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Human Action Recognition Based on Multi—perspective Depth Motion Maps

Liu Tingting, Li Yupeng, Zhang liang
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Abstract: Objective Due to insensitivity to illumination of depth data, action recognition based on depth data is
gradually carried out. There are two main methods, one is point clouds converted from depth maps, the other is depth
motion map (DMM) generated from depth maps projection. Motion history point cloud (MHPC) was proposed to
represent actions, but the large amount of points in MHPC incur expensive computations when extracting features. Depth
motion map is generated by stacking motion energy of depth maps sequence projected onto three orthogonal Cartesian
planes. Projecting the depth maps onto a specific plane get additional body shape and motion information. However,
depth motion map contains motion information inadequately, which caps the human action recognition accurate, even

though it is simple to extract features from depth motion map. In other words, an action is represented by DMMs from
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only three views, so the action information from other perspectives is lacking. To solve above problems,
multi-perspective depth motion maps for human action recognition is proposed. Method In the algorithm, firstly, the
motion history point cloud (MHPC) is generated from depth maps sequence to represent actions. Through rotating the
motion history point cloud around axis Y a certain angle, motion information under different perspectives is
supplemented. Then primary MHPC is projected onto three orthogonal Cartesian planes, and rotated MHPC is projected
onto XOY planes. Multi-perspective depth motion map generated from these projected MHPC. After projection, the point
clouds are distributed in plane where there are many overlapping points under the same coordinates. These points may
come from the same frame of depth map, or may come from different frame.We use these overlapping points to generate
DMM so as to capture the spatial energy distribution of motion. For example, the pixel in depth motion maps generated
from MHPC projected onto XOY plane is the sum of absolute difference of z of the adjacent two overlapping points
belonging to different frames. DMMs generation from MHPC projected onto YOZ plane and XOZ plane are similar to
this, only the point of the z correspondingly is changed to the x and y. MHPC is projected onto three orthogonal Cartesian
planes to generate DMM from front, side, top view respectively. The rotated MHPC is projected onto XOY plane to
generate DMM under different view. Multi-perspectives depth motion maps encoding the 4D information of an action to
2D maps are utilized to represent an action, so the action information under more perspective is replenished. It should be
noted that, the value of X,Y,Z of points in projected MHPC are normalized to fixed values as the multi-perspective depth
motion maps image coordinates, which can reduce the intra-class variability due to different action performers.
According to the experience, this paper normalizes the values of x and z to511, and y t01023. The histogram of oriented
gradient (HOG) are extracted from each depth motion map, then they are concatenation as feature vectors of an action.
Lastly, the SVM classifier is adopted to train the classifier to recognize the action. Experiments with this method on the
MSR Action3D dataset and our dataset were done. Result The proposed algorithm exhibits improved performances on
MSR Action 3D database and our dataset. There are two experimental settings for MSR Action3D. This algorithm
achieves an identification rate of 96.8% in experiment setting one, which is obviously better than most algorithms. The
action recognition rate of the proposed algorithm is 2.5% higher than that APS_PHOG(axonometric projections and PHOG
feature) algorithm, 1.9% higher than that of DMM algorithm, 1.1% higher than that of DMM_CRC (Depth motion maps
and Collaborative representation classifer) algorithm. In the second experimental setting, the recognition rate reached
93.82%, 5.09% higher than DMM algorithm, 4.93% higher than HON4D algorithm, 2.18% higher than HOPC algorithm,
1.92% higher than DMM_LBP feature fusion. In our database, the recognition rate of this algorithm is 97.98%, 3.98%
higher than MHPC algorithm. Conclusion MHPC is used to represent the action, which supplement the action
information from different perspectives by rotating certain angles. Multi-perspective depth motion maps are generated by
computing the distribution of overlapping points in the projected MHPC, which captures the spatial distribution of the
absolute motion energy. Coordinate normalization reduce the intra-class variability. The experimental results show that
multi-perspective depth motion map not only solve the difficulty of extracting features from motion history point cloud,
but also supplement motion information of traditional depth motion map. Human action recognition base on
multi-perspective depth motion map outperform some existing methods. The new approach combines the method of point
clouds with the method of deep motion map, which full play the advantages of both and weakens the disadvantages.
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history point cloud; Histogram of Oriented Gradient; support vector machine
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Fig.2 The framework of the generation of MHPC
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Action set 1(AS1) Action set 2(AS2) Action set 3(AS3)

