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Abstract

Hydrological runoff prediction serves as the core technological foundation for water re-
source management and flood/drought mitigation. However, the nonlinear, non-stationary,
and multi-temporal scale characteristics of runoff data result in insufficient accuracy of
traditional prediction methods. To address the challenges of single decomposition methods’
inability to effectively separate multi-scale components and single deep learning models’
limitations in capturing long-range dependencies or extracting local features, this study
proposes an Informer-GRU runoff prediction model based on STL-CEEMDAN secondary
decomposition and Gorilla Troops Optimizer (GTO). The model extracts trend, seasonal,
and residual components through STL decomposition, then performs fine decomposition
of the residual components using CEEMDAN to achieve effective separation of multi-scale
features. By combining Informer’s ProbSparse attention mechanism with GRU’s temporal
memory capability, the model captures both global dependencies and local features. GTO
is introduced to optimize model architecture and training hyperparameters, while a multi-
objective loss function is designed to ensure the physical reasonableness of predictions.
Using daily runoff data from the Liyuan Basin in Yunnan Province (2015-2023) as a case
study, the results show that the model achieves a coefficient of determination (R?) and
Nash-Sutcliffe efficiency coefficient (NSE) of 0.9469 on the test set, with a Kling-Gupta
efficiency coefficient (KGE) of 0.9582, significantly outperforming comparison models such
as LSTM, GRU, and Transformer. Ablation experiments demonstrate that components
such as STL-CEEMDAN secondary decomposition and GTO optimization enhance model
performance by 31.72% compared to the baseline. SHAP analysis reveals that seasonal com-
ponents and local precipitation station data are the core driving factors for prediction. This
study demonstrates exceptional performance in practical applications within the Liyuan
Basin, providing valuable insights for water resource management and prediction research
in this region.

Keywords: runoff prediction; deep learning; Informer-GRU; GTO; time series decomposition;
multi-objective loss function

1. Introduction

Hydrological runoff forecasting plays a pivotal role in water resource management,
flood and drought mitigation, and hydraulic infrastructure planning. Accurate runoff pre-
diction is essential for optimizing reservoir operations, agricultural irrigation scheduling,
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ensuring water supply security, and issuing timely flood warnings. It serves as a scientific
foundation for the sustainable utilization of water resources [1-5]. However, under the
intensifying impacts of climate change and the increasing frequency of extreme weather
events, runoff dynamics—shaped by precipitation, evaporation, soil properties, vegetation
cover, and anthropogenic activities—exhibit pronounced nonlinearity, nonstationarity, and
spatiotemporal variability. These complexities challenge the predictive accuracy of tradi-
tional hydrological models. Faced with the dual pressure of uncertainty and hydrological
prediction challenges [6,7], it has become a core topic in the field of hydrological prediction
to develop more adaptive runoff prediction models to achieve accurate prediction.

Deep learning can effectively identify the mapping relationship between input and
output variables, and has strong nonlinear fitting ability. It is widely used in the field of
runoff prediction [8-10]. For instance, Wilbrand et al. [11] trained Long Short-Term Memory
(LSTM) models on global datasets such as ERA5 and CAMELS-US to forecast runoff in
ungauged basins, showcasing the model’s generalization and scalability. Clark et al. [12]
benchmarked LSTM against conceptual hydrological models across 500 Australian basins,
revealing superior performance in generalization and drought-period prediction. Wang
et al. [13] employed a feedback-enhanced Gated Recurrent Unit (GRU) variant to improve
flood forecasting in fast-response basins. Xu et al. [14] integrated wavelet transforms with
Transformer architectures to achieve high-precision monthly runoff predictions, particularly
excelling in peak flow estimation. Jia et al. [15] combined GRU with robust local mean
decomposition and slime mold optimization to enhance monthly runoff forecasting in the
Yiluo River Basin, China. Wang et al. [16] incorporated baseflow separation techniques into
Transformer models, improving long-lead runoff prediction in the Yellow River Basin.

Despite these advances, due to the nonlinearity and nonstationarity of runoff data,
the original data is still insufficient for prediction in deep learning model. To address
this, Zhang et al. [17] integrated decomposition techniques such as Variational Mode
Decomposition (VMD), Empirical Mode Decomposition (EMD) and Wavelet Analysis (WA)
with long LSTM networks, identifying VMD-LSTM as the most effective combination over
41 years of data. Xu et al. [14] decomposed runoff into intrinsic mode functions (IMFs) using
VMD, then applied CNN and BiLSTM with Bayesian optimization to significantly improve
prediction accuracy. He et al. [18] proposed the SD-GRU model, which decomposes
runoff into seasonal components prior to GRU modeling, yielding enhanced precision
and robustness. Wang et al. [19] utilized STL to preprocess inflow data into trend and
seasonal components, improving LightGBM'’s predictive performance for Bohai Bay inflows.
Aerts et al. [20] applied CEEMDAN decomposition to enhance GRU-based flood forecasting
in mountainous regions.

While combining single decomposition methods with deep learning architectures has
improved predictive accuracy, notable limitations persist. Regarding decomposition: runoff
data encompasses interannual, seasonal, monthly, and weekly variability, with overlapping
periodic components across scales. Single decomposition techniques struggle to isolate
and identify these multi-scale patterns effectively. Moreover, the runoff process contains
linear trend and complex nonlinear change, which can not be adequately processed by
traditional linear decomposition methods. For example, STL can not adequately deal with
the nonlinear high-frequency components in the residual, while the residual often contains
important high-frequency information and abnormal event information. Ignoring the resid-
ual leads to information loss [21]. Regarding deep learning models: although LSTM can
model long-term dependencies, it suffers from high computational complexity, low training
efficiency, and susceptibility to overfitting due to its large parameter space, with gradient
propagation issues in long sequences. GRU lacks global modeling capacity and struggles
to capture long-range dependencies. Transformer models, despite their powerful attention
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mechanisms, are limited in extracting localized temporal features [22]. Furthermore, model
performance is highly sensitive to architectural design and hyperparameter configuration.
Traditional manual tuning and grid search methods are inefficient in high-dimensional
parameter spaces and prone to local optima, constraining further performance gains [23].

To address these challenges, this study proposes an Informer-GRU runoff prediction
model based on STL-CEEMDAN secondary decomposition and artificial gorilla force opti-
mizer (GTO). At the time series decomposition level, this paper combines the advantages
of STL and CEEMDAN to dig and extract information from complex hydrological time
series layer by layer. At the deep learning architecture level, residual connections and
layer normalization are introduced to integrate Informer’s ProbSparse attention mecha-
nism with deep GRU networks, forming a hybrid architecture capable of capturing both
long-range dependencies and localized temporal features. For model optimization, the
Gorilla Troops Optimizer (GTO) is employed to perform intelligent global parameter search,
automatically tuning architectural parameters (e.g., number of hidden layers, neurons,
attention heads) and training hyperparameters (e.g., learning rate, batch size, loss weights).
A multi-objective loss function incorporating hydrology-specific metrics is designed to
ensure the physical plausibility of predictions. The primary objectives of this research
are to:

(1) Develop a high-precision daily runoff prediction methodology specifically tailored
for water resource management in the Liyuan Basin, Yunnan Province;

(2) Investigate the effectiveness of STL-CEEMDAN secondary decomposition in process-
ing complex hydrological time series with multi-scale variability;

(3) Validate the superiority of the GTO-optimized Informer-GRU hybrid architecture in
capturing both global and local temporal patterns in runoff dynamics;

(4) Provide a comprehensive technical framework and practical insights for water re-
source management and flood control in similar plateau mountainous watersheds.

