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Abstract

In vertical mine hoisting systems, the rigid guide serves as a critical safety component
whose failure may induce severe dynamic disturbances and potentially trigger cascading
safety incidents. Existing data-driven diagnosis methods for rigid guides often lack ro-
bustness under variable operating conditions and require substantial labeled data. Yet
in practical mine hoisting operations, variations in hoisting speed and lifting mass are
inevitable, and acquiring sufficient fault samples is challenging due to safety constraints.
To address these problems, this paper proposes a novel fault diagnosis framework that
integrates a physics-informed feature-extraction pipeline with the zero-space observer
theory. Vibration signals are processed to extract dimensionless and relative features,
which are deliberately designed based on the dynamic mechanisms underlying different
fault states. These features rely solely on the geometric characteristics of the waveform
at the fault location, rendering them sensitive to fault types while remaining robust to
variations in operating conditions. The feature set is subsequently optimized using the
minimum redundancy maximum relevance (mRMR) algorithm to enhance computational
efficiency, mitigate overfitting, and improve the generalization ability of the method. A set
of zero-space observers is then constructed to perform efficient fault classification through
geometric operations in the feature space, with each observer specifically sensitive to its
corresponding health state while remaining insensitive to others. Experimental validation
across multiple health states and operational variations demonstrates that the proposed
method outperforms four widely used intelligent models in both classification accuracy
and computational efficiency, showing strong suitability for real-world deployment in coal
mining applications.

Keywords: rigid guide; fault diagnosis; physics-informed features; zero-space observers;
variable operating conditions

1. Introduction
The rigid guide system, shown in Figure 1, plays a crucial role in vertical mine

hoisting installations. Its primary function is to guide and stabilize the trajectory of the
conveyance within the shaft, thereby preventing hazardous collisions and ensuring smooth
operation [1,2]. Failures of the rigid guide can induce significant abnormal vibrations
and impact forces on the conveyance. These dynamic interactions not only accelerate
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component degradation but also pose severe safety risks, including conveyance jamming,
rope breakage, and catastrophic conveyance fall [3,4]. Therefore, the development of reliable
fault-diagnosis methodologies for rigid guides is paramount to ensuring the structural
integrity and operational safety of mine hoisting systems [5].
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sheaveWire

rope

Rigid guide

Conveyance

Guide roller

Figure 1. Schematic diagram of a rigid guide system in vertical mine hoisting installations.

Traditionally, rigid guide inspection has relied on manual visual checks or periodic ge-
ometric surveys, which are labor-intensive, time-consuming, and inherently subjective [6].
To overcome these limitations, significant research efforts have been directed toward non-
destructive condition-monitoring techniques. These approaches can be broadly categorized
into three streams. The first stream focuses on vision and laser-based inspection. Methods
that utilize improved YOLO algorithms for image-based fault detection [7] or 3D reconstruc-
tion with line structured light [8] provide high precision in assessing the surface geometry
of rigid guides. Nevertheless, their effectiveness is frequently undermined by challenging
underground environmental conditions, such as inadequate lighting, dust, and moisture.
The second stream utilizes vibration signal analysis from mobile conveyances [9,10]. By
installing sensors on the moving conveyance, vibrations induced by rigid guide faults can
be captured. Early work by Ma et al. [11,12] explored pattern recognition using features
extracted from these signals with classifiers such as support vector machines (SVM) and
boosting trees. More recently, the convolutional neural network (CNN) [13] has been
applied to these signals, achieving high recognition rates for specific faults. While these
methods exhibit satisfactory performance under constant operating conditions, their ef-
fectiveness under variable conditions remains to be further validated. The third stream
investigates the fundamental dynamics and structural health employing numerical sim-
ulations and field measurements [14–17]. While providing deep physical insights, these
methods are often complex and not directly suited for online, rapid fault identification.

