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Abstract : Using six multimodal integration methods, including arithmetic averaging, weighted averaging, multiple linear
regression, BP neural network, long-short-term memory (LSTM) neural network, and random forest ( RF), this study
integrated five global climate models ( GCMs) data in CMIP6, and based on historical precipitation and temperature data of
the Yellow River Basin water conservation region, the simulation performance of different integration methods were
evaluated. The multimodal integration method with the best performance was selected to predict future precipitation and
temperature under three scenarios ( SSP1-2. 6, SSP24. 5, and SSP5-8. 5). The results show that the multimodal
integration could well reproduce the variations of historical precipitation and temperature, and the LSTM neural network
method has the best performance. In three scenarios, future average annual precipitation all increases, but the change of
seasonal precipitation in the future varies. Under the SSP1-2. 6 scenario, the annual precipitation peaks occur at the
beginning of each period, while annual precipitation increases in the near term and decreases obviously in the long term
under the SSP2-4. 5 and SSP5-8. 5 scenarios. Future temperature in three scenarios shows upward trends of different
degrees, and the amplitude and rate of temperature increase from small to large are: SSP1-2.6, SSP24.5, SSP5-8.5.
Future temperature increases greatest in autumn and least in winter. There are large uncertainties in the future precipitation
and temperature predicted by multimodal integration methods, and the uncertainty in the medium to long term is greater

than in the short term. The uncertainty in future precipitation projection is relatively greater than that of temperature, and
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the uncertainty in autumn and winter is significantly greater than that in spring and summer.

Key words:CMIP6; global climate model ; multimodal integration; long-short-term memory neural network; Yellow River
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Fig.1 Overview of water conservation region

of the Yellow River Basin
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Table 1 CMIP6 global climate model selection

SEEE BRRHUE BRI PR (0) i a B/ (°)

EC-Farth3  EC-Earth  Fdi 0.703 0.703
EC-Farth3-Veg EC-Earth it 0.703 0.703
FGOALS-g3 IAP,CAS i 2.000 2.250
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TaiESM1 RCEC FE 1.250 0.938

2 ZRAERTTE

2.1 ERFE

KA 6 Fh A Wl ik, Horr 3 Fpoh G it
Jiid, 43 R SRS ¥ ARUEE V3 RN £ T e 1
00 ot 3 Rl oA MRS B, SR ] BP 2
M4 LSTM #2525 Fl1 RF B
2.1.1 BPH#HZM%

BP #2828 B30 FH T At 4325 | [l )= R 3l
EA T T T X S DR i N = I S R o= SIS ) = R -

- 108 -

RN TCIE R A2 Z AH B2, i 4 Al A7
FEEAE , BP P28 X 453 ) S ) A% 496 55508 R I 25
2% BSEXT IR 28 R4 T 1) A 4R AR SR Fe AR F 52
ZIHA A Z P TU IR 2286 B, JF a1 B0 N R
PORTEHRCE (A, I = 2 W 48 i s e, L
FEARZGER N 2 Fis 2, (1<i<n) WAL,y N
HE LS, f, IS PR w0y, 0, (1< j<n, 1<k<m) N
M2 TCZ [ AT AR b, MBS 25 k2T
TG, b, RS 25 ST, u 2 1%
M ,0, .o NFIHE.,

AR fith )2
Gioxe :
:

E2 BPMEMEERLEN
Fig.2 Basic structure of BP neural network
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Fig.5 Precipitation simulation by six integration methods during baseline period
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Table 2 Comparison and analysis results of simulated and observed precipitation values for six integration methods

P ZARF R K i/ mm AHXF R 2/ % LT IR R B
BARH 501.25 494.52 -1.978 -10.391 0.908 0.867 0.800 0.698
-1 515.80 501.48 0.867 -9.130 0.904 0.874 0.809 0.725
Z IR PERIA 512.18 514.70 0.159 -6.733 0.913 0.868 0.833 0.745
BP M Z5 M 4% 524.81 541.88 2.629 -1.808 0.938 0.908 0.878 0.816
LSTM #1259 2% 512.13 533.73 0.149 -3.284 0.950 0.925 0.903 0.853
RF i1 509. 82 501.43 -0.303 -9.139 0.989 0.883 0.976 0.761
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Fig.6 Temperature simulation by six integration methods during baseline period
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Table 3 Comparison and analysis results of simulated and observed temperature values for six integration methods

P SRR/ C A xR/ C A REL IR FREL
HEM Cisan iG] M Lians| M Y5 UE I LiAnEit|
BAR-H 0.48 0.93 -1.13 -1.36 0.989 0.986 0.935 0.924
T 0.48 0.97 -1.13 -1.32 0.988 0.985 0.933 0.925
EZvqealEl 1.61 1.99 0 -0.31 0.990 0.988 0.980 0.975
BP HiZ5 M 4% 1.51 2.00 -0.10 -0.30 0.992 0.987 0.984 0.971
LSTM 1 28 % 4% 1.61 2.03 0 -0.26 0.995 0.993 0.989 0.984
RF 57 1.59 1.95 -0.02 -0.34 0.995 0.988 0.991 0.974

FRIAH O 2R BOER 5T 1, LSTM i1 28 9 2% f AH % 2R 5005
SR, AR 22 A SCR RBORE 3 Fral
s S SR T R BUARAR S, LSTM i 28 W 2% fe -