The proposed methodology demonstrates exceptional performance in the Liyuan
Basin case study, achieving coefficient of determination (R?) and Nash-Sutcliffe efficiency
(NSE) values of 0.947 with Kling-Gupta efficiency (KGE) of 0.958. These findings contribute
practical insights and technical guidance for water resource management strategies, reser-
voir operation optimization protocols, and flood risk assessment frameworks applicable to
extensive regions throughout Yunnan Province and hydrologically similar mountainous
watersheds with comparable climatic conditions.

2. Study Area and Data Sources

The Liyuan Basin in Yunnan Province is selected as the case study area (Figure 1).
The Liyuan Basin is located in northwestern Yunnan Province, situated in the transition
zone between the southeastern edge of the Qinghai-Tibet Plateau and the Yunnan-Guizhou
Plateau, belonging to a typical plateau mountain subtropical monsoon climate zone. The
input data for this study consists of precipitation and runoff data. Runoff data uses
measured daily runoff data from the inflow control section at the Liyuan Hydropower
Station outlet, with units in cubic meters per second (m3/s). Precipitation data comes
from measured daily precipitation data from 6 rain gauge stations within the Liyuan Basin
(TuGong, XiaoZhongDian, XiaRuo, BaiDi, BenZiLan, GeZan), spanning from 1 January 2015,
to 31 December 2023, totaling 3287 days.

It should be noted that the rain gauges are primarily concentrated in the lower portion
of the watershed, which reflects practical constraints of gauge installation and maintenance
in mountainous terrain. However, this spatial limitation is addressed through several as-
pects of our methodology: (1) The STL-CEEMDAN decomposition extracts robust seasonal
and trend patterns that are less sensitive to spatial sampling density; (2) The six gauges cap-
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ture the main precipitation gradient from upstream to downstream within the basin; (3) The
hierarchical decomposition approach focuses on temporal pattern extraction rather than
spatial interpolation, making it more resilient to spatial bias in gauge distribution. While
future research could benefit from additional upstream gauges, our results demonstrate
that the current network provides sufficient information for accurate runoff prediction in

this basin.
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Figure 1. Research area map.

3. Research Methods
3.1. Time Series Secondary Decomposition

Time series decomposition is an important means to extract the potential information
of time series data. By decomposing the complex original sequence into trend, seasonality,
periodicity and residual components, we can better understand the internal laws of the
data. In hydrological prediction, runoff time series typically contain variation patterns
at multiple temporal scales: long-term trends reflect the influence of basin underlying
surface conditions and climate change, seasonal variations embody the annual distribution
characteristics of precipitation and temperature, and short-term fluctuations correspond to
specific rainfall-runoff events [24]. Based on runoff data characteristics and the limitations of
single decomposition, this study adopts a secondary decomposition framework combining
STL and CEEMDAN.

3.1.1. STL Decomposition Method

STL decomposition (Seasonal and Trend decomposition using Loess) iteratively sepa-
rates trend (T), seasonality (S), and residual (R) through locally weighted regression [25].
The calculation formula is as follows:

X(t) =T(t) + S(t) + R(t)

where X(t) is the original time series, T(t) is the trend component, S(t) is the seasonal
component, and R(t) is the residual component.

STL decomposition uses an iterative algorithm that achieves decomposition by alter-
nately fitting seasonal and trend components:
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Step 1 Seasonal component extraction:
S1(t) = Loesssaasona (X (1) = TV (1)
Step 2 Trend component extraction:
T () = Loesstyena (X(t) = 59 (1))
Step 3 Residual calculation:
RO () = X(£) = TW (1) — s®) ()

where L0€ssS.50na1 and Loessye,g represent locally weighted regression for seasonal and
trend fitting respectively, and k represents the iteration number.

3.1.2. CEEMDAN Decomposition Method

CEEMDAN (Complete Ensemble Empirical Mode Decomposition with Adaptive
Noise) is an improved version of EMD that effectively solves mode mixing problems by
adding adaptive white noise [26]. The calculation process is as follows:

Given input signal R(t) (residual from STL decomposition), CEEMDAN decomposi-
tion decomposes it into n Intrinsic Mode Functions (IMFs) and one residual term:

ZIMP + ra(t)

First-order IMF extraction:

IMF1(t Zz = 1'E; (R(t) + BoE1 (w( (1))

k-th order IMF extraction (k > 2):

IMFk(t Zz = 1'Ex (Resi_1(t) + Br-1 Ex (@) (1))

where: Ej(-) represents the k-th mode operator of EMD decomposition, w(?) (t) represents
the i-th white noise sequence, f represents the k-th noise standard deviation coefficient, I
represents the ensemble averaging times, and Res;_1(t) represents the residual signal from
the (k — 1)-th step.

Residual signal update:

Resk(t) = Resy_1(t) — IMFy(t)

IMF selection strategy: To avoid redundant information and noise interference, this
study designs a selection method for important IMF components based on energy contribu-
tion. The energy contribution of each IMF is calculated, and the top several components
with high energy proportions are selected as input features [27].

Energy calculation: Energy, = Y.l ; IMF(t)

Energy,

Importance proportion: Importance, = Y5 Energy;
=1 i
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3.1.3. STL-CEEMDAN Joint Decomposition

The STL-CEEMDAN joint decomposition framework adopted in this study can be

expressed as:
n

X(t) = T(t) + S(t) + Y IMF;(t) + ra(t)
i=1

The first step uses STL decomposition to extract clear trend and seasonal components
from the runoff sequence, which have good interpretability and stability. The second
step applies CEEMDAN decomposition to the residual from STL decomposition. At this
point, the residual sequence is relatively stationary with main trend and seasonal inter-
ference removed, allowing CEEMDAN to focus on capturing remaining nonlinear and
non-stationary components, avoiding potential false mode problems when directly process-
ing the original sequence. Through this hierarchical decomposition strategy, the nonlinear
and non-stationary runoff sequence is decomposed into components at different scales,
achieving effective separation of deterministic and stochastic, linear and nonlinear, global
and local features. Consequently, it provides richer input information for deep learning
models and solves the modeling difficulties caused by mixed multi-scale features in runoff
sequences, reduces sequence complexity through separate modeling of each component,
improves feature specificity, filters high-frequency noise through decomposition, high-
lights effective signals, and enhances robustness. Additionally, STL decomposition has
low computational complexity and can quickly extract main deterministic components,
while CEEMDAN only needs to process smaller-scale residual sequences, greatly reducing
computational burden and time cost.

