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Abstract

Hydropower plants heavily depend on the performance of turbine generators,
where unexpected equipment failure can cause downtime, loss, and even
safety issues in the process. The traditional condition monitoring methods
mainly focus on vibration signals detected by a single sensor, which is not
integrated with multiple sources and lacks the ability to perceive the risk
at the plant level. In addition, the majority of the studies do not consider
the equipment level health condition and structural risk factors to develop
unified decision support for safety issues. To address the issues, the paper
proposes a framework for the integrated health assessment and safety early
warning framework, which is developed by integrating the equipment level
fault diagnosis model based on the CNN-LSTM network and the structural
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risk assessment model developed by the GloHydroRes dataset. The novelty
of the proposed multi-level data fusion framework integrates equipment-level
and plant-level information for safety assessment that incorporates multi-
channel vibration and torque signals along with structural attributes such
as dam height, reservoir volume, and installed capacity to derive a unified
safety risk index. Experimental validation using the proposed approach on
the SEU multi-sensor dataset achieved high classification performance with
Accuracy of 0.9634, Precision of 0.8642, Recall of 0.9613, Fl-score of
0.9065, and MCC of 0.8662. Moreover, multi-class ROC analysis indicated
high performance with AUC values of 0.9936 (Low Risk), 0.9930 (Medium
Risk), and 0.9997 (High Risk), outperforming individual CNN, LSTM, and
Random Forest approaches. The unified safety index revealed that 46.6% of
samples were classified as Low Risk, 34.1% of samples were classified as
Medium Risk, and 19.3% of samples were classified as High Risk, thus val-
idating the efficacy of the proposed decision support mechanism. Compared
with traditional fault detection methods, the proposed approach improves the
reliability of fault prediction results, reduces false alarm rates, and enables
proactive maintenance decisions based on risk considerations.

Keywords: Multi-source data fusion, CNN-LSTM, hydropower equipment
monitoring, structural risk index, safety early warning system.

1 Introduction

Hydropower energy is one of the most important aspects in the development
of renewable and low-carbon energy systems in the world [1]. Modern
hydropower equipment includes sophisticated turbine generator sets, gear
sets, bearings, and other equipment that can operate under high mechan-
ical and hydraulic loads [2]. Continuous operation under dynamic loads,
cavitation, and other environmental factors can cause equipment degra-
dation [3]. Conventional equipment monitoring in hydropower equipment
is mainly based on single-point measurements or threshold-level SCADA
alarms, which cannot detect potential issues in equipment operation [4]. With
the aging of equipment in hydropower plants, it is more and more important
to ensure equipment operation reliability and equipment structure safety [5].
With the development of new sensor technologies and industrial 10T, it is
possible to acquire multi-channel signals of vibration, torque, and operating
status, and the fusion of diverse information sources in safety intelligence is
a research hotspot [6].
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In terms of application, it is found that intelligent systems of health
condition evaluation are highly useful in making predictive maintenance
plans for hydropower stations highly effective [7]. This is because complex
systems of machine learning algorithms are able to evaluate potential issues
before a complete failure occurs [8]. This is highly useful because potential
issues are identified at earlier stages, and economic losses are reduced by
planning maintenance in advance. In addition to equipment variables such
as vibration and torque sensors, variables such as plant variables like dam
height and capacity are also included in the systems for enhanced risk
awareness [9]. DSS are also highly useful in making predictive evaluations
for maintenance planning and risk stratification. These systems are highly
useful for the safe and efficient running of hydropower stations in the context
of increased variability in climate and load [10]. An algorithm for detecting
ECG abnormalities to support automated cardiac condition analysis and
improve diagnostic accuracy [11]. An integrated and scalable architecture
for cost-effective remote health monitoring through efficient healthcare data
management and communication [12].

To solve the aforementioned problems, this paper proposes a hierarchical
system for assessing the health conditions and safety early warning system
based on multi-source data fusion and the CNN-LSTM predictive model. The
proposed system will perform sensor-level fusion for equipment classifica-
tion, considering the plant-level structural risk factors for safety assessment.
The system will also develop a probabilistic safety early warning system
for predicting the degree of faults and the corresponding staged warnings.
Moreover, the system will develop a decision support system for calculating
the overall safety index for decision-making. Compared with the traditional
single-layer monitoring system, the proposed system will integrate equipment
health diagnosis and structural risk analysis from a holistic perspective. The
effectiveness of the proposed CNN-LSTM predictive model for improving
the accuracy of equipment faults will be verified by the experimental results.

Research Questions

* Does multi-channel fusion improve fault classification accuracy?
* Can CNN-LSTM capture fault progression effectively?

* Does structural risk modeling improve final safety prediction?

* Can DSS reduce operational safety risks?

The rest of the paper is structured as follows: in Section 2, the related
work is presented, including the existing research on hydropower equipment
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monitoring, multi-source data fusion, deep learning-based fault diagnosis,
and decision support systems. In Section 3, the problem statement is pre-
sented, including the research objectives and challenges. In Section 4, the
methodology used in this research is presented. Specifically, the data pre-
processing, multi-source fusion strategy, CNN-LSTM model, structural risk
modeling, and decision support are presented. In Section 5, the experimental
design is presented, including the dataset design, model training processes,
and evaluation metrics. In Section 6, the experimental results are presented,
including performance analysis, comparison, and discussions. Finally, in
Section 7, the conclusions are presented, including potential future research
directions.

2 Related Works

Zhang et al. [13] proposed a multi-source information fusion model for the
early warning of the production environment safety of coal mines [14]. The
multi-source heterogeneous sensors used were temperature sensors, dust sen-
sors, wind speed sensors, vibration energy sensors, and gas sensors. The early
warning system used the proposed model and developed an early warning
index system based on factor analysis and principal component analysis [15].
The multi-input single-output and multi-input multi-output models were
developed at the feature level based on the BP neural network. The accuracy
of the proposed system reached 89.29%, which proves the feasibility of the
system for scientific decision-making for the safety management of the coal
mines. An innovative structural health monitoring system for a hydro-steel
structure was proposed by Li et al. [16] based on the finite element method,
multi-sensor data fusion, and IoT technology for the closed-loop system [17].
The proposed system was used for the spillway of the Luhun Reservoir.
The monitoring results showed that dynamic values of stress increased by
2 MPa during the radial gate operation and were still within the permis-
sible limits. There were also no significant impact loads [18]. The results
also showed that the vibration amplitude was maintained below 0.03 mm,
which ensured safety. Shao et al. [19] developed a framework for safety and
sustainable management of reservoirs using an integrated information system
approach. The framework incorporated different aspects such as multiple
sensors’ data fusion and correlation mechanisms for heterogeneous data and
a cross-coupled analytical model [20]. The framework was implemented at
the Ye Fan Reservoir in Hubei Province of China. The framework integrated
different modules such as flood dispatching, safety monitoring, warning
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systems, and video monitoring to establish a three-dimensional perception
network [21]. The application of the framework improved the accuracy and
reliability of the system and ensured scientific decision-making. This proved
the effectiveness of the framework in modern reservoir management [22].

Li et al. [23] proposed a digital twin framework for hydraulic engineering,
aiming at improving monitoring, risk prediction, and optimizing hydraulic
systems. They proposed a five-dimensional digital twin framework based
on multi-source data fusion, GIS and BIM integration, and real-time virtual
and physical interaction [24]. The proposed framework was implemented
for the Danjiangkou Project, and the results showed improved accuracy for
deformation monitoring, water quality simulation, and geological hazard
prediction. Additionally, improved operation efficiency, safety management,
and prediction performance were observed for hydraulic management when
compared to traditional hydraulic management methods. Zhao et al. [25] pro-
posed a conceptual framework for sustainable management of water reserves
based on digital twin technology, IoT-based water monitoring, game engine
simulation, and Al-based DSS [26]. The conceptual framework was able
to create a digital twin environment through the integration of IoT sensors,
GIS maps, remote sensing, UAV-based digital elevation models, and machine
learning models. The results of the simulation showed the accuracy of the pre-
diction of flooding based on varying rainfall intensity, early warning systems
of drought based on soil moisture and flow rates, and real-time water quality
notifications. Liu et al. [27] conducted a systematic literature review (SLR)
and bibliometric-qualitative analysis (BQA) on the use of DT technology in
the field of water conservancy and hydropower engineering at the watershed
scale [28]. The research showed significant research gaps in terms of infor-
mation integration, BIM process alignment with construction processes, and
information governance. Based on the research gaps, a new Watershed Infor-
mation Modeling (WIM) approach was proposed, which integrated BIM+
models with knowledge-driven decision-making. This research was able to
provide a solution to the application of smart watershed management [29].

Zhang et al. [30] proposed a group of comprehensive standards for
intelligent operation and maintenance (O&M) to address the limitations of
manual operation, disorderly management of data, and digital integration of
intelligent buildings and municipal facilities [31]. According to the theory of
operation management, these standards were divided into three dimensions:
functional services (perception, data fusion, decision-making, and disas-
ter prevention), system hierarchy (perception, human-computer interaction),
and intelligence characteristics (monitoring, autonomous maintenance) [32].
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Besides, the paper also examined the present standards and applications
to help readers validate the proposed framework. The proposed frame-
work provides a reference for developing standard intelligent operation and
maintenance systems theoretically and practically. Liu et al. [33] carried
out a systematic review of the latest developments in integrating Al with
tunnel boring machines (TBM), especially regarding environmental percep-
tion, autonomous control, and health prediction. They proposed the system
architecture for intelligent TBM with the help of DT technology, which
includes the perception, analysis, decision, and execution layers to achieve
autonomous control over the entire process [34]. The proposed architecture
has the ability to solve issues such as complex geology, rock-machine inter-
action, and coordination problems. The authors have also identified the key
issues associated with the process, such as data integration, interpretation,
and efficiency. Zhao et al. [35] proposed an intelligent curing control system
for face slab concrete with the help of multi-source measurement data and
real-time monitoring with the IoT. The system included cloud data analy-
sis, feedback control, and a decoupled front-end and back-end visualization
system for temperature monitoring and intelligent control [36]. The system
was applied in the Maerdang concrete face rockfill dam (CFRD) project
in a high-altitude cold region, achieving temperature exceedance prediction
and dynamic curing adjustment. The application of the system proved its
effectiveness in real-time monitoring and curing control [37].

