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Face frontalization with coarse-to-fine morphing field learning for large pose

face recognition
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Abstract: Objective Currently, face recognition is applied world widely. However, face recognition in the wild remains challenging
due to large variations in pose, expression, aging, lighting, occlusion and so on. Among these factors, pose variations usually result in
large non-planar face transformation which does severe harm to the performance of face recognition. To address the notorious pose
variations, previous methods mainly attempt to extract pose invariant feature or frontalize non-frontal faces. Among them, the
fron‘alization methods can relieve the difficulty of discriminative fcature learning by eliminating pose variations, and they indeed
achizve promising progress. There are two kinds of frontalization meuiods: 2D generative and 3D rodel based frontalization methos.
2D methods are flexible and ~an generate more natural frontal f-ces but it may lose facial stroctural information, which is importunt
for identity discriminaticn. 3D methods can well preserve facial structural information but 2ve not so flexible. In summary, both 3D
methods and 2D methoads have information loss in the frontalized faces especially in the case of large pose variations, for example,
invisible pixels in 3D morphable model or pixel aberrance in 2D generative methods. Method To handle these problems, in this work

we propose a new scheme, referred to as Coarse-to-fine Morphing Field Network (CFMF-Net), combining both 2D and 3D face
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transformation methods to frontalize a non-frontal face image via the coarse-to-fine optimized morphing field for shifting each pixel.
It borrows the flexibility of 2D learning based methods and structure preservation of 3D morphable model-based methods. Besides,
the proposed method learns the morphing field via a progressive and residual manner to make the learniig process easier and reduce
the probability of overfitting. Speciiically, a coarse morphing field is learned firstly to capture the mjor scructure variation of a face
‘mage. Then a residual module oxtracting detailed facial inforination is designed to complement the: coarse morphing field, whose
output is concatenated with the coarse morphing field to gencrate the final fine morphing field for frontalizing the input face ‘mage.
The overall framework is for regressing the pixel correspondznces but not pixel values as other frontalization works. The wcrk ¢nsures
that all pixels in the frontalized face image are taken from the input non-frontal image, thus reducing information distortion to a large
extent. Therefore, the identity information in the input non-frontal face images are well preserved with favorable visual results, thus
further facilitating the subsequent face recognition task. All in all, the design of the coarse-to-fine morphing field learning assures the
robustness of learned morphing field and the residual complementing branch achieves more accurate morphing field output. Result To
verify the effectiveness of our proposed work, extensive experimerts 01 MultiPIE, LFW, CFP and 1JB-A datasets are conducted, and
the results are compared with cther newly proposed face transfcrme.tion methods. Among these (estiag sets, MultiPIE, CFP and [JB-A
datasets are all with full pose variation. Besides, IJB-A contains full pose variations as well a: otl.er complicated variations such as low
resolution and occlusion. The experiments follow the same training and testing protocol with previous works, i.e., training with both
original and frontalized face images. For fair comparison, the commonly used LightCNN-29 is exploited as the recognition model. Our
method achieves the best performance among the related works on the large pose testing protocol of MultiPIE and CFP and comparable
performance on LFW and IJB-A. In addition, our visualization results also show that our method can well preserve the identity
information. Further, the ablation study implies the rationality of the coarse-to-fine framework in-our CFMF-Net. In a word, the
“ecughition accuracies and visuvaiization results demonstrate that the | roposed CFMF-Net can not oniy generate frontalized faces with
identity information preservad vut also achieve better facc recognition accuracy especially in the case of large pose vai:atiois.
Conclusion In conclusion, tiis work proposes a coarse-to-fine morphing field learning framework to frontalize face images by shifting
pixels to ensure the flexible learnability and identity information preservation. Specifically, the flexible learnability helps the network
to optimize according to face frontalization objective but not predefined 3D transformation rules, which can improve the accuracy.
Moreover, the learned morphing field for each pixel makes the output frontal face shifted from only the input image, reducing the
information loss. In addition, the design of coarse-to-fine and residual architecture further ensures more robust and accurate results.
Taking all things into consideration, 1:ontalizing faces by reorganizing pixels of input faces can preserve more identity information
benefitting for face recognitic. and the coarse-to-fine framewo k h:lps improve the accuracy ai'd 1ubustness of the learned morphing
field.
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Fig.1 Overview of our CFMF-Net. The overall objective is to transform an input non-frontal face image I into a frontal one ¢t by

applying an estimated morphing field with the same resolution as I. The morphing field is predicted via a residual scheme. First, a

