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Figure 1: Given input portrait images with varying poses and expressions (bottom), our approach can automatically generate
shapely portraits (top) that are better proportioned, by estimating the best reshaping parameter setting (called shapely degree)

using deep learning.
ABSTRACT

We present deep shapely portraits, a novel method based on deep
learning, to automatically reshape an input portrait to be better
proportioned and more shapely while keeping personal facial char-
acteristics. Different from existing methods that may suffer from
irrational face artifacts when dealing with portraits with large pose
variations or reshaping adjustments, we utilize dense 3D face infor-
mation and constraints instead of sparse facial landmarks based on
3D morphable models, resulting in better reshaped faces lying in
rational face space. To this end, we first estimate the best shapely
degree for the input portrait using a convolutional neural network
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(CNN) trained on our newly developed ShapeFaceNet dataset. Then
the best shapely degree is used as the control parameter to reshape
the 3D face reconstructed from the input portrait image. After that,
we render the reshaped 3D face back to 2D and generate a seam-
less portrait image using a fast image warping optimization. Our
work can deal with pose and expression free (PE-Free) portrait
images and generate plausible shapely faces without noticeable
artifacts, which cannot be achieved by prior work. We validate the
effectiveness, efficiency, and robustness of the proposed method by
extensive experiments and user studies.
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1 INTRODUCTION

The human face is essential in representing personal identity and
making a first impression. Most people wish that they look gor-
geous in all their photos on Facebook or Instagram. As a result,
portrait editing plays a significant role in many applications, such
as social media, advertisement, visual effects, fitness incentives,
etc. In practice, the facial attractiveness of a portrait image can be
affected by two main factors, face texture and face shape [24, 27, 29].
The former is solely determined by the colors on the face and can
be improved by direct color adjustments such as brightness en-
hancement [28, 36]. However, the latter cannot be simply resolved
in this way, as the face shape can be varied according to one’s body
condition such as weight [43] in particular, even when the pose and
expression of the face are fixed. Therefore, how to reshape face in
the portrait image to improve facial attractiveness, while keeping
the personal characteristics and the realism of the original portrait
image, is an intriguing yet challenging problem.

Although it is straightforward to reshape objects in 2D based on
image warping, the lack of underlying 3D information would easily
cause artifacts due to unnatural deformation, especially for very
familiar objects, such as human bodies and faces. This inspires re-
searchers to leverage 3D deformation for realistic object reshaping,
for instance, on human bodies [44]. In terms of face reshaping, the
state-of-the-art method [43] utilize an irrational regression model
(controlled by the differences of the body mass index (XBMI)) de-
fined on a sparse set of facial landmarks to manipulate 3D face.
However, this method may cause noticeable artifacts when per-
forming on portraits that require large face shape adjustments and
have large pose or expression variations, etc. The reason is that it
relies on sparse feature points to reconstruct and deform a 3D face,
and the resulting face may not lie in rational face space. Moreover,
it is not automatic. Thus, the user is required to tweak parameters
to achieve a satisfactory result manually. An intuitive approach
is to represent 3D face using a parametric representation as 3D
morphable models (3DMM) [2], then automatically estimate the
face roundness (an indication of how shapely a face is), and finally
make reasonable adjustment of the face shape according to that
roundness estimate. Nevertheless, due to the representation limi-
tation of 3DMM, it is challenging to preserve facial identity while
making shape adjustment. Moreover, automatic roundness estima-
tion requires labeled data across people with different gender, age,
etc., which is currently not available. And more importantly, to
ensure accurate and consistent annotations, it is preferable to label
data from the same identity with different roundness values. But
collecting such data is simply not feasible in practice, given the fact
that the face roundness of an individual usually remains constant
for an extended period, and even it changes, the rate is slow.

