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a3 pidy.err = 0.0;
4 pidy.err_last = 0.8;

as pidy.output = 0.2;

46 pidy.SetAxis = 1685

a7 pidy.Actualixis = 0.9;

a8 pidy.umax =100.¢;

49 pidy.umin « -100.0;

50 pidy.integral = 0.85

=

52

53 int x_axisPID_calculate()

54/

55 1F(x_axis>Iehlx_axisc27e)

56 {

57 pidx.err =  pidx.SetAxis -x_axis ;

58 i ovtputspids. Kpepldx.erropidx.Ki*pidx. integralspidx.Kd* (pidn.err-pids.crr_last);
59 pidx.err_last = pidx.err;

6

61

62

63

64

&

66

67 ntf(" %f  %d\n",pidx.output,pidx.err);
68 return (int)pidx.output;

69 by

7%

71 int y_axisPID_calculate()

72

7 pidy.err = pidy.SetAxis - y_axis;

74

75 pidy.output-pidy.Kp" piﬂy errepidy.Ki*pidy. integralepidy.Kd* (pidy.err-pidy.err_last);
7% pidy.err_last = pidy.e:

7”7

78 | if(pidy.output>4ee)

79 Loutput = 4083

80 1#(pidy.output<-408)

81 pidy.output = -208;

82 printf(*  y axis: ¥ %d\n",pidy.cutput,pidy.err);
83 rnum (int)pidy.output;

84 &)

85
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//ERT &8,
void Task_200hz_Thread(void)

stat 28

73t

{0
-~

Remote_Control();
Check_All_Calibartion();
Bling_Working(Bling_Mode);
StateMachine();
Get_Battery_Voltage();
Statemachine_Sensor();

1 Statemachine_PH_Meter();
11 Statemachine_CTD();

12 Cabin();

13 %)

DOV NOIVHE WN =

K 4. 4 SRR P

(F) ERISRIALR

I BAHEAT HUBRSS # B it J SolidWorks EEAE, 7E ansys BMF EHEATBUUT, FFEESE

PR RLGE R KR o [ BA R 5% B Lk
H 58 1R LRI B A LA B4 AL -
R S

i 15 8 % 5406207 8
.
s
*

kW & A H

K 2B P SRR S (SR RN A

R W LK

ROM A WA R ARTE

& M 5202

ERHEH, 2

G # B A R

£ bk 201306 LI A IS 0 B 999

2408 /26 H B2 % e ON 114190321 B

LR AR FARS AN ¢ HREHT &, RTRT € HiIL, REKAEH
ERFAEHRRE L TR, FHRARRASLAREK, $HRARS =S, §
PirakR

ARG AR AL, RS, Y. R, S, KA
HRASHSA L. BR. RELRFFALMEEHRLE L

O O

R!*ﬁ l t ( ;
BIRR2
KRFRAALR A

PR Z 5REI38 5, BT 7€ 1 ZRT .

e ﬂv
¥@, r,«\q TR
i 4§ 7761353 0]

'

‘!
*w-
*
Jok o]

S B & FEFS

AW AR ST 2 K2R

Bt Ae RSB R R R
& # % 7 2022 3 0611811.0
CRMH: 2022909 7116 H

& H B A LYY

£} Bt 201306 LT AR I P OFBE 999

BRAEH: 124206 # e ON 307739312 S

ARERARGRAP FARKFREHER LN IFE, ALRT ¢, S0rn |
Rt A AR LT ARiL, $HRARRASZARAR, FHRARS T
A%, feikail,

FHEB RO AR RI R, RS, Y. LK, HE KLY
HIRASH SR, BE, AL LFPRLRLEEHSAL

BAW G20

ReFALLRT

2011 T 3 85 W

P



2022 4F T2 25 e K2 A4 BT O b ol RV 4

HESBEHBERRS, 2iFH, R=FL.

51 CPRSRERT LiEdi e G RIE DRSS A
(RFEARLAARE LHEHA)

FURH 2 HR&R RMER &*ix
AR SRS AT —HHAS=E, FAERSH &= LR L
A% e LAX—STENS ETARRARG S e

E1 £+=F “Et” EEHTAFELIIHESR €%

HIBAZFF:
{EGEA:

£t — EzEBEFNTHOTEFERE
- =EEFER

B

LEsEXs

SRALER
SHIM:

RS, MK, EFH
FRALES. EEF

(RS ] PENZEANDS. PEARINETUNERLS
[ENS] PEMMEAERAT. PESMIRYS. BFMNSSETRUFSAHER
|ENg 11ﬁ§'x#ﬁ}ﬂ$§1§$b’z LSTEURNEEANS, LEHRURRIFRREEEERS

‘TIBHEN" #+5HE
EEAFETRANIEXESHESE

“600 LIGHT YEAR" the 15th National University Student Social Practice and
Science Contest on Energy Saving & E ion Reduction

AR -0¢

720226 “REAFEN FHHEBEEEAFETREA

HRIE, LUARR.

EiEgiERE
RFRANNMAKFANEA
Mt

A, FERRES. BTH.
RS BRI

BIBRAL:
{ERBHR:
fERAE.:
BRPE:
HSHU:

#ME

UEBHS: 2022-03-0760

FNEAFEN” B+REEEKRF

20225 FtR EBHRKFESE
TUTRERMEASMHAE

—~% %

B “GrtEE"

f: B AR,

——HK T HRENAR ARG
SHGE: LigGERE
ESHID: BRI, EXF

B B, JEBEES. #RME. £FH

J:%HWIMIE;Q

—H—Lsk,

'Ijﬁls

BHMSIBRSHNERESR 2E=FX

12 U 4k 85 I



2022 £F TR e K2 R QUET B R SR

5 FLELETERFETIUVTENRASHMARTE —FX

FHtEEERELFREZFZREIES
Certificate of the 17 National Environmental-friendly Science &Technology Competition
No. 202203SHD115

ZHIERR, BRCAN. SKAIAR. ZEERER. ETF &, FHER. REN. RHEEREBETLEEEFREL
FRERFERRR—FR, FRBHA (HEE——K=FEXRINNE) . 15SEIH: BHERHA.
X

FPRULIE, LAZEE!

This is to certify that Renjie Wei, Kexin Zhang, Xiaocong Yuan, Ziang Jiang, Yangmeng Li, Xuanyi Meng,
and Zuyun Jia are awarded the first prize in Huadong zone of the 17th National Environmental-friendly
Science & Technology Competition. The project title is “Huiyu Treasure -- a facilitator of aquaculture
development”. Adviser: Chengming Chen and Huanan Liu.
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A novel combined VMD-MSMA-LSTM-ARIMA model for

data-driven deep learning in precipitation prediction

Abstract: Accurate prediction of regional precipitation plays an important role
in preventing natural disasters and protecting human life and property. In this
study, the nonlinear monthly precipitation data are decomposed into multiple
sub-signal intrinsic mode function (IMF) with different center frequencies
based on variational modal decomposition (VMD) to mine multi-scale features.
Then, a hybrid model built by long short-term memory (LSTM) and
autoregressive integrated moving average model (ARIMA) is used to predict
the residuals and IMFs. The hyperparameters such as the number of hidden
layer nodes and training times of LSTM and the learning rate are optimized by
using the modified smile mould algorithm (MSMA) based on the adaptive
strategy and spiral search. This study also uses the model to predict
precipitation in two regions. The empirical results show that
VMD-MSMA-LSTM-ARIMA model perform better and the prediction is more
accurate compared with others. The deep learning model established in this
study can provide some reference for the accurate prediction of future

precipitation in different regions.

