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Y VI TR S 4 33 R AU B 1 Jmg 3 A 10 A
B . WFERM], RO B BE T 70—
85% & PRI B, L T VR A 24 oy 4R B
BFET ) 79%  (Liu %8, 2016) o 76 HHT F1IE A4
WX, RN EZELIXT R (convective rain), X
PRIETR A (rain cells) BN (Houze, 1997) .
— R, BT A RO 5—10 km,  FFZE [A]
10—30 min, ‘BT s AP AHE S [ 19784F
R — 5k B 2 & K fL 72 75 18 SAR  (Synthetic
Aperture Radar) 215, SAR KE o245 ] DL
FIFEW IS (Alpers 5, 2007; Chan 5%, 2010;
Melsheimer 2, 2001; Xu%¥, 2015; Liu%, 2017;

Kim HEE: 2021-12-06; FENZR: 2022-05-23

HBIMK 2, 2007) . WETHIFERTHY SAR [ 55 32 %
H PR 0 2 8 — R R T Y B ORI B,
S PR A SRR 5 PO A A I/ - (Alpers 11
Melsheimer, 2004; Contreras fl Plant, 2006) . 7F
REm e #E b, R AN o AL 5 ol 7
T % 7 AT 2K INE IR 23 X0 T T 72 A R 3l R T
T AELRE 2 DA T 52 W) 0] 3 A 5 A RE i (g 4%,
2012). HAh, T SAR HASKE, 2R B
23 [B) 73 B HEA TN B RE T, A T 3R B TR 14T 1Y
MG E . WO, SAR UG L XL 21 %) HL
(AR L T A Ay D S D R B s R 58, HLil s
F| (Alpers Fll Melsheimer, 2004; Atlas, 1994). X
FREHBEW A, 7EH SAR I AF 5 19 oo X
DA — Qi 5 ) BRE R 3k S B3 T 1T 7E SAR 5245 I

E&TB . 2EPRLAE 5 H I % P EE 4 (45 . OFSLRSS202009)
F—EFR N i, 55 WO EIR . E-mail: xiajing] 9@mails.ucas.ac.cn
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B AL ARFAE AT T A A I U

[l A A2 5 B 0] [T R T T R AIESE o Davis
S (2006) fdf I — Tl 1) X G A4 e 7K A6 56 7 125 4R
RO ROBETR X R OE 8 S 0 3 S B K DX
RJF i TSI . REBUNR X . X3 A
AizE (2013) RGE T EET HAR BRI 5 2,
i T E KA E . REFIEESNE 728
S35 FIXITCIE (2018) X 7K 1 A X 4R
AN R BEER I IH Y T — BRI R . D
HEF (2019) 2T X B AR 00 7 3 [l 1A
ARG S ol sk, S8 T xR K =
RPN, JFBE TR AR DL BC A BR R T, SEI TR
WK = AT BR S . B REAE (2020) 2 v 75 ok
AREUE, BT — R BT 22 Y
REFRAR BN T s, IR A AUl 28 M9 285 rP ) LeNet=5
BRL, XF R AT TR0, B s (2021)
BT FY-4A T IR TR AR, "7 Tl U-HRNet
SrEIRL, T 2R RIERMERG . SIANER
FIPUHIRER AT 52 X INEAS 3K 2 P A A T
XAEE (2021) 2T FY-3C Bk i@ B 40, 45
B HLAS ) FE B IR T RS LA, R T —
TP AT X It %) B K ARG I B0, O X A ) 45 R AT
TR ZEIT IE SR B R R A . LA BRI, AL
oyt o R O R AERE ARSI )2 N o

