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Abstract: Precipitation prediction is an important technical mean for flood and drought disaster early
warning, rational utilization, and the development of water resources. Complementary ensemble
empirical mode decomposition (CEEMD) can effectively reduce mode aliasing and white noise
interference; extreme learning machines (ELM) can predict non-stationary data quickly and easily;
and the fruit fly optimization algorithm (FFOA) has better local optimization ability. According to the
multi-scale and non-stationary characteristics of precipitation time series, a new prediction approach
based on the combination of complementary ensemble empirical mode decomposition (CEEMD),
extreme learning machine (ELM), and the fruit fly optimization algorithm (FFOA) is proposed. The
monthly precipitation data measured in Zhengzhou City from 1951 to 2020 was taken as an example
to conduct a prediction experiment and compared with three prediction models: ELM, EMD-HHT,
and CEEMD-ELM. The research results show that the sum of annual precipitation predicted by the
CEEMD-ELM-FFOA model is 577.33 mm, which is higher than the measured value of 572.53 mm
with an error of 4.80 mm. The average absolute error is 0.81 and the average relative error is 1.39%.
The prediction value of the CEEMD-ELM-FFOA model can closely follow the changing trend of
precipitation, which shows a better prediction effect than the other three models and can be used for
regional precipitation prediction.

Keywords: CEEMD; phase space reconstruction; FFOA; precipitation; forecasting

1. Introduction

Precipitation is an important way to supply water resources to a basin or region.
The accurate precipitation forecasts are valuable and rather important for the integration
of natural hazards forecasting [1,2]. Precipitation is affected by many factors [3,4], such
as topography, atmospheric circulation, the underlying surface, and human activities.
Precipitation time series often have the characteristics of being multi-scale, nonlinear,
and unstable.

With the development of machine learning [5,6], scholars at home and abroad have
done a lot of related research on the accurate prediction of precipitation by using machine
learning algorithms and achieved fruitful results. Partal et al. used a wavelet fuzzy neural
network to predict the daily precipitation of three stations in Turkey [7], and the results show
that the prediction accuracy of the neural network model is better than that of the classical
multiple regression model. Aksoy et al. studied the prediction of monthly precipitation
in arid and semi-arid areas through feedforward back propagation (FFBP), radial basis
function, and generalized regression artificial neural network (ANN), and the results show
that ANN is effective in predicting precipitation in dry months [8]. Alizamir et al. used
an extreme learning machine (ELM), a single hidden layer feedforward neural network,
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an artificial neural network, genetic programming, and quantile mapping to predict large-
scale global precipitation; ELM was superior to all other methods in predicting monthly
precipitation [9]. The above research is mainly aimed at the traditional neural network,
which is not capable of processing non-stationary data and high-frequency abrupt data,
and the prediction error is generally between 5 and 20%, which is the bottleneck to further
improving the accuracy. Precipitation data are affected by many factors, and most of them
show nonlinear and non-stationarity characteristics in the time scale. Therefore, using a
coupling model to reduce the non-stationarity of the original series has become a new way
to increase the prediction accuracy of precipitation.

At the end of the last century, Huang proposed a new method of processing non-
stationary signals, empirical mode decomposition [10], which has been widely used in various
fields of signal processing [11,12]. The CEEMD model [13] is an adaptive EMD derived from
empirical mode, which can be decomposed into stationary signals with different characteristic
scales depending on the characteristics of the signal itself. In the process of signal reconstruc-
tion, two Gaussian white noises with the same amplitude and opposite phase are added at the
same time, which solves the prediction error of the high-frequency component of the EMD
model and also solves the reconstruction error of the EEMD model and restrains the influence
of mode aliasing and residual white noise. Wang et al. constructed the CEEMD-SE-HS-KELM
prediction model and applied it to the short-term wind power prediction of a wind farm in
China [14]. The RMSE and MAE were 2.16 and 0.39, respectively, which were superior to
the EMD-SE-HS-KELM, HS-KELM, KELM, and extreme learning machine (ELM) models.
Wang et al. constructed a CEEMD-ARIMA prediction model and conducted experiments with
precipitation data from 1960 to 2010 in Ningxia Hui Autonomous Region. The results showed
that the accuracy of the CEEMD-ARIMA model was higher than that of the ARIMA model
at all time scales. All the above studies show that the time series data preprocessed by the
CEEMD model can make a certain contribution to improving the prediction accuracy of a
traditional neural network model.

