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Fig. 1 Map showing the topography of the study area and the

distribution of meteorological stations
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Fig.2 Variations of the RMSE of the ITPCAS and the
CMORPH daily precipitation corrected by the 5
machine learning models using the 5-fold

cross validation
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Table 2 The RMSE of the ITPCAS and the CMORPH daily precipitation corrected by the 5 machine
learning models using the 5-fold cross validation

RMSE #; K {H/mm RMSE #%//ME/mm RMSE #J{H/mm
[EVEL:
ITPCAS CMORPH ITPCAS CMORPH ITPCAS CMORPH
MLM 11.18 10.09 0.0029 0.0026 2.80 3.13
ANN 8.86 9.39 0.0032 0.0032 2.53 2.54
MARS 9.14 9.01 0.0031 0.0032 2.21 2.57
SVM 7.80 8.41 0.0031 0.0031 2.05 2.21

KNN 7.61 7.63 0.0029

0.0026 2.00 2.14
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Fig.3 Variations of the deviations of ITPCAS and CMORPH daily precipitation data sets relative to the

observed data at the three validation sites
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#3  ITPCAS il CMORPH [ [ 7K X 56 75 Btk st s Ak 55 WU ELXT B 1 s 22
Table 3  The deviation of the ITPCAS and the CMORPH daily precipitation data sets with the observed data at the validation sites

ZAEF-H4 B K B i 22
U ICIE S il fEAG e i e KA = PN] AR KAl Al IR KA
/d /d /mm /mm RAEHM KAEHM
R ITPCAS J5i A {H 163 201 6.17 4.72 6 H26H 7H29 H
ITPCAS iTiE{l 148 217 3.94 3.54 7HI18H 6 H21 H
CMORPH J5ifA {8 101 260 7.67 6.01 11 H25 0 7H29 H
CMORPH T E{H 134 231 3.52 4.67 714 H 6 J] 18 H
PR ITPCAS 5k {H 131 232 9.17 6.57 7H2H 8 H8 H
ITPCAS T iE{i 147 218 6.89 6.41 7TH1H 818 H
CMORPH J5i 8 78 266 14.40 9.21 127422 H 8 H8 H
CMORPH 1T IF- {8 114 240 4.90 4,44 5H12H 7H29H
FH P ITPCAS J5i A {H 96 265 6.43 2.23 7H5H 7H25H
ITPCAS iTiE{A 120 245 3.02 2.01 6 H30H 6 H12 H
CMORPH J5it (B 107 241 13.53 2.93 8116 H 7H4H
CMORPH i iE{& 131 227 3.21 2.21 7H12 H 6 H10 H

#4  ITPCAS il CMORPH H [ 7K S 56 75 B ik st s Ak 55 WL EL 14 1 5% 22 40
Table 4 The correlation coefficients between ITPCAS and CMORPH daily precipitation data sets and
observed data at the validation sites

iR FE L [N BIRiEEe
ITPCAS J§i ik {E 0.65 0.52 0.60
ITPCAS T1FM8 0.71 0.65 0.76
CMORPH J i 0.31 0.19 0.18
CMORPH 1T iF{8 0.75 0.72 0.74
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Fig.4 The spatial distributions of ITPCAS original (a), corrected (b), and CMORPH original (c),
corrected (d) of precipitation
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FETERCR R 25 . VAT, CMORPH A& /K £ 1T
TEAR (Y 25 6] 43 A HEBA BEAIR T ITPCAS, X J2 Ak
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CMORPH AR 7K 5 1T 1E {F #4925 [7] 73413 55 2 B i B
BTG, (H KNN X7 5 e JL o4 3 MG X s
1 H AT IERCRIF A B3, IRZEH K. KNN X}
ITPCAS AR [k 3 1 1T IE A R 3 DX IR 2, KER 7
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AR DR~ AN AR TR] 0 SR 5 7 e SR A e
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Table 5 The eigenvalues and the rate of contribution of the
principle components

EGr FFAE DTk Stk
%1 ES 5.93 84.83% 84.83%
952 FRSY 0.59 8.44% 93.27%
953 B 0.35 5.01% 98.28%
54 Esr 0.07 1.01% 99.29%

F£6 SAZWEHEFXE 1 A0 E0E
Table 6 The correlation coefficients between the first principle component and the meteorological and environmental factors
i H Hia%13 AEXT W] ik ARz Sl e
5% 1 FR5 % 250 0.514 0.496 0.483 0.471 0.467 0.342 0.280

MTEM 99.29% , A 1 3 A4 51k % & ik
84.83% , ULHASE | R HA B MmN RM. 4
B 7 RV REREE R 7 X505 1 32 o0 04 4o 28006 1
EATR KT IE BURAR BEAR U A 4k . AR BE
ey, dERE . G, SR SRS BT S AR BT
HRFAZEAK, DLIARE AT IE RS S N 145
BYEFREE R, 8 km 43 BER T #4556 i J5t 1 B

IKAFAEA A F R o
4 #Hig

ASCH| Ff KNN, MARS, SVM, MLM, ANN
45 FhHLER2: I iR, XF ITPCAS Al CMORPH
Tl o8 7K 5B B 1 7 o i DX (7% H B /K b A T 1T
IEWFTY, 158 T U458
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Correction of the daily precipitation data over the Tibetan Plateau with
machine learning models

CHEN Hao', NING Chen', NAN Zhuotong”, WANG Yudan’, WU Xiaobo’, ZHAO Lin’

( 1. School of Geography and Environment, Baoji University of Science and Art, Baoji 721013, Shaanxi, China; 2. School of
Geography Science, Nanjing Normal University, Nanjing 210023, China; 3. Northwest Institute of Eco-Environment
and Resources, Chinese Academy of Sciences, Lanzhou 730000, China )

Abstract: In this paper, five machine learning models, namely k-nearest neighbor ( KNN) , multivariate adap-
tive regression splines (MARS) , support vector machine (SVM) , multinomial log-linear models (MLM ) and
artificial neural networks ( ANN), are selected to correct two commonly used precipitation datasets, ITPCAS
(Institute of Tibetan Plateau Research, Chinese Academy of Sciences) and CMORPH ( climate prediction center
morphing technique) , over the Tibetan Plateau by establishing the relationship between daily precipitation and
environmental data ( elevation, slope, aspect, vegetation), as well as meteorological factors (air temperature,
humidity, wind speed). The 5-fold cross validation shows that the KNN has the highest accuracy. The error
analysis over the Tanggula, Xidatan and Wudaoliang Stations and the spatial analysis on annual precipitation over
the plateau show that the KNN model can significantly correct the CMORPH over the plateau and the correction
on the ITPCAS is significant locally. The KNN-corrected CMORPH has lower accuracy than the two ITPCAS
precipitation. Principal component analysis indicates that the correction is the comprehensive effects of both envi-
ronmental and meteorological factors.

Key words: machine learning model; precipitation data; correction; Tibetan Plateau
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