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On the Monthly Runoff Prediction Based on Second
Decomposition and CNN-BiLSTM

Abstract

Addressing the nonlinear and non-stationary characteristics of monthly runoff series, this
paper proposes a hybrid prediction model (ISCBL) combining ICEEMDAN-SSA secondary
decomposition with CNN-BiLSTM deep learning. The model is validated using monthly runoff
data from 1971 to 2023 from the Lanzhou hydrological station in the upper Yellow River. The
results show that the ISCBL model achieves a Nash-Sutcliffe efficiency coefficient (NSE)
of 0.9733, a root mean square error (RMSE) of 2.5172, and a mean absolute percentage
error (MAPE) of 8.35% on the test set, significantly outperforming single models and primary
decomposition models. This study verifies the effectiveness of the secondary decomposition
strategy in extracting multi-scale features and the advantage of CNN-BiLSTM in capturing
spatiotemporal dependencies, providing a new method for complex hydrological sequence
prediction.
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1 Introduction

Runoff prediction is fundamental work for water resources planning and management.

Accurate runoff prediction can provide a scientific basis for decision-makers, effectively
improve water resource utilization efficiency, reduce flood disaster losses (Saha

and Chandra Pal, 2024), and is of great significance for flood control and disaster

reduction, reservoir operation, and optimal allocation of water resources (Ma et al.,

2024).

Traditional single-runoff prediction models still have limitations when dealing with
complex runoff sequences (Du et al.,, 2023). The runoff formation process is
influenced by various factors such as climate, topography, and human activities,
exhibiting strong nonlinear and non-stationary characteristics (Nanda and Sen,
2021).

In recent years, the combination of signal decomposition and deep learning has
provided new ideas for runoff prediction (Xu et al., 2025). Colominas M. A. (Colominas
et al., 2014) proposed an Improved Complete Ensemble Empirical Mode Decomposition
with Adaptive Noise (ICEEMDAN), which significantly reduces the mode mixing
index and better solves the mode mixing problem through dynamic noise injection
and residual calculation. Singular Spectrum Analysis (SSA), as a non-parametric
spectral estimation method, is particularly suitable for extracting periodic and trend
components in time series (Gu et al.,, 2024). Sibtain Muhammad (Sibtain et
al., 2022) et al. proposed a multivariate ultra-short-term wind speed forecasting
model (VIL) based on the VMD-ICEEMDAN multistage decomposition method
and a Long Short-Term Memory (LSTM) network. Chen Shu et al. used EEMD-
VMD two-stage decomposition combined with Support Vector Machines (SVM)
and a simple average method (SAM) for annual runoff forecasting, significantly
improving prediction accuracy (Chen et al., 2021). Li Menghang (Li et al., 2024) et al.
employed a hybrid approach combining Empirical Mode Decomposition and Wavelet
Denoising (EMD-WD) with Convolutional Neural Networks (CNN) and Long Short-
Term Memory networks (LSTM) to construct two novel models (EMD-WD-CNN and
EMD-WD-LSTM) for predicting reference crop evapotranspiration (ET0). Secondary
decomposition methods, by combining different decomposition algorithms, show
significant advantages in runoff prediction.

The upper Yellow River, as the core runoff generation area of the Yellow River basin,
has a hydrological process that plays a decisive role in the water resources allocation
of the entire basin (Li et al., 2025). This paper takes the Lanzhou hydrological station
in the upper Yellow River as the research object, proposes a hybrid prediction model
(ISCBL) based on ICEEMDAN-SSA secondary decomposition and CNN-BIiLSTM
deep learning, and validates it using monthly runoff data from 1971 to 2023 from the
Lanzhou station. It aims to improve the accuracy and reliability of runoff prediction,
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provide new ideas for monthly runoff prediction, and offer key technical support for
the optimal operation of cascade reservoirs in the upper Yellow River.

