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Abstract A high-resolution climate change dataset for China is developed. The climatic evaluation results of
downscaling suggest as follows. 1) It is feasible to establish one statistical downscaling framework by incorpo-
rating the advanced deep learning approach, artificial neural network (ANN), with high robustness. 2) The high-
resolution climatology generated by this new method match the observations better than GCMs’ raw outputs. Those
large bias induced by GCMs in temperature and precipitation can be reduced from 5°C down to 1°C and from 5
mm down to 0.5 mm, respectively. 3) The future climate projected by this new method have as similar long-term
trend as the raw GCM’s results with minor differences in amplitude and spatial pattern. It is estimated that a
warmer climate in the whole country with temperature increment at 3—4°C and a wetter (drier) climate in North
China (South China) can be expected around 2100 A. D. under RCP8.5 scenario. More scientists can be encouraged
to use this new ANN-based downscaling method and this released high resolution climate change dataset can be
used to a wide range of communities related to global change studies.
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Table 1  Statistics of mean 7Tmin, Tmax and P, of China on training samples
. Tmax Tmin Pr
b ‘ ‘ —
S CCSM4 SD S CCSM SD RURITIER CCSM SD
FHIE 25.05 24.56 25.25 -13.79 -16.38 -13.62 3.66 4.64 3.67
P2 0.43 0.73 0.66 1.10 1.12 0.86 0.33 0.47 0.42
RMSE — 0.91 0.73 — 2.98 1.28 — 1.17 0.59
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Table 2  Statistics of mean Tmin, Tmax and P; of China on validation samples

= Tmax Tmin Pr
Ei=1ay - - -
FUNILE(ED CCSM SD SIE CCSM SD LI CCSM SD
FHE 25.17 24.52 25.21 -13.89 -16.17 -13.70 3.69 4.68 3.74
P2 0.56 0.69 0.59 0.85 0.88 0.71 0.22 0.40 0.34
RMSE — 0.89 0.55 — 2.49 1.01 — 1.09 0.44

O/ AHE
3.1 RCP8.5 52

PP L X 3Y T, Tina A1 P B S B] 570 01 ] 7
JIE, I i X A R B B 1 A A Ak 2 ) 43 A
EI 8 fin . SD M TAl 45 LA I LA HF GCM Al 45
T 25 0] 3 A, 38 B2 IR B W /N, R K A2 Ak R B2 AR
2, CCSM HfiiR 4 [ ik 3 i 2~3°C, Edbih X H
REK LRI 1~2 mm B TIAG 2558, SD Ffl 45 R iy =
i) 5341 5 CCSM ey BE AL, {H 3G UL B2 b CCSML/Iy
0.5°C, H ¥k &85 CCSM & —3, M EJF
SIE 7)VE, SDXFAE 1 H Touin 17 H T TH s #H
B A HE F CCSM /N, Xt 7 A P, 1728 Ak i #e b1
455 CCSM = — %k,

r ] DX 7 A R At B ) S4B AR b 53 ] 43 A7 4
FIOFTR. SarAknf B, SD 45 A it 28 ok
R R R, AR Ab—AEAL 1Y — 2R K B i
B, R K, CCSM 4 I A
Tnin F1 7 J1 T #0385 388 TH 155 4~5°C, &K 38 in i) 11 1Rl
MG A A i B A AR A 1 X P K B AR AL P R —
2. SD %t By 3 IR IR B 3~4°C)I /N T CCSM, F#
KE CCSM = JE—% . MBFEFFI(E 7)E, 21
MR, SDLHI 1 H T FHE 2-9°C, 7H Thax It
& 29°C, 4 EFH KW 1 mm.

