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Abstract: With the increased operating time and usage frequency of hydroelectric equipment, monitoring and
predicting its health state has become increasingly important. Traditional health assessment methods often
rely on single measurement point data, which has problems such as insufficient model precision and poor real-
time performance. These methods are difficult to reflect the overall health state of the equipment fully and
cannot accurately capture the complex dynamic characteristics of the equipment, lacking real-time moni-
toring capabilities. This article proposed a comprehensive health prediction model for hydroelectric equip-
ment based on the multimeasurement point output, which realized real-time monitoring and prediction of the
health state of hydroelectric equipment, optimized maintenance strategies, and reduced maintenance diffi-
culty. By collecting temperature signal data, vibration signal data, pressure signal data, and lubrication degree
signal data from three systems including upper guide bearing, thrust guide bearing system, and water guide
bearing in hydroelectric equipment, they were used as original sensor signal data. Data preprocessing is
performed on original sensor signal data, including handling missing and outliers, stabilizing nonstationary
time series data, and filtering temporal noise to address the impact of diverse types and large differences in
data scales, achieving more accurate predictions. This article used sequential Bayesian method (SBM), hyper-
sphere algorithm, and long short-term memory (LSTM) network to construct a prediction model. These algo-
rithms had different advantages and applicable scenarios and could complement each other to improve the
precision and robustness of prediction models. To further improve prediction precision, the model parameters
were optimized through cross validation to avoid overfitting and improve model performance. By comparing
and analyzing the predictive performance, error results, and real-time prediction performance before and
after model optimization, it was concluded that the prediction model constructed by SBM, hypersphere
algorithm, and LSTM network had an overall average improvement of 23.7% in the prediction precision of
12 parameters, including temperature, vibration frequency, pressure, and lubrication degree, for the opti-
mized upper guide bearing, thrust guide bearing, and water guide bearing systems. The overall average error
has decreased by 55.6%, and the real-time prediction performance has improved by 10.4%. The optimized
model not only improves accuracy but also significantly enhances real-time performance, which can better
adapt to real-time prediction needs in dynamic environments.
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1 Introduction

With the continuous growth of modern industry and energy demand, the importance of hydroelectric equip-
ment in power production is becoming increasingly prominent. The stable operation of hydroelectric equip-
ment plays a crucial role in the reliability and economy of power supply. However, hydroelectric equipment
[1,2] often faces various types of faults and wear issues due to its complex structure and working environment.
The health state of the hydroelectric equipment is influenced by various factors [3-5]. Traditional methods for
predicting the overall health of hydroelectric equipment often suffer from inability to respond promptly to
changes in the equipment state [6]. This significantly increases maintenance costs. Therefore, achieving high-
precision overall health prediction of hydroelectric equipment [7,8] has important research significance and
application value.

In previous studies, health assessment models mainly relied on data from a single measurement point
[9-11]. The data from a single measurement point can easily lead to one-sided and inaccurate evaluation
results [12,13]. Traditional methods often fail to fully consider the complex dynamic characteristics of devices
and the interactive effects of multidimensional data during the model construction process [14-16]. Traditional
health assessment methods have limited capabilities in data preprocessing [17,18], making it difficult to
effectively address these data quality issues. This article proposes an overall health prediction model for
hydroelectric equipment based on multiple measurement point outputs [19,20].

This article focuses on the original sensor signal data of hydroelectric equipment [21-23] and conducts
comprehensive data preprocessing, including handling missing values and outliers, stabilizing nonstationary
time series data, and filtering temporal noise [24-26], to address the impact of diverse types and large
differences in data scales, achieving more accurate predictions. The sequential Bayesian method (SBM),
hypersphere algorithm, and long short-term memory (LSTM) network are selected to construct a health state
prediction model [27-29]. The SBM captures the temporal variation patterns of device states by modeling the
sequence of historical data; the hypersphere algorithm utilizes high-dimensional data clustering technology to
identify the normal and abnormal states of devices; the LSTM predicts the future health state of devices by
processing long-time series data. During the model training process, the cross validation [30] method is used to
optimize the model parameters, avoiding overfitting. By combining real-time monitoring data, the entropy
weight method [31] is used to rank the fault risk of each measurement point.

