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A B S T R A C T

Anomaly detection (AD) plays a key role in condition monitoring (CM) to ensure the machine system’s operating
reliability and safety. When machinery operates under time-varying operating conditions (TVOCs), interference
from varying operating conditions (OCs) exacerbates the difficulty of AD. To address this issue, a Disentangled
Representation Learning(DRL) approach is proposed to dissociate the features linked with OCs and operating
states (OSs). Expanding on the pre-existing Variational Autoencoder (VAE), Distribution Constraint Decompo-
sition (DCD) is proposed as a regularization approach, which implements a loose-tight constraint depending on
Kullback-Leibler(KL) divergence to enforce prior constraints on the latent features. As a result, DCD-VAE, which
enables the selective allocation of different types of information, achieving disentanglement between OCs’ in-
formation and the OSs’ information, is proposed in this paper. An anomaly indicator(ANI) constructed based on
the OSs features enables AD. Simulation and experiments validate the substantial advantage of the proposed
approach over comparable methods, facilitating the timely and precise identification of mechanical faults.

List of Main Abbreviations
AD Anomaly Detection
ANI Anomaly Indicator
CM Condition Monitoring
CVAE Conditional Variational Autoencoder
DCD Distribution Constraint Decomposition
DRL Disentangled Representation Learning
DSMDA Deep Sequence Multi-Distribution Adversarial
ELBO Evidence Lower Bound
FDCVAE Feature Disentanglement Conditional VAE
GI Gini Index
HI Health Indicator
KL Kullback-Leibler
MI Mutual Information

MPN Multiple Pattern Normality
MRRAE Memory Residual Regression Autoencoder
OCs Operating Conditions
OSs Operating States
PCA Principal Component Analysis
PDF Probability Density Function
RE Reconstruction Error
RMS Root Mean Square
ROC Receiver Operating Characteristic
TVOCs Time-Varying Operating Conditions
VAE Variational Autoencoder

1. Introduction

Condition monitoring (CM) serves as a preliminary procedure for the
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health management of industrial machines, and monitoring the condi-
tion of machines with the use of monitoring information is of utmost
importance in maintaining the reliability and safety of industrial pro-
cesses [1–3]. CM involves regularly collecting and analyzing data from
various sensors to identify changes in the equipment’s behavior and
detect potential issues before they escalate into major problems [4,5],
and this is where anomaly detection(AD) comes into play. AD enables us
to detect outliers and unusual patterns in the data by using advanced
statistical techniques and machine learning algorithms [6,7]. The ap-
proaches applied in AD for machines can be categorized into two main
groups, the first one can be considered the expert-knowledge-based
method, based on the insight into the principles of anomalies, features
related to anomalies can be extracted from monitoring data and used for
anomaly identification [8–10]. The other group is the data-driven-based
method, which is a technique used to automatically identify unusual
patterns or outliers in data sets. Data-driven methods are unbiased as
they rely solely on the data to detect anomalies, rather than on pre-
defined rules or assumptions. This makes data-driven AD techniques
adaptable and suitable for a wide range of applications in industrial
processes [11,12].

The data-driven AD can also be classified into supervised and un-
supervised categories. Supervised AD requires labeled data [13–15],
where each data is classified as normal or anomalous. The model is
trained on labeled data and learns to identify anomalies based on the
patterns in the labeled data. However, obtaining labeled data can be
challenging in industrial applications. On the contrary, unsupervised AD
does not require labeled data and can detect anomalies based on de-
viations from normal behavior. It uses machine-learning techniques to
identify patterns in the data and identify any deviations from the ex-
pected behavior [16]. As one of the most attractive technologies for AD,
learning feature representation of normality has been realized by some
exquisitely designed neural networks as deep learning flourishes. For
instance, the autoencoder [17] and generative adversarial network [18]
are widely utilized in industrial machines [19,20], such as bearing
[21–23] and Maritime Components [24].

However, unsupervised methods can also produce miss alarms or
false alarms when the bias is introduced into the feature representation
due to the presence of multiple pattern normality (MPN) in the moni-
toring data that is utilized as training data. For instance in industry, the
variation of operating conditions(OCs, which is related to characteristics
such as speed, load, temperature, humidity, etc. that are either subjec-
tively imposed by humans or objectively present in the environment) of
a machine in the normal operating states (OSs, which are related to
characteristics such as operational performance, state of health, and the
presence of faults.) can cause the MPN to emerge in the monitoring data
(which means healthy or normal machines can generate different kinds

of normal monitoring data when they are operating under different
OCs). In such cases, effective AD requires expert interpretation to
determine the actual anomalies for each pattern normality (such as
thresholds need to be determined independently for each OC). Classic
AD methods that are based on the reconstruction error (RE) of the
autoencoder are taken as an example to illustrate the MPN that existed
in the AD, as shown in Fig. 1. The left side of the figure illustrates two
scenarios of TVOCs that could lead to missed and false AD in traditional
autoencoder-based AD, where OCs type A corresponds to missed AD,
while OCs type B corresponds to false AD. When machines are operating
under TVOCs, there are N kinds of patterns that represent the normality
of machines underN different OCs(in type A, N= 5; in type B, N= 2) and
are used as training data x to train the autoencoder, and the distribution
of training samples vary due to the influence of different OCs, as illus-
trated by the probability density functions in Fig. 1, the RE is calculated
based on the quantification of similarity of the original samples x and its
reconstruction x̂ (as the reconstruction loss shown in the figure), which
can force the autoencoder to fit the training data and thus the feature
representation can be learned and represented by the latent feature z.
However, as the successful reconstruction of training samples relies on
minimizing RE, the latent features inevitably preserve the distributional
differences of each training sample caused by variations in OCs (as the
feature visualization part shown in the figure). As a result, the RE for
training samples belonging to different OCs varies and makes it impos-
sible to provide a unified optimal anomaly threshold that can adapt to all
various OCs(as reconstruction loss shown in the upper middle part of the
figure), with the utilization of the RE as the ANI during the deployment
stage [21,25]. Consequently, false positives (false alarms) and false
negatives (miss alarms) are likely to occur in AD, significantly reducing
the accuracy and reliability of AD. Furthermore, to the best of our
knowledge, there is scant research that addresses the issues arising from
TVOCs in the process of machine AD or proposes corresponding
solutions.

Recent works [5,26] first proposed the conditional disentangled
representation learning(DRL) [27–29] approaches to address this MPN
challenge for AD of Machines, the OCs information is introduced to the
DRL model by constructing a side OCs feature coding branches network,
thus the feature disentanglement [30,31] is conditionally realized(i.e.,
the need for accurate OCs’ information that is aligned with the moni-
toring signal). However, an obvious shortcoming of these methods is
highlighted when OCs’ information is not available. To address this
drawback and enable the method to have a broader scope of application,
it is important to propose a method that can be applied to machines AD
considering the unavailability of OCs’ information. Inspired by the
variational autoencoder [32] (VAE) and its improvement β-VAE [33],
this paper proposes an unsupervised AD method based on distribution

Fig. 1. The illustration of MPN encountered in the AD based on RE of the autoencoder. The vectors x in different colors represent model input monitoring data
generated under various OCs, each with a distinct probability density function (PDF).
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constraint decomposition(DCD) of the latent feature of VAE, which is the
so-called DCD-VAE. The monitoring signals are as input to the proposed
network without OCs signal, and two different levels of distribution
constraints by two weight parameters βo and βs are imposed on the two
separated sub-features that represent different information of the input
data. The proposed method hypothesizes that there is inconsistency in
the data distribution characteristics caused by discrepancies in infor-
mation between OCs-related features and OSs-related features. The
separation of information in latent features can be achieved by imposing
different degrees of distribution constraints in the latent feature, where a
low degree of constraint will make the OCs-related information flow
more toward it, while a high degree of constraint will make the
OSs-related information flow more toward it. Due to human interven-
tion, the information on OCs does not conform to a Gaussian distribu-
tion, which is different from the information associated with the OSs
[26]. Therefore, the DRL can be realized through the DCD based on VAE,
and the AD of machines operating under TVOCs can only be imple-
mented based on the OSs information without the interference of the
varying OCs. Thus, more accurate and reliable AD of machines can be
achieved. The main contributions of this paper can be concluded as
follows:

(1) This study addresses the underexplored issue of data-driven AD in
machine operations under TVOCs, resolving the resulting false
positives and negatives is crucial for industrial applications.

(2) The unsupervised AD of machines operating under TVOCs is
realized through DRL without the extra OCs’ information. It has a
better generalization and application scope, due to its need for
less auxiliary information

(3) DCD-VAE is proposed to learn the disentanglement feature of the
input data, the disentanglement is achieved through two different
levels of distribution constraints based on the divisibility of the
distribution of entangled features.

