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Abstract
Precipitation prediction is the core and challenge of modern climate forecast-
ing operations. Research and application of coupled models in precipitation
prediction in Xinjiang are extremely limited. Therefore, this study attempts to
establish a coupled model of Ensemble Empirical Mode Decomposition (EEMD)
and Long Short-Term Memory Network (LSTM) to conduct predictive research
on precipitation in the Northern Tianshan Economic Belt. Annual precipita-
tion data from 1965 to 2019 (55 years) for the Northern Tianshan Economic
Belt were decomposed using EEMD, transforming them into four stationary
components and a trend term. Spectral analysis was employed to determine
the quasi-periodic characteristics of each component, providing a foundation for
subsequent LSTM model training. An LSTM network model was trained based
on the components obtained from EEMD decomposition and utilized to predict
precipitation in the study area. The results indicate that the EEMD-LSTM
coupled model achieved an average relative error of 13.38% and a root mean
square error of 38.03 mm for precipitation prediction in the Northern Tianshan
Economic Belt from 2010 to 2019, suggesting that the EEMD-LSTM coupled
model exhibits good prediction accuracy for precipitation in this region. The
EEMD-LSTM coupled model was further employed to forecast annual precip-
itation in the Northern Tianshan Economic Belt for 2020–2029, revealing six
years with above-normal precipitation and four years with below-normal pre-
cipitation. The year 2025 may be an extremely wet year, with precipitation
exceeding normal by over 20%, whereas 2021 is projected to be an extremely
dry year, with precipitation expected to be below 200 mm. This paper explores
a novel method for precipitation prediction in arid regions and provides a refer-
ence basis for meteorological disaster prevention and mitigation efforts.
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Abstract

Precipitation prediction is both the core and a major challenge in modern cli-
mate forecasting operations. Research and application of coupling models for
precipitation prediction in Xinjiang remain extremely limited. Therefore, this
study establishes a coupling model based on Ensemble Empirical Mode De-
composition (EEMD) and Long Short-Term Memory (LSTM) neural network
to predict precipitation in the Northern Slope Economic Belt of the Tianshan
Mountains. Annual precipitation data from the study area spanning 55 years
(1965–2019) were decomposed using EEMD into four stationary components
and a trend term. Spectral analysis was applied to obtain the quasi-periodic
characteristics of each component, providing a foundation for subsequent LSTM
model training. Each decomposed component was then used to train an LSTM
network model, which was subsequently employed for precipitation prediction.
The results indicate that the EEMD-LSTM coupling model achieved an average
relative error of 13.38% and a root mean square error of 38.03 mm for predicting
precipitation in the Northern Slope Economic Belt of the Tianshan Mountains
from 2010–2019, demonstrating good prediction accuracy. The model was fur-
ther applied to forecast annual precipitation for 2020–2029; within this period,
six years are predicted to have above-normal precipitation and four years below-
normal precipitation. Year 2025 is forecasted to be an extremely wet year with
precipitation exceeding the multi-year average by more than 20%, while 2021
is anticipated as an extremely dry year with expected precipitation below 200
mm. This study explores a new method for precipitation prediction in arid re-
gions and provides a reference basis for meteorological disaster prevention and
mitigation.

Keywords: ensemble empirical mode decomposition; long short-term memory
network; annual precipitation; prediction

Introduction
Climate prediction constitutes the core and focus of meteorological operations,
with precipitation prediction being particularly challenging due to the random-
ness and uncertainty of precipitation events. Current precipitation forecasting
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methods primarily include statistical prediction and numerical modeling, with
statistical approaches remaining the mainstream method for interannual and
decadal precipitation prediction. Numerous studies have been conducted on an-
nual precipitation prediction in China. Traditional statistical methods such as
Autoregressive Moving Average (ARMA) and wavelet analysis have been widely
applied. However, these single-model approaches have limitations in accuracy
and precision due to their inherent constraints, resulting in unsatisfactory pre-
diction performance.

