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Abstract: To improve the downscaling effectiveness of deep learning methods for

daily precipitation from Global Climate Models (GCMs). Targeting the Yangtze River
Basin, we constructed four deep learning downscaling models based on historical daily
precipitation outputs from 20 GCMs. A hybrid method (DL-DBC) was proposed by
integrating these models with the Daily Bias Correction (DBC) method. The four
deep learning models exhibited comparable performance in daily precipitation
downscaling. Compared to DBC, they achieved lower Mean Absolute Relative Error
(MARE) for multi-year average daily precipitation but slightly higher MARE for multi-
year average monthly and annual precipitation. The DL-DBC method outperformed
standalone deep learning models, reducing MARE for multi-year average annual
precipitation by 6.7%—11.3% and monthly precipitation by 6.3%—7.6%, while also
demonstrating superior performance in precipitation frequency analysis. The DL-DBC
method enhances the downscaling effectiveness of deep learning models and further
reduces biases in on daily precipitation data from GCMs.

Keywords: Downscaling, Deep learning, Yangtze River Basin, Precipitation, Global
Climate Models
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AERARIE CRCA AR V2 IR, A BRI Y S5 W /K SO AR T
Wk GRCRSE, 2022) AU ERES RS, B ALHEFE T HREIE
Wi o H A BRATAGAR 2 (GCMs) B Ak I e 7K S A3 AR iR e B AUACSKRI ], %
R TR AR S AR ALAE B 20T E (Meehl et al., 2007; Taylor et al., 2012).
SR, GCMs i H (R G BAR AT AR 20 RIS, M LU EH SR BOK SO AR S &
HLA5 A — M R I R R AL, GCMs BB EF B B K Mm 2,
ANBE BN T I 380K SCBE RS IF @ 7K SC e 3 P il (Cannon, 2017; Mearns et al.,
2012; Sillmann et al., 2013), & B2 A g S A5 A X 5 e S2ASE A N 2 TR R
JEEAN DU DA % i 725 55 i R ) B B2 - B

I R TR T LAy sl B RUBE L SRt B RUBE DA K s g gt AR GS &
[P F% U 5% (Chen et al., 2016). 2 1B RE, R X3S %457 (Regional Climate
Models, RCMs), RHEAE—E RN 7Rz b, ET GCMs 12 {L1¥]
AR 51, IR BN 1S TR BRI R R, S P i S AR AT
(Dickinson et al., 1989;Yang et al., 2010). ¢ itF# B & —Fhidad g 7 S A i
H P 7 sk s B A RUBE UM 2 5l AR R I I R R R B SRTER R,



SRJE I O 22 L FH T AR i L P SR SRR B DO s i, T SR A5l e B X 35
FUEE AR SRS ST AL IR R, Guit B BT B, A5EAY 5
THIEXIKA etal.,2011), RIGHEF &, KA 752 (15 H (Bennett et al.,
2011; Eden et al., 2014; Eum et al., 2017; Guo et al., 2019; Monjo et al., 2016; Pierce
et al., 2015; L. Wang et al., 2014). HET, Soit e E 7k R0 M 5 25 6] 43 fif
ZERSIE (BCSD) (Wood et al., 2004) |73 A7 F0A2 1 (40 QM. QDM %5) R HL25
1079, e NITARZMZ% (Schoof et al., 2001; Wilby et al., 1998). BEHL AL
(He et al., 2016; Legasa et al., 2022; Mei et al., 2020; Pour et al., 2016).

HAT, Hlasy ] SRR &N ISR Tl IR, 2024), (HEAE
M SR, SAEGG R, L3S 2 ) J7iE Fr3k A3 10 o He i (He
et al., 2016; Sachindra et al., 2019; Vandal et al., 2019; Yang et al., 2018). /E AN %8
I AL, VRS 5] e AL G T B AR R IR S R, TE BRI I s SRR
EREHFORN, AR TRHRERAELRIECR, A g, R s b
FIT B RPBER 7T . SR B B MR FE 5 ST A 2% (CNN)ZE g A 2
(Y. Liu et al., 2020; Pan et al., 2021; Rodrigues et al., 2018; F. Wang et al., 2022).
ST EE (Bafio-Medina et al., 2020; Sun et al., 2021) 1 G FIR A A4 H (Harris
etal., 2022; Lietal., 2022)5F P REH DN BRI S, TS IRk
FRUBE T A P I 25 (0 Ge vt B FRURE D7 R B8 T 4 RO AR A P /K O A I B ] 5

