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Magic Glasses: From 2D to 3D
Xiaoyun Yuan, Difei Tang, Yebin Liu, Qing Ling, and Lu Fang

Abstract— This paper proposes a virtual 3D eyeglasses try-on
system driven by a 2D Internet image of a human face wearing
with a pair of eyeglasses. The main technical challenge of this
system is the automatic 3D eyeglasses model reconstruction from
the 2D glasses on a frontal human face. Against this challenge,
this paper first proposes an eyeglasses segmentation method using
a convolutional neural network-based parsing algorithm to label
the glasses pixels, followed with a proposed symmetry-based
level-set optimization algorithm to refine the contour of the
eyeglasses. With the precisely extracted silhouette image, we take
advantages of the smoothness and the symmetry priors of
the eyeglasses, and propose a silhouette-based 3D deformation
method to deform a 3D eyeglasses model selected from a
predefined 3D model database. The obtained model is plausibly
approximated to the input 2D eyeglasses after a texture mapping
step. Finally, we develop a virtual try-on system to interactively
synthesize the reconstructed eyeglasses on a moving target face
in real time. The experimental results demonstrate the efficient
and convincing virtual try-on performance of our approach and
the commercial potential of our proposed system.
Index Terms— 3D reconstruction,
extraction, virtual try-on.

deformation,

Fig. 1. Input and output of Magic Glasses. (a) Singer who wears a pair of
stylish glasses. (b) Some corresponding snapshots in the augmented video by
Magic Glasses.

object

I. I NTRODUCTION

V

IRTUAL try-on for human body is one of the most
important augmented reality applications. It provides an
approach that is highly interactive to evaluate designs of
products, such as apparels [1], [2], handbags [3], footwears [4],
and jewels [5] with real humans. Recently, interactive virtual
eyeglasses try-on has catched both academic and business
attentions [6], [7] because it provides a convenient and
effective way for customers to evaluate and select the
right eyeglasses that can match to their personal taste and
fashion style. Existing systems [8] can capture a user’s facial
performance and render a pair of selected glasses properly on
a video stream immediately and simultaneously with the user’s
head motions and poses, which provides an immersive visual
try-on experience.
Despite of the remarkable technical progresses, virtual
try-on of eyeglasses stiff faces a significant challenge,
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that is, how to personalize frames of eyeglasses. In the
existing systems, customers are only able to virtually wear
3D eyeglasses whose models are given in a predefined
database. However, in practical applications, a user may be
interested in a pair of eyeglasses that are worn by someone
in an Internet image, and hope to try the eyeglasses on
by themselves. This requirement cannot be met in existing
systems since the 3D information of the desired eyeglasses is
not available.
This paper proposes a novel interactive eyeglasses virtual
try-on system called Magic Glasses, which requires only a
2D frontal face image of any person wearing the target
eyeglasses. Fig. 1 demonstrates the effects of Magic Glasses.
Given an input image containing the desired eyeglasses,
our system automatically matches the eyeglasses to a target
customer sitting before a Kinect equipment. The customer
can visualize the augmented video stream and interact with
the virtual eyeglasses by moving and rotating her/his head.
Magic Glasses only consists of a Kinect depth camera and a
small-scale database that stores a few typical 3D eyeglasses
models. Our system provides by far the most convenient way
for eyeglasses try-on. It does not rely on face modeling as well
as human-assisted eyeglasses design. Moreover, by exploring
Internet resources, our system substantially enriches the types
of eyeglasses that can be used for virtual try-on.
The main challenge of implementing Magic Glasses lies
in automatic 3D modeling of eyeglasses from a 2D image
with facial background. Most of the existing works that
reconstruct 3D images from a single image assume either
known surface reflectance or environment lighting [9], or
clean background for foreground segmentation [10], or simple
shape structure of the target [11], while some of them rely
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on human assistance [12]. In this paper, we take advantages
of the eyeglasses prior by deforming a 3D eyeglasses
template and approximating the model to the silhouette of the
eyeglasses in the image. To do so, we address the problem
of high-quality automatic segmentation, which is nontrivial
since the eyeglasses are always crossed with complicated
facial textures such as eyebrows. Moreover, we propose
an interactive level-set segmentation and point-to-point
deformation approach to guarantee that the deformation
operation is robust to the inevitable segmentation error.
Our preliminary work was reported in [8], which used 3D
glasses models as inputs. This paper is a nontrivial extension
of [8] through using more convenient 2D images as inputs.
The main contributions of this paper are as follows.
1) We propose an automatic segmentation approach to
obtain the foreground silhouette of the eyeglasses from
a frontal face. Our approach consists of a rough
eyeglasses pixel parsing step using a convolutional
neural network (CNN) and a symmetry-guided level-set
segmentation step to refine the silhouette.
2) Given the foreground silhouette, we propose a 2D
to 3D eyeglasses reconstruction method to drive the
deformation of the eyeglasses template by integrating
shape, depth, smoothness, and symmetry constraints.
3) Given the reconstructed 3D model, we develop a
real-time virtual try-on system using a Kinect depth
sensor. A generic 3D face model is used in the
system for the purpose of the active appearance model
(AAM)-based face tracking, which enables solving the
occlusion problem in the rendering step and guarantees
a more realistic glasses try-on experience.
The rest of this paper is organized as follows. Section II
reviews the existing 3D reconstruction methods based on
single images. Section III presents an overview of our system.
Sections IV–VI will provide technical details of our system in
image extraction, 3D deformation, and virtual try-on modules,
respectively. The experimental results and discussions are
presented in Section VII. Section VIII concludes this paper
and discusses future work.
II. R ELATED W ORKS
This section starts from related works on virtual eyeglasses
try-on. Then we will review the progresses on extracting
regions of interest (ROIs) from facial images and 3D
reconstruction from a single 2D image. These two technologies
are enabling factors of Magic Glasses.
A. Virtual Eyeglasses Try-On
Virtual eyeglasses try-on is of practical importance in,
for example, online selling scenarios. For example, on an
online selling website, a consumer can upload her/his photo
or video and choose a desired pair of eyeglasses. After an
eye-detection step, the chosen eyeglasses will be blended on
the consumer’s photo [13], [14]. Since the detection is not
necessarily precise, the consumer needs to drag the eyeglasses
to fit her/his eyes. Huang et al. [13] detected eye corners
first, and then used affine transform to fit two images. While

