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A review for human action recognition based on depth data
CHEN Wanjun, ZHANG Erhu
(Faculty of Printing,Packaging Engineering and Digital Media Technology,
Xi’an University of Technology,Xi’an 710048, China)
Abstract: With the invention of the low-cost depth sensors, especially the emergence of Microsoft
Kinect, high-resolution depth and visual (RGB) sensing data has become available for widespread
use, which opens up new opportunities to solve fundamental problems in computer vision commu-
nity. This paper presents a comprehensive review of recent depth-based human action recognition
algorithms. Firstly, we develop a taxonomic framework according to features and original data
type. Following our taxonomy, recent published research on the use of depth data for recognizing
human action is reviewed. Then, the publicly available datasets cited in their work are listed. Fi-
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nally, the authors discuss and suggest future research directions.
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Tab.1 Summary of methods for action recognition based on our proposed taxonomy
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g o R R
[16] 2012 HOJ3D %%E”L”J‘ﬂ% MSR Action3D!"", UTKinect Action"""”
* [17] 2012 .. . . .
(18] 2014 Ij]giin]‘omts ‘ NBNN MSR Action3DM?)
x [19] 2015 ?gl:go%?,ﬁ?im NBNN UCF Kinect'®!, MSRC-12 KinectGesture'*®
OpenNI _— S UCF Kinect'®', MSRC-12 KinectGesture!*®”
RS 5 Nk ; s s
N [20] 2013 ZiE A& 20 R AiF ki ACINE RS gt MSR Action3D "
[21] 2013 MP 44F KNN MSR Action3D™*), MSR DailyActivities3D*?!
X5 HB shhn + MSR ActionSDD‘ﬂ , UTKinect Action**",
J=8 [22] 2014 WIE2E KNN UCF Kinect"*, Florence 3D Action”)
H [15] H s~ [16]
23] 2015  ARMA+#iK223 SVM [I\EISII«% Iz?lcntécc)&?zol) , UTKinect Action''®,
[24] 2012 DMMY+HOG SVM MSR Action3DM
% - [25] 2015 HBBAR HiEsi B+ SVM-+ PFA ' MSR Action3DH!, UTKinect Action'™,
AR o3 ORFEONEERHE  RRES MSR DailyActivities3D'™*
)32
e [27] 2012 ROP SVM MSR Action3D!", MSR Gesture3DH®
5 [28] 2012 STOP HIER MSR Action3D!?
E . [29] 2012 CCD SVM ACT4 Dataset ™
Eﬁg_ [30] 2012 LDP SVM RGBD-HuDaAct
[31] 2013 DCSF+PCA SVM MSR Action3D*), MSR DailyActivities3D"?!
. MSR Action3D**), MSR DailyActivities3D*?! ,
B [32] 2012 LOP SVM CMU MoCap "
3D AR . . L MSR Action3D'?, MSR Gesture3DM®,
. [33] 2014 HOPC SVM MSR ActionPairs ™ , UWA 3D Multiview Activity ™
. MSR Action3D'"*!, MSR Gesture3D"**/,
S omm oY 2018 HOND SVM MSR DailyActivities3D™, MSR ActionPairs™"
e . MSR Action3D'?, MSR Gesture3DH®,
[35] 2014 SNV SVM MSR DailyActivities3DF¥% , MSR ActionPairst*
L2 [36] 2013  HAURFAE+BTREARAE DTW MSR Action3D"™
RGBA A= RGE 3 it % 4 41, 75 e
GB a5 [39] 2014 R T SVM MSR DailyActivities3D"
D N oS
R 3D Harris ff 5 +
. Srarns s MSR Action3D™,
=E yﬁﬁf [40] 2015 tﬁf}:ﬁl FE%: i ﬁm?%s L SVM MSR DailyActivities3D™,
we g()N4D g : UTKinect Action"'®™, CAD-60""
. T A A B+
" [42] 2013 WffI2E4+ MLP HDMO05 MoCap!*-
5 I — AL 052 B L it
EN 5 ~ . P 29
5 [43] 2015 HDMM CNN MSR Action3D''*!, MSR DailyActivities3D-**!,

UTKinect Action-'®
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2 b 75 125 B SR B 50908 4R R 56 TIE S g 22 Sl AR
R PR ARME SR FH — A~ 38— s o 2K X2 7 0% P RE AR
g — %W, BB, BT MSR Ac-
tion3DM* Bl dfe £ S fe R A L L T R )T I i 3T
TR BEA ML 2 I 4R - K 22 8007 B 05 AR Sy vk
REVEM I — R, (HRE XM IR AFZ Ik
TEMNAREA 5 YNGR A2 73 07 U A EAEFEAR
RESR.
PRI L 2% L MSR Action3D %4 48 b i ig 2%
fitll, % 8 H #5 (Cross-subject) 1 3¢ X (Cross-vali-
dation) 5 Uk P i 55 TE J7 =X DA AN [6] £ 8 > 42 T