SR, IR 2 I IAEE X GCMs H BE/K 1 B RUSE Hh ST SR b, £
BT GCMs ALK -5 M AE I 8] AR EAERE R R, Ik SR H K
B 7K A 220K, AR S N AR R 5 S B TovE —— X R SR, BLA#5
W AR FHIRE 2 S T i B GCMs H BR KSR HEATRE R, 40 Sharma 4%
(2024) 75 E1 B 3 T PPy FE 2% 21 775 SRDRN Al CNNBC X GCMs H FfF/K I J&
B UBERIF AT, 4 AR W BRI OR P 27 20 D i A B FR B TOA FRAI T AT s 114
ST RS (QDMD ik, WERE B E, IR RE 2B T GCMs HidfE
5 SN B 2 18] R R R R

FHELER B GCMs 1R /KEE 20 S 850408 mT R S A IR B 2 ST R AL [l
25, XS T B LI I (R A 2 SO AR, BRI T 5 S Bk 22 000 240
(R 22, R Ab e YO 2 ST A AR (1 ook RURE D/ VR AE T M 80 o 1 o FRLURE R AR A



W4, %4 Sun and Lan (2021)%F T ECMWF T 4387 B 7K Bt 1 % R RE Ak e
CNN MRS 7 LT CZRME RS GLM S L1 B /K B RO R, 0o LI 25 A A
MR P R BEROR, I T it e tE. 2817, GCMs Hdfs 5 F 7 i 4k
Y Z TV ZE AT, 7R T P 0 B I 2R R E 2 S B AR T GCMs
HEnS, T EX GCMs BiE T W ZE 2 IE

HT UL, ARFFT%EEE 20 M GCMs it i 5 s H B KEHE, 3ERAKIT
W xT g, HE T 4 FHAEESES] (CNN. SRDRN. ConvNext. DenseNet) [
AR, VPAS T HAE GCMs [k B R T7 TR, 1R 8 FH (R B K Al 22 2 IE
JiiE, BmZERIETE (DBC KRIE) 688 I8 TR AR I T /- AL HO AT IE, A
AENRE MR, W7tk DBC HIRES IR 5454, I35\ ERAS
P4 B KRR MR R B T —FhR & B R D72 (DL-DBC), 51:4t
MIZEHEAR (LS) fmZEAIERI DBC J7 ik AT 6 LLIGE, MBEK IR m 2. [4
TKARER 3 AR« B 7K ST [ 7 1) 0 25 [ 285 K 55 07 TN 22 Fo o JRUBE T ik ik AT 256 T
B AT

1. BEE5HE
1.1 ARRBEHE

AW FEIE R X IO KT, WM 90° E £ 122° E, 24° N #]36° N,
B 1R KL 53 = R, YR IX AL = SR A X, R A
FLE R AN, K R AN B B T SR L R B B AR A, A O 1 A
KA NI 2 B K i 2 1 X3, 3070 DX 1500mm,  F3jfe it X K &4
By —MEAE S00mm LA o KITIEHAR AR R RUX,  BE/K R AE I R] 40 LA
51, K R EAERIER R, B AT RRKER 50%LL 1, 2R K EA 5441 10%
A, HATLR IR B 25 RV 5 55 o R AR A HL™ B IX (KB et al,
2013).
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Fig.1 The multi-year average annual precipitation in the Yangtze River Basin from 1961 to
2014 (data sourced from the CNO05.1 dataset).

AT 5 [ B A8 FH AU T s 2B N IR LB 1) (CMIP6) 1) 20 1 GCMs
AU B /K Bt LA S ECMWEF R A (126 FLARK S T A6 58 ERAS /K5t
20 F GCMs B 70 RO R IR 1. K28 GCMs 1% 1850-2014 4
P s AR IR S R BT S . BT ERAS BE/KBURAE 1979 4E 2 B &8 2,
PRI L Sy 7 5 500 P B TR0 Rl R R — B, F AT RIS L 1979-2014 4R

AHFFE R CNOS.1 A% Fae A B A W #edfs - CN05.1 2 —MEFH R T
] 2416 NS G WIS 14 (B 2 ST S B SR (W et al., 2013), o/ #¢
N 0.25°% 0.25°, TEAHEFL X IR A FLA 48X 128 Ml . CNOS.1 L& [E AN
1961-2014 FEHZMARLE, A 1 GEMERKEIE R —2 KU FAUEH
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Table 1 The initial resolution and sources of precipitation data from GCMs.