(4) Simulation and experiment verify the effectiveness of feature
disentanglement between the OCs-related feature and OSs-
related features, and further, the superiority of AD based on the
disentangled OSs-related features.

This paper is organized as follows. Section 2 introduces the DRL. In
Section 3, The DCD-VAE and theoretical guidelines are provided. The
simulation and the accelerated degradation test on bearing in Section 4
further evaluate the proposed method. Finally, the conclusion of this
paper is in Section 5.

2. Disentangled representation learning-DRL

As a feature representation learning technique, DRL provides access
to disentangled representations that can reflect the data in a composi-
tional structure perspective [34], which differs from other representa-
tion learning such as vanilla autoencoder. DRL aims to learn a
representation that axis aligns with the generative factors of the data

and can be achieved through an autoencoder- liked network, as shown in
Fig. 2, each element of the learned disentangled feature of the letter S
characterizes the independent generative factor.

In general, there are states that describe the object in the world, and
these states are the generative factors of the data, such as the color, and
size of the letter S in Fig. 2. Observations are defined as the manifesta-
tions of these generative factors as perceived through various means,
such as the samples of letter S in the right of Fig. 2. The generative
process assumes that it can produce observations based on several states.
Different observers can yield different observations of the same state. For
instance, a machine operating in a specified state can be observed
through vibration, sound, and other sensors.

The inference process is the counterpart of the generative process,
wherein a model takes observations as input and produces a represen-
tation of states. Typically, this representation is a vector. The entire
process, from the states of the object to the model’s representation, can
be described by a composite mapping that forms a bijection between the
states and the model’s representation. This mapping is considered a
disentangled mapping, and the model’s representation is a disentangled
representation of the observations.

In other words, a bijection mapping indicates that the disentangled
representation can be decomposed into several subgroups, each inde-
pendently connected to specific states. Variations in each subspace of the
representation affect only the corresponding states, leaving all other
states unaffected, and vice versa. This property is crucial for accurately
modeling system dynamics and improving AD capabilities by ensuring
that the model can separately and effectively capture the variations due
to different underlying factors.

Formally, let S and O be the sets of states and observations, respec-
tively. The generative process is denoted as G: S→O, and the inference
process is I: O→Z. Let Z be the set of the disentangled representation in
vector space. Assume that the composite mapping F:S→Z is a combi-
nation of G and I, and defines the numerical disturbance ΔdSi on the i th
state si and ΔdZi on the i th subgroup zi of representation. The goal of DRL
is to find the mapping F that the following equation is satisfied:

F
(
ΔdSi ∗ si

)
= ΔdZi ∗ F(si), si ∈ S (1)

Where the ∗ denotes the disturbance operator, we define this
disturbance operator as an algebraic operation considering the need for
mathematical modeling. Eq.(1) shows that the disturbance ΔdSi can
commute with mapping F but may be in another kind of form ΔdZi . Thus,
if the mapping F exists and Eq. (1) is satisfied, the feature z is a disen-
tangled feature with respect to disturbance ΔdSi and ΔdZi , and the com-
posite mapping F is a bijection mapping.

To construct the model that satisfied Eq.(1) for mapping the states s
into a disentangled representation z. The VAE network is introduced
since it also has the inference and generative process. Same as the
structure shown in Fig. 1, the VAE has the encoder and decoder struc-
ture, as shown in Fig. 3. The encoder portion of a VAE Eϕ yields an
approximate posterior distribution qϕ(z|x) that is parameterized on a
neural network with weight ϕ, and the decoder portion of VAE Dθ yields
a likelihood distribution pθ(z|x) parametrized on a neural network with
weights θ. The input data x ∈ R1×n is first input into the encoder Eϕ and
the latent feature z is obtained through the posterior distribution
approximation qϕ(z|x), this encoding process is the inference process
that the posterior distribution approximation qϕ(z|x) needs to approxi-
mate the true posterior probability pθ(z|x), and the Kullback-Leibler (KL)
divergence is used as the measures [35]:

DKL
(
qϕ(z|x) ‖ pθ(z|x)

)
= Ez∼qϕ(z|x)

[

log
qϕ(z|x)
pθ(z, x)

]

+ logpθ(x) (2)

Where DKL(⋅ ‖ ⋅) is the calculation of KL divergence, logpθ(x) is the
log-likelihood of input data x. Then the log-likelihood function goes:

Fig. 2. The Schematic of the DRL process based on the letter S.
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logpθ(x) = DKL
(
qϕ(z|x) ‖ pθ(z|x)

)
− Ez∼qϕ(z|x)

[

log
qϕ(z|x)
pθ(z, x)

]

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟
L (x,ϕ,θ)

(3)

Since the DKL is non-negative, L (x,ϕ, θ) is the Evidence lower bound
(ELBO) of the log-likelihood function logpθ(x). Thus, to train the VAE
model to fit the input data x, the maximum of logpθ(x) given the model’s
parameters ϕ and θ can be approximated by maximizing the following
form of ELBO [35]:

ϕ∗, θ∗ = argmax
ϕ,θ

L (x,ϕ, θ)

= argmax
ϕ,θ

[
Ez∼qϕ(z|x)[logpθ(x|z)] − DKL

(
qϕ(z|x)‖ pθ(z)

)]
(4)

In this way, the VAE model can be trained based on the training data
x by optimizing the above equation. Next, in the specific implementa-
tion of the VAE model, The real posterior distribution pθ(z) in Eq.(4) is
set as the standard multivariate Gaussian distribution N (0, I), and the
latent feature z ∈ R1×n in VAE can be calculated through Eq.(5):

z = μϕ(x) + σϕ(x)∘e (5)

Where e ∈ R1×n is the auxiliary vector that follows the standard
Gaussian distribution N (0, I), ∘ denotes Hadamard oper-
ator.μϕ(x) ∈ R1×n, σϕ(x) ∈ R1×n are the mean and variances vectors that
are calculated by the output of the encoder Eϕ. The maximization of
logpθ(x|z) is implemented as the minimization of ‖ x − Dθ(z)‖2

2, which is
so-called as the RE. Combining the calculation of KL divergence, the
optimization of ELBO can be implemented as the following Eq.(6):

argmax
ϕ,θ

L (x,ϕ, θ) = argmin
ϕ,θ

[

Ez∼qϕ(z|x)
[
‖ x − Dθ(z) ‖2

2
]
+

1
2
(
Nσϕ(x)2

+ μϕ(x)
2
− 2Nlogσϕ(x)

)
] (6)

Based on the VAE structure, β-VAE was proposed to realize the DRL
by imposing an extra weight parameter β on the KL divergence term in
Eq.(4). Thus, the ELBO of β-VAE can be rewritten as:

L (x,ϕ, θ) = argmax
ϕ,θ

[
Ez∼qϕ(z|x)[logpθ(x|z)] − βDKL

(
qϕ(z|x)‖ pθ(z)

)]
(7)

In general, the parameter β is larger than 1 (when β=1, β-VAE is
degraded to the vanilla VAE) to push the posterior distribution qϕ(z|x)
more toward the prior distribution pθ(z). Further, the decomposition of
the KL divergence term yields [36]:

DKL
(
qϕ(z|x)‖ pθ(z)

)
= Ez∼qϕ(z,x)

[

log
qϕ(z|x)pθ(x)
qϕ(z)pθ(x)

]

+ Ez∼qϕ(z)

⎡

⎢
⎢
⎢
⎣

log
qϕ(z)

∏n

j=1
qϕ
(
zj
)

⎤

⎥
⎥
⎥
⎦
+
∑n

j=1
log

qϕ
(
zj
)

pθ
(
zj
) (8)

Where zj is the j-th dimension of the latent variable z. In the above Eq.
(8), The first term is the index-coding mutual information(MI), which is
related to the MI between sample x and the latent feature z. Higher MI
indicates better disentanglement. The second term is total correlation,
representing the degree of interdependence among the variables zj in the
latent variable space. A heavier penalty on total correlation indicates
stronger statistical independence among the variables zj in the posterior
probability distribution. The last term is the measurement of the
divergence between the marginal distribution qϕ

(
zj
)

of zj and the prior
distribution pθ

(
zj
)
, indicating that the dimensions of each latent variable

should not deviate too much from the dimensions of the prior latent
variable. It is apparent that the second term is going to ensure the
disentanglement of the latent feature z when the KL divergence is get-
ting smaller, but the side-effect is that the MI between x and z is elim-
inated. The capability of disentanglement of β-VAE can also be
illustrated by the information bottom neck [37] in the information
theory, in which the KL divergence forces the latent feature z to abandon
the MI with the sample x.

