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Abstract: Group behavior recognition is currently a research hotspot in the field of computer vision, and has a wide
range of applications in intelligent security monitoring, social role understanding, and sports video analysis. This article
mainly reviews group behavior recognition algorithms based on deep learning framework. Firstly, by judging “whether a
method including group member interaction relationship modeling”, it can be classified as “group behavior recognition
without interaction relationship modeling(GBRWIR)” or “group behavior recognition based on interaction relationship de-
scription(GBRBIR)”. Secondly, because GBRWIR mainly focuses on how to design “calculation and purification of overall
spatiotemporal characteristics of a group behavior sequence”, this article summarizes it as the following three typical algo-
rithms, which are “multi-stream spatiotemporal feature calculation fusion”, “individual/group multi-level spatiotemporal
feature calculation and merging”, and “group behavior spatiotemporal feature purification based on attention mechanism”
respectively. Thirdly, for GBRWIR algorithms, depending on its different descriptions of interaction relationship, it can be
summarized respectively as “based on group member global interaction relationship modeling”, “based on group division
and subgroup interaction modeling” , and “modeling of interactions between core members”. Then, the data sets related to
group behavior recognition are introduced, and the test performances of different recognition methods in each data set are
compared and summarized. Finally, several challenging issues and future research directions are discussed, which respec-
tively are the duality of group behavior category definition, the difficulty of interactive relationship modeling, the weakly su-

pervised labeling and self-learning of group behavior recognition, and the changes of viewpoint and the comprehensive utili-
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?@,ﬁ%?lﬁl PN B R S LG R AR YD, T LA
PE B — R 5 d Je D) s AR AR B R AU 900 B
1709, i 2 — 20 P B 3 SRR AR AN SR =20 v A AL
AUE 45 I 4 100 A 8 1A 37 57 R AR, 8 107 23 2615 3 LR B9
(P )

. Clobal feature extraction Social
: Video Clip roups’
Feature map g r

ROI ﬁ( _.Attentwn __.__
Align Module
: feature map

Convolutlonal

Individuals’ Feature Extraction and Refinement

Relational Information Encoding

features
"’jé’"“ [M-1054]
_.l—u_ : '

................................

Social Activity
Classifier
1024-dim Individual Action

Classifier

Individuals’

features
IN,1024]

P19 AURESALLAK T4 HOG R @R M RELLAT AR S i HE e

S, Sun %575 aoF Fa) VAR A 14 PRI RERY Sk [ i i e
2 AR A U AA T o R Rl R i 2
AR PR R A SR AR S G, BRI A D142 S B (] 1Y
ARARLRE HEAT 52 S B A D i 23 2, PR LA BDIR S5 4
20 ] R A2 B 1) 43 2HR S 5 SRS PR3 3 G B 2 PR R
14958 H. O 25 R 18] 9 58 B 5 AR R AR, AT 52 B0 2
FEA TR . Yin ZE5 1 S i fre A OB B ok A
RIS T2, SR 5 185 Bh At 28 B 25 43 BT (0 e IE 41 ik
P A Jmy Ry FR A, d5 i >R e B0 ol R Bl ) A AR
P et W NI N R ey <X ) B Azorin-Lopez

AR T —FhEEAARAT A4 ) 3 (Group Activity De-
scriptor Vector, GADV) 371 J7 ¥ 8 43 M F U 14 0
31, % GADV A5 3 3R 73 - /NAT AR AT I B ADV /)y
41N R BL 5 F A A IntraGD L 41 8] ¢ F i 34 4F In-
terGD. H A /NHAT R AF 0] 5 ADV A9 37 o A2
T ek e 8 AR 03 ot T/ NRT, TR BTN
PGV IR EATE S N R OT” s Pl o SR 2R
XN BT RS Ry TN, S A 55
HYLERE G 21 5 B Je 4 /N Ry — A S TR s
SIS B , I 2 R I 2 FE R AT /N P



#0081

XS TR B2 2 ST HE SRR RELELAT D R Sk ik 2025

GO AR AT IntraGD 3 22 AKHE H A B 51 1Y) 32 B
PO A 2 18] 1 4 Fh A2 BAF B RBRALES (Coher-
ent Displacement) \JE JCHE_ % (Incoherent Up) \FE Ik
F# (Incoherent down) . 2 rﬂ%%&“t(()pposite). ZHa] % &
5 IR F InterGD 45 W1 T 4 3 43« 28 (8] 48 T 14 (Coher-
ence of the group) .20 8] 6 % P (Incoherence of the
group) ZH[H] W 5| BE A (Attraction) 41 [A] HEJF FE (Repul-
sion). HJF LM ISR T 44 F AU 45 73 25 85 52 00
BN RER) 702, 33X 4070288 H 22U 2% (Sell-
Organizing Map) . Neural GAS [ 4% | Wi B B 21 21 W 2%
(Supervised Self Organizizing Map) . H 2H 2147 M #i b 45
I 2 (Self Organizing Activity Description Map ).