SR A R IR I e 22 5

B JeXF MSR Action3D #4i 4 i — 4> 7 28/
24, MSR Action3D #4520 A28 50 1 2 1
el B 10 AN B BRAT S B S B 1 B A BT
2~3W ., ALK B 567 NFEA TS I B 4R Y L
MR AE B WL R 2. O T WA I i i O A 2
JE B A MR B0 A 1 A2 2 B B P R A Sy 3 A
T4.AS,,AS, F1 AS,, Hp T4 AS, fl AS, i
B VE B 4% B AR N BAR B B 42 N 0 B A
PERRE. T8 AS, TR R ERE. B4

TR E WS EININE 3 P,

F 2N SCHR PTG TR 4R LR

Tab.2 Summary of datasets for action recognition cited in the reviewed literature

s 4k =1 <1~ G = N+ T lie 168 FH 2 85 4 46 1 STk
o WS Lo B LR FE o R0
. [ 144 4 - 17 8h A L T 2 x 17 E,
CMUMoCap ™ 2008 Thege 2605 Sy St gt s LI RGE Lzl L]
AT A 3*’1‘ & Y ST S B (tvd s e3d, ame
- . [ 5 AN 5 »E%@WEAEE?MT%TU\ %
HDMO05 MoCap!**) 2007 130 2 601 P2 e s B Z BT S Bl 10 ~50 Y [13], [42], [44]
) 10 A8 D1, RSBV E AN 5L AT 2~3 Wk 4t [15-18], [20-25],
MSR Action3D!?! 2010 20 567 20 LA A 3D JJT%(;)E. HWERERG S RGB  [27-28], [31-36],
B s OLS 51 S TS 5 48 A 32 30 H AR [40], [43]
A i [16] 10 A9 B3, B R B R A 8 5L AT 2 I [16], [22-23],
UTKinect Action® 2012 10 200 ok 00 4 il 3D$+Tjgwj F257, [107, [43]
S 20 16 ™78 51 , B2 S 1 A A8 B AT 5 Ik
UCF Kinect'*" 2013 16 1280 oy 152\%%} i 3D¢$§&ﬁﬁ§ﬂﬁ [19-20], [22-23]
MSRC-12 30 AN 51 BRI B A B 5T 3 3K
KinectGesture-*® 2012 12 594 AL 20 J/|\3§i[*§‘ ) 3D A J:*Tjﬁ;ﬁ; [19-20]
MSR 2012 16 a90  LOMNHEEL s KHFEAW KB A 5Pk e [21]. [25]. [31-32],
DailyActivities3D?) o ARG 3D 6 A AR bR 57 R 7R S YL [34-35], [39-407, [43]
10 A9 51, B SR A 1 BT 3 IR
Florence 3D 2012 9 215 SR A A % T [22]
M 28 VB B A AT AT X
10 A9 51, B VR A T B PUAT 2-3 I
MSR Gesture3DH®! 2012 12 336 IRELEEREIEZ S RGB lﬁl{% [27], [33-35]
FEASTE AR A Y 3 [ Y
~ (20 24 AL 4 AP [ f R H
ACT4 Dataset"*” 2012 12 684 pepergniin g v G S ROB AR [29]
< 497 30 AN 5L TRV E RN R AT 2~4 WK $R 4t
RGBD-HuDaAct! 2011 12 U189 Semepe g by RCD B2 A A B 5 [30]
. - -3 10 A~ b1, B2 B VR B3 LT 3 K -
MSR ActionPairst** 2013 6 180 ﬁ/l\fjﬂfﬁﬁlﬁ*ﬁﬂﬂ E’{Jiéfj]*ﬂjﬂﬁi{ﬁ [33-35]
10 AN 5 RS B AN DL IRAT 2~3 W A
UWA3D 2013 30 790 A FLHERRTE AR (014 P« LA 90 Ff R AR AL 5 r33]
Multiview Activity-** Tmfﬂ:j/t S 3D AR BR B R R BRI
A 54 # B4 5 RGB E%
CAD’6OUOJ 2012 12 60 1 4\@'5)'9‘\ 9# o) /I\Z—[_JE/J%RFPT;L'/T‘TZjJﬁE *ﬂ:{ﬂ: 15 [40]
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# 3 MSR Action3D ¥ 4 s 1 7 4 9 4] 73
Tab. 3 Actions in each of the MSR Action3D subsets
AS, AS, AS,
T 4% ESET T 2 BEA A T 2% BEST
a02 Horizontal arm wave a0l High arm wave a06 High throw
a03 Hammer a04 Hand catch al4 Forward kick
a05 Forward punch a07 Draw cross al5 Side-kick
a06 High throw a08 Draw tick al6 Jogging
alo Hand clap a09 Draw circle al? Tennis swing
al3 Bend all Two-hand wave al8 Tennis serve
al8 Tennis serve ald Forward kick al9 Golf swing
a20 Pick-up and throw al2 Side-boxing a20 Pick-up and throw
1.6.1 5 HARKUE(Cross-subject test) TR REA S S 1 1.3.5.7.9 58 B AT shAE r R

