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ABSTRACT To improve accuracy and address the non-linearity and non-stationarity in monthly runoff
forecasting, this paper proposes a method that integrates intelligent optimization techniques with Deep
Learning (DL) network. The Osprey-Cauchy-Sparrow Search Algorithm (OCSSA) is employed to fine-tune
the parameters of Variational Mode Decomposition (VMD), which is utilized to break down the original
runoff data into multiple Intrinsic Mode Functions (IMFs). A deep learning framework, combining Convo-
lutional Neural Networks (CNN), Bidirectional Gated Recurrent Units (BiGRU), and AttentionMechanisms
(AM), was developed, referred to as CNN-BiGRU-AM. Prior to feeding the IMFs into the network, the
hyperparameters of models were optimized by using the Northern Goshawk Optimization (NGO) algorithm.
Empirical analysis using 45 years of monthly runoff data from Hankou and Yichang Station in Hubei
Province demonstrates that the proposed model achieves lower forecasting errors and higher accuracy
compared to several commonly used models, offering a robust scientific foundation for runoff forecasting
and water resource management.

INDEX TERMS Deep learning, intelligent optimization algorithm, runoff forecasting, variational mode
decomposition.

I. INTRODUCTION
Runoff forecasting is crucial in water resources manage-
ment [1], flood mitigation, and hydropower generation.
Establishing predictive models based on historical runoff data
can reveal trends in hydrological changes within a basin.
However, the complex interactions between climate change
and human activities complicate the runoff formation process,
and runoff data often has nonlinear and non-stationary char-
acteristics [2]. Therefore, developing more accurate runoff
forecasting models remains a key challenge in hydrology.

In recent years, deep learning models have shown superior
performance in hydrological forecasting [3]. Research by
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Khosravi highlighted that Convolutional Neural Networks
(CNN) [4] performed well in spatial flood disaster forecast-
ing across Iran. Recurrent Neural Networks (RNNs) with
their exceptional ability to manage the highly nonlinear
interactions among complex hydrological factors, various
approaches have been utilized for daily runoff forecast-
ing [5]. Long Short-Term Memory (LSTM) networks and
Gated Recurrent Units (GRU), both variants of Recurrent
Neural Networks (RNNs), effectively address the vanish-
ing gradient problem encountered by RNNs when pro-
cessing long sequence data. This is achieved through the
introduction of gating mechanisms, making them widely
applicable in Rainfall-Runoff modeling [6], [7]. However,
single deep learning models still have limitations when deal-
ing with non-stationary data. Many researchers have begun
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exploring hybrid models to improve forecasting accuracy.
CNN effectively captures spatial features within the data.
Combining CNN with other models is a common method to
enhance the robustness of the model [8], [9], [10], [11], [12].
Moreover, the Bidirectional Gated Recurrent Units (BiGRU)
can address the limitations of GRU in capturing contextual
information in forecasting, providing more comprehensive
information integration and thus achieving more accurate
forecasting in certain cases [13], [14], [15]. However, hybrid
models may experience sequence loss and encounter chal-
lenges in capturing the structural information within long
time-series data. Attention Mechanisms (AM), as a resource
allocation tool, can address this issue by assigning varying
weights to input features [16], thereby enhancing critical
information, mitigating information loss in long sequences,
and enabling the model to better learn long-term depen-
dencies. The CNN-BiGRU model integrated with the AM
has been widely applied across various scientific research
domains, including text classification [17], traffic flow fore-
casting [18], multi-energy load forecasting [19] and wind
power forecasting [20]. However, there is no research on
applying this hybrid model to hydrological runoff forecast-
ing. Moreover, the performance of hybrid models heavily
depends on parameters setting, making efficient optimization
of these hyperparameters key to improving model perfor-
mance [21], [22], [23].

The complex causes of runoff data lead to non-stationary
and noisy distributions in both time and space, increasing
the difficulty of analysis and forecasting. Thus, preprocess-
ing runoff data to remove noise and extract stable trend
components is a key step for effective analysis and accu-
rate forecasting. Empirical Mode Decomposition (EMD)
can effectively perform adaptive decomposition, but as a
traditional method, it has unavoidable issues like mode mix-
ing [24]. Variational Mode Decomposition (VMD) is capable
of performing a Fourier transform on time series within a
fixed variational framework, decomposing the original signal
into multiple single-component modal signals with different
frequencies, which are referred to as Intrinsic Mode Func-
tions (IMFs), thereby significantly reducing the mode mixing
phenomenon commonly seen in Empirical Mode Decompo-
sition (EMD) [25]. Using the VMD method, it is possible to
obtain a series of central frequencies corresponding to each
IMF, thus creating relatively smooth subsequences. More-
over, VMD is essentially an extension of the classical Wiener
filter, adapted for use across multiple adaptive frequency
bands. Thanks to the noise reduction capability of the Wiener
filter, VMD demonstrates strong robustness when dealing
with non-stationary or noisy signals.

