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Abstract

The inherent uncertainty of concrete dam systems, together with the complex influence
of environmental loads and measurement noise, makes it difficult for traditional deter-
ministic point prediction models to provide reliable deformation forecasts. In particular,
the prediction performance of conventional models is highly dependent on parameter
settings, while the uncertainty and potential deviation of future displacement responses
are often not fully quantified. To address these limitations, this study proposes an intelli-
gent data-driven prediction framework for dam displacement based on the integration of
convolutional neural networks and long short-term memory networks. In the proposed
framework, convolutional neural networks are used to extract local feature information
from monitoring data, while long short-term memory networks are employed to capture
temporal dependencies in displacement sequences. The Black-winged Kite Algorithm is
introduced to optimize the key parameters of the integrated multi-level network, thereby
improving the accuracy and robustness of point prediction. Furthermore, quantile regres-
sion is embedded into the optimized learning framework to construct an interval prediction
model for dam deformation, enabling the conditional predictive uncertainty associated
with displacement evolution to be quantitatively characterized. The engineering case
study and comparative analyses with other models demonstrate that the proposed model
achieves improved prediction performance for the investigated monitoring point. The
interval prediction results further show that, for the investigated dam and monitoring point,
the proposed framework can effectively characterize conditional predictive uncertainty
and provide additional information for deformation interpretation and safety assessment.
Further studies involving additional monitoring points and dams are required to assess its
broader applicability.
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dam safety monitoring has gradually evolved from the acquisition of single physical
quantities into an interdisciplinary information system integrating sensor networks, data
acquisition, signal processing, structural mechanics, and intelligent decision-making.

With the development of sensing and information technologies, the monitoring
paradigm of concrete dams has shifted from traditional manual inspection and single-point
displacement observation to multi-source, multi-parameter, and real-time data-driven
assessment. Monitoring information now includes not only deformation, but also stress,
seepage, temperature, uplift pressure, environmental loads, and other coupled physical
responses [4-7]. These heterogeneous data provide a rich basis for characterizing dam
behavior under complex operating conditions. Through effective data integration and
analysis, abnormal structural responses can be identified in time, and the evolution trend
of dam behavior can be quantitatively assessed. Therefore, intelligent interpretation of
monitoring information has become an important issue in dam safety management.

Among various monitoring indicators, displacement is one of the most direct variables
reflecting the structural response and safety status of concrete dams [8]. Dam displace-
ment is affected by reservoir water level, temperature variation, time-dependent effects,
material creep, foundation deformation, and measurement uncertainty. It usually ex-
hibits nonlinear responses to water level changes, while temperature-induced periodic
deformation may account for a considerable part of the annual deformation. As a result,
displacement sequences often show temporal dependence, seasonal fluctuation, spatial
heterogeneity, and uncertainty, making accurate prediction a challenging task in time-series
information modeling.

Quantitative evaluation of dam safety can be achieved by establishing the relation-
ship between deformation monitoring data and influencing factors [9,10]. Traditional
dam deformation models mainly include statistical models, deterministic models, and
hybrid models. The hydrostatic-temperature-time model and its improved forms have
been widely used to decompose dam displacement into water pressure, temperature,
and aging components [11-13]. Although these models have clear physical meanings
and good interpretability, their performance may be limited when dealing with com-
plex nonlinear relationships, high-dimensional monitoring variables, and non-stationary
time-series patterns.

In recent years, machine learning and deep learning methods have provided new
solutions for dam displacement prediction. Data-driven models such as back-propagation
neural networks, artificial neural networks, extreme learning machines, least-squares
support vector machines, and other intelligent algorithms have been applied to dam
safety monitoring and deformation prediction [14-16]. Compared with conventional
models, these methods have stronger nonlinear mapping and adaptive learning capabilities,
and are suitable for extracting latent features from complex monitoring data. From the
perspective of informatics, dam displacement prediction can be regarded as a temporal
information modeling problem in which historical monitoring sequences, environmental
variables, and structural responses are integrated. Therefore, developing an accurate,
robust, and interpretable intelligent prediction model is important for improving the
information-based management of concrete dam safety. Li et al. improved the Harris Hawk
optimization algorithm and combined it with a quasi recurrent neural network to enhance
the accuracy of dam deformation prediction [17]. Zhang et al. optimized the parameters
of extreme gradient boosting using sparrow search algorithm and established an efficient
dam displacement prediction model [18]. Lu et al. used empirical mode decomposition
to process the measured data and integrated grey wolf algorithm and long short-term
memory network to construct an advanced dam settlement prediction model [19]. Zhang
etal. proposed an adaptive optimization based IVM and random forest algorithm to predict
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the deformation of concrete dams [20]. Su et al. proposed a method for optimizing the input
and parameters of a prediction model using a combination of support vector machines,
chaos theory, and particle swarm optimization algorithm, and established a dam safety
prediction model [21]. Compared with traditional models, intelligent monitoring models
such as neural networks, extreme learning machines, and multi algorithm fusion models
have significantly improved prediction accuracy and can more accurately predict the safety
status of dams.

