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Abstract: Group activity recognition has attracted much attention in the computer vision community, and it is widely
applied in intelligent monitoring systems and sports video analysis. This paper provides a comprehensive review of the
group activity recognition methods based on deep learning over the past seven years, which will help to promote the
development of group activity recognition. First, the definition, the general recognition process, and the main challenges
of group activity are introduced; Secondly, we classify the group activity recognition methods in modeling and internal
mechanism, subdivide them, and further discuss the advantages and disadvantages of these methods; Thirdly, we present
the common datasets of group activity recognition, the relevant open-source code libraries, and the evaluation index; Finally,
we analyze the future research directions in group activity recognition.
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Fig. 1 Examples of different types of human activity recognition
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Fig. 2 Examples of different types of group activity recognition
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Fig. 3 The general flowchart of group activity recognition
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methods based on deep learning
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A W RBFAE, sz{Qz}z IR R,
Gavrilyuk 25 A1 YOk Transformer 5| N R4 47
NHAESS H, $2 H AT A% TransformertE 48 (actor-tr-

ansformers for group activity recognition, AT-GAR)#f|
LR G MA DAL, U FE AR A S REAAT N

WV,

®)

WA IS B a1 9 7R, AT-GAR K H 2D pose
¥ 2% (high-resolution network, HRNet**)) #1 3D CNN
(I3DMO)FRHURE 8 4T N3 I B A MBS RHIER R, JF
1& A Transformer® AT NE ZIAIMZ HR R, N>
TRBRA M A 2558 1L, 7P AR A B IR SR AE, Li
S5 NVISUR H — Mg 00 1% 3 4447 D9 R i AE 22 Group-
Former, JXA iR 25 LR SUE B, i SIS0 25 Tra-
nsformery %Zﬂﬂi SRAMA TR AR IR, E1042Group-
Former#E 42 &, 3= E 5Tk &1 F: 1) GroupFormerX i
%ﬁﬁﬁﬁ%?ﬁﬁéf? FRAGE, I FHAE XD 25 S
B IR 2) FIH S8 BRSNS Bh A 1 B
ﬁ"%tﬂﬁﬁ%"?ﬁ AR i Rk 2 5] LA 47 Ik
KNRESIITE SCRAE. SCHR (491500 BIR 77145 8154
LA ARFAE B B\ B B E LS, B LLg)
PRI R G R 2 2 A SR BN E URHE, AT
RAMMARZRFIERI R AR on 2 (Rl ) 22 0.

F g

e e
RolAlign|+{ Embed|+> (51l | E |- ﬂ A AT
| R

¥ v N

@ > Embed |+ ﬂ# < l ijj:
| Nxd | %ﬂmﬁ;

| : N =
RolAlign|-> Embed |+ -l B 1 mﬁy&;
' Nxd ! Nxd HHRIT A
s e

W e

B 9 1743 TransformerHEZE ]

Fig. 9 The framework of Actor-Transformer
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Fig. 10 The framework of GroupFormer!*®)
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PLEBEAAT IR B e s i 2 R (G
B, RIS AR B AL AN TE 728 2 1 (14 1) 8. Zhou% A\ 12
U OB RS B, £ S —Fh 22 U Transformer
FEZE, FEAN R 5 R R 2R T BvEE I, Mgk
% JUBE 2H A HESR I 4iRL B R AR AT 9 iR 75 ¥ Compo-
ser, [R5 FEOF B BRI L il B oL 0 5 e 34 i AR e
AR, ATEE mHEAARA T AR (R B A 1 .

Han%5 A\ PO H XU 15247 83 28 HAE 42 (dualpa-
th actor interaction, Dual-Al), UAFFh B AN IR R 7
Hh HE B 25 [8] Transformer f1 ) 8] Transformer, [7) 8} %11
H B — B 22 RBE (R (frame) 2 ] AR (vid-
e0) JHNAT A XoT LA 2 bR £ ARG 5 B AMA. Yuan®s
ANBWRNFE D RBAN D T SCEREARAT iR 5 o A
H, $& H3F Transformer AR R SCgmbis 28 F T3
1&47 iR (learning visual context GAR, LVC-GAR),
T B L N BRAE 2R/ LN UER, IF
BT I 2 R MR SR RS A2 48 2 RO A8 FLR R,
UEBAALSE b R SCHEREAARAT AR o A 1.

