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A novel HI construction method
based on healthy-state data training
for rotating machinery components
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Abstract
In predictive maintenance for rotating machinery components, constructing health indicators is crucial for improving
operational efficiency and extending the equipment lifespan. However, traditional processes of building health indicators
face two significant challenges: the high cost of collecting full lifecycle data and the requirement for the operating condi-
tions of the equipment to remain consistent with those under which the indicators were developed. These limitations
make health indicators expensive and time-consuming to construct and use. This article proposed a health indicator
developed based on the Joint Principal Component Cumulative Empirical Distribution Model (JPCCED-HI) to overcome
these challenges. This innovative method utilizes only healthy state data, combining principal component analysis with
the empirical cumulative distribution function to construct a health indicator that ranges from 0 to 1, thereby eliminating
the reliance on complete lifecycle data and relaxing the requirements for specific operating conditions. The effectiveness
and practical benefits of JPCCED-HI are illustrated through two detailed case studies. In the first case study, we explore
the impact of different parameter settings on model performance and evaluate its anti-interference capabilities in high-
noise environments based on a gearbox dataset. This study demonstrates the model’s robustness in maintaining accurate
health assessments despite external noise. The second case study employs a publicly available bearing dataset to com-
pare the JPCCED-HI method against other models trained on health-stage data. This analysis reveals the superior per-
formance of JPCCED-HI in trendability and scale similarity, affirming its effectiveness in various operational conditions.
These case studies not only prove the adaptability and robustness of JPCCED-HI but also highlight its potential as a scal-
able solution for real-time health monitoring and predictive maintenance in industrial applications.

Keywords
Prognostics, health indicator, degradation assessment, PCA, empirical cumulative distribution function

Introduction

Rotating components, such as bearings, gears, and
shafts, play a critical role in various mechanical devices,
and their failure can lead to inefficiencies in the entire
system and downtime. The construction of health indi-
cators (HIs) for rotating machinery components is cru-
cial to ensure the reliable operation of these essential
parts. By establishing HIs, the performance status of
these components can be monitored in real-time,
thereby enabling the early detection of potential issues
and anomalies.1,2 This type of monitoring can signifi-
cantly reduce unexpected downtime, save costs, and
enhance production efficiency. Moreover, the practical
construction and application of HIs also help extend
the mechanical equipment’s service life, optimize main-
tenance and repair schedules, and improve the overall
reliability of operations, which are vital for ensuring
the continuity and stability of industrial production.

The construction of HIs based on data-driven meth-
ods relies heavily on substantial prior knowledge and a
deep understanding of their failure mechanisms.3 These
methods typically require data from the entire lifecycle
of the equipment, particularly degradation and failure
data, to construct detailed mechanistic or data models.
Widodo and Yang4 introduced principal component
analysis (PCA) to fuse the peak value, kurtosis, and
entropy into a one-dimensional variable. Mosallam
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et al.5 Perform unsupervised feature selection in the fea-
ture domain and apply the empirical mode decomposi-
tion algorithm to the predictive features to construct
HIs. Hong et al.6 applied the empirical mode decompo-
sition–self-organizing map method to analyze vibration
signals and calculate a confidence value on the bearing
health state. Zhao et al.7 used the S transform and
Gaussian pyramid to obtain time-frequency representa-
tions at multiple scales and employ PCA based on
time-frequency domain indicators to form a HI for
bearings. In recent years, a significant number of scho-
lars have applied deep neural network techniques in the
process of constructing HIs. These advanced computa-
tional models have been utilized to enhance the analyti-
cal capabilities and accuracy of existing methodologies,
including methods such as Convolutional Neural
Networks (CNNs),8,9 Recurrent Neural Networks
(RNNs),10,11 unsupervised Deep Belief Networks,12,13

and Convolutional Autoencoder Networks.14,15

However, these methods typically rely on a critical
assumption: there is a high degree of consistency among
the monitored objects, meaning they operate under sim-
ilar operational conditions and exhibit similar vibration
amplitudes and spectral signals. Consequently, the pro-
posed models present the following problems:

(1) When there are significant differences in working
conditions between the training and testing data,
the performance of the models often significantly
decreases.

(2) It requires collecting data throughout the entire
lifecycle of the monitored objects under different
operating conditions, which are expensive.

(3) As the models require complete data for training
and deep neural network models are complex, it
is not feasible to perform online modeling and
training.

To address these issues, in recent years, the method of
constructing HIs based on health status data16 has
increasingly attracted researchers’ attention. This method
utilizes a large amount of monitoring data that are easily
obtained under normal operating conditions, thereby
avoiding model failure issues when there is a lack of
complete lifecycle data or specific operating conditions
that are not covered during the training process. The
typical process for constructing HIs based on training
with healthy-state data is shown in Figure 1.

Measuring the difference between the data in the
healthy and tested states is the key idea to constructing
HIs based on normal data. In other words, the healthy
data are the baseline data for the unidentified data.
Such methods can broadly be categorized into those
based on similarity measurements and those based on
reconstruction error.

Methods based on similarity measurements primar-
ily involve quantifying the similarity or correlation
between benchmark data and test data, including dis-
tance metrics for quantitative comparison. Guo et al.10

proposed time-frequency range related-similarity (RS)

Figure 1. Healthy-state data training flow.
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features that address the issue of varying statistical fea-
ture ranges and unequal contributions. Wang et al.17

estimated the degradation information by calculating
the deviation of the multiple statistics of vibration sig-
nals of a bearing from a known healthy state. Schwartz
et al.18 proposed an automatic and unsupervised
approach based on the Kernel PCA to enhance the
similarity-based Health Index creation. Li et al.19

calculated the Mahalanobis Distance (MD) depending
on the characteristics of vibration signals in the time
domain and time-frequency domain and obtained the
monotonously increasing HI by using Cumulative Sum
of Mahalanobis Distance One (MD1-CUMSUM).

