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Research Advances on Human Activity Recognition Datasets

ZHU Hong-Lei! ZHU Chang-Sheng? XU Zhi-Gang®

Abstract Human activity recognition is an important research field of computer vision with important theoretical value
and practical significance. In recent years, a large number of public datasets have been created for evaluation of human
activity recognition methodologies. This paper reviews the progress and forecast the future of public datasets for human
activity recognition. First, the hierarchy and contents of the public datasets are summarized, and the public datasets are
divided into four categories according to the characteristics and acquiring methods. Then, the four categories are described
and analyzed separately. Meantime, the state-of-the-art research results and corresponding methods of the public datasets
are introduced to researchers. By comparing the information and characteristics of each dataset, researchers can be guided
in the selection of the most suitable dataset for benchmarking their algorithms, so as to promote the technology progress
of human activity recognition. Finally, the future trends of the public datasets and the prospects of human activity

recognition are discussed.
Key words Computer vision, activity recognition, real scenes, multi-view, multimodality

Citation Zhu Hong-Lei, Zhu Chang-Sheng, Xu Zhi-Gang. Research advances on human activity recognition datasets.
Acta Automatica Sinica, 2018, 44(6): 978—1004

NARAT R 58—~ 2 A B3 SR 527 17,
W R EBACE, THRIUSE . BECRA . Blas>] .

Pa e Rl 22 221 oA, X et A ARAT R 51 07 3R it
FUR B KRR, XTSI AT 7T Y % B

NTHERESFZ AR, BITENI S S — A&
TERFFEIRAN . B R P AR A F B AR AN AR A
3 BRI A, N ARAT R AR BE AL A M
B BRI HE O RO R
SO A U AT 2 N R

H ALK S B4 78 BT T 2001 4F %A ik
TR TR N DK, V2 AT AL

ks HiH 2017-01-16 s H 2017-07-18

Manuscript received January 16, 2017; accepted July 18, 2017

EH % B % F % & 4 (61563030), H it & A & B2 &4
(1610RJZA027) ¥l

Supported by National Natural Science Foundation of China
(61563030), and Natural Science Foundation of Gansu Province
(1610RJZA027)

ALTHERME K

Recommended by Associate Editor SANG Nong

L T P SHLT2BE 24 730050

1. School of Computer and Communication, Lanzhou Univer-
sity of Technology, Lanzhou 730050

HRKEHENER. AFFEANRIT IR IR Z
WG EPEAL T — & BRSNS, (EAF 58 n AR
AH R B i A i o He B [a] RO O v B9 AH o P g,
SRR Ty VAR LS W EE BEARUE.

AT A 5080 5 10 S 3 AR A SR AE TS LR s 401
WGER T A MAREER. MAA AT AT %R
PEEAEAINUIRES . a0 . W3 17 28I A
KA S5 Ty T A R R ZE 5. R, ST AL
PAE AT X LA A, A R TR0 E AR TR H O oK
R E N BAESE, FEmsa s . B2 Ha, oF
— B R AT S TR BRI S AT O i i S 21,
Ahad 202 AT 5 AT I R B SEE
K. Chaquet £ 53 R A28 -5 AAERAT JFI3E 30
FH R ERLE, 12 41 N 45 B 42 B A 1. SC
R, (H A R AL E i 4 W SR F 98 2R 1T Zhang



6 3] REFESF: NI AR SR pT 7 0t 979

S L R TR AR AT SR R B SR AT T
FEAIA G, (B SRR AR A (5 R AR I8 R 75 2
B A — SR SR AT
WEFETT IR, TXHAR S K5 A 4 B e 2.

R R B 1 s e U RER O 5K, ] AN
PRAT AR B SR T AT R R0 4 2l
LAGITE SNSRI Y/bos  EiE SN 2R E IR SIES Y%
Pask. MARIE A RAT A 7 2T DA A T 8da 46530
=2 AMRAT RBARSR . AT B SRR AT
MRS IRAESH— R0 5, TR ETT R 5
Xt 4 B LB IR T RN 2.

1 BRABESE

AT IR B S, EATE A 2 IE 2 IR
T N IAT I — R P s, 1 KTH Fil Weiz-
mann(20-211
KTHM #fm4E & 1T 2004 4, 2L
G — D B B T 4 5T 25
/\T [ 52 # 1) 6 FAMKAT R 2647 (Walking) | 12
#1 (Jogging). #i4 (Running). % (Boxing). #%
F (Hand waving) FI#1F (Hand clapping), H R
mE 1 s,
BHHREN 4 K5

RSN (s1). AR

Al %% (s2). AN (s3) FMIEN (s4). Fidhde—
AT E 599 AN, Horp 8 AN AL E A Il
AR, 8 M E MM E R IESE, 9 N2 E T
PR RIS . B R AR LA R AR A
JERRIAR AL, (HIH IS5 SR I, SRARAILALE
WA, HA R AL, BRI S A% b
B, (BT A8k, B ai R e ok ae ik
F 100 %. Zhou %22 BT £ #%2:>] (Multiple ker-
nel leaning, MKL), % %23 24 5 (Space-time
interest points, STIP) F|f1E L b SCRREMR B
HESRAT A RGIARF BRIy, P FakF] 98.67 %.
i Xu 223 FI ] = AMRZ L STIP. =SR2 K
(SSG) Fumfa) £ & (TSG) # T HIZFHAE R
Wi 4E (MLDF), k%] 98.83 % iR B4,
Weizmann 20— ¥#a4E % 75T 2005 4, —3t
59 AR ZRE R 10 B KT R E (Walk).,
# (Run). XUEBE (Jump). fll & ¥l (Gallop side-
ways). ZE (Bend). ##5F (One-hand wave)., #£
WF- (Two-hands wave). ik (Jump in place).
FEAk (Jumping Jack) FISERE (Skip). K d
— 405 93 AN, H A HEREAIK, S 144 x 180.
B RSP T 5. LA R S E T 2 Ik
1, AR B SOEBOA S RIS A S, WK 2
B, MeAh, ZEE AR R TR A A S A B B R 1Y

1 KTH $oigeormE™
Fig.1 Sample images of KTH dataset]

T

2 Weizmann $iia e il & H o 5 &>

Fig.2 Sample images and silhouettes of Weizmann dataset

[24]
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BT — AR AT E G 55—
A NAEF N YA 5 A 2= R AT E S VEF 5.
B LR R B, BFE T 2008 AR F R
J7ER FIr B EHERY Tk 100 % R 51,

B R, EET R B
BN H RIS R, ORI BT H s
WEEYE R RE.

18 H B R b A B SR I BRI L BT
% VMM T REEEWE 1 PR,

2 HESIARBIRSE

H L 5t 8P £ F 22N B A
Bl 2 B B PE, B W Hollywood” . UCF
Sports?® | Hollywood 22!, UCF YouTubel*"
Olympic Sports®!, HMDB51B2 | UCF5013,
UCF101P4, Sports-1MB #4414 [F iy
FERUR AL A e BRI RS ER 2 N HUE T
R, PR AR Lk Al

Hollywood (HOHA)[Qﬂ BIREEk 32 FH Y,
MNP AN (] B 35 GRS [R] A A5 R AT 1) A 7]
HIE. ZEARAALSE 8 T M 2 HIE (Answer-
Phone). F% (GetOutCar). #& F (HandShake) . #
. (HugPerson). W (Kiss). A& (SitDown). i
A5 (SitUp). 237 (StandUp), JAA—A i Z A5
2. BRI o RS A 12 LSRR
2 MNGREMMEAR 20 F ARG, H
g, 2 MNGEIE—A B LM —T 50l
A AR B AT iR, &
233 MUAEA, I RA A 60 % B IR bR
M RN B8 219 NMUSREA, BA 305
UEARZE. MRS 211 MBI A, B HAF35)
EFRZE. Kulkarni 256 445 847 R i1 51, K&
TS AR [A] R RE SR ) — BB 20 A O %o v e AR B 2
WAL (DFW), 355 59.9 % BYiH 515, i Shabani

2 37) LR R AS AT N R B HE SR, i o o b
TE5 W RHE AT B T2 s RRAE A MR BE, 68 A JEXT
FRIZ S FHAE ST A M o B B R on ik 8] 62 % 1)
T,

Hollywood 2129 ¥#z 4 2 Hollywood ™ f4-
&, Sk 69 FHE, W8 12 Ffr BB 10 2535
5, A 3669 M. ZEIREA S A TLE: 1T
AR (2517 AR, BLSLPRA 2442 SRR Al
W gdade (1152 M), 17 854 (Actions)
1 Hollywood ™ Ay BLat 8l 1 4 Fhdrh250: I
% (DriveCar). Iz (Eat). 3742 (FightPerson) £
¥ (Run), H/RGIAE 3 FiR.

