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Abstract

Action detection technology, in which an algorithm observes the entire video and then automati-
cally identifies the type of action that occurs in it and the start and end times, is used in robotics,
smart homes, urban security and other areas. However, in real life, many scenarios require feed-
back when certain events first occur, which requires detection algorithms to receive video infor-
mation in an online format. Traditional action detection algorithms are ineffective because of in-
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complete observation information. Based on the current state of research in online action detec-
tion algorithms, this paper provides an overview of the mainstream methods currently used for
online detection and summarises the challenges that current research will encounter.
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Figure 1. Online action detection task
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TELRANVERL I 5 v WA R B R TG B0y N 2R S TR PP N 248 J7 7 f1 34 T Transformer [4]77
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AR SR, 7R b T ok, S 4 AN, HILT TRN [5] (Temporal Recurrent Networks), IDN [6]
(Information Discrimination Network) 5 58 , %A A1 DL RNN R 8Efili, /£ F 3O HF N4, BEE 2017
Transformer [4] 5 XA H AR N3 BIEAE S5, TR U, JCH AU, BT HE T 7o
Transformer [4]HEZR 34, 1R ZAAAT A% 7Y 34) DA Transformer [4]1F 3EAE, € 2020 £ /5 HHBL T OadTR [7]
(online action detection with transformers), LSTR [8], Colar [9]%:#5 7 . FHELH L RNN Ryt %%
BRI Rens R IA /B R

B 1l 5e DL RR 32 B 3 R A, I8 S BT AN SR AR 1 AR BE . Hyunjun Eun %8 ACKH CNN
BEATHFAESREL, 42— Fh 20 147 B (R e [A) S i WX 4% TEN [10]. TEN [10] #2485 — AN JERIE Il ZrAH 55 R
AR5y, LAk Sl 5015 2 5 i E AR o, AT g4 15 A K 8. TFN [10]4E
THUMOS-14 [ 111 TVSeries [3 4454 F#BRIH R 4FHRI .

HATE LN ER I S, JESCLRIRIR IR Z . A SRR T, ARIRBUHE G SCHR . X TR IUHTE 55,
BB AT, FREE 200 ASCRET AN 2016 F 245 1 BAR AR LE BN AEAL I 1B 8 AN H
£, RHMESSME SRR K R JT Il 1 54 .

2. EEMERNEZ

HHl D& K RINA RELIMERN P FIEIARIB L, KECENIHK R FFERE 7] 5 N LR
W 2% AR ZERE AN L Transformer [4)1E2EAEPIZR, NG EN AR AR, i HARshs .

2.1. BT ERMENE S E

PEFR 22 M 2% ( Recurrent Neural Network, RNN)& 57~ 20 40 80 FAAHEH, H T4 741 %dE . BE
BRI CIRE, LT LSTM [12], GRU [13]5#34k. WFARRUIEN TR BMmEHL T, DIMEHmhe
R 28 Sy Tt D D) 28 255 AT T G5 1) A e S R AT AR TR 45

FLAE 2012 4F Hoai 55 A\[14](8 C 242 tHAE LSRRI ) AU S, H i T 28 PR, i 7 &R
HBE L, B RRA NAE BE B RN B A BOATR IR 4 28 . R IX R T SR g,
HBEEIFARUELRMIEIER . Geest 5 A[3]1E 2016 F o XSS HELIERN, a0 T HIEE
TVSeries, %A EEANELE. BE/E Li A58 ORI 17 BCE 40 2K 1A 76 A 4 22 1 45 (Joint
Classification-Regression Recurrent Neural Network), PAERBIE 7 514 FE AN 28 A7 51 sl AR Al i 7,
AR NRE Z2E BAE NN, ME R EACRH LSTM [12], K37 5 S ERRZE 7 FEFN T 46 25 F (]
T [FP 3T, SCH R AT OAD #iR4E, H TR MELIERN TAE. 2018 45, Geest %5 A[16]42
H PO S I R 2%, X AR A [A] I TR ASE 20 T AR ER . 2019 4F Xu S5 A[S]H2H TRN [5], fESLZ 1A
FELBERTIAAE: T Z SR 1 L5 B, 2 AT G T Zh VR 15 e THR R IX — I R 520, TRN
[S1E e TMBE B ARG S, REHHSWNNE RS, NInSEIH 4aish{E. 2020 4£ EUN 5 A 42
Hi IDN [6], IDNJ&7E GRU [13)5:Ah bi—FidhfE, FEEXTIEERAMNGEE, HHEE Y3/
PERIE 2 B EAMANGE R, XFERRIC 7 8 A B E BT 2021 4 Wang 55 A[17]% 1Y
T A PR B () A ABE 7 Vi ——INF (ALY ISP TAD G AR 3 VP 22 D 4 RIS ]y i T B R 3R AT 1 B U SEIE,  fiR
TEATELER I B R . FIRRE TH T 6 FHRABRSEA, Hn 7S 2 A1) B AME, %
SIS T Yk E G DCC MEERT M-NL 8¢ LSTM RS, BFEUGE T/MARA ., Kim
S N[1812 T Pl R >k LA SE 4 #0124 BT sh AR 1X — VAR SR b, S0 vt 1 B ] P 9 28 SR B 4 i I £F 2 3h R
R4 55 . 2022 4F, Sunah Min %5 \[19]. 4/ LSTM 5| A {5 S w2 H00 IEU, #2715 K s fEM % IEN,
I IEU B IS S8 P £ 0. Bst S, (A5 Y EiE BAHC RIS B A B nIRE, A R
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SR TR o

