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Probabilistic Graph Based Object Category Recognition Using the
Context of Object-Action Interaction
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ABSTRACT

The use of human actions as context for object class recognition is quite effective in enhancing the
recognition performance despite the large variation in the appearance of objects. We propose an efficient method
that integrates human action information into object class recognition using a Bayesian appraoch based on a
simple probabilistic graph model. The experiment shows that by using human actions ac context information we

can improve the performance of the object calss recognition from 8% to 28%.

I.M B gkrto] 7153t} ool 2 od= wl|o]%|skBayesian)
wRals- B3 Algke] )5S AuAE Hua x435}
clekgt 213& 71x= B9 W (object class)E o] A WF QAE sfas} gk

QAlEE Al v oEE AR Q1A Eefgir) Ae] dlE 2 EA o)¥S 3k e ol
Agte] ALBIE TG 2 ) Gabel Gl 2 & RS A LIl ASlsht @ g1
ol Bfgehe EAlel BT ARe] RESS QAR @ olelteld AU Tt ek ARk E=
+ olemz ARl e w4 —;:’— Gl oso)E B AEE 913 AUAE G0 9eeke
Ades e geslel BA] UF QA Al ATRE el BAE AHgsle] Ake) 2=

First Author : Electrical and Computer Engineering, Sungkyunkwan University, beagii@skku.edu, %3]

Corresponding Author : Electornic and Electrical Engineering, Sungkyunkwan University/ Information and Communication
Engineering, North university of China, jhyi@skku.edu, 3|1

Electrical and Computer Engineering, Sungkyunkwan University, prO411@skku.edu, kanje0602@skku.edu

F=rHlE L KICS2015-07-235, Received July 23, 2015; Revised October 13, 2015; Accepted October 13, 2015

R ATE FFATAT =EA TR (NRE-0213R1A1A2006164) A1 2 A3t oistar 4kt geicke) we)2 Sa=glsuch
*

2284

www.dbpia.co.kr



A=)
=

[‘F

4 1 Q1 ils) ) shes) A7
9] 14 T&ﬂ]'g 2 212) 3= random fieldE ©]&3h=
EAE ARSERE AL EellA]
A7k AAE F2ER Q8 shie] 227} ofd
gl WHialA] s ] el shlel %
= e 23] EAl0 WFE mIash
< glek EAE AYAE ARE 835} Alghe]
A5o At ARk st Ao IAE
g9 LOE.. 5 = o:]:r713] 3] ARZ /\]_EL
9] P& FHsl HMM(Hldden Markov model)<-
gato] olAgit} A5-S AEsAl Ak SlsiA
= ZF 7HQle] g Sxw Qe EAEhs AR ok
Zole] o] ArE AEsH vl = gl whye
a7k EA9} Algke] A5S Akl ZEsE
AR A AHsRs Qe B4 QX S QAlE
Agtsle] Al EA49] A& 2lE<interaction) 2 2l
/\16}1;]. ./}\__04 ﬂif‘— i;ds]_oq HMM-S _L:—_{;H w 7H_,]
atomic action® & o] A}k sE-S E3FI}
SpA|RE Zhzke] a5 ofg] alE 7t F-fl<zatomic
action©.2 A&l B3ksl= Ao] o83 FAEH €
e 7= EAZ <A tabe] dAEeiel] ol
=0 elywslr} ookl 7-toll= A-8517] oljich
B Qlpe] BAL tloksl 98-Sz Ei <A
A58 3RA7)7] Y AR %S Fafdow
F-g3h= oot Abge] 55 9 7He] 7] E-(key
pose) & YEM| . Zhcket EHE T = mdls i &
A QJAlS- $13 AdiE 2 segh] B ol
71038 o3 22k A, =4 HE QAL 91§
Ao AAE= AFEe] W5E AYAER AME
Aoltk EA), Wl FEH|~E(random forest)” 9}
multi-class Adaboost 'S Z-8-810] 3553t E-A|2} A}
o] ol 3k E BEES o83k E8H 4l
o]x|ek F&e|ch
+A-35(object-action) HE~EE o]|&3|= &
Al T 1A 28] 13} 3k WA = FedAdellA
IE3} Y58 ehfe EA wE e} BA o w
e E53F 54 wEES AREste] A7 SRiA e
2 35l gk Ay Zo B} EAof gt Wi =
EﬂiE% %%ﬂﬂr. ol 77} % Ay xH~EQ}
~

multi-class Adaboost® & Zg-slo] Ez]o] T3t 7|5
A& E3te] ded A0 54 wE2Ae 47
EBEJJr EA 2] el Hgh AN 55 Akt <l
= dloledl] i3t EAS W= A5 A A

Test Training

i Key frame Poselet training :
! selection ]
: Representing key :
Generating Key frame frames as
object features selection poselet vectors

T

Representing ke “
P 8 ey ii |Combining poselet

vectors to build
action features

frames as i
poselet vectors |

- :
i1 | Random forest for|
Combining poselet|:! actions

vectors to build ii T T
action features ! Multi-class Multi-class
| AdaBoost AdaBoost

Generating 3
object features | |
T :

Random forest for i
objects

yesian decision

SR 1wl AdsEg Raw 2 HE A AR
Fig. 1. Object class recognition using object-action context
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Fig. 2. Our graph model for recognizing object class
using human action as context information
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