HIs construction based on reconstruction error is
achieved through indirect measurement of modeling
errors of unidentified monitoring data with a trained
model of healthy-state data. Qiu et al.20 introduced a
wavelet filter based method for weak signature enhance-
ment for fault identification and self-organizing map
(SOM) based method for performance degradation
assessment. Huang et al.21 used the minimum quantiza-
tion error (MQE) indicator derived from SOM, which is
trained by six vibration features, including a newly
designed degradation index for performance degrada-
tion assessment. Pei et al.22 applied gray target decision
(GTD) to the health assessment of mechanical systems
for the first time, proposing a weighted GTD approach
for constructing sensitive health and fault indicators
and introducing a Convolutional Long Short-Term
Memory (ConvLSTM) framework based on a quadra-
tic transfer function. Yan et al.23 presented a novel
approach called multidomain indicator-based optimized
stacked denoising autoencoder to learn more robust
and reliable feature representation. Kundu et al.24 used
the correlation coefficient parameter based on the resi-
dual vibration signal to monitor and detect the spur
gears’ pitting progression. Lu et al.25 obtained the trun-
cated MQE histories by SOM network after feature
extraction and adopted the chaos-based parallel multi-
layer perceptron network and polynomial fitting for
residual errors to generate the predicted MQEs and fail-
ure times following the truncation times.

The problem with healthy-state data training is that
most indicators lack fixed upper and lower limits,
which poses significant challenges in determining the
health status of rotating equipment.26 It becomes
necessary to introduce fault data to ensure defined
boundaries, as it is often challenging to obtain extreme
characteristic values before the failure of rotating
equipment occurs. Moreover, few methods inherently
restrict HIs within a 0–1 range, providing clear infor-
mation about the health status of rotating equipment
to monitoring personnel. Exploring new techniques to
extract statistical features within specific ranges is
essential to address this issue.

This study introduces an innovative method based
on healthy-state data training called the Joint Principal
Component Cumulative Empirical Distribution Model
(JPCCED-HI). This model effectively mitigates the fail-
ure of HI assessments caused by varying operating con-
ditions under healthy-state data training while ensuring
that the HIs are theoretically confined within the 0–1
range. The core strategy of JPCCED-HI includes ini-
tially applying PCA to extract the main components
from the feature space, thereby eliminating collinearity
among features. Subsequently, utilizing the joint cumu-
lative empirical distribution function exploits these
principal components to construct HIs with fixed upper
and lower limits and distinct trend characteristics in an
unsupervised environment. The primary contributions
of this research include the following:

(1) By using the healthy-state data of the monitored
object as a baseline for analysis, the process not
only simplifies data handling but also significantly
enhances the model’s adaptability and robustness
under different operational conditions, effectively
overcoming the issue of traditional methods fail-
ing under varying conditions and providing a
more reliable and practical tool for mechanical
equipment health monitoring.

(2) The development of the JPCCED-HI model
uniquely ensures precise delimitation of HIs
within a 0–1 range without additional fault data.
This method uses PCA and the joint cumulative
empirical distribution technique to effectively
extract critical features from healthy-state data
for health monitoring, ensuring stable model per-
formance without explicit fault data.

(3) The model’s key parameters were analyzed for
their impact on results, its noise resistance was
tested, and it was compared with several typical
healthy-state data training models, validating its
superior performance regarding trendability and
scale similarity.

The subsequent organization of this article is as fol-
lows: The ‘‘Basic methodology’’ section introduces the
theoretical foundations of manual feature extraction
and PCA. The ‘‘Proposed methods’’ section describes
the proposed methods’ motivations, processes, and key
parameters. ‘‘Case study 1’’ presents the application of
this method to gearbox datasets, including the results
of HI construction, analysis of the impact of different
parameter values on the model, and its noise interfer-
ence capabilities. ‘‘Case study 2’’ discusses the experi-
mental results on public datasets and comparisons
with several typical healthy-state data training models.
Finally, the ‘‘Conclusion’’ section summarizes the
findings of this article.
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Basic methodology

Manual feature extraction

Manual feature extraction is a crucial technique in con-
structing HIs for equipment. This method relies on the
expertise and knowledge of domain experts to identify
and extract features from raw data that are closely
related to the performance and health status of the
equipment. By analyzing these parameters of the time
series data, experts can define indicators that reflect
the equipment’s health condition. Although this
method may be time-consuming for feature extraction
and heavily dependent on expert knowledge, it still
demonstrates unique effectiveness and accuracy in han-
dling complex and highly individualized needs. Feature
extraction of vibration signals has been extensively
studied in the field of equipment HI construction, and
many features have shown good trends and correlation
with health stages.27,28 A significant advantage of
manually extracted features over those extracted by
neural networks is that they do not require data
training, facilitating the online completion of the entire
HI construction process.

The features used in this study are listed in the
attached Tables 1 and 2, where T , f , and F denote time
domain signals, frequency components, and magnitude
of the corresponding frequency components,
respectively.

Principal component analysis

PCA29–31 is a fundamental technique in multivariate
statistics and data analysis, aimed at reducing the
complexity of high-dimensional data while retaining as

much variability in the data as possible. This statistical
method transforms the original variables into a new set
of variables. These new variables are linear combina-
tions of the original ones, arranged in descending order
of their ability to explain the variance in the data.

At its core, PCA involves converting many poten-
tially correlated variables into a smaller number of
uncorrelated variables, known as principal compo-
nents. The first principal component accounts for the
highest possible variance, thus explaining the maxi-
mum variability in the data. Each subsequent compo-
nent, under the constraint of being orthogonal to the
preceding ones, also aims to account for the maximum
possible variance. The mathematical steps include the
following:

(1) Standardization: For a feature set F consisting of
multiple features, the range of features is standar-
dized using the following equation:

f 0i =
(fi � m)

s
ð1Þ

where fi is the value of the feature variable, m is the
mean, and s is the standard deviation.

(2) Covariance matrix computation: The next step is
to calculate the covariance matrix of the variables.
For standardized feature values, the covariance
matrix is the matrix of correlation coefficients:

C=
1

n� 1
F0

T
F0 ð2Þ

Table 1. Time domain feature list.

