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Abstract

In this paper, we propose a local descriptors approach to classify pornographic images. Two local descriptors
including the scale-invariant feature transform (SIFT) and the histogram of oriented gradients (HOG) are computed
feature vectors from pornographic images. The extracted features are supplied to the K-Nearest Neighbor Algorithm
and Support Vector Machine for pornographic image classification. We have evaluated all different methods on the
TI-UNRAM dataset. The results show that the HOG and the SIFT combined with the SVM significantly outperform the
other methods, including KNN algorithm and image processing technique. Thus, the local descriptors approach can
be combined with the SVM for pornographic image classification in order to obtain the effective classification

performance.
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Figure 1 The illustration of the phonographic image

classification in image processing scheme
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Figure 4 Sample of positive images are found in the

negative category.

Figure 5 The positive examples of non-human image

from the TI-UNRAM dataset.
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