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A review of research on action recognition methods in sports video
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Abstract: With the successful hosting of many international sports events in China and the emergence of Internet short video
platforms, video data is exploding and sports are getting more and more attention. Action recognition in sports video has become a
hot topic in computer vision research. This paper reviews the existing applications and research methods of action recognition
technology in sports video, and the first part of this paper reviews the current situation of action recognition applications in sports
events in recent years, and summarizes them as auxiliary penalty, highlight action collection, and automatic sports news generation.
The second part summarizes the data sets related to sports video action recognition. The third part reviews the implementation
methods of action recognition in sports video in recent years, summarizes them as traditional manual feature—based algorithms and
deep learning—based algorithms, and the deep learning—based algorithms are categorized as 2D model-based, 3D model -based,
two—stream/ multi—stream model-based, and Transformer model-based, and summarizes the advantages and disadvantages of each
model. The final part discusses the difficulties and challenges of sports video action recognition.
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Kinetics—400 % 4fs 5 1 #E47 BUJI 25, K B0 25 79 %L
PEHEAT ORI S 7E UCF101 B4 IR T 97.9% 11
HERA S, 1E Kinetics —400 KUl 4E 1R T 74.2%
HERRR . FOAUTE TARUER] T 7E U s VR IR BT 55
7 BRI A B AR T AT PO 25, S B B4/
BRI A — L 240 B RO | BRI R+
AR S

HIEH TN N x N ) AR - RN
N x N x N B =A% AT DU R0 2% rhm] 2 2] (Y
SR AR R R A (HiX 2 8
TR E ARSI, A WA KR . Sy T 26
AR A, SCHR [ 65 ] 32 ) — > 3D (Pseudo 3D,
P3D) 2% Horf 3D RSN 2D H R 1D
FUTAE: . [RIAE, SCHRL 66 1055 T AN [A] 44 R 2544
(2D 3D F1(2+1)D) , K IEHEEF KNI 1 x N x
N 12D BEREGEBAAPHR T x 1 x 11 1D HH
BB, il U (9 1 BB AL T AR R 454 . T
S3D"T U SLH 13D T ER A3 3D JiE SRR 2D
RS, LSE M RE AT B S A B . 2R, SCHk
(68 H2 1 T —ZHFR N =415 16 73 % M 45 ( Channel
Separated Networks, CSN) , % ¥ 2& b it — 25 il /D 7%
ST (Floating Point Operations, FLOPs) , CSN
BBIPRIT TR AR TR 3 4 BRI 22 75 3k i A [R] 4
o HPREW], CSN AHPERELL 3D CNNs 47152,
H FLOPs 247 3D CNNs [ =432 —,

SR, H B FAZ N 2D 97 e 2 3D sk it 5y
JSCAR 3G i — A K g, BRI T K S B . SCRiR
(69 ] #& i 7 — 0 {5 57 A % J5 ¥ STM
( SpatioTemporal and Motion Encoding) /2% | 1] fif
ZEHE SRR AE BB — D — ) 4k CNN AEZL
LA =4 B R0 E

STM' SR H 2 AN B 31 1 25 B4 ( Channel -
wise Spatial Temporal Module, CSTM ) Flifl i& iz #)) 45
Bt (Channel—wise Motion Module, CMM) , Fri CSTM
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KM (2+1) D 5 FE G 25 BRI (B RRAE, T CMM. H
K G R 2 =i R IE PR E R, 5
P3D!®/HI R3D' A 1L, STM FKILH4f,

C3D F H g ALK 2D B AP e 21 i) 45 45k,
RIS 2 S-S5 Y XK [ i) Ak B 2 T
15 B 1T SlowFast' ™ 4 25 R0 B S0 7 4% 43
ALBR T RAF A IR 2 SRR AR AR |

SlowFast' " B 2 Ny AL, — AR AK I 1Y
18533, 53— S R AR A PRI 3, AR Y18 53
SCTENGZ RS 2D B AL TE T2 (1+2) D R
A DL 22 OGS () 1 SUMR R SRR AR A 18 43 32
i it o [R] 28 A0 A 18 1 22 (B RRALE, T PR3 S A g —
JEHEBEH (1+2) D & B Z 4 X 22 3 F B
FAST 73 34 BB 8] A2 AL AR )33 ShARAE , O 1 I
TRIZIBIE 0 52 2 B, 45 R 1 25 ) 3 18 B0 T T 1548
ZIN DTl ) £ A8 A5 52t 200 1% ] s ik T A2 2 T
AT S E I A P T B

