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Abstract

This study investigates the effectiveness of 3D skeleton data for human action recognition by comparing the
classification performance of machine learning and deep learning models. We use the subset of the NTU RGB+D
dataset, containing only frontal-view recordings of 40 individuals performing 60 different actions. Our study uses
linear discriminant analysis (LDA), support vector machine (SVM), and random forest (RF) as machine learning
models, while the deep learning models are hierarchical bidirectional RNN (HBRNN) and semantics-guided
neural network (SGN). To evaluate model performance, cross-subject cross-validation is conducted. Our analysis
demonstrates that action type significantly impacts model performance. Cluster analysis by action category shows
no significant difference in classification performance between machine learning and deep learning models for
easily recognizable actions. However, for actions requiring precise differentiation based on frontal-view joint
coordinates such as ‘clapping’ or ‘rubbing hands’, deep learning models show a higher performance in capturing
subtle joint movements compared to machine learning models.
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AAYE EolelE AA0] 2 AS FHol7] o) AGE 0, 41 334 meflQlor TEE P 917
25 LT, o] nho] 32 A E 0] 7]u]E (Kinect), A o] 2] QA1 o] 2] Huto] )2} 2L A4
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Aol S 83 AT AFAE 7149 TR W AAAE dolHE B4 T4 A4 A7} B
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deld B2 77 o2 S AE Aot ok £ AtolA= olF BR9] 45 ZpolE =45kt
gt mAley BEe dFtE o s 3D A T Q2] FBE A AR tiAL 4 BEEE T 3
2 Ze|Ql o2 RE 15 QoF SAFS &-85to] HlolH o S ol HAer JIeth AE &
Reddy®} Chattopadhyay (2014)= T2 2E T QoA 3t (X, Y, Z) FHEof s FHak= |9l
Atsto] A SHa2 AFEYIL, A ELE HE w4l (supportvector machine; SVM) RHl-& F3ff ‘2k7]", “A 7],
A A7 5] FEE 973%0] AR BRI E THE IR, Ghazal 5 (2019)2 2D A E Hjo]
HE S0 Zeeld ¥ 2 Ao} SIX A FS] P SHSE AR o2 Wl FE, U E,
o] o) @ 2uT} 958 Fsto] Yo', AN, A YT 5ol EA4E AAstelon] K22 o]
(K-nearest neighbors), SVM, L}o] B H]| 0] %(Naive Bayes), A% Td E A (linear discriminant analysis; LDA)
o] A1y RESS A8 Kim 5 Q028 B BE mogo|d ] 97 RIS goksl]
Q) 42} AETAE o= Hae2 E-85FF . 0] 52 LDA, Lasso, SVM, HE E | A E(random forest; RF),
JeYAE BAH vl (gradinet boosting machine) -5-9] theFet A2 BES A-§5t3it). o]} Zo] Zt
T 91700] thete] R0k BARE Albsle] o5 W AFgel WAL dole o] AL Fol Reo] =
AL G511, wE 551 =2 G842 A F3T et oldh 4 5L ALAQl B2ko] AR Al
7y 3 ;o] B aghs vhedst= 4171 A

d2d B2 ¥ dolHE I & ARE-Sto] "ol H o] Bt si'l-& gh53tth. & 7)ol Lefebre 5
(2013), Gregor 5 (2015) A+ S|4 AFgH &3 A7 % (recurrent neural network; RNN) 2@}, Grushin
% (2013), Veeriah 5 (2015), Zhu 5 (2016) H-Lof| 4] 283t LSTM (long short-term memory)2] RLE o] 5
2 AR o] RElE2 el E T 9129 W AFAE AEZH 0 R AT oto] A7t mE A o
=2 & BoEGITE J12u 7] RNN HHA2 =212 <l glol B o] E444, 7+ a9l o] ¥ 871 AA| Al
Ao A AR o= A A F 8 EE ASStA BotolA] ok, I 3 Mo BT g5 B
St=dl A7} ATt o] A& S8 st7] f15l, Shahroudy 5 (2016)2} Du 5 (2016)-2 414 FE =2 LSTM<=
weloto] ZH ¥ 23 0] oL E APHslete] AAISHL, Liu 5 (2016)2 A5+ LSTME Fff A17HA

i
=,
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)
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9 3 AR E FA o S5O 2H, 7]E RNN| A& =-55k112t oF gt

