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Skeleton characterization of object topology toward explainability

Wei Hui, Yu Liping
1. Laboratory of Cognitive Modeling and Algorithms, School of Computer Science and Technology, Fudan University ,
Shanghai 201203, China; 2. Shanghai Key Laboratory of Data Science, Shanghai 201203, China

Abstract: Objective Understanding the shape and structure of objects is extremely important in object recognition. The
most commonly utilized pattern recognition method is machine learning, which often requires a large number of training data.
However, this object-oriented learning method lacks a priori knowledge, uses a large amount of training data and complex
computations, and is unable to extract explicit knowledge after learning (i.e. , “knowing how without knowing why”) .
Great uncertainties are encountered in object recognition tasks due to changes in size, color, illumination, position, and
environmental background. To deal with such uncertainties, a large number of samples should be trained and powerful
machine learning algorithms should be used to generate a classifier. Despite achieving a favorable recognition accuracy in

some standard datasets, these models lack explainability, and recent studies have shown that these purely data-driven mod-
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els are vulnerable. These models also often ignore knowledge representation and even consider this aspect redundant. How-
ever, cognitive and experimental psychology research suggests that humans do not adopt such mechanism. Similar symbolic
artificial intelligence methods, such as representation, induction, reasoning, interpretation, and constraint propagation
have also been used to deal with the uncertainties in object recognition. In vision tasks, improving explainability is consid-
ered more important than improving accuracy. Such is the goal of interpretable artificial intelligence. Accordingly, this
paper aims to provide an interpretable way of thinking from the traditional symbolic computing idea and adopts the skeleton
topology representation. Method Psychological research reveals that humans show strong topological and geometric prefer-
ences when engaged in visual tasks. To explicitly characterize geometric and topological features, the proposed method
adopts skeleton descriptors with excellent topological geometric characteristics. First, an object was decomposed into several
connected components based on a skeleton graph, and each component was represented by a skeleton branch. Second, the
statistical parameter of these skeleton branches were obtained, including their area ratio, path length, and skeletal mass ra-
tio distribution. Third, the skeleton radius path was used to describe the contour of the object. Fourth, to form a robust
spatial topology constraint, the spine-like axis (SPA) was used to describe the spatial distribution of shape components.
Finally, a skeleton tree was used to represent the topological structure ( RTS) of objects. A similarity measure based on
RTS was also proposed, and the optimal subsequence bijection (OSB) was used for the elastic matching of object shapes.
A multi-level generalization framework was then built to extract knowledge from a small number of similar representations
and to subsequently form a generalized explicit representation (GRTS) of the object categories. The uncertainty reasoning
and explainability were verified based on certainty factor theory. Result The proposed model illustrates the process of gener-
ating GRTS on the Kimia99 and Tari56 datasets and presents the physical meanings of most general representations obtained
from homogeneous objects. The skeletal path of an object of the same category was used for reconstruction to clearly
describe the object meaning of each part of GRTS. In the explainability verification experiment, the GRTS of several catego-
ries obtained from the Tari56 dataset was used to apply the topological character to a sample of Kimia99’ s closest category
to discover the specific differences of the new test sample relative to the GRTS. Results show that the representation has
good explainability. Meanwhile, in the shape complementing experiments, RTS was initially extracted from incomplete
shapes to gather evidence, and the uncertainty reasoning was validated with the rule set (Tari56) that was established
according to GRTS. The proposed model only provided are cognition conclusion and showed specific judgment basis, there-
by further verifying the explainability of the representation. Conclusion A skeleton tree was used as the basic means for
generating a formal representation of the topological and geometric features of an object. Based on the generalization frame-
work , the knowledge extracted from a small number of similar representations was used to form a generalized explicit repre-
sentation of the knowledge about an object category. The knowledge representation results were then used to conduct uncer-
tainty reasoning experiments. This work presents a new perspective toward explainability and helps build trust-based rela-
tionships between models and people. Experiment results show that the generalized formal representation can cope with
uncertainties in size, color, and shape. This representation also has strong robustness and universality, can prevent uncer-
tainties arising from texture features, and is suitable for any primitive-based representation. The proposed approach signifi-
cantly outperforms the mainstream machine learning methods in terms of explainability and computational cost.

