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Review of Deep Learning-based Action Recognition Algorithms

HE Lei,SHAO Zhan-peng,ZHANG Jian-hua and ZHOU Xiao-long

College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China

Abstract Action recognition is one of the fundamental problems in the field of computer vision. Currently, deep learning-based
method is one of the mainstream methods for action recognition. In the existing researches, the traditional feature extraction
method generally manually designs features that can represent video actions. However, this method usually requires a particular
model to classify features, which cannot achieve high performance in real applications, while the introduction of deep learning
brings a new development direction for action recognition. This paper briefly reviews on the action recognition methods based on
deep learning. Firstly,the research background and significance of action recognition are introduced,and the traditional methods
and deep learning-based methods are surveyed respectively. Then., the model architectures of three algorithms based on deep
learning are classified and introduced, namely Two-Stream network,3DConvNet, CNN-LSTM network. Finally, the common used
public validation datasets are introduced,and horizontal comparison is carried out on the recognition algorithms based on two data
modes. Among these datasets, they can be grouped into two categories, RGB-based (e. g. , UCF101, HMDB51) and skeleton-
based datasets (e. g. s NTU RGB-+ D). Experimental results show that the deep learning-based methods have made great ad-
vances,and the application of convolutional neural network has greatly promoted the development of action recognition algorithm.
They gradually replace the traditional method based on manual features extraction. For RGB-based action recognition, Two-
Stream and 3DConvNet are currently state-of-the-art methods. For skeleton-based action recognition, Two-Stream and spatiotem-
poral graph network achieve the best performance.
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Fig. 2 Taxonomy of action recognition
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Table 2 Common public datasets
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FL101 A~ ESE 5], UCF101 3 1F B 4 76 AR Bl is 3h 9 14
A LR AL R IR SR SR T I A EAR K AR AL
BASEZN A o 25 A BB A~T7 D Ei1fE
WA, UCF101 $# e 240 & 5 KEEE: D AP ik
H2) HARRE D NG AL H ;DI Kbl 5) %Kiz
Bl UL o B op L gl O iy 18 41 T U0 S R
Y 2H T 004k

HMDB5 1 %45 2 2 A 45 i 1 ) B¢ 95 450 1k L 5% o
W 1, IR B b g AR B PE R B AT R, B4R
Y — S OGPk A T R R L R RE B R AR A R
L A S 7 5 RS WL A A2 fk . HMDBS1 A& 51 A [ 1Y
RSN A SES I & D 101 A 858, Bk 6766 A4
WA Y 45 ML E VRS B 4r 2 5 RS AL D) — R T AR S
2) 3 H.WTH R 8 AR 5 3) — M 0 B AR S R 5 4) W 1R 32 H B A
5) NIRAEH Y B AR ZIE . X T A 2 AR 20 WA 59 9% 4
B 70 BT AU ZRAE T ELA 30 AN BT ER A 4E L IR B
DI FNI AR r Y B9 8 AN BB ok B IR] — A BB SO

NTU RGB+D $ ¥z /22 5238 1o 45 =18 Kinect AH AL
FTRAEN BT ARG 1Y 25 A6 1 Ll 40 AR
HHATRE B E 60 NEIEH G, 56 880 MAEARIE ., XA
PAREE TR @B AR TR BE BT 5 3D B 48 DL K 21 A W
W B VRN B PR EE 4r o 3 F 2. D A EAT A 2 R
ITHEREAE SCBAE 3 SN SE B/ . % H0HE B 1 1T D 56 A
43 1%, Cross-Subject Evaluation #ll Cross-View Evaluation P
fifr, Cross-Subject Evaluation J& B 40 25 B & #8700 A B
BTN G A A BE ] TR 5 Cross-Vies Evaluation & ¥
cameras 2 fll cameras 3 F F %, camera 1 Tk, I H A
WU BB, — M3 SO A 0 G B 8 1L 38 SO IR I G B v