The application of VMD and ML in practical runoff fore-
casting fully uses their respective strengths, significantly
improves the stability, accuracy, and adaptability [26]. How-
ever, the effectiveness of VMD depends on the proper
selection of the number of modes and the penalty factor.
Some studies have determined VMD parameters through
manual settings, and constructed runoff forecasting models

combining VMD with ML, showing improved accuracy in
runoff forecasting after VMD decomposition [27], [28], [29],
[30]. Nevertheless, the process of manual parameter setting
often relies on experience or intuition and lacks systematic
theoretical support. Some scholars have proposed a mode
extraction method based on signal center frequency [31],
[32], but this method can lead to decomposition biases
when signal noise is high or initial estimates are inaccurate.
Additionally, the center frequency method cannot directly
determine the penalty factor. Thus, how to scientifically select
parameters for VMD remains a significant challenge.

This study proposes a runoff forecasting framework,
OCSSA-VMD-NGO-CNN-BiGRU-AM, which integrates
advanced signal decomposition and deep learning techniques.
Specifically, the VMD is optimized using the Osprey-
Cauchy-Sparrow SearchAlgorithm (OCSSA) to extract IMFs
that reduce noise while preserving essential hydrological
features. A hybrid deep learning model, CNN-BiGRU-AM,
is then constructed, combining the spatial feature extraction
of CNN, the temporal modeling capability of BiGRU, and the
AM for enhanced focus on key information. Furthermore, the
hyperparameters of models are fine-tuned using the Northern
Goshawk Optimization (NGO) algorithm to improve adapt-
ability to the decomposed input [33]. Experimental results
demonstrate that the proposed method significantly enhances
forecasting accuracy and stability, offering a robust tool for
runoff prediction and water resource management.

The main contributions of this study are as follows:

A. OPTIMIZED VMD WITH OCSSA
An improved preprocessing approach is proposed by opti-
mizing Variational Mode Decomposition (VMD) using the
Osprey-Cauchy-Sparrow Search Algorithm (OCSSA). This
enhances the decomposition and denoising of runoff data,
ensuring the stability and high quality of inputs for the fore-
casting model.

B. ENHANCED SSA
The integration of Logistic Chaotic Mapping, OOA, and
Cauchy Mutation strategies markedly enhances the global
search capability of the SSA, expedites its convergence, and
thereby boosts the overall optimization performance.

C. HYBRID DEEP LEARNING MODEL
A CNN-BiGRU-AM model is developed by leveraging the
combined strengths of CNN, BiGRU, and AM. This inte-
grated architecture enhances feature extraction, sequence
learning, and information weighting capabilities, thereby sig-
nificantly improving the accuracy of runoff forecasting.

D. HYPERPARAMETER OPTIMIZATION WITH NGO
Through efficient parameter searching, ensuring rapid con-
vergence during model training, reduces forecasting errors,
and enhances adaptability to complex hydrological condi-
tions for runoff forecasting.
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II. DATA PROCESSING TECHNOLOGY
A. THE VMD ALGORITHM
VMD is an emerging time-frequency analysis method suit-
able for handling non-stationary and nonlinear signals. This
method can decompose the signal x(t) into k IMFs, with the
following variational constraints:

h (t) =

(
δ(t) +

j
π t

)
∗ uk (t)

min
{uk }{ωk }

(∑
k

∥∥∥∂th (t) e−jωk t
∥∥∥2
2

)
s.t.

∑
k

uk = x (t)

(1)

where h (t) is denoted as the Hilbert transform; δ (t) is the unit
impulse function; j2 = −1; ∗ is the convolution operator; uk
is denoted as the k − th IMF; ωk is the corresponding centre
frequency; ∂t represents the distribution of Dirac; and e−jωk t

is the spectral shift of uk to the exponential term of ωk .
The introduction of a quadratic penalty parameter α and

a lagrangian multiplier λ can convert a variational constraint
into an unconstrained optimization problem:

L ({uk} , {ωk} , λ)

= α
∑
k

∥∥∥∂th (t) e−jωk t
∥∥∥2
2

+

∥∥∥∥∥x (t) −

∑
k

uk

∥∥∥∥∥
2

2

+

〈
λ (t) , x (t) −

∑
k

uk

〉
(2)

The time-frequency transformation in (2) is performed
using the Alternating Direction Method of Multipliers
(ADMM), which iteratively identifies the saddle point of the
augmented Lagrangian formulation:

ûn+1
k (ω) =

x̂ (ω) −
∑
i̸=k

û (ω) +
1
2 λ̂ (ω)

1 + 2α (ω − ωk)
2

ωn+1
k =

∫
∞

0 ω
∣∣û (ω)

∣∣2 dω∫
∞

0

∣∣ûk (ω)
∣∣2 dω

λ̂n+1 (ω) = λ̂n (ω) + τ

(
x̂ (ω) −

∑
k

ûn+1
k (ω)

) (3)

where x̂ (ω) , ûk (ω) and λ̂ (ω) are the frequency domain
forms of x (t), uk (t) and λ (t), respectively; ω is the fre-
quency; n is the iteration count; τ is the fidelity parameter.