Li and Yang [14] concerned about the blending process of a
user portrait and glasses image, and improved the blending
result by adapting Poisson equations. This work exploits one
photo and can show only the frontal view of a user. As for
side views, a frontal eyeglasses image is not enough. Since
glasses may be partially occluded by the head, a try-on system
must decide which part should be shown. A mixed reality
system with customized hardware proposed in [6], on the
other hand, adopts 3D glasses models to handle the occlusion
problem. Some feature points with fixed coordinates are used
to calculate the relative positions and decide which part to
show. Since the feature points are discrete and sparse, the
result cannot be very precise. Another group of works [7], [15]
utilizes 3D models of both eyeglasses and users’ heads to
enhance the try-on performance. This approach, however,
relies on 3D head reconstruction that needs users to go through
3D scans. Moreover, 3D reconstruction of human faces with
vivid textures is challenging itself. Considering that human
heads have a common shape in general, our system adopts
a generic 3D head model to avoid the complicated 3D head
reconstruction step, yet yields favorable results.

B. Extracting Regions of Interest From Facial Images
ROI extraction is a hot topic in the field of computer vision;
many related works, like [16] and [17], have been proposed.
However, these methods usually regard the ROI as salient
while the background is not, and assume that the boundary
of the object is strong in the image. These assumptions are
true for natural images, but not necessarily valid for extracting
accessories from facial images, since a face is a complex
background containing lots of salient components and edges.
Studies on human facial images, though not aiming at object
extraction directly, provide insightful ideas for analyzing
characteristics of facial images from another point of view.
Facial image denoising, for example, can be very helpful for
object extraction. Look a facial image with eyeglasses as a
face with noises. After the denoising step, subtracting the
denoised image from the original one indicates the region of
eyeglasses.
Based on a data set of glassless facial images, reconstruction
of a facial image without eyeglasses occlusion is introduced
in [18], where principal component analysis (PCA) is the
major mathematical tool. PCA reconstruction with a recursive
error compensation step is proposed in [19]. Kernel PCA and
its variants have also been used to improve the performance of
face restoration due to their nonlinear property, as illustrated
in [20] and [21]. Recently, new methods like sparse coding and
machine learning have been exploited in this topic [22]–[25].
For example, [23] codes an image over a facial dictionary
and learns a coding residual map to detect outliers.
Andrés et al. [24] proposed an iterative algorithm using
compressive sensing to detect the occluded areas, though at the
cost of high computational complexity. Tang et al. [25] argued
that a facial image can be modeled by a Gaussian restricted
Boltzmann machine and the glasses can be regarded as a noise
and modeled by a binary restricted Boltzmann machine. The
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Fig. 2. Pipeline of the proposed system. The input image is cropped and the eyeglasses contours are extracted by a rough CNN classifier on the pixel level
and then followed by a level-set refinement. After the shape is obtained in the 2D extraction module, a template model is matched and deformed to reconstruct
our final output model. The reconstructed model is put on the user’s face captured by Kinect.

model suits the problem fairly well; however, its parameter
tuning is nontrivial and the training process is time consuming.
Generally speaking, learning methods can extract face
features with high accuracy, but full occlusion extraction is
difficult and requires a large amount of training samples.
Normal segmentation methods concerning edges are hard to
implement directly due to the complex geometry of faces. In
light of the pros and cons of these two approaches, our system
adopts a CNN classifier trained by synthesis data first to get
rough labels in the pixel level, then we combine the classified
result into our level-set energy functions with edge information
as well, and get satisfying final results.

a 3D preanalyzed candidate model. This method performs
image-space segmentation under the user’s guide first,
and then deforms a 3D candidate to fit the photographed target
utilizing silhouette correspondence.
Our system exploits the geometry of 2D images to
directly instruct deformation of 3D templates, and thus can
obtain visually acceptable 3D models. The procedure shares
similarities with the one in [10], including the segmentation
step and the deformation step. However, the two methods
are different. Segmenting eyeglasses from facial images is
much more challenging than the user-guided situation in [10],
and models in our template set need no preanalysis in
structure.

