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Key Points:
« A subseasonal to seasonal precipitation prediction model was established based on deep learning.
« A sensitivity-based method was used to explain the physical basis of deep learning.
« The recurrent neural network model has better performance in different terrains.

Citation: Gao, G. L, Li, Y., Zhou, X. Y., Xiang, X. M., Li, J. Q., and Yin, S. C. (2023). Deep learning-based subseasonal to seasonal precipitation
prediction in southwest China: Algorithm comparison and sensitivity to input features. Earth Planet. Phys., 7(4), 471-486. http://doi.org/
10.26464/epp2023049

Abstract: The prediction of precipitation at subseasonal to seasonal (52S) timescales remains an enormous challenge because of the gap
between weather and climate predictions. This study compares three deep learning algorithms, namely, the long short-term memory
recurrent (LSTM), gated recurrent unit (GRU), and recurrent neural network (RNN), and selects the optimal algorithm to establish an S2S
precipitation prediction model. The models were evaluated in four subregions of the Sichuan Province: the Plateau, Valley, eastern Basin,
and western Basin. The results showed that the RNN model had better performance than the LSTM and GRU models. This could be
because the RNN model had an advantage over the LSTM model in the transformation of climate indices with positive and negative
variations. In the validation of test datasets, the RNN model successfully predicted the precipitation trend in most years during the wet
season (May-October). The RNN model had a lower prediction bias (within +10%), higher sign accuracy of the precipitation trend
(~88.95%), and greater accuracy of the maximum precipitation month (>0.85). For the prediction of different lead times, the RNN model
was able to provide a stable trend prediction for summer precipitation, and the time correlation coefficient score was higher than that of
the National Climate Center of China. Furthermore, this study proposed a method to measure the sensitivity of the RNN model to
different input features, which may provide unprecedented insights into the nonlinear relationship and complicated feedback process
among climate systems. The results of the sensitivity distribution are as follows. First, the Nifio 4 and Nifo 3.4 indices were equally
important for the prediction of wet season precipitation. Second, the sensitivity of the snow cover on the Tibetan Plateau was higher than
that in the Northern Hemisphere. Third, an opposite sensitivity appeared in two different patterns of the Indian Ocean and sea ice
concentrations in the Arctic and the Barents Sea.

Keywords: recurrent neural network; long short-term memory recurrent; sensitivity analysis; artificial intelligence explainability; complex
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1. Introduction making, the prevention of floods and droughts, water manage-
ment, agricultural irrigation, health and disease, and abundant
economic activities (White et al., 2017). The short-term initial field
is as important as the long-term external forcing from the Earth’s
climate system for the S2S prediction. The prediction sources of

S2S precipitation could be from atmospheric circulation (initial

The prediction of precipitation at subseasonal to seasonal (S2S)

timescales has an important influence on government decision
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field conditions), natural variation of the underlying surface
(ocean surface temperature, sea ice concentration, land snow
cover, soil moisture), changes in vegetation, or anthropogenic
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activities, among others (Brunet et al,, 2010; Vitart et al., 2017). It is
still difficult for climate models to predict S2S precipitation (Li CC
et al,, 2018; De Andrade et al,, 2019), especially the prediction of
precipitation at the subseasonal timescale, called the “predictabil-
ity desert” (Vitart et al., 2012).

Sichuan, located in southwest China, is one of the most densely
populated areas in China and the world (Lu RY and Ye H, 2011). As
the transition zone between the Tibetan Plateau and Yangtze
River, it is known as a mountainous region with a complex terrain,
geological disasters, and fragile ecosystems (Nie YB and Sun JQ,
2021). Therefore, it is important to improve the accuracy of S2S

35°N

precipitation prediction in this region. Figure 1a shows the
complex terrain in this area, including the Tibetan Plateau, Panxi
Valley, and Sichuan Basin (hereafter the Plateau, Valley, and eastern
and western Basin). The altitude varies drastically, from 500 m to
more than 4,000 m. Because the terrain and atmospheric circula-
tion systems have complex influences on rainfall in Sichuan, the
precipitation prediction of the climate model in Sichuan is more
difficult than in other parts of China (Ruan CQ et al., 2015; Guo Q
etal., 2021).

With the development of observation and computer science,
deep learning has been successfully applied in many fields (Wu Y
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Figure 1. (a) The topography in Sichuan. (b) The distribution, altitude, and number of stations in the study area. Different colors represent

different subregions. The elevation data are available at www.ngdc.noaa.g

ov/mgg/global/global.html.
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et al., 2022), such as automatic driving, medical assistance, facial
recognition, and natural language processing. For the prediction
of S2S precipitation, deep learning is also becoming an alternative
approach (Mayer and Barnes, 2021; Weyn et al., 2021). In the time-
series prediction project (Pascanu et al, 2013), the recurrent
neural network (RNN) and its variants (i.e, long short-term
memory recurrent [LSTM] and gated recurrent unit [GRU]) had a
unique advantage over the traditional artificial neural network
(ANN) because the RNN fit the data with a period of time rather
than with a single moment (Pascanu et al., 2013). In meteorological
data, the climate states in the past are closely related to the
climate states at certain times in the future. Therefore, the RNN
and its variants are suitable for predicting meteorological data
with the characteristics of time-series variation. The two variants
of the RNN, the LSTM and GRU, introduce different activation
functions and gating structures to process data with long time
series (Dey and Salem, 2017; Sherstinsky, 2020).

