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Abstract

The prediction of global monthly potential evapotranspiration (PET) faces challenges such as multi-

XESIF: IVEE, BEE. T LSTM-Attention-GAN T E 28 MR TINAT 7L 1)), THEANLURL2: 5 R, 2026, 16(5): 274-
286. DOI: 10.12677/csa.2026.165183


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.165183
https://doi.org/10.12677/csa.2026.165183
https://www.hanspub.org/

FNEZR, TN

source coupling of driving factors and complex time series dependence. At the same time, the tradi-
tional regression methods based on point-to-point losses such as MSE and MAE are prone to mean
shrinkage, which in turn affects the expression of tail fluctuations in the prediction distribution.
Based on the 1° x 1° unified grid data from 1981 to 2020, this paper constructs a sequence learning
framework of “multi-source meteorological-hydrological variables in the past 24 months predict
PET in the next month”. The model takes the long-term and short-term memory network (LSTM) as
the backbone, and introduces time attention and feature attention to strengthen the representation
of key months and key driving factors. Furthermore, the generative adversarial network (GAN) is
combined to impose constraints on the prediction results at the distribution level to promote the
consistency between the prediction distribution and the observation distribution. The experimental
results show that the RMSE is significantly reduced, and the system deviation is reduced after the at-
tention mechanism is introduced. On this basis, after adding adversarial learning, the model is fur-
ther improved in terms of distribution similarity, comprehensive consistency, and deviation con-
trol in high-value areas, and the overall performance is more robust.
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Ak, AERAURFFS B, SEORARMEBEZRBE SRR, M5 & T - S RGK P
A, Wik TR B fERXAN IR, W E 2 U (Potential Evapotranspiration, PET)iZ
BCONSARRZR S KRR A S N2 [ BBy . 4>, PET (ARfb& 3RS (a0 A5, RS
W+ R AR R I R R 2R [1]-[3]

BEAG BB AR ML, LR w2 o R M TR A . 2RI BOR IS 2 2] . IR AE 2] 4R
SeRE AR R R, IETE AR (PET) MG BRI TN O S T Rk e . BRI R, T DR
RVGHE . SR R TR B . MR PR B R S SCC S5 B, NI A 2 PET I T 8] 5 1 32 it 1 1%
SEHBOE S RF4]. BT EdESE, U ERAS-Land Al GLEAM-ET 45, NAERMX IR - PET TR
BT EENZ LRI %M. XK EIET S S P EMIEA R, F IR fhH 1 A F F
TEAEZBUE IRAG[5] . TERSBL VAT, IR 5 SRR DL R 3 5 S B 2 I 8 SR, IR N T
ZABUR AR AN T I M AR T o X SR (R AR T T A KGR, A 5 M 0 B i s AR
FEHE[6]-[10]. X U6 T7 VL BEE A RERPE L Ge B M DL AL R AR LR ENLH, A TIESR & PET TR B2 1)
AR, IR T 2 — 8ok

[ ] AME PET 00 P4 R RE DA BRIV K BE IR B 5 T DA TT e T KRR a7t . TR K
PRI, LSTM AR AL B b D B FH T3 /K S50, 5708 ET-F0K - AW S i Fe e fit 1 3 S0 07 15 3
[11]e AR, MLas 2% SIRIIRE 22 2 1B M %A PET T i i) =90 ik . 4N, Sustainability b () — T
FIER T Z A7 PET TN AE 22 75 I 3 mT RF 2L /K ST 3 b (O R 7y, R 1 i e AR AE SR B Hr
[ ERANME12]. BEAt, Roy 25X 7% HCE: T K G VA 155 vp O AL 38 2 ) b AT 7 4538, $R IR Bl %
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AR B 5 G T vk E R RURS B O D HRE[13]. WFFEE I LSTM S8 2 W 48 5| NS AEW)
ABCEET) T, INIRTF T HEIL KRBT A . HRE ETo WIS,  Eom e W 7Rk
BN TE & A N IRIE RS (L34 [14] [15] . 35 RE, TR 2 S BOR IEAE M BRL 55 T A5 80 3% 5 7 1)
KR KX - [EME. ZEEME SRS INKET M, JGHZER M. GAN.
ConvLSTM ZE£ER BN, (45 PET T 7E T 5 MWL 7K 0% VU B AN A AR AL AT 78 LA o v RO RS
5N,