3.2. Deep Informer-GRU Network Architecture Construction and Optimization
3.2.1. Informer

Informer is a Transformer variant specifically designed for long sequence time series
prediction tasks, proposed by Zhou et al. [28] in 2021. Informer addresses the limitations of
traditional Transformers in long sequence prediction through three key innovations:

(1) ProbSparse Self-Attention Mechanism

Compared to traditional Transformer self-attention mechanisms, computational com-
plexity is reduced from O(L?) to O(LlogL), significantly reducing computational load.
This enables Informer to process sequences of thousands in length, while traditional Trans-
formers can only handle sequences of hundreds of observations in length. The ProbSparse
attention proposed by Informer is based on the sparsity assumption: in long sequences,
only a few query-key pairs significantly contribute to the final attention output, with
most attention weights close to the average value. The calculation process for ProbSparse
attention is as follows:

ProbSparse attention first defines query sparsity measure M(q;, K):

qik} 1 L gik]
Vd LK]‘:1 Vd

M(q;, K) = mw{
]

where: g; is the i-th query vector, K = kq, ky, ..., k. is the key vector set, d is the attention
head dimension, and L is the key sequence length.
Based on the sparsity measure, the top u most important queries are selected:

Q = {gili € Top — u(M(q;,K))}

where u = c - InLg, ¢ is the sampling factor, and L is the query sequence length.
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ProbSparse attention calculation:

ProbSparse(Q, K, V) = softmax Q—KT 1%
p 7 ANy \/H

(2) Self-Attention Distilling

In Transformer encoders, attention maps of adjacent layers have similar patterns, creat-
ing redundancy. Distillation operations can reduce the number of layers while maintaining
performance. The mathematical formula is as follows:

First, define the similarity between attention maps of the I-th and (I + 1)-th layers:

LA 40ty _ tr(AD - (AT

where AD) and AU+ represent the attention matrices of the /-th and (1 + 1)-th layers
respectively; tr(-) represents the matrix trace and || - ||r represents the Frobenius norm.

Distillation operation:

Where

X = MaxPool (ELU (Conv1d(X")))

where: X](l) is the feature after the j-th distillation of the I-th layer, Convld is one-
dimensional convolution operation, ELU is exponential linear unit activation function,
and MaxPool is max pooling operation.

(3) Generative Decoder

Traditional Transformer decoders use step-by-step decoding, which is inefficient for
long sequence prediction. Informer’s generative decoder can generate complete prediction
sequences at once, improving long sequence prediction efficiency.

Input construction:

Decippur = Concat(Yioken, Yplaceholder)

where: Yjre, is the known starting sequence and Yy acenorder is the placeholder sequence.
Decoder calculation:

Ypreq = Decoder(Deciypyt, Encoderoutput)

As shown in Figure 2, the complete architecture of Informer consists of: The data
embedding layer converts multivariate time series into high-dimensional vector representa-
tions by integrating value embedding, position encoding, and temporal feature embedding;
The encoder stack comprises multiple encoder layers, each incorporating ProbSparse
multi-head attention, feedforward networks, and residual connections with LayerNorm
(combining attention outputs with inputs before applying LayerNorm), with inter-layer
feature compression achieved through distillation operations; The decoder stack features
multiple decoder layers, each containing three sublayers: masked self-attention, encoder-
decoder cross-attention, and feedforward networks; The final decoding layer produces the
predicted output.

In runoff prediction applications, Informer’s long-sequence modeling capability en-
ables it to handle annual-scale seasonal variations and long-term hydrological cycle patterns.
The global attention mechanism automatically identifies the most critical historical time
points for current predictions, capturing discontinuous temporal dependencies. Compared
to serial processing in recurrent networks, parallel computing efficiency boosts training
speed by tens of times. Multi-scale feature fusion simultaneously processes hydrolog-
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ical characteristics across daily, monthly, and seasonal time scales [29]. Through these
innovative designs, Informer not only resolves computational bottlenecks in traditional
Transformers but also provides a powerful long-sequence modeling tool for hydrological
prediction, effectively capturing complex spatiotemporal dependencies and multi-scale
hydrological process features.

ENCup

Self-attention Distilling R Encoder N o°

Decoder N

/ \ . D)

' / B |~ L Encoder2 | Decoder 2

N\ Encoder 1 Decoder 1
Multi-head Cross
Head Self-Attention Attention
Max
POOL

Feed Forward Networ Masked Multi-Head
Self-Attention
> Residual connection +
LayerNorm Feed Forward Network
A

|
Embedding Layer

I:)eclnput

g
I

Embedding Layer

’ EncInput ’

Figure 2. Informer structure diagram.
3.2.2. GRU

Gated Recurrent Unit (GRU) is a recurrent neural network variant proposed by Cho
et al. [30] in 2014, aimed at solving gradient vanishing and gradient explosion problems of
traditional RNNs while maintaining a simpler structure than LSTM, reducing overfitting
risk and improving model generalization ability.

As shown in Figure 3, the GRU structure contains three main components: Reset
Gate determines how to combine new input information with previous memory; Update
Gate decides how much previous memory information needs to be retained; Candidate
Hidden State calculates new candidate states based on current input and reset historical

information. The forward propagation process of GRU can be represented by the following
mathematical formulas:

Reset Gate

.............. bevsnennenn,
hey 3

i #.

Xt
Figure 3. GRU structure diagram.

Reset gate calculation:
re = o(Wy - [hy—1, x¢] + by)

Update gate calculation:

zt = 0(Wy - [ly—1, x¢] + bz)
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Candidate hidden state calculation:
Zt = tanh(Wy, - [t © hy—1, x¢] + by)
Final hidden state calculation:
= (1—z) Ol 1 +2 0 ht

where: x; is the input vector at time t, h; is the hidden state at time t, r; is the reset gate

output, z; is the update gate output, h; is the candidate hidden state, W,, W,, W}, are weight
matrices, by, by, by, are bias vectors, ¢ is the sigmoid activation function, © is the Hadamard
product (element-wise multiplication), and [+, -] is the vector concatenation operation.

Residual connections: To address the gradient vanishing problem in deep networks,
residual connections are added between dimension-matched layers. When input and
output dimensions do not match, linear projection layers are used to align dimensions,
ensuring the effectiveness of residual connections.

n = GRUD (h™Vy 4+ F(r{I7Y)

where: F (-) is the dimension projection function.

GRU demonstrates exceptional performance in runoff prediction, with its gating
mechanism perfectly aligning with the characteristic requirements of hydrological time
series [18]. GRU achieves selective memory and forgetting of historical information through
update gates and reset gates: The update gate determines how much historical state
information to retain, suitable for modeling long-term hydrological components like base
flow; the reset gate controls the integration level between current input and historical
information, effectively addressing the non-stationary characteristics of runoff processes.

3.2.3. Informer-GRU Network Construction

As shown in Figure 4, the Informer-GRU fusion model adopts a hierarchical pro-
gressive architecture design, organically combining Informer’s long sequence modeling
capability with GRU’s temporal memory mechanism. The model overall adopts a four-layer
progressive architecture:

GRU Stack

’ Residual connection+LayerNorm ‘

{ Time series dataset |

Forecast fesults

I Multi-head Attention(Even layers) ‘

Informer e e e -
_______________ = 7 GRU LayerN b S \
e /
N .
\ l[ GRU Layer2 Dropout \| Output Mapping Layer
\ GRU Layer1
En | ) 11 / | Fully Connected
) SN | Layer1
/ y . |
Encoder N & Decoder N : | * | LayerNorm
) Encoder 2 | Decoder 2 | 1
Encoder 1 _Decoder 1 | | Gaussian Error Linear
[ Probsparse Multi- |_[Mult-head Cross | Unit
|_ Head Selt-Attention | Attention 11 | :
| || () | i
L -Attent
ey | I | FuIIyL(;?Ig?;cted
' i '
/" EmbodsngLayer  / /" Embedding L I : :
y/ - g L =~/ |l
- r ! Il | The last time step
ENCirp DeCipy |1 |
|l |
Il |
/1 |
| |
\ /

Figure 4. Informer-GRU model architecture diagram.
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(1) Input Embedding Layer

Converts original temporal data into high-dimensional feature representations through
DataEmbedding, including parallel branches of data embedding and temporal feature
embedding, providing rich semantic information for subsequent attention calculations.

