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Table 1 Network architecture and parameters of the WBDSFRN
Module Structure Parameter
E. E, BLOCKI1 Kernel size 3 x 1, stride 1, padding 2, dilation 1
BLOCK2 Kernel size 5 x 1, stride 1, padding 4, dilation 1
BLOCK3 Kernel size 7 x 1, stride 1, padding 6, dilation 1
E% Linear-LN-SELU Linear layer weights 100 x 100
Linear-LN-SELU Linear layer weights 100 x 100
Fi/ F Linear-LN-SELU Linear layer weights 100 x 32
Linear-LN-SELU Linear layer weights 32 x 16
Linear Linear layer weights 16 x Domain number
Fc Linear Linear layer weights 100 x Class number
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Fig.3 (a) Sources and target domains with distributional differences; (b) Target and source domains are perfectly aligned ideally; (c) There is

still a domain shift in the target domain, leading to misclassification in reality
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Table 2 Workflow of WBDSFRN

Algorithm 1: WBDSFRN

# Training stage

Input: Multiple source dataset Df k= 1,2,...,K , K is number of source domains5

1. for epoch = 1 to epochs do

2. Randomly sample source data from {D$ }le

3. Forward propagation to calculate Eq. (12)

4. Backward propagation to update E.,EX, F., Fc, Ep, F3 by Eq. (13), (14), (15), (16), (17), (18)

5. end for

Return: The optimal E., EX, F}, Fc,Ep, F3
# Testing stage

Input: Unseen target dataset D”

Model: WBDSFRN with optimal E., EX, F), Fe,Ep, F3

Process: Calculate the similarity w” by Eq. (9) and obtain the domain-invariant features of the target domain by

Eq. (8), and then F, is used to classify

Output: Final diagnosis decisions
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Table 3 Fault diagnosis accuracy of WBDSFRN and other
methods on task A

Fault diagnosis accuracy/%
Model

Target 1 Target 3 Target 5 Average
DCORAL 92.10 94.42 93.10 93.21
DANN 92.87 94.28 92.87 93.34
CCDG 92.82 93.96 89.59 92.12
CCN 93.74 94.97 93.62 94.02
CDDG 91.87 92.91 92.60 92.46
Ours 93.13 93.74 92.32 93.06

# 4 WBDSFRN FUHAUJHETEAE S B LRSS Wiks
Table 4 Fault diagnosis accuracy of WBDSFRN and other
methods on task B

Fault diagnosis accuracy/%
Model

Target 4 Target 5 Target 6 Average
DCORAL 81.60 90.29 94.43 88.77
DANN 78.34 93.78 94.93 89.02
CCDG 73.63 93.31 95.46 87.47
CCN 80.00 94.57 95.25 89.94
CDDG 64.81 92.60 95.29 84.23
Ours 87.08 95.27 95.20 92.52
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Table 5 Fault diagnosis accuracy of WBDSFRN and other
methods on task C

# 6 WBDSFRN FlHAh ik fEE % D L2 Wik B

Table 6 Fault diagnosis accuracy of WBDSFRN and other
methods on task D

Fault diagnosis accuracy/%

Fault diagnosis accuracy/%

Model Model
Target 3 Target 4 Target 6 Average Target 1 Target 2 Target 5 Average

DCORAL 75.91 66.07 72.51 71.50 DCORAL 89.94 87.82 84.30 87.35
DANN 75.717 60.62 71.28 69.22 DANN 84.88 86.51 83.79 85.06
CCDG 72.30 60.44 70.62 72.01 CCDG 86.62 85.76 88.00 86.79
CCN 74.05 55.60 68.38 66.01 CCN 88.80 88.04 88.59 88.48
CDDG 74.42 50.39 71.88 65.56 CDDG 88.93 89.49 86.13 88.18
Ours 77.33 78.28 75.27 76.96 Ours 91.44 90.25 92.31 91.33
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Table 7 Diagnosis accuracy of ablation experiments when mode
4 is target domain and source domains are mode 1, mode
2 and mode 3, respectively

Diagnosis accuracy/%
Fault

M1 M2 WBDSFRN
Normal 37.7 43 52.9
Fault 1 66.6 31.4 98.6
Fault 2 99.3 99.7 100.0
Fault 4 99.8 99.5 99.1
Fault 5 17.2 0.7 5.6
Fault 6 100.0 100.0 100.0
Fault 7 9.2 74.7 94.5
Fault 8 98.5 98.3 98.6
Fault 10 88.4 72.7 90.6
Fault 11 99.5 100.0 100.0
Fault 12 97.4 100.0 100.0
Fault 13 87.9 75.8 98.3
Fault 14 94.0 93.5 93.7
Average 76.6 73.1 87.1
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Fig. 5 Diagnosis result of different methods when mode 4 is target domain, and source domains are mode 1, mode 2 and mode 5, respectively
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Fault Diagnosis of Unseen Modes in Chemical Processes
Based on Feature Weighted

YI Li, SHI Hongbo, SONG Bing, TAO Yang
(School of Information Science and Engineering, East China University of Science and Technology,
Shanghai 200237, China)

Abstract: Fault diagnosis is critical for ensuring production safety and product quality within the chemical
industry. Existing fault diagnosis models that leverage deep neural networks are typically trained using samples from
specific operating conditions, neglecting the domain generalization capabilities of these models. This leads to a
significant decline in diagnostic performance in complex and variable scenarios. To address this issue, a weighted-
based domain-specific feature removal network (WBDSFRN) is proposed. WBDSFRN incorporates a weighted-based
domain-specific feature removal module, which effectively discriminates between domain-invariant and domain-
specific features during the training phase. In the testing phase, the model largely eliminates domain-specific features of
the target domain to mitigate domain shift effects. Finally, experiments are conducted using the Tennessee-Eastman
process (TEP). The results demonstrate that WBDSFRN significantly outperforms existing approaches and exhibits
robust diagnostic performance even under complex and variable operating conditions.

Key words: fault diagnosis; deep neural networks; domain generalization; domain shift; Tennessee-Eastman

process
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