Despite their important achievements, there are some limitations that can
be found in these studies. Zhang et al. [13] reached 89.29% accuracy for
the prediction of coal mine safety; however, their BP neural network model
might encounter scalability and generalization issues in more dynamic coal
mine environments. Li et al. [16] proved the effectiveness of the SHM system
in a single hydro-steel structure, but generalization to other types of hydraulic
structures was not considered. The same is applicable to Shao et al. [19], who
demonstrated the effectiveness of their system in the management of the Ye
Fan Reservoir but did not extensively explore the large-scale validation in
other areas. The proposed Digital Twin models by Li et al. [23] and Zhao
et al. [25] demonstrated the better monitoring and prediction capabilities, but
the issues with real-time data synchronization, high computational complex-
ity, and integration complexity remain unsolved. Liu et al. [27] identified the
challenges associated with the implementation of DT in the watershed scale,
but their study is conceptual with fewer large-scale real-world applications.
The intelligent O&M standards proposed by Zhang et al. [30] provide a
systematic approach to intelligent systems. However, standardization and
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industrialization still pose as challenges. In another study by Liu et al. [33],
the challenges associated with interpretability, efficiency, and data integration
in intelligent TBM systems have been identified. Such studies indicate that
there are still technical barriers to be cleared to attain complete autonomy in
intelligent systems. Although the intelligent curing system proposed by Zhao
et al. [35] in a dam construction project has been successful, its applicability
in different conditions needs to be empirically verified.

3 Problem Statement

Although there have been major breakthroughs and developments in the area
of intelligent monitoring, digital twin, and Al-based infrastructure manage-
ment systems, there are still some major issues that have not been addressed
adequately by the current models and systems, as highlighted by Li et al. [23].
The current models have been tested under specific conditions and scenarios,
which makes them less scalable and more specific to certain geographical
locations and conditions, as highlighted by Li et al. [16]. Additionally, the
current data architecture also makes it difficult to achieve the required inte-
gration and interoperability with different data sources such as 10T sensors,
BIM, GIS, and remote sensing systems, as highlighted by Liu et al. [33].
The high computational complexity and synchronization delay also make it
difficult to achieve the required decision-making capabilities, and the lack of
interpretability makes it less useful for management personnel.

Objectives

* Develop a hierarchical health condition assessment and safety early
warning framework for hydropower equipment that integrates multi-
source data fusion with a risk-aware decision support system to enhance
operational reliability, predictive maintenance, and plant-level safety
management.

» Utilize the SEU multi-channel rotating machinery dataset for
equipment-level health modeling and the GloHydroRes global
hydropower dataset for plant-level structural and reservoir risk model-
ing, enabling multi-layer contextual safety assessment.

* Design and implement a CNN-LSTM-based multi-source data fusion
model that extracts spatial and temporal features from vibration and
torque signals for accurate fault classification and early warning
prediction.
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* Construct a structural risk index using hydropower plant attributes
and integrate it with equipment fault probability to generate a unified
safety risk score supporting maintenance prioritization and operational
decision-making.

4 Methodology

Based on the above analysis, this paper proposes a health condition assess-
ment and safety early warning system for hydropower equipment based
on multi-source data fusion and a CNN-LSTM decision support model.
First, different types of data sources, such as vibration signals, tempera-
ture data, operating conditions, and environmental conditions, are collected
and synchronized with respect to time through time alignment and missing
value preprocessing. Then, noise removal and normalization operations are
completed, and time and frequency domain feature extraction operations are
accomplished. The CNN model is used for automatic extraction of spatial and
local degradation features, and the LSTM model is used for extraction of the
equipment degradation trends. The fused features are used for classification
and safety early warning. The model is evaluated from the following aspects:
accuracy, precision, recall, and F1 score. The proposed model is used as
a decision support system for the online health monitoring and predictive
maintenance of hydropower equipment.

The data is preprocessed and multi-sensor fusion is carried out to obtain a
unified input for the model. The CNN-LSTM model is used to extract spatial-
temporal features to obtain the equipment health state and fault probability.
The structure parameters are separately processed to obtain the SRI. The
fault probability predicted from the equipment-level model and the structural
risk information are integrated within the fusion module to compute the final
safety score, as shown in Figure 1. A Kalman Filter is applied at the sensor
level to fuse real-time measurements and improve the accuracy of equipment
health estimation.

4.1 Multi-Source Data Fusion

In this research, data fusion means that different kinds of data are integrated
to obtain a more accurate and reliable safety prediction result for hydropower
equipment. Rather than relying on a single vibration signal, the system uses
several signals and structural information to obtain a comprehensive safety
assessment.
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Figure 1 Integrated multi-source data fusion and CNN-LSTM-based safety early warning
framework for hydropower equipment.

4.1.1 Sensor-level data fusion (equipment level)
At the equipment level, eight different monitoring signals are combined.
These include:

* Motor vibration
* Gearbox vibrations (X, Y, and Z directions)
» Torque measurements
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These signals are combined in the following manner:

* Time-aligned

* Noise-filtered

* Normalized

* Combined into a single input dataset

This technique is known as early fusion. Here, all the signals from the
sensors are combined before sending them into the CNN-LSTM model.

4.1.2 Deep learning feature fusion
Inside the CNN-LSTM model, we have the following components:

* The CNN model extracts spatial fault patterns from the vibration signal.
* The LSTM model learns the development of faults over time.

The feature fusion is internally carried out, and a reliable fault probability
and health classification are generated.
This helps the system to detect:

* Sudden faults
* Gradual degradation

4.1.3 Risk-level fusion (plant level integration)
Besides the equipment signals, the system also includes the following types
of structural information:

* Dam height

* Reservoir volume
* Installed capacity
* Type of plant

These inputs are used to derive a Structural Risk Index (SRI).
Finally, the system combines:

* Fault probability of the equipment (dynamic risk)
* Structural Risk Index (static risk)

This yields a Final Safety Risk Score.

Plant type is incorporated into the Structural Risk Index (SRI) because
different hydropower configurations are exposed to varying operational
and structural risk conditions. Storage hydropower plants generally exhibit
higher risk due to the presence of large reservoirs, higher hydraulic loads,
and potentially severe consequences associated with dam-related failures.
Pumped-storage facilities experience additional operational stress resulting
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from frequent load variations and cyclic pumping—generation operations,
which may accelerate mechanical wear and structural fatigue. In contrast,
run-of-river plants typically operate with smaller storage capacities and lower
hydraulic pressures, resulting in comparatively lower structural risk. There-
fore, plant-type weighting is included to reflect differences in operational
stress patterns, structural behavior, and potential failure impacts, thereby
improving the realism of plant-level safety assessment.

4.2 CNN-LSTM Model Design

The CNN-LSTM architecture is intended to capture both the spatial and
temporal features of the signals from the hydropower equipment. The con-
volutional layers are used to extract local vibration features related to
mechanical faults. The LSTM layers are used to capture the evolution of
degradation with time. The output layer is used to classify the health state
and estimate the risk. The CNN-LSTM architecture was selected because it
effectively combines spatial feature extraction and temporal sequence model-
ing within a unified framework. The CNN component automatically identifies
local fault-related patterns from multi-sensor vibration signals, whereas the
LSTM component captures long-term temporal dependencies associated with
equipment degradation and fault evolution. Compared with standalone CNN
or LSTM models, the hybrid CNN-LSTM approach provides a more compre-
hensive representation of both spatial and temporal characteristics, making it
particularly suitable for hydropower equipment health assessment and early
warning applications. This combination offers a favorable balance between
predictive accuracy, computational efficiency, and model interpretability.

The model receives a sequential input of shape (None, 4, 1). It starts pro-
cessing this input through a Convolutional layer for local feature extraction.
The features extracted are then passed through stacked LSTM layers of 32
units each for sequential feature learning. A Dropout layer of rate 0.5 is added
for overfitting avoidance. The process of sequential feature learning continues
through another set of LSTM layers and Dropout. The final prediction is made
through a fully connected Output layer as shown in Figure 2.

Figure 3 illustrates the overall architecture of the proposed multi-source
health condition assessment and safety early warning framework. The frame-
work begins with the acquisition of multi-sensor vibration and torque signals,
which are segmented using a sliding-window approach and subsequently
preprocessed through noise filtering, normalization, and class balancing tech-
niques. The processed data are then supplied to a one-dimensional CNN
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Figure 3 CNN-LSTM-based multi-source framework for hydropower safety assessment
and early warning.

module that extracts spatial fault-related features from the sensor signals.
These feature maps are forwarded to stacked LSTM layers to capture tempo-
ral dependencies and degradation patterns associated with equipment faults.
Table 1 shows the CNN-LSTM model architecture for extracting features and
classifying input data into three classes.
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Table 1 CNN-LSTM architecture specifications

Layer Type Output Shape  Parameters  Activation
Input Layer 1024 x 8 0 -
Conv1D (32 filters, k = 3) 1022 x 32 Trainable ReLU
MaxPooling1D (pool = 2) 511 x 32 0 -
LSTM (32 units) 32 Trainable tanh
LSTM (32 units) 32 Trainable tanh
Dropout (0.5) 32 0 -
Dense (Softmax) 3 classes Trainable Softmax

The proposed CNN-LSTM architecture processes multi-channel sen-
sor data through a ConvlD layer and max-pooling operation to extract
and reduce spatial features efficiently. The resulting feature maps are then
analyzed by two stacked LSTM layers to capture temporal dependencies
and fault progression patterns in the signal sequence. Finally, a dropout
layer mitigates overfitting, while a dense Softmax layer performs multi-class
fault classification by generating the probability of each equipment health
condition.

