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Abstract—Deep learning-based fault diagnosis often suffers
from significant accuracy degradation under varying working
conditions. While domain generalization (DG) methods can
ensure consistency in fault prediction when the unavailable
test data is out of domain, existing research typically involves
discretizing continuous operating conditions, which fails to fully
utilize the continuity of common factors such as speed and load.
This oversight limits improvements in generalization capabil-
ity. To address this, we propose a fault diagnosis framework
suitable for continuously varying working conditions, utilizing
continuously indexed DG methods. This framework builds on
wavelet transform and convolutional neural networks, incor-
porating continuous domain mix (CDMix) data augmentation
and continuous mutual information minimization (CMIM) loss
constraints to achieve cross-DG. Specifically, CDMix determines
mixing probabilities by measuring the distance between domain
labels of samples, enhancing the reliability of the generated
out-of-domain data. Meanwhile, CMIM estimates the mutual
information between features and continuous domain labels using
kernel methods and then minimizes it to guide the network in
extracting fault features that are invariant to continuous working
conditions. The proposed methods improve the generalization
capability and cross-domain fault classification accuracy of
fault diagnosis models. Extensive experiments on gearbox and
bearing fault datasets validate the effectiveness of the proposed
CDMix–CMIM framework, demonstrating significant superiority
over existing methods and good robustness.

Index Terms—Continuously indexed domain generalization
(DG), continuously varying working conditions, data augmen-
tation, fault diagnosis, mutual information.

I. INTRODUCTION

IN THE era of smart manufacturing, intelligent fault diagno-
sis has become crucial for ensuring operational efficiency

and minimizing downtime [1], [2], [3]. A common practice is
to extract fault features from vibration signals using neural net-
works for classification [4], or to enhance fault-related patterns
by combining advanced signal-processing techniques such as
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the wavelet transform [5]. However, these methods generally
assume consistent data distributions without domain shifts. As
industrial systems operate under varying working conditions,
such as changes in speed and load, the resulting domain
shifts can significantly impact the performance of diagnostic
models. These shifts lead to discrepancies between the training
and testing environments, causing traditional fault diagnosis
methods to struggle with generalization and accuracy when
faced with new operational scenarios [6].

Domain adaptation (DA) techniques aim to reduce discrep-
ancies between the source and target domains, enabling models
trained on one domain to perform well in another. Most DA
approaches focus on extracting domain-invariant feature rep-
resentations through adversarial training or discrepancy-based
feature alignment [7]. For instance, Zhong et al. [8] aligned
marginal distributions using multikernel MMD and minimized
conditional distribution differences with a Wasserstein-based
adapter, while Qin et al. [9] jointly adapted marginal and
conditional distributions to reduce domain shifts in transfer
diagnosis. However, DA methods typically require access to
target-domain data during training, which is often impractical
in dynamic industrial environments. This limitation motivates
the use of domain generalization (DG), where models are
designed to generalize to unseen domains without target-
domain data.

Existing DG approaches can be roughly grouped into
three directions, namely domain-invariant feature extrac-
tion, data augmentation, and other learning strategies [10].
Domain-invariant feature extraction methods seek to align rep-
resentations across domains. These include discrepancy-based
techniques such as maximum mean discrepancy and CORAL,
adversarial-based approaches that confuse domain discrim-
inators, and feature disentanglement methods that leverage
causal learning to separate domain-shared and domain-specific
components. Pu et al. [11] proposed a domain-relevant joint
distribution alignment method to align feature-layer domain-
joint distributions, using α-PE divergence as an evaluation
metric and a parameter-free data augmentation module to
enhance generalization capability. Jia et al. [12] disentangled
fault-related causal factors from domain-related noncausal fac-
tors to extract domain-invariant features for cross-domain fault
diagnosis. Data augmentation strategies improve robustness by
generating perturbed or mixed samples, for example, through
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Mixup or CutMix. Fan et al. [13] proposed a DG method
that mixes time–frequency images in both class and domain
spaces, utilizing a domain discriminator module and a domain-
based discrepancy metric module. Beyond these commonly
used strategies, other learning strategies further expand DG,
including meta-learning that simulates cross-task adaptation
[14], distributionally robust optimization that enhances worst
case generalization [15], and federated learning that enables
collaborative model training across decentralized data sources
[16], [17].

Although these approaches have achieved progress, most
existing DG methods mainly focus on discrete domain shifts,
where domains are represented by separate identifiers. In
contrast, real-world industrial systems often exhibit continuous
variations in working conditions, such as gradually changing
speed and load. Directly applying discrete-domain DG tech-
niques fails to capture the smooth and evolving nature of such
conditions, leaving a critical gap in the literature. This article
aims to bridge this gap by proposing a DG framework tailored
for continuously indexed domains in fault diagnosis.