Keywords: Precipitation prediction; Variational modal decomposition; Smile
mould algorithm; Long and short-term memory; Autoregressive integrated

moving average model

1 Introduction

Precipitation is the depth of water that falls on the ground at a certain point or over a certain area
at a certain time. The difference of geographic space environment makes the precipitation in
different areas have obvious variability. At the same time, global warming has become a problem

that cannot be ignored under the action of human factors. In this context, analyzing and predicting
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drought trends has an important role for disaster management (Zeng et al. 2022), because globally,
droughts have the widest impact and cause the most severe economic losses. While the direct
cause of droughts is the decrease of natural precipitation, the lagging management and dispatch of
water resources due to the underestimation of precipitation is also an important factor in their
disaster expansion. China is a drought-prone country with a wide drought area, which accounts for
about 45% of China's land area. For example, the drought that occurred in China in 2009 affected
12 provinces and lasted for a long time and had a wide impact (Pradhan et al. 2017). Precise
prediction of future precipitation in drought-stricken areas and advance drought response
measures based on this is particularly important for China nowadays. In addition, due to the wide
geographical area of China and the strong geographical characteristics of precipitation, the
coexistence of droughts and floods in China is a frequent phenomenon. For example, in China, the
average precipitation in 2020 increased by 10.3% compared to the normal year, and the rainy
season lasted for a long time, with severe disasters such as heavy rainfall and flooding in the south
in summer (Li ef al. 2021). In recent years, unusual extreme weather has occurred, causing severe
flooding events in different regions of China (Wu et al.2021). For instance, from July 17 to 23,
2021, Henan Province suffered from a rare historical extraordinarily heavy rainfall, with an
average process rainfall of 223 mm in the province, far exceeding the historical extreme. This
disaster was widespread and caused serious economic losses and casualties. Other examples are
the largest autumn flood in the middle and lower reaches of the Yellow River since the same
period in history in 2021, the continuous rainfall caused by the convergence of cold and warm air,
the flooding in many places, and the heavy rainfall and flooding events in Shaanxi in the middle
and late August, etc. This shows that the analysis of precipitation influencing factors and accurate
rainfall prediction play an important role in the prevention of natural disasters such as droughts,
floods and heavy rainfall. In addition, precipitation plays an irreplaceable role as an important
regional source of water resources and a way of water circulation. With the development of the
world economy and the expansion of population, the demand for water resources is increasing day
by day, and water shortage is a common crisis faced by all mankind. Reasonable planning and
allocation of water resources management and scheduling need to be based on the accurate
prediction of regional precipitation. However, precipitation is a complex and dynamic process

influenced by many factors and human activities, which is full of uncertainties and fluctuations, so
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it is a challenging task to accurately predict regional precipitation.

2 Research progress

Currently, researchers have explored many models for precipitation prediction. Forecasting
models for precipitation are broadly classified into three types (Adikari e al. 2021): the
hydrological prediction method (Seo & Sung, 2020; Liang et al. 2019; Yang et al. 2020), the
probabilistic statistical method (Van der Plas et al. 2017; Whan & Schmeits, 2018; Van Straaten et
al. 2018) and time series methods (Papacharalampous et al. 2018; Yazdandoost et al. 2021; Wu &
Wang, 2022; Alizadeh et al. 2022).

Hydrological phenomena occur due to the interaction of many inner and outer environmental
factors. Hydrological prediction method based on the previous or current hydro-meteorological
data, a certain area in a certain period of time in the future to make quantitative predictions of
hydrological conditions. It is an approximate physical model derived from the generalization of
complex hydrological phenomena and has an important role in the study of hydrological laws and
the solution of practical problems in production. With the development of technology nowadays,
the structure and methods of hydrological prediction models are being improved (Siddique et al.
2015; Al-Sabhan et al. 2003). Nowadays, different hydrological prediction models are proposed
by research scholars, and precipitation prediction is receiving more and more attention as the main
research direction of hydrological prediction. Brown et al. (2012) used a pooled hydrological
model for joint forecasting of 10-20 hydrological basins. The study results showed that the model
was more accurate for forecasting moderate precipitation than light or heavy precipitation. Dion et
al. (2021) utilized eight set-total hydrological models and assimilated and updated them by using
data from the ensemble kalman filter (EnKF) to provide the initial state to the model. Their
findings show that the model can better sample uncertainties in hydrometeorological observations
and reduce initial condition errors. Elsanabary et al. (2015) used the Sacramento Soil Moisture
Accounting Model (SAC-SMA) of the US National Weather Service to simulate runoff in the
Upper Blue Nile basin of Ethiopia. The outcomes of the study indicate that SAC -SMA performs
better than a modified version of the Interactions Soil-Biosphere Atmosphere model (MISBA) in

calibration runs and validation runs, and these results provide useful information on the impact of
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global ocean anomalies on Upper Blue Nile Basin (UBNB) hydrology. Nowadays, distributed
hydrological models are becoming a hot topic in precipitation prediction applications. Compared
to integrated hydrologic models, distributed hydrologic models use mathematical equations that
take into account spatial variations in input variables, hydrologic processes, binding conditions,
and geometric features of the watershed, and the comprehensiveness of the model impact allows
for more accurate predictions. Li et al. (2021) mentioned the use of a soil and vegetation model of
distributed hydrology to simulate the Bresse River estuary watershed. The model combines spatial
variability and hydrological processes and achieves good results. However, the application of
hydrological model predictions is often based on the conditions of complete hydrological
environment data, and the application of this type of models is greatly limited in unfamiliar
environmental areas where data are lacking.

Probabilistic statistics, which is a mathematical model of stochastic systems using probability
distributions and numerical characteristics of probability statistics, has also been widely used in
precipitation prediction. Probabilistic prediction conveys the uncertainty and variability of rainfall
prediction (Whan et al. 2018; Kumar et al. 2019), which is more in line with the fact that rainfall
is susceptible to random disturbances in the external environment. One of the typical probabilistic
statistical models is the Markov chain prediction method, proposed by Markov in the early 20th
century. As a stochastic process theory, the nature of this model considers that the state at a given
moment depends on the state at the previous moment and is independent of the system before the
previous moment, which means that the influence of distant factors on the current state is very
limited. Mahavarpour et al. (2014) developed a first-order two-state dry and wet frequency matrix
using Markov chain model. Then, the transport probability matrix was established by the great
likelihood method and the subsequent data of the selected model were determined by the
cardinality superiority analysis, and by using this matrix, the stability probabilities and daily
recurrence periods of rainfall and non-rainfall states in Iran were estimated. Tong et al. (2019)
developed a Markov chain Monte Carlo prediction model for the complexity and stochasticity of
precipitation series in Beijing, China. The results of the study showed that the Markov property
was satisfied in the case of data at significance 0.1, and the prediction results were reliable. But
Monte Carlo prediction is a method that applies random numbers to simulate experiments. The

model samples the system with on-the-fly observations and achieves prediction of the system
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based on the observation statistics of the sample values. Since the model requires the data series to
obey a specific probability distribution, it has some application limitations. Simon et al. (2018)
invented a probabilistic statistical method for predicting thunderstorms, which applies a
generalized additive framework. The results showed that the prediction outperformed the
predictions of climatological methods. However, probability statistics is not highly applicable to
unsteady time series, and requires strong independence between model series data. But the
application of probability statistics is limited by the coupling relationship between historical
precipitation data and regional environmental factors, and the non-linear characteristics of
precipitation such as obvious seasonality and periodicity. Thus, the method of prediction of
nonlinear time series of precipitation has emerged.