ZBHE SR ZrBEM 33 FPHL B HcAs, T i)
KM IR 36 F PR, e E s
2 YNGR — DM LE (884 HLAR). Hr, 2
MINGE AT B ININHEM—D T3 g 4E.
H s IR B 3 WA T4 AAn:, &5 810
ASPUATREA (BLSEBRA 735 AN); 1 i I 25 42 )
5 823 MLMIAEA. e Bdi4E (Scenes) U7
—~HahbrER %4 (570 ASFS) F1— 4~ 3
£ (582 AN PR A i R . A
FEHEA, B ALz, A, ER.
FEHZ RPN, TR T B 5 N
oL, DR EOE S H Pk ik . Fernando 468 3R
BRI M 2% (Cellular neural networks, CNN),
I f Fisher [aj+ (Fisher vector, FV) Fl&: b1k
(Rank pooling, RP) X} it # ##%5 ## (Improved
dense trajectory, iDT)B A9, H-45 6402
itk (HRP) 4ifh iy CNN FHE, 353 76.7% Y
HBIR. Liu 2000 i —Fp iy ZEREZAT 5%
(HC-MTL) J7:, [FEF AL (Low rank) FIZH#
B (Group sparsity) g5t/ 1EN{L, 5% 78.5 %
(AR . T Wang 2840 ) Beak 0 0L 25 AR
2 W #% (Two-stream ConvNets, TCNN)“42 #r %

1 BRSSO AR bR

Table 1  Summary of state-of-the-art research results on general datasets

B EZ TR GRS AEy GBS LRIES
98.83 %(23] 2016 MLDF CS: Tr: 16; Te: 9
KTH 98.67 %22 2016 Semantic context feature-tree (MKL) CS: Tr: 16; Te: 9
98.5 %431 2015 Local region tracking (HBRT/VOC) CS: Tr: 16; Te: 9

100 %44 2017 3D-TCCHOGAC+3D-HOOFGAC LOOCV

100 %451 2016 R transform + LLE (SVM) LOOCV

Weizmann 100 %49 2016 SDEG + % transform LOOCV

100 %1471 2014 3D cuboids + mid-level feature (RF) LOSOCV

100 %[22 2008 Metric learning LOSOCV

100 %126 2008 Mid-level motion features LOOCV

*Tr: training set; Te: test set; CS: cross-subject; LOOCV: leave-one-out cross validation; LOSOCV: leave-one-subject-out cross

validation
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SitDown

N 'j

|
¥
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DriveCar

MNEMZETHE EPT (Evolution-preserving dense
trajectory) HiARF, 3L HHHIE (DT)H HiA %
Ehe, ERFI A VideoDarwin # A, 5% 78.6 % 1)
U,

UCF Sports?® ##E4E £3i% 5 BBC f1 ESPN
L& EAUWIE, 8 150 SO % B e 4
4 10 Fhizsh 2 Bk (Diving). &K RIEEF
(Golf Swing) . B L5k (Kicking) . 245 (Lifting) . %5
4, (Riding Horse). #3# (Running). {&#t (Skate-
boarding). Fff A (Swing-Bench), AL (Swing-
Side) #ifriE (Walking), HosBilunlEl 4 Fis.

ving-Bench | Swing-Side

4 UCF Sports $fiase i 1°)
Fig.4 Sample images of UCF Sports Dataset[®"]

B R AR AL A B = oy B, SR A R S
s AR N, I AES RS, bz 5.
M. GRS RS HARKESR, BA—EW
Podk, A B TR 2 LRI R AT R T .
H#i, Tong 214 # 4 3D-TCCHOGAC #1 3D-
HOOFGAC W/~ & sh &4 iR 1~ 19 7 3%, I FIH
XA BT IAFF 5 H SR ST G T B — AT
HBHHES, K3 96 % ARSI, i Harbi 41431 4
ST AL GE I 3 T Ip 23 40 B R, T SE BRI AR
R A # 7% (HBRT/VOC) S 28 A4 X o5
R, IR R4t gmis (LLC) 53 96.2 % 1)
TR,

K& 3 Hollywood 2 %idise 7 48]
Fig.3 Sample images of Hollywood 2 Dataset!

48]

UCF YouTubel®? ¥4 H i frh UCF11,
= WP B ik K2 (University of Central
Florida, UCF) T+ w58 H0 Ay, 8
1600 A4, AR S 11 Fdr - 2800 ek
% (b_shooting). J HAT% (cycling). Bk/K (div-
ing). B/RREF (gswinging). % (rriding).
JEERIGIER (s juggling). FFKT (swinging). #] W5k
(tswinging). Bk /K (t jumping). HEERINER (v_-
spiking). 5 —EH (g-walking), HoRGIaHE 5
JIiR.

TR AR X2 MPEG #& X, X745
AN e 4 B 25 4, A E D> 4 M
WL A — 2 A A A EL A — S SR [ B AR AR, A0 53 A
[, Al AARISE. B, BAZERAEN
HAMIZEE. M. BRERE. LRSS
1k, BT ZEPA LR 8, B Al A R R
. Peng 40U @ id¥E R A2 50 Fisher ) h
5#& Fisher [a4 (SFV) &, 58] 93.77 % (#iH
B, Liu 502§/l —AMNREE2E S fESE CNRF, R
M B2 CNN M i 4 i A2 > R AR RRAE, 6] B 2R
MG 4Pl (CRF) /9 CNN i3 i 2 7]
FIAH AR O &R, B EAFTENNSEL, 53
94.4 % HYIF BN, Sun 2053 F) H R4S ALK 2 1]
=R E T R, TS 2 A ERE R E
T 8 A T 1 9 B 22 L TR TR B Y B A J2 ) A AR A
(HBoW), #& J5 R H PRI — kAR BE, 153 94.50 %
TR

Olympic Sports®! ##E4E % | T YouTube, 14
T BRI 783 AN, B R LT 16 Fhiz
225 Bk (high-jump). Bkt (long-jump). =%
kit (triple-jump). ATk (pole-vault), BT &
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(basketball lay-up). TR #YER (bowling). W Bk %
BR (tennis-serve). 10 KBk & (platform). &t (dis-
cus). HEER (hammer). #5346 (javelin). #YER (shot
put). 3 KBkt (springboard). 2$FE % (snatch) .,
ZEHEHES (clean-jerk) MKy (vault), HoR G40 E]
6 FrR. BRI i - H AL AR T
R AR, BEEAEs). feEHER. Miliz
AN EF M. HAl, Sckma 2501 FF AR

on

£ 2

= = |
on

g £

=

ml EI

Nl o0

cycling
r_riding

diving
s_juggling

t_jumping
v_spiking

iDT #ARfFHE s —Fh 2 2 Fisher & 4% 7%,
K5 96.5 % HIRBIR. i Li 205 i i R B
Z /2% (DCNN) $A350 N s S AE; R L rsh %S
4t (LDS) 152 v A3 BBl 2 A FFE; A Bl R Ak
RAEHARST (VLAD) 3R KIHAR 2 3h A HFHLE,
HAE 25 TR AN R G50 A3 ) AR AIE 1) BE Al 422 1
VLAD? #£AF ¥, R4 6 iDT ffidRaFie—2 41
EPERE, 2615 96.6 % HIIHRIER.

swinging

g walking

ging

t_swin,

K 5 UCF YouTube $Hise 7 i B
Fig.5 Sample images of UCF YouTube Dataset®”]

P Bl
Fig.6 Sample images of Olympic Sports Dataset
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HMDB518 $ffa s Bk P TR, KA —/
BRAY Sk A SE B2, 4 Prelinger 7744, YouTube
Fl Google M. ZEHHAEFLE 6849 LS, 43R
51 FRAT R0, BT A& 20 101 M. %
BAREMAT AT AN R 5 Fp2EAY: 1) i
TRENAE: A . KA. WHIG. Biih; 2) BT TH
FRBIAE: . iz, n; 3) il B ikiz g IFE. 40
T B CAEAS . e TaHb . eFESE L S Bk
SlfAm B FEME. B AT, IPEMEAR . B
sk, . B, T 4) SXRLHN S IKIZE):
Bk, IRER. $h6]. 2BR. $TE/RKR. TR, BE
BR. HARTY . BIARTY. HEARTY. WEITE. W, &
WL BT, SRS FTERER. 281, PRV 5) 5 AR E
P B ikizgh: 58], P, B BV, i, BT
SR, HERA R B AN T s, RO AR AR R R
AN, AR MRS, Rt JelAE
AR 2 R P, ORI R,
BRI B, %R AR R 23.18 %62
2016 4f, Feichtenhofer Z£1°6l F| i TCNN Fi & Hit
) 1 23 [A] FAE K 3] 69.2 % 13 52, Wang 207
A =4~ TCNN #4781} 8] 535 4 2 (TSN) k%
69.4 % (IR, M T AT . Mok, Wang 208 g
9T TAT M 5 Z (B K &R, i TR BB A o 2 0
7 Places205-VGGNetP) 17 #5458 37 SHR4E, R
FIAE S5 gL A B S s o VE A A 5t Fr e
I, TSRS A, KRR AR S E] 73.6 %.

UCF500833 44k | YouTube [ 31 5404,
72 UCF11B% fdr . %8 d AT 25l 11 Fip
PR 50 Fh, UE 6676 ML (BLAESLFRA 6681
AS). ZEAREIG I 39 FAT RS R EEERILHE
EMfe. GEkdEk. Mk, $E2s. d8g. 8. .
Bhm . FEL. P . BEARAG . ZLEEER. BkaR. TS
Bk BRIE. 525, e, V. BUER . SRS 9
P AL, B 5likm b, 2 HEME. =
WEES . C4E., FEME. TP /KB SRIER: . 19, 1855,
FEFCAE . 4T8¢, KA. BEEE. S/ MRS AR EK,
HorplaniE 8 Frs. BRI 25 A,
HALE 4~ 23 MU, HA S ILm B RRIE. I,
BHAREIR AR . HE ), Lan 200 gk
1o 0T 4 R O A AL RUBE P A B R AIE B ), B
— P RIS B AR MIFS. MIFS i f] — #5112
IR AR R IO S RHE, a2 R ] Bk ER S L,
SEIAT A (] ) - A5 AN ARV, (] sk DAKH RS HE 3R
B fE B M E 0BT RRNER, fEmE
T UE WA FHE R v 2 1, K% 94.4 % By 5
K. Tjjina 25000 Fil Fi 38 15 505 MR 2 25 UM 22190 24,
KA 5 Prag EIEIRF] 99.98 % (R H]#.

