2021 5 ( ) May 2021
42 3 Journal of Zhengzhou University ( Engineering Science) Vol. 42 No.3

:1671-6833(2021) 03-0026-07

( 430074)
. 3D o
o Human3. 6M
50.9 mm. MPIINF3DHP
: 3D ; ; )
: TP391. 41 DA doi: 10. 13705/j.1ssn.1671-6833. 2021.03. 005
0 ( ~ )
! 3D
2D 3D o
( DCNN)
2D o 3
3D
3D o ( 1
Human3. 6M * ) Mocap
1.1 2D
2D
o pictoral structures ’ mixtures of
2D body parts °
( MPII * | 2
MPIANF - 3DHP *) .
T DCNN
:2020-11-09; 12020-12-11
(61733007)
(1963—) .

N E-mail: liuwy@ hust.edu.cno



3 3D 27
' w( wrist) e( elbow) 2D
8 m o
Dm( Pw) Dm( Pe) o Pw Pe
o ResNet ° . P D, (P)
hourglass '  multi-stage o :
HRNet 2 . D,(P) -D(P) [P -P.I, (0
1.2 3D D (P) -D(P,) [P -PlI,°
3D 2D
. Lee 13
2D 3D o '
14 15 \
1
3D . Pavlakos Figure 1 Diagram of dense depth interpretation map
0 3D
P, P,
3D Ogv(Pl_Pw)gnpc_Pw 2;
3D V. (P, -P) <.
. Yang 7 3D r ,v=(P.-P,)/||P.-P,||
2
3D Dm( Pl) Pl Pw P
° Dm( P/) °
2D 2D
3D . 2D P, :
18 V(P,-P,) =P, -PI,;
[ (3)
19720 3D o Martinez ”Pz =P, <r.
0 {V(Pc_Pz) BHPC_PWHZ; (4)
2D 3D . P, =PI, <r.
Fang * (3)
. D,(P,); (4)
o Dm( Pw) o
1 o
2
2.1 16 15
3D 15
3D 2 o
2D 3D
( . D m D, m
) o o
2.2 2D
. 2D
1 - P P °



28

—
~

2021

0: R ankle

1: R knee

2: R hip

3: L hip

4: L knee

5: L ankle

6: pelvis

7: thorax

8: upper neck
9: head top
10: R wrist
11: R elbow
12: R shoulder
13: L shoulder
14: L elbow
15: L wrist

Figure 2 Diagram of human body
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Figure 3 Diagram of auxiliary 2D heat map

o P, k
P, e R. k P
IP-p,|
S(P =exp(— > : 2) o (5)
o o
2D 3(b) .
2D 2D
P, P, wi( wrist)
e( elbow) 2D m
. (2) P, m
V. (P, -P) |
Q.(P) =exp| — - ()
o

PP, ||2)

o

Tl
(P = exp( )

Backbone HRNet "

— Backbone Regression —>

A E&

3D

B VR AR A AE
4

Figure 4 Diagram of model structure

H w
Sy

h=1w=1
A (h w)

