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Abstract Vision-based scene understanding is to infer and interpret the context of a scene based
on the evidences by analyzing the images. A probabilistic approach using Bayesian networks is
actively researched, which is favorable for modeling and inferencing cause-and-effects. However, it
is difficult to gather meaningful evidences sufficiently and design the model by human because the real
situations are dynamic and uncertain. In this paper, we propose a learning method of Bayesian network
that reduces the computational complexity and enhances the accuracy by searching an efficient BN
structure in spite of insufficient evidences and training data. This method represents the domain
knowledge as ontology and builds an efficient hierarchical BN structure under constraint rules that
come from the ontology. To evaluate the proposed method, we have collected 90 images in nine types
of circumstances. The result of experiments indicates that the proposed method shows good
performance in the uncertain environment in spite of few evidences and it takes less time to learn.

Key words @ Bayesian network structure, constrained learning, scene understanding, uncertain
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713 A
X: = i™ variable that is included in the set X
level(X;) = an integer which is the level of
variable X;

order(X;) = an integer which is the topological
order of variable X;
parents(X;) = {X; | X; = the parent of variable X;}
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parents_level_area(X;) = {k | k = available level as set: parents—candidate-set(X;) = {Xi | level(X)€

parent of variable Xi}
A 74 1 94 &9 2718k

On the initialization process,

parents_level_area(X;), Xk€X, 1=k}
< AE 73E 4 F4E 9F #AY %

After the learning process,

set: order(X;)<order(X)), order(X;)order(X; if set: parents(X;) <« (parents(X)—{X;}) U{Xs} if 3

level(X7) <level(X;) A order(X;) <order(X})
where: VX,€X, VX;EX A i#j,
AT 73 2. ¢EiR 42 #A v
On the initialization process,
set: parents(X;) < parents(X;) U{X}}
where: VX:i€X, VX;€X N X; causes X;
A% FE 3 B 24 ol Ak

XrEparents(X)) A level(X)) <level(Xx)

where: VX,€X, VX;€X A i#j N X;Eparents(X))

A level(X;)=level(X})

4.3 %LT'_El5

Algtsle wlol et WEL=Z &4 WHE Cooper’t
A K2 st gaelFBld #e sEe()g 4
4 24 FdEEE 9% A3 AE&% Uyt

On the learning process, (ZE 7.
Given Parameter:
D= {xi, *** xu3, x= {51, "', sn }, 5; = state value of variable X;

a= Coverage of level parameter
M= number of training data
N = number of variables of BN

Environment Variables:

Bo=total CPT
X; = variable 1

Environment Functions:

level(i) = level of variable i

Leaming:
/! mmallzatlon process
For i=1, ***, N,
if X; has Predefined Parents then

End;
For j=i+1, -, N,

swap (order(i), order(j));
End;
End;
End,

" modlﬁed K2 learning process
Fori=1,
Pu=g (z, 71':,

Prey=g (i, mU { X}, D);
If Ppew > Pota THEN
Potg = Prew,
m=m U {X;
ELSE Proceed=false;
End;
End;

End;
End;
End;

4= Limitation of number of parents on K2 Learning

B, = {m, ***, 7v}, T = parents list of variable X;

PredefinedParents(i) = predefined parents set of variable X; based on predefined link
ParentLevelArea(i) = available level set for parents of variable X;

order(i) = topological priority value of variable
Learn_Parameters_from_Data_Distribution (B,, D)= parameter learning with structure B; and dataset D

7; =PredefinedParents(i); // initialize parents of node
ParentLevelArea(i) = {level(i), -,

If order(l) & order(j) and level(i) < level(j) then

Dy,
While |7| < 7 AND Proceed = true DO;
Xi = the node in (Pred(X;) — m) that
maximizes g (i, ; U {Xi})
where level(k) is in ParentLevelArea(k);

FOR X;= each node in 7 // modification process
If level(i)=level(j) THEN m = m U - {X}};

Be=Learn_Parameters_from_Data Distribution (8,, D);

level(i)+a}; // initialize available level set for parents

// sort topological order with level

g 7 AgE WAt MEHA T gae

iy
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