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SUMMARY: With the continuous application of industrial Internet and software defined
Internet of Things in equipment operation and maintenance scenarios, motor bearing fault
diagnosis is gradually shifting from single-source monitoring to multi-source collaboration
and intelligent recognition. In this paper, for heterogeneous data such as vibration, current,
temperature, acoustic emission and speed, a fault diagnosis method including time alignment,
multi-source representation, deep adaptive extraction, multi-scale feature fusion and dynamic
weighting is constructed, and channel response calibration, context aggregation and joint loss
optimization are used to improve the feature expression ability under complex conditions. The
experimental results show that the inter-class distance of the proposed method reaches 3.47,
the contour coefficient is 0.72, and the stability index is 0.93. The overall recognition
accuracy is 97.3%, the F1 value is 96.9%, the average inference time is only 11.3 ms, and the
performance of 95.9% is still maintained under the noise disturbance condition. Research
shows that this method can provide effective technical support for online monitoring and
intelligent operation and maintenance of motor bearings in the software-defined Internet of
things environment.

KEYWORDS: Software defined Internet of things; Motor bearing fault diagnosis; Deep
learning; Adaptive feature extraction

1 Introduction

With the continuous advancement of industrial Internet, intelligent manufacturing and edge
computing technologies, motor equipment running status monitoring is gradually shifting
from traditional offline maintenance to online perception, real-time analysis and intelligent
decision-making integration mode. As a key power unit in industrial production system, motor
is widely used in rail transit, smart factory, energy equipment and automated production line.
Its operation reliability directly affects production efficiency, equipment life and system safety.
Among all kinds of motor faults, bearing faults account for a high proportion, and are often
accompanied by problems such as weak early characteristics, complex propagation paths, and
strong interference of working conditions. Once not recognized in time, it is easy to cause
chain consequences such as aggravated vibration, abnormal temperature rise and even
machine shutdown. Faced with this practical demand, we need to more accurately capture the
representative sensitive information in the bearing fault evolution process in a complex

*gguxingzi@163.com
https://doi.org/10.65102/is2026688 Published: 30 April, 2026

@

s


mailto:gguxingzi@163.com

Wang et al.

operating environment, which has also become a continuous focus in the field of equipment
health management.

Software-defined Internet of Things emphasizes the flexible cooperation of perception
layer, control layer and application layer, realizes the unified management of heterogeneous
terminals through network reconstruction, resource scheduling and service orchestration, and
provides new technical support for the collection, transmission and analysis of motor state
monitoring data. Under this architecture, multi-source signals such as vibration, temperature,
current and acoustic can be dynamically accessed and co-processed, which not only improves
the sensing coverage ability, but also provides a richer data basis for fault diagnosis. However,
at the same time, multi-source data have obvious differences in time scale, signal strength,
noise distribution and working condition changes. Traditional methods that rely on manual
experience to design features are often difficult to adapt to the actual scene of load
fluctuations, speed changes and environmental disturbances, and are prone to problems such
as insufficient feature expression, insufficient generalization ability and large fluctuations in
recognition results. Based on this background, it is necessary for us to re-examine the
construction idea of the motor bearing fault diagnosis method from the perspective of
multi-source collaborative perception and unified representation.

The development of deep learning has brought new ideas for complex industrial signal
modeling. Compared with the methods based on manually constructed features in time
domain, frequency domain and time-frequency domain, deep learning can automatically learn
the fault correlation representation from the original monitoring data, and shows strong
advantages in mining nonlinear correlation, retaining local abnormal patterns and enhancing
the discrimination of features. However, there are still some shortcomings in the existing
research. One kind of method is too dependent on a single signal input, and its adaptability to
cross-condition changes is limited. Although the other kind of methods improve the
classification accuracy, they do not pay enough attention to the feature formation mechanism,
and it is difficult to take into account the multi-scale information coupling and dynamic
weight allocation, which makes it difficult to fully describe the fine-grained differences of
faults. Around these issues, we believe that relying only on a single feature extraction path or
fixed fusion strategy has been difficult to meet the comprehensive requirements of flexibility,
stability and robustness for motor bearing fault recognition in the softwdefined iot
environment.

Based on this, this paper focuses on the fault monitoring requirements of motor bearing in
the software-defined Internet of things environment, and studies the adaptive fault feature
extraction method based on deep learning. We focus on exploring the collaborative
relationship between multi-source signal representation, adaptive extraction framework,
multi-scale feature fusion and dynamic weighting mechanism, in order to improve the stability,
sensitivity and diagnostic reliability of bearing fault feature expression under complex
working conditions, and provide method support for motor health state recognition in
intelligent operation and maintenance scenarios.

2 Related work

In recent years, the research on motor bearing fault diagnosis has gradually shifted from
artificially constructed features to automatic representation and intelligent recognition driven
by deep learning. Early related work mainly focuses on improving the fault classification
ability with convolutional networks or hybrid networks. Xu et al. proposed a hybrid deep
learning model to apply the multi-layer network structure to fault identification of rolling
bearings, which verified the effectiveness of deep feature learning in complex vibration signal
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analysis [1]. On this basis, Che et al. further focused on the problem of multi-modal
information collaboration, and realized data fusion of different modalities through deep
learning to improve the limitation of insufficient information expression under a single signal
source [2]. Zhang et al. studied from the perspective of "adaptive feature extraction™ and
proposed an adaptive feature extraction method for bearing diagnosis to make the model more
flexible in response to different fault modes [3].