BR 1 L3 A A2 sl B0 o AT 52 B 4L 25 4 23 B
A1, Tran 58 55t b 23 15 5 26 220k M 1AMk 22 [R] 1 52
HRREE IFR R SRR ok R B b BAT SR A
YERIRT8E, OF 2500955 32 BAE T 5 1E , T2 BN
[F) 5~ 20 [|) A 52 G &%, T S BURE 2 AT U] . i AT,
Zhang 02 T —Fh 28 H AT AR (1 4 2 AR R
M 2 7R L RESS AL . A AT THE AL REZ 4 A 1 SR I —
A NP-hard oA R) &8, I3 3o — 20 2R AR5k S A AR
SIS 20 5 TR T R0 Z (A1 A 58OGR AR, 4
T 6 RS AL S bR A, BIV A B -3 5 S R B -
DA BRI MR- i D3 e B MR- RS R B AT R -
TSN R BRI 1R - 37 554 38 R B85 oS AR A SVML 232652
IRERAT M Jm U]

IR TT e S BT RE F S A, S B4R RO 2
Fyfl, BEM SN LIRSS B R R B N % |
R ARRASE L 5 % T g iy 1 % 37 5 vh A2 R BE 2L AT Y
SIFT RO . EIX SR 7 SR TR SRR A o B v p o A AR
R, HMER WA 1R T JF BAFE S R R 15 B
TUAR MR IS LG R P L NS T 2, B2 i
SEORGEE . PRI, A0 — 20 ) 3 37 38 LG Z AT
RN TFRAR B[R]

33 ETHAXEARABXTEXRERNITA
gl

R T A I AR 2E A 5% 8] 52 5 OC FR il
WRIKFBIHELEAT R B BT AT U i AR
o IR A LY X A AT RO R = A T i
AR 28 DB R AT O R D E |, 3K 28 Rl B D
BERRA“RBEANY”. N T R TJE SN G5 BT A4
R A ARE S B CR  FREANTIR I T — R L
KRN N B B4 38 B G AR A A T AL AT S U
¥, IR AT LAARESE Ay G 4] 10 i 7 11 J5 L ]

K 10(a) JHERR RS T BT~ J7 5 T, by 2
14 B L A TR R 5 (BT 10(0) A B 4T 4R 42 Jmi 28 B
KA, W RSB, 1R 254 il B3 2 [ 1 28 .

FKF P 10(e) i i % B 56 28 14T (9 9 B A 21 G B A
Wy B HAZ TSR Z (A E A9 AR BN o, AN 2
80T, R0 U 3R A MM B, DAL 45 80 A% 0 i 57 19 52
S LN

(@) BisporsmslEl () WAKIRRE (@ UAZOHR
B2 Bk A

F10  RLIOCHE AP R ERIRC R Z W R3S H G AR

SRLH, Yan %6 A R BEALTT R AR R 2 AT S
SRR ZAT R ARSEER AU A% O bR SR,
HoAh 53 VR T AT DL 28 AT . G RS A i
SR BORE B0 U SR AN PR H— R TE
AT R St AR AR E ELIC I TR iz 3 iy N K
TRALREAEH B A RZ s s R i, H
FEH T D IET S5 ST R T I Y sl AR A
(Participation-Contributed Temporal Dynamic Model,
PCTDM) , W& 11 firzw , KA & i LA 2 9% |
S 15 FJZ B “one” Network JZ 1 LSTM #1171 $¢ A4 1%,
LRI 38 SRR S 30, TS8R R AR e 1 1]
iz SR MO K i Blom S AR B, A 5 i 3 ) I
1 5 FLUR, 4 IO B A UCRE , LT Bi-LSTMUEER g g
A Y S8 G R AR ARG LSTM AL, 1%
AT A AT N30 5 0BG 9 Bi-LSTM 75 i IR
A, BN SREEEAS B AAT S SRR T O R SCHE— 2L,
IR 2 A AH B ) > 453 13 RBUR B R, RRZ IR R 5 I
Ji B XTEI R Volleyball 045 527 5, B & LSTM Bk
s ARG AL EG 2 T4H O
EATHY Bi-LSTM W TE i i ARZSGIRAE g I e dvdan A, 55
BUAELAT MU .

