Computer Science and Application 5 HLF 3¢5, 2023, 13(4), 819-832 Hans Y
Published Online April 2023 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.134081

SAR-UNet: —fhEFZE;FEHHHIR
KSR HI L= R

¥ AM, ALE, FEM, R, KTE
RS B TRER 2T S BE, DU)I

Wk HiA: 2023435 18H; FHHEM: 20234F4H17H; KA H: 20234F4H24H

R

R BAIRH RS A R TP s AT R2E R KR E, MHXPEF. HefESRBER
EHERPIRL . BEFWRSIRAEETERE T2 MIBEERNBRERZIN, SI1888 BHRHK
S, BEREFIHREREMLAIEERE. B TRAETEESREMZEEN ERRRE, 2XET
TEEIN T, RHT 2 NSAR-UNet MR, ZHERIFEE T UNetM &5, ZERAEIR AT G135 i
BN T ZRERE AN, T Re 5 R EUR S B R EAHESE B BB IR KRR
AT B3R A, BRHER T A R RER T RENEERERAR R . LR ERH, ZTSAR-UNet
B RS R B 7 ¥ FEERA-Interim S R Bide £ L B BAERRIIMCR, KM RAKREE X3
797.27%, MIoU{EEiA85.22%.

K
KRR, BXHE, REED, ZEERHUH

SAR-UNet: A Model of Atmospheric River
Recognition Network Based on Spatial
Attention Mechanism

Yuemei Luo, Jinrong Hu, Guigang Li, Zihan Shuai, Zixin Lang

School of Computer Science, Chengdu University of Information Technology, Chengdu Sichuan

Received: Mar. 18", 2023; accepted: Apr. 17, 2023; published: Apr. 24", 2023

Abstract

Accurate and efficient identification of atmospheric rivers can effectively prevent natural disas-
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ters such as floods and droughts, and is of great significance to the economic, social and ecological
development of the region. Existing atmospheric river identification algorithms are mainly based
on the thresholds of multiple physical quantities, which can effectively identify atmospheric rivers,
but need to manually set thresholds and geometric metrics. Due to the limitations of existing meth-
ods in complexity and generalization ability, this paper proposes a network model named SAR-UNet
based on deep learning, which is based on UNet network structure and innovatively adds spatial
attention mechanism during feature extraction, so as to better obtain local feature information of
atmospheric rivers. The automatic identification of atmospheric rivers by deep learning effectively
solves the shortcomings of existing methods that need to determine thresholds and metrics. The ex-
perimental results show that the atmospheric river identification method based on SAR-UNet has
the best identification effect on the ERA-Interim climate reanalysis dataset, the accuracy of atmos-
pheric river identification reaches 97.27%, and the MloU value is as high as 85.22%.
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1. 5]

KA (Atmospheric River, AR) &AL T X112 T 21— &K /KR ML R[], mEKESFLT
AN, M EE REILE AR, A—&KME 4 . B4 HIERE 2 4 B X i B 7 [2],
[ B A 2 1 B o M S . RS BTG Bl . — 25 RS BT Ay 17K BB 2 mT DU I bk F ek
BT —— . By 3ghiAT [3], PRl AR A BRAK VR4 A B2 ol o R OGS AE T, WO 48 1R Sl X FoK
P—ANEEFEBERER. HT RS E 2RI, T sty 5 F[4], BB TS0 B 1R ) E
HEEWE L R KA E SR A WA 1) KIKEHE (Integrated Water Vapor Transport, 1VT),
BRENS TR KA KRRk 2) /KIK S E(Integrated Water Vapor, IWV), ‘B BEMS &7~ KA 3
PRI E. HT VT G R Mk, BereERBRIEEIN R, R = A 5 B A 7K ) DG B [
F[5], VT N AR, SFASTIERERREET IVT 1.