However, because the dam displacement prediction is vulnerable to environmental
and detection errors, and has periodic and seasonal changes, it is difficult to characterize
the uncertainty of the dam displacement by the determined values obtained from the
point prediction of a single model, because it cannot describe the probability of occurrence
of the predicted values and the range where they may fluctuate [22]. In recent years,
interval prediction has demonstrated the advantage of uncertainty prediction in wind
power forecasting. In addition to providing point prediction results, it can also depict the
fluctuation interval of wind power at a specific confidence level. This feature not only
reduces the operational risk of equipment, but also improves the revenue of wind power
generation [23]. Therefore, using interval prediction for uncertainty analysis of dam system
displacement can effectively quantify the rationality and stability of dam operation risk
assessment [24-26]. However, existing studies still present two limitations. First, most
intelligent dam-deformation models focus primarily on improving deterministic prediction
accuracy, whereas the uncertainty associated with future deformation is rarely quantified
within the same learning framework. Second, although feature extraction, temporal learn-
ing, metaheuristic optimization, and interval prediction have individually been applied
in different forecasting problems, their functional complementarity for dam-deformation
prediction has not been sufficiently investigated. In particular, there remains a lack of a uni-
fied framework that simultaneously extracts nonlinear correlations among environmental
variables, captures the temporal dependence of deformation, adaptively optimizes model
hyperparameters, and converts deterministic forecasts into calibrated prediction intervals.
To address these gaps, a unified BKA CNN LSTM QR framework is developed in this
study for the probabilistic prediction of concrete dam deformation. The methodological
contribution is not attributed to the individual development of CNN, LSTM, BKA, or
quantile regression, but to the establishment of a coordinated prediction framework in
which different limitations of conventional deformation forecasting are addressed by the
four components. Specifically, nonlinear local correlations among multiple environmental
variables are extracted by CNN, long-term temporal dependencies in dam displacement
are captured by LSTM, and the key hyperparameters of the CNN LSTM model are adap-
tively optimized by BKA, thereby reducing the dependence of prediction performance on
empirical parameter selection. Furthermore, quantile regression is incorporated into the
optimized learning framework, through which the deterministic prediction model is ex-
tended to probabilistic interval prediction and both the expected deformation trend and the
associated prediction uncertainty are quantified. In this study, the uncertainty quantified
by quantile regression refers specifically to the conditional predictive uncertainty reflected
in the response distribution of dam displacement, while epistemic uncertainty associated
with the model structure and parameter estimation is not separately quantified. In this way,
feature extraction, temporal dependency learning, adaptive parameter optimization, and
uncertainty quantification are integrated into a unified framework for dam deformation
prediction rather than being treated as independent algorithmic components. The effective-
ness of the proposed framework and the contributions of its individual components are
further evaluated through benchmark comparisons and ablation experiments in terms of
point prediction accuracy, interval reliability, and interval sharpness.

https://doi.org/10.3390/informatics13090148


https://doi.org/10.3390/informatics13090148

Informatics 2026, 13, 148

40f19

2. Basic Theory of Algorithms for Models
2.1. BKA Optimization Algorithm

The Black-winged Kite Optimization Algorithm (BKA) is a recently proposed meta-
heuristic optimization algorithm introduced by Wang et al. in 2024 [27]. Inspired by the
migration and predatory behaviors of black-winged kites, BKA simulates the adaptive
search strategies of this species in response to dynamic environmental conditions and
varying target positions. By abstracting these biological behaviors into mathematical op-
timization rules, the algorithm achieves a balance between global exploration and local
exploitation, thereby enhancing its ability to search complex solution spaces. Owing to
its adaptive search mechanism and robust optimization capability, BKA has potential
advantages in addressing nonlinear and high-dimensional optimization problems. The
optimization process of BKA mainly consists of three stages.

2.1.1. Population Initialization Stage

Randomly generate an initial population, where the individual position X; of each
black-winged kite represents a potential solution in the solution space:

Xi = Xmin + rand(0,1) (Xmax — Xmin) M

where rand is a random value between 0 and 1, and X;, and Xmax are the boundaries of
the search space.

2.1.2. Phase of Attack

As a predator of small grassland mammals and insects, the black-winged kite usually
analyzes the current wind speed to control its flight status during flight, and can observe
prey and launch attacks in the air. This strategy includes different attack behaviors for
global exploration and search, and its mathematical model is

X(t)+n(1+sin(r)) x X(t) p<r
X(t4+1)=< X(t)+nx2r—1)xX(t) else )
n=0.05x exp(—2 x t/T)?
where p is a constant, T is the total number of iterations, and ¢ is the number of completed
iterations.

2.1.3. Migration Stage

Bird migration is a complex behavior influenced by environmental factors such as
climate and food supply. To adapt to seasonal changes, many birds migrate from the north
to the south in winter to obtain better living conditions and resources. Migration is usually
led by leaders, whose navigation skills are crucial to the success of the team. If the fitness
value of the current population is lower than that of the random population, the leader
will abandon leadership and join the migrating population, indicating that it is not suitable
for leading the population forward. On the contrary, if the fitness value of the current
population is greater than that of the random population, it will guide the population to
reach its destination. The BKA incorporates a leader strategy based on this characteristic,
and by selecting suitable leaders, it can effectively ensure that the population migrates to a
resource-rich place. The relevant update formula is as follows:

X(t) +C(0,1) x (X(t) — L{) F < F,
X(t+1) =9 X(t)+C(0,1) x (L} —m x X(t)) else 3)
m=2Xxsin(r+m/2)
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where F; is the fitness value of the current position; F,; is the fitness value for random
positions; C(0,1) is a random number generated in the Cauchy distribution.

BKA is employed to optimize the key hyperparameters of the CNN LSTM model
because the search space contains different combinations of network structure and training
parameters. Its population-based search provides a flexible balance between global explo-
ration and local exploitation for identifying effective parameter combinations. In this study,
its optimization performance is further evaluated against DBO and POA under the same
search space, population size, iteration number, validation dataset, and fitness function.

2.2. CNN-LSTM Integrated Model

A Convolutional Neural Network (CNN) is a feedforward neural network mainly
composed of convolutional layers that extract data feature information, pooling layers that
filter and compress the feature information extracted by the convolutional layers, and fully
connected layers that aggregate and integrate the information processed by the previous
layers [28]. The structure diagram of CNN is shown as Figure 1.