Given that vibration signals from the conveyance contain abundant condition-related
information and demonstrate practical applicability in coal mine environments, this study
concentrates on vibration-based diagnosis. As previously mentioned, certain limitations
persist within these approaches. The vibration signals of rigid guide faults exhibit con-
siderable sensitivity to variations in operating conditions. Traditional global features
derived from raw signals often encapsulate this extraneous variability, resulting in models
that demonstrate effective performance solely under the specific conditions encountered
during training. Moreover, many high-performing methods, especially deep-learning
models, require substantial volumes of labeled data for training, which is difficult to obtain
in practice.
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To address these challenges, this paper proposes a novel fault-diagnosis framework
by integrating a physics-informed feature-extraction pipeline with the zero-space observer
theory. Physics-informed features, designed based on a system’s underlying physical
mechanisms, reflect intrinsic properties such as structural dynamics, energy flow, and
fault response patterns. These features enhance model interpretability and generaliza-
tion by remaining consistent and meaningful even as operating conditions vary, making
them particularly suitable for addressing robustness issues [18–20]. Zero-space observers,
which exploit the geometric properties of feature vectors in high-dimensional space [21,22],
enable fault classification through simple algebraic operations such as dot products and
comparisons. Their core advantages lie in model simplicity, extremely low computational
overhead, and minimal data requirements, making them well-suited for situations with
limited fault data [23,24].

The remainder of this paper is organized as follows. Section 2 details the fundamentals
and procedures of the proposed fault diagnosis method. Section 3 describes the experimen-
tal setup and the comprehensive test matrix covering multiple fault types, severity levels,
and varied operating conditions. Section 4 presents and discusses the experimental results,
demonstrating the superiority of the proposed method through comparative analysis. Sec-
tion 5 concludes the study by summarizing the key findings, highlighting advantages, and
suggesting future research directions.

2. Description of the Proposed Approach
2.1. Physics-Informed Feature Extraction

This subsection details the physics-informed feature-extraction pipeline designed to
generate discriminative and robust inputs for the subsequent zero-space observer.

2.1.1. Signal Preprocessing

Prior to feature calculation, raw vibration signals undergo a two-step preprocessing
stage to isolate the fault-induced transient and remove low-frequency components that
could confound feature values.

1. Impact Segment Truncation

The continuous vibration signal is examined to identify the distinctive transient result-
ing from a rigid guide fault. A sliding-window energy detection method, combined with an
adaptive threshold, is employed as an efficient and robust approach for automatic impact
signal segmentation [25]. The threshold is determined based on the classical 3σ statistical
criterion, with the dual objectives of completely retaining the impact waveform while
minimizing the inclusion of non-impact normal signal points. Its statistical foundation
guarantees the ability to deal with various operating conditions. This step ensures that
the subsequent analysis concentrates exclusively on the signal segment that contains the
diagnostic information, thereby effectively isolating the fault signature from background
vibrations produced during normal operation.

2. Detrending

The truncated impact segment may contain low-frequency trends arising from sensor
drift, conveyance oscillation, or slow system dynamics unrelated to the impact event. To
mitigate the influence of these trends on the subsequent statistical and shape-based features,
a polynomial trend is fitted to the segment and subsequently subtracted. This process
produces a transient signal whose dominant components are directly related to the impact
and its immediate decay.
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2.1.2. Initial Feature Set

To comprehensively characterize the impact waveforms associated with rigid guide
faults, eight distinct features are extracted. These features are chosen to capture comple-
mentary aspects of the signal morphology, statistical distribution, energy content, and
complexity, providing a multi-dimensional signature for each fault type [26,27]. Their
physical interpretations and computational formulas are presented in Table 1.

Table 1. Description and mathematical formulation of the eight extracted features.

Feature Description Mathematical Formulation

Skewness (S)
Measures the asymmetry of
the probability distribution

around its mean.
1
N

N
∑

i=1

(xi − µ)3

σ3

Kurtosis (K) Quantifies the sharpness of
the probability distribution.

1
N

N
∑

i=1

(xi − µ)4

σ4

Shape Factor (SF) Describes the dispersion of the
signal energy.

√
1
N

N
∑

i=1
x2

i

1
N

N
∑

i=1
|xi|

Crest Factor (CF) Evaluates the severity of
peaks.

max(|xi |)√
1
N

N
∑

i=1
x2

i

Impulse Factor (IF) Assesses the impulsive nature
of the signal.

max(|xi |)
1
N

N
∑

i=1
|xi |

Permutation Entropy (PE)
Quantifies the complexity and

randomness of the signal
series.

− ∑
π∈Π

p(π) log2 p(π)

Relative Half-life (RHL)
Characterizes the energy
decay rate of the impact

transient.

tE(p→0.5p)
tE(p→b)

Mutation Symmetry Index
(MSI)

Evaluates the temporal
symmetry of the waveform

around the impact peak.

tb→p
tp→b

xi (i = 1, 2, . . . N) is the signal series; µ and σ are the mean value and the variance of the series, respectively; Π is
the set of all possible permutation patterns; p(π) is the probability of the i-th permutation pattern; tE(p→0.5p) is
the duration required for the signal envelope to decrease from its peak value to half of its peak value; tE(p→b) is
the time taken for the signal envelope to transition from its peak value to its baseline value; tb→p is the time from
the baseline value to the peak value, and tp→b is the time from the peak value to the baseline value.

