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A S JiE TC (Tropical Cyclone) J& 8% 3K 11 ¢
SRR K EZ—, B I 58 XUFT R B K X
N R A A W 74 e Mt s 2 05 K R B RN
SO, PRI, HERA T TC B R — LIk
AR TR — D EE Ty, EAX T 5 XU
R TR, B TS KR EE 0 TR K F- i R 22 18
CRpiE 45, 2016; JLZEAR, 2018).

TERNBE BB AR EEAN L, IR PREZ
W L Ry B R4 R M T Y BT B, R TR
20 HE22 70 44X, 36 [E 2% Dvorak 25 & Z4F Tt 4
B AR UL SR, & T BT T
B EMR 6 Ko BURRAE 3547 & WU B Al 3 B9 HoR
(Dvorak, 1975, 1984, 1995), A/ €HLIEM
FAFN B R BE A 0 tHESUE AR P mede 45
2015). #Rifi, Dvorak HARM FMPEEK, kit TC

FE HEA: 2019-05-26; FEDZ: 2019-09-30

568 1 RS B AEAR O D0 T BOER - Tl O 1) 22 55
Yk, Bk, 24K, i H B R = KX TC i
JEHATE R AATE, BN EE T Tz
28X (Velden5%, 1998; Kidder%F, 2000; Bankert
1 Tag, 2002; T ML =, 2005; Yu s,
2006; Olander fl Velden, 2007; Pifieros 2, 2008,
2011; Fetanat%, 2013; LR AL, 2014; &
INBE &2 2014, Rodriguez—Herrera%, 2015; Knaff
S5, 2015; k4T 4%, 2015; Zhao%§, 2016; =
MAFE, 2018) . ETAKNASZMEREZAE,
Dvorak £ R I Z b R L5 A % I8 T 24N G
Wz RIEE . AR LT = 5 7 45 Z R 8 4
EIA O 2 R T et i 2tk 1,
W TE 2RI A B I 7% TC = BURRE 7 AT A
A2

ITAFK,, RJE2:>) (Deep Learning) $iRE 4
e E RS BRPUN . BRI, 1R RS

BEE&WAB: gl ARRAE S (45 : 18ZR1434100) ; ISR RHEIA O A1E R4 (4% : LHZX201601)
F—IEFE/ N B, 197584, & 5, WF5 05 ok TR B IR EE 50 . E-mail : cllcontact@163.com
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FAFGIAAT TR, By 25 400355 1) F 55 4
A (Krizhevsky %5, 2012; Girshick %, 2014;
Deng %%, 2015; Zhong%5, 2017). #HILIETSiT
ML Rl A v, TR 2% ) Bk B A 75 1) e 4
AR ERiRE ) ORI 55, 2019), HAEZR
TR TR S B 4 W 4% CNN (Convolutional
Neural Network) L HA HZ Z4 iy 45254, BEWS
HERR LA 7 B AR GO A8 i AR (R
e AF, 2017), IXO6FFE A ) S AR AR A % TC 5 B W
MEA EEME L.

W, AT FY-4A/AGRI TEYER, X
FHIRFE M 22 M 4% (CNN) BRI, XF TC 98 4
AN KO KR T T 0, PR X o A
Al TR, X BESR LA > T ik N T TC 5
W A3 B BB S B, AR T LAE— A R R N5 3 T
B TCEWE IR, TR TC IR AR
Z:2 F B .

2 BES
21 DEAM

P D EFRBEE TR S S #ERE T
AR (FY-4A), TR F2016-12-11 i) &
5, &8 @ T 2018-05-01 IERXIFA KL
Fichy, BHE_MREIERZDEMNERE. 5%
— IR BE T ERNE 5 (FY-2) ALk
FIAT UG A Be R 5T (VISSR) AL, FY-4A
L) Z B R R ST (AGRY) SIS 5
AHEMZE 144, B SPERE K500 m, His T
GRS N 53/ 2200 NN RN AR A I B2 3 A=
B RS ERRRE N 05 K, REU¥ 0.2 K, HAARH:
P 1,

J T A ARG K s B G B, AR 303k
2017 4F 701 & ) FY-4A/AGRI BEAT 70T, & XU
S5k 1705, 1709, 1710, 1711, 1718, 1719
721, FHorbom#al K24, 5RE, 5K
26, MG 26, 2 ESHRGE K4 km, B
(6] 43325 10—60 min.