Time series method, also known as trend forecasting method, is curve fitting or linear
regression of time series, which is by far the most studied and popular quantitative forecasting
method. It is based on the fact that the development process of things generally does not develop
in leaps and bounds, but generally changes incrementally, and thus its future development changes
can be inferred based on its historical trend. Nickerson et al. (2005) used the autoregressive
integrated moving average model (ARIMA) to predict precipitation in east-central Florida and
compared the nonlinear regression (NLR) and ARIMA model predictions for 1998 with the actual
data for 1998. The results show the conclusion that the ARIMA model performs much better
relative to the wet deposition values. The model was fitted using a mathematical function that
requires a certain linear relationship for the precipitation series. Nevertheless, due to many
intricate reasons precipitation series are mostly multi-scale series with a mixture of linear and
nonlinear, and there are seasonal and unstable trends in precipitation, thus the ARIMA model,
which deals mainly with linear data, cannot reflect the full characteristics of a comprehensive
precipitation series. In contrast, artificial neural networks have autonomous learning ability and
associative storage capability, which can fully approximate arbitrarily complex nonlinear
relationships and have high robustness and fault tolerance. Haidar Ali & Verma Brijesh (2018)
used deep convolutional neural networks (CNN) to predict monthly rainfall at selected locations in
eastern Australia and compared it with the Australian Community Climate and Earth System
Simulator Seasonal Prediction System (ACCESS), which showed that the proposed CNN

prediction values are more accurate and have less error. Di Nunno et al. (2022) used two machine
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learning algorithms, M5P and Support Vector Machine to predict precipitation in the northern part
of Bangladesh with tropical monsoon climate, including Rangpur and Sylhet provinces, with good
results. Kang et al. (2020) used a long short-term memory (LSTM) network model to predict
precipitation in Jingdezhen city and compared the performance with other traditional machine
learning algorithms. It was found that LSTM was suitable for precipitation prediction and the
Recurrent Neural Network (RNN) model combined with meteorological variables increased the
accuracy of model prediction. Meanwhile, the hyperparameters of the neural network model have
a great influence on the prediction accuracy, and in the past, the selection of hyperparameters
mostly chose default values or manual subjective estimation. With further research on
precipitation prediction models, many scholars have used intelligent optimization algorithms to
find the optimal parameters of neural networks and achieved good results. Lin et al. (2008)
established a prediction model of genetic neural network and predicted short-term precipitation in
Guangxi, and the results showed that the model overcame the randomness of the initial weights
and avoided the problem of network oscillation and its getting into local solutions when
determining the structure of neural network. Long ef al. (2015) used particle swarm optimized
wavelet multi-neural network for precipitation prediction, and the empirical results found that the
accuracy of the prediction of the neural network based on genetic algorithm optimization is higher
than that of the one without improvement. Jalalkamali et al. (2011) used genetic algorithm to
optimize the hyperparameters of Artificial Neural Network (ANN), which makes the selection of
hyperparameters of ANN automated and convenient, eliminating the error of human subjective
selection. Zhang et al. (2022) mainly used artificial neural network based on back propagation of
genetic algorithm to predict summer precipitation in the Yangtze River-Huaihe River basin in
eastern China and compared with other models, and the results showed that the model has
potential for summer precipitation forecasting.

In addition, although artificial neural networks can produce better simulation of precipitation,
they do not essentially change the time series instability. If the original series is used directly as
the input data, it will lead to the loss of some features. Toufan et al. (2015) decomposed the
precipitation signal by selecting the mother wavelet and then predicted precipitation by fitting
direct equation and Nero wavelet mixture for Zarringol station (Iran). The results show that the

correlation between observed and calculated data is significantly improved by wavelet
% 50 BT 3L 85 7T



2022 4 TR B K22 A B B s R g

decomposition of the signal, and the prediction accuracy is improved. It can be seen that the
smoothing of data series or signals can be achieved by wavelet decomposition. But wavelet
decomposition has the disadvantages of lack of adaptivity, the signal cannot meet the
concentration in both time and frequency domains, the time accuracy and frequency accuracy
cannot be satisfied at the same time, and the accuracy of dealing with sudden change signal is not
high. Based on this, empirical mode decomposition (EMD) was introduced. Sun et al. (2014)
predicted precipitation in northeast China based on radial basis function neural network (RBF)
with EMD. The results show that the EMD-RBF model performs well in terms of prediction
accuracy and provides a new method for precipitation forecasting. The EMD also has certain
drawbacks, such as the existence of mode overlap, endpoint effect and difficult to determine the
stopping condition. In order to overcome these drawbacks, variational modal decomposition
(VMD) is proposed, which is a completely non-recursive frequency-based signal decomposition
method. Compared with the time-frequency-based decomposition method of EMD, it greatly
improves the efficiency of the algorithm, and VMD can achieve better separation of signals with
similar frequencies, avoid the occurrence of modal overlap, and the decomposition results are
more accurate. The VMD proposed by Dragomiretskiy & Zosso (2016) can decompose the
nonlinear, unstable time series, search for the optimal solution of the variational modes through
iterations, continuously update each mode function and the center frequency, and obtain several
mode functions with certain broadband, which not only has strong robustness but also can
effectively avoid the modal mixing phenomenon. Therefore, the accuracy of precipitation time
prediction can be improved. Li et al. (2020) developed a combined VMD, least squares support
vector machine (LSSVM), adaptive Volterra, improved butterfly optimization algorithm (IBOA),
and Auto-Regressive and Moving Average Model (ARMA) for precipitation forecasting at two
stations in Shanxi Province, China. The results show that the model can effectively reduce the
precipitation forecast errors.

In recent years, the impact of human activities and changes in the form of the regional water
cycle have greatly influenced the prediction models in the temporal and spatial dimensions of
precipitation influences (Dikshit & Pradhan 2021; Ilyés ef al.2021; Zhang et al. 2020), making the
accurate prediction of precipitation a major challenge. Moreover, precipitation time series are

actually superimposed series formed by linear and nonlinear series, and it is inappropriate for
%51 00 3% 85 1T



2022 4 TR B K22 A B B s R g

previous analyses to classify precipitation series into one of these categories for prediction in a
one-sided manner. To further improve the precipitation prediction accuracy, this study proposes a
combined model based on VMD-MSMA-LSTM-ARIMA. Spectral decomposition with VMD is
used to obtain eigenmodal sequences with the same frequency characteristics, reducing the
adverse effects caused by ground modal mixing due to the original single sequence state. Then the
LSTM and ARIMA models are combined to take advantage of their respective strengths in dealing
with nonlinear and linear series, each complementing the other. the ARIMA model performs linear
prediction on the decomposed modal series of VMD, and then inputs the difference into the LSTM
model for nonlinear prediction. The LSTM hyperparameters are also optimized using the modified

slime mould algorithm (MSMA) to enhance the prediction accuracy.

3 Research progress

3.1 Variational Modal Decomposition

VMD is a completely non-recursive signal processing method that allows filtering of nonlinear
time series (Carvalho et al., 2021).VMD determines the number of given modal decompositions
according to the actual situation, achieves the effective segregation of intrinsic modal fractions
(IMFs) by matching the optimal center frequency and the preferred width, and then obtains the
effective decomposition components of the given signal, and finally obtains the variational The
optimal solution of the problem is obtained. Furthermore, it can be seen that the center
frequency-based feature extraction method has good separability (Yang & Zhang, 2016). Its steps
are as follows:

(1) The analytic signal obtained v, (t) by Hilbert transform is calculated so that the center

band of the analytic signal is modulated to the corresponding baseband as shown in Eq. (1):

Ka(t)%jw m}e—im

(M
In Eq. (1): 8(t) is the Dirac function and v, (t) is the convolutional function.