The major contributions of this article are as follows:

(1) A prediction model is constructed using the SBM, hypersphere algorithm, and LSTM network. The SBM
captures the temporal variation patterns of device states by modeling the sequence of historical data. The
hypersphere algorithm utilizes high-dimensional data clustering technology to identify the normal and
abnormal states of devices. The LSTM predicts the future health state of devices by processing long time
series data.

(2) During the model training process, cross-validation is used to optimize the model parameters, avoiding
overfitting and enhancing the model’s robustness.

(3) A series of data preprocessing techniques are implemented to handle missing values, detect and handle
abnormal values, stabilize nonstationary time series data, and filter temporal noise. These steps address
the impact of diverse types and large differences in data scales, further improving the accuracy of
predictions.

2 Related works

Traditional health assessment methods mainly rely on data from a single measurement point, and these
methods have significant shortcomings in model precision and real-time performance, leading to unsatisfac-
tory model prediction precision. To improve the limitations of single measurement point data, researchers
have proposed a multimeasurement point data fusion method, which improves the accuracy of health pre-
diction by collecting and analyzing data from multiple sensors.
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There are currently many research achievements in the construction of prediction models. Liu et al. [32]
performed comprehensive diagnosis and decision-making for high-speed train bearings by taking both spatial
and temporal dimensions. Zhang et al. [33] established a health benchmark model for pumped storage units.
The study explored the complex interaction characteristics between multiple influencing factors. The afore-
mentioned research methods provided a fundamental research approach for the study of this article.

There are also many research achievements in the field of health prediction of hydroelectric equipment.
Jiang et al. [34] proposed a method for anomaly prediction of hydraulic turbines by combining neural net-
works with LSTM models. The study used the historical values of pressure parameters obtained from actual
engineering applications to determine the operating conditions of the steam turbine. The state trend of water
turbine units under different operating conditions was predicted, and the abnormal states at different collec-
tion points under different operating conditions were warned based on the correlation between measurement
points. Cheng et al. [35] adopted the Bayesian network (BN) as the technical framework, applied expected
utility theory, and innovated maintenance decision models. The aforementioned research provided specific
research methods for the study of this article.

This article aims to construct a high-precision model for predicting the health state of hydroelectric
equipment, optimizing maintenance strategies, and reducing maintenance difficulty. Finally, by comparing
and analyzing the predictive performance, error results, and real-time prediction performance before and
after model optimization, the superiority of the proposed model was verified. This study not only enriched the
research system of health assessment methods for hydroelectric equipment in theory but also had important
guiding significance in practical applications. By using a health prediction model based on multiple measure-
ment point outputs, it can improve the reliability and economic benefits of equipment operation.

3 Operation and maintenance data processing of hydroelectric
units

3.1 Data collection

This article aims to implement a comprehensive health prediction model for hydroelectric equipment based
on the multimeasurement point output. The research equipment includes the upper guide bearing system,
thrust guide bearing system, and water guide bearing system of hydroelectric generator units. The upper guide
bearing is located at the top of the rotor of the hydroelectric generator set, mainly used to support and guide
the upper end of the rotor. Thrust guide bearings are located in the middle or near the tail of the rotating shaft,
used to guide and support the rotational motion of the rotating shaft, as well as reduce axial and radial
vibrations. The water guide bearing is located at the upper or lower part of the hydroelectric generator unit,
and sometimes may also be located on the side of the unit. Its main function is to support and guide the
rotational movement of the turbine shaft to reduce friction and ensure the smooth operation of the unit. The
schematic diagram of the structure of the hydroelectric generator set is shown in Figure 1.

To achieve health prediction of the systems of a hydroelectric generator set, this article starts from four
aspects: temperature, vibration frequency, pressure, and lubrication degree, and uses temperature sensors,
vibration sensors, pressure sensors, and oil quality sensors to measure and collect data. By collecting data
from various aspects of the systems during normal operation of the hydroelectric generator set, a sample of
normal and healthy original sensor signal data is obtained. The timing diagram of the original data is shown in
Figure 2. Figure 2 shows the temperature, vibration frequency, pressure, and lubrication degree of the systems
collected during 10 h of normal operation of the hydroelectric generator set.

