEAT X HE
T o

3.3.1 BRI F SiHRSEIR

97 SEI FE MERRAE 22 ST A e, B2 TRSHD
SIS (a) T B EchoDarwin ) 74 il
SEESs (b)) LB S5A R PR ER R ST
XTSRS . fE(a)dF, B SEX EchoDarwin ™ )4
—ARAETVMAMNEMBEAT H flSE 86 70 4, 1 5 18
[F] 25 5256 2644 T b EchoDarwin 5 H A A2 1 2
ST AR R T A [T REZE 5+ o

N3, AFHTVMIE— P8 b 2 5 =
7 HIME NEchoDarwin i N, & 7 K H Chi-24#%
R AR INEM AR B B 2 A5, o il B2 2 g 3k
B G 2R A R ta bR, JCHEGEAE Hbn 8 BTy
[, PRAFE R MECh-2RBIIER T, TVM
P IFE AR ARE, X2 H T Chi-2#% K H
Gl BAE AN N 7] &= 10 AR B DOz AN m) =2
ML EE, MIMHEARR] 7 —E B — ), e
IEAHE LT 38 A G E B AS T At 155 LR
FERHE . SATX —XF b BBy 7, H— 4P
Ab PR T [FIRARFAE 2 ST A RPE . T ENFM % R
SEGTT DA, Jow AT R AR LR A e R, Al
BRI R ARAE SN T A T B AR, Xtw
Sy MBS UE T ) B R 52 2% 1 B A ASE B SR g AT ) 1
FHIER R I A R, HA i HPosNegh i £ 1)
EchoDarwin/sh BEFEZ7 A 14 e ik Ath % e 2H

* 2 BEERAFXRFE INEERRIGEER

Tab. 2 Network structure and training configuration of radar echo temporal relationship learning

P 2% 44 LPNGRIE ;S IS PP B 2 ik i Hh R R

Bi-LSTM 21x12 {Bi-lstm 128} x2 FC(128, 2) + Softmax

Bi-GRU 21x12 {Bi-GRU_128}x2 FC(128, 2) + Softmax
MLP-LSTM 21x12 FC(12, 32)+FC(32, 32)+LeakyReLU+Bi-Istm 128 FC(128, 2) + Softmax
ConvLSTM 21x1x1x12 (Conv_1x1_32)+BN+LeakyReLU+ Bi-Istm_ 128 FC(128, 2) 4 Softmax

AL E: AdamP; HIEAZTH: 0.01; k. 32 HAENRRE: 100

% 3 EchoDarwin+SVM;ERESLIb 45 R

Tab. 3 Ablation experiment results of EchoDarwin

PR IR AR
TVM NFM
LW (%) HEE (%) HEIUHSEE (%) FAnH 51 (%) FfE
x x 74.8 9.8 84.0 57.7 0.684
x Chi-2 80.7 17.7 80.0 78.8 0.794
x PosNeg 84.1 11.8 85.8 79.6 0.826
J x 75.2 9.1 85.0 57.7 0.687
v Chi-2 80.0 20.2 78.0 80.3 0.791
J PosNeg 84.8 13.0 84.9 82.4 0.837

e R3—RSH I BE AR M RER IR AL -

* {Bi-lstm_ 128} x 2K/ PIZRMALSTMZE, & — R 128 MR IT; Conv_1x1_32F BRI AN 1, 3218E B .
+ BAFC(128, 2)+Softmax A, HFR—MHN 1284k — 4 1) 4 E 2 5 — 1 Softmax ZAHIE
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1E () H R 28 7 SL g i, A Stk — B B 5RAE
I 58 R AKHH T 5 2115 H R iE R R 5 R &t 22 )
FIRFAE R % TR PR BE B 52 e . 3X B X3 A e
2R R R 7% (1) Temp. Aveg-Pooling: 7E
IR 1) 24 55 (30 ) ) Foff [l e 1 1) SR 1 34 B o
J7¥%; (2)Temp. Max-Pooling: {ER [A] 4% 44 [A]
WA s RAE AT IR B IR R T7: (3) Temp.
Concatenation: AMATATALEE, {OF [BIY -+ 751
e HRISS 1) 4 330 AT P 42 (1) R om J7 1 (WM A Ol ALl
IBARRL T SCHR[7)H BT s V2 o

MFAFTRERAMER H, &1t 215 I Echo-
Darwin B & °] DLEUAS B 47 O 25 & kil 14 Rg,  BRAE
R R 5T IFEE FHETemp. Concatenation 4
Fr R B, (HILRELRFF BB RAIELE R, X AR
T R SIHLES T BRI AR R s A 8

