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Abstract

To address the issue of limited interpretability in current deep learning-based bearing fault
diagnosis methods, this study proposes a convolutional neural network model incorporat-
ing spectral physical constraints. The model integrates data-driven learning with physical
constraints by embedding the spectral features of bearing faults as prior knowledge into the
network architecture during training. This guides the model to adaptively learn spectral
features closely associated with fault mechanisms. Experimental results on both public
datasets and self-collected data show that the proposed model not only maintains high di-
agnostic accuracy but also provides intuitive and credible justification for fault classification
through the visualization of spectral responses at the network output layer. This enhances
the spectral interpretability of the model’s decisions, achieving a transition from a “black
box” to a “white box” and effectively improving the reliability of deep diagnostic models.

Keywords: intelligent fault diagnosis; adaptive learning; interpretability; physical constraints

1. Introduction

As a core component of rotating machinery, the operational state of rolling bearings
directly impacts the reliability, safety, and production efficiency of the entire equipment [1].
Bearing failures leading to unplanned downtime can cause significant economic losses and
even trigger safety incidents [2,3]. Therefore, conducting accurate and efficient research on
bearing fault diagnosis is of paramount importance for achieving intelligent equipment
operation and maintenance, as well as ensuring the safe and stable operation of industrial
systems [4,5].

In recent years, with the rapid advancement of sensor technology and big data acqui-
sition capabilities, data-driven intelligent diagnostic methods, particularly deep learning,
have become a research hotspot in this field [6-9]. Mansouri [10] et al. proposed a simplified
RNN based on hierarchical K-means clustering and two interval-valued data simplification
techniques, enabling deeper extraction of signal features while reducing computation time
and improving accuracy. Niu [11] et al. introduced a CNN variant model that enhances the
extraction of fault-relevant information by incorporating a channel attention mechanism
to explore intra-channel feature relationships, achieving an end-to-end diagnostic mode
and effectively improving bearing diagnostic performance. Cao [12] et al. proposed an
unsupervised domain-shared convolutional neural network for fault transfer diagnosis
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from constant to variable speed conditions, demonstrating high diagnostic accuracy and
faster convergence in bearing fault diagnosis cases. Deep learning models represented
by convolutional neural networks and recurrent neural networks, with their powerful
automatic feature extraction and nonlinear mapping capabilities, have shown outstand-
ing performance in processing high-dimensional and complex bearing vibration signals,
significantly improving fault identification accuracy and generalization ability, thereby
advancing fault diagnosis technology toward intelligence and automation [13-15].

However, mainstream deep learning models, known as “black boxes,” though ef-
fective in diagnosis, have decision-making processes that are difficult for humans to
interpret [16,17]. This lack of interpretability poses a critical challenge in the safety-critical
field of industrial diagnostics: engineers cannot trust diagnostic results that lack reason-
ing, and it is difficult to uncover new fault mechanisms or perform root cause analysis
of misjudgments [18]. In response, explainable artificial intelligence research aimed at
revealing model decision logic and establishing human—machine trust has emerged [19,20].
In the field of fault diagnosis, to enhance the credibility of deep learning models, current
interpretability research primarily unfolds in two directions: first, developing post hoc
interpretability tools to visualize the decision basis of existing “black-box” models. For
example, Pang [21] et al. proposed an interpretable convolutional neural network model
that directly visualizes the spectral features of samples output from the final layer, veri-
fying the model’s ability to effectively learn and extract frequency-domain components
closely related to the physical mechanisms of faults, thereby providing clear post hoc
interpretability for the decision-making process; second, exploring inherently interpretable
model structures to directly provide readable reasoning clues during diagnosis. For in-
stance, Lao [22] et al. proposed an interpretable network architecture that reconstructs
the signal processing workflow of fault diagnosis as the first four layers of the network,
making the entire processing flow from raw vibration signals to fault features transparent
within the model. Wang [23] et al. incorporated classical physical sparsity metrics as the
direct basis for model decisions, ensuring that the output health index has a clear physical
measurement source, thereby guaranteeing the interpretability of the decision path.

Although existing research has made progress in enhancing model interpretability,
the improvement approaches have mainly focused on algorithmic and model-level opti-
mization [24,25]. Whether developing visualization tools to display the model’s areas of
attention or designing inherently interpretable network structures, these methods, while
helpful in understanding how the model makes judgments, overlook the physical laws
and prior knowledge inherent to the diagnostic objects in the field of fault diagnosis. This
results in interpretability outcomes that may appear statistically reasonable but lack a solid
physical foundation, limiting the generalization and trustworthy application of models in
complex and variable industrial scenarios.

To address the above issues, this paper proposes a physics-informed intelligent diagno-
sis model for bearing faults (PIIDM). The model transforms the spectral physical knowledge
of bearing faults into differentiable constraints and structured network modules, integrat-
ing them into the model’s architectural design and training process. By fusing physical laws
with data-driven mechanisms, the model not only adaptively learns bearing fault features
at the data level but also adheres to the spectral physical mechanisms of bearing faults
in its decision-making path. This ensures that the generated feature representations and
diagnostic results are consistent with data statistical characteristics while strictly satisfying
the physical constraints of faults. This study aimed to construct an intelligent diagnostic
framework with transparent internal logic, reliable diagnosis, and physical verifiability,
thereby advancing the practical application of interpretable deep learning in industrial
fault diagnosis.
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Table 1 shows the essential differences in architectural design between the model in
this paper and the ELCNN in reference [21], the Causal Invariant GNN in reference [22],
and the Sparsity-constrained ELM in reference [23]. Both Sparsity-constrained ELM and
Causal Invariant GNN hard-code prior knowledge into specific network architectures,
resulting in the methods being limited by specific backbone models. ELCNN achieves
structural simplification and feature enhancement by removing the bias, activation, and
pooling layers and combining the square characteristics of S-GAP. However, its physical
properties originate from the signal processing logic, and mechanical dynamic parameters
are not explicitly introduced. In contrast, this paper constructs an architecture-independent
physical information loss function, injecting the bearing failure frequency as an explicit
constraint into the optimization process. This kind of physical embedding loss avoids
the complexity of network reconstruction and is an effective supplement to the existing
research on the embedding architecture of physical prior knowledge.