(2) The bandwidth of each subseries is estimated by calculating the squared parametrization
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of the demodulation gradient. The subsequence is a modal component with a finite bandwidth at
the center frequency, while the sum of the estimated bandwidths of each mode is minimized and
the sum of all modes is equal to the original signal. The corresponding constrained variational
expression is shown in Eq. (2):

{v:{l:k} {Zk:||6{(5“)+3J"k(”}e_jwm ”2}

k=1

K 2
St w)=s
k=1

In Eq. (2): k is the number of modes to be decomposed (positive integer), vy,
wy corresponds to the k-th mode variable and the central frequency after decomposition,
respectively.

In order to find the optimal solution, VMD introduces the Lagrange multiplier operator (t)
and the second-order penalty factor o to transform the constrained variational problem into an
unconstrained variational problem. Among them, the second-order penalty factor 7(t) can ensure
the accuracy of signal reconstruction in Gaussian noise environment, and the Lagrange multiplier
operator « can maintain the strictness of the constraints. The augmented Lagrangian expression
is Eq. (3):

(fw} ) )=S0,

Kk

e M | +||s(t)—ka(t)Hg+<T(I),S(t)—i

3
(3) Using the Alternating Direction Method of Multipliers (ADMM) iterative algorithm

5(t)+% Vie[t]

combined with Fourier isometric variation, the optimization waits for each modal component and
the center frequency, and searches for the saddle point of the extended Lagrangian function. The

expression after the alternating optimization-seeking iteration is Eq. (4):

4

In Eq. (4): 98!, 8(w) , t(w) correspond to the Fourier transform of
vp(t), s(t), t(t) respectively.

(4) to the residual after Wiener filtering, the algorithm re-estimates the center of gravity
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frequency as the process follows:
(DInitialize ¥y, @, T4 andn.
(2Execution of the next cycle n+ 1 — n.

(3)At that time, update wj, as in Eq. (5):

Lol

Wy -
[ V(o) do

©)

@Update T asin Eq. (6):

(6)

BRepeat steps @ to © until the iteration condition is satisfied as shown in Eq. (7):

(7)
3.2 Long short-term memory neural network

LSTM is a special type of recurrent neural network capable of capturing long-time dependencies
and is commonly used to process and predict events with long intervals and delays in time series
(Gers et al. 2002) for solving the gradient disappearance problem during training of long
sequences. In many studies table LSTM outperforms traditional recurrent neural networks in the
prediction of time series. LSTM consists of multiple memory cells. To control the long-term cell
states, the LSTM model uses a gate structure, where each cell has an oblivion gate, an input gate
and an output gate, and the LSTM memory cells have a long and short-term memory mechanism.
The gate structure is a way to let information pass through selectively. the network structure of
LSTM is shown in Fig. 1. It can be seen from the figure that the LSTM has three inputs and two
outputs at moment ¢. The structural system of the LSTM model is as follows:

(1) Forgetting gate, which is mainly used to determine how much information about the
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previous cell states should be remembered by the current model. Based on the sigmoid function to
retain or forget the content of previous cell states. sigmoid function layer output between 0 and 1
is used to indicate how much information should pass through for each component. A zero means
that no messages can pass, while a one means that all messages can pass. Historical information
that can indicate long-term trends is filtered and saved, and non-critical information is discarded.

The forgetting gate f; formula is shown in Eq. (8):
fi = o (WSt -1+ Whaxe +WerCt -1+ br ) (8)

In Eq. (8): W and bs are the weight matrix and bias value of the forgetting gate,
respectively.

(2) Input gate, the input gate updates the current cell state by adding the product of the output
of the forgotten gate and the previous cell state to the product of the output of the input gate and
the input activation. The input gate i, and the cell state update equation ¢, are shown in Egs. (9)
- (10):

I = O'(Wriht — 1+ Wrixe +WeiCt -1+ bi) ©)
Ct= fiCt-1+1to (Wrcht “1+WaeXe + bc)

(10)
In Egs. (9) - (10): o is the activation function, W is the weight matrix; b is the bias value of

the corresponding gate, and ¢, is the cell state output after this cell is updated.
(3) Output gates, which output the results of the LSTM model for that layer to the LSTM at
the next time step in order to pass the history information to the next block. The output gate is
determined by the part of the study that wants to output the cell state. The formula for calculating

the output value o, of the output gate using the equation is shown in Eq. (11):
o =o(Woh_, +W, x +W_c,_, +b,) (11)
Finally, the output at moment ¢ is shown in Eq. (12):
h =0, tanh(c,)

(12)
In Egs. (11) - (12): at the current time ¢, x, denotes the input, h,_; denotes the output at the
previous moment, c;_; denotes the hidden state at the previous moment, the current LSTM value
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is ¢, and the output value is h;.

Fig. 1 is near here.
3.3 Slime Mould Algorithm

3.3.1 Principle of slime mould algorithm

The slime mould algorithm (SMA) is an algorithm inspired by the movement of slime bacteria
(Houssein et al. 2021), which uses a mathematical model to imitate the behavior and shape
changes of slime bacteria foraging. The slime bacteria foraging process generally has the
following three stages. first is the approaching food stage, followed by the encircling food stage.
The mathematical model of this stage is built on the basis of simulated mucilage tissue venous
contraction pattern, the mucilage approaches the food according to the food odor. The higher the
odor concentration, the stronger the bio-oscillator wave, the faster the cytoplasm flow, the thicker
the mucilage venous-like tube. Finally, there is the food acquisition stage, in which the mucilage
still has a certain probability of searching unknown areas. The behavior of this slime bacterium

approximation is simulated by functional expressions, and its behavior is expressed by Eqgs. (13) -

(14):
rand.(UB—LB)+LB rand < z
X (t+1) =1 Xo(t) +Vh.(W.Xa(t) — Xe(t)) r<p (13)
ve. X (t) r>p
p=tanh|S(i)—DF| (14)

In Egs. (13) - (14): X(¢4+1) and X(;) represent mucilage locations, X, (t) represents the ¢-th
best location, X, and Xp are two randomly selected mucilage locations, vc decreases linearly

from 1 to 0, a is shown in Eq. (15):

a:arctanh(- 1 +1)
max T

(15)
In Eq. (15): maxT denotes the maximum number of iterations. W is the weight of the

mucilage, expressed in the form shown in Egs. (16) - (17):
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bF —S(i)
bF —wF
bF —S(i)
bF —oF

1+r. Iog( +1j,condition

W (Smellindex(i)) =

1-r. Iog( +1j,others

(16)
smellindex = sort(S)

(17)

In Egs. (16) - (17): condition simulates the process of adjusting the position of slime bacteria

according to the food concentration, denotes the population with S (l) ranked in the top half, r is

a random number from 0 to 1, bF denotes the optimal fitness during the current iteration, denotes

the worst fitness value during the current iteration, and smelllndex denotes the fitness sequence.

3.3.2 Modified slime mould algorithm

In the slime mould algorithm (SMA), the parameter a plays an important role in the global
exploration and local exploitation ability of the algorithm, the initial parameter a decreases faster
in the early iterations, and a smaller parameter a is not conducive to global search (Tang et al.
2021). Therefore, to improve the global exploration capability and the convergence capability of
local development, this study proposes a new nonlinear decreasing strategy with a new definition

formula of parameter a as Eq. (18) is shown as follows:
a= 2.75—2.75[]/ (1+ g VT 05) )} (18)

In Eq. (18): ¢ is the current number of iterations, Tmax is the maximum number of
iterations.

The adaptive adjusted parameter a maintains a larger weight at a smaller rate in the early
iteration to effectively slow down the early iteration, increase the global exploration time and
improve the global search capability. Fig. 2 shows the change process of parameter a during the
iteration process, from the figure, we can visually represent the comparison of the early decline
speed and the size of parameter a taken before and after the improvement.