Input layer Convolutional . Convolutional Fully connected Output
Pooling layer

Layer Layer layer layer

e T S
, -

e A 1 B

Convolution Convolution

. Pooling .
operation . operation
operation

Figure 1. Structure diagram of CNN.

Convolutional neural networks (CNNs) are widely used for feature extraction because
local patterns in input data can be identified through convolution operations. A typical
CNN consists mainly of convolutional layers, pooling layers, and fully connected layers,
as illustrated in Figure 1. In the present study, the displacement and environmental
variables are organized as temporally ordered one-dimensional sequences. Therefore, a one
dimensional CNN is adopted to extract local nonlinear features from adjacent observations
before the extracted features are transferred to LSTM for temporal dependency learning [29].
For an input sequence (X(t)), the convolution operation can be expressed as

k-1
C(t) =) X(t+a)-K(a)+b (4)
a=0
where C(t) is the output of the convolutional layer at time step ¢; X(f) is the value of the
input sequence at time step t; K(a) is the weight of the convolution kernel at position a; k is
the size of the convolution kernel; b is the bias term.

Long short-term memory (LSTM) is a special type of recurrent neural network that
performs better in time series data processing and prediction compared to ordinary
RNNSs [30-32]. It can effectively solve some key problems in traditional RNNs, including
gradient explosion, gradient vanishing, and long-term dependencies. The network struc-
ture of LSTM consists of multiple repeated unit modules, each of which contains three
gates (forget gate, input gate, output gate). The structure diagram of LSTM is shown as
Figure 2.
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Figure 2. Structure diagram of LSTM.

In the proposed framework, CNN and LSTM are sequentially integrated rather than in-
dependently applied. The environmental variables, including water pressure, temperature,
and aging factors, together with historical deformation information, are first organized as
model inputs. The one-dimensional CNN is used to extract local nonlinear features from
the temporally ordered displacement and environmental input sequences. The extracted
features are then transferred to the LSTM layer to capture longer term temporal dependen-
cies in dam deformation. In this way, CNN and LSTM provide complementary capabilities
for local feature extraction and temporal dependency learning, respectively. The resulting
hidden features are finally mapped to the predicted dam displacement through a fully
connected layer. In this way, the local feature extraction capability of CNN and the tem-
poral dependency learning capability of LSTM are combined within a unified prediction
architecture. Based on this, this article first uses CNN to extract the feature vector of dam
displacement, and then inputs it into the LSTM network. Recurrent training is carried out
in the LSTM network, through which the local feature extraction ability of CNN and the
temporal dependency learning ability of LSTM are effectively combined to construct a
CNN LSTM integrated model. The model structure is shown in Figure 3.
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Figure 3. Structure diagram of CNN-LSTM model.
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3. Interval Prediction Model for Deformation of Concrete Dam

The BKA optimization algorithm was used to optimize the parameters of the CNN-
LSTM model, and a dam displacement prediction model (BKA-CNN-LSTM point prediction
model) was established. The point prediction of dam displacement in actual engineering
was carried out to verify the superiority of the proposed model. Quantile regression is
adopted to characterize the conditional predictive uncertainty of dam displacement at spec-
ified confidence levels. By estimating conditional quantiles directly, prediction intervals
can be constructed without assuming a specific distribution of prediction errors. Moreover,
the quantile loss can be readily integrated into the existing neural network framework, en-
abling the point prediction model to be extended directly to interval prediction. Although
alternative uncertainty estimation methods such as conformal prediction are also applica-
ble, quantile regression is selected because of its direct compatibility with the prediction
objective and the existing network structure. Then, the MAE loss in the BKA-CNN-LSTM
prediction model was transformed into a quantile loss function L, which is expressed as

Qyi(t]x;) = B(T)x;,i =1,2,- - ,n (5)

L=Y" 7y —x/ B(7)] (6)

where Q is the conditional quantile; § is the vector of regression coefficients; L is the loss
function; and 7y is the absolute value function of the tilt.

For a confidence level of, the lower and upper bounds are defined by the and con-
ditional quantiles. Therefore, the 95% prediction interval corresponds to the 0.025 and
0.975 quantiles, while the 85% interval corresponds to the 0.075 and 0.925 quantiles. The
four quantile models are trained separately using the same BKA optimized CNN LSTM
configuration, and BKA optimization is not repeated for different quantile levels.

To evaluate the accuracy level of parameter interval results inverted through different
sets of measurement points, interval coverage probability (PICP), and prediction interval
normalized average width (PINAW) are introduced to evaluate the reliability of the upper
and lower limits of the interval for each settlement measurement point. Among them, PICP
measures the empirical coverage probability of the prediction interval, and its proximity to
the nominal coverage level reflects the calibration and reliability of the interval. PINAW
measures the normalized average width of the prediction interval and primarily reflects
interval sharpness. A smaller PINAW indicates a narrower and sharper prediction interval,
but it does not necessarily imply better predictive performance unless adequate empirical
coverage is simultaneously maintained. Therefore, PICP and PINAW should be interpreted
jointly: a desirable prediction interval should maintain adequate coverage while remaining
as narrow as possible. The calculation of the above indicators is as follows:

1 n
PICP = E; b; 7)
1 n
PINAW = — Y (U(A;) — L)) ()

i=1

where 7 is the number of prediction samples; b; is an indicator variable equal to 1 if the
observed value y; lies within the prediction interval [L;, U;] and 0 otherwise; L; and U; denote
the lower and upper bounds of the prediction interval for the i-th sample, respectively; and
R = Yimax — Ymin denotes the range of the observed target values.