It can be seen that the parameter levels of the upper guide bearing system and the thrust guide bearing
system are similar because the working environment of them are similar. The parameter level of the water
guide bearing system is significantly different from that of the upper and thrust guide bearing systems because
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Figure 1: Structural schematic diagram of hydroelectric generator set. Source: Created by the authors.
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Figure 2: Timing diagram of original sensor signal data. Source: Created by the authors.

the water guide bearing system works in water and the working environment is very different from that of the
upper and thrust guide bearing systems.
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3.2 Data preprocessing

The original sensor signal data of systems collected in the aforementioned steps may have many missing data
in the time dimension at some measurement points, as well as a large number of dead points and data drift
due to sensor anomalies and other reasons. At the same time, its diverse types and large differences in data
scales also have a certain degree of impact on subsequent research. To solve the aforementioned problems, it
is necessary to preprocess the collected original sensor signal data, including missing value processing, outlier
detection and processing, nonstationary sequence stabilization, and temporal noise filtering.

3.2.1 Missing value handling

The K-nearest neighbor (KNN) imputation algorithm is used to address missing values. The KNN algorithm
calculates the Euclidean distance between each missing value sample in the dataset and other samples, finds
the nearest neighbors to the sample, and fills in the missing values by weighted averaging the feature values of
these neighbors. By utilizing the local similarity of the data, the rationality and accuracy of the filling results
are ensured, and the impact of missing values on model training is solved.

First, for each missing value sample, its Euclidean distance from other samples is calculated as shown in

formula (1):
dOa, x) = | 2 Ok = X @
k=1

Among them, x; and x; are the feature vectors of samples i and j, respectively, and n is the number of
features.

The nearest k samples are selected, and their feature values are recorded. The weighted average of these
sample feature values is calculated as the filling value for missing values, as shown in formula (2):

1
X = — Z X, (2)
R =

Among them, N; is the set of k neighbors of sample i.

3.2.2 Abnormal value detection and handling

Autoencoder is used for outlier detection. Autoencoder compresses input data into a low-dimensional repre-
sentation by training a neural network and then reconstructs the data through a decoder. Autoencoder can
effectively identify outliers and solve the problem of outliers in sensor data by learning the internal structure
of the data.

First, the autoencoder model is constructed. The encoder maps the input data x to a low-dimensional
representation, and the decoder reconstructs it as X, as shown in formula (3):

z=f(x), X-=g@2). 3)

Among them, f and g represent the encoder and decoder, respectively.
The autoencoder is trained to minimize the reconstruction error between the input data x and the
reconstructed data X, as shown in formula (4):

18 .
L==Y|Ix - %2 @)
=1

All sample data are reconstructed, and the reconstruction error of each sample is calculated as shown in
formula (5):
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e = |lx; — Xll. 5

The reconstruction error threshold € is set, and samples exceeding the threshold are marked as outliers, as
shown in formula (6):

e;> €= x; is an anomaly. 6)

Assuming that the marked abnormal data point iS Xanem, its corresponding normal data point iS Xperm. It is
necessary to find an alternative data point X that is as close as possible. To find the optimal alternative data
point X, a modified loss function Legyyection 1S defined using mean square error (MSE), as shown in formula (7):

Leorrection = |[Xanom — X[I*. ™

By using the gradient descent method, the aforementioned loss function is optimized to find a substitute
data point X that minimizes the loss. The optimization process is shown in formula (8):

XD = 3O — NVLcorrection- ()]

Among them, X® is the substitute data point for the tth iteration,  is the learning rate, and VLcorrection iS
the gradient of the loss function.

The optimized alternative data point X is replaced with the original outlier data point X0, to obtain the
corrected dataset Xcorrected- The replacement process is shown in formula (9):

Xeorrected = (X \{Xanom}) U {X}. 9

3.2.3 Stationarization of nonstationary sequences

The first-order difference method is used to stabilize nonstationary time series data. The first-order difference
eliminates trend and periodic components in the time series by calculating the difference between adjacent
time point data, making the time series data more stationary. First, for each original time series data, the data
difference between adjacent time points is calculated, as shown in formula (10):

Y =Y " Y- (10)

Among them, y/ is the differential data and y, is the original data.

