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Abstract: In the context of intelligent manufacturing, equipment fault early-warning
technology has become a critical support for ensuring the continuity and safety of industrial
production. However, with the increasing complexity of modern industrial equipment
structures and the growing coupling of operational states, traditional fault warning models
face significant challenges in feature recognition accuracy and adaptability. To address
these issues, this study proposes a hybrid fault early-warning framework that integrates an
improved bees algorithm (IBA) with a categorical boosting (CatBoost) model and kernel
density estimation (KDE). The proposed framework first develops the IBA by integrating
Latin Hypercube Sampling, a multi-perturbation neighborhood search strategy, and a
dynamic scout bee adjustment strategy, which effectively overcomes the conventional bees
algorithm (BA)’s tendency to fall into local optima. The IBA is then employed to achieve
global optimization of CatBoost’s key hyperparameters. The optimized CatBoost model
is subsequently used to predict equipment operational data. Finally, the KDE method is
applied to the prediction residuals to determine fault thresholds. An empirical study on a
deflection fault in the valve position sensor connecting rod of the mineral oil system in a
gas compressor station shows that the proposed method can issue early-warning signals
two hours in advance and outperforms existing advanced algorithms in key indicators such
as root mean square error (RMSE), coefficient of determination (R?) and mean absolute
percentage error (MAPE). Furthermore, ablation experiments verify the effectiveness of
the strategies in IBA and their contribution to CatBoost hyperparameter optimization. The
proposed method significantly improves the accuracy and reliability of fault prediction in
complex industrial environments.

Keywords: fault early warning; categorical boosting model; improved bees algorithm;
intelligent prediction

1. Introduction

In the current era, smart manufacturing has become a key driver of modern industrial
development [1-5]. In this context, equipment reliability and operational continuity are
critical determinants of production efficiency, product quality, and economic performance.
Unplanned downtime not only reduces overall productivity and increases maintenance
costs but also poses significant safety risks, potentially leading to severe economic and social
consequences. Thus, developing efficient and reliable fault early-warning technologies has
emerged as a crucial research priority for ensuring stable industrial operations.
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Traditional fault early-warning methods primarily rely on statistical analysis and
physics-based models. Although these approaches are intuitive and structurally trans-
parent, they face notable limitations when handling the complex, high-dimensional data
prevalent in modern industries [6,7]. Specifically, conventional techniques often fail to ex-
tract deep-level features or detect latent trends from multivariate, noisy industrial datasets,
resulting in inaccurate fault identification and delayed warnings. Consequently, the effec-
tiveness and real-world applicability of such models are significantly diminished.

In recent years, the rapid advancement of computational power and the rise of in-
dustrial big data have positioned next-generation machine-learning algorithms, especially
ensemble learning, as a leading solution for industrial fault early warning [7,8]. Among
these, gradient boosting-based algorithms have demonstrated superior prediction accu-
racy, robustness, and efficiency in practical applications, owing to their automatic feature
interaction capabilities and resistance to overfitting [7-10]. These methods excel at captur-
ing complex patterns and latent relationships within industrial data through data-driven
learning, significantly reducing false alarms and missed detections compared to traditional
threshold-based approaches.

Within the ensemble learning landscape, the CatBoost algorithm stands out with its
ordered gradient boosting scheme and symmetric tree mechanism, offering substantial
advantages for modeling of complex industrial data. By employing these techniques,
CatBoost mitigates common issues such as overfitting and computational inefficiency that
are often encountered in traditional gradient boosting models, thereby enhancing both
prediction accuracy and stability [11,12]. The ordered boosting approach, in particular,
helps prevent prediction shifts during training and improves generalization, which is
especially beneficial for making robust predictions on unseen industrial data, regardless
of the feature types used. Meanwhile, the symmetric tree structure contributes to faster
inference, a crucial requirement for real-time applications. However, research on CatBoost’s
application to industrial equipment fault early warning remains limited, warranting more
comprehensive and systematic investigation.

Meanwhile, the predictive performance of CatBoost heavily depends on the proper
configuration of hyperparameters [13]. Suboptimal hyperparameter selection may result in
noise sensitivity or underfitting, substantially compromising the accuracy and stability of
fault early-warning systems. Conventional hyperparameter optimization methods like grid
search and random search often require exhaustive exploration of large parameter spaces,
leading to high computational costs and susceptibility to local optima [13]. These challenges
are further exacerbated by the characteristic sparsity, class imbalance, and high-dimensional
complexity of industrial fault data.