BEE NATTXS KA ) T, ORI Z (1 AT U6 S IR0 50 KA (R J7 7 [6] . B IR R )
JHEEERIET IVT AWV P IBEERAE[7], BeAh, I ERGE R RHIIR, ik 98, J7REE
KAFENHE « A ITVEFT LURE =N K2 1) BT B AW A sl 2 A5 28 o 2% B 7 (IR 2 KUAT IWV
B, THH ARSI TUTILREFE . X P VEE AW 0N R X R R 5 % [8]. 2) Joffy e it
FUX I PUE AR, ERERR X AN B KR B 2 [AVRRAE,  FEARAE TSR B . K BE L 77 A SR SEIRT K
ARG, BT T E PR B D, TR R v 3 T4 s DX P R B B A AT, TS
T FH X 4 BRI B A ORI [9] e 3) A4 M B B K AR BT A, AR 45 5 DX 48 AT Al 7 B KT
(K FEARFAE, X 77 RS B T R AATAE DR DX 48 2 18] P (9 23 A BF 2 [10] o 3 6 KA R S04 mT DA 28
WU 75 B 2 A BRI, (HIE RAFAES — AN 1) 2 ARBE i 2 . RN IR B B2 KA i o 1 A
ZAERUATARAE AR AR ], 3X 4 5 30 [F) 1 B2 KA R B 45 R A e A R, AR Lz AL

ik
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BN B, 2) KU k. SR T VAW RS, AR VTIWY
fifl, TS IVT BT, PR RO, iR 2 R, ST 0 LR R
BHAERE.

ST I SRR R, BRI LK O LR, BRI AR, BRI
WA AV SRR, QUFTPENSIR I T 454K URTRHER) SAR-UNet FIZGHIZY, i iR
SRR T A SCH T TR T+ 1) H T A PESR H T — F7 B 2 TV 2 T
KA s 2) L TR T BRI T U R B2 A e

AL ARG T e 5 ERR T HI TR, 3550 T BRSO 5 DA
TP MBURE D BTSSRSO AT R

2. ExTIE

DU RS R Bk 2 R 288, EATE PR AT 43R XA BRI, A R A 1 X3,
BB 3 A i i v A5 — LA B A AR PR FITE (1), ot IVTIIWV B A AR S A4 ) 52 57
1 Ralph 28 A\[11]32 H SR BR AR/ 1) IWV R T5T 2 em, JFHZEDRRS: 12 /0, B4 Twv
(38 B K T25F 20 cm m/s (F1 24T IVT {84 250 kg/mis), X 24w R b X 75 . Wick 258 A [12] 2
7 =T WV L, AR, B R SR IR . 1 SE TR 20 1 = A R AR A 2
1) IWV & >20mm; 2) KJF >2000 km; 3) % <3000 km. Rutz 5 A[13]7E 2014 FE2H TR T IVT
B, AR T KA R RRUE E UK > 2000 km, IVT > 250 kg/m/s, AN & RATR IR, R H
AT FEEEIT H] o 76 2015 4F, Guan %5 A [14]32 H T —FhEH %t 23R IX ST IVT [ KSR 72,
XANEE bR IVT 58 B a T A 2= 4RI 2% BT T H SN 85 4061 IVT, 4074 166~254 kg/mls,
BNEIBREIA 100 kg/mis, [FIRS P2 IVT J7 R EAE 45° L, Btz 4b, KA EIKEEEK T 2000 km,
KK T 2,

AHEE T ER b I A X (U1 A6 2 AR ), A H0 X RS T e A TR B, 2k M DL 3 —
AN IE I 2 P 1 DX AR T 52 2% B A 2 A B RS IR BB R B . 7E 2020 4F, Pan &8 A[15]#F K T id&
FFZR W H X () R IR BB B L, XANEREEE 6 NPT 1) ST i S A D R R 1
FERA XIRSEEL; 2) T KA AR i 3) KA 2 4E BN AE A g 515 4) JE RS 5]
(158 AR VAL A I R (D A SO IR S5 € s B) AN IR R AR G s il (0 KA B B 3 BRI 6)
KA 4 A 1 JE 3 (life cycle) (R0 S503E 15 A3 A AS 8] B0 BB AR AE AT 21 I SRR 45 AN, AT 45 31
i AR AL RS A R AN 2 o 6Tk, Ohanuba 25 A [16142HH T8 7715, AR TR I 4 5 RibLas 2 > 45
ik, FFSBRG I AR SIIREORERAE,  FE BAE RN KR 2 A5 R E R 7, BEG A4k
SR ERER IWV 37 R AR NI ARk, FEAEAE SR R 1 3 755 R FH SR ) L oy BB AT N 45, e
i A A 2 AT B AT L B AL (TECA) R 0 45 SR A D B S PPk 23 R B I e IXFh T 1 A 7 R
TR SR TR R, r SRS Bt T LUA B 91%, (HR 7 K88 MR RE 25 5 52 BV R 500 T i
(IRZIR,  FRATT 5 B v O A 1 SR [17]