MR RE, AR PET WO H G ™GBk, wok, PET ZFEE. . BESLENE
ML Esem, BA BN H RS AR, AEASE I EFEFRERKER . KB R
UMY B S KA O R, I B RERE 1 38 M 2R H OGHE H I R oc s An s LR, ARS8 AT R Tl
BEALIEHE LA MSE MAE 55 5500t s 45 AE  H AR, 1X AT 8 5 S0T000 45 S m) B A {8, AT PR i 2
i R DL K PET SHAFMIRIARE ), X L il ik PG 1A 2 5wl . R S o S SRR B 2%
DIFE ORI RBE R 3%

RN R ) B, A SCAKFE A 3R 2 U o A 5 A VB, R T AN ) A R G — R IR
FERT Fr TRIMAE S . J5vk b, ARSCBL LSTM NP FIAR I k% 0, 51 NI R]VE & /7 (Temporal Attention)
DAVRURT T BT R e R IR DG B A A, I 51 NRFIETE 5 ) (Feature Attention) BAZ 7 U AN [F) 4 N8 & 7E
AN DI DTER, SEBL P HIARRSE - SCBREINT TA) IR - RRAE MR 2 B RRAE: P, K
SCHE A BRI 25 (GAN) BTN PET TR, 38 A2 s — 40 i 28 56 Bl 5 s B oy A 2 T 5%, T $2 7+
T 3 A 5 I A A (ERAR TS B — 30t HAE— @R LR AR AL G0 U6 pit 0] U AT R 7= AR 1 35 4B I
MR

2. BIEEH=E
2.1 BI\FEBFESH=ERE

AR SO ARG — PR AL B 2 T A B PET T ¥ 78 25 1981~2020 4, ARG —N
1°x1°, P2 Eads H R AL 4RI F 48 IR 18] 44 B3 H 655, DA R IR FE I At KR S N R .
G (A1 B, BRI RS MR A de i U7 X1 43, ATHIA TNZe. G AT, HATE Fti b
X A s AR

i HAR(PET)KH CRU TS v4.08 $R4LH A PET P fh(JR4E 05°), $#EHT FAO-56 Penman-
Monteith J7VETTF 5 [16]. NERINFHESG — 0 #F5, ASCEHEREE 17 x Mg, RIS EE,
FHARFE PET N —ECN mm/H .

IXE A 7L LandBench 237 %R A% 00k . LandBench /E 4Bk LSV TINFEAEE RS, #R4t2
R BRI S EE S, 8 T A REORE RSB RE 4 —HESE T 34T AP LR [17].

T 728 B s R 7 B A B 5 H BB RAVREAE, IR A SCR A A R AT 9T . H P38 m] LLRE
IR A R IR SRS 5 o AR, R BEE T2 5 ORAIE 4 BRI A% H0Hs 1 B 2 se B8, A ) 1 3 381 0 4
— AL
2.2. MANTEFRSENHEIXIS

ASCIAE 12 DS R, B8 2miRET2m). HiEQ). A/, H AR (Tmin, Tmax).
F7K(tp)s KBS (pb) B ERSS(ssr)s NAT KB 4R H (strd) #EHAGE E(sIhf). HiZ i (skt). PET (pet)
PR SPEIL (spei). v, a4t HReEI(ssr. strd. skt. slhf)H T ZIE “ NFFRER - HIE W - kA &
THFE” ISR PR S KEWCC S TARIUK 2 i EZY . FORRFAE S >k B TR0 5 H Y 7 52

DOI: 10.12677/csa.2026.165183 276 TFEARY 5N H


https://doi.org/10.12677/csa.2026.165183

PNEZE, i

B, AT S (s R R
2.3. REIFSIEAE S HREMALE
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2.4, FETMEREE

1) BLFHIEAL(LSTM)

LSTM I T LA ROt 2% T 4450 RNN BEEEVE I I8, AT LA 3 e 2 s K R o &
PR R 303 & T PET X 28 BAT 2 15 AR R A5 i J RO (R e ) 3 271 T 55

2) FEE /IR LSTM

NZNE Z AR o CORBEA . REAE” WTTRZE R, ASCAE LSTM HEZE 5] Ny = b,
Fa s = 28544 -

@© FHEERJI(FALSTM): 7278 8 4k B0 NRHEZEAT B IG R INEL, PARRIE S PET ARG IR E) A

7.
@ BIRIVEREAI(TALSTM): ZER ISR EXS B o B 17 ST A 6 OBIROR S HE AT IVBUI R, DS
A8
@ WA VER A (FTALSTM): IR AERHEAEFE S IR 42 FE SCHENIL, WA SEBUATAE T 5 S5 ) 57
URETPAC