4.2 EFHEIRFEEHLEE

AR 3L A2 FR AN IS B AR B AT R R AT L E .
Xt F JE 4 AL AR RGB R )% it (Optical Flow, OF), F % 7£
UCF101 #1 HMDB51 48 48 T # 47 7 & 3% 090 s 0 T Ak
H 28 Skeleton, F3FE NTU RGB+D ¥4 F 17 T & ER
Fe#, 3 EEHIR T RGB M OF $dl #7285 F A [l R 3 &
BRI, 4 FEIR T Skeleton FUHE A T A [ K 51 5
W LA, Hoh SRR 0 R mAP AT R IR B Ak G 1 )
bR

# 3 RGB A OF $la 25 T A [ U3 5 1k o Lh
Table 3 Comparison of different recognition algorithms in RGB and

of data modes

Method UCF101 HMDB51 Model Input of

mAP/ % mAP/ % Structure Network

Simonyan: 6] 88.0 59.4 Two-Stream RGB+OF

Feichtenhofer[ 7] 92.5 65.4 Two-Stream RGB+ OF

Wangl™! 94.2 69.4 Two-Stream RGB+OF

Pinzt 94.6 70.3 Two-Stream RGB+ OF
Dut! 85.8 54.9 3D-ConvNet RGB
Dibalt%] 93.2 63.5 3D-ConvNet RGB
Torrcsaniigo] 97.3 78.7 3D-ConvNet RGB

Srivastava %% 75.8 44.0 CNN-LSTM RGB+OF

Ngh%7) 88.6 - CNN-LSTM RGB+OF

F 4 Skeleton BB T R [A] 1R 51 50 12 09 LB
Table 4 Comparison of different recognition algorithms in skeleton

data mode

Method X-Sub X-View Structure of
mAP/ % mAP/ % Network
Lilto] 76.2 82.3 Four-StreamCNN
Zhang!$! 88.2 93.8 Two-Stream RNN+CNN

Leil 2 88.5 95. 1 Two-Stream GCN
Yanl%] 81.5 88.3 i 25 (GCN)

sil 70 84.8 92.4 #f 2 (RGNN+ LSTM)
gl 89.2 95.0 #f 2 (GCN+LSTM)
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S RHE B AR RN 59.4.65.4,69. 4 DL 70,3, i) 3 Ay
R Z5 42 3D-ConvNet, X UCF101 344 42 19 - 20K 1
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Stream 454 Fl1 3D-ConvNet 2544 1] L)Xt 0055 7 51 35 BB I 15
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Net X 16 it FE AT I 3580 45 B I 3o 100 2% 0 2 3o 190 2% o Bk 2% i 42
HATSHUE B E T IR . 7F 3D-ConvNet Z544 91, Du
JE C3D Bk B B HR A AR 5 % AN T i A ot 8L o0 445 )2 8 o
R EBEZ B R /MYCT BEAN G X . Diba % Bl 3D & 1
B S5 25 7E TG I S B TR S A, TR AR AR b
T R A R 3D AR X BRI R RIS A T W
$27t. Torresani $& H 2 U5 i A 3 (19 7% 2 K H 3D B B 471
i 2R 2D BRIEAT NS FLAS A 5% 22 36 B 4% 0k 1E
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B A T AR AS g RGB FOG I K 35, Two-Stream 45 #4 Fl
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ConvNet B BIZEFI By, Li ¥ =4 B 2R 4m S 0 T 4 B 8038
B % R IE AT BB BRERA . Zhang ¥ A KB 28817
Ay G A 3R L 43 50 R N 4007 B 3% A CNN AT RNN ¥ 1,
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5K Yan ffi T B 25 B 5 B N M4 20 3 17 42 BURRAE , TF
Ji T B R AR N . Stk T g s R, e
i1 JT1 5% 25 1&] it 28 IO %l 25 T 4 UM 228 ) 4 0 N AR - 2 4 B s
[ FEAE L SR S5 R LSTM 3R J3 45 5. . £ NTU RGB+D %«
AL LR B T AR S R B .