To address the challenge of DG with continuous domain
labels in fault diagnosis, this article presents a novel solution
that extends regular DG methods to this specific context. We
design a fault diagnosis framework that includes a continuous
domain-compatible mix augmentation method, a fault feature
extraction module based on the wavelet transform and a con-
volutional encoder, a fault classifier, and a continuous mutual
information minimization (CMIM) loss constraint. Specifi-
cally, we first utilize the continuous domain mix (CDMix) data
augmentation method to generate out-of-domain data, enhanc-
ing the model’s generalization performance. Next, we convert
signals into time–frequency representations using wavelet
transforms and employ a convolutional encoder for feature
extraction. Ultimately, a fault classifier is used to identify
feature types. During training, we introduce a soft constraint
as an additional loss based on CMIM, which encourages the
feature extractor to focus on domain-invariant fault features
by minimizing the mutual information between the extracted
features and the continuous domain labels. Our contributions
are threefold.

1) The CDMix method is developed as a mix augmentation
technique specifically tailored for continuously indexed
DG, enhancing data diversity in fault diagnosis under
continuously varying working conditions.

2) The CMIM loss is designed for robust domain-invariant
feature extraction by estimating and minimizing the
mutual information between features and continuous
working condition data.

3) Extensive experiments are conducted on a gearbox fault
dataset and a bearing dataset collected under time-
varying working conditions to validate the effectiveness
of the proposed methods.

The structure of this article is organized as follows. Sec-
tion II provides background knowledge on the DG problem
and the mix augmentation technique. Section III details the
proposed methodologies. Section IV presents the experiments
on two types of datasets. Section V discusses model perfor-
mance through feature visualization, ablation studies, sample

imbalance analysis, and parameter sensitivity analysis. Finally,
Section VI concludes this article and discusses potential future
work.

II. PRELIMINARIES

A. Continuously Indexed DG

In the continuously indexed DG scenario, the source domain
with training data is given as Ds = {(xs

i , y
s
i , u

s
i )}Ns

i=1. The
unseen target domain, with unavailable test data, is denoted
as Dt = {(xt

i, y
t
i, u

t
i)}

Nt
i=1. Here, x ∈ X and y ∈ Y represent the

input data and labels, respectively. The input space is defined
as X = Xs ∪ Xt, while the output space is Y = Ys ∪ Yt.
Additionally, u ∈ U denotes the continuous domain indices,
where U = Us ∪Ut is part of a metric space. In the context of
fault diagnosis, x, y, and u represent the vibration signals of the
system, fault type labels, and continuous working condition
information, respectively. Here, “continuous” refers to the
fact that u consists of real-valued measurements of working
conditions (e.g., normalized speed and torque), which vary
over a continuous range. This differs from discrete domain
labels and is a different concept from online or ongoing
adaptation to continuously arriving target domains.

The goal of continuously indexed DG, consistent with that
of vanilla DG, is to train a robust and generalizable predictive
network f : X → Y using the training domain Ds, aiming to
minimize the prediction error on the unseen test domain Dt,
which can be expressed as

min
f
E(xt ,yt)∈Dt

�
` ( f (xt) , yt)

�
(1)

where E denotes the expectation and `(·, ·) is the loss function
[18]. In the context of continuously indexed DG for fault
diagnosis, the objective is to train a neural network that is
robust to variations in working conditions, using training data
with continuous condition information, allowing it to focus on
classifying fault categories from data collected under different
working conditions.

B. Mix Data Augmentation

Mixup is a data augmentation technique that generates
new training samples by interpolating between existing ones,
enhancing model robustness by promoting smoother decision
boundaries [19]. For two samples (xi, yi) and (x j, y j), where y
is a one-hot encoded label, Mixup creates new samples (x̃, ỹ)
as

x̃ = λxi + (1 − λ) x j

ỹ = λyi + (1 − λ) y j (2)

where λ is sampled from a Beta distribution. This approach
has a significant advantage over traditional single-sample data
augmentation methods, which typically transform individual
samples without considering their relationships. By blending
samples, Mixup encourages the model to learn more general-
ized features and smoother decision boundaries.

A similar approach, CutMix, combines different images and
labels, allowing the model to learn from localized features
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Fig. 1. Framework of the proposed continuously indexed DG method with CDMix and CMIM for fault diagnosis.

while maintaining spatial coherence [20]. For CutMix, the
samples are generated as

x̃ = M � xi + (1 − M) � x j

ỹ = λyi + (1 − λ) y j (3)

where the operator � denotes the element-wise multiplication
and M is a binary mask indicating the area of the image used,
with a bounding box coordinate (rx, ry, rw, rh) according to

rx ∼ Unif (0,W) , rw = W
√

1 − λ

ry ∼ Unif (0,H) , rh = H
√

1 − λ (4)

where W and H are the width and height of the input image,
respectively.

In the context of DG, Mixup can be extended to incorporate
domain labels by mixing not only the data and labels but
also the domain labels. This expansion allows for enhanced
adversarial training in DG, represented as

x̃ = λxd
i + (1 − λ) xd′

j

ỹ = λyi + (1 − λ) y j

d̃ = λdi + (1 − λ) d j (5)

where d represents the domain labels and di and d j are
the domain labels for the respective samples. This method
leverages domain adversarial training to improve model per-
formance across varying domains [21].