3. Methodology

3.1. Motivation

Back to the MPN problem shown in Fig. 1, and start from the infor-
mation bottleneck perspective. The information flow diagram when
training β-VAE is demonstrated in Fig. 4. Assume that the probability of
OCs is p(o), the relationship between OCs and monitoring data x is
bijection mapping(It is believed that the machine working under
different OCs will produce different distributions of monitoring infor-
mation [38,39]), and each pattern normality in the training data follows
the conditional probability p(x|o). If the randomness present in the
sample x is ignored and the bijection mapping assumption is combined,
then the conditional probability of each pattern normality can be
considered the same as the OC’s probability:

Fig. 3. The general structure of VAE. The x̂ is the reconstructed input via the
generative process, which is the same as the Dθ(z) denoted in the main text.

Fig. 4. Information flow diagram in β-VAE. The H(⋅) denotes the information
entropy. The upper red-marked information GAP represents the state of in-
crease or decrease in the OCs’ information within each variable throughout the
entire process, from the input sample xi, to the latent variable zi, and then to the
reconstructed sample x̂i during the training process. The lower blue-marked MI
similarly indicates the changes in MI between each variable and the OCs during
the network transmission process.

H. Zhou et al.
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p(x|o) = p(o) (9)

This implies that disregarding randomness, the variability informa-
tion among samples in the monitoring data x only retains the parts
associated with OCs. The distribution of the OCs corresponds to the
distribution of the training samples. Consequently, the MI between the
OCs o and the corresponding training sample x is as follows:

I(x,o) = EoDKL(p(x|o)‖ p(o)) = EoDKL(p(o)‖ p(o)) (10)

It suggests that strong correlation between the sample x and OCs o.
On the one hand, if the β-VAE is utilizing and training for AD, the strong
penalty induced by the parameter β on the KL divergence term in Eq.(7)
during the training stage will degrade the MI I(x, z) between each
sample x and its corresponding latent variable z, and become two in-
dependent variables considering:

I(x, z) = Eqϕ(z,x)

[

log
qϕ(z|x)pθ(x)
qϕ(z)pθ(x)

]

→0

⇒qϕ(z|x) = qϕ(z), qϕ(z,x) = qϕ(z)⋅pθ(x)

(11)

In this way, the MI I(o, z) is similarly attenuated (as shown in Fig. 4),
with the information of OCs lost, and also becomes two independent
variables:

qϕ(o, z) = p(o)⋅qϕ(z) (12)

However, the maximization of log-likelihood driven by reconstruc-
tion loss has to ensure the distribution qθ(x|z) is close enough to the real
distribution pθ(x), but the information gap due to the missing informa-
tion about o in z will make the reconstruction loss cannot be maintained
at a stable level, and it will keep changing with the difference of OCs,
which is harmful to AD based on RE. On the other hand, the minimi-
zation of both KL term and reconstruction loss is indeed an adversarial
process same as the generative adversarial network, and if we apply the
method that directly analyzes the latent feature, the information gap
induced by ΔHxi (o) (as shown in Fig. 4) in the RE will inevitably be
detrimental to the optimization of KL term, even though a stronger
optimization focus was placed on KL term in the β-VAE. As a conse-
quence, the interference caused by OCs still exists in the latent feature of
β-VAE, which is also an unfavorable situation for AD.

In summary, Fig. 4 illustrates the transmission process of the training
sample xxx within the β-VAE framework. Initially, under OCs oi, there
exists a conditional probability p(xi|oi) between the training sample xi
and OCs oi. This conditional probability causes the MI I(oi, xi) to
approach H(oi) considering that the randomness of xi is ignored, thereby
increasing the entropy +H(oi) in xi. As the encoder maps xi to zi, the
constraints imposed by the KL term guide qϕ(zi|xi) towards N (0, I).
Consequently, the MI I(oi, zi) approaches zero, resulting in a reduction
of entropy − H(oi) in zi. Finally, after the decoder reconstructs x̂i, the MI
I(oi, x̂i) between the reconstructed sample x̂i and oi also approaches
zero, leading to a decrease in the entropy H(oi) in reconstructed sample
x̂i approaches zero. Thus, the RE comprises not only the inherent error
errorxi within the network but also the information loss ΔHxi (o) incurred
during the transmission of the sample xi through the network, as
depicted in the figure.

Since both the RE-based method and the latent-feature-based
method cannot avoid the interference of the OCs, and inspired by the
information bottleneck mentioned in the above analysis, a constraint
decomposition method is proposed to achieve feature disentanglement,
i.e., decomposing KL term into information bottleneck with different
degrees of constraint to guide the information to separate, so that
different information in the associated x will be subject to differential
constraint to realize the separation and disentanglement adaptively.

3.2. Distribution constraint decomposition vae

Firstly, let s and o represent the factors that are related to the OSs and

OCs of the machine, respectively. s remains invariant until the OSs of the
machine change, while o varies under the TVOCs. An intuitive infor-
mation flow is shown in Fig. 5 to demonstrate the proposed DCD-VAE.
The information about the OCs and OSs is conveyed by H(o) and H(s),
respectively. and they are both merged into the H(o, s) conveyed by
monitored data x at the first information merge stage (CM and data
acquisition). The encoder in DCD-VAE serves as two separated posterior
distribution inference processes qϕ(zo|x) and qϕ(zs|x) that can produce
two separated latent features zo and zs. The main trouble solver for the
disentanglement of these two factors s and o is the DCD structure for
latent features zs and zo, e.g.: the β weighted KL term in β-VAE is
decomposed into two distinct regularization terms:

βDKL
(
qϕ(z|x)‖ pθ(z)

)
= βoDKL

(
qϕo (zo|x)‖ pθ(z))+ βsDKL

(
qϕs (zs|x)‖ pθ(z))

(13)

Where ϕo and ϕs are the parameters that related to the feature zo and
zs, respectively. Strong distributional penalties on latent feature z
induced by a whole weighting parameter β will eliminate the informa-
tion H(o) as Fig. 4 illustrated, which means the soft distributional pen-
alties on latent feature z are going to better maintain the information
H(o). Thus, the DCD structure can provide the opportunity to keep both
information H(o) and H(s) in z while separating the two of them.
Interpreted intuitively, a loose constraint will cause information about
these time-varying features that vary with OCs to flow to the informa-
tion bottleneck it controls, while a tight constraint will allow time-
invariant information to flow to it. A noteworthy point is that the
loose constraint term cannot be zero. One consequence will be that the
network will degenerate into a general autoencoder if the weighting
parameter that controls the loose constraint term is zero since the
presence of tight constraints will lead to a direct and complete flow of
information to an unconstrained information bottleneck.

The log-likelihood of the reconstructed x̂ driven by reconstruction
term ensures the information conveyed by zo and zs is complementary
and not containing other irrelevant information. The ELBO of the pro-
posed DCD-VAE is as follows Eq.(14):

L (x,ϕo,ϕs, θ) = argmax
ϕ,θ

(
Eqϕ(z|x)[logpθ(x|z)] − βoDKL

(
qϕo (zo|x)‖ pθ(z))

− βsDKL

(
qϕs (zs|x)‖ pθ(z))

)

(14)

By choosing and tuning the relative values of βo and βs, the infor-
mation conveyed by zo and zs can be complementary while achieving
the feature disentanglement. Building upon the definition of feature
disentanglement outlined in Section 2, the proposed DCD-VAE can also
be explained from a variational perspective to elucidate its differences
from β-VAE and its suitability for the MPN problem. The feature
disentanglement in β-VAE is achieved by incorporating additional prior
distribution constraints into the latent features, where each element in
the feature is required to follow a standard normal distribution. Once
feature disentanglement is achieved through the β-VAE model, each
element in the latent feature controls a specific generative factor of the
samples and exhibits orthogonality and independence in the feature
space. Additionally, each element follows a standard normal distribu-
tion. As depicted in Fig. 6, the distribution of the latent feature is
transformed to follow a standard normal distribution.

However, this can only be achieved when the training dataset is
sufficiently large and covers all possible generative factors comprehen-
sively. For instance, the problem of feature disentanglement in image
generation can be addressed by utilizing a vast training dataset that
encompasses diverse generative factors. However, this approach does
not apply to the MPN problem in AD of machines. In the MPN problem,
the training data for the OCs’ factor is relatively small compared to other
generative factors that constitute the monitoring signals. As a result, the
model lacks the necessary data to transform the OCs’ feature into a
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standard normal distribution under the same constraint strength. For
feature disentanglement in the context of the MPN problem, it is suffi-
cient for each element in the latent feature to independently control
different generative factors. There is no need to transform the operating
conditions (OCs) into a standard normal distribution. Thus, an AD
method can be constructed based on the OSs features of associated
machines without the interference of OCs.