BERIE AR CE XTI AT I R AR AT A
IR L AR5 KL S8 AT SR PR O RN TR 2R ST AR AT R
Il

PO TT AT T T B . T IR A 2T B AT N R DT A R

it B AG AL G807 1A AR X R AL B 2 BRE AT A DB, T A7E AL
WU L AT INGRA 2 > A5 B A RO R AR s o LU X
WA T WEEREUSHET RN R, RG.NHTAT
R R 5 B EOHE 4 LA R 25 TR 0 3 1 TR e 4R T B 1R
BELLEE . FHTAT S R AE 70 B0 1) A0 X s L B fige ke ] Ay JE
BnE.

DA TS B AT AR BN WF 58 05 . 6 52 B 9 2 T o B
HBUHR Je: LAAE A0 a5 R A WA RY I AT 552 o 19 7 v o) B
TE K B BESR AR W . BUAE I AT 2 A 2 A R — W A B
2 RO IE T 0 T2 AT SR A A PRI oA DR i EEE 5 — il
75 4 T LU A2 2% R R AR AR A L 53 S B g EAR A 22 M Y
B PR 25 AR B Bk SR — A . S, e ST IR AR A
78 A B MR L 2 AT S PR R SRS R I 1

DB EITEUL R E Tk, ETHEEYIH
A7 S R AR T A Sl 1 R A AR T AR A 1A 4R
FIARTE B SR Y BTIR . B35 % L 2 1 B O IR 42 J& LA
PR T 4 AR 72 5 R f B g o o i ) AR A 4 PR 5
AT R RS R T Y FAT R i, R TR H
TFURTF 5 58 T 55 W RO B AT M U B i E RN T
B2 B bR 2 A i BT AR KA I AN (B R R R A A AT 3R
BRI M Z— .

AT R RSB E AR ORI AT R IR R 2 R AR
WA AT o B 4 R 2807 Al B S B A 2,
B g e T — 26 Fem . Lm0 5 RS T Y X 2 A
27 R — VE T IR e T A A I % A W DX A . o TR A
MMEEEFREA AR X 4, B, 557k Bk # 4 m
FHA AR A3 5k R U B A DI B S V7 AR B X A 1]
AR BRI e, BB AR T

& % X W

[1] WANG X. Intelligent multi-camera video surveillance:; A review
[J]. Pattern Recognition Letters,2013,34(1):3-19.

[2] TURAGA P,CHELLAPPA R,SUBRAHMANIAN V S,et al.
Machine Recognition of Human Activities: A Survey[ ] ]. IEEE
Trans. Circuits Syst. Video Technol. ,2008,18(11) :1473-1488.

[3] ELLIS C, MASOOD S Z, TAPPEN M F, et al. Exploring the
trade-off between accuracy and observational latency in action
recognition[J]. Int. J. Comput. Vis. ,2013,101(3) :420-436.

[4] ZHANG W,SMITH M L,SMITH L N,et al. Gender and gaze
gesture recognition for human-computer interaction[ C] // Com-
puter Vision and Image Understanding. 2016 :32-50.

[5] TAKANO W,NAKAMURA Y. Statistical mutual conversion
between whole body motion primitives and linguistic sentences
for human motions[ J]. Int. J. Rob. Res. , 2015, 34 (10): 1314~
1328.

[6] CALO R. Robotics and the Lessons of Cyberlaw[]J]. California
Law Review,2014,103(3).

[7] CAMPORESI C,KALLMANN M,HAN J J,et al. VR solutions
for improving physical therapy[ C]//IEEE Virtual Reality Con-
ference. 2013:77-78.

[8] CHAO M W,LIN C H,ASSA J,et al. Human motion retrieval
from hand-drawn sketch[J]. IEEE Trans. Vis. Comput. Graph. ,
2012,18(5):729-740.

[9] KRIZHEVSKY A,SUTSKEVER I,HINTON G. Imagenet



TS BT IR B ) AT U S A

145

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

classification with deep convolutional neural networks[C]// Pro-
ceedings of the Annual Conference on Neural Information Pro-
cessing Systems (NIPS). 2012:1097-1105.

