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Group Activity Recognition Based on Global-individual Feature Fusion
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Abstract: Group activity recognition (GAR) is one of the highly researched areas in the field of computer vision, aiming
to detect the overall behavior performed by multiple individual actions and interactions. However, due to difficulties in
determining individual interaction relationships, the tightness of connections, and the key actor, current methods often
focus on individual character features, yet neglecting connections with scene context. To address that issue, a novel
reasoning model for GAR, GIFFNet, is proposed based on global-individual feature fusion (GIFF). To compensate for the
lack of scene information in predicting group activity, GIFFNet, on the basis of focusing on key information, effectively
integrates scene context and individual character features by constructing the GIFF module, obtaining more representative
fusion features. Subsequently, GIFFNet utilizes fusion features to calculate the interaction relationship graph between
characters in the scene and uses graph convolutional network (GCN) for training and predicting group behavior
categories. In addition, to address the issue of imbalanced samples in the dataset, GIFFNet adopts a strategy of

dynamically assigning weights to optimize the loss function. Experimental results demonstrate that GIFFNet achieves a
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multi-class classification accuracy (MCA) of 93.8% and 96.1% on Volleyball and Collective Activity datasets, and the

mean per class accuracy (MPCA) is 93.9% and 95.8%, respectively, outperforming other existing deep learning methods.

GIFFNet provides features with a more powerful characterization ability for activity classification through feature fusion,

which effectively improves GAR accuracy.

Key words: group activity recognition; scene context; feature fusion; attention mechanism; dynamic loss function
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T M ARL S NS, X, B S A I MR NE 5 ReLU
WO PR A, BE S S Xpyeea AHINRLS, SREUR A )
B RFAE Frueq MOIRLE SRS R T X, WP 2 R 46
FRAEAS R, B e xd X, #EAT AL ER, AT DL 78 45 Mg
HCH bR N 40515 5., A5 m A 5 I RFHE S LR AE B8
7. RO Z RS IRl G0 BRAR X S 2%, (HRe 8 e T
RFAE AR 7N BE 7. 38 X6 3 9 ol SR s 1) 2 A7 45 B e, T
LR L S il SR I 3 FH T 7 2 R Ak B R A R
(137 5%, T WG 300 R 45 SR D B 3 P TR AR R B £
U6 NVRRIE (S R T IR NFFIERR U35 5. 30 (10) R
(1) RO T F A S e R A T R R

Fé’

¢ g = ReLU(LN(Linear(Xpusea + X))~ (10)

1
F fuse

Fop, Fe SFL Gy R A O S
BT AR, LA T SRE AT N .

4 = ReLU(LN(Linear(X}))) + Xtused (11)

24 IRH

LA BEARAT 9B 75 105 38 A AR A8 SO 5 2k
SKAff € T B4 55 B SL BN 2 18] 1) 22 86, (5 FF R Al 1k
FEA G FEA P AT 1) 0] R >4 00 4R rh 3R AR B
FARE AR BB S A AR BB/, 4 2 5 SO AY A 1]
T o b T 2 B2, AT S e AR Y (R 14 R {1
7E Collective Activity £ &, FEAEHE £ H 2
1G K/, HBUNOFEAR B2 S B BFEART S M. @
o R R 2R R B, T DA T ASE TR T/ 5K S ) o
RE, 1E— € T2 E LSRRI AR S A 1) R DR i 0] R
ASCAERRAERE SO R [ 3 Ak b, RN 2 B AL &
1) SR, BT 45 R SR AU T — 8 I S0, R R A& AT
N RN TRAF RO, BAR AR,

loss = a(1 - pt)' L(ya.3,) (12)

pt =exp(L(ya,¥,)) (13)
Horr, L ARRAE U R R EL, y, Ay, 53 50l e ELSERR 2
EATMAR AL, o 1y ZESH. BN S, EFHA
B TR BN AE 5 B bR 28 2 18] 1) 22 Ok 5, 7% A
K (12) B PR KN o By BIAE AT AR 52 bR
iR 5 AR A B, 25 pe MK (13) 1HHE
AT
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3 S
3.1 HiE%

NS FEAAAT DR R ) B 1) 22 A Bk e, O T
AITF R T2 W FH P A 22 M s 45, 70930 4 volleyball
dataset (VD) F collective activity dataset (CAD).

Volleyball ¥ 52 — > T HEARAT iR B A0 73
P BE 4, L0k THEER L Ze b I BEAR S R BETt. i23
Ptk B AR BT SN 20T R SRR A 2 A HEER EE
FHRMAFBAMRAT N, WRER. £, fuBk. £,
FAE 55 Yy R HEER B8 rh AT AE RO R AR, BHE T
4830 MNMLAI B, F BEHEER LR M BIEARE, & X T
8 INEERAT NS right set. right spike. right pass. right
winpoint. left set. left spike. left pass. left winpoint
9 ANMEAT NFRZE: waiting. setting. digging.
failing. spiking. blocking. jumping. moving.
standing.