WEAM , Deng 45753 o 22 )52 8 JH AL S B A i) 11 1
Bl SR AR B AR C R R SO E R
.U, AT 20 B — P 5 A HE B AL (Structure
Inference Machine , STIM )", F1] F 478 B ot 22 [ 245 H4) 78t [i]
— YRR AMAZ B M AZ B G A, Il AT I R TR
T REARAM M JE 5 51 B 52 ), 5§ H Al 5 2 R 5% 1Y) BT
ik . W R T — R T o B 1 S R
(Actor Relation Graph, ARG ) X} 2 {4 i, 53 193¢ B¢ &R it
AT HERR 30 Ao 1 465 R 24 52 IR £ €8, 56 2 &1 v 7 i I]
FERRE S RE R MY AL, BIOCHE O
R OCHE N T UE BRI BT RS . S T RS
e RO B O A AR R B AE G R , Kuang 56 0
T 90 245 Bt Ry e B G (1) MobileNet 926, M T B /5 4K
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@ single-person LSTM
@ Interaction Bi-LSTM

@ Aggregation LSTM
@ Concatenate Operator

t-1

“One” Network

Single Person
Temporal Network

“One to Key” Network

Key Participant
Temporal Network

—— Data Transfer
= - p» Weighted transfer

- ---» Temporal State Transfer ----» Aggregation State Transfer

----» Interaction State Transfer

t t+1

Softmax layer Softmax layer

Softmax layer

Left set”

Activity label

Bl 1L BT 25 5Tk R T i P Sh 2SR

by B O] B AR AE , e T — A AR DG RN 48 % 26 57 2
A S RO (4 SR LR AL e ¥ 1 A 4 G R L JE i GCN
P 258 O 2 ETHEA T HESR A5 RO AR B, e A Bl
SCHE NS B BIBE AT AR . Hu S5 2R T — b
3T A2 HL G FRASAY 1 S ) P oz 1 A I 4 B RO
AAF B A AT, AR5 8 2 5 22 AU 2% 2 IROCHE N 22
PSS HICHFR , SL I T XA T I 32K
T2 B LAY S &, A D IESE N BT IR
SEURE = WAL N ki RS TR0 P W PN S
FI T, 28 R 20 v o 2L A B 5 OF AT A% O 5L O
FHME . Zhang %O FB AP G A B S HLETR
BRI 7 7 & R AR O 20 h AW A BLAF
B TR SURPE AR 1 08 R 2 3k AdE 09 VR [
I 52 3] Zhang 25 1 3 &, Tang Z5 4R T —Fh LT
T SCPR B TR R D LRSS AR R, U ) 255
2R 2% A A AT TR R I PLRT Y GON 23 51 % sh VA
S A RGB A5 BT ¢ R AL, 4% Hh B bR B A4
#ﬁi‘l?ﬁﬁﬁﬂ%ﬁ%ﬁiﬂ%ﬁﬁéqﬁ P TR
W% . 5356, Yang agplaol
Net) fl AGTransformer (Approach Group Transformer ) £
BROCHE R OB ML 15 2., DA S SBE T i ) e A
17 AR5 5 6] B B MST-GCN (Multi-Spatial-Temporal
Graph Convolutional Networks ) $& B A&E A~ i, 53 A1 Hr % A
BRGSO R SE I AR S AR B3R, IR G-

i iF Agnet (Approach Group

GCN (Group GCN) 2 HUA 5 A Z [0] i 28 B3¢ Z DA 52
PURELAT AR

RN 5 2, AR A O B B Y 38 O R AN AL 6
NN SIS I DRSS PN e 1 [ DR P
BCRE A AT DA G 56 A 53 X6 3 40 0 20 B 52 i), 3 AT
DL AR T 2EL R A AR A8 A (S o, R TR v T R AT M
UG B

4 BATABREERAREEZIZI R
TR

W 5 8 28 A7 D TR B AR AN B R A ML 9T, A 4
7 BE AR WARGRAE L . HAT, TR T i 22
HEHRE IR 1R .