UCF10184 ##i 42 g UCF508% i, o

101 Fhaf VeSS, Jeat 13320 MR B, %%k
PEERAT BT AR 5 35 1) ANS5X 4=
b 2) Bikizd; 3) NZRIMAH,; 4) RS2,
5) kFzgl, A mEImE 9 s, REHEER
BERT MRS 25 4, A EE 4~T7 ML
B BUEELER AP B, RE TR R SER
e, PHeEKE N 7.21 #, WEMENLEE. 246l
Bat. ANFEDEEEAAE . R R &S E R K,
A oz B AR B A B, e T RZ 5
FIIRIE. 2012 AERAIHIRBIF S 43.9 %BY. 2016
4F . Feichtenhofer 256! Fi| ] TCNN 35 51| %37}
#) 93.5%. [4E, Lev 2021 B FV, Fi| 6 )4 48
W 2% (RNN) B ROHERARAY, [R] sp A1 A B i) 75 3 B
(BP) 18 S5, 5% 94.08 % R HI%. i Wang
257 ) A B TSN gE— 24531 B R 42 T3] 94.2 %,
AR PR T R A AT S

(a) I HIFREE

(a) General facial actions

(b) XS G H T A BN

(b) Facial actions with object manipulation

(c) General body movements

' v . 3 Bree.

(d) 5 R LB FES)

(d) Body movements with object interaction

79 Ie
e - y. ¥
= 1
ol 4 o

(e) 5 A HIHAIZF)
(e) Body movements for human interaction
B 7 HDMB51 ¥ge el E
Fig.7 Sample images of HDMB51 dataset

THUMOS #k i JF 4 T 2013 4¢, H T
UCF101854 %4k, 3 H i % & A K250
TS J e A0 R AR AT Sy H R OB 1 s
THUMOS'13053) g e fis $d 4 76 UCF101 % 5k
ELRE EHGINT 24 SEATRERE, o 14 A2k A
UCF101, 10 43k § UCF11. THUMOS'14164
B defe THUMOS 13 (ARl B30T 2500
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Volleyball él;lklllg Walking witi"Dog=-]
K8 UCF50 Kl
Fig.8 Sample images of UCF50 dataset(®’]
A S, 1010 ANE ARSI 1574 DML LA R AT iy 5708 SO, AT S R0

$i. THUMOS'150% 3t i i 4E 2 THUMOS 14
BRI, W 2980 ME R, 2104 4
IS UELAAL 5613 AMA. i H THUMOS 34
TR R oA 208 5 1 B 4 AT, JH: i A0 5 B0

R4 M AME. 7E 2015 4E 1) THUMOS ki3,
SIRHRER IR EEF S AR, FIH VGG-Net 5§
CNN BRI RGN G, o 2% Je B K255
FE] & P LA e 2 B 2 S AL B 74.6 %0900
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B RRIMER . M5 Li %00 42 a5 K 7 903
PN SFAER) VLAD? RAET7 %, R iDT
AT AS 80.8 % AYIH IR,

(a) NEMRMZE.

(a) Human-object interaction

E

(b) SA&IZZ)
(b) Body-motion only

FU Rl

(c) NZIrlf22 5.

(¢) Human-human interaction

il ® <
% ) s S ] ~—
| “ade

(d) SR ZE
(d) Playing musical instruments

(e) Sports

K9 UCF101 $EsemnfiE
Fig.9 Sample images of UCF101 dataset

Sports-1MB2 ¥#e4E 2 Google ATH— K
BRI, R BT AFFRY YouTube #4. %%k
Pt A8T FiAF AT H, it 1133158 M1
A AR AT 2R R E 1000 ~ 3000 A~
UL, o K2 5 % WA A 2 M. %8s
LA E R T ZEhIH ] PAS R 6 K& K Bz,
HIB\izgl . &Zizg) . $kEizzh. Xtizsh. 554
a3l 1 HASLMNFEM P2 R ZEFAD, it 6 A4~
AFEZEB PRI ERAT 23 AR GERSE. HE0RE
LR, 2068 7% MO e A e BT
B B AT, Ir DAEYLE S A2 BRI,
FOCT S B A AS AL, 25 00 1 50y ok
—ERYEAE. H AT, Mahasseni %67 FF PR EH
e 2 (DCNN) Fip 2 KFERHEZ (LSTM) 1
Z AR R LM, RIEFH 3D B 475 el g5
FRAE R el RRRAREAT SR R B RO R%E. AR IR A 23R
ZH g1 F, HitQ1 fIR512 N 73.4 %, Hit@5 fyiH
%N 91.3 %; MFEIEML AR SHL ¢3 1, HitQl
HIRBIE N 75.9 %, Hit@Q5 iR Rk 91.7 %.

BRI S BR AT M 20 . B P . 5t
SORFEARMIIG R, St se P it TRk TR

AE SRR B2 ST AEN LS s S A 9 5 N, WY
FRTIREEIFR, FIHARPEA, Efms
M4 (CNN)., FEB LML (DCNN)., 3854
Z M2 (RNN), SRS M % (TCNN) 4, A
Fof 45 N TR B s A B AR B TH R TR
HoFETt-

B3 S B SR v A R SR I OB IR B R L B
ST VM T REE R 2 k.

3 ZIANIEE

EARAT A 53 AT e K 1 TR ME 22— 2y 0 A A8
1518 B R AR A B E . 2 00 A R SR o AL
A8 A G 0T B S AT R B e A N A BRI T
EWEHEE wEWWEZUMAHEELEA IX-
MAS6E | MuHAVil6% | PETSITO-7 &

INRIA Xmas Motion Acquisition Sequence
(IXMAS) 8] % ffa 4 2 iy v [ [ 45 245 sh L at
50 (Institute for Research in Computer Science
and Automation, INRIA) K1), s&Z M A =4k
WO EER IR . R BHR A R M 5 ML daHE
1), NI 4 D7 AT 1 AN m. il %5
PR 2 0t 12 Az E e 13 FOREI H
AT N, 3T 180 M. ZERAER 13 Fi H E1T
h BFER MUK, Ik, AR, R 5. k.
BT Zid6. B, 5. Py, HE—3h1E5 MM
P BTS2 R 10 FR. Hh i shifE 3CaT A
o3 R KR 77 9.

-i- i V--
i = |
i

K

K10 IXMAS $llade R —3h1Er 5 AP B oy R il 1A

Fig.10 Sample images and the corresponding silhouettes

for the same action of IXMAS dataset (5 cameras)

PR AU P 32 1 WY AT 13 Fh A
TR, FFEERAT 3 . TR 24 TF A Kdls
SO L 10 ASZARE AT 11 0 B AT N, T
H BT AT ERSD T 2 A 5230 RIPTAT (45
F8). T35k, GRS AL R R B A AR BT A%
R REIREAEE B A PR, AR ERALE
SE 1, IRELRDE IR EATT REA A, (A2
DA E R H ORI AL E AR, SRR A
WAZAL . AR A A ) L. B X B 4R 1
T L, BEFEE 0 AR R 22 WA A7 T AT
WIS XHH WAL A 5 MAT N (B F3&. RN,
k. ALTANER), Ashraf 272 xR LA 3R
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PR — 2, 5 SR ESHEE 11 A SR
A JE R BAT RS, HAR SR 91.6 %. T} 5
HUA 10 BT, Ji 0 G e SRR AR 23 1)
Z IRV AT AR ST 2 O A e e B AR R A Y
(HMM), k%] 92.7% 55 XF 5 MM 11
Fitrh, Gao % @A BT RS T 2%, Al
H Cuboid $34iFE$K75 95.3 % AR B2 FH STIP
FRAERRAT 95.1 % HIRBIZE. 17 Wu 2071 Fil 5
Z WA RO TR B S [ AL (MMM-SVM), iA %]

95.54 % IR R,

Z P MuHAViOY ¥4 5% B 96 TR
PR R g2 2y (EPSRC) 3 H SR, T H Al
& IR E R AR 2 2 (CONICYT) ##L5i H
TFE ZEEER T AZIRE T, A5 8 ML
(LA EME 11 frR), 29T 952 AN, B 11 19
H ) XA AT M AT X, 7E B0 3 Hb A 16 i e
FRig.

ZBREALS 17 AT 2R SRImE . BE

2 ESI SRR T T R Y

Table 2 Summary of state-of-the-art research results on real scene datasets

I S S AV ES 4y WS T GRS
62 %37 2012 Asymmetric motions (BoW) Tr: 219 vedios; Te: 211vedios
Hollywood 59.9 %30l 2015 DFW (BoW) Tr: 219 vedios; Te: 211vedios
56.51 %(7°] 2016 STG-MIL Tr: 219 vedios; Te: 211vedios
78.6 %41 2017 EPT + DT + VideoDarwin (TCNN) Tr: 823 videos; Te: 884 videos
Hollywood 2 78.5 %40l 2017 HC-MTL + L/S Reg Tr: 823 videos; Te: 884 videos

76.7 %381 2016

96.2 %431 2015

HRP + iDT (VGG-16)

Local region tracking (HBRT/VOC)

