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Multimodal and Multi-granularity Graph Convolutional Networks for Elderly Daily Activity
Recognition

DING Jing, SHU Xiang-Bo, HUANG Peng, YAO Ya-Zhou, SONG Yan
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: With the problem of the aging population becomes serious, more attention is payed to the safety of the elderly when they are at
home alone. In order to provide early warning, alarm, and report of some dangerous behaviors, several domestic and foreign research
institutions are focusing on studying the intelligent monitoring of the daily activities of the elderly in robot-view. For promoting the
industrialization of these technologies, this work mainly studies how to automatically recognize the daily activities of the elderly, such as
“drinking water”, “washing hands”, “reading a book”, “reading a newspaper”. Through the investigation of the daily activity videos of the
elderly, it is found that the semantics of the daily activities of the elderly are obviously fine-grained. For example, the semantics of
“drinking water” and “taking medicine” are highly similar, and only a small number of video frames can accurately reflect their category

semantics. To effectively address such problem of the elderly behavior recognition, this work proposes a new multimodal multi-granularity
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graph convolutional network (MM-GCN), by applying the graph convolution network on four modalities, i.e., the skeleton (“point”), bone
(“line”), frame (“frame”), and proposal (“segment”), to model the activities of the elderly, and capture the semantics under the four
granularities of “point-line-frame-proposal”. Finally, the experiments are conducted to validate the activity recognition performance of the
proposed method on ETRI-Activity3D (110000+ videos, 50+ classes), which is the largest daily activities dataset for the elderly.
Compared with the state-of-the-art methods, the proposed MM-GCN achieves the highest recognition accuracy. In addition, in order to
verify the robustness of MM-GCN for the normal human action recognition tasks, the experiment is also carried out on the benchmark
NTU RGB+D, and the results show that MM-GCN is comparable to the SOTA methods.