C. 3D Model Reconstruction From 2D Image
3D to 2D projection causes information losses in, for
example, depth information, orientation, distance, and so on.
Therefore, 3D model reconstruction from a single image is
an ill-posed problem. To fill the gap between 2D images
and 3D models, one has to obtain more information that
helps the reconstruction process. According to the way of
obtaining additional information, 3D reconstruction methods
can be divided into two categories.
The first one is to investigate the input image itself to
find more geometry information. These methods usually need
strong assumptions. Shape from shading [9], for example,
exploits a gradual variation of shading in the image, and thus
relates image irradiance with surface orientation to recover
the shape. However, this method assumes purely photometric
cues, like uniform color and texture.
The other kinds of methods combine prior knowledge with
the input image and reconstruct the 3D structure of the input
scene. Reference [26] uses a Markov random field to infer
3D location and orientation by learning the relation between
the image features and the location/orientation of the planes,
as well as the connections between various parts of the
image. That is to say, this method exploits the priors of the
relationship between the 2D image and the 3D structure by
supervised learning. Xu et al. [10] introduced a novel idea to
help a user create a 3D model as a geometric variation from

III. S YSTEM OVERVIEW
The input of our system is a frontal facial image with
eyeglasses frames. The output is a reconstructed 3D eyeglasses
model, which can be virtually put on a user’s face. There are
three databases used in our system, the FERET face database,
a 2D glasses silhouette image database, and a 3D template
model database. The face database and the 2D glasses database
are used for synthesizing data and creating labels to train
our CNN classifier, and the 3D model database is used as
candidates for deformation. The last two databases are built
by collecting images and models from the Internet. The
2D glasses silhouette image database contains 200 samples,
and the 3D template model database contains four models.
2D glasses images are cropped and aligned by their principal
directions found by PCA in horizontal and by their nose pad
positions in vertical. Since a generic face model is used to
solve occlusion problem as mentioned before, 3D models are
aligned with the generic face model in the model space with
the consideration of subsequent rendering needs. Our system
runs on a computer with an Intel Xeon CPU @ 2.50 GHz
and 32-GB RAM. In the try-on module, a Kinect camera is
equipped to capture users’ color and depth streams.
An overview of our system is illustrated in Fig. 2. The
whole system includes three main modules. The first module is
2D eyeglasses extraction, which extracts a clean 2D eyeglasses

846

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 27, NO. 4, APRIL 2017

shape from a facial image. Since the texture of the facial image
is very complicated, this step is crucial for the following ones.
We propose a CNN for rough classification and refine it
by iterative level-set segmentation. The second module is
3D eyeglasses reconstruction, which fills the gap between
2D images and 3D models. We convert the 3D reconstruction
problem into a template deformation problem, which simplifies
the computation yet yields favorable results. The last module
is 3D virtual try-on, which is built upon our previous work [8].
This module puts the reconstructed 3D glasses onto the
user’s face and demonstrates the output of reconstruction.
The system in the user’s view is a software installed on a
computer equipped with a Kinect camera. The extraction and
deformation modules are hidden since a user does not need to
know the details. The user uploads target images containing
eyeglasses, and after an automatic offline processing,
he/she can sit in front of the camera and click the mouse to
choose one from different glasses for virtual try-on. Technical
details of these modules will be given in the following
sections.
IV. 2D E YEGLASSES E XTRACTION
Extracting eyeglasses from facial images can be regarded as
a complicated segmentation problem since many regions like
eyebrows, hairs, and shadows on faces may cause confusions.
To distinguish eyeglasses from facial parts, a coarse to fine
segmentation approach is proposed. First, a pixelwise CNN
classifier is trained to roughly determine whether a pixel
belongs to glasses region. Then the level-set algorithm [27]
is modified to combine the results of CNN classification, the
boundary information, and the intrinsic symmetry property of
glasses to improve the performance.
A. Rough Classification by a Convolutional Neural Network
1) Database Preparation: To train a binary classifier, both
positive samples and negative samples are necessary. As for
the eyeglasses extraction problem, we need to label the pixels
belonging to the eyeglasses region and those belonging to
the face region, and then use these labeled pixels as training
data. However, manual labeling is tedious and time consuming.
Moreover, as far as we know, there are few available databases
that can meet our requirement. Some data sets do provide face
images with occlusions (like sun glasses and scarfs), but lack
detailed labels. Therefore, we propose a synthesis method to
build desired databases.
First, we use N = 1000 glasses-free frontal face images
without occlusions, denoted by F = {Fi , i = 1, 2, . . . , N},
given by the well-known FERET database [28]. Meanwhile,
K = 200 images of eyeglasses are downloaded from the
Internet, denoted by G = {G j , j = 1, 2, . . . , K }. These
images of eyeglasses are clean with pure background, such
that it is easy to get the corresponding silhouette shape
masks M j , j = 1, 2, . . . , K of eyeglasses by Otsu [29] or
other simple methods. Both F and G databases are aligned
individually, and a rough alignment between F and G is
conducted. The facial images are aligned by the position of
two eyes, and the eyeglasses images are aligned by the position

