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Table 1 121 Faults of TE Process
Fault Description Type

IDV(1) A and C feed ratio changing while B compo- Step
sition constant

IDV(2) B composition changing while A and C feed Step
ratio constant

IDV(3) D feed temperature changing Step

IDV(4)  Reactor cooling water inlet temperature Step
changing

IDV(5)  Condenser cooling water inlet temperature Step
changing

IDV(6) A feed loss Step

IDV(7)  C header pressure loss Step

IDV(8) A, Band C feed composition changing Random

IDV(9) D feed temperature changing Random

IDV(10) C feed temperature changing Random

IDV(11) Reactor cooling water inlet temperature Random
changing

IDV(12) Condenser cooling water inlet temperature Random
changing

IDV(13) Variation coefficient of reaction kinetics Slow drift

IDV(14) Reactor cooling water valve sticking Sticking

IDV(15) Condenser cooling water valve sticking Sticking

IDV(16) Variation coefficient of the stream supply of Random
the heat exchanger of the stripper

IDV(17) Variation coefficient of heat Random
transfer in reactor

IDV(18) Variation coefficient of heat transfer Random
in condenser

IDV(19) Unknown Unknown

IDV(20) Unknown Unknown

IDV(21)  The valve for Stream 4 was fixed at the Fixed position

steady state position
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Fig. 6 Best network architecture output by the multi-way

network architecture search
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Fig. 7 Confusion matrix of the network generated by the multi-way network architecture search
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Table 2 Contrast experiment results of the multi-way network

architecture search and other methods

K3 oM AR T RS R 45 R
Table 3 Ablation experiment results of the multi-way network
architecture search

Multi-way
Weight sharing  e-greedy  Accuracy/%  Search time/s
architecture
x x x 83.52 11572
\ x x 87.37 12750
\ J x 86.30 2620
N V N 89.39 2598

Accuracy/%
Fault
CDS-NAS ABPE-NAS GQNAS Proposed

1 83.61 91.25 91.90 93.29
2 95.39 92.02 94.95 99.74
4 84.47 86.47 88.71 92.49

5 52.42 57.79 65.65 57.53

7 100.0 100.0 100.0 100.0

8 88.59 86.59 95.12 96.99
10 88.37 87.33 87.64 90.54
11 76.38 90.66 80.28 94.4
12 54.92 42.45 55.15 67.15
13 60.87 62.09 71.62 66.2
14 90.11 88.12 89.01 95.73
17 90.63 95.93 94.48 96.17
18 83.91 87.12 84.35 93.98
19 94.74 93.54 93.61 98.60
20 88.20 93.23 91.41 97.99
Average 82.17 83.64 85.59 89.39

\—Retained component; x—Removed component
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Fault Diagnosis in Industrial Process Based on Multi-way
Network Architecture Search

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

Abstract: In industrial processes, machine learning methods based on neural networks are commonly used for
fault diagnosis. However, such methods suffer from poor transferability and usually require the design of distinct neural
networks for different tasks. The optimization of network model structures and parameters mainly relies on repeated
trial and error. This process not only depends on expert knowledge and experience but also consumes substantial time.
As model depth increases, the difficulty of model design and the workload of manual parameter tuning multiply
dramatically. Unlike manually designed neural networks, Neural Architecture Search (NAS) can automatically design
and generate network structures, which reduces the reliance on expert experience and knowledge to a certain extent,
simplifies manual optimization procedures, and cuts down the human and time costs incurred by structural design and
parameter adjustment. Nevertheless, networks generated by conventional NAS methods usually have a single branch
with a fixed structure. To address this issue, this paper proposes a fault diagnosis method based on multi-path neural
architecture search. Firstly, a controller is designed to automatically generate neural network structures with graph
convolutional networks as the basic unit. Secondly, a weight-sharing mechanism is adopted to substantially reduce
network evaluation time. Furthermore, the e-greedy strategy is introduced to prevent the controller from falling into
local optima. Finally, the effectiveness of the proposed method is verified on the Tennessee Eastman (TE) process
simulation platform. Compared with other classical methods, the proposed method achieves an average accuracy
improvement of over 3.85 percentage points and a search speed improvement of more than 71.2%.

Key words: process control; fault diagnosis; neural network; network architecture search; TE process
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