Rt — 2% B R JINLE S BT N U 4 A
Pramono %5 A\ P2 ¥ 46 14 BE H1 1% (conditional ran-
dom field, CRF)A1 B i¥ WL 454, AISACRE, 3£ [F]
BT NI P AR RS BE IR R R B,
Pramono %5 A\ 7£ SCHR [52] M HEZE 47 J&, | FH HR-
Net U SR IZSARFHE, HHAEZ M BIER 14/ 5l
THELAN T i BE B AR M R AL, DASR BT 2 o) Ja il
KARMIBEST, #E— 20 KA EE A R SR Ab FEAMA 5 A
KEW BTG R, A RSE s #EARAT AR 1k
1531,
3.3 THKRREESHER

1) 7 2 EIEAL: 503 5 AR R 45 i A0 ok &
J# 5[] 8, Tbrahim% A\PYHE H 73 2 56 & W 2% (hier-
archical relational networks, HRN), 11 & Mk 17 N &
Z I IR ZFoR, FIH SR IT RF RN H
KZ. HRREMNE MY RHER S FELE
KEE, w2 MERIP R RFR. B EZNKRARE
PLEE 2] 55 1 Ok R 3R s T #E AR AT AR 7. Yan%s
NS H BT 2 Wk B 28 CHEER I 28 F TR ARAT N
WA, BY 4 2 B 32 XOHE B X 2% (hierarchical graph-
based cross inference network, HiGCIN). H ¥ ] i (1]
77 AR L 27 S RNHEIT 22 2 R (S AR X3 MR AN
HL) A

RNRFTZIBARAT REINES 8 FE SRR,
LN AAR ] | FE L TA) (1Y) BB A 25 (8] 52 H. G &R, Deng &5
NS H TS TR R 55 o 22 D) 6% B Rl (PO R 2, T
RINN G HE BRI A3 75 47 R 2 TR R34 b n 1] oRy
BORAT IR Z IR G M % RAEEE. R LR &5 i HEFEAL
fiill (structure inference machines, SIM)i# 47 1 A% 5 >,

e SR 1 1 19X 2 i o A T 3R iR A B, %) B e 20 1)
HEFRAT S5 S 22 2.

NFEGY G eI BAF B DT N 2 (Al =
]2 2, Azars N OVHE H i 81 | 2 TR B AR A
W28 BN AR O R Ml (convolutional relational mach-
ine, CRM). 3@ 51 A E] R (5 3 ), 2 ) JFR X
FRATIT AR AR (2R [ R R 2SR [STIRE R,
B — A8 2 B BN AR s/ 7 3 B A R R T
DN, eIk SR A R BB B () A AR ALE F TR )
AT . Qi NISSIHE H T8 SR RIS 25 1 R 8 X
A2 L HE S stagNet: S FHTE X EIIRIEN& 5
HAT R T I 252 R, 18T nodeRNNsFledgeRNNs
HEAT M B, AR AL < Rl R AR IS T L
il [N P 37 bR AT N R R E— PRSI 2
BRI SCE A (R DGR T 2, NI AT i
BIPEBE; 76 SCRR [SSIMIAESE ERHTH &, 24T N
S X Ssly 3 BT DA S 4 SR —Ja SRR A b SR s 8 e A
REIE R IV RE, IR R4 A B4 ER I
MR AP D).

2) BB A I 2% IR K, 1 B AR AR 5 1 P o
o LB A S5 A R TR B 2 SIREFE R R e, BB
X 265 = CNNAE B B9 HET, v LA R R L A 4
W, OF 2T RS, Bl 25395 ZhfEIR
SANAZ 3@ TR

WuZE A0 Vol GON 5 NBEAAT IR AIUT S5 A,
Py R s HA R BAT 3 9% % B (actor relation gra-
phs, ARG). E11/2ARGH T#HRAT A, HHdA
W EER—AMTNE, BRIDFRTATNE Z BKR,
IR AT A3 2 (Al AN R B ¢ R T B¢
17 R 5. SR FH ARGYE i 23 [ | 2 S ANk ) 1) 22 |,
k35 N FH 25 8] SR A RRS 7 B 1) SRR SR AT 28
FOR R MR, DASEIUBERAT iR . ARG HE84F F &
SER T A B B R, BT I SRR AT N
A={(z2,2)]i=1,--- , N}, KA NNT NE K
&, 22 € RUZFHIMTNEMINEHE, 25 (65, ))&
551 AT N L FASIHE [ oo AL br. M EEE G e
RVNRIRAT NE ML HR R, RRIEG ;RN E
A AT RERT T MT N B

NSRAFORA FIRAE IR T N2 R E X R,
THHEAPERAE RO B A5 B A, R RSN R
R E R EAAFRE SUE M. KRMEE SCNLLT
SERE

Gij = h(fa (2}, 75), fo(a3, 25)) , 9)
Horp f, (22, 22) RN WIANAT NE Z RSN KR R, [F