Recent research has indicated that the RNN and its variants
perform well in predicting precipitation. Misra et al. (2018)
inputted the U.S. National Centers for Environmental Prediction
reanalysis circulation data into the LSTM, multiple regression
methods, and the ANN and found that the LSTM had the smallest
bias in its daily precipitation predictions for two basins in Canada
and India. Kumar et al. (2019) directly inputted the observed
precipitation into the RNN and LSTM and found that the two
methods could predict the monthly precipitation. Chhetri et al.
(2020) inputted the precipitation and sunshine hours observed by
the station into a mixed model with LSTM and GRU and found
that this mixed model could achieve a lower bias in its monthly
precipitation prediction. Shen HJ et al. (2020) inputted a large
amount of climate model output data into the LSTM and found
that the prediction score of the LSTM was higher than the climate
model for summer precipitation in China in 2014-2015. The afore-
mentioned studies used different input features to train the RNN,
LSTM, or GRU model. However, research is limited on whether a
performance difference exists among the three models when the
input features are the same.

In addition to the improvements in deep learning algorithms,
scientists are paying increasing attention to the “explainability” of
phenomena by artificial intelligence (Schneider et al., 2022; Sun
ZH et al, 2022). A few researchers are inclined to improve the
prediction accuracy of the deep learning model by further extract-
ing the physical signals of the input features. Raissi et al. (2019)
observed that a neural network with physical information
constraints had better performance than a data-driven neural
network in less training time. Gao GL et al. (2021) found that after
synoptic classification, atmospheric circulation data could
improve the prediction accuracy of a rainstorm. Zhou L and Zhang
RH (2022) found that after principal oscillation pattern analysis,
sea surface temperature (SST) data could improve the prediction
of El Nino-Southern Oscillation (ENSO) signals. Questions that
remain to be addressed are how deep learning understands these
input features and which input features play a more important
role.

To gain a better understanding of these two issues, we compared
the performance of three deep learning algorithms (i.e.,, RNN,
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LSTM, and GRU) in S2S precipitation prediction and analyzed the
impact of two activation functions in the algorithms on the input
features. The time scope of S2S in this study extended from 1
month to 1 year into the future. In the deep learning models, we
similarly used certain climate signals as the input features, such as
atmospheric teleconnections, SST anomalies, snow cover, and sea
ice concentrations. In particular, the time-decomposed historical
precipitation was also used as an input feature reflecting terrain
and climatological characteristics to solve the precipitation
prediction problem under different terrains. Furthermore, we
proposed a sensitivity-based approach to calculate which climate
factors were important in the RNN model.

This work is organized as follows. Section 2 describes the data and
methods, which include how to build the model, decompose the
precipitation sequence, and calculate the sensitivity. Section 3
shows the principal results and includes a discussion of the differ-
ences among the RNN, LSTM, and GRU for prediction evaluation in
the RNN model and the sensitivity distribution of the RNN model
to input features. The conclusions are presented in Section 4.

2. Data and Methods
2.1 Datasets

2.1.1 Station data and subregion division

The monthly observations of precipitation are from the Big Data
Platform of the China Meteorological Administration (http://
10.194.90.120:8088/cmadaas/). The elevation and topographic
characteristics are primarily considered to divide Sichuan into
different subregions. Three distinguishing subregions can be
found: (1) the Tibetan Plateau, with an elevation of more than
3,000 m; (2) the Yunnan Plateau or Valley, with an elevation ranging
from 1,000 to 2,000 m; and (3) the Sichuan Basin, with an elevation
below 1,000 m. Obvious differences exist in the annual total,
seasonal cycle, and interannual variation of precipitation in differ-
ent terrains (shown in a later figure). Previous research has also
reported an anti-correlation of the precipitation decadal trend in
the eastern and western Basins (Chen YR et al., 2009; Xiao C et al.,
2016); thus, the Sichuan Basin is further divided into the eastern
Basin and the western Basin in this study. This classification is simi-
lar to that of Sun SL et al. (2016). Figure 1b shows the distribution,
altitude, and number of stations in the study area.

2.1.2 Climate index datasets

Parts of the climate indexes connected with precipitation anoma-
lies in Sichuan and southwest China were selected for input
features, including the atmospheric teleconnection (Sun JQ and
Wang HJ, 2012; He SP et al,, 2017), the SST over the Pacific Ocean
(Li CY et al, 2008; Yang S et al.,, 2018), the SST over the Indian
Ocean (Saji et al., 1999; Jia XL and Li CY, 2005), the sea ice concen-
tration over the Arctic and Arctic margins (Vihma, 2014; Wu BY
et al., 2015), and the snow cover content over the Tibetan Plateau
and Northern Hemisphere (Zhang RN et al., 2017b; You QL et al.,
2020). A description of the datasets and the websites where they
can be found is listed in Table 1.

