Theoretical and Applied Climatology (2021) 145:1145-1159
https://doi.org/10.1007/500704-021-03687-w

ORIGINAL PAPER q

Check for
updates

Prediction and correction of in situ summer precipitation in Southwest
China based on a downscaling method with the BCC_CSM

Qu Guo' - Xiangwen Liu? - Hongyu Tang" - Yonghua Li'

Received: 21 January 2021 / Accepted: 4 June 2021 / Published online: 18 June 2021
© The Author(s), under exclusive licence to Springer-Verlag GmbH Austria, part of Springer Nature 2021

Abstract

To predict summer precipitation in Chongqing in Southwest China, a downscaling method targeted at the interannual incre-
ment of predictand instead of the interannual anomaly of predictand is developed with the Beijing Climate Center Climate
System Model (BCC_CSM). Predictions of precipitation, geopotential height, winds, and sea surface temperature by the
BCC_CSM and the precipitation observations from 34 weather stations in Chongqing in Southwest China during 1991-2018
are used to establish and validate the method. Specifically, for each of the 34 stations, correlations between the interannual
increment of precipitation at the station and the above predicted variable fields in the globe are examined, and the key regions
with the highest correlation coefficients are then selected. The predicted variables over these regions are treated as the optimal
predictors and are further used to establish three kinds of regression functions for predicting the interannual increment of
precipitation. Finally, summer precipitation is predicted by adding the forecasted interannual increment in the target summer
onto the observation in the previous summer. Results show that the original precipitation predicted by the BCC_CSM is
obviously underestimated in Chongqing. The downscaling predictions, especially the one based on the multivariate stepwise
regression approach, achieve reasonable prediction accuracy across years and sites. For the forecasts starting at March 1st,
April Ist, May 1st, and June Ist, the skill scores for summer precipitation prediction increase from 80.7, 41.9, 82.8, and 43.5
to 82.5, 66.7, 86.2, and 86.6 in 2017, and from 89.8, 82.8, 55.3, and 85.8 to 91.4, 83.7, 78.1, and 93.2 in 2018, respectively.
In addition, the downscaling method could better predict the abnormal-rainfall areas in Chongqing.

1 Introduction

Reasonable predictions of seasonal-scale climate variables
are urgently needed for meteorological forecasting, which
faces many difficulties and challenges. Dynamic prediction
using numerical climate models developed rapidly over the
past 20 years. It is one of the main effective methods for
seasonal climate forecasts. Many countries have established
seasonal climate forecast models and achieved continuous
improvement in model forecasting. It was indicated that per-
formance of climate (especially summer precipitation) pre-
diction by the pure dynamic prediction models was usually
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limited (Gong et al. 2018). The finite resolution, uncertain
initial conditions, and imperfect physical processes included
in dynamic models generate inevitable errors in climate pre-
dictions (Bollasina and Ming 2013; Jiang et al. 2016). To
correct the prediction skills, the strategy was developed by
combining statistics with predictions from dynamic models
(Fan and Wang 2009; Hu et al. 2013; Li and Wang 2018;
Wang et al. 2018). However, there were still great uncer-
tainties in short-term climate predictions due to many com-
plex factors (Wang et al. 2016). Thus, improvement of cli-
mate models and prediction methods would be a long-term
requirement for meteorological departments worldwide.
The Beijing Climate Center Climate System Model Ver-
sion 1.1 with a moderate resolution (BCC_CSM1.1(m)) was
developed by the Beijing Climate Center (BCC) in 2015.
This model has been used in the seasonal climate prediction
operation. The BCC_CSM1.1(m) shows reasonable perfor-
mances in simulating and predicting the summer climate
mean state and variability (Kan et al. 2015; Liu et al. 2014).
Particularly, the variability of the seasonal-to-interannual
summer circulation in the Asia—Pacific region could be

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s00704-021-03687-w&domain=pdf

1146

Q.Guoetal.

skillfully predicted, especially for the Southeast Asian sum-
mer monsoon (Liu et al. 2015). It was also found that the
predicted large-scale circulation variables (e.g., atmospheric
circulation and sea temperature) usually carry good related
information for site-specific precipitation predictions (Kang
etal. 2011).