Since PICP and PINAW characterize complementary aspects of prediction-interval
quality and may exhibit a trade-off between coverage and interval width, the cover-
age width-based criterion (CWC) is further adopted to evaluate these two properties
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jointly. In order to further evaluate the accuracy of the model more accurately, the cov-
erage width-based criterion (CWC) is used to comprehensively evaluate the quality of
interval prediction:

CWC = R - PINAW - (1 + pch)efMPICPfu)) 9

where R denotes the range of the observed target values; i denotes the nominal coverage
probability corresponding to the prescribed prediction interval, i.e., u = 0.95 and 0.85 for
the 95% and 85% prediction intervals, respectively; # is a penalty parameter controlling the
magnitude of the coverage penalty and is set to 30 in this study; and y(PICP) is an indicator

function defined as
0,PICP > u

10
1,PICP < u 10)

y(PICP) = {

Thus, no additional coverage penalty is imposed when the empirical coverage reaches
or exceeds the nominal level, whereas an exponential penalty is introduced when the
empirical coverage falls below the nominal level.

Based on the BKA-CNN-LSTM model and combined with quantile regression model,
establish a displacement interval prediction model for concrete dams. The specific steps
are as follows.

Step 1: Preprocess the dam displacement data and environmental feature variables,
and divide the processed data chronologically into a training set, a validation set, and an
untouched final test set.

Step 2: Build a CNN-LSTM model, input the training set data, and use the BKA
to optimize the hyperparameters of the model to determine the hyperparameters of the
network model.

Step 3: Set the mean absolute error (MAE) as the fitness function and train the BKA-
CNN-LSTM dam displacement prediction model.

Step 4: After the model configuration and hyperparameter selection are finalized,
input the untouched final test set into the trained BKA-CNN-LSTM model and evaluate its
predictive performance using the specified evaluation metrics.

Step 5: With the optimized CNN LSTM configuration fixed, train the QR models at
quantile levels of 0.025, 0.075, 0.925, and 0.975, and construct the corresponding 95% and
85% prediction intervals for dam displacement.

In summary, the implementation process for the deformation interval prediction model
for concrete dams is shown in Figure 4.

Processing of raw L Multi neural network N ,”, Deformation interval \\‘
monitoring data I: E ensemble model b prediction model :

Lo BKA b :

~ N [ Training | |} optim zation Lo BKA-CNN-LSTM-QR i
set ! E i | Interval Prediction Model :

— CNN-LSTM — 7 T i :

= - model T ' cwe | |
monitoring Vo Lo PINAW |
data E ' . P % !
Prediction || | BKA-CNN-LSTM i i Prediction results for i

\ ) set b Point Prediction Model P displacement interval of dam || !

Figure 4. Flowchart of Interval Prediction Model Based on BKA-CNN-LSTM-QR.

https://doi.org/10.3390/informatics13090148


https://doi.org/10.3390/informatics13090148

Informatics 2026, 13, 148 9of 19

4. Case Study
4.1. Project Overview

The hydropower station considered in this study is primarily designed for power
generation. The project is classified as a Grade II large-scale project, with the main hydraulic
structures classified as Grade (2) structures. The retaining dam of the hydraulic complex
is a concrete dam. To establish stable reference points for deformation monitoring, one
inverted plumb system is arranged at each dam abutment, namely B1-IP-01 on the left bank
and B15-IP-01 on the right bank. In addition, one plumb line and one inverted plumb line,
denoted as B12-PL-01 and B12-IP-01, respectively, are installed in the powerhouse dam
section and in the observation room of the foundation gallery. The working principles of
the plumb line systems are illustrated in Figure 5, where Figure 5a shows the layout of the
inverted plumb line and Figure 5b presents the layout of the plumb line.

jemmmmmmmmmmmmmm ool e Piaiuiainetiaty e Measuring

// Dam y oil Floating ball ‘ Lpi(:il::m:

- o -~

;T 7RIRIIN crest \v ' mx—tﬁqw Dam \  pag v
! ) N N ' / gallery ! //

I . | 1 1

i Protection well \ Oil etion well ! /

| - : \ . Heie ' Protection well | /

: : \ ! = 4

\ | ' /
1 I 1
. /

1 Plumb line 1 \ ! Plumb line -

| o | \ | vl N
: 1 \ - - /
| : \ ! ] /
| 0il | \ | | /
' 0il Floating ball | \ : ' /
1 —O‘ 1 E—):, : 1
\ drum Dam Measuring ! 7 \

\\\ gallery - point L] Bedrock /

(a) (b)

Figure 5. Working principle diagram of the plumb line. (a) Inverted plumb line layout diagram;
(b) plumb line layout diagram.

In this study, the monitoring data obtained from the plumb line and inverted plumb
line associated with measuring point B12-IP-01 in the 12th dam section were selected as the
research object for constructing the deformation prediction model. Missing observations in
the monitoring series were supplemented using linear interpolation between adjacent valid
observations, resulting in a total of 1226 valid data points. To facilitate model training and
prediction, the temporal variation process of the monitoring data is presented in Figure 6.
The dataset was divided chronologically into three mutually exclusive subsets: 982 samples
for model training, 122 subsequent samples for validation and hyperparameter selection,
and the remaining 122 samples as an untouched final test set. The validation set was used
only for hyperparameter optimization and model selection, whereas the final test set was
not involved in model training, hyperparameter optimization, or model selection and was
used only for the final out-of-sample performance evaluation.

