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ABSTRACT

In the field of computer vision, action recognition for video understanding has been studied for a long time.
However, the videos used in action recognition are trimmed videos processed by professionals for well
representing predefined actions. In recent, many people have been able to upload and watch real-world videos
from the development of many media platforms. These platforms also make it easier to collect and access such
untrimmed videos. As a result, for video understanding, research on temporal action detection on untrimmed
videos has been actively studied recently, as well as research on action recognition on trimmed videos. Temporal
action detection can be categorized into offline and online action detection, and many temporal action detection
methods have been proposed in both fields over the last few years. In addition, due to the recent promising
results of deep learning in computer vision, the performance of temporal action detection approaches has been
remarkably improved. In this paper, we introduce deep learning-based temporal action detection methods that

have recently attracted attention.
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window . . ——
-Cascaded structure for three networks -action/non-action classification
-Modifying Faster R-CNN[13] . e
. . . -action classification
-Converting 2D bounding box detection to 1D temporal temporal .
R-C3D[4] . -boundary regression
boundary detection anchor . . P
. . . -action/non-action classification
-Change 2D images to 3D videos for input
-Modeling action temporally by dividing a proposal into . . R
. . . t -act lassificat
SSN[5] start, middle, middle-start, middle-end, and end STIPPe action cassttication P
. . actionness | -action completeness classification
-Learning action completeness
-Modifying Faster R-CNN
-Changing 2D image to 1D video features for input temporal -action classification
TAL-Net[7] |-Modeling various temporal length with multi-tower and anfhor -boundary regression
dilated temporal convolution -action/non-action classification
-Combining features based on a multi-stream structure
-Cascaded structure for coarse pyramidal detection, temporal action classification
PBRNet[17] | refined pyramidal detection, and fine-grained detection P .
. . anchor -boundary regression
-Pyramidal architecture
Using graph convolution networks re-generated -action classification
P-GCN[18] & .g P . . preg -boundary regression
-Modeling relation between temporal action proposals proposals . e
-action completeness classification
-Modifying Faster R-CNN . o .
e . . . -action classification
-Obtaining anchors by using Gaussian operations temporal .
GTAN][19] . . . . -boundary regression
(Gaussian convolution, Gaussian grouping, and anchor . .
. . -action overlap regression
Gaussinan pooling)
-Usi i i f 3D Rol li . .
MSCA-Net[2 smg.varlous sizes © O poo 1_ng . pre-generated | -action classification
-Attention module for the contextual information of .
0] proposals | -boundary regression

various action length
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2.9.4 dsd|u

2% ellA AnE wlEe] THUMOS-14 H|
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°m tloU7} 0.59] 75l PBRNet!'o] 714 =&
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A5 H]

Table 2. Performance comparison of offline action
detection on THUMOS-14[8].

tToU 01 | 02 | 03 | 04 | 05
SCNN[3] 477 | 435 | 363 | 287 | 190
R-C3D[4] 545 | 515 | 44.8 | 356 | 289
SSN[5] 660 | 594 | 51.9 | 410 | 298
TAL-Net[7] 598 | 57.1 | 532 | 485 | 428
PBRNet[17] - - 585 | 546 | 513
P-GCN[18] 69.5 | 678 | 63.6 | 578 | 49.1
GTAN[19] 69.1 | 637 | 57.8 | 472 | 388
MSCA-Net[20] | - - 58.4 - 418
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Table 3. Performance comparison of offline action
detection on ActivityNet-1.3[9].

tloU 0.5 0.75 0.95 Avg.

R-C3D[4] 26.80 - - -

SSNI5] 43.26 28.70 5.63 28.23
TAL-Net[7] 38.23 18.30 1.30 20.22
PBRNet[17] 53.96 34.97 8.98 35.01
P-GCN[18] 48.26 33.16 3.27 31.11
GTAN[19] 52.61 34.14 8.91 35.54
MSCA-Net[20] |30.20 - - -

ghet o] el B s kel Zﬂ%‘&& P-GCNX.
o= 3% k] Al 23S U PBRNet#}

Alele AAE B AF P 20 FRE ¥
Fehe 2aelal g 43 de) 2ol 4g AE
A7 Fole mAdE <) a
R PR AR A
4%, 2Eely ule)eoly] uhie] U8R JuE
Flsjodo} al] BT ARE hFolof 5] o
ool Aedelela W 4 gk