BHIRE, DAMEIR AR W AVE SR AL, A0 2 T OREE T AU 1, BEm% 8 4 AR J=3 350 i
ZIEHIR R o SRTT SEPR b ik 2 St & SR nT REAEE R HISEM . WMOZ RO VEBUSTE T SRS R K S S
WS w2 RIS &R, HAERH B BTN HR 25 5 i s i R AR, BI H A B R T iR 5 B & 45
AR
2.2. EF Transformer 753%

Transformer [4]F 2017 E32H, FITMARNLASRIIR AT 55 o T SL ARk 22 T+ SEH LA 0B 8L SR L
{ENFEA . Transformer [4]FAZ 0 AE T RAH T HIERE WL, AR FI P AN E L E,

544 Transformer [4]FH TR SNER I T OadTR [7], T 2021 4F Wang 55 A #& i . B4 AR
HIHTIE TRN [5138400, 3552 Aok ASE Sf dr il A i zh o FH T~ 2840 h Bl AT 4N, AEHERR I B2
AT LA RNN JgRREAREAY . Xu 25 A 8132 LSTR [8], i K I A T AZ SR R S, Rz &
R FH AR T ] 8 1 SR A KRB T3 S A S A 17 753 B KH R AIE , AR B 0] B 1149 31 50 iR 40 AIE - 2022
AR FR UL EEAE N [20]42 tH—Fh B T AN 1 1O AE R B VR A U I 7 3 2 00, 8 i N v SRS A Tl () AN s
HIR T332 I BUE, i N AT R IE 5 B A AR S AT i) 500 4 o 4 38K 05 143 79 S AT TRN [5], OadTR
[7], FTLSTR[8], Z5HFHH{E THUMOS-14 [11], TVSeries [3]F1 HDD [21%di F ¥4 & 7R RE .
M T TEAE U2 B S5 N AN (R 50 48 T 3R BB APz A BE /. Yang S5 A [9]#&H Colar, B X
FEAE S SRR I H 45 F 20 A B 2 B L, 4 g SR LA Y451 48 2 22 1 il AT SR A5 A A 5%
7, [E I 20 A I S AR R SR AL AN 8 . Chen 25 A [22]42H1 T GateHub (gated history unit with
background suppression), 5% | Transformer F1 RNN, S8R [F] i) B4 1 0K 8] 45 2 @ AR RE ) Ak
PAE B TS MEE ). BRI, GateHub IEEH T ARKIGSR FaH, @05 201 mT F B o i 5 1
SRS Bk $RH T A7 E 5 T 11858 F = 0L (position-guided gated cross-attention), HR4f Tl 24
HIT A5 B SR G SR s B 7 P S AE R I N T S AMh) H AR eR L, PR iRk sl /E Wi v] 5E
P,

Sk E, UL Transformer [4]1ENZEREMIBIAL, 45 J BRI T LAIG IR0 2 X 4 Sy SE itk R A7
Transformer [4]REREIRIF KT I Ak dfioe R, HAEEEE R, EELHOIE T ILRFRIUREHFIE KX &, A
BT RN, TENBIEER. b b, G el SREURIE A A B 16 560 8 Bl Al A4 0 2 1 A —
IR T IT 1)