4.2. Model Parameter Setting and Optimization

During the operation of dams, they are subject to complex environmental factors,
among which the deformation of concrete dams is mainly affected by water pressure
factors, temperature factors, and aging factors. In order to simulate these factors in the
model, this paper determines the eigenvalues of the predictive model. Among them,
the water pressure factor adopts H, H?, H3, and H?*, the temperature factor adopts har-
monic factor sin %g and cos 23%? to simulate temperature changes, and the aging factor

adopts In 6.
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Figure 6. The process line of the monitoring data for dam crest displacement.

In the BKA-based optimization procedure, six hyperparameters of the CNN LSTM
model are optimized simultaneously, including the number of CNN filters, convolution
kernel size, CNN activation function, number of LSTM units, time step, and learning rate.
Their search spaces are {8, 16, 32, 64}, {3, 5, 7}, {ReLU, tanh, sigmoid, softmax}, {64, 128, 256},
{5, 10}, and {0.001, 0.01}, respectively. The MAE on the validation set is used as the fitness
function to evaluate each candidate parameter combination. Other parameters, including
padding, stride, pooling size, dropout rate, optimizer, batch size, and training epochs, are
kept fixed during optimization. All the parameter settings are shown in Table 1.

Table 1. The BKA-CNN-LSTM parameter settings.

Parameter Take a Value
filters 64
Kernel_size 5
Convolutional Layer padding same
strides 1
activation tanh
Pooling layer pool_size 1
units 256
Time step 10
activation tanh
LSTM layer optimizer Adam; the learning rate is 0.01
batch_size 64
epochs 500

(1) In the convolutional layer, the number of convolution kernels and filters can be
selected between 8, 16, 32, and 64. The kernel size should be selected between 3, 5, and
7. In convolutional neural networks, ‘padding’ is used to control the edge processing of
input data during convolution operations. Choosing ‘same’ means zero padding is applied
to the edges of the input data to maintain the output size consistent with the input. The
stride of the convolutional kernel on the input data is set to a default value of 1 to preserve
more information. Comparison of activation functions between ‘relu’, ‘tanh’, ‘sigmoid’
and ‘softmax’.

(2) In the pooling layer, select pool_2 as 1, do not perform pooling, and maintain the
original feature map size.

(3) In the LSTM layer, the number of neurons units in the fully connected layer is
selected between 64, 128, and 256. Choose a time step between 5 and 10. Choose Adam
as the optimizer and debug with a learning rate between 0.01 and 0.001. Select the same
convolutional layer for the remaining parameters. In addition, to suppress the overfitting
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phenomenon of LSTM, a dropout layer needs to be added, and dropout is debugged
between them, with a final setting of 0.2. Specify the loss function ‘mean_Squared_error’
and optimizer type ‘adam’ to verify that the data does not participate in training.

For a fair comparison, BKA, DBO, and POA were implemented using the same com-
putational settings, including the population size, maximum number of iterations, CNN
LSTM hyperparameter search space, validation dataset, fitness function, and initialization
strategy. Specifically, the population size and maximum number of iterations were set to
30 and 200, respectively, and the MAE calculated on the validation set was adopted as the
fitness function. The initial populations were randomly generated within the prescribed
search ranges. The optimization process was terminated when the maximum number of
200 iterations was reached, corresponding to a maximum fitness evaluation budget of 6000
for each algorithm. Therefore, the three algorithms differed only in their population update
mechanisms and algorithm specific control parameters.

4.3. Model Point Prediction Results and Analysis

To comprehensively evaluate the predictive performance of the BKA-CNN-LSTM
model, several benchmark models were constructed, including CNN, LSTM, GRU, Trans-
former, DBO-CNN-LSTM optimized by the beetle optimization algorithm, and POA-CNN-
LSTM optimized by the pelican optimization algorithm. To evaluate the influence of
random initialization, the proposed model is independently trained five times using differ-
ent random seeds while keeping the data partition and model parameters unchanged. The
mean values and standard deviations of the main evaluation metrics are reported to assess
the stability of the model.

The processed monitoring data and corresponding environmental features of mea-
suring point B12-IP-01 were input into each model under the same data partition and
training conditions. The fitting performance of the training set is summarized in Table 2.
The present study focuses on a single monitoring point of one concrete dam. Therefore,
the current case study mainly verifies the feasibility of the proposed framework, while its
applicability to other monitoring locations and dams requires further validation. As shown
in Table 2, all models achieved satisfactory fitting accuracy, indicating that the selected
network structures were reasonably configured and could therefore be used for subsequent
comparative evaluation on the final test set in the present case study.

Table 2. Training set fitting accuracy.

Algorithm MAE/mm  MAPE/%  MSE/mm? RMSE/mm R?
BKA-CNN-LSTM 0.1065 0.1643 0.0209 0.1444 0.9956
CNN 0.2031 0.1743 0.0718 0.2679 0.9849
LSTM 0.2382 0.2218 0.1011 0.3179 0.9787
Transformer 0.2405 0.2125 0.1128 0.3358 0.9713
GRU 0.2225 0.2436 0.0981 0.3132 0.9821
DBO-CNN-LSTM 0.2041 0.4278 0.0722 0.2688 0.9848
POA-CNN-LSTM 0.2864 0.3637 0.1392 0.3731 0.9706

Input the prediction set data into the trained models for prediction. The comparison
between the prediction curves of each model and the true values is shown in Figure 7.
From Figure 7, it can be seen that, compared to other prediction models, the displacement
predicted by the BKA-CNN-LSTM model is closest in magnitude to the measured values
and most consistent in trend with the measured values, indicating that the model has strong
learning and prediction abilities.
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Figure 7. Comparison of point prediction results on the final test set. (a) Measured displacement
and prediction results obtained by the BKA-CNN-LSTM, CNN, LSTM, DBO-CNN-LSTM, and POA-
CNN-LSTM models; (b) measured displacement and prediction results obtained by the Transformer
and GRU modelsl.

