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Abstract

Bearing compound fault diagnosis is an important problem, and signal data from the target bearing are collected and inputted
into deep learning model for diagnosis. One challenge of this problem is, to initially train the deep learning model, it is difficult
or impossible to obtain data of compound faults, and the training data are usually single fault data. Another challenge is, the
training data are usually obtained in working conditions different from the target bearing. To solve the bearing compound
fault diagnosis problem addressing the two challenges, we introduce Transnosis, a Transformer-variation-based bearing
compound fault diagnosis method with zero-shot learning and domain adaptation. Transnosis is a combination of three solid
and time-tested Transformer variations: Cross-domain Transformer (CDTrans), Query2lLabel and Shifted Patch
Tokenization/Locality Self-Attention (SPT/LSA) with dedicated designs. In the design of Transnosis, we propose weight-sharing
triple-attention decoders to incorporate domain adaptation in decoders of combined CDTrans and Query2label,
multidimensional embedding approach to make signal data enhancement motivated by the SPT technique, and also splitting-
for-voting approach for further optimization. We test Transnosis with BJTU-RAO datasets on six tasks, and experimental
results demonstrate Transnosis can accurately diagnose compound faults by effectively distinguishing features of different
faults and clustering features of the same fault from different working conditions.
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1. Introduction
Bearings are important components in various mechanical

bearing fault diagnosis, bearing’s vibration, acceleration,
sound or temperature signals are collected from sensors, and

systems, facilitating rotational movement of axles, motors,
turbines and so on. Fault of bearings may lead to unexpected
downtime, costly repairs or even accidents of the whole
system. Consequently, fault diagnosis when a fault occurs is
critical for maintaining the system integrity. On the other hand,
deep learning has been demonstrated highly accurate and thus
widely used in various fields,!'”! so to achieve effective
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deep learning methods are applied on the signal data.
Traditional fault diagnosis using deep learning usually
deals with single fault identification; however, in practice,
bearings can experience compound faults. The compound
fault is multiple single faults occurring in one bearing, so the
signals are obscured with overlapping patterns, complicating
the diagnosis process.?? (i) A challenge to diagnosing the
compound faults is insufficient training data. In industrial
practice, it is usually not easy to collect large amounts of signal
data for bearings due to cost, time or equipment limitations.
As a result, the collected training data are usually composed
of single faults instead of compound faults. (ii) Another
challenge is target bearing’s unknown working condition.
Bearings may operate under various conditions, including
changes in load, speed and temperature. These variations can
significantly impact the obtained sensor signals, so that deep
learning models trained with signal data from source bearing
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may not generate well for an arbitrary target bearing.

In recent three years, to address challenge (i), a few zero-
shot learning models have been studied trained with single
fault data for compound fault diagnosis. Xu et al. propose a
zero-shot fault semantics learning model which constructs
semantic vectors from single fault signals, and calculates
Euclidean distance between the constructed semantic vectors
and signal features to diagnose compound faults.['*!"l Based on
this, they optimize the semantic vectors combining manually
constructed and learned semantics, and also optimize the
extracted signal features with adaptive edge center loss.!'?!
They also further optimize the semantic vectors, extracted
signal features and classification module with a fresh fault
semantic constructing approach, deep residual contraction
network and adaptive smoothing approach, respectively.*]
Tang et al. propose to detect fault feature regions and then use
deep belief network with discrimination terms to diagnose
compound faults.['¥ Gao et al. propose to use adaptive multi-
strategy cuckoo search algorithm to optimize important
parameters of maximum correlated kurtosis deconvolution
(MCKD), and then use the MCKD and convolutional neural
network (CNN) to denoise signal data and diagnose compound
faults, respectively.l'S] Li et al. propose a wavelet capsule
network with back tracking technique and compound fault
decoupling to provide interpretable fault diagnosis results.!!
Hu et al. propose an evidential neural network with novel
evidence prediction function, penalty terms and Fourier
transform based data augmentation to diagnose compound
faults and also additional unknown faults.'”? To address
challenge (ii), though many transfer learning models have
been studied for single fault diagnosis,!'*-?°! there have been
not so many such models for compound fault diagnosis. In
addition, though some models are free of compound fault data
during training,>?"! others do need the data and thus do not
achieve zero-shot learning.®*! Huang et al. propose a
transferable capsule network to decouple compound fault for
diagnosis, and they use domain adversarial learning for
domain adaptation.l?*?”] Zhang et al. propose primary and
prototype correction auxiliary classifiers with Frobenius norm
of cross correlation matrices to diagnose compound faults, and
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they use adaptive weighting of sample features for domain
adaptation.! Wang et al. propose a domain reinforcement
learning feature adaptation model with correlation alignment
to diagnose compound faults, and they also use domain
adversarial learning for domain adaptation.?”!