GIRSHICK R,DONAHUE J,DARRELL T,et al. Rich feature
hierarchies for accurate object detection and semantic segmenta-
tion[ C]J // Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). 2014 :580-587.
FARABET C,COUPRIE C,LECUN Y. Learning hierarchical
features for scene labeling [J ], IEEE Trans. Pattern Anal.
Mach. Intell. ,2013,35(8):1915-1929.

SU S,LIU Z,XU S,et al. Sparse auto-encoder based feature
learning for human body detection indepth image[ J]. Signal Pro-
cessing,2015,112(1) :43-52.

VIEIRA A W,NASCIMENTO E R,OLIVEIRA G L,et al.
STOP: Space-Time Occupancy Patterns for 3D Action Recogni-
tion from Depth Map Sequences[ C]// Iberoamerican Congress
on Pattern Recognition. 2012 :252-259.

SEVILLALARA L,LIAO Y,GUNEY F,et al. On the Integra-
tion of Optical Flow and Action Recognition[ C]// German Con-
ference on Pattern Recognition, 2018:281-297.

HE K,ZHANG X,REN S,et al. Deep Residual Learning for
Image Recognition[ C]// Computer Vision and Pattern Recogni-
tion. 2016:770-778.

TSENG H C,SHYU J J,CHANG J Y.,et al. Exploiting Auto-
matic Image Segmentation to Human Detection and Depth Esti-
mation[CJ // /Proc of the IEEE Symposium on Computational
Intelligence for Multimedia, Signal and Vision Processing. Paris,
France,2011:19-25.

KIM W H,JEONG T I,KIM J N. Video Segmentation Algo-
rithm Using Threshold and Weighting Based on Moving Sliding
Window[ C]//Proc of the 11th International Conference on Ad-
vanced Communication Technology. Pyeongchang County,
Repulic of Korea,2009:1781-1784

SALMANE H,RUICHEK Y,KHOUDOUR L. Object Tracking
Using Harris Corner Points Based Optical Flow Propagation and
Kalman filter[ C] // Proc of the 14th International IEEE Confe-
rence on Intelligent Transportation Systems. Washington, USA,
2011:67-73.

YANG J,XU Y S,CHEN C S. Hidden Markov Model Approach
to Skill Learning and Its Application to Telerobotics[J]. IEEE
Trans on Robotics and Automation,1994,10(5) :621-631.
BOBICK A,DAVIS J. An appearance-based representation of
action[ C]// Proceedings of the 13th International Conference on
Pattern Recognition. Vienna:IEEE,1996:307-312.
WEINLAND D,RONFARD R,BOYER E. Free viewpoint ac-
tion recognition using motion history volumes[ J]. Computer Vi-
sion and Image Understanding,2006,104(2/3) :249-257.
DOLLAR P,RABAUD V.,COTTRELL G W,et al. Behavior
recognition via sparse spatio-temporal features[ C] // Interna-
tional Conference on Computer Communications and Networks.
2005:65-72.

LAPTEV 1.On space-time interest points []]. International
Journal of Computer Vision,2005,64 (2/3):10-123.
WONG S,CIPOLLA R. Extracting Spatiotemporal Interest
Points using Global Information[ C7J // International Conference

on Computer Vision. 2007 :1-8.

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

WANG H,ULLAH M M,KLASER A,et al. Evaluation of local
spatio-temporal features for action recognition[ C]// British Ma-
chine Vision Conference. 2009:1-11.

WANG H,KLASER A,SCHMID C,et al. Densetrajectories and
motion boundary descriptors foraction recognition[ ] ]. Interna-
tional Journal of Computer Vision,2013,103(1):60-79.
DOLLAR P.,RABAUD V,COTTRELL G W, et al. Behavior
recognition via sparse spatio-temporal features[ C] // Interna-
tional Conference on Computer Communications and Networks.
2005:65-72.