To address these limitations, metaheuristic algorithms [14,15] have become prominent
solutions for machine-learning hyperparameter optimization. These biologically-inspired
algorithms demonstrate superior global optimization capabilities through evolutionary
mechanisms or swarm intelligence principles. Among various metaheuristic approaches,
the bees algorithm (BA) has gained particular attention for hyperparameter optimization
due to its effective swarm collaboration mechanism and balanced exploration-exploitation
trade-off [16-18]. BA employs multiple neighborhood search strategies, utilizing optimal
scout bees, better scout bees, and random scout bees to achieve comprehensive global
exploration in complex parameter spaces [16—18]. This characteristic makes BA especially
suitable for optimizing CatBoost hyperparameter combinations. However, BA still suffers
from issues such as limited random population initialization, fixed neighborhood search
strategies, and a lack of adaptability in scout bee role allocation. These shortcomings often
lead to premature convergence or inadequate search efficiency when handling dynamic,
heterogeneous parameter spaces in real-world industrial scenarios.
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Currently, addressing the shortcomings of the standard BA, although various im-
proved variants have been proposed and have achieved substantial progress, as pointed
out by Hussein et al. [19] in their comprehensive review of BA, due to the “No Free Lunch”
theorem [20], no single algorithm can achieve optimality under all conditions. Therefore,
a broad space for exploration still exists in the utilization and improvement of standard
BA. To this end, this study proposes an IBA. This algorithm integrates Latin Hypercube
Sampling, a multi-perturbation neighborhood search strategy, and a dynamic scout bee
adjustment mechanism. It aims to significantly enhance BA’s search capability in complex
optimization problems, thereby achieving efficient global optimization of the CatBoost
hyperparameters.

Compared to other BA variants, IBA is distinguished by several key aspects. Firstly, to
the best of our knowledge, the application of Latin hypercube sampling for the population
initialization of BA represents a novel exploration in this paper. Secondly, its neighborhood
search mechanism also exhibits crucial differences. It explicitly considers the inherent
characteristics of each dimension to adjust the scaling of the neighborhood radius. This
approach contrasts with many BA variants that apply a uniform neighborhood coefficient to
all dimensions, aiming to provide more refined search control. Furthermore, the algorithm
also introduces a dynamic mechanism for managing scout bee roles, combining iteration
state and stagnation detection.

To further validate the effectiveness of the proposed method, this study takes the
mineral oil system of a compressor in a gas compression station as a real-world case study,
collecting multi-source sensor data, including pressure differences, temperatures, and
pressures. Based on prediction residuals, a fault early-warning model is constructed using
KED to determine warning thresholds. The experimental results demonstrate that the IBA-
CatBoost-KDE-based fault early-warning model outperforms the existing state-of-the-art
methods in key performance metrics such as prediction accuracy, confirming the practical
potential and technical superiority of the proposed approach.

In summary, the main contributions of this study include the following:

(1) Addressing the shortcomings of BA, an IBA incorporating multiple strategies is
proposed, significantly improving BA’s search capability and practical performance.

(2) First successful implementation of BA-family algorithms for CatBoost hyperparameter
optimization, effectively solving local optima challenges.

(3) Developing an IBA-CatBoost-KDE hybrid intelligent framework for fault early warn-
ing, which synergistically integrates metaheuristic optimization (IBA), ensemble learn-
ing (CatBoost), and statistical estimation (KDE) to enable accurate state monitoring
and proactive fault detection in complex industrial equipment.

The remainder of this paper is organized as follows: Section 2 reviews related work
in fault early warning. Section 3 details the design of IBA, the core features of CatBoost,
and its hyperparameter optimization process. Section 4 tests and validates the proposed
method using real industrial equipment data. Section 5 compares IBA-CatBoost with other
early-warning algorithms to demonstrate its advantages and conducts ablation experiments
to verify the effectiveness of each component. Section 6 concludes the paper, discusses
limitations, and outlines future research directions.

2. Literature Review

Fault early-warning technology, as a core component of predictive maintenance, has
garnered significant attention in recent years. For instance, Tian et al. [6] developed a
predictive model by integrating a bidirectional long short-term memory (BiLSTM) net-
work with a prey—predator optimization algorithm, demonstrating its efficacy through
experiments on a condensate pump. Li et al. [7] introduced a fault early-warning approach
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(SAOA-LightGBM) that combines an arithmetic optimization algorithm, simulated anneal-
ing, and LightGBM, showing a suitable performance in multi-class fault condition testing
for pump systems. Gao et al. [21] engineered a dynamic model based on a wavelet packet
decomposition and graph theory for industrial equipment fault detection, achieving early
fault identification with experimental validation. Wang et al. [22] presented a prediction
methodology that merges a gated recurrent unit (GRU) with an ant lion optimization
algorithm to enhance fault warning accuracy.

Su et al. [23] crafted a model incorporating principal component analysis (PCA), a
convolutional neural network, and BiLSTM for multi-parameter fault warning in marine
diesel engines. Tan et al. [24] refined a social engineering optimization algorithm and
integrated it with a backpropagation (BP) neural network for fault warning in hydro
turbines, yielding improvements in prediction performance. Yang et al. [25] harnessed
distributed optical fiber sensor signals in conjunction with machine-learning algorithms to
establish a detection and identification model for damage events in oil and gas pipelines,
enabling real-time fault monitoring. Liu et al. [26] proposed a hybrid model combining a
random walk strategy, an equilibrium optimization algorithm, and an adaptive learning
BP neural network to enhance fault detection and warning capabilities in manufacturing
environments. Zhang et al. [15] employed a PSO algorithm featuring nonlinear decreasing
inertia weights and exponential learning factors to optimize a deep belief network for fault
warning in wind turbines. Using a dynamic cuckoo search algorithm (CSO) to optimize
the structural parameters of a BP neural network, Zhang et al. [27] developed CSO-BP for
fault detection and early warning in modern industrial equipment, enhancing prediction
accuracy and convergence speed.