The Madden-Julian Oscillation, an important prediction source
(Ren HL et al., 2015), was not selected as one of the features
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Table 1. Description of the climate factor indexes and websites where the data can be found.

Index

Description?

Website

SnowCover_NH

Extent of the snow cover over the Northern Hemisphere

Land www.ncei.noaa.gov
SnowCover_TP Extent of the snow cover over the Tibetan Plateau
Sealce_Arctic Sea ice concentration poleward of 60°N www.cmdp.ncc—cma.net/cn/
monitoring.htm
Sealce BL Sea ice concentration range over the
- Barents—Laptev Sea (72.5°N-83.5°N, 30.5°N-149.5°F)
Ocean TIOD The tropical Indian Ocean SST dipole mode www.psl.noaa.gov
SIOD The subtropical Indian Ocean SST dipole mode
Nifio_4 The SST anomalies in the Nifio 4 region www.climatedataguide.ucar.edu
Nifio_1+2 The SST anomalies in the Nifio 1 + 2 region
Nifio_3.4 The SST anomalies in the Nifio 3.4 region
AO The Arctic Oscillation index Www.cpc.ncep.noaa.gov
Atmosphere
NAO The North Atlantic Oscillation index

aSST, sea surface temperature.

inputted into the RNN model. The timescale of phase changes and
life periods of the Madden-Julian Oscillation are different from
the indices above, which made it incompatible with the RNN
model.

2.2 Methods

2.2.1 Time decomposition of precipitation

To predict precipitation across different terrains in this study, we
used time-decomposed historical precipitation as the input
features. The precipitation observed at a station actually contains
considerable geographical and climatological information about
that place, which includes solar radiation, water vapor and heat
transported by the monsoon, altitude and latitude, the interannual
variability of climate, and the influence of global warming. Guo Y
et al. (2012) adopted a similar method to decompose the precipi-
tation sequence, but at different timescales. The precipitation
sequence (Pseq) was composed of the season (Ps), trend (Pt), and
residuals of the previous two (Pr):

Pseq = Ps + Pt+Pr. (1)

The Ps term was obtained by calculating the climatological aver-
age. The precipitation anomalies (Pt+ Pr) were then equal to
Pseq minus Ps. The Pt term was obtained by a locally weighted
regression (LOESS). The expression w; (GXJZ + bx; + c) approximated
by the least squares method is the Pt term in Equation (2):

>

1
n
I

J(a, b,c)= w,-[ax,2 + bx; + c — (Pseq — Ps)]z,

)

I}
o

where x; represents the time sequence, w; represents the weight
coefficient, and the letters g, b, and ¢ represent the coefficients of
a quadratic polynomial calculated by the Jacobi least squares
method. The term w; was calculated by the distance (d;) from the

current time point:
3
d: 3
w; = 1- ! . 3
|: (dmax) } ( )

The time width of each subinterval (d,.x) was set to 120 months,
which meant that the trend of each time point considered the
precipitation data for the adjacent 10 years. More calculation
details for the LOESS are provided in Cleveland and Devlin (1988).
Finally, the residual of the Ps and Pt terms was the Pr term. The Pr
term contained some nonlinear perturbations with smaller time
scales, which were still useful for predicting precipitation.

2.2.2 Model configurations and hyperparameters

Figure 2 shows how our model predicted the S2S precipitation at
a station. The prediction range of S2S in this study extended from
1 month to 1 year into the future. First, the climate signals and
time-decomposed historical precipitation were normalized by the
Z-score method to input into the RNN, LSTM, or GRU model
(Figure 2a, green box). The Z-score was calculated in terms of
Equation (4). The input features of 12 time steps were then calcu-
lated through 4 x 14 hidden layers in chronological order and
passed into a fully connected layer to obtain precipitation in the
dry and wet seasons (Figure 2b, blue box). Finally, the precipitation
of the two seasons was merged to obtain the output precipitation
for the next 12 months (Figure 2c, purple box). PyTorch provided
the code support for this model (www.pytorch.org).

The structure of the RNN is similar to that of a standard multilayer
perceptron, with the distinction that the hidden units connect the
current input with the past input, thus enabling it to discover the
correlations among input features with a time delay (Pascanu
et al, 2013). Developed from the RNN, the LSTM adds some
special units called memory blocks in the hidden layers, including
the input gate, output gate, and forget gate. These gates control
the information flow in a timeline via different activation functions
and matrix operations (Sak et al., 2014). Similar to the LSTM units,
the GRU adopts gated units to modulate the information flow, but
with different locations and with different activation functions of
the input gate and reset gate (Cho et al., 2014). To find the optimal
loss value, we set a dynamic learning rate with an initial value of
0.01. This learning rate decreased continuously as the loss value
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Figure 2. Conceptual view and calculation process of the recurrent neural network (RNN) model. The RNN, long short-term memory recurrent