2 Research Methods

2.1 ICEEMDAN

ICEEMDAN is an improved adaptive noise complete ensemble empirical mode
decomposition method. Its innovative adaptive noise injection mechanism dynamically
adjusts the noise amplitude, greatly reducing the degree of mode mixing. The main
steps of the algorithm are as follows:

Step 1: Add specific noise to the original signal:
.1‘k(t) :x(t)+50E1(wk(t))7 (k: 1721"' 777‘)7 (21)

where x(t) represents the k-th signal, ¢ represents the noise standard deviation
of the signal during the first decomposition, wy () is the k-th added Gaussian white
noise, and E(x) represents the first intrinsic mode function (IMF) obtained from the
ICEEMDAN decomposition.

Step 2: Calculate the local mean of all new signals to obtain the first residual and
the first modal component:

ri(t) = % Z M (z;(t)), IMF; =2 — (%), (2.2)
i=1

where M (z;(t)) represents the local mean function.

Step 3: Add Gaussian white noise to the first residual component to obtain the
second local mean and the second modal component:

M(ri(t) + e1E(w(t))), IMFg =ri(t) — TllZn:M[rl(t) + e2 E(w(t))]. (2.3)
i=1

Step 4: By analogy, obtain the k-th residual:

ri(t) = % S M 1(t) + ek Ex(w(®)) (2.4)
=1

Then obtain the k-th modal component:

IMFy, = ri_1(t) — rg(t). (2.5)
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Step 5: Repeat step 4 until the residual is a monotonic function. Finally, the original
signal can be expressed as:

o(t) = r(t) + Zn: IMF, (2.6)

=1

2.2 Singular Spectrum Analysis (SSA)

SSA decomposition mainly includes three steps: embedding, singular value decomposition,
and reconstruction:

Step 1: Embedding: Select an appropriate window length L, and convert the time

series x1,xo0, - - , x, iNtO a trajectory matrix:
X1 Xo -+ Xn-Lt1
X — )fz )fg XNTL+2 | 2.7)
XLL XI;—H - XIN

Step 2: Singular Value Decomposition (SVD): Perform SVD decomposition on matrix
X: X = UXVT, where: U is the left singular vector matrix; ¥ is the diagonal
matrix of singular values; V7 is the transpose of the right singular vector matrix.
Then calculate the covariance matrix: C = X X7, solve for the eigenvalues of the
covariance matrix and their corresponding eigenvectors: Ay > Ao > --- > A\, > 0
and Uy, Us, - -+ , U, and finally obtain:

L
X=> VAUnV], m=12-- L (2.8)
m=1

Step 3: Reconstruction: First, calculate the projection of the lagged sequence:

L
a® = X;Uy,, = Z-Ti+ij,j7 0<i<N-L, (2.9)
=1

where X; is the i-th column of the trajectory matrix, ! is the time principal component,
i.e., the weight of X; in the original time series period. Finally, obtain the expression
for the reconstructed series:

zi=>» af, i=1,2-- N (2.10)
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2.3 CNN

The Convolutional Neural Network (CNN) module uses a CNN to train sample data
to obtain the output (Xie et al., 2023). Its neural network structure is shown in Fig. 1.
It is mainly used to process time series data, using 16 convolution kernels with a
size of 3 to perform sliding calculations along the time dimension, extracting local
spatiotemporal features of the runoff series. Each convolutional layer is followed
by Batch Normalization (BatchNorm) and a ReLU activation function. The former
accelerates training convergence by standardizing intermediate outputs, while the
latter introduces nonlinearity to enhance feature expression capability. Subsequently,
the time dimension of the feature map is compressed by 50% through a max-pooling
layer, retaining the most significant feature responses.