3.1 RED""

Gao S'M& 22l]l % &S fl8l 74} l=H-
t]ZY (RED: Reinforced Encoder-Decoder) H|ES$
35 Akl 21 119 YehRe] RED=
LSTM (Long Short-Term Memory) 7]4k]
Sequence-to-Sequence =3+ 4173 WE$]= (RNN:
Recurrent Neural Network)S 7]HFES. 2 gt} RED2)
] el 2 LT ditet 43 4 10
A1) g Qe why, ar el
o i) HEE of3Uch el o LSTME
TSNPl g ie] g 7b =eqle] SA& AAl ¢
Ho g AMEgcl LSTM E RNN®| & EA4) o
£Al dlolelE & 53 = glvke Ae] gick
t]zellA= RED?] 55 93 A7} A=,
2w 2h v ZH]le] dF IXE] S1gk wat Ql
E 23] &4 (cross entropy loss), H]FH]9] k458 &
7] $13r B4 Al 4 (sequaed loss), 743} L&
P ZAg o) Foixlrh
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2l 11. RED WEY= FH(11]
Fig. 11. RED network architecture[11].
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E57F “0001117°]A “001110”Y f 25 FJ3t
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vlghel s - A F oeEs whEA] Eshs
o] B v Asjo]7] witel] o] & st} 745
EAS A ogel RED:= 9] Al 7HA] 48 3l &
A g o] gste] sl ¥lvk & el 7
3} wES A7 v|ES =3l ED9} REDS B|als}e]
7Fet mEe] faAdS 9tk

3.2 TRN(

TRN-> 2213l o5 Z1=2] siHe] Esbd 455
Z3RIR= Aol 238 239lrh. RED9} Fdsil
Sequence-to-Sequence RNNE- A-5}x]5t, vzl #
HE o|S3le] Al g el A AHHe) oS53
vlg] HRE A AME (29 12).

TRN®| 7+ A (cell)2 Y Zde] 5 Ei7s

A3l wAp AERS] £AS o] g3sle] FEic) w3l

= Azl A7E U&%'-&l v elS53h, 7 vl
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| F3le] skt 54

< o] @A = lﬁoﬂﬁ *E**ﬂ SA43 Agsle o

A AeE ERHshe l o]83kEE vENAIT A
=}

TRN®| 75 &xj71#]e] ARrE o8 vz AHw
= 53, oA53t v AR} A ARE Ais)
o &xle] qE-= AE3taAl spdek A 9iH e
2 oF 4% #Hole] 3A AHE AME-Sh= RED2= H]
2= Al TRNS 48l 163 Zolo] 7] AR S AL
slo] JgAJo] Hojzlrh= Ho] 9tk

Supervision Detection Anticipation

1 :
| . |
| i Previous Methods BG ! U-Turn  U-Turn U-Turn i
¥ 4y twE o thE b
‘rF-FT'FFF
i E X1 X2 X¢ i »x‘tfl 7::.4-2 Er:_-v-ld E
i ‘ i
H G .

t t+1——t+2 t+ L=
T2 12. TRN HlEY= F+3{12]
Fig. 12. TRN network architecture[12].
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3.3 FV-SVM[10]

Geest 5" 2213l % & €l23mE AS A
oksl, ofg] 7|8 V| EY=E A vlwsledc) 7=
HEY=Z Udukdel CNN3 LSTM 7]4F RNN 2]¢]]
X% Fisher vector (FV)!'9¢} SVMS 7]8ko 2 3} vl
< Agksiodrl. s WS WA A%, HOG, HOF,
MBH®| E4-& AxRIt) a8]3 o] o]83)e] FV
= Aiksle] EAlez ARgsi]. olg- 43 one-vs-all
SVM$ o] 83le] Alikglt 548 H5735)e] 2l 3

SVME  FFAA 3T EF AHAeE dx

max-poolingS- E3 & A5 =k

3.4 2S-FNI"

Frame
Tepresentation

P|  Upperstream

Class
Optional

LST™M
. : probabilities
wm::‘ri'[d on kPt sTM™ >
layer

Lower stream
LSTM
E‘—

2] 13. 2S-FN ¥ES= FF[12]
Fig. 13. 2S-FN network architecture[12].

l

B 4. 2= 3 AE i 8ok vl
Table 4. Summary on online action detection methods.