Notably, the selected eight features encompass three major categories: statistical fea-
tures, entropic features, and time-domain dynamic features, all of which are dimensionless
or relative measures. This inherent design ensures insensitivity to variations in operating
conditions and signal segment lengths, thereby guaranteeing both discrimination and
robustness in fault diagnosis.

2.1.3. Feature Postprocessing

Following the computation of the initial eight-dimensional feature vector
Finit = [S, K, SF, CF, IF, PE, RHL, MSI]T , a feature selection stage is implemented to opti-
mize the feature set. The aim is to identify a compact subset of features that collectively
provide maximal discriminative power for fault classification while minimizing infor-
mation redundancy. Since these features serve as inputs to the zero-space observers,
dimensionality reduction will enhance the method’s generalization and improve diagnostic
performance [28]. To accomplish this, the minimum-redundancy maximum relevance
(mRMR) algorithm is employed [29].
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The mRMR algorithm operates on the principle of mutual information, selecting
features based on their relevance to the target fault types and redundancy with respect
to already selected features. For a discrete target variable C (representing fault types)
and a feature set Finit, the objective is to find the feature subset that maximizes the
following criterion:

max
f j∈Finit/Ff inal

[I( f j; C)− 1∣∣∣Ff inal

∣∣∣ ∑
fi∈Ff inal

I( f j; fi)] (1)

where I(·; ·) denotes mutual information, I( f j; C) quantifies the relevance of candidate
feature f j to the fault type C, and the average term 1

|Ff inal | ∑
fi∈Ff inal

I( f j; fi) quantifies the

redundancy between f j and the features already in the selected subset Ff inal .
By eliminating redundant features, the mRMR algorithm reduces the dimensionality

of the input space, thereby mitigating the risk of overfitting and improving the efficiency of
zero-space computations. Crucially, the mRMR method operates on the original features,
thus preserving their physical meaning, which is a significant advantage over dimensional-
ity reduction transforms such as principal component analysis (PCA) [30]. The resulting
optimized feature vector Ff inal provides a robust and efficient input to the zero-space ob-
servers, ensuring its performance is driven by the most informative and non-redundant
signal characteristics.

2.2. Zero-Space Observer Theory

This subsection presents the mathematical foundation of the zero-space observer [31].
The core principle exploits geometric relationships in feature space to construct a set of
dedicated observers, each designed to be sensitive to one target health state while remaining
insensitive to all others. This approach transforms the fault diagnosis problem into a series
of efficient algebraic operations.

2.2.1. Geometric Foundation in Feature Space

As mentioned in Section 2.1.3, Ff inal ∈ RM denotes the final feature vector obtained
from the postprocessing stage, where M (M < 8) is the number of features selected by
the mRMR algorithm. For a given system with K predefined health states, each state is
characterized by a unique cluster of points in this M-dimensional feature space.

The centroid for the k-th state, estimated from a representative training set, is
defined as:

Fk =
1

Nk

Nk

∑
i=1

Fk
f inal(i) (2)

where Nk is the number of training samples for state k, and Fk
f inal(i) is the feature vector of

the i-th sample from that state. According to the law of large numbers, the sample mean Fk

serves as a consistent estimator of the population centroid for state k when Nk is sufficiently
large. It should be noted that, due to the statistical independence of vibration signals
corresponding to different health states, the resulting feature centroid vectors are linearly
independent. This property ensures the existence of a dedicated zero-space observer for
each health state.

2.2.2. Construction of the Zero-Space Observer

The fundamental design objective is to create a linear observer for each state k. This
observer, denoted as Zk ∈ R1×M, should satisfy two key properties:

• It yields a zero output when applied to the feature centroids of all other states.
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• It yields a non-zero output when applied to the feature centroid of its own target
state k.

To achieve this, the complement space matrix Uk is defined for state k:

Uk = [F1, F2, · · · , Fk−1, Fk+1, · · · , FK] ∈ RM×(K−1) (3)

This matrix aggregates the centroids of all states except the k-th state.
The zero-space of Uk is the set of all row vectors Z that satisfy:

ZUk = 0 (4)

Geometrically, any vector Z in this space is orthogonal to the column space of Uk,
meaning it is orthogonal to the centroid vectors of all non-k states.

