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A Method for Body Keypoint Localization based on Object Detection

using the RGB-D information
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ABSTRACT

Recently, in the field of video surveillance, a Deep Leamning based leaming method has been applied to a method of detecting
a moving person in a video and analyzing the behavior of a detected person. The human activity recognition, which is one of the
fields this inteligent image analysis fechnology, detects the object and goes through the process of detecting the body keypoint to
recognize the behavior of the detected object. In this paper, we propose a method for Body Keypoint Localization based on Object
Detection using RGB-D information. First, the moving object is segmented and detected from the background using color information
and depth information generated by the two cameras. The input image generated by rescaling the detected object region using
RGB-D information is applied to Convolutional Pose Machines for one person’s pose estimation. CPM are used to generate Belief Maps
for 14 body parts per person and fo defect body keypoints based on Belief Maps. This method provides an accurate region for objects
to detect keypoints an can be extended from single Body Keypoint Localization to multiple Body Keypoint Locdlization through the
infegration of individual Body Keypoint Localization. In the future, it is possible to generate a model for human pose estimation using
the detected keypoints and confribute fo the field of human activity recognition.

= keyword : Video Surveillance, Object Detection, Body Keypoint Localization, Convolutional Pose Machines, Belief Map, Human
Activity Recognition
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(Figure 1) A Method for Body Keypoint Localization using the RGB-D information
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(Figure 2) Object Detection Result using RGB-D information
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(Figure 3) Rescale and crop detected regions

RGB-D XJE_E_ 01_9‘3].::;:1 El—;ql‘{_] 7_]'424] o] o:loi_% CPM
°ﬂ oY vlelBl2 AFstr] 918 2] e 2712 gA
# AA e o= d sh= AHe AZITHIZ L3
RGB-D 7|8t 2 &A18 AA 9] F4& 7|Eo = 44"
Qe A2 1 e 94
SERIETE S R P

£ F7ksked 100x100 A 9] 4=
*Mfztk olgigt ¢ HlolH & @Y
X2 F37191 CPMe] H-&-=H, &
A= 19 33 2

Eez

87



RGB-D YEE olEeh A BA| 7|ehe| LX| 7|Z2IE HAE LY

Convolutional Stage t=1 —_
Pose Machines (T-Stage) f
(T-stage) I
Input —
Conv | ConvolutionLayer | mmage | |2 52| |2X2|[2*9]|2%2||9xF|[2x2](5%x5|9x9 || 1x1||1x] .
- = b . || Conv || Pool | |Conv | | Pool | [Conv | | Pool || Conv | | Conv | | Conv | | Conv h'xw
hxwx3 x(P+1)
Pool | Pooling Layer
=
Stage t=2 o
f2
Input | i ..
fises 90x9[(2x2(|9%x9||2%x2||9x9||2x2||5x5 rll I 1i=11 | (11210 | [1x1]|[|1%x1
Mage || Conv | | Pool || Conv | | Pool | | Conv | | Pool | | Conv \L/ Conv | | Conv | | Conv | | Cony h' = w
hxwx3 <(P+1)

(32! 4) Convolutional Pose Machines2| 0O}7|E%{
(Figure 4) Architecture of Convolutional Pose Machines

5. AA 71ZNE ¥

5.1 Convolutional Pose Machines

CPM2 A + 217 (Convolutional Neural Network)
71Mke] =& dE Z#H Y9 F(Sequential  Prediction
Framework)©]™H, 7]& £*2 U']’\](Pose Machines)®] ¥*

FA BALS A F AAY FLXE o] &3ty LT A
°|tH14]. CPM2 A F-915 °ﬂ e 4ol 2d 25,000
Ne] oluA & o] Fol AL, 400707} e 17Ee] BF

So| BAA 9= MPI Human Pose Dataset 52 ©]-&3}
o] APA & & (Pre-training) = 1 TH15].

CPMS] VIESA 2= 98 FodolA ofv] Ade &
7 (Feature) S FZ3= 4 # Z(Convolution Layer)3}
EAS Zol= A B Al Z ) (Subsampling) S 3= £8 =
(Pooling Layer) &2 A= o] 9t} &8 & s &4
3} &<~(Activation Function)= 3 #ko] 0Kt} 2o
oHth W oY 7 IUEE £33+ ReLU(Rectified
Linear Unit) &5 AME-SHCE 19 49] CPM 179 A o]
A4 de\l-_O_ 368x368 Al 9] gHAh:i xq-ﬂ-ﬂ. Ho] &
I, 5 37)9} ~Ezto =(Stride) 7} 2x2 2 3709 W~ E
& Z(Max-Pooling)& AXA =W 368x368 49| &4
Lol A 184x184, 92x92, 46x46%] HAAERE AZ

oT—E
A x8 T The A EY Hu, AR EAS FE3

dZ 235 o Ao AREslY EAE e
pE AEsHA "tk o)HE dA M E B
Pe] oluRAe] A V=(Y,, ...,
A AA RS pell Tk Ad A=E wHER o2 APgs)
£E AR @ oluAdANe BE 4K 2= (uv)”
(Z= A9 BE AX (u,v) 2 JE, V, €294 2
AL pell gk odAQ Ag A& (Y, =z2)& 2
AAFS) pel ©]’481(Ground Truth) flxloﬂ 7
3] F(Gaussian peak) & EOZX A HTH

