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Abstract

Seepage pressure time series of concrete dams are governed by reservoir water level,
rainfall, temperature and long-term aging effects, featured by strong nonstationarity and
complex multi-scale fluctuations. Existing decomposition-ensemble methods ignore nonlin-
ear coupling among scale components, suffering low prediction accuracy and poor physical
interpretability. Current model fusion schemes fail to adapt to differentiated evolution
mechanisms of frequency-varying seepage components and cannot fully mine implicit
cross-scale nonlinear correlations. To overcome these drawbacks, this study proposes a
concrete dam seepage pressure prediction approach integrating ensemble empirical mode
decomposition, multi-scale preprocessing, and optimized dual-model selection combining
ridge regression and Transformer—BiLSTM. Ensemble empirical mode decomposition adap-
tively denoises and decouples raw seepage series into high-, medium- and low-frequency
IMFs according to oscillation cycles. A normalized Comprehensive Optimization Index is
constructed to parallelly train ridge regression and Transformer-BiLSTM for each compo-
nent and select the optimal submodel dynamically. A fully connected nonlinear fusion layer
reconstructs multi-scale predictions to retain inherent component coupling features, re-
placing traditional simple linear superposition. Engineering cases verify that the proposed
model efficiently captures periodic laws of key influencing factors, significantly boosting
prediction accuracy and generalization capacity, thus possessing prominent theoretical and
practical engineering application values.

Keywords: seepage pressure prediction; ensemble empirical mode decomposition; Trans-
former encoder; Bidirectional Long Short-Term Memory Neural Network

1. Introduction

Concrete dams are critical national strategic infrastructure pivotal to water resource
allocation, flood regulation, and hydropower supply [1]. Seepage pressure is a core physical
quantity characterizing the spatiotemporal evolution of seepage fields in concrete dams, and
its abnormal time-series fluctuations and trend deviations commonly precede structural
defects such as contact erosion, and seepage instability [2,3]. Accordingly, developing
high-accuracy, strongly generalizable seepage pressure prediction methods has become a
core research priority in safety monitoring and risk identification for in-service concrete
dams [4,5].
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Seepage pressure prediction models for concrete dams take upstream and downstream
water levels, rainfall, and aging effects as independent variables to map seepage pres-
sure, with prevailing frameworks covering statistical, machinelearning, and deep-learning
models [6,7]. Statistical models select influencing factors based on engineering experience
or seepage field analysis and calibrate parameters via data analysis; integrated with physi-
cal mechanisms throughout modeling, they are widely adopted in engineering practice [8].
However, multiple driving factors and inherent uncertainties in seepage behavior [9] render
seepage pressure data highly nonlinear, nonstationary and multi-scale coupled, imposing
strict requirements on models for multi-scale feature decoupling, nonlinear correlation
mining and long-term temporal dependency capture.

With advances in computing technology, machine learning methods have been increas-
ingly applied to seepage pressure prediction for concrete dams [10,11]. However, existing
studies indicate that traditional machine learning models are limited by excessive manual inter-
vention and a tendency to lose physical features of raw data [12,13]. Concrete dam monitoring
data features intense fluctuations, high noise, and deep coupling between long-period trends
and short-period oscillations [14]. Single models consistently fail to balance long-term trend
fitting and local fluctuation capture, while combining outputs from multiple models mitigates
overfitting and underfitting risks to improve prediction performance [15,16]. To address these
shortcomings of traditional and single models, scholars worldwide have conducted extensive
studies on structural optimization and multi-method integration. Xie et al. [17] addressed two
key bottlenecks of deep learning models in this field: inadequate characterization of nonlinear
temporal relationships and poor interpretability. They developed an AE-BiGRU prediction
model optimized by the Alpha evolutionary algorithm and quantified the contribution of
each driving factor via SHAP interpretability analysis. Chen et al. [18] proposed a prediction
method based on CNN-Attention-LSTM to resolve the issue that existing models cannot fully
capture nonlinear relations among multiple influencing factors. Zhu et al. [19] tackled the
problem that raw dam foundation seepage monitoring data is susceptible to environmental
noise, while conventional denoising methods often lose detailed features. They put forward a
denoising preprocessing scheme integrating variational mode decomposition and wavelet
packets, constructed an improved temporal convolutional network model, and optimized its
structure by incorporating the hysteresis characteristics of seepage pressure. In recent years,
decomposition—ensemble approaches have attracted extensive research attention owing to
their capacity to effectively address the inherent nonstationarity and multi-scale coupling
characteristics embedded in dam monitoring datasets [20]. Rezaie-Balf et al. [21] adopted com-
plete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) to separate
multi-frequency components from streamflow time series, where three machine learning algo-
rithms including MARS, ANN and M5-MT were individually matched for component-wise
prediction before sequence reconstruction. Fatehi-Nobarian et al. [22] implemented discrete
wavelet transform to realize the multi-scale decomposition of seepage pressure time series and
fed the decomposed high- and low-frequency sub-sequences into neural networks for parallel
modeling and ensemble forecasting. Collectively, these studies verify that multi-scale pre-
processing is indispensable for capturing the intricate evolutionary patterns of dam seepage
monitoring data. Nevertheless, the majority of existing decomposition-ensemble frameworks
still adopt a unified model architecture for all decomposed components and merely utilize
linear superposition to accomplish final signal reconstruction. In terms of modeling after
multi-scale decoupling, Wei et al. [23] took the chaotic and periodic characteristics of residual
sequences from hybrid models into consideration and adopted the Extreme Learning Ma-
chine (ELM) and Seasonal Autoregressive Integrated Moving Average (SARIMA) to conduct
separate modeling and prediction for high-frequency and low-frequency signals, respectively.
Wang et al. [24] proposed a structured decoupled prediction model named DTSformer. By
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virtue of a multi-scale moving average decomposition strategy, the original time series was
decomposed into trend components and seasonal periodic components, with dedicated mod-
eling architectures custom-designed for each component category. From the perspective of
data reconstruction, Kong et al. [25] combined composite entropy with the K-means algorithm
to realize the division of high-frequency and low-frequency modes, and subsequently adopted
linear superposition to implement progressive nonlinear time series reconstruction across
dual layers of modes.

Previous studies indicate that seepage pressure prediction models for concrete dams
are far less developed than those for earth rock dams, and research on the underlying phys-
ical driving mechanisms remains notably insufficient, resulting in prominent black-box
limitations. Affected by multiple loads, concrete dam seepage pressure typically forms
nonstationary time series. Directly feeding raw data into machine learning models leads to
slow convergence and unsatisfactory accuracy during iteration. Mode decomposition meth-
ods can address this issue by splitting nonstationary sequences, training each component
separately via machine learning algorithms, and fusing the outputs. However, existing
studies generally adopt a unified model to fit all monitoring data while ignoring inherent
differences in seepage pressure evolution patterns. Model selection strongly influences
prediction results, making it difficult to simultaneously deliver long-term trend fitting and
short-term fluctuation capture. Even repeated parameter tuning fails to balance these two
objectives. Most ensemble models also generate final predictions through linear superposi-
tion, which cannot capture nonlinear interactions across multiscale components and often
loses correlation information between components.

To overcome these limitations, this paper proposes a concrete dam seepage pressure
prediction method combining EEMD multiscale preprocessing with dual model optimal
matching. The EEMD method decomposes raw seepage pressure time series via adaptive
noise-assisted processing—yielding low, medium and high frequency fluctuation com-
ponents with clear physical interpretations. A differentiated dual model framework is
constructed, and a normalized Comprehensive Optimization Index (hereinafter abbreviated
as COI) is established to enable dynamic model adaptation. Specifically, ridge regression is
applied to low-frequency trend components, while the Transformer-BiLSTM network han-
dles medium- and high-frequency nonlinear fluctuation components, ensuring predictions
capture both long-term patterns and short-term fluctuations. Finally, a nonlinear fusion
layer completes the global sequence reconstruction of multicomponent prediction results.
Comparative and ablation experiments based on long-term monitoring data from a large
concrete hyperbolic arch dam validate the accuracy of the proposed model.

The main contributions of this study are as follows: (1) an EEMD multi-scale decompo-
sition scheme adapted to seepage pressure time series is established. This scheme achieves
the physical decoupling of seepage features at different time scales and employs different
models to fit components with distinct seepage characteristics; (2) a COI-driven parallel
optimal selection strategy for the two candidate models is proposed, matching appropriate
modeling methods for components with different frequency properties.