Collective Activity ZU¥EEEIK &5 44 NS B, B
BT B2 200-1800 ASHILAIT. 2504 AR K
PERBCR AT IR AR, BEM R 2 MT A B AR
Yy SRS B ARYE I S AT I = e,
BT 5 MHRAT NARZ: crossing. waiting. queueing.
walking. talking 1 6 ™MEIT HFRZE: NA. crossing.
waiting. queueing. walking. talking.

3.2 KL

ASLAE—5K NVIDIA A800 (80 GB) K& [ X
AN EE AE AT S50, BB AE ) Py Torch HEZE S,
N TR FE IR m A B AT PR R, eI A T T
IZRH B S5 L, H8 s AT 2 — P OB 5 S5 HERE
W, FE P BER SR AR b, A SCIRE 2 70% 1) E s
FNEREE, 30% M NIRLE. 78 Volleyball £i#i 4
SN BRI KN A (720, 1024), JEEHE 454
VGG-16, 3L E T 60 5B 5K, W14 > %
Ir VR 1, A 10 S8 40IK 172, FEAES 40 S [ E M 17
7t Collective Activity Ft#E &, fi N BRI RN A
(480, 720), EIHIH T ML N Inception-v3, FLEE T
30 #AUIGR S MR, 551 % Ir [H 528 57°. S4h, (£
MNEFEEE gk 5 M), dropout ratio B4 0.3, B E
SRV 17, SR RBOTH R o Ry F1E 5518 0.25
AT 0.2, 7B HER BE B TSR AR 70 30l O 22 3 03 SR I
(multi-class classification accuracy, MCA) Fl1Z~F- 34k

i (mean per class accuracy, MPCA).

8

3.3 XtHEsCIg

% 1 JB7R T GIFFNet 5 HAh AT HIEAE Volleyball
Hym 5 _FREARAT BT R B T L g R 71z AR
ISR, GIFFNet & FH &5 T 458 VGG-16. 4
J IR GIFFNet 1) MCA {5 MPCA {E 47l =ik 93.8%
55 93.9%, M R HE 2 L F] 83.6%, T 24
28 MU TR AT R IR Bk, L A TR R R R e
SRAE I R RS R AR A
R A IEEHABRAT ITIELE Volleyball a4 1R

EXT L (%)

Methods Backbone MCA  MPCA  Action Acc
HDTM"! AlexNet 81.9 82.9 —
ssut” Inception-v3  89.9 — 81.8
PCTDM®V ResNet-18  90.3 90.5 —
stagNet'® VGG-16 89.3 — —
CRMY 13D 92.1 — —
ARG!” ResNet-18  91.1 91.4 83.0
PRLP VGG-16 91.4 91.8 —
STBiP"" Inception-v3 91.3 — —
SACRF™ ResNet-18  90.7 91.0 83.1
DIN"! ResNet-18  93.1 933 —
GroupFormer™  Inception-v3 ~ 93.4 — 83.2
TSG+PDFM™  TInception-v3  92.4 — —
Ours-GIFFNet VGG-16 93.8 93.9 83.6

TE: I PR IR I L R, «— R HET SRR

% 2 J878 T GIFFNet 5 HARAT HIETE Collective
Activity 255 ERFARAT A B AR BEXT L 45 IR 72
A E S, GIFFNet & FH 08 T M4 N
Inception-v3. LLHKE, GIFFNet 1EFEA S #0141
P bR LS 6 ) R0 B8R, ARG B AR T JLAR
Fe th AYIRLAT H%, JE MCA FI MPCA B 73l ik 96.1%
55 95.8%.

K2 ATTESHAMFAT ITIRAE Collective Activity 204

L RRBI RS H (%)

Methods Backbone MCA MPCA
HDTM" AlexNet 90.4 89.7
CERNPY VGG-16 87.2 88.3
stagNet'® VGG-16 87.7 89.1
PCTDM® AlexNet 92.1 922
ARG ResNet-18 92.4 923
PRLY VGG-16 — 93.8
HiGCINF! ResNet-18 93.4 93.0
DIN® ResNet-18 — 95.3
GroupFormer™™ Inception-v3 93.6 —
TSG+PDFM™ Inception-v3 93.5 —
DECOMPL!"? VGG-16 95.5 —
Ours-GIFFNet Inception-v3 96.1 95.8
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i H AR G N A

