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Abstract
The data set used for fault diagnosis of traditional industrial process is generally industrial

WES|H: R4, B ET XA Swinc Transformer [ TVt FE#faiZ )], @R 545 E, 2023, 12(2): 777-785.
DOI: 10.12677/mo0s.2023.122074


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2023.122074
https://doi.org/10.12677/mos.2023.122074
https://www.hanspub.org/

TR, W

process data, that is, sensor numerical data. In recent years, industrial process fault diagnosis has
encountered a bottleneck in accuracy, and then the emergence of video data provides a new direc-
tion for industrial process fault diagnosis. Therefore, this study proposes a video classification
industrial process fault diagnosis model based on Two Stream Swinc Transformer. In this method,
in order to capture the temporal and spatial features of video, this study adds a 3D convolution
module to the Swin Transformer Block of Swin Transformer first, thus constructs Swinc Trans-
former deep learning model. Then, in order to further capture the temporal features of video,
Swinc Transformer is used as the backbone network, and two-stream network is introduced. Fi-
nally, in order to better integrate optical flow features and image features, Cross Attention Me-
chanism (CAM) is introduced to adaptively allocate the weight of optical flow and RGB image fea-
tures. The PRONTO benchmark data set is used to verify the method. The experimental results
show that the proposed Two Stream Swinc Transformer method has better classification perfor-
mance than other video classification models. At the same time, compared with ordinary industri-
al process data, video data has more advantages in fault diagnosis accuracy. The classification ac-
curacy is 95.37%.
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Figure 2. Swin Transformer block
& 2. Swin Transformer Block
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2.3. Swinc Transformer Block
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Figure 3. Cross attention mechanism
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Figure 4. Loss convergence curve of ablation experimental model
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Table 2. Comparison results of fault diagnosis classification models
= 2. BPRISHT T FHRBIITEL LA R

HmR R Ko Ty W% MicroFl K FE s
1 SVM 85.68 85.63 78.82 76.48
2 NB 86.85 86.76 76.95 89.52

N A€/ 3 RNN 91.66 91.93 90.29 93.63
4 SAE 91.35 89.67 90.17 89.18
5 GRU 92.07 92.64 93.16 92.13
6 Deep Video 52.73 47.83 52.47 43.94
7 C3D 73.26 74.32 73.15 75.53
8 P3D 75.89 75.46 74.11 76.86
9 S3D 78.67 80.37 78.76 82.05
10 TSN 85.65 85.16 86.14 84.20
11 Slow Fast 84.73 86.35 86.52 86.18

ML 12 TSM 83.69 78.53 78.13 78.93
13 TEA 82.19 82.76 81.35 84.22
14 VIT 79.74 80.27 79.69 80.85
15 Swin Transformer 80.33 81.52 80.26 82.82
16 Two Stream Swin Transformer 92.63 93.16 92.53 93.80
17 Swinc-Transformer 90.38 91.43 91.27 91.59
18 Two Stream Swinc Transformer 95.26 95.37 95.68 95.06
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