Key words: elderly activity recognition; graph convolutional network (GCN); multimodal; multi-granularity
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TURPE 2 ST N BEARXHEAR Sk F A A I H R AT gt A7 W D05 V50 R B 2 >0 P RN & R A K At 5y T
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ST AR AN AT IR BT S5, T BRAR RIS 28 N B AT A, B8 ) B N R AR R H L K.
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K% IFJE T Aware Home Research Initiative 15 H ), & 78 35 Bh A T 4515 SL B 178 A ZE TG00, Dh I -E4E N5
BH HE S, R e A AFER T 1% 4. Intel AR IFRE T Caregiver’s Assistant i H (WA 5T, i i & Fhig 24 4%
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(b)
BT ZFENHEAT RN R
F 7, 24T R AT R A SR r v R By o 3 28 (1) TR IRAE M 4% (recurrent neural
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Sl i B T TR 1 OR SR AEAT A, 0 7 [ B8 B )5 P (histogram of oriented gradient, HOG)'?)
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B AEAF— M rh, B8 AR R A TR B 0, B EE O BB (4R AR A S (AT TR (2) IS TED A 2. g A AT A i
AR [ f 2 ) Y A5 3, A N . R Bl Li 26 N UM T 5 — Rl 4 B 5 B (spatio-temporal graph
convolution, STGC) Jj 2, il i #4522 L Jey il G AR pE Y 28 At U1 2 S) 6 B A W AT g, I HoaZ g vk vl LLE
I B Ab ) B AR L SlowFast-GONU HE4L 4545 T ST-GCN Fi SlowFastNet!" [y %5 FIFH ST-GCN Xt A
HEIRIN 235 BEAT 2285, RIS INT Slow-Fast XURAESL, JLrh Slow Wili SR E X, Fast Wi 4hL & 138 5 4%
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T s 2 A B I B e R, R A7 AE R 1 m Mm@ ok, R, Li 2 N P57 B 154 it
R (a-link inference module, AIM) A IRAF & B A AT RO OC R M B 42, JF HAH Sl EIE R 45
MG B S50, INTTHEHE T ShVE-45 R 5 B 4% (actional-structural graph convolution network, AS-GCN). Li
2t \ PR T IR R B B Y (spatio-temporal graph routing, STGR) 77 223 [ 13 NV 1 2% =) B H% 5 2 1] (1) i B el o 2.
AR, XU A3 N & 25 R M 2% (two-stream adaptive graph convolutional networks, 2s-AGCN) P2Vt A ] 1) (8] 2544 )2
BT HERN 1 GON S50, @ls T B BRI B 45 ok Sk 2% 31 68 ). Zhang 25 A\ PP 1IN 4 2 1
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NP TR 2R M2 SIHESE, ¥ RGB HFAE YR S 5 AR W A 42 B — P IOREAE, T4 0 R0, 22
FEA KL 7R 2% 3 (multimodal correlative representation learning, MCRL)® ) I AN [R] A A 45 AT K 18 351 8% o ) 1)
) JR PR Eh AR, AT 428 3 L 22 Pl 45 2 1] A L 2454 . SGM-Net (skeleton-guided multimodal network) 4 ! T
—ANE S, B E SRR 51 S RGB FFAE, 7518 SCRFE 25 1 Sz Bl b,
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= 0622 v SUAE BT 2 S HIRE . Ak 25-AGCN FI FH XL 9 4 6t 22 050 -2 B A S EA T il 2, RISt i 6 ot Ry
B0 VR ST OU I 1 3 N P 5 A D 4, TSCRE B8 o 1 AR (3 P DI N I 2R . DGNNPD T 8 i s A A i
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If] [ 4 22 R 4% (directed graph neural networks, DGNN), T H 5 Flkir & $idis b H oG R 45 B GR-GONPYR I T
— PP T P[] ) B SRR A 22 X 4% (graph regression based GCN, GR-GCN) K& 7R J2 B A i v, J1 Ho 2 gz
B RGEAT T A, SRANE S T SR i A A, A7 RO R T BRI 1 K. MS-G3DP I T —F
A 2 RPBEBRBUER G Mg N E GRS T G3D, Wik 45 & H#E TR T — MR K IRHE SR IS (multi-
scale G3D, MS-G3D), %% >] T 8% AURH 445 B IR0 I 22545 B AL 1%
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TE R IR PO AR RT LAY 45 3 A6 BRI 1 A BB ok, B, AR IORLE 22 48 5 AU 1) T 2 B i e
B I 5 BEAT S b 0 B T 2 B AR T I TG ORAR B B, E RN CE B IR M & M 2t v — A
W E T N AR, 92 N AT N IR BAE S5 . Du 2 N BT T A i B A BRI ST 4%
(recurrent pose-attention network, RPAN), [ 4158 X A5 KA 5275 AL 5201 & /). Baradel 25 A\ POLTE & A 4
H Glimpse Clouds MM - EEEUE FREFE, Fi7 5 56 AT A RS s5ls JUAE, VER ) 5 BB M #7454 1
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U Mk R W O B (K DS AT RS, STGRPIBIN T — BB I - & 7 3 JI ML (squeeze-and-excitation
attention) SRIEFAE S &5 KM EIE AAREE,; 4/ E T 305 = ) KA HIE 1244 (global context-aware attention
long short-term memory, GCA-LSTM))™ 5| N\ T — R g #4145 JI {1 (recurrent attention), AEWE £ 4% R b R 3065 &
(3 B G B B T A R S B B ST &R A BB M 45 (dynamic aggregate graph convolution
neural network, DAG-GCN)* 5| X T —ANXUEVE & ) 5| S AEER R 52 36 1 218 SCEFAE 98 U S [R5 2522 1) (38 SUAH
FePE; I A5 5 1 M 4% (spatio-temporal attention networks, STAN)*UG | N T —Fhid: 2 & 70, AMUBEAGTHEA 2
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2 HESZHEEERME (MM-GCN)
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FE AT 7 A8 M T A S T A, DR SR DL ST 4 B S
STBMERIIGFER. 0 TR AR LR ATy, ASC3IN T Z B 31, SHEUEIET L) RGB A3
177 eSS AR

XETHSE I 3D F P SUBCR, 01FE 2(a) BIA%, A SCHIAIA 0 PIAIRLIE,

—— [
= T
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R GES
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2 gk E XSRS

(1) B2 CEPHE 50 BB i s A D BT R, A B 6 o ) A B S 1 A PR 3. T SR AN A 3
SEVET, TAE B — 4R A5 AN A .

(2) “£8” (B4R ¥ 248 (I HE AU 25 00) VE R B A5, A A o5 S 0 302 3 10 A PR 1 320 SR v AR B
TEPNER bR IERE I, WA B 45100, 5 WA AR B AR T (R 2, X T B S A W, AR SO Sl A T [ 1 2
AR R A5, W 5 HR o P B S DA b L, DRI o] DU A AR B 6 7 1 A2 T SR 1) AT S0 R i i )
BN KRR, BE T MG R FEHE RS 0BG M — ST H bR A B O i s R 2 R 4h AT ]
S, DRI R B0 SR 0 T Eh O PRI IR A A A T S PRI 288 4 U v T LU 6 s (R ) 20

RGB #A& K WA F &, B8 T KRR E E R, T340 A 7RI R AT IR BT 547 EE R .
B 2(b) BT, A SCH RGB 4143 P R

(1) ““TH (GBI ST AN SERESIAE IR, A Fb e B A A I 2% 30 2H ) 0 50t S B o A 7 A 7 4
FEFIWTEE S RIS, BEARIUARRAE A R I C TR FL RE.

