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Abstract: This study proposes an improved spatial-temporal two-stream network to improve the pedestrian
action recognition accuracy of infrared sequences in complex backgrounds. First, a deep differential network
replaces the temporal stream network to improve the representation ability and extraction efficiency of
spatio-temporal features. Then, the improved softmax loss function based on the decision-making level
feature fusion mechanism is used to train the model, which can retain the spatio-temporal characteristics of
images between different network frames to a greater extent and reflect the action category of pedestrians
more realistically. Simulation results show that the proposed improved network achieves 87% recognition
accuracy on the self-built infrared dataset, and the computational efficiency is improved by 25%, which has
a high engineering application value.
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Table 1 Classes and quantities of data-sets

NO Categories Total

1 Walk 152
2 Stand 203
3 climb 186
4 Jog 265
5 Jump 174
5 Punch 128
7 Lying 295
8 Wavel 168
9 Wave2 177
10 Crouch 312
11 Sitting 268
12 Handclapping 208
13 Push 158
14 Fight 119
15 Handshake 134
16 Hug 168
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Table 3 Performance analysis of different comparison models
Categories IDT C3D SCNN-3G L-LSTM Ts-3D OFGF Our
Prm Mr Rr Pr  Mr Rr Pr  Mr Rr Pr - Mr Rr Pr  Mr Rr Pr Mr Rr Pr Mr Rr
Walk 64 27 70 66 21 72 68 23 72 74 19 77 76 27 74 79 16 80 78 10 80
Stand 72 20 75 76 19 77 76 19 74 82 19 87 8 20 75 84 16 8 8 20 86
climb 50 36 61 53 31 63 61 34 66 66 25 67 71 36 61 76 24 81 78 16 81
Jog 66 28 70 68 23 75 70 23 70 67 28 76 71 28 70 76 19 78 8 8 90
Jump 60 32 65 61 31 68 67 34 67 60 32 74 72 32 65 72 22 77 71 16 80
Punch 41 50 44 41 40 43 46 51 48 51 40 58 60 S50 64 61 30 64 67 22 69
Lying 56 36 60 57 31 66 59 33 65 56 36 67 70 30 67 66 22 69 67 16 70
Wavel 65 31 65 68 29 68 68 30 68 65 31 76 72 23 75 75 11 80 82 11 85
Wave2 68 28 69 70 30 71 71 23 76 68 28 87 78 28 79 81 17 86 88 8 88
Crouch 41 29 41 43 34 45 44 23 46 41 29 58 53 20 50 60 22 61 68 26 71
Sitting 70 24 78 73 28 80 72 28 79 71 24 81 78 19 81 8 15 88 82 14 87
Handclap 37 33 38 38 34 42 38 30 33 37 33 50 45 23 58 67 22 68 72 23 76
Push 41 46 44 44 4T 46 42 42 47 41 46 57 66 30 64 71 23 74 71 16 79
Fight 53 35 57 58 30 58 56 31 58 53 35 67 67 29 67 63 15 77 80 13 80
Handshake 62 29 67 65 31 70 66 26 70 62 29 76 71 20 77 75 19 87 76 22 81
Hug 67 26 69 66 27 72 61 28 74 76 28 74 74 26 78 78 25 79 81 14 85
Mixed dataset 57 31 60 59 30 63 60 29 63 60 30 70 69 27 69 72 18 77 77 15 80
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