LT C3D BB RS, SlowFast H [ H]
27 3D B HS C3D HYSUAKAR, Slow i
TENRJZ M 2D B A, TUZ M (1+2) D B R (S8
BRI AR 3D BRSCR LT ) ; Fast 38 B8 — )2 H
IR (142) D A FR, (I 45 25 2 45 I B 248 32 /)N
AR ST RE b LR B IR R T C3D B Y 2
B S i B /N . I A, SlowFast K18 3 B 1 45
BT PHERL G TE— R, X8 53 3 PR SORTRR
) 3% 4% E"J*‘%'D&‘f‘l’, SlowFast 1£ 2 Flif 17 ) s 7E 1R
BRSSO T e AR

FH T AU SR TR0 B P 28 I 28 AR KRR B |2
1 2D UGS 1T I R R B
B RS i 2 4 B R gk sh i 7> 77 s BAR U e
()bt FE ([) A PR A BT I 1 ) 38 2 B2 v v
B RE (B AN RAE 315 52 A% B N 0 B 2 () Al — A
i, X BEARAE T REA SRR Y

X3D7 B[] | B ] | P8 FE R G JEE DU A T T
T CNNS T T e KRR T 2R RS, I
e I 2 2% AL T H AR AL, 7 Kineties —400 |,
X3D tt SlowFast RILFH 2 . & 79.1% J5479.8%,
8 X3D WS H >, HUNGR e PR R 4, A T
ifF— A5 > X 4 BB FLOPs HO8CRE, SCHk [ 77 ]
P& AE % b 2 I X000 1 B8 Bl 03 1 4% ( Mobile
Video Networks, Movinets) , Movinets F1 W T 2 I~
B AR, 5 — A2 g 45 R (Neural
Architecture Search, NAS )™ H T /& &% #1 4 i%
3DCNN 4544 3 85 — A2 i 28 oh R | N A7 5 AL

DFRRFLRIT )4, SL1F 3DCNNs DL /NI TE E Y
A7 i AR AL B B AU ] T I A 2,
FX 2 A4 R, Movinets HUF 2 X3D 1 20% 11
Flops, Wak13 1 HHIE R THERE

SlowFast' "' F B 5 A [ B[] 43 R A F F
SR, SRR — A~ Bl ) 190 2 7 T A 53
e, DA BRI SR RN I 28 115 T P AT AT 220
T RAEAR ZE R — A L7 T SIAEAS B e
W, M= EAIE T — A sh AR T R
JE AREPOE TR BRI R R B AR R ]
TEHELEAE BT, X3 A [8] 1 2 51l A S B 2 45 a1
MALSE T 22, LU InE B% 18 B AP SN A
e BEAILZ A AH L5 55 Z5 A7 AE W AR [R] A [R] 4
FHER 4% ( Temporal Pyramid Network , TPN) ™%
FH—A>F TR AN R 2 K ) = 4E R Ak 2R T 18] 4
TR, BIMECMTA ] T4 B8 s SRR 5L, R iR ] T
THARYGE SHFAESS . . TPN 7E Kinetics—400 [ 5C
BT SlowFast AH[F I PERE, (H H R AT T — A 2553
o

H TR AU S AT AL, SCHR[ 80 ) Keinh s
S EAE S| A B SlowFast H, & H T TFCNet, X
H R 1] 42 7 455 (TFC Block ) J&— R iz i 28448, 7T
T A (A1 4 N BT A T AR i 38 5 — A FC R G 7
B LASRAS AR 9% 1) Jo 52 BT, 38 i 1 S HE PR BE )
K TRC Heddi A2 SlowFast, 78 ELACHE LR ST
TREE 4 Divingd8 |, M SlowFast £ 5 T 3T 11%,
PERESE 5 3] 88.3% , [FI It 1 Ay LA I 7

AHEE TR 2D S50 AR AY 3R JH 3D 4544
R ARG R O, A LE T 2D BRI TR BT R S
Hom A TR A, X GPU SRR R4 T 5
e 2K
3.2.3  FETIUM/ LA

SCHR[ 81 ] H R Y 1 XU 5 P 48 I 25 (Two
Stream Convolutional Network ) , iz A HA —~25[H]
A TR 25 X 2% ( Spatial Stream ConvNet ) 4337 Fil—
AR B FR N 2% ( Temporal Stream ConvNet ) 5337
LL RGB EGAIAH R G TAE N 2 A0 B R 4
P28 A, 20 1 B IS TR AR AR R () 4540 4R AE
FRRl & 7 I 48 1Y B ) i JH 34 ) 6 AL ( Support
Vector Machine ,SVM) #F47 432, WF 5T Hp 4 H A9 AL
A AE UCF101 Xda 5 EIUR T 88% HYMER &,
USRI T {6l T Rl ) 2 (] O B8 ) A AR 22
P2, (SRR 81 ] 4t A BUUE I 2% 25 4 rh O
TR TR R TR G XA S
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AT RPN, SZIEJE S, SCHR [ 82 ] i 't it A
hy L AR AR AT 1 12 20 O 15 1 T S 3l AR
SPRPIEIS TN B LS, BB B O it it = R 2
ZERE , BT IPERER T RE