However, due to the uncertainty and complex interac-
tions among various factors, it was difficult to predict short-
term climate variables. Also, inconsistent signals between
the interannual and interdecadal variability increase the
difficulty of the predictions. Fan et al. (2008 2009) used
the interannual increment method to correct the prediction
of precipitation and circulation. It focused on prediction of
interannual increment relative to the previous year rather
than prediction of interannual anomaly in the forecast year.
Fan and Wang (2009) reported that the interannual incre-
ment could accurately reflect the quasi-biennial variation
characteristics of climate variables and sensitively reflect the
dynamic changes in the climate variables, amplify abnormal
signals, and significantly reduce the influence of the inter-
decadal background.

Another effective way to improve short-term prediction
ability is combining model outputs with statistical downs-
caling methods (Juneng et al. 2010; Fan et al. 2012; Liu and
Fan 2014). Wang et al. (2020) used the stepwise pattern pro-
jection method to improve the prediction of the two types of
ENSO. Zhu et al. (2008) used the empirical orthogonal func-
tion (EOF) and singular value decomposition (SVD) meth-
ods to predict the summer monsoon precipitation anomaly
and improve the precipitation prediction in the South China
Sea. Besides, selecting the circulation variables with high
prediction skill and physical connection as the predictors to
establish the prediction model can achieve better predictions
(Paul et al. 2008). In addition, Gu et al. (2011) searched
the areas that were closely related to the regional precipita-
tion, used the model predictions at the grids within the high-
skill area as predictor, and further established downscaling
forecast scheme and improved the prediction accuracy of
regional precipitation.

Located in the eastern Qinghai-Tibet Plateau, Chongqing
area in Southwest China has a complex and diverse geologi-
cal structure, including basins, hills, and other topographical
features. The unique geographic and climate characteristics
result in complex change of atmospheric motion and high
probabilities of flooding and various kinds of geological dis-
asters. Therefore, there is both scientific and practical signif-
icance to explore the influencing factors of summer precipi-
tation anomalies over the above area and further establish a
reliable forecast method. In this study, we establish a down-
scaling method to correct the prediction of summer precipi-
tation in Chongqing area in Southwest China based on the
BCC_CSM1.1(m). The main objectives are to (1) evaluate
the accuracy of original summer precipitation prediction of
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the BCC_CSM1.1(m) in Chongqing area and (2) evaluate
the validity of downscaling method in correcting the pre-
cipitation predictions of the BCC_CSM1.1(m). This study
is expected to provide a new strategy for seasonal prediction
of in situ summer precipitation in Southwest China.

2 Model, data, and methods
2.1 Model

The BCC_CSMI1.1(m) for seasonal climate prediction
operation at the BCC is used in this study. This model is a
medium-resolution global climate system model incorpo-
rating atmospheric, oceanic, land surface, and sea ice pro-
cesses. It is one of the climate system models being used
in the Coupled Model International Comparison Program
phase five (CMIP5). The atmospheric component mode
adopts BCC_AGCM2.2 with a T106 horizontal resolution
(equivalent to 1.125°x 1.125°) and 26 hybrid sigma/pressure
layers in the vertical direction (Wu et al. 2010). The land
surface component of the model is BCC_AVIM1.0, which
was established based on the common land surface model
physical module of a dynamic vegetation and soil carbon
cycle model developed by the National Center for Atmos-
pheric Research (NCAR) (Ji et al. 2008). The ocean compo-
nent of the model adopts the Geophysical Fluid Dynamics
Laboratory Modular Ocean Model version 4 (MOM4; Mur-
ray 1996) and the Sea Ice Simulator (SIS; Winton 2000).
The horizontal resolution of MOM4 was 1° in the mid-high
latitudes and 1/3° in the tropics, and the model includes 40
layers in the vertical direction. Each component mode was
directly and dynamically coupled with a coupler (CPL5.0).
More details about the dynamic frameworks and the main
physical processes of BCC_CSM1.1(m) could be found in
Wu et al. (2013).