Fig. 3. (a) Some synthesized patch samples. (b) Sliding window is performed
on the synthesized image. Each patch can be a training sample with label
(glasses/nonglasses) according to the label of its central pixel (red dot).

of its left-upper most and right-upper most points. Newly
generated images in the following steps will be aligned in
the same way.
Then we randomly combine the images in F to those
in G with horizontal and vertical shifts, blurs, and different
alpha values to generate facial images with eyeglasses.
Suppose that we will generate L such images, denoted by
D = {Dl , l = 1, 2, . . . , L}. The lth image Dl is given by
Dl = α Fi + (1 − α)T G j

(1)

when i ∈ {1, 2, . . . , N} and j ∈ {1, 2, . . . , K } are chosen
randomly, and T is a transformation matrix to give glasses
image a small random shift, and α controls the blend weight
between the facial and glasses images. Fig. 3(a) shows some
training samples generated by our method.
Upon obtaining D, we get a series of facial images with
glasses and their corresponding masks. Then we use D to
generate training patches. For an image Dl , an S × S window
slides across by one pixel at a time to obtain patches. The
label of the central pixel in a patch is regarded as the ground
truth, as demonstrated in Fig. 3(b).
2) CNN Training: After positive and negative patches have
been generated as described above, a binary CNN classifier
is trained. Since our data set is not very large compared
with common image classification problems, the complex
architecture of AlexNet [30] may cause overfitting. For this
reason, we design an simpler architecture, consisting of
three convolutional layers followed by a two-way soft-max
module, which finally provides a distribution over the binary
classification result of input data. Dropout, which sets the
output of hidden neuron zero with probability 0.5, is conducted
in the last two layers. The network is trained by stochastic
gradient descent with a momentum of 0.9 and a weight decay
of 0.0005.
B. Refine Segmentation by Level Set
1) Edge-Based Active Contour Model Formulation With
CNN Prior: A frame of eyeglasses can be regarded as a
combination of three contours: two inner contours and one
outer contour. Since the inner contours have less complicated
confusions, they can be extracted first and the results can help
the extraction of the outer contour. On the other hand, level-set
methods have been widely used in image segmentation, and
the active contour model is well suited for the task of contour
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Fig. 5.

Fig. 4. Process of calculating g. (a) Raw results in the CNN classifier.
(b) Raw results of texture smoothing. (c) Our g value combining (a) with (b).

extraction. Inspired by [27], an edge-based active contour
model, given by a distance regularized level-set formulation, is
adapted to the eyeglasses segmentation problem. Let I be the
input image on a domain , and a typical energy function ξ(φ)
for level-set function φ(x, y, t) :  → R is defined as
ξ(φ) = μR p (φ) + ξext (φ)

(2)

where R p (φ) is the level-set regularization term, μ > 0 is a
constant, and ξext (φ) is the external energy.
When applying to edge-based image segmentation problem,
(2) can be written as
ξ(φ) = μR p (φ) + λL g (φ) + α A g (φ).

(3)

The edge indicator g can be defined as
g

1
1 + G σ ∗ I 2

(4)

where G σ is a Gaussian kernel with a standard deviation σ .
When regions in an image have shaped edges, the value of g
turns small. However, since the Gaussian kernel can smoothen
both edges and textures and the glasses shape is sensitive to
little edge changes, texture smoothing in [31] is used. Also, we
combine the CNN result in the previous step when obtaining g.
The pixels detected by the CNN classifier are preprocessed
by eliminating pixels far away from eyes, and the result is
dilated to expand the region and assure that most of glasses
pixels are covered in the CNN mask. Then the edge indicator
is adapted as
g( p) 

1
+ tC( p)
1 + Dx ( p) + D y ( p)2

(5)

where p is the pixel position, Dx and D y are the total variation
measures in the x and y directions, t is a constant, and C is
controlled by the results of the CNN classifier, and its value
is big in nonglasses region, to make the contour stay in region
that is determined as glasses region in the CNN step. Fig. 4
demonstrates our calculation of g value. Then the energy
function for the edge-based image segmentation problem can
be written as
ξ(φ) = μR p (φ) + λL g (φ) + α A g (φ)

(6)

where λ > 0 and α ∈  are the coefficients of
L g (φ) and A g (φ), respectively. L g (φ) is the energy function
computing the line integral along the zero-level contour of φ

j
Metric to evaluate pair confidence between dli and dr .