VR Dy — T T 45 1 B P 28 R 28 RS, 5 8 o
>J Z4 BLS (Broad Learning System) 57 J& 2% >J
PO £ FH Lo BT THR /N L IR I ) e 0 ol 48
o ) PO EUFT R R L% (Chen Al Liu, 2018).
BLS — 28 i H f# 751 22 U815 LA H o Kuok A
Yuen (2020a) i %53 2% > Z G HE 254 Ak 23 (1]
EHINR T STIPSE S S £ S W AT
BLS [ HIPEFIA &M, (8 2008 4 350 )1 36 72 1Y
TSR B FEAT T AR ], 45 2R K W] BLS J8.2)
MO IR T M R R T, O AR A T 0 R A
FEJT LI T B kS E . Kuok A1 Yuen (2020b) fii
FH BLS iU X K 28047 7 @R gE, IR
CLAY/10/7490 4 BRI 2 £ 57 1 13 S Hfe
R Zhang Al Yuen (2021) %X 2504 2 80k
PUR RIS 1 TRl SRR AR AY B8 27 ] REGE FF-
BLS (Fusion Features—based Broad Learning System ) ,
AR GE ] A 1) 4 FRURE B ke B IRl 5 AR E
FEBLS UHIIA , SEHR 45 R KM FP-BLS AELL 201
4 3 A 3 g TR 2 o] N 28 A > i TR B . LA

RO EE L BLS B g, E]
AR AT 55 5 3R F 0 46 45 K R AT 7 e s ox K dle 4
PEATIE ™, T I 4 AR AR N IG5 R )1 R
AR, BEA O R TR Y TR

T TR B IR AU, Y 5 3% I A A Y i SR
DRI G IE , HOUL I RS AR 1T 2 Bl i ] FY
R ET AR A o X — 45 i 5 T8 5% ) B
FAJRE o A, AR T R BB R
A A AW AR T B0 T o AT IR A )
52 2 A E5 K, JE T S0 =~ T I5 R AL A B
B U I RCR B L

AR SCHE R T TRl e AR A B B2 2 ) ik
XF SAR 58 Hh A B T AT HEAT ARG I R0, O R R
Br 734824~ U5 SORNEL I 2R 05 S A BLS B 78
PRI, Sl T MRS —EIIET RA
GOi %, T EBRREIRUERL A pORT B RR
BRIETY LY ZRIT ], & TR Bk

2 FETRLERFHERY LR S SR Ak

T REAL ] o R EGE M 4% RVFLNN. (Random
Vector Functional-Link Neural Network) i ¥ % 1)
Vi BE 2 2] RGeS — P T TR Rl R ER Al . S5 TR
JEF 2 MG AH L, M B AR B A B
P H XA TR . I 1R, SR
> 10 X 28 2548 )RR 22 32 8 B RRAE Y 5 F RT3 iR
WREAN, HPRAETS RO A RS X St det:
AR MR BRI SRS R R T R R R R B
R MR e T AR AT Y R A e, AR AL
P O RFAIE 2 0 1 Y AT DA R 2 22 TR A 3 AN
Ao BRI, Zhang Fl Yuen (2021) BYWFFEEA, 98
FE2E ) PRI EQ AR A R Ty B 22, AT 98
72 X R AT 0 R R ECER o K . T
I, ASSCAd FH Zhang F1 Yuen (2021) i f) 3&T
il R Y B8 BE 27 2] v, B Sl A B R 22 1
ZERAEA R AT R ISR I SR 5 B 3 BERRAIE 1]
it FVAEN BLS (i ABE R A BURR AR i, T
AR AE T S A IO 5T s e, X R
TR B 5 U GRBUE 153 9 25 25 0 i) AL 46 AL,
MNP TR, AR T s T AR TR, 2
AR IR JZE R Y 2 2 ] AR N R AR I,
Hb L 2R SR A TR AR B IR B B8 o ) Bk
W HA G268 ), RIS R 4R 19 BLS Y125 58 i
J T LA 3k B0 s 0 S A B ke BB
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W 2% o AR YR S g i ERcHis 4 T aE 3 (https://doi. AU B P C 4 F A% & GitHub Chttps : //github.com/
org/10.17882/56796 [ 2021-12-06] ) F#k., A CHE HDFairy/RainCell_Detection.git[ 2021-12-06 ] ) .
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” QQ--Q\ e QQ...Q‘ RS \\ \\\A -
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Fig. 1 Frame diagram of rain cells detection based on fusion features—based broad learning system