Time domain features

Mean Z1ð Þ 1

N

XN

i = 1
Ti

Max max (T)

Mean absolute deviation 1

N

XN

i = 1
Ti � Z1j j Peak to peak max (T)�min (T)j j

Root mean square
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

PN
i = 1 T2

i

q
Kurtosis N

PN
i = 1 Ti � Z1ð Þ4PN

i = 1 Ti � Z1ð Þ2
� �2

� 3

Skewness 1

N

XN

i = 1

(Ti � Z1)4

1
N�1

PN
i = 1 (Ti � Z1)2

� �2

Absolute energy
PN

i = 1 Tij j2

Average power
PN

i = 1 T2
i

tN � t1

Mean difference 1

N� 1

XN�1

i = 1
Ti + 1 � Tið Þ

Mean absolute diff 1

N� 1

XN�1

i = 1
Ti + 1 � Tij j Median Median(T)

Absolute energy
XN

i = 1
Tij j2
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where F0 is the matrix of standardized features, n is the
number of features.

(3) Eigenvalue decomposition: Decompose the covar-
iance matrix to obtain its eigenvalues and the cor-
responding eigenvectors. Solve for the eigenvalues
li and the corresponding eigenvectors vi of the
covariance matrix C,

Cvi = livi ð3Þ

where li is the eigenvalues and vi is the corresponding
eigenvectors of the covariance matrix C.

(4) Principal component selection: Based on the
percentage of variance (information) contributed
by the components, select the m principal com-
ponents with the largest proportions to form a
vector matrix, which we refer to as the feature
vector V.

(5) Feature projection: Transform the feature matrix
F0 into the new feature space:

P=F0V ð4Þ

where P is the projection of the features in the principal
component space.

The effectiveness of PCA as a dimensionality reduc-
tion tool is widely recognized, especially when the data
are of high dimensionality. PCA is often used to visua-
lize high-dimensional features, reduce noise in the origi-
nal signal, or simplify machine learning inputs. The
principal components extracted by PCA are orthogonal
to each other. This means that each principal compo-
nent is statistically linearly independent of the others.
In the new coordinate system of the data, this ortho-
gonality ensures that there will be no linear correlation
between the features and helps to avoid the problem of

multicollinearity. This property of PCA is essential for
the method proposed in this article.

Proposed methods

Motivation and high-level idea

To establish a concrete and clear health metric for
equipment with defined upper and lower bounds, ide-
ally situated between 0 and 1, adopting a probability
distribution-based approach has become an intuitive
and effective strategy. Mainly, when the distribution of
a specific feature is more pronounced in the tail com-
pared to the distribution associated with a healthy
state, this often indicates that the equipment in ques-
tion is less healthy. More critically, the degree of health
deterioration can be quantified by calculating probabil-
ity values, providing a mathematical basis and support
for equipment maintenance and early warning.

In this section, we will detail how to construct an HI
based on PCA and the concept of the joint cumulative
empirical distribution function, referred to hereafter as
JPCCED-HI. Initially, we utilize the PCA method to
extract key features from a large set of equipment sta-
tus data, which capture the main variabilities in the
data. This approach not only simplifies the data struc-
ture and eliminates feature collinearity but also high-
lights those variables that most significantly impact the
equipment’s health status. Subsequently, based on
these critical features, a joint cumulative empirical dis-
tribution function is constructed. This distribution
reflects the probability of transitioning the equipment
from a completely healthy state to a potential failure
state. Establishing this distribution relies on the cumu-
lative probability changes of the observed feature val-
ues throughout the equipment’s lifecycle, forming a
continuous indicator from 0 to 1 that intuitively repre-
sents the health level of the equipment.

The advantage of the JPCCED-HI method is its
provision of a statistically quantified assessment tool
for equipment health status. It not only indicates

Table 2. Frequency domain feature list.

Frequency domain features

Maximum frequency max (F) Median frequency Median(F)
Mean frequency Z2ð Þ 1

N

XN

i = 1
Fi

Spectral centroid Z3ð Þ XN

i = 1
fi

FiPN
i = 1 Fi

 !

Spectral distance XN

i = 1

i �
PN

j = 1 Fj

N� 1
�
Xi

j = 1
Fj

 !
Spectral entropy �

XN

k = 1

Fi

Z2N
log2

Fi

Z2N

� �

Spectral kurtosis
fi � Z3ð Þ4 � FiPN

i = 1 Fi

Spectral decrease
PN�1

i = 1
Fi + 1�F1

iPN�1
i = 1 Fi + 1
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changes in the health of the equipment but also sup-
ports maintenance decisions with statistical data. This
section will further explore the steps involved in con-
structing JPCCED-HI and the advantages and poten-
tial challenges of this method in practical applications.

JPCCED-HI construction method

The equipment health monitoring process using the
JPCCED-HI is shown in Figure 2. First, for each
moment t, apply the PCA algorithm to the manually
extracted feature set Ft, selecting principal components
that account for a cumulative variance explanation
rate of 97%. This process has two main objectives: to
eliminate the linear correlations among features, which
are crucial for subsequent calculations of the joint
cumulative empirical distribution, and the second is to
reduce data noise and redundancy, thereby enhancing
analytical efficiency. Through the cumulative variance
explanation rate, we can determine how many princi-
pal components need to be retained to effectively rep-
resent the essential characteristics of the data while
ensuring that the data maintain its core structure and
properties after simplification.

Let each moment t be represented by a one-
dimensional vector composed of d principal compo-
nents denoted by p, where the i-th principal component

is represented as p(i). Specifically, samples collected
from the start of the device operation up to a desig-
nated moment are defined as the baseline, and the
principal components are obtained from the healthy
sample principal component set P. The quantity of
baseline samples (QBS) in P is l, with the dimension
also being d. Concatenating p with P forms a matrix,
referred to as Ptest. Let F denote the joint cumulative
distribution function (CDF) across all d dimensions.