Fig. 2 is near here.

In order to enhance the ability to explore unknown regions and improve the global search
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capability of the sticky bacterium optimization algorithm, inspired by the whale optimization
algorithm (WOA), this study incorporated the spiral optimization search strategy into the SMA
(Samantaray & Sah00.2021). The mathematical model of whale hunting behavior is shown in Egs.
(19) - (20):

X (t+1)= X, (t)+e€' cos(27l)( X, (t)- X (t))

(19)

|:1—2( ¢ )
T max

(20)

In Egs. (19) - (20): X, (t) may be the location of the current optimal solution may also be a
random search unit location, [ is a random value, the range of values for [-1,1].

Experimental validation was conducted to compare the selected parameters for the locations,
and it was found that the precipitation prediction was more accurate for the two areas under the

selected parameters, so on this study, the selected location update position is shown in Eq. (21):

rand.(UB—LB)+LB, r<z
Xo(t) +Vh.(W.Xa(t) — Xa(t)), r<p&r<0.87
X(t+1) =< Xo(t)+e' cos(2al)( Xo(t) - X (t)), r<p&r=087
ve. X (t), r>p&r<0.13
Xo(t) +€' cos (27l )( Xo(t)- X (t)),  r=p&r=>0.13

21

Compared to the previous location update formulas, the updated search improvement formula

is more refined in the confirmation of location, allowing for an increased search range for the
space. The slime individuals will search in the search space in the form of spirals, extending the
ability of slime individuals to explore unknown regions. This will make it more likely for the
algorithm to jump out of the local optimum and effectively improve the global search performance
of the algorithm. In this study, the slime mould algorithm modified by adaptive parameter

adjustment and spiral search strategy is called MSMA.

3.4 Autoregressive Integrated Moving Average model

Box and Jenkins proposed the Autoregressive Integrated Moving Average Model (ARIMA) in
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1970. This model is a time domain model used to fit linear time series (Lai & Dzombak. 2020).
ARIMA (p, d, q) in AR is autoregressive, MA is the moving average, p is the autoregressive term,
q is the moving average term, and d is the number of differences made to make it a smooth series.
The model can transform non-linear time series into linear time series for mathematical fitting,
and the ARIMA model has the following three steps:

(1) Smoothing test to determine the value of d

The ADF test is performed on the time series to see if the series is smooth. A d-order
difference is performed for non-stationary series to make it a smooth time series.

(2) Autoregressive model (AR) and moving average (MA)

For the smooth series, the order is generally determined by first applying the partial
autocorrelation coefficient (PAC) and the autocorrelation coefficient (ACF) in the initial
determination of the order p and ¢ of the ARIMA model, and then finalized by the Akaike
Information Criterion (AIC).

(3) Model prediction

The defining equations of the ARIMA model are shown in Egs. (22) - (23):

Y= a+8t+i9iyt—1+i¢i8t—i
i=1 i=1

(22)

Q(B) Yt =a+¢(B)8t

(23)

In Egs. (22) - (23):y; denotes the value at the current time; 6; denotes the AR coefficient of
order p; ¢; denotes the MA coefficient of order ¢; a is the constant term; &, denotes the error
term, and B denotes the backward shift operator. For non-smooth series, the difference operator
7% isused. where the formula for V¢ is shown in Eq. (24):

®B=V?=(1-B)’
(24)

The final ARIMA (p, d, ¢) model can be written in the form of Eq. (25):

9(B)®(B)w:ux+¢(8)&

(25)
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3.5 Precipitation prediction model based on VMD

-MSMA -LSTM-ARIMA

For precipitation time series data with uncertainty and complexity, the prediction model proposed
in this study is divided into three main stages (Wang et al. 2021): Firstly, the variational modal
decomposition method is used to decompose the precipitation into smooth modal components at
different frequency dimensions. Secondly, the ARIMA model, the most well-known linear
statistical model, can capture linear trends very well (Fan ef al. 2021), while the LSTM model can
accurately describe the nonlinear trend because of its unique structure, and the hybrid model of the
two can complement each other to predict the precipitation data more accurately. Therefore, IMF1,
IMF2, IMF3, ..., IMFn and the residuals (the difference between the modal components and the
original series after VMD decomposition) from high frequency to low frequency are imported into
the ARIMA model for prediction, and the output of ARIMA is used as the input of the LSTM
model. Since the hyperparameters of the LSTM cannot be matched with the precipitation data
effectively, and the hyperparameters of the LSTM have a large impact on the model prediction,
this study will optimize the number of hidden layers, the learning rate, and the maximum number
of iterations of the LSTM based on the adaptive strategy and the improved spiral search of the
viscous bacteria optimization algorithm to obtain the optimal parameter values and then construct
the model, and use the corresponding subseries data to train the network. Training is performed
using the corresponding subsequence data. The trained network is then used to predict the
sub-sequences. Finally, each IMF subseries' predictions and residuals are summed. Fig. 3 shows
the flow of the model proposed in this study.

Fig. 3 is near here.

The VMD-MAMA-LSTM-ARIMA model is detailed as follows:

(1) The preprocessed data series are decomposed into modal components, and the original
data are decomposed into IMF1, IMF2, IMF3, ..., IMFn and the residuals (the difference between
each modal component and the original sequence) are noted as Residual.

(2) Denote IMF1, IMF2, IMF3, ..., IMFn are denoted as Y; (i=1, 2, 3, ..., n) and Residual

(Y;41) are imported into the ARIMA model, respectively, and the smoothness test as well as the
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model sizing are performed for each component to obtain the predicted values L.

(3) Calculate e; (nonlinear time series) and use Y;-L; as input to the Istm model. Normalize
the experimental data and divide the training set and test set.

(4) Initialize the improved SMA algorithm (number of populations, number of iterations, etc.)
and use the number of hidden layers, learning rate, and maximum number of iterations of the
LSTM as optimization parameters.

(5) Set the sticky bacteria speed, sticky bacteria fitness value, update the iterations, find the
best position, and use its optimal solution as the hyperparameter value of the LSTM.

(6) The model is trained and the test set is predicted to get the prediction results for each set.

(7) The sub-test sets as well as the residual test sets are superimposed to get the final

prediction results.

3.6 Model prediction accuracy evaluation index

The error rating indices used in this study are mean absolute percentage error (MAPE), root mean
square error (RMSE), mean absolute error (MAE) and coefficient of determination (R?),
nash-sutcliffe efficiency coefficient (NSE), NSE is generally used to verify the goodness of the
hydrological model simulation results. The conditions for evaluating the merits of the model are
RMSE, MAE, MAPE must be minimum and must be maximum, The NSE is near 1, which means
that the model has good prediction effect and high credibility; the NSE is near 0, which means that
the simulation results are roughly plausible, but the procedure modelling error is large; the NSE is
much less than 0, which means that the model is not credible. The evaluation indicators are shown

in Egs. (26) - (30):

RMSE = \/%2[)0(”— XoliJJ
(26)
MAPE:%Z:]—XO(;)(;(:)G(”I
27)

MAE:%iz::m(i)— Xoli|

=
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(28)

ot {i[xo(i)— o[ X i) - %]}

[l % 3%

(29)

> (X )~ X, ()’
NSE=1-=

2 (X, ()= Xo)?

i=1

(30)
In Egs. (26) - (30): N is the number of forecast months; Xy (i) is the predicted precipitation;

X, (i) is the measured precipitation; X, is the average value of measured runoff; )?f is the
average value of predicted runoff.