(LSTM), and gated recurrent unit (GRU) models have the same input (a) and output (c) formats. The only difference is in the calculation process of

neurons in the hidden layer (b). The left and right y-axes in the top panel express the normalized climate indices and predicted precipitation,
respectively. TIOD, tropical Indian Ocean sea surface temperature (SST) dipole mode; SIOD, subtropical Indian Ocean SST dipole mode; BL,
Barents-Laptev Sea; NH, Northern Hemisphere; TP, Tibetan Plateau; AO, Arctic Oscillation index; NAO, North Atlantic Oscillation index; FC layer,

fully connected layer.

converged. When the learning rate was less than 0.0001, the train-
ing process stopped. The Adam algorithm was used as an optimizer
of loss value, which added first- and second-order momentum to
control the direction of loss gradient descent on the basis of the
stochastic gradient descent (Kingma and Ba, 2014). To avoid over-
fitting, an L2 regularization penalty term was also added to the
loss function.

In the hidden layer of Figure 2b, two kinds of loss functions, the
mean square error (MSE) and mean absolute error (MAE), were
adapted to fit the weight and bias parameters of the model of the
wet season (May—October) and dry season (November—April of
the next year). The MSE loss function was used to fit precipitation
in the wet season because we preferred to predict precipitation
anomalies far from average. In contrast, precipitation in the dry
season was scarce and stable; thus, the MAE loss function was
adapted to fit precipitation in the dry season.

Itis worth noting that the input features, outputs, and hyperpa-
rameters of the RNN, LSTM, and GRU models were completely
consistent. The difference between the three models was only in
the calculation method of the neurons in the hidden layer:

_X-E[X]
7= ()
MSE_loss (7.y) = 7Y =y’ )

R
MAE_loss (7,y) = 7 ) 17 = ¥il. 6)

2.2.3 Sensitivity of the RNN model to input features

The method of sensitivity analysis was first proposed by Garson
(1991) to understand the ANN model. This method can help us
understand the importance of the input features to the model by
analyzing the weight and bias parameters of the hidden layer
(Dimopoulos et al., 1995; Olden and Jackson, 2002; Koh and Liang
P,2017).

On the basis of ideas from the research cited above, we generalized
the method of sensitivity analysis to the RNN model. In the hidden
layer of Figure 2b, there are 4 hidden layers in each time step,
each layer has 14 neurons, and these 14 neurons correspond to 14
input features. The calculation method of each neuron in the RNN
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model is shown in Equation (7):
h; = tanh (wix + b; + wph_; + by). (7)

In Equation (7), x represents the input features at the current time
step, h;_, indicates the output from the previous time step. Terms
x and h,_, are multiplied by their respective weight parameter (w)
and bias parameter (b) to obtain the output h; of the current time
step. Term h, reflects how the RNN model understands these
input features. For example, if the RNN model considers the Nifio
3.4 index important, then the model will assign a larger weight
and parameter to produce an h, with a larger absolute value.

To remove the influence of x and h,_, changes on h, we first
assumed that there was no feed-forward signal in the RNN model
and that h,_, was a matrix of all zeros. There was then no magnitude
difference between the input features; x was a unit matrix of all
ones. On the basis of the assumptions above, h; was determined
by only the weight and bias parameters. Therefore, h, could be
considered the sensitivity of the RNN model to the input features.
The results of the sensitivity analysis are shown in Section 3.5.

2.2.4 Model evaluation

In this study, we divided the data into three subsets to train and
test the model. The historical data from 1982 to 2020 were used as
the training and testing datasets. Continuously updated data from
2021-2022 were used as revalidation of the model. The historical
data included 445 samples, which were randomly divided into
training and testing subsets at a proportion of 80% and 20%,
respectively. Computer-generated random numbers were used to
select and randomly train and test the subsets without intervention
of the subject.

The following methods were used to evaluate the RNN model:

(1) Bias and BiasP: Bias represents the difference between observa-
tion and prediction, whereas BiasP represents the percentage of
difference. The subscript of BiasPgs represents the 5% quantile in
the BiasP distribution for all samples.

(2) Sign accuracy: When the trends of prediction and observation
were the same, it was correct. The sign accuracy is equal to the
correct numbers on the trend sign divided by the total number of
predictions.

(3) Accuracy of the maximum precipitation month (AMPM): If the
maximum precipitation month (MPM) of observation and predic-
tion were the same, the prediction was correct. The AMPM is
equal to the correct numbers divided by the total number of
predictions.

(4) Temporal correlation coefficient (TCC): The TCC represents a
correlation of the time sequences of observation and prediction.
Its calculation formulais listed in Equation (8):

i (6 = %) (viy = %)
i = .
\/ Ll - %)’ \/Z}; i = y)’
Here, x and y are the sequences of observation and prediction,

respectively. The subscripts j and j refer to the different stations
and months, respectively.