and is minimized when the zero-level contours of φ are located
at object boundaries. A g (φ) is a function to speed up the
motion of zero-level contour by computing the area of region
φ(x) < 0. More details can be referred to [27].
2) Symmetry Estimation: The shape of eyeglasses has
horizontal symmetry intrinsically. As for inner contours, the
left and right two contours are symmetric, and as for the outer
contour, the left and right parts are symmetric. However, the
input image is often not strictly horizontal and the human head
in the image usually has a little yaw, pitch, and roll movements
from a neutral pose. Hence, to add the symmetry prior, we first
estimate a homography matrix H to represent the relation of
the left and right parts. Take an inner contour for example; first,
we use RANSAC to find the point-to-point correspondence
between left and right contours. Let Pl denote the points in
the left inner glasses contour and Pr denote the points in the
right inner glasses contour. Every (dil , d rj ), dil ∈ Pl , d rj ∈ Pr
can be a matching pair. Then we define a metric function to
evaluate the confidence of matching pairs


 cr − cl
c0 − d 0 

f (dil , d rj ) = 
·
(7)
 c − c  c − d  
r
l 2
0
0 2 2
where cr and cl are the centers of the left and right inner
contours, respectively, c0 is the midpoint of cr and cl , and d0
is the midpoint of dil and d rj , as shown in Fig. 5. This equation
turns into zero when cr cl is perpendicular to c0 d0 , which
means that cr cl and dil d rj are parallel. When the confidence
value f (dil , d rj ) is less than a given threshold, dil and d rj will
be regarded as symmetric pairs; otherwise, this pair will be
discarded. By doing RANSAC, we can randomly get enough
pairs and use them to estimate a homography Hlr to map
points in the left contour to the right and Hrl to map points in
the right contour to the left. By the assumption of symmetry,
the mapping position of the left part should be close to the
right part, and hence this correspondence can be used in the
following refinement step.
3) Details of Extracting Inner and Outer Contours: The
inner and outer contours have different features, and hence
they are treated differently. The inner contours usually have
relatively less confusing areas than the outer contours. As for
initial contour guesses of the inner contours, we use the eye
masks instead of random guesses, and we adopt the facial
key-point detection results provided by Face++ [32] to get
the face feature positions. Since the region of the eyes is
smaller than that of the desired eyeglasses inner contours, we
set α in (6) to be negative to expand contours and fit the inner
contours of eyeglasses.
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Fig. 7. Process of sampling glasses contours and obtaining 2D handle points.

A. Model Retrieval

Fig. 6. (a) Example of two barrier conditions that are hard to handle. The
outer contour often becomes too large (yellow circle) or too small (blue circle)
in contour evolution due to shadows, highlights, and other inferences. Under
this circumstance, symmetric prior can be useful. (b) Final result of our
method.

The situation of the outer contour is more complicated;
usually it is crossed with eyebrows, hairs, and so on. To reduce
these interferences, an initial contour is provided by the
dilation result of the inner contours. Then a typical expanding
level-set algorithm can be applied. Due to the existence of
the confusing regions such as eyebrows, hairs, and shadows,
the expanding results of the initial contour may have two
barrier conditions: it may expand too much or too little, as
shown in Fig. 6(a). Therefore, we design a two-step level-set
algorithm with the symmetry information: an expanding step
followed by a shrinking step to find the outer contour. In the
expanding step, the initial contour is expanded to cover the
area that contains the glasses region, that is to say, the value
of α in (6) is set to be negative. The purpose of the expanding
step is to expand contours in a rather large way. Specifically,
the union of the left and right parts is adopted as the final result
using the symmetry prior, to assure that the eyeglasses region
is contained in the contours. In the shrinking step, the resultant
contour in the expanding step is used as an initial input, and
the value of α in (6) is set to be positive to shrink the contour.
As opposed to the expanding step, the intersection of the left
and right parts is adopted to eliminate noises. These two steps
are executed iteratively, until the change of the resultant
contour is less than a threshold or the maximal number of
iterations is reached.
V. 3D M ODEL R ECONSTRUCTION
This section elaborates on reconstructing 3D eyeglasses
from extracted images. To fill the gap between 2D images
and 3D models, a candidate model set, denoted by T =
{T1 , T2 , . . . , TN }, is prepared as template models. After the
shape G r has been extracted in the previous step, the best fit
model, denoted by T b , will be retrieved from the set. Since the
candidate model set is very limited, the best fit will stiff have
some dissimilarities with the extracted shape. This motivates
us to further exploit the shape information of G r to instruct the
deformation of T b . After the deformation step, the 3D model
T r is reconstructed finally.

