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In this paper, we propose a human face detection
algorithm wusing adaptive skin color model and
neural networks. To attain robustness in the
changes of illumination and variability of human
skin color, we perform a color segmentation of input
image by thresholding adaptively in modified
hue-saturation color space (TSV). In order to
distinguish faces from other segmented objects, we
calculate invariant moments for each face candidate
and use the multilayer perceptron neural network of
backpropagation algorithm. The simulation results
show superior performance for a variety of poses
and relatively complex backgrounds, when compared
to other existing algorithm.
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