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ABSTRACT

In this thesis, we propose a two-dimensional multilevel thresholding
based on decision tree construction for image segmentation. In this method,
we use unsupervised cluster tree method to discriminate the different objects
of the two-dimensional gray level histogram. Our method consists of two
steps: cluster tree construction and cluster tree pruning. In the cluster tree
construction step, we use the gain criterion to select the appropriate cut in the
two-dimensional gray-level histogram until every node’s number of data
points or relative density conform to user-specify parameters. In order to
simplify the tree to find meaningful clusters, we prune tree according to
similarity between the region’s relative density and adjacent regions’ relative
density. In experiments, we take many samples, including real and synthetic
images, to demonstrate the effectiveness of our proposed method. The results
compare with the ones of L. Cao et al. that propose the fast automatic
multilevel thresholding method. Experimental results reveal that our method

is superior to L. Cao’s work.

Keyword: Decision tree construction, Multilevel thresholding, Image

segmentation, Two-dimensional gray level histogram
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gain(x)
gain(X) info(D) infox(D) (2-20)
2-7
for each attribute A € {A,A,,..., A,} do /*A,A,..., A, areattributesof D */

for each value Xxof A in D do  /*each value is considered as a possible cut */

compute the information gain at X
end
end
select the cut that gives the best information gain to partition the space

2-7 r]
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Algorithm: Generate decision_tree.
Input: samples, represented by discrete-valued attributes; the set of candidate
attributes, attribute-list.

Output: A decision tree.

Method:

(1) Create a node N;

(2) If samples are all of the same class C then

(3) return N as a leaf node labeled with the class C;

(4) If attribute-list is empty then

(5) return N as a leaf node labeled with the common class in samples

(6) Select test-attribute, the attribute among attribute-list with the highest information
gain;

(7) Label node N with test-attribute;

(8) For each known value ai of test-attribute //partition the samples;

9) Grow a branch from node N for the condition test-attribute = a;;

(10) let sjbe the set of samples in samples for which test-attribute = a;; //a partition

(11) if'sj is empty then

(12) attach a leaf labeled with the most common class in samples;
else
(13) attach the node returned by Generate decision_tree(si,
attribute-list-test-attribute);
2-8 1ID3
overfitting

1. (Stopping):

2. (Pruning):
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If the number of N points inherited form the parent node of E is less than the number of

Y points in E then

the number of N points for E is increased to the number of Y points in E
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Algorithm evaluateCut(D)
For each attribute A € {A1,Az,...,Aq} do
di_cutl=the value (cut) of A that gives the best gain on dimension i;
di_cut2=the value (cut) of A that gives the best gain in the L; region produced by
di_cutl;
if the relative density between di_cutl and d_cut2 is higher than that between
di_cut2 and b;;
r_density=yi/ni, where y; and n; are the numbers of Y points and N points
between di_cut2 and by;
else di_cut3=the value (cut) that gives the best gain in the L; region produced by
di_cut2; /* L here is the region between d;_cutl and d;_cut2*/
r_density;=yi/ni; where y; and n; are the numbers of Y points and N points tin the
region between d;_cutl and di_cut3 or di_cut2 and d;_cut3 that has a
lower proportion of Y points (or a lower relative density).
end
end
bestCut = d;_cut3 (or d;_cut2 if there is no d;_cut3) of dimension i whose r_density; is
the minimal among the d dimensions.

2-16
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1. stopping

2. pruning
Classification
2-17

S2

Clustering

pruning method

CLTr ee

C1l C2

27

S1

14



2-17

Clusters

browsing

1 miny:

min_y
min_y=1%
CLTree

2 min_rd
N
E
cluster region
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user-oriented pruning

D]
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2-18

Algorithm evaluatePrune(Node, min_y, min_rd)
/*Node is the node being analyzed*/
if Node is a leaf then Node.Sop = TRUE
else LeftChild = Node.left; RightChild = Node.right;
if LeftChild.Y min_y * |D| then LeftChild.Sop = TRUE

else evaluatePrune(LeftChild, min_y, min_rd);

end

if RightChild.Y min_y * |D| then RightChild.Sop = TRUE

else evaluatePrune(RightChild, min_y, min_rd);

end

if LeftChild.Sop = TRUE then  /*We assume that the relative density*/

if RightChild.Sop = TRUE then /* of LeftChild is always higher */
/* than that of RightChild*/

if RightChild.Y RightChild.N min_rd then
Node.&op = TRUE /*We can prune from Node either*/

/* because we can join or because both*/
/* children are N nodes.*/

elseif LeftChild is an N node then Node.Sop = TRUE
clse Node.Sop = FALSE
end
else Node.Sop = FALSE
end
else Node.Sop = FALSE
end
end

2-18
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3-12 L; i I~n

Ay L ] 2

Algorithm evaluatePrune(L;, A;;,P)
For Li € { L1 ) L2 geoes Ln } do
FOI'Aij € { Ail ) Ai2 } do
if L;’s relative density is higher than Ay’s relative density
newregion=L;;
else newregion= Ajj;
end
if d(Li+ Ajj)/d(newregion) > P
merge(L;, Ajj) - newregion;  /* we can merge Ljand Ajjto
adjust Adjacent region’s table;  produce only one cluster */
delete min(d(L;), d(Ay)); /* if d(Li) < d(Ay) the delete L;

end else delete A;; */
end
end
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