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Abstract
In the field of mechanical equipment fault diagnosis, variations in operational conditions often

lead to shifts in data distribution, which consequently results in weakening the diagnostic precision.
This study presents a hybrid data-model driven framework for fault diagnosis under domain devia-
tion, termed the hierarchical attention guided generalization network (HAGNet). This method can
effectively enhance fault identification accuracy under domain deviation conditions, even when target
domain data is unavailable during the model pretraining phase. Firstly, a multi-channel data fusion
module (HADF), which integrates multi-head self-attention and spatial attention mechanisms, is in-
troduced. Subsequently, a cross-domain center-alignment and type-separation (CATS) loss function
is developed to extract domain-invariant features. Finally, a multi-classifier ensemble mechanism is
constructed to address the issue of insufficient classifier capacity. The contribution of each source
domain is dynamically weighted according to its similarity to the target domain, mitigating negative
transfer effects from dissimilar sources. Experimental results demonstrate that the proposed HAGNet
surpasses existing mainstream methods in fault diagnosis performance.

Key words: multi-sensor fusion, fault diagnosis, domain deviation, hierarchical attention mech-
anism

0　 Introduction

Rotating machinery is widely used in modern soci-
ety, and research on fault diagnosis methods is of great
significance for reducing unplanned downtime and en-
suring production safety[1 - 3] . Compared with signal
processing methods, deep learning based fault diagno-
sis methods do not rely on prior expert knowledge, but
simulate the relationship between input data and fault
labels through a large amount of data[4 - 5] . However,
there are still certain issues in practical applications:
(1) Under the background of big data, most monito-
ring signals are multi-channel and multi physical quan-
tity signals[6], which requires the signal coupling fea-
ture extraction ability of intelligent models; (2) the
data distributions under different operating conditions
may vary significantly, whereas traditional intelligent
diagnostic methods generally assume that the training
and testing data are independently and identically dis-
tributed, and their performance in cross-condition sce-

narios is therefore limited[7] .
To address the first issue, researchers have ex-

plored multi-channel data fusion strategies that aim to
represent the operational state of rotating machinery
more comprehensively[8] . For example, Ref. [9] con-
verted vibration signals into grayscale images and used
them derived from three-channel signals as the RGB
( red, green, blue) image, thereby generating fused
color image data to achieve data fusion. Ref. [10]
constructed recursive graphs of vibration signals using
recursive networks, introduced the maximum mean dis-
crepancy (MMD) for weighting, and combined vertex
mean normalization layers with multi-channel multi-
scale graph convolutional networks to achieve feature
level information fusion. Under the extremely high cost
of data annotation, semisupervised methods such as
graph embedding and low rank tensor learning effec-
tively extract geometric structure information from a
large amount of unlabeled multi-sensor fusion tensors,
improving diagnostic accuracy[11] . Ref. [ 12 ] intro-
duced graph convolutional networks (GCN) for cross-
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domain fault diagnosis, constructing graph samples that
integrate multi-channel signals, and employed a pseud-
olabeling strategy to transfer knowledge across different
machines. Emerging technologies such as tensor singu-
lar spectrum decomposition (2K-TSSD) reveal the in-
trinsic relationships among multi-sensor signal proper-
ties by defining novel tensor operations, providing a
powerful theoretical tool for fully utilizing multi-channel
data[13] .

These fusion strategies at the data, feature, or de-
cision level can leverage prior information or adaptively
focus on effective features across multiple channels un-
der the guidance of the loss function, thereby achieving
more comprehensive feature fusion. However, many of
them fail to consider that the importance of different
sensor channels and time steps may vary dynamically.
Ignoring such differentiated weighting can lead to insuf-
ficient feature interaction and the loss of discriminative
information, ultimately limiting diagnostic robustness
under complex operating conditions. To overcome these
difficulties, this paper proposes multi-channel data fu-
sion framework based on hierarchical attention. The
proposed data fusion framework enables intra-time-step
information interaction among channels, spatial atten-
tion captures the relative importance of temporal posi-
tions and feature dimensions, and a channelweight
adaptive mixing strategy enhances feature discrim-
inability and robustness.

In order to solve the problem of model perform-
ance degradation caused bydomain deviation, more and
more research is focused on domain generalization fault
diagnosis. Ref. [14] proposed a federated contrastive
prototypical framework, which aligns the centers of da-
ta of the same category while allowing the model to
adapt to changes. Jeong et al. combined the UNet var-
iational autoencoder with a CNN network, enhancing
cross-domain diagnostic performance through self-su-
pervision[15] . Multiple studies have demonstrated that
guidance mechanisms based on contrastive learning and
meta-learning exhibit significant potential in capturing
domain invariant features and reducing interdomain
differences[16 - 18] . For example, Ref. [19] introduced
a CycleGAN-based domain generation module to extend
the source domain and employed adversarial contrastive
training to learn generalized features that are robust to
unseen domain deviation. Ref. [ 20 ] constructed a
deep mixed domain generalization network that per-
forms data augmentation in both class and domain
spaces, incorporates adversarial perturbation learning,

and utilizes a domain-based discrepancy metric to bal-
ance intra and interdomain distances for multi-source
feature generalization. Ref. [21] proposed a domain
generalization method based on domain-augmented me-
taensemble learning, in which Dirichlet CutMix is used
to compensate for missing classes across source do-
mains. Additionally, a training strategy that allows for
collaborative integration of knowledge from different
source domains is introduced to enhance the generaliza-
tion ability of unknown domains.