B. PERMUTATION ENTROPY
As a nonlinear kinetic parameter, permutation entropy (PE)
serves as an effective method for quantifying the complexity
of a time series. It provides valuable insights into the intrica-
cies of nonlinear time series [34].

Step 1. For a time series x, set the delay time T (no skip)
and the embedding dimension m, reconstruct the original
sequence X in a K = N − (m− 1)T dimensional space as

follows:

{x (1) , x (1 + T ) , · · · x (1 + (m− 1)T )}

...

{x (j) , x (j+ T ) , · · · x (j+ (m− 1)T )}

...

{x (K ) , x (K + T ) , · · · x (K + (m− 1)T )}

(4)

Step 2. Each row of the vector is sorted in ascending order by
numerical magnitude or column index order:

x (i+ (j1 − 1)T ) ≤ x (i+ (j2 − 1)T )

≤ · · · ≤ x (i+ (jm − 1)T ) (5)

Step 3. All reconstructed vectors correspond to a set of
symbol sequences:

τ (r) = {j1, j2, · · · , jm} , (r = 1, 2, · · · ,R; R ≤ m !) (6)

each symbol sequence has m! permutations.
Step 4. Count the number of occurrences and the probabil-

ity of each symbol sequence.

Pr =
Cr
K

=
Cr

N − (m− 1)T

(
R∑
r=1

Pr = 1

)
(7)

Step 5. Depending on the theory of Information Entropy
calculate the PE value.

HPE (m) = −

R∑
r=1

Pr ln (Pr ) (8)

Step 6. Normalized the PE:

0 ≤ HPE =
HPE (m)

ln (m !)
≤ 1 (9)

The output result can intuitively reflect the complexity of
the IMFs. The smaller value of PE suggests that the time
series is smoother; conversely, the data becomes more ran-
dom. The PE calculation depends on the delay factor T and
embedding dimension m. A large m can reduce the effective-
ness of the algorithm, while a small may lead to a loss of
original sequence information. Compared to m and T has a
lesser impact on PE performance.

C. OCSSA-VMD OPTIMIZATION ALGORITHM
The Osprey-Cauchy Sparrow Search Algorithm (OCSSA) is
a variant of the Sparrow Search Algorithm (SSA) [35], which
integrates the Osprey Optimization Algorithm (OOA) and the
Cauchy Variation [36].

OCSSA aims to enhance the exploration and exploitation
capabilities of the traditional SSA by incorporating dynamic
adjustment mechanisms and Cauchy mutation strategies. The
flowchart of OCSSA-VMD is shown in Figure 1.

The detailed steps for implementing the algorithm are as
follows.

Step 1. Parameter initialization.
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1) SPARROW POPULATION INITIALIZATION

X =


x1,1 x1,2 · · · x1,M
x2,1 x2,2 · · · x2,M

...
...

. . .
...

xN,1 xN,2 · · · xN,M

 (10)

Set N of the sparrow population, the dimension M of the
variables to be optimized; the maximum number of iterations,
the upper and lower bounds for the penalty factor α and the
number of modes k .

2) CHAOS MAPPING INITIALIZATION
Logistic chaotic mapping is used to initialize the sparrow
population positions, increasing population diversity and pre-
venting convergence to a local optimum, achieving a more
uniform distribution of solutions.

Xk+1 = µXk (1 − Xk) (11)

where Xk ∈ (0, 1] is a random number;µ ∈ (0, 4] is a logistic
parameter that ensures the initial solution is uniformly dis-
tributed. As µ approaches 4, Xk tends to be more uniformly
distributed across the entire interval [0, 1], as illustrated in
Figure 2.

Step 2. Adaptation evaluation.

PEx =


pe
(
x1,1 x1,2 · · · x1,M

)
pe
(
x2,1 x2,2 · · · x2,M

)
· · ·

pe
(
xN,1 xN,2 · · · xN,M

)
 (12)

Calculate the PE of each sparrow, and record the location of
the optimal individual and its PE.

Step 3. Iterative update to improve the SSA.

3) UPDATE THE POSITION OF DISCOVERERS (BASED ON
OOA)
In order to improve the global search capability of the discov-
erer, the early warning mechanism in the sparrow algorithm
is combined with the OOA to update the location of the
discoverer.