WANG H, KLASER A, SCHMID C, et al. Dense trajectories
and motion boundary descriptors for action recognition[J]. In-
ternational Journal of Computer Vision,2013,103(1):60-79.
NGUYEN T PMANZANERA A. Action recognition using bag
of features extracted from a beam of trajectories[ C] // 2013
IEEE International Conference on Image Processing. Mel-
bourne, VIC,2013.:4354-4357.

WANG H,SCHMID C. Action Recognition with Improved Tra-
jectories[ CJ // International Conference on Computer Vision.
2013:3551-3558.

SHI C,WANG Y,JIA F,et al. Fisher vector for scene character
recognition: A comprehensive evaluation[ ] ]. Pattern Recogni-
tion,2017,2017(72) . 1-14.

DANAFAR S, GHEISSARI N. Action recognition for surveil-
lance applications using optic flow and SVM[ C] // Asian Confe-
rence on Computer Vision. 2007 :457-466.

WANG Y,XU W. Leveraging deep learning with LDA - based
text analytics to detect automobile insurance fraud[]]. Decision
Support Systems,2018,105:87-95.

IJJINA E P,MOHAN C K. Hybrid deep neural network model
for human action recognition[J]. Applied Soft Computing,2016,
46:936-952.

KRIZHEVSKY A,SUTSKEVER I, HINTON G E, et al. Ima-
geNet Classification with Deep Convolutional Neural Networks
[J]. Neural Information Processing Systems, 2012, 141 (5):
1097-1105.

GREFF K,SRIVASTAVA R K,KOUTNIK J,et al. LSTM: A
Search Space Odyssey[ J]. IEEE Transactions on Neural Net-
works,2017,28(10) :2222-2232.

COLLOBERT R,WESTON J,BOTTOU L,et al. Natural Lan-
guage Processing (Almost) from Scratch[J]. arXiv:1103. 0398.
TARWANI K M, EDEM S. Survey on Recurrent Neural Net-
work in Natural Language Processing[ ] ]. International Journal
of Engineering Trends and Technology,2017,48(6) :301-304.
WANG P, LI Z, HOU Y, et al. Action Recognition Based on
Joint Trajectory Maps Using Convolutional Neural Networks
[C]/ ACM Multimedia. 2016 :102-106.

LI C,HOU Y, WANG P, et al. Joint Distance Maps Based Ac-
tion Recognition With Convolutional Neural Networks[ ] ]. IEEE
Signal Processing Letters,2017,24(5) :624-628.

WANG X,GAO L,WANG P,et al. Two-Stream 3-D convNet
Fusion for Action Recognition in Videos With Arbitrary Size
and Length[J]. IEEE Transactions on Multimedia,2018,20(3) :
634-644.

HOCHREITER S,SCHMIDHUBER J. Long short-term memo-
ry[J]. Neural Computation,1997,9(8) :1735-1780.



146 Com puter Science 1 HEHLEF2:  Vol. 47,No. 6A,June 2020
[43] DONAHUE J, HENDRICKS L. A, GUADARRAMA S, et al. [61] SZEGEDY C,VANHOUCKE V,IOFFE S,et al. Rethinking the

[44]

[45]

[46]

[47]

[48]

[51]

[52]

[53]

[57]

[58]

[60]

Long-term recurrent convolutional networks for visual recogni-
tion and description[ C] // Computer Vision and Pattern Recog-
nition, 2015, 2625-2634.

KE Q,BENNAMOUN M, AN S,et al. A New Representation of
Skeleton Sequences for 3D Action Recognition[ C] // Computer
Vision and Pattern Recognition. 2017:4570-4579.

SHAO Z,L1 Y.GUO Y,et al. A Hierarchical Model for Action
Recognition Based on Body Parts[ C]//2018 IEEE International
Conference on Robotics and Automation (ICRA). Brisbane,
QLD,2018:1978-1985.