SHH, Cao 5 (2017)3} Ke 5 (2017)2 24 € of AL BEF HopoA 448 dSe 39 +F
A1 73"} (convolutional neural network; CNN) 7|4Fe] 2]y Rdlo] A E 7]dl £2} 914] Bofo A &
HHdE BHYot. £39], Du 5 (2015)7} Li 5 (2017)2 3D 2AHE d|o|g]E o|u|x] fAo] RGB A=
Aot HFA1E Aotste], T SR 2 HE AA| 9] 38 H B E FEot BT 52 fiEHl-& sh5ot it
SEA]9E CNNQ| 71d (Kernel)-2 =+ 42 Q1 o 4 o] HETHS FEHL S AA Eo] 9lo] 1 ¥d 1t A=
7 sh5shA| ek, E e goll P o] g - go|u A A Q] 52 tfel-g nhotelr] = o Yt o] BAIE
54 35}17] 15} Chao 5 (2018)2 Al 52 H'HEZ Agtste] A 2 sfj&lof A T 7+ 2]l o] Ay ot

otsl7)oll+= A7} STt Kipfel Welling (2016)-2 12 2 $H4 & 417 T (graph convolutional network; GCN)
ndlS -8cto] A E Ho|E & o83 &7 EAOIA A 1172 TE A2 A E satE oz AP
T &S Aol Yan 5 (2018)2 ZF ¥HES T1ejm o) L= g FHgoial, #E 1ho| BAE U=
A2 E TH|Ql 2] Ao 7]¥ksto] A oJste] GON RS 5ol T2HEFE 445ttt Tang 5 (2019)2 =
Aoz AZAEA] G2 ¢ A AZH W A HAAE AR A oTto] T LA E Uehd 2 ZE H%
RSttt olHet 241 GON 7|§F ged REE2 52 270 43 452 Uetfigled, 248 E
glo]glof 7]gket 2 Q14] HlolgAle 2 & ¢ex] NTU RGB+De] tsf| Zhang 5 (2020)2] SGN, Xu 5
(2023)9] LA-GCN, Lee = (2023)©] HD-GCN 52 90% 0]A}9] 2.0 BEgro 712517 glon], t}4o
GCN 7|4t R el Eo] AFQHof )25t Tt T At m = YALO]E https://paperswithcode.com/sota/
skeleton-based-action-recognition-on-ntu-rgbhdojA] <l 7}1551th o] A Hald RelL 74 9]
A HEES Q2 W42 ALGoto] gn] G EPSL 2] Sg BR A2 Helth Tt AAEE
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Skeleton Sequence Data
1

Frame 1 Frame 5 Frame 10 Frame 15 Frame 20

Jump up

Figure 1: Skeleton joint sequence for the “Jump Up” action from the NTU RGB+D dataset (Shahroudy et al.,
2018).
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Figure 2: 25 joint locations in the skeleton data.
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AT AE 7120] BAleld welvt el Z)e RS vlwstel 1 Al Af] 2 48t} gt Jeongh

Lim (2019)& T}aFst -9 o] % RS Avfste] MAleld v Geyd malo] 38 7Hs AL AN &
i |21 Y BFE GO, SAAE oIl 04U YV 5 87 LA o] 015 F FHe
590 55 A% 4 lwstel of@ Bdo] ¢ A&AA] dobriia} Gt olF i3] 284 WA