With the increasing complexity of industrial scenarios, researchers have begun to pay
attention to multi-domain features and lightweight network design. Hasan et al. mapped
vibration signals into multi-domain fusion representation space, and combined multi-task
learning to improve the comprehensivity of fault recognition [4]. Hakim et al. constructed a
lightweight one-dimensional convolutional network based on frequency domain information
to reduce the computational burden while maintaining good diagnostic robustness [5]. Guan
et al. further combined the idea of information fusion with the parallel lightweight
convolutional network and showed that the multi-branch structure had strong advantages in
enhancing the perception of local abnormal features [6]. For the motor scene, Dong et al. used
multi-source data and one-dimensional lightweight convolutional neural network to carry out
research, and showed that the fusion of different monitoring information was helpful to
improve the accuracy and stability of motor bearing fault recognition [7].

While deep feature modeling continues to advance, novel network structures have also
been introduced for bearing diagnosis tasks. Hou et al. proposed an improved Transformer
method to enhance the fault pattern recognition effect with the help of global dependency
modeling ability [8]. Liu et al. noticed that the problems of sample missing and working
condition migration often exist in industrial sites, and constructed a simulation-driven
subdomain adaptive network to alleviate the performance degradation caused by the
inconsistent distribution of training data and test data [9]. Xue et al. established a new
diagnosis framework from the perspective of multi-transformation domains and multi-source
data collaboration, which further enriched the hierarchy of bearing fault feature expression
[10].

In the past two years, cross-domain transfer, graph structure modeling and efficient
convolution design have become new research hotspots. Zhang et al. combined dual-path
convolutional neural network and multi-parallel graph convolutional network to enhance the
feature transfer ability and structural correlation expression ability under cross-domain
conditions [11]. Xu et al. combined block two-dimensional principal component analysis and
depthwise separable convolution model to improve fault identification accuracy while
ensuring feature compression efficiency [12]. In general, the existing research has achieved
many results in multi-source fusion, lightweight design, cross-domain transfer and deep
representation learning. However, in the face of the realistic needs of multiple node access,
dynamic change of working conditions and the coexistence of signal heterogeneity in the
software-defined Internet of things environment, how to further realize the adaptive
representation of fault features, multi-scale fusion and dynamic weight adjustment? There is
still a large space for research. This also constitutes the main entry point for the follow-up
research of this paper.
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3 Methods

3.1 Motor bearing fault data perception and multi-source signal
representation mechanism in software-defined Internet of Things

In the software-defined Internet of Things environment, motor bearing condition monitoring
forms a continuous and reconfigurable data acquisition link through the collaborative
scheduling of the perception layer, the edge layer and the control layer. The sensing layer is
responsible for collecting the original information such as vibration, current, temperature,
acoustic emission and speed. The edge nodes undertake caching, denoising, segmentation and
preliminary compression tasks. The control layer dynamically adjusts the acquisition strategy
according to the link load, sampling priority and fault warning requirements, so that different
monitoring terminals can complete data aggregation under uniform rules. Compared with the
traditional monitoring method, this mode can more completely retain the multidimensional
change trajectory of bearing faults in the process of early initiation, local expansion and stable
evolution, but it also brings the problems of inconsistent sampling frequency, fluctuation of
transmission delay and large difference in signal scale. If the multi-source data is directly
input into the diagnosis module, it is prone to feature dislocation, local conflict and
redundancy accumulation, which weakens the ability of subsequent deep learning methods to
identify fault modes.

Therefore, the primary work after data sensing is to establish a synchronous representation
mechanism under a unified time benchmark. Suppose the original sequence of type i sensing
signal is xi(t), its sampling frequency is fi, the reference frequency is fr, and the link
compensation delay is Ai, then the aligned discrete sequence can be expressed as follows:

nfi + Ai _
, n=12,..,N (1)

Xi(n) = Xi( 3

Equation (1) is used to map heterogeneous signals under different sampling rhythms into a
unified observation window. After time alignment, a sliding window of length N is used for
segmentation, so that the vibration impact, current fluctuation and temperature rise trend form
a comparable local state description in the same time slice.

The vibration signal is most sensitive to raceway spalling, inner and outer ring damage
and cage impact, and can directly reflect the mechanical contact abnormality. Although the
current signal is greatly affected by the load change, it has a good complementary effect on
the coupling fault of the motor drive chain and the bearing. The temperature signal changes
relatively gently, but can reflect the long-term friction and lubrication degradation trend. The
acoustic emission signal has wider frequency band, and the response to weak crack and initial
impact is obvious. The speed signal provides the basis for the normalization of the working
condition and the state correction in the variable speed scenario. Table 1 shows the feature
description of multi-source monitoring signals for motor bearings in the software-defined iot
environment.
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Table 1: Feature description of motor bearing multi-source monitoring signals in
software-defined iot environment