3.3. The implementation of DCD-VAE-based AD

The implementation includes the network structure and AD pro-
cedure design. The proposed DCD-VAE is based on a convolution
autoencoder [40], e.g. each layer of the encoder and decoder consists of
a 1-D convolution layer. Besides, the encoder is an entire encoder Eϕ that
is not separated into two single encoders Eϕo , Eϕs for qϕo (zo|x)and
qϕs (zs|x), instead, the output feature z of the encoder is just split into two
subparts to denote the zo and zs for convenience. The detailed structural
information of the encoder Eϕand decoder Dθ are shown in Table 1.

In the encoding stage, the data x is inputted into the encoder, and the
output is the mean and variance feature μ and σ are acquired:

μ, σ = Eϕ(x) (15)

The spit operation is conducted:

μo, μs = split(μ) (16)

σo, σs = split(σ) (17)

The KL constraints weighted by βo,βsare pushing the distribution of
N (μo, σo) and N (μs, σs) close to the standard multivariate Gaussian
distribution N (0, I):

L
zo
KL =

1
2
∑N

n=1

(
1+ log

( (
σn
o
)2)

−
(
μn
o
)2

−
(
σn
o
)2) (18)

Fig. 5. Information flow diagram of the proposed DCD structure in VAE-based network.

Fig. 6. The inference process of the feature disentanglement in β-VAE and DCD-VAE. The different colors in z represent elements in z.

Table 1
The network structure of the encoder and decoder in the proposed DCD-VAE.

Encoder Eϕ Decoder Dθ

​ Linear layer-1
Linear layer-2
Unflatten layer

Convolution layer-1 (1D)
MaxPool layer-1 (1D)
BatchNormlization + Mish activation
function

Transpose Convolution layer-1 (1D)
Upsample layer-1
BatchNormlization + Mish activation
function

Convolution layer-2 (1D)
MaxPool layer-2 1D
BatchNormlization + Mish activation
function

Transpose Convolution layer-2 (1D)
Upsample layer-2
BatchNormlization + Mish activation
function

Convolution layer-3 (1D)
MaxPool layer-3 (1D)
BatchNormlization + Mish activation
function

Transpose Convolution layer-3 (1D)
Upsample layer-3
BatchNormlization + Mish activation
function

Flatten layer Flatten layer
​ Linear layer-3

H. Zhou et al.
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L
zs
KL =

1
2
∑N

n=1

(
1+ log

( (
σns

)2)
−
(
μn
s
)2

−
(
σn
s
)2) (19)

The same resample operation is used as the vanilla VAE, and the
resampled zo and zs are concatenated as the input of the decoder Dθ to
reconstruct the input x. The reconstruction loss L RE is calculated as Eq.
(20):

L RE = ‖ x − x̂ ‖
2
2 (20)

Therefore, the total loss function of the proposed DCD-VAE is
formulated as Eq.(21):

L DCD− VAE = L RE + βoL
zo
KL + βsL

zs
KL (21)

The most critical hyper-parameters for the proposed model are βo
and βs, as they directly impact the disentanglement performance.
Adjusting these parameters primarily involves trial and error. However,
we have identified a useful approach to expedite this process. Initially,
setting a relatively large βs (e.g., 2, if using the same loss function as
ours) and a small βo (e.g., 10^(− 3)) generally achieves feature disen-
tanglement, though the fitting of input data x may suffer due to exces-
sive information loss from the large βs. By gradually reducing βo, one can
determine a value that also provides good data fit quality. Concurrently,
βo should be reduced proportionally with βs at first, and then fine-tuned
independently. The whole AD process-based DCD-VAE is shown in
Fig. 7. The training data consists of the monitoring data during the initial
operation of machines (the common agreement is that the initial OSs of
machines can be recognized as the normal state [41,42]). And the OCs’
information is not necessarily included in the monitoring data. The
DCD-VAE is trained based on the training data and loss function defined
in Eq.(21). In the AD stage, the encoder of the trained DCD-VAE is
deployed for the feature disentanglement of the input data. The disen-
tangled feature that is related to the OSs is utilized to form an ANI by the
information fusion and dimensional reduction method (such as Principal
Component Analysis, PCA). Afterward, the anomaly threshold can be

successfully settled by statistical methods such as 3-sigma rules. Finally,
the AD of machines can be achieved under TVOCs. To further promote
the practical application of the proposed AD method, the pseudocode of
the proposed DCD-VAE training and AD procedure is given in Algorithm
1.

4. Case study

In this paper, two cases are introduced to verify the effectiveness of
the proposed method. Case 1 is a simulation that simulates the CM
process of machines operating under TVOCs. Case 2 includes the
experiment that is conducted on an accelerative bearing life test bench
to test the bearing OSs degradation under time-varying speed
conditions.

4.1. Case 1

4.1.1. Dataset details
The benchmark case study is considered in this paper, the dataset is

from the Aramis challenge [43] and it is redesigned to simulate the
run-to-failure trajectory of the multi-sensor monitoring under TVOCs in
this paper. The sensor number is M = 10 and Dt represents the degra-
dation information at time t, which can be also recognized as the health
parameters of the monitoring machines. The machines are working in
normal healthy conditions for a long period in most cases until the
change point τ emerges as an anomaly and indicates the beginning of the
degradation. Thus, Dt is modeled as a two-phase degradation process as
shown in Eq.(22):

Dt =

{
0, t ≤ τ

Dt− 1 + α(αEEt− 1 + wt− 1 + 1), t > τ (22)

Where Dt = 0 denotes the machine is operating under normal
(healthy) conditions. And Dt starts to vary based on the combination of
the degradation rate α, αE, environment Et− 1, and random parameters

Fig. 7. The AD process based on the proposed DCD-VAE.
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wt− 1 once time passes the change point. The monitored signals are
assumed to be influenced by three factors: (1) the bias induced by
environmental conditions, which are so-called OCs in this paper. (2) the
degradation of the machine’s health. (3) Uncertainty exists both in the
degradation of the machine and the measurement process of the moni-
toring system. Therefore, 10 monitoring signals can be simulated using
the following Equations:

The length of the trajectory is set as 1000, and the degradation rate α
is set as a random value that follows the Gaussian distribution N (0.015,
0.007) truncated in the range [0,0.02], αE=0.3, τ=600, wt are random
value sampled from the Gaussian distributionN (0, 0.1) truncated in the
range [− 0.5,0.5]. The simulated evolution of the degradation Dt is
shown in Fig. 8(a) where the true label of the data samples are defined
and the Et is generated according to ten cities’ temperatures and

humidity same as the original dataset, and it is shown in Fig. 8(b). The
generated environment parameter Et demonstrates the strong TVOCs
scenario due to the random and periodic characteristics induced by the
city’s temperature and humidity, which is exactly the scenario that this
work focuses on. According to Eq.(23), 10 monitoring signals are
simulated and shown in Fig. 9. The monitoring signals are strongly
disturbed by the TVOCs, and emerge the same quasi-periodic pattern

shown in Et . Besides, a rough qualitative observation of the change point
can be made, but setting a quantitative threshold to determine the
change point remains a challenge in terms of most of the signals. It is a
typical MPN situation once the data-driven method is utilized for AD due
to the varying environmental parameter Et, and there are different
normalities in the training data with different environmental values if a
portion of earlier monitored data is used as a training sample. However,

Algorithm 1
DCD-VAE-based AD.

Input: The training data xTrain, and testing data xTest . DCD-VAE network consists of an encoder and decoder Eϕ,Dθ with their network parameters θE,θDrespectively, learning rate lr,
trade-off parameter βo and βs.
Output: the AD result of the testing data.
1. While not done do:
Model training:
2. initialize the parameters of the Eϕ,Dθ.
3. Repeat:
4. Using the dataset xTrain to update Eϕ,Dθ.