Pi et al. [28] applied an improved sand cat swarm optimization algorithm to refine BP
neural network parameters, strengthening the model’s predictive capability and application
performance. Cheng et al. [29] developed an early-warning model for turbine intermediate-
stage magnetic flux faults by optimizing a GRU network with a human evolutionary
optimization algorithm. Ji et al. [30] integrated a coati optimization algorithm with a
BiLSTM network, validating their warning model through a case study on induced draft
fan overload issues. Chen et al. [14] optimized a BP neural network using a genetic
algorithm for fault warning in wind turbine pitch systems, achieving improvements in
model prediction performance.

The literature analysis reveals that while machine learning has become predominant
in fault early-warning research, the application of CatBoost in this domain remains largely
unexplored despite its demonstrated advantages in handling categorical features and strong
generalization capabilities. Concurrently, metaheuristic optimization algorithms have
emerged as a dominant paradigm for improving warning model performance. However,
as established by the “No Free Lunch Theorem” [20], no optimization algorithm can
universally outperform all others across every problem domain.

Therefore, this study improves upon BA and applies it to optimize CatBoost hyper-
parameters, aiming to construct a novel hybrid fault early-warning model that enhances
prediction accuracy and warning effectiveness. Furthermore, while other research also
successfully combines metaheuristic algorithms with machine-learning models for similar
tasks, such as SAOA-LightGBM [7] and DCS-BP [27], the IBA-CatBoost approach proposed
in this study exhibits fundamental differences in both the optimization strategy and the
underlying prediction model. Specifically, the IBA, based on the social division of labor
principle of the BA, introduces unique enhancement mechanisms like dimension-adaptive
neighborhood search and dynamic scout bee role adjustment based on the search stagnation
state. This contrasts significantly with other metaheuristic algorithms, such as the inherent
balance of exploration and exploitation driven by mathematical operators in SAOA, and the
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distinct global search using Levy flight combined with host nest discovery/abandonment
strategies unique to DCS. Compared to the mechanisms employed by SAOA and DCS,
IBA’s refined, dimension-specific search control and adaptive role management offer a
unique optimization dynamic. Moreover, the selection of CatBoost as the base model is
deliberate, aiming to leverage its inherent advantages for the robust and efficient modeling
of data. Its ordered boosting mechanism is particularly effective at combating overfitting
and handling prediction shifts during training, contributing to improved generalization
even when dealing primarily with numerical features. Furthermore, its symmetric tree
structure optimizes the training and inference processes, leading to higher computational
efficiency. This contrasts with LightGBM’s leaf-wise growth strategy and gradient-based
sampling techniques, which can sometimes be more prone to overfitting, and is fundamen-
tally different from the connectionist learning paradigm of BP neural networks, which may
require more data preprocessing and offer less interpretability for tabular structures. Thus,
the synergy between the specifically enhanced IBA and the advantageous characteristics of
the CatBoost model constitutes a novel and promising combination for robust and accurate
hyperparameter optimization in the current scenario.

3. Proposed Hybrid Method

This section first details the CatBoost model and its unique advantages in industrial
data modeling (Section 3.1). Subsequently, improvements are made to address the short-
comings of the BA, proposing the IBA (Section 3.2). By integrating CatBoost and IBA, an
efficient hyperparameter tuning process is designed (Section 3.3).

3.1. CatBoost

CatBoost is an enhanced machine-learning algorithm based on gradient boosting
decision trees. Compared to traditional gradient boosting decision trees, its key features
and advantages are manifested in the following aspects [12]:

(1) Enhanced gradient boosting implementation

CatBoost employs a specific strategy known as ordered boosting. This technique helps
to combat the prediction shift or target leakage inherent in standard gradient boosting
algorithms. By using models trained on preceding samples to estimate gradients for
subsequent samples, it leads to more robust models less prone to overfitting, which is crucial
for potentially noisy industrial datasets. Concurrently, it utilizes an unbiased gradient
estimation mechanism, carefully managing how training data are used, to ensure more
accurate gradient computations, contributing to improved model accuracy and stability.
Furthermore, CatBoost typically grows symmetric trees, where the same splitting criterion
is used across an entire level of the tree. This structure can act as a form of regularization,
preventing overly complex trees, and often speeds up prediction time.

(2) Statistical estimation with priors

A significant advantage of CatBoost, although not the primary focus of our current
case study’s features, is its native and efficient handling of categorical variables. It integrates
sophisticated encoding strategies directly into the training process, such as the one based
on target statistics with priors shown below:

C’Y: n I{(;‘i :Ck}+a (1)
= v v

1
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where (j‘y is the unbiased estimate for the kth category, I{-} is the indicator function (1 if the
condition is met, otherwise 0), p is often the global label mean or other prior information,
and a controls the influence strength of the prior term on the final encoding result.

This built-in handling eliminates the need for cumbersome preprocessing methods
like one-hot encoding, simplifying the modeling pipeline and often improving performance
on datasets with high-cardinality categorical features, which are also common in other
industrial scenarios.

(3) Opverall suitability for industrial applications

Taken together, CatBoost’s strong resistance to overfitting, improved gradient accuracy,
and robust performance make it a compelling candidate for modeling complex industrial
processes, even those primarily characterized by numerical sensor data such as pressure
and temperature. Its ability to handle potential noise and deliver stable predictions is
highly valuable in industrial settings. Moreover, its built-in capabilities for categorical data
provide flexibility for extending the model to broader industrial datasets that may include
such features in the future.

