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Abstract

This paper introduces a robot knowledge framework which is represented with multiple classes, levels and layers to
implement robot intelligence at real environment for mobile robot. Our root knowledge framework consists of four classes
of knowledge (KClass), axioms, rules, a hierarchy of three knowledge levels (KLevel) and three ontology layers (OLayer).
Four KClasses including perception, model, activity and context class. One type of rules are used in a way of
unidirectional reasoning. And, the other types of rules are used in a way of bi-directional reasoning. The robot knowledge
framework enable a robot to integrate robot knowledge from levels of its own sensor data and primitive behaviors to
levels of symbolic data and contextual information regardless of class of knowledge. With the integrated knowledge, a
robot can have any queries not only through unidirectional reasoning between two adjacent layers but also through
bidirectional reasoning among several layers even with uncertain and partial information. To verify our robot knowledge
framework, several experiments are successfully performed for object recognition and navigation

Keywords: Robot Knowledge, Robot ontology, Bi-directional reasoning, Object Recognition, Navigation
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Fig. 1. Architecture of Root Knowledge Framework.
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(Context KClass), 3 %(Activity KClass)-2.& o]0
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Ao 1.
Multi-layered Robot Knowledge framework
MRKF := (KBoards, R0)

Such that KBoards are knowledge boards and Ry is a
finite set of rules.

Aol 1€ 2R A AA9 7B FA4 24 (Basic
Element) 24 A4 H=(knowledge board)® T3
(rule)& 4 9J g

e 2.

A set of Knowledge Boards of MRKF consists of
4Knowledge Types;

KBoards := {KClassesi | 1 <1 < 4}
We define a knowledge board KClasses; for i & N (set
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of natural numbers), 1 < i < 4

KClass; is a class of knowledge for the perception (P),
KClass, is a class of knowledge for the model (M),
KClasss is a class of knowledge for the activity (A),
KClassy is a dass of knowledge for the context (C).

49 204, A4 RE AFE A3} )4 BE
= 4 A AZE KClass) o2 FAYEY z7zhe ¢l
#l " (Perception class), 2d #¥(Model class), A3
#¥ (Context class) ¥ &% #'#(Activity class)e]th.

9 3.

A set of a Type of Knowledge of MRKF consists of 3
Knowledge Levels,

KClassi .= (KLevel; 1< i <4,1 <j < 3}

We define a Knowledge Level for ij € N (set of natural
numbers), 1< i <4, 1 <j <3

Kl eveli; is a knowledge level for the low level knowledge
(P, My, A, G,

KLeveliz is a knowledge level for the middle level
knowledge (Ps, My, As, ),

Kleveliz is a knowledge level for the high level
Knowledge (P;, Ms, As C3).

24944

A set of a Knowledge Level of MRKF consists of 3
Ontology Layers;

Klevely= {OLayery 1< i <41 <j<31<k<3}

We define a Ontology Layer for ijk € N (set of natural
numbers), 1< i <4, 1 <j<3 1<k <3

OLayeruJ is an ontology layer for the meta-ontology layer
(P, My, Air, G1),

OLayer;z is an ontology layer for the ontology schema
layer (Py, Mps, Az, G2),

OLayerys is an ontology layer for the ontology instance
layer (P, Mjs, A, G3).

Ao} 33 A9 4o]M, 24 K= (Kboard)?] H3-A
2l Z(knowledge levell Kleve)¥} <2&8zZx =
(ontology layer: OLayer)& A 2l3Ht} 2|4 RE== 97)
(3 KLevel * 3 OLayer)2 T4€th 3 A4 Z(KLevel)

v @ 224 Z(low level knowledge ), 7+ ©
A4 Z(middle level knowledge) 2 A9 #& =4l
(high level knowledge)olil, Z+zte] #]AZ(KLevel)

HE}-LEZX] Z(meta-ontology layer), &£
(ontology schema layer) 2 2E&x )
(ontology instance layer)¥} #2 3709 £EEX
(OLayer) 2.8 FAH)

of rlo o i rlr

=
o

=
°

3¢l 5,
The ijk-th ontology laver in MRKF consists of 6-tuples;
OLayerijk := (Cpy, Ry, Rely, HyuS, Hul, Aw’)
Forl<i<41<j<31<k<3
Coix is a set of concepts in OLayer;,
R is a set of relations in OLayer;y,

Reli is a set of relation functions in OLaygri, Hyb is a
set of concept hierarchies in OLayery, Hiy' is a set of
relation hierarchies in OLayerj, A0 is a set of axioms.