Table 1. Comparison of different interpretability model architectures.

ELCNN [21]

Causal Invariant
GNN [22]

Sparsity-Constrained
ELM [23]

PIIDM

Core Paradigm

Interpretability
by structure

Causality in
architecture

Physics in architecture

Physics in loss

Physical priori source

Structural causal
model/Graphically
coupled module

Wavelet transform
layer /Kurtosis/Gini
sparse neurons

Spectral energy
aggregation constraint

Backbone network
limitations

Strongly dependent on
the GNN architecture

Strongly dependent on
the GNN architecture

Strongly dependent on
the ELM architecture

Architectural
independence

Optimization method

Reduces the number of
parameters to enhance
noise immunity

Modifies the definition
of the graph structure

Modifies the definition
of the network layer

Only the loss function
term is added,
while the network
remains unchanged

The main structure of the paper is organized as follows. The introduction section
elaborates on the development of intelligent fault diagnosis for bearings and the current
status and challenges in interpretability research. The second chapter systematically in-
troduces the spectral characteristics of bearing faults and their physical implications. The
third chapter proposes the overall architecture of PIIDM and provides a detailed explana-
tion of its module design and operational mechanisms. The fourth chapter validates the
classification performance and interpretability of the proposed model through experiments.
The fifth chapter summarizes the entire work and outlines directions for future research.

2. Background

In the fault diagnosis of rolling bearings, local defects (such as spalling of the inner
ring, outer ring, or rolling elements) induce periodic impact excitations. These impact
excitations can be monitored through vibration signals and exhibit distinct characteristic
patterns in the frequency domain [26]. Figure 1 shows the time-domain waveforms and
frequency spectra of a bearing under normal and different fault conditions. The analysis
reveals the following:

(1) In the frequency spectrum, bearing fault characteristics manifest as a series of uni-
formly spaced discrete spectral lines, with the characteristic frequency serving as the funda-
mental frequency. The characteristic frequency components (including the fundamental and
its harmonics) of the inner ring, outer ring, and rolling elements are all clearly observable in
the spectrum. The fundamental frequency can be calculated using Formula (1).
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(2) Due to modulation by the system’s frequency response function, the amplitudes of
these discrete spectral lines are no longer constant. Instead, they exhibit significant ampli-
tude modulation and frequency modulation effects, forming sidebands centered around
the system’s natural frequency in the spectrum, characterized by amplitude fluctuations.

Therefore, spectrum analysis serves as an effective criterion for extracting fault features
and diagnosing rolling bearing faults. By directly observing the characteristic frequency
components strongly correlated with bearing geometry and rotational speed and analyzing
their amplitude levels, harmonic structures, and interactions with the system’s natural
frequency, the type, location, and severity of faults can be accurately determined.

(1— &cosa)f, )
2
fran = 11— (Fcosa)”)fr
where Z represents the number of rolling elements, d is the diameter of the rolling elements,

D is the pitch circle diameter of the bearing, « is the contact angle, and f is the rotational
frequency of the shaft.
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Figure 1. Time-domain and frequency-domain diagrams of bearings in different states. (a) Normal
bearing. (b) Inner ring spalling. (c) Outer ring spalling. (d) Rolling element spalling.

3. Design of Interpretable Models Based on Spectral Physical Constraints

The PIIDM model proposed in this paper empowers the frequency-domain features
of bearing faults into the network in the form of physical constraints, guiding the model
to learn features with clear physical meanings and achieving an interpretability leap from
“black box” to “white box”. The model architecture is shown in Figure 2, which includes:
(1) a multi-scale CNN feature extractor to capture discriminative features from the original
signal; (2) the loss function was improved by introducing a physical-penalty loss on the
basis of the cross-entropy loss function. The significance of the bearing fault spectrum
features was used as the regularization term to enhance the transparency and physical
credibility of the model’s diagnostic decisions.
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Figure 2. PIIDM model framework.

3.1. CNN Feature Extractor

In bearing fault diagnosis, the frequency-domain characteristics of vibration signals
are crucial for fault identification. Traditional methods often rely on Fourier transform to
extract spectral features. Its essence is the convolution operation of signal x(t) with a set of
—jwt

orthogonal basis functions e™/“*, as shown in Formula (2). It extracts the static features of

the signal in the frequency domain through global convolution.
X(w) = / x(t) - eIt @)

Inspired by this, the convolution operation in convolutional neural networks has a
high degree of structural homology with it, and both achieve feature extraction through
convolution operations: In CNN, the calculation of the k-th feature map in the / layer can
be expressed as

y,({l) = 0(2 wlgfi) * ygl_l) + b]((l)> 3)
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where * represents the convolution operation, wlgll) is the learnable convolution kernel
weight, and ¢ is the nonlinear activation function.

Unlike the fixed basis functions (¢ /¢! in the Fourier transform, the convolution
kernel w in CNN adaptively learns and updates through backpropagation and gradient

descent algorithms during the training process:
W w—1— 4
Taw @)

where L is the loss function, and 7 is the learning rate.

This mechanism enables the convolution kernel to evolve autonomously, focusing
on key features such as resonance bands and modulation sidebands caused by faults,
rather than relying on artificially designed fixed band divisions. Therefore, as shown in
Figure 3, this study selects CNN as the feature extraction model, which not only inherits
the mathematical unity of convolution operations in frequency-domain analysis but also
possesses the ability to independently evolve the optimal feature expression from the data,
providing a theoretical and structural basis for the construction of an end-to-end intelligent
fault diagnosis system.

Lokl (bl
POn A

il ‘JH“M Vi

> ||l=>l=|l=>—
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Input Conv Pool Conv Pool Conv FC layer
Figure 3. CNN feature extractor.

From the morphological changes of the signal before and after convolution in Figure 4,
it can be intuitively seen that after convolution processing, the fault frequency-domain
components in the signal are highlighted, indicating that the convolution operation in
the convolutional neural network also has the ability to extract the spectral features of
the signal. This provides an intuitive basis for interpreting the fault feature extraction
mechanism of CNN in the frequency domain.
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Figure 4. Comparison of the time-domain and frequency-domain graphs of the signal before and
after convolution.
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3.2. Design of Composite Loss Function Integrating Spectral Physical Constraints

Based on the cross-entropy classification loss function, PIIDM integrates a physi-
cal penalty loss function and constrains the model’s learning direction in the form of
physical regularization, making the model’s decision-making process transparent and
“white-boxed”. Concretely, it can be introduced as follows.