The prediction interval coverage percentage (PICP) and the Mean prediction interval (MPI)
are also used in this study to evaluate the prediction reliability and model uncertainty of the
developed data-driven model. The prediction interval (P[) is the range of values that may be
obtained for the next observation and indicates the threshold for accepting or rejecting the
predicted value. PICP indicates how often the actual observation falls within the prediction
interval, which is used to determine the reliability of the predicted value. MPI is the average width
of the prediction interval, which is the average distance between the upper limit of the prediction
interval Pliu P and the lower limit of the prediction PI!°". The indicators are shown in Egs. (31) -

(35):

31)
Pli* = i +t§’f$8
(32)
Pl = )A/i—tr?fés

(33)

PICPz%Zn:ci

i=1
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(34)
1 . u low
MPI :EZ(PIi P —PI™)
i=1

(35)
In Egs. (31) - (35): s is the standard deviation of the model prediction. PI;“ P is the upper

limit of the prediction interval corresponding to the i-th observation, and PI!°% is the lower limit
of its prediction interval. P/; is the prediction interval of the developed prediction model for the

a/2

nip 18 the t-distribution with n —p degrees of freedom for (1 — a)%.

precipitation time series; t

a/2

If the predicted values obey a normal distribution, t,~;,

is 1.96 at 95% confidence interval.c; = 1

is the judgment coefficient if y; lies in the prediction interval, otherwise c¢; = 0. This study
considers that if PICP > 95%, then its predictive value is assumed to be reliable.

In addition, the standard deviation (SD) and root mean square error (RMSE) between the
predicted and measured values of the model and the coefficient of determination (R?) were also

investigated in this study using Taylor plots.

4 Empirical analysis of the model

4.1 Introduction of data sources

This study selected monthly precipitation data from January 1951 to December 2021 in Ankang
City, Shaanxi Province, China, for a total of 824 groups. In Ankang City, deep in the inland
hinterland of northwest China, it has a subtropical continental monsoon climate with obvious
differences in precipitation between the four seasons, with cold and little rain in winter, warm and
dry and also less precipitation in spring, but prone to short-duration rainstorms in summer and
autumn. In addition, the area is located in the Loess Plateau area, the average annual precipitation
is low and the local agricultural water use is mainly based on natural precipitation. Therefore,
precipitation prediction for the Ankang City will be of great significance for the rational
arrangement of agricultural production. To verify the wide applicability of the model in different
geospatial environments, 867 sets of monthly precipitation data from January 1951 to March 2022

in Yongding District, Longyan City, Fujian Province, China, were also selected as samples in this
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study. Yongding District is located in the southeast coast of China, with a subtropical maritime
monsoon climate, warm and humid, and an average rainfall of 1400-2000 mm, which is one of the
richest provinces in China in terms of annual precipitation, far exceeding that of Ankang City. The
rivers in Yongding District are all mountainous and stormy rivers, which are greatly influenced by
topography and climate, with rapid and swift water flow. Accurate prediction of precipitation can
help prevent and mitigate floods and protect life and property in the area. The geographical
location information of Ankang City and Yongding District is shown in Fig. 4, and the
precipitation statistics of the two areas are shown in Table 1. In both groups, we selected 90% as
the training set data and the remaining as the validation set data, and the research data are shown
in Fig. 5.

Table 1 is near here.

Fig. 4 is near here.

Fig. 5 is near here.
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4.2 Selection of other LSTM hyperparameters
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After optimizing the learning rate, the number of hidden
layers and the maximum number of iterations with the
genetic algorithm, we selected the optimizer, activation
function and batch size of LSTM, and conducted a
comparative analysis on the evaluation indexes of time
and prediction results, in order to find the initial value of the
hyperparameters suitable for this study. Because the
LSTM is random, the evaluation index is obtained by
calculating the average value after 20 runs. Using Ankang
precipitation as raw data. Table 2 shows the influence of
activation function selection on results under the condition
that other conditions are the same. It can be seen from the
table that under the condition that activation function
selection Sigmoid and tanh, the time is less and the error is
smaller; Table 3 shows the influence of optimizer selection
and batch size selection on results under the condition that
other conditions are the same. Under the condition that
optimizer selection Rmsprop, the error evaluation is
smaller and the time is faster. Larger batches usually lead
to faster convergence of the model, but may result in a less
optimal final set of weights. The batch size is the number of

samples between updates of the model weights, If the
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batch size is about 20-30, the error value is smaller. The
batch size is too large, although the time will be reduced,
but the error value will increase with it, so in the
subsequent study the batch size is chosen to be 25. Run

the results into the model predictions.

Table 2 is near here.

Table 3 is near here.

4.3 VMD model

The LSTM and ARIMA models cannot effectively handle the non-stationary ground precipitation
data, so VMD counts are first used to decompose the precipitation. When decomposing by
variational module, the value of modal number k has a great influence on VMD decomposition,
and improper selection will cause large errors. k value can be decided by the central frequency,
and the latest frequency is relatively stable then the optimal modal number. After experimental
testing of the algorithm, the optimal number of modes for precipitation prediction in Ankang City,
Shaanxi Province is 6, while the optimal number of modes for Yongding District, Fujian Province
is 12. Figs. 6 and 7 show each IMF component for Ankang City and Yongding District. The
decomposed sub-series show the trend of the original precipitation series, periodization and other
characteristics, so the prediction of each component can be effectively improved. Fig. 8 shows the
comparison of the results with and without VMD decomposition in the prediction model. Since
the LSTM is random, the metrics are averaged after 20 runs, as is the case below. From the results,
it is found that the values of error indicators MAPE, MAE, and RMSE are reduced after the VMD
decomposition, indicating that the VMD method can effectively remove the non-smoothness
associated with the original series. Next, we will demonstrate the superiority of VMD by
comparing it with other decomposition models, starting with the more frequently used EMD,
however, nowadays, on the basis of EMD, many superior decomposition methods are produced,
such as ensemble empirical mode decomposition (EEMD), complementary ensemble empirical
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mode decomposition (CEEMDAN), EEMD utilizes the statistical properties of EMD filter bank
behavior and uniform distribution of white noise spectrum to make the distribution of signal polar
points more uniform during filtering, and effectively suppress the interference caused by
intermittent high frequency components, etc. Modal aliasing, CEEMDAN adds positive and
negative paired auxiliary white noise to the original signal, and phase elimination at ensemble
averaging, which can effectively improve the decomposition efficiency and overcome the
problems of large reconstruction errors and poor decomposition completeness of EEMD. As
shown in Fig. 9 for the comparison of prediction errors for VMD, EMD, EEMD, and CEEMD
combined with the LSTM model, it can be seen from the figure that VMD has the smallest value
of the three errors, which shows that VMD has the advantage in precipitation prediction, and, as
can be seen in the figure that the prediction accuracy of VMD has been significantly improved
relative to EMD, indicating that VMD has some advantages over other decomposition models.
EMD can decompose the original sequence data adaptively without pre-set parameters, while in
VMD, the noise tolerance is set to 0, the tolerance of the convergence criterion is set to le-7, and
the medium bandwidth constraint is set to 1000 by default. Compared with Compared with EMD,
the IMFs decomposed by the VMD method all have independent central frequencies and exhibit
sparsity in the frequency domain, with the qualities of sparse studies. However, EMD's
high-frequency fractions are concentrated in the first few fractions, which can easily lead to modal
mixtures. And in the process of solving the IMF, the endpoint effect similar to that in the EMD
decomposition is avoided by the mirror extension.

Fig. 6 is near here.

Fig. 7 is near here.

Fig. 8 is near here.

Fig. 9 is near here.