4.2.1 CNN component — spatial feature extraction

The CNN module is responsible for processing multi-channel vibration data
obtained from the hydropower system. The CNN module extracts spatial
features related to faults, such as peaks and amplitude modulation. The
convolutional kernels are used to scan the time series data to learn the spatial
features. Pooling is applied to reduce the dimensionality of the features and
remove noise. Dropout is used to improve generalization.

Input Representation:

This Equation (1) defines the multi-channel vibration input signal. 7" repre-
sents total time steps in the signal window. C represents the number of sensor
channels. Each element z; .. is the signal value at time ¢ and channel c. This
structured representation enables multi-sensor feature learning.

X=A{xt.}, t=1,....T,c=1,...,C (1

1D Convolution Operation:

This Equation (2) computes convolution for the k-th filter. The kernel slides
over time window K. Weights W, .; study spatial correlations across chan-
nels. Bias term by, adjusts activation offset. This process extracts localized
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fault signatures from vibration signals.

C K-1

Zi(t) = Z Z Wi Ttyie + b ()

c=1 =0
ReL.U Activation:

ReLU makes the model non-linear. Negative values are set to zero. Positive
values remain as they are. This improves the non-linear discriminative ability
of the model. It prevents vanishing gradient issues as shown in Equation (3).

Ap(t) = max(0, Zx(t)) 3)

Max Pooling:

Max pooling selects the highest activation within region €. It reduces the
temporal dimension of the feature maps. Dominant vibration peaks are
retained, and noise and minor fluctuations are suppressed. This improves
computational efficiency as shown in Equation (4).

Py(t) = mma Ax(t + ) o

Dropout:

Dropout randomly deactivates neurons during training. = is a binary mask
sampled from Bernoulli distribution. Probability p controls neuron retention
rate. This prevents co-adaptation of features. It improves generalization on
unseen data as shown in Equation (5).

Pp(t) = Pu(t) - r )

Algorithm 1: CNN-Based Spatial Feature Extraction
Input: Multi-channel vibration signals

Output: Extracted spatial fault features

Step 1: Prepare Input

Collect vibration signals from multiple sensors.
Arrange them into fixed time windows.

Step 2: Apply Convolution

Slide filters over the signal.

Detect important fault patterns like peaks and amplitude changes.
Step 3: Apply ReLU Activation

Remove negative values.

Keep important positive features.
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Step 4: Apply Max Pooling

Keep the strongest features.

Reduce noise and data size.

Step 5: Apply Dropout

Randomly disable some neurons during training.

Prevent overfitting and improve generalization.

Step 6: Output Features

Send the extracted spatial features to the LSTM layer for further processing.

4.2.2 LSTM component — temporal dependency modeling
The LSTM layer represents the degradation process over time in hydropower
systems. The LSTM layer extracts the long-term temporal dependencies
in the vibration signals. Conventional RNNs have problems with gradient
vanishing. The LSTM layer uses gating to regulate the flow of information.
This Figure 4 describes the internal structure of the Long Short-Term
Memory (LSTM), which is utilized for modeling the temporal dependencies.
The forget gate manages the information that needs to be forgotten from the
previous memory cell. The input gate manages the information that needs
to be stored from the current input. Finally, the output gate manages the
information that needs to be passed to the next hidden state for further

Forget Input Output
Gate o Gate ‘ Gate
{
C .1 +—X > + »C
t n/ 1 tan h t
\
1
\
i
: \'
6| |ol/tmh o
A A A A
ht—l "ht
Xt

Figure 4 Architecture of LSTM.
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processing. This structure of the LSTM avoids instability while training the
model, making it appropriate for fault progression analysis.

Forget Gate:

The forget gate determines which past information to discard. It uses sigmoid
activation to output values between 0 and 1. Values close to 0 indicate for-
getting. Values close to 1 indicate retaining memory. This prevents irrelevant
historical influence as shown in Equation (6).

fi = o(Wylhi—1, 2] + by) (6)

Input Gate:

The input gate controls how much new information enters memory. It com-
bines previous hidden state and current input. Sigmoid activation functions
control the intensity of updating. Higher values permit new information to be
added. Lower values restrict memory updates as indicated in Equation (7).

it = o (Wilhi—1, x¢] + b;) (7

Candidate Cell State:

This Equation (8) produces candidate memory content. Tanh activation maps
values between —1 and 1. It represents potential new degradation informa-
tion. This candidate state is filtered by the input gate. Ensures controlled
memory updates.

Cy = tanh(WC[ht_l, l't] + bc) (8)

Cell State Update:

The cell state stores long-term temporal memory. Previous state is multi-
plied by forget gate. New candidate information is weighted by input gate.
Element-wise multiplication ensures selective updating. This maintains stable
degradation trend tracking as shown in Equation (9).

Cy = froCi1+iroCh )]

Output Gate:

The output gate controls visible hidden state. Sigmoid function scales output
between O and 1. It regulates how much memory influences output. Ensures
stable temporal representation. Prevents sudden activation spikes as shown in
Equation (10).

Oy = U(Wg[ht_l, (Et] + bo) (10)
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Hidden State:

Hidden state represents final LSTM output at time ¢. Cell state is activated
using tanh. Output gate filters relevant information. This produces time-
aware feature representation. It is passed to classification layer as shown in
Equation (11).

h =0 ® tanh(Ct) (11)

Algorithm 2: LSTM for Temporal Dependency Modeling in Hydropower Equipment
Input: Sequential vibration and torque sensor data

Output: Time-aware feature representation for fault classification

Steps:

Step 1: Initialize LSTM Memory

Start with empty memory to store historical information about equipment health.

Step 2: Forget Gate Operation

Decide which past information is no longer relevant and can be discarded.

Helps prevent irrelevant historical data from affecting current predictions.

Step 3: Input Gate Operation

Determine how much new information from current sensor data should be added to memory.
Balances between old knowledge and new observations.

Step 4: Candidate Memory Generation

Create a potential new memory update based on the current input.

Represents possible degradation or fault patterns emerging over time.

Step 5: Update Cell State

Combine the retained old memory and the new candidate information.

Ensures the memory reflects both long-term trends and recent changes.

Step 6: Output Gate Operation

Decide which information from the cell state should influence the output at the current time
step.

Controls what the model “reveals” for the classification layer.

Step 7: Compute Hidden State

Generate the final time-aware feature representation for the current step.

Pass this hidden state to the classification or fault probability layer.

Step 8: Repeat for Each Time Step

Process all sequential measurements to capture the complete degradation pattern over time.
Step 9: Pass to Classification Layer

Use the extracted temporal features to classify equipment health (Normal/Slight/Severe)

or compute fault probability.

4.2.3 Output layer — health classification & risk scoring

The output layer undertakes two prediction processes. It is responsible for
the classification of health states into three groups. It is also involved in the
estimation of continuous fault probability. The softmax activation function
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deals with multi-class classification. The sigmoid function is involved in
probabilistic early warning scoring.

Softmax:

Softmax converts logits into probabilities. Total probability sums to one.
Each class receives normalized likelihood. Highest probability determines
predicted class. Suitable for multi-class health classification as shown in
Equation (12).

e’k

Ply=klz)= ———
(y = klz) > e

(12)
Sigmoid:
Sigmoid produces a value between 0 and 1. Represents continuous fault

likelihood. Higher values indicate higher risk. Thresholds can trigger early
warning. Supports decision support systems as shown in Equation (13).

Py = (13)

1+e %
Final Risk Fusion:

This Equation (14) integrates operational and structural risks. P, comes
from CNN-LSTM prediction. Riskgiructural cOmes from reservoir dataset.
Weights o and 3 balance contributions. It produces unified safety risk index.

RiSkﬁnal = apfault + /8 RiSkstructural (14)

4.3 Early Warning Mechanism

4.3.1 Risk stage conversion

The CNN-LSTM model provides a continuous probability of faults at each
time step. But the risk levels required by the operators are in categories,
not probabilities. Hence, a probability-to-risk level mapping mechanism
is incorporated. This helps in better interpretability of results in real-time
hydropower systems.

Fault Probability Output:

The variable z; represents the raw output (logit) of the CNN-LSTM model.
The sigmoidal function transforms this value into a bounded probability. The
exponential term ensures smooth nonlinear chance scaling. The output Py (t)
lies strictly between 0 and 1. This probabilistic form allows threshold-based



A Health Condition Assessment and Safety Early Warning Framework 1259

risk classification as shown in Equation (15).

1
Py(t) = o(2) = [P 15)

Risk Stage Classification:

The function is a piecewise classification form. The lower bound of 0.3
represents minor anomaly behavior. The region between 0.6 and 0.3 repre-
sents high and elevated but non-failure conditions. The upper bound of 0.6
represents high fault likelihoods. This is a discretized form of continuous risk
and is shown in Equation (16).

Normal, 0 < Py(t) <0.3
R(t) = { Warning, 0.3 < P¢(t) < 0.6 (16)
Critical, ~ Py(t) > 0.6

4.3.2 Early warning alert generation

Individual probability peaks may lead to false alarms in real-life systems.
Therefore, there is a need to smooth the time series to guarantee the validation
of persistence before activating the alarm system. The moving average system
will guarantee the validation of persistence before the alarm is activated. This
will lead to robustness in the hydropower system.

Temporal Smoothing:

The Equation (17) computes the normal probability over a window of size N.
It aggregates recent historical predictions for stability. Short-term fluctuations
are summary through smoothing. The parameter N controls sensitivity to
recent behavior. This filtered likelihood is used for reliable alert decisions.