For the same monitoring subject, it is assumed that
each p obtained from sampling originates from the
same distribution; thus, each principal component
within P also comes from the same distribution. Then,
according to the definition of the joint CDF F, for any
p 2 R

d ,

F(p) =P P(1)<p(1), P(2)<p(2), . . . , P(d)<p(d)
� �

ð5Þ

The equation is abbreviated as

F(p) =P(P<p) ð6Þ

Therefore, the probability obtained by F(p) is a mea-
sure of how much p deviates to the ‘‘left-tail’’ from a
healthy state: the smaller F(p) is, the smaller the likeli-
hood that a sample taken from p, with each dimension
having the same distribution, will satisfy P<p. This
indicates a deviation from the healthy state of the

Figure 2. Equipment health monitoring process using the JPCCED-HI.
JPCCED-HI, health indicator developed based on the Joint Principal Component Cumulative Empirical Distribution Model.
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equipment at time t. Similarly, 1� F(p) measures the
deviation of p from a healthy state from the right-tail.
Therefore, if F(p) or 1� F(p) is small, it indicates that
the state of the equipment at time t is unhealthy.

However, since we cannot ascertain the true joint
CDF, it must be estimated and simplified for computa-
tional purposes. We can obtain a set of components
with greater independence by using PCA to remove lin-
ear correlations among features, which lead to more
accurate HI assessments. It should be noted, though,
that while the components derived from PCA eliminate
linear correlations, they do not guarantee complete
independence. Nevertheless, for the sake of computa-
tional convenience, we assume that each principal com-
ponent is independent, allowing the joint CDF to be
effectively factorized:

F(p) =
Yd

i = 1

F(i) p(i)
� �

ð7Þ

where F(i) represents the univariate CDF of the i-th
principal component. for any p(i) 2 R,

F(i) p(i)
� �

=P P(i)<p(i)
� �

ð8Þ

A univariate CDF can be precisely estimated using the
empirical cumulative distribution function (ECDF).

L̂F(i) p(i)
� �

:=
1

l

Xl

t = 1

1 P(i)<p(i)
	 


ð9Þ

where 1 is the indicator function that enumerates as 1,
otherwise 0.

Theoretically, we can also use the ‘‘right-tail’’ ECDF
to assess the health status of the monitored object.

R̂F(i) p(i)
� �

:=
1

l

Xl

t = 1

1 P(i) ø p(i)
	 


ð10Þ

Therefore, based on the assumption that each principal
component is independent, we can quickly calculate the
joint left-tail and joint right-tail ECDF for all principal
components.

L̂F(p) =
Yd

i = 1

L̂F(i) p(i)
� �

ð11Þ

R̂F(p) =
Yd

i = 1

R̂F(i) p(i)
� �

ð12Þ

Based on this, we can establish JPCCED-HI.
Considering that some parameters with significant
trends might lead to a very low ECDF for the
corresponding principal component, it is necessary to
set a scale parameter d. If the value of a principal

component at a specific moment is below this scale
parameter, it is set to d. We operate in the negative
logarithmic probability space to optimize performance
and simplify calculations:

LEFT HI= � 1

d

Xd

i = 1

log max L̂F(i) p(i)
� �

, d
� �� �
log (d)

ð13Þ

RIGHT HI= � 1

d

Xd

i = 1

log max R̂F(i) p(i)
� �

, d
� �� �
log (d)

ð14Þ

First, we obtained the left-tail and right-tail ECDF
scores for each principal component at time t. To
address the issue of exceedingly small values caused by
a principal component p being at the extreme edge of
the distribution at time t, we take the maximum value
between L̂F(i) p(i)

� �
and d to lessen this component’s

impact on the HI, while also ensuring that the HI
remains compressed between 0 and 1. This method
proposes to prevent the ECDF from taking values that
are too low and exclude outliers in specific principal
components.

However, we found that using either the left-tail or
right-tail uniformly for each principal component does
not yield good results because we cannot determine in
advance which direction each component will shift as
the equipment’s health deteriorates. Additionally, this
shift might not consistently move in a fixed direction
as the equipment degrades. For instance, there may be
cases where a component shifts toward the left in the
mid-term and then rapidly shifts toward the right in
the later stages. Therefore, we recommend comparing
each principal component of p at time t with the med-
ian of that principal component in the healthy state p,
denoted as Median(P).

a = p�Median(P) ð15Þ

Based on the sign of a(i), decide whether to use the
‘‘left-tail’’ or ‘‘right-tail’’ to assess that principal com-
ponent, and finally, take the average of the scores of
all principal components:

HI= � 1

d

Xd

i = 1

1 a(i)<0
	 


�
log max L̂F(i) p(i)

� �
, d

� �� �
log (d)

"

+ 1 a(i).0
	 


�
log max R̂F(i) p(i)

� �
, d

� �� �
log (d)

#

ð16Þ

Since we operate in the negative logarithmic probabil-
ity space, lower probabilities correspond to higher neg-
ative logarithmic probabilities. Therefore, the closer HI
is to 1, the poorer the health of the equipment, and the
closer it is to 0, the better the health of the equipment.
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Key parameters in JPCCED-HI

The method primarily involves two parameters: the
Quantity of Baseline Samples (QBS), denoted by l, and
the Scale Parameter (SP), denoted by d.

QBS l determines how much data we use to build a
baseline, which is a relatively experience-based para-
meter because the average lifespans of different subjects
under different operating conditions can vary signifi-
cantly. For example, two milling cutters of the same
material and model might only last a few hours when
machining workpiece A, which is very hard, but could
last hundreds of hours when machining workpiece B is
softer and less tough. If l is set too high, the system
might not have collected enough healthy data before
signs of damage appear on the milling cutter used on
workpiece A. Conversely, if l is set too low, the milling
cutter used on workpiece B might still be in its initial
break-in phase, and data on its most stable operating
state might not have been collected. Therefore, we rec-
ommend that l should represent about 0.2–0.3 of the
average lifespan based on the understanding of the life-
span of the object being monitored. In case 1, we will
demonstrate the impact of different QBS on the con-
struction results of the HI.

The SP d mainly serves two functions:

(1) To prevent the ECDF from taking too low values,
which also help exclude outliers in certain princi-
pal components.

(2) To ensure that the HI remains compressed
between 0 and 1.