2. Methodology
2.1. Seepage Pressure Statistical Model

The seepage pressure statistical model is the most mature empirical approach for
concrete dam safety monitoring, integrating fundamental seepage mechanics theories with
long-term observed engineering patterns. It decomposes measured seepage pressure time
series from dam bodies and foundations into physically meaningful driving components
and establishes quantitative mappings between influencing factors and seepage pressure
responses via multiple regression analysis [26,27].
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The evolution of foundation uplift pressure and dam body seepage pressure in con-
crete dams is governed by four categories of factors: upstream-downstream water head
difference, rainfall infiltration, periodic temperature fluctuation, and long-term temporal
dependence [28]. Limited by the physical properties of fractured foundation rock masses
and permeable dam concrete media, changes in reservoir water level and rainfall cannot
transmit instantaneously to monitoring sections [29]. Seepage pressure responses thus
show an obvious lag effect relative to external loads, so multi-period average factors are
introduced to characterize this delayed transmission process. Accordingly, the statistical
model can be decomposed into four components: water-pressure-, rainfall-, temperature-
and time-dependent components. Its general expression is as follows:

H :Hh—f—Hp—f—Ht—i—Hg

7 4
=z+ ‘21 a;(h; — hoi) + 421 ¢i(pi — poi)
= =

. =1, . . 1)
2 . 2mit . 2mity 27t 27ty
+i§1 {bll (5111365 sin ——= ) + by; <C083,65 cos — - )} + k(£ —tp)
+d1(0 — 6y) + dr(In6 — In6y)

where H is the measured seepage pressure on the monitoring day; z is the constant term
of the model; and Hy, Hp, Hy, Hy are respectively the water-pressure component, rainfall
component, temperature component and time-dependent component. ¢ is the cumulative
days counted from the starting date of monitoring and ¢ty is the cumulative days on the
initial monitoring date.

(1) Water-Pressure Component

The water head difference between upstream and downstream directly governs the
hydraulic gradient in the dam body and foundation. To account for the temporal lag
of seepage transmission, seven water head difference factors are defined. Where F; is
the average upstream-downstream water head difference for seven time windows—the
monitoring day, 1 day before monitoring, 2—4 days prior, 5-15 days prior, 16-30 days prior,
31-60 days prior, and 61-100 days prior—and hy; is the average water head difference
of the identical intervals on the initial monitoring day. 4; is the regression coefficients
associated with each water-pressure factor. Integrating multi-scale lagged water head
factors effectively quantifies the cumulative lag response of seepage pressure to water head
variations and reproduces unsteady seepage propagation.

(2) Rainfall Component

Rainfall disturbs the seepage field through two primary pathways: rock-fracture
infiltration and groundwater recharge around the reservoir area, with its influence also
showing a notable time lag. Four grades of rainfall factors are set to quantify rainfall
intensity and lagged effects. Where p; is the average rainfall over four time windows—the
monitoring day, 1 day before monitoring, 2—4 days prior, and 5-8 days prior—and py; is
the average rainfall of the corresponding time windows on the initial monitoring day. c; is
the regression coefficient matching each rainfall factor. Rainfall-insensitive riverbed points
may drop or simplify the rainfall component via correlation analysis.

(3) Temperature Component

Temperature variation is a key driver of periodic seepage pressure fluctuations. The
thermal expansion and contraction of dam concrete and foundation rock masses alter frac-
ture apertures and pore structures, leading to periodic changes in permeability coefficient.
Structural deformation caused by thermal stress indirectly changes the connectivity of
seepage flow channels. The temperature field of concrete dams features dominant an-
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nual and semiannual cyclic variations, so a dual harmonic function is adopted for the
temperature component Where i = 1 is the annual periodic fluctuations, and i = 2 is the
semi-annual periodic fluctuations. bj; and by; are the regression coefficients of the tem-
perature component for periodic oscillation terms. This form accurately fits temperature
periodic variations in seepage pressure. Long-term climate warming drift term k;(t — to)
quantifies the cumulative background temperature rise induced by global warming over
decades; coefficient k; is solved synchronously with other regression parameters. Daily
temperature fluctuations, though potentially intensified by climate warming, are rapidly
attenuated in the dam body and foundation due to thermal inertia, so their direct influence
on deep-seated seepage pressure is therefore limited compared to seasonal effects.

(4) Time-Dependent Component

The time-dependent component describes the irreversible evolution of the seepage
field during long-term service of concrete dams, originating from multiple physical mech-
anisms including creep deformation of foundation rock masses, sediment silting and
chemical dissolution inside seepage channels, and damage evolution of dam concrete.
The processes typically show decaying features, with fast change rates at the early stage
and gradual stabilization at the later stage. A combined form of linear and logarithmic
terms is thus adopted for fitting, where 0 is the normalized time-dependent factor, with
6 = 0.01¢, and 6 is the corresponding time-dependent factor on the initial monitoring
day. d; and d, are the regression coefficients of the time-dependent component. The
linear term characterizes the steady long-term evolutionary trend. The logarithmic term
captures decaying consolidation and time-dependent behaviors relating to creep. It should
be recognized that the proposed statistical model will be adjusted according to the actual
situation on-site. Lithology-specific creep characteristics are implicitly reflected through
the site-specific time-dependent coefficients rather than through explicit petrophysical
parameters. For highly heterogeneous foundations, incorporating lithology indices (e.g.,
RMR, weathering grade) as additional regressors could enhance physical interpretability.
Furthermore, concrete damage evolution often exhibits spatial heterogeneity between the
upstream and downstream faces, where thermal gradients, freeze—thaw cycles, and carbon-
ation rates differ markedly, which are amplified at altitudes exceeding 1800 m. Spatially
differentiated or elevation-corrected modeling strategies are therefore recommended for
such environments to account for asymmetric deterioration patterns.

The seepage pressure statistical model is essentially a multiple linear regression model.
The least squares method is generally used to solve the regression coefficients of each
component. For concrete dams under normal steady operating conditions, it has been
widely applied in seepage pressure fitting and trend analysis. Nevertheless, the model is
built upon the linear superposition assumption. It cannot accurately capture the strong
nonlinearity and nonstationarity of seepage pressure time series under multi-field coupling
effects [30,31]. In addition, its fixed factor structure fails to adaptively mine deep tempo-
ral dependencies hidden in monitoring data. So nonlinear approaches including signal
decomposition and deep learning need to be introduced to improve the original model.

It is worth noting that the current statistical predictive framework characterizes foun-
dation geological effects merely via implicit correction terms embedded within the time-
dependent regression coefficients. To overcome this simplified treatment, future model
optimization will integrate an explicit multifactor weighting scheme within the paramet-
ric framework to quantitatively characterize various critical geological attributes. The
geological indicators to be incorporated include lithology categories, in situ geomechani-
cal parameters, spatial fracture distribution, schistosity development degree, chemically
banded structures, hydrogeochemical dissolution and reprecipitation processes, as well
as rock mechanical properties and weathering susceptibility. Benefiting from the refined
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parametric coupling described above, the model can deliver more robust validation results
with complete physical mechanisms and enhanced adaptability to complex and extreme
engineering scenarios.

2.2. Ensemble Empirical Mode Decomposition (EEMD)

In the monitoring of concrete dams, seepage pressure data are controlled by coupled
multiple factors and exhibit nonlinear and nonstationary characteristics. Ensemble empiri-
cal mode decomposition (EEMD) is a noise-assisted signal analysis method proposed by
Wu and Huang based on empirical mode decomposition (EMD) [32]. EEMD completes
signal decomposition purely according to the intrinsic time-scale features of the original
signal. It does not require the manual setting of priori parameters. This method has natural
adaptability for processing seepage pressure monitoring sequences of concrete dams.

EMD forms the theoretical basis of EEMD via layered screening of complex nonsta-
tionary signals. It can decompose a nonstationary signal x(t) into several intrinsic mode
function (IMF) components c;(t) and one residual trend term r(t):

x(t) = Y ei(t) (1) @
i=1

This decomposition process is fully driven by the features of the signal itself. It
requires no predefined basis functions and can effectively reflect physical fluctuations
at distinct time scales. However, if the raw signal contains intermittent disturbances,
random noise or abrupt variations, modal aliasing will emerge in decomposition results.
To address this defect, EEMD repeatedly injects white noise with a mean of zero into the
original signal. Then, extreme points are evenly distributed across the whole signal. Modal
aliasing is thereby suppressed, and the adaptive multi-scale decomposition of nonlinear,
nonstationary time series signals is realized. The implementation workflow of the EEMD
method adopted is illustrated in Figure 1, detailed as follows:

(1) Parameter initialization and noisy signal generation: set the standard deviation ¢
of white noise and the noise superposition times m according to the temporal resolution
and fluctuation features of seepage pressure monitoring data from concrete dams. Add the
group i white noise n;(t) to the original signal x(f) to obtain a new time series x;(t), thus
completing the reconstruction of noisy signals:

xi(#) = x(b) +ni(t) ®)

(2) Sequential EMD: Perform EMD on each noisy time series x;(f) to obtain the group
j of IMF component c;;(t) and residual r;(t). Accumulate all m groups of decomposi-
tion results.