1%

FEdth, 3L £ (o5, o) vH 5L E G AR bR Bhels S AN

P ERRHTIH—AE.
Yuan5F AT AT T WS A4 47 D9 100 ) i 2
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5 25 HE 2 X 2% (dynamic inference network, DIN), 41
K120, FER 2 B RS R o 5 I N ]2 TE SR
JEAR JE I 7 JR R 2 A8 HA S O NI As R AL
AT IO I B RTRHAE, AT AR R AE AR AT R
SRR BB U = o = = s e T S D W e P
P (dynamic relation, DR) 1% £t F1 2] Z5 i & (dynamic

walk, DW)#5ER F T 3k 32 B HRFE LA 54T N5 2
6] (A2 ELABSS, AERRAARAT AR ARk BB B R (state
of the art, SOTA) MR, T EIEFH % BT 28
H AN ), SCHR [62]4E Hi 22 48 10 #8 P 45 M 4 3k
ZAT NE R % R (R ). IS RGN
AR A, BEREN IR 9 R T AL

¥

I O RolAlign

HL 7
Sk
A

I
N xd
Original

s /RolAlign
/MRolAlign Feature

LN GCN, e |
1og * ! POARNN
————— I ===l N .
Z R AT R 52
| & \g ! I = L
s __ N Nl Gl B
=2 GCN, &_©®
e > Nxd P
o ¥ L, [Relational MMEST R
° ‘GCN: e ¢ | Feature
.4.7-0 /‘ I acg .07 :/\

B 11 AT A R T BT Hi ) o)

Fig.11 The actor relation graphs for group activity recognition

TS S s S ST S AT (Y BRAE, Han%s
U A NARAT IR B i o 7 2, B T R 5K
IAMEAT A #E2 BTG BN A 4 R g SR %07
TR — P 2 R B N4, DLZ RN A
AR L (1) NARAT AFIREARAT NI AL EAL R R 1E
ANIE) B 2 TRLEAT RN RS B T R R . FH A 55, (R
A W 7. TangS5 NI H [ %2 B W 4% (graph intera-
ction networks, GINs )i %4 7F [&] i) A B2 5 [ 2 [R] i 7%

[60]

FIRLMRE R HR ARG, RRET B RN HE T
B SRR AN T 2 B A I A B A AT
W, SEg a8 R R WIGINs A Rk, Huds A0 i
AP AR 5] SRS AR SR AERAT 9 IUAN, $2 TR A
2% 2] (progressive relation learning, PRL) L 42 HX 5 #f
AT AR MIAE H R AR BT I AR AN A S T
AR T VIR SO R, PRLRAIR A%
JRIZG AN SR A B SR AT R RS L

KSR FLARI

R and DW| Y
TN pcrson-speciﬁcI
interaction graphs ),

Arrange 1nto|
an ST Graph|

__— —_—— e - —

K12 IS Eh AR ) 2% 161

Fig. 12 The spatio-temporal dynamic inference network!®!!
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| B
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| — T
| e
N=—= - T
34 ZHEARLE R

AR 2] QIR R AR 23 A 5 B AR Y
FEF B, @I 2 A RS R E SR AT A, 2t
1 T2 FAL S5 SRR HE S5 EREARAT N UESS o,
82 FH 22 P 25 R B R AL 7T LA 285 Rl RO RS E
RGP, ARG R 70 N 2SR Al & A 2 A
SRS, BT

1) ZHFHER G AT IR, 2R
Ik fih 75 A2 i AN RIS P 3R 5 A7 9 AR 5% (R 45 A0
(RGBWI G~ B 2R A2 22 58) I BEAT fil /5. Azar®s
ISR — AN T 2 JLCNNIR A AT 9 PRI HE 28,
Bt 2 i SOF R A FREAS (RGBT, Y 728

G FAT NG, fERLE ZEHEATAT NP, Rossi%s
N TOOTHE: 22 A 2SR A & X 4% BB AAR A T R LR i e
7%, R RS & 28 MEEREARAT R B AFAESE[H]
AT 1] /23 [A] Bh s

BEXE IR T ™ AT A AN RRAE, 2R
Al EE RS E 45 ) L Dasguptas A 74 —Ffa
R I 45 R (context aware GAR, CA-GAR), 1%
SER AL TG FE A Z T IR AN RREAE, RIS R R 5
& RFHATEAARAT RO, AEE WA BRSO s
RSO R EAMEEER, G5 A ANIRHE, FE AMEAT N
F M gmis 77 3. ZalluhogluZi N8I CRTEREIARLT iR
BUESH, BEFRE R T i AN BUR, A5
ZF DXL, 1 G 2GR & N 25 F1 2 51X
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H41 %

BSLIBEARAT U UIAT 55, %45 K15 FH SRS RGBI
JEIRAE BT IXCIARFAE, 47 B SRR (691972 H 1 X 44
F4J, SR FH A CNIN B 1t 35 SE AL A I 245 5