— — -
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Figure 1: CNN neural network structure diagram

2.4 BiLSTM

LSTM (Long Short-Term Memory) is a special type of recurrent neural network that
can effectively capture and transmit long-term dependencies in sequence data (Xue
et al., 2025). The core gating mechanism structure of the LSTM neural network is
shown in Fig. 2, controlling information flow through the forget gate, input gate, and
output gate, thus effectively capturing long-term dependencies.
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Figure 2: LSTM neural network schematic diagram

BiLSTM (Bidirectional LSTM) introduces a bidirectional structure on the basis of
LSTM, considering both past and future information simultaneously (Liu et al., 2024),
making it suitable for tasks requiring contextual information. The BiLSTM algorithm
structure is shown in Fig. 3.
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Figure 3: BiLSTM algorithm structure diagram

The calculation method of BiLSTM:
- - — «— e
ht :LSTM(I't,ht,l), ht = LSTM(SL‘t, htfl), Yt :O'(Wy[ht, ht]+by), (211)
where h, is the state of the forward LSTM hidden layer at time t; %t is the state of
the backward LSTM hidden layer at time t; x; is the input data at time t; y; is the

output data at time t.
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2.5 CNN-BiLSTM

The CNN-BiLSTM model constructed in this paper adopts a cascaded hybrid
architecture. First, local spatiotemporal features are extracted through the CNN layer
(Hu et al., 2024). After batch normalization and ReLU activation, dimensionality
is reduced through a max-pooling layer with a stride of 2. Then, a bidirectional
LSTM layer is connected to capture bidirectional temporal dependencies, with 10%
Dropout added to prevent overfitting. Finally, the predicted value is output through
a fully connected layer. The model minimizes the mean square error through the
Adam optimizer and adopts a dynamic learning rate decay strategy. The parameter
settings of the model are shown in Table 1:

Table 1: Combined model parameter table

Module Parameter Name  Parameter Value

Input Layer Time Steps 12
Feature Dimension 1

CNN Module Number of Kernels 16
Kernel Size 3

BiLSTM Module Hidden Units 25
Dropout Rate 0.1

Optimizer Adam

Training Params Learning Rate 0.01
Batch Size 32

Training Epochs 150

The basic structure diagram of the model is shown in Fig. 4. Its prediction process is
divided into four stages:

(1) Data preprocessing: Convert the original monthly runoff series into a supervised
learning format with 12-month time steps and perform MinMax normalization.

(2) Feature extraction: The CNN layer automatically learns local fluctuation patterns
of the runoff series (such as seasonal mutations). The output feature map has its
dimensions compressed to 6 x 16 after pooling.

(3) Temporal modeling: The BILSTM layer analyzes the long-term dependencies of
the feature map from forward/backward dimensions, outputting a 25-dimensional
hidden state.

(4) Result reconstruction: The fully connected layer maps the LSTM output to
the predicted value, and the final runoff prediction result is obtained after inverse
normalization.
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Figure 4: CNN-BiLSTM model structure diagram

2.6 ISCBL

First, the original runoff series is initially decomposed by the ICEEMDAN model
to obtain a series of relatively smooth IMFs and a residual. Then, the sample
entropy of each component is calculated to quantify its complexity and irregularity
(Liu and Zhao, 2024). Based on this, the IMF with the highest sample entropy
value is selected for secondary decomposition using the SSA model to extract the
main periodic components to enhance its stationarity and predictability. Then, each
processed component is input into the CNN-BILSTM prediction model for training
and prediction. Finally, the final runoff prediction value is reconstructed by integrating
the prediction results of each component. The overall flow of the ISCBL model is

shown in Fig. 5.
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2.7 Evaluation Metrics

In order to evaluate the veracity of the model’s predictions, this study has chosen
several widely recognized evaluation metrics, namely the mean absolute error
(MAE), root mean square error (RMSE), Mean Absolute Percentage Error (MAPE),
Nash-Sutcliffe efficiency coefficient (NSE), and Coefficient of Determination (R?).
These metrics are utilized to thoroughly assess the model’'s performance. The
corresponding formulas for calculating these evaluation indicators are presented as

follows:
1 & R 1 &
MAE = = " |y; — 6l RMSEJ (2.12)
i [t
L (yi — i)
MAPE = =~ " 19 = wil 1009, NSE=1--=L (213
n Yi N
- Z(Z/z - yavg)2

ﬁ
Il
—

Z ?Javg ?javg )

R? = = : (2.14)

J Z yavg Z(ﬂz - Qavg)2

=1 i=1

where y; is the actual value of the i-th sample. g; is the predicted value of the
i-th sample. yq.4 is the average of all measured values. g,., is the average of all
predicted values.