Considering that Mixup is typically used for classification
problems, directly using Mixup on continuous labels can result
in arbitrarily incorrect labels. To address this issue, C-Mixup
extends the Mixup concept specifically for regression tasks by

calculating the distance between labels to sample closer pairs,
improving generalization across various regression problems.
The probability for mixing is defined as

P
��

x j, y j
� ˇ̌

(xi, yi)
�
∝ exp

 
−

d
�
yi, y j

�
2σ2

!
(6)

where d(yi, y j) = ‖yi − y j‖
2. This approach prioritizes mixing

similar samples, increasing the mixing probability for closer
labels and decreasing it for those with larger differences.
Consequently, C-Mixup enhances the model’s generalization
ability in regression tasks [22].

III. METHODOLOGY

A. Overall Framework

In this work, we propose a comprehensive fault diagnosis
framework designed to enhance model performance across
continuously varying working conditions. The framework
consists of several key components: a CDMix augmentation
method, a feature extraction module based on wavelet trans-
forms and a convolutional encoder, a fault classifier, and a soft
constraint with CMIM. The overall framework is illustrated in
Fig. 1.

We introduce the CDMix augmentation method, which
generates out-of-domain samples tailored for continuously
indexed domain scenarios, significantly enhancing the model’s
generalization ability by allowing it to learn from diverse
data variations. To ensure that the model can effectively
exploit these diverse inputs, we apply wavelet transforms to
convert vibration signals into time–frequency representations,
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which are well-suited for capturing localized and nonstationary
fault features in rotating machinery. These representations
are then processed by a convolutional encoder, denoted
as h(·), where the convolutional architecture is particularly
effective in extracting hierarchical spatial patterns from the
time–frequency diagrams. Finally, a fault classifier, denoted as
g(·), identifies fault types based on the extracted features, while
a soft constraint based on CMIM is incorporated during train-
ing to minimize the mutual information between the features
and continuous domain labels. This mechanism encourages the
model to focus on extracting domain-invariant characteristics,
thereby enhancing its adaptability across various operational
conditions. Overall, our framework addresses the pressing
challenge of continuous DG, providing a robust solution for
real-world fault diagnosis applications.

In the following parts, we will discuss the CDMix aug-
mentation method and the CMIM loss constraint in detail,
emphasizing their specific roles and technical implementations
in addressing continuously indexed DG.

B. CDMix Augmentation

The proposed CDMix augmentation is a data augmenta-
tion technique specifically designed for continuous DG tasks.
While traditional mixing techniques extend to include domain
labels as (5), they often lead to inaccurate label generation for
continuous domain labels. This issue becomes more serious
as the distance between the domain labels of the mixed data
increases. To address this challenge, we introduce CDMix,
which adjusts the mixing probability based on the distance
between data domains, ensuring that the mixing process prior-
itizes similar samples. By focusing on label proximity, CDMix
enhances the accuracy of generated labels, allowing multidata
augmentation to yield positive benefits for continuous DG.

1) Mixing Probability Between Samples: In mini-batch
training, the mixing probability for any given sample (xi, yi, ui)
with another sample (x j, y j, u j) depends on the Euclidean
distance between their continuous working condition labels
ui and u j. Specifically, this probability can be calculated by

Pmix ( j|i) =
exp

�
−


ui − u j



2 ı�2σ2
��Pn

k=0 exp
�
− ‖ui − uk0‖2

ı�
2σ2

�� (7)

where n denotes the number of samples in the mini-batch.
We adopt Euclidean distance as the similarity measure

because the domain indices u are explicit, continuous, and low-
dimensional representations of working conditions. Compared
with distances in the input or feature space, using domain
labels has two main advantages: 1) the domain labels directly
encode the underlying variation of working conditions, which
makes them a natural choice for measuring domain relevance
and 2) the domain label space is much lower in dimension-
ality, making distance calculation more efficient and stable.
Based on (7), CDMix prioritizes samples with similar domain
labels, thereby increasing the mixing probability for similar
samples while reducing the mixing probability for those that
differ significantly. This mechanism reduces the occurrence
of semantically inconsistent domain labels and improves the
reliability of generated labels, which, in turn, enables mixed

data augmentation techniques to more effectively support
continuously indexed DG.

2) Mix Strategy: CDMix draws on the mixing methods of
addition and slicing from Mixup and CutMix, randomly select-
ing one of these strategies during application. Specifically, the
fault-type labels ỹ and working condition labels ũ of the new
samples are

ỹ = λyi + (1 − λ) y j

ũ = λui + (1 − λ) u j (8)

where λ is the mixing coefficient sampled from a Beta
distribution Beta(α, α), where α is set to 1, as most mix
augmentation methods show low sensitivity to parameter α.
Besides, y is the one-hot encoded fault type label, while u is
a vector whose elements are continuous values related to the
working conditions.

As for the new input data x̃, when the add mix is chosen,
x̃ can be obtained by

x̃ = λxi + (1 − λ) x j (9)

and when the cut mix is selected, x̃ is derived by

x̃ = M � xi + (1 − M) � x j (10)

where the mask M ∈ {0, 1}L is a binary vector with the same
length as x. The starting index rx and the length rl of the
segment with elements equal to 1 in M satisfy

rx ∼ Unif (0, L) , rl = L (1 − λ) . (11)

Algorithm 1 Continuous Domain Mix Augmentation
Input: Batch of data {(xi, yi, ui)}Ni=1.
Output: Augmented data batch {(x̃i, ỹi, ũi)}Ni=1.