SAAE HolHel A2 e 1ok, 7)) YT 298 oleld 29 dend 25
trof 27fel7] 2 Gt 3ol A AR HlolE & Feste] F 50 Bl A% vE 24w iAoz
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2. A2 E GO|E] 7|E 2REY
2.1. 42|

o] AR m o)A J. =

o) SRS ID A 112 T SARE el A el A ¢
J, £ £9], Figure 12 Jump up 52

(x;f;,ylf;,z{;),i = o j=1,...,0t=1,...,T 2 TAS7| 2 St} 4

J = 25719 %Qoﬂ EHOH AW HQ} af 1‘11 g 1013 Zgste] 57h9] m ¢S AEste] A2 19 Zlo]
o} A4 Aol Tt 12 7P 7 91709] 47} hE 4 QAR QU0 2 Figure 29} Zo] 1 25
el T2 $147H ERHRC Figwre 19} 02 AARE clol el 4BE 59 4 0% o, 2 4 A7) 4
A2 2 2ol Lefsto] lolElS BAIshz AL Azl Rl Held REoA g F-2alct
(Cho%} Chen, 2014; Taha =, 2015; Lee =, 2017; Sandra, 2020). Yutd o 2 3D AAYE 73 2] Y4AL o]%
N7 27] melole] B4 A4 RS2 U 0,0,000] HES A sheber. AshE AdE BAL b}
Ze A om gk

el

j Center
th(norm) (‘II J t )’

1714 Jfemer = Aste] 7157 o] |k Lee 5 (2017)& Figure 29] ‘Hip @', ‘Hip D' 71&H 0 & AH8-5}

1!, Sandra (2020)= ‘Neck’= 7|4 02 A9F11, Kim 5 (2023)2 ‘Spine_ Mid’ 5-& A8} T}

2.2, DjAl2]Y H2H
T}

3D 27 E dlolg o] Tt M4l 7|8 52 E&F dFoAs derd o=z 321 1 91| & th4lel
ZH E o] 7T nY| Q] Bt o] BA RESH= AE UEWl= 89 SAFE AFSEth 2 B, 9l
SOl AHEEY, o B2 QoF FSAIEFO] AFEE7| X gt ol & E¢], Reddy®} Chattopadhyay (2014) -]
Ae B8t dolAr) e B2 S o] Qe T e 5] 2tE gk H 9l E AHE-skeln
Ghazal 5 (2019)= 87) ¥dollA T4 3t 2349 WEF 80| 7o A sgS 7|fFe & shof 167]<]
JEHFE ARSI 2™, Kim 5 (2021)2 T8 9] 321 243 9] Lol 4% A E7MA] & AS5HT= AL
shoict. o]t T2 W2 maol HEE nE AR E oS HEE A H Aot ZAET dlolH 9 2heg
=49 5 =Rl Utk 2 AFolA s A E HiolH 2FE g njded R Ay uhd 2 (linear
discriminant analysis; LDA), T S|4 A X EHEHA] (multi—class support vector machine; SVM), 1 I
2| 2~ E (random forest; RF)2 2835} 9tt. SVMo|u RF 52 Shani} Akella (2014), Amor 5 (2016), Ghazal

(2019) S¢] AP AE Hojk Hriso 2 Ja] ggH BErdol),

AYEEEA L 7} Fe 20 Hlole} a2l 54 B Weloh i) BE So)se] FE FRAS 2
SRR 7L SRS WECH: Z1slol, 2120] 19 A AR S el 2 8 00 34 91
Zh3zof| diet A BSAFE UeR AS A5 ) = (x.y). ) = 1,....251=1,....5)E3T5x | HE 2

a0
KA FAAA BT AL B2 0] 5] P AHEE & WhEcn oA 5 KA 52
=

FN2 C.... OB /I O, e Jfo] clgt B A4 ofele] Ao EaTc
1
6c(J]) = UD" = = o= e +logmy, k=1, K, @D

