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Abstract
As a critical link in the drive system of the finishing mill, distribution boxes play a vital role in
rolling force transmission and distribution. Therefore, researching fault diagnosis for
distribution boxes is essential for ensuring the security and reliability of process operation.
However, when fault characteristics are indistinct and the fault type is unknown, traditional
diagnostic methods may fail to provide reliable diagnosis. To address these challenges, this
paper proposes a cross-domain open-set model that leverages adversarial learning to enhance
feature representations under indistinct fault characteristics, and integrates distribution-based
methods for identifying unknown faults. Considering the importance of feature representation
for adversarial learning and unknown fault identification, we build an information-exchange
feature extractor integrates depthwise separable convolution and GCN. This structure extracts
depth features and addresses the channel independence limitation of traditional depthwise
separable convolution. To identify unknown faults in distribution boxes, the saddle-point
approximation (SPA) method is employed. This method is used during training to establish a
distribution for each known class, and these distributions are utilized in testing to identify
unknown samples. Unlike traditional methods for establishing distributions, the SPA method
directly uses data without relying on predefined distribution assumptions or formulas. To verify
the superiority of the proposed method, we conducted a comparative experiment based on
historical fault data of distribution boxes. The results demonstrate that the proposed method
achieves an accuracy of 94.13% and an H-score of 91.35%, which demonstrates the superior
performance in classifying known faults and identifying unknown faults in distribution boxes.
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1. Introduction

The hot rolling flow, as shown in figure 1, typically consists
of four major stages: heating furnace, roughing mill, finish-
ing mill, and cooling. Among these, the finishing rolling pro-
cess in hot rolling plays a decisive role in determining the final
quality of the hot-rolled steel [1]. This stage involves mul-
tiple identical finishing mills, each performing nearly identical
rolling operations. Within the finishing mills, the distribution
boxes play a critical role in distributing and regulating power
in the drive system [2]. The relationship between the distri-
bution box and the finishing mill is shown in figure 2. In the
finishing mill group, the F1–F7 stands adopt a four-roll irre-
versible horizontal mill configuration arranged in a continuous
layout, and the detailed structural schematic of the finishing
mill is illustrated figure 3. However, due to heavy stress, vibra-
tions, and other adverse factors, these components are partic-
ularly susceptible to different kinds of faults [3]. Considering
the complex environment and coupled signals, fault diagnosis
becomes a challenge [4]. To minimize downtime caused by
diagnostic delays, the development of an effective fault dia-
gnosis model for distribution boxes is critical.

With advancements in data processing and computational
power, the data-driven intelligent fault diagnosis for rolling
equipment has gained increasing attention [5, 6]. For the
unique characteristics of rolling mill bearing vibration sig-
nals, Zhao et al [7] used CNN to improve diagnosis accur-
acy. Yu et al [8] incorporated multi-sensor information into
the DBN, improving diagnostic ability under limited data.
To address the challenge of data imbalance, Shi et al [9]
employed a dual attention mechanism for comprehensive fea-
ture extraction from the input. Guo et al [10] considered both
the temporal and spatial features of faults signals, constructing
a model that combines CNN and Bi-LSTM. To enhance the
capability and robustness of the diagnostic model, Peng et al
[11] integrated optimization algorithms into the deep belief
network. Considering further the fluctuations in data qual-
ity under different operating conditions, the accuracy of dia-
gnoses using low-quality data may decrease. Therefore, sev-
eral scholars have applied transfer learning methods to rolling
equipment. To overcome the difficulties caused by variable
working conditions, Li et al [12] developed a multisource
domain adversarial graph convolutional network (GCN). Hou
et al [13] used image data from multiple sensors to tackle
the challenges of variable operating conditions. These applic-
ations of intelligent methods effectively address the diagnostic
challenges in rolling equipment and achieve significant results.

Despite their promising performance, most of these meth-
ods implicitly assume that all fault types encountered during
operation are known and available during training. However,
these methods rely on the assumption that all fault types
are known; that is, all fault types are labeled. In real-world
processes, unknown faults will inevitably emerge over time,
but the model may fail to identify these new faults without
labels [14]. Like distribution boxes, common faults such as
gear surface cracks and gear tooth spalling are likely to
occur and be labeled, while flat-headed sleeve tooth cracks
are rare. Although such rare faults occur infrequently, they

Figure 1. Overview of the hot rolling flow.

typically belong to low-frequency but high-risk failure modes
that are difficult to collect and label in advance. When the
model is applied for diagnosis, it may mistakenly classify
such unknown faults as known fault types. Therefore, the cap-
ability to identify unknown fault samples that deviate from
known fault categories is essential for preventing confident
misclassification and enabling timely maintenance interven-
tion. Recently, open-set diagnostic approaches have attracted
significant attention in fault diagnosis field [15]. Open-set dia-
gnosis refers to methods that can classify known faults and
identify unknown ones [16]. Some studies have been con-
ducted on this topic. Razavi-Far et al [17] developed a fault
detection and classification model to detect new faults without
requiring updates. Based on subspace learning, Tian et al [18]
proposed a diagnosis model with self-adaptive capability for
open-set. In Peng et al [19], negative out-of-distribution data
are generated using the Soft BrownianOffset samplingmethod
to simulate previously unknown faults. Jung [20] combined
Weibull-calibrated one-class support vectormachines to estab-
lish fault classes for identifying unknown faults. Zhang et al
[21] employed a novel k-means feature clustering algorithm
to distinguish unknown faults based on feature distance.
These studies have demonstrated the effectiveness of open-
set fault diagnosis in overcoming the challenges posed by
unknown faults and overcoming the limitations of traditional
methods.