Focusing on the prediction of climate in summer
(June—August), hindcast experiments by the BCC_
CSM1.1(m) were carried out on March 1, April 1, May 1,
and June 1 in each year with lead times of 3 months (LM3),
2 months (LM2), 1 month (LM1), and 0 months (LMO),
respectively. Atmospheric initial conditions were obtained
from the four times daily temperature, winds, and surface
pressure reanalysis products published by the National
Center for Environmental Forecasting (NCEP). The ocean
initial conditions were obtained from the ocean tempera-
ture reanalysis by the NCEP Global Ocean Data Assimila-
tion System. The ensemble prediction strategy adopted the
lagged average forecasting (LAF) method, and each hind-
cast contains 15 members, which were generated based on
the combination of the initial atmospheric values in 5 days
before the prediction and the initial ocean values in 3 days
before the prediction.
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2.2 Data

Two datasets are used in this study: (1) daily observed pre-
cipitation from the 34 weather stations in Chongqing dur-
ing 1991-2018. The geographical distribution of stations is
given in Fig. 1; (2) the precipitation, 500-hPa geopotential
height (Hy), 850-hPa zonal wind (Ugs,), 850-hPa meridi-
onal wind (Vygs,), and SST fields from the hindcast experi-
ments of BCC_CSM1.1(m) during 1991-2018. The bilinear
interpolation method is used to interpolate the hindcast data
from model grids to stations.

2.3 Method
2.3.1 Downscaling prediction of precipitation

In this study, the predicted Hsqy, Ugsg, Vgso, and SST are
used as predictors for prediction of precipitation at each
station. The large-scale circulation variables are usually
treated as good predictors with useful information for pre-
cipitation prediction (Kang et al. 2009; 2011). In addition
to the good statistical relationship between precipitation

105°E 106°E 107°E 108°E 109°E 110°E
33°N1 Elevation [33°N
o High : 2791 m
—_— Low: 0 m
32°N- .320N
31°N- -31°N
30°N [30°N
29°N- 290N
28°N— .28°N
105°E 106°E 107°E 108°E 109°E 110°E

Fig. 1 Locations of the 34 weather stations in Chongqing, southwest China. Red dots show the three typical stations in northeast (Wanzhou),

southeast (Qianjiang), and southwest (Shapingba) Chongqing, respectively
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and predictors of circulation, there were sometime reliable
connections in physical mechanisms.

Then, relationships among the interannual increment of
the above four predictors and the interannual increment of
observed precipitation at each station are examined. To avoid
the interference of small-scale information, the global field
of each predictor is divided into many spatial windows with
10°x 10° grid range. For each window, the correlation coeffi-
cient between the interannual increment of each predictor aver-
aged over the spatial window and the interannual increment
of observed precipitation at the target station is calculated. A
global scanning of the windows is done and the window with
the highest absolute correlation coefficient is selected as the
optimal window. To improve the correlation, in the optimal
window, the grids with absolute correlation coefficient greater
than the correlation coefficient of the whole window are
selected. Since the grids in each window are distributed with
close distance, the correlation coefficients over these grids
have the same sign (positive or negative). Finally, the predic-
tor averaged over the selected grids is treated as the optimal
predictor for the prediction of precipitation at the target station.

Further, regression functions of predictand to predictor
are established and validated for the prediction of interannual
increment of summer precipitation. Regression analysis has
been widely used to analyze the relationship between pre-
dictand and predictors. According to the optimal predictors
selected in the above step, the single-factor linear regression,
the stepwise multiple regression (S-Reg), and the multiple
regression (M-Reg) functions are built for predicting the inter-
annual increment of precipitation at the 34 weather stations.
In this study, the observation and hindcast data from 1991 to
2013 is used to establish the regression functions, while the
data from 2014 to 2018 is used to validate these regression
functions. Kug et al. (2008) pointed out that data length shorter
than 30 years may be not enough to establish a stable statistical
relationship, and the reliability of relationship would degrade
significantly if the length of data decreases further. Since the
data length in our study is less than 30 years, cross-validation
(CV) is employed to test the reliability and accuracy of the
downscaling method. CV is a method that statistically slices a
sample into smaller subsets (Kohavi 1995), which can be usu-
ally divided into k-fold CV and leave-one-out CV (LOO-CV).
LOO-CV is employed to test the reliability of precipitation
prediction in this study. Specifically, each of the 23 years is
treated as the testing year, and the rest years are used for train-
ing the regression functions and establishing an approach for
prediction of precipitation in the testing year. Finally, using

the above downscaling method, in situ precipitation predic-
tion is made by adding the predicted interannual increment in
the target forecast year to the observation in the previous year.

