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A B S T R A C T

With the complexity and intelligence of the industrial process, the identification of faults in the actual
process plays a crucial role in ensuring production safety. The traditional fault identification strategies
have the problem that similar characterized faults are unable to be accurately identified. Motivated by
the limitations, a novel sample-optimized adaptive perceptual enhanced graph neural network (SOAP-
EGNN) for large-scale process fault identification is proposed. Initially, process mechanism knowledge
and process data correlation are injected into the modeling approach through graph neural networks,
and the transmission of information based on the enhanced attention mechanism is introduced to
describe the quantitative relationships between process variables at a fine-grained level based on the
adaptive perception strategy. Subsequently, to achieve better intra-class compactness and inter-class
separability in feature representation, our designed sample-optimized feature processing strategy
(SOFPS) is applied. Furthermore, to enhance the robustness and generalization capability of the model
during training, a label smoothing regularization (LSR) strategy is incorporated. This approach effec-
tively mitigates the risk of overfitting by introducing a degree of uncertainty into the label space,
thereby encouraging the model to learn more discriminative and stable features. Ultimately, the efficacy
and superiority of the SOAP-EGNN algorithm are thoroughly validated through comprehensive simu-
lation experiments conducted on the Tennessee Eastman process (TEP).
© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.
All rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

As modern industry progressively evolves towards mass pro-
duction, the complexity of material and information transfer in
industrial processes has been significantly increasing [1]. This
complexity is further amplified by the increasing automation of
industrial systems and the widespread use of distributed control
systems (DCS). As a result, data-based fault detection and diag-
nosis (FDD) methods have attracted considerable attention [2—4],
as they can effectively identify the complex relationships hidden in
large-scale industrial process data.

To effectively handle high-dimensional process data and ach-
ieve accurate process characterization, an increasing number of
scholars have turned to statistical analysis-based methods to
construct monitoring models. These methods include principal
component analysis (PCA) [5], independent component analysis
(ICA) [6], and support vector machines (SVM) [7].

However, these traditional methods increasingly demonstrate
their limitations when confronted with complex processes,
nonlinear characteristics, and other practical challenges. In
contrast, deep learning methods exhibit significant advantages in
handling complex relationships and can effectively learn intricate
abstract features. Among deep learning-based fault identification
methods, the autoencoder (AE) is the most representative. To take
into account the dynamic and non-linear information between
process samples, Li et al. [8] proposed a process monitoring
scheme based on spatio-temporal neighborhood enhanced sparse
autoencoder. Yang et al. [9] proposed a new stacked autoencoder
(SAE) fault identification model to deal with adaptive fault iden-
tification problem. Convolutional neural networks (CNN) are also
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the mainstream networks which has the advantage of capturing
spatially localized dependencies compared to AE. Chen et al. [10]
proposed one-dimensional convolutional autoencoder (1D-CAE)
for noise reduction of high-dimensional process signals to learn
hierarchical feature representations for fault identification. Zhang
et al. [11] proposed an enhanced deep convolutional neural
network (EDCNN) model for improved fault detection and diag-
nosis in chemical processes.

However, these methods indiscriminately stack variables in the
input during feature extraction, neglecting the inherent topologi-
cal information between process variables and the varying
strengths of their interrelationships. This oversight makes it
challenging to effectively aggregate information from variables
that share similar mechanistic relationships during the feature
extraction process. In fact, multiple variables captured by multiple
sensors in spatial dimensions can naturally form graph structures
in non-Euclidean spaces. Naturally, topology graphs are one of the
commonly used structural models for such structured data
[12—14], and studying the correlations between process variables
from a graph-structured perspective has garnered widespread
attention. Li et al. [15] established a GNN-based framework for
intelligent fault identification and prediction and demonstrated
significant advantages of the GNN in fault identification. Wu and
Zhao [16] utilized the topological knowledge of the process to
identify faults by connecting the process variables, manipulated
variables, etc. in the control loop as nodes and constructing graph
structures through priori mechanistic connections. Wu et al. [17]
converted large-scale processes into directed graphs based on
process knowledge and then decomposed them into multiple
physically meaningful subblocks for fault identification. However,
the correlations between the variable nodes in the actual process
are different in strength magnitude. To take this problem into
account, Chen and Ge [18] designed the spatial self-attention
mechanism (SAM) to discover knowledge directly from the data
and a graph-convolution layer to measure the relationships be-
tween process variables, both of which are combined to construct
the soft measurement model. Deng et al. [19] combined the
physical significance of the variables with the correlation analysis
of the variables, and finally obtains the fault identification results
through dynamically adjusting the graph structure. Most existing
methods either rely solely on a rudimentary understanding of the
process to construct topological models or employ purely data-
driven approaches to learn node relationships. However, com-
plex chemical processes involve numerous nonlinear subsystems
that interact in intricate ways. Representing fault propagation in-
formation using only an incomplete physical topology or purely
data mining methods is insufficient as these approaches overlook
the guiding role of process topology.

Moreover, the inherent similarity in fault causes often results in
comparable fault characteristics, which can easily lead to confu-
sion and pose a significant challenge for accurate identification of
similar faults. To address these issues, the sample-optimized dy-
namic convolutionally enhanced graph neural network (SOAP-
EGNN) is proposed for large-scale industrial process fault identi-
fication. Initially, the construction of sensor relationships is guided
by process mechanistic knowledge and compensatory causal to-
pologies, enabling a multi-dimensional characterization of the
relationships between process variables. Concurrently, the in-
terdependencies between process variables are adaptively learned
through edge-weight relationships in graph networks, thereby
achieving adaptive perception of the varying degrees of influence
that different faults exert on the relationships between variables.
Ultimately, the sample-optimized feature processing strategy is
employed to select representative samples for the identification
task, ensuring that the extracted features are more discriminative.

The principal work and contributions of this research are
encapsulated as follows.

(1) An innovative integration of industrial process knowledge
with data is achieved, leveraging mechanistic knowledge
and causal interactions to establish sensor relationships. By
analyzing edge-weight relationships in topology graphs,
dynamic interactions are addressed.

(2) An enhanced graph with dynamic convolution is designed to
overcome static limitations, adaptively capturing temporal
and topological relationships in process data for flexible and
accurate analysis of complex systems.

(3) A sample-optimized feature processing strategy (SOFPS) is
proposed to enhance fault identification, preserving distinct
fault representations in manifold learning and maximizing
inter-class separation, thereby improving identification
performance for similar fault categories.