(2) “BY ($2 4 B, shAESEl). Xt F— AN se 8 s MR IR, 42 4 Th AL & A BRI, B SIE T i )45
SRR T T8RS T LR [l — AN S Sl b (K 44 03 A 2 2 A5 A R S AR S0 (R AR TR B BE I 4 44 RUAS (L 55 S A
Al EE T SRIEEA . FEARSC, SIS B BT AN 4, JE IR AR 25 R ok i R R 2 44 TR 11
P E KA.

2.2 EBNEIR

ASCAR T R 2 A 2R B B R 2% (MM-GCN), 75 2 B BlG O XUR SL Al ok a1k

R VY 37 B A R STHE S, A5 20 (R 4tk g5 1 A ] 3 o,
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1 13D (inflated 3D ConvNet)™ 4 2442 HUJEE SRR AE i 4 41i% 21 R-GCN's A5EH, 52 J b DU AL (0 i B AT 24345 2810531
455, Horp, FEH R-GCNs M1 S-GTCNs fAESS 2.2.1 J9HIER 2.2.2 75 P HEAT VRN 1K) B 3&.

221 ETEHHBESM BB RI (S-GTCNs)

S-GTCNs A5 HRIE ik ot [ (1 2 [ RO (v 45 SRR AT 2R A AT 2% 3 S5 T B 5 (R A7 A RRIE R,

T TR B S, o IS5 G = (Vs  Es), Horh, Ve AR N A8 AT SRS, Es 7 HH AR AR
As € RVN 52 U A AAE. WA v (= 1,...,N) Flv; (i = 1,...,N) fAAE3ERID, AR A =1, &0k 0. —A
SEME AR LU IR 51 Gs 47, Xs = {3, € ROl n€ Z, 1 <1< T, 1 <n< NYHOR G (071 HHIESE A, Jorh x 2
¢ NZIY v, PURRAE R R (C 4E), T R B, N Ros BT s

XF T U G, € RS G = (Vp, Ep), Hoth, Vv ARSI N RE 2175 U &, Ep 2 AR RE
Ap € RVN 5 SUI M. R v = 1,...,N) Flvj(i = 1,...,N) fEEE R0, WIRIEE A = 1, &5 004 0. BF51 Gy
TR A EHEBNE, T RRFEE SN X = {x,n €RCt,neZ 1<t<T, 1 <n<N}, o x o ¢ B Z0 25w, HRE
TEm & (C 4E), T R B WiE, N KRR 4

BT B B I B A U SR 2 1] 4 BoR. SRR N 19 e 40 0 Db e B R SRR, BN RS
(N,M,V,C\,T), Ho N FoRBEARS, M F R AL, € BRI S, T3R8 Bk, v &m0 i3, St
Fr#EAL (batch normalization, BN) #4F IH—44 5 2> M HIE N A SRR . S HOMAT N 2% 5.0 GTCN b,
GTCN B i — )2 B BRI 2 16 A6 B VA, ZE AT B G BRI R R o, A AT A2 L AR R 515 R,
IEAEANTT S5 R AR 2 e TLA ST S35, 1T TCN (I P RRHEREAS SRS e ( 1 FSUE B, fE 2 PIT 55 Lk BE#R
EEIE AR T RNNs B8 AR S 3R 7 TON FIBZ KGR S, AL TG 1, ARG RR Rdr i N b
TERE AIRESRAE, 22 K2 KA d #210). WIE 5(a) JioR, V1962 d = 1, LRSS fUE R EE, B 5(0) hiF) )=
d =2, W NI BEAT 1) B SRR, — R, s 1 X 48 24 1) o K, SRE W 4% BE BRI D B Z, 3t
A LASRAFAR K ¥ i 52 B