TE (D) S A, A S 8T I B i)y PR AIE
Ko 5A WEB N P HFHMER R MR ZER, 4
R TR, HP5Bi-LSTMZU, Bi-EchoDar-
winZe 7 0 (B3 7 F1 7 1E [a) A ) b &R 3k AT i)y 4
BL, AN T ) SRS I 7 R AT PR
BERFAE 4E A LE EchoDarwin 2 $2 74215

SIS 5 AT LU, T B A B ) ()
BEARLER e DU s MR 2 H bR, IRt 1 B B
5% 2 12 21 Bh T 3R BB 20 1) 5 I8 Bl e R AiE 3=
VARSI N ot ' 1 [ Bl N S

EchoDarwin. LSTMAIGRUK B, X jf) xif 8 20
M Bi-EchoDarwin, Bi-LSTM, LL&Bi-GRUR L
TEEA e EHRTG R AR AR 25 51, IX
B 7 AR IE 1) e ) b 47 5% 21 0T DA FHRRAE R IR (1)
FEE, NI 1M RE

2D, B R B T S H W Tk
P& T RE AR T & Y, A B VR B 52 5] 7 v
B R, X7 A R R E RIS
J5iE, RS T E A S N R A =,
REFR AR B0 MR AR IR ZE =S (AR N R IARE ST A
FEREETEZY; H— 2l THAEY ]
I A 20 2 1 (R B et 1 H b [B1 38 15 3 2 ) )
X o, BTSSR 3 77 NI & 2 2 B 7 PR R AR
Ak R, mprA R 2 H, Bi-LSTMAIB-GRU
REIRAS f i o vERE, HrP Rl 78 A [0l 2 (H ARk
R LB, )EE A AR A, A
N7 4] o 28 R A B AR

R L AEB-LS TM M 2 5 7R A X MLP-LSTM
MConvLSTM, Hi# H T HAMZIERLER, K
AT DA B8 L R B AL R g, b EOTS B A
RER L.

RE T B I EchoDarwin 78 4 8 75 TH 72 LY
55, SR T IHAN & —/NMRE MR E A,
AL AR LS TM&SIR A £ I 28 Kk, ' —FhsE R
BEAEE, BRERIRENFEREEWELD, WG

% 4 EchoDarwin5 H At 3EF S FFHIRREY M BEXTELEE R

Tab. 4 Performance comparison between EchoDarwin and other representations of non-learning sequence

5 | S
Jrik HEME S : -
EWE%) %) KRS FE (%) b 7 8% (%) Pl
Temp. Avg-Pooling 24 82.4 14.4 83.1 78.8 0.809
Temp. Max-Pooling 24 80.7 15.7 81.4 76.6 0.789
Temp. Concatenation 24x21 82.4 11.8 85.2 75.9 0.803
EchoDarwin 24 84.8 13.0 84.9 82.4 0.837

* 5 B SANERNERRRF I ARG R

Tab. 5 Comparison of detection performance between unsupervised and supervised echo representation learning methods

Jrik o FEAEE EORR(0)  BEE%)  RWUEE%)  BRAEE®%) P
EchoDarwin+SVM 24 84.8 13.0 84.9 82.4 0.837

Tl
Bi-EchoDarwin+SVM 48 85.9 12.4 86.0 84.0 0.849
LSTM 128 91.4 13.1 87.8 94.9 0.912
Bi-LSTM 128 96.6 6.6 93.7 99.3 0.964
GRU 128 95.2 5.8 94.2 95.6 0.949

HiL
Bi-GRU 128 96.6 4.4 95.7 97.1 0.964
MLP-LSTM 128 94.8 8.8 91.8 97.8 0.947
ConvLSTM 128 93.8 8.0 92.2 94.9 0.935
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MIRFAE T S K, FESERS b3 7 T 3 AR A . T
FERHIE A 21710, 5 bR 28 4 IR 5 A LS TM 45 5L
A, EchoDarwinsg —FhFEAMK I 7%, H
FERFAES 2] (R R o AN 75 0k P AN 2548, B2
Y H A T RE A LB 2 ] St A (S B
SR T Bl B e IS TRV 4 E ()0 7 % R X — S
R, XWMAEIRZAE Y 5 s A B BR8-S T2 22 AL,
M NRIE. ZiAXE, EchoDarwinfig 8
KO IREL SRR RS B, B g
Ml