The remainder of this article is organized as follows: Section 2
provides a detailed description of the SOAP-EGNN fault identifi-
cation method. Section 3 delves into the discussion of the essential
experimental results. Finally, Section 4 presents the conclusions
drawn from the study.

2. Sample-optimized Adaptive Perceptual Enhanced Graph
Neural Network

For large-scale industrial process fault identification, a sample-
optimized adaptive perceptual enhanced graph neural network is
proposed. The overall framework of the network is depicted in
Fig. 1, where the four modules in each part correspond to the
four subsections that follow.

2.1. Strategic topology initialization through adjacency matrix
analysis

In industrial processes, units are physically interconnected via
pipelines, and process and manipulated variables are linked to
sensors, controllers, actuators, and so on, through control loops.
Consequently, process knowledge, such as PFD and P&ID, can be
seamlessly transformed into a spatial topology graph. For process
industry data, inputs to the graph model Xt∈ℝn×m are derived
from time series data using a sliding window of size m. The n
variables serve as graph nodes. The time window sample at
moment t is represented as follows:

Xt =

㊣

㊣
㊣
㊣

x1,t x1,(t- 1) ... x1,(t- m+1)
x2,t x2,(t- 1) ... x2,(t- m+1)

⫶ ⫶ ⋱ ⫶

xn,t xn,(t- 1) ... xn,(t- m+1)

㊣

㊣
㊣
㊣ (1)

From a messaging perspective, various sensor nodes articulate
the process information conveyed by measurement elements for
sensors and actuators, while directed edges delineate the direction
of information transfer, representing the interdependencies
among sensors and actuator measurement elements. To construct
topology graphs with comprehensive information, rather than
relying solely on incomplete mechanistic knowledge, the adja-
cency matrices of the topology graphs are supplemented by causal
relationships between process variables, as depicted in Part 1 in
Fig. 1. This approach ensures that information transfer and
feature updating in graph networks depend solely on mechani-
cally interrelated or causally connected variables. Suppose the
adjacency matrix belonging to the bth subgraph Gb obtained from
mechanistic knowledge and causal knowledge mining are Amb and
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Acb, respectively. The implicit causal relationships between vari-
ables is often hidden in the process data and cannot be directly
inferred from the production equipment and piping connections.
The adjacency matrix Acb is used as a medium to establish re-
lationships between variable nodes, and the causality mechanism
between variable nodes is introduced to initialize the causal ad-
jacency matrix. The integrated adjacency matrix AIb is obtained
through the following decision criterion:

Aij
Ib =

㊣
㊣

㊣

1,Aij
mb = 1∨Aij

cb = 1

0,Aij
mb = 0∧Aij

cb = 0
(2)

where i, j represent the positional indices of row i and column j
within the matrix. The collection of initial adjacency matrices for
all subgraphs is characterized as follows:

AS = AI1∪AI2∪...∪AIN (3)

where N denotes the number of subgraphs after subsystem
decomposition. By considering variables as nodes, the industrial
process can be abstractly represented as follows:

Nodes =
{
Nodei,M×Dj

, i∈(Nn, ...,2,1), j∈(Dn, ...,2,1)
}

(4)

where Nn denotes the total number of nodes in the node set, and
Dj signifies the feature dimension of node i. Due to the mutual
coupling among variables, anomaly information from a variable

node is promptly relayed to neighboring nodes via the adjacency
matrix, thus circumventing potential time delays associated with
fault occurrences in the actual process. Based on the aforemen-
tioned set of nodes and the initialized adjacency matrices, the set
of topology graphs SGI

is initialized as follows:

SGI
= GI1∪GI2∪...∪GIb∪...∪GIN (5)

2.2. Adaptive perceptual graph networks based feature aggregation
and updating

2.2.1. Variable messaging based on enhanced attention mechanism
and local adaptive perceptual layer at the subgraph variable level

Traditional adjacency matrices of topology graphs assign
identical edge weights to all neighboring nodes, treating the entire
process variables with uniform emphasis when integrating node
feature information. However, this method fails to capture the
strength or magnitude of sensor relationships. For instance, due to
the intricate coupling among variables, a scenario may arise where
variable A is linked to both B and C, yet a change in A significantly
impacts B while minimally affecting C. This is a situation that
qualitative sensor relationships cannot fully describe. Therefore, as
illustrated in Part 2 of Fig. 1, the proposed method learns adaptive
perceptual relationships from historical data. To ascertain the
specific correlation strength between process variables, an

Fig. 1. Framework of the proposed SOAP-EGNN.
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enhanced attention mechanism within graph neural networks is
introduced:

αij =
exp

(
ρ
(
aT
[
Wh(r)

i ‖Wh(r)
j

] ))

∑

k∈Ni

exp
(

ρ
(
aT
[
Wh(r)

i ‖Wh(r)
k

] )) (6)

h(r+1)
i = ρ

㊣

㊣
∑

j∈Ni

αijWh(r)
j

㊣

㊣ (7)

where an activation function ρ( ·) is utilized to introduce

non-linearity into the model. h(r)
i denotes the features of

node i in the rth layer, and {.‖.} signifies the feature splicing
operation.

To address the absence of prior relationships between nodes
in traditional graph networks' attention mechanisms, enhanced
aggregation and updating of subblock features are executed via a
designed local adaptive perceptual layer at the variable level
within each subgraph. Given the strong information transfer
relationship among variables within the same operating unit, the
initial unit topology is constructed using the aforementioned
adjacency matrix learning based on process decomposition by
operating equipment. Furthermore, the input Xt is segmented

into
[
XN, ...,X2,X1

]T
based on process decomposition results,

where Xb∈ℝNumb×m, and Numb represents the number of vari-
ables in the bth block. Raw process measurements are encoded
into hidden vectors as embedding features using the convolution
operation:

H(0)
b = XbWb∈ℝNumb×d0 (8)

where
(
H(0)
b

)T
=
[
h(0)