Tr: 823 videos; Te: 884 videos

all classes

UCF Sports 96 %[44 2017 3D-TCCHOGAC + 3D-HOOFGAC LOOCV
95.50 %47 2014 3D cuboids + mid-level feature (RF) LOOCV
94.50 %*3 2016 HboW LOOCV
UCF YouTube  94.4%052 2016 CNRF (CNN) LOVOCV
93.77 %51 2014 FV + SFV LOGOCV
96.60 %[> 2016 VLAD?® + iDT (CNN) each class video: Tr: 40; Te: 10
Olympic Sports 96.5 %1541 2015 iDT + HD (multi-layer FV) not mentioned
93.6 %177 2017 Bag-of-Sequencelets Tr: 649 videos; Te: 134 videos
73.6 %158 2016 scene + motion (DCNN) three train/test splits
HMDB51 69.40 %[> 2016 TSN (TCNN) three train/test splits
69.2 %561 2016 spatiotemporal fusion (TCNN) three train/test splits
99.98 %61 2016 GA (CNN) 5-fold cross-validatin
UCF50 94.4 %1601 2015 MIFS LOGOCV
94.1 %78l 2013 weighted SVM 5-fold LOGOCV
94.20 %57 2016 TSN (TCNN) three train/test splits
UCF101 94.08 %2 2016 RNN-FV (C3D + VGG-CCA) + iDT three train/test splits
93.5 %[5 2016 spatiotemporal fusion (TCNN) three train/test splits
80.8 %(°°! 2016 VLAD? + iDT (CNN) 5-fold cross-validation
76.8 %55 2016 VLAD?® (CNN) 5-fold cross-validation
THUMOS'15 74.6 %60l 2015 VLAD + LCD (VGG-16) 5-fold cross-validation
70.0 %179 2015 Stream Fusion + Linear SVM (VGG-19) Tr: UCF101 dataset; Te: vallb
Tr: UCF101 dataset; Vs: vallb
65.5%50 2015 iDT + LCD + VLAD (VGG-16) arasel s v
Te: UCF101 dataset + vallb
75.9 %671 2016 RLSTM-g¢3 (GoogLeNet) not mentioned
Sports-1M 73.4 %![67] 2016 RLSTM-g1 (GoogLeNet) not mentioned
LSTM Raw Fj s LSTM Optical F1
(Hit@1) 73.10%E0 2015 on Tam Framnes on phieal Tow 1.1 million videos

(GoogLeNet)

*LOVOCYV: leave-one-video-out cross validation; LOGOCV: leave-one-group-out cross validation; Vs: validation set
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1k, 285, B, miaf. hEY . SRk, 21T
AR B4, BRSECAT . K. RS . B e
TESE . TeRE T FTHR AR . Bhad fa] B, H 8 AL f
FIRBIanE 12 fros. £-%F 4 A~ A, Moghaddam
2182 ) i) BE T 8 B Y B AR A, SR HMML 3F
o2k, 65 92.1 % iR B, 1 Wu 25830 412
fAJo k) LKSSVM 23] 53k, i5% 97.48% [1)iH
B, Alcantara 2554 &-xf Br 5 W/, FIH Bz
TR (CMS) F12 JZHIARAF, R 2% K Ir4s:
(K-NN) #:474r28, i53] 91.6 % 3 51R.

V8 V7 Vo6

) 3 i ' 4

V2| R Vv

4 1 ) 2

V5 V4 V3
B 11 8 ANEERGALEC E 1 T (O]

Fig.11 The top view of the configuration of 8 cameras

%Z W 5 MuHAVi-MASI® % #2 4 2
MuHAVi®! 74, 33 46 B 80 #4717 F 3
PRIE. RBARE T 2 A2l AT, ORI A
45° PIAILA (BLE A 11 R m V3 Ml V4),
FEIt 136 AP R EEE S AT o R 20 B BIRS A,
—ILEA 14 AT (MuHAVI-14): w2 8], gy
. AP, HEZEG. A8, Al WA,
MAZEH . NZEDshER . AT olEE sk . 22 1)
Jate . MATERE . AT A EMM A T 205k,
AR AT AT AN 13 Fron. Tz

[69]

12 MuHAVi $tiEfg 8 AN 7 1 e 69

it S LR AR A, 1T o 200 Z A A R ITRE T,
WA 22 1) A BRI A A o) 2 SR o] DARR A B, PRI, L
APk ik, Chaaraoui 2555 Fil (G 4EA% 7k
FEEFE (Radial summary feature) FIEFE L5
(Feature subset selection) HEATHFAE AN AL, iK%
98.5 % MR B, T Cai 25001 Hi| @ g diiag 5
%3] 98.53 % HIIHBIE.

Ji4h, MuHAVi-14 (1) 14 #4647 A 0] PAA
ok 8 A (MuHAVI-8): {5 (1175/47). sk (A
fe/Hh) . fgs A B (/%) B (m4E/4).
E (M Ze/4) w4 (WA H). wEdE%E b
T I W AT A B T R BIME B2, Chaaraoui
£2(85]  Chaaraoui 287 fl Alcantara 2534 88] #pap
BT 100 % HIIR5IR.

PETS (International Workshop on Perfor-
mance Evaluation of Tracking and Surveillance),
HATCH IR ER S Wi R TP 2. %21 H 2000
FEAEEEA TSmO, 2 2016 4, O T
16 Jm. B REEAE 2 ML SE AR TG R Y, 2k
AT B R Gtk PETS i)
S H AR i i B A v B A R A T S
HHRG I PR ER B 1 A .

PETS 200971y 5k Hoda 52 % H 76 9% = 5
KA Whiteknights 81X, #5 ) K2y 40 422 iRH,
A 8 MRGHUL T A 4 JE AT HA 8, HALE R
Iia) 1)1 T P G Pl 14 P, T S S ER R Bl an 1] 15
Fin. RIS T AR ARG ST, =
MRS B S1 W K N BRI B Al 4k
Pide S2 HT A /M BRER, B4 S3 W A
iR Tl E= X C R ivalll B

PETS 20147y 3 o % 9% 4 b 0K 5 H
ARENA #8)), #x-h “ARENA $E47. ZE0E

> Y v !
4 .
4 W

Fig.12 Sample images of MuHAVi dataset (8 cameras) (%%



988 H 3l 1k

44 %

C1-A1-V3

!

C1-Al-V4

C5-Al1-V3

13 MuHAVi-Mas B4 2 A0 55 8 1 )
Fig.13 Sample silhouette images of MuHAVi-MAS dataset (2 cameras)[ﬁ‘g]

14 8 ARG A Iy 16 i~ i 1 )
Fig.14 Plan view showing the location and direction of

the 8 cameras(™

K 15 PETS 2009 35 760 & 70

Fig.15 Sample images of PETS 2009 benchmark
(7ol

dataset

PR M ZRAET 4 vk R 4 N IEEEISE
FRBAL, BRHIFAZ) 100 K x 30 oK, W& 16 Fn.

TR R I 22 AL, H O BER N
1280 x 960, e F (142 A6 00 A0 EE g 75 45 A 4 4 1
I N ZRAT . e 400 BB R i =M= IR
WA 1) RGBT, B E BRI ER 25
2) R, BTSRRI, ¥ B MAAT iR
gil; 3) WG ATT, RIS ZR A, 9 KR AT
AR HAT J R s e B T X ) TR
SFEHAEIMT . XEMT 5 = AR AT

A WETEALIRAT MAIARERAT R, HoRBIAnE 17 FrR.
ARENA ##4E i T H & 40, 78 PETS 201559
I PETS 20161 ks fiy e Fictde 2 — i ] .

.

B 16 R HGL A E Ko
Fig.16 The on-board camera configuration and

Coveragem]

7179017860  RGB_4:1377

(b) WEILTRAT N
(b) Potentially criminal

(@) SEHWATN
(a) Abnormal behavior

(c) WARAT N
(¢) Criminal behavior
T R A = R R R AT

Fig. 17 Three different kinds of behavior recorded

around a parked vehiclel*!]

Z WA 48 1A W) — 7 B R [ A A A
AR TWFFEE AT T K AT R R BIAESE. B L,
X 22 A8 Bt B, W IR e 52 BOAS [R] A R Ak
(1 STIP. Cuboid. MoSIFT. Hog3D. CMS %),
KRR E (F s> Tf2e>] . 24455
> 4E) HATHESE.

2 A B0 4 Hh A B R AR I o RO R L BFAE
Tk VPN T REEE BN 3 Bk,
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3 ZUABARSER BOFT TR AR

Table 3 ~Summary of state-of-the-art research results on multi-view datasets
BaRgEsmr  BOlHAIR 0 GIEIWiR?S URAES it
IXMAS 91.6 %172 2015 epipolar geometry not mentioned 5 TN
(EAHLA) 92.7 %731 2016 multi-view transition HMM LOSOCV 11 FiTH
IXMAS 95.54 %731 2014 MMM-SVM Tr: one camera’s data 11 Fi7Th; 5 MifA
() 95.3 %71 2016 Cuboid + supervised dictionary learning LOAOCV; CV 11 #4715 5 M
95.1 %™ 2016 STIP + supervised dictionary learning LOAOCV; CV 11 #iTR; 5 A
95.54 %1751 2014 MMM-SVM Tr: one camera’s data 11 Fi7Th; 4 MifA
Ts: LOSOCV
94.7 %401 2017 HC-MTL + L/S Reg LOSOCV 11 Ffh4rh; 4 MR A
93.7 %192 2017 eLR ConvNet(TCNN) LOSOCV 12 #47H; 5 A
85.8 %%l 2016 SDEG + R transform LOOCV 13 #1785 5 M
MuHAVi  97.48 %831 2012 Visual + Correlation (LKSSVM) LOOCV 4 ML
92.1 %321 2014 sectorial extreme points (HMM) LOSOCV 4 M
91.6 %134 2016 CMS + multilayer descriptor (Multiclass K-NN) LOOCV 8 ML
MuHAVi-14 98.53 %[8¢1 2014 Pose dictionary learning + maxpooling LOOCV

98.5 %851 2013

Selection
95.6 %134 2016
94.12 %881 2014

100 %®41 2016
100 %81 2014

MuHAVi-8

100 %1 2013

Selection

radial summary feature + Feature Subset

CMS + multilayer descriptor(Multiclass K-NN)
CMS (K-NN)

CMS + multilayer descriptor (Multiclass K-NN)
CMS (K-NN)
100 %187 2014 radial silhouette-based feature (multiview learing)

radial summary feature + Feature Subset

leave-one-sequence-out

LOOCV

multi-training

LOOCV
multi-training
leave-one-sequence-out

leave-one-sequence-out
LOSOCV

*CV: cross-view

4 $FRBIRESE

HT A IE Mz g i AR iz 3 A,
R FFIRAEAAE BRI, o ANERAT A R S A
ARNGE, AR s s 28 . B . 205
FkfB 3k L Kinect FIPLAEIERIZZNEE . REFE . A
PR B4 I BdR A WARDP?, CMU
Motion Capturel®!, MSR Action 3D/, MSR
Daily Activity 3D®, UCF Kinect!" 4.