3.2. Proposed IBA
3.2.1. Bees Algorithm

BA, first proposed by Pham et al. [31], simulates the collaborative foraging and scout-
ing behavior of bees to efficiently search the solution space and find optimal solutions. The
basic BA workflow includes population initialization, fitness evaluation, neighborhood
search, and global search. The specific steps are as follows:

(1) Population initialization
The first step of BA is to initialize the scout bees. All scout bees are randomly dis-

tributed within the feasible solution space of the optimization problem. The position of
each bee is represented by a vector, initialized as follows:

xX; = xﬁ,xé,...,xb} ()

where x; ~ U(Ly,Uy), Ly and U, are the lower and upper bounds of the d" dimension,
and U(-) denotes a uniform random number within the interval.

(2) Fitness evaluation

After initialization, BA enters the main iterative loop. In each iteration, the fitness of
the scout bees’ solutions is evaluated (calculated as the reciprocal of the objective function
value), and the solutions are sorted in descending order of fitness. The top OS solutions
are classified as optimal scouts, the next NS as better scouts, and the remaining as random
scouts. Subsequently, FOS forager bees are assigned to the optimal scouts, and FNS forager
bees are allocated to the better scouts, preparing for the subsequent neighborhood search.

(3) Neighborhood search

After identifying optimal and better scouts, the algorithm enters the neighborhood
search phase, simulating the behavior of scout bees leading forager bees to intensively
exploit around food sources. The position of forager bees is generated as follows:

xgzxfij:r'ngh 3)

where x7 is the position of the scout bee in the d"* dimension, r is a uniformly distributed
random number in [0, 1], and ngh is the neighborhood search radius (a preset parameter).

The algorithm implements a greedy selection mechanism as follows: When a forager
bee discovers a solution with superior fitness compared to its associated scout bee, the scout
bee’s position is updated with the forager’s solution. Conversely, if the forager’s solution
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fails to improve upon the scout bee’s current position, the original scout bee is maintained
in the population. Each instance where no fitness improvement occurs is recorded as a
stagnation event. To optimize computational resource allocation, the algorithm enforces a
constraint permitting only one scout bee to persist within each neighborhood patch during
any given iteration.

(4) Global search

In the global search phase, random scout bees are redistributed by generating new
positions randomly in the solution space. This step aims to escape local optima and explore
potential new high-quality solutions. If a random scout bee finds a better solution, it will
participate in neighborhood search in subsequent iterations.

(5) Formation of new scout generation

After neighborhood and global searches, all scout bees are merged to form a new
generation of scouts, including improved neighborhood scouts and new random scouts
from global search. Before the next iteration, fitness evaluation and classification are
repeated until termination conditions are met.

3.2.2. Improved Bees Algorithm

Although BA is simple to implement and performs well, it has limitations such
as an uneven initial population distribution, limited local exploitation in neighborhood
search, and fixed scout roles. To address these shortcomings, this study proposes targeted
improvements to enhance algorithm performance. The specific improvements are as
follows:

(1) Latin hypercube sampling for population initialization

BA uses random initialization to generate scout bee positions, which may lead to
uneven initial solution distributions and affect search efficiency. IBA introduces Latin
hypercube sampling to ensure diversity and uniformity of initial solutions. The process is
as follows:

For each d dimension of the solution space L;, Uy, divide it into N (population size)
sub-intervals with width
_ Ui—Lg

A 4

d N (4)

Then, generate a random permutation sequence 7t; for each dimension d, satisfying
(i) € {1,2,...,N}, (5)

The position of each individual i in dimension d is calculated as follows:
xh = Ly + (ai) — ul) - Ag (6)
where ufi is a uniform random offset within the dth sub-interval.

(2) Multi-perturbation neighborhood search strategy

BA uses a fixed search radius for neighborhood search, making it difficult to balance
global exploration and local exploitation. IBA introduces dynamic neighborhood adjust-
ment and dimension-wise hybrid perturbation to balance these capabilities. The steps are
as follows:

First, the neighborhood radius is reduced cosine-wise with iterations to ensure broad
exploration early and precise convergence later:

7T t
nghy ;=1 C05(2 : Tmm) -+ (Ug — Lg) 7)
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where ngh, ; is the neighborhood radius at iteration f in the dth dimension, 7 is an initial
coefficient, and T,y is the maximum number of iterations.

Next, dimension-wise hybrid perturbation is applied. For each scout bee x3, another
random candidate scout bee x’y‘l is selected, and the perturbation weight and direction for
each dimension are calculated:

x5y — x’;‘
wy =min| 1, R | 8)

where wy is the perturbation weight for dimension d, x; and x];l are the positions of the
current and candidate scout bees in dimension d, and s is the normalized scaling factor for
dimension.

Finally, hybrid random noise and directional guidance generate new solutions:

A nghy g |(1—wg) - Ng(0,1) + wy - sign(xz B x’;)} &

where sign is the sign function (1 if x} > xffl, —lifx} < xs, 0 if equal).
(3) Dynamic scout bee adjustment strategy

In BA, the numbers of optimal and better scouts are fixed, which may lead to premature
convergence or slow convergence. IBA dynamically adjusts these numbers based on
iteration progress and stagnation detection:

OSt = min(OSmax, OSinitiar X (1+ p X ) (10)

Tmax

NSt = min(NSmax, NSinitial X (1 +a X ) (11)

Tmux
where OS; and NS; are the numbers of optimal and better scouts at iteration ¢, « and j are
growth coefficients, OS;;;x and NS,y are the allowed maximum limits for optimal and
better scout bees, and OS;;;tj,; and NS;,;4i,; are their corresponding initial values.

