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Abstract

Computer capability of human action recognition is on the basis that the model can make and
inference-based inductive predictions on human actions using video action reasoning of the current activity
status. Human action recognition can be widely applied in several fields such as security, entertainment,
and facilitation. The research in this field is changing rapidly. In this review article, research information
on human action recognition using deep learning techniques will be gathered. State-of-the-art techniques
will be further applied in various fields and across industries. The review article presents challenges in
action recognition, researcher problems, techniques, research methodology algorithm along with research

limitations.
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(Classify) e19aviluAvramisuitdndsy vlimsuiivde
fanuddnydosuazidnunusnniivlinanlunsteus
i wagvilissAvsnmanadld

INNTATIRNUIILNTIIINTN TV WE
MENTSEEUITEN Swmemaliaszvten Jedin
YeaudarNguLad wud1 uenanagldluauiinnig
nsgivesuywduad a1uisailuussyndldiuau
Afdnvgidunaideilos (Time-series) n3oddiu
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Spatial stream ConvNet

convi || conv2 || conv3 || convé4 || conv5 || fullé full? oftmax|
TXTx96 ||5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. norm. pool 2x2
single frame  |Pool 2x2 || pool 2x2 class
score
. Temporal stream ConvNet AL
- conv2 || conv3 (| conv4 || conv5 || fullé full? oftmax|
5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
- . ||pool 2x2 pool 2x2
multi-frame pool 2x2

optical flow

U 1 anilnenssuuuy Two Stream [6]

\ea (Sound) el (Record) lngldmatianisadin
ANy wWu Aeuligiu lalwes (Convolutional Layer)
Fudunszuiunsatnaudnuuzvestoyasenuuuy
anluidd lngyinsduaesiua (Kemel) winsnafiu 1

1

Tuvihnsauaviang (Matrix Multiplication) fudeyaiil
Snvafuonsefiinansfia (Multi-dimensional Array)
uenaniissdiyada inwwes (Pooling Layer) flaninsaan
yundeyaasld nadnéildfe audnvardusiumy
Mndayadvegluzuvesinmes (Vector) visowmindg
Fathluldudmi

2) ms¥msnsevivimihdiaiistueadiviiune
Label %38 Class 911 Feature Ingldinatian1siSeuives
\3e9dns 1w Tasaneuszamifien (Neural Network)
Funasnnmasiuntu (Support Vector Machine) 5o
21891ULU8 (Bayesian Network)

TudusornieAuneifefussuszneuesms
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lnzuideiinalalu wa. 2558-2562 N9y
UsgaivIng

2.1 amﬂmﬂniimm’i’ﬂun'ﬁj’;ﬁ'\n'ﬁnszﬁﬂ (Architecture

in Action Recognition)
waﬁwﬁ‘f\]1ﬂa’mLLﬂJﬂﬁuifﬁTﬂgﬂnﬂwmumimﬁﬁ%a

\Fo9 viSeduwaLlin (The ImageNet Large Scale Visual

Recognition Challenge) vilvin3durilanaulalunns
Sauilﬁ?ﬁﬁﬂmm%u luen1snisidnmsnsgyhinigi
n13leuiWeanuUszendly Tuefnneu w.a. 2557
UnIdevinsiteuiiledndnnisaunisidnnisnsevia
Tneldiaseeansuiien (Single Stream Network) &4
Wunisly 1 m'%asdwﬁﬁﬂauhq%wma Layer wayld
walalunsInnsHIIagLUY Wy

1) FaLAawsu (Single Frame) Ao msfivszanana
Naz 1 sy

2) lan#tu (Late Fusion) A9 msUszaaanail 2
awls Wy Usssnanaimsuitiuazyhemsuvedidle
1014 2 Architecture 7 Share Parameters Sy

3) 13Tty (Early Fusion) fie n1sUszananadi
49UDIUNTY

4) alaidu (Slow Fusion) A nisUszanana
Fiavoansy LLasﬁmssam%@;ﬂaﬁmmsamwmLvﬁaszha

Tu w.A. 2557 Simonyan wag Zisserman [6] i)
1@ Two-Stream Convolutional Networks d15Usu

n1333nn13n58vE3T8duwIAndINITLEN Training

v
= o

Joyadnvaz@siiuiidudeyanisinfeulmlinadng

fuNTu s lvayatig

Y

Ao doyadflen wd RGB (RGB-video) iy Spatial

2 WUU AagUn 1 wuuin 1

Stream WUUT 2 #a 3nteninnisiaaeulmdiniu
Temporal Stream 3N Training Toyauentiu 2 Stream
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nadnsAenunadureusay Class wagidonwadws
anTneINALILLLAY 2 Stream

sATeTuilthiaue Architecture Tnsflunasvi
Ms3annsnsgsi Jeseundugiudmivilusesen
TuanAdedy wilidedriaiidesmuiunindalents
\ndoulmneudiniunn Dataset

neAdenazinaiadiiudugiudusuiam
Tunaneaw3deimunisidnnisnseyih lu we. 2558-
2562

ATElumsSinnsnsehildnnsSeusidedn
wisoeanilu 3 nqueee ldun 1) Multiple Streams
2) Space-time wag 3) Specific Propose TneiENRn
gy Multiple Streams