4.4 ARIMA model

Each IMF component as well as the residuals were subjected to a smoothness test (Zhang et al.
2022), and Tables 4 and 5 show the ADF test tables for the two regions, from which it is seen that

no unit root was detected in the ADF test at 1%, 5%, and 10% significance levels, proving that the
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decomposed components are all smooth and therefore the IMF can be modeled, with p, g values
derived from the autocorrelation and partial autocorrelation coefficients, as well as the AIC and
BIC criteria. In the prediction process, since the LSTM is randomized, the predicted values are
averaged after running 20 groups and analyzed. Fig. 10 shows the comparison of the error
evaluation metrics of the model with and without ARIMA and the model prediction results. The
figure shows that all other conditions being the same, all three error ratings decrease, indicating
that the addition of the ARIMA model has a better fit to the linear part of the precipitation time
series and has a higher predictive accuracy than the LSTM model alone.

Table 4 is near here.

Table S is near here.

Fig. 10 is near here.

4.5 Comparison of genetic algorithms

We chose to evaluate the performance of a genetic algorithm using a set of benchmark
mathematical functions. The benchmark mathematical functions are shown in Table 6. To
demonstrate the superiority of SMA, we chose some test functions for unimodal (f1, f2) and
multimodal (f3, f4) standard benchmarks, which are listed in Table 7. The unimodal functions
have only one global optimum and no local optimum, so they are suitable for benchmarking the
algorithm, while the multimodal functions have multiple local optima, so they help to test the

global search ability of the genetic algorithm.

Table 6 is near here.

Table 7 is near here.

To verify the performance of SMA, we selected the popular algorithms summarized in Table
7 and optimized the test functions in Table 6. For each algorithm, 30 search agents were used and
1500 iterations were performed. The relevant parameters for the parametric algorithms in question
are shown in Table 7. The convergence curves for 1500 iterations of each function are
summarized in Fig. 11, with each subplot representing a test function. It can be seen from the plots

that SMA can find better solutions than other algorithms and has a shorter running time, thus
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indicating that SMA has better global search capability and faster convergence. In addition, the
results of the runs of the functions (f1, {2, f3 and f4) are listed from Table 8, thus reflecting the
SMA performance. In terms of convergence values, SMA can search for more accurate values
compared to other algorithms. In terms of running time, SMA is slower than WOA and MFO, but
the difference is not significant, but the convergence speed is much faster than the other
algorithms. Therefore, based on its excellent performance, SMA is applied to precipitation
prediction.

Fig. 11 is near here.

Table 8 is near here.

4.6 Impact of the MSMA optimization algorithm

When ARIMA and LSTM are used to build the prediction models, the key parameters of LSTM
model such as hidden layers, hidden nodes, learning rate and other key parameters are the key to
improve the prediction effect of LSTM model. In this study, we set the number of hidden layers,
learning rate and training times of LSTM model as the hyperparameters to be optimized, and use
MSMA to automatically calibrate the above hyperparameters of LSTM. The interaction with the
LSTM during the evolution of the slime population improves the prediction accuracy of the LSTM
model. The initial range of values for each hyperparameter was obtained by combining the
experimental tests as follows, the range of the number of hidden layers [200,400], the number of
training iterations [200,500], and the range of values for the learning rate [0.01,0.001]. The
number of populations of slime bacteria is set to 30, the maximum number of iterations is 500, and
the position update parameter takes the value of 0.03. In the prediction process, since both LSTM
and genetic algorithms are randomized, the predicted values are averaged after running 20 groups
and analyzed. Fig. 12 shows the comparison of the error indicator values after model prediction by
different intelligent optimization algorithms. The MAE, MAPE, and RMSE index values
decreased after MSMA than after SMA, especially the MAPE index value decreased from 2.0635
to 0.6615, a decrease of 67.9%, indicating that the improved SMA is more accurate for
hyperparameter search, and the global search capability is greatly improved, which enhances the

accuracy of model prediction. And compared with other optimization algorithms such as MFO and
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WOA, MSMA also has a greater advantage, which fully illustrates that MSMA brings
optimization effect to the LSTM model.

Fig. 12 is near here.

4.7 Comparative analysis

To better reflect the strengths and weaknesses of the modalities, the error ratings obtained from the
other seven models are compared. Tables 9 and 10 show the error assessment values of
precipitation prediction for each model in Ankang City, Shaanxi and Yongding District, Fujian.
From the tables, it can see that VMD-MSMA-LSTM -ARIMA is always the best among all the
indicators, which proves that the model is more helpful for monthly precipitation prediction, and
the NSE value is close to 1, which proves that the model is of good quality and high reliability.
Figs. 13 and 14 show the linear fit of each model in the two regions, from which it can be seen
that the improved model R? is closer to 1 and the prediction results are more accurate. Fig. 15
shows the Taylor diagram of the model for predicting precipitation series in Ankang City, Shaanxi
Province. From the figure, it can be seen that according to the values of standard deviation (SD),
R?, and RSME, VMD-MSMA-LSTM-ARIMA is the closest model to the observed values, and it
is clear from the data that the VMD-MSMA-LSTM-ARIMA model has better precipitation
prediction capability. Figs. 16 and 17 show the error intervals of the predictions of the two regions
by different models. From the figures, it is concluded that the errors of the improved models are
concentrated in the central interval, and the errors are mostly concentrated in the interval [-4,4],
VMD-MSMA-LSTM-ARIMA, VMD-MSMA-LSTM, VMD-SMA-LSTM, VMD-MFO-LSTM,
VMD-WOA-LSTM, VMD-LSTM, SMA-LSTM, LSTM for Ankang precipitation errors in the
interval are 59.76%, 53.66%, 23.17%, 42.68%, 48.78%, 46.34%, 10.96%, 15.85%, and for
Yongding precipitation errors in the interval are 61.63%, 46.51%, 50%, 46.85%, respectively.
46.51%, 50%, 46.51%, 46.51%, 52.33%, 2.33%, and 4.65%, respectively. Among them, the
probability distribution density of VMD-MSMA-LSTM-ARIMA in this interval is much higher
than other models, which indicates that this model has the least prediction error. The prediction
curves of the different models for the monthly precipitation series of the two regions are shown in

Figs. 18 and 19. After detailed observation, the predicted values by the
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VMD-MSMA-LSTM-ARIMA model are closer to the actual values, and the predicted values fall
within the 95% confidence interval the most, and Figs. 20 and 21 show the predicted values by the
VMD-SMA-LSTM-ARIMA model, and the prediction interval coverage (P/CP) criterion, it can
be seen that the model achieves PICP values of 98.78% and 100% for the predicted values of the
two sites, which proves that the results are extremely reliable. Fig. 22 shows the box plots of the
predicted precipitation values for Ankang City and Yongding District based on the eight models.
As can be seen from the figure, there is a high degree of match between the original data and the
predicted values of the VMD-MSMA-LSTM-ARIMA model, and it can be visualized that the
distribution characteristics of the original data and the predicted values of the
VMD-MSMA-LSTM-ARIMA model are approximately the same. For Ankang City, the maximum
value of the original data is 216.8 mm, and the VMD-MSMA-LSTM-ARIMA,
VMD-MSMA-LSTM, VMD-SMA-LSTM, VMD-MFO-LSTM, VMD-WOA-LSTM,
VMD-LSTM, SMA-LSTM, LSTM are 21531 mm, 218.78mm, 225.62mm, 215.99mm,
209.64mm, 210.05mm, 157.24mm, 146.72mm, respectively, as can be seen. For Yongding District,
the upper quadrant of the original data is 185.41mm, VMD-MSMA-LSTM-ARIMA,
VMD-MSMA-LSTM, VMD-SMA-LSTM, VMD-MFO-LSTM, VMD-WOA-LSTM,
VMD-LSTM, SMA-LSTM, LSTM are 183.45mm, 182.16mm, 183.28mm, 179.88mm, 182.56mm,
181.66mm, 181.24mm, 178.64mm, and the difference between the upper and lower edges of the
original data is  376.58mm, VMD-MSMA-LSTM-ARIMA, VMD-MSMA-LSTM,
VMD-SMA-LSTM, VMD-MFO-LSTM, VMD-WOA-LSTM, VMD-LSTM, SMA-LSTM, LSTM
are 378.4mm, 379.39mm, 376.26mm, 376.64mm, 372.44mm, 373.44mm, 271.48mm, 241.08mm.
Table 9 is near here.