o} 7] 4 m i WA AElet B gro] kAR S 204 &8 A S8 Lrerdich
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222 tF ZeA A ZEHE O]
SVME 7|24 02 T 7|9 IFs #elshe W o g, & 15 Ate] 9] 24 ] 2% H(hyperplane)S A1
Sh= dale]Eoltt (Izenman, 2008). 17|14 = v S A ZA1E siEsh7] 1l 248 22 4 G, ol Thsl
o]% SVMZ oh53tth. & KO 247t & i, K(K — 1)/27]9] o]X £/7]E sh5gteh 7 o] SVME
et 22 525 Foll A
1 2 <
in - ij C s LT Viji ij " ij))»
3}11;1/ 2 ||w,|| + ;max(o 1 - yijk (w_, X; + b_,))
ofm), wij= e~ ok Fe A jE FEohs 27 BAC 7FSA WE o] 1L, b= HH (bias)S YEY L,
I, if x7F 2e2io] £ o
Yijk =
S S T T PN
7h fok x4 @00 A J) HEe] sttt ol 2R S ik FHA jof| Hole BEHAE
2 5 U EE w;et b & HASIRITE £, C= o] o] Wol-RA Ao dFS A= x
th. gl S Fof, C3te] 29 mpxlo] Wolx|al of @e uhzl fjdto] 518 & of | o]= AR 2|9k Z4to] Ztopx| =
=]

NHZHYAE = opH T B EA oA B GAE s il olt}. o] W2 th=0] 27 EE| & 54|
712, ZF EZr A o 2 o E3t AILE FEote] HF ASE ot Aok B/ BAlAE 2 ER L] o=
21 F 52 BERE 5ol 25 SHAE 2400t A T AEE= o] 24 EL 9 o5& At e
2 9 2H EFr A= 3AE BAE E0l, 59 A S =olA Bt 2 AP E =
rEq AEYS Bl AHE dolt 2 St Hv], 28 A Adel] AUE S50 B8 S g
SHA| Hot. ghek oS4 Jlof et ZF ERj o] o4k f(J)E st F TS EErt Qlvtal & o, Sid
EAAEC 2% o2 BehA 5 vhe T 2t
T

$ = mode ( f (J,’)tzl). 2.2)
23, H2id Ay
e ROl Q02 3549 BAEE 27 A2 M LS ol e R 1A% 7}
Fom 52 fHe shaeh, 2t meqlo A 9t 2AAL A ekl A7 W B PAE
o ™ot olsf& 4= AL E gt o & 01, Veeriah 5 (2015)2 A|7to]l whet &2 <1 34 23 HE Al

HALE AR o, Zhang 5 (2020) 2 A2AHE A ALE 321 vjd = A oh T2 o] g g2
RS oS40 57 B AWAE Plolele] 23 AR vgo] w2 Relof vl vl ek o
Ho| ZA|¢ttt. B =R oA AAYE ol o Uit HEd Rd 2 3 X7 W (recurrent neural network;

A1 (graph convolutional network; GCN) 7]9t9] &2 2 5}5}12;

g

G,

2.3.1. HBRNN (hierechical bidirectional recurrent neural network)

Rumelhart 5- (1986)2] %8+ A1 RNN)E 4414 © 2 PH2 |2 dlo]8| 8 245)7] gla) AAR 7249l
A7 $oTh RNNL 7t A1 B4 Qo] E Sl %7170 AFel(hidden state)E §7] 0 24 A7+
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Figure 3: Illustration of the hierarchical bidirectional RNN algorithm adapted from Du et al. (2015).

THE BIAT £ AL A 1o A Q] 2Y 2 ThE F4S AHE-Sto] A4t
h = t.anh(w,,h,_1 + W, Il + b),
7| A W, et W, E AollA dTtd 7452 PLE-E ou|stH, sto]m =8 gl E(hyperbolic tangent)

g 220] —13} | Aol fARES BRItk Teit AA20] Zol} 2ol 45 RNNS 7127] 4
A A (gradient vanishing)2 218} 71291 F542 s145h7] olele WA} AUk o2 A 99
Hochreiter 5 (1997)-2 LSTM (long short-term memory)-2 & J5}o] 7] &A1 Eq— autHog FTHG
% 9l 018 WAUES AL gTey, BIAE Hlole] Halst Zo] 77le} nlefe] Bukg wE ofafafof ki
B A o] &= Schuster 5 (1997)2] oFHFSF RNN (bidirectional RNN)o| AR TH OW}O‘F RNN A AAE o
a7t euper mol 4] A 2lstel Blofele] djgk Bk mHS ol E AR ol2let AL o 2 Du
= (2015)©] A|<Fgt HBRNN (hierarchical bidirection recurrent neural network)-2 RNN2] 7|52 3H4f6lo] B
g ATt FAYE T & IAIGTE HBRNN Q17| ¥ #8 dlofel& & 27, ot 27), & 5 574
02 o] DY 5] el T Jhe] AU A $ohe FATE YA chel-9] Tl of