Lin%5 N0V o) 22 R R AIE il A 024 3R AN [ A
A RNEAERS LI I R, 42 Hh 22 AT ST SO
i 22 I 4% (multimodal-semantic context aware graph
neural network, MSCA-GNN). 1% [ 4% 7F 2 #5265 0
BIRITE S BT RAES: 2], DRI 8 1) B R 3
JRAVRHIE, IR IS AE 128 B, [R5 1R )
WS 5 S B, A0 22 A A A o P AN SO rprmT 2 )
PHERALE FAT RS, DM@ E BT e A
RS AL RN, FRIECHESE BTy R, Wit 1 2%
TR BB 5 2] PR E S # 2  4,
KHAETEENINREE LG B LE Bl
A HTRARAT SR,

2) ZRLAIANR G 2\ 3 B AR
AMEHERL SRS, FERAARAT AR ARS8 H 2
WARAS (RGBT, AT AR 50 B RHE 1) S F A,
X2 AR ) — N U 5T 0 ). Wl B 137 7R, Das®s:
ANT2FRIF 48 RGB- DI v A e ag 4 4 mhdm N 2
I, LA TR S I 2 S AT Ny
W £E A% M 4% (multi-modal human activity recogni-
tion, MMHAR). & 113 32 1 B8 R {3 K4 e 4 Dy A 1o
M5 B, il & 2 P HaE M N CNNELR, R
B PR RBEAT NARAT ko). SR (7318 FHHRGB
BHGA N AR B B2 B BAMS B HI N, Bt X4y
SIS 25 IR 2 AT AT iR .

B, SEAHE
-
N

/Activityl
‘ Activity,
MMHAR- 7
RGB Data/, HIARHAE  ~ EnsemNet ‘ :
> Activity,, |
\ ARG Activity,,
TN
e fith
L/ PA HE (Action Performed)
(EREgE

308

e

Bl 13 2R AT R R e 25 U2
Fig. 13 Multi-modal human activity recognition
ensemble network

BExHizzhiz s s AN Al e s BARHLA AR
PRI A 22 3 A8 A0 55 6 i TE ) R, ZhouSs AT
e R FE 22 B A N il 5 B0, T R AL AR A
B BB MBS SR a R T A
PRAT 9. B L 1 AR B8 AR
B SR AL AT Rl A T T S s AT D U Y

FEEERE M. DA & 5 BT R R M
EIAT 2 AT R A 32 3 3 K, Perez ¥ NSS4
DAL 7 1R 2 A T A RS0 72 (RGB A B E
N N R AE, 52t — b B 2H A2 B O & M 4% (group
interaction relational network, GIRN), B % 7£ < 71 &
()AL bR b AR AR R 7, AT HE T AN [F] AN 2 TR 28
B, GIRNISHR NI S 0L, AP R eI A 14
s oA T A
3.5 BRARAT ORI B A v

XN ARIRARAT R HAN T EA R T ik
AR5, CFE TS B 7 B 7, DA
FH A BEAHR 1 7 VA5 IR S NI SRR HH T I,
AT R FE BT BL.

YanZ5 A\ VOt — b 55 W B AR AT N i S 1 i v
77 %, AfSE ARG ) BRI FR 25, X Fh s EAIEH T
FLSEY s, T HONHT e ARy St — PP EE AT 5L Ak
AFEARW T, B4R, N2 A AT NE L
HAG R, AR OB L AT AS HORER, #EM 45
& W AR ER (social adaptive module, SAM), MM 75 %
5 R HE R OC B NN S BT, BT BEARAT iR .
B0 AE T 1K AT 38 R R AEARAT T 55
Z AT — NS IR, 45 ) & PR AT 55 2[RI R AH L
K Z, Zhang%5 NGt —Fh T 3EAAAT 91800 (1) 55
W B R BE A SR &R, IEIEAT R g8 AR AT 55
RARAENN LR BOrH B 56 38 FZ D nom. A 7R EAMARAT
I FAERFARAT s 2SS AT iR, 8145
FEARAT MR BT SS b DA I i o 7 6 B 0&E FH T 52 b
5754

Kim%5 A U785 o — b 55 WS () B AR AT S 130 A5
M (detector-free weakly supervised, DFWS), BEAK i
T FHE bR 25, AN K 38T B AR AL . ) H Tran-
sformer 1] [ V3 & IR 58 A7 AN Gt A HF A4 7% 20 1R 4.
1 R SCITEAARAT R, BianZE AV IR R H
B RAESE 2] N IR T B SR B BEARAT R 5, A
[ 2R AT R ] (PR AS EL A T L.