2.3.2 Evaluation metrics

In this study, the anomaly correlation coefficient (ACC), the
temporal correlation coefficients (TCC), and the precipitation
anomaly percentage (PAP; Eq. 1) of summer precipitation
were calculated to evaluate the prediction skill of the downs-
caling methods.

PAP = # % 100% (1)

where P represents the precipitation of a certain period and
represents multi-year averaged precipitation.

In addition, the China Meteorological Administration’s
climate business prediction scoring (PS) standard is used to
assess the degree of proximity between the predicted anomaly
percentage and the observed anomaly percentage. This metrics
can standardize the quality assessment of climate prediction
and encourage the prediction of anomaly levels (Liu et al.
2016). The PS score is defined according to a six-level grad-
ing system (Table 1). The maximum and minimum scores are
100 and 0, respectively. The score is 100 when the anomaly
percentage of prediction is consistent with the actual obser-
vation in both the sign symbol and the order of magnitude.
When the predicted magnitude differs from the observed
magnitude by one order, PS score is reduced by 20 to 0. In
addition, prediction of abnormal precipitation is encouraged in
this standard. 10 points will be added to the above score if an
abnormal precipitation is reasonably predicted while the pre-
diction differs from the observation by an order of magnitude
(see Table 2 for the definition of PS score for all the six-level
grading standard).

3 Results
3.1 Original prediction by the BCC_CSM1.1(m)

Figure 2 shows the distributions of the observed and predicted
summer precipitation in Chongqing during 1991-2013. The
summer precipitation in Chongqing is affected by the south-
western monsoon and topography. The distribution of sum-
mer precipitation is inhomogeneous in this region (Fig. 2a).
The precipitation is lowest in the central region (Fengdu,

Table 1 The China Meteorological Administration’s climate business prediction scoring (PS) standard according to a six-level grading system

Term Especially less Less

Slightly less

Slightly more More Especially more

AR AR< -50% —50% <AR< —20%

—-20% < AR <0

0<AR<20% 20% < AR <50% 50% < AR
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Table 2 Six-grading systems for

S e Observed trend level
precipitation trend prediction

Predicted trend level

Especially less Less Slightly less ~ Slightly more More  Especially more
Especially less 100 80+10 60 20 0 0
Less 80+10 100 80 40 20 0
Slightly less 60 80+10 100 60 40 20
Slightly more 20 40 60 100 80+10 60
More 0 20 40 80 100 80+10
Especially more 0 0 20 60 80+10 100

4.2 mm day™') and increases towards the northeastern and
southeastern. The extreme-low precipitation is found in
western Chongging, with average value ranging from 4.8 to
5.7 mm day~'. The precipitation magnitude in southeastern
and northeastern Chongqing is relatively larger, with average
of greater than 5.7 mm day~! (Xiushan, 6.3 mm day~!; Youy-
ang, 6.2 mm day ).

Generally, the distributions of the summer precipita-
tion prediction are different from the actual observations.
For all the model predictions at different lead times, more
precipitation is found in northeastern and southeastern
regions but less precipitation is found in central and west-
ern regions of Chongqing, with ACC values ranging from
0.37 to 0.42 (Fig. 2b—e). The BCC_CSM1.1(m) obviously
underestimated summer precipitation by 2.1-2.9, 1.9-2.4,
1.8-2.6, and 1.6-2.4 mm day_1 in southeastern, western,
northeastern, and central parts of Chongqing, respectively.
Although the spatial heterogeneity of precipitation is basi-
cally captured, the high-value centers (Chengkou station in
the northeast, Xiushan station in the southeast) and small-
value centers (Fengdu station in the central) of precipitation
are not found in these figures. This is mainly because the
BCC_CSMI1.1(m) underestimates the water vapor trans-
ported from northeastern Bay of Bengal, resulting in less
summer precipitation in the central and eastern China (Wang
et al. 2016).

Figure 3 shows the distributions of the correlation coef-
ficients between the summer precipitation observation and
predictions of different lead times during 1991-2013. The
precipitation is underestimated by the LMO, LM1, LM2,
and LM3 predictions, but similar distributions are obtained
for the interannual increment of summer precipitation in
various predictions (Figs. 2 and 3). Therefore, the error in
the original prediction of the BCC_CSM1.1(m) does not
change obviously with lead time. Possibly, the prediction
skill of the summer precipitation in Chongqing in the model
could only be improved by modifying the dynamical and
physical processes in the model, for example, optimizing the
boundary forcing field, the physical process, and the internal
dynamics of the atmosphere, and improving the resolution
of the model (Wang et al. 2008). Currently, the optimiza-
tion of climate models is an important way to improve the

prediction accuracy in provincial or national climate predic-
tion services.