Building on these observations, recent studies have begun
to explore open-set fault diagnosis methods that can handle
unknown faults. However, in practical rolling processes, these
challenges are often coupled with varying working conditions,
making the integration of open-set techniques with domain
adaptation particularly necessary. During the rolling process,
improper sensor installation and environmental noise may
obscure fault-related components in the acquired signals, lead-
ing to a reduced signal-to-noise ratio and weakened fault char-
acteristic features, which ultimately degrades the data qual-
ity. Additionally, unknown faults may occur, as illustrated
in figure 4. To address these challenges, integrating open-
set methods into domain adversarial neural network (DANN)
present a promising solution [22]. This method can effectively
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Figure 2. Arrangement of the distribution box within the finishing mill group.

Figure 3. Finishing mill structure.

Figure 4. Fault data scenario of rolling mill group.

address scenarios involving indistinct fault characteristics as
well as unknown faults under different working conditions.
The advantages of this method, compared to direct diagnosis
methods and standard DANN, are shown in figure 5. And
some scholars have focused on researching this method. For
instance, Wang et al [23] proposed a method that combines
weighted domain adaptation with dual classifiers to recognize
unknown faults. Zhu et al [24] built multiple complementary
classifiers to identify both known and unknown fault categor-
ies in the target domain. Zhao and Shen [25] developed an out-
lier detection module within the domain network to classify
both known and unknown faults. Chen et al [26] introduced a
weighted learning strategy to adaptively differentiate between
samples from known and unknown classes. Further improv-
ing the interpretability of the model, some scholars use data

for distribution modeling to identify and eliminate unknown
faults. Zhang et al [27] modeled distributions using statistical
extreme value theory to identify unknown faults. Wang et al
[28] based on the Mahalanobis distance to model distribu-
tions for unknown classes to distinguish unknown faults. Yu
et al [29] combinedDANNwithWeibull distribution for cross-
domain open-set fault diagnosis. Zhang et al [30] improved the
OpenMax function for open-set recognition. Gao et al [31]
based the source domain of DANN to establish distributions
for open-set sample recognition. However, these methods rely
on predefined distribution function formulas to establish dis-
tributions. The straightforward use of these formulas gener-
ally depends on parameter estimates, which may not capture
the intricate distribution characteristics of the data accurately,
especially in the tail regions or for complex distributions. This
inaccuracy in establishing distributions ultimately impairs the
identification of unknown faults.

For this motivation, this research proposes a model
that combines DANN with saddle-point approximation
(SPA) to address the above-mentioned problem. We have
developed a new feature extractor within the DANN frame-
work to obtain more effective feature representations of the
input data. During the training phase, the SPA method is
employed to model the distribution of each class, while
in the testing phase, the distribution is used to assess
whether a sample is unknown. Furthermore, we introduce
an adaptive threshold method to overcome the limitations of
traditional hard thresholds, which rely on domain knowledge
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Figure 5. Traditional diagnosis model and the proposed model.

and expert experience. The proposed method is evaluated
with historical fault data from the distribution boxes, and
the results demonstrate its effectiveness in engineering
applications.

The main contributions of this research are as follows.
(1) Considering that data collected from distribution boxes

in finishing mills may exhibit weak fault characteristics and
that certain fault types are unavailable during training, this
study develops a cross-domain open-set fault diagnosis model
to enhance diagnostic reliability under realistic industrial
conditions.

(2) To improve feature representation under such challen-
ging conditions, a novel feature extractor is designed by integ-
rating depthwise separable convolution with graph neural net-
works. This structure not only extracts local depth features
but also enables effective information exchange among chan-
nels, alleviating the limitation of channel independence in tra-
ditional depthwise separable convolution.

(3) To identify unknown fault samples without relying
on predefined distribution assumptions, the proposed model
incorporates the SPA method to construct class-wise fea-
ture distributions directly from data. Furthermore, an adapt-
ive threshold strategy is introduced to account for distribution
differences among fault classes, improving the robustness of
unknown fault identification.

The rest content is organized as follows: section 2 reviews
related work. Section 3 describes the proposed model.
Section 4 presents the experimental results, and section 5 con-
cludes the research.

