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Abstract We present an example-based algorithm for detecting objects in images by integrating component-based
classifiers, which automaticaly select the best feature for each classifier and are combined according to AdaBoost
algorithm. The system employs soft-margin SVM for base learner, which is trained for all features and the optimal
feature is selected at each stage of boosting. We employed two features such as Histogram-equalization feature and
Edge feature for our experiment. The proposed method is applied to the MIT CBCL pedestrian image databaze,
and 100 sub-regions are extracted from each image as local-features. The experiﬁental result shows fairly good
classification ratio with single feature, while the improvement on classification ratio with the combination of two
feature is small. However, the combination of features effects to select good local-features for base learners.
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(1) Let N be the number of samples, M be the number of boosting steps, L be the
number of local-features, K be the number of features, Thus, K x L be the total number of
local features in Local-Feature pool.

(2) Generate Local-Feature pool for all the features from input samples &, such as
=gl el g, L ek, e f L

(3) Initialize the observation weights w; = 1/N,i=1,2,...,N.

{4) Form=1,to M:

{a) Fork=1to K,forl=1to L

i. Fit a classifier Gk (x¥!) to the training samples of local-feature z*! that are randomly
selected depending on the weights w; from all the training samples
ii. Compute errk! = zf_l Wilﬁ:"*amw?‘” .
Zi:l wi

(b) set erry, with the smaliest err‘,ﬁf, i=1,2,...,Lk=1,2,... K.

{c) set Gm(x) — GE(z*!) with k and [ in above step.

(d) compute am =log((1 -~ erry)/erry).

{e) set w; — wy - explam  I{y + Gmiz))], i=1,2,...,N.

(5) Output G(z) = Sign[zle amGm{z)].
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