coarse morphing field in low resolutisn € is decoded from a low-dimensional and robust representation S, attempting to handle the

major morphing variations. Lai>r, « residual branch characterizing the detailed morphing variation & complements this coarse

morphing field to further accuraicly predict the final morphing field D. After obtaining the mcrphing field, the warping modulc T
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warps the input non-frontal face image I to the frontal one I®St. The morphing field is illustrated via a heatmap, where blue points

represent the leftward field, red ones are the rightward field, and brighter color stands for longer shifting distances.
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Table 1 Overview of training and testing datasets
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BHREN T EBHRS IR 1. B HAANGT L
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BT AR B N R R R &
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fE# I —1L3[0,1], TEA S —FIF[-1,20. 7
SZIG ) CFMF-Net W48 45 BAE K 5 th R
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MultiPIE #4548 (Sim %8 A\, 2013) &8 1
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NTEARFLA . SRS TR . seieHeRH
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T NG IE AL AR SR, ®IF 137 S ARG
BIGEATIR . 7RI B, SRAIX 137 AN AMIIE
LA BEAPERERIRAEN gallery, F T
72000 FKH& H/EN probe. 5k H LT IEM A,
£ MultiPIE [ 556 71, 47775 % A LightCNN-29( Wu
NS 2018) 1ENRTIZS .
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Fig.5 Architecture of CFMF-Net
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NIRER, T7 1 24 R HERA 28 9+ IR SR 56 1Y)~
Bl . 2807, B EATE— AN R
P4 (U Webface) Lillga—MRpIHER, FEH 1IB-
A FRNINGREEATIOA (Klare 25N, 2015). Atk
T2 BN BHBIESE, UB-A L XSS 22— K]
SR, T A TR . B IR
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IR G I GREE RN RN s 45, T
52 INEA TR, ARTTERH T RAAFER
NEGIR A, 43 5] Fast AlexNet £l Light CNN-29
CWu 25N, 2018). H:H1, Tast AlexNet /&%) AlexNet
BTG B, 5 K28 O A 7L
REJIAHY, (HRSORBE TP, BAREMZ Wk 2.

72 Fast AlexNetp 4% 451
Table 2 Architecture of our Fast AlexNet
T gk (52 gk

Conv 48X9X9, S4,
Conv 192X3X3, S1
BatchNorr:
BatchNorm
ReLU
ReLU
MAXPOOL 3X3, S2

Conv 128X3X3, S1, Conv 128X3X3, S1,

BatchNorm BatchNorm
ReLU ReLU

MAXPOOL 3X3, S2

Conv 128X3X3, S,

FC 4096
BatchNorm
3 8 BatchNorm
ReLU
ReLU
MAXPOOL 3X3,S2
Conv 256X3X3, S1, FC 2048
4 BatchNorm 9 BatchNorm
ReLU ReLU

Conv 192X3X3, S1,
5 BatchNorm

Rel'J

U R B s 5 % W https://githab.com/whobefore/ME-
Net/tree/master/Data/300W-L1

300W-LP & A2 4534 7% (Zha %5\, 2015)
X 300W Hidf4E (Sagonas 25 N, 2016) ) 5y gt
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Zhao ZE N, 2017) NG 777 (Zha 25N, 2016
Masi 2 N\, 2017; Chang %A, 2017) FAMIETH
732 (Luan 28N, 26i7; YinZ£ A, 2017b; Zhao
ZN, 2018b; Cao =5, 2018). {HAE K=,
2019 LU I B2 i F NIRRT, 1)
R RS NI RAIX — € W @ T 1T, A
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2 https:/github.com/TreB1:N/InsightFace_Pytorch
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(¥ B e LL CFMF-Net i 0.4%.
3 MultiPIEXHE S _E R
Table 3 Face Recognition Accuracy (mAC) on MultiPIE dataset

LFW (Huang% A\, 2014) FICFP (Sengupta
FEN, 2016) BRI RNFRAFISHR . W LUE
thy ASONEAEIE RN E 2 1 5 S TR T