Typical . Sensitivity to
Signal Type Deployment Sampling Mainly Ref!ected Bearing
Location Information
Frequency Faults
— Near the bearing .
leratlon housing and end 12 8 kHz Impacts, harmo.nlgs, and High
Signal envelope variations
cover
. Electromagnetic .
Stator Current Mot_or d_rlve 6.4 kHz disturbances and Medl_um to
Signal circuit . o High
load-coupling variations
Temperature Bearing casing Frictional heat
P and lubrication 10 Hz accumulation and Medium
Signal . .
area lubrication degradation
Acoustic . .
Emission bSur_facehof the 100 kHz I\/tl]l_crt(])-frack |mpactf and High
Signal earing housing igh-frequency pulses
Encoder and . .
. Operating-condition .
Rotational speed . Indirectly
. 1 kHz fluctuations and speed o
Speed Signal measurement . Sensitive
. variations
terminal

In a unified time window, to avoid the deep network only relying on a certain class of
strong signals and ignoring weak features, we construct a multi-domain joint representation
vector before the input layer. The statistics, energy distribution and frequency band response
of each kind of signal are extracted to form a single source description vector:

) Eim]T (2)

Here, piand i represent the window mean and standard deviation, Xrms,i represent the root
mean square, Ki represent the kurtosis, Ci represent the spectral centroid, and Eim represent the
JTH frequency band energy, respectively. Equation (2) provides a more stable prior input
boundary for the subsequent network, so that the model has a better starting point when
dealing with strong noise, weak impact and variable load signals.

On this basis, the source vectors in the same time window are combined into a
multi-source state matrix:

h; = [W, 64, Xrms,i» Kis Ci, Eig, Eig, -

He = [h$%, %, b, h{, h{| € R 3)
where, d is the single source representation dimension and M is the number of signal sources,
corresponding to information such as vibration, current, temperature, acoustic emission and
speed, respectively. The matrix Ht not only preserves the local statistical properties of the
single source signal, but also retains the synchronization relationship between multiple
sources, which provides a unified input form for subsequent feature adaptive extraction and
multi-scale fusion.

In general, the multi-source data perception and representation mechanism constructed in
this section does not solve the problem of "whether there is data”, but the problem of
"whether heterogeneous data can be effectively organized in the same semantic space".
Through flexible access, time alignment, window segmentation and joint representation

5




Wang et al.

processing of software-defined Internet of things, the motor bearing fault signals are
transformed from scattered, asynchronous and different scale original streams into
multi-source inputs with a consistent structure, which lays a foundation for the subsequent
adaptive feature modeling of deep learning frameworks.

3.2 Deep learning-based motor bearing fault feature adaptive extraction
and representation framework construction

After the synchronization and unified representation of multi-source signals, the performance
of fault diagnosis largely depends on whether the feature extraction framework can stably
capture fault sensitive information under complex working conditions. In the process of motor
bearing operation, the vibration response corresponding to inner ring damage, outer ring
denudation, rolling element wear and cage loosening does not always appear in a clear and
stable form. Load fluctuation, speed variation and environmental noise often mask the key
fault mode, making the original signal show the characteristics of non-stationary, strong
coupling and multi-scale mixed. Based on this, we construct a deep feature adaptive
extraction and representation framework for software-defined Internet of things environment,
which enables multi-source monitoring signals to complete local pattern perception, temporal
correlation coding and high-level fault semantic mapping in a unified network.

The proposed framework takes the multi-source state matrix Ht as input and maps the
heterogeneous signals within each time window into a unified tensor X;i€RM*t, where M
represents the number of monitoring channels and L represents the single window length. To
avoid biased network training due to large amplitude differences between channels, the input
tensor is first normalized:

Q. = X¢ — Ht
' JoZ+e

where, it and ot represent the sample mean and standard deviation of each channel in the
current window, and ¢ is the stable term. After normalization, the network is able to pay more
attention to the waveform structure and frequency band variations.

In the feature encoding stage, this paper combines one-dimensional convolution with
temporal context modeling to construct the basic extraction unit. For the KTH kernel in the
LTH layer, the output can be expressed as follows:

(4)

Mj_; P14
1 1 1-1 1
2D = ¢ DD Wi, ye P+ p) + b)) (5)
m=1 p=0
Here, wff}n,p are the convolution parameters, Pi is the convolution kernel length, b® is

the bias term, and ¢(-) is the nonlinear activation function. Equation (5) mainly undertakes the
task of local fault texture perception, and initial local features can be extracted from vibration
impact, current distortion and temperature climbing trend. Considering the continuous
evolution phenomenon across time slices often exists in bearing fault signals, this paper
introduces the dilated temporal convolution structure after the basic convolution to expand the
receptive field and enhance the ability of long-range dependence modeling. The form is as
follows:
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Q-1
1 1 1
W= ol n+d-q )
q=0

where, di denotes dilation rate and Qi denotes dilation kernel length. Compared with the
ordinary convolution, Equation (6) can cover a longer time range without significantly
increasing the number of parameters, so that the periodic shock and low-frequency drift can
be jointly characterized in the same layer.

In order to suppress the problems of local feature attenuation and unstable gradient
transfer during deep network training, we introduce residual connections into the backbone
encoding pathway, and the residual mapping is defined as follows:

r® = 4® 4 F(u®,00) %)

where F(-) represents the nonlinear transformation composed of convolution, normalization
and activation, ®" is the learnable parameter of this layer. The addition of residual structure
can retain the original fault information related to impact frequency, sideband variation and
pulse density in the shallow layer, and reduce the problem of excessive smoothing of key
signals in the deep abstraction process.