Zappardino%F N BOZEAE FHAMALT AR (115 1
T, B A B SR 1 2 v e B AR AT IR
T, 18 TR 2R I RHAE SR IS o SO A 2 DL
BB EA TS IR e, NP s iz LR
Thilakarathne5 A U315 Y32 H AU F - 2L R 38 E
H NBHATREARAT 1R (pose only group activity reco-
gnition system, POGARS)FJHEZE, STk [81]14 H Hr it
HJZoom Transformert= 7 SEE LT ZE FIREAARIT IR
Sl IX I AN 2 (2 i 2 T B AR A T Rl At
Fe. BT B 2REAR BT RN TTEANR 5 72 A2 3%
selw 2z, (8 TA TR ANz AL, J5 200t 70 B 22 20
IR B () 2 SR G 2 — NS ).
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Fig. 14 Social adaptive module for weakly-supervised group activity recognition

3.6 Wit5aHr

1S8R T BEARAT R e b e BARER 1 T4
RS TRIZR, B3 T 20165 2202248 H) 5 TR 22 2T 1
AT RN T R R L FE.

T F AR TR ST BT R T
A RIN, FERAT R EIE R 28 SAMRAT A
I ANMARAT IR0, LSRR T iR i) S B, EfR
AT BIAR SRR SCHR IR L T, ST 2 it i
BEITERAT iR 7 A8 T B BELS TMASE 2R 27 5] A
RGN ENVE IR 73R, i8I it Ak bR Bk N AR RRAE
AR, I BOTE R R T KR JE4E T
1B, A E BRI PR EAE T PR F R AT 17 . B
WHIBEN TS S, BEARAT AR A B LA

B N e I, By R A E T O D H o
Z 5% FERC BEAAT AR A E F B OB AR o
M. 3T Transformer ) /72 ATt — AR N E 2 0]
1 TR EE I A5 IR, XM A PR REAH LU T R
B Z i 7 A it — D B4R, (H R R )
KEAT NE B e — AT . (£ 2 A\
s, AT R Z A8 O R @B T O EEARIT
BOCH . BT A H ¢ R S AT iR
J712, FoAZ O BARTE T 5 & N RO A HE W A S 3
ANRIA R 7> 2 (838 BB R, AT HERT M4k
AT RAFIREARAT A, FE T 2SR G SRS AT R T A
P, SX AT AR s AR T O U ) B PR R R
{EAECASE RN . 2T 55 B 5 A 2 S BRI T N
WU BT R AR —AME AR T 7 1),

F 1 BT AIRAAR K 4338 UK

Table 1 Related surveys about group activity recognition

Tk M5k RFMHR ik 5 5
[ LSTMPIM B 778 HDTMP?, CERN?*!, SBGAR®!, GLILP?"! SR PRPEAE T P
- THETFX RMICP®!, DGCEPY, SSUBY, MLS-GANB4 AT N
RESET N PCTDMP®, P2CTDM[P7, SPTSPS!, sTCC-GCCH)! i N
IoCA i 25 A
T i HAN-HCN', GAIM™ T
JEE= VETEH
T Transformerff) AT-GAR™!, GroupFormer™®!, LVC-GARPY, 4 %Jfﬁa ﬁ;ﬁﬂ
PEERENSE
EPE=walilkil SACRFP, Composer!'?!, Dual-AIP"! T
55 H A Sy 2 B HRNPY HiGCING, SIMP1, CRMP!, stagNet™! (38 BAEFRAT Ay (1128 FLAN
S A R X 2% ARG DIN®Y GINs/6! IR R
ks O AR CA-GAR!®", MSCA-GNN!" LR EEEE,
e T NI MMHAR!2/, GIRN"! (B LA SRR
2B Zappardino et 21(801 & TSR,
Hoft 71 GBI SAM"6!, DFKS!™®, Zhang et al”” (EE AT AR T T,
LT T4 POGARS!"!, Zoom Transformer'®!! T RE EFRIM B
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SIM SSU HAN- PCTDM etal) ot PRL DIN . etal.)
B . Yuan omposer
HDTM (De]ng (d.agaut 3GAG l'Il<CN etal) (Azay etal.) (Huet 1')Group (et al.) (Zhou et al.)
(Ibrahim et al.) inov (Lietal) (Kong ARG AT-GAR Former JpRL
etal) etal) etal.) (Wu et al.)”(Gavrilyuk et al. (Lietal.)/ (Hanetal.)

| | |
I I I
2016 2007 2808 2019
HRN
CERN (Ibrahim et al.)

(Shu et al) RMIC
(Wang et al.)

stagNet
(Qietal.)
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2020 201 2022
SAM (LVC-GAIIQ) Dual-Al
(Yan et al.) Yuan et al. (Han et al.)
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Fig.15 Timeline of the development in group activity recognition methods

4  FERAT RN BE R KA e

SRR X H AT R A SR S AT A
2, TTERHAAT TR AR S FT 3 S A ST A
W27, FERERAT IR BT 0 H A B 2

B PIREE, — S A R RE S RGN A TEIEE
MIEHE SR, 5 — R M A FIZsh KRR H
MUSECYE 4R, e 3 Zah LR st . Bahfbif %
B RGAAE T R 4¢.