3.2 RCP2.6 55

H ] il X 3T A A R B A2 A A s B 1) <A A

A as ] o3 A Gn i 10 F0 11 fif s . AR B, T

228

FIBEE 7K A2 A 25 (8] 43 A7 5 755 HE O 5 RCP8.5 /Y T
25 F m BEAR DL, R 0R B B R, W 2
SRR IGRE . XTI AR KRB, SDXF1H
Tonin 1T H T 38108 BE B9 A 31 L RCPS.S 14 5 43 5]
K2y 2°C il 1°C, XFBEAKAZALAALTT 5 RCP8.5 1% 5t
LA ZESR . M TImAKR B, SDXF1H Ty fl
T H Toax 388 75 08 FE (9 45 71 L RCP8.5 18 5% 43 SR 2y
4°C f13°C, XI HFFEAKZAL B AGTH H RCP8.5 1 S A%
20.5 mms,

4 ZEigFnitie

AR FE X b DX R R 100 4F 1) S5 AR AL T
R, TF R — 2 B 25 43 BE R B e 1R RO B8
45, 20RO 47 ok 3% 5 & JR 1) ANN J7 32 X o [
Hi XY 3 A Bl S AR B AT ST R R, A
IR S5 B A e S AR A iE AT FLA,  TR) A e 52
ANN J7¥E X} il B AR B AT A 038 R, SR A AR
{14 o K A2 DU TS MBI, A5 B0 N LS.

1) XA i [ i IX 3 A SC SR AR A T ST
W R (F0 & N TR 2 2% Fi g 22 42 0F), TEAS B0
SRS R TR T, RO R —& R
XM PR (2R )43 PR 0.25°, WEf]rHEE: H¥%ORD
S5 AE AL s 4E SD.

2) XF TP s SR, SDEURESE L CMIPS GCM
{18 J 0t i B UL L, IR S AR K B AR
A #0421 5 2 R



SRASHLAE RO T2 W26 T o [ M DX e T W R BE SR T B

= CRU
— CCSM4
= SD

-==CCSM4
-==SD

5SMA3Rep2.6

S

— TITSSMATRersss

- 53MA3Rep2.6

FRCP85

S

1AT

min

max

N
[\S)

] ! 1

25 } T T i f
1970 1980 1990 1999 2020

T

2030

2040 2049 2070
4

T T

T
2080 2090 2099

7 FEMERFY T, Tma 1 P EHESRL, I AR SR ERFIE AR Sk B Y B i) 77 51

Fig. 7 Time series of China’s Tin, Tmax and P, in historical climotology, near-term future years, and long-term future years
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Fig. 9 Differences of Tin, Tmax and P, between long-term future and historical climotology in RCP8.5 scenario
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Fig. 10 Differences of Tmin, Tmax and P; between near-term future and historical climotology in RCP2.6 scenario
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Appendix 1  Time series of observed and downscaled daily precipitation in Beijing in 1997 as one sample of validation set



Ein Count (Days)

Bin Count [Days)

(a) GMFD {b) SD

Bin Count (Days)

Pr (mm/day) Pr {mm/day)
(e} ANMN (d) Poisson (e) Linear
10?
_ 1ot _ 1074
2 )
mn T
=] (=)
107 5 107 £ 107
o [
= £
[sa] o
10 10 10 4
10° 5 10 4
0 10 20 20 40 50 G0 70 a0 20 100 0 10 20 30 a0 50 60 70 20 an 100 o 10 20 an 40 50 G0 70 20 20
Pr (mm/day) Pr {rm/day) Pr (rmm/fday)

Wbk 2 B RURE H Bk B TTE RS

Appendix 2 Comparison of different statistical downscaling methods of daily precipitation
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Appendix 4 Taylor diagram for T, Tmax @nd P, in different downscaling method in Chengdu
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Appendix 5 Taylor diagram for T, Tmax @and P, in different downscaling method in Guangzhou
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Appendix 7 Taylor diagram for T, Tmax @nd P, in different downscaling method in Lasa
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Appendix 8 Taylor diagram for Tn, Tmax @and P, in different downscaling method in Lanzhou
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Appendix 9 Taylor diagram for T in, Tmax @nd P, in different downscaling method in Shanghai
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Appendix 10  Taylor diagram for Tpn, Tmax @nd P, in different downscaling method in Urumuchi