GCMs SRR (GEE X BE°) E /ML
GFDL-ESM4 1°x1.25° NOAA.USA
ACCESS-CM2 1°x1° Australia

MPI-ESM1 1°x1° Germany




INM-CM4 1.5°x2° Russia
CSM2-MR 1°x1° NCAR.USA
CMCC-CM2-SR5 1.125°%1.112° Italy
CNRM-CM6 1.41°x1.41° France
FGOALS-f3 1°x1.25° China
IPSL-CM6A 1.26°%2.5° France
MIROC6 1.41°x1.41° Japan
CESM2-WACCM 0.94°x1.25° NCAR.USA
TaiESM1 1.25°%0.9424° Taiwan.rpc
NorESM2-MM 0.94°x1.25° Norway
INM-CM5 1.5°x2° Russia
CESM2 0.94°x1.25° NCAR.USA
EC-Earth3 0.70°%0.70° EC-Earth-Consortium
UKESM1-0-LL 1.25°%1.88° UK
CAMS-CSM1-0 1.11°%x1.13° China
BCC-CSM2-MR 1.11°x1.13° China
AWI-ESM-1-1-LR 1.85°%1.88° Germany

1.2 BFRFE
1.2.1 RZERIEFE

ARSI RE T PR I 224 T VA B U 10, 43 Sl T S B R 2R 4
% LS AT 7340 i H A 22 £2 1E DBC(Chen et al., 2013).

LS % IF (Linear scaling bias correction)& — 3 T P4 i ZE 2 1E J7 7%, JEid
¥ GCMs 1) 7 SRR 5 W0 G £ % 3 00 1R 22 e 1 0 % H B IE
M IEMEE GCM &% AR HBEKE, AT

Pobs,m

Pcor,cali,m ~p. * Pcali,m (1)
calim
Pobs,m

Pcor,vali,m ~p. * Pvali,m (2)
calim

A, Throbs. califl valish IR IEHE « I ZRIIAR5 R HEEdfa A



WA AR SR, mBRas A, corRni L Ja I .

DBC (Daily bias correction) & — M T 73 AT (1R Z AL 1E 7772, B Re% 2% 181X H
B AR IRZE AT IS, FHE IERKBIR AR . DBC JiikRI B IR 3 T Py s
S0 B0 WL I b AR LI J ) GCMs AL ESd 2R 4T W H AR A A o A AR I
SRJE T Py SE SRR IE R T 0 SRR Bk SR GCMs B [ 7K 73 ) 34T RS H A
A AR IE . DBC RIE A R s

Pobs,m,
Pcorcalimp = - *Pcalimp (3)
) ) ) Pcali,m,p 1] )
Pobs,m,p
Pcor,vali,m,p - Peali * Pvali,m,p (4)
calimp

A, Throbs. califl valisy i RN ZIMEAE « I 2RIk EdfE F
BAF IR A HE R, mER A, corFNBIEJG MEHE, p R IE R X R
1.2.2 RESEIBEREIT%

AT T 4 BT MR S R S S B RS 7, IR+
P83 R _E SRS 3 W o 7R R T 2 T SK 14 7 0 R L 8 DAY 40 SR AR
BARAEEN, HRI RINZIR SR, I 255 SR 2 S B0 2R
SRR RAE, WABASH, FRLE FRFE A B o e i, sdid vt
BT 2 R U e A TR A 6 I O L 1 v 0 R B S B PR AR B, A
WIS B, BT IR AR RS

W FCIEFERT 4 A T U018 2(A) s, %8R 7 H T SR UK 20 H 3 B )
fiE. CNN(a)s& BRI BRI NS, ARSI B, A TR 221 CNN H
4 MPREETRI R, B ETRIEERAERE Gx3 WERR)MfIA—)Z
(Batch Normalization); SRDRN(b)i#H L 5| ANJRZEHL, HEME 8 G518 CNN W25 52 1
FEEH R RN FIR AR S5 10 R, A SE VR A5 0L T B TG YN 2R A5 2R PR B 5 (Pan et
al., 2019), F Z4HE 16 MR ZEH UL K H R GIZ(F. Wang etal., 2021); ConvNext(c)
i Z. Liuetal. (2022)#2H!, % T Vision Transformer (ViT) HI¥iHEES, BER
R HAETF EHA AT S R R DL, IR OREF CNN A B [T R SRR 27 2 R
TR E R HER I E, A E 8 A~ ConvNext KUK B FIEL; DenseNet(d)if i 37
PSR VEREAE TR 2 W 245 R B ity b3t — 0 g o DR 285 IR AL TR L, 384 0 6] 458 2 R 1) )
F(Huang et al., 2017), & 8 MEEEEH . AWM EN CNN. SRDRN,