Key words: vision task; skeleton; uncertainty; topological knowledge representation; explainability
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Fig. 1

RTS establishment

( (a)input image; (b) skeleton graph; ( ¢)shape decomposition; ( d) vectorizing the skeleton end path; (e)forming the final RTS)
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Fig.2  Types of SPA ((a) jp2jp; (b) jp2ep)
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Fig.3 Matching results for two examples

((a) two hands; (b) dog and cattle)
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(b) ZIRZHZHAHERIGRTS KIS T2
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Fig.4 Process to obtain GRTS based on multilevel generalization

((a) common structures of shapes in the same category; (b) multilevel generalization process to obtain GRTS)
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Plugl Wingl Taill Tail2 Wing2 Plug2 Nose

GRTS of the “plane” category
Rules can be naturally derived from a GRTS

IF_(antecedent) | THEN (consequent) | Centainty factor |
0.9

Nose is_Plane

1

2 Wingl AND Wing2 has Wing 1
3 is_Wing is_Plane 0.9
4 Plugl OR Plug2 has_Plug 0.9
5 is_Plug is_Plane 0.7
6 Taill AND Tail2 has_Tail 0.9
7 is_Tail is_Plane 0.8

K5 GRTS JRA: A HA R 68 n] EAE PR T8 SOR
Fig.5 A set of production rules, with sufficient

operability, the rule set generated by GRTS

Pl 6 JE A GRTS AE JUity L U 4R A 7 A1 7 Pk
MR, Hod 6 (a) 2 CHLIIEAR, 18 6 (b)
A& GRTS JRA: (R A 2H B i KLU AR, 18 6 ()
RTS W& INEYE K AR Y B9 E TE R T+, CF ( certainty
factor) (is_Plane, ALL_Evidences) = 0.999 347,
1 6(d) & S ARy, RIALIN R T ) 25

FTE6(b) LIRS, 115 E 6 (a) Fr A UL
MRIAE B, B IE SRR OR B RTS WY& 224332, A

(L]

CF(isp,, ,E!) = CFB(Plug, or Plug, ,E') =
max( CF( Plug, ,E}) ,CF(Plug, ,E;)) x0.7 =0. 28
CF (ispy,, ,E;) = CF(Plug, or Plug, ,E/) =
max( CF(Plug, ,E;) ,CF(Plugs,E;)) x0.7 =0.28
CF(isp,, ,E7) = CF(Wing, and Wing, ,E',) =
min( CF( Wing, ,E;) ,CF(Wing, ,E;)) x0.9 =0. 81
CF(isp,,, ,E|,) =CF(Wing, and Wing, ,E|,) =
min( CF( Wing, ,E|,) ,CF(Wing, ,E|,)) x0.9 =0. 81
CF(ispy,, ,Eq) = CF(Plug, or Plug, ,Eg) =
max( CF( Plug, ,E.) ,CF(Plug, ,E.)) x0.7 =0. 49
CF (ispy,, ,E1y) = CF(Plug, or Plug, ,E|,) =
max( CF( Plug, ,E\,) ,CF(Plug, ,E},)) x0.7 =0.49
CF (is_Plane ,Ey) = CF(Nose ,E5) x0.9 =0. 81
CF(ispy,, ,E,) =CF(Tail, and Tail, ,E}) =
min( CF( Tail, ,EL) ,CF(Tail, ,E}) ) x0.8 =0.4
CF(ispy,, ,EL) =CF(Tail, and Tail, E?) =
min( CF(Tail, ,E.) ,CF( Tail, ,E!)) x0.8 =0.32
CF(isp,, ,E;) =CF(Tail, and Tail, E}) =
min( CF(Tail, ,E.) ,CF(Tail, ,E.) ) x0.8 = —0. 24
CF(is,, .E}) = CF(Tail, and Tail, ,E.) =
min( CF(Tail, ,E.) ,CF(Tail, ,E!)) x0.8 = —0. 24