5 FUAR It A S8 AR < DI R R A 15 0 3K AR
ok 8 A [ 38 B3 AT B sl A P o . BRIV 2 () 26 70 1Y
AR i T ASARTE AT I B9 22 S AR AE AR R AR 1Y
FEARBAB KRN T 22 . IZRBAENLH AT LA 2L
WA ARz ALt RE S R . b Bl LA
9 T SCHR R JH LR 5w ok 47 k. X T4 14

S BOREA A S I 5 B0« TR0 A% A AR A g 3 B8l
i By 6 i ) 2R AR B R BUN R (0 CFER
) 26 C00) FAE AN BOH 4 b i U3 3 O AT IE B
HIEL BARNAE IR 4 s, 75504 3 RSCHCR
FI 1~5 538 51 PAAT Bl 1 B R 2 19 FE A AR D U R %
P T AREA AN ARG . HR BRI 5 R,

4 B AARIRMERE A

Tab. 4 Cross-subject test results

ik e HTHEEBPIR/ Y gy Ik
‘ AS, AS, AS, BB/ RBIE/%
Action recognition based on a bag of 3d points,Li,et al. 1" 2010  72.90 71.90 79.2 74.67 —
VICiW 1.n\‘1ar1ant human aC’Elc(’)n recognition using hlstograms 2012 87.98 85.48 63.46 78.97 o
of 3D joints, Xia, et al. """
FEEffeq};}/e 3D action recognition using Eigen]Joints, Yang and 2014 - - - 83. 30 -
ian"
Exploring the Trade-off Between Accuracy and Observational 2013 _ _ _ 65. 70 _
Latency in Action Recognition, Ellis, et al. ! ’
Robust 3D Action Recoggltlon with Random Occupancy 2012 o - o - 86. 50
Patterns, Wang, et al. “*"
STOP: Space-Time Occupancy Patterns for 3D Action -
Recognition from Depth Map Sequences, Vieira, et al. [?* 201z 8470 81.30 88.40 84.80
Mining actionlet ensemble for action recognition with o o o -
depth cameras, Wang, et al. =% 2012 88.20
Super Normal Vector for Activity Recognition Using Depth
: T Act 2014 — — — 93. 09 —
Sequences, Yang and Tian
Fusion of Skeletal and Silhouette-Based Features for Human -
Action Recognition with RGB-D Devices, Chaaraoui, et al, % 2013 92.38 86.61 96.40 91.80
VL :1.3.5.7.9 S BUAE N I ZRbe A, AR g IR 4%
#5 B HRM R L
Tab.5 Cross-subject test results
ik b HTHEEMIIIR/ Y oy A
“ B TAS As, As, BUNR/Y% BEIR/%

The Moving Pose: An Efficient 3D Kinematics Descriptor for 2013 o o o 91. 70 _
Low-Latency Action Recognition and Detection, Zanfir, et al. " ’
HON4D: Histogram of Oriented 4D Normals for Activity 2013 - o o o 38, 89
Recognition from Depth Sequences, Oreifej and Liu®* s
Spatio-temporal Depth Cuboid Similarity Feature for Activity 2013 - - - 89. 30 -

Recognition Using Depth Camera, Xia and Aggarwal"

YL 1~5 53 BV A IR AS AP R MR AR
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1.6.2 32 X5k (Cross-validation)