WARD  (Wearable Action Recognition
Database) ™ A& H # 17 #odis Bk B 5 =
REFAA TR 73 KR 23 SR H . %80 2K JD 4k
sl (WP 18 (a) Fron) OB T MRS, 22
AT BRI ZE A BB 5 ARG (InE 18 (b) FiR),
W — B WG RS Hoh, BAME RGBT
37— A = Al BE R — S XU PR IR, Hhd R A
WER 20 Hz. i 8dn R n) RIS, A 8 A~
Tetkiz st i, & 3 il 12 M 2l
¥ 626 TR REAS). H AT A AR AR IR TE 19
BRI T5 B Z AR 20 AZlE (13 BB T 4%

M) e H RS PIATHY 13 R 28, 331 1300 A
AR (BAESEPRA 1298 AN). %5 13 Fif
o2 e wl MBS T ETAE . I EE . W
BoE. mZefe. e, B RS BH. BRRIE
ek, BERMT AT 5 IR

(a) TLLkiZ o1& A
(a) A wireless motion sensor
18 WARD Hichfi e s i i 1°°)
Fig.18 Sample images of WARD database!®’]

(b) LRI RS
(b) A body sensor system
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s il

44 %

B PR AR X RRUE ) A T & LU &
Gh, A B 5| TR K 431 AR KR 1 45 iﬁkﬂ’]ﬁﬂ%ﬁﬁ
T K. Hal, Guo 409 et las iy
WIRFEFRI ) SCA A (GDA) 3847 R4, 71‘?)59!%
2 FBem L (RVM) HASA 2K, &G
A ISR T B A A B M B AR 23 TRl
55 98.78 % WA, i Guo 2100 7 —Fif
(P RFAE B2 By v S 4t 00 53 Al (RLDA), i
T b (PCA) B4 5 =18 il v 28 N U
B R AIE AL AT AR A0 B 4% B2 A I, 431 99.02 % 1K
.

CMU Motion Capture (Mocap)® %k i 4 &
FH 25 [ P B R R 2 B R SE 0 38 A ). 8K
PREE R 8 ANLLAMEMG kL, $efibaf 41 MFRic k%
T RPEE, AR T AR B SRS B %%k
PREEN B s IR B 45 6 N 2RAIAT 23 IR
2605 LS. R — a2 AT NI,
FEALARAr HrR ) RGB AR 3 Fh =Xy 581 sk
i tvd. ¢3d Al amc. 6 RZE0H] R ANEREH.
HWERH .. NAEBS . (RETESFZEE . G S
st Whikizzgh, K mplanE 19 fFis.

& 19 CMU Mocap B4R pE
Fig.19 Sample images of CMU Mocap dataset dataset

H# K CMU Mocap %k #is £ R AL R A AT S AF,
HP . KM ZEFER, H2 R TR S8
REME A SE Y 3D MR, W5 | RZWFITE W) K IE.
H i, 553 A% B 46 T e BUAS [F] 2R B BEA TR 9T
X5 A AT R GE. Bk, B, RS R M), Jia
2101 R uh ] T4 A 3D JR3L TR AR AR B, H)
FRAEEL (CN). Xfiz sh B, FIH st E) 510 i A 44 B
AN KT ST B JC X B B RV RRAE SR (TCN), v H
A BRI T SRR S AR, TR B I 28 [R) IR, 1A
5 AN KT Y 25 (A FFAE L (SCN), 55 B ) R AiE
AHAME R85 4% (1-NN), R H B A 4Rk
Bk E] 94.8 % HBIR, K28 R AEEGE 2] 3520
100 % HiR 51, Aghbari 2102 $ i —Fh 57,0835
DisCoSet, i1 i ?Ja~/|‘?/J\E’J)%'iM%ﬁEXTtE
£, Tﬁa%&%ﬁﬂ%%TU\ﬂiﬁlﬁf“ﬂﬁE%— R
Ve 12 FhArh bk %) 98.6 % pyil i, i Kadu
1031 SR BT R L (TSVQ) £ 2 HER
FAFHR R IR T R NAR TS B sF (8] 91 s 4 M R
FEH, I 52 DT e 2% R S W s ) AR Ak, SR 3

TREE T KRS AL (SVM) #7038, FEik
B 30 Fpfr ok bk 3] 99.6 % iR 1R,

FF Microsoft Kinect #H#L (40 20 frR) R
AR 1 TR E B A AT ARAT B8 R A v 1 N AR T e R
. ARSI FE BE (Microsoft Research Cam-
bridge, MSR) %% )5 %1 T MSR. Action 3DI° #j
MSR Daily Activity 3DP6! 2 & rp i & Bk k2%
KA 7 UCF Kinect!". 31 Lﬂﬁﬁ FRZE I T 4R A A
A Kinect F1HAth(E S A4 80 2 B E 4, W1 N-
UCLA Multiview Action3D[104]‘ UTD-MHADU0]
. XURHE R R E T Kinect v1 (401&] 20 (a) fF
%) MIARHY. TR Kinect v2 (W1FE 20 (b) ) )
KA, BN R FERE TR 2EAY Shahroudy 251061 |
FHHRR A T 4 RS R B B 4 NTU
RGB+D.

e C—

(b) K Kinect v2
(b) Microsoft Kinect v2

(@) #4K Kinect v1
(a) Microsoft Kinect v1

& 20 Microsoft Kinect #H#L 71 El

Fig.20 Sample images of Microsoft Kinect camera

MSR Action 3D $#g 444t 20 4> 45 i
AR RREOE . R RS S RGB EMR, 155 20 Fh
1T7@§l§jaﬂ AT E 10 MZiAEERE T 2~3
W, BL 567 ANFEA. ZFARAER 20 B T RZEHN:
m?ﬁ% T B FIN 372wl w3,
2. EE L AT RCFE. iz, 2. 1 Eie .
M. 120, MERIE . MEBREER. B/RRIEM.
EY) o B ARIC A a0l ~a20), Horb W3k & BRI TR B2
FFAEanE 21 frs.

Lll i HI

121 MSR Action 3D $ifa i Ay 751 1 )
Fig.21 The sequences of depth maps of MSR Action 3D

dataset!®!

MSR Action 3D ¥l 4E B A0 T 51 Sk To i 5
H i ARz 5, H BT AHAR R Sl AT DA B 2 775 (3 5 e
B, SRR BAHRERE. A TR AT A
JE, RIEAT MR Z AR B BRI oo 3 ATk
ASi. AS, Ml AS; (W 4 Fiw). Ho @A FHEa
8 FAT I, T4 AS) F1 AS, PHEMEER
F PEARXT A, (AR FEE NI S VR BB B s T
T4 AS; PIEER R .



6 41 REFESE: NARAT R B Bs et T it e 991

# 4 MSR Action 3D ¥Ry 74

Table 4 The subsets of MSR Action 3D dataset
Bl T4 ET AR
AS, a02. a03. a05. a06. al0, al3, al8, a20
AS, a0l, a04. a07. a08. a09, all, al4, al2
AS3 a06. al4d. al5. al6, al7. al8, al9. a20

R B 5 2SR, ©Ch 3D AT
TN ) LAY B E R 4. RS AR R R 43 3 A
TR 2 E I AT IR 2RI 3 A4
TR T, Luo 007 35 BT R B AL AT
PR 7 ILeE 2] (DL-GSGC) 53K, I I ) 47
BEULHE (TPM), ZEFIH 1/3 BEASFN 2/3 FEARFEAT
YT k3] 98.9 % HyIHHIR. 1if Chen 2108 5%
kB =AHREREWIREZZ K (DMM)
B ER, R RS (AR (LBP) k5%
R AERAL, A1) 4R A G0 RN o 5 9 9 b a5 7 =X,
TERH 2/3 FEABAT ISR EE] 100 % 1R 515K,
TEAE L2 E WG LT, Chen 50091 38 h — A4y
BRI 3D BREEBHE AT R B AESE TriViews, i
XA E W 5 AN RFEFRE (STIP, DT-
Shape, DT-MBH. ST-Shape il ST-MBH) it
FE=ARHE R TR A v (PFA) S TRlG, &
) 98.2 % 1IN . T W B A i R 2 R
22 AR BIF 98 S0 5 ) Wang 251100 5 4 i 43 2
A8 E (HDMM) F1 3 58 8 7R B4 A 28 ) 2%

.~ ———

(3ConvNets) [PAHEZEF TR B 1 7 51 #4741, 5]
100 % HIRAZ.