Since we operate in the negative logarithmic prob-
ability space, a minimal ECDF value for a principal
component can easily result in a disproportionately
large value. Because HI is derived from the mean, such
large values can overshadow the results of other princi-
pal components. We know that 0<L̂F(i) p(i)

� �
<1 and

0<d<1; therefore,

log (d)< log max L̂F(i) p(i)
� �

, d
� �� �

<0 ð17Þ

0<
log max L̂F(i) p(i)

� �
, d

� �� �
log (d)

<1 ð18Þ

Given that the ‘‘right-tail’’ also satisfies the equation, it
follows that

0<HI<1 ð19Þ

This article analyzes two cases to validate the proposed
method’s effectiveness. The first case involves a com-
plete lifecycle dataset of gearboxes collected in 2023 by
our team at Southwest Jiaotong University. In Case 1,
we analyze and demonstrate the impact of different

QBS and SP on the construction results of HI. The sec-
ond case utilized a publicly available bearing
experimental dataset from the PRONOSTIA setup,
which is considered a benchmark dataset for HI con-
struction and lifespan prediction and is widely used by
researchers.

Case study 1: HI construction of gearbox
datasets

Dataset description

In this experiment, vibration signals across the entire
lifecycle of gears operating at a constant speed were
collected. The gearbox setup involved a two-stage par-
allel shaft configuration with rolling drum bearings.
Two CMSONE-TES001T accelerometers were
mounted at the end cap to acquire vibration signals
from the x and y axes of the gearbox’s input shaft.
Vibration signals from the intermediate shaft’s x, y,
and z axes were also collected. Additionally, a photo-
electric sensor was employed to continuously capture
the rotational speed pulse signal from the gear’s input
shaft at a sampling frequency of 12,800 Hz and a sam-
ple duration of 5.12 s. The layout of the experimental
setup is depicted in Figure 3. The positional relation-
ship of the gear set is shown in Figure 4. Specific para-
meters of the test gear type are detailed in Table 3.
Data from the x-axis sensor on the load end was used
for analysis in this study. Furthermore, each set of
8192 data points was segmented into a sample, with
corresponding feature values extracted as indicated in
Tables 1 and 2.

We conducted a series of constant-speed tests on
gears during the experiment to analyze vibration sig-
nals under various load conditions. We meticulously
set multiple conditions to collect data throughout the
entire lifecycle of the gears. Particularly toward the end
of their service life, we observed various fault states,
detailed in Table 4.

Process of constructing JPCCED-HI

In this case, vibration signals from the X-axis of the
intermediate shaft were used because we observed that
the X-axis’s vibration amplitude varied significantly
throughout the entire lifecycle. We extracted manual fea-
tures from the gearbox vibration signals, and Figure 5
illustrates some of these features throughout the entire
lifecycle of the G1 gearbox. Certain features exhibit a
noticeable correlation with the gearbox’s degradation
process. This suggests that these characteristics could be
used to monitor the gearbox’s condition and predict its
future performance.
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By performing PCA and feature extraction on G1
sample data, we have plotted the situation of the
principal components. It is observed that the first eight
principal components have already explained 97% of
the total variance in Figure 6. Therefore, we use the

space constructed by these first eight principal compo-
nents to map the original features, achieving feature
dimensionality reduction. Further, we plotted the joint
distribution of the first three principal components in
Figure 7. We found some correlation between them,
and these principal components do not conform to the
standard normal distribution. Therefore, we adopted a
method based on the joint CDF, which does not
require the feature set to follow a normal distribution
or any other specific distribution model.

The samples were evenly divided into eight groups
according to the sequence of sampling times. Box plots
for the first three principal components were generated
as depicted in Figure 8 to observe distribution changes.
The first box comprises principal component statistics
for samples 1–2937, the second box for samples 2938–
5874, and so forth. Principal Component 1 (PC1) exhi-
bits a strong trend, with the mean of each statistical
stage progressively shifting upward. PC2 and PC3
show weaker trends, with noticeable shifts in distribu-
tion only in the last two statistical stages. We can
quickly identify which principal components signifi-
cantly influence the changes in JPCCED-HI. For
example, if the data from stages 1 to 5 are considered
baseline data, the change in PC1 during the sixth and
seventh statistical stages relative to stages 1–5 is signifi-
cantly more significant than that of PC2 and PC3.
According to equations (9) and (16), it is easy to see
that during this stage, the changes in JPCCED-HI will
be mainly caused by PC1. In stages 8 and 9, since PC1
has already significantly exceeded the baseline range,
its continued increase will not lead to significant
changes in JPCCED-HI due to the constraints of the
scale parameter. The deviations of PC2 and PC3 rela-
tive to the baseline mainly occur in stages 8 and 9, so
the changes in PC2 and PC3 during these stages will
significantly impact the value of JPCCED-HI. It
should be emphasized that we have only analyzed the
first three principal components as examples to explain
the changes in JPCCED-HI to a certain extent.
However, the actual JPCCED-HI value will result
from the combined effects of all selected principal
components.

Additionally, the last three box sizes for principal
components visibly increase, indicating more significant
fluctuations in principal component values. This
suggests that JPCCED-HI may undergo relatively

Table 3. Gear parameter information for secondary drive
gearbox test platform.

Parameters Primary
gear

Secondary
gear

Number of small gear teeth 29 36
Number of large gear teeth 95 90
Small gear tooth width/mm 15 15
Large gear tooth width/mm 15 15
Pressure angle/� 20 20
Modulus/mm 1.5 1.5

Figure 3. Gearbox test platform.

Figure 4. The positional relationship of the gear set.

Table 4. Detailed information of gearbox full lifecycle test dataset under different torque load.

Gear no. Torque load (%) Speed (rpm) Failure modes Sample size

G1 50 40 Pitting gear at load end 26,434
G2 60 40 Broken pinion gear at load end 21,988
G3 70 40 Broken pinion gear at load end 8192
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larger changes during this phase, which is advantageous
for capturing stages of accelerated equipment degrada-
tion. PC1 and PC2 shift toward higher values, whereas
PC3 shifts toward lower values, underscoring the
importance of using both ‘‘left-tail’’ and ‘‘right-tail’’
ECDF.