(1) Through supervision and the learning mechanism driven by classification loss, the
CNN model is guided to extract discriminative fault features from raw bearing vibration
signals for accurate identification of multiple fault modes. Specifically, high-dimensional
features extracted by the CNN network are mapped to a category space via the fully
connected layer. The cross-entropy loss function (Formula (5)) quantitatively minimizes
the discrepancy between the predicted distribution and ground-truth labels. This process
compels the network to learn intrinsic distinctions among different fault types and improves
the robustness of classification decisions:

1
N
i

1=z

C
Lee=— Z Yie- log(?i,c) )
c=1

I
—

(2) Physical-penalty loss in bearing fault diagnosis field—the depth model because of
its black-box nature is often unplanned and learning results cannot be explained and are
constrained. The proposal of physical information neural networks provides a new idea
for enhancing the credibility of model classification. In practical engineering applications,
spectral analysis is a reliable method for diagnosing bearing faults. Therefore, in this paper,
the spectral characteristics of faulty bearings are introduced as physical priors in model
training to constrain the model learning process. The specific steps are as follows.

(D Bearing spectral feature extraction.

As shown in Formulas (6) and (7), the Fourier transform is first performed on the
signal sample features x;(t) output by the CNN to obtain the predicted spectrum features
of the model. Subsequently, the amplitude spectrum of this predicted spectrum is extracted
to characterize the frequency energy distribution:

Xi(f) = [ xilt) - e Pl ©

Adf) =] Xi(f) |= \/Re(Xi())> + Im(X; (f))? @)

Re(-) is the real part of -, Im(+) imaginary part of -.

@ Calculation of the peak ratio of fault characteristic frequencies.

The peak ratio of the fault characteristic frequency refers to the proportion of the
amplitude of the fault frequency component (including the fundamental frequency and
its harmonics) in the spectrum of the faulty bearing to the global maximum amplitude.
This ratio can reflect the significance of the fault frequency component in the spectrum
and is an important indicator for measuring whether the fault characteristics are clear. The
calculation process is as follows.

First, as shown in Formula (8), a constraint neighborhood is set for the fault charac-
teristic frequency to compensate for the characteristic frequency offset of the frequency
resolution and the rotational speed fluctuation derivative:

Estart :f!;—]/l
8
{%d:fi‘ﬂt ®
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Among them, fX represents the k-th characteristic frequency of the 7-th bearing fault
category (when k = 1, it represents the fundamental frequency of the fault feature; when
k > 1, it represents the (k — 1)-th harmonic component), and the window range ¢ restricts
the size of the left and right neighborhoods of the fault characteristic frequency.

Second, the local maximum amplitude and the full-frequency maximum amplitude of
the bearing fault characteristic frequency within this constraint neighborhood are calculated:

The maximum local amplitude is the following:

Pl (k) = max  Ai(f) 9)

ec [estartzgend]

The maximum amplitude value across the full frequency band is the following;:

P (fE) = maxaq(f) (10)

Finally, the peak ratio of the k-th fault characteristic frequency of the i-th sample

is obtained:
Plocal

MZ#L&ﬁMH (11)

(® Calculation of physical penalty losses.

A physical threshold ( is set. By comparing the ratio of this threshold to the peak
frequency of the fault feature in the model’s predicted spectrum, it can be determined
whether the model effectively captures the physical patterns related to the fault. Based on
this, the physical loss is calculated.

The single frequency penalty loss L  is calculated as shown in Formula (12), repre-
senting the penalty loss of the k-th feature frequency of the i-th sample:

7!

(147 —-Rix), Rix < ¢
Lix= { 0, Rix >¢ (12)

The calculation of the penalty loss for a single sample is shown in Formula (13), which
represents the average loss of all valid fault characteristic frequencies of a single sample
and is used to characterize the degree of physical constraint violation of the sample. In the
formula, K represents the number of effective fault characteristic frequencies:

1
Ei = — Z ‘Ci,k (13)
‘K|keK

This paper introduces the confidence probability to weight the single-sample penalty
loss (Formula (14)), making the loss positively correlated with the prediction credibility. The
prediction confidence weighting mechanism enables the physical penalty loss to impose
stronger penalties on high-confidence incorrect predictions. In the formula, P(y = §|x) rep-
resents the probability that the model predicts category §:

Lo=P(xly=19)-L (14)

The final physical loss is shown in Formula (15). This physical penalty loss is based on
the frequency-domain feature prior of the bearing fault, ensuring that the fault category
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predicted by the model is consistent with the physical law of the frequency-domain energy
distribution. In the formula, N represents the number of samples:

1 N
ﬁphysics = N Z L (15)
w=1

Ultimately, the complete loss function of the proposed PIIDM is defined in Formula (16).
By integrating cross-entropy classification loss and physical constraint loss, this work con-
structs a network framework that synergistically combines data-driven learning and physical
fault mechanisms. The cross-entropy loss supervises the model to extract highly discrim-
inative features from vibration signals, enabling accurate identification of various bearing
faults, including inner-race faults, outer-race faults, and rolling element faults. Meanwhile,
the physical penalty term, derived from prior bearing fault frequency knowledge, guides
the network to capture frequency-domain feature patterns consistent with real fault physical
mechanisms. This design transforms the traditional black-box model into an interpretable
white-box paradigm, which substantially improves the physical consistency, interpretability,
and reliability of the model diagnostic decisions:

Liotal = MLee + /\ZEphysics (16)

In Formula (16), A; and A; are the weights of the cross-entropy classification loss
and the physical constraint loss, respectively; The larger the weight value, the higher the
proportion of the corresponding loss term in the total loss, and the stronger the model
training’s tendency to fit this loss.

4. Test

After systematically expounding the theoretical framework and method design of
PICNN in this paper, multi-dimensional empirical research is now conducted. All exper-
iments were independently repeated six times. The average value of the indicators was
adopted to reduce the interference caused by the randomness of training and ensure the
reliability of the experimental results, thereby verifying the superiority and interpretability
of PICNN in the intelligent fault diagnosis task.