Finally, we implement a stagnation response mechanism: If no better solution is
found after SC consecutive iterations, the algorithm temporarily increases the proportion
of random scout bees while reducing the number of optimal and better scout bees from the
current iteration. The adjustment follows Equations (12) and (13):

NS; = NS; x 8 (12)

0S; = 0S; x ¥ (13)

where ¢ is a decay factor.

It should be noted that the stagnation counter is reset to 0 whenever a better solution
is found.

Finally, Figure 1 further illustrates the improvements in IBA.

3.3. IBA-Based CatBoost Hyperparameter Tuning Process

Using RMSE [32] as the evaluation metric, a 5-fold cross-validation approach is uti-
lized. Specifically, 5-fold cross-validation is performed on the training set. For each set of
candidate hyperparameters, its average RMSE across the 5 validation folds is calculated,
and this average RMSE serves as the basis for evaluating the quality of the hyperparame-
ter combination. Subsequently, IBA optimizes the key hyperparameters of the CatBoost
algorithm, including the number of trees (iterations), learning rate (learning_rate), tree
depth (depth), and regularization strength (I12_leaf_reg). Among these, the iterations pa-
rameter controls the overall model complexity, the learning_rate parameter directly affects
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the model’s convergence speed and stability, the depth parameter determines the model’s
ability to capture deep feature interactions, and the [2_leaf_reg parameter effectively sup-
presses model overfitting by introducing a regularization mechanism. The specific steps
are as follows:

Step 1: Set the range of CatBoost hyperparameters and configure IBA.

Step 2: Define the fitness function for the algorithm.

Step 3: Initialize the scout bee population using Latin Hypercube Sampling.

Step 4: Calculate the number of scout bees in different roles for the current iteration
and assign roles.

Step 5: Execute the optimal scout bee search process using the multi-perturbation
neighborhood search strategy.

Step 6: Execute the better scout bee search process using the multi-perturbation
neighborhood search strategy.

Step 7: Perform the global search process for random scout bees.

Step 8: Update the scout bee population.

Step 9: Check if Ty4x has been reached. If yes, output the best individual (i.e., the
optimal CatBoost hyperparameter combination); otherwise, return to Step 4.

The pseudocode for the execution process is shown in Algorithm 1:

Algorithm 1: IBA for CatBoost hyperparameter optimization

(01) Input: CatBoost hyperparameter algorithm, IBA parameters
(02) Output: Optimal CatBoost hyperparameter combination
(03) Initialize stagnation counter Sn =0

(04) for i =1to N do

(05) Generate the position of the i** scout bee using Latin Hypercube Sampling
(06) Calculate the fitness of the i" scout bee

(07) end for

(08) fort =1to Tyay do

(09) Calculate 0S;and NS, based on the current iteration

(10) if stagnation counter Sn exceeds SC then

(11) ‘ Temporarily reduce 0S;and NS; to increase random exploration
(12) end if

(13) Sort by fitness and assign scout bee roles

(14) Dynamically adjust neighborhood radius based on iteration progress
(15) for each optimal scout bee do

(16) ‘ Generate new solutions using the multi-perturbation strategy

17) end for

(18) for each better scout bee do

(19) ‘ Generate new solutions using the multi-perturbation strategy

(20) end for

(21) for each random scout bee do

(22) Randomly generate new individuals

(23) end for

(24) if no better solution is found in this iteration then

@) | sn=sn+1

(26) end if

(27) Form a new scout bee population by merging new individuals with the original population

(28) end for
(29) Return the best CatBoost hyperparameter combination found
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Figure 1. Key improvements in IBA.

4. Case Study

To validate the effectiveness of the proposed method, this section analyzes the con-
necting rod misalignment fault in the valve position sensor of a locator valve within the
mineral oil system of a compressor at a gas compressor station.

Through analysis, the key output measurement point for this fault is determined to
be the mineral oil header temperature, with 16 correlated preliminary input measurement
points selected: mineral oil tank pressure B, compressor No.l1 bearing temperature A,
compressor main thrust bearing temperature A, compressor No.1 bearing temperature B,
compressor No.2 bearing temperature A, compressor main thrust bearing temperature
B, mineral oil pump outlet pressure, mineral oil tank pressure A, compressor auxiliary
thrust bearing temperature A, compressor No.2 bearing temperature B, mineral oil header
pressure B, mineral oil header pressure A, mineral oil tank temperature, mineral oil duplex
filter differential pressure, ambient temperature, and mineral oil cooler outlet temperature.

To comprehensively evaluate the equipment operating status, this study collected
continuous monitoring data from 1 June to 15 June 2024 (15 consecutive days) with a 5 min
sampling interval.