T3 7 AR R it S Ao} o]AFH el Ald
A& Atole] ARE FHAs} ot ZF B 9] oA
£ 8 (Loss Function) & the3} o] Aoz v
EQ It utEA o7 Agoet AR H9 HR]o] Hete
ste}, 28 B2 7F 9A 9] Al A 48} stz st
&4 s o A1 2o, oA P12 AlA
9 p7t T3 wAS f3 Aotk

_]N

=
=
A
R
=]
T

fr=2 b (2) — k(=) I )

AT £4 Y4E olg3te] 7 WAGIA £4L o
oA A AR A7 AR T A2

A g &

e CPMS| ol AL A AEE AREE o F= 2.8 @
g WA ({1, THE FAHAYOH, ol ©A9)
88 2017. 12



RGB-D YEE olEet A BA| 7|ehe| LX) 7|Z2IE HAE &

IE

— [=] o

HE YeRdTi16].

oleolel

Head Left Shoulder Left Elbow
> AR AP 4
Left Wrist Left Knee Left Ankle

(T2 b) M= 7ol ZET

(Figure b) Distribution of confidence values

et

L
o

Head Neck

Left Shoulder Right Shoulder Left Elbow Right Elbow

Left Wrist Right Wrist Left Hip Right Hip

Left Knee

Right Knee Left Ankle Right Ankle

(Ol 6) A X|=
(Figure 6) Belief Map

2 AEE Jel 7] 918 BT o] XA x
%3 y&2 CPMO] 948 44 719 368x3689] 344 %
g %o, 252 ASE ghs gtk ojEd A A%
& Yeilie A E g BEEE T8 59 JERgle
W AT SR o T Hep o2 Yehl 7, A1F]
Tt ESFE e a0 Uit B =R E
RGBD AR E o] &3 AA T € Jo& A=A ¢ o]
w Aol CPMel o3l Abd FEE 2dE ARS-ste] Al
T e dEsea, a8 5olA 9 o] Zh ARl B
9ol sl oS8 Az HUS o]&ste] & A
T 1400 A- S UeEE 71EIE ] tig 2 A
TE A AlE AEE AT =R AA Fe
ek 71ZAES] YA E A58 Ao I 63 2tk

5.3 7|Z2IE EX|

AGE A s A7k ZF AAREAE YERH,
°]& 7|¥ke. 2 ™| (Head), ¥(Neck), ©17li(Shoulder), T3
Z|(Elbow), <E(Wrist), GHCIHip), TEKnee), T
(Ankle)?] $1AE el ¥ 4 9tk Ad A =g o] &3}
Z 14719] 71EJE9] A E AE37] fshA Ad A
Lol et ZRIES FAAE Altste] AA 71291 E
9 9AE &8 & < 17 & AHEY AA 9 712
EX 1407t HAEEH, 7|2 EE 7} Head, Neck, Left
Shoulder, Right Shoulder, Left Elbow, Right Elbow, Left
Wrist, Right Wrist, Left Hip, Right Hip, Left Knee, Right
Knee, Left Ankle, Right Ankle ©.2 EF T} A4 71321
E A& 44 o5 J9 79 2k

(T 7) A 7|=RIE HE Zut

(Figure 7) Body Keypoint Localization

el

1= olEll HEEts (18763)

89



RGB-D YEE olEeh A BA| 7|ehe| LX| 7|Z2IE HAE LY

6. 2323

=
i

s

olM= AA CCTV 27l A o35 800x450
A719] Y= AR g5ste] dskrh A
%72 AMD Ryzen 7 1700 3GHz CPU, 16GB RAM,
NVIDIA GeForce GTX 1080 Ti GPU, Windows 10 ¢4 &
4 eFLA olBe 9l HXEE-(Tensorflow) S

ol gsto] e ATHIS].

o
% rle
fo X

F

.f'! J= ,[;J :'!