At present, there are two deficiencies in the research on the combination of the CEEMD
model and neural networks. First, modeling studies on typical non-stationary series of
hydrological data such as precipitation are not comprehensive, and the practicability of
constructing coupling models between more types of neural network models and CEEMD
models needs to be further studied. Secondly, on the basis of existing studies, a new data
analysis model is introduced to further enrich the coupling prediction model. Whether it
can improve the accuracy of precipitation prediction is worth further exploration. In order
to solve the above problems, the swarm optimization algorithm, the fruit fly optimization
algorithm (FFOA), is introduced in this paper, which has the characteristics of simple
operation and strong local search ability. Combining CEEMD, ELM, and FFOA, a coupling
model to further improve the prediction accuracy is sought. In the first mock exam, the
CEEMD is used to decompose the precipitation time series into several intrinsic modal
components (IMF components). Then, the hidden layer feedforward neural network is con-
structed for each IMF component, and the extreme learning machine is used for simulation
and prediction. Finally, the Drosophila algorithm is used to optimize the accumulation
coefficient between IMF components so that the predicted value is as close as possible to
the true value, further improving the accuracy of precipitation prediction. In order to verify
the validity of the prediction model, the monthly precipitation at Zhengzhou Station is
forecasted, and good results are obtained, which provides a new way for precipitation
prediction in the future.

2. Research Method

The combined prediction model decomposes complex precipitation prediction prob-
lems into relatively simple component prediction problems by CEEMD decomposition,
which reduces the difficulty of analysis. At the same time, the model fully considers the
contribution of time series information of different scales to the target results and the
advantages of ELM in time series prediction, which is conducive to improving precipitation
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prediction accuracy. In addition, the FFOA method is introduced in the fusion process of
the prediction results of each sub-model, and the fusion coefficients of each sub-model are
optimized, which further improves the prediction accuracy of the model.

The specific steps of modeling are as follows:
(1) Data preprocessing. Multi-scale decomposition of the original precipitation time

series. The CEEMD was used to multi-scale decompose the time series of the seasonal value
of the repaired precipitation to obtain Q intrinsic model components (IMF1− IMFQ) with
different frequencies and a residual term R;

(2) Intrinsic model components and residual normalization. Phase space reconstruction
of each decomposition subsequence. (a) The chaos of each IMF and residual term R are the
premise of constructing the prediction model by phase space reconstruction. Therefore, before
the reconstruction of phase space, it is necessary to determine whether the Lyapunov exponent
of each IMF and residual term R is greater than 0. If it is greater than 0, it means that the
time series has chaotic characteristics. This article will use the Wolf method to calculate the
maximum Lyapunov exponent of each IMF and residual term R. (b) The delay time τq of
each IMF and residual term R is determined by mutual information method. (c) Determine
the embedding dimension mq of each IMF and residual term R by Cao method. (d) Phase
space reconstruction of the one-dimensional time series data set of each IMF and residual
term R is performed to obtain the dataset Dq = {Xi (t), Yi(t), t = 1, 2 · · · , M} in the phase
space domain. Normalize the datasets reconstructed in each phase space (Figure 1);
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(3) Construction of the ELM prediction model. Establish prediction models for each
IMF and residual term R. Because the time delay τq and the embedded dimension mq
obtained by each decomposition in the phase space reconstruction process are different, it
is necessary to establish the prediction model based on the ELM method, respectively, and
to reverse normalize the obtained prediction values;

(4) Fusion parameter calculation. The results of each sub-prediction are integrated,
and the correlation coefficient of each sub-prediction model is optimized. Using FFOA to
optimize the variable coefficients of each sub-prediction model. In optimization, the objec-
tive is to minimize the sum of squares of errors, and the variable coefficient optimization

problem can be expressed as min
T
∑

t=1

(
yt −

Q+1
∑

q=1
ωq•yqt

)2

.