2ol 24 232 F2to] D 85th. HBRNN2 o] 2|3t 414 2919 21} 45 2H-8-& FAlof R
. Figure 36] 1ol A4 54 el 57 T 3 2424l ofol 248 715 A 210 U RNN
£ Aokl STk T8 B olefd 54 MR Agolel A% ) 4| 43 48w

HJHEJE} %JQQEP_ LR[S 4“4 ﬂi‘“— Eaﬁkﬁ AA| A A0 EA-& 55}
WA GFR7E A8 e A7 glo]o] & AFgSte] FAFE w5 §th HBRNNO] 1%31 2 42 FIFRNN
TRE A AA 2o eXT I 23S B3O 24 RNN, LSTM, 9FHaF & 2] o] A4S Agtato]
AFAES AT = & Ao 7| HTh

0:

2.3.2. SGN (semantics-guided neural network)

Kipfe} Welling (2016)2] GCN (graph convolutional network)-2 T T o] L% 2 EAJL $-25}o] L E(node)
o} AR (edge)ll theh HEE AAA 02 S55m], 24 YES D, 818t 82 72 5 thget Ropoll A 24

ek, 28 E Hlolg o] 49, GONS ALgdte] JIFT WA 7o) AZPAS 1oL Jejz BAY 4
Utk 2 glolH = L ECA, VIS AA(AE, BE 4 Eh GONoJA = e Z & Q1 FH(A) 7 EF
WA BATTE A B AL THZ| 1o & 7h A2 A ek, B o} B 7o) 7 oji
0EE 12 BAGT 54 98 Fo 7 oo 54 WHE o2 7Hm, 7o) 54¢ Zgath GONY
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Figure 4: Illustration of the semantics-guided neural network algorithm adapted from Zhang et al. (2020).
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Table 1: Confusion matrix for the k-th action: ‘1’ indicates correct action, ‘0’ indicates other actions

Vi
0 1 Sum
0 ap by, a + by
Yk
1 Ck dy cr + dy
Sum ay + Ck by + dj, Ny

1.00" 1.00]
0.75] 015
0.501 0.50]
0.25] y0.25
Y0.00 0.00]

-0.2
-0.59
-0.7

—0.23
-0.54
-0.7

-1.0
-1.0f 'g
3 Z_g
E "71.00 0.75 0.50 0.25 0.00-0.25-0.50-0.75-1.00
.00 0.75 0.50 0.25 0.00-0.25-0.50-0.75-1.00 X
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z
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Figure 6: Joint coordinates for two different subjects performing the ‘Cheer up’ action: (a) before normalization,

(b) after normalization.

FARR DD AA) $-§Hokol A A2 Aol F2hS HekshA Q1A shof gt wrer malo] 61 Hlo]e]
o ZEHE AT S| B2 AT 5 ek A BlA 9] f-840] ATk 4 gk AAE o]l
g 4 dolHR S, F2 2 AF Abe] S2o] ¥ S, uE 24 dolgt &
YHQ BEgLo 2 7Fste] RADT wek A4 Yol E ot dlolHet Bt dlolH 2 BedEEgoR
B, FUT AP Arbare] dolesh o] mE mEhE 4 glck. ol mdlo] A4 A vty Wb
SHA k. uhebA B Ao A Figure S04 Kol S 2% A% #7H 8 53 B (cross-subject cross-

