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Tab.1 Meteorological station basic information

of Guizhou Province

PPy ZRE/(°)  HE/(C) EE/m FERREEK/mm
BT 104.28 26.87 2236.2 927.55
#E 104. 62 25.78 1516.9  1204.92
il 106. 83 28.13 972.0 977.88
By 105.28 27.30 1514.4 897.35
b 107.47 27.77 792.8  1071.89
pista} 108.25 27.95 417.7  1030.32
B~ 109.18 27.72 280.8  1339.56
U]} 106. 02 27.03 1252.5 885.63
Al 105.92 26.26 1394.1 1189.69
I 106.72 26.58 1074.3  1158.04
L 107.98 26. 60 722.6  1241.95
=l 108. 67 26.97 611.0 1161.98
M 105.18 25.43 1379.3  1167.61
A 106.08 25.18 567.0  1222.87
B 106.77 25.43 441.5  1170.62
Ml 107.55 25.83 1012.3  1216.06
W 108.53 25.97 287.4  1259.57
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Tab.2 The MAPE of machine learning models ( % )
SN XAFI L BEPLARAK
YIZR  BaEl IR SE IR S
ZAEFYy  1.30 3.95 3.54 10.17 0.94 9.43
LRSS 2.8 3.78 8.50 6.46 1.87 14.07
ZHEFEZE 1.61 7.37 14.10 15.33 0.92 4.47
ZAEKZE  2.23 10.64 8.12 8.72 1.14 6.49
ZAEXZE 6.71 9.09 6.63 11.53 4.91 28.36

3T Gy A R R I AR 3 AR
I ] RUBE T A i ROBERICR PR, Her 0. 1° x 0. 1°
IIHER R R AT 9 GPM %d),0. 01° x 0. 01° 73
HERFIORER LA ) GPM %l .

®3 BEERETST&EDERKREITNERITESER

Tab.3 The results of multiple linear regression

R ] FRUBE

models under various time scales

B i i e z MAE/ MAPE/ RMSE/

mm % mm
0.1° x0.1° 80.07 7.17 102.70 0.83
gq;qzﬁj 0.01°x><0.01° 71.07 6.39 94,37 0.88
sang s me oo
st s e ae o
2EHE 0 e ter s om0
e T D
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Tab.4 The results of geographical weighted regression

models under various time scales

T
0.1° x0.1° 80.07 7.17  102.70 0.83
YA 0.01°x><0.01° 75.12 6.73 96.89 0.85
PR Govioe s 1 nw o
0.1° x0.1° 49.50 9.60 57.22 0.79
BHEAF 0.01°x><0.01° 46.28 9.07 54.46 0.82
0.1° x0.1° 17.37 7.47 22.13 0.61
EENE 0,01°X><0.01° 16.21 6.95 20.64 0.66
0.1° x0.1° 10.30 16.66 12.21 0.90
BELE 0.01°x><0‘01° 9.71 16.12 11.09 0.92

x5 BNEBEIRETRRZEINVRETEMNERTEER
Tab.5 The results of extreme learning machine

models under various time scales

1 R e MAE/  MAPE/ RMSE/

mm % mm
P 0.1° x0.1° 80.07 7.17 102.70 0.83
' 0.01° x0.01° 76.41 6.92 94.01 0.86
P 0.1° x0.1° 25.41 8.71 33.69 0.97
' 7 0.01° x0.01°  22.88 7.85 31.10 0.96
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(4%)

R e T M RIBE
0.1° x0.1° 49.50 9.60 57.22 0.79
PIEE 0.01° x0.01° 46.66 9.29 57.14 0.82
P 0.1° x0.1° 17.37 7.47 22.13 0.61
- 0.01° x0.01° 18.21 7.67 22.91 0.57
0.1° x0.1° 10.30 16.66 12.21 0.90

