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Hierarchical bilinear pooling method for image-based action recognition

Wu Wei  Yu Jiale

(School of Computer, Inner Mongolia University , Hohhot 010021, China)

Abstract : Image-based action recognition is still a very challenging task because it is disturbed by the differences in the background
information of the images in the class and the similarity of the behavior between the classes. Some action categories are very similar in
terms of human poses and facial expressions, so extracting salient features from various parts of the image that are rich in semantic
information is essential to improve the accuracy of action recognition. Drawing on the advantages of the bilinear pooling model in fine-
grained image classification, and to avoid this model which containing a lot of background noise to affect the recognition accuracy, an
improved bilinear pooling model is proposed for action recognition in the paper. The model uses channel and spatial-wise attention
mechanism to focus on the important targets in the image, and generates Rol by integrating multi-layer attention mask, which can
effectively suppress the background noise information in the image and improve the accuracy of action recognition. Our method achieves
the accuracy of 85.24% on the Stanford—40 dataset, and the accuracy of 84. 57% on the custom 60 kind of action dataset.
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Fig. 1 Ilustration of our model architecture
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Fig.2 (a) Some examples on the Stanford 40 dataset;

(b) instances of our dataset
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Table 1 Performance (mean AP) of different attention
methods on the Stanford-40 action dataset

Method mAP/ %

Baseline (VGG-16) 71.26

HBP 77.36

Spatial-wise attention 78. 84
Channel-wise attention 79.31
Sequential Channel-Spatial attention 83.58
Sequential Spatial-channel attention 82.82
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Table 2 Performance (mean AP) of different methods

with mask aggregation on the Stanford-40 action dataset

Method mAP/%
Baseline+Mask Aggregation 73.69
HBP+Mask Aggregation 78.35
Channel-wise attention+Mask Aggregation 80.73
Spatial-wise attention+Mask Aggregation 79. 65
Channel-spatial attention+Mask Aggregation 85.24
Spatial-channel attention+Mask Aggregation 83.87
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Fig.3 Visualization of the aggregated mask on some samples

in the Stanford 40 action dataset
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Table 3 Performance (mAP) of different models

on the Stanford-40 action dataset
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Table 4 Performance (mAP) of different methods

on our action dataset

Method Network mAP/%
Baseline ( VGG-16) VGG-16 71.26 Method mAP/%

Cagdas et al. AlexNet 66. 13 Baseline (VGG-16) 70.53
Simonyan et al. 16-layer and 19-layer net 72.40 HBP 78. 63
Qi et al. VGG-16 80. 69 Attention HBP ( channel-spatial attention) 82.75
Zhang et al. VGG-16 80. 80 Mask Aggregation ( baseline) 76.21
Lavinia et al. ResNet50, VGG-19, GoogleNet 81. 146 Mask Aggregation (HBP) 81.62
Ours VGG-16 85. 24 Ours 84.57
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Fig.4 The comparison of each class on the

Stanford 40 action dataset
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