To address the above challenges, we develop an automatic shapely
portrait editing method based on deep learning, achieving plausible
reshaping results without changing the identity of the input por-
trait (see Figure 1). Different from Zhao et al. [43], our reshaping
model leverages the parametric face representation based on 3DMM
along with the state-of-the-art facial expression model. It enables
dense and rational control of the 3D face by employing a reshaping
optimization with identity and face roundness constraints. As a re-
sult, our model can simply use a single parameter XBMI to reshape

3D face in rational face space, enabling automatic shapely portrait
generation for the first time while avoiding unexpected artifacts
caused by previous work. We also present ShapeFaceNet, a portrait
image dataset from 3,400 individuals. Each individual’s portrait is
adjusted with different face roundness using our reshaping method.
The faces with most shapely or attractive degrees are annotated by
human raters. Based on the dataset, we train a CNN-based estimator
that can compute the best shapely level (face roundness), which
can be used to reshape the input portrait. Moreover, we employ a
resolution-free method inspired by [35] to warp the input image
according to the reshaped 3D face model and its fitness with the
image background, which avoids performance problem of Zhao et
al. [43] as their warping algorithm is resolution-dependent.

We evaluate our method by extensive experiments on various
portrait images and comparisons with the state-of-the-art. We also
conduct a pilot study to validate that the shapely degree of the re-
sultant portrait accords with human aesthetics. The results demon-
strate the effectiveness, efficiency, and robustness of the proposed
method. Overall our work makes the following contributions:

e We present a novel deep shapely portrait editing method that
is simple, efficient, and stable. It can handle PE-free portrait
images and automatically generate rational, realistic, and
shapely faces to be better proportioned without noticeable
artifacts while preserving personal identity.

e We present a reshaping model based on an optimization
method that leverages dense and rational constraints con-
cerning 3DMM, face identity, and face roundness, achieving
plausible reshaping results.

e We create the first shapely portrait dataset ShapeFaceNet,
which comprises portrait images from 3,400 individuals and
have different shapely degrees annotated according to public
aesthetic criteria. Based on this, a CNN-based shapely level
estimator is proposed to estimate the shapely degree for
automatic shapely portrait editing.

2 RELATED WORK

Portrait retouching, which has wide applications on social media
and entertainment, is highly anticipated by academic and business
sectors. Commercial software such as Adobe Photoshop is widely
used but requires professional skills. To facilitate the portrait re-
touching process, many works have been proposed to edit the face
texture, shape, or both. Portrait texture editing methods such as style
transfer [36] transforms the style of a portrait to another. Same
intuitive face properties like make ups [28] and lighting [37] can
migrate as well. More lighting control of portrait images can be
obtained by relighting under any given environment map [38]. Al-
though the results of these methods are impressive, the portrait
shape remains unchanged, limiting the scope of applicability. On
the other hand, many portrait shape editing methods are proposed
to further reshape input portraits. Shih et al. [35] reduce wide-angle
distortions without affecting other parts of the input portrait image
instead of reshaping the face itself. Interesting face-related applica-
tions such as personalized and photorealistic face caricaturing [16],
caricature synthesis [25], and portrait characterization analysis and
synthesis [34] are also presented. To improve the attractiveness of
face shape, aesthetic-aware face reshaping method [24] edits the



proportion of a frontal portrait image through a speci c set of facial
landmarks based on public aesthetic criteria. However, it is only
performed in 2D and relies on accurate facial landmarks to adjust
the placement of eyes, nose, etc., while we only change the face
roundness in 3D, thus can preserve intrinsic face features/identity
and handle large pose and expression variations. Liao et2d]. [
extend the idea to 3D by employing empirical attractiveness cri-
teria for 3D faces. It focuses on salient structure (facial features
and contour proportions) adjustments instead of considering the
underlying physiological structure of the human face, thus yielding
artifacts.Portrait texture/shape editing meth@is mostly based on
generative modelsdl, 29. They can change both the face texture
and shape of portrait images. However, these methods are di -
cult to control as the reshaping parameters are not physiologically
meaningful. The most relevant work to ours 94§, which presents

a more general parametric reshaping method based on a soft tissue
thickness regression model using sparse feature landmarks on the
facial regions. It indirectly reshapes the input portrait image using
the reshaped 3D face. However, this method is not automatic and
may produce noticeable artifacts due to the irrational reshaped
3D face when dealing with large poses, expressions, and adjust-
ments. To solve this problem, our method utilizes the underlying
face roundness component of a 3DMM to represent the reshaped
face, thus guarantees the rationality of the resulting face. We can
also automatically estimate the shapely degree of a given portrait
image and use it to guide the reshaping process.