3. BURESHERR
3.1. #iEsk
i P S TR e s R DA 55 SR AR 02 1

Table 1. Dataset introduction

= 1. BEE
VEIES BRI RN Hm AR
THUMOS’ 14 EiFskbr 20 WZREEN UCF101 T4, BAFSERMMIASEIL 2584 4Nsf
TVSeries FALAE i 30 6 M H, it 16 /AN
ActivityNet Youtube 200 15,000 MRS, 3Lt 200 /N
OAD AT SEBR 10 59 KM, it 216 4r4h
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THUMOS’14 [11]FEHELATEZ R ARSMEL R, HLEE 20 29, & H T3 /ER M BER
fE5%% . WZREELL UCF101 [23]0200, XRMSM 1 5%, A8 13,320 Defl, IR uFgE At de R pk
B, AR SEE, WE RS 1010 A1 1574 Asefil. BATTER B VGG [2411ERHE TR BUS 14
TN o

TVSeries [3 15045 F 2 T TAAE R, BUREILES 6 MTH, BN HERKECH 150 4340,
it 16 /N RS PARSE LN 30 B, F AR T AMETF ARG SR ), B AR SRS A
%\ ATHE XIS Z R HA R YRS o] BELEIS 8] 122 X, M A0 S v 5 A e K

ActivityNet [25150#5 5 T Youtube, /& H #7 5 K B T sh ER R4 . R 43565 15,000 ML,
200 /N, o 2/3 FHF ISR, BEANEEEER N 200 DMEIERRZE .

OAD [16]8¥E 8 B IR FEFEAE RN TERTIAT S B th, BB F Bl R E R W AR, SuRGEa s
10 NMEERA, SLit 216 2r8h . AT AN BN AR I [R] DL K 2503 1] [50] o BF 5] 20 A ] o 1, 85
ZIEREEY 7
3.2. WiERR

FBER I FEARAH I, A FIBE TR EZER FH R ARG AP, mAP, cAP, mcAP. TEZBNER I
B MG RN O BIIARAS, S SN AP tHE T (1), (2):

P
TP+ FP

ZPrec(k)Xl(k)
= S TP
Hod 48 ke WONE ERIR, ()N 1. TP FREIERIEE, FP R EIESEE.
mAP F&Xf A A AP fi—AF, it HE AL @3).
2 AP(m)

AP =2 3
m v €)

Prec =

(1)

AP

)

Horb M NN HE
T IEBIRI G A BTN, PR RN AP tHE 4R . BATARARA cAP, ik LR, H5EA
Aan(4), (5):
TP

cPrec=—— “)
TP+E
w
ZcPrec(k)x I(k)
cAP =k S7P (%)

Hordr w R I A A%z 18] 1 B AR
mcAP N E KA cAP W FH41E, 1HEARW=(6).
ZcAP(m)

AP=1 6
me m (6)

3.3. EREER

AN EE A A AE THUMOS 14 Al TVSeries PN IE S F 32 B3RO .

DOI: 10.12677/csa.2023.133062 630 THEAURF 5 R


https://doi.org/10.12677/csa.2023.133062

R 5

ik THUMOS 14 |, K2 A1) 2% TSN (Temporal Segment Networks )i 45 4iF il
B, ERHE I 2R e B AE AN [F] 70 A ActivityNet A1 Kineticso £EZRENVER AR 2R U042 2 Fiaw

Table 2. Dataset THUMOS’ 14 online motion detection effect (mAP)
= 2. WHESE THUMOS 14 FELL NI MBI (mAP)

T A2 F TR ZRAFAE mAP Ay
CDC [26] 444 2017
RED [27] 453 2017
FATS [18] 51.6 2021
IDN [6] 50.0 2020
LAP [28] 533 2020
TEN [10] ActivityNet 55.7 2021
0adTR [7] 58.3 2021
Colar [9] 594 2022
LFB [29] 61.6 2019
LSTR [8] 65.3 2021
FATS [18] 59.0 2021
IDN [6] 60.3 2020
TRN [5] 62.1 2019
PKD [30] 64.5 2020
WOAD [31] Kinetics 67.1 2021
LFB [29] 64.8 2019
0adTR [7] 652 2021
Colar [9] 66.9 2022
LSTR [8] 69.5 2021
GateHub [22] 70.7 2022

i 4 TVSeries b, AT s S 0L AR T 25 1 BERFAE AN [F] 44 ActivityNet 1 Kinetics,
AR [R] B B EAN R UL L S AE LS EAR I . AEZR BRI R AR 56 3 B o