During the construction of the JPCCED-HI, the
parameter settings were as follows: Scale at 0.02, QBS
at 5000, and the number of PCA components at 8.
This configuration means that the first 5000 features of
vibration data were used as the health samples. The
first eight principal components were utilized to build
the HIs. Median smoothing was applied to these HIs.
As shown in Figure 9, the results indicate that all HIs
are between 0 and 1, demonstrating good trending
characteristics.

Key parameter analysis

To more clearly demonstrate the effectiveness of the
method proposed in this article, we conducted a
detailed analysis, sequentially comparing the specific
impacts of different parameters QBS and SP on the
analysis results. First, we adjusted the QBS parameter
to observe its influence on the calculation and trend
analysis of HIs. Subsequently, we changed the SP para-
meter to analyze how this scale parameter affects the
construction results of the model’s HIs. Through this
approach, we could thoroughly illustrate the specific
effects of each parameter setting on the final results,
thereby validating the reliability and applicability of
the method proposed in this article. This comparative
analysis enhances the understanding of the method
and provides data support and a theoretical basis for
future applications and optimizations.

To set the QBS parameter, we must have an initial
understanding of the overall lifespan of the monitoring
device. It is recommended that the first 20%–40% of
the estimated lifespan of the target monitoring device
be defined as healthy data, serving as a baseline for the
model. Subsequent data collected will be compared
against this benchmark using the algorithm proposed
in this study to calculate HIs. In this experiment, the
QBS values were set at 1000, 3000, 5000, and 7000 to
observe the changes in the HIs of three gearboxes.
Figure 10 shows that due to different QBS settings, the
starting points for monitoring the three gearboxes vary.
Although the quantity of different training samples
may affect the assessment of HIs by the model pro-
posed in this article, all models exhibit similar trends.

We explore the impact of different scale factors on
the HI curves. Under constant conditions, we com-
pared the changes in the HI curves when the scale

Figure 5. Peak and root mean square (RMS) of vibration signals throughout the gearbox lifecycle: (a) peak and (b) RMS.
JPCCED-HI, health indicator developed based on the Joint Principal Component Cumulative Empirical Distribution Model.

Figure 6. Principal component explained variance ratio of G1.
JPCCED-HI, health indicator developed based on the Joint Principal

Component Cumulative Empirical Distribution Model.
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Figure 7. Distribution of the first three principal components and scatter plot matrix of G1.
JPCCED-HI, health indicator developed based on the Joint Principal Component Cumulative Empirical Distribution Model.

Figure 8. Distribution changes of the first three principal components of G1 throughout its lifecycle: (a) PC1, (b) PC2, and (c) PC3.
JPCCED-HI, health indicator developed based on the Joint Principal Component Cumulative Empirical Distribution Model.
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factor was set at 0.001, 0.01, 0.1, and 0.2. Figure 11
clearly shows that the smaller the scale factor, the lower
the HI values at corresponding times. However, since
the range of HIs is between 0 and 1, a too-large scale
factor might compress the HI values within a narrow
range, thereby obscuring the precise depiction of the
equipment’s health deterioration process. Based on this
finding, we recommend that the scale factor chosen for
practical applications should be less than 0.01 to track
and reflect the health status of the equipment more
accurately.

We did not attempt larger QBS and SP values. As
the total sample size for G3 is 8191, if the QBS value
continues to increase, G3 will already have faults
before entering the HI evaluation stage. When the SP
value is 0.2, it shows a higher value at the initial stage

of HI monitoring, which is not conducive to monitor-
ing the health status of the equipment.

Online monitoring capability

According to the formulas in the JPCCED-HI con-
struction method, it is evident that JPCCED-HI has
O(nd) time and space complexity, and we break down
the analysis in steps. In the estimation steps, comput-
ing ECDF for all d dimensions using QBS l samples
leads to O(ld) time and space complexity. In the aggre-
gation steps, tail probability calculation and aggrega-
tion also lead to O(ld) time and space complexity.

We measured the average runtime of the algorithm
on our device, which runs Windows 11 and is equipped
with a 13th Gen Intel(R) Core(TM) i5-13600K

Figure 9. JPCCED-HI construction results for three gearboxes: (a) G1, (b) G2, and (c) G3.
JPCCED-HI, health indicator developed based on the Joint Principal Component Cumulative Empirical Distribution Model.

Figure 10. JPCCED-HI construction results for three gearboxes under different QBS parameter conditions: (a) G1, (b) G2, and
(c) G3.
JPCCED-HI, health indicator developed based on the Joint Principal Component Cumulative Empirical Distribution Model; QBS, quantity of baseline

samples.
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3.50 GHz processor and 32 GB of RAM. This mea-
surement only includes the time from inputting the
original data features into the algorithm to obtaining
the JPCCED-HI results. It does not include the time
taken for feature extraction. We believe different sensi-
tive features can be tested based on the specific task
requirements. Therefore, the feature extraction time
was not considered in the runtime calculation. As
shown in Figure 12, when QBS is set to 5000, the aver-
age runtime for online evaluation of HIs G1, G2, and
G3 is 4.25, 4.25, and 4.21 ms, respectively, with an
overall average runtime of 4.24 ms. This demonstrates
that the method meets the requirements for online
evaluation.

We evaluated the impact of different QBS values on
the online performance of HIs. It can be seen in Figure
13 that as the QBS value increases, the average
response time also shows a linear increase. When the
QBS is below 11,000, the response time remains within
10 ms. Therefore, we must pay attention to the QBS
value and avoid enormous QBS values to ensure a fast
response time. If the device has a long lifespan, it
means that during the baseline data collection phase,
increasing the data sampling interval can be used to
reduce the QBS value.

Anti-interference capability

To comprehensively assess the anti-interference capa-
bility of the algorithm developed in this study, we delib-
erately introduced white noise of varying magnitudes
into the original data for testing. The signal-to-noise
ratio (SNR) was initially set at 30 dB and reduced by
1 unit in each experiment until reaching a minimum
level of 5 dB. We used the method proposed in this
article to extract HIs from vibration signals with SNRs

Figure 12. JPCCED-HI algorithm response time.
JPCCED-HI, health indicator developed based on the Joint Principal

Component Cumulative Empirical Distribution Model.