The security level of the environment needs to be consid-
ered when updating the position of discoverer.

X t+1
i,j =

X t+1
i,j · exp

(
−

i
α · tmax

)
if R2 < ST

X ti,j + Q · L if R2 ≥ ST
(13)

where X ti,j is the position of the i − th sparrow in the j − th
dimension at the moment of t; α ∈ (0, 1] is a random number;
R2 ∈ (0, 1] express the warning value; ST ∈ [0.5, 1] is the
safety value; Q obeys a normal distribution; L is a 1 × M
matrix with element 1.

If R2 < ST , the discoverer will widen the search area; If
R2 ≥ ST , it will move to a safe area. The joiner will update
the position according to the discoverer’s movements.

To further enhance the global search capability of the
discoverer, OOA rules are applied during the position update
phase to select a better position and update the current one.

X t+1
i,j = X ti,j + r ·

(
Xselected−fish − I · X ti,j

)
(14)

where ray random number is used to adjust the update step; I
is a random integer of 1 or 2; and Xselected−fish is the selected
preferred position.

4) UPDATE THE POSITION OF THE JOINERS
In OCSSA, we introduce the Cauchy variation to enhance the
search ability of the joiner and expand the search area, thereby
avoiding local optimal solutions:

X t+1
i,j = X tbest + Cauchy (0, 1) · X tbest (15)

whereCauchy (0, 1) is the standard Cauchy distribution func-
tion, whose heavy-tailed nature allows individuals to make
larger jumps, thereby making the search more extensive.

Figure 3 compares the density functions of the Cauchy and
Gaussian distributions. The joiner uses X tbest to escape from
the local optimal solution.

Step 4. Update the position of the scouters.

X t+1
i,j =


X tbest + β

∣∣∣X ti,j − X tbest
∣∣∣ if pei > peg

X ti,j + γ

∣∣∣X ti,j − X tworst
∣∣∣

(pei − pew) + ε
if pei = peg

(16)

where X tbest is the global optimal position; β ∈ N (0, 1) is
the random step control parameter; γ ∈ [−1, 1]; pei is the
fitness value of the current sparrow; peg is the current global
optimal fitness value; pew is the current global worst fitness
value; ε → 0 is a constant.

Step 5. Adaptation update.
Recalculate the fitness of each sparrow and update the

positions of the best and worst individuals. If a new global
optimal solution is found, it replaces the current one.

Step 6. Check termination conditions.
1) Determine whether the maximum number of iterations

has been reached or the fitness value has met the conver-
gence condition. If the termination condition is met, stop the
algorithm and output the optimal VMD parameters [α, k].

2) Otherwise, return to step 3 and continue iteration.

D. OCSSA PERFORMANCE TESTING
To verify the superiority of the enhanced OCSSA, we com-
pared it with several well-known optimization algorithms,
including Sparrow Search Algorithm (SSA), Dung Beetle
Optimizer (DBO) [37], Subtraction-Average-Based Opti-
mizer (SABO) [38], and Gorilla Troop Optimization (GTO)
[39], on the CEC2005 standard optimization functions.

The tested functions are listed in Table 1. Figure 4 shows
the test functions and convergence curves for F1, F2, F3,
and F4. When the curve no longer fluctuates with increasing
iterations, it indicates that the algorithm has reached the
theoretical optimal solution.
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FIGURE 1. The flowchart of the OCSSA-VMD algorithm.

TABLE 1. Tested functions in CEC2005.

The results show that OCSSA reaches the optimal value
faster than other algorithms and surpasses them in both con-
vergence speed and precision.

III. DEEP LEARNING NETWORKS
The DL forecasting network constructed in this study inte-
grates CNN, BiGRU, and AM, referred to as CNN-BiGRU-
AM. The network design integrates the feature extraction
capabilities of CNN, the sequence processing abilities of
BiGRU, and the weight distribution function of the AM,

FIGURE 2. Logistic map: Iteration behavior and distribution.

making it suitable for accurate forecasting and feature capture
in runoff data.

A. THE THEORY OF CNN
CNN is a DL and can extract temporal features from data.
It includes convolutional layers, pooling layers, fully con-
nected layers, input layer, and output layer. The main internal
structure of the CNNmodel used is shown in Figure 5. In this
study, we set up the CNN with two convolutional layers and
two pooling layers.

B. THE THEORY OF BIGRU
The BiGRU contains GRUs operating in both forward and
backward directions. The structure of the BiGRU model is
shown in Figure 6. GRU is a variant of LSTM that simplifies
the gating mechanism. With fewer training parameters, GRU
has a simpler computation process, improving training speed.
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FIGURE 3. Comparison of cauchy and gaussian probability density
functions.