On the other hand, the Transformer model was introduced
in 2017 for natural language processing.’” Because of its
the
mechanism, Transformer has revolutionized the artificial

innovative  architecture  especially self-attention
intelligence field, being improved and tailored in not only
natural language processing, but also computer vision,
spatiotemporal data mining, signal processing, etc. Until
recently, many variations of Transformer have been proposed,
and the most famous ones include DeepSeek,*!! Generative
Pre-trained Transformer (GPT),*? Bidirectional Encoder
Representations from Transformer (BERT),**! Contrastive
Language-Image Pre-Training (CLIP),54
Transformer (ViT).?! Although not directly designed to solve
the bearing compound fault diagnosis problem or any of the
two challenges, some of the variations aim at highly related
problems/challenges and their solutions are valuable for
reference. Query2Label is a Transformer variation to solve
multi-label image classification problem (269 cites by May
2025).53¢ It can be trained with single-label images for the
multi-label classification, so could be utilized for bearing
compound fault diagnosis trained with single fault data, and
thus to address challenge (i). Cross-domain Transformer
(CDTrans) is a Transformer variation to address source-target
image domain adaptation problem (309 cites by May 2025).537!
It could be customized to achieve domain adaptation for
bearing signal data, and thus to address challenge (ii). In
addition, Shifted Patch Tokenization (SPT) and Locality Self-
Attention (LSA) are techniques in Transformer to alleviate
training with lack-of-feature image data problem (294 cites by
May 2025).5381 They could be referenced for bearing signal data
enhancement, and thus to further address challenge (i).
Nevertheless, to customize and combine these Transformer
variations for bearing compound fault diagnosis, a few issues
exist and proper designs are required. (a) Further domain
adaptation is needed to accommodate additional label

and Vision

embeddings inputted into the combined Query2Label and
CDTrans. To combine the Query2Label with CDTrans, the
CDTrans will be inputted with both training and compound
fault data to encode them for domain adaptation, and the
Query2Label will be inputted with label embeddings and
decode both CDTrans’ encodings and the embeddings for
classification. Due to the additional label embeddings inputted,
further domain adaptation is needed in Query2Label. (b) If the
SPT technique is directly applied, the signal data will be
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simply split into more pieces with a sliding window. This is an
ordinary signal processing approach not effective to achieve
data enhancement.

In this paper, we focus on the two challenges (i)-(ii) about
bearing compound fault diagnosis, solve the two issues (a)-(b)
to utilize a few solid and time-tested Transformer variations,
and propose Transnosis: a Transformer-variation-based
compound fault diagnosis method with zero-shot learning and
domain adaptation. To combine the Query2Label and
CDTrans in Transnosis, we propose weight-sharing triple-
attention decoders in each decoding layer. Motivated by the
SPT technique, we propose a signal multidimensional
embedding approach to generate more signal features. In
addition, for further optimization, we propose a signal
splitting-for-voting approach to split raw target domain signal
data into a few segments and vote for classification. With these
approaches, the modified Query2Label in Transnosis can be
trained with single fault data to diagnose compound fault, the
CDTrans can achieve domain adaptation between the training
data and compound fault data, and the customized SPT/LSA
can achieve data enhancement in different levels.