TGN T REAAT R U B R SRR 4R . AHE &
B, W6 HE LA T B B n BN IR 7 A, 530 4R 114 i
P AW, W REAT R PUN AR 1Y & e g it 1 ]
FE RO ST T T A 40 LA B Y R
e .
4.1 EMITAREERYT BRBIEE

CAD (Collective Activity Dataset) £ #i £ f3 & 1 11
SRR TR LIS (Y 44 D RUTEE , 64 2 5004 A
Be, e 12 fros . AL 6 K N AR, RIENA,
Crossing, Queuing , Walking, Talking , Waiting, [Fl#£ 40 5 5
KEEHAT MERZ:, B Crossing, Queuing, Walking, Talk-



% 08 M RIS IR 2% 2 REAR T BEALAT M RN L 2Rk 2027
F1 BATRABESE
EVEITE N PR ik JBOEUE [ BRI | BRI P ] P 5L LR ES3

NUS-HGA®" — 476 — 6 2009 4 Youtube
BEHAVE™ — 174 — 10 2009 4 Youtube

CAD 25 2500 6 5 2009 4 Youtube W B 4
CAED 30 3300 8 6 20114 Youtube
nCAD 32 2000 3 6 20124 Youtube
Volleyball 55 4830 9 8 2016 4F Youtube

NCAA Basketball 257 6553 — 11 20164 Youtube N

C-sports 257 2187 5 11 2020 4F Youtube LA

NBA dataset 181 9172 — 9 20204 Youtube

ing, Waiting. H1 T AHMLAE R G Kbl 52 B S 181 € 7Y
HROE SR, SRR R S8 Y, R R AR X 4K
ZIN TR 2 0 R A TR B 2 ) IR P A . SR i
T, —JBefs 70% 15 S I 254 , AR AR iy 6 ik 4 0
k.

YT CAD B AL MBI, 42 1) CAED (Col-
lective Activity Extended Dataset) 5 4 4 % HE 47 T i
Ji& B HS Walking 31 CAD HRESBR  FEA4h 58 T
WA 18 Bl VR 28 5D | 3 51 & Dancing 1 Jogging, A I
CAED B34 6 MAT WA, 73 Bl Crossing, Queu-
ing, Dancing, Talking , Waiting, Jogging. £~ A\#B 43 Hc A
— DT NBREE B — MR R AL & — DA T R4

[F#E, nCAD (new Collective Activity Dataset ) F 3542
WK IE CAD BUE AR P , 5% 1 6 DR IRAT 251
(Crossing, Queuing, Dancing, Walking , Waiting , Jogging ) ,
8 Pt IR 2 (right , right-front, ---, right-back ). BTk
ARSI HEINT A F 50 i SRR A HARA:
AR A A E b 530K T 5 s 28 B0 0 O ZRARTE . 8 Fh
A HFR% A Approaching (AP) , Leaving (LV) , Passing-by
(PB) , Facing-each-other (FE) , Walking-side-by-side
(WS) , Standing-in-a-row (SR) , Standing-side-by-side
(SS), No-interaction(NA).

(a) “Waiting” BELHAT N (b) “Moving " FE4ATH
FE12  CAD Bs4E i 2 AR LLA T M S 2 451

TERMAT B & b SR IRAT iy i P 2R
P R Z BN AT R AT FIWT i, B R 28N AT
BRI AT AR .
4.2 HEBREIEE VD (Volleyball Dataset)

RELLAT A 08 SO AR X K2 B [ 47
R AR T EE 22 (08 S Rk 2H A N B IR I o A AT

B2 . S, Sy T PG R L 2 ST Bz A 1 2
1B SR R AT TR T, B B9z s K AR
S HEEREE AR (VD) - IR A R T AT You-
tube HEEK FCBE DL A, ANI&T 13 B/, 3647 4 830
T, 55 BeAmt . X T4 — i, B AR T — >3l A
& I (Waiting, Setting, Digging, Failing, Spiking, Block-
ing, Jumping, Standing,, Moving) S [RIAHE & B A P E A AT
28 #l Z — (right-pass, right-spike, right-set, right-
winpoint, left-pass, left-spike , left-set, left-winpoint). H ¥
AABILR A Bt A i mT R B, OB 2 5 8 I8 8)
ARACARXTIE . RIS 72% FTI12%, 28% H]
TEUEFTI A

Setting

= 3 l
<2 s e .
e = =

13 HEBRESCHE4E o i 4 A ELLAT R 2 31128 11

B 13 A HEBR B 4, 2R T AR A h 1 4 Fh
BELAT 2R ZE R A R A PR R K
BR”. A HEER B R A b, HEER S B o BT A N R 52
aOCHE N B B VEd e, TR, R AT R (R AR 2 oy S it
NBIAT RbR% .