2.2 dadwia dnsu (Multiple Streams)

Adelunguil 1 Multiples Stream 1Hungudl
AOYDALUIANNIAIN Two-streams Architectures lng
Wang uazaniz [7] Yuaue Architecture tnsi doin
Temporal Segment Network Tu w.a. 2559 Tneidei
dAaduitousledymenudenloduszezen (Long
Term Dependency) tiesannluanidseluefinnou
Training drusnnuvsthawedinlowdudasdu (Short
Snippet) Tag Training way Prediction lUfiazaae 3
nsnszviunstssiandedddnailunisfiezuenledn
\Wumsnsgiila Wy mslamzgnilmuea msudstoya
\Ju Short Snippet vl Model andaya Long Term
Dependency U

Feichtenhofer uazamg [8] dnausuideluy
WA, 2559 fin3swauUsEanSaimues Two Stream
Architecture lngAunud1 NsTINAMENEMEIaIToYA
Baiui u,awﬁaaﬂamsm%uimﬁwé’wﬁu (Fusion
Technique) ﬁﬂﬁﬂizﬁw%quﬁuﬁ 75n13 Fusion
fidnwioma 5 wuu TduA nsidusuusan (Sum
Fusion) ms#hduwuuengegn (Max Fusion) msiidu
wuuAanaeiy (Concatenate Fusion) n1sHatu

wuuludifles (Bilinear Fusion) wagn1siatulLuy
Aowlagdiu (Conv Fusion) 53afisnwinis Fusion 71 Layer
#1971 29NN Fusion Spatial wag Temporal 11928
fiu vl Architecture Tnsianunsann Spatiotemporal
Features ¢ wavnan15@nwmuin n1s Fusion 7 Last
Convolution W Convolution Layer §i 5 9wHaT
Fusion WuU Sum uwag Convolution TUse@nsnmn
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Girdhar tagaue [9] wutynin nsnseituieeens
Dunisnszvhitugiudmsunisnsgydu wu n1sd
urafiauea fnsnssviifiugiufe nnAuudeds 3
wuweldlunsidunavea viefwwindu Feats
AMUEUEU warViliUTEaVEAIN Model anas Uil
Tuefeld Late Fusion Wi Average Fusion @il
ﬂixﬁw%mwammlﬁamaﬂmmﬁ wwsrzuaazisule
Action Classes fiviannviang i 3n3aTesdeniu isu A
1§ panan1sie wisu B I panan1sBevianiauea an
Yeym919iu Rohit Girdhar Wnia@us ActionVLAD Tu
W 2560 Fuduiawesius (Aggregation Layer)
FwthiiuTusu Spatial-Temporal Features Lsiay
wisa lfniiedale uenanil Girdhar lémeassmsiiu
53U ActionVLAD i Layer #eifu wazn1s Fusion
Technique W#azUseLnn W1 Concatenate Fusion Late
Fusion wag Early Fusion HanN15A80INUI1 N30T
Features 910 Last Convolution Wag Late Fusion 11
Uiz%m%mwﬁﬁﬁqm wiatia ActionVLAD vine1uad ey
Convolution Layer @w1sathlUlgiu Architecture
3uld wazidu End-to-end Training

Tuaagifeniu Carreiray way Zisserman [10]
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Tag Joao Carreiray woaiiiuindoyaluinaiiiiunis
Training U Dataset 8u (Pretrain) @1a15nv28lsf
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o
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doya Pretrain Model 71 Train Tngldnaulgdu 20 1
Tifiumeuligdu 3D semaliavene (nflated) Filters
waziSenaandnenssuidn Two-Stream Inflated 3D
ConvNet %38 13D

mAelunguilldnmnandeulmiusunmes
Temporal Features %ﬂﬁﬂiﬁﬂizauﬁmm Computation
Cost gauaglianmnsnthlUlduuunassa (Real Time) 10
onyadeyatvunalvg 1ndeymdedu Zhu wavauy
[11] thiawe MotionNet Tu w.e. 2561 \iieuddaym
Computation Cost Ine@31e Deep Learning Model
dusuadrenmnisindoulmtunldidu Temporal
Features dwsumsiinnisnsevi TneFusu Training
Motionnet dwiuasanmnsindeulms Tng Suma
Wuguam 2 wisy fndu shuenmnnsiadeuln
pan1n Ing Motionnet asnsavinnulasinga uaylides
wivdeyanmluneufinmesvililidensineins it
annsoviauldtvantnenssufivainvane

