Journal of Computer Applications ISSN 1001-9081 2021-06-10

HHEME A, 2021, 41(6): 1659 - 1666 CODEN JYIIDU http://www. joca. ¢n
SCE S :1001-9081(2021)06-1659-08 DOI:10. 11772/j. issn. 1001-9081. 2020091397

ETHREZINE AR =H#ET7 %

BAERT BB KR, K ER"?
(1. AB7RIE TR 5 BB 5 TR0, [ 2002375
2. b RE 5 I R A2 A TR ARWF 5T L, BT 200072)
(- A5 1EH T HEFE dyr136006@163. com)

H EHNEZARY T THREEARBRABRAZGNA RETATHREF TN ZAR T M Tk, 54,
LETEATHREFTHBEN T REA, RBKEE R LLER, RET F 409 SPASIEE 0 1200 KA 3
kGt ELFIEAUFREMAFERE = RO E LM, ERFTHRERGE S>3, R ®ETw. LK,
FI AR AL B 5 3] Fok D AR 68 NFAE &4 B A7, &0k &7 12 &0 2 B ARRH T R 3k 5HiH AR PO
S, R AN A A AR AR B R AR . G, ST A AUk AR B 2R A R AR AU AT
AR B A KT AT B AR B3R, A £ RE 2B E AL WET 100K AR AN AR BE, R4 R
RO PR Tr ik xiX sk AL 0 S A M IR A 45 R ik 3 98, 4% vA b, HiZ T ik xR EAB AL N R IR B
F R, AR AR SR e A T R AL T Kmh

FBR AR TR EF T RESI AR R ;B4

RE4 %S TP391. 41 SERFRERD A

Multi-face foreground extraction method based on skin color learning
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Abstract: To solve the problem of quickly and accurately extracting face content in multi-face scenes, a multi-face
foreground extraction method based on skin color learning was proposed. Firstly, a skin color foreground segmentation model
based on skin color learning was given. According to the results of the papers of skin color experts, 1 200 faces of the famous
SPA database were collected for skin color sampling. The learning model was established to obtain the skin color parameters
of each race in the color space. The skin color image was segmented according to the parameters to obtain the skin color
foreground. Secondly, the face seed area was segmented by using face feature point learning algorithm and skin color
foreground information and with 68 common feature points of the face as the target. And the centers of the faces were
calculated to construct the elliptical boundary model of the faces and determine the genetic range. Finally, an effective
extraction algorithm was established, and the genetic mechanism was used within the elliptical boundaries of the faces to
regenerate the faces, so that the effective face areas were extracted. Based on three different databases, 100 representative
multi-face images were collected. Experimental results show that the accuracy of the multi-face extraction results of the
proposed method is up to 98. 4%, and the proposed method has a significant effect on the face content extraction of medium-
density crowds as well as provides a basis for the accuracy and usability of the face recognition algorithm.
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Fig. 1 Flow chart of multi-face foreground

extraction method based on skin color learning
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