SIMONYAN K,ZISSERMAN A. Two-Stream Convolutional
Networks for Action Recognition in Videos[]]. arXiv: 1406.
2199.

FEICHTENHOFER C,PINZ A, ZISSERMAN A, et al. Convo-
lutional Two-Stream Network Fusion for Video Action Recogni-
tion [ C] // Computer Vision and Pattern Recognition. 2016
1933-1941.

WANG L,XIONG Y, WANG Z,et al. Towards Good Practices
for Very Deep Two-Stream ConvNets[ ] ]. arXiv: 1507, 02159,
2015.

SZEGEDY C,LIU W,JIA Y,et al. Going deeper with convolu-
tions[ C] // Computer Vision and Pattern Recognition. 2015:1-9.
SIMONYAN K, ZISSERMAN A. Very Deep Convolutional Net-
works for Large-Scale Image Recognition[ C] // International
Conference on Learning Representations. 2015.

WANG L, XIONG Y,WANG Z,et al. Temporal Segment Net-
works: Towards Good Practices for Deep Action Recognition
[C]//European Conference on Computer Vision. 2016 :20-36.
HE K,ZHANG X,REN S,et al. Deep Residual Learning for
Image Recognition[ C]// Computer Vision and Pattern Recogni-
tion. 2016:770-778.

FEICHTENHOFER C,PINZ A, WILDES R P,et al. Spatiotem-
poral Residual Networks for Video Action Recognition[ C]J //
Neural Information Processing Systems. 2016 :3468-3476.
YANG M,JIS,XU W,et al. Detecting human actions in surveil-
lance videos[ C]// Proceedings of the TREC Video Retrieval E-
valuation Workshop. 2009.

BACCOUCHE M,MAMALET F,WOLF C,et al. Sequential
deep learning for human action recognition[ C] // Human Beha-
vior Unterstanding. 2011:29-39.

JI S, XU W, YANG M, et al. 3D Convolutional Neural Networks
for Human Action Recognition[ J]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence,2013,35(1) :221-231.
JIS.XU W, YANG M, et al. 3D Convolutional Neural Networks
for Human Action Recognition[ ]J]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence,2013,35(1) :221-231.
TRAN D,BOURDEV L,FERGUS R, et al. Learning Spatiotem~
poral Features with 3D Convolutional Networks[ C] // Interna-
tional Conference on Computer Vision. 2015:4489-4497.

TRAN D,RAY J,SHOU Z,et al. ConvNet Architecture Search
for Spatiotemporal Feature Learning. [J]. arXiv: 1708. 05038,
2017.

QIU Z,YAO T,MEI T,et al. Learning Spatio-Temporal Repre-
sentation with Pseudo-3D Residual Networks[ C]// International

Conference on Computer Vision. 2017 :5534-5542.

[62]

[63]

[64]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

L76]

L77]

Inception Architecture for Computer Vision[ C]// Computer Vi-
sion and Pattern Recognition. 2016 :2818-2826.

DIBA A,FAYYAZ M,SHARMA V,et al. Temporal 3D Conv-
Nets: New Architecture and Transfer Learning for Video Classi-
fication[ ] ]. arXiv:1711. 08200,2017.

KIPF T,WELLING M. Semi-Supervised Classification with
Graph Convolutional Networks[ C] // International Conference
on Learning Representations. 2017,

SHI L,ZHANG Y.,CHENG ]J,et al. Non-Local Graph Convolu-
tional Networks for Skeleton-Based Action Recognition [J]. ar-
Xiv:1805.07694v2.

KARPATHY A, TODERICI G,SHETTY S,et al. Large-Scale
Video Classification with Convolutional Neural Networks[ C] /
Computer Vision and Pattern Recognition. 2014 :1725-1732.
DONAHUE J, HENDRICKS L. A, GUADARRAMA S, et al.
Long-term recurrent convolutional networks for visual recogni-
tion and description[ C] // Computer Vision and Pattern Recog-
nition. 2015:2625-2634.