A vector Zk is then selected from this zero-space such that:

ZkFk ̸= 0 (5)

This ensures that Zk maintains sensitivity to its designated target state k. Consequently,
the observer Zk can effectively separate samples of state k from samples of all other states.

2.2.3. Residual Generation and Fault Decision Logic

For an incoming, unknown test sample with feature vector Ftest, its interaction with
the k-th observer generates a residual rk:

rk = |ZkFtest| (6)

In practice, residuals are rarely zero even for samples not belonging to state k, due to
measurement noise and system variations. However, these noise-induced residuals are
significantly smaller in magnitude than those produced when the sample belongs to state k.
Leveraging this disparity, the diagnostic decision follows a simple logic:

Diagnosis = arg max
k

(rk) (7)

For a given test sample, the residuals from all K observers are computed in parallel.
The final diagnosis is made by identifying the state corresponding to the observer with the
maximum residual.

2.3. Fault Diagnosis Framework

This subsection presents the proposed fault diagnosis framework, which integrates the
feature extraction pipeline with the zero-space observer. The framework operates in two
distinct phases: (1) an Offline Modeling Phase, where diagnostic observers are designed
using historical data, and (2) an Online Diagnosis Phase, where real-time vibration signals
are processed to identify the health state of the rigid guide. The overall architecture is
illustrated in Figure 2.
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Figure 2. Schematic flowchart of the proposed fault diagnosis framework for rigid guides.

3. Experimental Setup
To validate the effectiveness and robustness of the proposed fault diagnosis method, a

series of controlled experiments was conducted using a custom-designed fault simulator.
This section details the experimental apparatus, data-acquisition system, and designed test
scenarios employed in this study.
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3.1. Fault Simulation Test Rig

A dedicated rigid-guide fault simulator was constructed to replicate the essential
dynamics of a mine hoisting installation while enabling precise introduction and control of
faults. The main components of the test rig, as illustrated in Figure 3, included:

Rigid guide

Conveyance

Drum
Motor

Head
sheave

Wire
rope

Data acquisition 
system

Reducer

High–speed 
camera

 

Figure 3. Photographic overview of the rigid guide fault simulation test rig.

Drive System: An AC motor coupled with a planetary gear reducer was employed to
deliver controlled traction.

Hoisting Mechanism: A winding drum and a head sheave guided the hoisting rope,
which was attached to a scaled conveyance.

Rigid Guide Assembly: Two parallel steel guides were mounted on a rigid frame,
serving as the path for the conveyance. The rails were sectioned and mounted with
adjustable fixtures to facilitate the simulation of local faults.

Conveyance and Guide Rollers: A conveyance was equipped with four sets of guide
rollers (two per side).

Control and Data Acquisition System: An xPC target-based real-time controller gov-
erned the start-stop, direction, and speed of the motor. A National Instruments data
acquisition system recorded sensor outputs. A high-speed camera captured the instanta-
neous interaction between the guide roller and the rigid guide fault.

3.2. Data Acquisition

Vibration signals, which served as the primary data source for rigid guide fault
diagnosis, were captured using an IEPE triaxial accelerometer. As shown in Figure 4,
the sensor was mounted on the top plate of the conveyance to measure vibrations in the
longitudinal (Z-axis, parallel to rigid guides), transverse (X-axis, perpendicular to the rigid
guide face), and lateral (Y-axis) directions. Preliminary investigations in both the time
and time-frequency domains confirmed that the longitudinal component carried the most
discriminative information for local faults, aligning with prior studies [32,33]. Therefore,
all subsequent analyses focused on the longitudinal acceleration signal.
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Triaxial
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X

ZY

 
Figure 4. Location of the triaxial accelerometer on the conveyance.

The accelerometer’s analog signals were conditioned and digitized by a dynamic
signal analyzer at 20 kHz, ensuring adequate resolution of the high-frequency impact
components. Concurrently, a high-speed camera sampled the motion of the guide roller at
1 kHz, synchronizing the visual data with the vibration signals and the hoisting cycle.