2.1. Complementary Ensemble Empirical Mode Decomposition

For the analysis and processing of non-stationary signals, Huang et al. proposed the
empirical mode decomposition method (EMD) and continuous mean screening method in
1998 [15,16].

CEEMD is a new adaptive decomposition algorithm based on EMD [17] theory and
improved on EEMD [18], which was proposed by Yeh et al. [19] in 2010. It can not only
effectively overcome the mode aliasing phenomenon in EMD but also eliminate the residual
white auxiliary noise added in EEMD to a great extent and improve the computational
efficiency of decomposition [20]. The specific steps are as follows:

(1) For a set of raw time series signals P(t), add a pair of Gaussian white noises with
the same amplitude and phase ωn(t), denoting the noise amplitude as β0, Acquire a new
signal x+i (t) and x−i (t). {

x+i (t) = P(t) + β0ωn(t)
x−i (t) = P(t)− β0ωn(t)

(1)

(2) Using EMD to modal decomposition of new signal group information, A set of
intrinsic modal functions (IMF) and residual r(t) is obtained. N is the number of intrinsic
modal functions. 

x+i (t) =
N
∑

j=1
IMF+i

j + r+i (t)

x−i (t) =
N
∑

j=1
IMF−i

j + r−i (t)
(2)

(3) Varying noise amplitude β0, Repeat the steps (1) and (2). The mean value of each
IMF is calculated according to EMMD. M is the number of positive and negative white
noise added.

IMFj =
1

2M

M

∑
i=1

(
IMF+i

j + IMF−i
j

)
(3)

(4) Calculate the residual difference term of CEEMD decomposition. R(t) is the
residual component of the original sequence.

R(t) = P(t)−
N

∑
j=1

IMFj (4)

From the above process, the CEEMD decomposition is a process of reconstructing the
original signal through multiple Eigen mode extraction. It retains the advantage of EMD in
processing non-stationary sequences and makes large noise in the high-frequency compo-
nents of EMD, thus reducing the reconstruction error caused by the introduction of white
noise in EMD. Therefore, it is more suitable for predictive analysis using machine learning.
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2.2. Extreme Learning Machine

ELM is a machine learning algorithm based on a feedforward neural network [21,22].
ELM can initialize the input weight matrix and bias matrix randomly. Compared with
the traditional neural network, ELM can randomly initialize the input weight matrix and
bias matrix and has the advantages of strong generalization ability, less manual operation,
and fast training speed on the premise of ensuring learning accuracy [23–26]. The network
structure [27] of ELM is shown in Figure 2.
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The algorithm has three layers: input layer with d input neurons, hidden layer with L
hidden neurons, and output layer with n output neurons.

Give a set of sample data (x, y), where xi = [xi1, · · · , xin]
T ∈ Rn, yi = [ti1, · · · , tim]

T ∈ Rm

has L hidden neurons in the above figure, its network structure can be expressed as [28–30]:

L

∑
i=1

βi•g(ωijxj + bi) = Oj (5)

where βi = [β1, β2, · · · , βn] is the output weight matrix, g(z) is the activation function, ωij
is the input weight, bi is the threshold value of the hidden neuron, and Oj is the output
result of the extreme learning machine.

A mathematical fitting regression algorithm is to predict the value by infinitely reduc-
ing the error. There are βi, ωij and bi, that is:

n

∑
i=1

∥∥Oj − yj
∥∥ = 0 (6)

L

∑
i=1

βi•g(ωijxj + bi) = yj (7)

Equation (7) can be abbreviated as:

Hβ = Y (8)
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where

H =

g(x1; ω1; b1) · · · g(x1; ωL; bL)
... · · ·

...
g(xn; ω1; b1) · · · g(xn; ωL; bL)


n×L

, β =

βT
1
...