3) XyLorAss>

FRGERIANIZRRZHIA MSE. MAE S5 i flivh 4k 9 AR, TG0 45 3R 7T Be 17 2% AH MBSO F & R
BN LAY« NGEMIZIE, AN GAN TR LA 2] A a1 LSTM. JER 4504
Ji% PET WM 51, FIAE T X0 S0 SR BT A1, FFH 0 A 22 Rl a0 i R st an AL s, A
T PE DRFHUEHS B 1O [ e 2 T A 55 0000 73w 6 — 2b

25. £FRG—NEERIE

FEERREARSH, ARG XM ZRRHT IR W SRR R e YIgRmiA s X ]
AT EEAE R A SOR ARG — U SRR X A R4 A i o Y B — A TR 5 5 T

TR ) R A B A -

1) PET JERHLH B AT Bk — BUNBEILRCR ST - REE- T, MRS IKIRIEZ S 1 4E), 4
— YA A 5 B ORI A

2) W SHIC LIS XIIERE 7 >, BRI TR AR ST A [F) U6 X 22 57 0 AR X 3 ST I R ) 40
Yo

3) N ZRak A o vy Hn) Bt o X 3R AT T S R AL e
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2.6. TR

N APPSR K B RE, ASCEA 75 RMSE. BIAS. BRI RB R, hiE 2% R2
KGE 1 NSE 7E N IS Geitfebr. i, RMSE B TP IR Z/KF: BIAS fif & T R4 W% 1)
Yt R/ R A R2 23 5l FSRVPAG Ze M AR DG PE R AL (R R RE ;. NSE Al KGE MIME /K SC— Bk 4 br, 3L
W KGE I £54 25 [EAH G I ZE AR e, D BSR4 7 B o A T PR A

27. ZESHESHHEINEZE

N AT BUAE A RN [ X S5 @ N 22 57, ANSCTEMNASE FIZ % 1THE RMSE 1 KGE, JF
2| oA () A . RMSE FH T R AN [A) X 38 iR ZE MR ME, KGE F T3 & VP AH G .l 22 A0 S5k 1)
—HME . B LRI LAY S B AR AR A A BRIk b DX 85 1 2 [R) A0 ATRRAE , AT DA EE B R AR A 1
SO 1) DX 33 43 A S 2 8] e o

NEFERUE GAN (E/ A0 2T IVER, A ST — RN A 4 A SR AR AT IO AL, EEAOUIIAE
TALSTM il 5 TALSTM-GAN Tl {E (1) %5 152 bR £5 (PDF) Al AR 5341 bR £ (CDF), B3 BT AN [R5 2
SRR ILARE T

WAk, RS TIAE AT PR I R I, A SO A LIME 56 10 T 40 A(PL0)FIEE 90 T 431 (P90) 7371l
TE SARAE DXRISHA X, FE22HAH B B TAE - SIE S Bl 5 1.1 23 280w e 50 L& R RMSE
F1 BIAS 4845, L TALSTM 5 TALSTM-GAN 7EARAE BRI & B B T 2 5+ .

3. BZRE 4R
3.1 BEtrExtEE

N T VA TR E SR A B e ASSCHE SRS N GUER X\ R BEAT 1 XF b o 5 B8 BUAN[R] X 45k ]
BEAFAE B IEIRZE, A SCRAIS IR AE BRI B P ALBORIC S B AR RBLOLAE 1), BLA D HOR M
R BEAR G 1R B RE R

Table 1. The median of each indicator on the global grid points

1 BIERREE TR S LA P

RSP R AR RMSE BIAS R R2 KGE NSE
LSTM 8.7187 6.9987 0.9859 0.9534 0.8445 0.9504
LSTM-GAN 7.9486 6.5749 0.9845 0.9401 0.8612 0.9401
TALSTM 6.6280 45034 0.9867 0.9739 0.9575 0.9702
TALSTM-GAN 6.6079 4.5485 0.9870 0.9712 0.9576 0.9712
FALSTM 6.9433 4.5888 0.9867 0.9715 0.9442 0.9682
FALSTM-GAN 6.7583 4.5550 0.9867 0.9700 0.9543 0.9700
FTALSTM 7.4028 5.1853 0.9840 0.9661 0.9331 0.9624
FTALSTM-GAN 6.7230 4.6546 0.9860 0.9697 0.9570 0.9697

Bk b, )\FBIRAE R ERINR B2 I BRI TN RE 7). AR SCPESR AR e (R ik K T 0.98),
R4 NSE T 0.94, BWWMIEPTIEZINTR - AKSCIBIA T35 T, HREZ PET B AT RAFH AT HE
.