3.2 The optimal predictors for summer
precipitation prediction

Figure 4 shows the optimal windows of the Hy,, SST, Ugs,
and Vg5, in LMO for the 34 stations in Chongqing. Among
the Hs, optimal windows, 71.4% of the windows are located
in the mid-high latitudes and 23.6% are located from the
eastern coast of China to the western Pacific. Li et al. (2011)
also reported the good relationship between summer pre-
cipitation in Chongqing and the Hs, in remote areas, for
example, the blocking high in the mid-high latitudes (Ural
Mountains, Lake Baikal, Sea of Okhotsk), the east Asia
trough in mid-high latitudes (east Asia coast to west of Japan
island), and the western Pacific subtropical high in summer.
For the SST optimal windows, 35.3% were distributed in the
western Pacific warm pool, and in the equatorial middle-
eastern Pacific, 14.7% were distributed in the Indian Ocean,
11.7% were distributed in the Bay of Bengal, and 8.8% were
distributed in the sea waters adjacent to China. Changes in
SST in these areas affect the southwestern monsoon, the East
Asian monsoon, and the western Pacific subtropical high,
and thus result in changes of the rain belts in China (Liu
et al. 2017; Lu et al. 2020; Wang and Chen 2018; Zhu et al.
2014 2020). Han et al. (2017) found that the higher SST in
the eastern equatorial Pacific in summer would result in the
stronger subtropical high in the Western Pacific, the weaker
East Asian summer monsoon, and the more rainfall in the
Yangtze River Basin. For the Ugs, optimal windows, 47.1%
are distributed from the Iran plateau to Taiwan of China, and
23.5% are distributed from the Philippines to South China.
For the Vg5, optimal windows, 38.2% are distributed from
the Ural Mountains to Lake Baikal, 14.7% are distributed in
the Bay of Bengal, and 20.6% are distributed near the Phil-
ippines and the South China Sea. Liu et al. (2015) pointed
out that the South China Sea and the Bay of Bengal are the
main sources of water vapor in East Asia, and the 850-hPa
meridional winds transport water vapor from sea to land.
Therefore, the spatial distributions of the above four predic-
tors are scattered, but there are still some rules to follow. The

@ Springer



1150

Q.Guoetal.

()

31.5°N

30.5°N
6

5.6
5.2
J 4.8
4.4
4
3.6
32

2.8
110.0°E

108.0°E 109.0°E

106.0°E 107.0°E

(b)

31.5°N

30.5°N
6

5.6
5.2
4.8
4.4
4
3.6
3.2

2.8
110.0°E

108.0°E 109.0°E

106.0°E 107.0°E

2.8
110.0°E

106.0°E 107.0°E 108.0°E 109.0°E

Fig.2 Daily mean values of the observed (a) and BCC_CSM1.1(m)
predicted (b—e) summer precipitation (unit: mm d~') in Chongging
during 1991-2013. Shown are the results for predictions at lead time
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Fig.3 Anomaly correlation coefficients between the observed and
predicted interannual increments of summer precipitation in Chong-
qing during 1991-2013. The lead times of predictions are 0 month

predictors may have physical connections with precipitation
at specific stations. For example, the atmospheric circula-
tion in the mid-high latitudes and subtropical regions, the
SST anomalies in offshore waters of China, and the western
Pacific warm pool have obvious influences on the summer
precipitation in Chongqing.

3.3 LOO-CV for in situ precipitation prediction
during 1991-2013

Taking the LMO prediction as an example, the 10-year run-
ning average TCCs between the interannual increment of
each predictor and the observed summer precipitation at
Shapingba, Wanzhou, and Qianjiang stations in 1991-2013
are examined (Fig. 5). The TCCs over these three stations
fluctuate around 0.47, 0.58,—0.71, and 0.39 for Shapingba
(Fig. 5a),0.78, 0.72, 0.70, and — 0.64 for Wanzhou (Fig. 5b),

31.5°N

30.5°N

29.5°N

28.5°N

106.0°E

107.0°E

108.0°E

109.0°E 110.0°E

31.5°N

30.5°N

29.5°N

0.1
0
-0.1
28.5°N -02
-0.3
110.0°E

106.0°E 107.0°E 108.0°E 109.0°E

(LMO; a), 1 month (LMI1; b), 2 months (LM2; ¢), and 3 months
(LM3; d), respectively

and 0.69, 0.75, 0.76, and 0.81 for Qianjiang (Fig. 5c),
respectively.