βT
L


L×m

, T =

yT
1
...

yT
n


n×m

It can be proved that when the excitation function g(z) is infinitely differentiable, it is
not necessary to adjust all the network parameters.

ωij and bi are randomly selected at the beginning of training, and it is fixed during
training. The output weight matrix βi can be obtained by solving the least squares solution
of the following equations of linear equations:

β = H+Y (9)

where H+ is the Moore–Penrose generalized inverse of the hidden layer matrix H .

2.3. Fruit Fly Optimization Algorithm

Inspired by the foraging behavior of fruit flies, Pan et al. proposed the fruit fly
optimization algorithm (FFOA) [31,32]. The basic idea is to use flies superior visual and
olfactory senses to locate food; the optimal solution to the problem is searched by iteration.
The basic optimization process can be divided into the following steps [33–35].

Step (1): Initialize the parameters, set the population size N, the maximum number
of iterations max, and the position of the fruit fly population X_axis, Y_axis, and give the
random direction and distance of each fruit fly individual; then the fruit fly individual
begins to search for food using the sense of smell [36–38]:

Xi = X_axis + Rand()
Yi = Y_axis + Rand()

(10)

where Rand () is the Drosophila flight range, that is, the iterative step size.
Step (2): Preliminary calculation; calculate the distance between each individual fruit

fly and the origin of the coordinates Disti; then calculate the judgment value of the taste
concentration of each fruit fly individual Si:

Disti =
√

X2
i + Y2

i
Si = 1/Disti

(11)

Step (3): Localization of olfaction; substituting the taste concentration judgment value
Si in step (2) into fitness function to find the taste concentration of each individual position
of the fruit fly Smelli, and find out the fruit fly with the best taste concentration in the fruit
fly population (find the maximum value) [39–41]:

Smelli = Function(Si)[
bestSmell bestIndex

]
= max(Smelli)

(12)

Step (4): Visual orientation; record the taste concentration value and position coor-
dinates of the fruit fly with the best taste concentration. At the same time, the fruit fly
population will fly to this position by exerting their visual advantage:

bestSmell = bestIndex
X_axis = X(bestIndex)
Y_axis = Y(bestIndex)

(13)

Step (5): Iterative optimization; repeat steps (2) to (3), and determine whether the taste
concentration value is bigger than the taste concentration of the previous iteration. If not,
repeat the above steps (2) to (3) within the maximum number of iterations; if so, go to step (4).
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2.4. Evaluation Method

RE represents the relative percentage error, MAE represents the mean absolute error,
RMSE represents the root mean square error, and MAPE represents the mean relative
percentage error [42].

RE =
|yt − yt|

yt
× 100% (14)

MAE =
1
N

N

∑
t=1
|yt − yt| (15)

RMSE =

√√√√ 1
N

N

∑
t=1

(yt − yt)
2 (16)

MAPE =
1
N

N

∑
t=1

∣∣∣∣yt − yt
yt

∣∣∣∣× 100% (17)

where yt represents the original value, yt represents forecasting value.
RE represents the relative error between a single set of simulated data and the real data.

Compared with MAE, RMSE, and MAPE, it can reflect the accuracy of a single predicted
value. MAE reaction simulates the average absolute error of multiple data points at one
time, which is convenient for comparison between multiple simulations and multiple
model simulations. RMSE is squared before calculating the error stack, which is conducive
to magnifying the error display. It is convenient to show whether there is excessive error
in a set of forecast data. MAPE shows the average relative error of a set of data, is an
important parameter to compare the accuracy of prediction, and is suitable for a horizontal
comparison of the accuracy of different models. It is worth noting that the smaller the value
of these calculation parameters, the smaller the prediction accuracy of the model.