(3) Ensemble Averaging for Noise Elimination: Compute ensemble averages over the
m groups of IMF components and residuals to acquire the final averaged IMF c;(t) and
averaged residual r(t):

1 m
C]'(t) = %Z Cl'j(t) (4)
i=1
1 m
r(t) = EZ ri(t) (5)
i=1
(4) Component Screening and Frequency Classification: process decomposed IMF

components under dual criteria: quantitative validity screening and engineering physical
period threshold:
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a. Validity Screening: eliminate invalid components without physical interpretation
via four quantitative indicators. The screening formulas are expressed as

LIMF,- > Lmin
N
Eimr = Y IMF2 > 10710
k= ik (6)
Var(IMF;) > 10712
|Corr(IMF;, Yraw)| > 0.01

where Ly, is the effective length of the i-th IMF component; and L,,;,, is the minimum
effective length, determined by prediction window and sample size requirements; EjpF;
is the energy of the i-th IMF component; N is the total number of data points of the IMF
component; Var(IMF;) is the variance of the i-th IMF component; and Corr(IMF;, Yraw)
is the Pearson correlation coefficient between the i-th IMF component and the original
seepage pressure sequence Y4 of the dam body.

b. Frequency Classification: severe valid IMF components are screened. Based on the
engineering periodic characteristics of seepage pressure evolution in concrete dams, these
components are divided into three categories. High frequency (period < 7 days): Short-term
random measurement noise and instantaneous rainfall disturbance, dominated by small
random fluctuations without obvious continuous regularities. Medium frequency (period
7-30 days): Seepage pressure responses driven by environmental loads including reservoir
water level fluctuation and periodic temperature variation, featuring strong nonlinear
temporal dependence and lagged fluctuations. Low frequency (period > 30 days): Trend
terms reflecting long-term evolution of seepage channels, impervious curtain and rock
mass permeability in dam foundations, dominated by gentle linear trends.

Original signal x;(?)
The standard deviation of white noise is ¢
the number of times to add white noise is m
T

v
The original signal with white noise
x; (O)=x(O)+n;(0)

}

Getting the jth series of IMF
Components c,-j-(t) (=1,2,...,k)

! [ ]

Sort IMF components |

!

Validity screening
Frequency classification

No
izm?
Yes
m m
1 1
GO== @ rD=— 1@
i=1 i=1
End

Figure 1. Flowchart of the EEMD method.
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After the above processing, the IMFs decomposed by EEMD are arranged from high
to low frequency and from short to long period. Each component corresponds to a distinct
physical driving mechanism of seepage pressure variation. This method retains all time
scale fluctuation features of seepage fields, separates complex seepage pressure changes
caused by multiple factors, and offers high-quality data for multi-scale modeling and full
seepage pressure sequence reconstruction.

2.3. Ridge Regression

As a classical parametric modeling method, linear regression fits the linear correlation
between input features and output responses by minimizing the sum of squared residuals.
Its basic form is written as

y=XB+e¢ (7)

The corresponding loss function is

n

L(B) =Y (vi — XiB) (8)

i=1

where y is the measured seepage pressure response of the dam; X € R"*? is the
p-dimensional feature matrix of seepage driving factors including reservoir water level,
temperature and time-dependent terms; 7 is the total sample size; B € RP*! is the
regression coefficient vector; and ¢ is the random error term subject to zero-mean
normal distribution.

Nevertheless, severe multicollinearity widely occurs among feature factors for concrete
dam seepage pressure monitoring. Multi-order lagged water level terms show strong
autocorrelation, temperature harmonic terms are correlated, and time-dependent factors
interact with long-term water level trends. Such problems greatly enlarge the variance of
estimated (3 and severely weaken model generalization ability. Ridge regression restricts
regression coefficients via L2 regularization. It uses parameter shrinkage to effectively
eliminate model instability caused by multicollinearity. Its loss function is defined as

|4
L(B) =) (vi—XiB)* + o ©)
f

where A > 0 balances residual fitting accuracy and coefficient constraint strength; and g; is
the regression coefficient of the j-th feature.

Figure 2 shows the schematic principle of ridge regression. In two-dimensional
parameter space (1, B2), concentric ellipses denote contours of residual sum of squares,
and their center corresponds to the theoretical optimal solution of ordinary least squares.
The circular area represents L2 norm constraint, where constraint radius c has negative
correlation with regularization parameter A. It seeks the parameter combination with
minimum error inside the constraint region. Its optimal solution lies the tangent point of
error contours and the constraint circle, effectively lowering parameter sensitivity to noise.

The hybrid model proposed in this paper takes IMF component features decomposed
by EEMD as input. The low-frequency component of seepage pressure mainly shows long-
term evolution and a gradually changing linear trend. If a complex nonlinear model is used
for fitting, overfitting may occur. By contrast, ridge regression features a simple structure
and high computational efficiency. This method can accurately capture the long-term linear
evolution of seepage pressure, suppress model oscillation caused by multicollinear driving
factors, and guarantee stable prediction of low-frequency components. This is the core
reason why ridge regression is selected in this study.
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Figure 2. Geometric schematic of ridge regression.

2.4. Hybrid Transformer—BiLSTM Model and Multivariate Fusion Layer

The vanilla Transformer with the attention mechanism was proposed by the Google
team in 2017 [33]. Graves and Schmidhuber built the bidirectional time-series modeling
framework of BiLSTM based on LSTM in 2005 [34]. Both architectures possess unique
structural advantages for nonlinear time-series prediction [35,36]. This work applies a
multi-scale differentiated modeling scheme to EEMD-decomposed IMF components. The
Transformer BiLSTM hybrid model fits medium- and high-frequency seepage pressure com-
ponents controlled by coupled factors—reservoir water level fluctuation, rainfall infiltration
and periodic temperature change—which hold intricate nonlinear temporal relations and
lag influences. In comparison, ridge regression handles low-frequency components gov-
erned by long-term time-related evolution and mild linear trends. Parallel dynamic tuning
of the two models captures full seepage pressure characteristics.

Transformer serves as the core module for capturing long-range correlations in time-
series features, and its architecture is displayed in Figure 3. Seepage pressure responses of
concrete dams exhibit prominent lag characteristics. The impacts of upstream water level
variation and rainfall infiltration propagate gradually through fractured foundation rock
masses and persist in the seepage field over timescales ranging from several days to dozens
of days. Conventional recurrent time-series models suffer from gradient vanishing, which
restricts their capacity to capture long-range dependencies. The multi-head self-attention
mechanism dynamically assigns attention weights to features at different timestamps via
matrix operations. It can autonomously quantify the influence intensity of historical loads
on current seepage pressure and address the issue of long-term lag effects. The calculation
formula is given as

MultiHead(Q,K, V) (10)
= Concat(head,, . .., head,) WO
head,; :Attention(QW?,KWlK,VWlV)
T 11
= Softmax(M)VWV (1)
d 1

where Q, K, V are the query, key and value matrices, & is the number of attention heads,
WiQ, Wf, WY, WO are the learnable parameter matrices, and dj is the dimension of each key
vector. The self-attention mechanism itself does not contain temporal position information
and cannot perceive the sequence’s order, while the evolution of pressure has strict temporal
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causality. Hence, sine and cosine functions are introduced to generate positional encoding,
which embeds timestamp positional information into feature vectors:

pos
100002/ dmodel

B pos
PE(pos,2i+1) - cos(m

PE(pos,Zi) = sin( ) (12)

(13)

where pos is the position of the input feature factor within the sequence; i is the index of
the input feature factor; and d,;,y4.; is the dimension of input feature factors. Sine functions
encode even indices, while cosine functions encode odd indices.