D w,, N



3 3D 29
M H W _ . Hu—
L - w D( h w) D( h w) (h w) .
v mz::l " };1 w:lﬂ " )2 man3. 6M
(11)
: ﬁ( h w) m ( MPJPE) mmo.
m 4
(h w) DAY smooth L1 MPIINF3DHP
. Mocap 3D
Ly =L, +w,,(Ls + L()) o (12)
L 10y 2D s 7 2 929 o 3DPCK(
150 mm) AUC
3 o
D . . MPII ° 2D
“ReLU 0 YouTube
3D 2.5 o 2D
3D o
. 3D
3 3.2
3.1 3D
3 Human3. 6M 0
» Human3. 6M ' 3D MPII
3.6x10° o MPII 2D
11 o 15 N 2D o 1
Mocap 2D
Human3. 6M MPJPE
Table 1 Results of MPJPE on Human3. 6M mm
MPJPE
22 CVPR"17 89.87 97.57 89. 98 107. 87 107. 31 139. 17 93. 56 136. 09
19 TPAMI“18 87.36 109. 31 87.05 103. 16 116. 18 143.32 106. 88 99.78
20 CVPR’17 64.98 73.47 76. 82 86. 43 86. 28 110. 67 68.93 74.79
16 CVPR’18 58.55 64. 56 63. 66 62.43 66. 93 70. 74 57.72 62.51
23 ICCV~-17 54.82 60. 7 58.22 71.41 62.03 65.53 53.83 55.58
20 ICCV-17 51. 80 56. 20 58.10 59. 00 69. 50 78. 40 55.20 58.10
17 CVPR’18 51.50 58.90 50. 40 57.00 62.10 65. 40 49. 80 52.70
24 ECCV-18 43. 80 51.70 48. 80 53.10 52.20 74.90 52.70 44. 60
45.30 47. 60 45.50 48. 90 49.70 68.90 49. 60 46. 40
MPJPE
22 CVPR’17 133. 14 240. 12 106. 65 106. 21 87.03 114.05 90. 55 114. 18
19 TPAMI“18 124.52 199. 23 107. 42 118. 09 114.23 79. 39 97.70 79.90
20 CVPR’17 110. 19 172.91 84.95 85.78 86. 26 71.36 73. 14 88. 39
16 CVPR’18 76. 84 103. 48 65.73 61.56 67.55 56. 38 59. 47 66.92
23 ICCV- 17 75.20 111.59 64. 15 66. 05 51.43 63.22 55.33 64.90
20 ICCV-17 74. 00 94. 60 62. 30 59. 10 65.10 49. 50 52.40 62.90
17 CVPR’18 69. 20 85.20 57.40 58. 40 43. 60 60. 10 47.70 58. 60
24 ECCV-18 56.90 74. 30 56.70 66. 40 68. 40 47.50 45. 60 55. 80
56. 30 78.90 51.20 48. 80 46.70 40. 40 41. 30 50. 90
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Table 3 Results of different training strategy
on Human3. 6M and MPIINF-3DHP mm

mm

3DPCK AUC

4 3DV-17 64.7 31.7
23 ICCV-17 69.2 32.5
24 CVPR18 71.9 35.3
18 CVPR"18 69.0 32.0
25 ICCV-19 71.9 35.8
73.2 38.9
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Dense Depth Interpolation for 3D Human Pose Estimation

CHEN Mengting WANG Xinggang LIU Wenyu

( School of Electronic Information and Communications Huazhong University of Science and Technology =~ Wuhan

430074 China)

Abstract: The 3D human pose estimation is a challenging task in computer vision. Due to the difficulty of an—
notation only some disperse key-point data form limited scenes are available which makes 3D prediction a
big challenge. In this paper the human body is deemed as a flexible structure but a specific limb can be
viewed as a rigid-body. Given depths of two points on both ends the depths of the whole limb can be estimated
by dense interpretation. Therefore this paper proposes a method that can take the dense depth interpretation
feature map as middle supervision. It provides a denser and more structured target instead of regression for
disperse key-points directly. The MPJPG on Human3. 6M reaches 50. 9 mm with only a simple network struc—
ture. The cross-domain experiments on dataset MPIANF-3DHP further show the generalization ability of the
proposed method.

Key words: 3D vision; human pose estimation; dense depth interpolation; cross-domain generalization
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Multi-controller Deployment Strategy Based on Delay and Load Balancing

LIU Zhenpeng' > WANG Xinpeng' LI Ming' REN Shaosong' LI Xiaofei’

(1. School of Electronic Information Engineering Hebei University Baoding 071002 China; 2. Center for Information
Technology Hebei University Baoding 071002 China)

Abstract: To address the time delay and load balancing problems faced by multiple controllers deployed in the
software definition network ( SDN) in this paper a multi-controller placement algorithm is proposed to reduce
the time delay between controllers and improve the network performance on the basis of load balancing.
Aiming at the slow convergence speed of traditional particle swarm optimization algorithm this paper proposes
an improved particle swarm optimization algorithm to deploy the SDN controller. The improved particle swarm
optimization algorithm is used to deploy the SDN controller to minimize the propagation delay between the
switch and the controller while considering the load balance of the controller.The simulation results show that
the improved particle swarm optimization algorithm for controller deployment can guarantee high load balancing
performance and the better overall network performance by acquire fitness about 0. 05. And compared with the
traditional particle swarm optimization algorithm the improved particle swarm optimization algorithm can
improve the convergence speed of the whole network about 6. 3% with lower time delay.

Key words: software defined network; controller placement; latency; load balancing; particle swarm optimi—

zation