3. Case Study
3.1. Research Area Survey

Zhengzhou was chosen as the research area to verify the validity and accuracy of the
prediction model. Zhengzhou is the capital city of Henan Province, a megalopolis and
the central city of the central plain city, an important central city in central China, and
an important comprehensive transportation hub of the country, as approved by the state
council. Zhengzhou belongs to the northern temperate continental monsoon climate. The
territory of 124 rivers is divided into the Yellow River and Huaihe River systems. The aver-
age annual precipitation in Zhengzhou is 636.7 mm; the amount of surface water resources
is 494 million cubic meters; and the amount of groundwater resources is 953 million cubic
meters. The total amount of water resources is 1.124 billion cubic meters, the amount of
water resources per capita is 179 cubic meters, and the amount of water resources per mu
is 256 cubic meters. It is an area of severe water shortage. Therefore, the prediction of
precipitation in Zhengzhou is of great significance to the regional economic distribution
and the effective development and utilization of water resources.

The monthly precipitation sequence of Zhengzhou city in this study is based on the
monthly precipitation data of Zhengzhou station from 1951 to 2020 provided by the Na-
tional Data Center for Meteorological Sciences and Water Resources Bulletin of Zhengzhou.
The sequence length was 840 months, the mean value was 48.03 mm, the standard deviation
was 67.92 mm, and the maximum precipitation value was 692.2 mm in August 1963. The
inter-annual variation of surface precipitation in the study area is shown in Figures 3–5. It
can be seen from the figure that precipitation in Zhengzhou is generally stable and fluc-
tuates around the mean value of several years in each year. Although precipitation has a
decreasing trend, it is not significant, which can be regarded as a non-stationary time series
with a weak trend, and this also reflected the reasonability of the selected CEEMD method.



Water 2023, 15, 1485 8 of 15

Water 2023, 15, x FOR PEER REVIEW 9 of 18 
 

 

The operating system used in this experiment is Win10, and the deep learning 

framework is MATLAB2021 b. In terms of hardware, the CPU is eight-core Intel Xeon E5-

2630 v4, the memory is 48 G, the GPU is a Nvidia Tesla P100, and the video memory is 16 

G. 

 

 

Figure 3. Location map of the study area. 

 

Figure 4. Monthly precipitation of Zhengzhou Station during 1951–2020. 

Figure 3. Location map of the study area.

Water 2023, 15, x FOR PEER REVIEW  9  of  17 
 

 

The operating system used in this experiment is Win10, and the deep learning frame-

work is MATLAB2021 b. In terms of hardware, the CPU is eight-core Intel Xeon E5-2630 

v4, the memory is 48 G, the GPU is a Nvidia Tesla P100, and the video memory is 16 G. 

 

Figure 3. Location map of the study area. 

 

Figure 4. Monthly precipitation of Zhengzhou Station during 1951–2020. Figure 4. Monthly precipitation of Zhengzhou Station during 1951–2020.

Water 2023, 15, x FOR PEER REVIEW  10  of  17 
 

 

 

Figure 5. Boxplot of monthly precipitation at Zhengzhou Station during 1951–2020. 

3.2. Multi‐Scale Decomposition of Precipitation Time Series Data Based on CEEMD 

Using the CEEMD algorithm to decompose the original data of the monthly precipi-

tation time series of Zhengzhou from 1951 to 2019, it is found that when the noise ampli-

tude is 0.2 and the noise logarithm is 50, the decomposition effect is ideal. After CEEMD 

decomposes  the  time  series,  eight  IMF  components  and one  trend  component  are ob-

tained, as shown in Figure 5. 

As shown in Figure 6, the precipitation time series was divided into eight IMF com-

ponents and one corresponding trend term, where the IMF1 component underwent the 

greatest fluctuation with high frequency and the shortest wavelength; the amplitude of 

IMF2, IMF8, and the trend term were gradually reduced, as were their frequencies, but 

their wavelengths were gradually increased. After EMD processing, the fluctuation and 

non-stationarity of  the precipitation  time series of Zhengzhou were reduced  to a great 

degree, and the original series was decomposed into periodic IMF components in order 

to relieve the prediction difficulty. 