2.1 ETHIREMBIESEE HiF(S) + So

B PR 22 M 2 A 5 K BB RRIE S HURE 77 ®1 TRHSRFENRWER
gV B e A VR R 2 S T A A, At T Table 1 The results of each classification algorithm
ResNet50, InceptionV3. MoblieNetV2 1 VGG16 i PRSI B BURKEEL /% A epoch YIZRHTAG I THl/s
RUAE S 2 WO (R TODRE FE R ZRR , 45 5 flesNets? oele »
i% 1 Efm . //T A %J/:E’j;‘g{\*j:r *ﬂ)ﬁiz RCSNCtSO*yE% InceptionV3 97.79 48
W . DA SRR BT ResNetS0. (He %, obileRety2 o ;
2016) 1% U5 B S B 255 o SAR B4R ks - =
FYRFIE, HALH{F B H ImageNet Z040 A2 I 2R >k s
HRAZHOREWMT . 2% 2% 7 107; batch size IjiE
16; epoch HUIH 305 & F g A K/INHy 224x224 :
wa, PR B MG — E S E AL E YRR ) Ry identity
A0 BLS HY4A X 181 2 R T ResNet50 — W
A (building block) H I BIFPBLS =: A 5 FS)+S
Mt 5F  (identity mapping) Fl 5% 22 Bt 4§ (vesidual ReLU
mapping) , 5 W H N ZEHEREM., HHSh B2 ResNetS0 HUHHE A b
BN AR AR B AR, B R BUE R T I 2k Fig.2 The computer block of ResNet50

ResNet #2222 1 f9, ReLU (Rectified Linear
Unit) G R, FR2ZHH N F(S), &m0
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22 TWEFIRSG
R Raeh, REmABIEX e RMH
N AEE S AR, FREAE T o B LA B A EE Al
ZEAE 5N R W, b, WIRRAE Y SR A F A —15
RN N
Fo=¢(XW, +b,).i=1-N, (1)
X, FAORS ANERETT S, AT N AN
M A2 A B, DI AE T L Aol R AR R i R
RS AL, FY = [F,, Fyy o, F ]

FR N AHEAE S ARG o ST A A
5P AT A E
E=¢&(F'W, +b,).j=1.N, (2

S, B R R, W, b, S b
BLA B A AV it o B TR R Y s
TR LA R AR SRR, P N A
FREAETT S AR 25 R Al G, LR 1 R4 0
WEEHOAE S 2R A R A4
EV=[E, E,. -, E,|FRH N, 4855 5 40R
MG o I N AN FEE T SN, A5 i 2
T HRHEZ A, AT RN
A=[F o F B E | =[FYE"]  (3)
T B2 S HRHIE )2 A S Y Z s S AE W
HEER, HOCRTUMR (4) KFEpEk.
Y = AW @)
K, W=AY L h &R SR SRz
ZIRBIATE, A NHERE A BB (pseudo—
inverse) . TETEBEMIZ& T, Phidi il LABEIA Ry 2 oK A
P22 I 2 iy 13 )2 BB ) — AR E TR ik, B
B EAR MR A AS R, U Y YRR A i A
B HA AR Rl DL s 2 R SR
BRI, Y TR A sAS o = B, ] DL i
U [T U A AL SR A«
A= (A + AAT) AT (5)
A, AZIENESEL
23 HEEFI

TEGREE 2T, 2 W28 R B8 Jp N R AE n]
DA o 38 0 A B o B B 500 H R 52 T 0 285 1
B, AH 2 A It 25 38 fn 55 AR B 2 K
XFFSEREE AT, M2 R BNt TR )=
TR A BN R A R, R el