With the development of signal processing technology and machine learning, re-
search on annual precipitation prediction has increasingly focused on Ensemble
Empirical Mode Decomposition (EEMD) and artificial neural networks. Cou-
pling EEMD with artificial neural networks can compensate for the deficien-
cies of single models and is particularly suitable for predicting non-stationary,
non-linear meteorological elements like precipitation. EEMD can decompose
non-stationary time series into stationary Intrinsic Mode Function (IMF) com-
ponents, while artificial neural networks can effectively fit non-linear relation-
ships. The Tianshan Mountains, a unique mountain system in arid regions,
intercept water vapor carried by westerly airflow, forming relatively abundant
water resources in mountainous areas. The Northern Slope Economic Belt of the
Tianshan Mountains, located at the northern foothills, represents the most eco-
nomically developed and resource-advantaged region in Xinjiang. It also serves
as a crucial hub for the Silk Road Economic Belt. However, issues such as un-
even water resource distribution and frequent drought-flood disasters constrain
local development. Therefore, improving precipitation prediction accuracy in
this region holds significant applied value for production and livelihood.

Currently, research on applying EEMD-artificial neural network coupling models
to annual precipitation prediction in Xinjiang remains scarce. Considering data
availability and computational constraints, this study selects the Long Short-
Term Memory (LSTM) network model, which is more suitable for time-series
prediction among artificial neural networks. Referencing the EEMD-Adaboost
model for commodity price prediction, this paper establishes an EEMD-LSTM
coupling model for precipitation prediction in the Northern Slope Economic
Belt of the Tianshan Mountains. The model is evaluated using data from 1965–
2019, aiming to provide new insights for improving regional precipitation predic-
tion models and decision-making support for water resource development and
meteorological disaster prevention.

1. Data and Methods
1.1 Data Sources and Processing

Monthly precipitation data from 18 meteorological stations in the Northern
Slope Economic Belt of the Tianshan Mountains were collected. After interpo-
lation and removal of missing and anomalous values, the data were processed
into annual precipitation series by averaging across stations. The 55-year an-
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nual precipitation series from 1965–2019 was then decomposed using EEMD
to analyze the characteristics of each component. Meteorological data were
obtained from the Xinjiang Meteorological Information Center of the China
Meteorological Administration, while elevation data were derived from the Gen-
eral Bathymetric Chart of the Oceans (GEBCO) global ocean and land terrain
model grid dataset.

1.2 Research Methods

1.2.1 EEMD Method Empirical Mode Decomposition (EMD) is a signal
processing method for non-stationary time series. Ensemble Empirical Mode
Decomposition (EEMD) improves upon EMD by adding Gaussian white noise
sequences to effectively suppress mode mixing and scale mixing phenomena, en-
suring that the decomposed Intrinsic Mode Functions (IMFs) maintain physical
uniqueness. As this method requires no predetermined basis functions and is
minimally affected by the amplitude of added white noise, it demonstrates good
adaptability. The basic steps are as follows: First, add a white noise sequence
to the original signal 𝑥(𝑡) to obtain a new signal series 𝑋(𝑡). Second, decompose
𝑋(𝑡) to obtain a set of IMFs. Third, repeat the first two steps 𝑁 times, each
time adding a different white noise. Finally, calculate the ensemble mean of
the IMFs obtained from each decomposition, which cancels out the added white
noise and yields the final result. Through these steps, IMFs at various scales
and a trend term can be obtained.

1.2.2 LSTM Network The LSTM network is a variant of recurrent neu-
ral networks that effectively mines long-term dependency relationships in data
transmission and mitigates the gradient vanishing problem during training. The
unit structure of the LSTM network is shown in Figure 2 [Figure 2: see orig-
inal paper], comprising a forget gate, input gate, output gate, and cell state
information transmission components. The left and right sides represent recur-
rent structures of the same architecture in temporal sequence. The sigmoid and
tanh functions serve as nonlinear activation functions. The combination and
operation of these neurons (circular components in the unit) implement gate
control functions and transmit results to the next unit structure. The nonlinear
activation functions between input and output ensure the neural network can
approximate any nonlinear function, while the temporal structure allows each
moment’s input to be retained in the network and influence the next moment,
completing long short-term memory transmission.