1 for each sample (xi, yi, ui) in the batch do
2 Compute the mix probability Pmix( j|i) with each sam-

ple (x j, y j, u j) using (7) and select a sample based on
the computed probabilities.

3 Sample a mixing coefficient λ ∼ Beta(1, 1).
4 Randomly choose a mixing strategy from add mix and

cut mix with equal probability.
5 if add mix is chosen then
6 Compute the mixed input data x̃i by (9).
7 else if cut mix is chosen then
8 Compute the mixed input data x̃i by (10).
9 end if

10 Apply (8) to compute the mixed label ỹi and mixed
domain label ũi.

11 end for
12 return: the augmented batch {(x̃i, ỹi, ũi)}ni=1

The pseudocode for the CDMix augmentation (CDMix)
is presented in Algorithm 1. CDMix effectively balances
the tradeoff between diversity and continuous domain label
accuracy by prioritizing the mixing of samples with similar
domain labels. This approach minimizes the risk of generating
semantically inconsistent domain labels, thereby enhancing
the reliability of the augmented data. The strategic selection
of mixing strategies, combined with a probabilistic approach

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on November 27,2025 at 10:05:18 UTC from IEEE Xplore.  Restrictions apply. 



WANG et al.: CONTINUOUSLY INDEXED DOMAIN GENERALIZATION FOR FAULT DIAGNOSIS 3563611

based on domain proximity, ensures that the augmented data
supports more effective generalization across continuously
indexed domains.

C. Continuous Mutual Information Minimization

In continuous DG, extensive theoretical analysis and experi-
mental validation have shown that extracting domain-invariant
features can significantly enhance DG performance, which is
equally applicable to continuous DG [18], [23].

Mutual information serves as a powerful tool for quantifying
the correlation between the distributions of two variables. In
the context of training models to extract domain-invariant fea-
tures, we utilize mutual information to assess the relationship
between the feature and the working conditions. To extract
domain-invariant features, we introduce the minimization of
mutual information into the model training process, aiming
to reduce the dependence of the learned features on specific
domain characteristics, thereby enhancing the model’s robust-
ness and its ability to generalize across varying conditions.

1) Kernel-Based Mutual Information Estimation: The defi-
nition of mutual information between feature vectors h(x) and
continuous domain labels u is given by

I (h (X) ,U) = E(h(x),u)∼Ph(X),U

�
log

p (h (x) , u)
p (h (x)) p (u)

�
. (12)

Mutual information I(h(X),U) is always nonnegative, and
it achieves a minimum value of zero if and only if h(X) and
U are independent. This means that when minimizing mutual
information, we are effectively promoting the extraction of
domain-invariant features, ensuring that the learned represen-
tations are robust to variations in working conditions.

Note that the variational formulation of KL divergence
between two probability distributions P and Q, introduced by
Nguyen et al. [24], is

DKL (P,Q) = Ex∼P

�
log

p (x)
q (x)

�
= sup

f

�
Ex∼P

�
f (x)

�
− Ex∼Q

�
e( f (x)−1)�� (13)

and mutual information can be interpreted as the KL
divergence between the joint distribution and the product dis-
tribution. Specifically, in the context of (12), these distributions
are P(h(X),U) and P(h(X))P(U), respectively. Thus, we can
reformulate (12) using (13) as

I (h (X) ,U) = sup
f

�
E(h(x),u)∼Ph(X),U

�
f (h (x) , u)

�
− E(x,u)∼Ph(X)PU

�
e f (h(x),u)−1�� . (14)

At this point, when calculating the expectation in (14), the
probability is represented in a linear form. In the case of mini-
batch training, using n randomly sampled instances, we can
estimate (14) as

Î (h (X) ,U) = sup
f

 
1
n

nX
i=1

f (h (xi) , ui)

−
1
n2

nX
i, j=1

e f (h(xi),u j)−1

1A . (15)

To estimate the function f , we draw inspiration from kernel
methods [25], [26] and utilize a function approximation that
leverages multiple Gaussian kernels, represented with linear
parameters θ

f (h (x) , u; θ)

=

nX
i=1

24 mX
ik=1

θi,ik Kx,ik (h (x) , h (xi))

35Ku (u, ui) (16)

where K denotes the Gaussian kernel function defined as

K (x, y) = exp
�
−
‖x − y‖2

2σ2

�
(17)

with bandwidth σ. Given that the inputs h(x) are finite-
dimensional vectors with continuous elements, the Gaussian
kernel can implicitly and nonlinearly map these vectors into
a high-dimensional space based on their similarities, thereby
effectively approximating the function f . To address the com-
plexity of the feature space, we employ m kernel functions
with varying bandwidths for h(x). This approach enhances
fitting capability and reduces estimation error. The bandwidths
for the kernel functions Kx are adaptively determined using

σ2
x =

αk

n2

nX
i, j=1



h (xi) − h
�
x j
�

2 (18)

where αk ∈ {−3,−2,−1, 0, 1}, and these bandwidths σx are
constants that do not participate in the gradient optimization
process. Besides, the bandwidths for Ku, denoted as σu, are
predetermined.