GTCN H G #% \ 3 A-GTCN 3.6, 578 AR, A-GTCN ST N TR U, HAER 2R
TAEAFEERY RS L T OCEERRE, A TAE AR N SRt s bl . B, ARSI @ iR in—AN el 2% 2], B4R
(PR AR ke AR ey =00, FF HANGR R 4 AHN. 584411 S-GTCN s #idk fh—/> GTCN $IcHIPA> A-GTCN 41
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i, 3L 9 2, R G IE S 96, 96, 96, 96, 192, 192, 192, 384 F1384. MBI GNE T — 2404
2, MG BEAN S ES A 14350 score, WITF T

T

scores = FC (S—GTCNS (((xfn)nN_l) . ,Gs (Vs, Eg )))
=1),_

v T 1

scorep = FC (S—GTCNS (((xf,,)nzl )H ,Gp(V3, EB)))

Hirh, FC RN 4ERZ (full-connect layer), scores Fl scoreg 73 HANGRRE T3 18 s A3 T 28 i HU 454

GTCN A-GTCN A—CI}TCN
Il

PRt
ami { 1\{ | (..

8 ERMELE a 2ERE

i GCN = TCN @ GCN with attention (a) d=1 (b) d=2
4 T EHHEENEGEBIMY (S-GTCNs) K5 BN NAN ] d B L

222 KT RGB A BG4 ik (R-GCNs)

HKALLF S-GTCNs BRI ALFL Iy 28, AR 3C0E RGB R T P AL B SEMs, 55 1 Pl LA F I At S i,
52 PSSR IR I 44 (proposal) 1EAHIA.

ARSI B T SRR AN TR B3, 2EAAE B ROBU 6 3 AR ARl — B, TR 44
2 P = {pipi = (1)) | RATFIBR RIS, 6o 3 B, 15 FomaE TR ), 1 BB L ok Tl

FI I 4 U M 4% (boundary sensitive network, BSN)MH] DR L — MWL 2 AN R4 BE, 8 XK Gp =
(V. Ep). MEEAHUBOR B, 7T LA UBUEL &5 (AR A AT v € Vp (1= 1., N). i T RHRA B Tl
SR FRIEAT R, A% SCR PR HE 44 B2 I I 2 T BT FE Opertapir,ry M F R S0 AR, 4 5P 4 44
Pi=(tiy, 1) BUP; = (1), t6) IS VETERE Oopertapir, py KT MU T MG BL 4 1R S04 X
min(tie,j.) —max(tis, ;)

min(ti, — i tje —tjs)

AR, R RETE A AR AR S RO B 0L R U

2L, BRI AL B A T SR AR SIS R AT, ELA 41 KB Kl A B R U AR, o T st
SRR 3, ARSI HEAR A BT T IRE MR 25 SR T B, 52 X G = (Ve Ep) IR KHET A,
LA B 44 5 SRR 1 5 v € Vi, TSR SOR 4% B 5 ST,

N \T
scorep = FC (R—GCNs(((xfn) 1) .G (VF,EF)))
n=1/i=1

()]

Ooverlap(p,,p,-) =

3)
scorep = FC(R—GCNS(((xfn)LI)T_I Gp (VP,EP)))

AN HET RGB BEAS 119 R-GONS BRI 6 7. 156, I J0ek 9 4 S5 RS 22 A4
o, TR A ECE TR, JLUR, AU 13D 1924 43 ISR IR 4 BORI WL AR (E 3% A BB SR AT )
ZHUMOL I GONs BEB . GONs i3 B BUALA, Jed 4 2 2 BB BUZ N T4 & 1 HL. 4R11 5 S-GTCNs
HErR R 2 M9 075 AR ), GCINs BB J20 T 20 R 40 2 0 41 30 A 5, WA T 3 T S04 0 3
RFAE IR B 43 5K, AR 500 P4 10 6 PRtk 244 B 5 G it R-GCONs BESRTF 504 (1 Ittt Ak 3) Fss.
Jrh, FC JRABERIZ, scorer F scorep 53 HIARFIET SCHEWURIIE T 424 (004 H 194
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ST
= N
BSN |- ﬂjl — W H Lo .
ml 13D :ﬁwg ‘ Hﬂ J'

BB GCN with
attention

GCN

K] 6 T RGB HZ M KA B EE (R-GCNs)
), Wi A (1) 5220 (3), XA R-GCNs 5004 S-GTCNs BH T3 A 15 B &M 2RE5 R, i FFR:
score=q - scoreg+f3- scoreg+0 - scorep+0 - scorep “)

e o B 6 Mo ARk R BUE.
3% W

AT BAE T H 1K) MM-GCN 7 v (A7 250k, A S0P S8 70 W AN K28 BEUE $odis 2E ETRI-Activity3D'HI NTU
RGB+DM™! 143 5 AT &4 NAT R U A5 TE 8 AT R S, 15 4 Wi S S b A 7 i8EAT T X B o, b, o 756
IF MM-GCN 7E 24 AT J AT S & et fe, A SCIETE ETRI-Activity3D #E4E %) MM-GCN #4T T #54