DenseNet )i 15 1F £k 850 ReLU (Rectified Linear Unit) /ENEGE %, 11
—A T A — 1K, ConvNext(c) K i iR 2 M B0 GeLU {1 NS ik
B, HIEETEROEFZRS (7x7) &JZH—10777: (Layer Normalization)

W SR BRI L RAE 15 R IRAE R B2 SPC (Sub-pixel Convolution), 1%
OB B AR R B (Lim et al., 2017), 01 2 (B)ATR, B4 L RFEH
—AMBREM—A LR Z AR, JFIR S8 ReLU BWUE R FRAEHIEIL
BRI -4 H MK 20 SRR ], SR 3 Hid i (0 77 2UAE B o MR 1
Forp A SRR HUAA 5T 2 F5 1 23 FR 3RO ASHIE 78 b 20 HER JBOR A5 20k 4 45
PRI P A2 0 70 E AN SRR A
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Fig. 2 Deep learning model architecture, Part A shows the main architectures of the four models,
Part B illustrates the architecture of the SPC upsampling method, and Part C introduces the

specific structures used in the deep learning architecture.



B0 P T TR B 2 ST R I 2R A0 R R HICH T3 4% 1 2 MAE, {1 A Adam
Ak H % (Diederik, 2014) % B8 FEAT ISR, 2% 2] AIUEIE B E N 0.0005, B
Bomsgn, 3R ati—E b, B/MESN 0.0001. FrA IR B ST
epoch HUEI I E N 200, X E Wk IEUIZN BT FIREA R 2@l 48 200 7k,
434 epoch H [ Batch size # B A 16, BIAEALHE NS FIREASE N 16,
T TE X — AR AR, B SHO & AT — ICE R

TEAS FH IR FE 5 SR B AT B R AT, R AU GCML /K B i3k 4T 1 187 H 1 L
Parng, BUE 2 FYME (WIFRRUBSHEZ (o) HIT7I0T B K B 42 k47 ) —
W, IFE I e A KT/ ER ORI m AR 2 AR, DAY SRR 7E IR R A
I ARG RLRE 1o 9 1 IR S, PEARBE ARSI GRIGAE L, AE I 2R AYIN 4 GCMs
Bee /K HCHE AL I B /K FEAT 3 HIR BN, T £ %o A e /K R AT RS UM, AR TH R
FE R GCMs FE7K B 1 Ffim N HdE -

1.2.3 ZEHHREERE% (DL-DBC)

DL-DBC J7 i1 56 R H ERAS /K B 1 i B2 2 S A R i, 285
RGN ZR I ERAS F1 GCMs [ K #4122 57+, >k Fl DBC 75 10 Y] ) GCMs
B g AT M ZE R 1, IR IR BE 22 2] B R BRI N o 10T EH 8 T
ERAS5 5 GCMs P& /K8 ¥ 2 7] 1) % 57, fEH GCMs #idls 2 A, %6 ERAS [#K
B AEA, KA DBC X HFHTIMZRIE, [FR, @il ERAS Zd e s Ay i
WIGRRR, AT T AR SR A A GCMs B8 P4 K B8 i P RS

X FANE R R B Z AR T i, KRR 2 g 53578 . AL F1 A2 730l
LS 755 DBC 7J5i%, B1-B4 JELHEAEH GCMs IR LANIR 2 2 B3 [ R
JET51%, B1A2-B4A2 73 )| 92k 1 DU MR 5 S AL VR & U7V DL-DBC.