Tutienriufiu Motionnet Unidednnaulafny1is
utleyu1 Computation Cost gaan1sLAdewlvn §1 Gao
wazay Iduesiniswdeulm Ju Features fiddty
TUATLYNAMULANANYDINITNTEI AL NITAS AN
nswnaeulmiuldinaiwas Computation Cost ¢t
Gao uazanue [12] lnenenuudludamillag @313 Model
714 Encoder-decoder Architecture Tunsa$1anmn
nsiadeulnituun ImaL'%ﬂuimﬂiﬁiaﬁlﬁmﬁmﬁ
waeulm warld Temporal Model H lunnsadrenn
nsiedeulmitunununisidninnisiedeulninge
HadNSALEVINAS Training anusavildsingaunn
Bt u,aﬂuﬂia‘jﬁmsmw‘huu%;ﬂaﬁhjmawﬂu Train
Dataset (Unseen Dataset) Temporal Model §4a11130
Iuseansnngeeg wenanianunsauldsauiu
aondnenssuduld

nauidediiiuunlungy Multiple Stream
WU Two Stream 19M13 Train oya 2 wuu loun
RGB disu Spatial waznsiadeuldmsu Temporal

warliuszanSnnigs uslidedniinde Computational
Cost g4 AnM1sasnImnIsiadoulm duilvlidym
Taanansailulduuunaiaiads

2.3 alalnd (Space-time)

$uidolunguil 2 Space-time 1Huuide
ﬁi%muhq%u 3D Fudumadafiimuiuiein
Aouligtu 2D lasannsnainnuanuazuuy 3 SAla
aAtelunguiithaoulgdu 30 inldlumsudltiom
n1333nN13nsedin lag Tran wazaAny [13] Ynaus
3D Convolutional Networks Tu w.a. 2558 lagin
Aauligdu 3D uldainAmdnume Spatial uag
Temporal Wiaufiu wazBonanlnenssuiiin €30

flaustin meuligtu 3D ansnsavndeya Spatial uay
Temporal lunSourule uadsuszautlymn Long Term
Dependency \losan tran W Batchsize wwnidn
ety Diba wazaasy [14] lu we. 2560 tileweann
GoogleNet fifinnsm Feature Tngld Kernel Size il
yumsnafusldmdeya Temporal Ssanunsadudoya
Ieluszoziu nans Waudiaheteyals saudiaszendly
foya Pretrain 2D inldidurudiasiu vide Weight 1
frumauligdu 3D wazBenannenssuiii Temporal
3D ConvNet (T3D)

Sndunils Zhou wazmmy [15] fuudndn
AoulIgtu 3D fiusravsamddliiduiinela dnfieuiu
Usgansnmuesaauligdu 2D o Zhou Feuiuaue
wfindnsnaudeya Aeuligdu 2D wag 3D W1
ﬁasJﬁ’uvasLﬁlﬁUizﬁw%quﬁulﬁ Zhou Weinsld
Aouligdu 3D uuU Layer Wey uazil Depth eyl
HafnI1mewuligdu 2D via1e Layer uag Zhou Fadle
an1Ununssua1 Mixed Convolutional Tube (MiCT)
uaztauslu w.ea. 2561

neAdediiualungs Space-time wuin
Aouligdu 3D awnsadudeya Spatial uaz Temporal

o v A

wieuiuls uefivedninAe Computational Cost g4
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010 Kernel Size, Depth Miflvwnlvey wagluuiensd

ARl Long Term Dependency

2.4 337lan1zanza3 (Specific Purpose)

sATelunguil 3 Wiawzazas 1Huauide
ﬁi%%%ﬂWiLawwiumiLL?ﬂmﬂmmmiié’ﬂmiﬂigﬁw
W 101517 Recurrent Layer @ RNN, LSTM 39
GRU 114331 Action sequence w3an1sasistaya
Temporal JUKUUAY uenwdeannsiadeulm u3e
auiﬁﬂugﬂLLUU%@;ﬂaﬁ@mf‘i’waqmiifﬁﬂmiﬂizﬁw

Donahue wazAmy [16] Uaus Long-term
Recurrent Convolutional Networks (LRCN) T w.¢1. 2559
Fa.8un1511 Recurrent Neural Network unld
Donahue HW12ANT1 A5 Training WUU End-to-end
lngldmauligiu lunsannaudnune Spatial uaz
Recurrent Layer lun1sinafinnmuanuyuey lagds
nsiduisfainsodludszgndldlddenans
#1897 WU N1939nN13NTEYIN NSTUAM viSe Video
Description

Wang waganiz [17] 4o¢31 Architecture 71w
Iuaamlﬁusﬁ'aaﬂa Temporal %38 Context i Stage e
Tnafu Fully Connect M’%@Iﬁi’fﬁaaﬂaﬂﬁl,ﬂﬁauiml,mu
doya Temporal Favliiteym Computation Cost
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