(2) Informer Feature Extraction Layer

Consists of encoder-decoder structure, specifically handling long sequence dependen-
cies and global temporal pattern recognition.

The encoder adopts a multi-layer EncoderLayer structure, each layer contains: Prob-
Sparse self-attention mechanism, Feedforward network, Residual connection and layer
normalization.

The decoder’s sequence generation: By combining the encoder’s output with partial
future information, the decoder utilizes self-attention and cross-attention mechanisms to
generate intermediate representations for prediction. The decoder input consists of both the
labeled portion containing known sequences and the masked portion requiring prediction.

(3) Deep GRU Processing Layer

The multi-level GRU network is equipped with residual connection and self-attention
mechanism for deep extraction of sequence features.

Attention enhancement mechanism: After adding a multi-head attention layer to the
even-numbered GRU, the model can refocus on the important time steps in the sequence,
establish long-distance temporal dependence, and enhance the model’s ability to recognize
key patterns.

Residual connection and regularization: Each GRU is equipped with residual projec-
tion layer (to deal with dimension mismatch), layer normalization (to stabilize the training
process) and Dropout mechanism (to prevent overfitting).

(4) Output Mapping Layer

Fully connected network that maps GRU output to final prediction results.

The Collaborative Mechanism Between Informer and GRU: Within the layered progres-
sive architecture of Informer-GRU, the two modules achieve effective functional comple-
mentarity. The Informer handles global modeling by capturing dependencies between any
positions in the sequence through attention mechanisms, excelling at processing long-term
trends and periodic patterns. The GRU focuses on local refinement via gating mechanisms
and sequential processing, enabling detailed characterization of short-term fluctuations
and localized temporal features. This enhances the model’s comprehensive understand-
ing of time series, thereby improving prediction accuracy. In terms of computational
efficiency and training stability, the ProbSparse self-attention mechanism in Informer sig-
nificantly reduces computational load and memory consumption when handling long
sequences, allowing efficient processing of large-scale time series data. Meanwhile, the
GRU effectively mitigates gradient disappearance and explosion issues inherent in tra-
ditional RNNs through its gating mechanism, ensuring stable model training across the
hierarchical structure and preventing convergence failures caused by abnormal gradients.
From the perspective of feature extraction and model adaptability, Informer’s multi-head
self-attention mechanism and hierarchical architecture extract rich multi-scale features from
time series. The GRU further filters and integrates these features through reset gates and
update gates, enabling the model to better adapt to different types of time series data. This
significantly enhances the model’s generalization capabilities and processing efficiency for
complex time series data.

3.2.4. Forecasting Process

As shown in Figure 5, the complete workflow for daily runoff prediction in this study
is illustrated. The process primarily involves: raw data — data cleaning — secondary
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decomposition — dataset construction — input into the Informer-GRU model for prediction
— visualization of predicted results — SHAP analysis, along with GTO optimization,
comparative experiments, and ablation tests.

runoff volume
precipitation

raw data

Data cleansing

STL-CEEMDAN decomposition

Dataset Creation

GTO
Optimization W
‘)[ Informer-GRU Model
{
e : Comparative Ablation
( Prediction and testing ] [ Expgrime i ] [ Experiment}

|

Visualization of
prediction results

SHAP
analyse

Figure 5. Predictive Flowchart.

3.3. Model Training and Optimization Methods
3.3.1. GTO Optimization Algorithm

The Gorilla Troops Optimizer (GTO) is a novel meta-heuristic optimization algorithm
inspired by the social behavior and foraging strategies of gorilla groups [31]. The algorithm
demonstrates excellent performance in both continuous and discrete optimization problems
through balanced exploration-exploitation mechanisms, adaptive parameter adjustment
strategies, and robust convergence characteristics [32].

GTO Algorithm Process Steps:

(1) Population Initialization

D
The initial population is randomly generated within the search space Q = [T [L;, Uj]:
j=1
Xi’j(O) = L]' + mndi,j X (u] — L])

where D is the dimension number, L; and Uj; are the lower and upper bounds of the j-th
parameter, and rand;; ~ U(0,1).

(2) Fitness Evaluation

The comprehensive fitness function combines prediction accuracy, architecture quality,
and model complexity:

F(X;) = w1 - R2,1(X;) + w02 * Qaren(Xi) — w3 - Peomp(X)

where R? /(X;) is the validation R-squared score, Q;(X;) represents the architecture
quality score, Peomp(X;) denotes the complexity penalty, and the weight coefficients are set
as wy; = 1.0,w, = 0.02,and wz = 0.1.

(3) Adaptive Parameter Control

The inertia weight decreases linearly during the optimization process:

w(t) = Wmax — 7 X (wmax - wmin)

Tmax
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The cognitive and social factors are dynamically adjusted:

t t
c1(t) = c1init ¥ eXP(“), ca(t) = coinit X (1 +B )
Timax Timax

where ¢y jnit = Cp it = 2.0, = 2.0,and g = 1.0.
(4) Exploration and Exploitation Mechanisms
The exploration probability decreases exponentially:

t
Pexplore(t) = Pexplore,O X exp (_’Y T >
max
where Poypiore0 = 0.5and v = 1.5.
Exploration Phase: Position update follows:

X =X(t) +& OR;

where ¢; ~ N(0, Uezxplorel) and Texplore = 0.1.
Exploitation Phase: Individuals move toward the global best solution:

X?ew = Xi(t) + 1 (i’) 24NO) (ngest - Xi(t)) + 4

where 71 ~ U(0,1)P and 6; ~ N(0, 02

exploit

I) with Gy pr0ir = 0.05.

(5) Genetic Operations

Crossover: Roulette wheel selection is employed for parent selection, followed by
uniform crossover.

Mutation: The adaptive mutation probability is calculated as:

2
P (t) = Prnax % (1 - = )
max
where Py, yay = 0.3.

(6) Population Update and Termination

Elite preservation strategy retains the top N, = [0.2N] individuals. The algorithm
terminates when any of the following conditions is met: Maximum iteration limit reached;
Fitness variance below threshold with consecutive stagnation; Population diversity falls
below minimum threshold.

This study employs the Gorilla Troops Optimizer (GTO) for automatic hyperparameter
search, achieving comprehensive optimization of the Informer-GRU model, including
global optimization of model architecture parameters (hidden layer configuration, number
of attention heads, etc.) and training parameters (learning rate, batch size, etc.).

3.3.2. Multi-Objective Loss Function Design

Traditional single loss functions (such as MSE) are difficult to comprehensively eval-
uate the quality of hydrological predictions. To comprehensively consider numerical
accuracyand physical reasonableness, this study designs a multi-objective loss function.
The total loss function consists of five parts: Mean Squared Error (MSE), Mean Absolute
Error (MAE), Huber Loss, Nash-Sutcliffe Efficiency (NSE), and correlation [33,34]. The
calculation formula is as follows:

Ltotal = M LMSE + Ay LMAE + AsLHuber + AyLNSE + AsLCorr

(1) MSE Loss: Lyse = 3

1

(i — 9:)?