Output
Probabilitics

Dropout

Add & Norm
Add & Norm

«| Multi-Head
Attention

(e )
A

\ Q K v 4

Multi-Head
Attention

Masked Multi-
Head Attention
t 1
, \ ’

g R i S

Positional Encoding — +— Positional Encoding

1
I
I
I
I
I
I
I
INX
I
I
I
I
I
I
I
I

[Input Ilmhcdding] [Outpui |‘:lllbﬂll.|illg]

Figure 3. Basic structure diagram of Transformer.

After Transformer extracts long-range global correlation features, BILSTM is intro-
duced to mine bidirectional local temporal dependencies of the sequence, with its architec-
ture illustrated in Figure 4. Standard LSTM retains and updates temporal information via
gate control mechanisms including input gate, forget gate and output gate. It addresses
the gradient vanishing issue of conventional recurrent neural networks, highlights lag
effects in seepage pressure series, and restores the gradual response law of seepage pres-
sure during reservoir water level fluctuation. BILSTM is a bidirectional stacked structure
composed of parallel forward and backward LSTM units. Its hidden states are concatenated
at each timestamp to form bidirectional temporal features. The state update formulas are
expressed as

— —
ht = LSTM(xt,ht_l) (14)
— —
l’lt = LSTM(xt,ht+1) (15)
—
he=[hy; hy] (16)

—
where hy, hy are the forward and backward hidden states and h¢ represents the concatenated

bidirectional features that fully preserve contextual information of the sequence. Com-
pared with single LSTM, BiLSTM simultaneously exploits historical and future temporal
information to capture asymmetric fluctuation patterns of seepage pressure under working
conditions such as sharp water level rise and heavy rainfall infiltration.

https://doi.org/10.3390/w18162049


https://doi.org/10.3390/w18162049

Water 2026, 18, 2049 11 of 30
/ 4 LSTM output he ) \ bz
I — ! [LSTMU—E|—+ LSTM”—E—%STMW—E
— g © | :
|
| | (mb I 1 Xt-1 O / , X © O
| | 8 @ | : / / /
Ly o |[tanh |[ o] | 1
|~

|
I ___________fg{ | E——{LSTMM——E——(LSTMR}-—EJ-—{LSTMR]
: input ot |
\ @ Element-wise addition /]

Figure 4. Basic structure diagram of BiLSTM.

Seepage pressure IMF components first go through Transformer layers to extract long-
range correlation features, then through BiLSTM layers to capture bidirectional temporal
relations and generate training outputs via full connected layers. The existing Trans-
former has weak local sensitivity, LSTM suffers gradient decay for long dependencies,
and Transformer-LSTM ignores backward information. The presented hybrid model
builds a complementary structure that combines Transformer’s long-range dependency
extraction ability and BiLSTM’s strength in nonlinear time-series fitting. Matching ridge
regression to components of different scales eliminates fitting bias from single-model
approaches improves computation speed and ensures stable prediction accuracy and
model robustness.

After the parallel training and dynamic optimal selection of all IMF components,
conventional decomposition—ensemble models rely on linear summation. Such methods
fail to fully exploit nonlinear coupling among multi-scale components and lead to the
loss of valid output information. To address this, the multi-scale fusion reconstruction
layer proposed in this study realizes the deep integration of optimal training outputs and
accurate reconstruction of the original seepage pressure sequence. The seepage pressure
of concrete dams arises from coupled multi-scale physical processes. High-frequency ran-
dom disturbances, medium-frequency periodic oscillations and low-frequency long-term
trends do not follow simple linear superposition. Taking the optimal prediction sequence
of each component as multivariate inputs, the fusion layer adaptively learns coupling
relations across components of different frequencies through fully connected neural net-
works. It maximally retains valid information of trend and fluctuation terms decomposed
by EEMD.

3. Integrated Prediction Method
3.1. Model Fusion Method

Concrete dam seepage pressure sequences feature strong nonlinearity, nonstationarity,
multi-scale superposition and lag effects [37]. Existing models fail to fully capture multi
factor coupling, mine nonlinear temporal relations and deliver clear physical interpreta-
tion [38]. To tackle these issues, this paper builds an innovative seepage pressure prediction
model combining EEMD multi-scale preprocessing, parallel training and optimization of
two models (ridge regression and Transformer—-BiLSTM), and multivariate nonlinear fusion
layer reconstruction. This model overcomes structural flaws of single models and uniform
modeling drawbacks of conventional decomposition—ensemble frameworks, and forms
a seepage prediction system with high precision, reliable robustness and good physical
interpretability. The overall structure diagram of the model is shown in Figure 5.
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Figure 5. The overall architecture of this model.

All modules of the model operate in close synergy. EEMD serves as preprocessing
to conduct adaptive multi-scale decomposition on cleaned raw seepage pressure series,
decoupling nonstationary data into three IMF categories for differentiated modeling: high-
frequency random noise and instantaneous disturbances, medium-frequency environmen-
tal load responses, and low-frequency long-term time-dependent evolution trends. This
step reduces data-level modeling difficulty and improves component interpretability by
providing structured inputs. Subsequently, a dual-model parallel training and optimization
architecture is built based on component characteristics. For low-frequency components
dominated by gentle linear trends with severe collinearity among driving factors, ridge
regression eliminates multicollinearity induced by multi-order lagged water level terms
and time-dependent factors during linear fitting. For medium- and high-frequency compo-
nents driven by factors including reservoir water level fluctuation, periodic temperature
variation, and rainfall infiltration—which feature strong nonlinearity and remarkable lag
effects—Transformer—-BiLSTM utilizes multi-head self-attention and bidirectional temporal
mining capacity by replacing the decoder inside the Transformer with BILSTM. After paral-
lel dual-model training for each component, comprehensive optimization metrics based on
fundamental indicators are constructed to select optimal outputs. These optimal results are
fed into the multivariate nonlinear fusion reconstruction layer, where fully connected net-
works adaptively extract relationships among components, integrate features and conduct
dimension mapping, and finally reconstruct the global prediction series of concrete dam
seepage pressure. All modules are elaborately designed targeting evolution characteristics
of dam seepage pressure and deeply matched with seepage physical mechanisms, thus
guaranteeing prediction accuracy and objectivity of the model.
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3.2. Model Evaluation Metrics

To comprehensively evaluate model prediction accuracy, four metrics are adopted:
root mean square error (RMSE), mean absolute error (MAE), mean absolute percentage
error (MAPE) and coefficient of determination (R?). Their formulas are given as follows:

1& 2
RMSE = \/Tl 2 (]/true,i - ]/pred,i) (17)
i=1
1
MAE = EZ Ytruei — Ypred,i (18)
i=1
MAPE — 100% <& | Ytrue,i — Ypred,i (19)
no= Ytrue,i
n 2
E (ytrue,i - ]/pred,i)
Rz —1_ i=1 (20)

— 2
(Yiruei = Virue)

1

It

where Yy is the measured actual monitoring value, ¥4, is the predicted value, and
Yire 18 the mean of actual measured values.

Given the parallel dual-model strategy used herein, the four evaluation metrics
often produce inconsistent rankings that hinder optimal model selection. To resolve
one-sided evaluation, dimensional inhomogeneity and unbalanced tradeoffs between
error and fitting performance, this study develops a normalized Comprehensive Optimal
Index (COI) tailored to dam engineering demands. The index normalizes and weight-
fuses the four metrics to remove dimensional differences, enabling quantitative, objective
model screening.

3.2.1. Normalization of Indicators

RMSE, MAE, MAPE and R? differ drastically in dimension, value range and variation
trend. Normalization is first performed on all metrics to achieve comparability.

For error metrics (RMSE, MAE, MAPE), where smaller values indicate better perfor-
mance, reverse normalization is adopted to calculate the evaluation score S; € [0,1]. The
value closer to 1 stands for superior model performance:

Xmax - X

S = a2
! Xmax - Xmin

(1)
where X is the raw metric value of the evaluated model, and Xmax, Xmin are the max-
imum and minimum raw values of this error metric across all candidate models for
component optimization.

For goodness-of-fit metrics such as R?, where larger values correspond to better fitting
performance, forward normalization is used to compute the evaluation score Sg. € [0, 1].
The value closer to 1 signifies more satisfactory fitting results:

X X

R%Z ~ “*R?(min)
S = (22)
K XRz(max) B XRz(min)
where X2 is the raw R? value of the evaluated model and XRZ(max)’XR2(min) are the

maximum and minimum R? values of all candidate models for component optimization.
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3.2.2. Construction of Comprehensive Optimal Indicators

Based on normalized scores, differentiated weights are assigned to each normalized
metric considering the engineering seepage characteristics of concrete dams and metric
representativeness, subject to Zw = 1. The core of dam deformation prediction resides in
a hierarchical paradigm that prioritizes, first, the characterization of long-term structural
trends; second, the mitigation of short-term abrupt anomaly risks; and third, the assurance
of predictive accuracy under routine steady-state operating conditions. R?, the core metric
reflecting overall model fitting performance, is assigned the maximum weight. RMSE,
sensitive to large errors and capable of capturing global prediction bias, receives the second
highest weight. MAE and MAPE, which characterize average accuracy from absolute and
relative error perspectives respectively, share identical weights. Weight coefficients can
be flexibly adjusted according to dam type and prediction scenarios, granting favorable
engineering scalability.