MNP AN I A B b 1) S 45 K, GIFFNet
I LE AT RNN SRR R A AR T5 It R, (5] IAEx
FFAE /N, M8 T 3T GNN 5 CNN ()51, GIFFNet
WIAFHEFE E RIS, FEFEARER/ N Collective Activity
4 b, GIFFNet S35 & R 0 HERA B2, AR T HoAth
RAT B
3.4 HRASCIG

SR 56 UE AR AIE Fil B AR5 2k B 50T Ak X 4% (1)
ROPE S e P, A SR X I P AN 77 TH] Sl 1 RS 1747 i
S R 3 53R 4 0 RRAE A BERAT RS L
TF 7 Rk S 56 B4, 45 SRR B AR SCHRE H ) il G AR
SO AT % R B 0 U 45 R B S T

F3 AR A AN S R EE Volleyball 24 4R 11

THRLEARE (%)
Model MCA MPCA
Base model 93.2 93.2
Base model + GIFF module 93.6 93.6
Base model + loss function optimization 93.4 93.5
GIFFNet 93.8 93.9

F 4 EXT R A HON R 2 R AUTE Collective Activity 255

R (%)
Model MCA
Base model 95.3
Base model + GIFF module 95.7
Base model + loss function optimization 95.8
GIFFNet 96.1

R SCHE RS AL A FH A48 2K oR B b 2SSO A 2K,
HRHE Volleyball Zidl 45 ERVE RS0 45 8, HAEhZ L)
N 93.2%. {ESEREAEAL [ IE AL I, AN GIFF #Hk
JG, BERE Kt 4 J5 3 A5 B N AR REAE 5 DA TR,
FLUERR B 2> AR TF A 93.6%. R @i g &4 R
MR EG, B8 SR AME BB 1 a8, DA A
BURRAERE. 534, FEARAESS SUR A5 2K o B S
b, PR SGHR R BR RS, — e FRE AR T A R A
{1 i) 851, A5 TR MR B ST & 93.4%. K45k bR B it
FEIRIN GIFF A58 5, ALK R A R it — D,
ik 93.8%. iX & W] GIFFNet 7E Volleyball #5545 FHt
3 7B RESE T RUR . 78 Collective Activity £
BRI M6 b, SERIBE AL I HERR K208 95.3%, A
K bR B EIRE AR A SRR 2% . BE S, SRRV I GIFF
RS, MR IETE A 95.7%. U5 26 B Bk 4T ek
FIE LT, AER RIS R 95.8%. fe o, RN RN GIFF
B IE 05 2k B BOIEAT T, IR A E R R B IR e &

96.1%. GIFFNet 7£ Collective Activity ¥4 FHUE T
B3 YEREAR T, UER] T DR A I s (5 B BN RAE
VR ISR (R4 N RS i v 4 A I 2% (1) B M
YR GIFF B 1) 5 R 38 %, A SCHE B /5 ds
£ bR ITIH RS G. ARYE A& AL 2 57, X GIFF f
P 5 MR AR AT AN R G, SEIR S Rk 5
53 6 for. fE R W& b, GIFF EHL ) 4 H RR1E
Xpused BES JE/MERFIE X, AN, BRI RN Z LS 2
ARG RHE, XA R R X 5 Xiysea T3 HF
TERE B AR SIRE. ALK ARG T, £ R RHIE
X, SRBURNAG 25, 55 GIFF BB f 5 B E Xpyseq
AEIN SRRl R AIE, BE 8 15 AR Y 5 78 73 b R FH iy N\
fE X, PHIME R, 5 Xised HAT A RS, (15 RA
1) Rl -G RF A BB % BE 47 3R TR NP TR IR0 R SR 45
ROR IR, G55 W TRl PR R Rl o A R B, AR
Volleyball £ 854 I, 53 fili-5 AT 0% HA fil & 1 16 %6 50
SR 93.2% F1 93.8%; TMiE Collective Activity (¥ £
b, HERER 5 95.8% A1 96.1%. T 15 W 4 RE %
B 70 4 Mo R F N RAEIRAE B, D8ME B R 2R, A
BT RIWEL S, AR AL
5 EERE R Volleyball a4 FHIERIEIE (%)

Fusion methods MCA
Early fusion 93.2
Late fusion 93.8
K6 EXIRELERHLLE Collective Activity £¥E4E 11
H R (%)
Fusion methods MCA
Early fusion 95.8
Late fusion 96.1

X BB R AT 7 B i i e 0% B 4 1b P A PR R AE |
HIAL BT B 956k EAG G A 7E AR SO rp R 251,
A ICAE Volleyball HE 5 b @ FFIH Rl =25, SLi6 45 R
7 PR, SRS R BOR, 18 GIFF S A& 6 &
SRt IE LR, HEFZRUH 93.2%; 24X GIFF #ih
)4 R R R AT A B w5, THEAf 282 T 28 93.5%,; B
J&, X GIFF BHe b i W5 SRR AR AR 3E AT A7 B g 10,
BB HR T2 93.8%. IX 3K B A7 B g i 5o 155 2 3 i
EHGAFAE L BRI AR I e A .