 

Figure 6. Precipitation CEEMD decomposition in Zhengzhou from 1951 to 2019. 

Figure 5. Boxplot of monthly precipitation at Zhengzhou Station during 1951–2020.



Water 2023, 15, 1485 9 of 15

The operating system used in this experiment is Win10, and the deep learning frame-
work is MATLAB2021 b. In terms of hardware, the CPU is eight-core Intel Xeon E5-2630 v4,
the memory is 48 G, the GPU is a Nvidia Tesla P100, and the video memory is 16 G.

3.2. Multi-Scale Decomposition of Precipitation Time Series Data Based on CEEMD

Using the CEEMD algorithm to decompose the original data of the monthly precipita-
tion time series of Zhengzhou from 1951 to 2019, it is found that when the noise amplitude
is 0.2 and the noise logarithm is 50, the decomposition effect is ideal. After CEEMD decom-
poses the time series, eight IMF components and one trend component are obtained, as
shown in Figure 5.

As shown in Figure 6, the precipitation time series was divided into eight IMF com-
ponents and one corresponding trend term, where the IMF1 component underwent the
greatest fluctuation with high frequency and the shortest wavelength; the amplitude of
IMF2, IMF8, and the trend term were gradually reduced, as were their frequencies, but
their wavelengths were gradually increased. After EMD processing, the fluctuation and
non-stationarity of the precipitation time series of Zhengzhou were reduced to a great
degree, and the original series was decomposed into periodic IMF components in order to
relieve the prediction difficulty.
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3.3. Model Prediction

Whether the eight IMF components and one trend item obtained by CEEMD decompo-
sition are chaotic time series can be identified by the Lyapunov index method. This paper
adopts the mutual information method and the Cao method to obtain the time delay τq
of each decomposition item and the embedded dimension mq wolf method to calculate
the maximum Lyapunov index of each decomposition amount. The calculation results are
shown in Table 1. The table of the Lyapunov index value greater than 0 illustrates that the
decomposition sequence has chaotic characteristics.

Table 1. Phase space reconstruction information table.

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8

τq 2 1 3 6 11 12 15 20
mq 13 12 7 4 2 4 5 2

Lyapunov 0.105 0.0583 0.048 0.0524 0.0936 0.0208 0.0232 0.0335
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Figure 6 shows that after CEEMD decomposition, the volatility and non-stationarity of
the time series of annual precipitation in Zhengzhou are greatly reduced, and the training
effect of IMF1-IMF8, the real value and predicted value of trend items are getting better
and better; the relative error and average relative error of IMF1-IMF8, trend items show a
decreasing trend; the training effect of the decomposed high-frequency component IMF1 is
slightly poor, while the training effect of the low-frequency component IMF8 and trend item
is very good. After the time series of annual precipitation in Zhengzhou is decomposed,
the non-stationary nature of the time series is reduced so that ELM can better predict its
components and trend term (Figure 7).

Water 2023, 15, x FOR PEER REVIEW  11  of  17 
 

 

3.3. Model Prediction 

Whether the eight IMF components and one trend item obtained by CEEMD decom-

position are chaotic  time series can be  identified by  the Lyapunov  index method. This 

paper adopts the mutual information method and the Cao method to obtain the time delay 

τq of each decomposition item and the embedded dimension mq wolf method to calculate 

the maximum Lyapunov index of each decomposition amount. The calculation results are 

shown in Table 1. The table of the Lyapunov index value greater than 0 illustrates that the 

decomposition sequence has chaotic characteristics. 

Table 1. Phase space reconstruction information table. 