Figure 6 shows the observed and predicted interannual
increments of summer precipitation at three stations in
Chonggqing. The fitting rates of the single-factor regression,
the stepwise regression, and the multiple linear regression
prediction approaches at Shapingba are 0.68, 0.79, 0.72,
0.76, 0.85, and 0.82, respectively. The predictions at each
station could reasonably capture the changes in the inter-
annual increment of precipitation with a quasi-two-year
oscillation (positive abnormal interannual increment in the
current year and negative abnormal interannual increment in
the following year). In addition, trends in the predicted inter-
annual increments in most years were consistent with the
observations. The average consistency rates of different pre-
diction approaches are 78.0%, 78.8%, and 81.5% for Shap-
ingba, Wanzhou, and Qianjiang in 1991-2013, respectively.
Compared with other prediction approaches, the stepwise
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Fig.4 Distribution of the optimal windows (red squares) with the highest correlation coefficients between interannual increment of summer pre-
cipitation and that of the predictor (Hsq, a; SST, b; Vs, ¢; and Uy, d) at LMO for the 34 weather stations in Chongging

regression achieves the highest prediction accuracy, with a
consistency rate of about 97%.

The performances of the downscaling methods in predict-
ing the extreme wet case (i.e., 1998) and dry case (i.e., 2006)
are shown in Table 3. In general, the original prediction skill
of the wet case is much better than that of the dry case since
the PS score is greater than 95 for all the predictions at dif-
ferent lead times in 1998. Considerable differences of PS
are found in 2006, with 90.3 at LM3 but 0 at both LMO
and LM2. However, the poor prediction skill in 2006 could
be obviously improved by using the downscaling method.
Especially, the PS at LMO and LM2 are improved by more
than 60. For both the wet case and dry case, the prediction
by the multi-factor regression approach is superior to the
single-factor regression approach.

3.4 Prediction skill of summer precipitation
during 2014-2018

Based on the optimal predictors of Hyyy, SST, Usgs,, and Vs,
corresponding to each station in Chongqing in 1991-2013,
the regression function analysis is used to build downscaling
methods for predicting the interannual increment of summer
precipitation. Taking the Shapingba station as an example,
the single-factor regression functions (Eqgs. 2-5), the step-
wise regression function (Eq. 6), and the multivariate regres-
sion function (Eq. 7) are established (Egs. 2-7):
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Plj500 = 0.08X, +0.01 2
Plggr = 6.41X, +0.01 3
Plyjg50 = 1.04X; — 0.05 4)
Plygsg = —2.76X, — 0.01 Q)

PIg_gee = 0.02X; +3.56X, +0.38X; — 101X, — 0.1  (g)

Ply_geg = 0.01X, +3.51X, + 0.31X5 — 0.86X, — 0.09 (7)

where PI is the predicted interannual increment of pre-
cipitation. X, X,, X3, and X, are the optimal predictors of
Hsgo, SST, Ugsp, and Vs, respectively. S-Reg is the stepwise
multiple regression, and M-Reg is the multiple regression.
By comparing the regression coefficient of each predictor,
it is found that the contributions of Hs,, Ugs, and Vs, are
similar, while SST has an especially prominent influence.

Table 4 shows the PS score of the BCC_CSM1.1(m),
the single-factor linear regression, the stepwise regression,
and the multivariate regression approaches for precipitation
prediction during 2014-2018. Compared with the original
prediction, all of the downscaling methods improve the pre-
diction skills. The averaged PS scores increase to 81.7, 83.9,
80.1, 81.8, 85.4, and 85.3 in the five years, respectively.
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Especially, the improvements of prediction skill are more
significant when the original predictions of the BCC_
CSM1.1(m) are poor in several cases.

Figures 7 and 8 show the distributions of anomaly per-
centage of summer precipitation for the observations, the
original predictions, and the corrected predictions with
downscaling methods in 2017 and 2018, respectively.
In 2017, the observed precipitation is relatively high in
northeastern Chongqing but low in the rest areas (Fig. 7a).