The above methods primarily introduce innovations
in training strategies, loss functions, and data augmen-
tation, thereby enhancing the model’ s generalization
capability under unseen operating conditions. Howev-
er, most methods are typically based on a single per-
spective and achieve intra-class compactness or inter-
class separability through implicit constraints. Their
feature-space optimization mechanisms remain indirect
and incomplete, relying mainly on sample-level or
task-level adaptation strategies, which may interfere
with the local geometric relationships among samples.
In addition, the use of a single shared classifier may
cause the model to use part of its capacity to compen-
sate for domain discrepancies instead of focusing on
fault discrimination, leading to suboptimal perform-
ance.

To overcome these problems, this paper proposes
the hierarchical attention guided generalization network
(HAGNet) for cross domain fault diagnosis. The main
innovations of this article are as follows.

(1) Propose a hierarchical attention data fusion
module (HADF) that combines multi head self-atten-
tion and spatial attention mechanisms, which can adap-
tively focus on important channels and features, signifi-
cantly improving the discriminability and robustness of
fused features.

(2) Design across-domain center alignment and
types separation (CATS) loss to effectively construct a
domain invariant feature space and enhance the gener-
alization ability of the method by simultaneously con-
straining cross domain consistency and inter class sepa-
rability.

(3) Construct a multi classifier ensemble mecha-
nism based on domain discriminators, by weighting and
fusing multiple classifiers to enhance the contribution of
similar source domains to the target domain, suppress-
ing negative transfer of dissimilar source domains, and
achieving accurate diagnosis in the absence of visible
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target domain data.

1　 Basic theory of the proposed hierarchical
attention-guided generalization network

1. 1　 Overflow of the HAGNet
The overall workflow of hierarchical attention

guided generalization network based fault diagnosis
method is shown in Fig. 1.

The data preprocessing includes sliding window
sampling, fast Fourier transform ( FFT) transforma-
tion, and normalization of multi-channel raw data.
Then, in the pretraining stage, in order to alleviate the
overfitting, a frequency domain data augmentation

method was designed. By performing amplitude scal-
ing, spectral skewing, frequency axis transformation,
band masking, and spectral bottom noise injection op-
erations, sample robustness is enhanced, and NT-Xent
loss is used for consistency constraint.

In the formal training phase, the parameters of the
feature extractor (Part 1) are frozen to maintain the a-
bility of multi-channel feature fusion. The second part
of the parameters will continue to be updated to enhance
its domain invariant feature extraction capability.

The following sections detail the core components
of HAGNet. Subsection 1. 2 introduces the HADF, sub-
section 1. 3 introduces the CATS, and subsection 1. 4
introduces the multi classifier ensemble method.

Fig. 1　 Overall flowchart of the HAGNet based diagnosis method

1. 2　 Hierarchical attention multi-channel data fu-
sion module

　 　 This section introduces the multi-channel fusion
strategy based on hierarchical attention, which includes
three modules: temporal feature fusion based on multi
head self-attention, spatial feature fusion focused on key
feature points, and linear mixing of multiple channels.

Fig. 2 shows the temporal feature fusion based on
multi head self-attention. Each channel feature is trea-

ted as a set of tokens and interacts and fuses through a
multi head self-attention mechanism.

Assuming C is the number of channels, T is the
time step, and D is the feature dimension. A single
sample in the input batch is recorded as XiMHSA ∈
ℝ C×T×D . Input the feature of single time step X t

iMHSA ∈
ℝ C×D into the linear layer. The query matrix Q =
X t

iMHSAWQ, key matrix K = Xt
iMHSAWK, and value ma-

trix V = Xt
iMHSAWV will be obtained (WQ, WK, WV ∈

ℝ D×dk) . Divide the three transformed matrices along the
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dk dimension according to the number of attention heads
H to obtain H groups of Kh,Qh,Vh ∈ ℝ C×(dk / H)(h =
1,…,H), and calculate the similarity matrix of each
head’s channels with the other channels.

Mh
sim = softmax (QhKT

h / dk / H) (1)

where Mh
sim ∈ ℝ C×C, it represents the similarity be-

tween each channel and the other channels under this
attention head, and the channel-wise information fusion
is performed based on this similarity; T stands for ma-

trix transposition.
Vh

W = Mh
simVh (2)

where Vh
W represents the matrix of channel-weighted fu-

sion values under this attention head. Further, concat-
enate all Vh

W according to dimension dk / H, to obtain
VW = [V1

W,…,VH
W] ∈ ℝ C×dk, and a single time-step

output X t
o after a linear transformation. The fusion oper-

ation of time-step channel features using HADF is re-
ferred to as MHSA(·):ℝ C×T×D → ℝ C×T×D .

Fig. 2　 The temporal feature fusion based on multi head self-attention

　 　 Fig. 3 shows the spatial feature fusion module.
This step can highlight the key temporal segments and

discriminative features related to the fault.

Fig. 3　 Spatial feature fusion module

　 　 After maximized pooling and averaged pooling of
the single sample XiSA ∈ ℝ C×T×D, the channel maxi-
mum value matrix and the channel average matrix
Mmax ∈ ℝ T×D, Mavg ∈ ℝ T×D will be obtained, Mmax

and Mavg are spliced according to the channel dimen-
sion, then WTD = sigmoid (Convzd [Mmax, Mavg]) is
obtained. The matrix adaptively weights different time
fragments and characteristic components of the input
sample, which is equivalent to completing an informa-
tion fusion in the (T,D) space, so as to highlight the

key timing points and discriminatory characteristics,
obtain the output WTD = MSA ☉ XiSA ∈ ℝ C×T×D (☉ is
the Hartmann product), and write the focus operation
of the key timing characteristic points as SA(·):
ℝ C×T×D → ℝ C×T×D .

