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Abstract

Industrial process video surveillance data has the temporal and spatial continuity, however the
existing fault diagnosis models based on video data is too large be deployed in real actual industrial
process. Therefore, this study proposes a lightweight video classification model based on Two-
stream Mobile Vit for fault diagnosis, and the weights of the Two-Stream Mobile Vit model are
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pruned. Firstly, video frames and dense optical flows of industrial videos are extracted as spatial
and temporal features of industrial processes, respectively. Then, the backbones of the proposed
model Mobile Vit is used to extract deep spatial features and temporal features. Finally, the Convo-
lutional Attention Fusion Mechanism is used at the tail of the Two-Stream model to fully fuse spatial
features and temporal features for final diagnosis. In order to make the proposed model more light-
weight, model weight pruning is used to reduce the number of parameters of the whole model. It is
shown through experiments that compared with other fault diagnosis models, the model proposed
and the pruning method applied in this study achieve higher diagnostic accuracy while the model
size is much lower than other models.
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Figure 1. Entire diagram of two-stream Mobile Vit
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Figure 3. Flowchart of Unfold operation
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Figure 7. Structural channel pruning
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Table 1. Configuration of hyper parameter
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Table 2. Diagnosis results of the different model based video data

2. FRIETISIBIRNEFEIS MR B AISEIER

kil Accuracy Precision Recall Flscore Paras

C3D 73.26 73.15 75.33 74.32 79.92M

Two Stream Swinc Transformer 95.26 95.68 95.06 95.73 32.58M

7 Mobile Vit 99.02 99.63 99.72 99.82 3.25M

B FREEIRR Mobile Vit 97.36 99.56 98.32 99.23 2.13M

Confusion matrix Confusion matrix
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Figure 8. Comparison between confusion matrixes of the original proposed model and the pruned proposed model
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Table 3. The impact of Shortcuts on the integrity of industrial process video data
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