After performing differential processing on temporal data, stationarity testing is required to ensure the
stationarity of the data. This article uses augmented Dickey—Fuller (ADF) test to test the stationarity of the data.
The principle of ADF test is to test that the data are nonstationary of the existence in time series data. The ADF
test is conducted through a regression model, as shown in formula (11):

P
Ay, =a+ pt + Wit ZéiAyt’_i + €. (11)
i=1

Among them, Ay, is the difference of y,; a is a constant term; St is a time trend term; y is the coefficient to be
estimated, used to test the hypothesis of y = 0; §; is the coefficient of the autoregressive term; and ¢, is the error term.
The appropriate number of lagged terms p is selected to ensure the white noise characteristics of the error
term €. The regression analysis is performed on the differential data based on the selected number of lagged
terms p, and the coefficients of each item in the regression formula are estimated. Afterward, the ADF statistic
is calculated as shown in formula (12):
v

ADF = ——.
SE(p)

(12)
Among them, y is the estimated coefficient of y’, in the regression model and SE(y) is the standard
deviation of .
The calculated ADF statistic is compared with the critical value, or its corresponding p value is directly
calculated.
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3.2.4 Time series noise filtering

The moving average algorithm is used to smooth time series data, filter out high-frequency noise, and achieve
smoothing of time series data. The moving average algorithm reduces data volatility by calculating the average
value of data within a certain window. First, the size of the moving window is set to n, and for each time point,
the average value of the data from the first n time points is calculated, as shown in formula (13):

1 t
Xt = — Z Xi. (13)
Mzt
The calculated average value is used to replace the original dataset to obtain the time series noise-filtered
time series graph. After filtering, the time series data become smoother, reducing the interference of high-
frequency noise on the prediction model and achieving more accurate health prediction. The processed data
sequence diagram is shown in Figure 3.
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Figure 3: Time sequence diagram after filtering temporal noise. Source: Created by the authors.

The window size of the moving average method has a significant effect on the data smoothing effect. A
larger window smoothes the curve but may lose some detail information, while a smaller window retains
more detail but has less smoothing effect. The moving average method with a window length of 5 is chosen in
this study, as shown in Figure 3. Compared to Figure 2, the time series curve appears smoother while retaining
specific details. This choice ensures that the data smoothing process does not overly blur the details and avoids
any impact on the subsequent research analysis.

This section significantly enhances the robustness of the model to outliers and noise by implementing a
series of data preprocessing techniques. Through regularization and network structure optimization, the
improved autoencoder improves the ability of the model to recognize and deal with outliers. The window
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size of the moving average algorithm is optimized to effectively filter out the high-frequency noise in the time
series data, while retaining the key features of the data.

After completing the basic data preprocessing step, other types of sensor data are expanded further. The
sound signal can reveal the abnormal vibration pattern of the device, and the electrical signal data can reflect
the health of the electrical system. By integrating multimodal data, the model can capture the complex
dynamic behavior of the device from different angles, thus enhancing its generalization ability under different
operating conditions.

4 Construction of device overall health prediction model based on
multimeasurement point output

4.1 Construction of predictive model for device health state

This article uses SBM, hypersphere algorithm, and LSTM network to construct a prediction model. These
algorithms have different advantages and applicable scenarios.

The temperature, vibration frequency, pressure, and lubrication degree data are segmented according to
the fixed windows. The three states of a device are defined: normal, minor fault, and major fault. Markov
chains are used to describe state transitions, assuming that the transition probability matrix is P, as shown in
formula (14):

Pun P " Dy
PXnlX) = p:21 p:zz Pzzj _ (14)
bi1 P.iz = PU
Among them, p; = P(Xe1 = jIX; = 0) represents the probability of state i transitioning to state j.
The Bayesian formula is used to update the health state, as shown in formula (15):
ey = AR P& 15)

P(Y)

Among them, ¥; represents observation data, P(X;|¥;) is a posterior probability, P(¥;|X;) is the likelihood
function, P(X;) is a prior probability, and P(Y;) is the standardization factor.