SCHRT 83 152 SCHR[ 81 ] 78 4 2 5t Uit A &L (R ot L
YIZR AL B R 28 X 25 g i D) 1 T 2 T8 1Y
SRS A&, W AR 7 3075 J& 1 i (] 4 5
R EdE ., BT 2 M4 (Multi Stream Network
MSN) " MSN J2 1 2 AN BUR 45 2B 22 T 45 R
MMz, A ML A FEE VGG M2 A, fi A
) P 28 v i) 2 H AR MR 23 T AR 2 1) — R 31 i 22
6 i RGB KR, Jf 15 5K 15 H OB it ( Optical Flow
OF ) FLL Y i1 5 B8R X 358 ( Region of Interest,
ROI) . XFZM ML SR 22 2R
] 1 B 1513 25 A Ja) 4 40 B I8 12 M 2% ( Long — Short
Term Menory, LSTM) , LSTM 4% ()% A& B MSN
W2 S Y . X I TAEE MR R Bk A 2
B HYICIRAE I Sl B F A DT 2 k3 1 U1
EE N
LA — 2R 51 e 2 PR A AL, T Y AR 2 02
K RS R ST i e T A R 26 rhy ED0)
TR e AR I T A RARTERE, SCHk[84]
P& T —Fp e FHUY Ak ( Rank Pooling) X RGB
GO A5 I 2 E I AT g B 75 2 10 3 25 8
1%, 1 sh B KL AE N ResNeXt—50 F1 ResNeXt -
101 255 A, BFFE AT, £E UCF101 $0di 48 153
SEE T 95.49%F1 96% I LS .

NG 22 G WL, AN VLGt AE BAE A
MNES M2 LARIE P& 2] 5045 5ok Wiz 2l 1)
s, CHR[8STH#EH T ActionFlowNet 5  IX 72
— MR R R e Tk T R
PRIC B IR 7R . ActionFlowNet #2781 1 432 M J5
IR R VNGRS, FH AR RIS TG, w8 1
HRDEIR A ERFEN . 5 AW BN R 77 vk
FALE, % #4E UCF101 ¥t ERIUE T 83.9%
AR , ZRUR AR A, SCHR[ 86 ] #2HH Motion
—Augmented RGB Stream ( MARS) , MARS fifi /i 3D
ResNet JllZk RGB it , DL OF $#-1E, 1R 54~
Ui, MARS RYPEREDE T H1AY RCB Hil sl .

SCHR[ 87 ] X WU A5 FH D 45 B i A\ | ) 24 235 4 A
YRk EAT T 8% . P T AR B V_Xlé%( Temporal
Segment Networks, TSN) , JiAb T SCRK[ 81 ]2 H A9 XL
ML 78 UCK101 Xdfide EHAT T 94.2% 11048
3.2.4  JETF Transformer fR7Y

1825 F Transformer' ™ TEH %f%%‘&iijﬁ( Natural
Language Processing, NLP ) #5515 1) B K &2y, S
Hk[ 891 IR IEH] CNN, H 4% I BERT HYRBEAIL5H4)
i T 46 Transformer BYZEMELH T VIT A ,IAE
B R 525455 EHUS T E KRB, SE8l 1 151
5 ( Computer Vision, CV) 5 NLP By @l &4 —, i
F37E NLP Ul 2 ) AU RR AT AL 31 CV Sk, fig itk
T CV GUm &, BT Transformer 58K 351 £
BERE T, CV 40U 3 it 1B T P 2% 2 N CNN §%
T Transformer, 3CHL [90 ] #2 1 T VTN ( Video
Transformer Network ) B % B i 3= T 3D CNN
AR SV E MR E T 125, ST T — il i DG T
ARSI IAE BRXS SV EEAT 0 2800 T 1, IR
PAZEE 8 WL R i A i 43— I Ta) 7 25 00 19 i
2 ARMUN 23 R, FEISA T[] 5 T, 5 HAt 2
FHEL, VIN J7 ik AE e B o] PR T 16.1 7%, 3B 17 3
FEP RS T 5.1 %, [FBY7E Kinetics —400 4 4 1 H
137 94.2% KO HERG A . SCHK[ 9142 T VidTr 2
A5 % IR 3D CNN AH L, VidTr REAS i 1 i 5 I
HHRERANZE R, JF U & RS B 4r 1)
PERE, VidTr 75 5 > B4 ISR RT3, 528
TR PERE X W T AEUER] VidTr 57 $8 4K 4 3
IR A A TR o

TEZ WS ERNEE % b, 5T Transformer 1Y
BRI 1 fe St PR BE  (HA AETE 6 V2 A 15 il
TR i)