(10)
BB HIR P e L FLZH A
Rule, :IF e, THEN H
Rule, :IF e, THEN H
WAL A R R 3
CF(H,e,&e,) =
CF(H,e,) +CF(H,e,) —CF(H,e,) x CF(H,e,)
CF(H,e;) >0 H CF(H,e,) >0
CF(H,e,) +CF(H,e,) + CF(H,e,) x CF(H,e,)
CF(H,e,) <0 H. CF(H,e,) <0
CF(H,e) +CF(H,e,)
U=min{ [CF(H e) [|,[CF(H e,) |1
CF(H,e,) xCF(H,e,) <0

(11)
X, | CF(H,e) || B | CF(H,e,) || 53 ) J& CF(H,
e,) FCF(H,e,) MZaxHE. MR (10) Fr=Xi(11),
A
CF(is_plane ,E'\& E,& --- &E',) = 0.999 347
(12)
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El' CF(Plugl.E1)-04, CF(Plug2,E1)-04
E2' CE(Taill E2)=0.5, CE(Tail2,E2)=0.5
E3' CF(Taill E3)=-0.3, CF(Tail2,E3)=-0.3
B4 CF(Taill B4)=-0.3, CF(Tail2,E4)=-0.3
ES' CR(Taill ES')=0.4, CF(Tail2,ES')=0.4
E6' CF(Plugl E6)-0.4, CF(Plug2,E6)-0.4
ET' CF(Wingl,E7)=0.9, CF(Wing2,E7)-0.9
E8' CF(Plugl E8)=0.7, CF(Plug2,F8)=0.7
E9' CF(Nose,E9) =09

EL0' CF(Plugl,E107=0.7, CF(Plug2,B10)=0.7
ELl' CF(Wing1E11)-0.9, CF(Wing2,E117-0.9

(a) CHUBIK (b) BENIY (c) W PEAF (d) EEIERD

BI6 (i GRTS Az iy MU AR HEA T ANAfl S 1 41 B ) o
Fig.6 The process of uncertainty reasoning using the rule set generated by GRTS

((a)shape of plane;(b)rule-tree; (¢) certainty factors; (d) purple mask)
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Fig.7 Results by GRTS on Kimia99 database ( (a) “man”class; (b) “tool” class;
(c¢) “airplane” class; (d) “quadruped” class; (e) “fish” class; (f) “rabbit” class)
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Fig.8 Results by GRTS on Tari56 database ( (a) “pentagram-1”
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(b) Tari56-11 “cat” class
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Table 1 The confidence of each shape by GRTSs of Tari56 dataset

el JEAR 1 JEAR 2 JEAR 3 JEAR 4 JEAR S JEAR 6 JEAR 7 JEAR 8
dude -0.75 -0.82 -0.72 -0.56 -0.86 0.47 0.51 0.25
hand -0.82 -0.75 -0.89 0.37 -0.75 -0.43 -0.43 0.97
horse 0. 88 0.79 0.91 0.93 -0.04 -0.40 -0.40 -0.40
turtlel -0.34 -0.56 -0.42 -0.50 -0.90 0.97 0.97 -0.40
turtle2 -0.34 -0.43 -0.36 -0.50 -0.14 0.76 0.76 -0.74
alligator -0.87 -0.91 -0.93 -0.76 -0.89 -0.76 -0.76 -0.89
cat -0.11 0.01 0. 66 0. 89 0.93 -0.40 -0.40 -0.48
pentagraml 0.45 0. 19 -0.22 0. 19 -0.29 0.74 0.74 0.75
pentagram?2 0.45 0.19 -0.22 0.19 -0.29 0.74 0.74 0.75
lephant -0.56 -0.72 -0.75 0. 86 0.43 -0.11 -0.11 -0.72
bowknot -0.89 -0.91 -0.90 -0.78 -0.89 -0.77 -0.77 -0.89
heart -0.80 -0.87 -0.91 -0.93 -0.76 -0.76 -0.76 -0.78

T L AR S5 8 L4
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