~ 1 N-1
Pr(t) = > Pyt —1i) (17)
=0

Alert Activation Function:

The binary variable A(t) represents alert status. Threshold 6 defines activa-
tion sensitivity. If smoothed probability exceeds threshold, alert is triggered.
Otherwise, system remains in monitoring state. Different thresholds produce
warning and critical alerts as shown in Equation (18).

1 Prt) >0
Al = {0, Pr(t) <0 (18)
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4.3.3 Lead time estimation

Lead time is a measure of how early a problem is forecasted to occur. It
provides a forecast of the usefulness of the early warning system. The higher
the lead time, the better it is for proactive maintenance planning. This will
ensure that economic and operational losses are minimized. Lead time is
therefore a key factor in evaluation.

Lead Time Definition:

Where: t;y = actual fault time, £, = first alert activation time. The Equa-
tion (19) is used for calculating the time difference between fault and alert.
The positive sign of this equation represents successful early detection, zero
sign represents that fault and detection occur simultaneously, and nega-
tive sign represents delayed prediction. This equation directly measures the
system’s responsiveness.

Tiead = tf —1q (19)

Average Lead Time:

The formula modes lead times over multiple fault events. The flexible M
This is the total number of failures, which provides the overall performance
of the early warning system. The effects of the outliers are reduced using the
averaging method, which facilitates the statistical reliability evaluation using
Equation (20).

M

— 1

Tiead = M Z:l(tﬁj - ta,j) (20)
]:

4.3.4 Escalation timeline modeling
Risk Growth Rate:

The derived measures are used to measure the instantaneous change in risk.
The slope is positive in case of increasing failure probabilities. The greater
the slope, the greater is the rate of degradation. The slope is nearly zero in
case of a stable condition. This measure is used in escalation detection, as
described in Equation (21).
aPy (1)
dt

2

Critical Time Projection:

The equation linearly extrapolates risk to critical threshold. The numerator
represents remaining risk margin. The denominator represents growth rate
of probability. The ratio estimates time to reach critical state. This enables
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proactive scheduling before system failure as shown in Equation (22).

0.6 — Pf(t)
dPy(t)
dt

te=1t+ (22)

4.4 Structural Risk Modeling (Plant-Level)

This assesses the natural vulnerability of the infrastructure of hydropower
plants based on static physical parameters. Contrary to health monitoring,
which relies on sensors, this phase considers design-related risk parameters
that are not time variant. The aim is to express the natural structural risk
prior to incorporating operational information. Based on the attributes of the
GloHydroRes dataset, risk parameters are standardized and aggregated. The
result is a Structural Risk Index (SRI) ranging from O to 1 for each plant.

4.4.1 Dam height risk modeling

The height of the dam is an important engineering feature that symbolizes
the potential energy of the hydraulic system stored in the dam. The higher the
dam, the higher the hydrostatic pressure on the structural walls. The structural
stress is directly proportional to the height of the water column. The effect of
failure is more severe in the case of a higher dam due to the force of gravity.

Dam Height Normalization:

This Equation (23) applies Min-Max normalization to dam height. It rescales
all height values into a O—1 interval. H; represents the height of the ith plant.
Hpin and Hyp oy represent dataset bounds. Higher normalized values indicate
relatively taller and potentially higher-risk dams.

Hi — H, min

Hyorm = ———F— (23)
¢ Hmax - Hmin

4.4.2 Reservoir volume risk modeling

Reservoir volume is the total amount of water mass behind the dam. Large
volumes create considerable horizontal stress on the retaining walls. Reser-
voirs with high volumes pose a considerable flood risk to the downstream area
during failure. Fluctuations in the seasons can accentuate the stress cycles.
Hence, the reservoir volume is a direct factor in the exposure to structural

hazards. ViV
V. _ 2 — Vmin 24
nom Vmax - Vmin ( )
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This formula standardizes reservoir volume across all plants. It ensures
comparability regardless of measurement scale. V; is the reservoir vol-
ume of plant i. Minimum and maximum values defining dataset range.
Higher normalized scores indicate larger stored hydraulic mass as shown in
Equation (24).

4.4.3 Installed capacity risk modeling

Installed capacity represents the scale of energy production of a plant. Large-
capacity plants have higher cycles of mechanical loads. Large plants are
important points in the power grid of a country. The economic effect of a
failure in a large plant is higher. Thus, installed capacity represents the risk
of operational criticality.

Installed Capacity Normalization:

This Equation (25) normalizes installed capacity into a 0-1 scale. It eliminates
unit-based magnitude differences. C; represents plant generation capacity.
Dataset bounds prevent extreme bias from large values. Higher normalized
values correspond to higher systemic importance.

Ci - Cmin

norm — ~ -~ 2
¢ Cmax - Cmin ( 5)

4.4.4 Plant type risk weight modeling

Hydropower plants are differentiated structurally according to design. Run-
of-river plants exert low storage pressure. Storage dams have large reservoirs
with high structural stress. Pumped storage plants have cyclic operations with
pressure variations. Therefore, the plant types are transformed into numerical
risk weights.

Plant Type Weight Assignment:

This piecewise function maps qualitative categories to quantitative weights.
Weights reflect engineering risk severity levels. Run-of-river plants are
assigned lowest structural risk weight. Pumped-storage systems receive
higher weight due to cyclic stress. The assigned weight directly contributes
to final risk aggregation as shown in Equation (26).

0.3 Run-of-River
T, =< 0.6 Storage (26)
0.8 Pumped Storage
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4.4.5 Structural risk index (SRI) aggregation

The Structural Risk Index integrates all the normalized factors. This is a mea-
sure of overall infrastructure risk. The factors are weighted proportionally.
This is done based on their relative engineering value. The final score of SRI
is between 0 and 1.

Structural Risk Index:

This Equation (27) performs weighted linear combination. Each regularized
factor is multiplied by its assigned weight. The constraint ensures total
inspiration equals unity. SRI; represents structural risk of plant i. Output
is bounded between 0 (lowest risk) and 1 (highest risk).

SRI; = wiHporm + w2Vaorm + w3Chorm + waTy, (27)

4.4.6 Structural risk classification

After determining SRI, plants are grouped based on risk levels. This facili-
tates prioritization of maintenance activities. There are thresholds that group
plants based on safety levels during operations. This makes it easier to
understand. This facilitates integration with early warning systems.

Risk Level Classification

This piecewise function categorizes the risk levels. The threshold of 0.33
identifies low vulnerability plants. The threshold of 0.66 identifies high struc-
tural exposure. The values in between represent moderate risk. These values
can be used to determine the inspection schedule for safety, as indicated in
Equation (28).

Low SRI < 0.33

Risk Level = { Medium 0.33 < SRI < 0.66 (28)
High SRI > 0.66

4.5 Integrated Safety Risk Score

4.5.1 Equipment fault probability

The probability of equipment failure represents the probability of abnormal
operation of hydropower equipment. The probability of equipment failure
can be obtained with the CNN-LSTM predictive model based on deep learn-
ing. The probability reflects the dynamic equipment degradation behavior.
The probability reflects the equipment operation uncertainty in real-time.
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The probability of equipment failure is the dynamic equipment risk in the
integrated equipment safety framework.

Fault Probability Output:

The hidden state h; represents learned temporal features from sequential
sensor inputs. The linear change W,h; + b, maps extracted features into
a risk-related scalar value. The weight matrix W, controls the contribution
of each latent feature. The sigmoid initiation function o(-) compresses the
output into a probability range between 0 and 1. Thus, P; directly represents
the forecast probability of equipment failure as shown in Equation (29).

P = o(Wohi + b) (29)

4.5.2 Structural risk index

The structural risk index is a measure of risk with respect to plant-level char-
acteristics of hydropower infrastructure. This includes information related to
dam geometry, reservoir size, and capacity. This is related to the severity of
consequence risk. This is not dynamic equipment risk, which is considered
static over a very short-term horizon. The Structural Risk Index (SRI) is
a normalized composite indicator that quantifies the overall structural and
operational risk level of a hydropower plant based on key characteristics
such as dam height, reservoir volume, installed capacity, and plant type.
Higher SRI values indicate greater potential safety risks and operational
vulnerability.

Structural Risk Aggregation:

Each normalized structural parameter &; characterizes a scaled infrastructure
feature. The weight coefficient w; reflects the relative safety importance of
that feature. The summation aggregates all weighted attributes into a unified
structural risk value. Higher weights are assigned to critical parameters such
as dam height or reservoir volume. The final result S, quantifies overall
structural weakness as shown in Equation (30).

n
Sr= wi-di (30)
i=1
Min-Max Normalization:

The raw structural variable x; may have different units and magnitudes. Min-
max regularization rescales values into the [0, 1] interval. The term 2y, and



A Health Condition Assessment and Safety Early Warning Framework 1265

Tmax define the observed feature bounds. This prevents dominance of large-

scale variables in weighted summation. Normalized structures ensure fair

contribution in structural risk computation as shown in Equation (31).
Zi — Tmin

€1y

Ty =
Tmax — Lmin

4.5.3 Integrated safety risk score
The integrated safety risk score is a combination of the probability of
equipment failure and the structure risk. This provides the basis to integrate
multi-source data within a single platform for decision-making. The model
provides weighted importance to the dynamic and static risk factors. This is a
combination of the likelihood of failure and the severity of the consequences.

Final Integrated Risk:

The coefficient « represents the weight of equipment failure prospect. The
coefficient 5 represents the weight of structural vulnerability. The linear
grouping provides an interpretable risk aggregation method. Both inputs
are normalized, ensuring the final score remains within [0, 1]. The result-
ing Rgna) reflects overall hydropower operational safety level as shown in
Equation (32).