(1) FRESEHA] 8, Transformer HA 58 K15
HIAAERE T, 75 NLP 45U b | FR A7 51 0 — R 4 1
HEF Y, AR G | PR AR R Z ] I R o =
HERY . 5 CNN P25 b i) ] FRAZOR SR IBURFIE /Y J7
A ,3&F Transformer RIS H BT HRE e — 4k
JE 5 AR, T fe] A R0 kb B EOR i R AR 3 T
— B RIBETE SR,

(2) B AFFIETCAR A, BT Transformer 415
TRURE i APUST it B R 224~ Token A R B RL A%i A
VIT BB b —5K 224x224 43 B0 B R-KE 7™ 196 A~
P Token , 32 4 1) Token F R IE AR AL i) 3155
AR, T AT ASE IR F P v RN 5 5 4 P AR A5 PRI

4 HREFIMER

SIRFE TR A SR U Sk A i A 4R
W TARANER B RS, (ELRE TR0 B AR sl U
ISTFAEVF 2 BRI S XE R
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4.1 HW\EMHESIRE

VER it — W s A S E RN AR T B i
PUR A SR P) 2 — | A A RS 40 Xy Wi R S b T
FIG I L 4 5 R Sl P U B A
SR, VAT AR A A S A 2o 7 v 55 JFL A e FH 7Y
AR Bl V3R i B Ps 48, 40 UCF101, HMDBS1
Knietic400 557768 AR X

(1) RRALRIE, KR ZHAIRT SeFe MMk B T
RGBT LR R B, oh PO R SR SR A | i 2
B AR T R 23 32 B RR

(2) B . BTz g 6 | R E
AT REARTE SR BT B A0 A FE AR R R, FE I
FEhth BTN GRBIRI G ATz AR ) 22

) PREM LM, AT SRR B SR
FE RGBSR, IAEREN VK e ek HERRSE | X s
YEAH L B AT a0 oK ks, B8 S 555
AN B A LA AR, HARE# Lk M REfR K
FEEE b2 AH S Sh VR IR B A AR I AT 55 L
I"
4.2 HEMA

(1) BHEVESIE, WATHI SRR S o)
IR 5 (R 0 G2 02 A~ B AR & A= g s ] (] B 2y 20 s,
SCE A B (B B E) SR, — 7 R e Bk L
FEP BT BRI EE B AT 0.4 s B T4 Y B[R]
B PN A5 B8 R AR AR A LE LU LA 15 5t AR (1
RN i B 2 i sh 4T S — i,
fE e RERiE s 32 3h BB fe s Bk, M TR
Bk IEBK A SR, ek sl 1 2 B AR o A, X X Bl R
PO B ShAE T A2t T s 2ok, Y
B, AR — S H e S gy i T %500 (RS
FUSIETR BT S5 A0 L, R 50 2% 3 2 R i B kg
ATHIIE ST ATG T T 5 33 o B0 AG A 2 S 15047 S — 33
HA PSS Y

(2) IER AR L, AR Bh VR B E 4 AH LT &
GG EE 12 S IRTE RS 18] A7 7625 380G, H AR
YA 032 SRR A R BRUST S 15425 e S A DR A
TUPERE 1) T A — SRR SR X [ S SRR L
PLAFARRE B RATR R E T X 18 SRR AR A7
PR, BRI, BE A VR OISR Y L B, R R 2 1Y
PRE PSR AL A BT ARk, ek AR F B
H RS R S E AT IO . 30 R Is i g VR TR e
PR3- 36, 38, 66, 8L BT R Pk AR, Gn SCik [ 57,
105-106 ] Fri th i | JL-F- AN RE AL 2R Bl L £ i)
FUBALRIREAS , BORSCHR[ 107-109 ] % & T sh7E

FAARAE (AR THZ SR ) TR B A
SEUI SRR AT58R S 80T Rk 2s BN — 2, (45
I IR BN AR AR RE . SCRR[ 110-112 ] 5@ 15t
12 B IR A0 45 R4 RS I B WL R e £ )
A AH XS T AR 32 S R AR T 204~ H bR
LGB, X T 2 AP X5, RTS8 K
fE,

) BHEERKEN G, KRS A
BBV 3 e EL Bk P 1 ) 2 — | AR
BREEE PR R BRI IR, T
A3AT AR R RIAS 349 i 1 ol A5 BE7RY A 7 E R K
IR R B R T IS B R R X AR R
B R T IR R R T R R

5 ZRiE

AR IO R TLAF AT O3 v B sl i Bk
PEAT TR EE i TAE SRS a5
SRR R P B AT AF B AT LA BT
IEIHERRTE R SRR Bk A 5 R 4R
XIS TGRS, (R S I A R T
BV E R 7a 2  HEAT B 2 BRI, e A
B2 4w B AR RS DL, AT I A AT AR 2 —
LA PR AT 55
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