3. HiiEeE

AR S SR BRI A 3 RS TR A0 (ECMWF) ) ERA-Interim UM% FE A 808 O 55— i, IS
SRR 1.5%1.5, TitE 7 1979 4E 1 H 1 HZE 2019 4£ 8 H 31 HW¥EE, 4 HA VUK, 1A kg iE
A6 /NI, 3l AE 00UTC. 06UTC. 12UTC Al 18UTC. FRATHIE F4h ERA-Interim £ 2 o (1) 3 2 A5
KEFIEEEAVT)AER T IVT oK, —3Am T 59,412 5kE fr, B A RIR/NA 1024%1024, Wnf4]
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1. FATEE Guan. Wailser [18]472 H KA R B it BAR AT ARl,  IF380E 7 W0 KSR )
5 F AR g BRBATAZ S . A T UERARIPRSS, Wl USSR E s, Hixmr R, &
B3] T 59,412 5k R ~F K 1024*1024 FRA0FRCE, W 2 Bz,
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Figure 1. Original image
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Figure 2. Marked atmospheric river image

2. FREHASITEG

AR BY AN resize oRACK 6 B A FIER I BRI /INS AR TBCH 256 x 256, @4 U R 46 A o
3R, AmidE e 4 Fos. T A TAEFHOITM B R TERE, RIFRSE BRI TSR, BiE
FEFIINRAE =4 . 46 2018 4E 3 2019 41 2432 k& A VE MR, IR 1979 FEF] 2017 FEIH
56,980 5K I8 i 4% 17:3 BENLKI 2> NN GREERIERUESE . BARKRI 4> 45 R a0k 1 fos.

4, HERINE
BAHE AT (T R B A B R, DRI RA T AT LA PR R 2 ST SRR [19] . UNet [20]
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Figure 3. Input image
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Figure 4. Label image
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Table 1. Dataset partitioning

= 1. BRENS
Train set Valid set Test set
48433 8547 2432

7 FRIE ST BN — DB, RN I R A BT TR RER L, B EE 2 S. Tk SA
R RS AL G (25 AR B 45 1) 8 o0 PR A, 3l BRHE AT s R B AR R IE R, A
BREREFR IO SN, FEREANB BB Fo VF AR 25 2 ST FE G A o P 25 R AR ORI, e 7 BRI R 2 B
B UNet BIRLZE R ] 2 Hp BIRCR R, 2% A 9iE (2 EUES I baseline 5 H A B X} LE[21].

ASCHRE H ) SAR-UNet #AHE UNet BEAUAEONEEAIHEZ, UNet &4 U BRI FREEH, L H0E 7>
A ANt Es, AL I X RIS 4 . UNet BRGS0 5 fs.
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Figure 5. Network structure of UNet

5. UNet (4% 454

ST ASTAS AR TR B G i BRI AARRAE , FRATTHE UNet A2 A% 36 70 3 i 1 53 TR BRI R AE
2 2 . FRATRIF VGGL6 4% [22] R AHLICR I A7 AT ., JFIdd 2% [A) 3 7% o AL [23] 58 g Hh
Y38 ORS00 ) Jo3 B R AIE B 1 X 8 A 8 1o B8 199 DXy J3 8 DX SR A 17 720 AR AIE, A7 Pk 22 W 4% 45 440 [ 24]
SKARIUR 2 HVBEAARRHE, SR 5 FHE R SR E R AR RHE AT RS, £33 5 DAFRSTFSRHE S, R
X 5 ML E AT _EREEAIBRIRIERE . FET SAR-UNet K IR 1) 77 6 (R B ARAE L T 111 6 s o
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Figure 6. Overview of the model
& 6. REHEL