To find the best fit from the candidate models, we project
each 3D template model (Ti ) to a 2D image (G i ) first.
Then, the structural similarity index measurement is adopted to
measure the similarity between G i and the extracted shape G r .
Since the models in T are very limited and the similarity will
be improved in the deformation step, the retrieval step does
not need to be very precise. The purpose of the retrieval step
is to let the template model have the same basic structure
as G r , which is the extraction result in the previous section.
After the model retrieval step, we can get a model (T b ) that
has the same structure as the input eyeglasses, along with its
2D projection (G b ).
B. 2D Handle Points Chosen
After G b and T b are obtained, the correspondence between
the template G b and the extracted shape G r should be set up.
Here we use sampled points on eyeglasses contours as control
points. Contours in G r and G b are sampled into Nfix points
clockwise as illustrated in Fig. 7.
C. 3D Model Deformation Guided by 2D Images
Inspired by the geometry correction technique in [33],
we propose a point-to-point model deformation algorithm by
optimizing the following objective function:
E(X, X) = λ1 E f (X ) + λ2 E s (X , X)
+λ3 E d (X, X) + λ4 E y (X )

(8)

where X and X (X, X ∈ R N×3 ) denote all the vertices in the
original 3D and deformed models, respectively. E f calculates
the difference of handle points between the deformed model
and the 3D projection of the target 2D silhouette image.
E s keeps model’s smoothness by measuring the relative
position changes among neighboring vertices. E d constrains
that the deformation occurs mainly in the x y plane and keeps
z unchanged. E y enforces that the deformed model can keep
horizontal symmetry property. Each term will be explained in
detail in the following. And λ1 –λ4 are the nonnegative weights
for these four terms, respectively. The weight of deformation
part is set to be larger than others because handle points are
only part of all vertices and should be paid more attention.
Experiments show that the results are not sensitive to the
setting of these weight parameters.
The first term E f forces the projection of the deformed
model to match the target 2D image, that is to say, to keep
the deformed shape alike with the glasses in the input image.
Since the 2D image contains no depth information, we can get
only two rays in 3D spaces: the ray projected to the start points
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(handle points sampled from the 2D projection of template
model), denoted by V t , and the ray projected to the end points
(handle points sampled from the extracted silhouette image),
denoted by V e . We use the nearest neighbor points to V t in
the 3D model as the 3D handle points (a kd-tree algorithm is
used to speed up this process), and E f is defined by the sum
distance of the handle points in the deformed model to their
own end ray Vke , where k is the index in handle points B

2

X k (Vke )T Vke 


E f (X) =
(9)
X k −


Vke 22 
k∈B

R1×3

2

where
∈
and
denotes the
distance of the kth handle point X k in the deformed model to
its end ray V e .
The smooth term E s preserves the local shape of the
3D model as rigid as possible
Ve

E s (X , X) =

(X k (Vke )T Vke )/(Vke 22 )

N 


(X i − X j ) − (X i −

X j )22

(10)

i=1 j ∈Di

where N is the total number of points in the 3D model and
Di denotes the one-ring neighborhood of the i th point.
The depth term E d (X, X) is used to limit the model
deformation in depth direction, which guarantees that the
deformation occurs mainly in the x y plane since the target
frontal 2D image contains shape information for only
x and y directions. E d (X , X) is given as
E d (X, X) =

N


(X i − X i )Cd 22

(11)

i=1

where Cd is a 1 × 3 vector to select the depth value in X − X
by setting the values in the x and y directions to be zero and
remaining the value in the z-direction.
The symmetry term E y (X ) forces the symmetry of the
glasses model. Most 3D glasses models are horizontally
symmetric; only some parts like the glasses brand do not
satisfy this assumption. For a given glasses model whose
translation and rotation have been adjusted to fit the face
model, we find its symmetric plane first. Then we calculate
the distances of all the points to their corresponding symmetric
points, followed by eliminating the points whose distances are
larger than a given threshold. E y (X ) can be computed by
E y (X) =


N




ωi X i − X i 22

i=1

X = R[X 1]Cs

(12)

where [X 1] is to make the coordinates homogeneous,

X denotes the positions after flipping the model X by the
symmetric plane according to the 4 × 4 matrix Cs , R is an

N × N resort matrix to make X i be the nearest neighbor of X i ,
and ωi is the symmetry weight of the i th point. If the distance

between X i and X i of the i th point is below the threshold,
then this point is chosen and ωi = 1; otherwise, ωi = 0. The
parameter ω is added because some glasses are not totally
symmetric.

Note that (8) is a convex least square optimization problem,
which can be efficiently solved by on-the-shelf optimization
tools.
D. Texture Mapping
The input image contains texture information of glasses.
During the 2D handle points chosen procedure, the movement
of 2D handle points has been estimated. Specifically, the
2D handle points sampled from the 2D projection of template
model should move to their corresponding handle points
sampled from the extracted silhouette image. Then a dense
flow of points can be estimated by interpolation. As for
regions that are not extracted in the segmentation module, like
spectacle legs, we assign a material with the average color of
the frontal glasses image to these regions.
VI. V IRTUAL E YEGLASSES T RY-O N
Our previous work [8] has proposed a virtual 3D eyeglasses
try-on (3DET) system with efficient, realistic, and real-time
augmented performance. The effectiveness and efficiency of
our 3DET system rely on a robust face tracker and a occlusion
problem solver. The technical details will be discussed briefly
in the following.
A. Face Tracker
Our 3DET system converts the eyeglasses fitting problem
into a face tracking problem given that the relative correlation
between the face and the glasses is identified. Any mature
face tracking methods, as well as software development kits
provided by manufacturers, like Kinect SDK, can be exploited
into our system. Here a brief introduction of AAM-based face
tracking is introduced. AAM [34] is a common generative
model for face representation. In AAM, the appearance A
and shape S can be presented by a mean value plus a linear
combination of its basis. For 3D shapes, the shape S can be
adapted to a linear deformable model
s(w) = s0 +