Aol 58 A4 RE Fx 2EZA F(knowledge
board structure OLayer)¥] 7|24 2E2X] 84F
(basic ontology elements)S Holi St} o< FX
= 6-Tuple 2 T4EH, 449 4EL t&3 2ol
A3 (Concept), BA(Relation), B4 7]%5(Relation
function), 708 AZ(Concept hierarchy), &4 AZ=
(Relation hierarchy) ¥ &2](Axiom) ©|t}.

39l 6.
representation of logical language A is represented by
structures of OLayeriic (P, My, A, Cii) (elements of
G, Rijx and Rely of OLayery) for 1 <i <4, 1<j < 3,
1 < k < 3 which are the elements in the same OLayeri
Also, a sentence of A specifies the meaning of the
elements by describing the relationship of the elements in
a Olayery. Any sentence in A can not be entailed by
other sentences in /A

49 7.
Axioms are a structure o 3-tuples;
={Al, A,

(i) Al is a set of axiom identifiers
(it) A is a set of logical sentences, and
(ili) a is a set of axiom mapping functions: a« Al= A

A9 63Jr A9 72 7Wd(Concept)® #A(Relation)S
+ FE(Axiom)& UEHALE oq7]A, F
2E2A Z(OLayer) Alol9] Concept £

49 8.
A structure of rules for knowledge board consists of 2 sets
of rules;
R = (R R

R7 is rules between hierarchical lavers of KLevel; in the
same KClass; for uni-direction

R is rules among hierarchical layers of Klevel; but the
different KClass; for bi-direction
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Fig. 2. Example of Robot Knowledge Framework.

A 9.

logical language. 1) is represented by 3-tuples of OLaveri
(elements of Gy, Ry and Rely. of OLavery.). A sentence of
1) represents the relationship between the three elements of
OLayery (Cy, Ry and Rely), and is used to entail other
concept or relation The rule should include at least two
elements, one from a OLayer;y and the other from another
OLayer ke

¢ 10.
Rules between hierarchical layers are a structure of 3 tuples:
RY = (RI" 1), &)
(i) RI" is a set of layer rule identifiers
(ii) 1/ is a set of logical sentences for layer rules, and
8}}) B is a set of layer rule mapping functions: 8% RIf'=

29 11

Rules between levels of knowledge are a structure of 3
tuples:

R" = (RI", )Y, &

(i) RI* is q set o association rule identifiers

(i) % is a set of logical sentences for association rules, and
(iii Z ﬁL ts a set of association rule mapping functions: 5

A9 12.
Meta-rule is a rule template in the form of

Pr AP N AN PR AU A Q A A Qy

==X

H44HCH

M6z

23

(439)

where P; (for i=1,m) and Q; (for i=1,--n) are either
concepts or relations defined in meta-ontology layer
(OLayery. where =1,234 and j=12.3), and U presents
additional user-defined predicates.

A9 8 9, 10, 11 ¥ 12& 22 A4 @2l OLayer
Atolo] 8 A 02N 1A HN A e
OLayer Ale]e] dHolE] dt ZA o) tig 738 39
gl OLayerol 4] Axiome] A<9=¥ OLayer Alo]9l
THE A4t 281 A9 128 729 dZ3 &
(Template Form)2. 24 w e (Meta—rule)S e}
puA=

el 13.
A structure of knowledge query;
KQuey; := (KBoardsys, Ri)) (1 <i <4, 1<j <3)
KQuery is a subset of instance of KBoardss

R is a set o rules for association between ontology
instances of knowledge level- OLayeris

