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RGB-D Action Recognition: Recent Advances and Future Perspectives

HU Jian-Fangh %3 WANG Xiong-Hui* ZHENG Wei-Shil' %3 LAI Jian-Huangh 23

Abstract Action recognition is an important research topic in computer vision, which is critical in some real-world
applications including security monitoring, robot design, self driving and smart home system etc.. The existing single
modality RGB based action recognition approaches are easily suffered from the illumination variation, background clutter,
which leads to an inferior recognition performance. The emergence of low-cost RGB-D cameras opens a new dimension for
addressing the problem of action recognition. It can overcome the drawbacks of single modality by outputting RGB, depth,
and skeleton modalities, each of which can describe actions from one perspective. In this paper, we mainly review the
current advances in RGB-D action recognition. Firstly, we briefly introduce some datasets popularly used in the research of
RGB-D action recognition, then we review the literatures and the state-of-the-art recognition models based on convolution
neural network (CNN) and recurrent neural network (RNN). Finally, we discuss the advantages and disadvantages of these
methods through the experiments on three datasets and provide some problems needing addressing in the future.
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Fig.1 Some RGB-D samples captured by Kinect (This figure presents some samples from SYSU 3DHOI set. The

examples for RGB, depth and skeleton modalities are provided in the first, second, and third rows, respectively. Each

column in the figure gives a sample of action “drinking

»

)

L o«

calling”, “packing”, “sitting down”, and “sweeping”,

respectively. As shown, each of the modalities characterizes actions from one perspective.)
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Table 1 Comparison of some existing RGB-D action datasets (Please refer to [17] for more details about the datasets)
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Fig.6 Learning actionlet ensemble for 3D human action

recognition[l]
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Table 2 Comparison of action recognition accuracies on
the NTU RGB-D dataset (“RGB-D” indicates that the
approach employs all the RGB, depth, and skeleton

modalities for recognition)
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Skeletal quads(®] R 38.6 41.4
Lie group!®7] & 50.1 52.8
Hierarchical RNNI[39] =gt 59.1 64.0
Deep RNNI(17] B 59.3 64.1
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Skeleton and depth!(®2] W+ B 75.2 83.1
Clips+CNN+MTLNI[43] gl 79.6 84.8
VA-LSTMI[42] 4R 79.4 87.6
Pose-attention!53] RGB + #%2 82.5 88.6
Deep bilinear(54 RGB-D 85.4 90.7
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DA-Net!55] RGB 88.12 91.96
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Table 3 Comparison of action recognition accuracies on

the MSR daily activity dataset
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Table 4 Comparison of action recognition accuracies on
the SYSU 3D HOI Dataset (“RGB-D” indicates that the
approach employs all the RGB, depth, and skeleton

modalities for recognition)
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