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Video smoke recognition based on random patch shift and deformable attention

XIE Yehui, ZHAO Haitao

(School of Information Science and Engineering, East China University of Science and
Technology, Shanghai 200237, China)

Abstract: Recognition of smoke emission behavior in industrial environments is of vital importance for
regulating and monitoring companies in real time, as well as for environmental protection. However, it is
highly challenging. On the one hand, industrial emission smoke is characterized by high transparency and high
dynamics, and on the other hand, the shape and size of smoke may change due to the environment, lighting,
and other factors. Currently, the mainstream smoke recognition methods are deep learning models based on
images and videos, but the image-based models cannot effectively model the dynamic characteristics of the
smoke in the video in a time-series manner, while the video-based models do not take into account the
characteristics of the variable shape of the smoke. The random patch shift (RPS) and deformable attention
(DA) was introduced into the Swin Transformer. The traditional 2D spatial attention was transformed into
spatio-temporal attention by RPS, thereby modeling the dynamic smoke using 2D self-attention computations.
By means of adaptive deformation, DA enabled the network to adapt to different smoke shapes and appearance
changes, thereby improving the robustness and generalization ability of the network. Experimental results on
the RISE dataset show that the proposed method can achieve F; scores of 0.85, 0.86, and 0.84 in the three
subsets, respectively, with an improvement of 0.01~0.06 compared to other methods.

Key words: smoke recognition; random patch shift; deformable attention; deep neural network
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Fig.1 Overall framework diagram of network
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Fig. 3 Schematic diagram of deformable attention
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Table 1 Comparison of different methods on RISE test set

o Fi 508
So S S» S3 Sy S5

Flow-SVM 042 059 047 0.63 052 047
Flow-13D 0.55 0.58 051 0.68 0.65 0.50
SVM 0.57 0.70 0.67 0.67 0.57 0.53
13D 0.80 0.84 0.82 0.87 0.82 0.75
I3D-ND 076 0.79 081 0.86 0.76 0.68
I3D-FP 0.76 0.81 0.82 0.87 0.81 0.71
I3D-TSM 0.81 084 082 0.87 0.80 0.74
I3D-LSTM 0.80 0.84 0.82 085 0.83 0.74
I3D-TC 081 084 0.84 087 081 0.77

CNN-NonFFM'™ 083 082 0.84 0.85 0.78 0.83

EFFNet!'” 0.84 083 086 0.86 080 0.83
AFSNet!" 0.85 0.86 082 091 081 080
ARICTT i 085 085 086 083 084 0.79

R2 FRFEIIERELLE

Table 2 Performance comparison of different methods

ik Parameters/M FLOPs/G FPS
13D 12.3 62.7 32.71
I13D-TSM 12.3 62.7 31.40
I3D-LSTM 38.0 62.9 32.25
13D-TC 12.3 62.7 32.88
EFFNet'" 27.2 34.6 42.57
AFSNet!" 30.8 40.6 34.87
A7 242 68.4 31.78

13D ATk
6 Grad-CAM AT#L{L
Fig. 6 Grad-CAM visualization
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Table 3 Ablation experiments of RPS and DA

(i8] FioM 8 Acc Py Re
Swin 05802  0.7049  0.6157  0.5486
Swin+RPS 0.8465  0.8869  0.8538  0.8394
Swin+tRPS+DA  0.8508  0.8925  0.8792  0.8242
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