  IMF1  IMF2  IMF3  IMF4  IMF5  IMF6  IMF7  IMF8 

τq  2  1  3  6  11  12  15  20 

mq  13  12  7  4  2  4  5  2 

Lyapunov  0.105  0.0583  0.048  0.0524  0.0936  0.0208  0.0232  0.0335 

Figure 6 shows that after CEEMD decomposition, the volatility and non-stationarity 

of the time series of annual precipitation in Zhengzhou are greatly reduced, and the train-

ing effect of IMF1-IMF8, the real value and predicted value of trend items are getting better 

and better; the relative error and average relative error of IMF1-IMF8, trend items show a 

decreasing trend; the training effect of the decomposed high-frequency component IMF1 

is slightly poor, while the training effect of the low-frequency component IMF8 and trend 

item is very good. After the time series of annual precipitation in Zhengzhou is decom-

posed, the non-stationary nature of the time series is reduced so that ELM can better pre-

dict its components and trend term (Figure 7). 

 

Figure 7. Prediction results of IMF1-IMF8 and trend term and the errors. Figure 7. Prediction results of IMF1-IMF8 and trend term and the errors.

3.4. Determining the Correlation Coefficient of Combination of Decomposed Sequences

When the prediction results of each decomposition series are fused, the value of the
variable coefficient of each sub-prediction model is related to the influence of the prediction
output value of each decomposition series on the final prediction results and determines the
final prediction accuracy and performance of the combined model. Therefore, this paper
uses Matlab2021b to write the simulation program, the precipitation series of different scales
after CEEMD decomposition as the training and test sets, and the variable coefficients
of each sub-prediction model are then adaptively trained and optimized by the FFOA
algorithm. FFOA initialization: Drosophila population size: Pop = 500; maximum iterations:
Maxgen = 10,000. After several experiments, FFOA has achieved better optimization
performance, obtained the optimal combination variable coefficients of eight different IMF
and residual R sub-prediction models, as shown in Table 2.

Table 2. Optimization coefficient table.

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 R

Optimization coefficient 1.005 0.987 0.971 1.131 1.126 0.897 0.999 1.073 1.001
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3.5. Model Validation

The predicted results of IMF1~IMF8 and the trend term were reconstructed into the
predicted value of monthly precipitation and compared with the original value of monthly
precipitation. The calculated prediction error is shown in Table 3.

Table 3. Relative error indexes table.

Month
Precipitation Absolute Error

/mm
RE
/%True Value Forecasting Value

2020.01 44.40 42.45 1.95 4.40
2020.02 34.60 34.27 0.33 0.96
2020.03 8.40 8.42 0.02 0.19
2020.04 17.00 17.32 0.32 1.87
2020.05 37.50 37.38 0.12 0.32
2020.06 116.90 115.99 0.91 0.78
2020.07 83.70 82.12 1.58 1.89
2020.08 146.03 145.83 0.47 0.32
2020.09 15.60 15.47 0.13 0.81
2020.10 33.90 33.73 0.17 0.49
2020.11 33.50 33.95 0.45 1.35
2020.12 5.80 5.60 0.20 3.38

Mean relative error = 1.39%

Table 3 illustrates that the maximum value, minimum value, and average value of the
relative error of the CEEMD-ELM-FFOA coupling prediction model were 4.40%, 0.19%,
and 1.39%, respectively, so the relative prediction error of the model was small with a high
eligible rate.

Figure 8 displays the prediction curves of precipitation at Zhengzhou Station during
2020.01–2020.12. It can be seen from Figure 7 that the predicted values are basically
consistent with the true values. Therefore, the goodness of fit of the CEEMD-ELM-FFOA
coupling model is high and it can be used for regional precipitation prediction.
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4. Discussion

In the same period, there has been little research on precipitation using the “decomposition-
prediction-reconstruction” coupling method, so reference is made to literature using similar
mathematical structure models for comparison. Bo H, et al. proposed a short-term load fore-
casting method for parks based on complementary integrated empirical mode decomposition
(CEEMD), sample entropy, the SBO optimization algorithm, and the least squares support
vector regression (LSSVR) model. Taking a park in Liaoning Province as an example, the results
show that MAPE is 2.03 and RMSE is 3.14. The calculated errors of MAPE and RMSE in this
paper are 1.39% and 0.81, respectively, which are close to each other, confirming the feasibility
of establishing such a coupling model.
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In order to verify the superiority of the CEEMD-ELM-FFOA coupling model in pre-
cipitation prediction, the ELM prediction model, the EMD-HHT prediction model, the
CEEMD-ELM coupling model, and the CEEMD-ELM-FFOA coupling model were re-
spectively used for prediction, followed by a comparison of their prediction effects. The
comparison results of the CEEMD-ELM-FFOA model with other models in prediction error
are listed in Figures 9–11 and Table 4.
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Table 4. Comparison of evaluation indexes of different models.