4.1. Experiment Preparation
4.1.1. Dataset

(1) The Huazhong University of Science and Technology (HUST) bearing vibration
dataset [27].

HUST datasets were collected under the conditions of 11 kinds of speed (ten kinds of
constant speed). The vibration signals of bearings in different states (with a time-varying
speed) were sampled. The load during the sampling process was set to a constant value
of 20 Nm, and the sampling frequency was 25.6 KHz. This dataset contains eight bearing
failure states and one health state. The fault conditions of bearings respectively included
severe damage and minor damage to the inner ring, outer ring, rolling elements, and
compound faults. The model of the bearing used was ER-16K. Its specific parameters are
shown in Table 2. The left side of Figure 5 is the HUST dataset acquisition test ring, and the
right side of Figure 5 is the schematic diagram of the faulty bearing.

Table 2. Parameters of ER-16K bearings.

Ball Diameter Number of Balls Pitch Diameter
7.94 mm 9 35.73 mm
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(3) Severe (5) Severe (7) Severe (9) severe
inner outer ball combo
(1) Normal
1: Speed comrql, 2:Motor, 3: Sh‘af_‘t-‘ 4: Acceleration (2) medium | (4) medium | (6) medium | (8) seveerre
sensor, 5: Bearing, 6: Data acquisition board inner outer ball combo

Figure 5. HUST dataset test ring (left), faulty bearing (right).

As shown in Table 3, the vibration signals of three states (inner ring, outer ring, and
rolling elements) of the bearings collected under two rotational speed conditions (20 Hz
and 30 Hz) in the HUST bearing dataset were selected as experimental data. The respective
fault characteristic frequencies can all be obtained by Formula (1).

Table 3. HUST dataset.

Condition of Loading Fault Type Fault Character Frequency Label
Inner-race fault 110.09 Hz 0
20 Hz Outer-race fault 70.72 Hz 1
Ball fault 42.78 Hz 2
Inner-race fault 165.16 Hz 3
30 Hz Outer-race fault 106.08 Hz 4
Ball fault 64.17 Hz 5

(2) The bearing fault dataset (BFD) was collected independently by our laboratory [28].

As shown in Figure 6, it is the test ring for signal collection. This test bench is composed
of a platform base plate, a three-phase AC asynchronous motor, a gearbox fault simulation
module, a rolling bearing fault simulation module, a control system, test pieces, etc. The
acceleration sensor used for data acquisition is shown in Figure 7, with the model being
HF7051-1. Figure 8 shows the HFSS signal acquisition system, which is responsible for
collecting and analyzing the signals collected by this sensor.

i
Platform base plate Speed Sensor

Hydraulic tube H Epieyclic Gearbox

Motor

Bearing ITousing Torque Sensor Paralle] Gearbox Coupler

J . 0

Figure 6. BFD dataset test ring (left), faulty bearing (right).

Figure 7. HF7051-1 sensor.
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Figure 8. HFSS schematic diagram of signal acquisition software.

As shown in Table 4, the dataset used in this paper is the vibration signal of the
bearing in the three states (inner ring, outer ring and rolling elements) collected by the
rolling bearing fault simulation module under two rotational speed conditions (20 Hz and
30 Hz). This fault simulation module adopts a standardized rolling bearing, model NU205,
and its specific parameters are shown in Table 5. The fault characteristic frequencies of each
can be calculated by combining Formula (1). The sampling process load is set to a constant
value of 20 Nm, and the sampling frequency is 16 KHz.

Table 4. BFD dataset.

Condition of Loading Fault Type Fault Character Frequency Label
Inner-race fault 155.3 Hz 0
20 Hz Outer-race fault 104.65 Hz 1
Ball fault 49.4 Hz 2
Inner-race fault 232.1 Hz 3
30 Hz Outer-race fault 156.9 Hz 4
Ball fault 74.1 Hz 5

Table 5. Parameters of NU205 bearings.

Inner Diameter

Outer Diameter Ball Diameter Width Number of Balls Pitch Diameter

25 mm

52 mm 7.5 mm 15 mm 13 38.5 mm

4.1.2. Sample Selection and Training Parameters

Vibration signals contain rich fault characteristics. A reasonable signal sampling length
is a basic condition to ensure that the sample truly reflects the original signal and that
the sampling length refers to the time recording length required to analyze the lowest
frequency in the signal. To ensure the integrity of the data cycle and avoid marginal effects,
we selected samples with a length of 1024. The number of various types of fault samples is
100, among which the training set accounts for 60%, the validation set for 20%, and the test
set for 20%.

Table 6 shows the PIIDM core training parameters. Details are as follows.

Table 6. PIIDM training parameters.

Optimizer Number of Epochs Learning Rate Patience
Adam 200 0.01 20

(1) The optimizer and initial vector adopt the Adam optimizer, with initial vector set to
0.01. Adam combines the advantages of momentum gradient descent and adaptive learning
rate to achieve a good balance between training stability and convergence efficiency. A

https://doi.org/10.3390/act15090481
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learning rate of 0.01 ensures rapid convergence while avoiding problems such as gradient
oscillations caused by excessively high learning rates or slow convergence and becoming
stuck in local optima due to excessively low learning rates.

(2) The model of the training set has a maximum of 200 rounds, and uses the patient
value of the 20 early stop mechanism. The upper limit of 200 rounds ensures that the
model has sufficient iterations to fully converge and avoid underfitting. The early stop
mechanism monitors the performance of the validation set. If there is no significant
improvement in performance indicators (such as accuracy and loss) for 20 consecutive
rounds, the training will be automatically terminated. This strategy not only avoids
ineffective iterations and saves training costs, but also effectively prevents overfitting and
maintains the generalization ability of the model.

4.1.3. Model Evaluation Index

As shown in Table 7, based on the evaluation criteria of classification tasks, a four-
dimensional evaluation system including Accuracy (Acc), Precision (Pre), Recall (Rec),
and Fl-score (F1) is constructed. The system quantifies the classification efficiency of the
bearing fault diagnosis model.

Table 7. Model evaluation index.