To further evaluate the predictive performance of each model, multiple evaluation
metrics, including MAE, MAPE, MSE, RMSE, R2, and computation time, were used to
quantify the predictive performance of the models. The evaluation metrics for the model
prediction set are shown in Table 3.

Table 3. Model point prediction results.

Algorithm MAE/mm MAPE/% MSE/mm? RMSE/mm R? Time/t
BKA-CNN-LSTM  0.2188 + 0.0067  0.5121 +0.0184  0.0690 £ 0.0041  0.2627 & 0.0078  0.9749 4 0.0021  80.96 + 1.84
CNN 0.6503 £ 0.0215  0.6748 +£0.0269  0.6243 £0.0328  0.7901 £ 0.0207  0.7732 £ 0.0116  68.04 £+ 1.21
LSTM 0.5894 & 0.0187  0.5516 + 0.0223  0.4449 +0.0264  0.6670 +- 0.0198  0.8384 & 0.0095  73.74 + 1.58
Transformer 0.4295 + 0.0146  0.3216 +0.0152 02793 +0.0184  0.5285 £ 0.0173  0.9242 & 0.0068  64.35 + 1.42
GRU 0.4316 £ 0.0168  0.4876 +0.0195 0.3144 £ 0.0201  0.5608 = 0.0181  0.9188 & 0.0074  75.21 + 1.63
DBO-CNN-LSTM  0.4460 & 0.0205  0.8223 £ 0.0367  0.2821 +0.0247  0.5311 +0.0226  0.8975 4 0.0098  169.54 + 4.91
POA-CNN-LSTM  0.4933 £ 0.0238  0.7269 £ 0.0314  0.3612 +0.0295 0.6010 +0.0249  0.8688 & 0.0113  189.23 £ 5.36

According to Table 3, the BKA-CNN-LSTM model achieved mean MAE, MSE, and
RMSE values of 0.2188 mm, 0.0690 mm?2, and 0.2627 mm, respectively, all of which were
the lowest among the compared models. It also obtained the highest R? value of 0.9749,
indicating that its predictions were closest to the measured values and that it provided the
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best overall fitting performance. Compared with the CNN, LSTM, Transformer, GRU, DBO-
CNN-LSTM, and POA-CNN-LSTM models, the MAE of BKA-CNN-LSTM was reduced
by 66.35%, 62.88%, 49.06%, 49.30%, 50.94%, and 55.65%, respectively, while its RMSE was
reduced by 66.75%, 60.61%, 50.29%, 53.16%, 50.54%, and 56.29%, respectively. In addition,
its R? increased by 26.09%, 16.28%, 5.49%, 6.11%, 8.62%, and 12.21%, respectively. These
results demonstrate that the BKA-based optimization of the CNN-LSTM network can
effectively reduce the overall prediction error and improve the model’s ability to capture
the variation characteristics of dam displacement.

It should be noted that the Transformer model achieved the lowest MAPE of 0.3216%,
outperforming the BKA-CNN-LSTM model, whose MAPE was 0.5121%. The GRU model
also obtained a slightly lower MAPE of 0.4876%. Therefore, BKA-CNN-LSTM did not
achieve the best result for every individual metric. Nevertheless, it showed the best
performance in terms of MAE, MSE, RMSE, and R?, demonstrating superior overall
prediction performance.

Regarding computational efficiency, the Transformer model required the shortest
running time of 64.35 s, followed by CNN and LSTM at 68.04 s and 73.74 s, respectively.
The running time of BKA-CNN-LSTM was 80.96 s, which was slightly longer than those
of the single deep-learning models but substantially shorter than the 169.54 s required
by DBO-CNN-LSTM and the 189.23 s required by POA-CNN-LSTM, corresponding to
reductions of approximately 52.25% and 57.21%, respectively. This indicates that the BKA-
CNN-LSTM model maintains relatively high optimization efficiency while considerably
improving prediction accuracy. The iterative convergence processes of BKA, DBO, and
POA are presented in Figure 8.

1.2
1.0

—BKA DBO POA

/mm

0.6
S04
0.2

0'0 1 1 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180 200

number of iterations

Figure 8. The number of iterations for each optimization algorithm.

To quantitatively evaluate the contributions of CNN, LSTM, and BKA to dam dis-
placement point prediction, five ablation models were constructed, namely CNN, LSTM,
CNN-BKA, LSTM-BKA, and BKA-CNN-LSTM. Their performance was evaluated using
MAE, MAPE, MSE, RMSE, and R2. As shown in Table 4, the individual CNN and LSTM
models exhibited relatively large prediction errors. The CNN model yielded an MAE of
0.6503 mm and an RMSE of 0.7901 mm, whereas the corresponding values of the LSTM
model were 0.5894 mm and 0.6670 mm. Compared with CNN, LSTM achieved lower predic-
tion errors and a higher R?, indicating that LSTM can better capture temporal dependencies
in the dam displacement sequence.

After introducing BKA optimization, the predictive performance of both CNN-
BKA and LSTM-BKA was improved. For CNN-BKA, the MAE, MSE, and RMSE de-
creased to 0.4234 mm, 0.3276 mm?, and 0.5724 mm, respectively, while R? increased to
0.8765. The corresponding values for LSTM-BKA were further improved to 0.3827 mm,
0.2564 mm?2, 0.5064 mm, and 0.9012. These results demonstrate that BKA can effectively
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reduce prediction errors and enhance fitting performance by optimizing the key model
parameters. Moreover, LSTM-BKA outperformed CNN-BKA, further confirming the im-
portance of temporal dependency learning in dam displacement prediction.