After the backbone feature extraction is completed, the response patterns in different time
lengths and different channels need to be further compressed into a unified fault
representation vector. To this end, we use the global average mapping method to aggregate the
deep feature maps:

T
1
g=z 1 (®)

where, rj(n) represents the deep response of the JTH channel at position n, and T is the
characteristic length. The vector g = [g;, 85, ...,8c]T obtained by Equation (8) can better
retain the overall activation level of each channel, which is used to construct the subsequent
high-dimensional fault semantic space.

Due to the difference in the quality of data uploaded by different nodes in the
software-defined Internet of Things environment, some channels may have local distortion,
weak response or short-term abnormal interruption. Therefore, this paper sets up a channel
response calibration module between the coding layer and the representation layer, and
generates the representation constraint vector through the learnable mapping function:

s = Y(W28(W;g + by) + by) )

Here, W1 and W- are weight matrices, b1 and b2 are bias terms, 6( ) represents the ReLU
activation function, and (‘) represents the Sigmoid map. The resulting s can be used to
characterize the effective response degree of different channels under the current operating
condition. The calibrated representation vector is defined as follows:

g=sog (10)

where, © denotes element-wise multiplication. Equation (10) is not equivalent to the
subsequent multi-scale dynamic weighting mechanism, but serves as a basic adaptive
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constraint at the framework level, so that the network can first complete the screening of
effective channels in the overall representation stage.

At the output, we map the calibrated deep representation vector to the fault discrimination
space. Let the total number of fault categories be Cf, then the predicted probability of type c
fault is as follows:

exp(07g)
%1, exp(6]'g)

P(y=clg) = 1D

Here, Oc is the discriminant parameter corresponding to the c-th type of fault. In order to
balance classification performance and representation compactness, the training objective
function is constructed by joint optimization of classification loss and feature constraint:

L=1L+ ALsey (12)

Here, L., is the cross-entropy loss, L,  is the parametric regularization term, and A is
the balance coefficient. The setting of the joint loss helps prevent the model from over-relying
on a few strong features in the late training stage and improves the stability of the
representation distribution under cross-condition conditions. Figure 1 shows the framework of
adaptive extraction and representation of motor bearing fault features based on deep learning.

Fault Classification
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Multi-Source Alignment and
Sensor Inputs Preprocessing

Deep Fault Feature Extraction

Parallel Multi-Branch Encoder

L J=d =
—1 : =
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Abbreviations: SD-loT = Software Defined Internet of Things, QoS = Quality of Service

Figure 1: Deep learning-based motor bearing fault feature adaptive extraction and
representation framework

From the perspective of the overall process, the framework constructs a complete link
around "unified input-local extraction-timing extension-residual maintaining-channel
calibration-fault characterization”. On the one hand, it maintains the advantage of deep
learning to automatically model the nonlinear structure of the original signal. On the other
hand, it enhances the adaptability to heterogeneous data quality fluctuations and working
conditions changes through the representation calibration mechanism, which provides a
scalable basis for the subsequent introduction of multi-scale feature fusion and dynamic
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weighting mechanism.

3.3 Multi-scale feature fusion and dynamic weighting mechanism for
motor bearing faults

Motor bearing faults often show obvious multi-scale response characteristics in different
damage stages and different operating conditions. It is difficult for a single scale or fixed
fusion method to simultaneously take into account local impact, periodic fluctuation and
continuous evolution information. Based on the adaptive deep feature extraction framework
constructed in Section 3.2, we further design a multi-scale feature fusion and dynamic
weighting mechanism to collaboratively organize the local responses under different receptive
fields in a unified deep representation space, and realize adaptive weight allocation according
to the contribution of each channel and each scale in the current working condition. Thus, the
capture ability of the model for fault sensitive information under complex working conditions
Is enhanced, and the stability, separability and pertinence of fault representation are improved.

Let the multi-source input tensor after synchronization and window segmentation be
X ERML where M denotes the number of channels and L denotes the time length. In order to
reduce the training bias caused by channel amplitude differences, a channel standard mapping
function is introduced to map the original input to an initial representation under a unified
scale:

XO=TrX)=D1X-X) (13)

where X represents the input mean matrix and D is the diagonal scale matrix. This processing
can make the multi-source signals have a more consistent numerical distribution before
entering the deep network, which is conducive to subsequent local pattern learning.

In the basic encoding stage, this paper uses the multi-branch convolution structure to
extract the local response under different receptive fields. The output of the s-th scale branch
is defined as follows:

F, = P(Ws * X0 4 bs), s=12,..,S (14)

Here, Ws is the parameter of the s-th scale branch convolution kernel, bs is the bias term,
and p(-) is the activation function. Different from single-scale convolution, which only
focuses on feature fluctuations within a fixed range, Equation (14) enables the model to
simultaneously capture short-time shock, periodic shock and medium-long range change
trends, providing richer local representations for subsequent fault mode discrimination.

In order to strengthen the information interaction between different branches, a
cross-branch mapping matrix is constructed, and the features of each scale are concatenated
into a joint feature set:

Feat = [Fq; Fg; -+ Fs] (15)

On this basis, linear projection is introduced to complete dimension compression and
semantic integration:

Fproj = T](Wchat + bp) (16)

Here, W) is the projection matrix, bp is the bias term, and n(-) is the nonlinear mapping
function. Equation (16) can compress the high-dimensional redundant responses into a more
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compact fault semantic space and avoid excessive feature redundancy due to the increase in
the number of branches.