Metric Expression
tp+tn

Acc tp+fpt+tn+fn
Pre _tp
tp;fp
Rec i

F1 2 X Precision X Recall
Precision+Recall

In the model evaluation index system shown in Table 7, tp refers to the positive class
samples correctly identified by the model, tn refers to the negative class samples correctly
identified by the model, fp refers to samples where the model wrongly predicts negative
class samples as positive class samples, fu refers to samples where the model wrongly
predicts positive class samples as negative class samples.

4.2. Model Classification Performance Verification and Interpretability Analysis

PIIDM minimizes classification loss and physical constraint loss during backpropa-
gation through the gradient descent algorithm, promoting the model to enhance feature
discriminability while improving physical interpretability. In Formula (16), the loss weight
ratio is used to regulate the relative interaction intensity between classification loss and
physical constraint loss. This study is based on the HUST and BFD datasets and conducts
multi-dimensional experiments by setting different loss weight ratios (R = Ay /A1) to sys-
tematically verify the comprehensive performance of the model in terms of classification
performance and spectral interpretability.

In the spectral interpretability experiments, this paper adopts the peak to background
ratio (PBR) to quantitatively characterize the prominence of spectral fault features. The
calculation is defined in Formula (17):

PBR; = L k=1,2,...,n

A
A

) i (17)
PBR = Ekgl PBR,

where k denotes the order of fault frequency, k = 1 represents the fundamental fault fre-
quency, and k > 2 corresponds to harmonic frequencies. A, is the spectral amplitude of
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the k-th theoretical fault frequency, and Zbg,k is the average background spectral amplitude
in the adjacent interval of the target frequency. Notably, this neighboring interval adopts
a relative bandwidth of [0.8f,1.2f] centered at f, with the fault frequency peak excluded
when computing the background amplitude. PBRy quantifies the prominence of individual
single-order fault features, while PBR integrates the results of fundamental components and
all harmonic components to comprehensively measure the overall saliency of superimposed
multi-order fault features. A higher PBR indicates stronger model focusing on inherent
fault frequencies and more prominent regularization guidance of physical constraints. A
lower PBR reflects weak constraint regulation, where fundamental and harmonic fault
features cannot be effectively highlighted, resulting in insufficient physical interpretability
and diagnosis reliability.

4.2.1. Experiments Based on the HUST Dataset

This paper selected the publicly available and representative HUST bearing fault
dataset for experiments to verify the classification performance and interpretability of the
proposed model. The experimental results are displayed as follows.

(1) The classification performance of Figure 9 shows the model under different weight
ratios of each classification performance indicator. Figure 10 shows the characteristics of the
model under different weight classification visual results. It can be seen that as the weight
ratio increases (the proportion of physical loss increases), the classification indicators of
the model show a trend of first rising and then falling. When the weight ratio is R = 0, the
model has no physical constraints, and its classification performance is the worst. When
R increases to 1, all indicators reach the optimum. If the R value is further increased, the
classification performance will instead decline.

100 ~ B Ar-0 R=0.5 R=1 I W R=2
05 o0 95,74 95,57
2 S 94 94 3
> 954 I 93 25
= 02.42 921_59 e 0202 o1 o
o I T .
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> —Ij | L | I | L | 87.f_» 871_54
85 4 . u | el I
Acc Pre Rec F1

Figure 9. Classification performance of the PIIDM under different weight ratios (HUST dataset).
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Figure 10. Visualization of model classification features under different weight ratio settings (HUST
dataset). (@) R=0.(b)R=05.(c)R=1. (d)R=2.

Analysis of the cause, in the absence of the physical loss constraint model through data
driven to extract fault features, only failed to introduce spectrum physical characteristics as
an a priori restraint, giving characteristics of limited understanding. As the weight ratio
R increases, the spectral physical features are gradually integrated into the optimization
constraints of the model, guiding the model to learn the spectral features of bearings with
clear physical meanings. This effectively enhances the discriminability of the features and
thereby improves the classification accuracy. However, as R continues to increase, the
weight of classification loss is too low, the role of the data-driven method is weakened,
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and the model has difficult in fully utilizing the statistical patterns in the data, ultimately
leading to a decline in overall performance.

(2) The interpretability analysis.

Under the condition of rotating speed of 30 Hz, according to Formula (1) and the
ER-16K bearing parameter listed in Table 2, the fundamental frequency of the inner ring
fault is 165 Hz, that of the outer ring fault is 105 Hz, and that of the ball bearing fault is
64 Hz.

Table 8 presents the quantitative comparison results of PBR for various faults under
different physical constraint intensities. As can be seen from the table, with the increase of
the constraint weight coefficient R and the gradual strengthening of the physical constraint
effect, the PBR values of the inner ring, outer ring, and rolling element faults all show a
stable upward trend. This result indicates that the spectral physical constraints introduced
in this paper can effectively highlight the fundamental frequency and harmonic character-
istics of various faults, significantly enhancing the physical interpretability of the model’s
spectral representation.

Table 8. PBR comparison of different fault types under varying physical constraint strengths
(HUST dataset).

R=0 R=0.5 R=1 R=2
IF 2.84 5.37 8.62 8.92
OF 3.12 5.91 9.25 10.15
BF 2.56 4.82 7.74 8.31

Figures 11-13 respectively show the spectral comparison of the PIIDM model before
and after aggregating fault features at this rotational speed with different weight settings.
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Figure 11. The spectrum features of the IF before and after aggregation (HUST). (a) R =0. (b) R =0.5.
(R=1.(d)R=2.
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Figure 12. The spectrum features of the OF before and after aggregation (HUST). (a) R =0. (b) R =0.5.
(gR=1.(d)R=2.

On analysis of Figure 11, when R = 0 (without physical constraints), the spectrum
obtained after model-based feature extraction fails to produce a prominent peak at the
fundamental frequency (165 Hz), indicating that the model failed to effectively extract
the fault features at this frequency. As R increases, the spectral peaks of the model at the
fundamental frequency and its second-order harmonics significantly enhance, indicating
that under the guidance of spectral physical constraints, the model successfully extracts the
fundamental frequency and harmonic components of the inner loop fault.
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Figure 13. The spectrum features of the BF before and after aggregation (HUST). (a) R =0. (b) R =0.5.
(R=1.(d)R=2.