2. Preparations

2.1. Problem definition

Considering different working conditions and open-set scen-
arios in engineering applications, data with clear fault char-
acteristics are used as the source domain, while data exhib-
iting weak or indistinct fault characteristics and unknown
faults are treated as the target domain. Both the source and
target domains data are collected from different distribu-
tion boxes within the same group. The source domain con-
tains K labeled classes, and the target domain has K + 1
classes, adding one unlabeled class to the labeled ones. The
source data S= {(x1,y1) ,(x2,y2) , . . . ,(xns ,yns)} consist of ns
labeled samples used for training, while the target dataset
T= {x1, x2, . . . ,xnt ,xunknown} consist of nt unlabeled samples
and additional class of unknown samples used for testing. The
domain label of source samples is 1 and the domain label of
each target samples is 0. The capability evaluation of the pro-
posed method is to accurately classify the K known classes to
their corresponding classes and identify the unknown samples
as belonging to the K + 1 classes.

2.2. DANN

The DANN typically consists of a feature extractor Gf, a
label classifier Gl and a domain classifier Gd. The feature
extractor Gf extracts deep features from the input data [32].
The label classifier Gl classifies the input data in the source
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domain during training. The domain discriminatorGd predicts
whether a given feature belongs to the source or target domain
[33]. Additionally, a gradient reversal layer (GRL) is placed
between the feature extractor and domain classifier during
training. This layer flips the gradients during backpropagation,
encouraging the feature extractor to learn domain-invariant
features that are similar across the source and target domains.

The training process of DANN mainly involves optimizing
both the label classifierGl and the domain classifierGd. TheGl

is trained to classify the source domain categories, while the
Gd aims to differentiate between features from the source and
target domains. Finally, a feedback mechanism is used to bal-
ance domain alignment and classification. Below, we define
the relevant parameters and losses used in the optimization
process,

E(θf,θl,θd) =
∑

i=1,...,N;di=0

Lil (θf,θl)−λ
∑

i=1,...,N

Lid (θf,θd),

(1)
where θf, θy, θd are the parameters of the feature extractor Gf

(·; θf), label classifier Gl (·; θl), and domain classifier Gd (·;
θd), respectively. Ll (·, ·) represents the loss of label classifier,
and Ld (·, ·) denotes the loss of the domain classifier, with xil
and xid being the corresponding losses for the ith sample. The
trade-off parameter λ controls the contribution of the domain
predictor’s loss in the overall loss function.

In DANN, an adversarial training mechanism is applied
to optimize equation (1). Specifically, a GRL is embedded
into the network to facilitate domain-invariant learning. As
a result, the parameters of the DANN are updated using
stochastic gradient descent during backpropagation. The para-
meter updates are defined as follows:(

θ̂f, θ̂y

)
= argmin

θf,θl

E
(
θf,θl, θ̂d

)
, (2)

(
θ̂d

)
= argmax

θd

E
(
θ̂f, θ̂l,θd

)
. (3)

2.3. SPA method

The SPA is a specific application of the mathematical saddle-
point technique in statistics [34]. By utilizing the cumulant-
generating function (CGF), the SPAmethod provides a precise
approximation of the probability density function (PDF) for
input random variables. This approach is effective in scenarios
where the distributions of the random variables are unknown.

CGF refers to the natural logarithm of the moment-
generating function (MGF) of a random variable [35]. This
function is used to describe the cumulant characteristics of the
random variable. The CGF can be expressed as:

KXi (t) = ln [MXi (t)] . (4)

For a random variable X, the MGF is defined as:

MXi (t) =
ˆ +∞

−∞
exp(txi) fXi (xi)dxi, (5)

where X refers to a random variable, and x denotes an instance
of X. For a vector X containing random variables [X1, X2, …,
Xn] T. its observed counterpart is expressed as x = [x1, x2, …,
xn] T.

When the distribution type is known, the CGF of a random
variable can be obtained by the CGF formula of the corres-
ponding distribution. Additionally, the properties of the CGF
are described by follows formula:

KY1 (s) =
n∑

j=1

KXj (ajs)+ γs if Y1 =
n∑

j=1

aξ jXj+ γ, (6)

where X1, … Xi, …, Xn denote independent random variables,
with their CGFs represented as KX1(t), …KXi(t), …, KXn(s).
The function Y = g(X) is approximated using a first-order
Taylor series expansion, given as:

Y= g(x∗)+
n∑

j=1

∂g
∂Xj

∣∣∣∣
X=x∗

(Xj− xj
∗) , (7)

where x
∗
= [x1

∗
, …, xi

∗
, …, xn

∗
] and the expansion point xi

∗

takes a value within the defined domain of X. The mean µi
and the mode xip are used to evaluate the expansion function.
Using equation (6) the CGF of Y is derived and expressed as
follows:

KY (t) = KX

{[
g
(
x*
)
−

n∑
i=1

∂g
∂Xi

∣∣∣∣
X=x*

x∗i

]
+

n∑
i=1

∂g
∂Xi

∣∣∣∣
X=x*

Xi

}
.