CNN-based facial attractiveness learning . Deep learning makes
it possible to learn high-level aesthetics-related facial features, and
these features can be further applied for facial attractiveness infer-
ence. Various CNN-based approaches are proposed for the facial
attractiveness prediction (FBP) task. Xie et dll][develop a face
dataset with attractiveness ratings (SCUT-FBP) for automatic facial
beauty perception. This benchmark dataset intrigues further deep
learning based prediction methods, such as the psychology-inspired
CNN-based method (PI-CNN3 4, self-taught learning 14, label
distribution learning (LDL) [L3, feature combination 9], and multi-
task learning [L5. Rothe et al. 83 rate a speci ¢ person from a
given portrait image based on the dataset o >C"8>However,
these methods are mainly designed to infer general attractiveness,
which can be a ected by factors such as gender, age, appearance,
etc. Moreover, the dataset they used does not record the face shape
changes of a speci ¢ person. Thus, it is not suitable to measure how
shapely a portrait image is. Di erent from the above, we create
a speci ¢ dataset, called ShapeFaceNet, from 3,400 individuals. It
contains shapely degree annotations from human raters to meet
the requirement for automatic shapely portrait generation.

Monocular face reconstruction . Monocular 3D face recon-
struction aims to reconstruct 3D face geometry and texture from
portrait image or video of a single view. It is well known to be
ill-posed as shared by all single view reconstruction problems in
3D vision. Fortunately, such a problem can be constrained using
the semantic information of 3D face provided by 3DMM, such as
[2, 3, 19. By taking such information as a prior, the underlying 3D
face model can be faithfully estimated. Later, 3DMM is extended to
include also 3D facial expressions, pg for face editing applica-
tions. So far various 3DMM-based methods have been developed to
reconstruct 3D face from single imagé( or video [23 39. The

reconstructed 3D face can be enhanced by adding more elements
such as hair style§, 7], eyes fl], and ne-scale details4, 37. Be-
sides, secondary components (eyes, teeth, tongue, and gums) can
be included in the reconstructed face mod&H for gaming and
VR applications. Unlike these applications, the edited face of our
approach keeps its original pose and expression. As a result, our
pipeline is less sensitive to the quality and accuracy of the recon-
structed face geometry and texture. Hence a fast, simple, and robust
monocular face reconstruction approach [19] is preferred.
Content-aware image warping . Image warping has been widely
applied in various image editing applications, such as image stitch-
ing and reshaping 8, 1. By embedding the input image into a
content-aware 2D triangular meshB 44, important contents can
be warped with minimal visual distortion while retaining surround-
ing context. However, the performance of these methods is highly
dependent on image resolution, which may prevent their usage in
interactive applications for large images. Shih et &5 use a sparse
constant control mesh to keep the background minimally distorted,
resulting in high e ciency and resolution free performance. In-
spired by their work, we present an e cient warping optimization
with additional face boundary constraints to seamlessly overlay
the reshaped face to the background.

3 OVERVIEW

In this work, we propose a novel method that automatically re-
shapes an input portraitimage, making the resultant portrait shapely
and realistic. Figure 2 gives an overview of the algorithmic pipeline.
Given an input portrait image, we rst detect the face regions and
facial landmarks, and then utilize a monocular face reconstruction
approach to reconstruct a 3D parametric face based on 3DMM (Sec-
tion 4). After that, a deep-learning-based shapely level estimator
trained on our new dataset ShapeFaceNet, is employed to estimate
the shapely level of the input portrait (Section 6). Guided by the
estimated shapely degree, the proposed reshaping model can drive
a speci ¢ set of facial landmarks on the neutral shape (identity) of
the reconstructed 3D face. We perform an optimization to reshape
the neutral 3D face, and then combine it with the facial expression
to generate the nal reshaped 3D face (Section 5). Finally, a content-
aware warping optimization is employed to seamlessly fuse the 2D
face regions projected by the reshaped 3D face into the background,
resulting in a shapely portrait with high realism (Section 7).

4 MONOCULAR FACE RECONSTRUCTION

We employ the face reconstruction approach by Huber et &4 [

to t a parametric face model to a given portrait image. It is based
on a meaningful face representation with a parameter vedgar
which consists of head pose parameters (rotatRr?2 R3 3 and
translationt 2 R3), facial identity coe cients (' 2 R¥ss, #g3 =
63), and facial expression coe cients#{ 2 R¥46? #4557 = 6).
Besides, we obtain the texture maps by orthogonally projecting the
3D face onto the image plane rather than estimating the di use
skin re ectance, which dramatically reduces the reconstruction
complexity while meeting our requirement for portrait reshaping.
For an input portrait image81parameters are reconstructed by the
monocular face reconstruction. Next, we will present the parametric
face representation and monocular face reconstruction in detail.