3 Case Analysis

3.1 Study Area and Data

The total area of the Yellow River basin is about 795,000 square kilometers, making
it the second largest basin in China. This study uses monthly runoff data from the
Lanzhou hydrological station in the upper reaches of the Yellow River basin. The
Lanzhou station is located on the main stream of the upper Yellow River, with a
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length of 152 kilometers and a controlled drainage area of about 222,600 square
kilometers. lts multi-year average runoff volume is 31.44 billion cubic meters. As
an important controlling hydrological station on the upper Yellow River, it is a key
node for water resources dispatch, flood control, and disaster reduction in the Yellow
River basin.

The hydrological process in this area is influenced by both glacier-snow melt from
the Tibetan Plateau and monsoon precipitation, presenting complex non-stationary
characteristics (Xu et al., 2025), providing a typical sample for hydrological model
research. This paper uses monthly runoff data from January 1971 to October 2023
from the Lanzhou hydrological station (see Fig. 6). Data from January 1972 to June
2013 is used for model training, and data from July 2013 to October 2023 is used for
model testing.

100 |- train  test

Runoffi 1x10% m*)

i L L AL L A
0 100 200 300 400 500 600

['ime(month)

Figure 6: Measured monthly runoff time series at Lanzhou station

3.2 ICEEMDAN Decomposition Results

The original runoff series is decomposed by the ICEEMDAN method, obtaining
multiple IMFs and a final residual (see Fig. 7). Each component exhibits characteristics
of different time scales. Low-frequency components reflect long-term trends, while
high-frequency components reflect short-term fluctuations.

10



UNDER PEER REVI EW

+ IMFs
+ IMES
o IMF4

7 IMF2

r'lv‘
+IME2
7

f.}.
/l\ll'l
1 J

100 200 300 400 500 600

Runoff{ 1x10* m*)

L L i L

Time{month)

Figure 7: ICEEMDAN decomposition results

3.3 SSA Secondary Decomposition

Before secondary decomposition, utilize the sample entropy to assess the complexity
of the decomposed components. The sample entropy of each component obtained
from the ICEEMDAN decomposition is calculated. The calculation results are shown
in Table 2. Screen out the component with the highest complexity, and decompose it
twice using the SSA technique to extract the main periodic components (see Fig. 8),
effectively reducing noise interference.

Table 2: Sample entropy calculation results table

Component Name Sample Entropy Value

IMF1 1.2393
IMF2 0.72042
IMF3 0.62261
IMF4 0.54037
IMF5 0.306

IMF6 0.15483

11
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Figure 8: SSA decomposition results

3.4 Determination of Lag Time

ACF and PACF indicators guide the selection of input variables. According to the
ACF and PACF curves of the Lanzhou station shown in Fig. 9, the ACF peaks at lag
12 (months), while most PACF values fall within the confidence interval. Therefore,
the input variable is set to 12, meaning that subsequent prediction data will be
modeled based on the previous 12 data points.
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Figure 9: ACF and PACF curves of Lanzhou station
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3.5 Results and Discussion

To verify the effectiveness of the combined model, the CNN, BiLSTM, and CNN-
BiLSTM models without ICEEMDAN decomposition processing, the ICEEMDAN-
CNN-BIiLSTM model with ICEEMDAN decomposition processing, and the final ISCBL
model are set up for monthly runoff prediction. The prediction results of each model
are compared. The prediction effects of the CNN, BiLSTM, CNN-BIiLSTM, primary
decomposition model, and the final ISCBL model are shown in Fig. 10a. The fitting
situation of each model with the measured values is shown in Fig. 10b. Comparative
analysis shows that the predicted values of the ISCBL combined model fit best with
the actual values, demonstrating the best simulation effect.