Itz
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1=

(3) Huber Loss: Lruper = {3(yi — 9:)*  yi — 9il < 68lyi — 9il — 36*  |yi — 9i > 6}

(4) NSE Loss: The Nash-Sutcliffe Efficiency (NSE) is a standard indicator for hydro-
logical model evaluation, with a value range of (—oo,1], where values closer to 1 indicate
better model performance. The NSE loss is defined as 1 minus the NSE value, ensuring the
minimization objective of the loss function.

N 52
;m—m
Lyse=1- "
‘);1(}/1 - y)z
N _
El(yi*?)(ﬁfﬁ)

(5) Correlation Loss: Ly =1 — = =

\/ L i -y)? \/ El(yﬁ'—?)z

Where: y; represents the observed values; j; represents the predicted values; i repre-

sents the mean of observed values; 7] represents the mean of predicted values; N is the total

number of samples; J is the threshold parameter for Huber loss; A1, A, A3, A4, A5 are the
respective weight coefficients for each loss component.

The loss weights A; — A5 are also included as GTO optimization parameters, achieving

adaptive configuration of the loss function.

3.3.3. Interpretability Methods

SHAP (SHapley Additive exPlanations) is a model interpretation method based on
Shapley values from cooperative game theory, proposed by Lundberg and Lee in 2017. This
method assigns an importance value to each feature of machine learning models to explain
the contribution of individual predictions [35]. SHAP method is suitable for analyzing and
interpreting complex relationships in neural network models, with larger Shapley values
indicating greater importance of feature values to model prediction results [36].

For a cooperative game (N, v), where N = 1,2,...,n is the set of participants and
v : 2N — R is the characteristic function, the Shapley value of participant i is defined as:

¢i(v) = )

SCN~I

BW";FVﬁﬂwﬁuo—vﬁﬂ

where: S is the feature subset not containing feature 7, |S| is the size of subset S, and
v(SUi) — v(S) is the marginal contribution of feature i to coalition S.

3.4. Model Evaluation Metrics

This study adopts 5 evaluation metrics covering basic regression errors and hydrology-
specific efficiency coefficients to comprehensively evaluate model performance, validating
model prediction accuracy and hydrological adaptability from different dimensions, avoid-
ing limitations of single metrics [37]. The evaluation indicators are as follows:

(1) The coefficient of determination (R?) measures goodness of fit:

Rzzl_Z(ﬁ—y)z
Yy—-9)2

where values closer to 1 indicate better explanatory power.
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(2) The Root Mean Square Error (RMSE) quantifies average prediction errors:

1 .
RMSE =/ LY 2

where lower values indicating higher accuracy.
(3) The Mean Absolute Error (MAE) provides robust error measurement:

12 .
MAE = ;Z lyi — il
=

where being less sensitive to outliers than RMSE.
(4) The Nash-Sutcliffe Efficiency (NSE) evaluates hydrological model performance:

Y@ -y)?
NSE=1-=Y "9
Yy —y)?

where values approaching 1 indicating excellent predictive capability.
(5) The Kling-Gupta Efficiency (KGE) provides comprehensive assessment:

KGE=1—/(r—1)2 4 (a —1)2+ (B~ 1)2
where: r is the correlation, « is the standard deviation ratio, and f is the mean ratio.

4. Results Analysis
4.1. Data Preprocessing

The original runoff and precipitation data did not have any missing critical fields,
with complete samples. Outlier detection and correction: 1641 outliers were detected
using the IQR method (1569 from precipitation stations, 72 from runoff). Precipitation
data were processed by setting negative values to zero and using statistical boundaries
(30 + 95th percentile replacement) to handle 504 outliers. Runoff data were processed using
a combination of Hampel filter and EWMA smoothing to handle 72 outliers.

4.2. STL-CEEMDAN Secondary Decomposition
4.2.1. STL Decomposition

The STL decomposition of the runoff time series successfully separated the orig-
inal time series into three independent components: trend, seasonal, and residual,
providing high-quality feature inputs for subsequent deep learning modeling and
CEEMDAN decomposition.

Characteristics and Hydrological Significance of STL Components (Figure 6):

(1) Original Runoff Series: The series exhibits approximately nine complete cycles, indi-
cating distinct inter-annual periodicity. Peak values show non-uniform distribution
with inter-annual variations in intensity, where some years display significantly higher
peaks than others. This pattern likely reflects differences in precipitation intensity and
climate variability impacts across different years.

(2) Trend Component: The trend component reveals long-term evolution patterns of the
runoff series, manifesting as a nonlinear variation process. The first half primarily
shows an ascending trend, potentially associated with factors such as reduced water-
shed vegetation and long-term precipitation increases. The latter half exhibits smooth
curves with gradual long-term changes, possibly related to stable underlying surface
conditions and consistent precipitation patterns. The final segment shows a declining
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trend, potentially linked to increased watershed water consumption and ecological
restoration activities.

(38) Seasonal Component: Displays regular oscillations with annual periodicity (365 days),
with peaks concentrated during the rainy season (e.g., summer) and troughs during
the dry season (e.g., winter). The amplitude variations of the seasonal component
closely resemble those of the original series, indicating that seasonal variations are
the dominant factor in runoff changes. This characteristic aligns with hydrological
systems being significantly influenced by seasonal precipitation patterns.

(4) Residual Component: Exhibits periodic fluctuation characteristics, indicating that the
residual contains information from short-term meteorological events causing runoff
fluctuations, irregular hydrological processes, extreme event information, measure-
ment noise, and other random disturbances. This provides an information foundation
for CEEMDAN decomposition.

Original Runoff Time Series (Data Points: 3287)
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Figure 6. STL time series decomposition results.

4.2.2. CEEMDAN Decomposition

IMF Component Characteristics (Figure 7): The CEEMDAN algorithm successfully de-
composed the STL residual signal into eight components (IMF1-IMES), achieving fine-scale
decomposition across the full frequency spectrum of the residual signal. IMF-1 to IMF-3
display pronounced high-frequency periodic oscillations, potentially corresponding to
measurement noise, short-term meteorological disturbances, or high-frequency responses
of data acquisition systems. IMF-4 to IMF-6 show relatively distinct medium-frequency
periodic oscillations, possibly reflecting weekly to monthly hydrological process variations,
such as short-term impacts of precipitation events and daily variations in evapotranspira-
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tion. IMF-7 to IMF-8 exhibit obvious low-frequency fluctuations with less distinct periodic
oscillations, potentially corresponding to irregular hydrological processes such as ground-
water recharge variations and snowmelt runoff patterns.
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Figure 7. CEEMDAN decomposition result diagram.

4.3. Dataset Preparation and Splitting

After data cleaning and STL-CEEMDAN dual decomposition, the final dataset inte-
grated 6 precipitation series from monitoring stations, 3 STL components, and 8 CEEMDAN
features (IMF1-8), totaling 17 features as input variables. The dataset was partitioned using
a three-way split approach: 70% training + 15% validation + 15% testing. The training
set spans from 1 January 2015, to 12 April 2021 (2300 days); the validation set covers
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13 April 2021, to 19 July 2022 (493 days); and the testing set extends from 20 July 2022, to
31 December 2023 (494 days).

4.4. GTO Optimization Results

The GTO optimization in this study mainly includes two stages: dataset parameter
optimization and deep learning model optimization. Deep learning model optimization
includes model architecture parameter optimization, training hyperparameter optimization,
and multi-objective loss function weight optimization. The specific optimization results are
shown in Table 1.