The GRU unit was calculated as (17):

rt = σ (Wrxxt +Wrhht−1 + br )

zt = σ (Wzxxt +Wzhht−1 + bz)

h̃t = tanh
(
Wh̃xxt +Wh̃h (rt ⊗ ht−1) + bh̃

)
ht = (1 − zt) ⊗ ht−1 + zt ⊗ h̃t (17)

where V t and ht represent input and output; rt and zt cor-
respond to the reset gate and update gate, respectively; σ

represents the sigmoid function; h̃t is the parameter to be
updated; tanh is the activation function; ⊗ is element-wise
multiplication;W and b is the weight and bias.

⇀

ht = GRU
(
xt ,

⇀

ht−1

)
↼

ht = GRU
(
xt ,

↼

ht−1

)
ht = V t

⇀

h +W t
↼

ht + bt

(18)

The output of each BiGRU unit at time t is determined
by three components: the bias at time t , the forward GRU
output

⇀

ht , and the backward GRU output
↼

ht . The specific
calculation process is as (18). Where xt represents the input;
⇀

ht and
↼

ht respectively represent the forward and backward
outputs; Vt ,Wt and bt represent the weights and biases.

C. THE THEORY OF AM
AM is a commonly used technique in DL, suitable for
processing long sequences of data. Figure 7 illustrates the
schematic diagram of the AM. The sequence x1, x2, · · · , xt
is the input.

Each input processed by the attention network produces
hidden layer outputs, denoted as h1,h2, · · · ,ht . The AM
assigns distinct weights α1, α2, · · · , αt to these hidden layer
outputs, resulting in the model’s final output y1, y2, · · · , yt .

In this study, the AM is incorporated into the runoff com-
bination forecasting model, optimizing the weights [40] of

FIGURE 4. Four test functions and convergence curves.

FIGURE 5. The structure of CNN.

features extracted from CNN and BiGRU, thereby enhancing
the accuracy and reliability of runoff forecasting.
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FIGURE 6. The structure of BiGRU model.

FIGURE 7. The structure of AM.

D. THE NGO ALGORITHM
NGO simulates the behavior mechanism of Northern
Goshawks in nature when hunting prey, combining explo-
ration and exploitation phases for optimization and boasting
rapid convergence speed. The iterative steps are as follows:

Step 1. Population initialization phase.
Each goshawk is regarded as a vector, and thus a group

of goshawks forms the population matrix of the algorithm.
The population members are initialized randomly within the
search space.

C =



C1
...

C i
...

CN

 =



C1,1 · · · C1,j · · · C1,M
...

...
...

...
...

C i,1 · · · C i,j · · · C i,M
...

...
...

. . .
...

CN,1 · · · CN,j · · · CN,M

 (19)

where C is the population of Northern Goshawks; Ci is the
initial position of the i − th goshawk; Ci,j is the position of
the i − th goshawk in the j − th dimension; while N and M
correspond to the population size and the dimensionality of
the objective function, respectively.

The column vector form of the objective function is as (20).
Where F (C) is the objective function vector, and Fi is the

objective function corresponding to the i− th target position.

F (C) =



F1 = F (C1)
...

Fi = F (C i)
...

FN = F (CN )


N×1

(20)

Step 2. Randomly determine the initial positions of the
Northern Goshawks.

Ci,j = lbj + r ·
(
ubj − lbj

)
(21)

where lbj and ubj are the lower and upper boundaries for the
optimization, and r ∈ [0, 1] is a random number.
Step 3. Evaluate the population.
Assess each goshawk, record the optimal position of each

searching goshawk, and update their positions based on the
objective function.

Step 4. Exploration and identification phase.
Northern goshawks randomly select prey for rapid attacks

and adjust their positions based on fitness values. The math-
ematical process is as (22).

Pi = Ck , i = 1, 2, · · · ,N ; k = 1, 2, · · · , i− 1, · · · ,N

Cnew,P1
i,j =

{
Ci,j + q

(
pi,j − SCi,j

)
,FPi < Fi

Ci,j + q
(
Ci,j − pi,j

)
,FPi ≥ Fi

Ci =

{
Cnew,P1
i ,Fnew,P1

i < Fi
Ci,F

new,P1
i ≥ Fi

(22)

where Pi is the prey position attacked by the i− th goshawk;
FPi is the objective function; C

new,P1
i is the updated position

of the i− th goshawk at the current stage; Cnew,P1
i,j is the new

position of the goshawk in the j − th dimension; Fnew,P1
i is

the objective function at this new position. q ∈ [0, 1] and
S = 1, 2 can enhance the search capability.
Step 5. Development and Hunting Phase.
The Northern Goshawk quickly pursues the prey within

a circular search radius of R. Assume Cnew,P2
i,j is the new

position of the i − th goshawk in the j − th dimension; T is
the maximum of iterations; Cnew,P2

i is the new position of the
goshawk during the hunting phase; andFnew,P2

i is the function
value at the new position of the prey. The mathematical
expression is as follows:

Cnew,P2
i,j = Ci,j + R (2r − 1)Ci,j

R = 0.02
(
1 −

t
T

)
Ci =

{
Cnew,P2
i ,Fnew,P2

i < Fi
Ci,F

new,P2
i ≥ Fi

(23)

Step 6. Update the positions and fitness of individuals in
the population, and check max iterations or termination
condition.

