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Face alignment method based on scale self-adaption and incremental learning
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(School of Information Science and Technology, Southwest Jiaotong University, CHgngdu

Abstract: To solve the problems of traditional regression-based metho
normalization, costing more time for retraining expanded data set to iffiprov
and even potential non-convergence and incomputability, a ﬁce

Learning (IL) was proposed. Firstly, the mapping relationsh

established. Secondly, the extraction of the texture fgatufes on

achieved via the mapping relationship. At last,
models, which improved the generalization \ghi
proposed method performs higher
Faces in the Wild) dataset (68 fi
large dataset (5 feature points), the
Deep Learning (DL).

applicable for solving other regression models.
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ag the loss of texture caused by face scale
generahzatlon ability of the original model,

thod based on scale self-adaption and Incremental

‘ the initial face points and the standard face points was

original image and the normalization of the face scales were

1 leafhing was applied to the new data set by using the existing

The experimental results show that the

On the AFW ( Annotated

the accuracy is increased by 2 to 4 percentage points; and on a 100000-level
bustness is increased by 1 to 2 percentage points compared to the methods based on

In addition, the proposed method is not only suitable for face alignment regression model, but also

scale self-adaption; cascaded regression; robustness
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Fig. 1 Similar featyre@ith e position of different human face
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Fig. 2 Different reference face scale
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Tab. 1 Face datasets for experiment

ES k. TE
Windows 10 ‘F4&

Burse B R B RBC REEE(>607) Lith/%
LFPW 1035 68 3.0

Helen 2330 68 2.2

AFW 337 68 12.1

IBUG 135 68 15.2

CelebA 202599 5 2.1

Hth LFPW ( Labeled Face Parts in the Wild) £35 811 3K1)i|
SR 1 224 MR E R Helen A 2 000 K91 5 B 1 330
KM A s AFW fil IBUG B A K ZE S H A K CelebA
( CelebFaces Attributes) 37 20 2 7 24 A R IR AR B de
& HEREZALES ERNWEFR EFEFHTREEGE
PEIA

) B, 5K 56 4 A 32 BT LU A SIFT., J7 [a) 456 3 . J7 B
(Histogram of Oriented Gradient, HOG)!s! S48 4F | Ac 5 A 7
B R, LR A HOG $F1E. FEsRMRE/ b et tbrd vl LAfE
FH AR 22 ¥ 2% ( Convolutional Neural Network, CNN) #4733k
o TIRIEBERIEK =4 i, BRI SHOR T -
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N T REBTFA R — LR BEEXT AR X ST B, A
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FERINGRIEN 4 AR 1.5 b, 7+ 7E Helen , AFW LFPW | i
PR o AR ST RINER 2 PR o

£R2 FEREARTH FPTA &R %
Tab. 2 FPTA results for different reference faces %
R TRy RS
Helen AFW LFPW Helen AFW LFPW

100 x100  6.08 6.49 5.07 2.73 2.54 2.47
200 x200 5.46 5.55 4.98 2.85 2.62 2.51
400 x400  5.04 5.27 4.95 2.34 2.43 2.21
600 x600  5.70 5.64 6.32 2.66 2.63 2.55

B 2 R AT AT, AL AR R BEAE 400 x 400 Fif X
FREBERRAS o I SR BAR AT R B, SR HR R B L/t
NIHESARME ARG = £ A S AR IE R e E S M
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FPAL U AR R B RO R, S EOR A /D i AR S50
{HZEI R, RN E) BRI, BT LU S5 T B SE B P AR
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3.2 E?tﬁéiﬂ@ A SREE LR

AT PORN §m, H 1 LK 4E LFPW  Helen . IBUG
= %(%29% 3k) BEAT UM ) FPTA Y125, 82

%

LA 25 2 N SCIR R BT LFPW, Helen il 44 B #E 1T

@ﬁﬁi M 248 , 5 EI9T 4 modelB, % JE F modelB X A ¥
o SABBAE B A RIZALRE 7, BT AR R X2 > #8 IBUG

135 3k) F TR B RO, B BI3T RESF Bz b
fJ modelC , 3%} modelA .modelB. modelC 4T T L8577, =
MR XT R E T A RN 3,

#3 HERXFEINIFERREST %

Tab. 3 Alignment average error analysis of incremental learning %

p: il Helen AFW LFPW
modelA 3.55 3.68 3.49
modelB 4.10 4.81 3.94
modelC 3.40 3.61 3.24

EitFR 3 AT LR B, 8T i 22 3T 15 2 modelC
Lt modelB B AT HIVZ AL BE 77, T H L7z th a8 71 b I A
2EREIEEN F153] model A )L E—28; 3 H modelC K3l
ZRESIAT Y model A (3R 48, [R] &) 7E £R TIE 52 56 PR35 AH [R] 19 if 42
T, AFEY LBF 2 550 4 i 7 1344 ( Ensemble of Regression
Trees, ERT) V& :7E Helen AFW LFPW jllit£E [ 47 68 4~
AR X SRR 2N 8T, T ES SR A= 4 iR .

F4 68 MHEAMEHIRELLE %

Tab. 4 Average error comparison of 68 feature points %
Ji ik Helen AFW LFPW
LBF 5.20 7.82 5.71
ERT 4.12 5.82 3.82
SDM 5.79 — 3.40
A7k 3.40 3.61 3.24
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Fig. 5 Alignment error analysis
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Fig. 6 Robustness analysis of different algorithms
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Tab. 5 Comparison of five feature points on CelebA %
Jitk FHE i
MTCNN 4.87 3.28
CFAN 4.89 2.26
A5 5.15 1.47

ASLH P, CelebA AR AL HIEE S, A 202 599 3K,
FRABESUHREREMLRELBRNALE,
MTCNN ,CFAN FAF LMK T A [ B ARG —3E 181509 3K,
M5 BERAT AR W, A SCRIE X S0 B AR T 2 TR 2
AW B ARMIEERE AR EEAERNE S
Ho BT BRKREX ORIV, SE3e B, AR
BRI, X FREAIE N XRF A NGEA R RES

B NREL RE S NG B BRIz ALRE T

B 7 CelebA HEETRRIFEA
Fig. 7 Fittings with the highest error from CelebA
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