22 ARER

R T LR ARATERY) . FRbRC L G

IR FE Al T S AL, A SR Ty B AR B 5 Y

oAl E (B E) MaXERE (o
AN FE, ZEREESHE R RIRE
5 N RIE RIRSCHERE, IZVORE H 45 3 h A A —
Q= DA N5 = S 1 oD VR D ST S
1% /he

F1 FY-4A/AGRIIEIKRIZEMNEEZHRMT &K
Table 1 The setting of FY—4A/AGRI spectral band and

main detection objects

i =N VL LS 3 S T e ) EE I L
wm pm km
1 0.45—049 0.47 1 W
2 0.55—0.75 0.65 0.5 % .=
3 0.75—0.90 0.825 1 T bk
4 1.36—1.39 1.375 2 Bo
5 1.58—1.64 1.61 2 =%
6  2.10—2.35 2225 2 B RIBIK
7 3.50—4.00 3.725H 2 KA
8 3.50—4.00 3.725L 4 ik
9  5.80—6.70 6.25 4 21 <At
10 6.90—7.30 7.1 4 HhEKIR
11 8.00—9.00 8.5 4 JRIZKIKR
12 103—11.3 10.8 4 AN AR
13 11.5—125 12.0 4 = AN AR R
14 132—138 13.5 4 R

3 CNNHEEE I SHAGRIE

ARG, FRiB G R W E A WAk,
— ek E BRI A rh B ARG 0T S8 A
SBEEY R F A dE” (T19201-2006) , #HE 4 K
S RTINS N A TN IR = A s S 2 (1A
(10.8—17.1m/s), P (17.2—24.4m/s) . 50k
W (245326 m/s) . 5K (32.7—41.4 m/s) |
i 3 R (41.5—50.9 m/s) FlEEGE R (=51.0 m/s)
oM FEG; IR EERT U e R R B e
TR AEFE AT Ak I S35 KU A I . PR
A58 T SR A R R ) R A AR R AT bR
X6 T A AR AR E A TCRE R MR KBk, JLF
MELASE I . PR, A SCRE B T A 2= R Ul R
M, E R TR R e R UG S5 g B 4y 2
KRR AT S, SRS TE AR5 70 NG B2 I 1% 1
T R R A T S G KU A

SCR BT TR EE S A 2 M 4% (CNN) A A
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it 1R, FEATEWAZR . BRZE.
Rz &R )E, fE ke KE
1%, Wil A2 AG)Z CNN M4, e G
SO RIS R, 5 e 12 A5 3 & KR
FESER AL . K ESEARRE R 2 PR,
HA Conv-FR R FHEFZE, MaxPool-F /i L),
Fe-FoR R . HRMAZ, ZEFY-4AT] 1L
6 (1—6 U B) B AR BE, Kbt T A
KR8] 5 J2 i AR, Conv—01 9 Kb AJZ,
B A AT — H 21:01 224 H 08:59 (HEARf) B

V¢ ¢

FY-4A 2B (1—14 3B XG4, Conv-02
R EIEIAZ, BIA M H 09:00—21:00 (HFET)
I FY-4A J5 8 MLIAMEIE (7—14 358 1 H K
BHE, BRI 11, FBELEK R, b
FRHEBON 8. A THRIE G L2 Ab B — 50k, )25
A3 K R AN 8] B AN [R] G R AR S A48 A Y
& PR PR IE , 20k FF AR AR 5 15 3 RO A TR
[240, 8] BYFFEZE, RIAMAIAR2184~K/NA 240x240
FRIETE

& X

[

HRRHIE
240%240x64
Conv-02

FY-4A/AGRIZ a4\

B XU Al T

1 BT CNN & KU iR S R 28 25 F ]

Fig. 1 The CNN network structural chart of typhoon intensity classification

K2 ETCONNWTCEREZHHEB NS

Table 2 Model structure parameters of TC intensity estimation algorithm based on CNN

J= i ARSH i RS RS g R
Conv-01 (240,240, 14] [240,240,8] [1.1] : 4
Conv—02 [240,240,8] [240,240,8] [1.1] | 18
Conv-1 [240,240,8] [238,238,64] [3,3] | 5120