The posterior probability of each health state is calculated, and the state corresponding to the maximum
posterior probability is selected as the prediction result X;, as shown in formula (16):

X, = arg n}(aXP(X[|Y[). (16)
t
The normal operation dataset of the device is input into the support vector machine to generate hyper-
sphere boundaries, as shown in formula (17):
S={x€E€RY|x-c|? <R an

Among them, c is the center of the hypersphere and R is the radius of the hypersphere.
Whether the new observation data Xuey is located within the hypersphere is determined as shown in
formula (18):

if |IXpew — C|[* < R?, then Xyew € Normal (18)

The LSTM network structure is designed, including an input layer, multiple LSTM layers, and an output
layer. The input sequence length is set to T, and the feature dimension is set to n. The state update formula of
the LSTM unit is defined, as shown in formula (19):
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Jo = 0(Wr - [e-1, Xe] + by),

it = (Wi -[he-1, X] + by),

Ci = tanh(Wg -[he-q, X] + be),
CG=f Ca+i G,

0¢ = a(Wp -[he-1, X¢] + bo),

h; = o; - tanh(C,).

19)

Among them, f, i;, and o; are the activation functions of the forget gate, input gate, and output gate,
respectively; C; is the cellular state; and h; is in a hidden state.

The backpropagation algorithm is adopted to train the LSTM network, and the minimum loss function is
shown in formula (20):

1 N
L= NZ(yl - W2 (20)
i=1

Among them, . is the predicted value and Yy, is the true value.

Through the aforementioned methods, this article constructs a device overall health prediction model based on
the multimeasurement point output. The SBM captures the dynamic changes of the device state through time series
modeling; the hypersphere algorithm detects abnormal states through high-dimensional clustering; LSTM networks
predict future health state through temporal modeling. The combination of these methods can fully utilize the
multimeasurement point data, improve the prediction precision and robustness of the model, and provide strong
support for health monitoring and fault prediction of hydroelectric equipment.

The decision logic of the model is based on features such as temperature, vibration, pressure, and lubricity
signals. It uses the SBM, the hypersphere algorithm, and the LSTM network to identify equipment status and
predict faults. The SBM captures time-varying patterns, the hypersphere algorithm identifies abnormal states,
and the LSTM predicts future health states. The decision process selects the most likely state based on the
posterior probability. Cross-validation is used to optimize model parameters, enhance prediction accuracy and
robustness, and support health management of hydropower equipment.

Under the multitask learning framework, the model is represented by sharing underlying features, while
predicting temperature anomalies, vibration frequency deviations, and pressure instability. Using the deep
structure of the LSTM network, the model can learn the interrelationships and dependencies between dif-
ferent fault modes, thus improving the accuracy and efficiency of prediction.

4.2 Model optimization

During the model training process, cross validation is used to optimize the model parameters. Cross validation
improves model performance by dividing the dataset into multiple subsets and iteratively training and
validating to avoid overfitting.

First, the dataset is divided into k subsets, where k typically takes a value of 5 or 10. Each time, one subset
is selected as the validation set, and the remaining k — 1 subsets is selected as the training set. The aforemen-
tioned steps are repeated k times, and a different validation set is selected each time. The average of k
validation results is calculated as the final performance indicator of the model. The model parameters are
adjusted based on the cross validation results and the parameter configuration with the best performance is
selected, as shown in formula (21):

1818
MSE = EZ;Z@U. - ;)% @1
i=1 "t j=1

Among them, )71-]. is the predicted value in the ith validation, Yy is the true value, and n; is the number of
samples in the ith validation.
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Model parameters should be adjusted for different sizes of equipment to ensure prediction accuracy. By
changing the number of layers and neurons in the LSTM network, as well as optimizing the clustering
accuracy of the hypersphere algorithm, the model can adapt to the diverse needs of small-scale to large-scale
devices. This flexibility ensures that the model can provide accurate health state predictions for hydro power
plants of different sizes, enhancing the utility and universality of the model.

In the process of model optimization, the influence of data characteristics of different measurement points
on the sensitivity of model parameters is particularly considered. By analyzing the mean, variance, and
distribution of each measuring point data, the adaptive parameter adjustment strategy is adopted to optimize
the model for different data characteristics.

By integrating online learning mechanisms, the model can continuously learn from the data accumulated
during the operation of the equipment, so as to adapt to long-term changing operating states. The model allows
the model parameters to be updated in real time without retraining the entire model.

4.3 Assessment and ranking of fault risks

To effectively evaluate the fault risk of hydroelectric equipment and rank the risks, this article adopts the
Bayesian inference method, random forest algorithm, and entropy weight method, combined with real-time
monitoring data, to construct a risk assessment model.