Then, in order to ensure the reliability and accuracy of the model, the raw monitoring
data underwent a strict quality control and preprocessing process before being used for
modeling. This process aims to identify and handle anomalies, missing values, and invalid
data segments within the data, thereby providing reliable foundational data. This process
first includes anomaly detection and handling for the time series data of each measurement
point. We employ box plot analysis to identify potential outlier readings and process them
by replacing the detected anomalies with the average value of data points at a few preceding
and succeeding time points for that measurement point, to eliminate the impact of noise or
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erroneous data. Secondly, based on monitoring system logs, we identify and thoroughly
remove invalid data segments resulting from reasons such as equipment downtime, sensor
failures, communication interruptions, or maintenance. Furthermore, after removing
anomalies and invalid data segments, for any potential small amount of random missing
values in the remaining data, we employ linear interpolation for imputation to ensure
the integrity of the data sequence. Through this series of strict preprocessing steps, we
ultimately obtain 4228 valid and high-quality data points, laying a solid foundation for
subsequent model training and evaluation. The normal condition of the locator valve’s
connecting rod is shown in Figure 2.

Figure 2. Normal state of the valve position sensor connecting rod.

Following the data collection, this section first conducts preliminary analysis and
dimensionality reduction on the acquired data to select the most representative key mea-
surement points, providing high-quality feature inputs for model construction (Section 4.1).
Based on the reduced-dimension data, we build and optimize the IBA-CatBoost model
(Section 4.2), while utilizing prediction residual analysis and kernel density estimation
techniques to determine reliable fault warning thresholds (Section 4.3). Finally, the practical
effectiveness of the proposed warning method is verified through fault case validation
(Section 4.4).

4.1. Data Dimensionality Reduction

Given the large number of input measurement points, direct modeling would lead to
high computational complexity and the curse of dimensionality, thereby affecting model
training efficiency and prediction accuracy. Therefore, we employ Spearman’s rank correla-
tion coefficient for dimensionality reduction screening of the input measurement points.
This method is particularly suitable for measuring monotonic correlations between vari-
ables and maintains a good correlation identification capability even when nonlinear
relationships exist. The calculation formula for Spearman’s correlation coefficient is as
follows [33]:

__6nd
n(n?—1)

= (14)
where d; represents the rank difference between two variables, and 7 is the sample size.

Subsequently, we calculate Spearman’s rank correlation coefficients between each of
the 16 input measurement points and the output measurement point. To ensure significant
correlation between the selected variables and the target variable, we set a screening
threshold of 0.9. The calculation results are presented in Table 1.
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Table 1. Key measurement points selected by spearman rank correlation coefficient.

Measurement Point Name Ipl
Compressor main thrust bearing temp B 0.95312
Compressor main thrust bearing temp A 0.95202

Oil cooler outlet temperature 0.93397

Mineral oil tank pressure A 0.93024

Mineral oil duplex filter differential pressure 0.91265

Through Spearman’s rank correlation analysis, we effectively reduce the input fea-
tures from 16 to 5 key measurement points. The screened feature set not only achieves
a 68.75% reduction in dimensionality but also maintains a strong correlation with the
target variable (average | p | =0.936). This significantly alleviates the computational bur-
den caused by high-dimensional data while ensuring information integrity, providing an
excellent feature input foundation for subsequent IBA-CatBoost model training.

4.2. Warning Model Construction

After completing the dimensionality reduction screening of input measurement points,
we proceed with the construction of the fault warning model based on the five selected key
measurement points. First, the collected 4228 valid data points are divided into training
and test sets at an 8:2 ratio. The training set is used for model training and parameter
optimization, while the test set is used for model performance verification and effectiveness
evaluation.

The CatBoost model adopts the default symmetric tree growth strategy. To determine
the hyperparameter configuration range for IBA, based on preliminary experiments, we
first define three reference levels for each parameter as shown in Table 2.

Table 2. Parameters and their reference levels for IBA.

Parameters Level 1 Level 2 Level 3

N 45 50 55

Tiax 300 400 500
OSinitial 10 12 14
NSinitial 4 6 8
OSax 16 18 20
NSax 20 22 25

n 0.1 0.2 0.3

B 0.1 0.2 0.3

i 0.1 0.2 0.3

9 0.6 0.7 0.8
sC 10 20 30
FOS 3 5 7
FNS 3 5 7

Considering the number of parameters, we use the Taguchi experimental method
for parameter calibration. Following the recommendations of the Taguchi method, we
select the L27 orthogonal array. Finally, we use the Relative Percentage Deviation (RPD) to
normalize them. The formula for calculating RPD is given by

RMSE; — RMSE
RMSE pin

RPD; = (15)

where RMSE,;;,, is the minimum RMSE across all experiments, RMSE; is the RMSE in the

1" experiment, and ! is the experiment index.
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Afterward, we determine the IBA parameter configuration by calculating the average

RPD for each value of each parameter set, as shown in Figure 3. The lower the average

RPD, the better the algorithm performance under that parameter level.
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Figure 3. IBA parameter calibration results.
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Finally, the IBA parameters and CatBoost hyperparameter optimization ranges are set

as shown in Table 3.

After completing model training, we use test set data for prediction validation. The

prediction results on the test set are shown in Figure 4.

As seen from Figure 4, the predicted values show high consistency with the actual

values in terms of variation trends. The model accurately reflects the dynamic change

process of mineral oil header temperature.
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Table 3. Parameter settings of IBA-CatBoost.

