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= 1T ABIR5(person re-id)
= 1791R%l(action recognition)

Baseball Pitch
Xiaohan Nie B, Xiong C, Zhu S C. Joint action recognition and pose

estimation from video[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2015: 1293-1301.
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= BRI E R FA4FR(CPM, Hourlgass)
= CNN+EJf&EEL (pairwise relation, tree structure relation)
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= 2014£F, F—NMERACNNFEESEITRIGZDeepPose
= Alexander Toshev, Christian Szegedy
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= Deep Pose

Initial stage Stage s

220 x 220

DNN-based refiner

send refined values
to next stage

= AlexNet Based

= Toshev A, Szegedy C. Deeppose: Human pose estimation via deep neural
networks[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2014: 1653-1660.
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= 20165F, EiIRERIRIEE

= Joao Carreira, Pulkit Agrawal, Katerina Fragkiadaki,
Jitendra Malik
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= Carreira J, Agrawal P, Fragkiadaki K, et al. Human pose estimation with
iterative error feedback[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2016: 4733-4742.
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Algorithm 1 Learning Iterative Error Feedback with Fixed
Path Consolidation  [f 5 %74 34 [f 537
1: procedure FPC-LEARN
2 Inmtiahize yq
3 E « {} T=4
4 for t < 1to (Tsteps) do
5: for all training examples (I, y) do
6
7
8
9

€ F(y yt)
end for
E«— FEU €4 ‘
: for j « 1to N\@o
10: Update ©f and ©, with SGD, using loss h
and target corrections F
11: end for
12: end for
13: end procedure

= Carreira J, Agrawal P, Fragkiadaki K, et al. Human pose estimation with
iterative error feedback[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2016: 4733-4742.
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= Xiaochuan Fan, Kang Zheng, Yuewei Lin, Song Wang
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= Fan X, Zheng K, Lin Y, et al. Combining local appearance and holistic view:
Dual-source deep neural networks for human pose
estimation[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2015: 1347-1355.
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= CNN+EJf&EEL (pairwise relation, tree structure relation)
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* fhil: BFANRERAFA—HR, BERGELMERIBX—1E, HBRZF
JFXBEXTBZERIXER (pair wise relation)?

= 20154F, IBHTCNN+EHEE, MEEIEEREFER

= Jonathan Tompson, Arjun Jain, Yann LeCun, Christoph Bregler
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Pool Pool
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Pool ] ;
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( ges) 9x9 Conv 90x60x4
' + ReLU
r Pl 9x9 Conv :
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Conv + | 53x38x128 | . 90x60x512  Rel U
ReLU + : . 40:{‘1(1:{128
] Pool |
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160x120px Fully-connectioned equivalent model

= Tompson J J, Jain A, LeCun Y, et al. Joint training of a convolutional
network and a graphical model for human pose estimation[C]//Advances
in neural information processing systems. 2014: 1799-1807.
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= St ZHIRERRIERpair wise relation, IBARERHERIEE
MAFBE XAz B RIRHR GG B 1 TER?

= 20155, CNN+RRGEIIEIRE

= Wei Yang, Wanli Ouyang, Hongsheng Li, Xiaogang
Wang
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= Yang W, Ouyang W, Li H, et al. End-to-end learning of deformable
mixture of parts and deep convolutional neural networks for human

pose estimation[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2016: 3073-3082.

Page = 26



2DEBABSIEHERFENE OLrinsy
_

Page

=27

- Zif: FENREIANTRMERAE, Rl aenFEIRE,
(ERZMERRNOERARAERE

= 20165F, FRESH, KERZRIEARZE, SHEm)3

= Shih-En Wei, Varun Ramakrishna, Takeo Kanade, Yaser
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= Wei S E, Ramakrishna V, Kanade T, et al. Convolutional pose
machines[C]//Proceedings of the IEEE Conference on Computer Vision

and Pattern Recognition. 2016: 4724-4732.
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= Alejandro Newell, Kaiyu Yang, Jia Deng
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= Newell A, Yang K, Deng J. Stacked hourglass networks for human pose
estimation[C]//European Conference on Computer Vision. Springer
International Publishing, 2016: 483-499.
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= Xiao Chu, Wanli Ouyang, Hongsheng Li, Xiaogang
Wang
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= Chu X, Ouyang W, Li H, et al. Structured feature learning for pose
estimation[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2016: 4715-4723.
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= Chu X, Ouyang W, Li H, et al. Structured feature learning for pose
estimation[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2016: 4715-4723.
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= 20165F, HETUKTITNIARES

= Georgia Gkioxari, Alexander Toshev, Navdeep Jaitly
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= Gkioxari G, Toshev A, Jaitly N. Chained predictions using convolutional
neural networks[C]//European Conference on Computer Vision. Springer

International Publishing, 2016: 728-743.
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= HItl: MBRIEBIERXKEperformance, BBAREAREXIT— Fefficiency

= 20165, An Efficient Convolutional Network for Human Pose
Estimation

= U. Rafi, I.Kostrikov, J. Gall, and B. Leibe
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= Rafi U, Leibe B, Gall J, et al. An Efficient Convolutional Network for Human
Pose Estimation[C]//BMVC. 2016, 1: 2.

Page = 37



2DEBABSIEHERFENE OLrinsy
_

T T R A SRR L B EARIE
« 20164F, 18+ EVAEE

= Adrian Bulat and Georgios Tzimiropoulos
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= Bulat A, Tzimiropoulos G. Human pose estimation via convolutional part
heatmap regression[C]//European Conference on Computer Vision.
Springer International Publishing, 2016: 717-732.
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= Wei Yang, Shuang Li, Wanli Ouyang, Hongsheng Lij,
Xiaogang Wang
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= Yang W, Li S, Ouyang W, et al. Learning feature pyramids for human pose
estimation[C]//The IEEE International Conference on Computer Vision

(ICCV). 2017, 2.
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