7 EEXALE LA Volleyball $¥E5E F R EEHE (%)

Model MCA

GIFF module wo/ PE 93.2

Global Features of GIFF module w/ PE 93.5
GIFF module w/ PE 93.8
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3.5 AL

5 R 6 Fé7n T GIFFNet fE AN SR 4 IR
FERER AT A 25 2R, S T e R R . X T
Volleyball 4 4 H (144> 3F, GIFFNet (135 il #H
RHRHEIL 90%. 7E Collective Activity FEHEHIEN1ER
A, T A ) K R R, R AT O AL
] moving Fl crossing Fx 2 Wi A — N2 moving/
crossing, fEFEAARTE B 1S M 5 LA 4 4. 455
78 moving/crossing Al waiting 92847 A HIIH A LE
TRERE, K H TR, MERIEESE
JAHACL, [ INE H e R A A At 2 0 B A 7 SR 4 R
PR E R M.

Confusion_matrix-volleyball

100

right set JEJNM 4.7 3.6 0 1.0 0

right spike

right pass

right winpoint

left set

left spike

left pass

left winpoint

¥ 5 GIFFNet 7E Volleyball F¥54E b VR 56 15

Confusion_matrix-CAD

100
moving/crossing

75
waiting

50
queuing A

25

talking 100.0
0
044&%
&

Kl 6 GIFFNet 7£ Collective Activity ¥#fi 4 - IR IEFEFE
7 IR T BARAT N talking IR ARAL S SR, A2
K AEFHFRE T HAS AP, H B ER T bsiE NPTE R

10

TR EREERE, BEBIR AR B E S, H A
V)0 1E 10 /IR BE A JAT SR )~ BB, 2 AR TS
R REEAY, N 3 RBHAAT N A g AP, B
/NI, A, AW 0, 1,2 BAHERPMET N,
A5 PEME H (B 6 R, R B T AR ATTAE 23 (] 2 T L
PIEAER RN, AEHDNFARAT AR RS, ATRe
2 I AR B AL G 2 M7 R R AL, 18 8 JER
THERAT N waiting B RTARALEE SR, /e BB R, ARiE
HI AP ELES waiting 5 walking BIRAT . N T Hi 2 B
ZNFARAT NI, 73 A S & KA N IRCEAE
KN, 156 AL H B K IRAT AR v R 45 3. 1] 8 s i)
NI 2SS oy SRR LR, H15E N waiting BIAT KA.

Temporal

Spatial
Bl 8 Collective Activity i 4+ waiting FI AT #LAL R 151

4 Fr5RE

BEXTBEARAT 9 R0 I 7 545 B i 2R 1) ), AR S
P&t — o T 4 JR - A AR A A PR R AR AT R S
% GIFFNet. AR 1, GIFFNet 43 AF AN B, H— N
FRAE B2 BB B, H O NFRRE Rl & 5 AT A HEE B B
GIFFNet * {14 JR-MAKHIE R A (GIFF) fE, BE% A
AR A R AR )3 5 A B, S MR AT
RlAr, 152G SRRHIE R IERE 10 B 1. 73 4h, GIFF Bk
SGiRURE = WALIINIYR 8-S 7B L PR YN /RS /TR Lt
[ DSER T, DR RAT U SR AL R U B HE A5 25 1. R
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i H AR G N A

T 3 R B I LR SE RC P, AR SCHEAT T 5L R S S
A S, DL AR I Rl Ty 2 IR Ah, AR SCTE AR
HEAZ SURG R I BERE ., PAZh 25 2 Be AL R 1 S8 A8 06 45
KRB T Ak, — e R LR T AR SRR AR R
7 (1) 1) . GIFFNet 7€ > E 4 45 4 Volleyball 5
Collective Activity b SEHL T &k BE B REAA S 301H 1,
Horh 250 RUERA 43 18 93.8% 96.1%, K T34k
WHRE 7 N 93.9% . 95.8%. [AIIf, GIFF # bl %
bottleneck 184 (¥ AR BEAK T 1R B, (HS 4 E K
SRR, FEARSKIWE 7T, 1055 F8 SO0 B 4% =40 (B
AT R PR 25 A5

SE Rk
Fai, EAR, B L. MU ARAT AR SRR . A2
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