TCC

®)

3. Results and Discussion

3.1 Time Decomposition of the Precipitation Sequence
According to the method described in Section 2.2.1, the historical
precipitation sequences were divided into the terms Ps, Pt, and Pr.
Figure 3a shows the Ps terms, which are closely related to the
topography and generally decrease with altitude. This is because
the huge topography limits low-level water vapor transport on
the Plateau. The maximum precipitation occurs in the western
Basin as a consequence of the trumpet and windward slope
topography, which make this area a hot spot of precipitation (Gao
GL et al., 2021). In spite of the altitude difference, which is more
than 1,000 m (Figure 1b), the eastern Basin and Valley have a similar
annual precipitation. Plentiful rivers, including the Jinsha River,
Dadu River, and Yalong River, can support water vapor sources for
precipitation in an elevated topography.

Except for the annual precipitation, the MPM is different across
the four subregions. The MPM occurs in June—July on the Plateau,
in July in the Valley and eastern Basin, and in July—August in the
western Basin. The MPM is affected by the subseasonal progress
of the Tibetan Plateau summer monsoon, East Asian summer
monsoon, and Western Pacific subtropical high (Zhou CY et al,
2011; Zhang Q et al., 2017a).

No obvious periodicity was observed for the terms Pt and Pr, as
shown in Figure 3b, ¢, which means it was difficult to predict
future precipitation through the autoregressive model. Figure 3b
shows a decreasing trend in the Basin in the late 1990s, which is
consistent with previous research (Zhai PM et al., 2005; Ma ZF et
al., 2013). Note that a sharply increasing trend appears in the
2010s, except for the Valley. This result suggests that some
complex regional differences exist in the precipitation trend
against the background of global warming.

Figure 3 shows that the four subregions in Sichuan have different
climatological precipitation patterns, which are related to the lati-
tude, altitude, and topography. The term Pr in Equation (1) could
be regarded as a comprehensive index of the geographic position.
The terms Pt and Pr bring the interannual and decadal signals into
the input features. The last figure shows that the three features in
the RNN model have a greater sensitivity than the Nifio 3.4 index.

3.2 Fitting Ability of the RNN, LSTM, and GRU Models

The predictions of the three deep learning algorithms (the RNN,
LSTM, and GRU) were compared in this study. Table 2 shows that
the superiority of the RNN increased with the depth of the hidden
layers. When the three models had only one hidden layer, the loss
values were relatively high and very close. With the increase in the
depth of the hidden layers, the loss values dropped sharply in the
RNN and GRU models, in contrast with only a slight drop in the
LSTM model. The RNN was obviously superior to the LSTM and
slightly superior to the GRU. However, it should be noted that
deeper hidden layers did not necessarily mean better perfor-
mance. The loss values of the three models increased when the
depth of the models was greater than five hidden layers. In recent
research, Zhou KQ et al. (2021) reported a similar result: graphed
convolutional networks tended to undergo a performance drop
when the model became deep. This phenomenon similarly
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Figure 3. The (a) seasonal (Ps), (b) trend (Pt), and (c) residual (Pr) terms of the precipitation sequence. The precipitation data cover the period
from January 1982 to December 2020. In panels (a) and (b), the curves represent the average, and the shading represents the 95% confidence
level. In panel (c), the filled polygons represent anomalies that twice exceeded the standard deviation.

appeared in the RNN, LSTM, and GRU models, which should be  ensured the consistency of the hyperparameters in the three

considered by researchers when building a deep learning model  models. Hence, the differences in prediction performance were
with better performance. Therefore, the four hidden layers were

appropriate for training the RNN model in this study.

determined only by the calculation method of the neural cells.
The LSTM and GRU added the gated structure on the basis of the
To analyze the reason for the differences noted above, we RNN neural cells. These gated neurons control the information
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Table 2. The optimal loss values of the gated recurrent unit (GRU), long short-term memory recurrent (LSTM), and recurrent neural network

(RNN) models with different hidden layers.

Hidden layers 1 2 3 4 5 6
GRU 0.3143 0.2898 0.2913 0.2958 0.3036 0.5598
Dry season LST™M 0.3129 0.2937 0.2956 0.7649 0.7649 0.7649
RNN 0.3230 0.2887 0.2805 0.2844 0.3133 0.3234
GRU 0.1791 0.0607 0.0517 0.0862 0.1663 0.6626
Wet season LST™M 0.2378 0.2226 0.2139 1.0348 1.0353 1.0351
RNN 0.2179 0.0886 0.0556 0.0488 0.0479 0.0663

transport from the previous time step, and the input features
transform from the current time step, thereby effectively reducing
the gradient disappearance problem of the RNN (Pascanu et al.,
2013). Information control is mainly achieved through sigmoid
and hyperbolic tangent (tanh) activation functions. The RNN
model uses only the tanh function (Equation (7)). The LSTM and
GRU both use the sigmoid function to control the information
from the previous time step. The difference between the LSTM
and GRU is that the GRU still uses the tanh function to transform
the current input features, which is the same as with the RNN (Dey
and Salem, 2017; Sherstinsky, 2020). Therefore, the difference
between the sigmoid and tanh functions could have resulted in
better performance of the RNN than the LSTM and GRU.