3.3. Experimental Scenarios and Test Matrix

Based on fault-dynamics characterization, rigid guide faults can be broadly categorized
into two types: slow-progressive faults and impact faults. Slow-progressive faults, such as
gradual inclination or distributed deformation, influence conveyance in a sustained yet
moderate manner, primarily because of their extended spatial distribution, which dilutes
instantaneous dynamic interactions.

In contrast, impact faults are distinguished by a highly localized geometric disconti-
nuity. This concentrated defect generates intense transient vibrations during conveyance
passage, posing immediate risks of rope overload, operational interference, or conveyance
jamming. Consequently, the timely diagnosis of impact faults is essential for root-cause
analysis and the development of preventive maintenance protocols. This investigation,
therefore, focuses on three representative impact modes: embossment, bump, and clearance
(see Figure 5b–d), which encompass the majority of impulse-generating defect scenarios,
such as those caused by attached debris or fastening failure. These three impact fault states,
together with the normal state, are predefined as the four health states of the rigid guide
considered in this study.

Figure 5. Four health states of rigid guide: (a) normal; (b) embossment; (c) bump; (d) clearance.

To evaluate the proposed fault diagnosis framework, experiments were conducted on
the fault simulation test rig. Faults were introduced on one rigid guide while the opposite
guide remained intact.
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Embossment Fault: Simulated by attaching a rectangular shim of specified thickness
onto the rail surface (marked by a red circle in Figure 5b).

Bump Fault: Simulated by introducing a controlled height difference at the junction
between two rail segments (marked by a red circle in Figure 5c).

Clearance Fault: Simulated by creating a vertical gap at the junction between two rail
segments (marked by a red circle in Figure 5d).

For each health state, key operational parameters were systematically varied to assess
the robustness of the method. Hoisting speed was adjusted by controlling motor speed,
while lifting mass was varied by adding mass blocks (see Figure 4) in increments of 1.1 kg.
A full-factorial test matrix was implemented, as summarized in Table 2.

Table 2. Experimental parameter matrix for fault simulation tests.

Parameter Symbol Values/Levels

Health state S Normal, Embossment, Bump, Clearance
Fault severity (mm) d 1.0, 2.0, 3.0

Hoisting speed (m/s) v 0.02, 0.04, 0.06, 0.08, 0.10
Lifting mass (kg) m 3.45, 4.55, 5.65, 6.75, 7.85

For each parameter combination {d, v, m} under the fault states, five independent runs
were conducted to mitigate random errors and ensure reproducibility. For the normal
baseline, where fault severity is inapplicable, fifteen runs were performed per speed-load
combination {v, m}. This design ensured that all four health states contributed an equal
number of samples (375 each), providing a balanced dataset for fair classifier training
and evaluation. From these replicates, 3/5 were randomly selected per combination for
training and the remaining 2/5 for testing, preserving proportional representation of all
operating conditions.

Consequently, the final dataset composition was as follows:
Total dataset: 1500 samples (375 × 4).
Training Set: 900 samples (1500 × 3/5).
Testing Set: 600 samples (1500 × 2/5).

4. Results and Discussion
This section presents and discusses the experimental results to comprehensively eval-

uate the proposed fault diagnosis framework. The analysis proceeds in three stages. First,
the rationale and effectiveness of the physics-informed feature-extraction pipeline are
examined to establish a foundation for robust diagnosis. Subsequently, the diagnostic accu-
racy of the zero-space observer is evaluated under variable operating conditions. Finally,
a comparative study comprising two cases is conducted against established benchmark
methods, which serves to validate the overall superiority of the integrated framework and
to isolate the specific contribution of the zero-space observer, respectively.

4.1. Signal Analysis and Feature Selection Results

Figure 6 shows the original vibration signals and magnified views under four rigid
guide health states. Analysis of these waveforms reveals distinct morphological patterns
unique to each state. This direct correspondence between waveform signature and health
state validates the use of physics-informed features, enabling the extracted parameters to
capture the essential diagnostic information of rigid guide fault dynamics.
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Figure 6. Original signals under four rigid guide health states and corresponding enlarged views: (a)
normal; (b) embossment; (c) bump; (d) clearance.
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As illustrated in Figure 6a, the vibration signal under normal state exhibits low-
frequency fluctuations throughout the time domain, with no prominent impulsive compo-
nents observed. This pattern reflects the inherent properties of the system and environmen-
tal background noise.