5. θE←θE − lr
(

∂L KL

∂θE
+

∂L RE

∂θE

)

6. θD←θD − lr
(

∂L RE

∂θo

)

8 Until θE,θD have converged.
Deploy:
9. For each data in the dataset xTrain,xTest :
10. Input the data to the encoder Eϕ to acquire the disentangled feature μs
11. Using PCA to reduce the dimension of the feature μs into one-dimension ANI
12. End
13. Calculate the anomaly threshold with ANI in the dataset xTest by the 3-sigma rule.
16. Detect the anomaly in dataset xTest
17. For each ANI of dataset xTest :
18. If the ANI>threshold
19. ANI is detected as an anomaly
20. Else ANI is normal
21. done

Fig. 8. The simulated degradation indicator and environment Et served as TVOCs.

s1
t = sin(1/2Dt + 2Et), s2

t = sin(Dt + tan(Et)), s3
t = tan(1/2Et − 2/3wt), s4

t = cos3(wt)sin(Et)
s5
t = sin(3/10Dt + 3wt) − Et , s6

t = sin
(
Dt + wt − tan2(Et + 1)

)
, s7

t = sin(1/2DtEt) + 1
/

2wt ,

s8
t = cos2(Dt − tan(Et) + 2tan(wt)), s9

t = cos(Dt − tan(Et) + 2tan(wt)),

s10
t = tan(1/4wt) − 1

/
4cos(1/3Dtsin(Et))

(23)
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some signals such as s7t ,s8t ,s10
t , are free from disturbance of Et before the

change point while suffering the same interference after the change
point during the degradation stage. Therefore, these three signals are not
considered as one of the inputs to the proposed DCD-VAE for better
validation rigor.

4.1.2. The result of the proposed method
The proposed DCD-VAE is used to verify its effectiveness in this case,

the whole trajectories which consist of 7 monitored signals are manually
divided into training data and testing data. The training data comprises
the signals of the first 400 time points in the trajectories, while the

subsequent 600 time points are used as testing data. Therefore, the
training data is arrayed with the size of 400 × 7 and the testing data is
600× 7. The weighted parameters βo and βs are experimentally turned
according to the strategy in Section 3.3, which is βo=0.0001,βs=1.9,
respectively. Each convolution kernel size is set as 3 in both the encoder
and decoder. The latent dimension of the z is set as 128(Here since the
dimension of the potential features is higher than the dimension of the
input data, the encoder becomes an embedder). The optimizer uses
Adam with a learning rate of 1e-3. The number of training epochs is set
as 100.

After the training process, the visualization of feature distribution
parameters of the training data in Fig. 10 demonstrates a compact dis-
tribution in features related to the OSs of the machine, while the feature
related to OCs exhibits a contrasting pattern with a scattered and non-
compact distribution. These two different distributional properties
indicate that the separation of feature distributions is achieved in the
training set. Due to the higher variability of OCs-related features, they
exhibit a stronger divergence in their distribution. Conversely, the fea-
tures associated with the OSs achieve a more compact distribution under
the stronger constraint of KL loss after disentangling. Furthermore, the
average reconstruction loss after training convergence for vanilla VAE
and β-VAE is shown in Table 2 for comparison. The trade-off relationship
between L RE and L KL indicates the adversarial process of each other
during the training stage. The optimal result is that both L RE and L KL
can be optimized into the lowest level as much as possible for the pro-
motion of better information reservation(lower L RE) and model gen-
eration(lower L KL). Compared with the mean converged value of
reconstruction loss within these three networks, the proposed DCD-VAE
can still maintain a well-converged value of 0.3064 which is a benefit

Fig. 9. 10 Simulated signals according to the degradation information under the time-varying environment.

Fig. 10. The training result of the proposed DCD-VAE. (a) is the loss curve of
the three reweighted losses during the whole training process; (b) is the scatter
plot of latent feature z distribution for training samples characterized by mean μ
and variance σ.

Table 2
The average reconstruction loss of the proposed model, VAE and β-VAE after the
training convergence.

Model DCD-VAE VAE β-VAE

Average L RE 0.3064 0.3151 0.3235
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from the special design DCD structure in the network loss term.
According to the AD process indicated in Fig. 7, the ANI needs to be

constructed for better intuitive observation. As suggested above, the ANI
can be constructed by the dimensional reduction method based on the
latent feature. During the actual implementation, the first principle
component of the mean of the latent feature zs after PCA can be
recognized as the ANI. The reason why the mean of the latent feature is
adopted for ANI construction is that the resample trick used in a network
with a VAE-like structure introduces additional noise into the feature z.
Therefore, the ANI based on the whole trajectory is shown in Fig. 11(a).
The threshold is acquired by the 3-sigma rule, which is formulated as Eq.
(24):
⃒
⃒ANIi − μANItrain

)⃒
⃒ > 3σANItrain (24)

Where μANItrain and σANItrain denote the means and standard deviations
of ANI in training data, the result indicates that the anomaly is first
detected at 615, which is a little bit late compared with the true change
point at 600. However, the enlarged view in Fig. 11(b) suggests that the
upward trend emerges at 600. Despite the inability to automatically
detect this change using thresholding methods, it is undeniable that the
ANI is responsive to anomalies at that specific point, and this phenom-
enon is attributed to the persistent interference of noise in the ANI.
Besides, the time before the change point τ as marked in curly brackets
shows the disturbance introduced by TVOCs is successfully eliminated.

4.1.3. Comparison study
Five advanced and classical AD models are introduced for compari-

son. Specifically, these include the recently proposed FDCVAE [26],

especially for AD under TVOCs, the MRRAE [41] and DSMDA [42]
models for stable OCs, as well as the classical VAE and β-VAE models.
The network structures of the encoder-decoder in all these comparative
models are consistent with the proposed DCD-VAE for a fair comparison.
Other hyperparameters of the networks’ training are also kept the same
as DCD-VAE. The calculation of anomaly thresholds in all comparative
methods is based on the 3-sigma rule. Firstly, a direct comparison of the
results is provided by presenting the constructed ANIs and their corre-
sponding detection outcomes. Fig. 12 presents the AD results of three
comparative methods recently published in the literature. In general,
due to the interference of the TVOCs, the anomalies detected by these
three methods are delayed compared to the proposed method. It is
evident that FDCVAE, a model specifically designed for AD under
TVOCs, generates ANI that is less influenced by varying OCs compared
to those produced by the MRRAE and DSMDA models, with better
distinguishability between normal and anomalous states. However,
FDCVAE is prone to a higher rate of false alarms. Conversely, the ANIs
generated by MRRAE and DSMDA fluctuate with OCs, exhibiting poorer
timeliness in AD compared with FDCVAE, and the first correct anomalies
were detected only at points 721 and 768, respectively.

The AD results of VAE which consists of three different ANIs are
shown in Fig. 13, These constructed ANIs are more or less affected by
TVOCs, particularly the RE-based ANI, as shown in Fig. 13(b), which is
most sensitive to TVOCs. All curves exhibit a delayed detection of
anomalies compared to the proposed method, leading to an increased
false negative rate. Additionally, it is observed that the results depicted
in the figure also exhibit some instances of false positives. Furthermore,
AD results based on loss functions as shown in Fig. 13(b) and Fig. 13(c)

Fig. 11. The result of AD based on ANI derived from the proposed DCD-VAE. (a) is the detection result that the anomaly happened at 615; (b) is the enlarged view
that suggests an earlier change point at 600. The yellow dashed line denotes the actual occurrence point of degradation, namely the anomaly change point τ.

Fig. 12. The AD result of the comparative models in Case 1. (a) is the result of FDCVAE; (b) is the result of MRRAE; (c) is the result of DSMDA. The green line and
blue line denote the training and testing stage, the red dashed line is the threshold, yellow dashed line is the dividing line between truly normal and abnormal.
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demonstrate that the commonly used method based on reconstruction
loss is ineffective in these AD circumstances. Additionally, the method
based on the KL loss function exhibits a high sensitivity to noise,
resulting in a significant presence of false alarms.

The AD results based on the mean feature and loss functions of
comparative model β-VAE are shown in Fig. 14. Similar to Fig. 13, these
constructed ANIs are also affected by TVOCs. Particularly, the RE-based
ANI, as shown in Fig. 13(b), remains the most sensitive to TVOCs. Issues
such as false alarms and missing detection also arise in the detection

results based on β-VAE. As a result, the proposed approach utilizing the
disentangled feature construction for AD achieves superior perfor-
mance. Specifically, the constructed ANI based on the disentangled
feature facilitates early AD and results in fewer false alarms.

To better compare and analyze the AD performance of the proposed
method against the comparative methods in this case study, Fig. 15
presents the receiver operating characteristic (ROC) curves of these
methods. The horizontal and vertical axes represent the false positive
rate (FPR) and true positive rate (TPR), respectively. The curves

Fig. 13. The AD result of the comparative model VAE. (a) is mean feature of latent feature z; (b) and (c) are the reconstruction loss and KL loss. The green line and
blue line are the training and testing stage, red dashed line is the threshold. The yellow dashed line is the dividing line between truly normal and abnormal.