Table 1 summarizes the correspondence between the
challenges, Transformer variations, issues to use the variations
and approaches in Transnosis as discussed above, and Fig. 1
presents techniques used in Transnosis. In summary, we have
the following contributions.

O]

tested Transformer variations for bearing compound fault

We design Transnosis from a few solid and time-

diagnosis. It can be trained with single fault data from source
domain to diagnose compound faults from target domain.

2) We triple-attention
decoders, signal multidimensional embedding approach and
the

propose  weight-sharing

approach to utilize existing

Transformer variations.

splitting-for-voting

(3) Experimental results demonstrate Transnosis is
effective and can outperform the current existing methods.

2. Method

2.1 Overview

In training phase, the Transnosis architecture has two inputs:
source domain signal data and target domain signal data, and
has three outputs: classified fault types from source domain
signals, from target domain signals and from both.

(1) The signal data are inputted into a multi-
dimensional embedding layer to generate embeddings with
enhancement. This layer is based on the multidimensional
embedding approach.

(2) For encoding, the source and target domain
embedding data are inputted into several layers each
containing three weight-sharing Transformer encoders to
generate source, target and source-target domain encodings,
respectively. These encoders use LSA or cross-attention for
domain adaptation.

(3) For decoding, initial label embeddings
corresponding to a fault type are inputted into several layers
each containing three Transformer decoders for source, target
and source-target domain decodings, respectively. These
decoders are the weight-sharing triple-attention decoders.
They use LSA between labels, cross-attention between labels
and signal encodings for classification, and additional LSA or
cross-attention for further domain adaptation.

each

In classification phase, Transnosis is inputted with target
domain signal data and it outputs the classified fault types.
Only the Transformer encoders and decoders for target domain
signal data are used in this process.

To achieve effective domain adaptation and obtain accurate
classification result, the raw target domain signal data are split
segments for Dboth and classification.

into training

Table 1: Correspondence between challenges, Transformer variations, issues to use the variations, and approaches in Transnosis.

Issues to use the variations Approaches

Challenges Transformer variations
Unknown working condition CDTrans

Query2Label
Insufficient training data

SPT/LSA

Additional optimization

How to incorporate domain
adaptation in decoders of Weight-sharing triple-attention
combined CDTrans and decoders

Query2Label

How to make signal data Multidimensional embedding

enhancement approach

Splitting-for-voting approach
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Fig. 1: Techniques used in Transnosis.
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Fig. 2: Illustration of the Transnosis architecture.

Classification results from the segments are jointly considered 2.2 Data enhancement with multidimensional embedding
using a voting strategy to obtain final fault type. This is the approach

splitting-for-voting approach. The Transnosis architecture is The inputted signal data X={X;|1<i<n} contains n sampling
illustrated in Fig. 2. Detailed explanations of data flow in these points, and each point X; has &' dimensions such as tri-axial
steps are explained in sections below. acceleration. The X is processed with a sliding window of size
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w and step length p to generate n'=":—“’) tokens T°={T;|1<i<n'}.

Each token 75 is essentially a wxd® matrix, and is processed
with a large scale Convolutional Neural Network (CNN) to
generate an embedding L] using Eq. (1).

L{ = maxPool(cov(T7, k;), w;)

(M

where k; is a relatively large convolutional kernel size and w;
is a relatively large pooling window size. Additionally, 73 is
processed with a moderate scale CNN to generate embedding
M; by replacing the k; and w; with moderate kernel size £,
and window size w,,, respectively. T} is also processed with a
small scale CNN to generate embedding S; with small kernel
size k, and window size w,, respectively.

Besides, the X is processed with Hilbert-Huang Transform

(HHT) to generate frequency data Y={Y;|1<i<n} with ¥; of ' ‘

dimensions. The Y is processed with the same sliding window

as above to generate tokens 7/'={ T{|l§i§n'}. Each token Tl[ is

also processed with the large, moderate and small scale CNNs

to generate embeddings L'{, le and Slf Finally, the embeddings

L, M, S;, L'{, le and Slf are concatenated using Eq. (2) to form

the ith embedding E; for encoding.