4.3 NBA ##E4 (NBA Dataset)

KEFHFREAAT AU B s 48 XA A FITEE2L
17 RHERHEAT T FRE 15 NBA B0 42 AU U bR 1
A RN ESG B S & T 55 B TR
LT R S BAE R S T 9 172 A P 0 4, It



2028 H, ¥

E 2022 4

AT OMBELAT N 2p-succ, 2p-fail-off, 2p-fail-def, 2p-
layup-suce, 2p-layup-fail-off, 2p-layup-fail-def, 3p-succ,
3p-fail-off, 3p-fail-def. 7525 ik & v , 38 3 B 12 B 4 4
(1) 83% 11 RN ZRAE , 179% WA Rl ik 4 .
4.4 C-Sports ##Z £ ( Collective Sports Dataset)
WA A 18 S BR R R ZHO= R X —Fhiz shit
10328, HAh A IR, = ZREME , T0UE SR 20 Ay
AR RO I 25, M B, Zalluhoglu 265 4 1 T —
T RELHAT B S5 ——Collective-Sports F 4 £ (17
FR“C-Sports™ ) , A &gtk T BEA K08 A A7 7E 1 Jm R

[F] L, 2 B 2 P A 11 A BR IR 38 3 AR 45 (AL
Football, Basketball, Dodgeball, Football, Handball, Hurl-
ing, IceHockey, Lacrosse, Rugby, Volleyball, Waterpolo)
HI 5 B #E2H 47 M 5 28 (Gather, Dismissal, Pass, Attack,
Wander) , J Hp 546 4E 1) 80% 15 Il 2R 4, 20% W1k
M4, A 14 B

Bl 14 d, WA S N BRI 38 326000 43 51 R 56
FOBER TEEK PREEER R IR TR PP  UKER K AR
BROHOBEBR HEER K BR, FLREZH AT 0 AL “gather”

“pass” “wander” “dismissal” “wander” “dismissal” “attack”

“wander” “gather”“gather” “wander”.

4.5 HBIBATAIRRFG AR LS

ALy BN TEAE B R B A BELLA T A R 50 O ik
FHE T A8 056 R AL B 204 T R U S G B LA T
AT T R XA S B S AT T A4 . o T RiiE4%
PRI AEAS B4R LR, e 2 FaR 3 X L T T
JER . Ho OF R i MG, AR AN AR R] 5 22 1]
F) IR ES 4L 5 Pose fRREAAF B “— " RR WA #47
SEH s HOH A L RN B A AR B A LS
i MPCA.

FE 2 F/R IR BT 038 1.6 2 AR 0 O ik, 3 o)
75 4 (=0 SN Pow o L (= SN AR e i S N P SN Qs T =
TR R R HE & B, K 4 B A TH i RGB
%, BUE T — & R A5 MCNP B T RGB {5 &
A BB TG B GE(E B, X 3 B IE S
B bk m G e 1R S S A RE R B 25 R AL, 7
CAD BUEAE - 4R15 T 95.26% H4 5 - X3 RS B | ] st
£ Volleyball 45 £ L 3KAF T 90.42% 114 54 s ~F- X3 3R 531
FEE .

G54, 3 2 H MLS-GAN" 2 H (2 T LSTM Z544) 1)
22 Y A BT X 4%, R T A 2 K < B )
e B P RHE et TR T R A I, PR
JH GAN Az B AR X A R A UEA T B R E AL A 7o

& 14 C-sports KB TP AN [RIBELLAT g 2] 26 151

T 5 55 I8 ) 28 5t A B O R LA T R TR 5 S )
PR AT R RN B A5t , e 2458 2Pl 75 8 Y /i A 2
PR FIRT 2 S Tz B A 40 GAN W45 1) Z2 Y F IE
Pk, 7€ Volleyball 54l 4R 4R T 92.40% (%5 &5 F- 1R
TR BE .