LT

0.01° x0.01° 10.45 16.82 13.08  0.88

*6 ZBHEIRETZFHEOEVERITEMIERITESR
Tab.6 The results of support vector machine

models under various time scales

MAE/  MAPE/ RMSE/

HERE AR / R
mm % mm
e 0.1° x0.1° 80.07 7.17 102.70 0.33
= 0.01° x0.01°  73.63 6.71 87.01 0.79
0.1° x0.1° 25.41 8.71 33.69 0.97
ZEEE 0.01° x0.01° 25.41 9.57 31.55 0.92
0.1° x0.1° 49.50 9.60 57.22 0.79
FHAE 0.01° x0.01° 43.97 8.70 53.86 0.80
0.1° x0.1° 17.37 7.47 22.13 0.61
A g
ZERE 0.01° x0.01° 14.55 6.25 19.24 0.65
0.1° x0.1° 10.30 16.66 12.21 0.90
LR

0.01° x0.01° 9.21 14.32 11.30 0.89

R7 EEERETHEULRKEEAZEIENERITESER

Tab.7 The results of random forest regression

models under various time scales

MAE/  MAPE/ RMSE/

R ] RUBE i IES R
mm % mm
P 0.1° x0.1° 80.07 7.17 102.70 0.83
7= I
0.01° x0.01 68.13 6.14 93.31 0.71
i 0.1° x0.1° 25.41 8.71 33.69 0.97
ZHEEE
0.01° x0.01° 19.16 5.99 31.61 0.89
. 0.1° x0.1° 49.50 9.60 57.22 0.79
T
0.01° x0.01° 44.02 8.80 52.45 0.82
) 0.1° x0.1° 17.37 7.47 22.13 0.61
ZHEKZE
0.01° x0.01° 17.77 7.53 22.45 0.45
0.1° x0.1° 10.30 16.66 12.21 0.90
LR

0.01° x0.01° 15.82 20.83 21.65 0.73
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Fig.2 Spatial distribution of average annual precipitation
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Fig.3 Spatial distribution of average spring precipitation
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Fig.4 Spatial distribution of average summer precipitation
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Fig.5 Spatial distribution of average autumn precipitation



a K 8,5 GPM T2 REK ™ 5o (B R A5 LA A 5] <117 -

f#7K &/mm [#7K 22/mm
120 120
T N

100 100

0

—_—

(a) FEREHT (b) FERBEG
E6 ZHEFHEFHRKE

Fig.6 Spatial distribution of average winter precipitation
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Fig.7 The change process of precipitation in the
Guizhou Province from 2010 to 2019
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Fig.8 Annual precipitation in a typical drought year
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Fig.9 Annual precipitation in a typical wet year
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Fig. 10 Monthly distribution of precipitation in a typical dry year
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Fig. 11 Monthly distribution of precipitation in a typical wet year
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Spatial downscaling of GPM precipitation products:
A case study of Guizhou Province

DU Yi, WANG Dayang, WANG Dagang
(School of Geography and Planning, Sun Yat — sen University, Guangzhou 510275, China)

Abstract; To improve the spatial resolution and expand the application scopes of GPM precipitation products, the
downscaling study of GPM precipitation products was conducted based on the precipitation data of Guizhou Province
by establishing multiple spatial downscaling models. Firstly, with the topographic factors including longitude,
latitude, elevation, slope, and aspect as explanatory variables and the original GPM precipitation data as target
variables, multiple downscaling models were established based on the methods of multivariate linear regression,
geographically weighted regression, extreme learning machine, support vector machine, and random forest
regression. Then multiyear average precipitation data were applied and assessed, and the optimal model was
selected to conduct the spatial downscaling study of the annual and monthly precipitation amount in typical years in
Guizhou Province. According to the results, the downscaling models except for the random forest regression model
all performed well. Most especially, the multivariate linear regression model performed the most stably and
effectively and yielded the highly improved downscaling results in terms of observation accuracy and spatial
correlation. This study will provide a set of high — resolution gridded precipitation products for Guizhou Province
and provide support for regional hydrometeorological research.

Keywords: Guizhou Province; GPM; spatial downscaling; multivariate linear regression; geographically weighted

regression; extreme learning machine
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