A T NARAT g PR 5256 573 #r.
3.1 BEEND

ETRI-Activity3DVV2 5 1 AN KHUBL I Z4E N HH TGS LSE SR 4E, th Jang 25 AR IR A, %8Sl 3 4
A0 BB A 4L A RGB (W1 7(a) 51 7(c) iizm). ¥R EIRE P41 (il 7(b) S5 7(d) i), Fe RGB K
By R0 19201080, RS 40 F2E 0 512%424, Fr#%T A & B R ER N AR 1) 25 A S ICTT1Y 3D A7 8. %8s
R 112620 R, RAE T 50 A2 NEEH (KE ID (L, 2,3,..., 50}) F1 50 e N E# (&S ID
H9{51, 52,53, ..., 100}), GF% 55 M7 A5, H 52 ﬁﬂmi)\yu%%%i)\ﬂﬁ H G213 H i, 24 3 FlE ANIAZH
FEE AT A

(b)
K 7 ETRI-Activity3D $ds &7~

(d

NTU RGB+D 17 R iR Zn 4 (i 56 880 MEALLE, RIET 40 L EEH, €5 60 M, FANFEA H RGB.
Ff P2, 3D B 3R M2l AN ik, oA, RGB 143 #83R 2h 1920%1080, /ykf}%@%ﬂél%?%ﬁi’ﬂﬂﬂ 512x424,
D B SRR S AR 25 AN 2GRS I = e
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32 XWRE

I SIIG TEATG P B SIS BEE : (1) 28 X AAK (cross subject, CS), BIUEFAS [T g TFARTR & HEAT B4R 4 2) 28X
A (cross view, CV), BIVIZRAEF RS LA AN ], RO ENPELEA R A N 280 2 AR, BTl CV 3R
MR — e Pk

{EAHEAE ETRI-Activity3D b, SIS CS W&, K RAAEIRAE RN 4 A G AERMARAE, Il Zhdith 67 47
HIEEAT B ALK, RN ID {1, 2,4,5,7,8,...,97, 98, 100}, TN 1 33 47 5 BEE AT b a4 %, W R
ID 4{3,6,9,12,...,99}. 7£ NTU RGB + D 4l £E I, A 303%84F CS fI CV W&, 7E CS W& T, R4 ID
{1,2,4,5,8,9,13,14,15,16, 17, 18, 19, 25, 27, 28, 31, 34, 35, 38}, H:4x ID NIMRLE. AN}, i FiZBdEEILH 3 4
AHBLI RSN E S, BRUAE CV BB N ASCEAHNL 2 F1 3 RAE MBI AE A IIZRAE, FHAL 1 SRAEI R 1E M.

X1 RGB E&HE, 15 2e R I S s i 2 2 TEAN B E L0 A i 100 M2 64 M3 44, I BRI Hi7ELR
v R P D) B SR At E 20 o 18 BT, 4% i B8 44 RN ISR 20 e N B 13D 9 45 4 B OGS URIE 44 (V0 T8 SURRAIE,
2 — AN RIALE, SRR ZERT N 1024 4E. K 13D M4 2% 3] S A4 AEE A ] R-GCNs A5k R g4T 1 4%, SR
SRR, BIAE T B 0.7 LB S H SR T WA 3.8 W), MILA%: 3 2. (learning rate) 24 0.001, 2 3] FH D K
50, KT R BE S EE, WILAE R E R 0.01, 2F 3 HPRHBKN 10.

TE IR G IR SR B, A5 5 T8 il B 307 41 M. BNPESR A T i . EARTK S, o By 6
Ml o S AREBCRAETT LA 9% R 0.4, 0.3, 0.2 F10.1 (HoBSHs2i6 001 LA 3.8 ).