As shown in Figure 12, when R = 0, the spectral peaks of the OF at the fundamental
frequency (105 Hz), the second harmonic (210 Hz), and the third harmonic (315 Hz) are not
obvious, and the characteristics are submerged in noise and other frequency components.
When R = 0.5, the peak values of the fundamental frequency of the outer ring and its
harmonic components have become significantly prominent. If R is further increased, the
peak at the above frequency is more obvious than that of the signal before aggregation,
indicating that the model effectively extracts the fundamental frequency and harmonic
components of the outer loop fault.

On observing Figure 13, it can be found that when R = 0, the fault characteristics of
the BF are almost completely submerged. When R = 0.5, the peak values of its fundamental
frequency (64 Hz) and harmonic components (128 Hz, 192 Hz) start to show slightly. As
R further increases, these peaks gradually intensify and reach their most significant level
at R = 2. This result indicates that under the influence of spectral physical constraints,
the model gradually extracts and intensifies the fundamental frequency and harmonic
components of the ball bearing fault.

4.2.2. Experiments Based on the BFD Dataset

To verify the generalization performance of the model, in addition to using public
datasets, this paper also selected the self-collected bearing fault dataset (BFD dataset) from
the laboratory for the experiments, in order to further investigate the adaptability of the
model under different data sources. The relevant experimental results are shown as follows.

(1) Classification performance.

Figure 14 shows the model under different weight ratio BFD datasets on the classifica-
tion performance indicators. Figure 15 shows the corresponding weight on the model under
the classification characteristics of the visual results. Consistent with the results on the
HUST dataset, the classification performance of the model shows a trend of first improving
and then decreasing with the increase of the weight ratio R. It reaches the optimal level at
R =1, while the performance indicators are at the lowest level, and the values are the same
atR=0and R=2.

Combined with Figure 15a,d, the characteristics of visualization, it can be seen that
although the performance on classification performance indicators are the same, the charac-
teristics of the distribution patterns show obvious differences. The reason lies in the fact
that Figure 15a corresponds to the results without physical constraints and is completely
dependent on data-driven methods, while Figure 15d shows the classification features
obtained under the condition that the weights of physical constraints are dominant. Under
the guidance of physical constraints, the model can learn more discriminative feature
representations, making it easier to separate different categories in the feature space and
thereby enhancing the model’s separability.
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Figure 14. Classification performance of the PIIDM under different weight ratios (BFD dataset).
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Figure 15. Visualization of model classification features under different weight ratio settings (BFD
dataset). (@) R=0.(b)R=05.(c)R=1. (d)R=2.

(2) Interpretability analysis.

Table 9 shows the PBR comparison results of the BFD dataset under different physical
constraint intensities, and the obtained patterns are consistent with those of the HUST
dataset. With the increase of the weight coefficient R and the gradual strengthening of
physical constraints, the PBR values of various faults generally show an upward trend. It
is worth noting that when R is increased from 1 to 2, the growth rate of PBR significantly
slows down, indicating that within this weight range, the enhancement effect of physical
constraints on fault characteristics has tended to be saturated, and the constraint gain
is limited.

Table 9. PBR comparison of different fault types under varying physical constraint strengths
(BFD dataset).

R=0 R=0.5 R=1 R=2
IF 3.11 4.52 7.15 7.92
OF 2.72 3.06 7.52 8.26
BF 1.33 2.16 4.87 5.09

Figures 16-18 respectively present the comparison of the spectral characteristics of
the PIIDM model before and after aggregation in the BFD dataset under the condition of a
speed of 20 Hz for the faulty inner and outer rings and under the condition of a speed of
30 Hz for the ball faults. Based on Formula (1) and the NU205 bearing parameters listed in
Table 4, it can be found that under the above two working conditions, the fault fundamental
frequency of the inner ring is 155.3 Hz, the fault fundamental frequency of the outer ring is
104.65 Hz, and the fault fundamental frequency of the ball is 74.1 Hz. The specific analysis
of the experimental results is as follows.

As shown in Figure 16, for the IF of the BFD bearing, when R = 0, the model lacks
spectral physical constraints and only relies on data-driven methods. At the fault funda-
mental frequency of 155.3 Hz, the spectral peak of the signal after feature extraction via
PIIDM is less prominent and even attenuated compared with that before feature extraction.
This indicates that it is difficult to obtain interpretable fault features if solely relying on
data-driven methods. When R # 0, the peak value at the fundamental frequency of the
inner loop fault is significantly higher than that before aggregation. Moreover, as the R
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value increases, the peak values of the second harmonic (310.7 Hz) and the third harmonic
(466.1 Hz) components also gradually increase. This indicates that under the guidance of
spectral physical constraints, the model can effectively extract the fundamental frequency
and harmonic components of the inner loop fault, enhancing the physical interpretability
of the features.
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Figure 16. The spectrum features of the IF before and after aggregation (BFD). (a) R =0. (b) R =0.5.
(R=1.(d)R=2.
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Figure 17. The spectrum features of the OF before and after aggregation (BFD). (a) R = 0. (b) R =0.5.
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Figure 18. The spectrum features of the BF before and after aggregation (BFD). (a) R =0. (b) R =0.5.
(R=1.(d)R=2.

Figure 17 shows the spectral aggregation effect of the OF under the BFD dataset and
different weight ratio conditions. It can be seen that when R = 0 (without physical con-
straints and purely data-driven), at the outer-race fault fundamental frequency (104.65 Hz)
as well as its second harmonic (209.3 Hz) and third harmonic (313.9 Hz), the spectral peaks
exhibit no obvious increase after model-based aggregation; furthermore, the peak ampli-
tude of the fundamental frequency is even attenuated. This indicates that relying solely on
data-driven approaches fails to effectively extract fault features with physical significance.
As Rincreases (R = 0.5, 1, 2), the peaks of the fundamental frequency and each harmonic
component gradually intensify. Particularly at R =1 and R = 2, the peaks of these frequency
components become significantly prominent and are notably higher than the spectrum
before aggregation. This indicates that the introduction of physical constraints effectively
guides the model to extract the fundamental frequency and its harmonic components of
the outer loop fault. The physical interpretability and discriminability of the features have
been enhanced.