1,b,h
(0)
2,b...,h

(0)
Numb,b

]
, h(0)

i,b ∈ℝd0×1 denotes the

initial embedding feature of the ith node in the bth subblock, and
d0 denotes the dimensionality of the embedding features of each
node. Subsequently, subblocks conduct information transmission
and feature aggregation to effectively capture the interactions
among variables:

g(r+1)
i,b = ρ

㊣

㊣～AT
(r),b
i,i h(r)

i,b +
∑

j∈Ni

～AT
(r),b
i,j h(r)

j,b

㊣

㊣∈ℝd(r+1)
g (9)

h(r+1)
i,b = ρ

㊣

㊣～AT
(r),b
i,i

(
Wf1g

(r+1)
i,b

+ bf1
)
+
∑

j∈Ni

～AT
(r),b
i,j

(
Wf2g

(r)+1
j,b + bf2

)
㊣

㊣∈ℝd(r+1)
h

(10)

where h(r)
i,b denotes the node characteristics of the ith node in

subblock b after the rth aggregated operation. The element ～AT
(r),b
i,j

represents the enhanced attention matrix element for the bth
subblock after the rth operation. W f1 , W f2 are learnable parame-

ters, with bf1 and bf2 as bias terms. The representation of ～AT
(r),b

is
divided into two levels: it manifests traditionally as a result of
inter-feature attention coefficient calculations:

(ATatt)
(r),b
i,j =

㊣
㊣㊣

㊣㊣

ρ
(
a(r),b

[
h(r)
i,b⊕h(r)

j,b

] )
, if a(r),b

[
h(r)
i,b⊕h(r)

j,b

]
＞ THR(r)

δ, if a(r),b
[
h(r)
i,b⊕h(r)

j,b

]
≤ THR(r)

(11)

where THR(r) denotes the screening threshold of the attention
value information, representing the interaction of two nodes.
The acquisition of node i's neighborhood Ni is facilitated by the
aforementioned Eq. (2), and the direction of information trans-

fer is from the neighbor feature node h(r)
j,b to central feature node

h(r)
i,b . To retain more relevant node relationships and perform

graph information sparsification, redundant weakly relevant
node relationships are discarded by assigning a comparatively
minor value δ to them. Additionally, the mutual information
between pairwise process variables is embedded into network
learning, representing the strength of association between var-
iables:

(ATim)
(r),b

=

㊣
㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣

㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣㊣

ftopkr - ξ

㊣

㊣
㊣
㊣
㊣
㊣

㊣

㊣
㊣
㊣
㊣
㊣

fqua(x1, x1) fqua(x1, x2) … fqua
(
x1, xNumb

)

fqua(x2, x1) fqua(x2, x2) … fqua
(
x2, xNumb

)

⫶ ⫶ ⋱ ⫶

fqua
(
xNumb

, x1
)

fqua
(
xNumb

, x2
)

… fqua
(
xNumb

, xNumb

)

㊣

㊣
㊣
㊣
㊣
㊣

㊣

㊣
㊣
㊣
㊣
㊣
∈ℝNumb×Numb , r = 0

ftopkr - ξ

㊣

㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣

㊣

㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣

fqua

(
c(r)b,1, c

(r)
b,1

)
fqua

(
c(r)b,1, c

(r)
b,2

)
… fqua

(

c(r)b,1, c
(r)
b,d(r)c

)

fqua

(
c(r)b,2, c

(r)
b,1

)
fqua

(
c(r)b,2, c

(r)
b,2

)
… fqua

(
c(r)b,2, c

(r)
b,drc

)

⫶ ⫶ ⋱ ⫶

fqua

(

c(r)
b,d(r)c

, c(r)b,1

)

fqua

(

c(r)
b,d(r)c

, c(r)b,2

)

… fqua

(

c(r)
b,d(r)

c
, c(r)

b,d(r)
c

)

㊣

㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣

㊣

㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣
㊣

∈ℝd(r)c ×d(r)
c , r∈ℕ*

(12)
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where fqua denotes a mutual-information-based quantification

function, and the significance of c(r)
b,d(r)

c
will be elaborated in Eq.

(16). ftopkr-ξ(·) retains the maximum kr values per matrix row,
with the retained variable count dynamically adjusted based on
feature update count r. Discarded values are assigned a smaller
value ξ. Mutual information reflects strong dependencies be-
tween feature pairs, supporting the method with prior re-
lationships and forming a dual implicit representation alongside
traditional attention calculations. Moreover, the original feature
information remains uncorrupted by complex networks, incor-
porating invariant strongly-dependent prior information for

each node. Thus, AT(r),b can be expressed as follows:

AT(r),b = ATatt
(r),b⊙ATim

(r),b (13)

～AT
(r),b

= fnorm
(
AT(r),b

)
(14)

where ⊙ denotes the Hadamard product of matrices. Subse-

quently, each row of AT(r),b is normalized using the function
fnorm(·). In this study, the softmax function is employed to derive

the final normalized enhanced attention matrix ～AT
(r),b

. Subse-
quently, the updated features of each node within a block are
aggregated to obtain the representative features of each block:

h(r+1)
b = fstack

(

h(r+1)
Nn(r)

b ,b
, ...,h(r+1)

2,b ,h(r+1)
1,b

)

∈ℝNn(r)
b ×d(r+1)

h (15)

where Nn(r)b denotes the number of nodes at the end of the ith

feature update operation and d(r+1)
h denotes the dimension cor-

responding to the current node features. Subsequently, subblock
characteristics are refined according to Eq. (16) within sub-
topology graphs, employing one-dimensional adaptive dynamic
convolution (ADC) to extract block features from encoded latent
vectors. The architecture of adaptive dynamic convolution is
shown in Fig. 2, which dynamically adapts the shape and size of
the convolutional kernel based on input data through a learnable
deformation module:

c(r+1)
b =

∑

u

(
θu*k

(r+1)
u ⊗Wch

(r+1)
b + b(r+1)

)
∈ℝCn(r+1)×d(r+1)

c

(16)

where k(r+1)
u represents the uth kernel of the ADC operation,

Cn(r+1) signifies the number of output channels post one-

dimensional ADC, and d(r+1)
c denotes the dimension of the

output features after convolution. Besides, h(r+1)
b is constructed

by stacking feature nodes h(r+1)
1,b , h(r+1)

2,b , h(r+1)
3,b , and others, and

they can be regarded as feature nodes within an abstract
topological graph. θu denotes the weights assigned to different
convolution kernels, which can be derived from the input data.
Wc refers to learnable parameters, and b(r+1) indicates the bias
term. For the dynamic convolution kernel parameters, they
can be trained via backpropagationwith gradient descent, aiming
to minimize the loss function used during training, thereby
learning and acquiring the specific parameters of the adaptive
dynamic convolution kernels. This method allows for adaptive
matching of the most suitable convolution kernels based on the
input for feature extraction, thereby enhancing model
performance.

