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Sparse Gaussian Process With Input Noise for Human Pose Estimation

XIA Jia-Xin'2 CHEN Xj* LIN Jin-Xing* LI Wei-Peng® WU Qil?

Abstract Gaussian process regression (GPR) is a common method for structured prediction and human pose estimation,
in which input and output are both multivariate. Computational complexity is a significant consideration of GP regression
and it can be reduced by sparse Gaussian algorithm. The fully independent training conditional (FITC) algorithm is a
good method for sparse Gaussian process, and it can be applied to fully-independent input problems. Input noise is
another significant consideration of GP regression. Moment matching can be used to solve trial input noise while training
input noise can be modeled as output noise to achieve higher accuracy. On the basis of above algorithms, this study
proposes a sparse Gaussian process with input noise for human pose estimation. A dataset from multiple people is used
for experiments, in which the input is the image from video processing or image descriptor obtained by feature extraction,
and the output is a three-dimensional human pose. The accuracy, runtime and stability of the algorithm are all satisfactory

compared with other methods for human pose estimation.
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Table 1  Comparison of GP, FITC, NIGP and SGPIN
AR/ YR A% MSE (10?) FZATHHE] (s)
GP 200 31.1326 1.876034

FITC 800 18.6279 0.062001
NIGP 200 18.6279 13.630882
800 8.6265 0.003087
SGPIN
200 18.4946 0.002612
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Table 2  Experimental set
AL Il AMEL AME2 MRS BH
Walking 1176 876 895 2947
Jogging 439 795 831 2065
Throw/Catch 217 806 0 1023
HoG
Gestures 801 681 214 1696
Box 502 464 933 1889
Total 3135 3622 2873 9630
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Table 3  Evaluation of average error of different algorithms based on HoG feature of HumanEva-I

WFEA A ik FEAEL GP TGP TGPKNN KTA HSICKNN SGPIN
Walking 1176 398.5823 197.1179 193.9949 213.5265 218.6241 161.2112
Jogging 439 383.7747 212.3234 212.2018 188.6683 196.0839 154.5919
S1 Throw/Catch 217 414.5873 174.2834 / / / 100.7592
Gestures 801 415.3106 98.6237 102.5520 92.1541 156.6464 20.1770
Box 502 426.6358 162.6801 163.3203 118.0500 149.5003 82.3949
Walking 876 398.5817 197.1496 195.5694 206.7040 211.9735 160.4342
Jogging 795 405.1201 213.0572 207.2430 227.3562 231.1777 176.1768
S2 Throw/Catch 806 421.5898 210.1543 199.3265 173.2717 189.7417 92.6742
Gestures 681 410.0671 201.1053 201.7576 153.9103 173.0548 63.2473
Box 464 421.3947 171.6007 109.1912 137.1031 159.5833 98.3920
Walking 895 412.0019 219.2579 214.8589 236.1566 239.6487 177.3461
Jogging 831 441.7053 211.1343 206.1400 233.5746 236.5287 184.2251
S3 Throw/Catch 0 / / / / / /
Gestures 214 4737616 159.7482 / / / 40.3100
Box 933 483.6534 214.1621 207.7578 186.5170 195.9815 120.6541
SR 9630 284.0985 160.1196 162.0768 / / 155.3066

F 4  ET HumanEva-1 $884E HoG HFRE R A R 5535 193847 I )

Table 4  Evaluation of runtime of different algorithms based on HoG feature of HumanEva-I

A4 e AR GP TGP TGPKNN KTA HSICKNN SGPIN
Walking 1176 0.11 26.77 24.67 28.16 27.87 18.02
Jogging 439 0.03 8.47 10.43 10.18 10.26 21.65
S1 Throw/Catch 217 0.01 3.77 / / / 22.44
Gestures 801 0.07 27.15 27.31 18.64 19.42 19.78
Box 502 0.03 10.11 11.19 11.75 11.84 21.90
Walking 876 0.08 20.86 25.83 20.03 20.26 22.04
Jogging 795 0.07 18.06 17.86 17.64 17.74 23.32
S2 Throw/Catch 806 0.02 18.56 26.59 20.13 20.02 21.69
Gestures 681 0.04 14.32 15.52 15.91 16.64 18.38
Box 464 0.03 9.02 10.35 10.71 11.43 23.69
Walking 895 0.09 22.78 22.63 20.75 20.95 21.13
Jogging 831 0.08 21.83 20.13 18.51 19.01 20.36
S3 Throw/Catch 0 / / / / / /
Gestures 214 0.04 6.13 / / / 22.62
Box 933 0.10 23.70 23.67 22.68 23.57 21.69