7k £90 +75 +60 +45 430 +15  MIJTVEVERERA 2, BFERAE T KIIZEER Deng %5
ANl
Luan % 2017 $00 0 s620 o010 osoo > (20190 Trik. iFE G-I BB
THEIFTERE (WRSHTR). IXIIE T CFMF-Net
Cuang’S, 2017 6464 7743 2772 9538 98.06 98.58 . .
A4 TE THA X T RS R 2 1 SR A A
Yin %, 2017a 76.96 87.83 92.07 90.34 98.01 99.19 41:':1&3[ u%@]’ ELFW?&TE;%J:, 2'_:73/{;?%@]]
o', 2018 8673 9521 9837 9881 9948 9964 | PRFFEIG(E SR IEH AL N .
Cao"F, 2018 9232 9640 99.14  99.88  99.98 99.99 #5 CFPHLRS LI N BEAERRFRACC
Table 5 Face Verification Accuracy on CFP dataset
CFMF-Net (&3
9400 9776 9936 99.94  99.98 100.0 ACC CE6  ACC (Efe  ACC (F
i ik FHD o) ¥
V=3 — -1F RS R )
F4 LEWHIES F IR ZEACCRIAUC ard -
Table 4 Face Verification A~curacy (ACC) and Area Under Luan 22\ (2017 vr84 9341 9563
Curve (AUC) on LFW dataset Yin %A (2017b) 97.79 94.39 96.09
i ACC AUC Zhao SN (2018b) 99.44 93.10 96.27
Zhu SEA(2015) 96.25 99.39 Deng 25 A (2019) 99.62 95.04 97.33
Yin Ar}\ (2017];)) 96.42 99.45 CFMF-Net
99.34 95.17 97.26
Ca0 =N (2018) 99.41 99.92 CRILTFERD
CFMF-Net (E3XHE:) 99.02 99.92
LD TR By IEmLgE 3 LITPAN xJTIREARYy  IETbgE R LD xJ7 [ JEAE )

LFW

UB-A FISLIe4ERnE 6 fim. £ARIEmH L
FIPIER, RICTTES ST 78R A0

FR 6 T JEEF, Masi 22 A (2017), Luan
AN (2017) BLA Yin 58N (2017b) 5 CFMF-Netl
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TxtEE. FTRLE B, CEME-Netl BUE 1 58 1R 51
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(R BE AT IE THIAb 1 7925, AR BRI IR T A R AN 8 18
F, 102D [FEA R % (Luan 25N, 2017; Yin 25
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Fig.6 Exemplars of frontalization results on LFW and IJB-A of CFMF-Net
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AR, AT AR E0E B IE m A ARG S, ik 7(d)
FiR e IXKAE T CFMF-Net £ #543%F IE TR IIVER -
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Table 6 Face Verification and Identification on 1JB-A dataset

N SZ 5l YNsaab] IS
pize3 — N, pize3
FAR=0.01 FAR=0.001 Top-1 Top-5 MG AL AR
Crosswhite %5 A\
93.9 83.6 92.8 97.7 -/VGGFace VGGNet16
(2017)
A A Yang % A (2017) 94.1 88.1 958 98.0 -/3M ims of 50K ids GoogLeNet-BN
300W-LP/MS-Celeb ~ ResNeXT50+GoogL
Zhao ZE A\ (2017) 97.6 93.0 97.1 98.9
eNet-BN
Zhu 25N (2016) 89.0 82.8 90.3 92.8 3007V-L2/MS-Celeb -
N
Masi 25 A (2017) 88.8 75.0 92.6 96.6 -/Webface VGGNe
Chang £ A (2017) 90.1 85.2 91.4 93.0 -/MS-Celeb ResNet101
Luan 2 A (2017) 774 539 85.5 957 MultiPIE/ Webface CASIA-Net
Yin A (2017b) 85.2 66.3 90.2 95.4 300W-LP/ Webface CASIA-Net
. Zhao Z A (2018b 933 87.5 94.4 - MultiPIE/ - LightCNN-29
MM T a0 FA (20180)
Cao %N (2010) 95.2 89.7 96.1 97.9 Celec A-HQ/- LightCNN-29
CFMF-Netl (AI77¥) 90.7 773 94.7 98.1 300 W-LP/ Webface Fast AlexNet
CFMF-Net2 (I8 95.3 86.4 95.4 98.4 300W-LP/ Webface LightCNN-29
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Fig. 7 Ablation study of fro.:talization on 300W-LP
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Table 7 Ablation study of CFMF-Net on IJB-A

NI E N
ik
FAR=0.01 FAR=0.001  Top-I Top-5
w/s CFMF-Net 85.2 60 90.9 97.1

CFMF-Net w/o
88.8 70.7 92.1 972
F9,F4

CFMF-Net 90.7 71.3 94.7 98.1
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Table 8 Top-1 recognition accuracy in our self-defined pose-

subdivision test protecol on IJB-A
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