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Abstract

In this paper, we propose an average trajectory calculation method based on the combination of
Karcher mean algorithm and geodesic distance, and apply it to the action recognition task. Specif-
ically, the skeletal sequences of actions are represented as trajectories on manifolds by a skeleton
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representation method based on Lie groups. In order to solve the temporal misalignment problem
of trajectories, this paper combines the Karcher mean algorithm with the definition of geodesic
distance on Lie group, calculates the average trajectories of all action trajectories, and then uses
the Transported Square-Root Vector Field representation method to align all action trajectories
with the average trajectories in time. In addition, the weighted fusion of features is proposed in
the feature extraction stage, and the experimental results verify the effectiveness of the fusion
features.
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Figure 1. Pairwise interpolation method. The red point is the
point to be interpolated, and the orange solid line is the Lie
group SE(3) geodesic line
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Figure 2. Schematic diagram of human
skeleton
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Figure 4. The average trajectory calculation method combining
Karcher average value and geodetic distance
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Figure 5. The schematic diagram of the characteristic shooting vector
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Figure 6. The action recognition framework of this article
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Figure 7. Part of the skeleton sequence of the action “walk” in the two perspectives in the UTKinect data set
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Figure 9. Feature weighted fusion on UTKinect Action dataset
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I = RHE R SR A5 R, PRI, FRAEZEAREU LI 45 R AR THRHMES & . X2
NAEZERE SE().E, M A 1A EE B BOm Iy, SR 2 5 ok A A, T A AR S o 1 B R A
T ARRERARE . ok, TERANEIREE b, BERHER 3 28 B S B T AN SRR, 30 0F T 4F1E
RilA R AR A B

AT BE RTS8 45 AR5 KA 7 AH R S2 56 v B (18] B 7737 T bt . AT B 77114y
REERIRIRTE T RIGEHE 1, RIEH RN IR 7 2K 45
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UTKinect ActionZi A8 _EAE 2SSV E N L UNRS

clap hands 100
wave hands 100
pull 100
push 100

throw 86.00
carry 100

pick up 96.00
stand up 100
sit down 100
walk 100

0 1020 30 40 50 60 70 80 90 100
ZIVERUIRTIL (%)

Figure 10. The classification accuracy rate of each type of action on the UTKinect Action

dataset
10. UTKinect Action B8 _ERIE EENERN 7 R IERER

Table 2. Action classification results on the MSR-Action3D dataset. SV: shooting vector, LA: Lie algebra
% 2. MSR-Action3D ¥iE&E EMIENENRLER. SV: SHEEE, LA: FRH

7 RAHAIL (%)
Y LA SV +LA

RR2L b SR

Karcher ¥J{E 5 M b fE S A 45 A I BVE 1 89.05 91.40 91.48

MSR-Action3DAUHSE LI FHE LG 255

91.5¢ 9 2 - 2—2914
91.18 /1523_"9‘—}%- 6 - 148

8 01 02 03 04 05 06 07 08 09
BB R AL

Figure 11. Feature weighted fusion on MSR-Action3D dataset
[ 11. MSR-Action3D #¥#&& _ERVFHEMINGE &

AL S A HAh 77 E4E UTKinect Action #diE & EIaE RN IEM R R E#R 3 i HERI&T]
A, AEEARAS SRR E T, ARG TR IIENE R R 98.2%, LKA 1A FE RN TTIE
RIZE & 777k Lie Group [1]F1 TSRVF on Lie Group [8]43 7% i 1.12%#F1 3.33%. 5EZE 2 i JL-distance
LSTM [19]H)skiG & RAHLL, ME & 2.24%. S5HIEH SCOL [20177 kM0 b, A SC S ge 45 3 ng i th
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0.81%. ACIIZENEIRAIMESTE UTKinect Action Zi4E FHUS T At it gt 3.

MSR-Action3DAHaSAE LA ANF I IR AR B

pickup and thrpw— 96.92
golf swing 92
tennis serve 97.33
tennis swing }88
Jjoggin
side ﬁgcﬁ 100
forward kick 100
. bend 93
side boxing 100
two hand wave 100
hand clap 100
draw circle 69.33
draw ik - ————————— | ()(
~ draw x 85.38
high throw 8591
forward punch 98.33
hand catch 31.67
. hammer 83.33
horizontal arm wave 98.33
high arm wave 85

0 10 20 30 40 50 60 70 8 90 100
SIERARE L (%)

Figure 12. The classification accuracy rate of each type of action on the MSR-Action3D data set

& 12. MSR-Action3D ##E5&E B HRINER 5 K IEFER

Table 3. Comparison of the results of the action recognition method in this paper and other methods on the UTKinect Action

;t?EtZKSCEM’EiR%UJ‘E%'—ﬁEﬂEJ‘?%E UTKinect Action ##258 LRI RELER
ER I 7% UTKinect Action 354 (%)
Lie Group [2014] [1] 97.08
TSRVF on Lie Group [2016] [8] 94.87
JL-distance LSTM [2017] [19] 95.96
SCDL [2020] [20] 97.39
Karcher ¥ 5 #E B A 45 4 (50 1 (SV + LA) 98.20

3 4 IR T AR CHERA 775 HAL S E R A 55 E MSR-Action3D $R4E IS Em2Res . T
DAIE H, 75 HARSE XSEIR B T, AR SCSEIE Bl AE (R 1A 26 LR B T A8 [F) B 223871 7772419 Lie Group [1]
A TSRVF on Lie Group [8]43 % & H! 2%F1 6.32%. Lt TSRVF on S [9] LAE & 2.48%, %554 B 44551
FonoN Kendall AR 25 10) B RI30E, FF HIFAER ] TSRVE Ros ik db T if (a6 55 . 5 SCDL [20]4H L,
AL A R R 1.47%. A SCHIBIE IR AIHESL/E MSR-Action3D #s 5 _EAEUAS e (I SL 6 45 1

Table 4. The comparison of the results of the action recognition method in this paper with other methods on the MSR-

Action3D dataset
4. RXEHMERA T ESE TS EE MSR-Action3D $i#EE EHZERELER
ARG E MSR-Action3D ¥4 (%)
Lie Group [2014] [1] 89.48
TSRVF on Lie Group [2016] [8] 85.16
TSRVF on S [2016] [9] 89.00
SCDL [2020] [20] 90.01
Karcher ¥J{E 5 HhPE B AHLE & 5% 1 (SV + LA) 91.48
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AR BTG B I [ T AR A, BRI SR B R, B Karcher 4185 MR AR 45 5
PRI TSRS o IR LT BEAS U S SR, SRR 2 U 2 A R S AR . B
ARG AP ST N T2 FRBINEZ th o AR R HE SRR B (it (RIS, i SE e
SURTTULE Y, A SO 2 Hh SR AT B P S P S B0 SRR . SR, Karcher ${EVEF I
EAAR R L, ATRE NER GBI ZE . RIL,  Tofi -T2l vk 57542 — MEARRT TR T 1A

ASGREER AAEPAESE H BRAAESZ I, 3 Rk ol v B A 2 QB ) (8 R R AT A R 65
AR S THULE MR EE, S T A SR UEE . SEIRAEPT SR i g Lk
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