Rﬁnal = an + 5S'r (32)

Weight Constraint:

This avoids artificial inflation of risk magnitude. Typical settings use o =
0.6 and 5 = 0.4. Weights can be optimized using validation experiments or
expert judgment as shown in Equation (33).

a+pB=1 (33)

4.6 Multi-Source Data Fusion (Sensor Level)

In this research, multi-source data fusion is conducted at the sensor level
based on early fusion, where all the available sensor data are fused prior to
feature extraction and model training. In particular, eight different monitoring
signals, including vibration in multiple directions, temperature, pressure,
rotational speed, and acoustic signals, are synchronized, normalized, and
aligned with a common time axis. Subsequently, all the signals are stacked
together to construct a comprehensive three-dimensional input tensor with
the format (Samples x Time Steps x 8 Channels). In this case, each sample
corresponds to one observation window, which is derived through sliding
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time segmentation, the time steps indicate the sequential measurements
within the observation window, and the eight channels indicate the different
sensors. Through this early fusion method, the CNN layers are capable of
automatically learning the cross-sensor spatial correlations, and the LSTM
layers are able to capture the temporal dependencies in the time domain.

Kalman Filter for Sensor Data Fusion

In this paper, the signals of equipment states, such as vibration, torque,
temperature, and pressure, which are obtained through multi-sensors, are
used to monitor the health condition of the equipment in the hydropower
station. However, there may exist some noise and errors in the signals of each
single sensor, which may influence the accuracy of equipment fault detection.
Therefore, in this paper, the Kalman Filter method is used to improve the
accuracy of sensor signals.

With the Kalman Filter method, the accurate states of equipment can be
estimated in real time according to the signals of each sensor. The accurate
states of equipment obtained through the Kalman Filter method can better
reflect the health condition of equipment.

With the accurate states of equipment obtained through the Kalman Filter
method, the input tensor of the CNN-LSTM model can be formed, and
the equipment fault probability can be obtained through the CNN-LSTM
model. Finally, the Final Safety Risk Score can be obtained according to the
equipment fault probability and the structural states of the equipment in the
hydropower station.

4.7 Decision Support System (DSS)

The DSS combines the results of multi-source data fusion into operational
intelligence. The Decision Support System translates raw fault predictions
and structural risk results into management decisions. The DSS is hier-
archical in nature, from equipment to plant and portfolio. The Decision
Support System is useful for predictive maintenance and safety control deci-
sions. The Decision Support System facilitates proactive hydropower safety
management.

Safety Dashboard

The Safety Dashboard is a comprehensive graphical representation of the
health status of the hydropower plant. It combines dynamic equipment
fault probability with static structural risk factors. The Safety Dashboard
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is updated continuously with real-time data from the monitoring system. It
uses standardized safety indices to display risk levels. This module improves
operator awareness and decision-making capabilities.

R, = aPy(t) + BS, (34)

The term Py (t) represents the time-dependent equipment fault probability
obtained from the CNN-LSTM model. The term S, denotes the structural
risk index derived from plant attributes and reservoir characteristics. The
weighting factors « and 8 determine the relative importance of dynamic and
static risks. The constraint o + S = 1 ensures normalized risk contribution.
The resulting R; quantifies the overall real-time safety condition of the plant
as shown in Equation (34).

Maintenance Recommendation Engine

The Maintenance Recommendation Engine identifies the best time for inter-
vention. It considers both the magnitude of risk and the rate of growth of risk.
The system gives priority to assets that are deteriorating at a faster rate. It
reduces unnecessary expenses on maintenance.

2, — 4P
dt

+ Ry (35
Th .. dPy(t) el -
e derivative term —gy— measures the rate of fault probability increase
over time. A larger derivative indicates accelerated degradation. The term
Ry incorporates the overall system risk context. The coefficient v adjusts
sensitivity to cumulative risk. The maintenance urgency index M,, determines
scheduling priority as shown in Equation (35).

Risk Ranking of Plants

The Risk Ranking module is used to assess and compare several hydropower
plants. The module gives a systematic approach to prioritize the allocation of
inspections. Both equipment and structural levels are taken into account. The
module is applicable on a regional or national level for safety management.
The module improves the efficiency of strategic asset management.

RRy = w1 Py +w2S; (36)

The term Pfﬂ- represents the average equipment fault probability of plant
i. The structural index S,; captures inherent infrastructure vulnerability.
Weights w; and wq balance operational and structural risks. The constraint
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w1 +ws = 1 maintains normalization. Plants are ranked based on descending
values of RR; as shown in Equation (36).

Operational Adjustment Advisory

The Operational Adjustment Advisory module suggests dynamic load control
strategies. The purpose is to minimize mechanical stress during high-risk
situations. Load reduction prevents rapid component deterioration. The advi-
sory module adjusts itself to real-time safety status. This ensures safe and
sustainable power production.

Ladj = Lmax(l - Rt) (37)

The term L,,x represents the maximum permissible operating load.
The safety score I?; determines the proportion of risk exposure. When risk
increases, the factor (1 — R;) decreases. This proportionally reduces oper-
ational load. The model ensures adaptive stress mitigation during high-risk
periods as shown in Equation (37).

Emergency Inspection Alert System

The Emergency Inspection Alert System is a very important safety notifica-
tion system. It identifies critical situations that require immediate attention.
The system operates at pre-defined safety thresholds. The system acts as a
preventive measure for major failures. This module improves the readiness of
the emergency response system.

]-7 Rt Z 0c
E, = (38)
0, Rt < 90

The threshold 6, signifies the critical safety boundary. If R; exceeds
this threshold, an alert is triggered. The binary output simplifies opera-
tional decisions. Threshold correction is performed using validation datasets.
This mechanism balances false alarms and missed findings as shown in
Equation (38).

Early fusion refers to the integration of heterogeneous feature represen-
tations at the input or feature-extraction stage. In this study, deep features
extracted from the CNN-LSTM-based fault diagnosis model are concate-
nated with structural risk indicators obtained from the SRI model prior
to classification. This strategy enables the learning algorithm to capture
cross-domain interactions between equipment-level degradation patterns
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and plant-level structural conditions, resulting in a more informative and
discriminative joint feature space for improved risk prediction.

5 Experimental Setup
5.1 Data Collection

SEU Dataset

The main dataset used for this research is Southeast University (SEU) Driv-
etrain Dynamics Simulator Dataset [38]. This dataset was collected from a
laboratory-scale rotating machinery test rig designed and built at Southeast
University, China. For this research, the dataset was collected using syn-
chronous multi-channel vibration and torque signals of a simulated drivetrain
environment under various working and faulty conditions. In other words,
there are eight synchronous sensor signals in the dataset, and these signals
contain motor vibration, planetary gearbox vibration in three orthogonal
directions (X, Y, Z), parallel gearbox vibration in three orthogonal directions
(X, Y, Z), and motor torque measurements under two different working
conditions based on different speed-load combinations.

The different types of faults included in the dataset, such as bearing
and gear faults, are important for supervised classification of the health
condition of the system. The synchronized and multi-directional nature of the
signals are more representative of multi-sensor industrial monitoring, which
is typical in the turbine generator assembly in the hydropower plant. For this
study, the SEU dataset will be used as the primary equipment-level dataset to
evaluate the proposed CNN-LSTM-based health condition assessment model.
The dataset is appropriate for multi-sensor data fusion, fault classification,
and predictive warning modeling. The dataset is appropriate to evaluate the
deep learning model, which will be able to exploit the characteristics of
the signal (spatial features using convolutional layers) and the degradation
process (using LSTM layers). Although the system is laboratory-scale, the
dynamic characteristics of the rotating machinery are representative of the
hydropower turbine generator system.

GloHydroRes

The secondary data used in this research comes from GloHydroRes (Global
Hydropower and Reservoir Dataset) [39], which can be accessed freely via
Zenodo. GloHydroRes integrates open-source hydropower plant data with
reservoir data to form a huge hydropower reservoir with 7,775 hydropower
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plants in 128 countries. The GloHydroRes dataset comprises 29 variables
that describe the structural, operational, and hydrological characteristics
of hydropower plants. The most important variables for this research are
installed capacity, dam height, reservoir depth, reservoir surface area, reser-
voir volume, plant type (such as run-of-river, storage, and pumped storage),
and related river data.

Contrary to the SEU dataset, GloHydroRes does not include equipment-
level vibration or sensor time-series data. Rather, it includes plant-level
context attributes that shape overall operational risk and safety exposure.
In this study, GloHydroRes is employed to build a Structural Risk Index,
which symbolizes the macro-level safety and operational risk of hydropower
plants. Variables like dam height and reservoir volume are normalized and
used in the proposed decision support system (DSS) as context risk attributes.
The Decision Support System (DSS) is designed to transform the predicted
Equipment Fault Probability (EFP) and Structural Risk Index (SRI) into
an interpretable overall safety index for operational decision-making. The
DSS integrates outputs from both the CNN-LSTM-based fault diagnosis
model and the structural risk evaluation module to compute a unified safety
score. The proposed framework combines plant-level structural attributes
with equipment-level failure probabilities to create a hierarchical safety eval-
uation system that improves risk awareness beyond the scope of isolated
sensor-based monitoring.

The addition of GloHydroRes enhances the proposed framework by
allowing multi-level data fusion, where micro-level equipment health fore-
casts are integrated with macro-level infrastructure risk indicators. This
is beneficial for a more comprehensive safety early warning system and
enhances the effectiveness of decision-making in the management of
hydropower systems.

The multi-channel vibration and torque signals provide complementary
information about the mechanical condition of rotating components under
different operating states. Vibration signals capture fault-related dynamic
behavior, while torque measurements reflect load variations and transmission
characteristics. The integration of these synchronized sensor signals enables
the CNN-LSTM model to learn discriminative fault patterns more effectively,
thereby improving classification accuracy and early fault detection capability.