Subsequently, a feature flattening operation is applied to c(r+1)
b ,

converting two-dimensional features into a one-dimensional
vector for subsequent global feature aggregation and updates:

H(r+1)
b = fflatten

(
c(r+1)
b

)
∈ℝ

(
Cn(r+1)×d(r+1)

c

)

(17)

Given that the edge-weight relationships within the topology
graph shift upon fault occurrence, with varying impacts across
different segments of the industrial process, the scope and
magnitude of these changes differ. Consequently, this leads to
distinct fault feature categories when extracted using the topology
graph built under normal conditions. The collaborative effect of
the attention mechanism and ADC is particularly sensitive to
weight variations between nodes. Ultimately, the sub-topology
graphs, defined by adjacency matrices and quantitative edge
weights, evolve in tandem with the progressive stages of feature
aggregation:

SG(r+1)
= G(r+1),N∪...∪G(r+1),b∪...∪G(r+1),2∪G(r+1),1 (18)

where G(r+1),b denotes the bth subgraph following the (r + 1)th
graph update operation. The final aggregated features of the nodes
associated with the N subblocks are derived through the l-step
feature extraction process. A mapping relationship g is established
between the updated subgraphs and their corresponding node
features:

G(l),b = TG
(l)

(
TG(2)

(
TG(1)(GIb)

)
...
)

(19)

H(l)
b = TH

(l)

(
TH(2)

(
TH(1)

(
H(0)

b

))
...
)

(20)

g :
(
G(l),b∈SG(l)

)
→

(
H(l)

b ∈
{
H(l)

N , ...,H(l)
2 ,H(l)

1

})
(21)

where TG
(i) and TH

(i) denote the ith update operation performed on

the topology graph structure and the subgraph aggregation fea-
tures, respectively.

2.2.2. Global interactive perceptual layer at the sub-topology graph
level

At the information interaction level of the sub-topology graph,
global feature updates and acquisition are designed based on the
proposed global interactive perceptual layer. Given the significant
role of unit correlations in material transfer within industrial
processes, and considering that simple concatenation of local
aggregated features overlooks specific associations between
operating units, we aim to uncover fine-grained coupling re-

X

W

W

W

h

h

h

Fig. 2. Architecture of adaptive dynamic convolution.
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lationships between cross-unit variables and facilitate global in-
formation interaction among all nodes. To this end, local feature
representations are treated as new global-level feature nodes,
forming the global topology Gglobal, with feature updates designed
accordingly:
(
ATatt,global

)

b,q
= ρ

(
af
[
H(l)

b

㊣
㊣
㊣H(l)

q

] )
, q∈Nb (22)

～ATatt,global = fnorm
(
ATatt,global

)
(23)

Fb = ρ

㊣

㊣

(
～ATatt,global

)

b,b
H(l)

b

+
∑

q∈Nb

(
～ATatt,global

)

b,q
H(l)

q

㊣

㊣∈ℝ
(
Cn(l)×d(l)

c

)

(24)

where Fb represents the output features associated with the bth
node (subblock) following global aggregation and update opera-

tions.
(
ATatt,global

)

b,q
denotes the attention value betweenH(l)

b and

its neighboring node featuresH(l)
q , with fnorm defined as in Eq. (14).

To manage excessive feature dimensions, a fully connected layer is
employed for dimensionality reduction:

Hg
b = WgFb + bg∈ℝdg

h (25)

where dgh represents the dimension of the final aggregated features
for each node, treating each subblock as an individual node at the
global level. Ultimately, the global aggregated features, derived
post feature update operation, encapsulate the entire chemical
process and are utilized for the subsequent fault identification
task:

Hf = fflatten
(
fstack

(
Hg

N, ...,H
g
b, ...,H

g
2,H

g
1

))
∈ℝ(N×dg

h) (26)

2.3. Sample-optimized feature processing strategy

Given the diversity of faults in actual industrial processes, some
share similar causes and manifestations. Most fault identification
methods struggle with distinguishing faults with analogous
characteristics, primarily because they treat all samples uniformly
without selective emphasis. Samples with valuable information
for identifying similar faults are often eclipsed by redundant ones,
diminishing the representativeness of the extracted features for
fault identification. Thus, training a system capable of differenti-
ating both distinctively and similarly characterized faults poses a
challenge. The goal is to enhance intra-class compactness and
inter-class separability within the low-dimensional manifold,
ensuring each category has distinct decision boundaries:

L =max
(
0, d

(
f (sa), f

(
sp
))

-d(f (sa), f (sn))+α
)

(27)

where α is a marginal hyperparameter. d(f (sa), f (sp)) represents
the distance between the anchor sample sa and a positive sp from
the same category, and d(f (sa), f (sn)) represents the distance be-
tween the anchor sample sa and a negative sample sn from a
different category. This function encourages the model to mini-
mize the distance between samples of the same class (intra-class
compactness) and maximize the distance between samples of
different classes (inter-class separability).

To select representative samples near the classification
boundaries that contain richer information and to optimize the
attention given to different types of samples in the fault identifi-
cation task, the sample-optimized feature processing strategy
(SOFPS) is proposed, as illustrated in Part 3 of Fig. 1. The SOFPS

Fig. 3. Procedures for sample-optimized feature processing strategy (SOFPS).
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procedure, detailed in Fig. 3, initially segments batch feature
samples into positive and negative pairs in the feature space using
anchor samples and calculates inter-sample similarity. Subse-
quently, recognizing that many samples may hold limited valid
information, a strategy for selecting representative samples and
optimizing weight assignment is developed based on similarity
calculations from the filtered samples. Hard (Representative)
positive samples are those that closely resemble the anchor
sample within the same category, while hard (representative)
negative samples are those that are deceptively similar to the
anchor sample but belong to different categories. By focusing on
these samples, the model is forced to learn finer distinctions and
more discriminative features because these representatives
contribute more significantly to the gradients, leading to a more
effective optimization process and improvement in the model's
ability to distinguish between intra-class samples and inter-class
samples.

