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INTRODUCTION
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| | | P g P A } _____ — 1 Pre-trained ACSC so that it | | Deep LSTM [22] CVPR 2016 60.7 67.3 r , |
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modules compatible with multiple methods. | |  process from Cartesian | | T |52 & STALSTM 4 Aa1 2007 os |
| | | | | o | | coordinates to Cylindrical | | | Visualization CNN [20] PR 2017 60 se STLSTM + Trust Gate [15] ECCV 2016 93.3 |
| T LS | coordinate, H T o El e T oA T
_____________ N+ACSC + , .
. . . L Temporal Conv |1 2] CVPRW 2017 743 83.1
| ldea & Contribution: | | S’[epZ (End-to—end tramlng): sssss | | Clips + CNN + MTLN [10] CVPR 2017 | 79.6  84.8 |
| 1) W - | f | T T T T T T | | Skepxels [17] arXiv 2017 81.3 89.2 Top-1 accuracies on NTU-RGB+D and SBU
) € propose a new spatio-temporal co-occurrence teature | > :Use the ground truth of the: HCN [15] JCAL 2018 865 911 Kinect Interaction benchmarks. We both archivedl
: enhancement method. It can extract feature across spatial-temporal | : ("\Jf; m) SN gy S :action label to supervise, | Eg%ﬁslgeggfihe? glw?vizgf; zji gg-; high performance. ]
- ode = ACSC to complete the final | e | } = |
domain. I 5 qtraining. 1 ST:GCN[ ]M%IHZ{JIE: 81.5 ?E% |
[ . : : : | - | | | SR-TSL [0] ECCV 2018 848 924 ool .
2) We design an active coordinate system transformation that can | L o i | MOUT-GCNs [25] AAAT 2019 17 opo  lraining time comparison: ]
: better align the skeleton data for action recognition. And it Is | : Shatio-t unit Eeature Ent  (STUFE)- ! : STGR-GCN [141 A4AI 2019 8692 et g e ) rencnis)_|
compatible with most CNN-based or GCN-based methods. | patio-temporal-unit Feature Enhancement ( )| RHCN+ACSC 7213 ana |
: RHCN+STUFE 7721 +9.94%
: Plp eline: I : )" " M, e | : RHCN+ACSC+STUFE 7962 w1337% |
- D Ablation study:
R (n)
I I I Colculating R (1;)(112) 3 Y I I JUS— Little increase 1n model’s training time I
v | | - distance " R : | ﬁ 7 when ACSC and STUFE are added. |
I SR—— A ) . | | ® | | Methods X=ST-GCN | X=RHCN |
I e | R WA = I (a) (b) () (d) I SBU | NTU | SBU | NTU
module . Lo : 5 | X 943 | 81.5 | 974 | 84.2 :
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| I ’ Feature map M Result matrix R Final output C,(n) I X + ACSC 04 8 81.7 Q7.7 84 9
I Coordinate system Backbone part of the ‘o I I I I X + STUFE 95.2 82.3 98.3 80.1
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| ShhanEEment el | First step a) Is to calculate the distance between every two spatio-temp units. Then | |
| Thisisan overvi_ew of our approach at the data flow Ievel._ Take the original | | all the results can be obtained after the step c) . Finally, the global co-occurrence | | Ablation study on the SBU Kinect Interaction
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