ASCRER AT LURE 7y DY 8 23 55— 7 R R HUR B RFAE, 55 AR R e U AL, 28 =872
AR S, SEDUES 2 LR FEAIBRERE L . 45 T ORI XA 83 BEAT VEAR R A 2 -

1) PR AL

i VGG16 1 UK X S hr B R 4%, T A2 32 A8 P AR IR AE A R K it Al, R 5] N4
(A1 S FI LA X A7 B 70 i e B, A5 X 228 B I B D e (X325 AT B 4 el S B T
JFBE R, XL SA-VGG16, BARUIE 7 Fis.
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Figure 7. Network structure of SA-VGG16
[ 7. SA-VGG16 ML&LE#

[~ convolution + relu

P max pooling
[ spatial attention model

25 TE — TR AR AT A 1 e RO (b HO W I C,, 43 30 9 BT F B 78 8 6 P8 AR i S 4) »

P RCERR Hgp () RIRBURHE Ry e R™WS4
K= HSF(l)
Hor, BB —URHESR U RIE ECN 64. AN BE S R B DU Mok 1 s B — AN R, M7 (8
W7 I 7 FT WL B (Spatial Attention Module), Z85d—RiE R B Hg, () 15, 133 T 3R24
fit Ry e RMWO4
Fe = HSA(FO)
Fets IR ZHFE Ry ARERIUSE S 4E IR B HFIE R e RAFWeS12,
For = HDF(FSF)

Hort, Hop () BEERFHLEL R, ZId R R BRI 23 R R R R G rh 58— OB HRZ 5
N2, FRZVERIZECN 3). FXFHEAMEBEROR 2B, BB SR 512, MHRHIE AN
SR RIER I Y, AR R NS AE AT AG oK/ 1132

ARSASE P R 23 (B3 5 I WL RS B (Spatial Attention) 9 SEELERE AN 8 Fros o B Se Xt A BER R IESZ
TEARF—/NMRFAE 5 (I8 IE U S RAE AP 3ME, 43 31143 £ Feature 1 1 Feature 2, FHEIX PI/NMRFAE 2 HEAT
HeB., HEBZGMERFIH—UCEERCN 1 FEHIAREES, RG> sigmoid FRAHNKFE 26
—/NMRFE SBUE (FE 0 B 1 2 [8]), IXLEREARTR | W AR X B X I DA B, BUE R, RVERE
M, BAEIN T 2 AR HUE G, 28 IR ACIT (1 o v 4 3 e DX 2 B 22 Ml X 8 A R Oy, M
T4 v AR 0 DR =CIT R RS

2) PREUVBARRRE

18 FF 5% 22 X % 3 UK 0] (VR 2 AR R AE, 225 ResNet [FIRESRAS TLANAS R R /ANRIRAE 2 o 5% 2 0 4%
FEH— R ZE PRI, FRZEH o B B A AR 25 o, 9 P

Bk 25 G A AR AL HE 2y IR AN 435 232000 FOX) A BCAT T X, e IS NP E A I A5 1By A4
X X MUEATALER, WA W2 SIS EIIERSr FOX) & SRR, 1A G540 2 =T I L Sz i e 285
REWMNIE . BN 2 M2 2 AR 22 LR, 3 FR 22 2% Bk 7 rT CASR B3 B (VR 2 S R
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Figure 8. Spatial Attention module
[& 8. Spatial Attention #&HR
X
F(X) X
F(X)+X
Figure 9. Residual block
9. RER
3) MRS
HTHRERHED FRR AR, B LBosim), v LAS B B AR X BORSM AL, A2 5 s — L gh 1y
FE MCERER PR, A EZ AT, RAEZEUEE. Fit, RATEBAREM

JRERHEREAT T NRE, XE ] DU A R AN R R R, RS RRIEZ R AL A, AT AT BAIE B
TRV S H 1 308 % A5 AR R A 1077 A concat AT add X #Ah 75 ., concat (1977 A2 RANF LR
B NMFE AT IE#E . PN NRHE x Ay IZ4E80CE 9 p Al g, S HRRAE z M4ESCh p + g, HATLL
B IBTE RGN - 1T add {5 02 FFAT SR , 63X P ANRFALE ) 2 5 RO 0] o, 6 T4 ARFAE x ATy,
z=x+iy, HriR2EHEe, BVRHMERFEN, FHMEMERENZ T, (REEHAE ., 151X BT A R
TERLE 77 2072 add,  IXRE AT DA L b R K0T R ARRALE

