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An Algorithm of Locating the Feature Points of Human Face Landmarks

Based on Relative Distance Distribution

ZHONG Rouzai , XIONG Lei , LIU Chang

(Aeronautics and Astronautics Engineering College. Air Force Engineering University, Xi'an 710038, China)

Abstract: In the light of the problems that at present in the main stream algorithms the integral regression
method is still applied to all the feature points whereas the local structure information of human face is ig-
nored, a novel cascaded regression structure is presented based on relative distance distribution and K -
means clustering combined with face structure information on clustering facial landmarks and performing
regression for each part respectively, the feature points locating of human face can be performed more ac-
curately. In addition, the regression method is optimized to make robust parameter updated with efficien-
cy. The paper carries out a thorough experiment on a face database (COFW) with block identification. The
experiments demonstrate that the algorithm is notable in effect with regard to the application of feature
points of a human face to the location, and the algorithm is greatly short in training time compared with
Robust Cascaded Pose Regression and other state-of-the-art methods and the testing speed is up to 220 fps,
thus realizing real-time processing.
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Tab.1 Comparison of different parameter values
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Tab.2 Clustering results

75 FHE ST 5

1 1,2,3,4

2 5,6,7,8,13,14,15,16,17,18

3 9,10,11,12

4 19,20,21,22

5] 23,24,25,26,27,28,29

TS5 R R A F 5 RCPR 485
IEAR LG PR 3 E AL 25 R SRS o . BR324
BRI 4~6, [ 4, RSBk X 1 4 i 58 Jm
BRI X 205 A I R AN UL Y A JE B AL TR A 5 1A
5 H AR SCR AN RE R A T P A, O HLXT Y
JRE RLARMEDR 5 41 6 i BE % A7 R0 0T 85 B8 71 Ok 1Y)
S WA G S 57 IR I ¥ 20 9 AR A L T I R AR g
R R W BEA RO e, X 2 O RCPR 45 554k
JEXT 29 AFHIE s HEAT BRI i R A% A FR AL
RIS | Y A A D0 R E RN R HAOCR AN 2R
U o A SO I X R AR SR AT 1 R 28 X B~/ iy
R HEAT H 05, X [ 05 5 ek AT A AL 3 X
JZ A 5 B8 98 5030 A i Hi 7 . D00 48 1R 8 (Fail-
ure Rate) FI 5 15% (Mean Error) Y45 A,

(¢) RCPR ) Ak
B4 5 g S OB A

Fig.4 Comparing result(shape variation)

(a) Ground-Truth (b) ESR

(¢) RCPR (d) ASCH%
Bl 5 g R EGERD

Fig.5 Comparing result(occlusion)

(¢) RCPR (d) ASCHEE
B 6 8745 b (LoD

Fig.6 Comparing result(accessory)



82 2R TR CHARBE O

2016 4

XF T B — W& B 1Y 29 A RRAE AL 5 Ground-
truth [R5 AIE A5 TA) A9 BE 2 22 AR 3 0.1 1,
58 M LA 1R (Failure) , T 1B 3K B Failure
Rate Ll }¢ Mean Error,

TIA N 3 TR A SO I R R AR A T
RCPR 533 MR 9 /)N 7 0 423 J32 D) 3k 3] 220 fps,
AL LA PO B R A S8 ) b 3

®3 HEEER

Tab.3 Algorithm comparison
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