Table 10 is near here.

Fig. 13 is near here.

Fig. 14 is near here.

Fig. 15 is near here.

Fig. 16 is near here.

Fig. 17 is near here.

Fig. 18 is near here.

Fig. 19 is near here.
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Fig. 20 is near here.
Fig. 21 is near here.

Fig. 22 is near here.

The above comparative analysis was only selected to compare the best results after 20 runs,
and it was not compared with the classical model. Therefore, in order to reflect the superiority of
the model in precipitation prediction, a comparative analysis will be performed with the particle
algorithm optimized bp neural network (PSO-BP), support vector machine (SVM) and PSO-CNN,
and the average value of the evaluation index of 20 runs will be selected for comparative analyses.
Table 11 and Table 12 show the magnitudes of the evaluation indicators of the four models after
predicting precipitation in Ankang and Yongding, from which it can be seen that the error
indicators of VMD-MSMA-LSTM-ARIMA are always the smallest and the NSE indicators tend
to be close to 1, proving the superiority of the model in precipitation prediction as well as its high
reliability. The superiority of this model can be visualized in Fig. 23, and Fig. 24 is a Taylor
diagram of the model, looking to see that VMD-MSMA-LSTM-ARIMA is closest relative to the
observation points, representing its high prediction accuracy. Fig. 25 and Fig. 26 show the
histograms of the error frequency distribution of the four models predicting precipitation in two
regions, from which it can be seen that the error of VMD-MSMA-LSTM-ARIMA is roughly
distributed in [-4,4], In the error interval of [-4,4], the error percentage of
VMD-MSMA-LSTM-ARIMA, PSO-BP, PSO-CNN, SVM predicting precipitation in Ankang
precipitation is 57.3%, 7.32%, 13.4%, 14.6% and for Yongding precipitation errors in the interval
are 71.3%, 4.66%, 6.97%, 5.83%,which has a small error and conforms to the normal distribution,
indicating that the model is more stable, while the error values of the prediction results of the other
three models are generally larger. Fig. 27 shows the box plots of the prediction results of the four
models, from which it can be seen that VMD-MSMA-LSTM-ARIMA have super high similarity
with the actual values, for example, the highest values of the four models are 216.64, 181,185.37,
136.03, where the present model is more approximate.

Table 11 is near here.
Table 12 is near here.

Fig. 23 is near here.
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Fig. 24 is near here.
Fig. 25 is near here.
Fig. 26 is near here.

Fig. 27 is near here.

4.8 Uncertainty analysis

In an uncertainty analysis of different models was also performed in this study. The instability of
the models mainly arises due to the uncertainty of the model parameters and the noise of the data.
Therefore, we analyzed the uncertainty of eight different machine learning methods using PICP as
well as MPI. The PICP and MPI values calculated for all parameters in the test dataset are shown
in Table 13. From the table, it can be seen that the VMD-MSMA-LSTM-ARIMA model has a
wider prediction interval than the other models, and it can be seen that the model has the highest
PICP value, i.e., the number of observations entering the 95% confidence band, than the other
models. the VMD-MSMA-LSTM-ARIMA model predicts the precipitation in Ankang
(PICP=0.98780) with the uncertainty is the lowest and the prediction performance is the most
stable. In the precipitation prediction for Yongding district, the VMD-MSMA-LSTM-ARIMA,
VMD-MSMA-LSTM, VMD-SMA-LSTM, VMD-WOA-LSTM, VMD-MFO--LSTM, and
VMD-LSTM models all have a PICP value of 1. The models have a very high degree of
prediction certainty, which is better than SMA-LSTM, and LSTM model also has better
performance.

Table 13 is near here.

In addition, the mean values after 20 runs were also analyzed for uncertainty, and it can be
seen from Table 14 that VMD-MSMA-LSTM-ARIMA has the highest PICP comparison among
the four models, and can reach 1 in Yongding precipitation, thus proving once again that the model
has accurate predictability and can be applied to precipitation prediction.

Table 14 is near here.
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S5 Conclusion

In this study, a precipitation prediction model based on VMD-MSMA-LSTM-ARIMA is proposed
and used to make short-term predictions of precipitation in Ankang City, Shaanxi Province and
Yongding District, Fujian Province, respectively. The model adopts the decomposition-summary
design idea, firstly, the monthly precipitation data are decomposed into modal data with different
frequencies by VDM, and the overall residuals are calculated, which will be input into the
MSMA-LSTM-ARIMA model for prediction respectively, and finally the predicted values of each
component are aggregated to obtain the final prediction results of precipitation. The empirical
results show that the model can obtain high accuracy of non-stationary precipitation prediction
and has good regional adaptability, and the conclusions are as follows:

(1) The VMD decomposition is adopted to achieve a smoother and more stable subsequence,
which improves the accuracy of the model prediction. Moreover, the model predicts the nonlinear
smooth Residuals as well, which further improves the accuracy.

(2) The ARIMA model has strong fitting ability for linear data, while the LSTM has accurate
capturing ability for complex nonlinear series prediction, and the combination of the two
complements each other, thus improving the accuracy of the prediction.

(3) The selection of hyperparameters of LSTM has a great influence on the model prediction
accuracy. The SMA selected in this project is a swarm intelligence algorithm for optimization with
fast convergence speed and strong search capability. Moreover, this paper adopts adaptive and
spiral search strategies to strengthen the global finding capability of the sticky bacterium
optimization algorithm, which not only can realize automatic parameter adjustment, but also
makes the setting of hyperparameters better.

Nevertheless, there are still improvements to the model. First, the proposed model requires
separate LSTM-ARIMA models for each decomposed series as well as the residuals, which
requires the use of the MSMA algorithm to calibrate the parameters and therefore has a long
runtime. The length of the data series is required to better capture the long-term correlation of the
series and improve the prediction accuracy. Second, SMA randomly selects two individuals for

position and direction updates, which limits its search capability, and SMA has the problem of low
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convergence accuracy. Nowadays, new intelligent optimization algorithms are emerging
(Faramarzi, ef al. 2020; Abualigah, et al. 2021), and whether the new optimization algorithms
can make the model prediction more accurate remains to be studied in comparison. Third, the
prediction of residual values was also only roughly performed with the LSTM-ARIMA model
prediction, without comparison with other combined models, and whether there are better models
for the prediction of residuals needs to be further explored.

In addition, precipitation is a complex dynamic system that is influenced by many external
environmental variables and human activities. The VMD-MSMA-LSTM-ARIMA model used in
this study is a data-driven study, which ignores the interference of external factors on precipitation
prediction, which is one of the inherent shortcomings of the model. Therefore, the introduction of
external variables is an important research concern for the next step. We also believe that with the
development of deep learning and the deepening understanding of precipitation process, the
prediction of future precipitation will also be more accurate, so as to better guide agricultural
production and flood prevention and disaster prevention, and promote the harmonious

development of human society.
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