Figure 2: The pipeline of our deep shapely portrait method. Given an input portrait image (a), we rst perform monocular
face reconstruction to create a parametric 3D face (b). By estimating the shapely degree of the input face using a trained deep
learning model on ShapeFaceNet dataset (c), we optimize the parametric 3D face (b) to obtain the shapely 3D face model (d)(left).
After seamlessly fusing the rendered 2D face regions (d)(right) with the background using a fast, resolution-independent
warping optimization algorithm (e), we generate the shapely portrait while keeping personal facial characteristics (f).

Parametric Face Representation. We represent the space of 5 RESHAPING MODEL

facial identity based on 3DMMZ], and the space of facial €x-  after monocular face reconstruction, we obtain the reconstructed
pression via the ane mod_el of FaceWarehousQ.[l_\/Iore sp_eC|f- 3D face" 1" g=#¢° based on identity coe cient" o and expression
ically, a 3D human facé is formed by a mesh with= vertices, coe cient #o. We denote the identity component of facel" gs#g°

iy

e, = XX IX=Ya 2RFexg 2 R, The shape variation of  a5n 1" g0 hy xing expression coe cient #o. Then we have the
human face is formulated as the summation of the mean shape following representation for each vertex ifi 1" o°:

A =X X2 " X=Ya RFexg 2 R3, and the linear combination of
a set of 3D face shape bases, which encode the per-vertex bias of
the underlying template mesh as follows:

xg!" o° =xg, Pag " 0° (3)

whereP3, 2 R #& is a sub-matrix ofPg3 corresponding to the
1) G ~, andl coordinates ofkg. We aim to generate a reshaped 3D

ALY GO A Paa " Py #e

wherePgg = »i; Vo; " Vi o, ¥4 R #83 s the matrix consists of
#gzidentity shape bases computed by principle component analysis
in Basel Face ModeP[. Similarly, P4g22 R® #462 is the matrix
composed oft 4 expression shape bases in FaceWarehouse [5].
Face Reconstruction. We employ a simple face reconstruc-
tion method to e ciently estimate the parameter® for the input
portrait. The reconstruction is formulated as an optimization that
combines terms for face alignment and statistical regularization:

1P0:F5 51P0, FA AlPO. (2)

whereP = fRete" ¢#g. This enables the simple and robust recon-
struction of geometry identity, facial expression, and head pose. We
use 68 facial landmarks automatically detected by the implementa-
tion of [22 to de ne the sparse alignment term s when tting a

(a) Theregion of interest  (b) Frontal landmarks  (c) Pro le landmarks

3D face model to a 2D portraitimage. The regularizerenforces Figure 3: The red feature region (a) is used for face identity
statistically plausible parameter values based on the assumption of Preservation. The facial landmarks illustrated in (b) and (c)
normally distributed facial data. We refer t®f for more details are used for the regression model of soft tissue thicknesses.

on the energy formulation. ©Hanqi Lv



face = »1;~2;""~=Vs R¥+~g 2 R3. To generate a satisfactory
reshaped face, we need to preserve the identity and rationality of
the input face when performing the reshaping operation. We rst
introduce the sparse model of Zhao et adJ for completeness,
then elaborate on our reshaping optimization.

Sparse Reshaping Model. The sparse reshaping model of hu-
man face stems from the forensic research df][ which utilizes a
linear regression model to present the mapping from the soft tissue
thickness of 52 3D facial landmarks (Figure 3) to both the age and
the body mass index (BMI). For a speci ¢ input portrait, the age
remains unchanged. The positions of facial landmarks will change
along their normal with respect to BMI di erences®MI) as:

Xolg, =X 1931" o° R XBMI 19 n 1p®
b =flgg 9= 102 """52

where 1@ indicates the vertex index of th&th facial landmark,
X 1gpt" oo-xolg, are the original and reshaped positions of ti9g¢h

(4)

facial landmark respectivelBMl is the BMI di erencen 1 2 R3
is the normal of the3th facial landmark, and consists of the
regression coe cients of all facial landmarks.