Fig. 4 shows the linear mixing process of the
channel. Independently learn the weights of each fea-
ture dimension. When the data contribution of different
channels is uneven, the contribution of more effective
information channels can be automatically enhanced,
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and feature dimensionality reduction can be achieved
through weighted linear combination.

Given an input sample XiLM ∈ ℝ C×T×D, a learna-
ble parameter matrix WDC ∈ ℝ D×C is introduced, eve
each characteristic dimension is associated with a set of
channel weights. The final linear hybrid output is com-
puted as follows.

XoLM[ t,d] = ∑
C

c = 1
WDC[d,c]XiLM[c,t,d] (3)

Among them, output XoLM ∈ ℝ T×D, and the linear
channel hybrid operation is written as LM(·):ℝ C×T×D →

ℝ T×D.
In summary, the hierarchical attention multi-

channel data fusion strategy can be expressed as fol-
lows.

Xo = LM(SA(MHSA(Xi))) (4)

where, Xi ∈ ℝ C×T×D is multi-channel data input, and
Xo ∈ ℝ T×D is the feature output after fusion.

To illustrate the implementation details of the
HADF module more comprehensively, we provide the
pseudocode in Algorithm 1.

Fig. 4　 The multi channels linear mixing module

Algorithm 1

#C: Channel number; T: Time step; D: Feature dimension.
# Input: Multi-channel single sample Xi ∈ ℝ C×T×D . Output:
Fused single sample Xo ∈ ℝ C×T×D .
# MHSA-based fusion of temporal-step channel features.
for t = 1 to T do:
　 　 Xt

i = Xi[:,t,:]; # Perform temporal-step slicing.
　 　 Q = Xt

iWQ ∈ ℝ C×dk, K = Xt
iWK ∈ ℝ C×dk, V =

　 　 Xt
iWV ∈ ℝ C×dk;

　 　 # dk: Feature dimension of Q, K, and V ;H: Number
of heads.
　 　 Qh / Kh / Vh = Q / K / V[:,(h - 1)dk / H:hdk / H,:] ∈
ℝ C×dk, h ∈ [1,dk / H];

　 　 Mh
sim = softmax(QhKT

h / dk / H); 　 # Compute the
similarity matrix
　 　 Vh

W = Mh
simVh ∈ ℝ C×(dk / H) , VW = cat([V1

W,…,VH
W],

dim = 1) ∈ ℝ C×dk, Xt
o″ = VWWQ ∈ ℝ C×D;

end for

Xo″ = stack([Xt
o″( t = 1,…,T)],dim = 1) ∈ ℝ C×T×D;

# Concatenate the outputs of all time steps to obtain the final
output.
# Focusing on key temporal feature points.

Mt,d
avg = 1

C ∑
C

c = 1
Xc,t,d

o″ , Mt,d
max = max

c∈{1,…,C}
Xc,t,d

o″ ;

#c, t and d belong to [1,…,C], [1,…,T], and [1,…,
D] respectively, Mavg ∈ ℝ T×D, Mmax ∈ ℝ T×D .
M = stack([Mavg, Mmax],dim = 0) ∈ ℝ 2×T×D;
# Concatenate the results from different pooling operations.

Wt,d
TD = Sigmoid(∑

2

c = 1
∑

3

a = -3
∑

3

b = -3
Wc,i,j·Mc,t+a,d+b) ∈ ℝ T×D;

# Use convolution to compute weights across the temporal and
feature dimensions.
Xo′ = M☉Xo″ ∈ ℝ C×T×D; 　 #Perform weighted computation
# Linear channel mixing
for d = 1 to D do:
　 Xd

o′ = Xo′[:,:,d] ∈ℝ C×T,Wd
DC = WDC[d,:] ∈ℝ C×1;

　 # Slice along the feature dimension.
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　 Xd
o = (Xd

o′) TWd
DC ∈ ℝ T×1; 　 #Weighted fusion along the

channel dimension.
end for
Xo = cat([Xd

o(n = 1,…,D)]) ∈ ℝ T×D;

1. 3　 Cross-domain class-center alignment and sep-
aration loss

　 　 In cross-domain fault diagnosis tasks, domain de-
viation primarily manifests in the inconsistency of fea-
ture distributions for the same class across different
source domains, as well as the instability of decision
boundaries between different classes. From the per-
spective of domain generalization, an ideal feature rep-
resentation should satisfy: (1 ) the class-conditional
distributions of the same class remain as consistent as
possible across domains; (2) the class-conditional dis-
tributions of different classes maintain sufficient geo-
metric separation.

Therefore, this study proposes the CATS loss,
which simultaneously constrains the feature space from
three aspects ( intra-class compactness, cross-domain
alignment, and inter-class separation) to obtain feature
representations that possess both domain invariance and
strong inter-class discriminability.