PEY e 9630 11 1928 442 491 495 41
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Table 5  Predicting errors of subject 3 walking

GP TGP TGPKNN HSICKNN KTA SGPIN
1 412.0 219.1 214.8 236.3 239.6 177.6
2 412.0 218.0 214.9 232.5 235.7 176.9
3 412.0 220.2 214.6 237.1 2409 1777
4 412.0 2204 215.6 241.6 244.8 1775
5 412.0 218.7 214.5 233.4 2373 177.0

J2E 0.00 1.04 0.18 12.89 12.38 0.14

5 o —ATRYIT ZE OB T IR (A Y B
REPE. J7 22K, SRR PRI, J7 2280 ], 339K

A R P e

gherlE 2. & 3 FIEE S Al AT 6 FhETER
FasE . HSICKNN fil KTA By A E, TGP
il TGPKNN SFykfeE—ak, GP &AM SGPIN
EVER E AT o, SGPIN 443 To i e 1 i) A%
BRI LS, 02 B BT R — A 4R,
HBBE IR B o3 B 1 TN AE B, 3K 7 e o TR 4
ST SGPIN Fayk 2 —Fpagtg ) 21| 55 br TAR Y.
AU NS AT .

5 HRIE

ARSCHE T — P A e S i e RS R g R
PR B R DEAT DA A AR R R ST T 17 A
B AR AL SR R AT HumanBEva-T $odl
R HoG RHESR Y =4 AR ZSATHIR L, 404 3
PTG 5 DPARES. FAES GP H
. TGP &k, TGPKNN %y, HSICKNN 5y
A1 KTA FIRAERTNHER E . s 17 IR RAA R E v
J7 T HEAT A, AR SCAE BA BN LT R A 45 2R
FES R MER E )7 10, SGPIN 5955 HiAth 5354 K,
HAT RGN T-91R Z ANE m W AR E 1 (/iR 22
T B iR ZE i £), TGP fl TGPKNN 5
RAERE DT R I, KTA 533481 HSICKNN
SRERRBURE. FEiafr it E) Jr i, SGPIN S5k %
AT, (B2 5 H AR A LA RAKIHZ AT
PARESZ R [R)I25 lE TN A . SR AR E M S s
FrIsHE =35 26, SGPIN #yd 2 —Fp iy i T A%
AT R A R A

R TARE S @X T RIS LB L T
SRRt R oA ] RO YRR B SRR B RK
iz AT ], HIFARXH A LG BT s M. Bt
B, e A M) i A R 2 [ 5 i A R T
QAR PR A v 2 A A i A R A5 2 SR 2 TR AR B
HAR IR KRR, Al 550 A B ) Ut T
J&, I AMURRT HoG X —FF-iE, % RAURBR
T NS AT X — ), T T A o 2 i 4
FE AT 7] AL

References

1 Shen Jian-Dong, Chen Heng. New human pose estimation
algorithm based on HOG and color features. Computer En-
gineering and Applications, 2017, 53(21): 190—194
(&L, HiE. fia HOG FMZ e ARSI, 1
BHL TS, 2017, 53(21): 190—194)

2 Wang J M, Fleet D J, Hertzmann A. Gaussian process dy-
namical models for human motion. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2008, 30(2):
283—298

3 Yuan Zi-Hua, Li Feng, Zhou Shu-Ren. Human pose esti-
mation based on Haar characteristics LBP texture feature.



704

H zf)

i

i 45 ¥

10

11

12

13

14

15

16

Computer Engineering, 2015, 41(4): 199—204
(sete, g, A4, BT Haar B LBP SURRFEM A KLTS
filivt. WEHLTR, 2015, 41(4): 199—-204)

Zhao X, Ning H Z, Liu Y C, Huang T. Discriminative es-
timation of 3D human pose using Gaussian processes. In:
Proceedings of the 19th International Conference on Pat-
tern Recognition. Tampa, FL, USA: IEEE, 2008. 1—4