2
A&

= =
T

Aol 1344 HE
(Query)S Aojgtth A4 ¢
o 3k 2 el oA =
drt.
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flo
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73e] 3049 A #HEE 3709 224 Z( Klevels:
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(Numerical Descriptor layer) 224 A9 AX &3
deold Z2 44 dadFel d& AA4E SIFT, A
(Color), 71 HE{(Gabor Filter) 2 #al~ FW(Harris
comer)$t 22 oz ZEAA 218 Z9 numerical
descriptor®] set& ¥ 3t}

P2& A7 EA Z(visual feature layer)EA P19
T2 Zlgd o8 FEH Alo]Z(size), Wi hue), FEH
(shape) 2 #RA(line)# Z& A2 EAE £33t} o
o, ¥ E5AL MY oA (Canny edge
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descriptor)
F&dr},

P3= P2¢] A9 #d F8 Ao AgE
AE(symbols)# Az EFE 71 H2
AlZk g &(Visual Concept Layer)o|th,

O9 2v 9F ofg FE2 A4 x4 Az 42X
‘hue value”®] 4 71& @ A 49l “0.09” & A1Z
£7% “hue” 71'd<] “greenish blueQl”ol £3}A €t}
ol Bl “color’9] AlZH AL “color0l”e] o7t @
o I 9 “text”, “SIFT"& 93 Azt 7ide] ot

o|#13t Q1A (Perception) EFYS LEZA A4 Tz
o a7le] AAd FES L= AA(cognitive) Al
7 Z2A2E 1349 & ok
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B 22 X4 A

Lt. 28 X4 AF (Model KClass)

g9l 3elA Al 37HA
(KLevels) &, M1, M2 2 M3& 7Fdc} M1 ALE 9
BE AME AZF 5 (color, shape, texture) L AFE9)
N e (mobility) S E33t= 4 Z(object
feature layer)olth. o|#d & 91 (perception)
gde] A1z d oA d2d Aotk

M2 AHE BAF a9 7]5E st A
(object layer)o]t}. 181 M3E 9 249
EAM9 F7t Z(space layer) 2=, thekdt E&(grid
map, feature-based map, topological map, semantic
map)< 7HT

% 29 F Ao 2d e LEZXE e
t}. “kitchen”°]8h= &7 (space) E@ol| “kitchenl” o)
B A drt 3, ols EF ‘nodes’E X
“kitchen1”¢] Ftdle AFE BEE Hde “tablel”,
“cupl”, “flowerpotl”®] oAE =33tz Yo} 1 F
“cupl”®] AFE 22-& “colorl”# “SIFT match017¢] A}
E 54 dof 5L 7.

A4 AA AF A9 FA AF

39 dEF AAH A AN Dol 5
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T, A% XN4& AZE (Context KClass)

e 39 A% AA AFL N F(Klevels) F,
Cl, C2 2 C3Z& 7kt C12 $l(on), ¢Hin), YZ(left)
L EZ(right) % 2& T Ads MR 3
28t Z(spacial context layer)o|th. C2& &2 (now),
ZA(just before), Foll(after)t 2& Al7F AEL 7t
2 AIZF 48 Z(temporal context layer)e]t}. C32
2+ A8 Z(high level context layer) 22 Cl3} C2
Bt et 43K Context) THEd] AME 214
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a9 29 AL 747 MY A S
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2t 88 X4 AE (Activity KClass)

A9 39 &% dA¥e A A AF F Al A2
2 A2 FAHY gtk Ale o ‘AR ‘TR
“FIA", AR B9V 2L 2RO IR o B
¥ 3% Z(behavior layer)o|tt.

A2= PTEY FE 2P w2 Y ZE(task
layer)elth A2+ o F+o.2 o]%F(gotoSpace), B3
#71(localization), AH& 14 (object recognition) 9} 2
B¢ (Behavior) ] 93 £=ME 23 7M5d SZoz
o] Fof A},

A3E ARE AH: 3 e T B )
¥dse A71H BFA W@ AulA ZE(service
layer)o]tt.