Table 4. Ablation Results of the BKA-CNN-LSTM Point Prediction Model.

BKA-CNN-LSTM

MAE/mm MAPE/% MSE/mm? RMSE/mm R?

CNN LSTM BKA
Vv 0.6503 0.6748 0.6243 0.7901 0.7732
0.5894 0.5516 0.4449 0.6670 0.8384
Vv Vv 0.4234 0.5432 0.3276 0.5724 0.8765
vV Vv 0.3827 0.5264 0.2564 0.5064 0.9012
v v v 0.2188 0.5121 0.0690 0.2627 0.9749

Checkmark indicates the method used in single-round model, while bold metrics shows the best of
all results.

The complete BKA-CNN-LSTM model achieved the best overall performance,
with MAE, MAPE, MSE, and RMSE values of 0.2188 mm, 0.5121%, 0.0690 mm?, and
0.2627 mm, respectively, and an R? of 0.9749. Compared with CNN and LSTM, its MAE
was reduced by 66.35% and 62.88%, respectively, while its RMSE was reduced by 66.75%
and 60.61%. Its R? increased by 26.09% and 16.28%, respectively. Compared with CNN-
BKA and LSTM-BKA, the RMSE of the complete model was further reduced by 54.11% and
48.12%, respectively. These findings indicate that the local feature extraction ability of CNN,
the temporal dependency learning capability of LSTM, and the parameter optimization
ability of BKA are complementary. Their integration substantially improves the extraction
of nonlinear displacement characteristics and leads to higher point prediction accuracy.

4.4. Model Interval Prediction Results and Analysis

Based on the optimized BKA CNN LSTM model, the 95% prediction interval is
constructed from the 0.025 and 0.975 conditional quantiles, while the 85% prediction
interval is constructed from the 0.075 and 0.925 conditional quantiles. The corresponding
interval prediction results are shown in Figure 9.

BKA-CNN-LSTM-QR

95% confidence interval
85%confidence interval
true value

Estimate

Estimate/mm

20 40 60 80 100 120
Sample point

Figure 9. Interval prediction of BKA-CNN-LSTM-QR model.
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As shown in Figure 9, the prediction intervals generally follow the variation trend of
the measured displacement and provide good coverage of the observed values. The 95%
interval provides a higher coverage rate, whereas a few local deviations can be observed
in the narrower 85% interval. These deviations are mainly associated with short-term
fluctuations in the displacement sequence, which may not be fully represented by the
historical samples used for model training. Overall, the proposed model maintains good
interval coverage while preserving a relatively narrow prediction range, indicating a
reasonable balance between reliability and sharpness.

To verify the performance of the BKA-CNN-LSTM-QR model in interval prediction,
models were constructed for interval prediction and comparison. The interval predic-
tion evaluation indicators of each model at 95% and 85% confidence levels are shown
in Table 5 and Figure 10.

Table 5. Different model interval prediction error.

PICP PINAW cwC
Model

ode 95% 85% 95% 85% 95% 85%
BKA-CNN-LSTM-QR 09918 08525 01349  0.0991 02848  0.2145
CNN-QR 09344 04098 04723 01433 09521  0.3659
LSTM-QR 08894 07894 03601 02263 03637 04635
Transformer-QR 08921 06527 03925 02678 05148 04512
GRU-QR 09215 07214 04273 03721 04527 03615

DBO-CNN-LSTM-QR 0.7213 0.5738 0.1961 0.1531 0.4425 0.3549
POA-CNN-LSTM-QR 0.8525 0.6639 0.2514 0.1783 0.5286 0.3930

Bold numbers indicates the best-performing results among the many.

PICP
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0.2
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Figure 10. Different model interval prediction error. (a) 95% confidence level; (b) 85% confidence level.

A comprehensive comparison of Table 5 and Figure 10 shows that the BKA-CNN-
LSTM-QR model achieved superior interval prediction performance at both the 95% and
85% confidence levels. At the 95% confidence level, the proposed model obtained a PICP of
0.9918, which was higher than the values of 0.7213-0.9344 achieved by the other models. Its
coverage probability was therefore improved by 6.14-37.50%, indicating that the prediction
interval covered a larger proportion of the measured displacement values. It should be
noted that the PICP of 0.9918 was slightly higher than the nominal confidence level of 0.95,
suggesting strong interval coverage but also a certain degree of conservativeness. At the
85% confidence level, the PICP was 0.8525, which was very close to the nominal value of
0.85, demonstrating favorable reliability and calibration of the prediction interval.

In terms of interval width, the PINAW values of the BKA-CNN-LSTM-QR model were
0.1349 and 0.0991 at the 95% and 85% confidence levels, respectively, both of which were
the lowest among all the compared models. At the 95% confidence level, the PINAW was
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reduced by 31.21-71.44% relative to the other models, while at the 85% confidence level, it
was reduced by 30.84-73.37%. These results indicate that the proposed model can generate
more compact prediction intervals while maintaining a high coverage probability, thereby
improving the sharpness and effectiveness of interval prediction.

Moreover, the CWC values of the proposed model were 0.2848 and 0.2145 at the 95%
and 85% confidence levels, respectively, which were also the lowest among all models.
At the 95% confidence level, the CWC was reduced by 21.69-70.09% compared with the
competing models, while at the 85% confidence level, the reduction ranged from 39.56%
to 53.72%. Overall, the BKA-CNN-LSTM-QR model achieved a better balance between
interval coverage and interval width. It not only provided sufficient coverage of the
measured displacement values but also avoided excessively wide prediction intervals,
demonstrating reliable interval forecasting performance and effective quantification of the
conditional predictive uncertainty of dam displacement.