Considering that the motor bearing fault signal has obvious continuity in time series, and
the response of adjacent time Windows will drift due to the change of working conditions, this
paper adds a context aggregation mechanism to the feature backbone to model the local deep
response time series. Let the projected feature sequence be Fproj(t), then the context
enhancement result can be expressed as follows:

t+r

CO = ) O Fyroi (D (17)

T=t-r

Here, ot: represents the context association weight between location t and 1, and r is the
aggregation radius. Through Equation (17), the model can jointly consider the local pulse and
the trend of the front and back Windows, and weaken the interference of abnormal
fluctuations at a single moment on the overall judgment.

In the depth representation stage, in order to ensure that the response differences of
different channels under complex working conditions can be effectively utilized, this paper
introduces an adaptive gating function to redistribute the contribution of each channel. Let the
channel feature after context aggregation be Ci, and its gating coefficient be defined as
follows:

exp(q;)

S 18
8 = S exp(a)) (18)

Here, qi is the response score obtained by the mapping function for the ith channel. Then
the adaptive representation result can be written as follows:

7 =

=

8iC; (19)

i=1

Equation (19) embodies the idea of "aggregation by contribution”, which can make
channels with high sensitivity gain more weight in fault discrimination, while channels with
noise pollution or low fault correlation are appropriately suppressed.

In order to enhance the inter-class separability of the deep representation, we further
introduce the central constraint term. Let the feature center of the KTH type fault sample be
pk and the sample representation vector be zn, then the intra-class compactness constraint can
be expressed as follows:

1 ,
Lo=2 Nz =ty l1 (20)
n=1

where yn represents the class to which the NTH sample belongs. This constraint helps to
reduce the dispersion degree of similar samples in the feature space, and makes the boundary
of fault modes clearer.

In the output layer, we use the discriminative mapping function to project the deep
representation into the fault class space. The score for type k faults can be written as follows:
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ok = OpZ + P (21)

The resulting prediction is as follows:

A

y = argmax oy (22)

Combined with classification error and representation constraints, the overall optimization
objective is defined as follows:

J =La+ 0L+ 2;]10]l3 (23)

Here, L£; represents the discrimination loss, ® is the set of network parameters, and A1
and A2 are the balance coefficients. Through joint optimization, the framework can improve
the stability of the feature space structure while ensuring the recognition accuracy.

From the structural point of view, the proposed mechanism not only retains the advantages
of deep learning to automatically model nonlinear fault information, but also improves the
feature expression ability under complex working conditions through context aggregation,
adaptive gating and intra-class constraint mechanism. The multi-source information is
hierarchically organized in a unified representation space, which enhances the collaboration
among fault feature fusion, dynamic weight allocation and final discriminant output. The
module description of multi-scale feature fusion and dynamic weighting mechanism is shown

in Table 2.

Table 2: Description of multi-scale feature fusion and dynamic weighting mechanism module

Module Name Input Content Output Content Main Function
Input Multi-source e Performs scale unification
. o Unified input S
Reconstruction monitoring and structural reorganization
tensor .
Module sequences of multi-source data
Multi-branch Unified input Multi-scale local Extracts I(_)cal fault responses
. under different receptive
Encoding Module tensor features fields
Feature Projection Concatenated Compact deep _Comp_r esses redundant
; dimensions and enhances
Module feature set representation . .
semantic consistency
A C?Qtz):;on Deep feature Temporally Establishes associations
gl\g/logule sequence enhanced features | among neighboring responses
Adaptive Fault Performs dynamic
i Aggregated : .
Representation f representation combination based on
eatures o
Module vector channel contributions
o Fault Achieves final state
Discriminative . Fault category L .
representation identification and decision
Output Module results
vector output

Figure 2 shows the multi-scale feature fusion and dynamic weighting mechanism for

motor bearing faults.
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Figure 2: Schematic diagram of multi-scale feature fusion and dynamic weighting mechanism
for motor bearing faults

3.4 Experimental Design

In order to verify the extraction ability and recognition stability of the proposed method for
motor bearing fault features in the software-defined Internet of things environment, the
self-built multi-source motor bearing monitoring data set is used for testing. The experimental
platform consists of 5.5kW asynchronous motor, adjustable load device, edge acquisition
node and software defined network control module. The monitoring objects include five types
of signals: vibration, current, temperature, acoustic emission and speed. Data acquisition was
set as follows: vibration signal sampling frequency 12.8 kHz, current signal 6.4 kHz,
temperature signal 10 Hz, AE signal 100 kHz, and speed signal 1 kHz. The experiment set up
five kinds of conditions: normal, inner ring fault, outer ring fault, rolling body fault and cage
fault. Under three load conditions of no load, 50% load and full load, combined with three
speed conditions of 900 r/min, 1200 r/min and 1500 r/min, 45 groups of original operation
data were collected. Each group of data was collected continuously for 180 s. After time
synchronization, abnormal segment elimination and sliding window segmentation, a total of
5400 groups of multi-source samples were obtained, including 1080 groups of each category
state, and the category distribution was consistent.