Figure 4 shows how the Nifio 3.4 index was transformed with the
sigmoid and tanh functions. The Nifio 3.4 index, whose positive
and negative values respectively represent El Nifio and La Nifa, is
a crucial climate signal. However, the negative values disappear in
the sigmoid transform (solid purple line) but remain in the tanh
transform (dashed green line). The sigmoid function cannot learn
the ENSO cycle properly, which is why the LSTM could not
converge the loss values. In the GRU model, the input features
were correctly transformed by the tanh function, but the informa-

tion from the previous time step was limited by the sigmoid func-
tion. Therefore, the GRU was superior to the LSTM but inferior to
the RNN. This result also suggests that the physical foundation of
the input features plays an important role in the prediction of
deep learning.

3.3 Validation in the Test Datasets

According to the results in Section 3.2, the RNN model had the
optimal loss value. Therefore, the following sections show only
the detailed predictions of the RNN model. In the validation of the
test datasets, the precipitation bias, sign accuracy of the precipita-
tion trend, and AMPM were evaluated in this study.

Figure 5 shows the accumulated bias between prediction and
observation at the seasonal time scale. In the dry season, 5% to 95%
quantiles in the boxplot are all within a range of £80 mm. The
exact statistical data are from —38.57 to 34.03 mm in the Plateau,
from —66.50 to 40.76 mm in the Valley, from —79.83 to 56.74 mm
in the western Basin, and from —70.26 to 66.97 mm in the eastern
Basin. In the wet season, the 5% to 95% quantiles in the boxplot
are almost within a range of £100 mm. The exact statistical data
are from —62.30 to 37.22 mm in the Plateau, from —89.21 to 58.58
mm in the Valley, from —123.40 to 94.77 mm in the western Basin,

+Normalized Nino 3.4 index
—Normalized Nino 3.4 index

Normalized Nino 3.4 index
o

—— Sigmoid transform
---- Tanh transform

—2
; A= —e—e
Sigmoid(x)= Tre™ Tanh(x) e
1985 1990 1995 2000 2005 2010 2015 2020
Year

Figure 4. A case of how the normalized Nifio 3.4 index was transformed with the sigmoid and tanh activation functions. The results of the
sigmoid and tanh transformations are shown by the solid purple line and the dashed green line, respectively.
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Figure 5. Boxplot showing the bias distribution in the wet (left) and dry (right) seasons. The station number is the label of vertical coordinates,

and the different colors represent the different subregions.

and from —94.74 to 69.24 mm in the eastern Basin. Although the
absolute bias in the wet season is larger than that in dry season,
the relative bias is more accurate in the wet season. The ascending
order of the BiasP interval (BiasPgs—BiasPgs) is as follows: the
Plateau (from —8.83% to 6.73%) < the Valley (from —8.88% to
7.37%) < the eastern Basin (from —9.53% to 8.16%) < the western
Basin (from —10.62% to 10.67%).

The statistics above illustrate that the RNN model can predict
precipitation in most years, but for a few years (i.e., the samples in
the <5% or >95% quantiles), the BiasP is more than +£10%. The
prediction bias from summer (June-August) contributes the
majority of the accumulated bias. Therefore, prediction at a
subseasonal time scale in June-August was further evaluated.
Figure 6 shows that most of the dots are distributed along locations
adjacent to the diagonal line. The slope of the regression equation
is all greater than 0.82, which means that prediction is very close
to observation in summer. But it should be noted that the RNN
model underestimates precipitation greater than 600 mm and
overestimates precipitation below 200 mm. These samples repre-
sent precipitation anomalies far from average.

Figure 7 shows the sign accuracy of the precipitation trend in
different months. In the wet season, the accuracy averages 83.20%
—92.25%, which is higher than that of 58.60%—-64.32% in the dry

season. It is difficult for the RNN model to predict the precipitation
trend in the dry season because an error value of approximately
10 mm may change the mathematical sign of the precipitation
trend in the dry season, when the monthly precipitation is usually
less than 50 mm. Precipitation in the Tibetan Plateau is rare; thus,
the sign accuracy is also lower than that in the Sichuan Basin
(shown by the colored dots in Figure 7).

As illustrated in Section 3.1, the average MPM has a regional
difference. In fact, the MPM also has an interannual change that is
effected by climatic variability (Zhang Q et al., 2017a). The MPM in
the Plateau usually occurs in July (frequency of 0.34), followed by
June (0.29), August (0.18), and September (0.15). The MPM in the
Valley usually occurs in July (0.45), followed by August (0.25) and
June (0.24). The frequency distribution of the MPM in the eastern
Basin is similar to that in the Valley. The maximum frequency is in
July (0.39), followed by June (0.20) and August (0.19). The MPM in
the western Basin is mainly concentrated in July (0.44) and August
(0.41).

The RNN model successfully predicted the MPMs in most years of
the test datasets. Figure 8 shows the joint distribution between
prediction and observation. The accumulated frequency located
at the diagonal line indicates the AMPM (as detailed in Section
2.2.4). The AMPM was 0.86, 0.85, 0.90, and 0.88 in the Plateau,
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Figure 6. The joint distribution of prediction and observation in June (a), July (b) and August (c). If the prediction is equal to the observation, the

dot is placed on the dashed black diagonal line. The colors of the dots represent the different subregions. The colored solid lines represent the

linear regression fit between prediction and observation. The regression equations are listed in the upper left corner of the axis. The shadows

behind the lines illustrate the 95% confidence interval. The marginal segment lines of the axis show the individual distributions of prediction and

observation.