Regardless of fault type, the raw vibration signals consistently exhibit two impulse
groups (marked by red and blue circles in Figure 6b–d), which are produced by the
sequential interactions of the upper and lower guide rollers with the rigid guide fault. The
amplitude disparity between these groups arises from two combined factors. Firstly, the
lower guide roller is located farther from the accelerometer (see Figure 4), and the vibration
signal thus undergoes greater attenuation over the longer propagation path through the
conveyance structure. Secondly, differences in the stiffness and damping of the upper and
lower roller buffer assemblies also contribute to the observed amplitude variation. For
rigid guide fault diagnosis in this study, the first impulse group was selected for analysis.

On an extended time scale, the embossment fault exhibits a characteristic dual-impulse
signature, distinguishing it from bump and clearance faults. Physically, the first impulse
corresponds to the initial impact as the guide roller strikes the leading edge of the emboss-
ment. The second impulse arises when the guide roller disengages from the trailing edge
and re-engages with the nominal rail surface.

In contrast, bump and clearance faults each typically present a single dominant im-
pulse. However, their localized waveform morphologies differ fundamentally. High-speed
camera observations and prior literature [17,34–36] indicate that this difference stems from
distinct generation mechanisms: the bump fault waveform is governed by direct collision
dynamics, whereas the clearance fault waveform results from a sequence of stress release
and re-application as the guide roller traverses the gap.

Thus, the geometric waveform, resulting from the interaction between the guide
roller and the rigid guide fault, is determined solely by the fault type. This conclusion is
supported by the consistent waveform characteristics observed across all experimental
fault signals. Consequently, the waveform morphology provides an effective basis for
diagnosing rigid guide faults.

Based on the preprocessed waveforms, an initial eight-dimensional feature vector
Finit is obtained. The mRMR algorithm is subsequently applied to rank the eight features
and select an optimal subset. The ranking and selection results are presented in Figure 7.

Figure 7. Feature ranking and selection results from the mRMR algorithm.

The mRMR scores of the first four features are significantly higher than those of the
remaining four, indicating their superior discriminative power. Accordingly, the subset
{CF, RHL, SF, K} is selected to form the four-dimensional feature vector for the zero-space
observer. This result confirms that these four shape and energy-based parameters most
effectively characterize the distinctive waveform signatures of rigid guide faults.
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4.2. Diagnostic Performance of the Zero-Space Observer

Following the methodology in Section 2.2, the zero-space observer is applied to the
training set and evaluated on the test set. The resulting health-state classifications, obtained
via Equation (7), are shown in Figure 8. The figure segments the sample sequence into
four blocks: samples 1–150 represent the normal state, 151–300 the embossment fault,
301–450 the bump fault, and 451–600 the clearance fault.

Figure 8. The health state identification results for the test set.

The results indicate that all samples in the normal state block (1–150) are correctly
identified, yielding a classification accuracy of 100%. For the embossment fault block
(151–300), 12 samples are misclassified, resulting in an accuracy of 92.0%. The bump fault
block (301–450) shows 23 misclassifications, corresponding to an accuracy of 84.7%. For
the clearance fault block (451–600), 18 samples are misclassified, achieving an accuracy
of 88.0%. The method achieves an overall diagnostic accuracy of 91.2% across all test
samples, demonstrating its effectiveness in identifying rigid guide health states under
varied operating conditions.

The perfect classification of the normal state is readily understood. As shown in
Figure 6a, its vibration signal exhibits a low-amplitude, random profile without significant
impulses, making its feature vector fundamentally distinct from those of the impact faults.

Notably, all misclassifications of the embossment fault are assigned to the normal
state. In theory, a statistical boundary exists between the sample clusters of the normal and
embossment states. While the majority of embossment samples lie far from the normal
cluster, a small subset may lie close to this boundary. This occurs when intense oscillation
in the extracted impact segment reduces the relative prominence of the primary peak. As
indicated by the formulas of CF and K, such samples may yield feature values that fall
within the periphery of the normal cluster. However, this type of misclassification can be
easily eliminated by incorporating additional criteria, such as the overall vibration severity
of the raw signal or the number of local peaks within the impact region.

Similarly, all misclassifications of the clearance fault are assigned to the normal state,
albeit for a different reason. Specifically, this phenomenon arises from the low severity
level of the clearance fault, where the corresponding impact energy is closely comparable
to the background noise or the inherent vibration amplitude during normal operation. In
practical terms, such misclassification does not pose significant consequences, as a small
clearance has a negligible effect on the hoisting conveyance.
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The few remaining misclassifications occur primarily between bump and clearance
faults. These can be attributed to the occasional similarity in their single-impact waveforms
under specific conditions of low fault severity and high hoisting speed.