E; = flatten([L, M7, S5, 1), M/, 7)) 2)
Therefore, the inputted signal data X is converted to
embedding data E={F;|1<i<n'}. With this embedding, pseudo
label for target domain data can be generated as discussed in
Supporting information.

2.3 Cross-domain encoding for adaptation

For encoding of the embedding data, there are N layers and in
layer i there are three weight-sharing transformer branches Hj,
H: and H{' (1<i<N). The H; includes a LSA module for source
domain embedding data E°; the H; also includes a LSA
module for target domain embedding data £'; the A includes
a cross-attention module for both £ and E'.

More specifically, input of the H; is output of the previous
layer £}, and output is E}; input of the H' is output of the
previous layer E'_;, and output is £%; input of the A’ is output
of the previous layer EY', as well as E}.; and E',, and output is
EY'. When i=1, E)=E’; E(=E'; E{/ is randomly initiated. The
LSA module in the H} processes E; as the query, key and
value with FFN module using Egs. (3) and (4).

E'} = multiHeadLSA(E} 1,E{ 1, E{ 1) (3)

Engineered Science Publisher

Ef = FFN(E'}) )

The LSA module in the H: is identical to the ;. The cross-
attention module in the H}’ processes £}, as the query and £,
as the key and value with FFN module using Egs. (5) and (6).

©)
(6)

The encoding data from the last layer are thus E}, Ey and EY.

E'{" = multiHeadCross(Ef_,, Ef_,, EE.))

Ef* = FFN(E'SY

Note that for simplicity of explanation, the addition and
normalization modules following the LSA module and FFN
module are not presented.

2.4 Data-label joint decoding with weight-sharing triple-
attention decoders

For decoding of the final encoding data, similar to the
encoding layers, there are M layers and in layer i there are also
three weight-sharing transformer branches G}, G' and G
(1<i<M). Differently, the G} includes a LSA module for label
embedding data E', a cross-attention module for the £ and EY;,
and a second LSA module for output of the cross-attention
module; the G' includes a LSA module for the £, a cross-
attention module for the E' and EY, and a second LSA module
for output of the cross-attention module; the G’ includes a
LSA module for the £ l, a cross-attention module for the £’ and
EY, and a second cross-attention module for outputs of the
cross-attention modules from G} and G'.

More specifically, inputs of the G} are output of the
previous layer D} | and the EY;, and output is D}; inputs of the
G are output of the previous layer D and the EY, and output
is D'; inputs of the G}' are output of the previous layer Df'; and
the EY, as well as outputs of G} and Gi's cross-attention
modules D" and D", respectively, output is Di’. When i=1,

Dy=D{=Djy=E'={E}|1<k<m}, where E| is randomly initiated
embedding for the kth class label. The LSA module in the G}
processes Dj; as the query, key and value using Eq. (7).

D'} = multiHeadLSA(D;_,,D{ ,,D; ;) (7)

Then the cross-attention module processes D'} as the query

and Ey as key and value using Eq. (8).
D"$ = multiHeadCross(D';, E§, Ex) (8)

Then the second LSA module processes D'} as the query, key
and value with FFN module using Egs. (9) and (10).

D"} = multiHeadLSA(D"},D"{,D"?)

L

)

Df = FFN(D'"$) (10)

Eng. Sci., 2025, 37, 1793 | 5


https://www.espublisher.com/

Research article

Engineered Science

The LSA module, cross-attention module and the second LSA
module in G} are identical to those in G}. The LSA module and
cross-attention module in G}’ are identical to those in G}, and
the second cross-attention module processes the D" as the
query and D" as key and value with FFN module using Egs.
(11) and (12).

D""3* = MultiHeadCross(D"'$,D"t,D"'t) (11)

Dt = FFN(D""$* + D"§") (12)

The decoding data from the last layers are thus D}, D} and Dy.