MSR Daily Activity 3D j&Hy Kinect 4%
WM HE SRS, ZEIEER 10 2K
FIAT, ALE 16 R 320 AMEEA. BN
16 Ff H#AT HEHH: 1. 1z, 3145 FTFHL. B
FHEETCAS U . Wb 2% . KPR, # Ak . P54, Boiif
X Vb g S R, s AR, Hon@ldnE
22 frn. o, RO B 2R DA s AR
BIFRAT 2 ¥R, D™ UK, R BARSERIAT M 5
LT R, IR R AR AE AT I B ERAT TR AT A
B AR A . AR AR AE A W S R I B S R
B, I H 25 B B AL BN KR AEAs
WRE NS WIERAEAT N, AT S SR
ATIE30; AR 3D KT R AR KR 2 M 5 Y
DRI, 284 H MSR Action3D 9] %4 o Bk
vk, #Z HAl, Zhang MY G i3 VR EE RS T (5 B
FEF 48 T R B ok P2 B Depth-Skeleton (DS)
FRAE, I AR g s A B AL HEAT 404k, SR I B
ML (RDF) #1743 25355] 97.5 % TR 51,
ifii Shahroudy 25112 % & RGB {5 AR EH B
FRME, B IR L SRR R R 20 A8 I 45 (T
FE B3 gmidas, KA 2B 50 B — 15
JZEEK, R H 5L RR i~ > L (SSLM) [Alff kA
97.5 % IHIHI%.

UCF Kinect!"! %345 Ff i %k Kinect 1% /8%

by = v

K 22 MSR Daily Activity 3D %da Rl K
Fig.22 Sample images of MSR Daily Activity 3D dataset
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#All OpenNI - SAETTHEAE, 035 16 P2t (13
ANBAPERT 3 ALetk), AT 20 23 35 2 2 1],
LT 1280 MToAREA. ZEIREEN 16 FfT 25
e P 1) EIE.L TERET. SRk, ERIEIBE . BRER. K
BRLHE. By ATZE mZed AL mEnE . SR,
lf) 7RG 1 [k A3k A%, e R AT O B A E
HEARAT 5 . i HAERRWT, AL 15 AT R
U S 5 T R, FR OB AR TN IE] 23 Fs.

SREL Y

23 UCF Kinect $cHisk 4w 1 7
Fig.23 Sample skeleton images of UCF Kinect

dataset!®”!

AR RAE NI AT AR, 2R 2
PA— AR I B 350k 37, T B SR TET BRI,
I, AT DATE B S AL TH A B AT R SRR R %%k
PRERA AR WA, BMHET N EAELENE S
Kerola &M ) Fi R BE P 471, 5 2070 S
A3 ARG 1S B /N AR e (SGWT) Fl 4 55 Ak,
THRA Y. B61E EF 1 (SGS) H#EIAR4F, PRt SVM
I 5 I8 ) WG il 5 SR 5 3] 98.8 % 1R I &, i
Beh 40141 Sy 75 B (37 8 BR T 25 18] % T 45 0000 A,
£ MvMM #4855 B2 sk £ A HMM, [REFFIH Lo
EN4EIEE] 98.9 % HyiH 5%,

N-UCLA Multiview Action3D!104 %44 iy 3
E PG ALK 2E RN R FIEAZ L e A il . 1% 5K
PRAERFRE . R AR A&, B1ER
RN ZA TG BEHAT I B AT 8. %5
£ 3 4> Kinect FHL =40 A R Bk, 6245 10
A2 E AT 10 B H&EAT M 1493 M1 REEAR

(BAESE PR A 1475 A). 10 FHET N E: H—HF
¥ (Pick up with one hand). WX F4: (Pick up
with two hands) . /3% (Drop trash). iE3) (Walk
around). A2 (Sit down). ¥hfEk (Stand up). %
A< (Donning) . A< (Doffing). #%#5 (Throw) Fl4i
iz (Carry), HosflanE 24 fis.

ZE RN A TN EE SR E, ik
BRIz BB EER R M R L A A AR,
WA A 25 FR; A LA R AL, A —
HPHHA A FH AL ERA S 3EH, ks
FERIRIN 2. B, g S e 2ok
fiftt. Kerola 25131 il F 42 < b s M 21 SGS
B 90.8 % FARSIR. i Liu 2000 £36f b2 42
JF 5\ BERAE ) A2 ) —Fh g s 22 nT AL O ¥,
TH BT 9 )RR A TG AR AR B G A T AR
—HRINR AR, R EAG R AL 102 B 3
SR AT R ARG R, AR e AT CNN AR o3
HEner, K5 92.61 % iR R,

UTD-MHADM) s 45 52 4 v pE T K2k
PRI H A% i 2 (IRB) BRI 2 HES
AT AR GBS, ZB@E S Kinect AHALFIA] %
BRI A2 (An1El 26 (a) Fraw) [AIERAfZk 4 Ff
B AR RGB MM, TREEMIA . B 2L T R 7
B SR G, R AEIT AN ZES
R plnE 27 Fros. X 4 i B e sk
TE 3 ANEIE, K REEIAIRT 20 ASEF 2R KT RO
F R R AR E— V. R AR 27 FiT
i, B8 il (4 A B 4 Z4rk) EEHAT
43R, 3t 861 MEA (EH T 3 MRIEA).

AR 27 AT AT DA R 4 K2 1) K
Bz WERIRAE. RIBER. IETH 2B, BERIEH .
PUBRIETHE40 . MIBkASK; 2) T4 M. &
A X G R = A
¥ 3) HEESh: #EF . PIFRIA. 95 52 SOAUVE . M

K 24 N-UCLA Multiview Action3D $tiE4E 71 &
Fig.24 Sample images of N-UCLA Multiview Action3D dataset
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(a) A2 AT AL

(a) A wearable inertial sensor

270
K 25 Multiview Action3D ¥ #4104
Fig.25 The view distribution of Multiview Action3D

dataset!!** (b) 41 F- i (b) A7 Kt
(b) On right wrist (b) On right thigh
FHE. BT . BRYY. B, B, sk, A ] 26 A S AR A s R HL iy ] e (0]

N5 4) g >]: AUE SV R . 25 B ) w4 Fig.26 Sample images of the wearable inertial sensor
RIS, 7R R LIRS, ol i e s i T and its placements%®

Acceleration /g

|
<
n

(a) RGB &4
(a) The RGB images

20 20 40 60 _ 80 100 120 140 160
Samples
(d) AL B AR (BERk LA
(d) The inertial sensor data (acceleration signals)
250

y 2 100
(b) HIE 14
(b) The depth images %ﬂ 50
et T o ».\f 0
&
g =50
=]
5—100
- =150

0 20 40 60 80 100 120 140 160
Samples

(e) TRVRAL RIS EUR (FEIRALAT ')

(e) The inertial sensor data (gyroscope signals)

ORI
(c) The skeleton joint images
K27 A A 1 AT O B AR S R s 1

Fig. 27 Sample images of the multimodality data corresponding to the action left arm swipe to the right
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FIoi (21 FpA7R) 84 KER (6 Fp47R), 4nfEl 26 (b)
Al (c) B (SEBRMNREH T 42 F sk 2 KBE).
T2 & W ZES, I BAT R A B SR 7 A AN [ i
FETR AT, bz e £ A BRI RN AL, JE
wEA Y. Bl Li 20 ik 56 A i E e
(JDM) ¥ 3D ‘BHHFIHEAL N 4 A 458 6 E 14,
AR 4 4 CNN 435112 2] J 3 ARAE, 8 a1
745 88.1 % ARSI, 1 Bulbul 2517 AUEASHLA
JP3 A B = DMM, %R J5 8 H DMM 3545 =/~ H
BIFRAE: EF 5B ik B O B (CT-HOG).
SRR —(HM (LBP) fiihz )y 1w By & (EOH), #x
Ja R SRR Ak F) 88.4 % HITH .

NTU RGB+DUIT %45 48 =2 v i bl 3% 1
BT R = B ELEK % (Rapid-Rich Object
Search, ROSE) T 2016 4F & 71 1) 587 19 2 WA I
FEAE B ESE. FIH Kinect v2 Wm0 FERAHTY
F BN LLAMEM, FE T 4 RS R B 5
£ RGB WO BEEEAUI . 28 5675 s B A £ 41
WAL Z B R AE AT 10 /3 35 %/ Z [A]fY 40
AZRF AT 60 FAT R, HE1t 56 880 AT RMFEAR,
4 FESEIRE T L3 TB. L w2 2 M mik
PEgE, i 3 4> Kinect v2 AHHLN =AM BN 17 FioA
[vi] o T BEE 5 [) E , JET 1 80 AN A i gk 4E
AT KB4 B =2 1) 40 FhHEATHN; 2) 9 Fl S
fEEFRAH AT M5 3) 11 FhAZHAT Ry, AL AMII
syrnBilaniE 28 fis. ZEHEEF Kinect v2 3k
BEA 25 MERET RNGER, HafmnEE
29 FI7.

(@) HHEAE

(a) Daily actions

L 3 T
: __L, E =1 I
- 1 i . i s

(b) SR RAI KA
(b) Health-related actions

(c) RIATH
(c) Mutual actions
K 28 NTU RGB+D ¥dEsErIZL MR 6i1E
Fig.28 Sample infrared images of NTU RGB+D dataset

NTU RGB+D A U & 7147 R 2K
M2 S BEEE R, mHARERAEE R, BA
RN ZE IR £ AE 2016 4 CVPR &I
LR, RIS IR X

SR, BFSTH K#ER A Shahroudy 2106 i
ORI R RF N | s W GV g e | | o
BUE). A2 2R E IR IS 20 il
1t 40320 AMFEAS; MK 20 23l Lt
16 560 ANFEAS. 17 52 SURR A 36 0E 1) U1 2R 4 6 7 AL
2 13 AL, St 37920 AR MR EAHL
1 A9, it 18960 B4R, Wang 2018 T
— P AT B R FRAE 3D BT S 25 5 B i,
W R ATHEE (JTM) K 3D BHF el =4
THER AR, FINSR A=A CNN 2052 ) 515
fit, Il 2 B2 A (MSE) 32 3R i v B2
BT B X2 E W T, 58] 76.32 % iR
W MAER AR 20T, 5% 81.08 % 3R
. Li 20T 5 ) i ST BE B 1 (JDM) 7 R AE
TR ZIRER AT, B3] 76.2% HHBIE; e
ZXMAR TR, 55 82.3% MR HIZ. dka]
PAE H, RATHIEE (JTM) X5 K (JDM)
BHMRE, ENMKRRETRE S RE.