R 2 BT AIRAIRIEE

Table 2 The datasets of group activity recognition

BiEEAH WAEE  BERTRAERNE MERITAEIE E6 Frig 2Rl
CAD!32 44 5 6 2009 MM
CAED!®3 75 6 8 2011 MEisMUATEESE
NCAD'® 32 6 3 2012 MEEEMEOR A
UCLA®! 1 6 10 2012 MRS AE
NHD!'8! 1 2 6 2012 MR SE
VD2 55 8 9 2016 AEBSIEIEE
NBA!6! 181 9 N/A 2020 REIESEEEE
NCAA!3¢! 257 11 N/A 2016  IREIESHEIEE
BEHD!”! 58 3 11 2012 AHIESIEE
HARD!38 12 4 N/A 2020 REIEIEGEE
Soccer!®”! 74 4 N/A 2020 AEESEdEE

4.1 EHIHIEE SRR

FIT A 1) M 2 A0 A A #8  AE SE PR 3 5 b (1
T8 R B2 B T SR EAT IR, WA RIS A
7R AR, DA SR A 5 00 2 FEPE AP . T T
AT IG5 R B A e SR AT T B 4

CAD (collective activity dataset)®?': CAD ¥ #i4E!
e N RN KRR T N B, 28R ER — 6
R PR TR RN AEB S A N R ALK,
SH AN, 1ZH G T AL B SHAS [F) B REAR AT
b %% (crossing, waiting, queueing, walking, talking) 6
ANFERIAMEIT AFRZE(NA, crossing, waiting, queueing,
walking, talking) FIS R 7K [7] 0/ A 2% 5 9 45 98 b 2
(right, front-right, front, front-left, left, back-left, back,
back-right), B> ¥ 5 (AL 41 4% B 1000 > 14
ARSI FAE  MAAT URRZERIAMR L AR 24T T

CAED (collective activity extended dataset)®*!: C-
AEDHUE S 3AT 75U, ECADE ¥ 48 1) i E
B P RGET ) 47 93800 (dancing, jogging), H SRR E
AN A7 AE R I BIAT J9 303 Walking. J5 B ££ T
Walking S E] TS NAT N, TASERHAATA.

NCAD (new collective activity dataset)!®: NCAD
B A A LA 32 M A6 A [R] ) BE AR AT bR 25
(gathering, talking, dismissal, walking together, chas-
ing, queueing) F137f A [&] i A 44 47 4 A5 %% (running,
walking, standing still), %€ SC8FHAS [A] AN A2 1) (1 4 35
b2, [RICADHRAE 5.

UCLA courtyard dataset'®!: UCLA(#E £ & —
BER K 1065381 L W30 fps+ 40 #E 2256019201 F1
B, R SR A AT BRI, 2 H IR R B 56

"https://cvgl.stanford.edu/projects/collective/collective Activity.html.
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Fl A [5] 1 3 44 4T 9 25 %l (walking-together, standing-
in-line, discussing-in-group, sitting-together, waiting-
in-group, guided-tour) 1 10 A~ [A] i AN A 4T 28 51
(riding-skateboard, riding-bike, riding-scooter, driving-
car, walking, talking, waiting, reading, eating, sitting),
XFEFMT I REARAT 9 AMEAT A ARG 32 S HE i3t
1T FBhRE.

NHD (nursing home dataset)!'8!: NHD %4 42 tH ik
PR AR AR AR FRBE % T R AR A K,
25U A AL S o AN [ B AR AT D9 45884 (walking,
standing, sitting, bending, falling) F127%§ A~ [F] 37 5 2 (]
FEURAT IFR4 (fall, non-fall), 2452990 IH B (¥ b
2, Fr R 1/3 2 fall (AR .

42 EEUREGEE

5 IR SRR, R E Bt AT 5™ =
HIERI MR AL . T A F Iz Hraa vk,
WANFZ BT NI IEAE S TR B iz sh (2 2R, fF
IR, WEBR, HhARBREE) IR AT D TR BT 7S, T TG
REARAT IR IE ST i AR F 1 sl B SR AT i
A