(8)

Considering the distributions type of a random variable is
unknown, the CGF cannot be counted by equations (4) and (5)
directly [36]. Therefore, the power expansion method is
employed to estimate the CGFs of several distributions [37].
This method can be expressed as:

K̃Y (s) =
∞∑
t=ι

κι
sι

ι!
, (9)

in which κι (ι= 1, 2, …) represents the ιth cumulant of Y, and
the first four cumulants of the random variables in equation (9)
are determined as follows:

κ1 = µ ′
1 = E(Y)

κ2 = µ ′
2 −µ ′

1
2
= E(Y−E(Y) )2

κ3 = µ ′
3 − 3µ ′µ ′

2 +µ ′
1
3
= E(Y−E(Y) )3

κ4 = µ ′
4 − 4µ ′µ ′

3 − 3µ ′
2
2
+ 12µ ′

1
2
µ ′

2 − 6µ ′
1
4

= E(Y−E(Y) )4 − 3(κ2)
2

,

(10)

where µ′
ι(ι = 1,2,3,4) represents the first four central

moments, and Е denotes the mathematical expectation [38].
Subsequently, the SPA is subsequently employed to describe
the distribution by the following function:

fY (y) =

{
1

2πK ′ ′
Y (s)

}1/ 2

exp [KY (s)− sy] . (11)
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Here, K ′
Y(·) and K ′ ′

Y (·) represent the first- and second-order
derivatives of the CGF, respectively. Specifically, the saddle
point s is obtained as the real root of the following equation:

K ′
Y (s) = y. (12)

Using equation (12), the saddle point is determined as follows:

κ̃1s
0 +

1
1!
κ2s

1 +
1
2!
κ3s

2 +
1
3!
κ4s

3 = 0, (13)

in which κ̃1 = κ1 − y. Then, introducing Cardano’s method to
obtain a reasonable saddle point. This method is applied to
depressed cubic t3 + pt + q = 0. To eliminate the s2 term in
equation (13), the substitution formula is applied as follows:

s= x− κ2

3κ3
. (14)

Substituting equation (14) into equation (13) yields the stand-
ard form of p and q.

p=
3κ3κ1 −κ2

2

3κ2
3

, q=
2κ3

2 − 9κ3κ2κ1 + 27κ2
3κ0

27κ3
3

. (15)

The Final, using Cardano’s method to obtain the saddle-point
s. The formula as follow:

s=
3

√
−q
2
+

√(q
2

)2
+
(p
3

)3
+

3

√
−q
2
−
√(q

2

)2
+
(p
3

)3
.

(16)

3. Fault diagnosis model for distribution boxes

This model is designed to address the cross-domain and open-
set challenges associated with the distribution boxes of the
rolling group. The DANN model introduced as the found-
ational framework to address the fault diagnosis challenges
across different operational domains. Additionally, the SPA
method is integrated to tackle potential open-set faults in
unknown scenarios.

3.1. Feature extractor for enhanced channel information
exchange

Depthwise separable convolution produces more compact
and discriminative feature representations compared to tradi-
tional convolutional methods [39]. Consequently, incorporat-
ing depthwise separable convolution as the feature extractor
enhances both domain alignment and classification perform-
ance within DANN. Additionally, the compact and discrim-
inative representations can improve the accuracy of model-
ing distributions. However, depthwise convolution processes
each channel separately, which limits the exchange of spa-
tial information between channels. To address the limitation,
a GCN is integrated to enhance inter-channel dependencies
[40]. GCN enables weighted integration of information across
the channels in depthwise separable convolution and replaces

the traditional approach of direct concatenation. The proposed
feature extractor is shown in figure 6.

Unlike traditional convolution, depthwise separable convo-
lution has two steps. The first is a depthwise convolution that
processes each input channel independently. The second is a
point convolution using 1× 1 windows for feature fusion [41].
The corresponding representation is as follows:

Yh,ω,c =

Kh−1∑
kh=0

Kω∑
kω=0

Xh+kh,ω+kω,c ·W(d)
kh,kω,c, (17)

where W(d) ∈ RKh×Kω×C is the convolutional kernel of the
depthwise convolution, with Kh and Kω denoting the height
and width of the convolutional kernel, respectively. A point
convolution is then used to fuse the output of the depthwise
convolution. The representation of the point convolution is as
follows:

Zh,ω,k =
C−1∑
c=0

Yh,ω,c ·W(p)
c,k , (18)

whereW(p) ∈ RC×K represents the convolutional kernel of the
point convolution, and K is number of output channels from
the depthwise convolution.

To enhance inter-channel dependencies, the feature matrix
is combined with the weight matrix of the GCN. The formula
can be expressed as:

HGCN = Â ·Hconv ·WGCN, (19)

where Hconv ∈ RN×C is the output feature matrix of convolu-
tion process, Â ∈ RN×N is the adjacency matrix, and WGCN is
the weight of GCN.

3.2. SPA in open-set fault identification

Deep feature representations often exhibit complex and
unstable distributions, especially under cross-domain condi-
tions, which makes direct distribution modeling challenging.
To address this issue, the proposed method constructs class-
wise distributions based on the distance between each sample
and its corresponding class center, rather than directly model-
ing the high-dimensional features. During training, data from
the source domain are used to establish the distributions for
each known class, which are subsequently employed to dia-
gnose unknown faults in the target domain. The process of
establishing a distribution for a class is shown in figure 7,
with a detailed description of the distribution establishment
provided below.