Figure 18 presents the spectral comparison results of BF before and after PIIDM aggre-
gation on the BFD dataset and under different weight ratios. When the fault characteristics
are relatively not obvious, the model can still effectively extract the fundamental frequency
(74.1 Hz) as well as its second harmonic (148.2 Hz) and third harmonic (222.3 Hz) compo-
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nents of the ball bearing fault under the guidance of spectral physical constraints. With the
increase of R, the amplitude responses of the spectrum obtained after model-based feature
extraction gradually increase at the fundamental frequency and each harmonic component.
Especially under the conditions of R =1 and R = 2, the peak at the characteristic frequency
is significantly higher than that before aggregation. This result indicates that even in the
face of weak fault features such as ball bearings, spectral physical constraints can still guide
the model to extract frequency components with physical significance, thereby enhancing
the discriminative power and interpretability of the features, demonstrating the importance
of physical constraints in fault diagnosis.

Through the above experimental verification based on the public dataset (HUST) and
the laboratory self-collected bearing fault data (BFD), the spectral physical constraints,
as an important component of the loss function during the model training process, can
guide the model to effectively learn spectral features with physical priors during the
backpropagation process. This gives the model a natural basis for interpretability at the
structural design level. Subsequent experiments showed that the spectral feature extraction
results of the model were highly consistent with the spectral mechanism. This not only
verifies the theoretical and experimental consistency of the model but also gradually realizes
the transparent evolution of the model from black box to white box, providing physical
interpretability support for fault diagnosis methods based on deep learning.

4.3. Physical Constraint Threshold Optimization Experiment

In the design of the loss function of PIIDM, physical constraint loss is introduced. This
loss term is mainly constructed by the difference between the peak ratio at the characteristic
frequency of the faulty bearing and the preset threshold {. The setting of the threshold needs
to simultaneously satisfy the interpretability of the fault mechanism and the convergence
stability of the learning process. A higher threshold tends to strengthen the physical
constraints, which can enhance the interpretability of the features, but may increase the
difficulty of optimization. Lower thresholds relax the constraints, which is conducive to
model convergence, but may weaken the physical understanding coupling ability of fault
features. To explore the influence of threshold settings on the convergence performance and
classification performance of the model, this paper conducted comparative experimental
analyses under different threshold settings based on the BFD dataset. By cross-validating
the classification performance of the model and the convergence curve of the constraint loss,
the balance between physical consistency and discriminative performance of the model
can be obtained, thereby determining the optimal threshold configuration.

The results in Figure 19 indicate that the setting of the threshold ({) in the physical
constraint loss affects the classification performance of the model. At the low threshold
(¢ =0.1), the spectral physical constraints on the model are relatively weak, and it fails to
fully learn the discriminative feature of the spectral characteristics of the bearing faults,
resulting in low classification indicators for all items. As the threshold increases (¢ = 0.2),
stronger spectral physical constraints prompt the model to learn more interpretable discrim-
inative features, and all its classification indicators improve. This proves that moderately
strong constraints are the key to enhancing the discriminative performance of the model.
However, if the threshold is set too high ( = 0.3/0.4), overly strict physical constraints
will dominate the optimization process, causing the model to fall into a local optimum,
resulting in oscillation or difficulty in convergence during the training process, thereby
damaging its stability and final generalization performance.
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Figure 19. The influence of the thresholds  on the classification performance of PIIDM.

Figure 20 shows the influence of different thresholds ({) in physical constraint losses
on the convergence behavior of the model training. Under the low threshold setting
(¢ = 0.1), the initial value of the physical loss term is relatively low and decreases gently,
reflecting that the constraint conditions are relatively loose, and the model optimization
process shows good stability. As the threshold increases, the initial value of physical loss
significantly rises. Although it provides a more explicit physical gradient signal for the
optimization process, due to overly strict constraints, obvious fluctuations occur during the
training process, and the stability of the convergence trajectory correspondingly decreases.
The experimental results show that a reasonable setting of the threshold is the key to
achieving a balance between training stability and convergence quality.
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Figure 20. The influence of thresholds { on the convergence of model training.

5. Conclusions and Outlook
5.1. Conclusions

This paper proposes an interpretable deep learning framework integrated with spectral
physical constraints to address the trust barriers caused by the “black-box” nature of deep
learning models in bearing fault diagnosis. The method systematically constructs an
interpretability mechanism encompassing both ante hoc and post hoc interpretability.

(1) Ante hoc interpretability: At the model design level, spectral characteristics of
bearing faults are encoded as structural priors in the form of physical constraints, guiding
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the network to explicitly learn frequency-domain representations closely related to fault
mechanisms. This design achieves intrinsic integration of domain knowledge and data-
driven learning, endowing the model with interpretable fault perception capabilities during
the training phase.

(2) Post hoc interpretability: At the model inference level, experimental validation
using public datasets and real industrial measurement data demonstrate that the model
can extract spectral features strongly correlated with different fault states. Through feature
visualization and decision traceability analysis, an interpretable mapping relationship
between model outputs and physical fault characteristics is confirmed, thereby verifying
the model’s credibility and traceability from the result perspective.

The interpretable diagnostic framework developed in this study not only enhances
diagnostic accuracy but also improves the model’s reliability and acceptability. It provides a
solution that combines high precision and high interpretability for intelligent fault diagnosis
in industrial applications.

Comprehensive hyperparameter configurations, the detailed architecture of the proposed
model, and the corresponding pseudo-code are provided in Appendix A for reproducibility.

5.2. Outlook

The proposed PICNN improves the physical rationality and interpretability of bearing
fault diagnosis by embedding spectrum-based physical constraints. However, this method
has clear application boundaries and may suffer performance degradation under complex
industrial operating conditions. The detailed limitations and corresponding improvement
directions are presented as follows.

(1) Limited working condition adaptability of spectrum constraints.

The spectrum constraint constructed based on Fourier transform relies on signal
stationarity and a minimum signal-to-noise ratio, making it difficult to adapt to non-
stationary conditions such as variable loads and speed fluctuations. In scenarios with
incipient weak faults, impulsive noise interference, and overlapping fault spectra, fault
features are easily aliased and submerged, leading to constraint failure and decreased
diagnosis accuracy. In future work, time—frequency analysis methods, including wavelet
transform and short-time Fourier transform, will be introduced to break the stationary
signal limitation and enhance feature adaptability under complex working conditions.