The proposed strong generalization loss function
CATS consists of cross domain inter centroid loss (Lcic)
and class center separation loss (Lsep) . Cross domain
centroid loss extracts domain invariant features through
intra class convergence and cross domain consistency
constraints; the class center separation loss ensures
that a predefined minimum margin is maintained be-
tween different class centers, improving the inter class
discriminability of features. CATS promotes intra class
compactness, cross domain alignment, and inter class
separation, which can effectively improve the robust-
ness and generalization ability of diagnostic models in
unknown domains.

The cross domain centroid loss includes intra class
convergence constraints and cross domain consistency,
where the intra class convergence constraint formula is
as follows.

Licc = 1
B∑

B

j = 1
‖f norm

j - ctr j‖2
2 (5)

where B is the batch size; ‖·‖2 denotes the Euclidean
norm; fj denotes the feature representation of the j-th

sample; f norm
j =

fj
‖fj‖2 + ε is the normalization process

here (ε = 1 × 10-6) f j; ctr j is the center of the category
to which f j belongs; and ctr is updated with the increase
of training steps using the exponential sliding average
(EMA) as follows.

ctrt +1 = mctrt + (1 - m)(∑
B

j = 1
f n
j( t +1)) / B (6)

where, ctrt is the center on the t training step moment,
initialize ‖c0‖2 = 0; f nj( t +1) is the input feature of the
t + 1 step, and m is the momentum. This paper sets
m = 0. 9. We first calculate the category center at this
point, and then calculate the loss based on this center,
that is, ctr j = ctrt +1 .

While the cross-domain class center loses cluster
similar data, it is also necessary to ensure the cross-do-
main alignment of similar samples. The cross-domain
consistency is defined as follows.

Lccc = 1
Ze

∑
z∈Ze

1
(C2

Sz
)∑s1 < s2

‖Azs1 - Azs2‖
2
2 (7)

where, · represents the size of the set; Ze =
z | z ∈ Z,Sz ⩾2{ } represents the effective class, that

is, the category that appears in at least two source do-
mains for the current data batch; Z represents the col-
lection of all categories; and Sz represents the collection
of valid domains of category z, that is, the collection of
source domains containing category z in the current
batch; s1,s2 ∈ Sz; C2

Sz
is the number of combinations

selected from Sz source domains; and Azs is the average
value of s samples belong to category z.

Combined with the above two, the cross domain
centroid loss is as follows.

Lcic = Licc + Lccc (8)

The following is the basic theory for class center
separation loss. The formula is the following.

Lccs = Lcic + Lsep (9)

Lsep =
∑
z1 < z2

max(0,margin - ‖ctrz1 - ctrz2‖2)
2

C2
Z

(10)

where, z1,z2 ∈ Z; ctrz1, ctrz2 are the category centers
of category z1 and z2; margin is the minimum safe dis-
tance, which is set as 0. 8.

The following contents will introduce the parame-
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ter update process of the formal training, which can be
formulated as follows.

θ′F2← θF2
- σ �θF2

Lccs + ∑
ns

s = 1
Lcs - Ld( )

θ′D← θD - σ �θD(Ld)
θ′Gs← θGs

- σ �θGs
(Lcs)

(11)

Where σ is the learning rate, �denotes the gradient
operator, F1 and F2 denote the feature extractors, D is
the domain discriminator, and each source domain s
corresponds to one classifier Gs .

In the above progress, Ld is the domain discrimi-
nation loss, Lcs is the classification loss corresponding
to the source domain s.

Ld = - 1
B∑

B

j = 1
∑
ns

ns = 1
1[dj = ns] log pdj (12)

where ns is the source domain number, and pdj is the i-
dentification result.

Lcs = - 1
Nb

s
∑
Nbs

nbs = 1
∑

Z

z = 1
1[ysnbs = z] log pcsnbs (13)

where Nb
s is the sample number in source domain s,

Z is the number of categories, and pcsnbs is the fault
prediction result.

1. 4 　 Multi-classifier ensemble method driven by
domain discriminator

　 　 In domain generalization models that only use a
single classifier, it is difficult for the classifier to con-
sider the interference caused by domain differences.
As shown in Fig. 5, this paper constructs multiple
classifiers and designs an ensemble method driven by
domain discriminators.

Fig. 5　 Multi classifier ensemble method driven by domain discriminator

　 　 During the training phase, multiple domain-spe-
cific classifiers are introduced to fit the fault feature
distributions that still contain residual domain informa-
tion, thereby enhancing each classifier’s ability to dis-
criminate fault patterns within its corresponding source
domain. During the testing phase, although the feature
extractor is expected to generate purely domain-invari-
ant fault representations, leading to an approximately
uniform output of the domain discriminator, a small a-

mount of domain-related information inevitably re-
mains. This residual information results in deviations
from the uniform distribution, which reflects the simi-
larity between the target domain and each source do-
main: source domains that are more similar to the tar-
get domain exhibit higher prediction probabilities than
the uniform value, whereas those with lower similarity
show reduced probabilities. Consequently, the ampli-
fied domain residual information is used to weight and
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fuse the predictions of multiple classifiers, effectively
suppressing negative transfer from weakly correlated
source domains and enabling the model to better fit the
fault feature distribution of the target domain.