¥ 29 fade % A4 AFY oot} A
A4 AZA Mulxs Aol “delivery service” 7l
2 “delivery servicel”9] A& A3 H1 o] ThA
“navigation]” # “find objectl” & M¥|AE AZ3 H
ok 2 % “find objectl”e] MHjx2E JF AZ9 e
TULE o5 “gotoSpacel’st A A BA
¢ 27|l “CFindobjectl’® 74 ¥t 281
“gotoSpacel”& 29 A Pl “goto” 9 “turn”©.
2 74 9t

olgjdt &5 ¢AE
o]  Hew,
(abductive event calculus)Z

o S

T

A8 427 (plannen)o] 2)3}o]
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% A4 A3ER 488

of, 32| (Axioms) It #&!(Rule)
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o 3% 194 “QEZ” 3} ‘9= “9” 9} “ofgf”
vt #A (inverse relation) ¢ 228 HA3Y.

THe UwrHel ¥¥e “IF-THEN” ojth. & =&
AA AL G2 A4 Aoy b 2EEA A
te] a4 AR APk 73 F kX gyt g
o, Y A AE 7 v U2 AF 719 Faoz
o 28 32 (uni-directional reasoning)E 3 T
RHDF o2 AF o] F9EF FE (bi-directional
reasoning) 3(RL)e] St}
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Knowledge Instance Rule Knowledge Schema
Uni—directional reasoning for Object recognition
M typelcup_001, cup) . M IF visual_feture_instnace::X has extractor::D AND X has
and has_vc(cup_001, hue, greenish visual numerical_descriptor::V AND ‘visual_concept: C' has range has_ex(hue, hue_extract).
M blue). fromLto HAND L <V <H has_ex(SIFT, sift_extract).

2 has_vc(cup_001, SIFT, 5). concept THEN X has ‘visual concept: C’ P, has_ex(shape, shape_extract).
P, segment3(hue_val, 0.09). IFObject_instance U has visual concept instances: V1 ... {and range(hue, greenish blue, 0.0,
and |Se9ment3(SIFT_match, 5). B VN AND Object ‘cup’ has visual concepts ‘hue:greenish |Ps 0.1).

P segment3(hue, greenish_blue). i blue’ and ‘SIFT_match:5’ AND all ‘cup’ relevant visual range(SIFT_match, cup, 5,

2 segment3(SIFT, SIFT_match).  |cuP Match | oncenie are exists in V1..WN 1000).

M, type ( segment3, cup) THEN U is instance of ‘cup’
Uni-directional reasoning for Object recognition (Not matched case)
R IF visual_feture_instnace::X has extractor::D AND X has
p Segment4(hue_val, 0.12). isual numerical_descriptor::'V AND ‘visual_concept: C’ has range P,
' | Segmentd(SIFT_match, 4). VIS from Lto HAND L <V < H ang |range(nue, blue, 0.1 0.2.
concept THEN X has ‘visual concept: G’ o range(SIFT_candidate, 3, 4).
P Segment4(hue, blue). ; IF Object_instance U has visual concept instances: V1 .| !
2 Segment4(SIFT, SIFT_candidate). |R : * VN AND Object ‘cup’ has visual concepts ‘hue:blug’ and
cup ‘SIFT:4 AND all ‘cup’ relevant visual concepts are exists bl
M. type(segment4 , candidate(cup)) |candidate  |in V1..VN L M EZ:{EEEES’ ngeT m;)éhed 4)
THEN U is candidate of ‘cup - ’ ’ ’
Bi-directional reasoning for Object recognition (Matched case)
Ve type(segment4 , candidate(cup)) [=a :L;); is object And Y is space And location of X is included
type(segment5, table_001) in THEN X is in Y
Ms  |type (space. Kitchen_001). IE Object_instance U is ‘cup’ candidate AND space has_obj(kitchen, cup)
g instance is ‘cup’ relevant space: ‘kitchen’ AND context |Ms has._obi(kitchen, table)
Cy onlcup_001, tabke_001) instance is ‘cup’ relevane: ‘on:table” AND there exist -
cup - object instance near U which has relation context ‘on” with
Ms type(segment4, cup) recognition  |opject ‘cup’ and ‘taple’
THEN U is instance of ‘cup’
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