B2 S R B M R (1) B
P45 SRR 5 (2) B AR
231 TRIBEFS]

BRI 0 G2 50 3R PR B N, R A
SR, AR £, AR 52 2 T 2
A WU A A RGP R SR L W
Ny + LA 25 75 Ty

E,. =£Fw, +b, ) (©6)

SR A, BN, + TSRS 2T

Hor
Foo=o(xw, +b, ) (7)

P R 0 P T B PR 83845 4
E, =(é(F, W +b). e[k W+ )] ®)

UL 3o 5 45 5 088045 8 1 0 04
R TR N

A =[AE, |F,. |E.] )

ORIV 1 A R B 1) DR ot 5B I v R

. _[A - DB
m>—[ e } (10)
A, JEEE DA BAY A
D=(N[E.|F,. |5, ] (11)
B' = “ G670 12
“|(1+D'D)'B'A ,C=0 (12)
C=[E,.|F,.|E]-4D (13)
TR AT AR BRIy S BT A
W'z[W”‘?Buq (14)
B'Y

W (14) g, BEOHT S BT ARG W' A]
PR I 3 A o W5 I AR 9 AL . L,
BT AR A I T T S AT T A, AR
TR Y GO S R TR R AR T &,
XA A R0 U O PR 5 A 2R S AR
BRI

232 HIRIEEZRD]

A G AR A o R T [ E I B SR AT
A BRI ™ o R AE K 22 BOR JE
JE 27 o 2 T, i AR B 1R DR/ N 2 T R 265 95
MPERER) ERIN R Z — o RT R BRI
B, SR E AR ZR B 4R ks, WA Y
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PR E AL 7 2R XT3 ) 5 BB s S R AT
Yk, MTHRE RO SE, T HAZE Il R
9 T 55 F FIRE 2% B0 I (E)RE R IR AR . AR
VB 5 ) 2% AT LUk S Z R, BLS A 558
SRR A SR, R AR TR 2% 01 5
SRR, DA IR 2 SR 25 1 H Y

TECBE X, 2 0 4 v T 3 O i, DA R 7= A £
P A RIS 95 25 AT 20531 27 A

Y =(e(rw, ) g (F2w, 40, ) (16)
KX, w,. W, . b, Flb, )5 GG BLS HhBEHLA: BE
PR E o e . AT LAY = [ FMEN 13678
T HE B A B SRR . R, RRAE)ZE T

B RT DU N
, A
A{d {17
e, B BB AR DIR R
W.=Ww+(Y,-A'W)B (18)

X, WHREL RSB, W oA
Bl 2 5 ARAF AR . Y, Ros G A ECE X, ikt
IOL ) AE o 5 AR R S SRR SR AL, R e
g o At U TS 0 R AT G A D0 A
ROV AT 2 0T A R AR R ) F R, R AR R R R
AR Tia i, &7 1RO R Y ER

3 Bl e S

31 HIENE

AT SAR EHEFEA R H Wang 5 (2019)
ST H AR E R SAR BG4 (https: //doi.org/
10.17882/56796[2021-12-06]) (Wang %, 2019).
G AR AL 37000 21 Sentinel 1 2R U P A 5
(wave mode) SAR IR, Wi | 10 FPilE A
SR T (pure ocean waves) . XG5S (wind streaks) .
WX AT (micro convective cells) . B& R A1 (rain
cells) . W%l (biological slicks) . VK (sea
ice) . ¥KIlI (iceberg) . flRAGEX (low wind areas)
KAH M (atmosphere front) FIEFEEET (oceanic
front) o IZEUHEEE OREA LI PAL LY PNG A TIFF 4%
A PME ARG T, AR SO Y £ 22
HTIFF A%, B3 7R T 9 FIBE LA I SAR 13
ENVIE