(2) Negative suppression effect of fixed physical constraints.

Although fixed spectrum prior constraints can regularize model learning under ideal
conditions, the rigid constraint mechanism limits the adaptive feature mining capabil-
ity of CNNs. In complex interference scenarios, the model overly relies on theoretical
fault frequencies and fails to capture latent fault features, resulting in reduced generaliza-
tion performance. Future studies will develop a dynamic adaptive spectrum constraint
mechanism to replace the fixed threshold strategy and avoid negative constraint effects in
complex scenarios.

(3) Restricted engineering generalization capability.

The model is trained and validated using laboratory and public datasets with sta-
ble operating conditions and single interference sources, which differ greatly from real
industrial signals characterized by strong noise and coupled disturbances. This limits the
model’s adaptability to complex real-world faults. In the future, real industrial field data
will be adopted for iterative model optimization, and anti-interference and weak fault
feature extraction modules will be integrated to enhance the engineering practicability of
the proposed method.
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Nomenclature

fIrR Frequency of faults in the inner ring of the bearing

for Frequency of faults in the outer ring of the bearing

fBal Frequency of bearing ball failure

z Number of balls

d Ball diameter

D Bearing pitch diameter

o Contact angle

fr Rotational frequency

x(t) Raw vibration signal

w Learnable parameters of convolution kernel

N Learning rate
k The k-th characteristic frequency of bearing fault category t

plocal Local maximum amplitude of fault characteristic frequency within the
ik constrained neighborhood
<lobal Global maximum amplitude of fault characteristic frequency within the
ik constrained neighborhood

g Physical threshold

Lece Classification loss

L Single-frequency penalty loss

L; Single-sample penalty loss

Lpnysics ~ Physical penalty loss

Liotal Total loss

M Weight of classification loss

Ay Weight of physical penalty loss

R Loss weight ratio

ACC Accuracy

Pre Precision ratio

Rec Recall rate

F1 F1 Score

PBR Peak to background ratio

Appendix A
Appendix A.1. Multi-Scale CNN Network Architecture

Table Al illustrates the complete architecture of multi-scale CNN. Parallel multi-
scale convolutional branches are adopted, where kernels of different sizes capture short-,
medium- and long-period fault impulses from vibration signals. The output features of
each branch are concatenated along the channel dimension. After feature dimensionality
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reduction via global average pooling, the network outputs category-aware features for
fault classification.

Table A1. Multi-scale CNN network architecture.

Network Layer Kernel Size Stride Padding Output Channels

Input layer — — — 1
Convl 16 2 7 16
MaxPooll 2 3 16
Multi-scale Conv-branchl 8 1 3 16
Multi-scale Conv-branch?2 16 1 7 16
Multi-scale Conv-branch3 32 1 15 16
Concat — — — 48
FC layer — — — 64

Output layer — — — Number of categories

Appendix A.2. Experimental Setup and Computational Overhead

All experiments in this paper were implemented based on the PyTorch 2.2.1 framework
and conducted on a desktop workstation equipped with an NVIDIA RTX 3090 GPU (24 GB
VRAM). The consistent hardware and software environment ensured the stability and
reproducibility of all comparative experiments and ablation experiments.

To further illustrate the computational efficiency of the proposed PIIDM, we quantita-
tively analyzed its training cost and the extra overhead introduced by the FFT operation in
the physics-informed constraint loop. Based on the experimental statistics of the ordinary
CNN backbone model, the total training time for the full training process was approxi-
mately 24.6 s, with an average single-epoch training time of 0.8 s (The above values are the
average of multiple experiments). Compared with the baseline ordinary CNN model with-
out physical constraints, the embedded FFT calculation for post hoc spectrum construction
and physics-informed loss solution brings negligible extra computational overhead. The
frequency-domain transformation operation runs efficiently on the GPU, and the overall
training efficiency of the model is not significantly affected.

Appendix A.3. Model Pseudo-Code

The complete pseudocode of the proposed PIIDM is presented below to illustrate the
Algorithm Al logic and ensure experimental reproducibility. The algorithm mainly includes
three core procedures: forward propagation of the multi-scale convolutional network, post
hoc interpretable spectrum calculation, and physics-informed loss Lpysics optimization.

Specifically, the interpretable spectrum is constructed by pooling the output features of
the multi-scale feature concatenation layer along the channel dimension and subsequently
applying Fast Fourier Transform (FFT), which is utilized for post hoc interpretability analy-
sis. The computation of Lpyysics is strictly implemented following the algorithm flowchart
in this paper. The hyperparameter A1, A, controls the weight of the physics-informed loss,
while ¢ denotes the threshold of the spectrum peak ratio. These two parameters are crucial
for regulating the physical constraint performance and interpretability of the model.
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Algorithm A1 Overall procedure of the PIIDM

Require: Vibration signal: x(t), label: §, fault characteristic frequencies: fir, for, fgai,
hyper-parameters: A1, A3, ¢

Ensure: Prediction, aggregated spectrum: Aagg(f), total loss: Liggal

Finia <= CNN[x(t)]

: logits < FC(Fpiq)

: prediction < ArgMax(logits)

: bPost hoc interpretability: aggregated spectrum

D fextlt] %;Fmid[crﬂ

Aext(f) < [FFT(fagg[t]) |
: bPhysics-informed loss calculation

: Ly 0

: for each sample i do

10: Y(f) « FFT[x(0)], A(f) <|Y(f)
11:  Select f; according to label 7;

O PN U AW N

12 L+ 0

13: fork=1toKdo

14; e |ff—m fitu]

15: Ry ¢ Togetl)

16: if Ry < ( then

17: Ly Lr+Mn(1+R—20)
18: end if

19:  end for

20: ‘Ci — %ﬁk

21: Loy Ly + ;L

22: end for

23: Lphysics + Lw/length(x)

24: >Total loss for back-propagation
25: Lcg « CrossEntropy (logits, )
26: Liotal <+ M EPhysics +A2LcE

27: return prediction, Aagg(f), Liotal
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