1.3 BEREER KT

FEREAT I ZE R IE M P R 2/, 1 e A B2 T GCMs oK
AR BRI S — 1 1° x 1°, HARS HEE 2 500 R 40 [F] (1 0.25°46 %
x 0.25°4 %, [FRFFE DL-DBC o, Jy 1 584U H GCMs Hidfs 1) 70 H % — 2,
YIZEA I ERAS B g S5 RAER] 1ox1°, SRt DRkl SR S BE B A ikt
ATHEME, T R N ARSI ZRBOR, RN E I BMECA 0.1mm, fIX T
RE 1B A N TC R K s FEAL S TR FE 2 S B B RUBE D i, S T R]



RESR m S BB, A CRAIE I 258080 2, 2T GCMs ELER VI ZR AR B2 25 =
P& RET7i% (B1-B4) F15] N ERAS #4511k DL-DBC (B1A2-B4A2) 4 1979-
1989 HFEAE AR AL B 2 ST IR 253, 17 1990-2000 FEAE Ay Wi B 2 31 (R B8 iE 1, Ul
WIAIESE 1997-2014 4F, S r#r, LA R =N BB AR R, NI
B KB AR H WM A4 s E3E4T LS A1 DBC fiZE B2 LR, 2688 1979-2000 75 i)l
253, 2001-2014 VEAIIRIH, TS5 P9 i 22 2 1E 77 325 AR — 3

AT T A T IR A B B A, MR /K IR 22 . BR/K B AR 0 AT L Itk
LA H KT H . WK 2 (Al oy 25 1) S AR P i & 1 JLRI R RBE T i

FEAm 22 MK BARZ 3, 73 AR H T MARE Rl MAE {E 9 prAfi46 R, H
H MAE THEA XA

1 A
MAE = 07 r=12y=1%t=1pi — Bil (5)
MARE i85 A XU F:
1 i—Di
MARE = XXYXT §=1 Z§=1 ZZ:l | ppip l (6)

X p NI K, poNBEILEE SR, X YOS ALK, TR AI4EE K
JZ.

TE TR B K A ZE B, SR — 344 (Index of Agreement, 10A) 1EN
SriTiebs, DA EARLRE K S A0IE — £ (Sharma et al., 2024). T0A 115H A
LU

4 S 19i-vil
104 =1 YL (9= +yi-PD) (®)

X, 98y 73 R AFAURDILI B K FF 31,y S R 7K 38 4B

TR 2 A3 A B K e 51 e, 2 e T 377 H 1% 22 RMSE B2 /R 3dh
FH2% R % (Pearson correlation coefficient, r){E N iFALfadr, IR IZZE RMSE 40
T

RMSE = |51, 0 - 902 9)
Sty TN, OB, n MK R
AR R H B AT

. =i =) i =)
VIR (=22 X (i — §)?




A x My 73 AR K, Ry 73 5ol S A DL AU I o 7 R P
BfF 7 S I LA R ek 7K AT DL R 7 ) 22 ) A2 R I, 1Al e RUBE TR I I
e 7 22 ) i ey 5 2R KISR0 5 ) 2 A% R K it Aoy T SRE I T

Ys(hs) = 211G + he) = (D] 9)

Hrr, 1 (DARRAEFAERIESE, hR— Mg (RIS TT [ RS oo
Z ) HTE] )
R 2 ARZERIE S B R TT I A AR

Table 2 Titles of various bias correction and downscaling methods.

TR BIET5 ¥
Al LS & 1E (Linear scaling bias correction)
A2 DBC #Z1E (Daily Bias Correction Method)
B1 LRHZ 4% CNN - (Convolutional Neural Network)
B2 7 AR IR BB 22 M 2% SRDRN

(Super resolution deep residual network)

B3 ConvNext 2%
B4 AR EAE T 4% DenseNet

(Densely Connected Convolutional Network)

B1A2 JT CNN 5 DBC R IERIIR A Tk
B1A2 %:F SRDRN 5 DBC & IEFIIR & 712
B1A2 T ConvNext 5 DBC ¥ IEFIR & 712
B1A2 5T DenseNet 5 DBC K IEHIIRA 1%

2. ARLER

2.1 BARREST

BIF R T LR B RUBE J7 1245 30 B R UL R K . GCM s B Ha e (B 21 5% 17
SPRRMEE R, DM RONEAL, Rl T 2K 2 H K2
P35 H /KB MARE (8 3).