COl is the weighted sum of the scores of each normalized indicator:

COI = wWRMSESRMSE + WMAESMAE 1+ WMAPESMAPE + Wg2Sp2 (23)

where COI € [0, 1], with larger values indicating superior model performance.
For each individual IMF component decomposed by EEMD, the COI values of ridge
regression and Transformer-BiLSTM are separately calculated as COIg;zq, and COIrp:

e  If COIRjgqe > COIrp, ridge regression outputs serve as component optima;
e If COIRjgqe < COIrp, Transformer-BiLSTM outputs are adopted instead;
e If COIRjyqe = COIrp, pick faster model to balance cost and accuracy.

The COl realizes quantitative fusion of multiple evaluation metrics and eliminates
one-sided judgment caused by single indicators. It enhances objectivity and repeatability
of dual-model parallel optimization, laying a high-precision training foundation.

3.3. Overall Process

The overall workflow of the proposed concrete dam seepage pressure prediction
method is illustrated in Figure 6, detailed as follows:

(1) Signal Decomposition and Mode Extraction

Raw time series undergo cleaning, outlier removal and missing value filling. EEMD
adaptively decomposes processed seepage data into multi-scale IMFs. Invalid physically
meaningless components are removed after validity test, and valid IMFs are grouped
by frequency: high-frequency random noise/rainfall disturbance, medium-frequency
environmental load-induced seepage responses, low-frequency long-term trend terms of
foundation and impervious curtain evolution, providing structured inputs.

(2) Dual-Model Parallel Training and Dynamic Optimization

Ridge regression and Transformer-BiLSTM are trained in parallel for frequency-
varying components. Ridge regression removes multicollinearity via L2 regularization
to fit long-term linear trends. Transformer-BiLSTM utilizes multi-head attention and
bidirectional BiLSTM to capture complex nonstationary medium-high frequency lagged
fluctuations. The COI synthesizes normalized weighted metrics to pick optimal outputs.

(3) Multivariate Fusion and Series Reconstruction

Optimal component predictions are concatenated into multi-dimensional features.
A nonlinear fusion layer learns feature mapping to raw series, extracts global temporal
dependencies, integrates features and maps dimensions to reconstruct full seepage pressure
prediction series.
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(4) Model Evaluation and Validation

Global prediction results are post-processed and optimized. Model performance is
evaluated via visualization and quantitative metrics. Field monitoring data verify model
reliability and adaptability, supporting dam seepage safety monitoring and early warning.
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Figure 6. The implementation process of this model.

4. Case Study
4.1. Overview of the Project

A concrete double-curvature arch dam of a hydropower station—which is in Panzhi-
hua, Sichuan, China—is taken as the engineering case. As a landmark hydraulic hub for
cascade exploitation along the Yalong River, it features a large-scale and complex service
environment. A long-term safety monitoring system covering environmental factors, seep-
age pressure and temperature has been deployed, among which dam seepage monitoring
acts as a core item. The continuous and representative data series can reflect the seepage
evolution of high arch dams under multi-field coupling.

Layout of its seepage pressure monitoring points is displayed in Figure 7. The complete
seepage monitoring system arranges 18 functional piezometers and seepage flow sensors
around the foundation anti-seepage curtain, key dam sections, and two abutments, with
automatic acquisition for long-term continuous observation. Long-term seepage records
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from typical monitoring sections form the core dataset for investigating the coupled impacts
of water level fluctuation, temperature variation and time-dependent deformation on
foundation seepage pressure, and verify the practicability of the proposed multi-scale
fusion prediction model for concrete dam seepage pressure monitoring.

PZ- Piezometer (Normal Monitoring)
) PZ- Piezometer (Damaged) @
Figure 7. Seepage pressure monitoring layout of the double-curvature arch dam.

4.2. Dataset Selection

Per the statistical models in Section 2.1, dam seepage pressure is controlled by up-
stream/downstream water levels, rainfall infiltration, periodic temperature and long-term
aging, with spatiotemporal correlations across monitoring points. This paper selects the
measured data from 2010 to 2019 for research, with a sampling interval of 12 h. Inputs
cover reservoir level, downstream stage, rainfall, temperature, time and piezometric head.
Auxiliary data are resampled to match seepage timestamps to unify time axes and remove
temporal offset. Factor components are formulated as

Hy, = {h1, hy4, h515, h16~30, h31~60, h61~100}
Hy = {p1, P24, P58} (24)

H; = {sin%,cos% },i =1,2

Hy = {0,In6},0 = t/100

After time synchronization, 7302 valid data groups are obtained. The historical curves
of water level and rainfall over the monitoring period are plotted in Figure 8. The complete,
high-quality dataset spans full hydrological cycles with obvious dry (Dec.—Apr.) and flood
(JulL—Oct.) seasons, covering routine reservoir operating levels and offering representative

temporal features.

Downstream water level Reservoir water level Rainfall 150
T T T T T 5
. 1200 -
g —
= {100 E
9] g
5 1000 - |- S =
: E
L; 450 s
= [
800
0
2009/1/1 2011/1/1 2013/1/1 2015/1/1 2017/1/1 2019/1/1 2021/1/1

Figure 8. Actual measurement curves of water level and rainfall volume.
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4.3. Model Parameter Settings

The prediction experiments are conducted under a single-step rolling prediction
framework. In engineering practice, single-step rolling prediction enables real-time model
refreshing and guarantees that each forecast is conditioned on the most recent system
state, thereby avoiding the error accumulation and uncertainty propagation inherent in
multi-step direct forecasting. Furthermore, because concrete dam seepage early-warning
systems rely on instantaneous threshold exceedance triggers, the high accuracy and low
latency of single-step rolling outputs are essential for reliable anomaly detection and rapid
emergency response.

For each monitoring point, the first 75% of seepage pressure data over the monitoring
period are taken as the training set and the remaining 25% as the test set. Targeted parameter
tuning based on dam seepage pressure characteristics and model performance requirements
yields the optimal model, with results shown in Table 1.

Table 1. Model hyperparameter selection.

Module Name Parameter Value
Sliding window length 90
Data Preprocessing and EEMD EEMD noise amplitude 0.001
EEMD ensemble size 200
Number of encoder layers 6
Transformer Number of multi-head attention heads 8
Self-attention feature dimension 256
Number of network layers 4
Number of neurons per layer 256
Learning rate 0.0005
. L Dropout rate 0.3
Trammgle)md Regularization L2 regularization coefficient 0.001
arameters Maximum training epochs 100
Prediction Settings Prediction horizon (steps) 1step (12h;0.5d)

To ensure the accuracy of ablation experiments, identical hyperparameter configura-
tions are applied to all models. All experiments are developed in Python 3.9.18 and Spyder
5.4.3, with PyTorch 2.5.0 employed as the deep learning framework for standardization.

4.4. EEMD Data Preprocessing

To verify multi-scale decomposition adaptability and model generalization, four
monitoring points (PZ01, PZ09, PZ10, PZ15) are selected by dam foundation seepage
zoning and monitoring layout. PZ01 (right bank) and PZ09 (mid-riverbed) behind the
impervious curtain reflect upstream seepage evolution. PZ10 in the drainage zone captures
drainage regulated responses, and PZ15 at the downstream left bank toe reflects seepage
pressure after multi-stage attenuation. Covering three sections and functional seepage
zones, they characterize multi region evolution of the dam foundation seepage field.

Missing and anomalous raw data are corrected by linear interpolation. EEMD is
applied to decompose seepage pressure series into eight intrinsic mode function (IMF)
components, which are categorized into high-frequency, medium-frequency and low-
frequency trend components. The IMFs charts are shown in Figure 9.
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Figure 9. EEMD of the data images. (a) PZ01; (b) PZ09; (c) PZ10; (d) PZ15.