H
validation; CSCV)& -alsto] Relo] utel 4'5-& w402 Bobsha BAe 918& Zolnrt shick.
=, CSCVE 7} 418l A71AE ot Bt Hlole2 ALg el oj 2] FIIArSS ot dlole 2 Ahgaie
o)t o] A} 52 BRA T2 529 N4 Kt @, A Q-2 F B (confusion matrix) K x K H =2
HE] AEE (accuracy)H @ -E-5-8(misclassifcation rate) 502 H718 4= Qlth 52 AS5S £ ¢ ZA|5]
B7vsb7] el k(= 1,..., K)RIA 529 £7A o] tjsto] Table 13 Z2 A0 EFEE AT o714
i AR kA F2Fo] WA =] o BE U= o)X E Mo, i 2t R 2ol kA 521 U4
ARE A 53 0|2y Atolt). o 7]A HE & (accuracy )= (ar + di)/m, TR E(sensitivity)= di/(ci + di),
A I (precision)= di /(b + di), F1 4=(F1 score)= 2dy/ (by + ¢, + 2dp) =2 QPR 3t 3T 4557 =
ol2|3t 2 A EARE 405 ] Bt lofElof et Ho 52 E AASHEE gt
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Table 2: Comparison of the number of predictors in machine learning and deep learning models

Machine learning Deep learning
. Summary statistics . .
Predictors . . Joint coordinates
(mean, variance, skewness, kurtosis, range)
375 1,500

No. of predictors .. . .
(25 joints x 3D x 5 statistics) (25 joints x 3D x 20 frames)

3. 24| to[ef &4

7} gy,

3.1. G|O| &

0] =120l A= Shahroudy 5 (2016)0] &7 gt ‘NTU RGB+D’ t|o| & & &-85}o] 607 F2+of theh 7 2 el
< TESHT o] HlolEl= 409 Q] A3 277t 60717 522 ¢ Ao 2, dF 522 2~33] fHE 5
Rom, 3t 9] FHH2tE ARE-SHo] oot A& Gt 17713] AR ohE 2ol A F 56,8807] 2] =ko]
A AT 2 Ao AE= o] T C002 7|tz HoA ZodH 21,49671 9] do|E| TS ALggiT g
FAER nE Qo] do|7t 22|k 2 Ao A= zF F2te] T =8 20702 A|§tstolnt. o] & 15 A
AR T ot vpx] el T QS Zototo] S0 R T A-S &) o|gA FE2H HEFE = A
Argre] jAr Aol AR T DN J) = (x),y),z)).i = 1,...,21,496,j = 1,2,...,25,1 = 1,2,...,202
HAHTE B3 21404 2708 = Hlole & AFt3lotr] Yol A 2] F4H4LS Figure 29] “Spine Mid’
2 A E5kelot. Figure 6(a)i= A& THE 7FAF7} ‘cheer up” F2F-& 85k 27| Z|¢l €] 3D AR E
Aet A e &2 vebd A o]t Figure 6(b)= A3} o] 79 R&5-Z ey, & T d o 27| 2dHE
77t A FARIRE S € 5 Aok B dFolAE 52 2R ol wAleEd o 257 | tisy
2078 T Aol S 33 2 B2 HE S7HR] FAFE T 244 A=, 2, HeDehE st &
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Table 3: Accuracy for 60 actions across various models