The f Ci denote the feature representation of a source sample,
where i represents the ith sample, and c represents the cth class.
Let si = f ci represent the ith sample from class c. Each class is
represented by the mean feature mc, calculated as the average
of the feature representations of training samples from class c:

mc =mean(si) . (20)
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Figure 6. Structure of feature extractor.

Figure 7. Saddle-point approximation for distribution.

The distance from each sample to its corresponding class mean
mc is calculated as follows:

dci = ∥si−mc∥ . (21)

Due to the uncertainty in the source domain data distribution,
estimating it directly using the PDF formula may be inaccur-
ate. Thus, an approximate CGF is constructed to aid in deriv-
ing the PDF. For each class c, the cumulative amount is calcu-
lated as follows:

κ
(1)
c = 1

nc

nc∑
i=1

dci

κ
(2)
c = 1

nc

nc∑
i=1

(
dci −κ

(1)
c

)2

κ
(3)
c = 1

nc

nc∑
i=1

(
dci −κ

(1)
c

)3

κ
(4)
c = 1

nc

nc∑
i=1

(
dci −κ

(1)
c

)4

, (22)

where nc is the number of samples in class c. The CGF Kc(t)
for class c can is expressed as follow:

Kc (t)≈
4∑

i=1

κ(i)
c
ti

i!
, (23)

where κ
(i)
c donates the cumulative amount obtained through

sample estimation.
Then, the PDF of each class can be estimated based on the

approximate CGF and SPAmethods without needing a known
PDF. The saddle-point is calculated as follows:

∂Kc (t)
∂t

= 0, (24)

and PDF of class c is approximated by saddle-point method,
as shown in the following formula:

pc ( f)≈ exp(Kc (sc))

/√
∂2Kc (sc)

∂t2
. (25)

With SPA, the distributions for each class in training phase is
estimated. In the testing phase, the distance from each sample
to mc is then used to identify unknown samples.

3.3. Adaptive threshold set for distribution

After the distribution is established during the training process,
thresholds are required to make decisions on the test samples.
Considering that different classes exhibit varied data distribu-
tions, employing a fixed threshold for all lacks adaptability.
To overcome this limitation, an adaptive threshold mechan-
ism utilizing a set of candidate thresholds is introduced. This
mechanism generates candidate thresholds in small step sizes,
facilitating a precise search for the optimal value within the
potential range for each class. The adaptive threshold approach
assigns a unique threshold to each class, enabling more accur-
ate identification of unknown samples.

First, define a set of adaptive thresholds {Ωc} for each cat-
egory c, and the set is defined as follow:

{Ωc} = [. . . ,εc− 2γ,εc− γ,εc,εc+ γ,εc+ 2γ, . . .] , (26)

where εc denotes the initial distance reference for category c,
and γ controls the interval of the candidate thresholds, result-
ing in a finite discrete candidate set.
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Figure 8. The structure of the fault diagnosis model.

During each training epoch, the classification effective-
ness is evaluated using the H-value for each threshold set
{Ωc}. Specifically, after the forward pass of the current epoch,
sample-to-center distances are computed and corresponding
classification decisions are obtained under each candidate
threshold. The H-value is then calculated for each candid-
ate threshold based on these decisions. The threshold that
produces the highest H-value is then chosen as the optimal
threshold, the {Ωc} selection is present as follow:

{Ω∗
c}= arg max

Ω∈{Ωc}
H-value({Ωc}) . (27)

The selected optimal threshold {Ω∗
c} is updated at each train-

ing epoch and fixed after training for the inference stage.
The adaptive threshold search is limited to the training

phase and conducted over a small discrete candidate set in a
low-dimensional statistical space, resulting in minimal addi-
tional computational cost while providing enhanced robust-
ness in practical engineering applications.

3.4. The fault diagnosis process of the distribution boxes in
rolling mill group

Themodel employs adversarial learning to address the issue of
data exhibiting indistinct fault characteristics data. Within the
open-set method, the workflow of proposed model is divided
into training and testing phases to illustrate how the SPA
method identifies unknown samples, as shown in figure 8.

The main workflow of proposed model is presented in
algorithm 1. The model primarily consists of a feature
extractor for representation learning and a label classifier to
perform classification. Additionally, the identification of open-
set is divided into training phase and testing phase. Detailed
steps are provided in algorithms 2 and 3.

During the training process, the SPAmethod is employed to
establish the distributions for each known class, which facil-
itates the identification of unknown faults. The algorithm is
detailed as follows.

During testing, the distribution established in the training
process is utilized to identify unknown faults. Additionally, an

Algorithm 1. Overview of proposed model.