In the sample processing stage, the length of the single sample window is set to 2048, and
the sliding step size is set to 256, so as to take into account the local shock response, periodic
fluctuation characteristics and time series continuous information. All the samples are divided
into training set, validation set and test set according to 7:1:2, and the corresponding sample
numbers are 3780 groups, 540 groups and 1080 groups, respectively. The test set is used for
the final performance evaluation after the model training is completed. In order to reduce the
fluctuation of the results caused by the random partition of the training set, this paper further
uses the five-fold cross validation to select the parameters and test the stability within the
range of the training set and the validation set, and the final result is the average of the five
training times. Adam optimizer was used in the training process, the initial learning rate was
set to 0.001, the batch size was 32, and the maximum training round was 120. When the
validation loss does not decrease for 8 consecutive rounds, the learning rate is attenuated by a
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factor of 0.5. The evaluation indicators are accuracy, precision, recall, F1 value, average
inference time and operation stability, in which the operation stability is characterized by the
standard deviation of multiple repeated inference time. Combined with confusion matrix and
feature visualization results, the performance of the method in multi-class fault discrimination
ability, adaptability to complex working conditions and edge deployment efficiency is
comprehensively evaluated.

4 Results

4.1 Effect analysis of adaptive extraction of motor bearing fault features

In order to verify the ability of the proposed method to extract motor bearing fault features
under complex working conditions, we will analyze from four aspects of feature distribution
separability, multi-scale response difference, dynamic weighting effectiveness and feature
stability. The fault features extracted by different methods not only determine the subsequent
classification accuracy, but also directly affect the recognition reliability of the model under
the conditions of variable load, variable speed and noise disturbance. Therefore, it is
necessary to independently investigate the performance of the feature level first.

(1) Analysis of fault feature distribution separability

Figure 3 shows the fault distribution visualization results obtained by different feature
extraction methods.
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Figure 3: Scatter plot of feature distribution visualization

It can be seen from the figure that the normal state, inner ring fault, outer ring fault,
rolling body fault and cage fault extracted by the proposed method form relatively clear
clustering boundaries in the low-dimensional space, and the overlap between classes is
significantly reduced. Compared with the original features and ordinary convolutional
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features, the proposed method enhances the degree of separation between different fault
categories while maintaining the intra-class compactness. This indicates that the adaptive
extraction framework can effectively suppress redundant disturbances in multi-source signals
and make the deep representation reflect fault-sensitive information more centrally.

(2) Multi-scale feature response difference analysis

The response of multi-scale features under different fault states is shown in Figure 4.
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Figure 4: Multiscale feature response heatmap

It can be seen from the figure that the response of normal state in all scales is low as a
whole, and the maximum value is only 0.42, indicating that there is no significant abnormal
activation in the multi-scale space of normal samples. However, the fault samples show
stronger responses in the middle scale and high sensitive scale regions. Among them, the
rolling body fault reaches the highest response of 0.91 at Scale-3, the response of the outer
ring fault is 0.86 at Scale-3, and the inner ring fault is 0.89 at Scale-3, which are significantly
higher than the normal state. Cage faults are more prominent on Scale-4 and Scale-5, with
response values of 0.82 and 0.79, respectively. This result shows that different fault types
have obvious differences in scale space, and the multi-scale representation mechanism
introduced by the proposed method can more accurately capture the local impact
characteristics and continuous evolution information of different damage modes, so as to
provide more discriminative input for subsequent fusion and discrimination.

(3) Effectiveness analysis of dynamic weighting mechanism

Figure 5 shows the weight distribution of each channel under the dynamic weighting
mechanism.
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Figure 5: Channel weight distribution diagram under dynamic weighting mechanism

It can be found that the proposed method adaptively adjusts the importance of each source
information according to the response strength of different fault types. For the inner ring fault,
the weight of vibration channel reaches 0.33, which is significantly higher than that of
temperature channel 0.12. In the outer ring fault, the vibration and acoustic channel weights
are 0.31 and 0.22, respectively. The rolling body fault was the most sensitive to acoustic
signals, and the weight of acoustic channel increased to 0.31. Cage faults, on the other hand,
show a higher dependence on the speed channel, with a weight of 0.25. In contrast, in the
normal state, the weight distribution of the five types of channels is more balanced, and the
maximum weight is only 0.24. This shows that the dynamic weighting mechanism can
automatically highlight the channel information with more diagnostic value according to the
fault difference, avoid the feature dilution problem caused by the fixed fusion strategy, and
improve the pertinency of fault representation.

(4) Comparative analysis of feature stability

Figure 6 shows the results of stability comparison of features extracted by different
methods.
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Figure 6: Box plot of feature stability comparison

15



Wang et al.

The box plot shows that the fluctuation range of the original feature is the largest under
different working conditions, and the median value reaches 0.815. The median of
one-dimensional convolutional network and multi-source convolutional network decreased to
0.665 and 0.540, respectively, indicating that the deep model can alleviate the feature
discretization problem to a certain extent. In contrast, the median feature variance index of the
proposed method is only 0.350, and the interquartile range is also significantly smaller,
indicating a more stable feature output in multi-condition samples. Combined with Table 3, it
can be seen that the stability index of the proposed method reaches 0.93, which is higher than
0.86 of the multi-source convolutional network and 0.80 of the one-dimensional
convolutional network. This shows that the constructed adaptive extraction framework can
not only enhance the feature separation, but also effectively reduce the sample representation
fluctuation, and improve the repeatability and robustness of fault features in complex
environments.