The number of source domains is ns, without per-
forming softmax transformation, the output of the corre-
sponding exclusive domain classifier in the target do-
main is ps ∈ ℝ Z{ }ns

s = 1, and the output of the corre-
sponding domain discriminator is g∈ℝ ns, and the rel-
ative excess score of each domain is calculated first.

g′ = g - 1
Ns
∑
Ns

s = 1
gs (14)

where order g′s + > 0, s + which is more similar to the
target domain will be given higher weight to promote its
role in decision making progress. When g′s- < 0, source
domain s - which is weak similarity to the target domain
will be set a lower weight, and its role in decision-
making will be inhibited. Further, g′ calculates the
weights of each domain-specific classifier by root-soft-
max, using the following formula.

ws =
exp(sign(g′s) g′s α / temp)

∑
j
exp(sign(g′j) g′j α / temp)

(15)

where sign is the sign function, α = 0. 5 is the root ex-
ponent, temp = 1 is the temperature parameter.

After obtaining weight ws according to the above
steps, the domain-specific classifier output is weighted
and guide the classifier to use multiple source domain
knowledge for positive transfer. The output P f of the
domain discriminator is shown as Eq. (16).

P f = ∑
ns

s = 1
wsps (16)

2　 Experimental verifications

2. 1　 Introduction of datasets and experimental setup
To evaluate the effectiveness and generalization a-

bility of the proposed method, experimental verification
was conducted on two datasets as shown in Fig. 6.

Case 1: The wind power generation experimental
platform employed six fault states: broken teeth in the
bearing inner ring, root fault in the bearing inner ring,
normal operation of the bearing inner ring, broken
teeth in the bearing outer ring, root fault in the shaft
outer ring, and normal operation of the bearing outer
ring. The sampling frequency is 100 kHz, and there are

four speeds: 600 revolutions per minute (rpm) (a0),
900 rpm (a1), 1 200 rpm (a2), and 1 500 rpm (a3).
The signal is collected using accelerometer CH1 to CH4
installed at different positions on the test bench.

Case 2: For the vertical centrifugal pump experi-
mental platform, five fault states are formed by unbal-
anced weights, wire cutting processing, and adding
shims to simulate unbalanced faults, bearing inner ring
faults, bearing outer ring faults, and friction faults. Un-
der the condition of a sampling frequency of 32 768 Hz
vibration data under six operating conditions, namely
600 rpm(b0), 900 rpm(b1), 1 200 rpm(b2), 1 800
rpm(b3), 2 400 rpm(b4), and 3 000 rpm(b5), aare
collected by sensors Ha1 to Ha6 installed at different
positions.

Case 3: BJTU-RAO dataset comprises nine
operating conditions formed by different combina-
tions of rotational speeds (20 Hz / 40 Hz / 60 Hz) and
loads ( + 10 kN / 0 kN / - 10 kN). In this study, the
gearbox is selected as the research target, and nine
health states are considered, including normal condi-
tion, tooth root crack, tooth surface wear, missing
tooth, broken tooth, bearing inner-race fault, bearing
outer-race fault, bearing rolling-element fault, and
bearing cage fault. Under a sampling frequency of
64 kHz, data from six channels (CH11 - CH16) are
collected using sensors installed at different positions.

Fig. 6 Experimental platform
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The task settings are summarized in Table 1. The
comparison methods are then introduced as follows.

DCORAL (correlation alignment for deep domain
adaptation) [22] . This method uses CORAL loss and
Adam optimizer; the learning rate of the feature extrac-
tor is 0. 001 0 and the learning rate of the classifier is
0. 000 1.

MK-MMD (multi-kernal maximum mean discrep-
ency). This method is adopted for domain generaliza-
tion by employing the MK-MMD loss to align the distri-
butions of different source domains, thereby extracting
domain-invariant fault features. The method is opti-
mized using the Adam optimizer with a learning rate of
0. 000 1.

Table 1　 Generalized fault diagnosis task settings across
working condition domains

Case 1 Case 2 Case 3

Source
domain

Target
domain

Task
number

Source
domain

Target
domain

Task
number

Source
domain

Target
domain

Task
number

a0, a1 a2 A

a0, a1 a3 B
b0, b1, b2, b3 b4 M c1, c2, c3 c6 S

a0, a2 a1 C

a0, a2 a3 D
b0, b1, b2, b3 b5 N c1, c2, c3 c7 T

a0, a3 a1 E

a0, a3 a2 F
b0, b2, b3, b5 b1 O c1, c2, c3 c8 U

a1, a2 a0 G

a1, a2 a3 H
b0, b2, b3, b5 b4 P c1, c4, c7 c2 V

a1, a3 a0 I

a1, a3 a2 J
b2, b3, b4, b5 b0 Q c1, c4, c7 c5 W

a2, a3 a0 K

a2, a3 a1 L
b2, b3, b4, b5 b1 R c1, c4, c7 c8 X

　 　 IEDGNet ( intrinsic and extrisic domain generali-
zation network) [23] . This method enhances intra class
consistency and inter class separability through triple
loss and adversarial training to achieve robust fault di-
agnosis under unknown conditions. Adagrad optimizer
is used and the learning rate is 0. 001 0.

SAMIG ( sharpness-aware multidomain imbalance
generalization) [24] . This method uses a multi-stage
spatiotemporal feature aggregation module. The adver-
sarial learning and balanced entropy regularization are
introduced. Adam optimizer is used with a learning
rate is set to 0. 001 0.

CFFDL ( causal fine-grained feature decomposi-
tion and learning) [25] . This method is a domain gener-
alization approach based on causal inference. Through
a feature decomposition module driven by mutual infor-
mation, deep features are decomposed into fine-grained
factors in the channel dimension. Combined with a
causal representation learning module, it filters and ex-

tracts channels related to fault information, and in-
tegrates these channels into causal features. Optimize
using the optimizer and set the learning rate
to 0. 002 0.