5.2 Data Preprocessing

The preprocessing stage ensures data consistency through time synchroniza-
tion and missing value handling. Time synchronization aligns multi-sensor
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signals to a common temporal reference to ensure uniform sampling across
all channels. Missing values are addressed using interpolation techniques to
maintain continuity in the dataset and prevent information loss during model
training. These steps are performed once in a unified preprocessing pipeline
to avoid redundancy and improve computational efficiency.

IoT-based sensing systems to enable continuous monitoring of
hydropower equipment and infrastructure. Distributed sensors collect real-
time vibration, torque, and operational measurements, which are transmit-
ted through connected monitoring networks for centralized analysis. This
IoT-enabled architecture supports real-time data fusion by integrating infor-
mation from multiple sensing sources, thereby improving data availability,
situational awareness, and fault detection reliability.

5.2.1 SEU dataset preprocessing

Signal Segmentation

The sliding window segmentation technique helps to transform the continu-
ous vibration signal into structured samples. This technique helps to enable
the deep learning model to process fixed-length inputs. This technique helps
to preserve the local temporal information in each segment. It also helps to
increase the number of effective training samples. It helps to improve the
sensitivity of fault detection in the early stages.

Raw Signal Representation:

The function x(¢) represents the vibration signal over time. ¢ denotes discrete
sampling instances. 7' is the total signal length. This signal is collected from
vibration sensors. It forms the original input for preprocessing as shown in
Equation (39).

xz(t), t=1,2,3,...,T (39)

Windowed Segment:

X; represents the ith segmented window. L is the window length. Each
segment contains consecutive signal samples. The segment captures localized
temporal behavior. It becomes one training instance for CNN-LSTM as
shown in Equation (40).

X; = {a(i),z(i+1),...,2(i+L—1)} (40)

Number of Segments:

S is the stride length between windows. T'— L ensures full window coverage.
The floor function ensures integer segment count. Larger stride reduces
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sample number. This determines total training dataset size as shown in

Equation (41).
T—-L
N=|——- 1 41
{ 5 J+ (41

Noise Filtering

Noise filtering eliminates high-frequency noise. Mechanical signals are often
contaminated with environmental noise. Butterworth filter has smooth fre-
quency response. It does not have ripple distortion in the passband. It is used
to improve the signal quality before feature extraction.

Butterworth Transfer Function:

H(jw) defines filter frequency response. w represents signal frequency. w,
is cutoff frequency. n is filter order controlling slope sharpness. Higher
frequencies beyond cutoff are attenuated as shown in Equation (42).

1
H(jw) = e (42)

Filtered Signal:

y(t) is filtered output signal. The transfer function modifies frequency
components. Noise components are suppressed. Important mechanical fre-
quencies are preserved. The output is cleaner for modeling as shown in
Equation (43).

y(t) = H(jw) - (1) 43)

Normalization (Min-Max Scaling)

Normalization rescales feature values. Sensor values have varying magni-
tudes. Unscaled features can bias neural networks. Min-Max scaling restricts
data to a fixed range. It speeds up gradient-based optimization.

Min-Max Scaling:

Tmin 1S minimum observed value. . 1S maximum observed value. The
numerator shifts data to zero baseline. The denominator scales values
proportionately. Output lies between 0 and 1 as shown in Equation (44).

T — Tmin

LTporm = (44)

Tmax — Lmin



A Health Condition Assessment and Safety Early Warning Framework 1273

Dataset Balancing
Imbalance Ratio:

Nmajority 1S dominant class sample count. Npinority 1S rare class sam-
ple count. Developed ratio indicates severe imbalance. Balanced datasets
method ratio of 1. This metric guides sampling decisions as shown in
Equation (45).

Nma'ori
R = majonty (45)

N, minority

SMOTE Sample Generation:

x; is minority sample. x,,, is nearest neighbor. A is random value between 0O
and 1. New sample is direct interpolation. This increases minority represen-
tation as shown in Equation (46).

Tnew = Tj + )\(x’rm - 331) (46)

The Synthetic Minority Oversampling Technique (SMOTE) was applied
during the preprocessing stage. SMOTE generates synthetic samples for
underrepresented fault categories by interpolating between existing minority-
class observations. This balancing process prevents the learning model
from becoming biased toward majority classes and promotes more uniform
representation of all fault conditions during training.

Kalman Filter-Based Signal Estimation

The Kalman Filter is a recursive state estimation algorithm that combines
noisy sensor observations with prior state predictions to generate an optimal
estimate of the true system state. By continuously correcting measurement
errors and reducing random noise, the filter enhances signal stability and
consistency across multiple sensor channels. In the proposed framework,
the Kalman Filter is applied to vibration and torque signals before feature
extraction. This process improves the reliability of sensor data, minimizes
fluctuations caused by measurement uncertainty, and provides more stable
inputs for the CNN-LSTM model. Consequently, the fusion of multiple
sensor streams becomes more robust, leading to improved fault diagnosis and
safety assessment performance.
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5.2.2 GloHydroRes dataset preprocessing
Missing Value Handling
Mean Imputation:

N characterizes number of available samples. Summation adds all known val-
ues. Mean value is believed from existing data. Missing entries are replaced
by this mean. This preserves dataset completeness as shown in Equation (47).

1 N
Lmiss = N Z X 47
=1

Feature Normalization (Standardization)

The characteristics of the hydropower structure have different scales. The
scale of the dam height and capacity is not equal. Standardization eliminates
scale bias. Standardization ensures equality in the comparison of values.
Standardization improves the stability of the structural index calculation.

Z-Score Normalization:

w is feature mean. o is standard deviation. Deducting mean centers the data.
Dividing by standard deviation normalizes spread. Result has zero mean and
unit modification as shown in Equation (48).

T —
g

Tscaled = (48)
Structural Risk Factor Computation

Structural risk is a function of physical parameters. Dam height is a factor in
hydrostatic pressure. Reservoir volume is a factor in load stress. Installed
capacity is a factor in operational criticality. These factors are used to
calculate composite risk index.

Structural Risk Index:

H,V,C are normalized features. w; are importance weights. Weights reflect
engineering priorities. Sum of weights ensures bounded output. Higher SRI
indicates higher structural risk as shown in Equation (49).

SRI = w1 H + wyV + w3C (49)

Weight Constraint:

This ensures total contribution equals 100%. It maintains regularized risk
range. Prevents over-amplification of one factor. Supports multi-criteria
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decision modeling. Ensures mathematical consistency as shown in
Equation (50).
w; +wy + w3 =1 (50)

Installed Capacity Risk Integration
It affects overall safety criticality. Capacity is a factor in final risk fusion. It
connects equipment level and plant level risk.

Capacity Normalization:

Chyin 18 minimum capacity value. Chax is maximum capacity value. The
formula rescales capacity values. Output lies between 0 and 1. Ensures
uniform contribution to risk index as shown in Equation (51).

C — C(min

norm — ~ o~ 1
¢ Cmax - C(rnin (5 )

Final Integrated Risk:

Prauit 18 CNN-LSTM predicted probability. SRI is structural risk index. «
and 3 are fusion weights. Their sum equals 1. Final score supports safety
early warning as shown in Equation (52).

Rfnal = oPranis + BSRI (52)

Data Splitting

Once the GloHydroRes dataset is preprocessed (missing values handled,
normalization done on the features, and structural risk factors computed),
the next step is the division of the dataset into training, validation, and
testing sets.

* Training Set: This is the set where the model is created and where the
associations between the plant-level variables (features) such as the dam
height, volume, capacity, and plant type with the structural risk index
are learned.

* Validation Set: This is the set where the parameters of the model are
adjusted and the optimal weights for the aggregation of the risk values
are learned, avoiding overfitting.

 Testing Set: This is the set where the performance of the structural
risk modeling and the final safety risk score with the equipment fault
probability is evaluated.
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Algorithm 3: Data Preprocessing

Input: Vibration data (SEU) + Structural data (GloHydroRes)
Output: Final integrated risk score

Step 1: Segment raw vibration signal using sliding window.

Step 2: Filter noise using Butterworth filter.

Step 3: Normalize signal values (0-1 scaling).

Step 4: Balance dataset using SMOTE if classes are imbalanced.

Step 5: Handle missing values using mean imputation.

Step 6: Standardize structural features.

Step 7: Compute Structural Risk Index using weighted features.

Step 8: Normalize installed capacity.

Step 9: Combine CNN-LSTM fault probability with Structural Risk Index.
Step 10: Generate final safety risk score and trigger warning if needed.

5.3 Hardware Configuration

The system uses an Intel Core i7-14700 CPU, which has a base processor
frequency of 2.10 GHz. This is a part of Intel’s 14th generation family of
CPU products, which includes several performance and efficiency cores that
enable parallel execution of compute-intensive tasks.

The system also uses a DDR4 RAM type with a capacity of 32.0 GB and a
memory type speed of 3200 MT/s, which makes it efficient for handling mul-
titasking operations. This is a high-capacity RAM type that makes it efficient
for handling large batch data processing, feature extraction, and simultaneous
execution of data loading and model training processes, which is extremely
beneficial when executing data fusion processes for experimentation.

For the graphical and accelerated computing needs of the system, the
computer is equipped with an NVIDIA GeForce GT 730 GPU with 4 GB
dedicated video RAM. Though the computer is not equipped with a high-
performance GPU suitable for deep learning tasks, the GPU still supports the
execution of matrix-based and neural network-based computing tasks through
its support for CUDA. The GPU is mainly useful in the execution of the
convolutional layers in the CNN layers and is useful in the faster convergence
of the model during the experiment.

The computer is based on a 64-bit x64 architecture, which is suitable
for the execution of modern machine learning frameworks such as Tensor-
Flow and PyTorch. The computer is also running on a 64-bit version of
the Windows 11 Home operating system with Version 25H2. The computer
is also equipped with a total of 466 GB of storage capacity, out of which
approximately 266 GB is available for use.
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The computer is adequately equipped with the required computing
resources to ensure the implementation of the proposed framework for health
assessment and safety early warning through the proposed CNN-LSTM
architecture.