Table 3: Comparison of feature representation quality of different feature extraction methods

Method Int(_er-CIass Intra-Class Silho_ugtte Stability
Distance Compactness Coefficient Index
Raw Feature 1.42 1.31 0.29 0.71
1D CNN 2.18 0.96 0.46 0.80
Multi-Source CNN 2.63 0.81 0.58 0.86
Proposed Method 3.47 0.54 0.72 0.93

In conclusion, the proposed method has obvious advantages in adaptive fault feature
extraction: the inter-class distance is increased to 3.47, the intra-class compactness is reduced
to 0.54, the contour coefficient is 0.72, and the stability index is 0.93. This shows that the
proposed method can more effectively highlight fault sensitive information and weaken
irrelevant disturbances under multi-source heterogeneous conditions, and lay a more robust
feature foundation for subsequent recognition performance improvement.

4.2  Analysis of method identification performance and operation stability

After analyzing the effect of adaptive fault feature extraction, it is necessary to further
investigate the comprehensive performance of the proposed method in classification
discrimination, complex working condition adaptation and operation efficiency. The
recognition performance directly reflects the ability of the proposed method to distinguish
different bearing fault types, while the operation stability determines its actual deployment
value in the softwal-defined iot environment. Therefore, this section carries out the analysis
from five aspects: classification results, method comparison, performance in complex
working conditions, training convergence process and inference efficiency.

(1) Analysis of fault identification results

The recognition results of the proposed method on each fault category are shown in Figure
7.
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Figure 7: Confusion matrix of recognition results

From the confusion matrix, it can be seen that the number of diagonal samples in normal
condition, inner ring fault, outer ring fault, rolling body fault and cage fault is significantly
higher than that in the off-diagonal region, indicating that the model has a good discrimination
ability for the main fault categories. Among them, the number of correct samples for normal
state identification is 214, the rolling body fault is 209, and the cage fault is 211. The
misjudgment samples are mainly concentrated between the inner ring fault and the outer ring
fault, but the one-class error score is not more than 6. According to the statistical results, the
overall accuracy of the proposed method reaches 97.3%, which indicates that the proposed
method can maintain a high level of class identification under the condition of multiple types
of complex faults. Figure 7 shows that the dynamic weighting and multi-scale fusion
mechanism play a positive role in reducing confusion between similar faults, especially
improving the recognition consistency of abnormal states of rolling body and cage.

(2) Comparison and analysis of recognition performance of different methods

The recognition performance comparison of different diagnostic methods is shown in
Figure 8.
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Figure 8: Comparison of recognition performance of different methods

Compared with one-dimensional convolutional network, lightweight convolutional
network and Diagnosisformer, the proposed method achieves the best results in four
indicators: Accuracy, Precision, Recall and F1-score. Among them, the accuracy of the
proposed method is 97.3%, which is 5.9 percentage points higher than 91.4% of
one-dimensional convolutional network, 4.2 percentage points higher than 93.1% of
lightweight convolutional network, and 2.7 percentage points higher than 94.6% of
Diagnosisformer. The F1 value reaches 96.9%, which is 6.3 percentage points higher than that
of the one-dimensional convolutional network. The results show that the proposed method can
not only improve the overall recognition level, but also maintain a good balance between
precision and recall, and avoid the imbalance phenomenon of "high precision, low recall” or
"high recall, low precision" in some fault categories. In general, the multi-scale feature
organization and dynamic weight allocation jointly enhance the adaptability of the model to
complex fault patterns.

(3) Comprehensive performance analysis under complex working conditions

The comprehensive performance of the proposed method under different complex
operating conditions is shown in Figure 9 and Table 4.
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Figure 9: Radar chart of comprehensive performance under different complex operating
conditions

Table 4: Statistical results of the performance of the proposed method under different working

conditions

Condition Accuracy/% Precision/% Recall/% F1-score/%
No Load 97.8 97.5 97.2 97.3
Half Load 97.2 96.9 96.8 96.8
Full Load 96.5 96.2 95.9 96.0
Low Speed 96.9 96.5 96.3 96.4
Medium Speed 97.4 97.1 96.9 97.0
High Speed 96.8 96.4 96.1 96.2
Noise Disturbance 95.9 95.4 95.1 95.2

The radar chart shows that the proposed method maintains high performance under
no-load, half-load, full load, low speed, medium speed, high speed and noise disturbance
conditions. Except for the noise condition, the other scene indexes are above 96.5%. The
accuracy under no-load condition was the highest, 97.8%. 97.4% at medium speed; It still
reaches 96.5% under full load condition. In the noise perturbation scenario, the performance
drops to 95.9%, but still maintains a stable high level. It shows that the proposed method has
strong adaptability to load changes and speed fluctuations, and has certain robustness to noise
interference. In summary, the maximum performance fluctuation under complex working
conditions is only 1.9 percentage points, which indicates that the proposed method has high
reliability in online application in software-defined iot environment.