If the similarity between a positive pair (same category as the
anchor sample) and the anchor sample is nearly equivalent to that
of a negative pair, it is labeled a hard positive pair. The concept of a
hard negative pair is similarly defined. The sample-optimized
feature processing steps are as follows. Assume the anchor sam-
ple is sa, and a negative sample sin is selected to meet the following
equation:

Sim-
a,i + ε ＞ min

yk=ya
Sim+

a,k, s
i
n∈Sn, skp∈Sp (28)

where Sim-
a,i represents the similarity of the negative sample to

the anchor sample, min
yk=ya

Sim+
a,k denotes the minimum similarity of

all positive samples to the anchor sample in a batch, and ε is a
predefined threshold. If ε is too small, only a limited number of
distinctively identifiable negative samples remain, potentially
leading to incomplete sample coverage. Conversely, if ε is too large,
redundant negative samples may be included, allowing unrepre-
sentative samples to dominate the feature space. Hence, a mod-
erate ε value is essential. Sn and Sp represent the sets of negative
and positive samples related to the anchor sample, respectively.

The selection criterion for a positive sample sjp is to meet the
following condition:

Sim+
a,j - ε ＜ max

yk≠ya
Sim-

a,k, s
j
p∈Sp, skn∈Sn (29)

To handle the sparsity of samples, the mechanism that
adaptively adjusts the influence of each sample based on its
representativeness is introduced. This is achieved through the
calculation of similarity scores and the application of a
threshold to filter out redundant or less informative samples. To
further address sample distribution and sparsity across cate-
gories, the method focuses on balanced representation within
each fault category, maintaining proximity among same-class
samples to prevent class imbalance and training bias. Addi-
tionally, it ensures each training batch includes representative
samples from all classes in practical applications, keeping per-
class sample counts relatively stable. This balanced strategy
preserves model learning integrity and enhances fault identifi-
cation robustness.

Following the aforementioned steps, the sets of representative

negative samples Srn =
{
samn , ..., sa2

n , sa1
n
}

and positive samples Srp =
{
sbmp , ..., sb2

p , sb1
p

}
can be derived, where am and bm denote the

number of samples in the negative and positive sets, respectively.
Subsequently, weight assignment for sample pairs is executed
based on these candidate representative samples. For a chosen

negative pair {sin, s
j
p}∈N or positive pair {sip,s

j
p}∈P, the weight w-

i,j

or w+
i,j is calculated as follows:

w-
ij =

1

eβ(λ- Sim-

i,j) +
∑

k∈Srn
eβ(Sim-

i,k- Sim-

i,j)
=

eβ(Sim-

i,j - λ)

1 +
∑

k∈Srn
eβ(Sim-

i,k - λ)

(30)

w+
ij =

1

e- α(λ- Sim+

i,j) +
∑

k∈Srp
e- α(Sim+

i,k - Sim+

i,j)
=

e- α(Sim+

i,j- λ)

1 +
∑

k∈Srp
e- α(Sim+

i,k- λ)

(31)

The SOFPS module enhances class separability by leveraging
self-similarity and relative sample similarity. After processing
through additional modules and the SOFPS, the feature Hs is
derived from Hf :

Hs = fSOFPS

[
fBN

(
fDropout

(
WsHf + bs

)) ]
∈ℝds (32)

where fDropout represents the Dropout operation in neural net-
works, addressing overfitting in deep learning. fBN signifies the
batch normalization (BN) layer, where

Ws, bs are learnable parameters, and ds denotes the feature
dimensions of Hs.

The SOFPS strategy effectively deals with feature overlap be-
tween different categories by enhancing intra-class compactness
and inter-class separability within the low-dimensional manifold.
This is achieved through a dynamic adjustment of weights based
on the similarity of samples to the anchor sample. In summary, the
separation of feature distribution in SOFPS is enforced through a
dynamic and adaptive process that leverages the inherent struc-
ture of the data, ensuring that each category has distinct decision
boundaries.

2.4. Label smoothing regularization based fault identification and
overall loss function

Considering the nature of traditional classification tasks, the
intermediate features extracted can be connected to subsequent
layers to acquire task-specific features. As Hs remains a high-
dimensional vector, direct application in downstream tasks with
softmax is impractical. Thus, additional fault identification infor-
mation is extracted from Hs using a fully connected feed-forward
neural network to reduce dimensionality, as depicted in Part 4 in
Fig. 1.

Hc = WcHs + bc∈ℝCn (33)

where Cn denotes the number of categories in the downstream
task. The conventional cross-entropy loss initially computes soft-
max multiclass classification, mapping features from the sample
Hi

c to each fault category via a fully connected layer. The predicted
label for the current sample vi is then determined using softmax
regression as follows:

l^i = argmax
j

pj(vi)
exp

(
σ
(
WT

j H
i
c + bj

))

∑Cn

k=1
exp

(
σ
(
WT

kH
i
c + bk

)) (34)

For the input samples V in =
{

v1, v2, ..., vSan
}

, the cross-entropy
loss is incorporated into the network's objective function:
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Lcross = -
∑San

i=1

∑Cn

j=1

q(j|vi)lg(p(j|vi) ) (35)

where Cn denotes the total number of categories. q(j|vi) represents
the true category label of the sample, and p(j|vi) indicates the
output probability distributions across various patterns. Label
smoothing regularization (LSR) is the process of making real labels
less extreme by assigning them a certain fault-tolerant probability
and assuming that labels have a probability of being mislabeled.
This approach effectively relaxes the constraints on the label space
by introducing a degree of uncertainty. To smooth the distribution
of hard labels, the modified loss function incorporates soft labels
generated by a uniform distribution:

q
′

(j|vi) = (1 - ε)q(j|vi) +
ε
Cn

(36)

Lslr = -
1
Cn

∑Cn

j=1

∑San

i=1

q
′

(j|vi)lg(p(j|vi) ) (37)

where ε represents a minor constraint. Based on this, the loss
function associated with input samples V in =

{
vSan , ..., v2, v1

}
,

produced by SOFPS, is presented as follows:

Lfp =
1
San

∑San

i=1

㊣
㊣

㊣

1
α

lg

㊣

㊣1 +
∑

k∈Pi

e- α(Sim+

i,k- λ)

㊣

㊣+
1
β

lg

㊣

㊣1

+
∑

k∈Ni

eβ(Sim-

i,k- λ)

㊣

㊣

㊣
㊣

㊣
(38)

Consequently, the final loss function Loverall is a composite of
Lslr and Lfp, which is detailed as follows:

Loverall = γ*Lslr + (1 - γ)*Lfp (39)

Minimizing the loss function via gradient descent and itera-
tively refining node features yields the optimal update count
within subgraph l*, resulting in the optimal subgraph configura-
tion

{
G*N, ...,G

*
2,G

*
1
}

and ultimately determining the final global

graph structure G*global.