Valley, western Basin, and eastern Basin. If the prediction was
completely correct, the AMPM was 1.

3.4 Updated Validation in 2021-2022

To further evaluate the prediction performance with complex
terrain in this study, we expanded the original datasets
(1982-2020). The updated observation precipitation (January
2021-August 2022) was used again to validate the RNN model.
Figure 9 shows the continually updated prediction in 2021-2022.
The colored lines represent 12 sliding prediction results, for which
the initial forecast time was from January 2021 to December 2021.

In Figure 9, the RNN model shows stable prediction performance
at different lead times. Although some biases between prediction
and observation still existed, the RNN model was successfully able

to predict the precipitation trend and MPM at four stations that
belong to the four subregions. Here, we used the TCC score (as
detailed in Section 2.2.4) to demonstrate the temporal correlation
of curves between prediction and observation. The TCC scores
almost exceeded 0.7 at the Ganzi, Huili, Ya'an, and Dachuan
stations, which is higher than that of the multimodel ensemble
prediction system from the NCC of China (www.cmdp.ncc-cma.
net/pred/vescom.php).

It is important to note that the prediction by the RNN model was
not a simple reproduction of the historical average. For example,
the MPM in Ganzi is June in the historical average, but it was July
in 2021 and June in 2022. The MPM in Ya’an is August in the
historical average, but it was July in 2021 and August in 2022.
These changes were accurately predicted by the RNN model.
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Compared with prediction of the Beijing Climate Center Climate
System Model (BCC-CSM) from the NCC, the RNN model showed a
more stable prediction for the monthly precipitation. For example,
for precipitation in August 2021, the RNN model predicted a trend
of more precipitation from January to July 2021. The BCC-CSM,
with a huge adjustment in different lead times, predicted a trend
of more precipitation in the Sichuan Basin in March-June and less
precipitation in January, February, and July. For precipitation in
August 2022, the BCC-CSM likewise had the opposite prediction
at different lead times (more details are available via www.cmdp.
ncc-cma.net/cn/monitoring.htm).

At the seasonal time scale, the NCC predicted less precipitation in
the summer of 2021 in the eastern Basin, but the observation was
more than average precipitation (Zhao JH et al.,, 2022). The NCC
and Institute of Atmospheric Physics of China predicted more
precipitation in the summer of 2022 in southwestern China (Peng
JB et al., 2022), but the observation was less than average precipi-
tation. The RNN model also had an overestimation in the western
Basin and Plateau in 2022, but the prediction in 2021 was closer to
the observation.
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Figure 9. Precipitation curves at different stations by prediction and observation. The (a) Plateau, (b) Valley, (c) western Basin, and (d) eastern
Basin are represented by the Garzé, Huili, Ya’an, and Dachuan stations. The station numbers are listed in the panel labels. The black solid and
dashed lines indicate precipitation based on updated observations and the historical average, respectively. The colored lines represent the
prediction of the RNN model at different lead times. The temporal correlation coefficient (TCC) scores and corresponding lead times are listed in
the legend.
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3.5 Sensitivity Distribution of the RNN Model to Input
Features

The results above show that the RNN model was successfully able
to predict the precipitation trend and MPM in most years in the
test dataset and the updated datasets of 2021-2022. This result
suggests that the RNN model learned some knowledge of climate
variability from the input features. According to the method
shown in Section 2.2.3, we calculated which input feature was
more important or sensitive in the RNN model. Figure 10 shows
the sensitivity distribution of the RNN model to input features at
different stations. Note that in Figure 10, the absolute value of
sensitivity represents importance, although a negative value does
not equal unimportance.

Overall, the sensitivity distribution in the dry season was relatively
consistent at different stations. The pattern of sensitivity distribu-
tion in the wet season was not clear. For example, in the dry
season, the RNN model had a dominant positive sensitivity
pattern for the Nifio 3.4 index and a dominant negative sensitivity
pattern for the Arctic Oscillation (AO) index, but in the wet season,
the dominant sensitivity pattern disappeared at the different
stations. Therefore, this result demonstrates that the influence of
climate factors differs between the wet and dry seasons.

The RNN model remained highly sensitive to the decomposed
precipitation signal, whether in the dry or wet season. It is impor-
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tant for precipitation prediction that the decomposed precipitation
signal provides beneficial information as input features.