VD (volleyball dataset)??: VD#¥§ 45 #2252 M FH
NI Z A B BB s AR, IR AT
N AAE A Boslid L. 128 2 th 553 HE ek
ECFEAN AT AN 4830 MLAAL i, F AN (] dids
T ARSI FHE  AMRAT bR DAL REARAT b
2, Ho AL E oM A [|] B AN 4R AT 4 Bk 22 (waiting, setti-
ng, digging, falling, spiking, blocking, jumping, mov-
ing, standing) M8 A [A] (1) B 41T J9 A5 25 (right winp-
oint, right passing, right spiking, right setting, left set-
ting, left spiking, left passing, left winpoint). & | 5256
PLALII AP, A T8 AT 145-48- SO0 g Pt K A
1231 A IZREE, TR I 1/31E e

NBA dataset!’®): NBAZHHSE & H Al ik LBk
R AR AT IR A R R AR 2R A S 3
1811"NBA LU ZERLAR IO 172 LA F BR AL, #R
53 985 9 1920%1080, SKAF IR Ay 12 fps, HAL
OFAN [F] FRREAAAT Jbn 2, (B BCH W AMEAT Jy AT
FE.

NCAA basketball dataset!®®!: NCAA %4 5 M You
Tube A7 4 35t Hh £ 4L 111296 NNC A A LE 28 JE A7 1Y
2573 WERR L ZERIN, 12 R K 1.5 h, B35
SIETIRIAS [F] B REARAT R FR 2, 5 RES MR IR
Sill, AP B A BT AN S T P A S Y X R A A
P 45 B AL 20 212 I ZR ML 124> 56 AIE AL A3 3
AN

BFHD (broadcast field hockey dataset)!®”!: BFHD

*https://github.com/mostafa-saad/deep-activity-rec.

Hn A NS L SRR 1k B S8BT 41, Ferb
EVFPAS R FANARAT 25 (pass, dribble, shot, rece-
ive, tackle, prepare, stand, jog, run, walk, save). SFf
i AR BK b 22 47 9 28 7l (attacker, first defenders, defen-
ders defend against person, defenders defend against s-
pace, other) FI3H AN [] (1) 177 5% 4% 1) B 4 25 il attack
play, free hit, penalty corner).

HARD (hockey activity recognition dataset)®®!: H-
ARDHH5 £ /2 A B i A BR IR 522 (FIH) A1 YouTube
(201 84F il FR BRH FEAR) AR s thgh AT U 2, 3L,
F5 1237 % 7 Ml AR 2K LG 2§, R0 i 28 225 fps, 73 #F %
N1280%720, FAL & AFAS A I BEARAT AR5 (free hit,
goal, long corner, penalty corner). 1% 4 45 & LU 4R
4004~ 5 AR BRIE BT, AN SR 5100 I, LARA IR
BRI 5 0 A

Soccer Dataset!®: 1% % 4% ££ /& Sportlogiq 2 7] 42
$£2018-20194F JEER IR FE [¥17437) /£ Bk ELFERUS, it e
930 fps e F EEFEARAR. 15 FH 22 $845 Sk DL SR 3 R
B R G AR BUR BRI 3R 3 I, bRy gl (1 B 4
1T N #5 2% (background, pass, reception, shot), Jf £ %§
P bRt — B T P AR R AR B B AR AT A
MITTEEHESE.

4.3  AHKHIFIEARS

F3HNEE T HEARAT AR B AH ST URARHD DL St
RLEVEEVDFICADER & V1 Re. il id $2 fhAH ¢
LRSI TTUEARHS, DA A I Bl 5 G B AR AT
VR N FERLA, G AT R ) S0 i) b
. AP CADEHEAES “4 classes” 5“5 classes” ff[X
) & K4 “ Walking” f1“ Crossing” & 3 i “Moving”,
H JE R FR ST 2 ek D> g4l Jh2016-20224 1] 7 44
FERITR L 2 WO BERAT RN R R e R mT A, H
i VDEUE AR iR AR L0 95.7%, CADEUREEE
ARG FEN96.5%, i AE 7718 F B iR /)
FIIBD BT 8 S HUR 245 AE, HoRFIRGB . St fir
B3PS FFIEAE N
4.4 BT IR BEEE TR RS