3. Simulation Experiments Study

3.1. Case design and parameters settings

In this section, the performance and effectiveness of the pro-
posed SOAP-EGNN is demonstrated through Tennessee Eastman
(TE) chemistry process, with revised TE simulations detailed in
this paper [20]. The TE model is a realistic simulation for large
chemical plants, as described in Refs. [21,22]. The certain faults,
like fault 6, can halt the simulation due to process safety issues,
resulting in a significantly smaller sample size and category
imbalance. Faults 3, 9, and 15 are excluded due to minimal impact
on mean, variance, and higher-order statistics, which are chal-
lenging to detect. Faults 16 and 21 are particularly elusive in the
revised TE simulation, often misleading the identification of other
faults. Thus, the fault identification experiment includes 15 fault
data and normal process data. This paper selects 31 variables for
fault identification, comprising 22 measurement variables and 9
manipulated variables, excluding constant sensors like valve po-
sition compressor re-cycle and agitators rotation, which are not
involved in process control.

The model's learning efficacy and generalization capability are
influenced by the learning rate and batch size, which dictate the
weight iteration step size. Smaller batch sizes may result in
insufficient fault category information, impairing fault identifica-
tion performance, whereas larger batches can enhance accuracy
but increase computational complexity. To ascertain the optimal
learning rate and batch size, a grid search approach is employed,
varying the learning rate from 0.001 to 0.1 and the batch size from
16 to 128. As depicted in Fig. 4 (a), the model achieves peak per-
formance with a learning rate of 0.003 and a batch size of 64.

The proposed adaptive dynamic convolution is also integrated
into the feature extraction of the SOAP-EGNN model. As shown in
Fig. 4 (b), optimal fault identification is achieved with 4 convolu-
tion kernels of size 3. The values of several key parameters are
summarized in Table 1.

Furthermore, the initial topology graph construction is depic-
ted in Fig. 5, alongside a listing of variables associated with sub-
graph segmentation. To avoid overly complex mechanism
relationships and increased spurious causality due to a large
number of nodes within a subgraph, the number of nodes in a
subgraph should be moderate. Specifically, the black edges in the

Fig. 4. Hyperparameter determination for network training. (a) Average FIR under different learning rates and batch sizes. (b) Average FIR under different number of convolution
kernels and kernel sizes.
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graph are derived from process mechanistic knowledge, while
edges sharing the same color as their respective nodes are deter-
mined through conditional Granger causality (CGC) analysis.

3.2. Comparative experiments

To substantiate the superior fault identification capabilities of
SOAP-EGNN, it is compared with conventional deep learning
techniques represented by MBTCN [23], D-SAE [24] as well as
methods represented by the state-of-the-art graph-related struc-
ture GraphSAGE [25], GGCN [26], IAGNN [27], CTA-GNN [28] and
OPNA-GNN [29]. The fault identification performance are quanti-
fied by fault identification rate (FIR), with confusion matrices and
t-SNE visualizations for SOAP-EGNN and comparative methods
presented in Fig. 6 and Fig. 7, respectively.

The t-SNE results indicate that SOAP-EGNN more effectively
distinguishes between fault features compared to other methods,
with less overlap and confusion. Table 2 compares FIR perfor-
mance, highlighting the maximum FIR for each fault in bold.
Notably, our method achieves an average FIR of 97.1%, as shown in
the penultimate row of Table 2. The last row of Table 2 reveals that
our approach not only attains a higher FIR across more fault cat-
egories but also excels in identifying the normal class, fault 8, fault
10, fault 11, fault 12, fault 13, and others, with 9 categories
exceeding 99% accuracy. SOAP-EGNN's adaptive perceptual edge
weights between nodes allow for a more precise detection of
correlation changes caused by different faults, enhancing fault
identification performance.

SOAP-EGNN surpasses existing methods by addressing their
limitations in dynamic interaction handling, feature separation,

Table 1
Presentation of the values of parameters.

Names of the parameters Values of the parameters

Learning rate 0.003
Batch size 64
The number of convolution kernels 4
The size of convolution kernels 3
The length of the time window T 20
The number of variables in the five units 8, 7, 6, 6, 4
The number of subblocks 5
The dimensionality of Hs ds = 128
The total number of fault categories Cn = 16
The number of feature aggregation and update operations of the subblocks l = 3
The coefficient α α = 2
The coefficient β β = 40
The coefficient λ λ = 0.5
The smoothing coefficient ε ε = 0.1
The balance coefficient in the overall loss function γ = 0.7

Fig. 5. Topology construction for operational units in the TE process.
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and causal relationship modeling. Unlike MBTCN, which focuses
on temporal correlations, SOAP-EGNN integrates mechanistic
knowledge and causal relationships for accurate sensor modeling.
It outperforms D-SAE by using a sample-optimized strategy to
enhance fault identification and maximize inter-class separation.
While GraphSAGE relies on static graphs, SOAP-EGNN introduces
dynamic convolution-embedded graphs to adaptively capture
temporal and topological relationships. GGCN lacks mechanistic
integration, whereas SOAP-EGNN bridges this gap through edge-
weight analysis. IAGNN and CTA-GNN fall short in causal in-
teractions and dynamic adaptation, which SOAP-EGNN resolves

with explicit causal modeling and enhanced graph structures.
OPNA-GNN, while effective for gear faults, cannot match SOAP-
EGNN's holistic integration of mechanistic knowledge, causal
analysis, and dynamic modeling. Overall, SOAP-EGNN offers a su-
perior solution for fault diagnosis in complex industrial systems.

3.3. Ablation experiments

In addition, five ablation studies are conducted, with the dis-
tinctions between the ablated models and SOAP-EGNN detailed in
Table 3. The symbols ㊣ and × denote the retention or omission of
specific operations within the SOAP-EGNN framework, respec-
tively. To substantiate the enhancement in fault identification
performance afforded by our proposed strategies, comparative
results are presented in Table 4. The data reveal a marked
improvement in FIR upon implementing all strategies, particularly
for the normal class, fault 5, fault 10, fault 11, fault 12, fault 13, and
fault 19, as illustrated in Fig. 8.

Fig. 6. Confusion matrices of SOAP-EGNN and other comparative methods in the TE
process. (a) MBTCN. (b) D-SAE. (c) GraphSAGE. (d) GGCN. (e) IAGNN. (f) CTA-GNN. (g)
OPNA-GNN. (h) SOAP-EGNN.