1.2.3 Evaluation Metrics Three evaluation metrics were selected: Root
Mean Square Error (RMSE), Mean Relative Error (MRE), and anomaly sign
consistency rate. The formulas are as follows:

RMSE = √ 1
𝑚

𝑚
∑
𝑡=1

(𝑦𝑡 − ̂𝑦𝑡)2
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MRE = 1
𝑚

𝑚
∑
𝑡=1

∣ 𝑦𝑡 − ̂𝑦𝑡
𝑦𝑡

∣ × 100%

where 𝑦𝑡 represents observed values at time 𝑡, and ̂𝑦𝑡 represents predicted values
at time 𝑡.

2. Results
2.1 EEMD-LSTM Coupling Model Construction

The modeling procedure includes: (1) EEMD decomposition of annual precipita-
tion data (1965–2019) into components and trend terms. (2) Dataset partition-
ing: component data from 1965–2009 as training set, 2010–2014 as validation
set, and 2015–2019 as test set. (3) Normalization of each component using
min-max scaling. (4) LSTM network training to determine network structure,
parameters, and hyperparameters. The network structure is determined by in-
put layer, hidden layer, and output layer. Input and output layer structures are
determined by feature dimensions and time steps. Basic parameters are gen-
erated through supervised learning, while hidden layer neuron count, iteration
times, and Dropout rate are determined through trial-and-error experiments.
(5) Model performance evaluation using test set data. (6) Prediction of annual
precipitation in the study area using the trained model and comparison with
original data to assess model performance.

2.2 Model Testing and Assessment

2.2.1 EEMD Decomposition of Precipitation The 55-year annual precip-
itation series (1965–2019) was decomposed into four IMFs and one trend term.
Each component contains information at different time scales, with the sum of
components in any time period equaling the original series. The physical signif-
icance of each component can be judged through significance testing. As shown
in Figure 4 [Figure 4: see original paper], only IMF3 is above the 95% confi-
dence line, indicating it contains the most significant information, while other
components contain relatively less information but still contribute to variance
calculation, maintaining total signal energy.

The quasi-periods were calculated through spectral analysis, and variance con-
tribution rates indicate the influence degree of each component’s frequency and
amplitude on original data. As shown in Table 1 , IMF1 has a quasi-period
of 2.9 years with a variance contribution rate of 54.54%, representing the most
significant oscillation signal. IMF2 has a quasi-period of 7.5 years with 15.70%
variance contribution, showing two relatively stable periods during 1970–1985
and 2000–2010. IMF3 has a quasi-period of 18.5 years with 7.75% variance
contribution, with amplitude gradually decreasing over time. IMF4 has a quasi-
period of 33 years with 20.15% variance contribution, fluctuating within about
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20 units. The trend term has a variance contribution rate of 0.45%, indicating
an upward trend with gradually slowing growth rate.

Xinjiang’s water vapor originates primarily from the Mediterranean Sea, North
Atlantic, and Arctic Ocean, transported by westerly winds to the northern slope
of Tianshan Mountains. This process is mainly influenced by the Arctic Oscilla-
tion (AO) and North Atlantic Oscillation (NAO). Therefore, precipitation quasi-
periods in the study area should be consistent with AO/NAO cycles. Previous
research has confirmed that precipitation in northern Xinjiang corresponds well
with AO index at decadal scales, which aligns with our quasi-period results.

