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Abstract

Large databases of labeled images are the beginning of computer vision
research; a labeled dataset plays an important role in learning and evaluating the
classifier. However, the collection of image database and labeling images are
basically done by hand currently, and it is trouble, labor-intensive and not conducive
to establish a large image database. Therefore, the key technologies of image
auto-labeling have intrinsic scientific value on computer vision and pattern
recognition.

In this paper, we deal with the problem that how to label a large number of
unlabeled images when knowing a small amount of labeled samples. We propose a
new image auto-labeling algorithm which is under the framework of co-training and
use active learning approach. We also use two features which are complementary to
each other to train classifiers. The main researches and innovations are as follows:

1. We make use of co-label algorithm to label the image which uses two
complementary features (the HOG feature and LBP feature) to train two classifiers,
and then use these two classifiers to co-label the unlabeled images. Comparing with
the labeling algorithm of a single classifier, our method avoids the accumulation of
errors and improves the accuracy of labeling.

2. The proposed method updates our training model based on co-label. We use
incremental SVM learning model to wupdate and improve the classifier's
performance.

3. We improve the label type using GrabCut algorithm which substitutes the
rectangle label method with contour label method.

We test our algorithm on Caltech dataset and the images collected on the web.
The experimental results show that our co-label algorithm based on active learning

can label the image better, and has a great improvement in the label accuracy than a

I



single classifier model. In addition the accuracy of classification in our model can

improve with the increasing of learning samples.

Keywords: co-training, incremental SVM, image labeling, GrabCut
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