Fig. 7. t-SNE results of SOAP-EGNN and other comparative methods in the TE process.
(a) MBTCN. (b) D-SAE. (c) GraphSAGE. (d) GGCN. (e) IAGNN. (f) CTA-GNN. (g) OPNA-
GNN. (h) SOAP-EGNN.
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3.4. Further comparison with state-of-art feature processing
strategies and regularization methods

The commonly employed feature processing methods (FPMs)
primarily focus on intra-class feature aggregation and inter-class
feature separation through loss functions like N-pair-ms loss
[30], Supcon loss [31], Circle loss [32], IAAM loss [33] and
Perceptual loss [34]. To demonstrate the impact of various FPMs on
fault identification performance, comparative experiments are
conducted while maintaining the model's fundamental structure.

The average FIR across different FPMs is depicted in Fig. 9, high-
lighting that our proposed FPM achieves an FIR of 97.1%.

Based on prior research experience, certain fault classes, spe-
cifically faults 5, 8, 10, 12 and 13, are intrinsically difficult to
discriminate. These faults exhibit pronounced multidimensional
similarity, which markedly increases their mutual confusability
during classification and diagnosis. Faults 5 and 12 both originate
from anomalous inlet temperatures in the condenser and display
nearly identical thermal transients. Faults 8, 10 and 12 are char-
acterized by stochastic perturbations whose signal dynamics

Table 2
FIR of SOAP-EGNN and other comparative methods in the TE process.

MBTCN D-SAE GraphSAGE GGCN IAGNN CTA-GNN OPNA-GNN SOAP-EGNN

Normal 0.730 0.772 0.775 0.789 0.822 0.758 0.980 0.955
Fault 1 0.986 0.968 0.992 0.985 0.986 0.992 0.985 0.997
Fault 2 0.997 0.973 0.997 0.994 0.997 0.997 0.986 0.995
Fault 4 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Fault 5 0.188 0.058 0.423 0.425 0.501 0.945 0.792 0.946
Fault 7 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Fault 8 0.886 0.798 0.930 0.882 0.900 0.857 0.913 0.939
Fault 10 0.827 0.777 0.908 0.893 0.881 0.880 0.926 0.992
Fault 11 0.868 0.811 0.862 0.882 0.886 0.926 0.939 0.992
Fault 12 0.573 0.444 0.726 0.707 0.762 0.788 0.894 0.942
Fault 13 0.703 0.526 0.705 0.664 0.701 0.641 0.638 0.831
Fault 14 0.995 0.960 0.995 0.999 0.992 1.000 1.000 1.000
Fault 17 0.996 0.900 1.000 0.999 0.996 1.000 0.995 0.996
Fault 18 0.922 0.761 0.944 0.945 0.927 0.951 0.958 0.960
Fault 19 0.685 0.637 0.742 0.912 0.882 0.995 0.471 1.000
Fault 20 0.953 0.941 0.953 0.953 0.954 0.960 0.946 0.950
Average 0.831 0.770 0.871 0.876 0.886 0.916 0.902 0.971
Best times 3 2 4 2 3 5 3 12

Note: (1) Average: Average fault identification rate for all faults.
(2) Best times: Number of times each method has the highest individual fault identification rate among all methods.

Table 3
Experimental setup for ablation experiments under comparison with SOAP-EGNN.

Block segmentation Dynamic Convolution Subgraph aggregation MI enhanced Causality compensation LSR

Model 1 × ✓ ✓ ✓ ✓ ✓
Model 2 ✓ × ✓ ✓ ✓ ✓
Model 3 ✓ ✓ × ✓ ✓ ✓
Model 4 ✓ ✓ ✓ × ✓ ✓
Model 5 ✓ ✓ ✓ ✓ × ✓
Model 6 ✓ ✓ ✓ ✓ ✓ ×

Table 4
FIR of SOAP-EGNN and other ablation methods in the TE process.

Model
1

Model
2

Model
3

Model
4

Model
5

Model
6

SOAP-EGNN

Normal 0.674 0.801 0.814 0.937 0.823 0.825 0.955
Fault 1 0.991 0.988 0.985 0.982 0.985 0.965 0.997
Fault 2 1.000 0.996 0.992 0.996 0.995 0.987 0.995
Fault 4 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Fault 5 0.412 0.707 0.524 0.566 0.927 0.451 0.946
Fault 7 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Fault 8 0.904 0.893 0.944 0.910 0.886 0.811 0.939
Fault 10 0.896 0.894 0.895 0.957 0.928 0.931 0.992
Fault 11 0.840 0.887 0.907 0.880 0.919 0.907 0.992
Fault 12 0.662 0.817 0.632 0.642 0.730 0.932 0.942
Fault 13 0.688 0.702 0.748 0.697 0.785 0.572 0.831
Fault 14 0.990 0.997 1.000 1.000 1.000 1.000 1.000
Fault 17 0.999 1.000 1.000 1.000 0.996 0.981 0.996
Fault 18 0.940 0.930 0.936 0.958 0.950 0.935 0.960
Fault 19 0.835 0.918 0.775 0.827 0.636 0.987 1.000
Fault 20 0.951 0.951 0.950 0.955 0.954 0.941 0.950
Average 0.859 0.904 0.881 0.895 0.906 0.886 0.971
Best times 3 3 5 5 3 3 12
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closely resemble normal operational variability. Additionally,
faults 10, 12 and 13 manifest as slowly evolving state drifts, further
aggravating pairwise similarity. Collectively, these overlapping
manifestations challenge the separability of the aforementioned
fault types. Moreover, these faults are all subject to multivariable
coupling effects, which cause the system to exhibit highly similar
abnormal patterns. Consequently, they share commonalities in
variable fluctuation, evolution mechanisms, and coupling effects,
forming a fault set with high mutual confusion. This effectively
reflects the classification challenges posed by complex anomalies
in real industrial processes.