Step 7. Save the best solution and its position, then
output the result.
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FIGURE 8. The framework of the OCSSA-VMD-NGO-CNN-BiGRU-AM
model for runoff forecasting.

E. RESEARCH FRAMEWORK FOR RUNOFF FORECASTING
Figure 8 illustrates the framework of the OCSSA-VMD-
NGO-CNN-BiGRU-AM model for runoff forecasting.

The main steps are as follows:
Step 1. OCSSA-VMD.
Using OCSSA to optimize VMD, decomposing runoff data

into k IMFs.
Step 2. Model Construction.
The input layer is used to normalize the runoff data, then

CNN uses the ReLU activation function to enhance nonlinear
modeling capability, extracts key features through the max
pooling layer, and passes them to the BiGRU layer after
flattening. BiGRU captures the temporal dependencies in the
data, which are merged with the CNN output as input to the
AM, which focuses on the parts that contribute to the forecast
and ignores irrelevant information, and finally passes through
the regression output layer.

Step 3. NGO Optimize Model Hyperparameters.
Optimize the hyperparameters of the CNN-BiGRU-AM

model by NGO.
Step 4. Model Training.
Determine the model input step size, and input the IMFs

into the NGO-CNN-BiGRU-AMmodel for training to obtain
the predicted values.

Step 5. Aggregation.
Sum the predicted values of the IMFs to obtain the final

runoff forecasting.
Step 6. Performance Evaluation.
Evaluate the forecasting performance and accuracy.

IV. STUDY AREA AND DATASET
This study focuses on Hankou Station in the Yangtze River
Basin as the primary research station, as illustrated in Figure 9

TABLE 2. The model evaluation metrics.

(a), and it is the largest river basin in China. Hankou Station
serves as a vital monitoring station, delivering critical scien-
tific data to bolster flood control and drought management
initiatives.

Figure 9 (b) illustrates the 540-month actual runoff time
series curve for Hankou Station, covering the period from
January 1979 to December 2023, with a training-to-testing
data ratio of 8:2.

The annual distribution of the long-term average Monthly
Runoff at Hankou Station is illustrated in Figure 9 (c). The
box plot indicates that there is a significant seasonal variation
in the runoff throughout the year. The runoff volume in
summer (June to August) is higher than in other periods. The
box span is larger, indicating that the interannual fluctuation
of runoff during the flood season is more pronounced, and
that the main runoff recharge occurs in summer.

The runoff data is analyzed using the autocorrelation
function (ACF) and partial autocorrelation function (PACF),
as shown in Figure 9 (d). The PACF exhibits a truncation at
the 13th lag [41], while the ACF reveals a strong periodicity
with a 12-month cycle. This indicates a distinct seasonal
pattern in the runoff data, evident between corresponding
months across different years.

In this study, the input step size is set to 12 months based
on the observed seasonal variability in runoff data, so that the
model can accurately capture and predict its cyclic behavior.
This setting helps improve the model’s robustness and pre-
diction accuracy, especially for time series data with strong
seasonal trends.

V. RESULTS AND ANALYSIS
A. MODEL EVALUATION METRICS
Using Mean Absolute Percentage Error (MAPE), Root Mean
Squared Error (RMSE), and the Coefficient of Determination
(R2) as evaluation metrics, lower MAPE and RMSE values
signify better model performance. Conversely, an R2 value
closer to 1 indicates greater predictive accuracy and better
goodness-of-fit.

The equations for evaluation metrics are presented in
Table 2. Where X̂t denotes the estimated data, and n stands
for the sample size. Xt and X̄t is the true and mean values of
runoff.
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FIGURE 9. Hankou station and its monthly runoff features.

B. RUNOFF DATA DECOMPOSITION BY OCSSA-VMD
In this study, we use the minimum permutation entropy as the
fitness function to optimize the OCSSA-VMD parameters.
The settings are as follows: 20 sparrows in the popula-
tion, a maximum of 30 iterations, 20% discoverers, and
a logistic map parameter of 3. The number of modes k
ranges from 3 to 100, while the penalty factor ranges
from 10 to 2500.