Parameter Value/Range
N 50
Trnax 500
OSinitial 12
NSinitial 8
OSax 20
NS ax 25
o 0.2
B 0.2
n 0.3
¢ 0.7
sC 30
FOS 5
FNS 3
iterations [50, 200]
learning [0.01, 0.1]
depth [2,10]
12_leaf_reg [1,10]

150 -

Actual values
— ——-Predictive values

145 -

140 -

130 -

Main mineral oil pipe temperature(°C)

T

125

| | | | | | | | | |
0 100 200 300 400 500 600 700 800 900
Sample index

Figure 4. Comparison of predicted and actual values on the test set by IBA-CatBoost model.

4.3. Warning Threshold Determination

The mineral oil main header temperature prediction model based on IBA-CatBoost
can obtain residual sequences between predicted and actual values in the test set. Since
residual distribution effectively reflects equipment operating status, it serves as a critical
basis for determining fault warning thresholds.

To model the actual distribution of IBA-CatBoost prediction residuals, we employ KDE
to fit the probability density function. As a non-parametric method, KDE demonstrates
significant value in fault warning and health assessment research. Assuming the prediction
residuals follow a certain probability density distribution, the KDE function is expressed as
follows [34]:

o= 1 (552) s
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where f; (x) is estimated probability density function, n is the sample size, & is the band-
width parameter, x is the point at which to estimate density, x; is the i*" observation or
sample point, and K is the kernel function.

The bandwidth parameter / is calculated as follows:

0.2
h= (%) ~ 1.060n~%2 (17)

where ¢ is the sample standard deviation.

The residual distribution of the mineral oil header temperature prediction set from the
IBA-CatBoost model is fitted using the KDE method, with the fitted probability density
curve shown in Figure 5.

I Residual histogram
KDE fit
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<
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o
N

.:
—
()}

e
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-4 -3 -2 -1 0 1 2 3 4 5
Residual value
Figure 5. KDE-fitted residual probability density distribution.

As can be seen from the results, except for a few points located outside the interval
[—3, 3], the majority of residuals are distributed within [—3, 3]. Furthermore, the KDE-
fitted residual probability density curve appears smooth and nearly symmetric about x =0,
suggesting the distribution can be reasonably approximated as normal.

Based on this observation, we employ the 3¢ criterion to determine the fault warning
threshold. This criterion indicates that when residuals follow a normal distribution, approx-
imately 99.73% of the data points will fall within the interval [y — 30, u + 3c]. Residuals
exceeding this range can be considered as low-probability events and thus identified as
potential abnormal states.

The calculation yields a residual mean y = 0.0453 and residual standard deviation
o = 1.0969, thus determining the fault warning threshold range as [—3.2453, 3.3359].

Moreover, considering that even during normal equipment operation, a very small
number of residuals may exceed this range, we introduce a sliding window method [30] to
avoid false alarms. By setting an appropriate window width, we conduct localized analysis
of anomaly points, enhancing the robustness and accuracy of the warning system.



Processes 2025, 13, 1460

16 of 21

4.4. Warning Case Study

To validate the effectiveness of the constructed fault warning model, this study ex-
amines a deflection fault in the valve position sensor connecting rod of the mineral oil
system in a gas compressor station, which occurs at 17:00 on 11 December 2024, as shown
in Figure 6. This fault triggers a chain reaction in the control system: First, mechanical mis-
alignment of the connecting rod causes significant deviation between the sensor signal and
actual valve position, resulting in erroneous feedback to the control system. Second, this
deviation induces sustained oscillations in the control loop, not only reducing regulation
accuracy but also accelerating mechanical wear of the actuator. More critically, prolonged
operation under this condition leads to valve sticking or operational failure, posing safety
risks during emergency scenarios. Additionally, system energy consumption increases
substantially due to continuous corrective actions by the control loop.

Figure 6. Schematic diagram of the locator valve position sensor connecting rod tilt fault.

For this progressively developing fault, we collect 400 sets of operational data before
and after the fault occurrence. Using the IBA-CatBoost prediction model with a sliding
window step of 1 and window width of 20, we obtain the smoothed prediction residual
curve shown in Figure 7. The selection of the 20-point window width is based on an
empirical tuning process conducted during the model development phase. This process
involved evaluating different window sizes to identify a value that effectively balances
the need to capture sufficient temporal dependencies inherent in the progressive fault
data with the practical constraint of maintaining computational efficiency. Furthermore,
this chosen window size is consistent with configurations successfully utilized in several
relevant studies in the field of fault warning, providing additional empirical support for its
appropriateness [30].

The analysis demonstrates that IBA-CatBoost detects abnormal trends starting at the
76th sample point, with the residual exceeding the warning threshold at the 95th sample
point—triggering an alarm approximately 2 h earlier than the actual fault alert. This result
conclusively verifies IBA-CatBoost’s effectiveness in early fault warning.
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Figure 7. Prediction residual curve before and after fault occurrence.

5. Algorithm Performance Analysis

In this section, we first conduct comparative experiments between IBA-CatBoost and
other advanced methods to analyze its performance (Section 5.1), followed by ablation
experiments to further demonstrate the effectiveness of each component in IBA-CatBoost
(Section 5.2).