3.3.2 HAE RSB

FEALL SIS R, AR SCIE T an il 77 2ok 5 SEREA
P10 R e o A PR RE ) S2 . Rk, ASCIRIRE
RSHDAH [F] ) 8dfs 88 Wit 777 A AN [R] B AR FEA S
BT T IR AR . B ARFE AR B b 151 R
NZFE1HFHISyncRatio, HL 1 % B 4% 18 200 % ) i3
J8 T2 IO (AN F 3 487 SR ) 111000 % (AR SCHERE B
i), b ESRI6H NS/ MR AL, Reidx T
64H #1545 T Bi-EchoDarwin /7 2= O #6 JU) M: fe 25 3=
SN G S IAAE A AR

ML R EE RAMEFR 1, & B F 80 (BFA
KB E )BT, AR B AR 6 A

R AT RIS R, HXEHTII%/
MRS A I B S HARFEARCA M, S BUR Y™ &
) 2P MRt KK 250 H AR AR R R 0%,
M P2AE T AR H AR (8135 17 51 N 25 7 S g
Z J5 (SycRatio>200%), HFrHIAREIGHA T 9%
IaFEe, BRI 2R A MR RE R bR F(E R A5 21 2 35 (1 4
Fro NEINEMEIIX R, RXLH T E9ILL
JE B iy tb SR mE o T A AL 2R A M RE R . JE R,
P19 (a) 3 “FAT 5 b B A A (8] 25 0 R ok B R s
REAFR AR LG R RsEA R TERE, AXEE HbE
FAE LB IE N, A R R R 2 7 IR
B A TR (b) B W S FE AR AL
KLF A VEH R IUR A B PE RE )84k, T DU H AR
R SR A PERE 2 BE 2B i LA (0 384 I img 2 300 B
BRI, FHRAE200% F1800 %% Ab B 75458 K i 1)
IR, EANBAZERE KRS,

3.3.3 SC RS IESCIE

TEARASZI T, ASCRHRSPD 46 IE 52 K AR
SEBRE LR BT T AR A S, R IR ELAAN
FICFARKG M. CA-CFAR, GOCA-CFAR, OS-
CFAR5SOCA-CFARBHTR IR X L. SR
FEATFIEN, CFAREIENISH o R/NS A

*& 6 T[E] BArtEAR4E AL 5 T Bi-EchoDarwin B4 M 14 GE 45

Tab. 6 Detection performance of Bi-EchoDarwin under different target sample generation ratio

H AR FEA A B L] (SyncRatio) (%) ERR%)  RER%) For G P (%) H s A B2 (%) FE #5405
0 93.3 0 100 8.3 0.154 338/165
200 85.8 7.8 64.7 59.5 0.620 389/190
400 82.8 6.5 77.8 56.5 0.654 440/215
600 80.8 4.6 87.3 55.2 0.676 491/240
800 86.4 6.5 89.6 76.8 0.827 542/265
1000 85.9 13.0 84.9 84.0 0.849 593/310
90 0.9
80 08 |
X 70 0.7 | = FfH
- 60 0.6
§50 a 0.5
RO 40 ~ 04
@ 30 0.3
P20 | 0.2
10 t 0.1
0 0

0 200 400 600 800 1000
Hbste AR LB (%)
(a) RE% /4 01 3R EE H AR FEAE B L ) A2 AL a3
(a) Changing trends of false alarm recall rate with
different target sample SyncRatios

0 200 400 600 800 1000
H brbe AL LB (%)
(b) FAARE HARFEA A B LG F AR i 5
(b) Changing trend of F_ Scorewith
different target sample SyncRatios

O ANIR] EUbRRE A5 27 4 A 30 A FEE o 00 1 e 1 2

Fig. 9 The target sample scale visualization of target-clutter sample scale balancing
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Fig. 10 Example of detection results comparison with CFARs under sequential validation of real-measured data

(in one radar scanning cycle)

® 7 RTAS S MCFARF S AERSPD R HEE RGBSR
Tab. 7 Statistical analysis of detection results of the proposed method and multiple CFAR methods under RSPD

RSPD 348 A 1 0~ Bk s 175

S

L6/ H )

et IWRES

SR A IR 1B R R (P, )

1EHZ (%) bR 55 0 (s e /S B) R (%)
CA-CFAR 99.77 3/6 0.23 {1E 6, 1E 6, 1E 7}
GOCA-CFAR 99.85 3/6 0.15 {1E-6, 1E-7, 1E-T}
0S-CFAR 99.77 2/6 0.23 {(1E 4, 1E 3, 1E 3}
SOCA-CFAR 99.29 3/6 0.71 {1E-6, 1E-7, 1E-T}
Bi-EchoDarwin 99.61 5/6 0.39 -
Bi-LSTM 99.92% 6/6 0.08% -
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