By substituting (16) back into (15), the optimal estimate θ̂
for the parameter θ can be obtained by solving the convex
optimization problem

min
θ∈Rn,m

−
1
n

nX
i=1

f (h (xi) , ui; θ)

+
1
n2

nX
i, j=1

e f (h(xi),u j;θ)−1 + λθ ‖θ‖
2 (19)

where λθ is the L2 regularization coefficient used to mitigate
overfitting. Since (19) represents a convex problem, we employ
the limited-memory Broyden–Fletcher–Goldfarb–Shanno (L-
BFGS) algorithm [27], which is efficient for large-scale
optimization, to determine the optimal parameters θ̂ as outlined
in (19). Finally, by substituting θ̂ into (15), we can estimate
the mutual information as

Î (h (X) ,U) =
1
n

nX
i=1

f
�
h (xi) , ui; θ̂

�
−

1
n2

nX
i, j=1

e f (h(xi),u j;θ̂)−1. (20)

2) Training With Mutual Information Minimization: To
address continuously indexed DG with CMIM in fault diagno-
sis scenarios, we focus on training the network to minimize a
combination of the cross-entropy loss and the estimated mutual
information in (20). The objective function is defined as

min
g,h
E(x,y)∼P(X,Y)

�
L (g (h (x)) , y)

�
+ λI Î (h (X) ,U) (21)
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where L represents the cross-entropy loss, which quantifies
the difference between the predicted fault types and the actual
labels. The parameter λI acts as a tradeoff factor, balancing the
focus on classification accuracy from the training data with the
minimization of feature-domain mutual information.

Algorithm 2 Continuous Mutual Information Minimization
Input: Training data X with fault labels Y and continuous

domain labels U.
Output: Trained CNN encoder h(·) and classifier g(·).

1 Randomly initialize h(·) and g(·).
2 while training does not end do
3 for each training step do
4 Sample a batch {(xi, yi, ui)}Ni=1 from (X,Y ,U).
5 Get features h(x) and prediction g(h(x)).
6 Calculate the cross-entropy loss L(g(h(x)), y).
7 Obtain θ̂ by solving the optimization problem

described in (19) with h(x), g(h(x)), u.
8 Calculate Î in (20) with θ̂.
9 Get the total loss by (21) with L(g(h(x)), y) and Î.

10 Backpropagate the gradients in g(·) and h(·).
11 Update parameters in h(·) and g(·).
12 end for
13 end while

The pseudocode in Algorithm 2 provides a detailed proce-
dural overview of CMIM, highlighting the steps involved in
minimizing mutual information to enhance DG. By employing
CMIM, we can enhance the model’s robustness and gen-
eralization capabilities across continuously varying working
conditions.

IV. CASE STUDY

In this section, we will demonstrate that the proposed
continuously indexed DG fault diagnosis algorithm, incor-
porating CDMix and CMIM, outperforms existing methods
through experiments conducted on two datasets. These datasets
include the MCC5-THU gearbox fault dataset [28], collected
under time-varying speed and load conditions, and the Uni-
versity of Ottawa (UO) bearing dataset [29], collected under
time-varying rotational speed conditions. All experiments are
conducted under varying working conditions, including dif-
ferent speeds and torques in MCC5-THU, and continuously
varying rotational speeds in the UO dataset. This ensures that
the evaluation directly reflects the challenge of fault diagnosis
under continuously changing domains.

A. Experimental Setup

1) Implementation Details: The experiments are conducted
on a computer equipped with an L40 GPU running the Ubuntu
20.04 operating system, utilizing the PyTorch framework for
algorithm implementation.

We employ the wavelet transform with the generalized
Morse wavelet [30] to extract the time–frequency representa-
tion of the vibration signals, which are then resized to 224 ×
224 pixels. For the convolutional encoder h(·), we utilize the
ResNet18 architecture [31], and the classifier g(·) adopts a
fully connected network structure without hidden layers.

The model is trained using mini-batch training, extracting
data from the training set in batches of size 8. We set the
number of training epochs to 100, with early stopping patience
set to 10 to prevent overfitting. The AdamW optimizer is
adopted with a learning rate of 1e-5 and a weight decay of
1e-6.

These hyperparameters are determined through extensive
grid search and cross-validation experiments to ensure optimal
performance. The application probability p for CDMix is set to
0.3, with a bandwidth σ of 0.1 in (7). For the CMIM module,
the tradeoff weight λI in the loss function (21) is set to 0.5,
and the bandwidth σu in (16) for continuous domain labels is
0.05. The sensitivity of these parameters will be analyzed in
Section V.

All experiments are repeated 5 times, and the results
presented are the averages of these repetitions to ensure
robustness and reliability.