(4) Convergence analysis of model training

The training convergence process of the proposed method is shown in Figure 10.
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Figure 10: Convergence curve of model training

It can be seen that both training loss and validation loss decrease rapidly with the increase
of iteration rounds, and the decrease is most obvious in the first 20 rounds. The training loss is
reduced from about 1.10 to about 0.34, and the validation loss is reduced from about 1.16 to
about 0.42. After 40 rounds, the two curves gradually level off, and the final training loss
stabilizes around 0.08 and the validation loss stabilizes around 0.11. The difference between
the two is always small, and there is no obvious separation, which indicates that the model
does not seriously overfit in the later stage of training, and the convergence process is smooth.
The results verify the effectiveness of the proposed method in parameter optimization and
feature organization, and also show that the learning rate decay strategy is helpful to improve
the training stability.

(5) Analysis of reasoning efficiency and operation stability

The comparison of inference time and operation stability of different methods is shown in

Figure 11.
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Figure 11: Comparison diagram of inference time and operation stability
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It can be seen from the box plot that the average reasoning time of Diagnosisformer is the
highest, focusing on about 18.0 ms. About 14.7 ms for one-dimensional convolutional
network and 13.0 ms for lightweight convolutional network; The average inference time of
the proposed method is only 11.3 ms, which is about 6.7 ms shorter than Diagnosisformer and
3.4 ms shorter than one-dimensional convolutional network. At the same time, the box height
of the proposed method is the smallest, which indicates that the operation fluctuation is the
smallest in multiple repeated tests, and the inference process is more stable.

In summary, the proposed method has obvious advantages in recognition accuracy,
adaptability to complex working conditions, training convergence and inference stability. The
overall accuracy is 97.3%, the F1 value is 96.9%, the lowest performance is still 95.9% under
complex conditions, and the average inference time is only 11.3 ms. This shows that the
proposed method can not only achieve high-quality fault identification, but also have good
potential for real-time deployment.

5 Discussion

From the experimental results, the adaptive extraction method of motor bearing fault features
based on deep learning we constructed shows relatively stable advantages in feature
separation ability, fault recognition accuracy and adaptability to complex working conditions.
This shows that it is feasible to integrate multi-source sensing data organization, deep feature
representation, multi-scale fusion and dynamic weighting mechanism into a unified
framework in the environment of software-defined Internet of things. Traditional fault
diagnosis methods often rely more on a single vibration signal or a fixed feature extraction
process, which can achieve certain results under the condition of small change in working
conditions and low noise level. However, when the load, speed and sensing channel quality
change, the feature expression is easy to be distorted, which will affect the classification
results. The key reason why our method can achieve better results in Accuracy, F1-score and
complex condition tests is that it does not regard multi-source data as simple parallel input,
but enhances the effective retention of fault-sensitive information through unified
representation, context aggregation and dynamic weight allocation.

From the results of 4.1, it can be seen that our method forms a clearer inter-class boundary
in the low-dimensional embedding space, the inter-class distance is increased to 3.47, and the
contour coefficient reaches 0.72, indicating that this method not only enhances the
discrimination ability of fault features, but also improves the structural quality of deep
representation. The multi-scale characteristic response analysis further shows that different
types of faults have obvious differences in the scale space, and a single receptive field is
difficult to take into account the local impact and the overall evolution at the same time, while
the multi-scale decomposition and fusion mechanism can more completely retain this
difference. The dynamic weighting results show that the importance of each channel is not
fixed under different faults, and the signals such as vibration, acoustic and rotational speed
assume different diagnostic roles in different states, which also verifies the limitations of the
fixed fusion strategy.

From the results of 4.2, our method achieves a good balance between the recognition
accuracy, the robustness of complex working conditions, and the operation efficiency. The
overall accuracy is 97.3%, the performance is still 95.9% under the condition of noise
disturbance, and the average inference time is 11.3 ms, which shows that the method not only
has high recognition accuracy, but also has a certain potential for online deployment.
However, there are some limitations to our study. First, the experimental data are mainly
collected based on the set operating conditions. Although it covers multiple types of faults and
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various operating conditions, compared with the real industrial field, it still lacks stronger
uncertainties and more complex coupling disturbances. Second, current methods pay more
attention to feature extraction and classification performance, and the interpretable expression
of fault evolution mechanism is still insufficient. In the follow-up research, we can further
introduce cross-domain transfer and interpretable diagnosis mechanisms on the basis of
expanding the scale of real scene data, so as to enhance the generalization ability and
engineering applicability of the method in open environments.

6 Conclusion

Focusing on the problems of instability of motor bearing fault feature expression and
insufficient adaptability of working conditions in the software-defined Internet of things
environment, this paper proposes an adaptive extraction and representation method based on
deep learning. By constructing a unified representation mechanism of multi-source signals, a
deep feature extraction framework, and a multi-scale fusion and dynamic weighting
mechanism, the effective differentiation of different fault modes is realized. The experimental
results show that the proposed method is superior to the comparison methods in feature
separation, recognition accuracy, robustness to complex conditions and reasoning efficiency.
The inter-class distance is increased to 3.47, the overall accuracy is 97.3%, the lowest
performance under complex conditions is still 95.9%, and the average reasoning time is 11.3
ms. It shows that the proposed method takes into account both diagnostic accuracy and
deployment feasibility, and can better meet the requirements of online perception, real-time
analysis and intelligent decision-making of motor bearings, and provides a method reference
for subsequent cross-scene promotion and edge intelligent application.
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