From the iteration curve of OCSSA-VMD in Figure 10
(a), it can be observed that convergence is achieved by
the 2nd iteration, with a minimum PE value of 0.497903.
After 20 iterations, the optimal values for and are 10 and
2397.8 (Figure 10 (b)). Using MATLAB software, the origi-
nal Monthly Runoff data of Hankou Station was decomposed
by OCSSA-VMD and EMD. The IMFs are shown in Fig-
ures 10 (c) and (d). Figure 10 (e) shows the IMF frequency

spectrogram for OCSSA-VMD, while Figure 10 (f) presents
the IMF frequency spectrogram for EMD. The spectrogram
obtained by the two methods are significantly different.

The OCSSA-VMD and EMD both can decompose the
original signal into 10 IMFs. From the perspective of spectral
distribution, the IMF of EMD has significant amplitudes in
both low and high frequency bands. This is mainly due to the
decomposition mechanism of EMD based on local extreme
points of the signal, which makes it sensitive to noise and
non-stationary components, thereby causing mode mixing,
with a single IMF containing multiple time-scale compo-
nents, or the same frequency component is decomposed into
multiple IMFs. In contrast, OCSSA-VMD achieves superior
modal separation via frequency-domain constraints, with less
spectral overlap between adjacent IMFs, and the spectra show
higher concentration and independence.
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FIGURE 10. Iteration and decomposition results of the OCSSA-VMD method with comparison to EMD.
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TABLE 3. ADF test results comparing stationarity of IMFs from
OCSSA-VMD and EMD decomposition.

TABLE 4. Performance metrics of each model on the test dataset at
Hankou station.

Table 3 shows the Augmented Dickey-Fuller (ADF) test
applied to the original runoff data and the IMFs obtained
through the OCSSA-VMD and EMD methods. The p-value
of the original runoff data is 0.672, indicating non-stationarity
(P > 0.05). When using the OCSSA-VMD method, most
IMFs exhibit significant stationarity. In contrast, the EMD
method fails to effectively separate stationary components in
the higher-order IMFs.

TABLE 5. Performance metrics of each model on the test dataset at
Yichang station.

C. MODEL PERFORMANCE COMPARISON
This study selects eight models, categorized into three
groups for ablation analysis to verify the superiority of the
proposed model. The baseline group includes CNN-RVM,
CNN-LSSVM, CNN-LSTM, CNN-BiLSTM, CNN-GRU,
CNN-BiGRU, CNN-BiGRU-AM, and NGO-CNN-BiGRU-
AM; EMD, VMD, and OCSSA-VMD are introduced for
comparison. The indicator values for the test set are detailed
in Table 4.

Compared to the EMD-NGO-CNN-BiGRU-AM model
(Figure 11 (a)), the proposed OCSSA-VMD-NGO-CNN-
BiGRU-AM model reduces MAPE by 84.36%, RMSE by
85.58%, and improves R2 by 25.17%, greatly enhancing
predictive performance. While compared to VMD-NGO-
CNN-BiGRU-AM (Figure 11 (b)), it achieves a 41.67%
reduction in MAPE, 45.23% reduction in RMSE, and a
1.28% increase in R2, demonstrating the effectiveness of
OCSSA-VMD in refining VMD and improving runoff pre-
diction stability.

The OCSSA-VMD-NGO-CNN-BiGRU-AM (Figure 11
(c)) model achieved the best predictive accuracy, with an R2

value of 0.9951, and the lowest MAPE and RMSE (Table 4).
This highlights its strong adaptability and robustness in

handling complex, volatile data. The results confirm that
integrating OCSSA with VMD for denoising, in combination
with CNN, BiGRU, and AM, effectively enhances model
performance.

VI. DISCUSSION
To validate the effectiveness of the proposed model, we con-
ducted tests using actual runoff data from Yichang Station
of Hubei province. The data from this station is representa-
tive and accurately reflects the hydrological characteristics
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FIGURE 11. Runoff prediction curves at Hankou Station under different
decomposition models (a) with EMD, (b) with VMD, and (c) with
OCSSA-VMD.

of the Yangtze River Basin. When applied to non-stationary
and nonlinear runoff data, the OCSSA-VMD method signif-
icantly enhances decomposition stability.

The runoff prediction results obtained using the OCSSA-
VMD method at Yichang Station are presented in Figure 12

FIGURE 12. Runoff prediction results at Yichang Station under different
models: (a) Prediction curves using OCSSA-VMD; (b) Absolute prediction
errors of each model.

(a), where the predicted values closely alignwith the observed
runoff, which indicates the model’s high precision and gen-
eralization ability.

Furthermore, Figure 12 (b) presents the absolute prediction
errors of various models. It is evident that the OCSSA-
VMD-NGO-CNN-BiGRU-AM model consistently exhibits
the smallest prediction error across all time points, confirm-
ing its superiority over the comparison models in terms of
forecasting precision.