2) Comparison Algorithms: In this section, several compar-
ison algorithms are introduced to evaluate the performance of
the proposed method. CORAL [32], IRM [33], and MixStyle
[34] are outstanding algorithms in the DG field, while CGAN-
MSE [35], DMDGN [13], and MGF-PGCN [36] represent
state-of-the-art methods for cross-condition DG in fault diag-
nosis. The detailed introduction to these methods is presented
as follows.

1) CORAL aims to achieve DG by utilizing linear trans-
formations to align the second-order statistics of feature
distributions extracted from various domains, thereby
enabling the extraction of domain-invariant features.

2) IRM estimates nonlinear, invariant, causal predictors
from multiple training environments to achieve out-of-
distribution generalization, emphasizing the importance
of learning invariances across diverse environments.

3) MixStyle uniquely probabilistically mixes the output
feature statistics from different layers of the model
across source domains, creating diverse styles that
enhance DG and improve the model’s adaptability to
unseen environments.

4) CGAN-MSE utilizes a single discriminator and a mean-
square-error loss for conditional adversarial training to
extract domain-invariant features, improving generaliza-
tion in fault diagnosis tasks.

5) DMDGN applies mixup data augmentation to both
class and domain spaces, employs adversarial learn-
ing to introduce adversarial perturbations, and utilizes
a domain-based discrepancy metric to balance intra-
and interdomain distances, effectively learning domain-
invariant and discriminative features for different work-
ing loads and machines.

6) MGF-PGCN combines multiscale Gaussian feature
enhancement with a prototype graph convolutional net-
work to achieve robust DG in rolling bearing fault
diagnosis, ensuring consistent and compact feature rep-
resentations across domains.

B. Case 1: MCC5-THU Gearbox Dataset

1) Data Description: The MCC5-THU gearbox dataset is
collected from a two-stage parallel gearbox test platform,
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Fig. 2. Gearbox test rig of MCC5-THU [28].

TABLE I
WORKING CONDITIONS OF EACH MCC5-THU SUBSET

TABLE II
FAULT TYPES AND DATA COUNT OF MCC5-THU

equipped with a three-phase asynchronous motor and a mag-
netic powder brake. The data acquisition system includes
two three-axis vibration accelerometers, one positioned at the
gearbox output end and the other at the motor end, measuring
vibrations along the x-, y-, and z-axes at a sampling frequency
of 12.8 kHz for 60 s. Additionally, a torque sensor and a key
phase sensor are used to record the gearbox input torque and
motor output speed, respectively. The test rig of MCC5-THU
is illustrated in Fig. 2.

To create subsets for DG experiments, the data in MCC5-
THU is divided into six groups based on three speed ranges
and two torque ranges. The details of each subset’s working
conditions are summarized in Table I.

The selected data in MCC5-THU includes six fault types,
focusing on the most severe conditions. Each subset is con-
structed from the middle 40 s of each data file, segmented into
pieces of 4096 sampling points, corresponding to a time length
of 320 ms. Table II provides descriptions of the different fault
types along with their respective data counts.

For DG fault diagnosis experiments on MCC5-THU, five
of the six subsets will be selected as the training set, while
the remaining one will serve as the test set. For regular DG
methods, the subset indices are used as domain labels, while
in our proposed continuously indexed DG method, we directly
employ a 2-D working condition vector as continuous domain
labels, where the condition values in this vector are normalized
to the range of 0–1 using min–max normalization

u′ =
u − umin

umax − umin
. (22)

Fig. 3. t-SNE visualization of 1000 samples from the MCC5-THU dataset.
(Left) Samples colored by normalized speed. (Right) Samples colored by
normalized torque.

2) Domain Shift Illustration: To intuitively demonstrate
how varying working conditions cause domain shifts, we
randomly select 1000 samples from the MCC5-THU dataset
and perform a 2-D t-SNE visualization [37]. The samples are
colored according to their normalized speed and torque values,
as shown in Fig. 3.

The visualization reveals that the feature distributions are
not uniform with respect to either speed or torque, indicating
that variations in working conditions lead to clear distribu-
tion shifts. Consequently, when a model is trained only on
data from limited working conditions, the learned decision
boundaries may not be well-suited for unseen conditions.
This confirms that varying working conditions inherently
induce domain shifts, motivating the necessity of continuously
indexed DG methods.

3) Results and Analysis: The experiments based on the
MCC5-THU dataset are divided into two parts: one based
on gearbox vibration data and the other based on motor-end
vibration data. Each part evaluates the performance of our
proposed CDMix–CMIM method in comparison to several
classic DG methods. For the six subsets corresponding to the
six cross-DG tasks, the accuracy results for each method are
presented in Tables III and IV. In the tables, the notation
→ subset n indicates that the DG model is tested on subset
n while trained on the other subsets. The highest accuracy
for each cross-domain diagnosis task is highlighted in bold to
emphasize the best-performing methods.

In Table III, our CDMix–CMIM method demonstrates sig-
nificant improvements over the base model across almost
all tasks, achieving an average accuracy of 88.56%, which
represents a notable increase of approximately 8.12% over
the base model’s average of 80.44%. This consistent gain
highlights that the proposed CDMix module enables condition-
aware sample generation that reduces semantic inconsistency
in mixing, while the CMIM module leverages continuous
condition information to enforce smoother domain alignment.
Together, these components yield stronger generalization than
conventional DG methods.