4.3. Comparative Analysis with Widely Used Methods

To comprehensively benchmark the performance of the proposed method, a compara-
tive study is conducted against several widely used intelligent fault diagnosis approaches,
including the radial basis function (RBF) neural network [37,38], SVM [39–41], long short-
term memory (LSTM) network [42–44], and one-dimensional convolutional neural network
(1DCNN) [45,46]. The comparison is structured into two cases. In Case 1, the complete
proposed framework is compared against the four models to assess its overall superiority.
In Case 2, the classification capability of the zero-space observer is specifically evaluated by
isolating its performance from that of the feature extraction pipeline.

1. Case 1

In this case, the proposed framework employs physics-informed feature extraction
combined with the zero-space observer as the classifier. For the RBF, SVM, and LSTM
models, four conventional features from the literature [12] are used: the maximum value,
the mean value, the maximum value of the wavelet transform modulus maximum, and
the area between the curve of the wavelet transform modulus maximum and its envelope.
The wavelet scale is set to 64 to balance resolution and efficiency. For the 1DCNN model,
which can process raw sequential data, the original vibration signals are used directly as
input. Given the variable signal lengths under different operating conditions, a fixed-length
segment of 20,000 points containing the impact transient is extracted from each signal.
All computations are performed on a computer equipped with an Intel(R) Core(TM) i7-
14650HX processor and 16 GB RAM. The performance comparison results are summarized
in Table 3, and several key observations are discussed next.

Table 3. Performance comparison of different fault diagnosis methods.

Method Accuracy
(%) Feature Preparation Time (s) Training Time (s) Test Time (s)

The proposed
method 91.2 345.8608 0.0054 0.0023

RBF 74.2 769.4761 1.8582 0.0092
SVM 71.7 769.4761 0.0552 0.0127

LSTM 69.8 769.4761 10.3481 0.2765
1DCNN 81.8 243.8246 286.3264 7.1885

Firstly, the proposed method achieves a diagnostic accuracy of 91.2%, substantially
outperforming the RBF (74.2%), SVM (71.7%), LSTM (69.8%), and 1DCNN (81.8%) mod-
els. This gap stems primarily from the fundamental difference in feature design. The
proposed framework employs a physics-informed feature-extraction pipeline to capture
the discriminative characteristics of fault-induced transient vibrations while explicitly
decoupling operational variability. In contrast, the RBF, SVM, and LSTM models rely on
four conventional time-domain and wavelet-based features. The calculation of the mean
value and the area between the curve of wavelet transform modulus maximum and its
envelope incorporates the entire signal, thereby introducing substantial non-fault-related
components that dilute the salience of fault-related signatures. Meanwhile, parameters
such as the maximum value and the maximum value of wavelet transform modulus maxi-
mums are highly susceptible to variations in operating conditions, which can lead to feature
aliasing across different fault types and reduce overall discriminability. The LSTM yields
the lowest accuracy among all compared methods, indicating its limited suitability for
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processing the non-sequential features extracted from rigid-guide fault vibrations under
variable operational conditions. Although the 1DCNN attains a relatively higher accuracy
than the RBF, SVM, and LSTM models, its performance remains lower than that of the
proposed method. To further examine the classification performance of the 1DCNN, the
corresponding confusion matrix is provided in Figure 9. The matrix shows that the normal
and embossment faults are identified with 100% accuracy, whereas the bump and clear-
ance faults exhibit lower recognition rates. This can be attributed to the distinct impulse
characteristics of each health state: the normal signal contains no significant impulses,
and the embossment fault produces a double-impulse signature, whereas both the bump
and clearance faults generate only a single impulse. When a fixed 20,000-point segment is
used as the network input, the transient signature of a single impulse is diluted within the
lengthy signal window, thereby reducing the discriminability of these two fault types and
resulting in their mutual misclassification.

Figure 9. Confusion matrix of the 1DCNN method.