WRAEE 3 "IN, A B R E T IEAR B /K MARE LT BE GCMs i#
ITRMEAEBL) ISR, 4 FREES ST A BAR R INFEIT . 152 4P IR
KA AT, LS 5k 21 20 Fit GCMs A48 % 7K () MARE 3154 19.4%, DBC
JTEARBISE RN 8.9%, EREXT GCMs JEATFR RN JE R 4 FhiRE 2 > FF RZ(B1-
BHILE RN 14.0%-18.7%, 4 Ff DL-DBC HIZ4EF-HIFE/KK) MARE N 7.1%-
7.5%. TAEZFF A KM, LS FiEM4HR N 60.1%, DBC /%A
27.3%, ELER) GCMs BEAT 2 RUEE I 4 R 152 257 2] B RS B 45 R N 33.1%-34.3%,
4 Fh DL-DBC [Z5 R 26.1%-26.5%, FKIMILT HAM T AL 2 4135 H BEK
b, JRAGEE Y MARE 22T 186%, HH:% GCMs HEAT B RS IR S
FAINEAR BRI RN 75%-81%, T LS J7AH) 122%41 DBC J7i%H] 93%,
DL-DBC 455N 71%-75%, [FFREL T HAh 5%

w2 AT A R, 5 DBC ikttt LS kg i fm 2 K, 1
AR T AE A b AR TEBOR A R Z LB T, X AR A B By H B /K s 43 A1
EEmAS, T LS JEANCE AR ISE, T 2 AR AR R e 2 . B RS H
GCMs WIZRIIIRFES IR (B1-B4) 133 2 45V 3 B K LA R 2 45735 H ek
MARE #EF5AH L DBC 77k [FIFERE 22, {H 2 4F°F- 35 H %7K 1) MARE $&454H E DBC
JIVERG AR, UE B HE TR B 2% S IR I RURE J 1250/ N A s T RUBE T e TG R 4 /)M
7, TMiEET 400 DBC AiEfERR M R R E N RIWE LR, & 751% DL-DBC
BE— D ERTE T IR S B R B, TEAN RN [B] JRUBE T 3416 B8 22 (R 4 /NS P
KR ZE o

N T BT K B RS 4 SRAE AN TR 2R I A 22 0 A 0, LA MPL-ESMIL P R
FELE RN, 2] T KMz ZE S S A (B 4). g 8N, EKIT L
Ry DXCa, BT R S, I B R T4 R 223800, Brm X
BLAAL, LS FETE S ZETIRIMIIAFRE, 4 FEET GCMs IZR IR E 5 >[4
REERIALT LS 77k, (B8 2T DBC 7k, BART &, 1Kz,
DBC 75 5 HI 45 FEAE R 2 B0k DX 1) w22 0950/ s oK H R e DX sk )3 40 b IX A7
FE—E e, ML T GCMs YIZRIIREE 2% SRR NIAE 2 B XA AEARAL, R
P43 DX A A A, TE A TR I H T R U B K R S s XTEEZ R, 4 Fl
DL-DBC 73 EI 1) B /K E AN 1T (1 22 35 5 /I, (BN AP A7 AE X KT R Tt 4k
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Fig. 3 MARE of downscaled precipitation based on different GCMs and observed precipitation
during the testing period for various downscaling methods, (a) shows the results for multi-year

average precipitation, (b) shows the results for multi-year average monthly precipitation, and (c)

shows the results for multi-year average daily precipitation.
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Fig. 5 Spatial distribution of IOA for simulated precipitation (a) and the mean IOA of the

watershed from the downscaling results of 20 GCMs (b).
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Fig. 6. Quantile-Quantile (Q-Q) plots of basin daily average precipitation between simulated
and observed precipitation for one selected GCM in (a) high-precipitation areas and (b) low-
precipitation areas (unit: mm).
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Fig. 7 Mean Absolute Error (MAE) for grid cell-wise calculations of annual wet days count (),
annual longest wet spell (b), annual high precipitation days count (c), and annual maximum daily
precipitation (d) between simulated and observed precipitation.
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Fig. 8 Statistical results of Root Mean Square Error (RMSE) and MAE for the annual mean

monthly precipitation sequences of observed and simulated precipitation from all GCMs (a, b).
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Fig. 9 RMSE (a) and Pearson correlation coefficients r (c) of spatial semivariance for simulated

and observed annual mean daily precipitation from 20 GCMs during the test period and mean

values of these metrics across the 20 GCM:s are presented in (b) and (d).
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Table 3: RMSE and Pearson correlation coefficient r of spatial semivariance for different

s€asons.
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