NG J Y,HAUSKNECHT M J,VIJAYANARASIMHAN S,
et al. Beyond short snippets:Deep networks for video classifica-
tion [C] / Computer Vision and Pattern Recognition. 2015
4694-4702.

SRIVASTAVA N,MANSIMOV E,SALAKHUDINOV R,
et al. Unsupervised Learning of Video Representations using
LSTMs[ C] // International Conference on Machine Learning.
2015:843-852.

YAN S,XIONG Y,LIN D,et al. Spatial Temporal Graph Convo-
lutional Networks for Skeleton-Based Action Recognition
[C]// National Conference on Artificial Intelligence. 20187444~
7452.

SI C,JING Y,WANG W, et al. Skeleton-Based Action Recogni-
tion with Spatial Reasoning and Temporal Stack Learning[ C]//
European Conference on Computer Vision. 2018:106-121.

LI C,ZHONG Q,XIE D,et al. Co-occurrence Feature Learning
from Skeleton Data for Action Recognition and Detection with
Hierarchical Aggregation[ C] // International Joint Conference
on Artificial Intelligence. 2018:786-792.

HASSNER T. A critical review of action recognition bench-
marks[ C] // Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition(CVPR). 2013:245-250.
KARPATHY A, TODERICI G,SHETTY S, et al. Large-Scale
Video Classification with Convolutional Neural Networks[ C]//
Computer Vision and Pattern Recognition. 2014 :1725-1732.
SOOMRO K,ZAMIR A R,SHAH M,et al. UCF101: A Dataset
of 101 Human Actions Classes From Videos in The Wild[ ] ].
arXiv:1212, 0402,2012.

REDDY K K,SHAH M. Recognizing 50 human action catego-
ries of web videos[ J]. Machine Vision Applications, 2013,24(5) ;
971-981.

KUEHNE H,JHUANG H,GARROTE E.et al. HMDB:A
large video database for human motion recognition[ C] // Inter-
national Conference on Computer Vision. 2011:2556-2563.
ZISSERMAN A, CARREIRA J,SIMONYAN K,et al. The Ki-
netics Human Action Video Dataset [ J]. arXiv: 1705. 06950,
2017.



BE AR T R A ) AT U £ A

147

[78] LI W,ZHANG Z,LIU Z,et al. Action recognition based on a
bag of 3D points[ C] // Computer Vision and Pattern Recogni-
tion. 2010:9-14.

[79] SHAHROUDY A,LIU J,NG T,et al. NTU RGB+D: A Large
Scale Dataset for 3D Human Activity Analysis[ C]// Computer
Vision and Pattern Recognition. 2016:1010-1019.

[80] TRAN D,WANG H, TORRESANI L,et al. A Closer Look at
Spatiotemporal Convolutions for Action Recognition[ C]// Com-
puter Vision and Pattern Recognition. 2018:6450-6459.

[81] ZHANG P,LAN C,XING J.et al. View Adaptive Neural Net-
works for High Performance Skeleton-based Human Action
Recognition[ C] / IEEE Transactions on Pattern Analysis and
Machine Intelligence. 2019 1-1.

[82] SHI L,ZHANG Y,CHENG J,et al. Adaptive spectral graph
convolutional networks for skeleton-based action recognition

[J]. arXiv:1805.07694,2018.

[83] SI C,CHEN W,WANG W,et al. An Attention Enhanced Graph
Convolutional LSTM Network for Skeleton-Based Action Re-
cognition[ J]. arXiv:1902. 09130,2019.

HE Lei,born in 1994, master. His main
research interests include image pro-

cessing and action recognition.

SHAO Zhan-peng.Ph.D.is a member of
China Computer Federation. His re-
search interests include action recogni-

tion and pose estimation.

