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Algorithm Training-Classifier

Input: painting database DB, frequent rules of all

classes

Output: Classifier

1. sort rules by confidence and support

2. for each rule » do

3 for each painting object p in DB do

4 if 7 satisfies p then mark p to be classified

5. if dp be classified correctly by r then

6 remove all marked p from DB

7 insert r into the end of Classifier

8 choose majority category of music in
DB as default class(r)

9. count total error of Classifier

10. remove rules after the first rule »’ with the
lowest total error in Classifier

11. insert the default class(r’) to the end of
Classifier

12. return Classifier

Bl 2 : Training-Classifier ;#% & ;2

Algorithm Single-Feature-Variant-Supports-Classification

Input: painting database DB, candidates of min_sup MS,

Pattern (Color histogram, Color Bins, or Color

Relationships)

Output: Classifier

1. divide training data of each class y into 5 subsets 7}, ; of
approximately equal size

2. for each combination of min_sups of all categories do

3. fork=1to5do

4.  for each class y do

5. training_set, = .U T,,
i#k
6. validation_set, =T, ;

mine mixed frequent patterns from training_set,
for each frequent patterns do
. calculate confidence of frequent patterns
10. Classifier = Training-Classifier
11.  classify each validation_set, by Classifier and store
the accuracy a;
12. accuracy of the min_sups combination = a; / 5
13.return the Classifier with the highest accuracy
B 3 : SFVS classification /7 & j*
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Algorithm Multiple- Feature-Variant-Supports-Classification

Input: painting database DB, candidates of min_sup MS

Output: Classifier

1. divide training data of each category y into 5 subsets 7, ;
of approximately equal size

2. for each combination of min_sups and multiple features
of all classes do

3. fork=1to5do

4. for each category y do

5. training _set,, = iL¢Jk T,

6. validation_set, =T,

7. mine frequent Color histogram, Dominant
Color and Color relationships from
training_set,

8. for each frequent Color histogram, Dominant

Color and Color relationships do

9. calculate confidence of pattern

10. Classifier = Training-Classifier

11. classify each validation_set, by Classifier
and store the accuracy ay,

12.  accuracy of the min_sups and multiple patterns

combination = Za p / 5
13. return the Classifier with the highest accuracy

B 5 : MFVS classification ;& & j*
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