A8 LI UE S R B ik 26 g P RE 1 — Fh R 42
THA A 7 A R AR e IR — 2 m R 4 O K I
UGB S AT 3 A — R 2R AR o — BB oA
NSRS . e IR AR X 4 S e AT I kL R
FH 3R UE 4R Sfe i i1 2R A5 2 0 465 80, DLtk AR S PR AR
Iy R TERE SR b . M H R 43 J7 O [R] AT 23 Oy
2-¥7 38 X iF (2-fold cross-validation) fl1 88 — 3£ 3¢
WIS IF (Leave-One-Out cross-validation) ¢, @i &
BE MUK B b s 1 53 R 2 A B g 2 43 ) ABC— Ik
IEF RN F4 X FESRE] 2 AR, HTE 2 4>

R 5 2 (1 6 U 4R 19 0 N JEE P S (AR D 2R
fr M PEREFE AR . SCHRL37 I R T i b 3630k U7 =X, 3
PUNTPERE N 6 Fros .

X B — ¥k 28 S HIE o HC A JEL B 2« R At
MR A N ASFEAS S A FEAR S AE O 36k 4R
R N—1FEARVE I dE X215 5] N A g
B I N AT fi 28 1) 56 U 1Y) 70 26 A 3R 1) °F
YRR R oy AR W PERE TR b . B — IR ITAG A R 0K
YL JEE 01 /A B A1 50 T T L P O E 7 vk B B
B2 % T R EAr 85 . SCHRL 36 TR I 46 ik
Tk HLA R IR 6 B .

F6 X
Tab. 6 Cross-validation test

HTHEEBEIER/ Y gy RN

~ \ JE

UE rik B0 TS AS, As, WUIR/% WEIE/Y%
2-3r Evolutionary joint selection to improve human
22 action recognition with RGB-D devices, 2014 91.59 90.83 97.28 93.23 —
Liana Chaaraoui, et al. “*"

B —#:  Fusion of Skeletal and Silhouette-Based Features
2L for Human Action Recognition with RGB-D 2013 90.65 85.15 95.93 90. 58 —
Lioang Devices, Chaaraoui, et al. %

2 RARMKEES

PN S (RS B N O SN i 2 o R = /A
o v I BOHE AR R T 2B R ER R sCER g L Y
14 A8 A DA ST B B T | T 6 5 1 30 4 258 il 4
FEARBORMAEVESE /i BE JEAT T B85, Ik 2 s, X
SO AR Y 4 K 2 B0 SR U Kinecet A8 AL
VE S RAE T H e ATy 4 B sl AV TR 530 0 69 1 RE O
BEEEHE T — > 00 R 5 L O 4k 28 4 3y R 412 32 A
KR TAER I — 2L K

3 RERBFARTME

AR AR B8 TR B A SR A g A sl 1 1R 53 ) 4 5 4
PTG S ML 2 L AE i 2K B JLAR L 2 T IR A
PLEY AR SR BIE 52 AR A 1 R Ay k20, (]
VISRAFAEVE 22 PR R 7 i phe o 7 R R B WF 5 T A
L — 07 T TR B R S b B R g
A R 17 S8 4 2R N AR B 55 — T T 2 4
JEE T A Y 5 1 R I 6 S &2 2% i N AR Sl 1 L
SEH AR 3 A Bk UL B K BILLT 4 A7
T F) [7] A

D) 2 H VR 5 R 3 iR

IV YNNI 7/ Pl L1 D B e (VAT
(0 1 SO R TE 78 QB g AR - 32 B 45 kb A

EIZ M SEBRE N o S H SAE T ab gk 2 7 R B A
T2 B N 5y 18] 8 A T 4 R A2 2% T S ) A
AT A 75 7o 0 11 i 38 O 9 4 220 i L 40 53 g ) I %
TR, H TR SRR 5 ik SR AR AR T R
A VE TR b AUH DB T AR S XS 8 22 i - A
BN-YIAL B SRR . 7RI 7 TS T B AR
W 5T A AT B 4 14 4 BEBE 0 LA A2 52 B W T B9
B AN AEEEE Z A A F R AT A 3R 7
T+ I 3 A A G BT 5T A o — A 22 A
JE 2 BT AR BAS TR B2 A% AR B AN L 25 il AR
BRI RE T

2) ZAM 5 A SR

P AL TR R To e R AE AL L B9 RGB {5
I S AE TR B R T 6 T S A R R B R 2 e — A
REGPRH . e LS 57 B SR Ul R 48 b Ay
FUFEAE 2 AR AR HLRL S A 3 s DL - R SE PR BE A6 201
HAGMMAENE. SR . H AT R 2 8O0k A 8=
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PR BEoh g 2 6 a0 AR v I R 0 4 4 K
WA B — A NIRRT A Y R
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