Initialize network parameters
Construct a grid of candidate hyperparameter values
Forward-propagation:
Input: Source data S and target data T.
1) Feed the source data and target data into feature extractor Gf

to obtain source samples features Gf(x
S
i ) and target samples

features Gf(x
T
i );

2) Feed the Gf(x
S
i ) and Gf(x

T
i ) into label classifier Gl and

domain classifier Gd simultaneously;
3) Feed Gf(x

S
i ) into label classifier Gl to obtain label

classification ŷSi = Gf(x
S
i ) and compute the cross-entropy loss

Lclass between ŷ
S
i and y

S
i ;

4) Apply gradient reversal on Gf(x
S
i ) and Gf(x

T
i ) using gradient

reversal layer (GRL) with weight λ
5) Feed Gf(x

S
i ) and Gf(x

T
i ) into the domain classifier Gd to

predict domain labels di (0 for source, 1 for target);
6) Utilize the SPA method to estimate distribution for open-set

recognition. Training step and testing step are provided in
algorithms 2 and 3.

7) Compute the domain classification loss Ldomain for di;
8) Compute the total loss L = Lclass + λ · Ldomain;
9) Update Gl, Gl and Gd by backpropagating the total loss L

using Adam optimizer;
Output: The proposed model.
Select the model with the highest accuracy under hyperparameter
values.

adaptive thresholdmethod is incorporated to enhance accuracy
when identifying these faults.

4. Experimental analysis of fault diagnosis model

4.1. Dataset acquisition

The finishing rolling process consists of seven finishing mills
(F1–F7), each equipped with a distribution box, so there are
seven distribution boxes (D1–D7) in total in the finishing mill
group. Faults in distribution boxes lead to abnormal vibration,
so vibration acceleration sensors are selected for fault signals

8
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Algorithm 2. SPA method for open-set recognition (training).

Input: source samples feature Gf(x
S
i ) from feature extractor Gf;

1) Let si = f ci represent the ith sample from class c;
2) Compute class mean features for each class,

mc =mean(si);
3) Compute each sample distance to mc, d c

i = ∥si−mc∥;
4) Construct approximate CGF for each class,

Kc(t)≈
4∑

i=1
κ
(i)
c ti

/
i!;

5) Calculate saddle-point by ∂Kc(t)/∂t= 0;
6) Model the PDF of class c by SPA,

pc( f)≈ exp(Kc(sc))

/√
∂2Kc(sc)

/
∂t2;

Output: PDF of each class.

Algorithm 3. SPA method for open-set recognition (testing).

Input: target samples feature Gf(x
T
i ) from feature extractor Gf;

per-class mean features mc, distribution parameters (τ c, κc, λc),
candidate threshold set […, ε-2γ, ε-γ, ε, ε + γ, ε + 2γ, …].

1) For each sample, compute the distance dT,ci =
∥∥∥sT,ci −mc

∥∥∥;
2) Compute the CDF of dT,ci ,

γc(d
T,c
i ) = 1− exp(−

∥∥∥dT,ci − τc

∥∥∥/λc)
κc

3) for {Ωc} = […, εc-2γ, εc-γ, εc, εc + γ, εc + 2γ, …] do
1) Compute the H-score under {Ωc}
2) Update the {Ω∗

c } under the highest H-score,
{Ω∗

c }= arg max
Ω∈{Ωc}

H-score({Ωc})

end for
Output: unknown sample; if γc(d

T,c
i )> {Ω∗

c } for any class c.

collection. When abnormal vibrations occur, this phase data
will be analyzed for fault diagnosis. However, data exhibiting
indistinct fault characteristics reduce the diagnostic accuracy
for distribution box D6. To diagnose faults in distribution box
D6, high-quality data from distribution box D1 are used as
the source domain, while data from distribution box D6 are
used as the target domain. Additionally, to evaluate the robust-
ness of the proposed model, data from distribution box D6 are
collected under three working conditions, each corresponding
to the production of a different type of steel. These working
conditions result in variations in operating parameters such as
load and speed, while the fault categories remain unchanged.
Reviewing faults historical, four common faults shared by
Distribution Box D1 and Distribution Box D6 were selected,
and one rare fault from Distribution Box D6 was designated as
the unknown fault. The common faults are lubricant leakage,
gear surface cracks, pitting on the tooth flank, and spalling on
the gear tooth surface, while the rare fault is flat-headed sleeve
tooth cracks. The appearances of these five faults are shown in
figure 9.

The rotating components within the distribution box gen-
erate periodic mechanical vibration pulses during opera-
tion. These vibration signals can be effectively captured
by accelerometer-based vibration sensors. Typically, triaxial

accelerometers are mounted on the casing to collect opera-
tional data. The installation location of the sensor is illustrated
in figure 10.

Before training the model, the data is preprocessed and
organized to ensure learning efficiency and accuracy. The seg-
mentation results shown in table 1, where the sample length
is set to 512 points based on the 1250 Hz sensor frequency
and approximate 600 rpm roller speed. The data from dis-
tribution box D1 serves as the source domain data, while
data from distribution box D6 is used as the target domain
data. Additionally, to enhance the reliability of performance
evaluations beyond a static split, random cross-validation is
employed. In the experimental section, the proposed model
and each comparative model undergo five iterations, with the
results reported as the best outcome across these runs.