P T RS

e i ]

ot it UK
RRE X KA

K3 ARG SAR SEARFEA R ]
Fig. 3 The examples of SAR image samples of different

ocean phenomena

NAEIE | SRR B A S R B A, AL
eI 4740 W5 B T ATAR A IEREAS , PREEE B
1y RS FER BRI . XRS5 3 A 8 Fif
HETEBLGL SAR R 4R P 45 F BEHLIEIR 691 i
it 5528 IRATAAREA LR, K HARZEE B E N 0,
RIGHEIE . UREAR SR 1 90% 1E Bl g dE, HA
10% R4 o e A B0 B2 4] o 45 2R 0k 2
NS

®2 IGEEMIRERERER
Table 2 The sample information of training and

testing dataset

IEREARLE FREALE
BRRAWE e cremmEn o0
YIZRdE 4275 4989 9264
M4 465 539 1004
PER ' 4740 5528 10268

32 EEZINGER

TETE R ) R I & 3N SH. FRIET
SEOECE N, BT ST O T A A
BN, FSE R SECH N, Horp N AN, SRR AL T
FRAET A F, AR S H N, = N, X Nyo X
T, AN R S5 A R B AT AN R
(TR B2 o 26 3 Bom T X T A SCEIE S 7E AN )R
S AR AL I 0K
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#3 FEBSHAS FHERNLEE
Table 3 Model testing accuracy with different

combination of hyperparameters

%4 BLS 1 ResNet50 45 & & il 2t 8]

Table 4 The accuracies and training time of BLS
and ResNet50

(N XN,) N, KGR % 7 %% MIZE R OIS EE /% A% Yl E] (CPU)
(5%5) 100 96.81 79.96 BLS 98.51 95.24 227.87
(5%5) 300 97.61 85.53 ResNet50 98.71 99.15 5312.584
(5%5) 500 97.81 87.16
(5x10) 100 97.41 83.61 F 485 R KW, BLS 5 ResNet50 il A AL 1)
(5x10) 300 97.91 88.35 TRAE BEAH2Y , 73 0] 3 BLS WEAK, {H 2 )11 25k i [
(5%10) 500 97.81 90.14 ResNet50 [t BLS = 22 5 A2 4 o R, 7[R 4515 7%
(10x10) 100 9751 83.67 FUEF, BLSIBCRI B & TEME ML,
(10x10) 300 97.71 89.76 34 WMBUNERBEREE
(10x10) 500 98.21 90.85
(18x40) 506 08.51 954 XF T2 g AR, Y A A AL DL 2

& 345 LR UAAT 58 A O XA RURS B e A
—ESZUR, U s R B R 4 ] 3 T Ak
RN B E . FL, B A b s E S 500 T
PRI = ¢ H 2, D AR T O ik ez
T e BB B S5, gt a L
AR J7 8 Hb 18 FH Hyperopt [ 5 Wi AT 55 (Bergstra 55,
2013) . MRIEIIGZEL, FROETT A — M LT 215K
HA, MR S S AT AN E B A
T A8 (0 B8 A A, TR A B 8 1 5
HHWKE D, B3INBESEN,. N, N PGS
W Ay e E o [1, 20] . [1, 501 0 [1,
20001, 25 Fe Ak e 1 B0 S BORUE 4y
WAIR . N, =18, N,=40LL K N, = 806, FiAITH
TNAR 043 8154301k 98.51% H1195.24% , W @A)
FHADHES A G4

3.3 HREIFLLIGE

BTN GRBHR R E T 97 ) RGBS H
Je . AREJZE 5 2 R A ASCER R B ] E e 2.2 7
X (D—05) HHEAEE, TR E T RE
B FIUIORS B2 AT RN [R] J8AS , AR SC3% H] ResNet50
YN A AN 5] — B 2 AT YN R g iE . X T
1% ResNet50 P Zpi B, HEE SRR EWMT
22 & k107, batch size N 16, epoch BUE M 30,
130 S BT/ 5 A v 208 - e TR | E2 N 51
WAL 55 B 2B TR — AL 512847 . Intel(R)
Core (TM )i7-8700K CPU@3.70 GHz and 64 GB RAM.,
R ATPBIH T BT[] — Btk B P 190 2% 1) RTINS 2
LN ZRmsf Al pAS o

