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Fingerprint Orientation Field Estimation Based on Regression

DAI Xiao-wei,ZHAO Qi-jun
(National Key Laboratory of Fundamental Science on Synthetic Vision, School of Computer Science,

Sichuan University ,Chengdu 610065 , China)

Abstract ; Fingerprint orientation filed is crucial for fingerprint singularity detection, feature extraction and matching, classification and
recognition ,etc. . Many methods have been proposed for estimating fingerprint orientation field, mostly in two steps:estimation and regu-
larization (or de—noising). Yet, motivated by emerging deep learning techniques,a regression—based end—to—end fingerprint orientation
field estimation method is proposed. It directly estimates the ridge orientation at the center of a fingerprint image patch through a regres-
sion function from the texture feature of the image patch. Given a fingerprint image, the total variation model is applied to decompose it
into cartoon and texture components. Then the texture component is divided into patches, using a Deep Convolutional Neural Network
(DCNN) to estimate the ridge orientation at the center of each patch. The fingerprint images in NIST SD14 are adopted as training data
to learn the DCNN-based regression function, and evaluate the proposed method on the FVC2002 and FVC2004 databases. The experi-
mental results indicate that compared with the existing algorithms, the algorithm is simple and easy to operate, and has better anti—noise a-
bility , which can accurately estimate the orientation field of singular point and its surroundings, and effectively raise the fingerprint recog-
nition rate.
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