A9 o, ol 2t
[}

3.5.1 Q2

4% b ATk 4709] v, REDMY, TRN™,
FV-SVM!'%, 2S-FN!'7 o] ths] @oksich 7+ v ES)
Feol| we} 7] ololr]e], & A A
sl A=lstsich

3.5.2 Cilo[eAl

22l BE AE ATl o 7l HelE S
A8kt 3 WA dlo]ej Al THUMOS-14812 ¢ =
2hl 5 AEelA Ardsto] Akshes gk

F WA= TVSeries!'? HoJEjAloZ wl= =gjn}
27709 ellF]aER o]Folx glom, AA 1647k
ek s dloe Al 307K Al sl Hal
Aeto] AlgEl) olE 59, £ 7] (pick up), -
7] (open door), 4 (drive), "F]7] (drink) 5]
3t} TVSeries tlo]E] S tlokgl mll$-So) & 2ba
of vhehtar, sige] 7H, miv]e o] B2 <kl wl
7 =, AR @2 A ToR 8 oEw
dlelEle® H7ptar glck

Network Key Idea

Losses

-Sequence-to-Sequence RNN

-action classification (current, future)

RED[11] . . . . -feature regression
-A reinforcement module for detecting action as soon as it happens . .
-reinforcement-based action sequence
-Sequence-to-Sequence RNN action classification (current, future)
. . . . - u , fu
TRN[12] -Using observed past and current information and predicted future

information together

-feature regression

-Using FV[16] and SVM

FV-SVM[10] | -Computing FV using hand-crafted features (HOG, HOF, and| -action classification

MBH)

-LSTM-based two-stream structure

2S-FN[17] -Embedding features from the first LSTM

-Modeling temporal information from the second LSTM

-action classification

1162

www.dbpia.co.kr



AR AE AE A

g

3.5.3 4s®/RIE
=2kl e e e e e 2919
]

mAPE 283} Z#|9] ©k9)e] mAPL] Ak =
T AR o] FoiIc)

2

A WA= 2 35 S5l disl] APE Ak 3
5 3pE Asly, BE =9 &9 dF A5
WAk g Ayt a=la Ze9le] 45 shiy
Z7M A7 APE ALK

AP >, Prec(n)i(n) "
P
A (DA Prec(n)e
. TP(n)
Prec(n) =m0 S5 7P00) @

O 2 AR ne At Al AMEE ZH3]e o)
v, P AAl 3F Zesle] Felch I(n) & AARE
2 2] nol Agolw 12 %% o 002 A
A3}l APE BT B Tl el ARk 3, 7
WA Aol B8 APE Hsled mAPE AR
c}

Geest 5112 mAP7} AlAl| v]sis gz} AlA|
s ZH e A& mEEA] Fiivhs HAE
Z3}32} APHA] cAP (calibrated Average Precision)
S A}l AP 24 AHEE  (calibrated

precision)el] 2] A= tha} 2Eo] Alikdlck

= Aejg,

3654 Astdn

X 5% SollA Adud WHE 2 7 WHES
THUMOS-14 dlo]ejAlle] gk Al%S n|w3c
RGB®} 3t 355 98 ow ARgslol e
7 F2 s HAFErh olF Fdl 5S
-2 e Aol A AHRE I EEsh= o]
T WA =] He Ed ¢ gtk %
TVSeries Hlo]E]Alel] T3k A5 v]ao|}. of
Hof| djsl] A5 vlaE sk 9o, E 9
o4 TRNo] 7F4 =2 A58 HeFa Q). o]
53 THUMOS-14¢°] tigt A3z} Fds}

o
12 o o

1B oo
o réﬂox

¥ 5. THUMOS-14[8] dleJeiAlel thgk 2kl as AE
A bl

Table 5. Performance comparison of online action
detection on THUMOS-14[8].

Input Method mAP
EDJ[11] 43.7

RGB+Flow REDI[11] 453
TRN[12] 472

F 6. TVSeries[10] ®llo]eldlel] gt 224l %5 #HE A
& ¥l

Table 6. Performance comparison of online action
detection on TVSeries[10].

Input Method mcAP
ED[11] 71.0
RGB RED[11] 71.2
2S-FN[17] 72.4
TRN[12] 75.4
Flow FV-SVM[10] 74.3
EDI[11] 78.5
RGB+Flow RED[11] 79.2
TRN[12] 83.7

3 )
& 2] QI S o] Foja Aow oS
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