MRATE S5 TR, JE R PR —
Waom g 10 (filter or window) B & & W 2% |2 %
(layer) , 23 ng s de rhREA SR . X TR E
F2), PR SRR Y 5 Fe Al BRI 2 B 1 T e
HOFMN AR, BRI, X — T
AT E T WRE (WGPU) WS H AR
R A, H5Z AR B, % R
— A PR A5, IR Y R s Sk
B RE A B s, FURS SRR OB 1 5 2 1Y
LR JE W A T LA SR R R, O e ) R
A LA 3k A FORT U1 R B A~ 0 28 I A R AR PR i 1
IECE B B9 R 1Y 35 A (R BAR

341 TRIBEF

T I UE BE R A 2] Y S 2 2 e T
THOH . PLARBAY, ASCHE 3.2 75 A fift FH DL B i
FEAIT I E IR S BE RS %, TR THE S
TR B E BB IR IRORS B LK I SR R] AR 11 AR
fb (£5). S5RTH, BEAE S H B T i
FEHE S B0 A A0 BT, B FORS FE AD
R — o B Z A T 5 T Y SRR i
T A 2 B0 A T s R B, TR
MRS IR RIS, X — 3 TE A 3 Lk
PR R 2. Ak, BEE ST R E R,
BERLYI Rt (] B A% B AR b s BT ds, (B7E
— NRNRE B NS AR, FE R, ARSI
(18 =2 S [R]85 AR 2 152 ORI i ] ResNet50 4 B
G AE ) 5 77 2R 00, BLS 355 BT B 0 B 1)
FEAR/N . Blan 35 S S 8GN, =18, N, =
40, N, =806 KT, FZHUECHE DL K 45 BURRAIE 1] o 3
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FEMF 224.17 s, 258 BLSFERT AU N 3.78 s, AL 4 &
B [B) BAR 4 1.68% 247 s gy, BAR 2 S 3L
BLS iz B H MR, (HHG I 534 0] 1 I ] A /Y
B sz A R . SR BLS iz 55 Y I (] B AR 55
AR L s b R i AN, R DL S
RAEMITT R REES A G ZRA B ER .
FH e A4 20 5 W AR T 5 H A BE AL 2 4
577 HE B R LU RE AR JLF [R] S5 i 18] A T 3K
o BE G ) RN SR B

x5 FTETAHE R BLS A AR E Rl 4 E

Table 5 The model accuracy and training time with

different combination of the number of nodes

(N,xN,) N, TUKEE% A% IR a] /s
(5x5) 100 96.81 79.96 220.83
(5x5) 400 98.00 86.67 218.79
(5%5) 806 97.91 87.84 225.71

(5%20) 806 98.30 93.67 224.85

(5%40) 806 98.11 93.47 226.42

(10x40) 806 98.31 95.03 224.14

(18x40) 806 98.51 95.24 227.87

(20x50) 1000 98.01 92.46 229.88

X LR~ M 2%, Y A AR R T 1k i R A
55 e o HL e B I A R AR AR A A B
BRI TT ST LAy Al . —J2 5t X 5 1)
B L BTN GBI 1 oy
S DIREHURRI o O T g R R B e > W] LU
TR, ARSI LA T 925605 -

(1) K BUA BT A B 14 R 0 B0 58 10k 2 JR)
Btk BE g o ) i R T i 2 A B
WA IR, 1 Jofe 4 Jm Kot £ 4% L 30%
BUIE . TUREAS 4 R R U R Rl , A ]
3R AR