All experiments were implemented under the Py-
Torch framework. The hardware environment consists
of an Intel i9-13900HX CPU and an NVIDIA RTX
4080 Laptop GPU. The proposed method adopted the
Adam optimizer with a batch size of 64. During the
pretraining stage, the initial learning rate was set to
0. 000 3 and adjusted using a warm-up and cosine dy-
namic scheduling strategy, where the number of warm-
up steps was 40 and the total number of training steps
was 400. In the formal training stage, the learning rate
was set to 0. 001 0 with 200 training steps. In addi-
tion, assuming that the input multi-channel data format
is (B, C, T), the model structure parameters of the
proposed method are shown in Table 2.
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Table 2　 The parameters of the modules used in the experiments

Module Layer Parameters Activate Output Format

Feature Extractor (Part. 1)

Conv1d Instance Norm1d (1,64,9,2,4) ReLU (B × C,64,T / 2)

Conv1d Instance Norm1d (64,128,9,2,4) ReLU (B × C,128,T / 4)

Conv1d Instance Norm1d (128,128,9,1,4,16) ReLU (B × C,128,T / 4)

HADF (4,4) — (B × T / 4,C,128)

SA (7,) — (B,C,T / 4,128)

LM — — (B,T / 4,128)

Feature Extractor (Part. 2)
Transformer Encoder (128,8,2) — (B,T / 4 + 1,128)

Transformer Cls — Layer Norm(128) (B, 128)

Projection Head
Linear (128,128) GELU (B, 128)

Linear (128,128) — (B, 128)

Domain Discrimator
Linear (128,128) — (B, 128)

Linear (128,ns) — (B,ns)

Classifiers
Linear (128,128) — (B, 128)

Linear (128, |Z | ) — (B, |Z | )

2. 2　 Experimental results and discussion
In this study, accuracy, standard deviation, and

T-SNE visualization are employed to evaluate the pro-
posed method from multiple perspectives. Additional-
ly, t-test is conducted to assess whether the perform-
ance improvement achieved by the proposed method
over the comparison methods is statistically significant,
the formula is as follows.

dbar = ∑
TASK

task = 1
(avgtask

other - avgtask
proposed) / TASK

t-test = dbar TASK

∑
TASK

task = 1
(avgtask

other - avgtask
proposed - dbar) 2

(17)

where, avgtask
other and avgtask

proposed respectively represent the
average accuracy of the comparison method and the
proposed method on task task, TASK is the total num-
ber of tasks on a certain dataset, and dbar is the aver-
age of the differences. The analysis of the experimental
results on the three datasets is presented below.

Case 4: Wind power generation dataset
The experimental results of Case 4 are shown in

Table 3, and the HAGNet method achieved the highest
accuracy in all tasks. In the low-speed to high-speed

transmission task (task B), HAGNet improved accura-
cy by 11. 77% , 2. 77% , 4. 22% , and 2. 49% com-
pared to other methods, respectively. In the high and
low speed transmission task ( task L), the accuracy
was improved by 16. 39% , 3. 28% , 2. 51% , and
3. 39% , respectively.

Fig. 7 shows the T-SNE clustering results of task
K. The proposed method exhibits the best clustering
performance, not only achieving good intra class aggre-
gation and inter class separation, but also ensuring in-
tra class alignment of cross domain samples. Among all
comparison methods, SAMIG’s performance is second
only to the proposed method. However, due to the lack
of clear constraints on cross domain intra class align-
ment, the cross domain alignment effect of certain cat-
egories is insufficient. Although IEDGNet introduces
triple loss, its constraints only apply to batch level,
which can easily lead to unstable clustering results. In
contrast, the proposed method uses a momentum up-
date mechanism to optimize class centers, which is
more conducive to aggregating global information and
stabilizing the clustering process. CFFDL may suffer
from information loss due to the omission of causal fac-
tors, resulting in excessively large intra class distances
in its clustering graph. The above analysis validates the
superiority of the proposed method in cross domain
class center alignment and separation loss.
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Table 3　 Diagnostic accuracy and standard deviation of Case 4 / %