In contrast, the motor-end vibration data contains more
noise, which complicates the detection of gear fault informa-
tion. Nevertheless, as shown in Table IV, CDMix–CMIM also
shows a consistent enhancement over the base model, attaining
an average accuracy of 80.14%, which is an increase of about
5.61% compared to the base model’s 74.53%. Even in this
more challenging setting, the advantage of CDMix–CMIM
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TABLE III
MCC5-THU DG ACCURACY (%) ON GEARBOX VIBRATION

TABLE IV

MCC5-THU DG ACCURACY (%) ON MOTOR VIBRATION

Fig. 4. Experimental platform of UO [29].

confirms that explicitly incorporating condition indices into
both sample mixing and feature matching improves robustness
to noisy signals.

These results indicate that the proposed CDMix–CMIM
method maintains robust performance, despite the increased
noise in the motor-end signals. Overall, our method improves
accuracy across all tasks and outperforms other established
methods on the MCC5-THU dataset, demonstrating its effec-
tiveness in enhancing DG capabilities for both gearbox and
motor vibration data.

C. Case 2: UO Bearing Dataset

1) Data Description: The UO Bearing Dataset is collected
on a SpectraQuest machinery fault simulator. As illustrated in
Fig. 4, the experimental setup includes a drive motor with
an ac drive for speed control, an accelerometer to capture

TABLE V

SPEED RANGE OF EACH UO SUBSET

vibration signals, and an incremental encoder for measuring
the rotational speed.

The UO dataset simulates three fault conditions for bearings,
which are inner ring fault, outer ring fault, and ball fault, along
with a healthy state, resulting in a total of four fault types.
Additionally, the UO dataset is collected under time-varying
speeds, ranging from 600 to 1800 r/min. For DG experiments,
we divide the dataset into three subsets based on these speed
ranges, as shown in Table V.

In preprocessing the UO dataset, the original sampling
frequency of 200 kHz is downsampled to 25 kHz. After
segmentation, we obtain a total of 2928 data segments, with
each fault type represented by 732 segments. Each segment
lasts 163.84 ms, which is longer than the maximum fault
feature period of 28.01 ms.

Consistent with the experiments on the MCC5-THU dataset,
we select two of the UO subsets as training data and use the
remaining subset to test the model’s generalization capability.

2) Results and Analysis: Similarly, we conducted three
cross-speed bearing fault diagnosis experiments on the UO
dataset, with the results presented in Table VI.

As was expected, the CDMix–CMIM method achieves a
remarkable average accuracy of 99.77%, surpassing the base-
line model’s 99.14%. The baseline model performs well due to
the pronounced fault features in bearing systems. However, our
method still enhances performance by approximately 0.63%,
particularly improving accuracy in the first cross-domain task
by 1.52%. This result further validates that CDMix–CMIM
is not limited to gear systems but is generally applicable to
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TABLE VI

UO DG ACCURACY (%)

Fig. 5. t-SNE visualization of features from the test set. (a) Base. (b) CORAL.
(c) IRM. (d) MixStyle. (e) CGAN-MSE. (f) DMDGN. (g) MGF-PGCN.
(h) CDMix–CMIM.

various fault diagnosis tasks, with CMIM effectively exploit-
ing continuous condition indices to maintain cross-condition
discriminability.

V. MODEL DISCUSSION

In this section, we further analyze the proposed method,
demonstrating its effectiveness and stability through feature
visualization, ablation studies, and parameter sensitivity anal-
ysis.

A. Feature Visualization

To analyze and evaluate the capability of the proposed
CDMix and CMIM methods in enhancing the generalization
performance of fault diagnosis, we will use t-SNE to visualize
the features extracted from the test set. Specifically, we will
extract features from models trained using different methods
on the gearbox end vibration signals from the MCC5-THU
dataset in the first cross-domain task and present the dimen-
sionality reduction results as shown in Fig. 5. Different colors
in the figure represent different fault types.

The results indicate that although all fault diagnosis models
use the same architecture, the features extracted from the test
set show varying degrees of distinguishability based on the
DG algorithm. Notably, the model trained using our proposed
CDMix–CMIM method exhibits the best distinguishability
among fault types. This improvement stems from the com-
bined effect of CDMix, which generates condition-consistent

TABLE VII

ABLATION STUDY

training samples, and CMIM, which aligns features across con-
tinuous condition indices. The resulting feature space exhibits
clearer class separation in the unseen domains.

B. Ablation Study

In the ablation study, we systematically evaluate the con-
tributions of different components of the proposed CDMix
method. Our experiments are conducted on the gearbox end
data from the MCC-THU dataset, where we perform 5 trials
to obtain the average accuracy. We first replace the CDMix
approach with the vanilla Mix augmentation to assess its
impact on performance. Next, we remove the CDMix module
and only utilize the CMIM module for DG. Finally, we exclude
the CMIM module entirely, which effectively equates to rely-
ing solely on the vanilla Mix augmentation. The effectiveness
of the method is evaluated using the average accuracy across
six cross-domain diagnosis tasks. The results of these different
ablation experiments are presented in Table VII.