Runoff{1=10* m")

Predicted Values(1=10% m’)
» .

Observed Values(1=10% m) Time(month)
(a) Prediction effects of different models (b) Fitting situation of predictions from different

models
Figure 10: Model comparison results

The prediction performance comparison of each model is shown in Table 3:

Table 3: Comparison of prediction performance of different models

model MAE RMSE MAPE(%) NSE R?
CNN 7.2911 9.7137 28.4681 0.6022 0.6192
BiLSTM 6.0782 8.5830 22.5859 0.6894 0.6969
CNN-BIiLSTM 5.6101 8.1864 18.9827 0.7175 0.7408
ICEEMDAN-CNN-BILSTM 2.4935 3.6929 10.0394 0.9425 0.9452
ISCBL 1.8797 25172 8.3486  0.9733 0.9750

As model complexity increases and decomposition methods are optimized, prediction
accuracy improves significantly. Single models (CNN, BiLSTM) have obvious
limitations: CNN performs inadequately in capturing long-term temporal dependencies,

13
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with an NSE of only 0.6022, while BiLSTM, although improving temporal modeling,
still has a MAPE of 22.59%, indicating insufficient extraction of local features.

The simple combination of the two (CNN-BIiLSTM) partially compensates for the
defects, increasing the NSE to 0.7175, but its RMSE is as high as 8.1864, failing to
solve the non-stationarity problem of the original data.

The primary decomposition model (ICEEMDAN-CNN-BILSTM) significantly improves
performance through signal decomposition, achieving an NSE of 0.9425 and reducing
MAE by 55%, proving that signal decomposition can effectively handle the non-
stationarity of complex time series data. However, with MAPE=10.04%, high-
frequency component noise still affects accuracy.

The final hybrid model combining ICEEMDAN-SSA secondary decomposition and
CNN-BILSTM shows comprehensive advantages. The NSE reaches 0.9733, which
is 61.7% and 41.2% higher than the single CNN and BiLSTM models, respectively.
The MAE is further reduced by 25% compared to the primary decomposition model.
Significant improvements are seen in all other indicators, verifying the superiority of
the "decomposition enhancement + deep learning fusion” strategy.

Fig. 11 shows the violin plots for the Lanzhou station, where Model 1 to Model 5
correspond to the CNN, BiLSTM, CNN-BIiLSTM, ICEEMDAN-CNN-BILSTM, and
ISCBL models, respectively. The violin plot of the measured values reflects the
statistical distribution of the real runoff. The prediction result distributions of the
undecomposed models (CNN, BiLSTM, CNN-BIiLSTM) show significant differences
from the measured values, indicating that single or simple hybrid models have limited
ability to capture complex nonlinear patterns.

The distribution of ICEEMDAN-CNN-BILSTM is closer to the measured values,
indicating that decomposition processing effectively extracts different frequency
components in the sequence, improving prediction accuracy. The ISCBL model
shows the best distributional agreement with the measured values, indicating that
secondary decomposition further optimizes the model’s fitting and generalization
ability.

Figure 11: Violin plots of different models

14
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4 Conclusions

This paper proposes a novel hybrid prediction model based on ICEEMDAN-SSA
secondary decomposition and CNN-BILSTM for the nonlinear and non-stationary
characteristics of the runoff series at the Lanzhou hydrological station in the upper
Yellow River. Validation using monthly runoff observation data from 1971 to 2023
shows that the model exhibits significant advantages under complex hydrological
conditions.

Secondary decomposition can effectively extract multi-scale features of the runoff
series, significantly improving prediction accuracy. The CNN-BiLSTM hybrid model
can capture spatiotemporal features simultaneously, demonstrating superior performance
in runoff prediction.

The ISCBL model achieves an NSE of 0.9733 and a MAPE of 8.35% on the test
set, providing an effective tool for runoff prediction in the upper Yellow River. Future
work will explore more data sources and more complex model structures to further
improve prediction accuracy.
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