1998-2007 2001-2010 2004-2013

Compared with the observations, the model prediction at
LMO is basically similar in northeastern Chongqing, but
obviously different in the rest areas. The PS of the original
prediction averaged over the whole Chongqing is only 43.
The single-factor stepwise regression and the multivariate
regression approaches with the optimal predictors of Hy,
SST, Vs, and Ugs, can clearly reduce the prediction errors
of regional summer precipitation (Fig. 7c, d, e, and f). The
spatial areas and amplitudes of abnormally low precipitation
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Fig.6 Observed and predicted
interannual increments of sum-
mer precipitation at LMO with
the leave-one-out cross-valida-
tion (LOO-CV) method during
1991-2013. The results are for
the predictions of precipitation
at Shapingba (a), Wanzhou (b),
and Qianjiang (c). OBS, ORI,
S-Reg, and M-Reg represent
observation, model original
prediction, stepwise regression
prediction, and multivariate
regression prediction, respec-
tively
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Table 3 PS scores of original

. . Leading time Year Original Single-factor regression Multi-factor approaches
forecas.t and smgl.e—factor hr?ear prediction . —
regression, stepwise regression, Hs SST Vaso Ugso Stepwise Multivariate
and multivariate regression
approaches forecast based on LMO 1998 95.7 92.1 96.3 94.8 95.9 96.5 96.5
Hsop, SST, Vis, and Ugs in 2006 0.0 627 724 625 698 735 68.9
1998 and 2006 LMI 1998 94.1 947 963 922 955 951 96.3

2006 58.3 69.8 64.1 65.5 74.8 76.9 81.8
LM2 1998 96.2 93.1 95.7 85.2 89.9 96.3 96.2
2006 0.0 67.5 62.5 78.7 81.4 74.8 71.1
LM3 1998 97.1 91.1 97.1 95.5 96.8 97.7 96.9
2006 90.3 80.2 93.2 87.9 90.2 94.5 96.0
Tabl?‘f' P_S scores O,f summer Leading time Year Original Single-factor regression Multi-factor approaches
precipitation predictions by prediction . —
the BCC_CSM1.1(m), the Hs SST Vsso Usso Stepwise Multivariate
single-factor linear regression,
the stepwise regression, and LMO 2014 76.4 77.3 78.6 81.4 72.7 81.0 76.4
the multivariate regression 2015 873 886 907 895 892 892 94.9
approaches at different lead 2016 83.6 842 831 836 824 848 85.7
times during 2014-2018
2017 43.0 78.9 85.3 84.8 92.9 86.6 84.6
2018 85.8 90.1 86.8 90.5 88.3 93.2 87.5
LM1 2014 81.2 69.1 83.3 754 66.7 89.1 84.4
2015 87.3 88.5 88.9 88.0 88.3 88.9 90.7
2016 84.5 80.9 81.3 83.6 80.0 84.8 83.1
2017 82.8 86.0 64.2 62.7 82.5 86.2 85.3
2018 55.3 71.5 90.4 87.0 78.0 78.1 90.4
LM2 2014 78.7 82.5 78.7 73.3 67.9 80.6 78.0
2015 87.3 90.7 90.7 88.9 88.0 91.9 92.1
2016 84.5 87.6 84.8 86.5 85.3 85.3 88.9
2017 419 62.0 81.8 774 65.5 76.7 70.0
2018 82.8 82.9 86.5 74.6 85.7 83.7 83.4
LM3 2014 79.4 80.1 69.1 724 75.0 81.1 82.5
2015 87.3 87.7 91.4 87.3 88.6 88.5 89.2
2016 83.6 80.2 84.1 84.1 87.3 85.3 85.3
2017 80.7 80.7 85.3 57.1 79.2 82.5 86.6
2018 89.8 84.6 94.3 74.4 91.9 91.4 88.6
Average 78.2 81.7 83.9 80.1 81.8 85.4 85.3

are also close to the observed distribution. The PS scores
of the four single-factor linear regression with predictors
of Hyy, SST, Vg5, and Ugs, are 78.9, 85.3, 84.8, and 92.9,
respectively. The multi-factor predictor methods obviously
improve the prediction skills of summer precipitation, with
PS scores of 86.6 and 94.6 for the stepwise and multivariate
regression approaches, respectively. Particularly, the multi-
variate regression approaches can reproduce the distribution
of sporadic precipitation in the northeastern and southwest-
ern Chongqing.