Fig. 14. The AD result of the comparative model β-VAE. (a) is mean feature of latent feature z; (b) and (c) are the reconstruction loss and KL loss. The green line and
blue line are the training and testing stage, red dashed line is the threshold. The yellow dashed line is the dividing line between truly normal and abnormal.

Fig. 15. ROC curves of the proposed method and comparative methods in Case 1.
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illustrate the trends of FPR and TPR values under different anomaly
thresholds. The red dashed arrow in the figure indicates the direction of
the optimal ROC curve, where the Area Under the ROC curve (AUROC)
is 1. From the results shown in the figure, it is evident that the proposed
DCD-VAE method exhibits superior AD performance compared to the
benchmark methods. Additionally, the figure reveals that the perfor-
mance of MRRAE, β-VAE-Loss_Re, and VAE-Loss_Re can be considered
akin to that of random classifiers in this case, as they fail to effectively
achieve AD. Moreover, to more accurately compare the performance of
various methods in this AD case, a series of quantification metrics for
binary classification is further introduced, as detailed in Table 3.

The evaluation results of the comparison are shown in Table 4, the
proposed DCD-VAE model demonstrates superior performance across
multiple dimensions, highlighting its efficacy in identifying anomalies.
Specifically, advantages were achieved over other methods in terms of
accuracy, recall, F1 score, false negative rate, and AUROC. In addition, it
can be found that β-VAE-Loss-Re and VAE-Loss-Re achieve better accu-
racy and false positive rate. However, combined with the false negative
rate and the results in Fig. 13 and Fig. 14, it can be found that the results
are almost unable to detect the targeted anomalies, and there are a large
number of fault negatives so it is at the bottom of the F1 score in the
comprehensive evaluation metric. Besides, the proposed DCD-VAE
model does not optimize the accuracy and false alarm rate, but it still
maintains a good level.

Table 3
Evaluation metrics of AD. TN and FN denote true negative and false negative
samples, TP and FP denote true positive and false positive.

Metrics Formula Definition

Accuracy (Acc) TP+ TN
TP+ FP+ FN+ TN

Percentage of correctly classified samples
out of the total number of samples.

Precision (Pr) TP
TP+ FP

Percentage of true positive samples
among all samples predicted as positive.

Recall (Re) TP
TP+ FN

Percentage of true positive samples
among all actual positive samples.

F1 Score 2×
Pr × Re
Pr + Re

The harmonic mean of Precision and
Recall, balancing both metrics

False Positive
Rate (FPR)

FP
TP+ FN

Percentage of negative samples
incorrectly predicted as positive out of all
actual negative samples.

False Negative
Rate (FNR)

FN
TP+ FN

Percentage of positive samples incorrectly
predicted as negative out of all actual
positive samples.

AUROC ∫ 1
0 TPR(FPR)d(FPR) Area Under the Receiver Operating

Characteristic curve, measuring the
overall performance of a classifier across

all threshold levels. TPR =
TP

TP+ FN
is true

positive rate.

Table 4
Evaluation results of the proposed method and other rivals in Case 1. The up and
down arrows indicate the optimal corresponding metric value. The bolded
numbers in the table indicate the best results in each column of metrics.

Metrics
Models

Acc
(%)↑

Pr
(%)↑

Re
(%)↑

F1
(%)↑

FPR
(%)↓

FNR
(%)↓

AUROC
(%)↑

FDCVAE 78.80 98.45 47.45 64.30 0.52 52.25 77.98
MRRAE 62.40 96.15 6.25 11.73 0.16 93.75 55.64
DSMDA 69.48 98.98 24.50 39.27 0.16 75.50 77.25
β-VAE-

Feature
76.20 96.55 42.00 58.53 1.00 58.00 80.58

β-VAE-
Loss-Re

60.20 100 0.50 0.99 0.00 99.50 46.19

β-VAE-
Loss-KL

77.80 93.51 50.50 65.58 2.33 49.50 83.84

VAE-
Feature

75.20 96.34 39.50 56.02 1.00 60.50 82.03

VAE-
Loss-Re

60.20 100 0.50 0.99 0.00 99.50 46.28

VAE-
Loss-KL

77.80 94.05 47.50 63.12 2.00 52.50 86.67

DCD-VAE 92.40 98.21 82.50 89.67 0.50 17.50 97.87

Fig. 16. The variation of values associated with zo throughout the trajectory. (a) is the mean feature; (b) is the variance feature.

Fig. 17. Comparison of MI between features and Et in different networks.
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The mean and variance features related to zo are further visualized in
Fig. 16. It can be observed that they exhibit a striking resemblance to the
trends of environmental parameters Et , displaying similar fluctuations.
Hence, it can be inferred that feature zo carries information about the
environment. To quantitatively analyze this phenomenon, the MI be-
tween the two decoupled features (four distributional statistics) and the
environmental parameters Et are presented in Fig. 17. It can be observed
that the features belonging to zo exhibit higher MI with Et compared to
all features in the comparative methods. Meanwhile, the MI related to zs
remains at a relatively low level, further demonstrating the effective
disentanglement of features achieved by DCD-VAE.

4.1.4. Parameters sensitivity analysis
As discussed in Section 3.2, the weighting parameters βo and βs not

only restrict the total amount of information in the features zo and zs,
but also control the feature disentanglement performance of the model.
Given that the proposed method involves tuning these two parameters, it
is essential to analyze their sensitivity to AD results for a deeper un-
derstanding of the model’s characteristics and to refine the proposed
method. This section analyzes the AD performance of the proposed
method by setting different combinations of the parameters (βo, βs),
where the performance is quantified using the comprehensive evalua-
tion metric F1 score introduced in the previous section. Specifically, the
range of βo is (1e-6: 4), and the range of βs is (1:4). The resulting
parameter combinations are illustrated in Fig. 18.

In Fig. 18(b), the red dashed line represents the case where βs
βo

= 1,
corresponding to the parameter settings in VAE and β-VAE. In both
Fig. 18(a) and Fig. 18(b), the yellow regions indicate βs>βo while the
blue regions indicate βs<βo. The other hyperparameter settings for this
experiment are consistent with those in Section 4.1.2. The heatmap
illustrating parameter sensitivity, shown in Fig. 19, reveals that when
the parameter combination (βs,βo) is in the yellow region depicted in
Fig. 18(a) and (b), the F1 score in Fig. 19(a) achieves better results.
Conversely, when the parameter combination (βs,βo) falls within the
blue region shown in Fig. 18(b), a clear drop in the F1 score can be
observed at the red dashed line (βs

βo
= 1) in Fig. 19(b). This indicates that

when βs<βo, the zs controlled by the smaller parameter βs fails to ach-
ieve accurate AD, this further validates that the proposed DCD archi-
tecture can indeed guide the flow of different information through
varying constraints, thereby disentangling relevant features and ulti-
mately achieving accurate AD under TVOCs.

Additionally, Fig. 20 presents the two-dimensional projection of
Fig. 19. It can be observed that under different parameter combinations

of the proposed method from Fig. 20(a), the F1 score remains at a
relatively high level, with the minimum value of 0.8317 still signifi-
cantly outperforming the results of the comparison methods listed in
Table 4. The range remains low (Range=0.0888), indicating that the
sensitivity of the two most critical parameters to the final AD result is
relatively low. Fig. 20(b) presents the two-dimensional projection re-
sults under the linear scale of βo, further illustrating the abrupt change in
the F1 score values along the parameter combination (βs,βo) distribu-
tion, with a clear boundary indicated by the red dashed line. The deep
blue section of the F1 score in the lower right of Fig. 20(b) represents the
AD performance evaluation results for parameters satisfying 1 <βs<βo.
This section is symmetrically opposed to the yellow F1 score values in
the upper left part of the figure. This symmetry indicates that in these
cases, zs is essentially the same as zo in the βs>βo region of the upper left
part. Consequently, it can be observed that the disentangled feature zo
derived from DCD-VAE fails to achieve accurate AD.

4.2. Case 2

4.2.1. Experiment details
The experimental data of bearings was employed as the validation

for the proposed method in this case study. The experimental setup
consists of the test rig, data acquisition devices (NI-9232), and a host
computer. The host computer controlled the OCs of the test rig and
collected the monitoring data. As depicted in Fig. 21(a), the test rig
comprises an alternating current motor (labeled as 1), a key phase sensor
for measuring the rotating speed (labeled as 2), two support bearings
(labeled as 3), two hydraulic loading systems for axial and radial loading
(labeled as 4,6), and the testing deep groove ball bearings (ER-16 K). An
accelerometer (PCB068A11) was mounted in the radial direction of the
bearing housing, as shown in Fig. 21(b). TVOCs were set up for testing,
as demonstrated in Fig. 22(a), the simulated OCs variations over the
entire life cycle of the bearings. The rotating speed remained constant
for 10 h at each speed. The test bearings were subjected to a constant
axial load of 0.5 kN and a radial load of 4 kN since the focus of this study
was on the time-varying rotating speed.