5.4 Software Configuration

The experimental implementation of the proposed multi-source health assess-
ment and safety early warning framework has been carried out using a well-
structured and integrated software environment. The proposed framework
has been developed using PyCharm 2025.3.11 as an integrated development
environment (IDE) for debugging, coding, and project organization. The
programming language used for the proposed framework is Python 3.9, which
is one of the most stable and widely used programming languages.

For developing deep learning models, PyTorch has been used as a promi-
nent framework because it has the ability to support a dynamic computation
graph. The proposed CNN-LSTM model has been developed using PyTorch
modules. The proposed model has customized convolutional, pooling, and
recurrent neural network layers. The baseline models, such as individual
CNN, LSTM, and Random Forest classifiers, have been developed using
Scikit-learn. The parameters for evaluating the model, i.e., Accuracy, Preci-
sion, Recall, F1-score, and ROC-AUC Score, have been computed using the
Scikit-learn library. Although the proposed framework primarily deals with
the health assessment of the machinery, the proposed framework has utilized
the Hugging Face Transformers library for text-based metadata processing or
incorporating it with the maintenance logs.

For the pre-processing of the data as well as signal processing, Pandas,
NumPy, and SciPy libraries have been utilized. This has helped in efficiently
processing multiple channel data received from the vibration sensor. Signal
fusion from multiple sources was performed using NumPy operations to fuse
the sensor data from the eight-channel sensor system. This resulted in unified
tensor data that was appropriate for inputting the data into the CNN architec-
ture. SQLite/HDF5 was used for the storage of structured data as well as for
efficient retrieval of the stored data. In addition, Matplotlib/Seaborn libraries
were used for visualization as well as performance analysis. Furthermore,
Plotly/Dash libraries were used in developing an interactive decision support
system that can be used for visualizing the risk levels. Finally, the computa-
tion of the Structural Risk Index and Safety Score was done using Pandas as
well as NumPy libraries. In conclusion, the Decision Support System (DSS)
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interface was created using a Graphical User Interface (GUI), which enabled
efficient monitoring as well as decision support for hydropower equipment
safety management.

5.5 Hyperparameter Configuration of CNN-LSTM Model

CNN Component
* Number of convolutional layers: 1-2
* Number of filters: 32 filters per layer
* Kernel size: 3
* Activation function: ReLU
* Pooling: Max Pooling, pool size = 2
* Dropout: 0.5

LSTM Component
* Number of LSTM layers: 2 stacked layers
* Number of units per LSTM layer: 32 units
* Dropout between layers: 0.5
e Activation: tanh (for hidden state)
* Recurrent activation: sigmoid

Output Layer
* Health classification: Softmax activation (3 classes: Normal / Slight /
Severe)
* Fault probability: Sigmoid activation (range 0-1)

Training Parameters
* Optimizer: Adam
* Learning rate: 0.001
* Batch size: 32
* Epochs: 100
* Loss function: Categorical Cross-Entropy (classification) + Binary
Cross-Entropy (fault probability)

5.6 Evaluation Metrics

Accuracy

Accuracy measures the correctness of the classification model in general
terms. It calculates the number of correct classifications out of all the
predictions made. It considers normal as well as fault classifications. It is
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applicable when the dataset is balanced. However, it may not be the best
performance metric to use with an unbalanced fault dataset.
TP + TN

A - 53
MY = b Y TN + FP + FN (53)

The term TP + TN represents all correctly classified samples. The
denominator TP + TN + FP + FN represents total predictions made by
the model. The equation is a measure of calculating the ratio of correct
predictions and total predictions made by the model. The equation is a global
measure of classification effectiveness. The result of the equation varies
between 0 and 1, and its highest value is 1 as shown in Equation (53).

Precision

Precision is the reliability of the prediction of faults. It is the number of
predicted faults, which are actually faults. It focuses on reducing the number
of false alarms in the system. High precision means less maintenance. It
evaluates the quality of positive predictions.

.. TP
Precision = TP 1 7P 54)
Here TP stands for the number of correct instances of faults. The denomi-
nator TP + FP stands for all instances of faults. The equation above computes
the ratio of correct instances of faults. If false positives go up, then precision
drops significantly. The value will be between 0 and 1. Higher values indicate
fewer false alarms as shown in Equation (54).

Recall (Sensitivity)

Recall is the ability of the model to identify real faults. It measures the
number of real faults that are correctly predicted by the model. It mainly
focuses on minimizing the number of faults that are not predicted by the
model. In safety systems, recall is very important to avoid failures.

TP
l = ——7—
Reca TP+ TN (55)
The denominator TP + FN represents all actual fault instances. The
equation calculates the proportion of real faults detected. If false negatives
increase, recall decreases significantly. The value ranges from O to 1, where
1 indicates no missed faults as shown in Equation (55).
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F1-Score
F1-score combines precision and recall into a single measure. It is particularly
helpful in imbalanced classification tasks. It discourages large discrepancies
between precision and recall. It gives a harmonic mean and not an arithmetic
mean. It ensures that there is a balanced assessment of the fault detection
capability.

Precision x Recall

F1=2 56
% Precision + Recall (56)

The numerator multiplies precision and recall and scales by 2. The
denominator is the sum of precision and recall. The harmonic mean ensures
both metrics contribute equally. If either precision or recall is low, F1-score
decreases sharply. The value ranges between O and 1, where 1 represents
optimal balanced performance as shown in Equation (56).

6 Result and Discussion

In this section, experimental verification of the proposed multi-level health
condition assessment and safety early warning method is performed. First,
the effectiveness of the proposed CNN-LSTM model is verified by using
the SEU multi-sensor data set to evaluate its accuracy of fault classification,
learning ability of temporal degradation, and effectiveness of early warning.
Comparative experiments with other models (CNN, LSTM, and RF) are
performed to verify the superiority of the proposed model. Then, structural
health indicators of plant-level risks are calculated by using GloHydroRes
data set, and finally, the safety risk index is calculated. The effectiveness of
the proposed decision support system is verified by evaluating its reliability
of prediction, false alarm rate, and stratification of risks.

The Figure 5 and Table 2 show the evaluation metrics such as Accuracy
(0.9634), Precision (0.8642), Recall (0.9613), F1-score (0.9065), and MCC
(0.8662). The high accuracy and recall indicate that the model is correctly
identifying most of the instances with very few missed detections. The
F1-score indicates that the model is in a good balance between precision and
recall. Although the precision is slightly low compared to the recall, the high
MCC indicates that the classification is highly reliable.

The above confusion matrix displays the classification performance of the
five different classes: Ball, Comb, Health, Inner, and Outer. The majority of
the points are located along the diagonal of the matrix, representing accurate
classification for all instances. The classes Ball, Comb, Health, and Outer
each have 40 points correctly classified without any errors. The class Inner
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Figure 5 Performance metrics of the classification model.

Table 2 Classification performance scores
Metrics  Values
Accuracy  0.9634
Precision  0.8642
Recall 0.9613
Fl-score  0.9065
MCC 0.8662

has 39 points correctly classified, and 1 of the points was misclassified as
class Comb as shown in Figure 6. The confusion matrix provides detailed
insight into the classification behavior of the proposed CNN-LSTM model
across different fault categories. Most samples belonging to the Normal, Ball,
and Outer race fault classes are correctly identified, indicating that the model
effectively captures their distinguishing spatial and temporal characteristics.
The Inner race fault category exhibits the highest classification difficulty, with
a small number of samples being misclassified due to similarities in vibration
patterns with other fault conditions. Despite this, the overall misclassification
rate remains low, demonstrating the robustness of the proposed framework.
The class-wise analysis confirms that the model maintains consistent predic-
tive performance across multiple fault categories while preserving high fault
detection reliability.

The above Figure 7 is a multi-class ROC for the classification of the
model’s performance on the Low, Medium, and High classes. All three curves
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Figure 7 Multi-class ROC curve.

are near the top left corner of the graph, indicating the model’s classification
capability is quite strong. The true positive rates are high, and the false
positive rates are low. The AUC values are quite exceptional: 0.9936 for
the Low-Risk class, 0.9930 for the Medium Risk class, and 0.9997 for the
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Precision—Recall Curve
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Figure 8 Precision-recall curve.

High Risk class. The High-Risk class’s discrimination is almost perfect. The
ROC and Precision—Recall curves demonstrate the practical reliability of the
proposed monitoring framework in operational hydropower environments. A
high ROC-AUC value indicates that the model can effectively distinguish
between healthy and faulty equipment conditions across different decision
thresholds, thereby supporting reliable early warning generation. Similarly,
the strong Precision—Recall performance confirms that most detected fault
events correspond to actual equipment abnormalities, reducing the occur-
rence of false alarms that could trigger unnecessary inspections or mainte-
nance actions. From an operational perspective, minimizing false positives
improves maintenance efficiency and resource allocation, while maintaining
high fault detection sensitivity ensures that potential equipment failures are
identified before they escalate into critical safety incidents. Consequently, the
observed ROC and Precision—Recall results indicate that the proposed CNN—
LSTM framework is well suited for dependable early warning and safety
monitoring in hydropower systems.

The precision-recall curve is used to measure the performance of the
model for five classes, namely Ball, Comb, Health, Inner, and Outer. All the
classes have near-perfect precision for most of the recall values, indicating
that the model is making accurate predictions. The Average Precision (AP)
values for the classes are extremely high, with Ball, Health, and Outer classes
having an AP score of 1.0000. Although the AP score for the Comb class is
0.9961, and the score for the Inner class is 0.9919, the curves indicate that the
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Figure 10 Equipment risk vs structural risk.

model has performed extremely well in classification with minimal trade-offs
between precision and recall as shown in Figure 8.