The time series data of multiple measurement points are standardized to ensure that the data of each
measurement point has the same scale. From temporal data, features are extracted, such as mean, standard
deviation, maximum, minimum, and frequency domain features. The processed data are input into a random
forest model for training, and the training samples are labeled with historical fault data. The contribution of
each measurement point feature is evaluated to fault prediction by calculating its importance index. The
importance of features is calculated by the contribution of their split nodes in the decision tree, as shown in
formula (22):

T
Importance(X;)) = ) I(s; = X)) AR;. (22)
t=1 j€nodes(t)
Among them, I(s; = X;) represents node j splitting using feature X;; AR; is the information gain of node j;
and T is the number of decision numbers.
The entropy weight method can allocate weights based on the entropy value of measurement point
information, reflecting the relative importance of each measurement point. First, the entropy value of the
fault probability distribution for each measurement point is calculated, as shown in formula (23):

1 n
) ]Zl p; In(py). 23)

In

Among them, p; represents the probability of measurement point i in state j and n represents the total
number of states.

The weight w; is calculated based on the entropy value of each measurement point using formula (24), and
then the fault probability of each measurement point is multiplied with its weight using formula (25) to
calculate the comprehensive fault risk. Formulas (24) and (25) are as follows.

1/E;

i = <n ’ 24
M YT ED @4

m
Real = ) W; - P(F|Dy). (25)
i=1
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According to the comprehensive fault risk Ry, each measurement point is sorted, and the highest risk
measurement point is prioritized for processing. This achieves the risk assessment and ranking of faults in
hydroelectric equipment.

5 Results

5.1 Model performance evaluation

After completing the construction and optimization of the model, the models before and after optimization are
subjected to performance testing and evaluation. This article evaluates the performance of the model by
calculating its prediction precision and recall, and drawing the Precision-Recall (PR) curves of the model
before and after optimization.

First, the calculation of precision and recall is carried out, as shown in formulas (26) and (27):

TP
ision = ———— 26
Precision P+’ (26)
TP
Recall = ——. 27
eca TP + FN @)

Among them, TP is the number of correctly predicted positive samples; FP is the number of negative
samples incorrectly predicted as positive; and FN is the number of positive samples incorrectly predicted as
negative.

In addition, this article also evaluates the performance of the model by calculating the area under curve
(AUC) index of different system parameters before and after model optimization. By comparing the AUC
values, it can be determined whether the model performs well in predicting positive and negative class
samples. An AUC value greater than 0.9 usually indicates that the model has strong discriminative ability;
0.7-0.9 indicates good model performance; 0.5-0.7 indicates average model performance; and less than 0.5
indicates poor model performance.

After obtaining the data of precision and recall, the PR curve of the model is drawn, including the PR
curves of temperature, vibration, pressure, and lubrication degree of the upper guide bearing, thrust guide
bearing, and water guide bearing systems, and the AUC value of each curve is calculated, as shown in Figures 4
and 5.

From Figure 4, it can be seen that before optimization, the AUC values of 12 parameters, including
temperature, vibration frequency, pressure, and lubrication degree, for the three systems are in the range
of 0.7-0.9 for 9 and 0.5-0.7 for 3. The overall performance of the model before optimization is generally good.

From Figure 5, it can be seen that the AUC values of 12 parameters, including temperature, vibration
frequency, pressure, and lubrication degree, for the three systems are greater than 0.9 in 6 of them, and within
the range of 0.7-0.9 in 6 of them. The optimized model performance shows an overall good to excellent level.

By comparing the AUC indicators before and after model optimization, it can be seen that the performance
of the optimized model has significantly improved in all indicators. Overall, the optimized model shows an
average improvement of 23.7% in the prediction precision of 12 parameters, including temperature, vibration
frequency, pressure, and lubrication degree, for the upper guide bearing, thrust guide bearing, and water
guide bearing systems. It can be seen that the optimized model is clearly more suitable for practical applica-
tions and can better support the implementation of maintenance and preventive measures.

The energy consumption of the model is analyzed. It is found that the computational complexity of the
model can be reduced effectively by optimizing the structure of the algorithm and adjusting the parameters,
thus reducing the energy consumption. Especially in the model optimization stage, the use of lightweight deep
learning models and efficient data processing algorithms significantly reduces the energy consumption in the
process of model training and prediction.
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Figure 4: PR curve of the model before optimization. Source: Created by the authors.