LA BRI AR LI S5 SR ok L 3 FhbL &8 2%
IR ) A A R AR F AL G G2 U ik
Wang 2557 Fd T RF B SVM DU - 3455 2057 34
FNGEAR- 14 4 Fop Z2 58 XA By 12 R R I <l AN
R TR B AULRE ), 25 SRR B R BERLFT SVM A9 & 30
Ll DU S O 35 R ARS8 83X 5 AR S
W 2hie—3, e Bk AR MR 42 ¢
ZTEA S Hr LSTM # 2 W £ 3145 K 4 1)
ICAZBETT | BENS B 4 A BRK P 5 B | A 503 o
T BP B2 28 e o B2 Hp AR B 0 S R UL
[/, 1 RE W2 i 22 A D SRR 20 B, 1> DR SR Y
MR R AL | 013 G A BRES A AR, X T
FP 20 5B 1 Ak B 7 AR 3055, B LA LSTM #4122 1)
ZEAE A A T 91 R K S5 B5CH0 ) e T e v A 4 s b
A AL A 3, X — 5 B A 2 2 B AT ok
117, Z2 AR B 3 0T A0 T N B8 7K 1 0 {1 T4 1
AARZAL, LA Ty AR | Wb it = 14 75
HEAE 1A RO DRI ok R/ AR IR (0 M (L T 1
FE FHE A o it — 2P Bk

3 ETISTM MEMKZENXNERTIER
AR SR K AN SR Tl

N T HE— BT AR R URAE AT AR KAl
- 110 -

(0748 A B f TUAR 0 4 S 3 A I B, B A
(2026—2045 4 ) | " ] (2046—2065 4 ) Fil it ]
(2066—2085 4, Sk F 3 i 109 A5 400 330 2R Je 4 1
LSTM i 25 W £ Zo A5 X A i 7 I 0 A O 3 Bl fige A2
RN 5 Y 3 AN B K R AR A T TUAG
3.1 FRFEAMKBHETLEETE

PR 7 SRR DX o e 7 YOI 1 B S Ti) s
T LSTM 28 9] £ 48 1 77 32 W K i A, 1 B
FEER O PRSI B N UG S A Y 95% EAF X[,
F 4 LSTM M8 48 8 1l 5 1 2247 - 4 B /K i Tl
Al M ek a e ph 1 7 RN 4 A UL 5 o 0 4R
IR ATE 420 ~ 630 mm 2 8] | Z AR YR K=l
518.1 mm, H. 1985—2002 4E f1 2003—2014 4E P4
i E) B P A e K B 0 A 22 AR . 3 Rl R
3 MARK I B Z AR R K i AR e T AR U
Wy RS AR E N, A AR AE 514.5 ~ 540 mm Z ], FE
SSP1-2. 6 1% &= T, 4F B /K i 3 A 43 1 76 440 ~
620 mmZ [8], 3 4> A fe Bif B 1) 4F B /K i e {E #R  B1
TEA I BER) ], An i #2026 45 F1 2030 4F  HH I HY
2049 4F K7 # 192067 4, T AR A X /)N, Bt DL 4%
BF B AR AT B 7K f 78 b ORI R B, 7E SSP24. 5
5N, RATHIFE K E 2GS T T
B BR2046 AERE/K T 640 mm Ak, FHABAE {7
HBA%T600 mm, 7F SSP5-8.5 &5, Ur it A rp i
AR IR e K TR R R I A
WK B AR MR TE 450 ~ 600 mm Z[f] , &7 Hif



F4 LSTMHERBENFEEZETHEKERGER
gEEs
Table 4 Estimated annual average precipitation and linear

trends of LSTM neural network integration method

ZAET- IR K i/ mm LB (mm/a)
ARKHTEBL SSPI-  SSP2- SSP5- SSP1- SSP2-  SSP5-
2.6 4.5 8.5 2.6 4.5 8.5
T 524.2 514.5  530.8  -1.478  0.858  1.327
il 526.8  538.6  526.5 —1.788 -0.801 1.266
M 528.4 527.7  532.0 -1.533 -2.637 -2.762
WifE  526.5  527.0  529.8 -0.084 0.198  0.021
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Table 5 Estimated annual average temperature and linear

trends of LSTM neural network integration method

ZAET AR/ C Rk (°C/a)
FAKHIBL SSP1-  SSP2-  SSP5- SSP1-  SSP2- SSP5-
2.6 4.5 8.5 2.6 4.5 8.5

SERH 2.79  2.84  2.98  -0.002 -0.004  0.021
R 3012 3.31 3.94  -0.005 0.026 0.051
JEM 3.10 3.74 4.8 0.011 0.012  0.067
WG 3.00  3.30  3.92 0.007 0.021  0.047
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Fig.7 Observations of precipitation during baseline period and estimation of precipitation using LSTM

neural network integration method under different scenarios in research area
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Fig.8 Observations of temperature during baseline period and estimation of temperature using LSTM

neural network integration method under different scenarios in research area
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Fig.9 Precipitation during baseline period and estimation of precipitation changing rate using LSTM neural

network integration method in different seasons
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Fig.10 Temperature during baseline period and estimation of temperature change using LSTM neural network

integration method in different seasons
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