With the decoding data, probabilities of source domain data
fitting the m label classes p*={p;|1<k<m} can be calculated

using Eq. (13).

pS = sigmoid(WDy, + b) (13)

The probabilities of target domain data and source and target
domain data can be calculated using identical equations. Loss
functions of the three Transformer branches are cross-entropy
loss, cross-entropy loss and distillation loss, respectively.

2.5 Training and classification with splitting-for-voting
approach

In the beginning of Transnosis, the inputted raw target domain
signal data X are split into g segments X={X’|1<i<g} for both
training and classification. For the i th segment, its
classification result is p'={p||I<k<m} . Combing the g

X
1D Transnosis
I

©)
¥

 I———— -

Weight-sharing encoder layers

—_—
——p Data flows

Multidimensional embedding layer

Weight-sharing triple-attention decoder

B :’ Back propogations

segments' results, voting result of the kth label class is
obtained using Eq. (14).

pie =20k > (14)

where A is a voting threshold value.
With  this
Transnosis includes three steps. First, source domain signal

splitting-for-voting approach, training of

data with labels are used to train the multidimensional
embedding layer. Second, the target domain signal data are
inputted to the trained multidimensional embedding layer to
generate pseudo labels. Third, the source domain signal data
with labels and target domain signal data with pseudo labels
are used to train the Transnosis model. Steps two and three
iterate until convergence. The Transnosis training process is
presented in Fig. 3.

3. Experiments

3.1 Dataset description

To test Transnosis, we use datasets of left axle box component
from the BJTU-RAO data packet.*”! The complete data packet
is composed of datasets from four components in a subway
train bogie simulation platform: transaction motor, gearbox,
left axle box and right axle box. Bearing type of the left axle
box is HRB 352213, and monitoring signals include tri-axial
acceleration and sound, and are collected with a sampling
frequency 64kHz. Fault types of the left axle box include
normal condition (NC), inner race fault (IF), outer race fault

©)

@

v

layers

© @

Training steps

Fig. 3: Flowchart of Transnosis training.
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(OF), and a combination of IF and OF forming compound fault
(CF). Working conditions of the left axle box as well as the
whole platform vary in motor speed from 20Hz to 60Hz and
lateral load from -10kN to 10kN. A picture of the platform is
presented in Fig. S1.5%%

We obtain four datasets A, B, C and D in working
conditions motor speed/lateral load 20Hz/OkN, 60Hz/0OkN,
20Hz/10kN and 60Hz/10kN, respectively. Each dataset
contains samples of the NC, IF, OF and CF. We use the NC, IF
and OF samples in one dataset for training and then all the NC,

IF, OF and CF samples in another dataset for testing, so we
have six tasks: training using dataset A and testing using B
(A—B), training using A and testing using C (A—C), training
using B and testing using C (B—C), training using A and
testing using D (A—D), training using B and testing using D
(B—D), training using C and testing using D (C—D). Details
of the datasets for training and testing are listed in Table 2,
signals of each fault in dataset B are presented in Fig. 4, and
tasks in the experiments are listed in Table 3.

Table 2: Details of the datasets for training and testing.

Dataset Working condition Fault type for training Fault type for testing Number of samples
A 20Hz/0kN NC, IF, OF - 999
B 60Hz/0kN NC, IF, OF NC, IF, OF, CF 999
C 20Hz/10kN NC, IF, OF NC, IF, OF, CF 999
D 60Hz/10kN NC, IF, OF NC, IF, OF, CF 999
Dataset B - NC Dataset B - NC Dataset B - NC Dataset B - NC
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Fig. 4: Signals of each fault in dataset B.
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Table 3: Task in the experiments.

Table 4: Hyperparameters and values in Transnosis.