The vibration signals were sampled at a frequency of 20.48 kHz, with
a sampling interval of 10 min. Each sample contained 3 s of vibration
data. The vibration data generated by the testing bearing during its
respective full-service lives, as shown in Fig. 22(b). A total of 894 sets of
vibration data were collected, with each set containing 3 s of data.
Therefore, the overall shape of the entire dataset is 894 × 3 × 20,480.
Different types of faults occurred on the testing bearing, as shown in
Fig. 23. Compared with preset files for OCs in Fig. 22(a), the monitored

Fig. 18. The combination of βs and βo utilized in parameters sensitivity analysis for Case 1.
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signal reveals the presence of components similar to the variations in
OCs, indicating the vibration signals are influenced by the OCs and
manifested in the vibration time-domain signal.

4.2.2. The result of the proposed method
The network structure and hyperparameters of DCD-VAE are

maintained the same as in Case 1. The main difference is that the trade-
off parameters of the loss function need to be redetermined. Following
the guiding strategy mentioned in DCD, specific values 0.5 and 2 were
obtained through experimental tuning. As shown in Fig. 24, we divide
the whole monitored vibration signal into training and testing datasets
at time point 250, the former is used as training data, and the rest is used

Fig. 19. CE performance (F1 Scores) for different combinations of parameters βs and βo in Case 1.

Fig. 20. CE Performance (F1 Scores) for Different Combinations of Parameters βs and βo(2D version).

Fig. 21. The specific test rig setup of the experiment. (a) is the test rig; (b) is the accelerometer and the testing bearing setup.
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as testing data. The training data does not include data recorded after
the occurrence of faults, thus satisfying the conditions for unsupervised
AD. Besides, as indicated by the speed values in Fig. 24, the ranges of

OCs included in the training and test sets differ. This variation is
important for evaluating the model’s generalization performance to
different unseen OCs.

The training data are input into DCD-VAE for training and the
training loss is shown in Fig. 25(a). It can be observed that the recon-
struction loss and the KL loss associated with the correlated states
feature zs gradually converge as the number of epochs increases. How-
ever, due to the loose constraint resulting from smaller weights, the KL
loss related to the correlated OCs feature zo exhibits continuous fluc-
tuations throughout the entire training process. Moreover, the mean and
variance features of the latent feature z are visualized, and the whole
training data and part of the testing data before time point 650 consist of
the visualized data, as shown in Fig. 25(b). The visualized features in the
figure demonstrate a clear separation between the distributions of mean
and variance, indicating an effective disentanglement of the related OSs
and OCs. Furthermore, the test data points within the range of 400–650
are distributed within the existing clusters of the training set, providing

Fig. 22. Schematic diagram of the TVOCs setting and monitored vibration signal in the experiment. (a) represents the OCs setting of B1, and (b) is the vibration
signal during the whole life cycle of the tested bearing.

Fig. 23. Inner ring fault and ball fault found on the testing bearings after
the test.

Fig. 24. Schematic diagram of the division of the training test dataset used in the experiment. The red numbers labeled therein indicate the test data generated under
the OCs that are hardly covered in the training set.

Fig. 25. The curve depicting the variation of the loss function during the training process, along with the two-dimensional visualization of the mean and variance
features of latent feature z. (a) is the training loss during the 100 epochs training; (b) is the feature visualization of the mean and variance features.
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further validation of the successful feature disentanglement achieved by
the proposed model.

To achieve the AD of bearing, the first principle component of each
feature after the dimension reduction through PCA is shown in Fig. 26.
The parameters μs and σs are associated with the latent feature zs, while
μo and σo are associated with the latent feature zo. It is evident from
Fig. 26(a) and Fig. 26(b) that the interference caused by TVOCs is almost
eliminated. Moreover, Fig. 26(c) and Fig. 26(d) demonstrate a strong
correlation between the OCs and the features. This indicates that the
OCs’ information and the OSs’ information in the signal are effectively
separated within the information bottleneck zs and zo, while ensuring a
decrease and convergence of reconstruction loss. The ANI for bearing AD
is constructed as shown in Fig. 27, it can be observed that during the
training and initial testing stages, as indicated by the braces in the
figure, the constructed ANI through DCD-VAE overcomes the interfer-
ence caused by TVOCs’ information. By applying a 3- 3-sigma rule, the
initial anomalies related to bearing faults can be effectively detected.
The zoomed-in view in Fig. 27(b) reveals that with the automatically set
threshold, an initial anomaly occurring at data point 675 is detected.

To provide better clarification, the mechanism of the rotating ma-
chinery fault is introduced. Fig. 28(a) shows the vibration signal in the
time domain, and Fig. 28(b) presents its corresponding spectrum. For
comparison, the monitored data at data point 674, just before the
detected anomaly at data point 675, are shown in Fig. 28(c) and 28(d). It
can be observed that there are no significant differences between these
two data points in both the time and frequency domains.

To further analyze the specific manifestation of the anomalies
detected by the proposed method, we introduce the classical spectral
kurtosis filtering method [41], which is widely used for analyzing weak
fault features in rotating machinery. The filtering results of these two
signals are shown in Fig. 29.

In Fig. 29(a) and 29(b), the components related to the rotational

frequency are prominently highlighted in the filtered signals, and there
is a significant presence of impulsive components in the time domain. In
contrast, Fig. 29(c) and Fig. 29(d) show that the impulsive components
related to the rotational frequency are not as abundant. This indicates
that the proposed AD method identifies a subtle rotational frequency
impact anomaly at data point 675, which can be considered a rubbing
anomaly caused by increased friction due to internal bearing wear.

Furthermore, attention should be paid to the content highlighted in
red in Fig. 29(c) and 29(d). Some impulsive components begin to appear
in the time domain, accompanied by frequency clusters centered around
the rotational frequency and its harmonics in the envelope spectrum.
This suggests that the fault has already begun to show initial signs,
although these signs are not as pronounced as the significant rotational
frequency impact observed at data point 675.

4.2.3. Comparison study
The comparison research is conducted in this case. In addition to the

various data-driven comparative models and methods used in Case 1,
this section introduces some health indicators(HIs) based on expert
knowledge as an extra comparative method for AD, considering the
specificity of bearing objects. The details are as follows:

Data-driven based: FDCVAE, MRRAE, DSMDA, and conventional
loss-error-based one and latent-feature-based one(VAE-Feature, VAE-
Loss-Re, VAE-Loss-KL, VAE-Feature, β-VAE-Loss-Re, β-VAE-Loss-KL, β-
VAE-Feature).

Expert-knowledge-based: the HI used in bearing fault detection
based on expert knowledge is involved, which consists of Root-Mean-
Square(RMS), Kurtosis [1], Gini index [1], SESGI [44], Hoyer [45],
entropy [1].

The comparison results of the data-driven method are shown in
Fig. 30, Fig. 31, and Fig. 32. The results of FDCVAE in Fig. 30(a)
demonstrate the enhanced resistance to disturbances from TVOCs

Fig. 26. Feature visualization of the mean and variance feature of latent feature zs and zo. (a) and (b) are the first principle component of mean and variance feature
of zs; (c) (d) are the same visualization while belonging to zo.

Fig. 27. The constructed ANI and the AD results of the proposed method in Case 2. (a) is the result of the AD of bearing; (b) is an enlarged version of the figure, and
clearly indicates the anomaly.
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compared to the other two models, facilitating earlier detection of
anomalies and thus reducing missed detections. However, it also ex-
hibits false positives, unlike the method proposed in this paper. Both the
MRRAE and DSMDA models are more sensitive to TVOCs, and show
delayed AD, which results in a series of missed detections. In Fig. 31 and
Fig. 32, the AD results of the comparative models VAE and β-VAE exhibit
certain similarities. Both the latent-feature-based and KL-loss-based ANI
fail to detect the correct anomalies, with ANIs being extremely suscep-
tible to OCs and becoming completely ineffective under the disturbances

of TVOCs. Although the RE-based ANI in both models can initially detect
anomalies at data point 689, it still exhibits latency in AD compared to
the method proposed in this paper, leading to missed alarms. Further-
more, as illustrated in the figures, there is a significant presence of
disturbance components from TVOCs.