MaxPool-1 [238,238,64] [119,119,64] [2.2] 2 0
Conv-2 [119,119,64] [117,117,128] (3,3] 1 £1920
MaxPool-2 [117,117,128] [58,58,128] [2,2] ) 0
Conv—3 [58,58,128] [56.56,256] (3,3] 1 327680
MaxPool-3 [56,56,256] [28,28,256] [2,2] 2 0
Conv—4 [28,28,256] [26,26,324] [3,3] 1 829440
MaxPool-4 [26,26,324] [13,13,324] [2,2] 2 0
Conv—5 [13,13,324] [11,11,512] [3,3] | 1658880
MaxPool-5 [11,11,512] [5,5,512] [2,2] 2 0
Fe-l [5.5.512] [2048] [2x2x256,3584] — 26216448
Fe=2 [2048] [512] [3584,2048] - 26216448
Fe=3 [512] (6] [2048.,6] — 3078
Softmax [6] (6] o o 0
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2, FAERZX E— 2 8B ERE
T2 4G R, dE— DR RGN 25 [ FDE ik Ay
Tk, BRERSR3x3, FBELK R, HhRHE
k64, FFFIH Relu MREOFRAE AT IR PE A 6
153 64 K /INK 238x238 FUARHME . 25 AR BRI

yz(l/)k =R z 2

b, ), o, TR B ARG AE G+ dy i+
dy, dy) 7 B WA, wlh) RN kA B R
(d,,dy, d)DLEIME, D, D,, D, 5 M FE BN
R,y St b iR IE B y 78 (i, /, k) 07 B E
R(*) WEEAMERE G i ReLU (Rectified Linear Unit) ,
ZPRECRT DA B A B 225 s g1, [
A 136 405 2 i Y J2 0O 24 )11 2 s 7 A 6 s B 9 2 i) A
IR SN W
R(x) = max (0,x) (2)
AL Z o, R T XS RUZ A5 B A RRAE
TrkEdE, $ETHEIRIR) R AN, CNNAEELR
RO, SR SRR T RR AR A B KA
FEVE MR G IR, e ROt AL A E RE IS 07 22 1
N SRR S @1 Y SN SO O = DA B0 B v il
FA) AR AE TR HL A AR AP i dE R B I R e 2y
W

(1) o g (LE)
Xivd, j+dydy, Wa dyd, (D)
0

yl(,i)k = maX(xfj{f?k,'--,xgli l’)l.j+l)2,k) (3)

A, max (+) R BURRMEEAE, D, D, KRtk
[GIRR PN

R FEGET) Ay mohne, HIE
HUER G L WAL REOE R BUZ S B R IR 2R T
WSy, 45 3 5 3 S PUI AR I 1) — 2H 4R A - i H
N, FIH softmax J2, 15 BN AREAE
THADGRIGNMER, FEmAh T xR R
FRAERY 5 KGR BE G o 42 3% 35 )2 A softmax 11 )5 3
S (4), 2 (5)

= 3wl )
A, w FRRE R
P(c)= M (5)

Yexp(y!")
i=1

Krp, RN EE— R EE RN, =
1,2,,C, CHMEFRMWANE, P(c)RREZA
WUE T e MR . By )2 T LRI P(c) i
K (6) Kbz A KT E R EI .
y, = arg max P (c) (6)
wJa, AT R sEE K REEE, X
o DA softmax & H B9 AL SR AR S: 25 047 XU £ A
T, BLARE softmax J2 4 H T T 24 51 A 2 55 K 1
J5, BRIGFIAE (7) St ng & RG] ) R GHE
EFRATINECEY, A5 B 20 A R R R
7. =P(c,)'R., + P(cs) R, (7)
X, Ple) RS i RMBERME, R, FmITC,
14 KL 1
4 G Xom AT RE
BRI E A AN FY-4A/AGRLEURE , F 4 F
GRNHESE R T RN XA, BE KR
1400x2748, FIEH EMG—F i e S HE =7
RN TG WARBIRCR, 1 AL B a5
B, T kR LR, ESEX FY-4A/AGRI
AT TR, R FIE Y. FY-4A/AGRIELHE R
FH CGMS LRIT/HRIT 4 BRELE E A 1 TR PRFR
¥, HbIRARER AT LT WGS84 B Mk HiA i id it
FY -4 FRfR s S A A R, FY-4A/AGRIZS [H]
SYPER N 4 km, G EAE—N600—1000 km,
KA E K 2000 km, P SCH LA R B 2001 5 XU
225 SRy U R U] ] 240%240 JK/INAY XAy
ZEFZI G WEEARLE 33t 1047 M UIGREA, R
] SE AR AR I DL 3R 3 AR ok BEAH iz st 1] £ 5 XU
S AR BN L XU BT 7 ) — — AT A bR
TR 25 I R RE AR PR 4 18 Ak 1] 4 ) i A= e e X
U () CNN B vh JEA TR 2, L A RN ik
FNER; fn, KGRI S5, YIgREAR
1) LS 5 B RN K pRBIE IR AT, P IR AR £
X AL A3 NG BE HEA TN, 1 — A0 R U A AR 42
KR, HARALBRFRE L 2.
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*3 AEBRERRER
Table 3 The sample table for different typhoon levels