(E#% 134 70

2700,4100 & A WS B=0. 2 BB EAEY LA 3 2 >
TR BT ARAT 0 249 5B K oAt B W B Rk AE I
W 2] SR 1% 3R A9 1Y P R BN X O TE I 2R i
R ORTRI Y B BUE 2 i AR 2R M bR BSUME BR B K /N o DA T 52 g
% bR B, FLR I A5 I B i oSk . IRtk DQN-LF Bk
RETEDRIEM S F 00T A Bty 2% o (IS BE

-120
-130
-140

0 20 60 80 100

40
i 1E 3

B 8 Rla gHUE T DQN-LF 8k iy th i
Fig. 8 Comparison of DQN-LF algorithms with different 8 values

BEWRIE A SCEEA X DQN 2 6 24 78 YN 2 iy R
8 1 I 50, 552 1 — Rl BT B & T BRI %500 I 3 1) BB 9 DQN
o BBEE I A BB I I 2540 200 2 R R {B B
A DQN W 25 (9 47 S 19 4% 114 18 oA HR VR 22 4 S 451 2% bR
B0 R 2 e B0 SI0H B PR A R L B s T IR T S BTk
LR . LT OpenAl Gym 5 &5 R E T LT R
&I 1 DQN B I BT S bR T I R B 4 2 > I
S .

A SCFEZ I OpenAl Gym 52 56T £ 0 5086 450 T AH 26 43
B NEEJRETT LA 55k 0 U 2500 0 B et iy 2 30 3
W BH JE . CartPole 1 Mountain Car f&— Ff /N LS A9 3% 221K
525 [A) IR A8, 45 2k 2 JEORE B30 12 B ) 1 B A B R LA 114 32 25
23 [B) 2 Bk 1] 481, it — 25 46 46 5 vk i PR R

2 % x W

[1] SUTTON R S. Learning to Predict by the Methods of Temporal
Differences[ ] ]. Machine Learning,1988,3(1);9-44.
[2] ZHANG R B,GU G C,LIU Z D,et al. Reinforcement Learning

>\2<‘2

Theory, Algorithms and Its Application[ ] ]. Control Theory and
Application,2000,17(5) : 637-642.

[3] SUTTON R S,BARTO A G. Reinforcement learning: An intro-
duction[ M ], Massachusetts: MIT press,2018.

[4] WATKINS CJ C H.DAYAN P. Q-learning[ ] ]. Machine Lear-
ning,1992,8(3/4):279-292.

[5] HINTON G E,SALAKHUTDINOV R R. Reducing the dimen-
sional-ity of data with neural networks [ J]. Science, 2006,
313(5786) :504-507.

[6] MNIH V,KAVUKCUOGLU K,SILVER D,et al. Human-level
con-trol through deep reinforcement learning[ J]. Nature, 2015,
518(7540) :529.

[7] OSBAND I,BLUNDELL C,PRITZEL A.,et al. Deep explora-
tion via bootstrapped DQN[C] // Advances in Neural Informa-
tion Processing Systems. Barcelona, Spain,2016:4026-4034.

[8] ANSCHEL O,BARAM N,SHIMKIN N. Averaged-DQN:Va
riance Reduction and Stabilization for Deep Reinforcement
Learn-ing[ C] // Advances in International Conference on Ma-
chine Learning. New York,USA,2016.

[9] WANG Z,SCHAUL T,HESSEL M, et al. Dueling network ar-
chitectures for deep reinforcement learning [ J]. arXiv: 1511.
06581,2015.

[10] LEVINE S,FINN C,DARRELL T,et al. End-to-End Training
of Deep Visuomotor Policies[ J]. Journal of Machine Learning
Research,2015,17(39) :1-40.

[11] LEVINE S,PASTOR P,KRIZHEVSKY A.,et al.Learning
hand-eye coordination for robotic grasping with large-scale data
collection[ C] // Proceedings of International Symposium on Ex-

perimental Robotics. Berlin: Springer,2016:173-184.

LIU Qing-song. master candidate. His

main research interests include rein-

.4

¢

|~ forcement learning and building energy
.

efficiency.

CHEN Jian-ping, doctor, professor. His

research interests include big data and

}l
3

analytics, building energy efficiency,and

intelligent information.

it

>