Precision

Precision

Figure 5: PR curve of the model after optimization. Source: Created by the authors.
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5.2 Prediction error

It is crucial to precisely quantify errors to comprehensively evaluate model performance and analyze the
performance improvement before and after model optimization. This article uses MSE and mean absolute
error as the main indicators. The calculation is shown in formulas (28) and (29):

1c .
MSE = ;Z(yi -3 (28)
i=1
1¢ .
MAE=EZ[yi -3l 29)
i=1

Among them, y; is the actual value; J} is the predicted value; and n is the sample size.

This article visualizes and compares the error results before and after model optimization by drawing
error box plots. From the error box plots, the distribution and changes of errors before and after optimization
can be observed intuitively, as shown in Figure 6.
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Figure 6: Comparison of error box plots before and after model optimization. Source: Created by the authors.

By analyzing the error data before and after optimization, it can be seen that the model has significant
optimization effects on various measurement points and dimensions. The optimized model not only shows a
significant decrease in mean error but also significantly improves the concentration and robustness of error
distribution. Overall, the optimized model shows an average reduction of 55.6% in error performance levels
for 12 parameters including temperature, vibration frequency, pressure, and lubrication degree in the upper
guide bearing, thrust guide bearing, and water guide bearing systems. These results indicate that the accuracy
and stability of the model in predicting the overall health of hydroelectric equipment have been significantly
improved, providing a more reliable basis for real-time monitoring and maintenance of equipment.

To assess the environmental adaptability of the model, the model was tested extensively under a variety of
geographical and climatic conditions. By collecting data from hydropower stations in different regions, the
model’s predictive performance was validated in environments with significant differences in temperature,
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humidity, and elevation. The results show that the model can adapt to different environmental conditions and
maintain high prediction accuracy.

5.3 Real-time prediction

To achieve real-time prediction analysis of the model, this article conducts online data flow testing and
simulates data input in actual operating environments. A real-time data collection system is built. The real-
time data flow of device sensors is input into the model, and the entire process time from data input to
prediction result output is recorded. To ensure the accuracy of the test, multiple measurement points and
different types of sensor data are selected for comprehensive testing. In actual operating environments, real-
time state data of devices, such as vibration signals, temperature signals, pressure signals, and lubrication
degree signals, are collected and continuously input into the model. The predicted average response time is
recorded and compared for the analysis. The analysis table of the real-time prediction results of the model
before and after optimization is shown in Table 1.

Table 1: Real-time performance analysis of model prediction before and after optimization

System Parameter Prediction time of model Prediction time of model Optimization
before optimization (ms) after optimization (ms) effect (%)

Upper guide Temperature 196 176 10.20
bearing Vibration 237 213 10.13

frequency

Pressure 21 189 10.43

Lubrication level 201 181 9.95
Thrust guide ~ Temperature 220 198 10.00
bearing Vibration 228 203 10.96

frequency

Pressure 285 256 10.18

Lubrication level 261 233 10.73
Water guide Temperature 253 226 10.67
bearing Vibration 232 208 10.34

frequency

Pressure 244 219 10.25

Lubrication level 273 243 10.99

Average 236.75 212.08 10.4

The prediction time of the model before and after optimization has significantly improved under various
system parameters. Overall, by using multiple models such as SBM, hypersphere algorithm, and LSTM network
to construct the model, and combining cross validation for model optimization, the optimized model achieves
an overall average improvement of 10.4% in real-time prediction of 12 parameters including temperature,
vibration frequency, pressure, and lubrication degree in the three systems. These results indicate that the
optimized model not only improves accuracy but also significantly enhances real-time performance, which
can better adapt to real-time prediction needs in dynamic environments.

By using the LSTM structure, the model can effectively adapt to the rapidly changing data flow. The gating
mechanism enables the model to maintain stable prediction performance in the face of real-time fluctuations
and sudden changes in data. The model’s online learning capability allows it to constantly update parameters
from new data, thus responding quickly to changes in the data.
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5.4 Discussion

In this study, the stability and accuracy of the model over different time periods, including seasonal changes,
were analyzed in depth. Through long-term data tracking and periodic performance evaluation, it is found
that the model shows good time stability.