Task Source domain Target domain

w
|
9!

aQ w > @ > »

o U o o o w

3.2 Hyperparameters of Transnosis

Based on the method description in section 3, Transnosis’
hyperparameters are determined by preliminary testing and the
Transformer related publications. In the preprocessing phase,
the sliding window size wand step length p are 128 and 64,
respectively. The large, moderate and small convolutional
kernel sizes k; , k,, and &, in CCN are 7, 5 and 3, respectively,
and the corresponding pooling window sizes w; , w,, and w,
are 4, 3 and 2, respectively. The dimension of frequency data
d'is 60. In the en/decoding and classification phase, the
numbers of Transformer encoder layers N and decoder layers
M are both 2. The number of segments g for raw target domain
signal data is 4, and the voting threshold value A is 0.65.
Transnosis is implemented using Pytorch and trained using

Adam optimizer with a learning rate of 0.00001 and 50 epochs.

The hyperparameters and their values are listed in Table 4.

3.3 Compound fault diagnosis results on various tasks

We run Transnosis on the tasks described above, and for each
task, we shuffle the samples in testing dataset and input them
into Transnosis for diagnosis. Table 5 and Table S1 list the
diagnosis accuracy of each fault. It can be seen that Transnosis
exhibits high accuracy for all the fault types. Compared with
NC, IF and OF, the diagnosis accuracy of CF is a little lower,
since no CF sample is used for training.

Hyperparameter Value
128

p 64

k; 7

/- 5

ks 3

wy 4

Wi, 3

W 2

d 60

N 2

M 2

g 4

h 0.65

In addition, Fig. 5 presents probabilities fitting each fault
for all testing samples. 0-25%, 25-50%, 50-75% and 75-100%
of the samples have fault types NC, IF, OF and CF,
respectively. It can be seen that for the NC, IF and OF samples,
Transnosis classifies them as NC, IF and OF with high
probabilities above the threshold value, respectively. For the
CF samples, Transnosis classifies them as both IF and OF with
high probabilities above the threshold value, and thus CF.
Only a few CF samples are misclassified with the probabilities
of either IF or OF drops below the threshold value.

3.4 Comparison with existing methods

3.4.1 Compared methods

As introduced in section 1, there are limited methods with both
zero-shot learning and domain adaptation. We compare
Transnosis with a few representative methods deep decoupling
convolutional neural network (DDCNN), wavelet capsule
network (WavCapsNet),!'?) transferable capsule network
(TCN),? and domain adversarial capsule network (DACN).l27)

Table 5: Diagnosis accuracies of each fault on various tasks.

Task NC IF OF CF

A—B 100.00% 91.97% 99.60% 93.17%
A—C 100/00% 91.16% 100.00% 85.54%
A—D 100.00% 96.79% 100.00% 94.78%
B—C 99.20% 98.80% 99.20% 98.39%
B—D 100.00% 100.00% 100.00% 96.39%
C—D 94.38% 99.60% 97.99% 97.59%
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Fig. 5: Probabilities fitting each fault for all samples on tasks A—B (a), A—C (b), B—C (c), A—D (d), B—D (e) and C—D (f). TS

represents the threshold value 4.

Table 6: Characteristics of compared methods and parameter settings.

Method Zero-shot learning Domain adaptation Reference
DDCNN Yes No [40]
WavCapsNet Yes No [16]
TCN Yes Yes, single domain [26]
DACNs Yes Yes, single domain [27]
DACNm Yes Yes, multi-domains [27]
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Table 7: Diagnosis accuracies of various methods on each task.

Method A—B A—-C A—D B—C B—D C—-D

DDCNN 86.43% 83.45% 90.89% 88.56% 86.92% 87.13%
WavCapsNet 87.05% 85.74% 91.87% 88.86% 87.25% 88.35%
TCN 89.71% 86.83% 92.94% 90.78% 89.68% 88.98%
DACNs 93.08% 91.85% 94.88% 93.67% 91.85% 92.21%
DACNm 94.89% 93.49% 96.89% 95.67% 95.45% 95.74%
Transnosis 96.18% 94.18% 97.89% 98.90% 99.10% 97.39%

