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Learning Algorithm for Multiple Distribution Data
using Haar-like Feature and Decision Tree
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ABSTRACT

Adaboost is widely used for Haar-like feature boosting algorithm in Face Detection. It shows very effective performance on single
distribution model. But when detecting front and side face images at same time, Adaboost shows it's limitation on multiple distribution
data because it uses linear combination of basic classifier. This paper suggest the HDCT, modified decision tree algorithm for Haar-like
features. We still tested the performance of HDCT compared with Adaboost on multiple distributed image recognition.
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Haars = loadFeatures()

function HDCT(images)
for Haar in Haars by h
for img in images by i
fitness(][] = getFitness(Haar,img)
end for
sort(fitness(])
bestHaar,bestFit = getMaxThresh(fitness,images)

if bestFit > maxFit
then maxHaar,maxFit = bestHaar,bestFit

node r

rHaar = bestHaar

rthresh = bestFit

if rthresh > 0.1 then
imagesl = getUpperByHaar(images,bestHaar)
images2 = getLowerByHaar(images,bestHaar)
raddChild{ HDCT(imagesl1) )
raddChild{ HDCT(images2) )

end if

end function

Fig. 5. HDCT Pseudo Code
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Table 1. Comparison number image detection
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Table 2. Accuracy comparison by learning
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Table 3. Front face detection comparison
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Table 4. Mixed front and side image detection comparison
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