Fig. 33 illustrates the AD results of the expert-knowledge-based
methods. It can be observed that these methods are significantly
affected by TVOCs, exhibiting a chaotic and time-varying trend.
Consequently, it is challenging to accurately determine the occurrence

Fig. 28. The monitored vibration signal and its spectrum at detected anomaly data point 675 and data point 674. (a) and (b) are the time-domain signal and
corresponding spectrum of 675; (c) and (d) are the corresponding 674.

Fig. 29. The filtering result of the detected anomaly data point 675 and data point 674. (a) and (b) are the filtered signal and envelop spectrum of 675; (c) and (d) are
the corresponding data point 674.

Fig. 30. The AD result of the comparative models in Case 2. (a) is the result of FDCVAE; (b) is the result of MRRAE; (c) is the result of DSMDA. The green line and
blue line denote the training and testing stage, the red dashed line is the threshold, yellow dashed line is the dividing line between truly normal and abnormal.
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Fig. 31. Comparison results of different ANI based on VAE for AD of Tested bearing. (a) is the latent mean feature statistics;(b) is the reconstruction loss; (c) is the KL
divergence loss. The green line and blue line are the training and testing stage, the red dashed line is the threshold, yellow dashed line is the dividing line between
truly normal and abnormal.

Fig. 32. Comparison results of different ANI based on β-VAE for AD of Tested bearing. (a) is the latent mean feature statistics;(b) is the reconstruction loss; (c) is the
KL divergence loss. The green line and blue line are the training and testing stage, the red dashed line is the threshold, yellow dashed line is the dividing line between
truly normal and abnormal.

Fig. 33. Comparative results of different HIs belonging to the expert-knowledge-based group. Each name of a HI is marked on the top of each subplot.
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time of anomalies based on visual inspection alone. Furthermore, after
calculating the threshold value using the 3-sigma rule, Kurtosis, Gini
index, and Hoyer completely fail to detect anomalies in this scenario.
Additionally, even though methods such as RMS, SESGI, and Entropy are
capable of detecting so-called anomalies, they also exhibit noticeable
lags in detecting the initial anomalies, Thus the missing alarms are
remained in these cases.

To effectively demonstrate the AD performance of the proposed
method in Case 2, Fig. 34 similarly presents the ROC curves of various
methods as in Case 1. It is evident that the proposed DCD-VAE method
consistently outperforms the comparative methods, maintaining higher
true positive rates across nearly all false positive rate levels. This supe-
rior performance is particularly noticeable compared to methods such as
MRRAE, β-VAE-Loss_Re, and VAE-Loss_Re, which exhibit characteristics
akin to random classifiers, as indicated by their proximity to the random
classifier line. The DCD-VAE’s ability to achieve significantly better ROC

characteristics, demonstrated by its curve closely hugging the top-left
corner, underscores its effectiveness in minimizing false positives
while maximizing true positives. This robust performance validates the
DCD-VAE’s efficacy in AD and its superiority over other comparative
methods in Case 2.

To further quantitatively compare the AD performance of compara-
tive methods in Case 2 against the proposed method, this section con-
tinues to employ the evaluation metrics from Table 3 in Case 1.
Considering the analysis around data point 674 in Section 4.2.2, and
acknowledging that bearing faults do not exhibit self-healing, we define
point 674 as the normal-to-anomalous transition boundary for the entire
dataset (i.e., data from 1 to 674 as normal and 675–894 as anomalous).
The final results are presented in Table 5.

Results from Table 5 reveal that the proposed DCD-VAE model
achieves the best outcomes on multiple evaluation metrics compared to
its competitors. Even in metrics where it does not reach the best results,
it still performs satisfactorily. Notably, the proposed method achieves
the highest F1 score, a comprehensive measure of AD performance.
Combined with other evaluation metrics, these results demonstrate the
superiority of the DCD-VAE and its corresponding AD methodology over
its rivals under TVOCs.

4.2.4. Parameters sensitivity analysis
This section continues to analyze the sensitivity of the key parame-

ters βs and βo in the proposed DCD-VAE model to AD results. We first
reintroduce the parameter settings from Section 4.1.4 in Case 1, as
shown in Fig. 18, while keeping the training and network hyper-
parameters of the DCD-VAE consistent with those in Section 4.2.2 of
Case 2. Consequently, the heatmap of the F1 Score for AD as a function
of βs and βo in this case is presented in Fig. 35.

Same as observed in Case 1, when βs>βo, the proposed model ach-
ieves a desirable F1 Score. Additionally, as illustrated in Fig. 35(b), there
is a significant jump in the F1 Score at βs

βo
=1, indicating poorer AD per-

formance when βs<βo. This is consistent with the results obtained in
Case 1, further validating the effectiveness of the proposed DCD-based
feature disentanglement in improving AD performance under TVOCs.

Fig. 36 presents a two-dimensional perspective, showing that for
various parameter combinations satisfying βs>βo, the maximum F1
Score is 0.9625, and the minimum is 0.8789, with a range of 0.0836. The
minimum value of 0.8789 is only slightly lower than the result of the
comparative method FDCVAE in Table 5. Overall, all possible parameter
combinations for the proposed method maintain a high level of F1 Score

Fig. 34. ROC of the proposed method and comparative methods in Case 2.

Table 5
Evaluation results of the proposed method and other rivals in Case 2. The up and
down arrows indicate the optimal corresponding metric value. The bolded
numbers in the table indicate the best results in each column of metrics.

Metrics
Models/
HIs

Acc
(%)↑

Pr
(%)↑

Re
(%)↑

F1
(%)↑

FPR
(%)↓

FNR
(%)↓

AUROC
(%)↑

FDCVAE 93.40 94.98 82.82 88.48 1.93 17.17 97.01
MRRAE 92.47 97.86 77.10 86.25 0.74 22.89 87.36
DSMDA 77.15 100 25.92 41.17 0.00 74.07 77.54
β-VAE-

Feature
75.16 100 0.00 0.00 0.00 100 71.28

β-VAE-
Loss-Re

82.68 99.56 76.43 86.47 0.14 23.56 83.16

β-VAE-
Loss-KL

75.16 100 0.00 0.00 0.00 100 54.85

VAE-
Feature

75.16 100 0.00 0.00 0.00 100 59.78

VAE-
Loss-Re

92.88 97.89 78.45 87.10 0.74 21.54 83.61

VAE-
Loss-KL

75.16 100 0.00 0.00 0.00 100 59.78

RMS 79.58 100 33.55 50.25 0.00 66.44 84.07
Kurtosis 75.16 100 0.00 0.00 0.00 100 60.86
GI 75.16 100 0.00 0.00 0.00 100 40.86
SESGI 74.22 100 16.10 27.74 0.00 83.89 63.82
Hoyer 75.16 100 0.00 0.00 0.00 100 48.59
Entropy 70.10 100 2.68 5.22 0.00 97.31 58.58
DCD-VAE 95.77 98.85 87.24 92.69 0.44 12.75 98.55
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compared to the comparative methods, indicating that the proposed
method can sustain excellent AD stability across different parameter
settings within a certain range. Fig. 36(b) also clearly demonstrates the
F1 Score boundary at βs

βo
= 1, confirming that the model achieves good

AD performance when βs>βo.

5. Conclusion

This paper starts from the perspective of mechanical equipment CM
and introduces the challenges of AD in machines under TVOCs due to the
existence of the MPN problem within the context of unsupervised AD
techniques. It explores and investigates a novel AD approach that does
not require the introduction of OCs’ information to address this chal-
lenge. To achieve this, DRL is incorporated into this study. After
analyzing the strengths and limitations of disentanglement learning
based on β-VAE, a novel unsupervised representation learning model
called DCD-VAE is proposed. The model aims to disentangle the OCs’
information from the OSs’ information in the machine monitoring data.
ANI for AD based on the disentangled OSs features, is constructed to
detect anomalous states in machines. Simulation and full-lifetime ex-
periments on bearing validate the effectiveness of the proposed model
and methods. In comparison to conventional data-driven methods and
expert-knowledge-based approaches, the proposed method demon-
strates significant superiority. It provides an effective technical

approach for unsupervised AD in mechanical equipment under TVOCs,
especially in scenarios with limited OCs’ information. Future research
can explore the application of the proposed model in predicting the
remaining useful life of machinery under the influence of TVOCs.
Additionally, since the experimental case introduced in this study in-
volves basic rotating components, further investigation into the appli-
cation of this model for AD in more complex machinery using multiple
monitoring data is also warranted.
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