To visualize the fault signals, the first 16 000 data points are
plotted in a time domain waveform at a response frequency of
1250 Hz. The waveforms are shown in figure 11.

4.2. Evaluation index

To evaluate the diagnostic performance of the proposedmodel,
three evaluation protocols are introduced. Diagnosis capability
of known fault and unknown fault described as: Accknown =

Ms
Ns

Accunknown =
Mu
Nu

, (28)

whereMs is the number of known-class samples, and Ns is the
total number of samples in all known classes. Similarly, Mu

denotes the number of unknown class samples, and Nu repres-
ents the total number of samples in all unknown classes.

To evaluate the capability of model in distinguishing
unknown faults, the H-score index is introduced [37], defined
as:

H-score= 2 · Accknown ·Accunknown
Accknown +Accunknown

. (29)

Finally, overall accuracy is employed to measure the compre-
hensive fault diagnosis capability of model, calculated as fol-
lows:

accuracy=
Ms+Mu

Ns+Nu
. (30)

4.3. Results comparison

To confirm the practical performance of the proposed model
in engineering, three different working condition signals are
used in the experiment. The experiments are conducted on a
computer equipped with an Intel Core i7-9750H processor,
an Nvidia GeForce GTX 1660 Ti graphics card, and 16 GB
of memory. The model is developed using Python 3.7 and
PyTorch. The relevant hyperparameters are selected through
a grid search, and the details are provided in table 2.

The testing history for the target domain (distribution box
D6) is shown in figure 12. Due to the nature of adversarial

9
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Figure 9. Appearance of the faults.

Figure 10. Vibration acceleration sensor installation location.

learning and the influence of open-set conditions, the accur-
acy during the learning process exhibits fluctuations. But after
125 epochs, the testing accuracy for all three working condi-
tions relatively stabilizes and consistently surpasses 90%. The
final accuracies of three conditions are 91.30%, 95.03% and
96.07% respectively.

To further verify the advantages of the proposed model in
feature extractor and unknown fault identification, an ablation
experiment is conducted to assess the contribution of each
component. Several related open-set methods are introduced
for comparison to assess the effectiveness of the proposed
model. The comparison includes the OpenMax approach

10
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Table 1. Segmentation of fault samples.

Fault type Sample length

Source domain(D1) Target domain(D6)

Training/testing Training Testing

Lubricant leakage 512 ∗ 1 225/97 225 97
Gear surface crack 512 ∗ 1 225/97 225 97
Pitting of tooth flank 512 ∗ 1 225/97 225 97
Gear tooth surface spalling 512 ∗ 1 225/97 225 97
Flat−headed sleeve tooth crack 512 ∗ 1 0/0 0 97

Figure 11. Waveform of the fault signals in the time domain.

Table 2. Values of hyperparameters.

Hyperparameters Values Description

Epoch 150 Number of training epochs
Batch size 64 Number of samples per batch
Learning rate 0.0001 Initial learning rate for optimizer
Optimizer Adam Optimization algorithm
Gamma 0.1 Learning rate decay factor
Decay step size 25 Step size for learning rate decay
Weight decay 0.0001 L2 regularization factor to prevent overfitting
Candidate thresholds 0.01 Interval of the candidate thresholds

[42], the EVT-based Weibull distribution method [23], and
improved OpenMax approach [23]. Both method [42] and
method [30] combine Softmax values with a Weibull distri-
bution when handling open-set samples. In contrast, method
[23] and the proposed approach directly use the source data
distribution to distinguish open-set samples. In addition, the
feature extractor in DANN plays a crucial role in addressing
cross-domain and open-set challenges. We also introduce the
depthwise separable CNN-BiLSTM method [5], Depthwise

separable convolution model [43] and Standard DANN net-
work model [44] for comparison to assess the performance of
the proposed feature extractor. The details of the models for
comparison are presented in table 3.

The performance comparison of fault diagnosis models is
shown in table 4. By comparing accuracy andH-score, the pro-
posed model has better diagnostic performance. For a detailed
analysis, the results from condition 1, which show the poorest
performance, are selected for visualization.

11
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Figure 12. Training history of target domain (Distribution Box D6).

Table 3. Comparison methods information.

Model Feature extractor Unknown fault identification

M1 Proposed feature extractor OpenMax [42]
M2 Proposed feature extractor EVT [23]
M3 Proposed feature extractor Improved OpenMax [30]
M4 Depthwise separable convolution with Bi-LSTM [5] SPA method with adaptive threshold
M5 Depthwise separable convolution [43] SPA method with adaptive threshold
M6 Domain-Adversarial Neural Networks [44] SPA method with adaptive threshold
Proposed Depthwise separable convolution with GCN SPA method with adaptive threshold

Table 4. Comparison results of different methods.