BN FRCgU P R ]

50 50 50
. 100 100 100
i 1
s 150 150 150
Jie 200 200 200
50 50 50
", 100 100 100
(A5
It 2 150 150 [ 150
#* 200 200 200
s Y § p
50 100 150 200 50 100 150 200
|
i 50 50 | 50
#H 100 100 100
w 3 150 150 150
JRL
200 200 200
ES
50 50 50 §
= 100 100 100 |+
=) 4 \
I 150 150 150
200 200 200
50 100 150 200
50 50 50
G| 100 100 100
= 5
150 150 150
R
200 200 200
50 50 50
#
e 100 100 100
6
= 150 150 150
A 200 200 200
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Fig. 2 The flow of typhoon intensity determination based on CNN classification model

5 ghigarthr5itie

51 ARERDLBEITMN

TRV FE W S VP IR AL 25 R () F 298 bR, 7T LA
XA A 5 KRR 3 2R TSR vE e AT 0, K42
CNN XJ A [m] 5 Ui B2 45 9RO TR VB R , 7T LA
A Hh CNN X R | iy U L B KRR &
WEA BRI HY 0 BBOR, 0 I Yl i 95%,
AH BT B s T 5 KUY RO ROR 322
IERG LI 80% AiAy, B AR 3 Al LI P &2
5 PO KB Z B AETE A R R BE IR VG, PR
JE AR KR GO Y 5 XU B R, AP L
EARZHE, MW Z A AR R AT RETEAR S, T
i 5 KUY I R4 /0 AT B 3 AR Y B R 22 R
A F B

N T PR SRR I TR R AR Y
BHREFRHE, 43R B 4B7% KNN  (k—Nearest
Neighbor) o TR B2 W 2% BPNN  (Error Back
Propagation Neural Network) . 2 7T 2k £ 7] |4 MLR
(Multiple Linear Regression) . 3¢ £f [a] & L SVM
(Support Vector Machine) 2§28 L4347 T
S, AR ILEEK S, H Overall (0A) R

SMATP NG . OAVUR I R BRI BHREE, 0A2
PR AR 73 kG B . AR 5t ] LI i CNN
VAR & R T AE 903 2K EORS E Y HE 95% U |
LA RN S &t 7—16 N E 43 AL, i H T
TR B AR 53 SR B 38 02 11 R ORI I] 43 kG
CNN ¥ T4 8k

F4 CNNOERERBRBIER

Table 4 The confusion matrix of classification results
produced by CNN

Polr el sREE R

BRER W R KR AR AN & R4
PAFLE 19 0 0 0 1 0 20
Pty W2 4 438 1 1 2 6 452
MIVERE 0 3 24 1 0 0 28
o 0 0 0 58 1 0 59
AR 0 5 0 1 103 2 111
AR 5 R 0 0 0 0 0 32 32
JERSy 23 446 25 61 107 40 702

SRS 083 098 096 095 096 0.80 0.96

5.2 ARXGEEITEETEN

3 M B2 A T AR =R R P B KGR
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Ml 55 F Rl ZEHR 2017 4—2018 4F £3 AU/
A SCH 7 ik AT e R UEAG B, P T IR IE
K KU SCHEREFT CNNXUEE A T 45 2R 1 i DG e
([#13) FKGEE BT (R6) Hoik, WL, CNN
T AU 5 iSOG B A AR i — B, i
T8 KU SF 24 46 %6F 1% 22 MAE  (Mean Absolute Error)
N 1.75 m/s, PRI ZE RMSE (Root Mean Square
Error) “42.04 m/s,
R5 CNNSR#EESLBESILL