The analysis results presented in Table 5 demonstrate
that the OCSSA-VMD method surpasses both EMD and
VMD in terms of three evaluation metrics: RMSE, R2, and
MAPE.

Specifically, in terms of RMSE, the minimum improve-
ment ratios of OCSSA-VMD model compared to EMD and
VMD are 84.17% and 43.08% respectively, and the maxi-
mum improvements reach 85.51% and 64.59%. Concerning
the R2metric, OCSSA-VMD attains minimum improvement
ratios of 33.72% over EMD and 7.68% over VMD, with
maximum improvements of 43.07% and 14.37% respectively.
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In terms of MAPE, the method achieves minimum
improvements of 77.55% and 46.47% when compared with
EMD and VMD respectively, as well as maximum improve-
ments of 83.67% and 69.20%.

In summary, OCSSA-VMD demonstrates significant
advantages over traditional decomposition methods, partic-
ularly in reducing prediction errors and enhancing model fit-
ting accuracy. These findings suggest that the OCSSA-VMD
approach offers greater robustness and precision in pro-
cessing complex, nonlinear hydrological signals, thereby
providing a more effective tool for runoff forecasting and
related applications.

VII. CONCLUSION
This study introduces an innovative runoff forecasting model
that integrates optimized VMD and advanced deep learning
networks. By evaluating the model using datasets from a
designated study area, the findings reveal its exceptional
capability in boosting the precision of runoff predictions. This
comprehensive strategy not only minimizes parameter tuning
errors but also substantially improves the stability and accu-
racy of forecasts, thereby offering a more refined instrument
for water resource management and flood warnings.

The main contributions of this paper include:

A. INNOVATIVE DATA DECOMPOSITION TECHNIQUE
We introduce the OCSSA-VMD technique for runoff data
decomposition. Unlike traditional methods like EMD and
VMD, the OCSSA-VMD approach effectively handles non-
linear and non-stationary characteristics in the data, offering
more accurate and stable results. This innovative decompo-
sition strategy significantly improves the robustness of the
model by reducing noise and irrelevant components in the
data.

B. ENHANCED OPTIMIZATION PROCESS WITH
OCSSA-VMD
To enhance the optimization effect, this study integrates the
OOA and Cauchy mutation strategies into the OCSSA-VMD
framework. These strategies effectively prevent the SSA
from converging to local optima, thereby improving both
the efficiency and accuracy of the algorithm. OOA expands
the search space, while Cauchy mutation introduces con-
trolled randomness to escape local minima. OCSSA-VMD
accurately and efficiently decomposes runoff, significantly
improving the quality of the model inputs.

C. ADVANCED HYBRID MODEL FOR COMPLEX PATTERN
RECOGNITION
Combining advanced deep learning architectures, CNN
layers meticulously process each IMF derived from
OCSSA-VMD to comprehensively extract local features.
BiGRU captures the bidirectional temporal features of
the data, thereby enhancing the modeling capabilities.
AM dynamically adjusts weights to accentuate pivotal fea-
tures, further elevating predictive performance. Additionally,

an NGO is employed to optimize the parameters of the hybrid
networks, refining their overall efficiency.

D. PRACTICAL APPLICATION VERIFICATION
The proposed model was validated using real-world runoff
data from the Hankou and Yichang Stations. Experimental
results demonstrate that the OCSSA-VMD method sub-
stantially enhances data preprocessing, capturing critical
nonlinear features and providing more precise predictions.
When paired with the CNN-BiGRU-AM model, this inte-
grated approach notably outperforms conventional EMD and
VMD techniques in forecasting runoff, achieving reductions
in RMSE by 85% and 45%, respectively.

In summary, the contributions of this paper are not only
theoretical but also highly practical. The innovations in
data decomposition, optimization, feature extraction, and
parameter tuning lead to a model that offers significant
improvements in the prediction of runoff, particularly in
extreme weather events, providing valuable decision support
for policy makers.

Despite the promising results, the proposed model exhibits
certain limitations. A notable constraint is its dependence on
high-quality data for optimal performance, as inaccuracies or
incomplete data can compromise the decomposition and fore-
casting accuracy. Furthermore, the model’s computational
complexity tends to escalate with the incorporation of more
intricate features, which may hinder its scalability to larger
datasets.

For future endeavors, we suggest investigating the inte-
gration of advanced optimization algorithms and hybrid
models to enhance performance. Additionally, since the cur-
rent model predominantly focuses on point prediction, which
is inherently deterministic, there is a substantial opportunity
to expand this work into interval forecasting. This extension
would enable the model to quantify prediction uncertainties,
thereby providing a more robust and comprehensive method-
ology for runoff forecasting.
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