Model

Evaluation index for different working condition of distribution box D6

Condition 1 Condition 2 Condition 3 Average

Accuracy H-score Accuracy H-score Accuracy H-score Accuracy H-score

M1 88.20% 86.43% 94.00% 92.31% 92.75% 85.90% 91.65% 88.21%
M2 84.06% 68.41% 91.72% 85.90% 94.20% 92.84% 89.99% 82.38%
M3 90.06% 81.28% 94.82% 93.63% 95.24% 95.09% 93.37% 90.00%
M4 68.53% 75.39% 85.09% 80.07% 80.33% 79.97% 77.98% 78.48%
M5 90.89% 88.33% 94.20% 92.42% 95.45% 94.42% 93.51% 91.72%
M6 85.30% 84.22% 89.13% 90.12% 89.88% 87.66% 88.10% 87.33%
Proposed 91.30% 89.01% 95.03% 91.10% 96.07% 93.94% 94.13% 91.35%

The confusion matrices of all models under condition 1
are presented in figure 13. From figures 13(a)–(g), it can be
observed that the classification of faults within the known
classes is generally accurate. However, there is a signific-
ant difference in classification performance between known
and unknown classes. The results in figures 13(a)–(c), (f) and
figure 13(g) are relatively similar, as the same unknown class
samples are frequently misclassified into known classes. In
contrast, figures 13(d) and (e) show notable differences, where
many known class samples are misclassified into the unknown
class. According to the results, the proposed feature extrac-
tion module demonstrates superior performance in extracting
features.

Combined with table 4 and figures 13(a)–(c), (f) and 13(g)
for a further analysis, the proposed model demonstrates a
balanced capability in distinguishing known classes from
unknown classes. And it achieves good classification perform-
ance within known classes. The key difference among the four
models are their modules for handling the open-set scenario.
Therefore, the proposed module for handling open-set scen-
arios demonstrates superior performance in addressing this
challenge.

Apart from evaluating diagnostic accuracy, the feature rep-
resentations of different models are analyzed by visualiza-
tion techniques to provide an intuitive understanding. The t-
distributed stochastic neighbor embedding (t-SNE) method
is employed to explore high-dimensional data representa-
tions by mapping deep features onto a 2D feature space.
In the low-dimensional space, the feature extracted can be
observe intuitively. Condition 1 data is used for analysis, and
the feature representations extracted by the feature extractor
are shown in figure 14. For M4 and M6, overlap between
known samples and unknown samples is observed, lead-
ing to higher misclassification rates. In comparison, for M1-
3, M5 and Proposed model, the clustering effect of known
classes is weaker than in previous models. However, the
larger inter-class margin allows the classifier to establish
clearer classification boundaries, enhancing the distinction
between known classes. These results demonstrate that the
proposed model effectively separates the features of each
class.

To evaluate the effectiveness of the saddlepoint approx-
imation, we visualize the feature distribution of the source
domain data. As illustrated in figure 15, the red curve
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Figure 13. Confusion matrixes of different methods.

denotes the distribution modeled by the saddle point
approximation.

Furthermore, to assess the computational efficiency of vari-
ous methods in practical applications, the training time is
measured as the time required to train a deep model for
150 epochs. The testing time is defined as the time required
to predict all test samples during the final epoch. The visualiz-
ation results are shown in figure 16. Considering that faults in
the distribution box leads to downtime and economic losses, a
slight increase in training of model is justified.

5. Conclusions

To address the issues of data exhibiting indistinct fault charac-
teristics and unknown faults in distribution boxes of finishing
mill, this paper proposes a cross-domain open-set fault dia-
gnosis model. The model employs DANN as the basic frame-
work and incorporates open-set method. To verify the effect-
iveness of the proposed model, experiments are conducted on
historical fault data from distribution boxes. The results show
that the proposed method can be applied in engineering.
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Figure 14. t-SNE visualization results.

The main contributions of the proposed model lie in the
design of the feature extractor andmethod to identify unknown
faults. In DANN, a feature extractor integrates depthwise
separable convolution with GCN is proposed. This structure
overcomes the channel independence inherent in traditional
depthwise separable convolution. To identify unknown faults,
the SPA method is employed to establish the distributions.
Unlike traditional methods, the SPAmethod establishes distri-
butions directly from the data, without relying on distribution
assumptions and distribution formulas.

To evaluate the performance of the proposed model, we
compared the proposed model with several existing dia-
gnostic models. The results show that the proposed feature
extractor performs better at features extracting. Feature qual-
ity affects both adversarial learning and the establishment of

distributions. Additionally, the SPA method achieves higher
accuracy in establishing distributions for identifying unknown
faults. The comparison results indicate that the proposed
model achieves the highest average accuracy (94.13%) and the
highest averageH-score (91.35%). Even under the worst data-
quality conditions, the accuracy and H-score remain close to
90%, reaching 91.30% and 89.01%, respectively. This demon-
strates that the proposed model can maintain reliable dia-
gnostic performance even when the fault data has weak fault
characteristics.

However, compound faults may occur in the distribution
box, and it remains unknown whether the signals show iden-
tifiable sub-fault features. Future research will focus on clas-
sifying these compound faults as known sub-faults rather than
mistakenly treating them as new faults.
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Figure 15. Distribution visualization results.

Figure 16. Comparison of the training time and testing time.
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