EEMD results match well with seepage zoning patterns. For PZ01 and PZ09 behind the
impervious curtain, overall pressure amplitude is high with prominent medium-frequency

components. IMF4 to IMF6 exhibit clear monthly oscillation patterns, confirming the

dominant driving effect of reservoir-level cycles on seepage pressure behind the curtain.

PZ01 shows a slow upward trend, while riverbed PZ09 features a long-term downward

trend, reflecting spatial disparities in anti-seepage system performance across sections.

For PZ10 in the drainage zone, pressure amplitude is far lower than behind the curtain,
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with a notably increased share of high-frequency components. IMF1 to IMF5 present
dense micro-amplitude high-frequency oscillations, indicating drainage holes attenuate
seepage pressure head and smooth periodic seepage fluctuations. PZ15 near the dam toe
has the lowest pressure amplitude among all points. All its components are dominated
by high-frequency micro fluctuations, suggesting the dam toe seepage field has stabilized
after multi-stage regulation, with fluctuations mainly from monitoring noise and local
flow disturbances.

4.5. Analysis of Prediction Accuracy

Seepage pressure amplitudes differ significantly across spatial zones. Seepage heads
are high behind the impervious curtain and decline progressively in the dam foundation
drainage zone and at the dam toe. As a single evaluation index cannot fully reflect the
overall prediction performance, a new comprehensive optimization index (COI) is proposed
in this paper.

This study engaged five senior experts in the field of hydraulic structure safety monitor-
ing, comprising two professor-level senior engineers from universities, two chief engineers
from river basin operation and management agencies, and one deputy chief engineer from
a design institute. A modified Delphi method combined with the Analytic Hierarchy
Process (AHP) was employed to conduct pairwise importance comparisons among the
four metrics—RMSE, MAE, MAPE, and R?. Through validation against engineering cases
and expert scoring, an initial weight vector was derived: wrmsg = 0.283, wymag = 0.172,
wmapg = 0.165, and wg2 = 0.380. The experts unanimously concurred that the goodness-of-
fit for long-term trends constitutes the primary criterion in concrete dam safety assessment,
warranting an R? weight proportion approaching 40%. RMSE, serving as a global error
metric sensitive to large deviations, possesses higher engineering sensitivity than average
error metrics and thus should be assigned a weight significantly exceeding those of MAE
and MAPE. MAE and MAPE characterize average accuracy from absolute and relative
perspectives, respectively; they are informationally complementary and of equivalent im-
portance. Consistency testing yielded a consistency ratio (CR) of 0.062 for the judgment
matrix, satisfying the threshold CR < 0.10; the matrix therefore passed the consistency test,
confirming the absence of logical conflicts in the expert judgments.

Considering that the research object operates predominantly under steady non-flood-
season conditions throughout most of the year and exhibits a relatively low proportion
of samples with extreme abrupt seepage pressure changes, minor engineering adaptive
rounding was applied to the original weights. Specifically, the R> weight was adjusted
upward from 0.380 to 0.40 to further consolidate the dominance of long-term trend evalua-
tion. The RMSE weight was trimmed from 0.283 to 0.30 without further elevation, thereby
preventing excessive penalization of minor normal fluctuations. The MAE and MAPE
weights were synchronously reduced from 0.172 and 0.165, respectively, and rounded to
0.15, preserving their equal status; their combined weight of 0.30 effectively discriminates
average accuracy differences among candidate models under steady operating conditions.
Verification confirms that the adjusted weights sum strictly to unity, satisfying the nor-
malization constraint requisite for weighted comprehensive evaluation. The final weight
configuration is wrmsg = 0.30, wmag = 0.15, wvapg = 0.15, wpz = 0.40. The COI is
established via weighted summation:

COI = 0.30SrMmsE + 0.155maE + 0.155vapE + 0.405R2 (25)

In order to better quantify the training effectiveness of each model for different IMF
components, taking monitoring point PZ01 as an example, the core evaluation indices
and COI values of eight IMF components trained by ridge regression and Transformer—
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BiLSTM are summarized in Table 2 to quantify the training performance of each model on
different IMF components. As shown, for high-frequency (IMF1-3) and medium-frequency
(IMF4-6) components, the Transformer-BiLSTM model maintains R? above 0.98, yields far
lower RMSE, MAE and MAPE than ridge regression and achieves significantly higher COI
values. This demonstrates the model’s precise capture of nonlinear temporal dependencies,
consistent with the physical mechanism of medium-high frequency seepage responses. For
low-frequency components (IMF7-8), ridge regression presents prominent advantages. Its
R? exceeds 0.99, error indices decrease markedly, and COI values all exceed 0.94. Compared
with Transformer-BiLSTM, ridge regression effectively suppresses multicollinearity among
seepage driving factors, enabling stable fitting of the long-term temporal evolution trend of
dam foundation seepage pressure. The COI results align well with component frequency
features, verifying both the effectiveness of the COI for dynamic dual-model selection and
the scientific rationality of the multi-scale differentiated modeling strategy.

Table 2. Training evaluation indexes of IMF components for measuring point PZ01.

RMSE MAE MAPE
2
Component Model R Sg2 (m) SRMSE (m) SMAE (%) SMAPE CO1
Ridge
IMF1 0.7215 0.0000 0.4231 0.6205 0.3422 0.6138 18.76 0.0000 0.2782

(High-frequency)

Regression

Transformer-BiLSTM 09842 09542  0.0753 09382  0.0587  0.9395 3.091 0.8898  0.9375

IMF2
(High-frequency)

Ridge

. 0.7483  0.0973 04512 05948  0.3601  0.5932 17.23 0.0869  0.3194
Regression

Transformer-BiLSTM 09867 09633  0.0682 09447  0.0534  0.9455 2.682 0.9131 0.9475

IMF3
(High-frequency)

Ridge

. 0.8126 0.3309 0.7015 0.3662 0.5623 0.3609 12.54 0.3532 0.3493
Regression

Transformer-BiLSTM 0.9879 0.9677 0.1824 0.8404 0.1432 0.8424 2.970 0.8966 0.9000

IMF4

(Medium-frequency)

Ridge

. 0.8754 05590 09327 01549  0.7486  0.1469 9.649 05173  0.3697
Regression

Transformer-BiLSTM 0.9913 0.9800 0.2105 0.8147 0.1637 0.8188 2.041 0.9495 0.9017

IMF5

(Medium-frequency)

Ridge

. 09187  0.7163  1.1023 ~ 0.0000  0.8765  0.0000 7.778 0.6235  0.3800
Regression

Transformer-BiLSTM 09942 09906 02486  0.7799  0.1923  0.7860 1.646 09716  0.8938

IMF6

(Medium-frequency)

Ridge

. 09472 0.8198 05234 05289 04125  0.5330 5.621 0.7462  0.6785
Regression

Transformer-BiLSTM 0.9876 0.9666 0.2297 0.7972 0.1802 0.7999 2.430 0.9273 0.8849

IMF7
(Low-frequency)

Ridge

. 0.9925 09844 01176  0.8996  0.0918  0.9014 1.822 0.9620  0.9432
Regression

Transformer-BiLSTM 0.9753 0.9219 0.2553 0.7738 0.2041 0.7724 4.181 0.8279 0.8409

IMF8
(Low-frequency)

Ridge

. 0.9968  1.0000  0.0077  1.0000  0.0060  1.0000 1.146 1.0000  1.0000
Regression

Transformer-BiLSTM 09702 09034  0.0215 09874  0.0174  0.9869 3.591 0.8614  0.9348

To verify the training stability and convergence speed of the proposed model, the train-
ing process of IMF components at point PZ01 is tracked, and the loss curves of the training
and test sets against iteration number are presented in Figure 10. All IMF components con-
verge rapidly in the early training phase and stabilize thereafter. The high-frequency IMF
components (IMF1-3) achieve the fastest convergence, reaching a low loss level within only
20-30 iterations. This aligns with the physical nature of high-frequency components, having
readily captured fluctuation patterns. The medium-frequency IMF components (IMF4-6)
converge at a moderate rate, requiring around 40 iterations. These components correspond
to seepage pressure responses driven by reservoir-level fluctuations and periodic temper-
ature variations. Their hysteresis conduction effects and nonlinear multi-factor coupling
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demand more iterations to be fully characterized. The low-frequency IMF components
(IMF7-8) exhibit the slowest convergence. Their temporal features reflect the long-term
evolution trend of the dam foundation seepage field, involving gradual processes, thus ne-
cessitating sufficient iterations for accurate long-term trend fitting. Furthermore, the minor
discrepancy between training and test set losses indicates no significant overfitting. This
confirms that the EEMD multi-scale preprocessing and differentiated modeling strategy
enable the model to capture seepage pressure evolution characteristics while maintain-
ing favorable generalization ability. The overall model converges within approximately
80 iterations with high computational efficiency.