Secondly, the computational efficiency of the proposed method is also notable. The
feature preparation time for the proposed method (345.8608 s) is shorter than that of the
RBF, SVM, and LSTM models (769.4761 s), but longer than that of the 1DCNN (243.8246 s).
This difference stems from where the computational effort is allocated. For both the
proposed method and the 1DCNN model, the primary computational cost is due to the
sliding-window energy detection algorithm used to truncate the impact signal segment
automatically. The longer feature preparation time of the proposed method compared to the
1DCNN is due to its adaptive length truncation, which is more computationally intensive
than the fixed-length segmentation used in the 1DCNN. For the RBF, SVM, and LSTM
models, computation time is dominated by the continuous wavelet transform applied to
the entire signal, a computationally intensive process. The most significant computational
advantage is observed during model training and testing. The proposed method requires
only 0.0054 s for training, orders of magnitude faster than those of RBF (1.8582 s), SVM
(0.0552 s), LSTM (10.3481 s), and especially 1DCNN (286.3264 s). This efficiency stems from
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the non-iterative, algebraic nature of observer construction, which eliminates the need for
complex optimization or parameter tuning. Similarly, the test time is the lowest among
all methods, underscoring the suitability of the proposed approach for real-time or online
monitoring applications where rapid decision-making is critical.

2. Case 2

In this case, the three classifiers, namely RBF, SVM, and zero-space observer, are bench-
marked directly using the same physics-informed features. This comparison highlights the
intrinsic classification capabilities of each model, as shown in Figure 10.

Figure 10. Performance comparison of different fault diagnosis classifiers.

As shown in Figure 10, the RBF and SVM classifiers achieve acceptable classification
accuracy, while the zero-space observer consistently attains the highest recognition rate
for each health state. The ability of RBF and SVM to generalize across varied operating
conditions, avoiding significant mode confusion, can be attributable to the robustness of
the proposed physics-informed features on which they were trained.

Furthermore, a key advantage of the zero-space observer is that it eliminates the need
for parameter tuning. This step, involving critical choices such as kernel parameters for
SVMs, expansion constants for RBFs, and network architectures and hyperparameters for
LSTM and 1DCNN, often significantly influences the final performance of the intelligent
models. In contrast, the zero-space observer constructs the decision model directly from
the feature centroids via algebraic operations, ensuring both simplicity and reproducibility.

5. Conclusions
Accurate fault diagnosis of rigid guides is essential for preventing unexpected failures

and reducing maintenance costs in mine hoisting systems. However, this task is challenged
by two inherent limitations of conventional methods: traditional global features often fail
to generalize across different operating conditions, and most approaches require large
amounts of labeled fault data, which are difficult to obtain in practice. To address these
problems, this paper proposes a novel fault-diagnosis framework for rigid guides that inte-
grates a physics-informed feature-extraction pipeline with geometric zero-space observers.
The methodology systematically transforms raw vibration signals into reliable diagnostic
decisions through three core stages: physics-informed feature selection, zero-space observer
construction, and health state identification.

Experimental validation under variable operating conditions demonstrates the effec-
tiveness of the proposed approach. The method achieves an overall diagnostic accuracy of

https://doi.org/10.3390/sym18020389

https://doi.org/10.3390/sym18020389


Symmetry 2026, 18, 389 17 of 19

91.2% across four health states (normal, embossment, bump, and clearance), with per-class
accuracies of 100% for the normal state, 92.0% for embossment faults, 84.7% for bump
faults, and 88.0% for clearance faults. Comparative analysis reveals that the proposed
framework substantially outperforms four widely used intelligent methods: RBF (74.2%),
SVM (71.7%), LSTM (69.8%), and 1DCNN (81.8%). Furthermore, when benchmarked
using identical physics-informed features, the zero-space classifier consistently achieves
the highest recognition rates for each health state compared to RBF and SVM, confirming
its superior intrinsic classification capability.

The framework presents several key advantages beyond accuracy. Firstly, it exhibits
remarkable computational efficiency, as the Online Diagnosis Phase relies solely on straight-
forward matrix-vector operations, rendering it particularly suitable for real-time or em-
bedded monitoring systems. Secondly, it demonstrates strong robustness under variable
operating conditions, accomplished by decoupling diagnostic signatures from operating
parameters through explicit feature design. Finally, it provides enhanced interpretability
in comparison to black-box models, with a transparent decision logic based on residual
analysis and geometric observers.

Despite its strengths, two limitations are noted, pointing to essential directions for
future work. Firstly, as a supervised method, the framework is currently limited to classi-
fying predefined health states. Identifying novel or unknown faults represents a critical
next step. Secondly, the model assumes single-fault scenarios in the rigid guide system. Its
performance when concurrent faults occur in both the rigid guide and the guide rollers
warrants further investigation.
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