(2) WIHRBERIYN SR . (0 fh Y11 2 46 1 2 A6
MRS S, TR AT iR AR
1] B3t FRFAE JZ 45 % 1 2 22 1)1 4 1 B O DR AT
GEIT R ALY S5 (14 P 1] A FAE I A b AOAS

(3) Bdadgidae o . o3 7T AR I 2R
IIAEARAE , U 42 = Bl 46 Hh 109% 19 1E 17
FEAS, BT SO B AR 1), ORI 2D
B (2) HORAFBIRFAE R AT LS, SRR RS

AOALEE ,  GE it B3I 25 fd I ) i A A7 34 |
AR EE

Ko PR TR R ) 40 R XD
B (1) e an IR i e 3SR IUE

F6 HIRIGEF SRR B 2R

Table 6 The accuracies and training time of

incremental learning

e 3 Eikey
Hrpmdle L DNBAERE /% YR R/
(N, N, Np)

2780 (16, 16, 1562) 80.78 92.76
2781—3707 (16, 16, 1562) 88.45 22.52
3708—4634 (16, 16, 1562) 87.95 22.52
4635—5561 (16, 16, 1562) 87.05 22.54
5562—6488 (16, 16, 1562) 89.64 22.53
6489—7415 (16, 16, 1562) 90.84 22.54
7416—8342 (16, 16, 1562) 91.43 22.55
8343—9264 (16, 16, 1562) 92.23 22.57

TR R, FEE I ZRE S hRE AR i 3
%, FEATEICAR b ARG FE A 80.78% & 31 T
92.23%. MINZRETRIEE, Kol gl 4
B TSR R, R K .
Bl & W) AR VIR AR TP RE AR S 3G, IR [E] LT
A B RRUGHT S B R AR S AR R . BE Ak,
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Table 7 The accuracies and training time of retraining model

LVEIIE SN s MAREREE /% YIZRI /s
(N,,N,,N,)

2780 (16, 16, 1562) 80.78 92.76
2781—3707 (19, 28, 398) 85.96 52.72
3708—4634 (19, 40, 1004) 85.46 55.03
4635—5561 (7, 30, 832) 88.55 52.13
5562—6488 (12, 10, 938) 91.64 62.75
6489—7415 (4, 48, 370) 95.22 56.87
7416—8342 (9, 46, 1346) 98.51 58.43
8343—9264 (14, 6, 1568) 98.21 65.25
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Fig. 4 The Comparison of accuracies and training time between three updating schemes
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Table 8 The accuracies and training time of hybrid

learning scheme
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(N,,N,,N,)
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6489—7415 (12, 10, 938) 91.53 2253
7416—8342 (12, 10, 938) 93.63 2252
8343—9264 (12, 10, 938) 95.32 2255
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Abstract: Ocean rainfall has an important impact on the global atmospheric cycle and local climate. Monitoring rain cells from remote

sensing images is vital for ocean weather prediction. The ability of Synthetic Aperture Radar (SAR) to probe with a wide swath and high

spatial resolution makes it an effective observation approach for rain cells with a scale of 10—30 km. This study uses the fusion-feature-

based Broad Learning System (BLS) to detect the rain cells. The SAR images dataset composed of nine sea surface phenomena obtained by

Sentinel-1 wave mode is also used. Results show that the detection accuracy is 98.51%, and the recall rate is 95.24%. These values are

equivalent to those of the ResNet50 pretrained model. However, the training time of ResNet50 is 20 times that of BLS under the same

calculation conditions. Compared with the structure of a deep learning network, that of BLS is flexible. That is, the model can be optimized

and updated by adding nodes or input data. The experiments show that the node incremental learning of BLS can update the model without

retraining the whole model. Following the advantages of the incremental learning and retraining schemes, this study proposed a hybrid

model-updating scheme for the model-updating task caused by the expansion of the training dataset. This new scheme can ensure the high

accuracy of the model and significantly reduce the time cost for model updating.

Key words: artificial intelligence detection, rain cells detection, broad learning system, synthetic aperture radar, model updating
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