ASCIAE A GPU -5 & TITAN RTX, PyTorch iR A2 1.8.0, CUDA hAE 11.0. K i ) MM-GCN
7t ETRI-Activity3D #ls S 4 EEAT IIZRFIMIGA, 70 5250 F2 ¥tk X/ (batceh size) B R 32, BB RIS
(epoch) ¥ & A 120. JETH B ARSI, 1 4 epoch (EAT IS IAIJT4H 4 26 min, PR 8] FF45 4 3 min. 2T
RGB BB, 1 4 epoch (R3S 47 A JF4Y 4 20 min, S8 A JF4Y 4 2 min. {11 ETRI-Activity3D J& K7
HPEAE, K MM-GCN (¥ 1] FF RS AR 482K, R AT AR m] 48232 1A v L
3.3 LEWHER

1 JR/R THE CS WE T, MM-GCN R ABAR Gt J772:7E ETRI-Activity3D 2l 48 LI &5 8. g —20
Hh, 2% 2 i3 T MM-GCN 7E ETRI-Activity3D |- Top-K )45 5.

M 1 ATLAE H, 75 CS WE T, MM-GCN 53] T 94.9% MIIRHITERIR, M LL T 2480 M e Bdd 1) FSA-CNN 7
T 1.2%. AL T #2557 Deep Bilinear Learning. Evolution Pose Map 25 LA 3 A& X143 40 %5 fE Y c-ConvNet.
HCN ZEA5RUAE P R AT IR KRB 4R TE. Ak, % 2 vh Top-1 £ Top-5 (45 MEIE T MM-GCN 4 %k, H
Top-5 FJPARGEEE RN T 99.7%.

2 T HUE MM-GCN [R5 5 AT A OIMT 55 L& #Ek fE, A SC A B 78 NTU RGB+D ##i 4k FilkAT 74724
TR SZEG, 4553 3 Fios. 76 CS M CV W E T, MM-GCN 233U T 90.2% F1 95.5% K IERfZE, Htk fgab T —
ANET A2 KT, R B RITRI G PEGE. (HE AT EL T 72 ETRI-Activity3D 24 L IR BUE — SR HIFE
fi%, YW MM-GCN 4 Z4E NARBAT S5 — E AR, o T 36 TE A5 AR, ASOIT 8 7 8E— 20 A6 EL S 56 Sl 3k
MM-GCN {EEEFERS B ARAT R R AAT 4 LTk gE, TLsLsb 45 5 M L5 3.4 5.

3.4 ¥REL: BER AKITRHIRAISH

T DI BB T A ANAT A UM R P 592 A, AR 1T T MM-GCON WS AEI% B A ARAT A
RIS

ST B3R H O, 6 Tang 25 A UG TAE, ASCH Yok ETRI-Activity3D 35819 A T4 Z4ENES
(elderly) FIAERE NSEA (adults). TESLEERN b, K 24 NG XI5 A UIZRAE (train set, ID 4 {1, 2,4, 5,..., 49, 50})
MRALE (test set, ID 4 {3, 6, 9,..., 48}), FEE NS HINZLE (ID 4{52, 53, 55, 56,..., 98, 100}) FIik4E (ID
{51, 54,57,..., 99}). Ny VEAhACIY P AR08 B M TR N R, AR SE0 M 88 MM-GCN #1224 fif d S 3k 1) /772 FSA-CNN
16 6 PR ZRIRAAE T IR, &5 R 15 303K 4 fiw, b Mixed RRGAERIN A& 2FENESRERNES.
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# 1 1F ETRI-Activity3D #i4E L sh eI 45 # 3 7ENTURGB + D #ilidE FIiRsI4s R (%)
Jrik: FERRBIARSE CS (%) Jrik: CS cv
IndRNN™ 73.9 IndRNNE 81.8 88.0
Beyond Joint*”) RNN 79.1 Beyond Joint ¥ 79.5 87.6
MANs! 82.4 SK-CNN P 83.2 89.3
Ensem-NN'! 83.0 ST-GCN ! 81.5 88.3
SK-CNNP 83.6 Motif ST-GCN P 84.2 90.2
HCNF! 88.0 Ensem-NN 85.1 91.3
Deep Bilinear Learning™” CNN 88.4 MANs ! 83.0 90.7
¢-ConvNet??” 91.3 HCNEY 86.5 91.1
Evolution Pose Map™**! 93.6 Deep Bilinear Learning ©” 85.4 -
FSA-CNN! 93.7 Evolution Pose Map (28] 91.7 -
ST-GCN!'! 86.8 ¢-ConvNet " 82.6 -
Motif ST-GCN'* GCN 89.9 FSA-CNN"! 91.5 -
MM-GCN 94.9 STGR-GCN " 86.9 92.3
2s-AGCN 2 88.5 95.1
%2 1F ETRI-Activity3D $di4E L Top-K 471 DGNN B 89.9 96.1
253 (%) Shift-GCN ** 90.7 96.5
Top-K Top-1  Top-2 Top-3 Top-4 Top-5 MS-G3D Net ™ 91.5 96.2
MM-GCN 90.2 95.5