L

i=1

SUi si +

M


AUi ai

(13)

i=1

where SU and AU are the shape and animation deformation
parameters and w is a warping function to map every pixel in
the model coordinate to image point.
Based on the face representation and by taking the
temporal matching and face segmentation constraints into
consideration, the total cost function in face tracking can be
written as
E(x, p) = E a + ωt E t + ωc E c

(14)

where E a denotes the difference between the warped-back
and the synthesized appearances, E t denotes the temporal
matching constraint, E c denotes the face segmentation
constraint, and ωt and ωc control the strength of E t and E c ,
respectively. Readers of interest are referred to [35].
By minimizing this cost function, shape parameters p
and the location of outline points xk can be found,
and the movement can be easily obtained correspondingly.
In this step, head translation T and rotation R can be
obtained.
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Fig. 8. Illustration of occlusion problem. (a) Occlusion problem. (b) Model
used as occlusion solver. (c) Results that occlusion problem is handled.
Fig. 9. 3D template models in our database and corresponding 2D projection
images. (a) Template A. (b) Template B. (c) Template C. (d) Template D.

B. Occlusion Solver
Unlike the methods based on feature points or 3D head
reconstruction, we add a transparent generic face model
Candide-3 in rendering process to solve occlusion problem.
Our glasses model is first scaled and aligned with this face
model, and the tracking results T and R are applied to these
models as
G current = RG previous + T

TABLE I
OVERLAP S CORES OF E IGHT T ESTING I NPUTS

(15)

where G current denotes the models (combining both glasses
model and the face model) with position in the current frame
and G previous denotes the models in the previous tracking
frame.
Then depth test is performed to decide whether the
glasses should be rendered. Note that the face model will
never be rendered. Only the combination of the glasses
texture and the 2D image captured by Kinect will be
shown as

Ig (x, y), if Ig (x, y) = 0
Iresult (x, y) =
(16)
I (x, y), otherwise
where Ig is the glasses rendered from deformed model and
I is the color image captured by Kinect. By adding generic
face model in rendering, the occlusion problem can be easily
solved, as shown in Fig. 8. In addition, the real size of a user’s
head can be estimated by the depth data provided by Kinect
in the tracked face region. Then the models G are scaled to
be the same as the estimated size. The camera parameters are
set to be the same as the Kinect color camera when rendering,
so Ig and I are with the same scale and camera intrinsic and
extrinsic parameters. The lighting source is set in front of the
model.
VII. S IMULATIONS AND D ISCUSSION
In our experiment, 1000 faces in the FERET database [28]
have been used in face synthesis. We also create a
2D eyeglasses binary image shape database, including
187 glasses shapes in the synthesis step. The input frontal
facial images and the 3D template models are searched on
the Internet. Eight input images and four template models that
are triangle meshes have been tested in our experiment. Since
the whole system contains several modules, we will show the
results of each step, respectively.

A. Results of Glasses Extraction
The glasses shape extraction results are shown in Fig. 10.
It can be seen that our CNN-based parsing method gives a
rather rough guess of glasses region. This is because that the
CNN classifier is trained on the synthesized data, so only
geometry information is involved in training set. Textures and
lightning/shadow are missing. But the output can cover most
glasses regions. After the level-set refinement, we can see the
result gets much better: the contours are smooth and natural.
And our method is more robust to the interference of hair
and other noises. This is because that our method exploits the
information of face database and the glasses database as well
as the image edge information and the symmetry property.
In consequence, the shape of extracted glasses is more natural
and complete.
B. Results of 3D Deformation
After the 2D shape being extracted, the deformation step
is conducted. The template models used in our experiment
are given in Fig. 9. As shown in Fig. 13, we can observe
that our deformation step can retain glasses shape well from
2D information. The reconstructed model is smooth, and its
backprojection to the 2D image has a high overlap rate with
respect to the extracted shape in the previous stage, which is
shown in Table I and Fig. 11. Let S be the extracted silhouette
image and D be the 2D backprojection silhouette image of
the deformed model. Then if the deformation procedure is
effective, S and D should be very similar. Therefore, we
measure the quality of deformation by two measures: overlap
precision and overlap recall. The overlap precision is defined
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Fig. 11. Some results demonstrating the similarity of the target shape and the
deformed results. (a) Target silhouette image. (b) 2D projection of deformed
models.

Fig. 12.
Results generated by the same silhouette input but different
3D template models. (a) Generated by Template A. (b) Generated by
Template C.