Table 1. GTO optimization parameter comparison.

Optimization Category Parameter Type Before Optimization After Optimization
window size 24 26
Dataset Parameters Label length 12 13
Forecast step 1 1
GRU hidden layers [110, 353, 499, 223] [502, 303, 184, 393, 458, 169]
Trancsifii);rerrlleslg Omnodel 185 350
Model Architecture Number of attention heads 11 12
Dropout rate 0.0615 0.0735
Encoder layers 2 3
Decoder layers 2 1
Learning rate 0.000063 0.000095
Training Hyperparameters Batch size 43 39
Maximum epochs 38 33
MSE (A1) 0.3399 0.3418
L MAE (A,) 0.2413 0.3624
Multi é’\];e]fcﬁlt‘ge Loss Huber (As) 0.2880 0.2089
& NSE (A4) 0.1417 0.2404
Correlation (As) 0.1117 0.1475

The GTO optimization yielded notable parameter adjustments across four categories.
Dataset parameters showed minor increases in window size (24—26) and label length
(12—13). Model architecture optimization produced an irregular GRU configuration [502,
303, 184, 393, 458, 169] for enhanced multi-scale feature capture, while the Transformer
dimension increased substantially (185—350). Training hyperparameters were refined with
a modest learning rate increase (0.000063—0.000095), reduced batch size (43—39), and
fewer epochs (38— 33), indicating improved convergence efficiency. Loss function weights
underwent significant rebalancing, with MAE weight increasing from 0.2413 to 0.3624 and
NSE weight rising from 0.1417 to 0.2404, while Huber loss weight decreased from 0.2880 to
0.2089, emphasizing absolute error minimization and hydrological performance metrics.

4.5. Prediction Results Analysis

The model designed in this study shows excellent prediction results on the test set with
R? = 0.947 and NSE = 0.947, both close to 1, indicating excellent model ability to explain
runoff sequence variation and capture core patterns of runoff changes. Although test set
indicators are slightly lower than validation set, this represents normal fluctuation in the
model’s adaptation to unknown data during generalization, while overall maintaining
high fitting levels, proving the model’s stable trend fitting capability. While RMSE and
MAE error indicators show slight increases on the test set due to uncertainties in predicting
unknown data, the overall values remain in low ranges, indicating that prediction values
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and true values have controllable absolute deviations, and the model can output reliable
runoff prediction results in practical applications. The KGE indicator even improves on the
test set to 0.958, indicating good model performance in matching runoff sequence central
tendency, dispersion, and fluctuation correlation. The specific results are shown in Table 2.

Table 2. Model evaluation index results.

Index Validation Set Test Set
R? 0.956412 0.946936
NSE 0.956412 0.946936
KGE 0.825308 0.958182
RMSE 268.26 271.51
MAE 181.49 186.78

4.6. Comparative Experiment Results Analysis

To validate the effectiveness of the combined model, this section designed a runoff
prediction comparison experiment. Various models including LSTM, GRU, Transformer,
Informer, and CNN-LSTM were employed. For ease of comparison, all inputs matched
those of our research model, and hyperparameters were optimized using GTO. Through
performance metric comparisons, time series prediction curves, and scatter plot distribution
analysis, we investigated the performance of different models in runoff prediction within
the Liyuan Basin.

Table 3 demonstrates that the STL-CEEMDAN+GTO-Informer-GRU Model (My
Model) outperforms other models across all metrics: achieving an R? of 0.946936 and
NSE of 0.958182 (significantly outperforming alternative models), highlighting its im-
proved explanatory power and simulation accuracy for runoff sequences. The model also
shows excellent prediction precision, with RMSE at 271.51 and MAE at 186.78. While LSTM
and GRU performed relatively well among other models, they still lag significantly behind
the My Model.

Table 3. Performance index comparison of different models in Liyuan Basin.

Model R? NSE RMSE MAE KGE
LSTM 0.882800 0.882800 492.98 322.47 0.838660
GRU 0.873301 0.873301 419.54 266.01 0.735504
Transformer 0.845000 0.845000 383.46 255.98 0.802750
Informer 0.855000 0.855000 385.49 246.83 0.812250
CNN-LSTM 0.837734 0.837734 474.79 308.23 0.727351
My Model 0.946936 0.946936 271.51 186.78 0.958182

As shown in Figure 8, there are discrepancies between the predicted trends of different
models and the true values (True Values). Traditional deep learning models such as LSTM
and GRU can capture general runoff trends, but their prediction curves deviate significantly
from actual values during peak and trough periods. For instance, during peak runoff
periods (some nodes in 2023), models like LSTM and Transformer produced predictions
lower than actual values, indicating limited capability in simulating extreme runoff sce-
narios. In contrast, My Model’s prediction curve closely matched the true values across
different phases of the runoff sequence: the decaying phase (October 2022 to May 2023),
growth phase (May 2023 to September 2023), and post-decay phase (after September 2023).
Particularly during peak runoff periods (August-September 2023), the predicted curve ac-
curately captured the fluctuation patterns of the observed values, demonstrating excellent
predictive performance.
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Figure 8. Comparison of runoff prediction of different models.

As shown in Figure 9, the ideal prediction demonstrates a scattered distribution

near the 1:1 dashed line. The CNN-LSTM model exhibits high dispersion with a R?
value of 0.8377, showing the weakest linear correlation between predictions and actual
values. Although models like LSTM, GRU, and Transformer show some deviation from the
dashed line, Transformer demonstrates better alignment R? with a 0.8450 value, indicating

discrepancies between predicted and actual results. My Model’s predictions closely follow

the 1:1 dashed line with R? reaching 0.9469, demonstrating strong linear relationships

between predictions and actual values, ensuring high reliability and more precise runoff
numerical mapping.
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Figure 9. Scatter plot of runoff prediction for different models.
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4.7. Ablation Experiment Results Analysis

To further demonstrate the synergistic effects of model structure and components on
prediction accuracy improvement, this section conducts ablation experiments by progres-
sively introducing GRU, STL, CEEMDAN, GTO, and multi-objective loss function to the
Informer baseline model. The analysis examines model performance through performance
metrics comparison, time-series prediction curves, and scatter plot distribution analysis,
providing deep insights into the gain pathways of each module for prediction performance
and revealing the intrinsic mechanisms of model accuracy enhancement.

As clearly shown in Table 4, with Informer as the baseline, each module demonstrates
stepwise optimization of performance metrics. After introducing GRU, R? improved by
12.41% and RMSE decreased to 516.33. In the Liyuan watershed, runoff is driven by
multiple processes including precipitation and infiltration, exhibiting complex temporal
dynamics. The gating mechanisms of GRU (update gate and reset gate) enhanced the extrac-
tion capability for long-term and short-term dependencies in runoff sequences. Through
adaptive forgetting of historical information and focusing on critical periods (such as flood
response during rainy seasons), GRU compensated for Informer’s insufficient capture of
high-frequency temporal fluctuations, preliminarily enhancing the model’s fitting accuracy
for runoff dynamic changes.

Table 4. Comparison of performance indexes of ablation experiment.