In 2018, there is more precipitation in Wulong (south-
eastern Chongqing), Jiangjin, Qijiang (southwestern Chong-
qing), and Tongnan (western Chongqing), but less rainfall
in the rest regions (Fig. 8a). The original prediction at LMO

could generally reproduce precipitation distribution in most
areas. However, area ranges with extreme-lower precipita-
tion are much smaller than the actual observation (Fig. 8b).
The single-factor linear regression, the stepwise regression,
and the multiple regression approaches based on the pre-
dictors of H500 (Fig. 8c), SST (Fig. 8d), V850 (Fig. 8e),
and U850 (Fig. 8f) further improve the prediction skills
of summer precipitation. The distribution and decline of
abnormal precipitation predicted by these regression meth-
ods are similar to the observations, with PS of 90.1, 86.8,
90.5, 88.3, 93.2, and 87.5, respectively. Among the above
methods, the prediction method established with the multi-
factor stepwise regression approach shows the best predic-
tion skill (Fig. 8g), especially at stations with precipitation
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Fig.7 Distribution of summer
precipitation anomaly percent-
age in Chongqing in 2017.
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Fig.8 Same as Fig. 7, but for
prediction of precipitation in
2018
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anomaly percentage increased by more than 50% (Wulong
and Fengdu) or decreased by more than 50% (Qianjiang,
Shizhu, Zhongxian, Liangping, Wuxi, and Beibei).

It is noted that the downscaling methods may obtain
unsatisfactory predictions in several years, for example, the
LMI1 prediction by single-factor regression approach with
H500 in 2016, with SST in 2017, with U850 in 2014, and
with V850 in 2017; the LM3 prediction by single-factor
regression approach with V850 in 2017; and the LM1 pre-
diction by multivariate regression approach in 2016. The
PS scores in the above cases are lower than those in the
original predictions by the BCC_CSM1.1(m), indicating
the uncertainty of statistics-based downscaling methods.
Kug et al. (2008) and Wang et al. (2017) reported that
more than 30-year observations were required to establish
the prediction methods with stable precipitation prediction
skills. Thus, the prediction skills shown in this study may be
improved when more forecast data is used to establish the
prediction method in future.

4 Conclusion

Based on the hindcast experiments of the BCC_CSM1.1(m)
during 1991-2018, this study evaluates the ability of the
model in predicting in situ summer precipitation in Chong-
qing in Southwest China. Besides, a downscaling method
based on combination of the multiple regression approach,
the interannual increment prediction approach, and the opti-
mal window approach is used to correct summer precipita-
tion prediction. The main conclusions are as follows:

1. The original predictions by the BCC_CSM1.1(m) cap-
ture the distribution feature of more precipitation in
northeast and southeast, and less precipitation in west-
ern Chongqing. However, the model obviously under-
estimates summer precipitation and cannot reproduce
the decreasing trend of summer precipitation in central
Chongging.

2. The downscaling method could obviously improve the
prediction skills of summer precipitation in southwest
China. Particularly, the downscaling method based on
multi-factor stepwise regression approach has the high-
est prediction skill across years and sites. In addition,
both the downscaling method and the BCC_CSM1.1(m)
obtain good skills for the prediction of wet case but the
former achieves apparently higher skills than the latter
for the prediction of dry case.

3. The downscaling prediction method based on multivari-
ate regression approach skillfully predicts the abnormal
precipitation in 2017 and 2018, with similar magnitude
of the anomalies as the actual precipitation. Overall,
the downscaling method developed in this study can

@ Springer

improve the prediction skill of in situ summer precipi-
tation in Southwest China.

Generally, the downscaling prediction method estab-
lished with the multi-factor stepwise regression approach
obtains more stable and reasonable prediction skills in most
years. The finding is worth for provincial or regional climate
predictions. Next, we will take into account the physical
mechanism and predictability of summer precipitation in the
transition zone from the Qinghai-Tibet Plateau to the mid-
dle reaches of the Yangtze River in China, and explore the
physical processes between large-scale circulation variables
and summer precipitation in Chongqing. In addition, we will
also consider using the slowly changing physical background
information to correct the predictions.
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