Task number DCORAL MK-MMD SAMIG CFFDL IEDGNet HAGNet

A 98. 50 ± 0. 46 97. 78 ± 1. 33 97. 33 ± 0. 73 99. 17 ± 0. 28 98. 72 ± 0. 64 99. 89 ± 0. 15

B 87. 67 ± 1. 87 87. 28 ± 5. 91 96. 67 ± 0. 28 95. 22 ± 3. 2 96. 95 ± 1. 23 99. 94 ± 0. 13

C 99. 72 ± 0. 34 99. 67 ± 0. 36 98. 55 ± 0. 95 99. 89 ± 0. 15 100. 00 ± 0. 00 100. 00 ± 0. 00

D 94. 11 ± 4. 79 96. 56 ± 0. 64 98. 00 ± 0. 53 98. 28 ± 0. 99 99. 61 ± 0. 15 99. 89 ± 0. 25

E 99. 22 ± 0. 36 99. 66 ± 0. 23 98. 00 ± 0. 50 99. 55 ± 0. 32 100. 00 ± 0. 0 100. 00 ± 0. 00

F 98. 83 ± 0. 49 99. 39 ± 0. 3 98. 17 ± 0. 42 99. 00 ± 0. 80 99. 66 ± 0. 13 99. 83 ± 0. 15

G 93. 00 ± 0. 84 96. 22 ± 2. 07 96. 39 ± 1. 13 96. 00 ± 1. 63 98. 22 ± 0. 73 99. 55 ± 0. 46

H 95. 72 ± 2. 53 98. 34 ± 1. 09 97. 78 ± 0. 44 96. 11 ± 2. 56 99. 83 ± 0. 15 100. 00 ± 0. 00

I 94. 83 ± 1. 76 92. 72 ± 2. 65 96. 11 ± 0. 44 96. 83 ± 1. 97 99. 11 ± 0. 41 99. 66 ± 0. 23

J 99. 06 ± 0. 32 98. 83 ± 0. 66 98. 61 ± 0. 88 98. 67 ± 2. 07 99. 44 ± 0. 19 99. 83 ± 0. 25

K 81. 78 ± 2. 39 81. 50 ± 4. 85 94. 89 ± 1. 16 95. 66 ± 1. 96 94. 78 ± 0. 91 98. 17 ± 0. 73

L 95. 84 ± 1. 36 95. 78 ± 2. 20 97. 78 ± 1. 20 99. 50 ± 0. 36 99. 05 ± 0. 64 99. 78 ± 0. 36

t-test 3. 369 1 2. 916 8 10. 299 5 4. 178 8 2. 823 5 /

Fig. 7　 T-SNE clustering diagrams of each method in task K

　 　 Case 5: Vertical centrifugal pump dataset
Table 4 shows the average accuracy of different

methods in Case 5. HAGNet achieved ideal accuracy
and demonstrated significant advantages in all tasks. In
task Q, the diagnostic performance of all methods is
unsatisfactory, which may be due to a significant distri-
bution shift caused by the huge speed difference be-
tween the target domain (600 rpm) and the source do-
main (1 200 - 3 000 rpm). Furthermore, compared to
the previous dataset, the overall diagnostic accuracy of
this dataset has decreased. The proposed method shows
the smallest decrease (7. 20% ), indicating stronger

robustness on more challenging datasets.
The superior performance of the method proposed

in task O is shown in Fig. 8. Although methods such
as DCORAL, IEDGNet, and SAMIG show significant
aliasing in T-SNE visualization, their classification ac-
curacy is still relatively high. The reason for this
difference is that the 2D projection in T-SNE may not
fully reflect the true high-dimensional feature distribu-
tion. These methods can still learn discriminative in-
formation to make correct classifications near the deci-
sion boundary.
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Table 4　 Diagnostic accuracy and standard deviation of Case 5 / %

Task number CFFDL DCORAL MK-MMD IEDGNet SAMIG Proposed

M 93. 93 ± 5. 70 98. 73 ± 2. 47 99. 00 ± 1. 41 100. 00 ± 0. 00 95. 60 ± 6. 21 100. 00 ± 0. 00

N 76. 20 ± 4. 63 92. 13 ± 6. 46 90. 07 ± 5. 66 84. 93 ± 11. 36 85. 87 ± 11. 41 94. 47 ± 6. 04

O 83. 73 ± 7. 64 86. 2 ± 6. 53 84. 53 ± 3. 57 96. 6 ± 3. 18 95. 33 ± 4. 25 100. 00 ± 0. 00

P 98. 27 ± 2. 03 99. 93 ± 0. 15 100. 00 ± 0. 00 100. 00 ± 0. 00 99. 67 ± 0. 58 100. 00 ± 0. 00

Q 50. 73 ± 4. 52 40. 20 ± 2. 99 43. 20 ± 7. 92 60. 67 ± 5. 59 57. 67 ± 11. 31 62. 13 ± 1. 67

R 80. 20 ± 6. 17 84. 07 ± 5. 13 84. 73 ± 3. 95 87. 47 ± 6. 44 93. 33 ± 4. 94 98. 00 ± 3. 03

t-test 6. 061 7 3. 448 5 3. 802 3 3. 041 7 5. 984 4 /

Fig. 8　 T-SNE clustering diagrams of each method in task O

　 　 Case 6: BJTU-RAO dataset
The results are presented in Table 5 and Fig. 9.

The proposed method achieves the highest accuracy in
two out of three tasks and attains the best standard de-
viation in half of the tasks, demonstrating its superior
generalization ability and robustness. Moreover, the T-
SNE visualizations further indicate that the proposed
method still exhibits the most optimal feature space
structure. These findings suggest that, compared with
transfer strategies adopted by the baseline methods,
such as feature disentanglement, global distribution a-
lignment, adversarial learning, and triplet loss optimi-
zation, the combination of the proposed CATS loss and
the multi classifier ensemble enables finer grained a-
lignment of class level feature centers while simultane-
ously maintaining global consistency and explicitly con-
sidering the directional optimization of the feature
space.

Case 7: Ablation experiment of the HAGNet

method　
In order to verify the contribution of each compo-

nent of the proposed HADNet to the diagnostic per-
formance, an ablation experiment was carried out.
Method A1 replaces HADF with multi-channel convolu-
tion module. Method A2 replaces the weighted multi-
domain classifier with a single classifier. Method A3
removes the CATS loss to evaluate the diagnostic ability
of the model in the absence of explicit cross-domain
class condition-al alignment constraints. Method A4 re-
moves the data augmentation pretraining based on Sim-
CLR to verify the impact of the pretraining strategy on
the generalization performance of the model.