Fig. 10 (a) illustrates that under the N-pair-ms loss, the feature
distributions of the five fault types still exhibit significant overlap.
In particular, faults 5, 10, and 12 share overlapping regions in the
feature space, while faults 8 and 13 also demonstrate partial
mixing, indicating that the inter-class boundaries remain indis-
tinct. As shown in Fig. 10 (b), incorporating the Supcon loss results
in clearer separation between faults 8 and 13; however, the fea-
tures of faults 5, 10, and 12 continue to overlap in the feature space,
suggesting that fault discrimination remains challenging. Fig. 10
(c) presents the results obtained with the Circle loss, where
regulating intra-class and inter-class distances enhances discrim-
inability to some extent, leading to relatively compact clusters for
most categories. Nonetheless, partial confusion among certain
fault features remains observable. In Fig. 10 (d), the IAAM loss fails
to effectively enlarge inter-class separations, with several clusters
still exhibiting overlap, indicating its limitations in handling
complex multi-class fault recognition. Furthermore, Fig. 10 (e) il-
lustrates the feature distribution under the Perceptual loss.

Although this method improves feature extraction to a certain
degree, the boundaries between faults 5 and 12, as well as be-
tween faults 8 and 13, remain insufficiently distinct, suggesting
constrained feature disentanglement capability. In contrast, as
shown in Fig. 10 (f), SOFPS achieves clear boundaries and low-
overlap feature distributions, enabling effective inter-class sepa-
ration while preserving intra-class consistency, thereby providing

Fig. 8. FIR comparisons of ablation methods in the TE process.

Fig. 9. Average FIR comparisons under different FPMs in the TE process. Fig. 10. t-SNE results of faults 5, 8, 10, 12, 13 in the TE process. (a) With N-pair-ms loss.
(b) With Supcon loss. (c) With Circle loss. (d) With IAAM loss. (e) With Perpectual loss.
(f) With SOFPS.

Table 5
FIR of SOAP-EGNN with LSR strategy and other regularization methods in the TE
process.

L2 regularization OGLL-L1 MC-dropout LSR strategy

Normal 0.893 0.881 0.923 0.955
Fault 1 0.962 0.977 0.995 0.997
Fault 2 0.997 0.991 1.000 0.995
Fault 4 1.000 1.000 1.000 1.000
Fault 5 0.926 0.678 0.867 0.946
Fault 7 1.000 0.999 1.000 1.000
Fault 8 0.834 0.866 0.923 0.939
Fault 10 0.971 0.939 0.932 0.992
Fault 11 0.889 0.953 0.997 0.992
Fault 12 0.919 0.912 0.781 0.942
Fault 13 0.734 0.683 0.671 0.831
Fault 14 1.000 1.000 1.000 1.000
Fault 17 0.999 0.986 1.000 0.996
Fault 18 0.949 0.928 0.959 0.960
Fault 19 0.774 0.991 1.000 1.000
Fault 20 0.955 0.940 0.959 0.950
Average 0.912 0.919 0.938 0.971
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more discriminative feature representations for subsequent fault
identification.

Furthermore, the results presented in Table 5 provide a
comprehensive evaluation of the SOAP-EGNN model under
different regularization strategies in the TE process. The analysis
highlights the superiority of the label smoothing regularization
(LSR) strategy over comparative regularization methods such as L2
regularization [35], OGLL-L1 regularization [36], and MC-dropout
[37]. The FIR values in Table 5 demonstrate that the LSR strategy
consistently outperforms other regularizationmethods acrossmost
fault scenarios. SOAP-EGNN with LSR achieves an average FIR of
0.971, surpassing L2 regularization (0.912), OGLL-L1 regularization
(0.919), and MC-dropout (0.938). This superiority underscores the
effectiveness of LSR in enhancing model robustness and general-
ization. Notably, LSR achieves perfect performance in several fault
cases such as fault 4, fault 7, fault 14, and fault 19, while other
methods struggle in some of these scenarios. For example, L2
regularization and OGLL-L1 regularization fail to achieve perfect
identification accuracy in fault 19, whereas LSR excels. The exper-
imental results conclusively validate the superiority of the LSR
strategy in enhancing SOAP-EGNN's fault identification capabilities.

3.5. Specific implementation results of enhanced attention
mechanism

The proposed dual-attention design integrates prior relation-
ships with data-driven feature learning, enabling the model to
effectively capture complex node interactions while maintaining
robustness. To further elaborate the implementation details of the

enhanced attention mechanism and illustrate the differences in
attention weights among graph nodes under the fault condition,
an analysis of TE process fault 4 has been provided. As illustrated in
Fig.11, larger node sizes indicate a higher central importance of the
node, reflecting increased attention values following a fault
occurrence. Fault 4 is a step fault, which is caused by a change in
the reactor coolant inlet temperature. As presented in Fig. 11, the
attention values associated with V49 (recycle coolant flow rate),
V21 (recycle coolant temperature), and V9 (reactor temperature)
become significantly more pronounced. This pinpoints the signif-
icance of variables like V49, V21, and V9, which are directly affected
by changes in the reactor coolant inlet temperature.

The enhanced attention mechanism thus provides a powerful
tool for diagnosing and understanding complex fault scenarios in
the TE process by adaptively focusing on relevant variables and
their interactions, which also enhances interpretability by
providing a clear visualization of the model's decision-making
process, making it easier to understand the relationships and in-
teractions between variables.

4. Conclusions

In this article, a novel framework termed SOAP-EGNN is designed
for fault identification in large-scale processes. To investigate the
interdependencies among process variables and how fault occur-
rences impact these relationships, graph neural networks are
adopted as the foundational structure. Process data mining is lever-
aged to uncover sensor relationships not fully captured by incom-
plete process mechanistic knowledge, enhancing the description of

Fig. 11. Initial enhanced attention values of fault 4 state in the TE process.
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sensor connections. Subsequently, attention-based dynamic convo-
lution models fine-grained quantitative dependencies between
process variables, considering the prior relevance of variables, which
facilitates adaptive fault perception. The integration of a sample-
optimized feature processing strategy within SOAP-EGNN shifts
decision boundaries towards low-density regions, clarifying dis-
tinctions among fault categories and enhancing fault identification
performance. Additionally, the label smoothing regularization (LSR)
strategy is employed to prevent overfitting during training. Experi-
ments on the TE process demonstrate SOAP-EGNN's superiority over
alternative methods for process fault identification, with ablation
studies confirming the significant performance improvement of the
fault identification.

Despite the innovative approach of SOAP-EGNN in enhancing
fault identification through advanced graph neural networks and
feature processing strategies, the current study has limitations in
generalizability and scalability. Moreover, due to computational
efficiency concerns, the proposed method may not be able to fully
address the complexity of real-time fault detection. Future work
should focus on expanding the model's validation to diverse in-
dustrial scenarios, optimizing computational efficiency for real-
time applications, and exploring accurate identification of un-
known faults.
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