The above histogram represents the structural risk index distribution. The
majority of plants are clustered between 0.15 and 0.30. The orange dashed
line at 0.3 represents the boundary between low and medium structural risks.
The red dashed line at 0.6 represents the boundary between medium and high
structural risks. The majority of plants are clustered between 0.15 and 0.30,
representing low structural risks. The overall distribution is right-skewed,
suggesting that high-risk plants are fewer compared to low-risk plants as
shown in Figure 9.

The Figure 10 displays a comparison of equipment fault probability and
structural risk index with the final safety score. The left-hand plot demon-
strates low risk points at lower values of equipment fault probability and
structural risk index. The medium and high risk points are distributed over
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Figure 12 Final safety score per fault type.

the higher equipment fault probability values. The right-hand plot displays a
positive correlation between equipment fault probability and the final safety
score. This suggests that equipment fault probability has a significant impact
on the final safety score. It can be noted that equipment fault probability has
a higher impact on the final safety score compared to structural risk index.

The above Figure 11 demonstrates the distribution and classification of
the final safety scores calculated using the formula: o = 0.6xEFP+0.4xSRI.
The histogram in the classification of samples into different risk categories
based on the calculated safety scores. The risk categories are divided based
on the warning threshold of 0.3 and the critical threshold of 0.6. The majority
of the samples are classified as Low Risk, totaling 19,078 samples (46.6%),
and have safety scores lower than 0.3. The Medium Risk category comprises
13,966 samples (34.1%), and the High-Risk category comprises 7,916 sam-
ples (19.3%), all of which have safety scores above the critical threshold
of 0.6.

This plot displays the distribution of the final safety scores for different
types of faults, as represented by violin plots. The dashed lines for the
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Figure 13 Early warning escalation timeline.

warning level, represented by the dashed orange line, and the critical level,
represented by the dashed red line, are 0.3 and 0.6, respectively. It is clear that
the normal samples are concentrated below the warning level. For the Ball
Fault and Outer Race, the distribution of the scores is more spread out, with
some scores above the warning level. For the Inner Race Fault and Combined,
the scores are more concentrated, indicating higher safety concerns as scores
are near the critical level as shown in Figure 12.

This early warning timeline displays equipment conditions through three
important parameters: Equipment Fault Probability (EFP), Structural Risk
Index (SRI), and the combined Final Safety Score. The EFP graph indicates
fluctuations with occasional peaks approaching the warning threshold but
remaining below it. The Final Safety Score combines these two parameters
using the following equation: 0.6 * EFP + 0.4 * SRI. The majority of its val-
ues lie within the low-risk zone with temporary excursions into the warning
zone and very few instances in the critical zone as shown in Figure 13.

The chart illustrates the percentage distribution of the risk stages, which
are Normal, Warning, and Critical. These stages are represented in different
types of signals such as Health, Ball, Inner, Outer, and Combined. Based
on the chart, the health and outer signals show the highest normal conditions.
Therefore, these are the most stable in terms of performance. The Inner signal
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is the most critical since it shows the highest percentage in the Critical cate-
gory. The Ball and Combined signals are balanced in terms of the number of
conditions in the normal, warning, and critical stages as shown in Figure 14.

This dashboard represents the safety status of hydroponic equipment
through key risk indicators. It indicates that the average health of the equip-
ment is 0.435, and the average structural risk is 0.276. Thus, it concludes that
the final safety score is 0.371. On the basis of this score, it is evident that
the overall risk is Medium. The line chart represents how the safety score is
changing during different monitoring windows. On the other hand, the risk
counts chart represents that most of the windows represent low risk, followed
by medium and high risks. It is recommended that the load should be reduced,
maintenance should be done within 48 hours, and the next inspection should
be done within 48 hours as shown in Figure 15.

This ablation study assesses the additional contribution of each compo-
nent of the proposed model. Each CNN model and LSTM model represents
the baseline performance of the model for fault detection. Using CNN and
LSTM together with feature fusion improves accuracy, F1-score, and ROC-
AUC. Adding structural risk information improves the model’s predictive
power. The proposed model represents the best ROC-AUC and accuracy,
validating the effectiveness of each component of the model as shown in
Table 3.
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Table 3  Ablation study of model variants for fault detection and risk assessment

Model Variant Accuracy F1-Score ROC-AUC
CNN only 0.8630 0.8500 0.8800
LSTM only 0.8410 0.8300 0.8600
CNN-LSTM (no fusion) 0.8870 0.8700 0.9000
CNN-LSTM + Fusion 0.9190 0.9100 0.9300
Fusion + CNN-LSTM + Structural Risk 0.9340 0.9300 0.9500
Full Proposed Model 0.9634 0.9065 0.9905

Table 4 Comparative accuracy analysis of deep learning models for equipment fault diag-

nosis
Models Accuracy
RNN [40] 0.9337
CNN [41] 0.9333
LSTM [42] 0.8613

Proposed Model 0.9634

6.1 Comparison with Other Models

Table 4 shows the comparative evaluation of the proposed model, namely
CNN-LSTM, against existing deep learning techniques, as reported in recent
literature. The traditional RNN model attained an accuracy of 0.9337,
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indicating moderate performance in sequential learning. However, it lacked
the ability for spatial feature learning. Similarly, the proposed CNN model
attained an accuracy of 93.33%, indicating its strong performance in spatial
feature learning for the given vibration signals. Further, the proposed LSTM
model attained an accuracy of 86.13%, indicating moderate performance in
sequential learning. On the other hand, the proposed CNN-LSTM model
attained the highest accuracy of 0.9634, indicating that the proposed model
is effective in fault classification for hydropower equipment.

6.2 Discussion

The experimental results show that the proposed CNN-LSTM-based multi-
source fusion framework can greatly improve the equipment-level health
condition assessment performance compared to the single-model-based ones.
The fusion of multi-channel vibration and torque signals can allow the
model to learn both spatial fault signatures and temporal degradation pat-
terns. Recent advancements in smart energy systems have demonstrated
the effectiveness of digital twin technology for real-time energy manage-
ment, monitoring, and optimization. Furthermore, the combination of graph
convolutional networks and digital twin models has improved operational
perception, network state assessment, and intelligent decision-making capa-
bilities in distribution networks [43, 44]. This can improve the classification
accuracy and stability of the model. It can be seen that the proposed
CNN-LSTM-based multi-source fusion framework can better capture the
progressive evolution of faults in rotating machinery systems compared to
the performance of the single models. This verifies the effectiveness of
the proposed framework in rotating machinery systems. The overall safety
of a hydropower facility depends on the interaction between equipment
health conditions and plant-level structural risk factors. Equipment health
assessment provides information regarding the operational condition of crit-
ical assets such as turbines, generators, and associated rotating machinery,
whereas the Structural Risk Index (SRI) reflects broader infrastructure-
related risks associated with dam characteristics, reservoir capacity, and plant
configuration.

Apart from equipment-level monitoring, the addition of structural infor-
mation related to the plant-level variables from the GloHydroRes dataset
helps to improve the overall safety evaluation process. This is done by
moving from a fault-detection approach to a more risk-conscious approach
through a hierarchical fusion of dam height, reservoir volume, capacity, and
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type of plants in a structural risk index model. This hierarchical approach
helps to distinguish between similar types of equipment faults that have
occurred under different structural or risk conditions. This leads to a more
holistic safety score that represents a higher level of overall operation
risks.

The decision support system takes the predictive results and turns them
into recommendations, which is another aspect of practical application of
the results in real-world hydropower settings. By relating fault probability
and structural risk to warning levels, the proposed framework eliminates
confusion that may occur when interpreting alarm messages. Although the
study is comprehensive, it is limited by its use of laboratory data from
rotating machinery for validation of the proposed framework, which should
be replaced with real-world hydropower SCADA data. Validation of the pro-
posed framework using real-world turbine generator data is recommended for
future work, along with consideration of hydrological and climate variability
factors for improved safety predictions.

7 Conclusion and Future Works

The research proposed a framework for multi-level health condition assess-
ment and safety early warning, which combines a CNN-LSTM model for
equipment fault diagnosis and a structural risk evaluation model at the plant
level. The performance of the proposed model has been verified through
experiments using the multi-sensor dataset from SEU. The proposed model
has demonstrated good performance with high Accuracy: 0.9634, Precision:
0.8642, Recall: 0.9613, Fl-score: 0.9065, and Matthews Correlation Coef-
ficient: 0.8662. The confusion matrix has further verified that the proposed
model has high reliability with only one misclassification from the Inner race
fault class. The multi-class ROC has further verified the robustness of the
proposed model with high AUC values: 0.9936 for Low Risk, 0.9930 for
Medium Risk, and 0.9997 for High Risk. The Precision-Recall curves further
verified that the proposed model has high Average Precision with high values:
1.0000 for Ball, Health, and Outer.

At the plant level, the result of the Structural Risk Index (SRI) analysis
showed that the majority of the hydropower plants fell in the range of 0.15—
0.30. These values corresponded to low structural risk conditions. Finally, the
distribution of the unified safety score, which included the Equipment Fault
Probability (EFP) and the Structural Risk Index (SRI), revealed the following
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final result: 46.6% Low Risk (19,078 samples), 34.1% Medium Risk (13,966
samples), and 19.3% High Risk (7,916 samples). The result of the analysis
showed that the equipment fault probability played a more important role in
the final safety score than the structural risk.

Future Works

* Test the developed model with real SCADA data from a hydropower
plant instead of laboratory data to evaluate the performance of the
model.

* Instead of using weights, use adaptive or optimized weighting methods
to improve the accuracy of the risk calculation.

* Include hydrological and environmental factors along with weather
conditions to improve the accuracy of structural risk prediction.
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