Table 5 Comparison of classification accuracy between

CNN and classical algorithm

%®6 CNN5DAVTEETERBEEITLL
Table 6 Comparison of intensity estimation between

CNN and classical algorithm

RPN RMSE/(m/s) MAE/(m/s)
CNN 2.04 1.75
DAVT 14.29 11.19

Bk CNN BPNN SVM MLR KNN

OA 0.96 0.73 0.78 0.89 0.70

0OA1 0.95 0.62 0.87 0.88 0.66

0A2 0.97 0.87 0.67 0.91 0.74
Or ——

ol O i Pl RE

20+
10 1 1 1 1
20T 05 20T 23 21T 17
A (2017-10-20—22, dbTH)
(a) 1721 55 A K2R
(a) Super Typhoon Lan(1721)
70 - x
RSO
........... I X
6ok © At I R
50+
g
< 40
b
X
10 1 1
29T 08 30T 20 2T 08

BF1A] (2018-06-29—2018-07-02, JEHTHT)

(b) 1807 SR L2 f3 X
(b) Typhoon Prapiroon(1807)

K3 LT CNN Y XU BEAG 15 iSRG I e ]
Fig.3 Thetime series of typhoon intensity based on
CNN and typhoon message

Tk, FETHRIMFEALE, RHITERMGEZS
SRSTE (Ritchie 25, 2014; Wood 25, 20165 ¥l
4, 2018) MM 22 A )5 22805 DAVT (Deviation
Angle Variance Technique) #7175 K& % 2 % o
S5 R KW, DAVT J5 i ) MAE 1 RMSE 43 51 4
11.19 m/s 1 14.29 m/s, X5 Ritchie 5% (2014) #ff
FERGREAGE , HUL T UL, JEF CNN B 5 XU L 5T
JEMIT AT DAVT, 76 6 KGR B 55 S i rp 2L
ARG RIS A (B0 S A5

53 #ImMEXEEIRANE RS

531 CNNBWABHUHMSRFEN B ER
EHRm

TERI AR, TR PR B AT A R
T o A A 2 i ) A R S B8 i) X A
HATNSR, 15305 R o G B 4 s . Al
DIE M, A2 G PR EECh 8 1), AU
B BAR ERE B B, BOR 8 I A B S 8K
5 (£2).

100 -

EO0A ®mOAl @O0OA2

98 r

96

941

IR FE %

92+

90 -

&8 16 32 75
BB
K4 i NJZA TG BURIE A RO 7 JERE 2

Fig.4 Classification accuracy of different number of

convolution features in input layer

53.2 AEEENSEFERRM

N T o3 M B B E SR ASCR R, RIS
IR BEAEAS P AR 73 R 5 1— 14 DI B
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PHI AR, GEit o JoRi R R 5.

100 EOA EOAl B0A2

53 FHKERE Y%

2 345 6 7 8 910111213 14
BREBLB

5 BULBCEERIE B G GRS RTE

Fig.5 Classification accuracy of typhoon intensity

level after band—by—band removal

ATLVE Y, FY-4A T 613818 (15 X o3 20k;
FE RSN, T 8 A1 8 A BG40 254 B AR
MK, B LATA, A6 aE I K u /N T
3 wm, FEE AT REAGTLANE R, W E] A e
i ETOR A 2 MRS K AR )5 8418
K E/NT 3.5—14 pm, B LA A
WAE, TS B R A o R & Y A
SHEE . R rT WL, AU x5 KU R )
KR EZREE A FE XN TR LS, a

U S S T RE P 4 ke 43 WER SIS T S AN
6 45 it

AT H— LR DR FY-4A 238 iE
Hi G585, (FY-4A/AGRI) ¥Ekk, #Hr & Xas
PR SINR R A 2 M 4% (CNN) AL, A K
58 B SR AN 5 KR FE (O e KRUED) 8 T
AT PS5 TR T CNN B R & XU %00
fETT P RS F . A5 DL 22248508

(1) ey A FY-4A 230 38 12 & ER 00 B0 dE
S WRIZM M L DL & CNN R 1 4544
Febk, Wi A FY-4A SRR CNNBLRY, Al
Az DR GXIESNIRIZE S, SOk B
& R EEAG T

(2) FIF CNN AR & XG5 B R0 e 4k ok T2
B BB, w] & KGR AT o 28U,
O B WYy k3 N Y A & NI A 1
algiit, & ReREE R B BE 4 7E 95% UL |, I
KNN., BPNN, MLR K SVM Z¢ 4 #3815 7—16 4>
[Ep: ¢

