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Fault Diagnosis of a Small Sample Multimodal TE Process
Based on Meta Learning
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Abstract; To address the issue of low accuracy of fault diagnosis of the multimodal TE process
with limited samples. An ensemble fault diagnosis method SEDN4 based on deep nearest neighbor
neural network ( DN4 ) combined with squeeze and excitation( SE) blocks is proposed. First, the mul-
timodal process data is converted into a two-dimensional image using the wavelet packet transform
to delineate the meta-learning task. Local feature extraction is then performed by the embedding
network to obtain local feature descriptors. Finally,a k-neighborhood search is used to find the ex-
pected values. With the new modes, based on the experience of existing model designs, the new
fault diagnosis model can be obtained quickly under small sample conditions. According to the ex-
perimental findings,the method can be used to realize multimodal fault diagnosis well under small
sample conditions. The improved fault diagnosis accuracy leads to better diagnostic results.
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®1 WA TE TR 3 SHES TE RIS EER (4-way 4-shot)
Table 1 Types of TE process faults used Table 3 Multimodal TE process fault diagnosis
for the experiments results (4-way 4-shot)
W2 s L] _— SEEIUER R/ %
LN
1 A/D HERFEEUAS , 4143 B S AR [5S MTL ProtoNet DN4 SEDN4
4 AR et A lb N R Y; 2 e Y [1NS 1234 51.78 96. 61 91.49 98.18
8 Yk A B .C AL AR FEALAE 1k 1243 52.13 92. 44 95.01 97. 80
12 REER AR A R R AR BB fk 134—2 52.01 73.37 74.24 74. 48
234—1 54.34 76.99 93.43 96. 01
2 WATA TE SRRHEEEN 4 FEES
. T3 52.57 84. 85 88. 54 91. 62
Table 2 Four modalities of the TE process data set

used for the experiments

ARG =Y G R H H TR L P/ (kg - h")
1 50/50 14 076
2 10/90 14 077
3 90/10 11111
4 50/50 FeoR 7 i
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Table 4 Multimodal TE process fault diagnosis
results (4-way 1-shot)

N AR %
B
MTL ProtoNet DN4 SEDN4
123—4 52.85 88. 84 77.41 89. 33
124—3 48.20 85. 68 87.60 92. 95
134—2 49. 84 70. 49 74.07 74. 31
234—1 48.37 68. 16 80. 15 81.55
-1y 49. 82 78.29 79. 81 84.54
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Table 5 Average accuracy of SEDN4 at different &

values (4-way 4-shot)
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