Figure 11. JPCCED-HI construction results for three gearboxes under different SP conditions: (a) G1, (b) G2, and (c) G3.
JPCCED-HI, health indicator developed based on the Joint Principal Component Cumulative Empirical Distribution Model.

Figure 13. Relationships between the inference time of
JPCCED-HI and QBS parameters.
JPCCED-HI, health indicator developed based on the Joint Principal

Component Cumulative Empirical Distribution Model; QBS, quantity of

baseline samples.
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of 5, 10, 20, and 30 dB, with the corresponding results
displayed in Figure 14. These charts demonstrate that
even under extreme noise conditions, the algorithm still
maintains good results in constructing HIs, showcasing
its exceptional noise resistance. The stability and accu-
racy of the system under various SNR conditions con-
firm our algorithm’s advanced design and practicality,
especially in dealing with common noise disturbances
in real-world scenarios.

Figure 15 illustrates the changes in mean absolute
error between the HIs extracted by the algorithm and
those constructed from the original signal within a
SNR range of 5–30 dB after adding white noise. Figure
15 shows that when the SNR is above 15 dB, the aver-
age deviation of the HIs obtained by the algorithm
remains below 0.05. This indicates that even in the

presence of some noise interference, the extracted HIs
are very close to those obtained from the original signal
under noise-free conditions. This result highlights the
superior performance of the algorithm in resisting noise
interference. Moreover, even at lower SNRs, such as
within the 5–15 dB range, the deviation in HIs remains
acceptable, further demonstrating the algorithm’s abil-
ity to maintain indicator accuracy under different noise
environments. These findings are of significant practi-
cal importance for handling noise interference in sig-
nals in real applications and provide solid data support
for the future application of this technology in more
challenging environments.

Case study 2: HI construction of bearing
dataset

Dataset description

In Case 2, we selected the vibration signal dataset from
the ‘‘IEEE PHM 2012 Prognostic Challenge.’’ The
dataset is derived from an experimental system named
PRONOSTIA, as illustrated in Figure 16. The bearing
model tested is NSK 6804DD. This dataset includes a
series of run-to-failure experiments under three differ-
ent load-speed conditions. Table 5 details the condi-
tions of the bearings under each scenario, including
load and speed. The sampling frequency for the vibra-
tion signals is 25.6 kHz, with signals sampled every
10 s for a duration of 0.1 s. Testing of all bearings is
immediately halted if the vibration signal amplitude
exceeds the critical threshold of 20 g. During testing,
each bearing undergoes natural degradation to avoid
premature failures. Due to the diversity among differ-
ent bearings and the randomness of the degradation
processes, the failure modes of different bearings may
vary slightly. For more detailed information on the test

Figure 14. JPCCED-HI construction results for three gearboxes under various SNR conditions: (a) G1, (b) G2, and (c) G3.
JPCCED-HI, health indicator developed based on the Joint Principal Component Cumulative Empirical Distribution Model; SNR, signal-to-noise ratio.

Figure 15. MAE values of JPCCED-HI under 5–30 SNR
conditions compared to the original un-noised signal.
JPCCED-HI, health indicator developed based on the Joint Principal

Component Cumulative Empirical Distribution Model; MAE, mean

absolute error; SNR, signal-to-noise ratio.
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platform and experiments, please refer to Nectoux
et al.32 As the methodology of this study requires suffi-
cient QBS to establish a baseline for each bearing, sev-
eral bearings with sample sizes below 1500 were
excluded. Consequently, six bearings, specifically bear-
ing numbers 1_1, 1_3, 1_7, 2_3, 2_5, and 3_2 were
selected for this experiment. These six bearings cover
all three operational conditions used in the experi-
ments, enabling the verification of whether the method
can address the construction of HIs under different
operating conditions.

Comparison model

This article presents a health-stage data training model
for constructing HI that monitors the health status of
equipment without the need for labeled data or fault

data. To comprehensively evaluate and validate the
superiority of our model, we compared it with five dif-
ferent types of healthy-state data training HI methods.
These comparative methods include those based on
statistical features, distance-based methods, similarity-
based methods, and methods based on reconstruction
error. Each method was tested on the same dataset to
ensure consistency and fairness in the evaluation.

� RMS-HI, a HI that evaluates the overall condition
of machinery by calculating the root mean square
of vibration signals, thereby reflecting the equip-
ment’s energy levels and identifying potential
issues.

� SOM-HI, utilizes SOMs, a type of artificial neural
network, to visualize and cluster machine data,
allowing for the detection of anomalous patterns
that indicate equipment degradation.

� MD-HI, measures the statistical distance between a
normal operational point and the current opera-
tional state of the machine.

� AE-HI, employs autoencoders (AE) to model and
reconstruct operational data, effectively highlight-
ing discrepancies that could signify machine faults.

� RS-HI, compares the related-similarity of current
machine signals to a set of baseline signals to deter-
mine relative changes over time.

In this article, the JPCCED-HI method introduces
two key parameters: SP is set at 0.01, and QBS is set at
900. To control variables, all methods used in this
study utilize manually extracted features mentioned
earlier in the text to construct HIs, ensuring consis-
tency in experimental conditions. Additionally, all
models employ the same median sliding average to
smooth the data and reduce random fluctuations, aid-
ing in a more accurate performance assessment of the
models.

It should be emphasized that this article does not
compare the proposed HI construction method with
traditional methods that use full lifecycle data for HI
construction. This decision is based on two primary
considerations: first, methods using full lifecycle data
(typically supervised HI construction methods fall into
this category) are generally not suitable for the health
status monitoring needs addressed in this article under
no-failure data conditions, as they require a pre-labeled
full lifecycle dataset for model training, which is quite
demanding for practical industrial applications.
Second, the effectiveness of supervised methods largely
depends on the quality and quantity of the training
samples, making a direct comparison with our pro-
posed method potentially unfair. Therefore, this article
explores and validates the potential and practical value

Table 5. Detailed information of bearings full lifecycle test
dataset under different working conditions.