Bratieres S, Quadrianto N, Ghahramani Z. GPstruct:
Bayesian structured prediction using gaussian processes.
IEEE Transactions on Pattern Analysis and Machine In-
telligence, 2015, 37(7): 1514—1520

Ding M, Fan G L. Articulated Gaussian kernel correlation
for human pose estimation. In: Proceedings of the 2015
IEEE Conference on Computer Vision and Pattern Recogni-
tion Workshops (CVPRW). Boston, MA, USA: IEEE, 2015.
57—64

Rasmussen C E, Ghahramani Z. Infinite mixtures of Gaus-
sian process experts. In: Proceedings of the 14th Interna-
tional Conference on Neural Information Processing Sys-
tems: Natural and Synthetic. Vancouver, British Columbia,
Canada: MIT Press, 2002. 881—888

Yu Bin-Feng, Ji Hai-Bo. Sparse Bayesian mixture of experts
and its application to spectral multivariate calibration. Acta
Automatica Sinica, 2016, 42(4): 566—579
(B, . Mg DUHIRE & & SO AR AR o
IR . BhikadR, 2016, 42(4): 566—579)

Liu Chang-Hong, Yang Yang, Chen Yong. Incrementally
learning human pose mapping model. Computer Science,
2010, 37(3): 268—270

(CRHCAL, A7, BRD3. MR N AR SRR 27 5 Oy k. 7L
Rl2#, 2010, 37(3): 268—270)

Yan Xiao-Xi, Han Chong-Zhao. Maximum likelihood esti-
mation of multiple target states based on incremental finite
mixture model. Acta Automatica Sinica, 2011, 37(5): 577
—584

(NG, BhSsm. BT U OR A AR 2 H ARSI LA
fliit. EEhfeaE, 2011, 37(5): 577—584)

Csaté L, Opper M. Sparse on-line Gaussian processes. Neu-
ral Computation, 2002, 14(3): 641—668

Bijl H, van Wingerden J W, Schén T B, Verhaegen M.
Online sparse Gaussian process regression using FITC and
PITC approximations. IFAC-PapersOnLine, 2015, 48(28):
703—708

Snelson E, Ghahramani Z. Sparse Gaussian processes us-
ing pseudo-inputs. In: Proceedings of the 18th Interna-
tional Conference on Neural Information Processing Sys-
tems. Vancouver, British Columbia, Canada: MIT Press,
2006. 1257—1264

McHutchon A, Rasmussen C E. Gaussian process train-
ing with input noise. In: Proceedings of the 24th Inter-
national Conference on Neural Information Processing Sys-
tems. Granada, Spain: ACM, 2011. 1341—1349

HumanEva Dataset [Online], available: http://humaneva.
is.tue.mpg.de/, November 3, 2017

Sigal L, Balan A O, Black M J. HumanEva: synchronized
video and motion capture dataset and baseline algorithm
for evaluation of articulated human motion. International
Journal of Computer Vision, 2006, 87(1—2): Article No. 4

17

18

19

20

21

22

23

24

25

26

27

Poppe R. Evaluating example-based pose estimation: ex-
periments on the HumanEva sets. In: Proceedings of the
2007 Computer Vision and Pattern Recognition Workshop
on Evaluation of Articulated Human Motion and Pose Es-
timation (EHuM2). Minneapolis, USA: IEEE, 2007.

Su Ben-Yue, Jiang Jing, Tang Qing-Feng, Sheng Min. Hu-
man dynamic action recognition based on functional data
analysis. Acta Automatica Sinica, 2017, 43(5): 866—876
(TAER, #at, VPCH, B BT BB 7 i MBS
sl B, 2017, 43(5): 866—876)

Shakhnarovich G, Viola P, Darrell T. Fast pose estimation
with parameter-sensitive hashing. In: Proceedings of the 9th
IEEE International Conference on Computer Vision. Nice,
France: IEEE, 2003. 750—757

Han Gui-Jin, Zhu Hong. Human pose estimation algorithm
based on pictorial structure model. Computer Engineering
and Applications, 2013, 49(14): 30—33

(b3t 4s, RIT. —FhEET B A5 BERL ) AR ZSAH SEE. 15Tl
TRESR A, 2013, 49(14): 30—33

Jiang H. Human pose estimation using consistent max cov-
ering. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2011, 33(9): 1911-1918

Yang W L, Wang Y, Mori G. Recognizing human actions
from still images with latent poses. In: Proceedings of
the 2010 IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR). San Francisco, USA: IEEE, 2010.
2030—2037