All of the methods can be trained with single fault data and
used for compound fault diagnosis, and the major difference
is, DDCNN and WavCapsNet do no domain adaptation, TCN
does single domain adaptation from source to target domain,
and DACN does multiple domain adaptation among several
source domains needing
adaptation. We let DACN do multiple domain adaptation
among the source domain and remaining two domains in each
task, marking it as DACNm. For example, on task A—B, we
let DACNm do multiple domain adaptation among datasets A,
C and D. We also let DACN do single domain adaptation from
source to target domain, marking it as DACNSs. Table 6 lists
characteristics of these methods and parameter settings.

not source-to-target domain

3.4.2 Results

Table 7 lists diagnosis accuracies of the various methods on
each task, and Fig. 6 is a corresponding radar diagram of the
diagnosis accuracies. It can be seen that Transnosis is

Average
100,

consistently more accurate than all the compared methods.
DDCNN and WavCapsNet do not do domain adaptation, so
their accuracies are lower than the other existing methods.
TCN and DACNSs do single domain adaptation, but DACNSs is
designed with more sophisticated techniques, so its accuracy
is higher than TCN. DACNm does multiple domain adaptation
using additional source domain data, so its accuracy is higher
than the other existing methods. Transnosis does single
domain adaptation without using additional data, but due to its
effective Transformer basis, it can achieve a little higher
accuracy than DACNm. Overall, these results indicate that
Transnosis can achieve high fault diagnosis accuracy.

3.4.3 Visualization of feature distributions

We use t-SNE to visualize the feature distributions of the
various methods on task B—D. Fig. 7 presents the feature
distributions. For target domain features, Transnosis can
largely distinguish them, while DDCNN, WavCapsNet, TCN,

DDCNN
WavCapsNet
TCN

DACNs
DACNmM
Transnosis

it

Fig. 6: Radar diagram of the diagnosis accuracies.
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Fig. 7: Visualization of feature distributions on task B—D. (a) DDCNN, (b) WavCapsNet, (c) TCN, (d) DACNs, (¢) DACNm, and

(f) Transnosis.

DACNs and DACNm are not as effective as Transnosis. This
is consistent with the results listed in Table 7 and Table S2. For
source domain features, all the methods can effectively
distinguish them, and WavCapsNet, DACNs, DACNm and
Transnosis perform better than DDCNN and TCN. On the
other hand, for features of the same fault from both domains,
TCN, DACNs, DACNm and Transnosis can more effectively
cluster them than DDCNN and WavCapsNet, since the latter
do not do domain adaptation. This visualization further
explains why Transnosis can achieve high fault diagnosis
accuracy.

4. Conclusions
In this work, we introduce Transnosis, a combination of three

Engineered Science Publisher

solid and time-tested Transformer variations Query2Label,
CDTrans and SPT/LSA with dedicated designs for bearing
compound fault diagnosis. Transnosis is able to be trained with
single fault data from source domain to accurately diagnose
compound faults in target domain, achieving both zero-shot
learning and domain adaptation. In the design of Transnosis,
we propose weight-sharing triple-attention decoders to
incorporate domain adaptation in decoders of combined
CDTrans and Query2Label, multidimensional embedding
approach to make signal data enhancement motivated by the
SPT technique, and also splitting-for-voting approach for
further optimization. We test Transnosis with BJTU-RAO
datasets on six tasks, and experimental results demonstrate
Transnosis can accurately diagnose compound faults by
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effectively distinguishing features of different compound
faults and clustering features of the same fault from different
working conditions.

For industrial applications, computational cost and
scalability of Transnosis are both concerns. The computational
cost of Transnosis depends on domain adaptation in the
CDTrans and weight-sharing triple-attention decoders, and it
can usually be finished in a few minutes. This latency should
be acceptable in most industrial applications, since unlike fault
detection or remaining useful life prediction, the time to finish
diagnosing an already occurred fault is usually quite relaxed.
In addition, when the types of compound faults increase,
Transnosis may not accurately diagnose all of them. Therefore,
Transnosis is currently applicable to industrial applications
with relatively simple compound faults. In the further, we will
extend Transnosis to diagnose more complicated multiple
compound faults, and will also investigate the possibility of
real-time diagnosis. Besides these, we also plan to incorporate
multiple domain adaptation in Transnosis.?”
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