To further investigate the contributions of CNN, LSTM, and BKA to interval prediction,
five interval forecasting models were constructed: CNN-QR, LSTM-QR, CNN-BKA-QR,
LSTM-BKA-QR, and BKA-CNN-LSTM-QR. Their performance was evaluated using PICP,
PINAW, and CWC. As shown in Table 6, CNN-QR and LSTM-QR suffered from either
insufficient coverage or excessively wide prediction intervals. For example, at the 85%
confidence level, the PICP of CNN-QR was only 0.4098, which was substantially lower than
the nominal coverage level of 0.85. Although the PICP of LSTM-QR increased to 0.7894, its
PINAW reached 0.2263, indicating a relatively wide prediction interval.

Table 6. Ablation Results of the BKA-CNN-LSTM-QR Interval Prediction Model.

BKA-CNN-LSTM-QR

PICP (95%) PICP (85%) PINAW (95%) PINAW (85%) CWC (95%) CWC (85%)

CNN LSTM BKA
0.9344 0.4098 0.4723 0.1433 0.9521 0.3659
Vv 0.8894 0.7894 0.3601 0.2263 0.3637 0.4635
v 0.9425 0.6421 0.2948 0.1284 0.7612 0.2975
v Vv 0.9027 0.8276 0.2472 0.1648 0.3481 0.3617
v vV v 0.9918 0.8525 0.1349 0.0991 0.2848 0.2145

Checkmark indicates the method used in single-round model, while bold metrics shows the best of
all results.

After BKA optimization was introduced, the interval prediction quality of CNN-BKA-
QR and LSTM-BKA-QR was generally improved. At the 95% confidence level, the PICP of
CNN-BKA-QR increased to 0.9425, while its PINAW decreased from 0.4723 for CNN-QR
to 0.2948. The PICP of LSTM-BKA-QR was 0.9027, and its PINAW decreased from 0.3601
for LSTM-QR to 0.2472. The corresponding CWC values were also substantially reduced,
indicating that BKA improved not only interval coverage but also interval sharpness,
thereby enhancing the overall quality of interval prediction.

The complete BKA-CNN-LSTM-QR model achieved the best results at both confidence
levels. Its PICP values were 0.9918 and 0.8525 at the 95% and 85% confidence levels,
respectively. In particular, the empirical coverage of 0.8525 was very close to the nominal
level of 0.85, demonstrating favorable interval calibration. Meanwhile, its PINAW values
were 0.1349 and 0.0991, both of which were the lowest among the ablation models. Its
CWC values of 0.2848 and 0.2145 were also the lowest. Compared with CNN-QR, the
complete model reduced PINAW by 71.44% and 30.84% at the 95% and 85% confidence
levels, respectively, and reduced CWC by 70.09% and 41.38%. Compared with LSTM-QR,
PINAW was reduced by 62.54% and 56.21%, while CWC was reduced by 21.69% and
53.72%. The complete model also achieved higher coverage and smaller interval widths
than CNN-BKA-QR and LSTM-BKA-QR.
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Overall, CNN, LSTM, and BKA all contributed positively to interval prediction. CNN
extracts local correlations among environmental variables, LSTM captures long-term tem-
poral dependencies in dam displacement, and BKA improves the stability and accuracy of
quantile predictions through parameter optimization. Their integration enables BKA-CNN-
LSTM-QR to increase interval coverage while effectively narrowing the prediction interval,
thereby achieving a better balance between reliability and sharpness.

5. Conclusions

(1) To address the limitations of conventional point prediction models in comprehen-
sively characterizing the fluctuations and predictive uncertainty of dam displacement, this
study integrates the local feature extraction capability of CNN with the temporal depen-
dency learning capability of LSTM and employs BKA to optimize the key hyperparameters
of the CNN-LSTM model, thereby constructing a BKA-CNN-LSTM point prediction model.
Its overall performance in dam displacement prediction is evaluated through comparisons
with CNN, LSTM, GRU, Transformer, DBO-CNN-LSTM, and POA-CNN-LSTM. On this
basis, quantile regression is further incorporated to develop the BKA-CNN-LSTM-QR
interval prediction model, enabling the simultaneous characterization of dam displacement
trends and their associated conditional predictive uncertainty.

(2) The comparative results show that BKA effectively improves the hyperparameter
optimization of the CNN LSTM model. The proposed BKA CNN LSTM model achieves
the best performance in terms of MAE, MSE, and RMSE, although Transformer and GRU
obtain slightly lower MAPE values. Overall, the proposed model demonstrates favorable
prediction accuracy and fitting performance for the investigated dam displacement data.

(3) The prediction results of the BKA-CNN-LSTM-OR interval prediction model are
more stable and reliable compared to other models, and the interval evaluation indicators
are superior to other prediction models. For the investigated dam and monitoring point,
the proposed interval prediction model effectively characterizes the conditional predictive
uncertainty of displacement and provides prediction intervals as a useful supplement to
deterministic point predictions. These results demonstrate the feasibility of the proposed
framework for the present case.

(4) The present model is established for the temporal prediction of deformation at a
single monitoring point, and spatial relationships among multiple monitoring locations are
not considered. In future studies, monitoring data from multiple measuring points can be
incorporated to investigate the spatial correlation of dam deformation and to extend the
current framework to multivariate spatial and temporal deformation prediction. In addi-
tion, abrupt deformation changes and extreme operating conditions that are insufficiently
represented in the training data may lead to local prediction interval failures.
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