4) FRAE BRI

FEIX 53 FAT TR F T RRAE SN 8RR AR Rl & J5 15 21 10 TOAMRHIE 283017 ERAE, I H. concat (77 X
BHTHFIERL S, SRR — N RARHEZ . N 7 B4 i T M@ DUl E A B R v,
ATE LR BERT BEREHEAT W A5 (0 LoRFE, FHATHRERR A, 3 i AR AR R RAAE 2 R N BRI v B AR )

5) Tl o>

AR S 2RI B EE & — A 171 FIGRU— MRE ST 02, ot xd B g
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ITIE R R, A OSBRI softmax.
5. SEIGERS
5.1. FfrigtR

AR, BAVE G KRR PA) . PG R UER R (MPA). 15732 3 b (MIOU) FAR AL A8 FF: Eb
(FWIOU)VE NERATHITEA e bR . BRBEA k+ 1 B(BHE k AN EFRZER 1 MY 52K), Pij BaaAE T i KEW
A j2RRG 2 SRS, FRONERAYE(FP). [FIREHL, Pii #onEAE(TP), Pji #nBEATE(FN), Pjj #nE
B (TN)

B RAET R (PA) RN 73 R IET G 3= i B BT A 15 3 B b s, ] DL 7R oA L BH 1 (TP) A L [ 4
(TN)Z AR LLE BHTE(TP) s ERAPE(TN) S R EH P (FPYFIMIRBA PE(FN) 2 #1, B PA = (TP + TN)/(TP + TN + FP
+TN), SEREMARWIT:

PA - Z. i
XLl

TG R UER R (MPA) S T A — 2800 2R IE 0 A% 2 S Bz 2R BTG 15 R S B e, SR 5 FsR
Py, BARIIR:
pii
MPA=——
k+1,ZO:Z p”

T8 I EL(MIOU) AR TE AT EIH 8 FH FIPEAN $E A8, 22 1 EL(10U) 2 B SR AN S A 5 N4 A 32 46
MIHEEZ L, B AT LR IR BB M (TP A LB (TP) L B FH 44 (FP) A A 4 (FN) 2 At LL A, BN IOU =
TP/(TP + FP + FN). “F32 I LL(MIOU) & X &F—23K 10U J5 R, BARTHE AW T Fos:

1 & pii
k+1§z:;0pij+zl;zopji—pii

AIALAZ I L (FWIOU) & AR B F — S BB TR B B A, AUE T LA — 2809 10U FFk TR AT, iH5
NI AR :

MIOU =

.. k..
K 1n) . pl
FWIOU = > = PP

> 02, P 0 pii+ X i — pil

52. SAWESHIRE

N Y L P AR RS I (R 45 5, XFEE T PSPnet [26]. SegNet [27]. FCN [28]41 DeepLabv3+ [29] =4
B, X SRR ERYE TS S o B A AT, WTE AR SRR T BE RS . PSPNet JE It 4
JRPBE AR R IER S SE I N 21 E R SUER, AR RIS ES TR G, LR B k4
JERE B IMNAE 1. AU resnet50 S PSPNet [ T M2 HEAT5250 . SegNet [ = ZE45F il H w85 2
L, S A RS R B B A TR 2R, R R AT R R /3 E] . SegNet TEZw A4
R R ER VR ISR T iR KB EAL B (R 1), 198 T AR, AR5 7E AT I i g B 28 5] SR
LMk ORFE, IXPELE LRFERIRHERIAN T Z22 5] . FCN 2B U EIMFF L2 AR, SRR & ) — AN
A, B CNN 2% R Ja T A 2l T BRE, BRI T LLRAE R R ST . DeepLabv3+Ay
TG ZREEE, DeepLabv3+5I N Tl Lo FIN D - fRAD4A5H, (EIX NS5 5] N AT % 4
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PR SRBURFAE ) 2 5, I 3ok 2 V) 26 AR K P RVRE I o R 2 T 0038 S B AR A L, A R A4 a5l
R GINT FIRAEFR30], ARG BAIEG T, IR T B2 ET, Lh AN 3 a S RO 1S R .