For the abnormal SST signal, the RNN model showed a greater
sensitivity for the Nifio 3.4 index in the dry season, but it obviously
decreased in the wet season. In contrast, the sensitivity of the
Nifio 4 index increased in the wet season. This result was demon-
strated by Guo Y et al. (2012), who used a method called the “opti-
mal window” to seek a critical area of SST influencing the precipi-
tation in southwest China. They also showed that the western
Pacific warm pool makes a major contribution to the optimal
window. For most stations, the RNN model considered that the
Nifo 3.4 and Nifio 4 indexes were equally important for precipita-
tion in the wet season. That result may have a relationship with
the long-term trend of the “cold tongue” mode of the tropic
Pacific SST and the morphological variation of the ENSO (Li Y et al.,
2017a, 2019b; Wang R and Ren HL, 2020). In the Indian Ocean, the
tropical Indian Ocean SST dipole (TIOD) pattern (Saji et al., 1999)
and the subtropical Indian Ocean SST dipole (SIOD) pattern (Jia XL
and Li CY, 2005) show opposite effects on precipitation in the wet
season.

Similarly, the sea ice concentration in the Arctic and Barents Sea
also shows an opposite effect on precipitation in the wet season.
This may be caused by differences in the circulation patterns trig-
gered by sea ice in different regions (Wu BY et al., 2015). On the
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Figure 10. Sensitivity distribution of the recurrent neural network model to input features in the dry season (a) and wet season (b). The labels of

the vertical coordinates are the station numbers, the same as in Figure 5. The larger the absolute value of the sensitivity, the more important the
feature is. TIOD, tropical Indian Ocean sea surface temperature (SST) dipole mode; SIOD, subtropical Indian Ocean SST dipole mode; BL,
Barents-Laptev Sea; NH, Northern Hemisphere; TP, Tibetan Plateau; AO, Arctic Oscillation index; NAO, North Atlantic Oscillation index.
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other hand, the sea ice loss in the Arctic usually leads to a negative
AO and North Atlantic Oscillation (NAO) phase (Vihma, 2014).
Figure 10 shows a same-sign-oriented sensitivity pattern in the
Arctic sea ice and AO index in the dry season. The sensitivity of the
NAO index is relatively low. Wang P et al. (2020) similarly indicated
that the importance of climate factors varies in different subregions
in southwest China, but the importance of the AO index is always
higher than that of the NAO index.

In both the dry and wet seasons, the sensitivity of snow cover on
the Tibetan Plateau was higher than that on the whole Northern
Hemisphere. This may have been caused by the snow melt on the
Tibetan Plateau, which has a significant effect on the East Asian
Monsoon (You QL et al., 2020). The snow cover in the Northern
Hemisphere mainly triggers the mid- to high-latitude wave train
(Zhang RN et al., 2017b). Therefore, the index of snow cover on
the Tibetan Plateau had a closer relationship with the precipitation
on the east side of the Tibetan Plateau.

4, Conclusions

In this study, we established a deep learning model to predict S2S
precipitation in the Sichuan Province. This model inputted the
time-decomposed historical precipitation and multiple climate
factors into the RNN neurons to fit the nonlinear relationship
between input features and precipitation. Through dual validations
in test datasets and updated 2021-2022 datasets, the results
showed that the RNN model could accurately predict the precipi-
tation trend and MPM in most years in the Plateau, Valley, and
Basin and was able to provide a stable trend prediction for
summer precipitation at different lead times.

A comparison of the optimal loss values of the three deep learning
models showed the RNN had better prediction performance than
the LSTM and GRU models, which increased with the depth of the
hidden layers. When the depth was more than five layers, the
prediction performance of the three models dropped off. This
result implies that deeper hidden layers did not necessarily mean
better performance. The activation function was considered
important to explain the superiority of the RNN. The tanh function
could properly transfer the climate indices, such as the ENSO
signal, whereas the sigmoid function of the LSTM ignored the La
Nifa events of the ENSO cycle.

The sensitivity analysis showed that the RNN model could learn
some nonlinear relationships between climate factors and precipi-
tation. The RNN model considered that the SST anomalies repre-
sented by the Nifio 4 and Nifio 3.4 indexes were equally important
to the precipitation prediction in the wet season. The sensitivity to
snow cover on the Tibetan Plateau was higher than that in the
Northern Hemisphere. An opposite sensitivity pattern appeared in
the two pairs of similar factors, namely the TIOD and SIOD and the
sea ice concentrations in the Arctic and Barents Sea. A sensitivity
value with the same sign appeared in the AO index and the sea ice
concentration in the Arctic in the model of the dry season.

This study shows that the physical basis of input features plays a
key role in deep learning. Previous research has also indicated
that a physically constrained model has better performance than
a data-driven-only model (Raissi et al., 2019; Gao GL et al., 2021;
Zhou L and Zhang RH, 2022). Therefore, a possible approach to

improving the prediction of deep learning is by coupling physical
processes with deep learning. It was quite interesting to find that
deep learning could learn some knowledge through data fitting.
In future work, we will further explore the physical connection
between deep learning and input features. In addition, the
Coupled Model Intercomparison Project Phase 5/6 (CMIP5/6) was
able to provide the deep learning model with extensive trainable
datasets because the filled observation gap and expanded climate
elements improved the performance of deep learning models in
the long-term prediction of precipitation (Taylor et al., 2012;
Eyring et al.,, 2016). Although there were some obvious biases
between the observation and climate models, it is worth consider-
ing how to use the CMIP5/6 datasets to improve the S2S prediction
and further reduce the uncertainty in different emission scenarios.
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