=

$ B8 % I‘i
e L g

] NE out I-‘:b

(a)

(O3 8) ZiA| EX|ntY FFol| mE AA| 7|=Z2lE HE 21}
(Figure 8) Body Keypoint Localization Result with
and without Object Detection Process

I9 gollAE AA FRFHY FFo mE A 7]2Q
E AZ 24745 vepdth 19 8adlA AA &R #4
glo] 7|ZRIE d%% ks 7§_-‘Jr s /‘PELOH EHOHH”}

°
(Target Object)©l] fﬂ Al A
= X

=5 7Y o}xl %4s T 9‘3}.
=

B AFNNE SA & A, F BE AR thate] 7]
EOE A2 S S Sletel oMol AA BA 4
S F/1sth 1 A3k B8 A4 o 489 99
AFHOEA @ Ayl UE 7ENE 22 59 3
A 9T, 71EAE A% A= 19 sbol Uehigich
o B ARl B ARH AEAE AEol b
ol ek A W EASE BE $Fol Abgol
o AR A EAE AES 247} Falely, EHoR
229 AEIEY AE QA Gl Y FoA
o8 Aol Ui EIE A2 AE ¥ 5 ok
39 991 E AR ol BE A A|EIIE AE
A3E tehdith 19 acl Al THE Al o8] 23

A7} A FRODR BAAOE JEAE AZ
of FAEYTY. T} BE AR} T2 AH 7} Sl
A, BE A SJalN Bx AR} HHR A9E
A7} stz Em g 24 }H S A

F-{EI o
_>.:
2,
o
o,
o

B e S
gAReEA M) 99 HolER Agan 1 2
3 39 obsh o] AWHY AEAE AES 5 @

T AUtk

(3% 9) 7 750l w2 AX| 7|=Z2E AE Z1}
(Figure 9) Body Keypoint Localization Result with
and without Occlusion

& =7ollA = RGBD FHE o]&d A &= 7|t
AA AN EJE AZE WS AT 1 A3t 97
el A B3 AA7F obd BEAE 3 AF TS 95
2 CpMell AA g4 S FUIe RN Sxshs 2
Aol ek NIJNE AES & F

2

RGB AR Zo|HRE F7}5}1o]

90



RGB-D HEE o|8st

MR EHX| J|Hte| AR 7|ZOIE A= uhy

[=] oH

24 7H o] B st S8 A TZH‘H B &5
Aol 7| EQNE HES A B3

AT & o2 RGBD 7|4k A“‘
7Fate] AR FE AA ol EHEH A 71EJE
TFO RN oY Alge] 71ERIE 5
AA 71EQE HZEMulti-Keypoint Localization)
/\}EPo] 4751-540101\— CCTV oﬂ)\]. LHOHH o;qo]
ARrEdl et gAg Sadch 7 gAE 47

g o gy Moo

1o

_|_,_

4% INOE oUAE AR T u) U GYNN FX
g 999 9K Y8 QF ARIT. I 0L, A2A
QA5 A AXINES $AHOR BE AF0 T,
A28 S 94 P2 A Gl 1Y FozA
F A 71EQE A2 S £ & 5 AT Ea, AA| 7
EOE YA AE olg3he] 2D /el 2AYE 2

(Skeleton Model) 5= 3D 7]§ke] 2~ E Rd& 75

FoEM QA7F Y A4S A AT A F% (Human

Pose Estimation) ©. & ﬂ:rLf’l] HAE &8 &+ Ido

[19,20].

3+ (Reference)

[1] Grant, Jason M., and Patrick J. Flynn., “Crowd
Scene Understanding from Video: A Survey,” ACM
Transactions on Multimedia Computing, Communications,
and Applications (TOMM), Vol 13, No. 2, pp. 19,
2017. https://doi.org/10.1145/3052930

[2] Zhang,
Activity Recognition: A Review,” Journal of
Healthcare Engineering, Vol 2017, pp. 1-31, 2017.
https://doi.org/10.1155/2017/3090343

[3] Vrigkas, Michalis, Christophoros Nikou, and Ioannis
A. Kakadiaris,
recognition methods,” Frontiers in Robotics and Al,
Vol 2, article 28, 2015.
https://doi.org/10.3389/frobt.2015.00028

[4] Paul, Manoranjan, Shah ME Haque, and Subrata
Chakraborty.,
videos and its applications-a review,” EURASIP

Shugang, et al., “Vision-Based Human

"A review of human activity

“"Human detection in surveillance

Journal on Advances in Signal Processing, Vol 176,
No. 1, pp.1-16, 2013.
https://doi.org/10.1186/1687-6180-2013-176

[6

=

(7

(8]

191

[10]

[11]

[12]

[13]

[14]

networks,” Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, pp.
1653-1660, 2014.
https://doi.org/10.1109/cvpr.2014.214

Pishchulin, Leonid, et al., "Deepcut: Joint subset
labeling for multi
estimation,” Proceedings of the IEEE Conference on

partition and person pose
Computer Vision and Pattern Recognition, pp.
4929-4937. 2016.
https://doi.org/10.1109/cvpr.2016.533