M Z T, 3% 3 W i S vkl A58 o6 R AT
THRBUN AT, 404k T RELLAT R AE AR AR [R] A B AR
PR A A SR s . R Bk XU PSR
P 2P Sz M M T RA R B R R,
ELUR M, B B B3 AN UL AE AN M B A B DG R A R
(Relational model) 3R1F W] IR 38 H. O R 323k, SR a4
TIE 5 5% i AR AE 43 531 45 A 31 Relation-GRU Fll Opt-GRU ##
P, WiE A AR B E B R R, e R E
HUTIHEAT P R AR SR AR B A [ B TR AR 8
PR R TR NE R o A i A SR T A i) . ]
D IE S i IS0 22 Bk Rk AT 2 B R IR A
A BN T ALBEIS 25 RRAE RS HE 7R L 7E Volleyball SZPR
WS T 93.49% fFF PRSI BE . 54N, GLIL ™ 7E
CAD A1 Volleyball £4#i 2 #F MG 1 94.40% 1 93.04% %5
PR RS B, 32 B4 25 F 42 H 19 GLIL(Graphical
LSTM-In-LSTM ) P 28 4244 , B 9IE G b Lo gy 8“1 32 -7
AR R G, A AR LR B T T R A Z (R
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R2 AXREXREENBHATARNAEERREEE THEELE
Method Date Input CAD CADE UCL Courtyard Volleyball NBA dataset Multi-camera Futsal
Game dataset
Choi™ 2012 RGB 80.2% 83.0% — — — —
DLM"! 2012 RGB 78.4% — — — — —
sim®e! 2015 RGB 83.40% 90.23% — — — —
Zappardino™®! 2021 RGB+OF — — — 91.00% — —
Xy 2020 RGB+OF 91.2% — — 93.49% — —
GLIL™ 2020 RGB 94.40% — — 93.04% — —
LARG™" 2019 RGB 92.60% — — 91.00% — —
DRGCNP"! 2020 RGB 89.60% — — 92.20% — —
STPSH*! 2018 RGB 95.70% — — 90.00% — —
GAIM®® 2020 RGB 90.60% 91.20% — 91.90% — —
CRMP 2019 RGB 94.20% — — 93.04% — —
SAMP? 2020 RGB — — — — 47.50% —
3 BEFLZEXZERNAEERREBEE THMEEEEER
Method Date Input CAD CADE | UCL Courtyard | Volleyball | NBA dataset Multi-camera futsal
game dataset
Canon'”! 2017 RGB — — — — — 63.40%

Gavrilyuk'®! 2020 RGB 80.60% — — — — —
Region based multi-CNN®' | 2019 RGB,OF 88.9% — — 72.40% — —
SRNN*! 2018 RGB — — — 89.90% — —
MCN® 2018 | RGB,OF,Pose | 95.26% — — 90.42% — —
Thrahim'® 2016 RGB 81.50% — — 51.50% — —
Wang'®! 2017 RGB 89.40% — — — — —
PCTDM"" 2018 RGB 92.20% — — 88.10% — —
StagNet™ 2018 RGB — 90.20% 86.90% 89.90% — —
Lu"® 2019 RGB — — — 91.90% — —
Tang"! 2019 RGB 93.00% — — 90.70% — —
MLS-GAN"! 2018 RGB 91.20% — — 92.40% — —
L 2021 RGB 91.31% — — 92.35% — —

A& F AR T A R B ST B AR AT Sy A
RIVKE Z2 A 1 7 32 345 B R 48 L B AR AT Sk 1) BTk, 3%
PEME R B IR AEAE B T b, LB 4 R a8 B
B S B 23 R AE Y S 5 AN P 4, DR T 4 LU
K.
SR UK 3 X T2 A8 H SR R R $R BUR 3 T
AT LA BN AL LA T O R AR 1 0R | 45 78 A [ 1) 54
P4 L AH F AR /) JE 38 B R AL ik, R
SRS I B 0 oA B, L, B T A2 B R A HELLAT
S AR B T3 i IR AR B AR T JE 38 B G R RFALAT S
T

BRI Z A, NPIAS et vh 2B, RZHOR RS T
CAD Al Volleyball £l S S AT A 52 Y, HARBICR K2
Bt 80% LA L. {HALRE & IR, R Fh B BRI fE R B —
KINBEAIT R, Bz ZREME . NI, IR ETTART ST A

NBA , BFH"' il C-Sports %5 # 45 4 L) f# 13 FH H: A 37 5%
L SR T R A B 5 ) IR A IS B A U 4
TR IR, FE A 277 R U B 250 ARG B AR A