Model R? NSE MAE KGE R? Improvement
Informer (Baseline) 0.718869 0.718869 422.57 0.772414 0
+GRU 0.808096 0.808096 371.68 0.821542 12.41%
+STL 0.876647 0.876647 263.40 0.831677 8.48%
+CEEMDAN 0.910695 0.910695 243.94 0.930806 3.88%
+GTO 0.922986 0.922986 206.68 0.921828 1.34%
+Multi-Loss (MyModel) 0.946936 0.946936 186.78 0.958182 2.59%

After adding STL, R? improved by 8.48%. In the Liyuan watershed, runoff exhibits
significant seasonality driven by monsoon climate (such as rainy/dry season cycles). STL
decomposition enables the model to separately learn periodic fluctuations (such as monthly
runoff abundance patterns) and long-term trends (such as gradual impacts of underlying
surface changes), resolving Informer’s “confusion in mixed signal learning” and improving
explanatory power for regular runoff components.

CEEMDAN decomposition of residuals provided certain performance improvements
by mining subtle fluctuations and supplementing the model’s identification of non-
stationary, nonlinear hydrological signals. After adding GTO and multi-objective loss
function, R? improved by 1.34% and 2.59%, respectively. The multi-objective loss func-
tion balanced multiple optimization targets, addressing the problem of single loss func-
tions (such as MSE) focusing only on numerical errors while ignoring the rationality of
hydrological processes.

From Figure 10, it is evident that each module progressively enhanced the fitting
capability for runoff mutations, periodic fluctuations, and trend continuation. Informer
showed a severe lag in predicting flood season peaks in 2023 (such as June-August 2023).
After adding GRU, although peak trends could be captured, amplitude deviations remained
large. After adding CEEMDAN, the model could accurately identify precipitation-runoff
mutation correlations (such as steep runoff rises caused by short-term heavy rainfall), with
significantly improved curve fitting to actual values. STL-CEEMDAN+GTO-Informer-GRU
Model (My Model) essentially reproduced the “steep rise-gradual decline” process of peaks,
validating the adaptability of multi-objective functions to extreme hydrological events.
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Before STL introduction, the model’s identification of seasonal cycles (such as dry periods
from December 2023 to February 2024, and wet periods from June to August 2024) was
unclear. After introducing STL, curves clearly showed the annual “wet-dry-wet” cycle,
demonstrating STL's decoupling effect on seasonal signals. MyModel further enhanced
small fluctuations within cycles (such as minor baseflow changes during dry periods),
reflecting the synergistic capability of multiple modules for fine-grained periodic fitting.
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Figure 10. Comparative chart of runoff prediction in ablation test.

From Figure 11, it is apparent that module stacking transformed scatter points from
dispersed distribution to dense alignment with the 1:1 line, reflecting progressive improve-
ment in prediction reliability. Baseline Informer scatter points were far from the diagonal
line with extremely high dispersion in high-value regions (runoff peaks). After adding
GRU and STL, scatter points converged toward the diagonal line, but deviations remained
in medium-low value regions (dry periods), reflecting that the GRU-STL combination could
capture temporal and periodic features but had insufficient error control for low flows.
Further addition of CEEMDAN and GTO increased scatter point density and reduced
medium-low value region deviations, as CEEMDAN'’s residual mining supplemented
low-flow fluctuation information, and GTO optimization reduced systematic bias. Finally,
MyModel scatter points almost perfectly aligned with the diagonal line, with further re-
duced dispersion in high/medium/low value regions, benefiting from multi-objective loss
function joint optimization that ensured balanced prediction errors across all flow intervals
(wet/dry periods).

Through comparative experiments with traditional models such as LSTM and GRU,
and ablation experiments exploring individual or combined effects of each module, My-
Model demonstrated significant advantages. The “signal decomposition to global op-
timization” framework constructed in this study provides moderate interpretation of
deep learning “black boxes,” improving the interpretability of deep learning models in
hydrological applications.
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Figure 11. Scatter plot of runoff prediction in ablation test.

4.8. Model Interpretability Analysis

To further analyze the decision-making logic of the model in runoff prediction tasks,
this study employed the SHAP (SHapley Additive exPlanations) method for detailed
quantitative analysis of feature importance, aiming to uncover the intrinsic mechanisms of
model decision-making.

As shown in Figure 12, STL_Seasonal emerges as the core feature influencing model
output with an average SHAP value of 0.03937. In the hydrological cycle, runoff in the
Liyuan watershed is driven by factors such as seasonal precipitation distribution and
periodic temperature variations, exhibiting significant seasonal patterns. The high contri-
bution value of STL_Seasonal intuitively confirms the model’s precise capture of seasonal
components in runoff series, indicating that the model can align with the periodic nature of
hydrological processes and use seasonal signals as the core basis for prediction. This highly
matches the natural mechanisms of watershed runoff formation and serves as key support
for accurate model prediction.

In comparison, STL_Residual and STL_Trend show relatively lower contributions.
STL_Trend reflects long-term trends in the series; during the study period, the watershed
may have been influenced by gradual climate change and relatively stable underlying sur-
face conditions, resulting in less prominent long-term trend characteristics in runoff, which
limits its explanatory power for prediction. STL_Residual contains random disturbances
and information not explained by trend and seasonal components. Due to their strong
randomness and difficulty in pattern recognition, such information naturally contributes
less directly to prediction, which also indicates that the model focuses on more regular
features for prediction.

TuGong (0.003723) and XiaoZhongDian (0.002780) rank highly in feature contributions,
highlighting the value of local hydrological station data. Local stations directly observe
precipitation, water levels, and other information within the watershed, serving as direct
inputs for runoff formation. Their high contributions are related to watershed hydrological
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response characteristics, as local processes such as precipitation infiltration and runoff
generation are quickly reflected in runoff changes. The model identifies the direct driving
effect of these local features on runoff. The decreasing average SHAP values of other
precipitation stations are closely related to the spatial distribution of watershed rainfall and
topographic conditions. The Liyuan watershed has complex terrain, with rainfall affected
by topographic lifting and blocking, resulting in strong spatial heterogeneity. Stations
farther from the runoff monitoring area contribute less to target watershed runoff due to
topographic attenuation and confluence losses, reflecting the model’s effective identification
of watershed hydrology-topography coupling relationships.

Various IMF components from CEEMDAN decomposition (such as IMF_6, IMF_7,
IME_8), although less important than STL_Seasonal, still participate in model decision-
making. Through CEEMDAN decomposition, residuals are decomposed into different
frequency fluctuation components, covering short-term and medium-term disturbances,
supplementing runoff variation details, and reflecting the influence of factors such as
short-term heavy rainfall and medium-term climate fluctuations on runoff within the
watershed. This indicates that runoff changes in the Liyuan watershed result from seasonal
dominance in the original series, combined with multi-scale fluctuation synergistic driving.
The model integrates multi-dimensional features to construct a more comprehensive runoff
prediction logic.

In summary, SHAP analysis validates the model’s advantages in capturing seasonal
signals and identifying local hydrological features from the feature contribution perspective.
It clearly deconstructs the runoff prediction mechanism under multi-variable driving,
where seasonal components dominate while local stations and multi-scale components
work synergistically, providing quantitative support for the physical interpretability and
credibility of model prediction results.