WAL E TR SE, A T BIZRACE, BARUF: batch size & A 8.
Ak #3458 FH (192 Adam, #5125 B 80U H Cross Entropy Loss 1 Dice Loss 20/, i Cross Entropy Loss £
Softmax X4 & k474> KIS (. Dice Loss & X/ 1-Dice, H.' Dice ZRE2 —MEAHHLIER AL,
FFA 5 4 A 2 ) AR BLRE , BB B 0 31 1 2 8] AR B X ALY #4E4, Dice 2301 Dice Loss
o /A T

Dice — 2|Xr\Y| . B .
ice = Dice Loss =1-Dice

[X|+I¥]

LS 57 21 U AE C R VI G F B (T A5 20 2 BT A% B35 O B R 3 B A A B I 2R [31] . R
PRZE I 2% 1 FRAAE SIS 73 PR BB R AE 2@ IS, B DAERATT AT DK R B 80 4 B C 2 22 B Y
SR T TTVE 7y A F Y, DT IR PR ASE Y I e s DA R AR Y [32] o SEIAE A o7 1A = Fh 7 =X,
43 5] Transfer Learning Extract Feature Vector 1 Fine-tuning [33], 7£ 4 SC {5256 HH FRATT#RIE 1L Fine-tuning
REPLLBF ], FEHBATH B A E #8276 Pascal VOC 45 4E FiIl 23 211

MUREEFEIT N IX R (AR Z I, 2 21 % B N 1le—4, epoch i 30, R 2 )5, # S R B N 1e-5,
epoch iy 20, A3£9)I1Z5 50 4> epoch.

53. SLWEER

122 Jeon TIX UM R g X LEAE R, AT LA Y, UNet SEASZE R0 Bt S BRI i, MioU
{EIEF 83.00%, FEATRPFOHiE bR AR T HoAb LAY

Table 2. Quantitative comparison results of basic models

F2 EiEREEXEER

Methods Backbone Epochs Transfer PA MPA MloU FWIoU
UNet vggl6 50 N 96.73% 92.43% 83.00% 94.17%
PSPNet resnet50 50 N 93.64% 82.99% 70.90% 89.42%
SegNet convent 50 N, 93.68% 89.47% 73.21% 89.80%
FCN mobilenet 50 N, 96.47% 89.15% 80.86% 92.91%
DeeplLabv3+ xception 50 N 95.72% 85.20% 77.28% 92.35%

T E RN ST LR, BRATIEIE A FIR 45 R AT A SRR B SHEAE X B, Al 10 FoR
Kl 10(f)/2 UNet BEARSR ARSI HIZE R, BUNBCR AT ANE, JUFAII T FrA IR0, TRt %
T BT, LE IR EE 1)1 2 R 2R th ik 92.43%, MloU {1 113 %1 83.00%. 4] 10(b). €] 10(c) %3 %)% PSPNet
F1 SegNet frIIIgs B, AT TE MR /%5 T AR A UNet #45 BT N FE, JCIL& PSPNet P #Em %
TR TR 10 AN E 4SS, MIoU B A 70.90%. 33 75 MR 1) 43 1) 45 TR AR L AR ASE ) 0 R R — 2, %
A H AT Sy B 25 B4 68 . 10(d)RTE] 10(e) /& FCN A1 DeepLabv3+153 F 5L 45 B, w414
bR A LL e, (AR EE UNet & IUHRFRIC 2 TR T JUANE 40 5, 3K 0] B2 R 8 0 R AR (1 52
HLHE /A1 UNet.
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Figure 10. Visual comparison results of basic models

10. EAHEBITTALLRTEEEER

T T X AR R ) SR 6T LU 45 R, B AR T UNet 1R AR X 4 G544 o g T B A b 5 45 RS (R
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Table 3. Quantitative comparison results
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Figure 11. Comparison of UNet and SAR-UNet visualization results
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Figure 12. Atmospheric river on January 1, 2018
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