Accuracy 94.9 98.6 99.3 99.5 99.7

F 4 FTRUE H, 2 SR IR A 8 T AN R A 08 B A B, P 7 2 1 1AL 1k e AR A5, U0 2 4 AT
VR IEFIAE 3 NAT R E A 8K 00 22 7t M IR A2 RV A2 40 2 2247 N 4R B, MM-GCN AEG T4 {i Jee 4 1)
7572 FSA-CNN #2 = T 2.9% W IE A 25 2 I 254 Rk A2 40 0 A2 42 N2 & i), MM-GCN [#) 45 0L T FSA-
CNN; MY 5E k) Mixed B, LI MIRE L EFENESTELFERANES, MM-GCN #H B RIL A Bk,
MM-GCN Lt FSA-CNN F I It 7. 2 T LR 4341, MM-GCN 762 ANA7T 8 AT 4 LRI T R ik
S 5 AT
3.5 {RESCL: JHRASIIG AR

ASCHEH ) MM-GCN 57271, S-GTCNs Fl1 R-GCN's FREH (1145 4 2 43 I3 B B S 3 A RGB B HE
v 2 0 SR R, FEXT IR HEAT BlG, R FE  Rh A A A IR ERE 5E A AR AAT R BITE S A T AR RS-
GTCNs. R-GCNs LL il & J5 1 g, AR 1545 18 Jab 0 ril S 50 o /s 1 /RS BR ( SE 360 45 TR SR 56 HIF MM-GCN B2 28 1) 45
. S 2 758, MM-GCN K AU ] T B S S 20d F RGB BEZSHHts, R IN B S A a4 0 D B
B SR B PSR S, RGB B 41 43 A SR URI 2 24 B FPSURLEE . fF ETRI-Activity3D ##i4E LM ER
HAT RN S RNk 5 s, SR, PIF LA RLA 145 R0 T R ATE U 45 1

R4 AE3FUIZREE ERTUIEER Rs BB U 45 R
. FSA-CNN MM-GCN S-GTCNs R-GCNs CS (%)

Train set Test set (acc%) (ace%) N - 939
Elderly Elderly 87.7 90.6 x N 76.6
Elderly Adults 69.0 63.5 v v 94.9
Adults Elderly 74.9 70.0

Adults Adults 85.0 90.4

Mixed Elderly 84.8 94.6

Mixed Adults 82.1 94.1
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M 5 AT LLE 1, S-GTCNs BEH IR B IE A2 93.9%, R-GCNs HEEL R A IEHI 2R 76.6%, P Hegk
0N VE TR A BE M 2255 K. 78 ETRI-Activity3D 2545, RGB M & 240U I TS 05 B 2B 5 e IR Es %
M)y LR N AR SOBR AR R, IR B 5 N AR Bh VEAT 78 CTE. 5 — D T, 75 ZE VRSB I 2247 0 78 )8 1 4ioRi
170, FUAT A 2 S AR A FUARTILAE N AA T JR3 S DX ok, T 66 o S A A s e H J 47 A 1098 A 8. DRI, T
WA 19 S-GTCNs LIt T WA A %040 19 R-GCNs 7E ETRI-Activity3D 344 1 0 1 IR 1 g 22 2 B
UFRZ . RIS, 48 5 (4 B b SRS 45 J5 kA5 T S AP v AL S th T B BES HUE L FalEA S, 8
P SAE B KRS H PRI T U 2, 1T RGB AU B b B 5 kA B, 1A 0 e N SR I A8 1
A7 0 RGB BEAHs 431y B2, DA PRI H &5 45 J5 143 1 10 TR 1 BB EL S-GTCNGs (1 TR 1 6 B 1.