Training set loss Test set loss

10? 10? 10? 10?
IMF_1 IMF 2 IMF_3 IMF_4
10° 10%} 10°} 10°
E 10 ,_g: 10 E 10°h E 10%
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g g g Z
= 10" = 10" = 107} = 10"
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iterations iterations iterations iterations
Figure 10. The loss of IMFs over the course of iterations.
The proposed seepage pressure prediction model accurately reproduces the evolu-
tionary trend of dam foundation seepage pressure, with the prediction metrics listed in
Table 3.
Table 3. Model prediction evaluation indicators for measuring points.
Pz01 PZ09
Indicators R? RMSE/m  MAE/m  MAPE/% Indicators R? RMSE/m  MAE/m  MAPE/%
Training set 0.9928 0.7571 0.6922 2.3010 Training set 0.9983 0.2695 0.2122 0.5118
Test set 0.9902 0.8111 0.7033 3.1664 Test set 0.9969 0.3330 0.2432 0.6271
PZ10 PZ15
Indicators R? RMSE/m  MAE/m  MAPE/%  Indicators R? RMSE/m  MAE/m  MAPE/%
Training set ~ 0.9955 0.1018 0.0812 0.5718 Training set ~ 0.9935 0.0169 0.0138 0.8318
Test set 0.9915 0.0950 0.0769 0.6271 Test set 0.9884 0.0153 0.0108 0.5571

In terms of prediction performance, the proposed model outperforms single and
traditional hybrid models in accuracy and stability. For PZ01, the training set respectively
achieves an R? of 0.9928, with RMSE, MAE and MAPE of 0.7571 m, 0.6922 m and 2.3010%.
The test set maintains a high R? of 0.9902 with controllable error growth, and the small
performance gap between training and test sets indicates no significant overfitting. The
predicted curve aligns well with measured seepage data. It reproduces the long-term
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evolution trend and finely captures short-term fluctuations induced by abrupt reservoir-
level changes and heavy rainfall infiltration, overcoming limitations of traditional statistical
models such as prediction lag and large local fitting errors under extreme conditions.

4.6. Comparison of Generalization Performance of Prediction Results

To verify the generalization and reliability of the proposed model for concrete dam
seepage pressure prediction, its performance is compared with three benchmarks: Trans-
former, BILSTM, and Transformer—BiLSTM. Typical monitoring points in three seepage
functional zones (behind the anti-seepage curtain, dam foundation drainage zone, and dam
toe) are analyzed. Comparisons of predicted seepage pressure head curves with measured
data at the four points are presented in Figure 11.
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Figure 11. Comparison chart of predicted values and actual values for different models. (a) PZ01;
(b) PZ09; (c) PZ10; (d) PZ15.

As shown in Figure 11, the proposed seepage pressure prediction model based on
multi-scale preprocessing and dual-model fusion delivers excellent performance across
dam foundation regions with distinct seepage characteristics. For PZ01 and PZ09 behind
the impervious curtain, seepage pressure heads feature high amplitudes and prominent
annual periodic fluctuations driven by seasonal reservoir-level variations. The proposed
model accurately reproduces the long-term evolution trend and annual fluctuation pat-
terns, with far better agreement in amplitude and phase than the three benchmarks. It
effectively mitigates the large deviation of Transformer at abrupt water level inflection
points and the phase lag deficiency of BiLSTM. For PZ10 in the dam foundation drainage
zone, regulated by drainage holes, seepage pressure heads decrease significantly, with
an increased proportion of high-frequency small amplitude fluctuations. Benefiting from
EEMD multi-scale decoupling, the proposed model outperforms benchmarks in capturing
local fluctuation details and achieves higher local fitting accuracy. For PZ15 at the dam
toe with low, stable seepage pressure, the model still maintains the minimum prediction
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deviation and reliably reflects the seepage field state. Experiments demonstrate that the
proposed fusion model simultaneously achieves accurate long-term trend prediction and
fine short-term fluctuation capture, exhibiting higher prediction accuracy and robustness
across monitoring points in different seepage zones. The model matches the practical
demands of dam seepage safety management well, with prediction errors far lower than

those of the benchmarks.

mance of the developed model, scatter plots comparing measured versus predicted values
at all monitoring points are presented in Figure 12, and the evaluation metrics and improve-

To quantitatively validate the prediction accuracy and global generalization perfor-

ment statistics are summarized in Tables 4 and 5.
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Figure 12. Correlation scatter plots for monitoring points. (a) PZ01; (b) PZ09; (c) PZ10; (d) PZ15.
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Table 4. Predicted evaluation indicators for measuring points.
PZ01
MODEL Transformer BiLSTM Transformer-BiLSTM Model of this paper
R? 0.9732 0.9800 0.9859 0.9956
RMSE/m 1.0691 0.9192 0.7192 0.3116
MAE/m 1.0060 0.8730 0.7256 0.6697
MAPE/ % 3.1591 2.7869 2.3315 1.8213
PZ09
MODEL Transformer BiLSTM Transformer-BiLSTM Model of this paper
R? 0.9796 0.9848 0.9863 0.9981
RMSE/m 0.8022 0.5976 0.3966 0.1867
MAE/m 0.6600 0.4770 0.3175 0.2199
MAPE/ % 1.6957 1.2108 0.8148 0.5490
PZ10
MODEL Transformer BiLSTM Transformer-BiLSTM Model of this paper
R? 0.9743 0.9796 0.9869 0.9963
RMSE/m 0.3108 0.2866 0.1880 0.1001
MAE/m 0.2512 0.2345 0.1471 0.0801
MAPE/ % 1.8257 1.6832 1.0720 0.5965
PZ15
MODEL Transformer BiLSTM Transformer-BiLSTM Model of this paper
R? 0.9649 0.9749 0.9850 0.9947
RMSE/m 0.0427 0.0361 0.0279 0.0165
MAE/m 0.0331 0.0301 0.0219 0.0130
MAPE/ % 1.9101 1.7370 1.2202 0.7645
Note: The proposed model dynamically selects between ridge regression and Transformer-BiLSTM
via the COL
Table 5. Performance improvement results for measurement points.
PZ01 PZ09
. Transformer- . Transformer-
Model Transformer  BiLSTM BiLSTM Model Transformer  BiLSTM BiLSTM
R?/% 2.3017 1.5918 0.9839 R?/% 1.8885 1.3505 1.1964
RMSE/ % 70.8540 66.1010 56.6741 RMSE/ % 76.7265 68.7584 52.9249
MAE/% 33.4294 23.2875 7.7040 MAE/% 66.6818 53.8994 30.7402
MAPE/% 42.3475 34.6478 21.8829 MAPE/% 67.6240 54.6581 32.6215
PZ10 PZ15
. Transformer- . Transformer-
Model Transformer  BiLSTM BiLSTM Model Transformer  BiLSTM BiLSTM
R?/% 2.2580 1.7048 0.9525 R?/% 3.0884 2.0310 0.9848
RMSE/ % 67.7928 65.0733 46.7553 RMSE/ % 61.3583 54.2936 40.8602
MAE/% 68.1131 65.8422 45.5472 MAE/% 60.7251 56.8106 40.6393
MAPE/ % 67.3276 64.5615 44.3563 MAPE/ % 59.9759 55.9873 37.3463

Tables 4 and 5 show multi-index comparisons of RMSE, MAE and MAPE at four
typical seepage pressure points. The proposed model yields markedly lower errors than
Transformer, BILSTM and Transformer BiLSTM benchmarks across all points, with a
distinct error reduction advantage. For PZ01 behind the impervious curtain, MAE is only
0.6697m (33.43% lower than the single Transformer model), R? reaches 0.9956, and RMSE
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drops to 0.3116 m. This demonstrates high-precision fitting for seepage series in regions
with high water heads and strong annual periodic fluctuations. For PZ10 in the dam
foundation drainage zone, RMSE falls from 0.3108 m (Transformer) to 0.1001 m (67.79%
reduction) with R? of 0.9963, confirming accurate capture of seepage variation patterns
under elevated high frequency disturbances from drainage regulation. For PZ15, the
low-head steady seepage point at the downstream dam toe, the model retains the lowest
error level, further verifying its adaptability to zones with distinct fluctuation features.
Correlation scatter plots in Figure 12 corroborate these findings, where the diagonal marks
the ideal benchmark of perfect prediction measurement agreement. The three benchmarks
show highly scattered distributions and notable diagonal deviations, while all sample
points of the proposed model closely follow the diagonal without significant systematic
bias, indicating smaller overall prediction deviation. Comprehensive results confirm that
the model achieves high-quality fitting for both long-term evolution trends and local
small-amplitude fluctuations across all locations, including the impervious curtain section,
drainage zone and downstream dam toe.