C. Results of Virtual Try-On

Fig. 10. Example of some 2D glasses silhouette image extraction results. The
first line shows the input images. The second line shows the CNN results. The
third line shows the result after the level-set refinement. The last line shows
the level-set results without the CNN and the symmetric prior.

as (D = 0 ∩ S = 0) / (D = 0), and the overlap recall
is defined as (D = 0 ∩ S = 0) / (S = 0). Fig. 13
shows some results generated by different 2D images and one
template model, while Fig. 12 shows some results generated
by a silhouette image and different template models. We can
see that, on the one hand, our deformation step can handle
challenging deforms, so that the need of template models is
reduced greatly. On the other hand, the shape of the template
model does have an impact on the deformation performance.
Model deformed from Template A is smoother than that from
Template C. In our analysis, there are two main influence
factors: 1) the similarity between the input silhouette and the
template 2D projection (which can be measured in the model
retrieval phase) and 2) the vertex distribution of the template
model. Template A has an even distribution of vertices, and the
connection between frames and temples is more smooth, so the
deformation results are usually more favorable. This can give
an instruction for building new template models. Moreover, the
style of temples is mainly determined by the chosen template
model, since a frontal 2D image does not provide side view
information.

The results of virtual try-on are shown in the last line of
Fig. 13. Comparing them with the input facial images (shown
in the first line of Fig. 13), we can observe that the result
of Magic Glasses system discloses a high reduction degree.
To better evaluate the effectiveness of our system, a user
study is conducted. Eighteen participants have been recruited
in this survey. Four template and eight reconstructed models
are distributed to each participant in a random order, and
the corresponding 2D target silhouette images are provided
for shape comparison. These participants are asked to pay
special attention to two aspects during try-on experience:
the naturalness of their try-on experience and the similarity
degree of the model shown to them. After using our system,
they give a score ranging from 1 to 10 for each model
they have tried on. Specifically, the naturalness demonstrates
the smoothness of the geometry and the vivid textures of
reconstructed models, and the similarity degree demonstrates
the similarity between the target 2D shapes and the virtual
try-on results. For example, if a model is twisted in shape
with unnatural textures, then it would get a low naturalness
score. If a model does not look like the target 2D shape, then
it would get a low similarity degree score. As for template
models, since they have no target shape, the corresponding
2D projection image is adopted. Therefore, the similarity
degree of template models is supposed to earn full marks.
To make subjects see the models more clearly and compare
them conveniently, the video streams are recorded and the
subjects are asked to move and rotate their heads to show
different angles. The average scores are shown in Table II.
It can be seen that the naturalness scores of the template
model and the deformed model are comparable, and the
similarity scores of the reconstructed model are very close
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Fig. 13. Examples of 3D deformation results and corresponding virtual try-on results. The first line shows the input facial images with glasses. The second
line shows silhouette images warped with the projection of 3D template. The third line shows handle points on template model and extracted contours. The
fourth line shows 3D model after deformation. The last line shows the try-on results on 3DET system. All these deformed models are generated by Template A.

TABLE II
S UBJECTIVE T EST R ESULT OF B OTH T EMPLATE M ODELS
AND O UR R ECONSTRUCTED M ODELS

to the template model’s scores. A t-test with confidence
level 0.95 has been applied to the scores and the p value
is 0.834 > 0.05, demonstrating the difference between the
scores of template models and the reconstructed models is
statistically comparative.
For these three modules in Magic Glasses, the virtual try-on
module runs at 30 frames/s on common hardware, providing
a satisfactory interactive experience for the user. The glasses
segmentation and deformation modules cannot run in real
time currently. The computing time of level-set segmentation

under different image resolutions and the computing time of
3D model reconstruction under different mesh resolutions are
shown in Fig. 14. Since CNN provides only a rough result,
we crop the face region of the input image into a small size
(the same as the training data) and thus reduce the complexity.
For general input images, the face region is usually not large,
and the template model for deformation does not need to be
fine, so the processing time totally is about 4–6 min. This
waiting time is tolerable for several reasons. First, this system
is fully automatic; once the user has uploaded the target image,
he/she is totally free and can focus on other things, like
surfing Internet, watching videos, and so on. Moreover, users
can upload several images and let the system work on these
images offline. Then users can try them on one time until
all these corresponding models have been generated. Thus, as
long as the virtual try-on module is real time, the efficiency
of segmentation and deformation part is not very essential.
As for efficiency-sensitive practical use, implementation
optimization could be done. For example, we can choose a
faster matrix library (GPU implementation is better) and all the
control points can be computed in parallel. Our deformation
energy function is a least squares form Ax − b2 and can
be replaced by a linear constraint, so some more efficient
solver like nvidia CHOLMOD can be applied. Also, there are
some advanced algorithms for time efficiency improvement.
For example, our CNN classifier uses sliding window and

YUAN et al.: MAGIC GLASSES: FROM 2D TO 3D

853

try-on needs. The limitation of this system is that it can be
applied only to glasses whose shape can be divided into two
inner contours and one outer contour. And the segmentation
process is not very time efficient. Our future work will focus
on adaptation to various shapes of eyeglasses and development
of efficient segmentation algorithms.
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Fig. 14.
Computing time for level-set segmentation and deformation
algorithm under different resolutions.
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