(3) CNN A SLfly b 1 de KA R A T
()5 1R S B0 T £ RURUGEE (1) 5 A Al i, HHp G
MAE H1.75 m/s, RMSE }2.04 m/s, HDAVT %5
TFET 85.70% F184.38%, HJ) CNN E3EXT 5 X5
(14 3 S A A T LA 4 v RIS M B FD S FH i 5

(4) FY-4A B B2 DA LA,
BERNY 1413038 1Y AR ST 5 1 PR KT AR
YR EG AT HI S I CNN A XU B2 TR 51K JE Y
FRAE £k A = R SRS, 2= TUAE AT D't 38
TE Y R BT BEAZ o0 PR i i A

AR SO L H AT 35 N BEIE I2 B AA E EAT l AT
PEBFSE , (HA G 55 70 B8 1 S5 SR A A B2 g
BOMEI R, B, JE SR RS A SE PRl
B i e 7 = R N i 7 31 D 1 S P A
DA, 6 8k 38 M TR R L LR ARG 56
SR, PR SE N M 2D s TE AL AL il
fRE e w4, PR R I 45 2 S S S
RN

E OB REPY-4AAARE T 2 A A
G IRRATES A4%— &K &LES LN AR
ERESTOLATARALERRD N AL T
FH!
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Deep learning estimation of tropical cyclone intensity along the southeast
coast of China using FY—4A satellite
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Abstract: A Tropical Cyclone (TC) is one of the most destructive meteorological disasters. The strong winds and heavy precipitation have
significant effect on people’ slives, property, and social and economic development. Therefore, the accuracy of thepath and intensity
prediction of TCs is always an important consideration in meteorological research. However, considering the complexity and variability of
typhoon cloud patterns, the existing objective methods are usually based on statistical linear regression.Moreover,they still have deficiencies
in expressing the dynamic changes of the complex characteristics of TC cloud patterns. The deep learning algorithm performs well in high-
dimensional nonlinear modelingandaccurately identifies the input mode with displacement and slight deformation. This algorithm finds
significance in Tropical Cyclone (TC) monitoring with dynamic changes over time. To develop TC intensity estimation technology further in
the field of satellite remote sensing, this studyapplied a new machine-learning technology to analyze and to study the TC intensity of FY-4A/
AGRI data from China’s second-generation stationary meteorological satellite.

First, a deep Convolution Neural Network (CNN) model was used to distinguish effectively and estimate quantitatively the TC intensity
level and center wind speed. The images of day and night were placed into the convolution sampling channel of the CNN to obtain and
combinesame-size spectral features. Then, multilayer convolution, pooling, nonlinear mapping, and other operations were used to mine the
input characteristicsdeeply.Finally, the TC intensity was estimated. The experiment was divided into the TC intensity classification test and
the quantitative estimation test of the TC center maximum wind speed. The CNN model was used to convert the recognition of the TC
intensity into the pattern recognition of satellite cloud images, which could classify and identify the TC level.

The experiment found that the recognition accuracy of the TC intensity was all above 95%regardless of the overall classification
accuracy or the respective accuracy of day and night statistics. Compared with k-nearest neighbor, error back-propagation neural network,
multiple linear regression, support vector machine, and other classical classification algorithms, itimprovesby 7-16 percentage points.
Moreover, the CNN isalso superior to the classical algorithm in terms of classification accuracy. The CNN model comprises two fully
connected network layers (each layer has three neurons). The TC wind speed canbequantitatively estimated by prior training samples of the
network parameters. Compared with the data of Tropical Cyclone 2017 Yearbook, the mean absolute error of the wind speed was 1.75 m/s,
and the root mean square error ofthewind speed was 2.04 m/s, which were lower than the corresponding errors of Deviation Angle Variance
Technique (DAVT) by 85.70% and 84.38%. Thus, the CNN algorithm has a high application prospect in the quantitative estimation of
typhoon intensity.

As the first second-generation Chinese geostationary meteorological satellite to be launched, FY-4A has its advantages of multichannel
structure and high spatial and temporal resolution. On the basis of these features, the advantages of the techniquesofthe deep neural network,
and theflexible structure of CNN, this study proposesan improved CNN model thatis tailor-made for FY-4A data. The modelhas the capacity
to mine the morphological characteristic of typhoons deeply and effectively and achieve high-precision typhoon intensity estimation.
Thismodelhas positive research value and application prospect for the quantitative estimation of typhoon intensity.

Key words: remote sensing, tropical cyclone, FY-4/AGRI satellite image, CNN, objective intensity estimation
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