As shown in Table 6, HAGNet without module
ablation achieves the highest accuracy rate in all tasks,
verifying the rationality and effectiveness of the design
of each com-ponent. Specifically, the accuracy of
methods A1 to A4 drops significantly on the more diffi-
cult tasks N, O, Q, and R, indicating: (1) The pro-
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posed hierarchical attention mechanism can make fuller
use of multi-channel information, thereby enhancing
the cross-domain feature extraction capability; ( 2 )
Multi-classifier weighting can effectively alleviate the
adverse impact of distribution differences in different
source domains on classification decisions; (3) The
cross-domain class center alignment-separation loss
plays a key role in achieving cross-domain conditional

alignment and enhancing feature discriminability; (4)
Pretraining based on data augmentation can effectively
enhance the generalization ability and stability of fea-
ture extractors. Furthermore, the degradation of the
accuracy of Method A3 on the simple task M further
confirms the significance of the cross-domain class cen-
ter alignment separation loss in the overall improvement
of diagnostic performance.

Table 5　 Diagnostic accuracy and standard deviation of Case 6 / %

Task number CFFDL SAMIG DCORAL MK-MMD IEDGNet Proposed

S 84. 11 ± 3. 16 81. 00 ± 7. 10 89. 48 ± 2. 36 87. 19 ± 4. 77 87. 85 ± 2. 57 88. 11 ± 0. 96

T 76. 48 ± 3. 54 77. 26 ± 2. 52 86. 33 ± 3. 81 85. 33 ± 5. 34 82. 56 ± 4. 65 89. 00 ± 1. 37

U 83. 44 ± 3. 22 80. 18 ± 4. 23 84. 52 ± 2. 97 88. 07 ± 3. 06 87. 67 ± 1. 61 96. 93 ± 2. 38

V 88. 19 ± 2. 36 94. 44 ± 2. 22 91. 22 ± 3. 46 90. 33 ± 1. 72 94. 15 ± 1. 66 95. 56 ± 1. 67

W 69. 48 ± 3. 81 71. 78 ± 10. 95 70. 92 ± 2. 78 75. 93 ± 4. 29 73. 74 ± 2. 45 88. 59 ± 3. 10

X 90. 67 ± 1. 45 91. 04 ± 4. 92 92. 85 ± 2. 88 92. 07 ± 1. 83 96. 07 ± 1. 57 95. 93 ± 0. 86

t-test 6. 179 3 5. 228 0 3. 149 5 4. 818 1 3. 099 0 /

Fig. 9　 T-SNE clustering diagrams of each method in task W

　 　 To further validate the effectiveness of the multi-
classifier ensemble mechanism, we compare its per-
formance with that of a single-classifier model. As
shown in Table 6 ( columns A2 and A5), the single-
classifier model exhibits more pronounced performance
degradation under tasks with larger cross-domain dis-
crepancies. For instance, the accuracy decreases by
4. 60% and 3. 93% on tasks N and Q, respectively,
compared with the original method. This is because the

multi-classifier ensemble effectively overcomes the re-
duction in the effective capacity of a single classifier
caused by domain discrepancies. By incorporating the
residual domain information extracted by the domain
discriminator and adaptively weighting the classification
decisions based on the similarity between each source
domain and the target domain, the ensemble approach
achieves superior generalization capability.
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Table 6　 Results of ablation experiment

Task number A1 A2 A3 A4 HAGNet

M 98. 80 ± 1. 37 100. 00 ± 0. 00 92. 27 ± 9. 71 99. 87 ± 0. 18 100. 00 ± 0. 00

N 89. 53 ± 7. 55 89. 87 ± 7. 28 80. 20 ± 14. 54 80. 67 ± 1. 16 94. 47 ± 6. 04

O 93. 93 ± 4. 27 99. 67 ± 0. 34 98. 27 ± 2. 10 96. 4 ± 6. 97 100. 00 ± 0. 00

P 99. 73 ± 0. 43 100. 00 ± 0. 00 99. 07 ± 1. 46 100. 00 ± 0. 00 100. 00 ± 0. 00

Q 57. 00 ± 6. 46 58. 20 ± 7. 33 54. 93 ± 11. 07 58. 20 ± 12. 76 62. 13 ± 5. 67

R 95. 47 ± 2. 59 99. 33 ± 0. 41 93. 33 ± 8. 96 84. 60 ± 8. 45 98. 00 ± 3. 03

t-test 3. 482 9 1. 276 7 3. 065 0 2. 274 2 /

3　 Conclusions
This paper proposes a hierarchical attention

guided generalization network, termed HAGNet, for
fault diagnosis under multi-channel and domain devia-
tion scenarios. The method could effectively fuse multi-
channel data based on the hierarchical attention mech-
anism by exploiting complementary information among
different sensors and focusing on important features to
enhance the discriminability of the network. Further-
more, a cross-domain similar class center alignment
and separation loss function is designed to construct a
domain-invariant feature structure that improves gener-
alization. Finally, a domain discriminator-driven clas-
sifier integration strategy is introduced, which can
weight and fuse the information from different source
domain to suppress negative trans-fer and improve di-
agnostic accuracy. Experimental results demonstrate
that HAGNet outperforms existing mainstream methods
across various cross-domain tasks, particularly in chal-
lenging scenarios where the target domain data are
completely unavailable. Ablation experiments further
confirm the effectiveness and necessity of each core
module. In future work, we will investigate the appli-
cability of HAGNet to cross-device trans-fer diagnosis.
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