K129 25 MEYEAURIER
Fig.29 Configuration of 25 body joints
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ek siE 4, JuH 2 RGB-D #iE4E, T H
AR 2RSS B B AME T Z 255 & 1) 12 %
. R ERAHRE. SR%5ERE, BIRERF
H). 3D B G A S5 B A [R] 0 ) R AL ok B v 1K 1
%, Li %000 F1 Wang 260180 44 3D B 4877 51 647
A g, R CNN 2z 3] A 5 RRAE B9 8T B A A5
% i Zhang 4E04 $2 11 7E RGB-D S 4 H R A2
SRR AR IR Ty S s Bk P AR S A S8 PR 8
WA TR 0F9T. BLAh, BlE LD AMUR B SE) K
J&, AAMEEBA MR . B . SRR
M A i P R 32 B AR 9 3 1 .

AR, BEEN 2 N, &% FERr Rk % &
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R AP 75 oK, AR BT S BRI AT N AE Y
H &4 8R4, 1 UR Fall Detection Dataset
(URFD)M | TST Fall Detection v1129  TST Fall
Detection v20'1 &, g5 APRAT R IR BB ST
THESR.

FEIR B AR T A Bl S i Bop IR 2L BF5E07
B VP IT EEE RN 5 PR,

5 ATFIRELLE

NIV AT RFG Ar o NB . ISR R
BIRL Y PER DT AT T R TR LR, AR Bk
6 Mk 7 B, MERHAT LA, SRR BRI
KA FIHEA X T H S Bt e R i . X 5
IR 12 75 BRI R T B s R AR ELHE 1Y 5%
. 750, RPEIX 4 FEIRER R WA, .
I P B A A, X 2% R SR AN R R AR R AT 23 36
XFE, BARAZINER 8 Fs.

F T A BT B, A SO AU 28 1 AR T e 2

RSO BRI 4 FNAT B /5, A

5 RRREIRSE I B S CR AR bR

AT RS, A B REES

W 6~8.

Table 5 Summary of state-of-the-art research results on special datasets
G/ T A g NUIES A4y IR/ RIS Lgi
WARD 99.02 %1001 2015 PCA+RLDA (SVM) CS: Tr: 15; Te: 5
98.78 %991 2012 GDA+RVM+WLOGP 3-fold cross-validation
97.5 %122 2017 FDA (SVM) 20-fold cross-validation 10 Ff7k
100 %101 2016 SCN (1-NN) cs 5 #TH
200 AR
CMU Mocap 98.27 %1231 2010 HGPLVM 3-fold cross-validation 5 FfrH
98.13 %(124] 2014 3D joint position features+Actionlet not mentioned 5 firh
Ensemble
98.6 %102 2015 DisCoSet (SVM) All 12 fhirh
164 MHA
99.6 %103 2014 TSVQ (Pose-Histogram SVM) 5-fold cross-validation 30 FATH
278 AMFEA
MSR, Action 3D 100 %[108] 2015 DMM-LBP-FF/DMM-LBP-DF Tr: 2/3; Te: 1/3
(AS;. ASy Fi1 AS3) 98.9 %1071 2013 DL-GSGC Tr: 2/3; Te: 1/3
98.9 %17 2013 DL-GSGC Tr: 1/3; Te: 2/3
98.7 %1981 2015 DMM-LBP-FF Tr: 1/3; Te: 2/3
96.7 %1071 2013 DL-GSGC Cs
96.1 %!*25] 2016 3D skeleton+two-level hierarchical Cs
framework
96.0 %111 2017 Coarse DS+Sparse coding (RDF) Cs
MSR Action 3D 100 %(110] 2015 HDMM+3ConvNets Tr: 2348 Te: 8%k
(cross-subject) 98.2 %(109] 2015 TriViews+ PFA Tr: Z7%0 Te: B3k
98.2 %1261 2015 Decision-Level Fusion (SUM Rule) Tr: 2/3/5/7/9;
Te: 1/4/6/8/10
96.7 %!107] 2013 DL-GSGC+TPM Tr: Z3%; Te: 183
MSR Daily Activity 3D 97.5 %11 2017 Coarse DS+Sparse coding (RDF) not mentioned
97.5 %12l 2016 DSSCA+SSLM CS
95.0 %1071 2013 DL-GSGC+TPM Cs
UCF Kinect 98.9 %114 2014 MvMF-HMM-+ L,-normalization 4-fold cross-validation
98.8 %113l 2017  SGS(Pmean/Pmax, skeleton-view-dep.) 4-fold cross-validation
98.7 %1271 2013 motion-based grouping+adaptive 2-fold cross-validation

weighting (hierarchical model)
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Table 5 Summary of state-of-the-art research results on special datasets (Cont)

i A HHIHGIR Efy W LARIwIES I
N-UCLA 92.61 %[119] 2017 Synthesized+Pre-trained (CNN) CcVv
Multiview Action 3D 90.8 %113 2017 SGS(Pmax, skel.-view-inv.+keypoint) (6)%
89.57 %119 2017 Synthesized Samples (CNN) Ccv
81.6 %104 2014 MST-AOG CS; LOOCV
79.3 %1104 2014 MST-AOG cross-environment
UTD-MHAD 88.4 %1171 2015 DMMs+CT-HOG+LBP+EOH CS
88.1 %l116] 2017 JDM+MSF (CNN) CS
87.9 %118l 2016 JTM+MSF (CNN) CS
NTU RGB+D 76.32 %(118] 2016 JTM+MSF (CNN) CS
76.2 %[110] 2017 JDM+MSF (CNN) CS
62.93 %!100] 2016 2layer P-LSTM CS
82.3 %116l 2017 JDM+MSF (CNN) Ccv
81.08 %118 2016 JTM+MSF (CNN) Ccv
70.27 % (106 2016 2 layer P-LSTM (%

*6 . BRI minEEER

Table 6 The information of general datasets, real scene datasets and multi-view datasets

el eI E4 TR Th sE/ ML EL/ % M g ES fps
Bl N ES FEAEL 5t fa (%)

i KTH[! 2004 6 25 99 ~ 100 599/2 391 4 1 160x120 25
il Weizmann![?! 2005 10 9 9~10 93 1 1 180x 144 25
Hollywood!?7] 2008 8 N/A 30~129 475 N/A N/A 544 %240 25
UCF Sports!28] 2008 10 N/A 6~ 22 150 N/A N/A 720%480 9
UT-Tower!*28] 2009 9 6 12 108 2 1 360x 240 10

Hollywood 22 (Actions) 2009 12 N/A 61~ 278 2517 N/A  N/A 720% 528 25
ADL129] 2009 10 5 15 150 1 1 1280%720 30

UCF YouTubel3 2009 11 N/A 116 ~ 198 1600 N/A N/A 320240 30
Olympic Sports!3!] 2010 16 N/A 21~ 67 783 N/A N/A - -

H UT-Interaction!3°] 2010 6 N/A 20 120 2 1 720480 30
% HMDB51132 2011 51 N/A 102 ~ 548 6766 N/A N/A 424x240 30
b1 cevis 2011 20 N/A 224 ~ 806 9317 N/A NA - -
5 UCF50(33] 2012 50 N/A 100 ~ 197 6681 N/A N/A 320%240 25
UCF10134] 2012 101 N/A 100 ~ 167 13320 N/A N/A 320x240 25

MPII Cooking[*3?] 2012 65 12 - 44/5609 1 1 1624x1224 294

MPII Composites!*33] 2012 60 22 - 212 1 1 1624x1224 294
Sports-1M[3%] 2014 487 N/A 1000~3000 1133158 N/A N/A  1280x720 30

Hollywood Extended**4 2014 16 N/A 2~ 11 937 N/A N/A 720x 528 25

MPII Cooking 20139 2015 67 30 - 273/14105 1 1 1624x1224 294
ActivityNet[136] 2015 203 N/A 137(a) 27801 N/A N/A  1280x720 30

% IXMASI©8] 2006 13 12 180 180/2 340 1 5 390%291 23
M i3DPost['37] 2009 12 8 64 768 1 8 1920x1080 25
f MuHAVil69] 2010 17 7 56 952 1 8 720%576 25
MuHAVi-MASI[69] 2010 14 2 4~16 136 1 2 720%576 25

*a: average; N/A: not applicable
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Table 7 The information of special human activity recognition datasets

B4R P ﬁ}v ﬁ%{j mﬁiﬁﬂz/ %%ﬁé%ﬂl/ o M e ps éﬂzf)ﬁ’: {EESPN

eS| NE ES FEAEL S sl T,

CMU Mocapl®4 2007 23 A% N/A  1~96 2605 N/A N/A 320 x240 30 MS 41

WARD3] 2009 13 20  64~66 1298 1 1 - - M N/A

CMU-MMACE 28] 2009 5k 45 234~252 1218 1 6 L02AXTO8 50 pova N /A

640x480 60

MSR Action 3D[®?] 2010 20 10 20~30 567 1 g 040x480 (R) 15 DS 20
320x240 (D)