ARSCE X AT B BRI ST S AT 58 7 3L
PEFT T WA, SRS AR R 2R AT S U Oy s b R A
BRSO AR R A3 D OSSO A A I A
AT DU A T 50 O A R A RE AL AT D U PR
s a4l T RO YRR 4R LA L PSR AT A IR
TIETEA R T RIPERE LR . T gt — 2 X X
KELMA AR T B4

(DTSR R BRI T AT R0 07 5 7T LU
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Py B S B SRR R A TR . o ST 20
25 RELLAT AR, RENS I N AR S A ELAH AR 7T, A
M 5 BELLERAE ; 3 T2 RS O BELH AT R, fEfg
0 52 R A AR TR AE 5 00 3T R L
e 211K Bo7E e e MW N U SO INTIE € 2R A
P B 28 R AIE . 3 3 ARV I S T I R R 1R S 1B 2D 42
T .

()R H R FZ NTEAAT I S B, H L, il i
FARBEAAT N B 38 B OC R BEE— D AnLRE AL
FRIE . Horp SRR B e R A A AL T IR BE
i 4 IO 1 LR D3 B AR (M 22 B G R, AT I BEA AT R
TR 4 T 119 56 R RRAIE 5 2 T2 4 58 56 R AR 1Y)
FELHAT R 3030 Ao X A 2L 8 D3 1A 7 56 2R AR
O 2R S N B NP R (P € ST S
DL N A% 0 R 58 B G R R R 24 T R U
5, BB A A4 b OB B B DA R 5 HE % DA O iy
b AR 53 A RFAIE L LA B ABAT T 28 B OGRS LA TN
TR A 2 T BEAR T LT Rl i FE v iy
MR P, TR T RN RCR . B 3Rk
e AR At R BRI

25 b, oA H O R AT RUE X R R R
PEAT I G0 b B BT S PR RE LR AT R, HL B 2 2
PT BELH R 5L 18] B 28 BG4 LA R A 25 R AR B
Z M HUOCTE TR ZFRE , B0 5 )2 28 B LA v SURRAIE
) 2] 8] 5 777 T 58 B G ZR AR A AR 2L AT Sk 1R ) B
A4k T R Z (8] B S UL S SRR L, BT
A& R A R T R ik

T3 A BT A8 H O RS IR AT R T
A HARR AT LUHG AW . H— R R R L K)E
FRAE Y 324, PR R 38 B 96 ZR A o 2 1 O A B[]
(pair-wise ) 3¢ & R AR, [k T HEA A CNN/LSTM K
25 KRR A, 38 75 R 51 7 B A B, a8 BhE ks AR |
TIEESER, DEE AR AR (HiX
B f5 BT L B bR R AE 0K 2 FRIE $E B £
B, (2 33 4 G J22 B (G B R AT B Y, Rk, 3K
WA BRI EA G H R A Z 2R H
KR TUAY, HARHY, 28 B 56 R Bk T 1 (4 7 P =2 1] 58
HIRRIN AR TG EAY HEAS ] 7 4L 2 R 1 28 B G
2, VU G G N AR 22 B RRFE, ik Z
JE E AR H R R REA SN AEIEASHY 1 55 ml A
531 (1 AS [ 45 1F ) 4 45t e LA AR SE A ot f k<74 |
XRAH KRG EANREAEIEN . LR A 2
— ) 24 58 16 ZR R AR %) X ) R e S e G
SEMATELLA T AR ARG BE A T
5.2 FEMEBERE

AR AT IS IS T I 35 ORISR A7

TEA/D R, BB ZE T .

(DN [F3 5 S BEAAT A28 5 A5 05
25k

AT B 2017 R R ) B e 4R K BOEFE S W R
Ho— Ry 3 50 v B K o NSO R AT Sy, sl 15
7~ . AEEN15(a) LBk AL 6 4~ Zr = 7E “Dancing” , 1
Y s B AT M 8 PR B % M “Dancing” 5 280 3, 78
CAD i s v B/ 15 (0) i B S A LA AL BR T
A Wi AE “Standing” 41, Hofth i B3 76 “Walking” , #1% 3%
SCREALAT M EDE R “Walking”. H =, B4 A K E
ST s i bR R AT R 1 22 LA R AR A
IR TCA AT N WK 16 s . FEE 16 (a) 5 bR
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