The model is feasible for deployment in real industrial environments, providing real-time health mon-
itoring and predictive maintenance to optimize maintenance strategies and reduce downtime. The deploy-
ment process may encounter challenges such as data integration, hardware compatibility, and operating
environment complexity. To overcome these challenges, custom development and rigorous field testing in
close collaboration with industrial partners are required to ensure the stability of the model and match the
actual needs of users.

By adopting a maintenance strategy based on model prediction, unnecessary maintenance activities can
be significantly reduced, thereby reducing maintenance costs. The model can monitor the status of equipment
in real time and predict potential failures, making maintenance work more accurate and timely, reducing the
risk of unexpected downtime and related economic losses. Predictive maintenance strategies help extend the
service life of equipment and reduce production interruptions caused by failures.

In this study, the sequential Bayes method is used to capture the time change pattern of the device state,
the hypersphere algorithm is used to identify the normal and abnormal state of the device through high-
dimensional data clustering technology, and the LSTM network is used to process long time series data to
predict the future health state of the device. The advantages of SBM in processing historical data series, the
high efficiency of hypersphere algorithm in anomaly detection, and the ability of LSTM in handling complex
time series prediction problems together constitute a highly complementary and adaptable prediction model
framework, which effectively improves the prediction accuracy and robustness of the model.

On the basis of the model performance evaluation, the performance difference of the model in predicting
different fault types was further analyzed. Through a detailed analysis of the fault prediction performance of
the guide bearing system, the thrust guide bearing system, and the water guide bearing system of the hydro-
power unit, it was found that the model’s performance in identifying severe fault conditions is more promi-
nent because the signal changes in severe fault conditions are more significant and easy to be captured and
learned by the model. For the prediction of minor fault conditions, the performance of the model is worse,
because the signal changes of minor faults are more subtle, and the accuracy of the model in distinguishing
normal conditions from minor fault conditions is affected to a certain extent. The model parameters were
optimized by the cross-validation method, and the prediction performance before and after optimization was
compared and analyzed. The results show that the model’s prediction ability for different fault types has been
significantly improved after optimization. However, there is still room for improvement in the prediction
accuracy of minor faults. Future work will focus on further optimizing model parameters and enhancing the
model’s ability to identify minor fault features.

Different time window sizes have a significant impact on model performance. Shorter time windows
cannot capture the long-term trend of equipment state changes, and longer time windows contain too
much historical noise. Selecting a moderate time window helps the model predict the health status of hydro-
power equipment more accurately. According to the characteristics of the equipment and the speed of fault
development, a time window size that can best reflect the status of the equipment should be selected.

The model adopts a multilayer defense strategy, which has high security for potential networks. The data
transmission process of the model is protected by a strong encryption protocol to prevent data from being
intercepted during transmission. Second, the model is deployed in a protected network environment, and
potential network attacks are identified and blocked through firewalls and intrusion detection systems. The
model also conducts security audits regularly to patch security vulnerabilities in a timely manner.
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6 Conclusions

This article aims to study the overall health prediction model of hydroelectric equipment based on the
multimeasurement point output. The temperature signal data, vibration signal data, pressure signal data,
and lubrication degree signal data of the three systems in hydroelectric equipment are collected as raw sensor
signal data. Data preprocessing was performed on original sensor signal data, including handling missing and
outliers, stabilizing nonstationary time series data, and filtering temporal noise to address the impact of
diverse types and large differences in data scales, achieving more accurate predictions. This article used
SBM, hypersphere algorithm, and LSTM network to construct a prediction model. These algorithms have
different advantages and applicable scenarios. To further improve prediction precision, the model parameters
were optimized through cross validation to avoid overfitting and improve model performance. By comparing
and analyzing the predictive performance, error results, and real-time prediction performance before and
after model optimization, it was concluded that the prediction model constructed by SBM, hypersphere
algorithm, and LSTM network had an overall average improvement of 23.7% in the prediction precision of
12 parameters, including temperature, vibration frequency, pressure, and lubrication degree, for the three
systems. The overall average error has decreased by 55.6%, and the real-time prediction performance has
improved by 10.4%. The optimized model not only improves accuracy but also significantly enhances real-time
performance, which can better adapt to real-time prediction needs in dynamic environments.
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