Cluster Action LDA SVM RF HBRNN SGN
A8. sitting down 0.86 0.88 0.86 0.77 0.86
. A9. standing up (from sitting position) 0.84 0.94 0.95 0.83 0.91
A27. jump up 0.92 0.93 0.92 0.66 0.89
A43. falling 0.78 0.86 0.86 0.68 0.86
A6. pick up 0.75 0.87 0.85 0.58 0.67
Al4. wear jacket 0.76 0.84 0.87 0.67 0.82
Al5. take off jacket 0.76 0.77 0.78 0.66 0.73
5 A22. cheer up 0.71 0.80 0.82 0.78 0.73
A26. hopping (one foot jumping) 0.81 0.84 0.82 0.67 0.73
A35. nod head/bow 0.88 0.77 0.81 0.70 0.72
A42. staggering 0.84 0.78 0.70 0.54 0.72
A59. walking towards each other 0.61 0.73 0.73 0.67 0.65
A7. throw 0.56 0.60 0.64 0.63 0.63
A20. put on a hat/cap 0.53 0.57 0.67 0.43 0.53
A24. kicking something 0.58 0.65 0.62 0.57 0.57
A36. shake head 0.59 0.62 0.73 0.51 0.43
A38. salute 0.64 0.65 0.64 0.58 0.68
3 A39. put the palms together 0.59 0.59 0.65 0.58 0.55
A40. cross hands in front (say stop) 0.54 0.61 0.69 0.72 0.73
A46. touch back (backache) 0.63 0.53 0.51 0.64 0.68
A48. nausea or vomiting condition 0.64 0.61 0.63 0.62 0.64
AS55. hugging other person 0.46 0.62 0.61 0.57 0.69
Al. drink water 0.34 0.36 0.47 0.46 0.45
A2. eat meal/snack 0.46 0.45 0.49 0.40 0.52
A3. brushing teeth 0.52 0.52 0.55 0.49 0.58
A4, brushing hair 0.33 0.39 0.49 0.49 0.42
AS5. drop 0.42 0.41 0.39 0.49 0.49
A13. tear up paper 0.43 0.50 0.56 0.46 0.52
Al6. wear a shoe 0.36 0.43 0.41 0.40 0.43
A21. take off a hat/cap 0.36 0.38 0.46 0.42 0.51
A23. hand waving 0.38 0.42 0.46 0.49 0.46
A25. reach into pocket 0.50 0.42 0.53 0.48 0.51
A28. make a phone call/answe phone 0.28 0.31 0.32 0.45 0.45
A29. plating with phone/tablet 0.41 0.47 0.45 0.39 0.41
A30. typing on a keyboard 0.42 0.52 0.61 0.37 0.41
4 A31. pointing to something with finger 0.41 0.34 0.39 0.43 0.50
A32. taking a selfie 0.39 0.37 0.37 0.48 0.44
A33. check time (from watch) 0.50 0.42 0.47 0.52 0.60
A37. wipe face 0.47 0.44 0.52 0.44 0.41
A41. sneeze/cough 0.51 0.50 0.50 0.48 0.55
A45. touch chest (stomachache/heart pain) 0.43 0.38 0.38 0.52 0.62
A47. touch neck (neckache) 0.33 0.36 0.38 0.42 0.51
A49. use a fan (with hand or paper)/feeling warm 0.30 0.29 0.29 0.46 0.50
AS51. kicking other person 0.36 0.49 0.53 0.40 0.46
A52. pushing other person 0.40 0.51 0.53 0.40 0.46
A54. point finger at the otehr person 0.39 0.50 0.53 0.41 0.43
A56. giving something to other person 0.41 0.39 0.42 0.46 0.47
A58. handshaking 0.44 0.52 0.57 0.56 0.59
A60. walking apart from each other 0.53 0.76 0.72 0.55 0.70
A10. clapping 0.20 0.18 0.20 0.39 0.34
All. reading 0.22 0.27 0.21 0.27 0.25
Al12. writing 0.20 0.24 0.26 0.23 0.26
A17. take off a shoe 0.29 0.43 0.36 0.35 0.34
A18. wear on glasses 0.30 0.33 0.38 0.40 0.36
5 A19. take off glasses 0.26 0.24 0.26 0.42 0.43
A34. rub two hands together 0.38 0.37 0.43 0.38 0.38
A44. touch head (headache) 0.25 0.25 0.20 0.40 0.40
A50. punching/slapping other person 0.24 0.31 0.34 0.38 0.44
A53. pat on back of other person 0.16 0.24 0.31 0.33 0.39
A57. touch other person’s pocket 0.17 0.23 0.23 0.35 0.43

Actions are clustered into five groups based on F1 scores from each action’s confusion matrix against all other actions, with Cluster 1 having

the highest accuracy and Cluster 5 the lowest.
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Figure 7: Boxplot of accuracy for 60 actions across various models.