The results of the ablation experiments are presented in
Table VII. The table shows that our proposed CDMix–CMIM
method achieves the highest fault diagnosis generalization
accuracy among all variants. Specifically, both CDMix alone
and CMIM alone yield improvements over the baseline
model, and their combination achieves the best overall per-
formance. In contrast, replacing CDMix with conventional
mixing techniques such as Mixup or CutMix does not provide
the same benefit, as these methods may introduce semantic
inconsistency under continuously indexed DG. By maintain-
ing condition-aware semantic consistency, CDMix effectively
complements CMIM’s domain-invariance enforcement, lead-
ing to the strongest generalization.

C. Sample Imbalance Analysis

To assess the robustness of our proposed method under
sample imbalance, we introduced imbalance ratios (IRs) of
1, 2, 3, 4, 5, and 10. Here, IR refers to the ratio of health
class data to fault class data, with IR = 1 indicating balanced
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Fig. 6. Macro F1-scores under different IRs.

data. The experiments are conducted using the gearbox end
vibration data from the MCC5-THU dataset, repeating five
times to obtain the average results. Considering that accuracy
can be misleading in scenarios with sample imbalance, we use
the macro F1-score as the evaluation metric. The macro F1-
score is the mean of the F1-scores of all classes, providing
a more balanced measure of performance across classes. The
F1-score is defined as

F1-score =
2× Precision× Recall

Precision + Recall
. (23)

We selected CGAN-MSE and DMDGN methods for
comparison with our proposed CDMix–CMIM method. Addi-
tionally, we tested CDMix and CMIM individually to analyze
the robustness of each module under data imbalance. Fig. 6
illustrates the macro F1-scores of different methods across
varying IRs.

The results demonstrate that as the IR increases, the
performance of various DG methods declines to varying
extents. However, our CDMix–CMIM method consistently
outperforms others. Notably, CMIM maintains excellent DG
performance when the imbalance ratio does not exceed 2, but
experiences a significant performance drop beyond this point.
In contrast, CDMix exhibits greater robustness to changes in
imbalance ratio, ensuring that the combined CDMix–CMIM
method delivers reliable DG across all imbalance scenarios.

D. Parameter Sensitivity Analysis

Here, we analyze the sensitivity of four key hyperparam-
eters, which include the CDMix application probability p,
the bandwidth σ, the CMIM tradeoff weight λI , and the
bandwidth σu. This analysis is conducted using experiments
on the gearbox end vibration signals from the MCC5-THU
dataset in the first cross-domain task. We utilize a control
variable method, fixing three parameters while varying one
to evaluate its impact on average accuracy, calculated from
five repeated experiments. The experimental results are shown
in Fig. 7.

The results show that σ achieves stable performance within
0.01–0.2, with 0.1 being optimal, and the model is generally
robust to the choice of p, with p = 0.3 giving the best accuracy.

Fig. 7. Sensitivity analysis of hyperparameters.

For the CMIM tradeoff weight λI , we observe that it
balances feature domain invariance and fault-type discrim-
inability. Too small a value makes CMIM ineffective, while
overly large values overemphasize invariance at the expense
of classification accuracy. The range 0.2–0.7 yields the appro-
priate tradeoff, with λI = 0.5 being optimal.

For the CMIM bandwidth σu, very small values make
CMIM unable to distinguish domain differences, thus failing
to enhance DG, while excessively large values over-discretize
the continuous labels, harming DG. A recommended range is
0.02–0.5, with 0.05 as the optimal setting.

Overall, all parameters exhibit a degree of robustness,
showing stability in model performance across various con-
figurations.

VI. CONCLUSION

This article addresses the common challenge of fault diag-
nosis across continuously varying working conditions by
proposing a novel fault diagnosis framework based on con-
tinuously indexed DG methods. The framework integrates a
CDMix data augmentation method, a feature extraction mod-
ule based on wavelet transform and a convolutional encoder,
a fault feature classification module, and a CMIM loss con-
straint. Our method generates out-of-domain data suitable for
scenarios with continuously indexed domains through CDMix
and utilizes CMIM to estimate and minimize the mutual
information between features and continuous domain labels,
guiding the network to extract domain-invariant features. This
enhances the model’s generalization capability under different
working conditions, thereby improving accuracy in fault clas-
sification across continuous domains. Extensive experiments
conducted on gearbox and bearing fault datasets demonstrate
that the proposed CDMix–CMIM continuously indexed DG
framework can fully leverage continuous working condition
information, exhibiting significant superiority over existing
methods, while the algorithm itself shows good robustness.

Although developed for fault diagnosis, the proposed
CDMix–CMIM can also be applied to other fields with similar
challenges. Future research may explore other forms of con-
tinuously indexed DG methods to enhance DG performance,
while also considering the application of these techniques to
other common challenges in fault diagnosis, such as sample
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imbalance and unknown faults, to improve the practicality of
the methods.
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