FESLIEA b, MRS G OR TPEREMIREE ST 5 LSTM MLL, SIAERE NG, B

DOI: 10.12677/csa.2026.165183 278 TFEARY 5N H


https://doi.org/10.12677/csa.2026.165183

PNEZE, i

R g TR DS APUE G, REHRMM RGN ZEG 2] 7 A B0, i — 2
FIEPR(N KGE NSE)tRAFE] 75271, M8 75 B AR RE S 34185

3.2. EENNFIRERERF

%1 RN, FHECEEE LSTM, JEE ML BB 4Tt PET TldlRs 2 5 — 2tk .

Hrp TALSTM RN : TALSTM A% T LSTM kK&, RMSE Hi 8.7187 [ % 6.6280 (£ k&
24%), BIAS Hi 6.9987 [% % 4.5034 (PRI 35%); RN R2 427+ % 0.97 LA F, KGE £J#& 7% 0.96, NSE
2174 0.97, KIS E]VER J1A 208 58 7RG PET H Prisi Az 5 588 H 4 57k (1 R AE 8

FALSTM [A#EH K B EHET: FALSTM A% LSTM 7E RMSE 5 BIAS b3 HiIB#{KZ) 20%F1 34%,
R ERE RS, KGE 5 NSE, U MNFHE4EFE AT o IMACE B TR 5 PET BEA G ANZE. ik
FUREE T

FTALSTM 442 FHHEIFE BT fL: FTALSTM Rl #i25E= J1/5, RMSE 5 BIAS % LSTM 4371
FEAIR2Y) 159%F1 26%, AHCMES — B dRRTR 8RS i, RISV E R I “Rg LR &R LR,
{RAETR /48 AR b P REmEAK T 80—V E R U a5 M i e AR A

GAKRE, FERIVGIMTEETET: £ T8 BHEORRMANKET, BEAREE 5 A
Mg X PET SERBEII A G AR, WMERIRRE FRIRZEH S — BT

3.3. GAN HiRE5—H 14tk

BRIER JIHLEIAE, AR SCE—20 5] NI A 2% 2], CAGRMRAL Gt i X a5 1A 5 7= 2R 1) “ S8 {ER4E ™
SR GumZE N8, FHIRTHIN A 5 I AR TE AR TEAS B —3E. W HgE R, GAN TEAFZ
R IIGGAAEZE S, (AR S8 Raumz, ARG —8E” .

FELEJZH: LSTM-GAN ##: LSTM 7£ RMSE 5 BIAS A FiF4I(RMSE M 8.7187 [4 4% 7.9486,
BIAS M 6.9987 [%% 6.5749), KGE #71(0.8445~0.8612), &I X il 5t iR 2 0eE 5 — 8 Bl — &
BEEER

i) E R JIHEZE : TALSTM-GAN A% TALSTM 7£ RMSE _Eit— DS fB#(%, 64 R &7+ % 0.987.
KGE #7124 0.958. NSE #&/+ % £ 0.971, fEAHIAMES/KSC—8M: 5 A B A B b 1 i KCE,
BRAE I [R)7E & T S5 F RN GAN A5 Bl T~ S5 00l 3 A 5 I A3 AT R — 8o, R4 I TR0 AR
et

FRAIEVER IHESL: FALSTM-GAN A% FALSTM 7£ RMSE 5 BIAS ¥ /MEMK, KGE 5 NSE
WA RTE, REARTERE M, R IAX P ST BB TERRIE I = I AE AL R — DA TR 43 A

B BrvE R IHE AL R Y 25 I N A B2 : FTALSTM-GAN A% FTALSTM, H: RMSE 1 7.4028 [% % 6.7230,
BIAS i 5.1853 [4 4 4.6546, [HiT R 5 R?#&7+5 £ 0.986 1 0.970, KGE 5 NSE 4 #liA %) 0.957 Al
0.970. £5H% W], GAN BEHH] T RGifmE TR EfR e M, AR “RERIEFENR. XM
e L BT T 3RS I SR G R I