OpenPose: A Real-Time Multi-Person Keypoint
Detection And Multi-Threading C++ Library, 2017.
https://github.com/CMU-Perceptual-Computing-Lab/o
penpose

Cao, Zhe, et al.,
estimation using part affinity fields,” arXiv preprint
arXiv:1611.08050, 2016.
https://arxiv.org/abs/1611.08050

Simon, Tomas, et al.,

"Realtime multi-person 2d pose

“Hand Keypoint Detection in
Single Images using Multiview Bootstrapping,”
arXiv preprint arXiv:1704.07809, 2017.
https://arxiv.org/abs/1704.07809

Wei, Shih-En, et al., “Convolutional pose machines,”
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pp. 4724-4732,
2016. https://doi.org/10.1109/cvpr.2016.511

Seohee Park, Junchul Chun.,, “A Robust Object
Detection and Tracking Method using RGB-D
Model”, Journal of Internet Computing and Services
(JICS), Vol 18, No. 4, pp. 61-67, 2017.
http://dx.doi.org/10.7472/jksii.2017.18.4.61
Papandreou, George, et al. “Towards Accurate
Multi-person Pose Estimation in the Wild.” arXiv
preprint arXiv:1701.01779, 2017.
https://arxiv.org/abs/1701.01779

Linna, Marko, Juho Kannala, and Esa Rahtu.,
“Real-time human pose estimation from video with
convolutional neural networks,”
arXiv:1609.07420, 2016.
https://arxiv.org/abs/1609.07420
Ramakrishna, Varun, et al,,
Articulated pose estimation via inference machines,”

arXiv preprint

“Pose  machines:

European Conference on Computer Vision, pp.

[5] Toshev, Alexander, and Christian Szegedy.,
“Deeppose: Human pose estimation via deep neural
et QB HEstE| (18H63)

91



RGB-D YEE olEeh A BA| 7|ehe| LX| 7|Z2IE HAE LY

[15]

[16]

[17]

33-47, 2014.
https://doi.org/10.1007/978-3-319-10605-2_3
Andriluka, Mykhaylo, et al, “2d human pose
estimation: New benchmark and state of the art
analysis,” Proceedings of the IEEE Conference on
computer Vision and Pattern Recognition, pp.
3686-3693, 2014.
https://doi.org/10.1109/cvpr.2014.471

Bulat, Adrian, and Georgios Tzimiropoulos., “Human
pose estimation via convolutional part heatmap
regression,” European Conference on Computer
Vision, pp. 717-732, 2016.
https://doi.org/10.1007/978-3-319-46478-7_44
Belagiannis, Vasileios, and Andrew Zisserman.,
“Recurrent human pose estimation,” Automatic Face

& Gesture Recognition (FG 2017), 2017 12th IEEE
International Conference on. IEEE, pp. 468-475,
2017. https://doi.org/10.1109/fg.2017.64

[18] Google, “MNIST For ML Beginners,”.

https://www.tensorflow.org

[19] Mehta, Dushyant, et al., “VNect: Real-time 3D

Human Pose Estimation with a Single RGB
Camera,” arXiv preprint arXiv:1705.01583, 2017.
https://arxiv.org/abs/1705.01583

[20] Ramakrishna, Varun, Takeo Kanade, and Yaser

Sheikh., “Reconstructing 3d human pose from 2d
image landmarks,” Computer Vision - ECCV 2012,
pp. 573-586, 2012.
https://doi.org/10.1007/978-3-642-33765-9_41

OXMA =71

Ht M 5[(Seohee Park)

E-mail : eehoeskrap@kgu.ac.kr

& F #E(Junchul Chun)

E-mail : jechun@kgu.ac.kr

2017 B.S. in Computer Science, Kyonggi University, Suwon, Korea
2017 ~Present : M.S. Student in Computer Science, Kyonggi University, Suwon, Korea
Research Interests : Computer Vision, Human Activity Recognition

1984 B.S. in Computer Science, Chung-Ang University, Seoul, Korea

1986 M.S. in Computer Science(Software Engineering), Chung-Ang University, Seoul, Korea

1992 M.S. in Computer Science and Engineering (Computer Graphics), The Univ. of Connecticut, USA
1995 Ph.D. in Computer Science and Engineering (Computer Graphics), The Univ. of Connecticut, USA
2001.02~2002.02 Visiting Scholar, Michigan State Univ. Pattern Recognition and Image Processing Lab.
2009.02~2010.02 Visiting Scholar, Univ. of Colorado, Wellness Innovation and Interaction Lab.
Research Interests : Augmented Reality, Computer Vision, Human Computer Interaction

92

2017. 12