Horizontal wave(2)  High wave(1) High throw(6)

Hammer(3) Hand catch(4) Forward kick(14)
Forward punch(5) Draw x(7) Side kick(15)
High throw(6) Draw tick(8) Jogging(16)

Hand clap(10) Draw circle(9) Tennis swing(17)
Two hand

Bend(13) Tennis serve(18)
wave(11)

Tennis serve(18) Forward kick(14) Golf swing(19)

Pickup throw(20)
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Table 2 Comparison of our method with other existing methods in experiment setting 1(%b6)

Test one Test two Cross subject
Methods Average
AS1 ‘ AS2 ‘ AS3 ‘ Average AS1 ‘ AS2 ‘ AS3 ‘ Average | AS1 ‘ AS2 ‘ AS3 ‘ Average
DMMLE3! 97.3 922 98,0 95.8 98.7 94.7 98.7 97.4 96.2 841 946 91.6 94.9
APS_PHOG! 948 952 979 96.0 97.8 98.8 98 98.2 90.6 814 946 88.8 94.3
DMM_CRC!4 97.3 96.1 987 97.4 98.6 98.7 100 99.1 96.2 832 920 90.5 95.7
AILTTiE 97.0 982 965 97.2 1000 1000 99.1 99.7 91.7 951 939 93.6 96.8
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Table 3 Comparison of our method with other existing
methods in experiment setting 2(%b)

Methods Accuracy (%)
HOPCE! 91.64
HON4DY! 88.89
SNV 93.45
DMME] 88.73
DMM_LBP_FFs! 91.90
DMM_LBP_DFUs! 93.00
Multi_Fused Features!*®l 93.30
AT 93.82
e IR R R
3.2.2 BERIREE
O SR EODRAI D, o oo W ABNTERE

TR . M PR AT B — S )RR ) Uy i3
ATSENG, BT T 97.98% M HAIE, SEIGAE R LK 4.

SCHR [12] K 30 1 A A 1R R B B R A AR R — A
MHPC XFENERETR IR, BN AT FERAE, 4
K H Harris3D FLllAFAE s, FH45 APl AR IE B
77 & (Fast Point Feature Histogram,FPFH) X 45iF 4
BEATHIIR ,  AERFAER IR 1 S A il 5 1) 0 2R J5 0T R
TE AT RR, 5 R SR ENLSEI 2K, £
H 5 A S T 94%I IR A% . MHPC %8 Y 4l
e +25°.+45° Ji, H5JFEER MHPC (R KR —1N3)
Y ,i¢ A Multi_perspective MHPCs . % % 4 — 4>
MHPC 43 31K F SCHR [L1] 1) 77 VRS BURRE 5 E4TRF
fERRS, SRIEFIFH SVM 4325, B8 T 96.97%f11iK
BIF, AT B MHPC R BI R EH 2.97%,
A 38 3 e e 38 I i S 2 A0 R B EAE B AR
B, R RN R A . {Ha2 MHPC 777
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Multi_perspective_ MHPCs #5524 il 2 41 M1 iR 12 5)
B, A1 =4k i = REAE R R R A — 4R P R
FESREU ], faifk 1 BRBURAIE ) ia 2 2R BE I [R]
i, Et Multi_perspective MHPCs iR 5] K # & T
1.01%, AT 97.98%[ 1%, IE T4 MHPC
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SRR
x4 EBEERYEEDIRERSUESELE (%)
Table 4 Comparison of our method with other existing
methods (%) in our database

Methods Accuracy (%)
MHPC 94.00
Multi_perspective_ MHPCs 96.97
AKILTT i 97.98
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