Reshaping Optimization. The reshaping optimization can be
formulated as the combination of deformation constraints encod-
ing the sparse logical model in Eq. 4, and the constraints on face
rationality and identity:

" %= gopg'®, g VO, MO (5)
where: e} .
_ 2
B0?24'_°= ~igp X g% (6)
9

is the sparse reshaping constraint. Then we de ng--
which ensures that the reshaped face lies in rational space:

G

1 o" 0=

3" —

1 4" 0

02

~ 1 18 & e (7)

Ealxgl" ©
8°X8 > 2

&1
where & is the diagonal matrix composed of eigenvaluesRgg,
the second term is the statistic regulation of identity coe cierit .
Due to the representation limitation of 3DMM which will change
face identity during optimization, we set a region (red region in
Figure 3a) as the region of interest for facial feature preservation,
and assign a weight function as follows:

01 8%g2 -
- >C4AF8B4”

This is to set lower constraints of 3DMM to facial feature regions.
Finally, the identity preservation term *_° which constrains
the reshaped face to the original face, is de ned as:

G

1_0 - 1 1.._80
81
and ! °isthe vertex Laplacian operator of the 3D face mesh, which
is simple and e cient enough to encode face identity since they
are only tiny changes in facial features constrained by g-4.

The formation of *_""© allows a convex optimization, and the
optimal solution is obtained solving a least-squares problem. Even-
tually, we obtain the optimal reshaped face respecting the body
mass indexdBMI, while preserving face identity and rationality.

Fg= (8)

1xgl" 0002.

9)

Finally, the facial expression encoded¥gs» #pis addedto_ to
obtain the resulting reshaped 3D face with expression.

6 SHAPEFACENET AND SHAPELY LEVEL
ESTIMATOR

In addition to the reshaping algorithm, we design a shapely level
estimator, which can automatically estimate how shapely a given
portraitimage is. Such an automatic estimator avoids tedious adjust-
ments of reshaping parameters, allowing novice users to e ciently
use our work. Thanks to the reshaping model we proposed in Sec-
tion 5, we can simply utilize a single paramet&BMI to reasonably
represent the change of a human face under weight variations.
Moreover, the proposed reshaping model can synthesize di erent
weight variations of a portrait image, which are hard to achieve.
Hence we can generate a set of faces with di eré8MI for a given
portrait image. We ask human raters to select the most shapely or
attractive face according to public aesthetic criteria, which is subjec-
tive and may form a shapely level distribution for the given portrait
image. We chose the most voted one as the most shapely face. Then
we can de ne theshapely degregf a face as th&BMI di erence of

the current face to the most shapely face. This naturally represents
the shapely level of a portrait image.

Based on the above analysis, we constructed ShapeFaceNet, a
dataset that consists of 3,400 individuals with shapely degree anno-
tations. Each individual contains eight portrait images generated
by our reshaping model and a shapely level distribution formed by
the votes from 20 raters and a shapely degree (Figure 4) for each
face, as discussed before. Please refer to Section B of supplementary
material for more details.

We formulate the estimation of shapely degree as a regression
problem. Inspired by the success of convolutional neural network in
computer vision, we employ ResNet ] to construct a regression
model trained on ShapeFaceNet to estimate the shapely degree of a
given portrait, which can then be used for reshaping portrait image.

7 WARPING OPTIMIZATION

In this step, we warp the input portraitimage, such that the resultant
2D portrait is consistent with the 3D face model after reshaping,
and is naturally blended with the background.

To this end, we propose a hybrid approach by warping the back-
ground (inspired by Shih et al3H) while seamlessly fusing with
3D reshaped face rendered to the image plane. The advantage is that
both 2D image warping and 3D face rendering can be e ciently
computed, which is much faster than the resolution-dependent
warping method used in43. We describe the details of warping
optimization in Section A of supplementary material, as this is not
the main contribution of our method.

8 EVALUATION

In this section, we carefully evaluate the proposed method, includ-
ing testing on various examples, presenting the performance and
implementation details, comparing with the-state-of-the-art, con-
ducting a pilot user study, and demonstrating its wide applications.
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