Xu Feng, Zhang Jun-Ping. Facial microexpression recogni-
tion: a survey. Acta Automatica Sinica, 2017, 43(3): 333—
348

(G, T IR BN RIS, B LR, 2017, 43(3):
333—348)

Xu Yuan, Xu Xiao-Liang, Li Cai-Nian, Jiang Mei, Zhang
Jian-Guo. Pedestrian detection combining with SVM clas-
sifier and HOG feature extraction. Computer Engineering,
2016, 42(1): 56—60, 65

(IRIK, VriRess, 24 4F, 240, KR, 454 SVM 43285 HOG
FRESRIAAT AR TN TR, 2016, 42(1): 56—60, 65)

Bo L F, Sminchisescu C. Twin gaussian processes for struc-

tured prediction. International Journal of Computer Vision,
2010, 87(1—2): 28—52

Cristianini N, Shawe-Taylor J, Elisseeff A, Kandola J. On
kernel-target alignment. In: Proceedings of the 14th Inter-
national Conference on Neural Information Processing Sys-
tems: Natural and Synthetic. Vancouver, British Columbia,
Canada: MIT Press, 2001. 367—373

Gretton A, Bousquet O, Smola A J, Scholkopf B. Mea-
suring statistical dependence with Hilbert-Schmidt norms.
Algorithmic Learning Theory. Berlin Heidelberg, Germany:
Springer-Verlag, 2005.

BEEMR HFGERFHRTHERSHEA
LAEE BT B 3 A R F5E A 2015 4
LSRRI S TIPNE =  mee o AE EE 3 1/ T
J7 1A G AL P S B2 >

E-mail: jessicax_1993@163.com

(XIA Jia-Xin Master student in the
Department of Automation, School of
Electronic Information and Electrical



M TN BT AR TR AR A 705

Engineering, Shanghai Jiao Tong University. She received
her bachelor degree from Shanghai Jiao Tong University in
2015. Her research interest covers image processing and
machine learning.)

R B D RO KA A R A B U
Uil 2014 4F4RAS 52 5 SRR TR
D LRBEIE AL EERR TR
W RTINS AR R B, ML, S
BRI, E-mail: chenxil@comac.cc

(CHEN Xi Lecturer at the School of
Aeronautics and Astronautics, Shang-

i Acconautics sud At ,
ai Jiao Tong University. He received

his Ph. D. degree in aerospace engineering from Royal Mel-

bourne Institute of Technology University, Australia in
2014. His research interest covers prognosis and health
management, machine learning, and structural health mon-
itoring.)

WEE  FRUl R B3 B Al
. ERBIT W NI R G AR
S, DA R RS

E-mail: jxlin2004@126.com

(LIN Jin-Xing Associate professor
at the School of Automation, Nanjing

University of Posts and Telecommuni-
cations. His research interest covers in-
telligent modeling and control of complex systems, switched
singular systems.)

FEME IR AE KA A A R A B
FEHL. 2008 AFARAT M R I Tl Rt
07, 2011 AFRPRAF AR RS S R L
G e (VA S8 % B [ I R U e
Bl BRI,

E-mail: liweipeng@sjtu.edu.cn

(LI Wei-Peng
School of Aeronautics and Astronau-

Professor at the

tics, Shanghai Jiao Tong University. He received his master
degree from Harbin Institute of Technology in 2008 and his
Ph.D. degree in aerospace engineering from University of
Tokyo, Japan in 2011.
mining for turbulence, drag reduction, and noise control.)

His research interest covers data

X & EBETERYHTELESER
TAEEBE A sk R EI Bz, 2009 4F3R7F
AR A B A Beda il TR s i 2
W L2E L. EERR T 1 N IREL 2
W 2% A 5 2 ] SR, Ml ) SRR
PO ASCE A

E-mail: wuqi7812@sjtu.edu.cn

(WU Qi Associate professor in the
Department of Automation, School of Electronic Informa-
tion and Electrical Engineering, Shanghai Jiao Tong Uni-
versity. He received his Ph. D. degree in control theory and
control engineering from the School of Automation, South-
east University in 2006. His research interest covers deep
multi-layers network modeling and learning algorithm, ma-
chine learning, and pattern recognition. Corresponding au-
thor of this paper.)