In summary, the proposed model achieves refined seepage pressure prediction across
all dam regions via multi-scale preprocessing and differentiated modeling, with outstand-
ing performance, high prediction accuracy and robustness. All monitoring points yield
optimal error metrics with R? values exceeding 0.99, demonstrating excellent goodness
of fit. It maintains stable high-precision fitting for diverse scenarios, including flat dam
bases, periodic fluctuations in the middle and upper dam body, and complex nearshore
constraints, breaking through the limitations of traditional models. The core advantage
stems from the synergistic design of multi-scale feature decoupling and differentiated mod-
eling, and model selection guided by the COI comprehensive optimization index, which
effectively integrates machine learning methods with the physical mechanisms of dam
seepage. Noise-assisted EEMD effectively suppresses mode mixing, and IMF component
classification aligned with engineering driving mechanisms provides physical inputs for
differentiated modeling. The dual-model adaptive system performs parallel training for
the component of frequency differentiation to achieve matching precise model components.
The COI addresses the one-sidedness of single index evaluation, enabling comprehensive
capture and coverage of full-scale seepage pressure features.

5. Discussion

As demonstrated by the foregoing comparative analysis, the multi-scale preprocessing
and dual-model fusion framework proposed in this study substantially improve seepage
pressure prediction accuracy relative to single-baseline models. More importantly, it sys-
tematically addresses the limitations of existing models in terms of physical interpretability
from the practical engineering requirements of concrete dam safety monitoring.

Competitive models (Transformer, BILSTM, Transformer-BiLSTM) exhibit acceptable
overall fitting performance, yet their black-box structures cannot distinguish whether
seepage pressure anomalies stem from rapid water level variations, periodic temperature
fluctuations or time-dependent degradation of the impervious curtain. The concrete dam
seepage field results from coupled mechanisms including water level action, rainfall infil-
tration, thermal stress and long-term aging [39,40]. Modeling raw time series directly mixes
multi-scale features. Minor seepage pressure rises induced by local chemical dissolution of
the curtain or foundation contact erosion are embedded in intermediate-frequency IMF
components. Such weak anomalies are readily masked by annual water level cycles and
high frequency noise, triggering false and missed alarms against seepage failure and failing
early warning demands. In this study, EEMD adaptively decomposes raw seepage series
into multi-scale IMF components with definite physical interpretations. The COI enables
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dynamic selection between ridge regression and Transformer-BiLSTM, matching each fre-
quency component to an optimal model corresponding to its seepage driving mechanism
and facilitating the physical interpretability of predictions. Furthermore, the nonlinear fu-
sion layer replaces traditional linear superposition, preserving implicit cross-scale coupling
information and improving reconstruction accuracy.

Benefiting from the independence of each IMF component after EEMD decoupling,
the proposed framework supports modular segmentation and hierarchical invocation.
For routine inspections that only require the long-term evolutionary trend of the seepage
field, the ridge regression module can be activated independently to rapidly output low-
frequency time-dependent components. When fine capture of hysteretic seepage responses
is necessary, the Transformer—BiLSTM module is employed to fit medium-high frequency
components. This hierarchical scheduling strategy allocates computing resources flexibly
according to monitoring alert levels and on-site computing capacity, balancing timeliness
and computational efficiency, and outperforms the one-size-fits-all deployment of global
deep neural networks by a notable margin.

For seepage fields with prominent spatial heterogeneity, globally unified networks
suffer weak generalization [41]. Low-frequency long-term seepage evolution is domi-
nated by linear time-variant features with severe multicollinearity among drivers, which
triggers overfitting and long-term prediction drift in deep learning. By contrast, medium-—
high frequency components contain intricate bidirectional nonlinear temporal dependen-
cies and multi-step lag effects that cannot be well captured by linear statistical models.
A single network yields acceptable performance only for riverbed zones with uniform
water heads behind the impervious curtain, yet produces drastically enlarged errors and
scattered precision at measuring points near dam abutments, curtain edges, drainage gal-
leries and dam toes where seepage boundaries and hydraulic gradients change abruptly.
The proposed differentiated dual-model framework dynamically assigns the optimal sub-
model to each IMF via COI combined with nonlinear fusion reconstruction. It resolves
the structural conflict that single models fail to simultaneously capture long-term linear
trends and nonlinear fluctuations, delivering stable prediction accuracy across all dam
measuring points.

In practical dam safety monitoring, warning thresholds for measuring points be-
hind grout curtains are determined by designed uplift pressure and allowable hydraulic
gradients. Baseline models yield test-set RMSE ranging from 0.3 to 1.1 m, whose error
bands overlap heavily with normal water-level-induced seepage fluctuations, triggering
frequent false or missed alarms during flood seasons. The proposed model reduces RMSE
to 0.01-0.4 m, narrowing the overall error range below typical warning limits and improv-
ing risk identification reliability greatly. For high-risk zones with complex constraints
such as dam abutment curtain edges and toe drainage areas, MAPE declines by over 40%.
These regions are prone to seepage failure, and the accuracy gain substantially strengthens
monitoring performance over hazardous seepage pathways.

The proposed methodology is extendable to various hydraulic structures and complex
working conditions. The EEMD-based multi-scale decoupling and COI-guided dual-model
optimization framework is not restricted to the seepage pressure forecasting of concrete
hyperbolic arch dams. It can also be transferred to nonstationary time-series prediction tasks
such as uplift pressure for gravity dams and phreatic line of earth-rock dams, possessing
favorable engineering practicability and methodological universality.

6. Conclusions

Accurate seepage pressure prediction is essential for the scientific evaluation of con-
crete dam service performance. Targeting the strong nonlinearity, nonstationarity and
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multi-scale coupling of seepage pressure time series, this paper explores the influencing
factors in the seepage pressure statistical model of concrete dams, and identifies water
level, rainfall, temperature and time as the influencing factors and develops a seepage
pressure prediction method integrating EEMD multi-scale preprocessing, ridge regres-
sion and Transformer-BiLSTM dual-model fusion. Verified by field monitoring data and
comparative experiments on a concrete double-curvature arch dam in Sichuan, China, the
model effectiveness is validated, with main conclusions as follows:

(1) EEMD preprocessing provides structured data support for high-precision seepage
pressure prediction. It decomposes nonstationary seepage series into IMF components
free of prominent mode mixing. Component screening based on seepage physical mech-
anisms, decoupling high-frequency monitoring noise and instantaneous rainfall distur-
bances, medium-frequency periodic responses of reservoir level and temperature, and
long-term low-frequency seepage field evolution, thus enhancing physical interpretability.

(2) The COI-guided parallel strategy of ridge regression and Transformer-BiLSTM
effectively overcomes the structural limitations of single models and the one-sidedness of
single index optimization. Ridge regression fits low-frequency linear trend components,
while Transformer-BiLSTM adapts to medium-high frequency nonlinear fluctuations.

(3) The proposed fusion model delivers high prediction accuracy and strong spatial
adaptability. For typical monitoring points across multiple representative seepage func-
tional zones, the model achieves R? above 0.99 in test set, with RMSE, MAE and MAPE
significantly outperforming benchmark models. It exhibits excellent generalization and
robustness for seepage pressure series with diverse evolution patterns.

(4) The model has remarkable engineering application value. The framework ef-
fectively addresses the accuracy deficiency of traditional seepage safety assessment and
early-warning methods, advancing dam seepage safety management from post-event
anomaly analysis to pre-event accurate prediction.

(5) Several limitations warrant note. First, training data cover mainly normal hy-
drological events, leaving the model’s reliability under extreme situations unverified, as
seepage mechanisms may then shift beyond the training distribution. Second, geological
complexity is presently treated only via implicit time-dependent corrections. Future work
should explicitly weight geological features (lithology, geotechnical parameters, fracture
distribution, schistosity, chemical bandation, and weathering susceptibility) as covariates
to enhance physical interpretability across heterogeneous foundations. Finally, single-case
validation limits generalizability to other dam types or high altitude freeze-thaw environ-
ments. Future research should integrate physics-informed constraints, conduct multi-case
validation to establish generalized calibration protocols.
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