5.1. Comparison with Other Advanced Warning Algorithms

To evaluate the effectiveness of IBA-CatBoost, we conduct a comparative analysis
with SAOA-LightGBM [4], FFOA-GRNN [35], and DCS-BP [22] based on the case study
presented in Section 4. The evaluation employs three key metrics: RMSE, R?, and MAPE.
All algorithms are configured according to their respective literature recommendations.
For each experimental run, the training and test sets are randomly partitioned. Ten inde-
pendent repeated trials are conducted, with results averaged to mitigate random variability
and ensure reliability. The comprehensive comparison is presented in Table 4, while
Figure 8 illustrates the statistical outcomes.

Table 4. Performance metrics comparison of IBA-CatBoost with other advanced algorithms.

Algorithms RMSE R? MAPE
DCS-BP 1.598 0.753 0.955
SAOA-LightGBM 1.166 0.869 0.698
FFOA-GRNN 1.312 0.834 0.776
IBA-CatBoost 1.097 0.884 0.660

The experimental results demonstrate IBA-CatBoost’s superior performance across
all evaluation metrics. In terms of prediction accuracy, IBA-CatBoost achieves an RMSE
of 1.097, representing a 5.9% improvement over the second-best SAOA-LightGBM and a
substantial 31.4% enhancement compared to DCS-BP. Regarding model fitting capability,
the algorithm attains an R? value of 0.884, outperforming SAOA-LightGBM by 1.7%, FFOA-
GRNN by 6.0%, and DCS-BP by 17.4%. Notably, in the MAPE metric, IBA-CatBoost achieves
a value of 0.660, reducing errors by 5.4% compared to SAOA-LightGBM, 15.0% compared
to FFOA-GRNN, and 30.9% compared to DCS-BP, fully demonstrating its advantage in
relative error control. The experimental results fully validate the superiority and reliability
of IBA-CatBoost in fault warning tasks.
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Figure 8. Performance comparison of IBA-CatBoost with other advanced algorithms.

5.2. Ablation Experiment

To systematically evaluate the optimization effect of the IBA on the CatBoost model,
we conduct a comprehensive comparative analysis among three algorithmic variants:
(1) the baseline CatBoost, (2) BA-CatBoost, and (3) IBA-CatBoost. Each algorithm configu-
ration undergoes ten independent runs to ensure statistical reliability, with performance
metrics calculated as mean values. The detailed comparative results are presented in Table 5
and visualized in Figure 9.

Table 5. Ablation study results.

Algorithms RMSE R? MAPE
CatBoost 1.496 0.784 0.892
BA-CatBoost 1.235 0.853 0.747
IBA-CatBoost 1.097 0.884 0.660

The results show that BA-CatBoost significantly reduces prediction error and relative
error compared to CatBoost, with RMSE decreasing from 1.496 to 1.235, MAPE decreasing
from 0.892 to 0.747, and R? increasing from 0.784 to 0.853, indicating that BA-CatBoost
can better fit the data. On this basis, IBA-CatBoost further improves model performance,
reducing RMSE to 1.097, MAPE to 0.660, and increasing R? to 0.884, proving that the
introduction of IBA significantly enhances prediction accuracy. Overall, these results fully
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Figure 9. Ablation study comparison.

6. Conclusions and Future Work

This study proposes an intelligent fault warning method that integrates IBA, CatBoost,
and KDE. First, by introducing a Latin hypercube sampling initialization strategy, a multi-
disturbance neighborhood search mechanism, and a dynamic scout bee quantity adjustment
strategy, the IBA significantly improves the performance of the BA. Subsequently, the
IBA optimizes hyperparameters for the CatBoost model, effectively overcoming local
optimization problems in the parameter tuning process. Meanwhile, KDE analyzes the
distribution of prediction residuals and establishes warning thresholds based on data
characteristics.

In actual tests on a mineral oil system in a gas compressor station, this method
performs excellently, accurately warning of equipment faults 2 h in advance. Comparative
experiments show that the proposed method’s key performance metrics outperform those
of existing advanced algorithms. Furthermore, ablation experiments fully validate the
effectiveness of each component, highlighting the method’s practical value and reliability
in engineering applications.

However, this study presents several limitations: First, the current model primarily
focuses on fault warning for a single equipment type, and its generalization capability
for different industrial equipment requires further verification. Second, the fault warning
threshold relies on the empirical 3o criterion and lacks a more refined adaptive adjust-
ment mechanism. Third, although inherent data imperfections are addressed through
preprocessing, a systematic evaluation of the model’s robustness under varying levels of
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artificial noise and missing data is not conducted. Future research will therefore focus on
extending this work in several key areas: (1) It will investigate online adaptive optimization
algorithms to enable dynamic parameter adjustments for changing equipment states, poten-
tially enhancing adaptability across different equipment types or aging processes. (2) It will
develop a more intelligent adaptive threshold mechanism to improve the warning system’s
robustness and accuracy beyond the empirical 3o criterion. (3) It will validate the proposed
IBA-CatBoost approach using more diverse and publicly available benchmark datasets to
comprehensively assess its generalization capability. (4) It will conduct comprehensive
and rigorous robustness testing under varying levels of artificial noise and missing data
to quantify the model’s resilience to data imperfections. These improvements would fur-
ther enhance the method’s applicability and reliability in complex and varied industrial
environments.
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