2.2.2 LSTM Network Training The LSTM network structure is deter-
mined by variable count, input time steps, and prediction time steps. With
precipitation as the only variable, the variable count is 1. Input time steps
should be greater than component periods but less than original data length.
Based on this requirement and reference to previous studies, input time steps
were set to 10. The activation function was ReLU, optimization function was
Adam, and loss function targeted RMSE. Dropout was used to prevent over-
fitting. Hyperparameters were determined through trial-and-error experiments:
fixing two hyperparameters while testing the third, selecting values minimizing
RMSE on validation data. Final hyperparameters are shown in Table 2 .

2.2.3 Model Testing and Evaluation The EEMD-LSTM coupling model
was used to predict annual precipitation from 2010–2019. Figure 5 [Figure 5:
see original paper] compares predicted and observed values for each component.
RMSE values for IMF1–IMF4 and trend term were 1.85 mm, 2.18 mm, 7.68
mm, 28.82 mm, and 3.89 mm respectively. Summing component predictions
reconstructed annual precipitation predictions for 2010–2019. Absolute errors,
relative errors, and anomaly signs were calculated (Table 3 ). The average
relative error was 13.38%, RMSE was 38.03 mm, and anomaly sign consistency
rate was 81.58%.

The model showed relatively poor prediction performance for 2015 and 2016,
mainly due to large precipitation variations in these years. However, accord-
ing to precision grading standards, average relative error between 10%–20%
indicates good prediction performance. For comparison, ARIMA model was
applied, yielding average absolute error of 84.76 mm, RMSE of 102.97 mm, and
average relative error of 38.69%—all substantially larger than EEMD-LSTM,
demonstrating the coupling model’s superiority.

A paired-sample T-test was conducted to verify significant differences between
predicted and observed values. Results showed significant correlation (r=0.82,
p<0.01). The 95% confidence interval for mean differences was [-12.34, 5.86]
with two-tailed probability p=0.47>0.05, indicating no significant difference be-
tween predictions and observations (Table 4 ).
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2.2.4 Annual Precipitation Prediction for 2020–2029 The EEMD-
LSTM model was applied to predict annual precipitation for 2020–2029 (Table
5 ). Six years are predicted to have above-normal precipitation and four
years below-normal. Year 2025 shows maximum precipitation, exceeding the
multi-year average by 18.87%, while 2021 shows minimum precipitation below
200 mm, indicating an extremely dry year.

3 Discussion
Interannual and decadal precipitation variations on the northern slope of Tian-
shan Mountains are primarily influenced by mid-high latitude circulation in the
Northern Hemisphere, showing synchronous response to AO/NAO disturbances.
Research has found that atmospheric teleconnection patterns correspond well
with IMF components of precipitation series in frequency domain, demonstrat-
ing that EEMD can adaptively extract multi-timescale information from pre-
cipitation signals with physical significance. EEMD transforms non-stationary
time series into multiple stationary components plus a trend term, providing a
solid foundation for subsequent modeling. Neural network models can fit arbi-
trary nonlinear relationships, making them suitable for precipitation modeling.
However, their generalization ability is relatively low, with long-term predic-
tion accuracy decreasing significantly when data patterns change substantially.
Therefore, data stationarity positively impacts neural network prediction ac-
curacy, highlighting the necessity of combining EEMD with LSTM. While the
established coupling model shows good performance, improvements can be made
by incorporating reanalysis grid data and atmospheric circulation factors as in-
put variables in future work.

4 Conclusion
This study established an EEMD-LSTM coupling model to predict precipitation
in the Northern Slope Economic Belt of Tianshan Mountains. The 55-year
precipitation data (1965–2019) were decomposed into four stationary IMFs and
one trend term. Spectral analysis revealed quasi-periods of 2.9a, 7.5a, 18.5a,
and 33a. LSTM networks were trained for each component, achieving average
relative error of 13.38% and RMSE of 38.03 mm for 2010–2019 predictions—
superior to traditional ARIMA models. The model predicts six years with above-
normal and four years with below-normal precipitation during 2020–2029, with
2025 as an extremely wet year and 2021 as an extremely dry year. This study
provides a new approach for precipitation prediction in arid regions.
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