Table 3. Dataset TV Series online motion detection effect (mcAP)

Fz 3. BUREE TVSeries TELIMER MR (mcAP)

R LA

BRLERR  WUNAHRE  0vee  10%~ 20%~ 30%~ 40%~ 50%~ 60%~ 70%~ 80%~ 90%~
10%  20% 30% 40%  50% 60% 70%  80%  90% 100%

TRN [5] 78.8 79.6 80.4 81.0 81.6 81.9 82.3 82.7 82.9 83.3

IDN [6] 80.6 81.1 81.9 823 82.6 82.8 82.6 82.9 83.0 83.9

TFN [10] 83.1 84.4 854 85.8 87.1 88.4 87.6 87.0 86.7 85.6
ActivityNet

OadTR [7] 79.5 83.9 86.4 85.4 86.4 87.9 87.3 87.3 85.9 84.6

Colar [9] 80.2 84.4 87.1 85.8 86.9 88.5 88.1 87.7 86.6 85.1

LSTR [8] 83.6 85.0 86.3 87.0 87.8 88.5 88.6 88.9 89.0 88.9
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Continued

IDN [6] 81.7 81.9 83.1 82.9 83.2 83.2 83.2 83.0 83.3 86.6
PKD [30] 82.1 83.5 86.1 87.2 88.3 88.4 89.0 88.7 88.9 87.7
OadTR [7] o 81.2 84.9 87.4 87.7 88.2 89.9 88.9 88.8 87.6 86.7
Colar [9] Kinetics 823 85.7 88.6 88.7 88.8 91.2 89.6 89.9 88.6 87.3
LSTR [8] 84.4 85.6 87.2 87.8 88.8 89.4 89.6 89.9 90.0 90.1
GateHub [22] 84.5 87.6 89.5 90.0 90.2 91.0 91.3 91.3 91.3 90.7

4. GERVE

BEAERIE S I AW R R, R AR Ok 2 WS V) A 5 SERR R U7 1), ARG E Rl v] T VF 2 38 1
FIRLA s N . 2 B 2HL 28 AARSS . ADAS (Advanced Driver Assistance System). 14 5 2255/ #r fl 28
ITRES RET. SR, 1988 TEIIKPFABR S, B ikl Sk R 78 500 I 18] P9 A0 FEAH 4 1) 2
P o

5 — R BT W) B R SRR AN E], AEZe SRR I R SR 73 a1, VF 2 RBE E g R A
DRI, FESBN AR R il )Pk A T AR 8 AN A5 B PR AN W, 3 h 22 3R 3R G AR i 110 40 7 g A R %2
132].

XA (8] 7 20 AR, 7R R AR A R AEAR B Z BT, SRATE S ML, (HAIEH A
LR RE, HALSAET R B KRS MU S W A Se 5 0 &R, PR¥E TR 1 (AR
FOS, B SRV ZRIN AEAERR BT SRR LR NE ) R, LRGN & X 28 R A BT R AZ AR R, ek
2 JR vk SUE S, X fd45 5L Aot et Bt e sz, A, SR B R S 2 I R SRR A .
BE# Transformer [4)ZEA7TE H TRV EARIE S RS, EFSAUILRE R, 1R 2 J7 18 (KA 7Y 45 %
Transformer [4]/F EEAl . RANZAI AAE T REFIR S RE S, XTTahfERl, 7] LUK FIRAT x4
HUAT A2, () B 2 P A G PP 2 P 2 PR 22 o (EZZE R R s 7E T Transformer [4]FCRIFIKFE T
SRR E R, RN AY TE R IR AR B i (8] 9K &R o

H A o8 7128 NBUR BURE IS BUF RS, (B RS RSRTI A, BUF 4 mU Rz R

HIEE:
D) JFARVEHTE, S TIsebrAg, WUMES AR sdEse, Mir A 8 A, £6 5 2 afF LA
o

2) EUZRd R il SR AR R, DL AT A S &, 1% 2 — MBS B )
W2 H Al B VAR T T .

3) TELBNAERTIN IR e ar I e SIS 1 1] 7, G AT 7 7 0 AN W AR I AT = T B, IR T
ARAEA VR HL ) — S

4) BAFE S AN e I8 (3 SRR [ A T e G — R i TR, R AEAN RN 2 [/
F, TRME AL [32].
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