3.6 ¥ BSLLE: A SLIE O

ST SAIE AT HE H I MM-GCN i 22 R AIE il S s (2 AL PE RS, A SOEBURFAE 3Rl & . R AE A il 15
I3 PR A RIS IR B 4 FlhlA SRS HEA T 6F BL S 6 . Seae 45 SR AN 5 303K 6 BT, 16 4 FASIR IRl & 56 R, BT
$EH I MM-GCN ¥ T AHE PR RE, IXH A, 2180 IRl N U v R d £k
3.7 ¥R SEMES AN LS

T HAlF MM-GCN 57271 S-GTCN's BB AbFIH B AT Z5 Al R-GCNs BB b F1 RGB AUAHE 1A 5k,
ARG MEM 25-AGCN KB4 S-GTCNS, LM ResNetl8 5t R-GCNs AF g Sk 7 vk B4 T % b 5286 4y
BT, e 7 PR, LB gl RS R, BEAE DT A SRR N 1 PR RE, TS E T A SCHTHE H 1) MM-GCN 1 S-GTCNs 5
R-GCNs FEHLAE M BRI 77 TH BAT — & P34

R L W RPN IR ASAI LS # 7 MM-GCN 5 25-AGCN+ResNet18 [)45 54t
Ji Accuracy J ik Skeleton Bone  Frame Proposal CS
HRAE S A 93 (acc%) (acc%) (acc%) (acc%) (%)
RN b 92.4 2s-AGCN+ 92.5 91.5 702 706 937
N ERG 942 ResNet18
,? e ’ MM-GCN 93.6 92.7 75.8 763 949
03 AL R 94.9

3.8 RS BEHSW AN

H T HRBETG N T SCH AR B v SR PERE I s, A SO T (E 50 BCE A 0.1. 034 0.5, 0.7 #10.9, Jf
HHAT IR RAE T, SER S IR 8 Fom, MIZR T LUE Y, MIM(E v =0.7 I8, B i VAR T Sl iR g L.

BEAN, ER R MRS B, A SO R T8 B28T8. S, SR A M TE sk a, WA @) s
X, fE BRI R e By § Flo (a+B+6+0 =1). T HRIEAEIE U R R BN 1E A%, 1T RGB
WA 388 MNP BN SE EA EBAEH, DI s S 2 AR N ACK, T RGB B IAE ML/, BiA
K @ F B B BCE R T 6 Fl o BUME. X H b, B8 OCBEMY) B 42351 (BIESRA) IRLEE N, NARIRIAT MG
R, FILASCE o FEBENIANGENT B IIME, 6 MEBE IARE/DTo ME. BT RSB, B
azf>6> 0, K30 (B, 6, o) MR HIE LI REH: {0.3:03:0.2:02). {0.4:0.3:0.2:0.1}. {0.4:0.4:0.1:
0.1}+ {0.5:0.2:0.2:0.1}+ {0.5:0.3:0.1:0.1}+ {0.6:0.2:0.1:0.1}. ZEIXLERFEFRE T, MM-GCN [R50 45 F 4
9 . R LI HMBE (o, 8, 6, o} FIEBE AR {0.4:0.3:0.2 1 0.1} B, Bt 07 RIS T e ar i ik gt 5.

%8 LEAFBIME « N R-GCNs [R5 5 (%) #9 LEARFIBE N MM-GCN FR 745 S5 b

9 Accuracy B L Accuracy

0.1 TNl {0.3:0.3:0.2:0.2} 94.7

0.3 75.8 {04:03:02:0.1} 94.9

0.5 76.1 {04:04:0.1:0.1} 94.8

0.7 76.6 0.5:02:02:0.1} 94.7

0.9 76.3 {0.5:03:0.1:0.1} 94.7
{0.6:0.2:0.1:0.1} 94.6
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4 B %

N T RN E AR 25 58 N SRR )R, (R N AR 22 B AT TARAROT B 1 B0 2 4E N H R B REAL G 4 I
WEFE. JLrp, A N HFEAT R RE AT 5 AR SROCHE D8, 4R N H AT U0 U045 L. O TR
EENHFEAT R, AR T — B 035 T 2 B2 R B G R 2 W 4 AT I PUN A, 52 T 2 sy
STHESR VT T Tl i - - 11 - B B0 A - SRS, R VA 5 B RPORE IR 2 SRASEAsS L 4 IR 2 1) 508 ) I b A7 2
A%, 27 SRR I N AAAT D0 FF BRI JZ 1 SURFE SE CE SR NAT A VUIMESS . A T S0 E T 5 VA I AT R M8 e A,
£ ETRI-Activity3D 454 H1 NTU RGB+D #iffi 46 EHEAT 70 L SEH. LU0 4 AR WA ST T iR AE 2 4E N
A7 A P 5 AT A U 55 BRI T AR (P e (% B ARAE S 10 e B, 7R AR B LUK
NAEAT A PUNAT 55 (R BIFASEAR, TORF A& AR TAE AP 55 2R (10 1) U g ).
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