3.4. ZBESHFHES XBUE NS

R0 A WA AE A BRAN R X3 _E @ N PE 22 5%, AR SCHNTRZA H T BE 4R LSTM DL Rt AR 55 7Y
TALSTM-GAN TEJASE (1) RMSE A1 KGE 2= [A1 70 A5 B, anf& 1 FE 2 B AHER T 1 P F 23k
¥ AL B ARG TS5 R, 25 8] 90 AT P RE % 5F B R 7 AR B LEAS [B) A TS S A R 24 R PR %=

=X
I o
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Figure 1. RMSE spatial distribution of baseline model LSTM and TALSTM-GAN
1. ELZAER LSTM 5 TALSTM-GAN KJ RMSE Z 819 7 &

0.5 0.6 0.7 0.8 0.9 1.0
kge(LSTM) kge(TALSTM-GAN)

Figure 2. KGE spatial distribution of baseline model LSTM and TALSTM-GAN
2. HEHER LSTM 5 TALSTM-GAN B KGE =843 % &

M RMSE ()73 [8] 73 4K E, TALSTM-GAN 7E 2 £t X OB FL 2R A LSTM R tH BRI iR 2=
K, UGB VR S0 s S fE, SRR A BRIV R ZE R RE 019 8] T RA G . 5L
B, AN [E] X3 (AT AR B 28 e PR ZE TR0 OB Ok R ARG A e I X 4k, AR 2R 8 222 31 i K
WIEFR Ay A X . A P LA S s A X, RMSE MRt i, RIS —RALx Rt 5 o kit A
M E AT AFAE—EAE

M KGE 75 8] 534k &, TALSTM-GAN £ K 2 HUIX IO/ FE 18w i — 2K, HAHECT LSTM
STz S E A TE 3 U B O R AN AR R ZE R A PTG, TR ELEAR DG L e 2E AR
SRR AR —EE A T E A . AT, TR MSEREE 1 PRSHErg e —2
RIS AR R PR AR 35 AR AR BAE A B XA mt, T AR T A R 2 0 X 8 B A e ) i

TR A, AR X3 0] 1) R 22 57 1T e S AU 2 X R R IR 2 DI AR OC . FEIRIE X . ZEX
BRI B R X3, PET BIH bR fbis s B BN, BB 5 AT S0 6 b 22 21 FR0E K R
MTE BRI X . 22T R X DL R Sz e AR . R 5 B MR s ) X35, PET TR Ll
HA, Gi— RN RIAEXZ IR .

3.5. GAN WS SN E LT
NBEEWAE GAN 04 EHPER, A Sc#—B i 7 W{E . TALSTM FRJIE R TALSTM-GAN
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AU B 2 55 P2 oK U (PDF) 5 SR A4 A1 e B(CDF), 25 R nl&] 3 B . BVAKE, W FIEEAY (1 100 43 A
PGB, BERE S IR 73R T, R PET (R A A T AR U o FE IR
fiti b, 51N GAN J&, T A 2 B S L 5 W0 o3 Ai DR 1 e m— Bk, R 14 B FR7H 0
A J2 T AL o« {H AR PDFICDF IR, SXA0S0E 5 3 2R BN A A RS N 75 AR

giitE LR ER.
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Figure 3. Comparison of probability density function and cumulative distribution function of observed values, TALSTM

and TALSTM-GAN predicted values
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Figure 4. Comparison of predicted-observed scatters of TALSTM and TALSTM-GAN in low-value and high-value areas
4. TALSTM 5§ TALSTM-GAN R EXFSEXHFTNE - WRMER =T
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BE—2D i, A SCKIEMIE RIS 10 B M 90 H 407/ A BARAE X AN s B X REA, 24
TALSTM 5 TALSTM-GAN [ TME - WLE BB, ik 4 s, g558R, fEmEX, TALSTM-GAN
MBS EEE 11 252, HARGUWMZEA RS, BEEAXHE >0 m il X T 4600 G — 2 2k
PER; MITEAREX, PRRBEAL2E AT /DN, GAN i RIISGE IR A R, SR Zfain it 2 R R 5L
. Bk, GAN [ a8 F EARIE A oA I mZE 28, TAE MG B AR R I — Bt 35

LRE KA, GAN M BAE FARILESR TG 73 A1 5 I o3 AT AE AR T2 AR, DA R s i
X ZE R I T H AT Re 8 B s om A TG ), R4 G m iRz Mo Sy 2
e S WU (=7 v i 2 o1 8

3.6. EMIETREMS SHHHES
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Figure 5. R index box diagram of different models
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Figure 6. R? index box plots of different models

6. NEMREA) R? HaArrE B E
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Figure 7. KGE index box plots of different models
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Figure 8. NSE index box diagram of different models
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