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Abstract

The application of face recognition technology generally focuses on two scenarios including iden-
tification and validation. Conventional approaches use two-dimensional intensity or color images,
and some approaches introduce stereovision system to acquire three-dimensional information for
the recognition process. In general, two dimensional based approaches suffer from severe prob-
lems related to environmental conditions, such as variation of ambient light, occlusion due to face
orientation and costume. On the other hand, three dimensional based ones have to overcome the
challenge of computational cost and expression variation, though some of the previous
two-dimensional problems can be avoided. As the depth sensor technology is being improved,
more and more depth measurement equipments are utilized to generate three-dimensional data,
particularly the depth of the facial object, for numerous systems. The integration and combination
of these two spectrums is thus now a very active research interest, which aims to construct a reli-
able and efficient face recognition system. The purpose of this paper is to provide a comprehen-
sive survey of the proposed methods in this area and a comparison among them, in order to yield
fundamental basis for future developments of a practical face recognition system.
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Figure 1. Flow chart of face recognition
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Figure 2. Processing results of different light environment using Census Transform
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Figure 3. Schematic diagram of tip detection technology
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Figure 4. HMM model
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Figure 5. 2D face data using isometric transformation
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Table 1. Effectiveness evaluation used in face recognition algorithm of human face database list

= 1 BRT AKRRAIE R AR BIRET IR

DB Name Data size/pixel Persons Images
FRGC v1 480 x 640 200 468
FRGC v2 480 x 640 466 4007
) 2D: 256 x 256
Sheffield 3D- 128 x 128 22 1080
2D: 1704 x 2272
K. I. Chang 3D- 640 x 480 275 2365
The 3D Face Database - 280 1770
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