Table 4: Comparison of model performance across various models based on each action’s confusion matrix

against all other actions, with the performance evaluated using cross-subject cross-validation

Models
LDA SVM RF HBRNN SGN
Sensitivity 0.47 (0.31,0.63) 0.51 (0.35,0.67) 0.53 (0.37,0.69) 0.50 (0.34,0.66) 0.57 (0.41,0.73)
Precision 0.48 (0.32,0.64) 0.52 (0.36,0.68) 0.54 (0.38,0.70) 0.50 (0.34,0.66) 0.55 (0.39,0.71)
Fl_score 0.47 (0.31,0.63) 0.51 (0.35,0.67) 0.53 (0.37,0.69) 0.50 (0.34,0.66) 0.56 (0.40,0.72)

Metrics
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Table 5: Average F1 scores across cluster (cluster sizes)

F1 score
Cluster (cluster size) LDA SVM RF HBRNN SGN Bt
1(4) 0.83 0.91 0.87 0.74 0.91 0.85
2(8) 0.70 0.75 0.72 0.66 0.75 0.71
3(12) 0.54 0.58 0.60 0.58 0.63 0.59
4(25) 0.40 0.43 0.46 0.45 0.49 0.45
5(11) 0.26 0.30 0.33 0.35 0.36 0.32

(4 59 23 1.00] el 92 2o a0 RS AN Ak, G055 s%ol A 24 59 A9 SGNa}
HBRNN 29o], 23 1~20] a4k SVM melo] §olnjstA] o & Fl 45 2= o= vepirt.
gald welo] By el Q143 ARARl 949 sl mlAlE

o A5 53} HBRNN} SGN 22 ] 9] o}
SR S AT 98 & 4 olek E BA0] A1 HR ol YA e A9l T ndo] g
s Aol 24 grkn Azte) 2 4 Gek. ol @ AT A S TAH EAT 2 ] YL
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Table 6: Examples of misclassification between actions A10 (clapping) and A13 (checking time)

SVM SGN
No. of cases Proportion No. of cases Proportion

34. Rubbing hands 56 19% 46 13%

10. Clapping 39. Put palms together 50 16% 46 4%
13 Tear up paper 17 5% 14 2%

34. Rubbing hands 28 9% 7 5%

33. Check time 39. Put palms together 22 7% 12 1%
53. Pat on back of other person 11 3% 5 2%

Actual Predictied

e

2 A= 3D 238 E HlolH A A2 /1415
Astlet. MAE g o] 7B, AA Tl A 7 T 93] fme] BES Qofet 5749 FAF(E .
. Ik, M 9l)& LDA, SVM, RF o] o S22 P% SHAL g o] 7, 4 = o] = v
Z}31-E HBRNN 14, GCN A€ 2] SGN 14l 9] of|& M2 AL8-5L9 T NTU RGB+D Hlo|H & &-&
607] A< 2Fotal, 4078 9] A A7 }%é%—(CSCV) &l o] dnret ERdss At
= g7betalt 24 A 27950l RO FREH 2 730l o5 2 ST e A= L 9l
Aol met ER/d ol wg- thEA e 7]tz 6071 52 Aol Hiet et RE R A
orolth el Re s 71gAS e, nidr, AdUe, F1d4)= SGN 2do] 71 =gkx|ut, Alg
Bl TS o) Folulgh %5 Aol It A5 H A5 WIS ) R FI H2ol met607) F2o] qi
FURAL AN AT, B2 BGY @A) 5ot 21 o Fm)ol k7)) FH 0 oA T, 24
7 RR3%50) Aol WEgcy 2t AW R SYM mHlT Haly wElg 489 A 2§40 Sk
PIAleld R, 22§ 94e) B Held Rede] a9l Ao2 Uit

o] g7l A= NTU RGB+D H|o]E] 9] QFehs At 55 Alth 275 /iAo 4] dlol8 &
Apgate] Aok v @ete AR ofu)s} 9 Ao Azt

ey Bdi geld 59 7 2 45

OII
filo
=]
A

J
> i e

H]

[

s

rL
“ HE

IN'
oli

lo &

]_

ol ulgh
iy

39,
5

P

A

r\I Hir

rSL mlo

>,\I



Comparing DL and ML for skeleton data 657

Clapping

1075
5%%0%% 0002
X i%]_a 00 0402 z

Rubbing Hands

Check Time

100

0.
010.0

0.4

Figure 11: Examples of actions with lower classification performance: Clapping, rubbing hands, and checking

time.
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