Model Feature Importance (SHAP Analysis)
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Figure 12. SHapley Additive exPlanations analytic result.
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5. Discussion
5.1. Model Performance Comparison with Existing Studies

The proposed STL-CEEMDAN+GTO-Informer-GRU model demonstrates substan-
tial improvements over existing approaches in hydrological runoff prediction, achieving
R? = 0.9469 and NSE = 0.9469 compared to Wilbrand K et al. [11] (R? = 0.83 with LSTM)
He et al. [19] (R? = 0.93 with SD-GRU) and Wang et al. [20] (NSE = 0.72 with STL-LightGBM).
These improvements stem from three key methodological advantages: our dual decom-
position strategy (STL-CEEMDAN) provides more comprehensive feature extraction than
single decomposition methods by separating deterministic components before applying
adaptive noise-enhanced decomposition to residuals; the Informer-GRU hybrid architec-
ture reduces computational complexity from O(L?) to O(L log L) while capturing both
long-range dependencies through ProbSparse attention and local temporal features through
gating mechanisms; and GTO optimization ensures optimal model configuration across
the complex parameter space, eliminating the limitations of manual parameter tuning
employed in previous studies.

5.2. Applicability Analysis and Generalization Potential

The proposed methodology’s transferability across different watershed scales and
climatic conditions requires careful consideration of several key factors. For small-scale
watersheds, particularly mountain streams with rapid meteorological responses, the high-
frequency IMF components (IMF1-IMF3) would likely assume greater predictive impor-
tance due to reduced buffering capacity and faster concentration times, necessitating
modifications such as shorter temporal windows (12-18 days) and integration of pre-
cipitation intensity metrics alongside soil moisture indices. In different climatic regions,
the methodology faces varying challenges: arid regions would require incorporation of
evapotranspiration data and recalibrated decomposition parameters due to minimal base-
flow contributions; snow-dominated regions would need extended input sequences with
temperature-based snowmelt indicators, though CEEMDAN’s effectiveness for nonlinear
snowmelt processes requires validation; tropical regions with uniform seasonal patterns
might show reduced STL seasonal variability, shifting emphasis toward residual-based
IMF components. For larger basin systems, spatial heterogeneity challenges emerge that
could be addressed through sub-basin-specific decomposition with aggregation, spatially
distributed input data, and routing delay incorporation, though the GTO optimization
process would require careful parallelization to maintain computational efficiency across
multiple sub-models while leveraging the Informer architecture’s scalability advantages
over traditional RNN approaches.

5.3. Implications for Water Resource Management in Yunnan Region

The developed methodology provides significant practical value for water resource
management in the Yunnan region, addressing unique challenges from plateau mountain
geography, monsoon climate variability, and complex topography through high-accuracy
daily runoff predictions (R? = 0.9469, KGE = 0.9582). The model’s 13-day forecast horizon
enables proactive reservoir water release strategies during seasonal transitions, optimizing
flood control and water supply objectives, while its superior performance during peak flow
periods (demonstrated in August-September 2023 predictions) proves particularly valuable
for flood management in downstream urban and agricultural zones. Agricultural water
management benefits from the model’s seasonal pattern recognition capability, with SHAP
analysis revealing STL_Seasonal as the dominant feature (average SHAP value = 0.0394),
confirming alignment with crop irrigation cycles and enabling precise irrigation schedul-
ing and water allocation planning across diverse agricultural zones. The methodology’s
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integration of multiple precipitation stations addresses spatial variability characteristic of
mountain watersheds, and while current gauge distribution concentrates in lower elevation
areas, the model framework remains adaptable to incorporate additional remote sensing
precipitation products (such as GPM IMERG or CHIRPS datasets) for improved spatial
coverage and prediction accuracy in data-sparse upper watershed areas.

5.4. Methodological Limitations and Future Research Directions

Despite the promising results, several limitations warrant acknowledgment while
pointing toward future research opportunities. The spatial distribution of precipitation
gauges concentrated in the lower watershed may introduce bias in representing orographic
precipitation patterns, though the temporal decomposition approach partially mitigates
this through pattern extraction rather than spatial interpolation. The model shows sys-
tematic underestimation during extreme flow events, a common limitation in data-driven
approaches that suggests incorporating physical constraints or extreme value theory. Ad-
ditionally, while the Informer architecture reduces computational complexity, the GTO
optimization process remains resource-intensive, potentially limiting real-time applications,
and the model’s reliance on historical patterns assumes stationarity that may not hold
under changing climate conditions. Future research should focus on integrating remote
sensing data (satellite precipitation, soil moisture, vegetation indices) to address spatial
limitations, developing physics-informed neural network variants to improve extreme
event prediction through water and energy balance constraints, implementing ensemble
modeling approaches for uncertainty quantification, exploring transfer learning for un-
gauged basin applications within the Yunnan region, and establishing real-time model
updating mechanisms with recursive parameter adjustment to address non-stationarity
concerns in rapidly changing environments.

6. Conclusions

This study addresses the challenges of high data complexity and insufficient gen-
eralization capability of single models in hydrological runoff prediction by proposing a
deep learning prediction framework that integrates STL-CEEMDAN dual decomposition,
Informer-GRU hybrid architecture, GTO optimization, and multi-objective loss function.
The main conclusions are as follows:

(1) Dual decomposition strategy significantly enhances feature extraction capability: The
STL-CEEMDAN hierarchical decomposition framework achieves precise separation
of multi-scale features in runoff data. STL effectively extracts deterministic compo-
nents such as trend and seasonality, while CEEMDAN further decomposes residuals
into IMF components of different frequencies, filtering high-frequency noise while
preserving critical information such as extreme events and short-term fluctuations.
Compared to single decomposition methods, dual decomposition enhances the physi-
cal interpretability of input features, providing more targeted inputs for subsequent
model learning.

(2) Informer-GRU hybrid architecture enables synergistic modeling of global and local
features: By integrating Informer’s ProbSparse attention mechanism with GRU’s gat-
ing memory mechanism, the model simultaneously captures long-range dependencies
in runoff sequences (such as inter-annual trends) and local temporal features (such
as short-term flood fluctuations). This synergy enhances the model’s capability to fit
complex hydrological processes.

(3) GTO optimization and multi-objective loss function improve model performance and
robustness: The GTO algorithm achieves global optimization of model architectural
parameters (such as hidden layer numbers and attention heads) and training hyper-
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parameters (such as learning rate and batch size), avoiding the problem of traditional
parameter tuning falling into local optima. The multi-objective loss function com-
prehensively considers metrics such as MSE, MAE, and NSE, balancing numerical
accuracy with the physical rationality of hydrological processes, making the model
more robust in runoff prediction.

(4) Case validation demonstrates excellent prediction accuracy and generalization capa-
bility: In daily runoff prediction for the Liyuan watershed from 2015-2023, the model
achieved R? and NSE values of 0.9469 and KGE of 0.9582 on the test set, significantly
outperforming comparative models such as LSTM, GRU, and Transformer. Time-
series curve and scatter plot analyses show that the model can accurately track runoff
peaks, valleys, and seasonal variations, with particularly smaller prediction deviations
during extreme flood periods. Ablation experiments confirm that the cumulative
contribution of key components such as dual decomposition and GTO optimization
improves model performance by 31.72% compared to the baseline Informer.

(5) Feature importance analysis reveals prediction decision mechanisms: SHAP analysis
indicates that seasonal components extracted by STL are the core features affecting
prediction (average SHAP value of 0.0394), reflecting the essential nature of watershed
runoff being driven by seasonal precipitation. Local precipitation stations (such as
TuGong station) and medium-low frequency IMF components contribute significantly
to short-term fluctuation prediction, validating the model’s effective identification of
hydrological process driving factors.
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