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Abstract Face detection using a boosting based algorithm requires a very large size of face and
nonface data. In addition, the fact that there always occurs a need for adding additional training data
for better detection rates demands an efficient incremental learning algorithm. In the design of
incremental learning based classifiers, the final classifier should represent the characteristics of the
entire training dataset. Conventional methods have a critical problem in combining intermediate
classifiers that weight updates depend solely on the performance of individual dataset. In this paper,
for the purpose of application to face detection, we present a new method to combine an intermediate
classifier with previously acquired ones in an optimal manner. Qur algorithm creates a validation set
by incrementally adding sampled instances from each dataset to represent the entire training data. The
weight of each classifier is determined based on its performance on the validation set. This approach
guarantees that the resulting final classifier is learned by the entire training dataset. Experimental
results show that the classifier trained by the proposed algorithm performs better than by AdaBoost
which operates in batch mode, as well as by Learn++,

Key words : Incremental Learning Method, Face Detection, Validation Set, Weighted Majority
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