Rt VPl A RE R A A, 5INREE %
MVEA FE BT B A E R A R AT 04 o
D3RR EEARAT IR e RE VR FR AR e 1) 2 R HER
¥ (multi-class accuracy, MCA): 1Efff TR B 1T A28
ATE 2 B 2) 5SS HERR B (mean per-class accu-
racy, MPCA): H1 T8N0 (S m A, 1R
LT R IR S ; 3)TRVEFEFE (confusion ma-
trix): PRI e PTARAK ) e FE R, FLRE R () A —
AT A1 73 AR FAE AN TSR FRIARAE.
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Table 3 Open source code for papers and the accuracy in group activity recognition
ik RET N BFRSE  RETFR MCA% MPCAT%
VD CAD(5 classes) CAD(4 classes)
HDTMP?! CVPR 2016 RGB AlexNet =2 81.9 81.5 89.6
ssub CVPR 2017 RGB Inception-v3 & 89.9 N/A N/A
SBGAR!®! CVPR 2017 RGB, Flow  Inception-v3 2 66.9 86.1 89.9
PCTDMP! ACM 2018 RGB, Flow AlexNet =2 87.7 N/A 922
HRNP# ECCV 2018 RGB VGG19 P 89.5 N/A N/A
ARG/ CVPR 2019 RGB Inception-v3 & 92.6 91.0 93.1
HiGCIN®  TPAMI 2020 RGB ResNet-18 & 91.5 N/A 93.4
Skeletons!®"! ICPR 2020 RGB P3D b3 91.0 N/A N/A
DIN®! ICCV 2021 RGB VGG-16 == 93.6 N/A 95.9
GroupFormer*®!  ICCV 2021 RGB, Flow, Pose 13D 2 95.7 N/A 96.3
DFWS!7! CVPR 2022 RGB ResNet-18 & 90.5 N/A N/A
Composer!'?l  ECCV 2022 Keypoint HRNet 2 94.6 N/A 96.2
Dual-AI CVPR 2022 RGB, Flow  Inception-v3 5 95.4 N/A 96.5
5 KKRREHE SEAEE VT —Fh ] A 2R Y 28 S5 ), EASRZ I 03

FETREARAT IR A FE IR TG ) HkiR S A7
TE ) IR, AR SO REAARAT 9 1R AT A R R 9 7 )
JEELNT:

1) A B g Ak B AR AT IR B A Xk
TEARAT IR &, AU FE ZEXAMEAT AT IR
i, S T Bl I AMAAT R A A8 Bk ST
HIFRZE. S0 E TR B AT iR 1) &, 2D CNN
ANREAR L b SR P B A4S S, {5 /3D CNNI3DH!
S ) B FH TR EUN AR AR DR 3R 0% St ] [ N
BENE . B2 B R X 48 R 25 Transformerfi
BT JUEAE AT RIS T OBk B T RE, T B
TE IR HE TR A TS B o E I K R A B )
K F S T Bk — DRI Il . S TR e A TR A
AT R AL B DA w2, AME TR Ak,
WHATHEAT Z ARG, R w2, SR AAT
BRI AU T it — PR R,

2) /IFEAR/ 55 B 2 21 BEARAT R0 7R AR
EAMERIR AT I, X & — DU 2% H AR 4E 5%,
A5 A5 7] S PR3 S5 B RFARAT R 0 7 4 B 9 b S FH
BT BRI AR BRI AR AT T AT AR
e R R LA, JB T Bt Fuiams. Ak,
o] D B BRI RE A DL S JEFR 25 B Rk 27 =), IF
A B AR FAT A, 2 — R T
IES.

3) BB Ak i B 0 (1) Gt — WX 28 BEA T JE TR
J5E 5 ) I REARAT AR A 7 v T e K R AE B L
1, BTG F TRAE AR A BRI PERE, (2
A 2 T 2 T EAAAG&. B0 X — i) 7,
H Al = B AR T vk 1) B R, 8

PERE IO T PRARARL 52 % 2, 48] 40 STk [90] 5 e B
T £% ’NMNASNet(mobile neural architecture search
network)” ' FIMoblieNet!*?! DLy /DA AY i 5 8. 2)
BT e 47, 38 I AR B A R R A A VR E T e
] BRL PR DR 2% S g, DT i R TR )1 okt AR R A A
BRI R, R s T IR ) AT N &
VARSI A R P MR, R A o 3 v
R 28— X 28 B [RI A S —AMEAS I FT IR 1a) R

4) KAUBL, 55 BB B4R B aTEAAA K
ERBHAT ATONEEE S, (A2 X L s e 2 T
SRFEE R, I HBHARAT AN MRAT e
A TURR. 90t f i FH B HEER B 5 T-20 16542 H,
H AT T IR B RRE FE CL395.7% 18 2 5, (EAN PR
THEER L FEEAR A . = G —FTE AT AR e X
PLAVEZRbRE FIEHR AR, BRI 7 AR 7L TAERIITRE,
DAL, B RHIASE . B Pk s ik i H s S & — A
A AARR R 1] R
6 FWiE

AT R AR o S A AT N o A A B
fEABIEFEH I, B EAEWRT IR & g serh— 3 AT
IEEARTE BN, A SCH SN BT R E S i AR
ARAR B TR, ok, MBEARAT iR i g 5
JTEF NN AT R 53, FFaE— DA 528 el
Iy BTIX BT R AR B i SRS, e BEAARAT N IEN
W HEARSE, 2128 1 ORI TR RS SRV R A
W, TEX A BRI S A R R Ak B, X
ABRAT RSB A SRR T2 7 AT 1 R EE.
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