Bearing no. Speed (r/min) Load (N) Sample size

1_1 1800 4000 2803
1_2 1800 4000 871
1_3 1800 4000 1802
1_4 1800 4000 1139
1_5 1800 4000 2302
1_6 1800 4000 2302
1_7 1800 4000 1502
2_1 1650 4200 911
2_2 1650 4200 797
2_3 1650 4200 1202
2_4 1650 4200 612
2_5 1650 4200 2002
2_6 1650 4200 572
2_7 1650 4200 172
3_1 1500 5000 515
3_2 1500 5000 1637
3_3 1500 5000 352

Figure 16. PHM2012 bearing experimental platform.
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of the health-stage data training model in equipment
health monitoring.

To quantitatively assess the performance of the pro-
posed method, the following two metrics and a compo-
site result of these metrics are used for evaluation.

Trendability: It is designed to measure whether HI
trends are the same with the run-to-failure degradation
as follows:

Tred(H , T) =

PK
k = 1

hk � �Hð Þ tk � �Tð Þ
����

����ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPK
k = 1

hk � �Hð Þ2
PK
k = 1

tk � �Tð Þ2
s ð20Þ

where �H = 1
K

PK
k = 1 hk and �T = 1

K

PK
k = 1 tk . K is the num-

ber of HI and hk is the k-th HI at time tk .
Scale similarity: This metric assesses the scale simi-

larity of HIs, representing the similarity of HIs range
among different cutting tools. Its formula is given by,

Scales(H) =
1

N

XN

j = 1

1�
hj
max � hmax

�� ��+ h
j

min � hmin

�� ��
len Hð Þ+ len Hjð Þ

 !

ð21Þ

where N is the number of bearings in the experiment.
hmax and hmin denote the maximum and minimum val-
ues of H aimed at the selected bearings, respectively.
hj
max and h

j

min indicate those values aimed at the j-th
bearings left. len Hð Þ and len Hjð Þ mean the range of H

aimed at the selected bearings and the j-th bearings left
respectively.

The two metrics estimate different properties of a
HI. To comprehensively assess the suitability of a HI,
a composite metric (Cme) is proposed as follows:

Cme=
Tred+ Scales

2
ð22Þ

Comparison result

The HI results of the six models are shown in Figure 17.
All HI methods correlate with the lifespan of the bear-
ings, reaching relatively high values at the end-of-life
stages, which reflect a poorer health state of the equip-
ment. However, there are significant variations in the
scale of HIs for different bearings across RMS-HI,
SOM-HI, MD-HI, and AE-HI, especially toward the
end of life. These differences in magnitude among
various bearings make it challenging to determine a
consistent failure threshold. On the other hand, the
similarity-based indicator, through its algorithmic
design, effectively ensures that its values remain between
0 and 1. However, this method is sensitive to even minor
changes in features. It can be observed that the RS-HI

health indicator tends to show unstable fluctuations in
the early stages of equipment monitoring. For instance,
Bearing1_7 showed a peak value close to 1.0 at the
beginning of the monitoring, while Bearing3_2 reached
an initial peak of 0.8.

In the bar graph of Figure 18, different bearings
serve as the horizontal axis, with trendability, scale
similarity, and the composite indicator represented by
different colors of the bars. It is evident that, compared
to other control groups, the method proposed in this
article achieves the highest composite indicator scores
across multiple bearings. The average values of all
metrics for six bearings were calculated and are dis-
played in Table 6. The results similarly indicate that
JPCCED-HI is superior compared to other HIs.
Moreover, this method effectively ensures that the con-
structed HIs consistently remain within the 0–1 range,
significantly outperforming other indicators.

This ability to maintain HIs within the 0–1 range
not only simplifies the setting of failure thresholds but
also enhances the reliability and practicality of the
health monitoring system. The consistency and predict-
ability of the indicator values facilitate a smooth and
accurate transition from experimental data to real-
world applications. By comparing the HIs across differ-
ent bearings, this method also shows high consistency
and comparability across devices, which are particu-
larly important for the health management of multi-
bearing systems.

In summary, the HI construction method based on
health-stage data training proposed in this article not
only outperforms other methods in composite evalua-
tion but also exhibits significant practical advantages
in maintaining consistency of indicators and achieving
health monitoring across devices, providing a new and
effective tool for the field of equipment health
monitoring.

Conclusion

This study proposes the JPCCED-HI method for con-
structing HIs using healthy-state data. By leveraging
PCA and the concept of the joint ECDF, it establishes
robust HIs constrained within the 0–1 range. This
method does not require the preconstruction of a full
lifecycle dataset for training, nor does it restrict the
operational conditions of the monitored objects, as it
builds baselines entirely based on these objects’ current
health state data. It theoretically ensures that HIs stay
between 0 and 1, addressing common challenges in
existing HI construction methods. Comprehensive
analyses in two case studies—one on gearbox datasets
and the other on publicly available bearing datasets—
demonstrate the effectiveness of the JPCCED-HI. The
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Figure 17. HI results constructed for six test bearings in the PHM2012 dataset by six different healthy state data training models:
(a) RMS-HI, (b) AE-HI, (c) MD-HI, (d) SOM-HI, (e) RS-HI, and (f) JPCCED-HI.
HI, health indicator; JPCCED-HI, health indicator developed based on the Joint Principal Component Cumulative Empirical Distribution Model; MD,

Mahalanobis Distance; RMS, root mean square; RS, related-similarity; SOM, self-organizing map.

Figure 18. Assessment results for HIs trendability, scale similarity, and condition monitoring on six bearings using six different
healthy-state data training models: (a) trendability, (b) scale similarity, and (c) Cme.
Cme, composite metric; HI, health indicator.
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robust model maintains accurate HI construction even
in high-noise conditions, highlighting its practical
advantages in real applications. Additionally, the scal-
ability of JPCCED-HI enables its application across
various types of machinery and operational environ-
ments, demonstrating its extensive industrial potential.

Based on these findings, future research could
explore integrating JPCCED-HI with real-time data
acquisition systems for dynamic health monitoring and
introducing adaptive parameter setting methods to
simplify algorithm application.
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