Predictive Model MAE (mm) RMSE (mm) MAPE (%)

CEEMD-ELM-FFOA 0.55 0.81 1.39
CEEMD-ELM 0.63 0.92 3.23

EMD-HHT 5.64 8.22 10.92
ELM 6.83 10.70 13.33

As shown in Table 4 and Figures 9–11, the CEEMD-ELM-FFOA coupling model
achieved the highest goodness of fit for predicting precipitation, and its MAE, RMSE, and
MAPE were lower than those of the other three prediction models; the goodness of fit of the
CEEMD-ELM prediction model was higher than that of the EMD-HHT prediction model. In
the meantime, it could be seen that the prediction effect of the “decomposition-prediction-
reconstruction” model was remarkably superior to that of a single neural network ELM
prediction model. After the decomposition of the original signal, the non-stationarity of
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the sequence is reduced, the influence of extreme weather conditions on the prediction is
weakened, and the prediction accuracy is improved. The prediction accuracy of extreme
value is greatly elevated after FFOA optimization and reorganization of data.
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The advantages of the CEEMD-ELM-FFOA coupling model mainly focus on its high
prediction accuracy, which is consistent with its establishment aim to improve the prediction
accuracy on the basis of existing studies. In addition, ELM and FFOA models have the
characteristics of simple structure, few parameters, and easy operation, which are also
brought into the coupling model. At present, the limitations of this model are mainly
reflected in the fact that, compared with the traditional neural network prediction model,
although the prediction accuracy is improved, the complexity of the model is increased. For
some scenarios that require simple prediction as well as qualitative prediction analysis, the
operation is relatively complicated [43]. The applicability of this model in the prediction
of other non-stationary hydrological data and the further research focus are to enrich
the application range of the model. At the same time, physical parameters affecting
precipitation (such as temperature, evaporation, wind speed, etc.) are not considered in this
study, and precipitation prediction with these parameters will also become the direction
and focus in the future.

5. Conclusions

(1) In order to improve the accuracy of precipitation prediction, this paper uses the
empirical model decomposition method, extreme learning machine, and fruit fly optimiza-
tion algorithm to build a precipitation prediction model based on CEEMD-ELM-FFOA and
predicts the monthly precipitation in Zhengzhou. The prediction results show that the
model effectively improves the accuracy of precipitation prediction and will predict the
change of regional precipitation better;

(2) Multiple sub-time series will be generated after the precipitation time series are
decomposed by CEEMD. These sub-time series need to establish their own prediction
models to carry out prediction work, and the overall prediction results of the model will be
affected by the prediction results of these sub-models. In this paper, FFOA is applied to
the fusion of prediction results from sub-models, and the problem of variable coefficient
optimization of each sub-model is reasonably solved. The experimental results show that
FFOA has a good adaptive optimization ability for variable coefficient optimization and is
an effective algorithm for model combination variable coefficient optimization;
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(3) The results show that the maximum, minimum, and average relative errors of the
CEEMD-ELM-FFOA coupling prediction model are 4.40%, 0.19%, and 1.39%, respectively.
The model has a small relative prediction error and a high qualification rate;

(4) Although the overall prediction accuracy of the CEEMD-ELM-FFOA coupling
model is high, the phase-space reconstruction method only expands the data dimension
from the perspective of statistics. As the input data of the ELM model, it does not consider
the physical parameters affecting precipitation (such as temperature, evaporation, wind
speed, etc.), which will be the research direction and focus in the next step.
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