RGBD-HuDaAct[13°] 2011 12 30 - 1189 1 1 640x480 (RD) 30 RD N/A

UT Kinect(140] 2012 10 10 - 200 1 1 CAASOM®gnppg g
320x240 (D)

ACT420141] 2012 14 24 - 6844 1 4 640 x 480 30 RD N/A

MSR Daily Activity 3D[?6] 2012 16 10 20 320 1 1 640x 480 30 RDS 20

UCF Kinect[®7] 2013 16 16 80 1280 1 1 - - S 15

Berkeley MHAD[142] 2013 11 12 54~55 659 1 4 640x480 30 RDMAIe N/A

3D Action Pairs!*43] 2013 12 10 30 360 1 1 640x 480 30 RDS 20

Multiview RGB-D event!'*4 2013 8 8 477 (a) 3815 1 3 640480 30 RDS 20

Online RGBD Action!'% 2014 7 24 48 336 1 1 - - RDS 20

URFDI[!] 2014 5 5 6 ~ 60 100 4 2 640x 240 30 RD N/A

N-UCLAI[104] 2014 10 10 140~173 1475 1 3 640x480 12 RDS 20

TST Fall detection v1[1201 2014 2 4 10 20 1 1 320x240 (D) 30 D N/A

UTD-MHAD9] 2015 27 8 31~ 32 861 1 1 640x480 30 RDSIe 25

TST Fall detection v2['211 2016 8 11 33 264 1 1 512x424 (D) 25  DSle 25
1920x720 (R)

NTU RGB+D!109 2016 60 40 948 56 880 1 80 512x424 (D) 30 RDSIf 25

512x424 (If)

*R: RGB; D: Depht; S: Skeleton; M: Motion; A: Audio; If: Infrared; Ie: Inertrial

E NSk 6 e SIES EFSES

Table 8 Human activity dataset classification according to different features

SPRERIE TR Bk

ADL. MPII Cooking, MPII Composites. MPII Cooking 2. IXMAS. i3DPost. MuHAVi. MuHAVi-MAS, CMU

Mocap. WARD. CMU-MMAC. MSR Action 3D, RGBD-HuDaAct. UT Kinect. ACT42, MSR Daily Activity
%P 3D. UCF Kinect. MHAD, 3D Action Pairs. Multiview RGB-D event. Online RGBD Action. URFD, N-

UCLA Multiview Action 3D. TST Fall detection dataset vl, UTD-MHAD, TST Fall detection dataset v2.

s
A NTU RGB+D
#=4h  Weizmann, UT-Tower. UT-Interaction, PETS

KTH. Hollywood. UCF Sports. Hollywood 2. UCF YouTube. Olympic Sports. HMDB51. CCV. UCF50.

BN/ ES
W/ESh UCF101. Sports-1M. Hollywood Extended. ActivityNet, THUMOS

KTH. Weizmann. ADL. HMDB51, CCV. ActivityNet. IXMAS. i3DPost, MuHAVi, MuHAVi-MAS., CMU
Mocap. WARD. MSR Action 3D. RGBD-HuDaAct. UT Kinect., ACT4?, MSR Daily Activity 3D. RGBD-
H# %3 HuDaAct, UCF Kinect. MHAD, 3D Action Pairs. Multiview RGB-D event. Online RGBD Action. URFD,
N-UCLA Multiview Action 3D, TST Fall detection dataset vl, UTD-MHAD, TST Fall detection
NZE dataset v2. NTU RGB+D

{kHizzh) UCF Sports, UCF YouTube. Olympic Sports. UCF50, UCF101, Sports-1M, THUMOS
Jit %z MPIL Cooking., MPII Composites. MPII Cooking 2, CMU-MMAC
M  Hollywood. Hollywood 2. Hollywood Extended

Wiz UT-Tower, UT-Interaction. PETS
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Table 8 Human activity dataset classification according to different features (Cont)
SIRFHME TR BRE
KTH. Weizmann. ADL. MPII Cooking. MPII Composites. MPII Cooking 2. MSR Action 3D. UT Kinect.
B MSR Daily Activity 3D. RGBD-HuDaAct, UCF Kinect, 3D Action Pairs, Online RGBD Action, TST Fall
detection dataset vl, UTD-MHAD. TST Fall detection dataset v2
A P IXMAS. i3DPost. MuHAVi, MuHAVi-MAS, ACT4%2, MHAD, Multiview RGB-D event, URFD, N-UCLA

Multiview Action 3D, NTU RGB+D, PETS

AL UT-Tower, UT-Interaction, PETS

HoAthy Hollywood. UCF Sports. Hollywood 2. UCF YouTube, Olympic Sports, HMDB51, CCV, UCF50., UCF101,
Sports-1M. Hollywood Extended. ActivityNet, CMU Mocap. WARD. CMU-MMAC. THUMOS

KTH. Weizmann. UT-Tower. ADL. UT-Interaction. MPII Cooking. MPII Composites. MPII Cooking 2.
IXMAS. i3DPost, MuHAVi, MuHAVi-MAS, CMU-MMAC, MSR Action 3D, RGBD-HuDaAct., UT Kinect,
#1 ACT42%. MSR Daily Activity 3D. UCF Kinect. MHAD. 3D Action Pairs. Multiview RGB-D event., Online
AL RGBD Action. URFD., N-UCLA Multiview Action 3D, T'ST Fall detection dataset vl, UTD-MHAD, TST
Fall detection dataset v2. NTU RGB+D. PETS

5l

Hollywood. UCF Sports. Hollywood 2. UCF YouTube. Olympic Sports. HMDB51. CCV. UCF50. UCF101.

Sports-1M ., Hollywood Extended. ActivityNet, CMU Mocap. THUMOS

KTH. Weizmann. Hollywood. UCF Sports. UT-Tower., Hollywood 2, ADL., UCF YouTube. Olympic Sports.
UT-Interaction. HMDB51, CCV ., UCF50. UCF101. MPII Cooking. MPII Composites. Sports-1M .
Hollywood Extended. ActivityNet. MPII Cooking 2. IXMAS. i3DPost. MuHAVi, MuHAVi-MAS, CMU

nasil Mocap. WARD. CMU-MMAC. MSR Action 3D, RGBD-HuDaAct. UT Kinect. ACT4%, MSR Daily Activity
3D. UCF Kinect. MHAD, 3D Action Pairs. Multiview RGB-D event. Online RGBD Action, N-UCLA
Multiview Action 3D, UTD-MHAD, TST Fall detection dataset v2, NTU RGB+D., PETS. THUMOS

R iR

KTH. Weizmann, UCF Sports. Olympic Sports, UT-Interaction., ADL. UCF YouTube., ACT4?, URFD,
Stk KM /EREE TST Fall detection dataset vl, TST Fall detection dataset v2. PETS., UCF50, UCF101. MPII Cooking.

MPII Composites. MPII Cooking 2

KTH. Weizmann. UCF YouTube. UT-Tower. UCF50. ActivityNet. MPII Cooking. MPII Composites. MPII

il
& Cooking 2. Multiview RGB-D event

6 SESRE

SR, T AT RIS EAPLE 2 . 7R3
BB BRI LAR R AT AR AT AR
BIAFFE IR G0 R LAk

1) 2R BB ok Z. MERENA
FEFN &R, AR B A TF RS2 AT R 28 550 A
¥ KTH 1§ 6 FpA7T k251 % &3 Sports-1M [
487 FhAT AL AR EE A 100 A2 A K
#) 1ML 33, Google XA T — AN KA RIS
YouTube-8M 161 2 ¥rdfa 4 1 H il 5t K B AR
£, 17 800 J1 4 YouTube LT 4 800 4~ 51,
A A OURRTE. T 5 AR 2 AR e
fR—/INH 4y, K245 8000 A~ E RN, {Hn] DAY
FE, NEAT A A FFEE SRR FLBL 2 ok ok, A7
SRR SRR

2) AT BRI 2. A TFBIESER AN RAT M

GE. ML SRR N KRB RS AZEH. A
SYIRE. FHAT R BTN SR IR AT O W
T8 BEHATH . AT RS S ZRAT R ],
AT R, 85 R DA 2 3637 i i %
PRI TR PR

3) WFMAIL .. BAR R A T 137 5+
BV 355%, TR . e B AR e, 25 1K
AR RIEFEA Rt — 20 AR AR PRI, iy eI
WA P T T A AR 1) 52 T 2 AT S TR AR SR T 52
Jr Iz —.

4) ZOMAL. BRI AT EANY LA E,
JUP A AR LA R4 B TRtz
A AZAL. MARPEEA AT, A P 5
AR 7 AT ARER 2 A A AR A, X247 R iR B Y
WEFEER I TR SR, FEA IR, MR A
AT, WA N RAT AT 4k
Bl = AR AL, R A () R AR AN [m] 6 Y DL C AT
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ISR B RIS AT N RAE Y R AE. A, R
FIC R IIAT A R BIBE ST 2 A ARAT R TR SR BF
FI L.

5) ZRIAL. B A OB UL BRI B A 1 A
B, MYk BT 4 RGB . ESE . B2
B AME RS BSE BB, ARBSHK
I Z AP AEBESmAT N, R AARAT 18 A B
HAMERR R, MBS RRERHESE > 25215 X
RHAE SR ZEAT NAAAT A TR, X AR A AR R 0F 52
Jr Tl

B2 NS AR 2 I Hidis 4R ok e a1
AZEEWE RIS T EIE, St fERFE R
TR R (R BRF, $R e AT DR TR G 3 17 R B K 114 o
JEE. T R R B2 > AE H ARSI L 2 S5 Uk 14 B
A, Hesi R 2R RE ST, AKF A AT A R
PERETFRE— BT E 7 1.
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