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METHODS AND SYSTEMS FOR FORMING PERSONALIZED 3D
HEAD AND FACIAL MODELS

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application is a continuation and claims priority to US Patent Application
No. 17/202,121, entitled "METHODS AND SYSTEMS FOR FORMING PERSONALIZED
3D HEAD AND FACIAL MODELS" and filed on March 15, 2021, which is incorporated by

reference herein in its entirety.

TECHNICAL FIELD

[0002] The present disclosure relates generally to image technologies, and in

particular, to image processing and head/facial model formation methods and systems.

BACKGROUND

[0003] Commercial facial capturing systems with multiple sensors (e.g., multi-view
camera, depth sensors, etc.) are used to obtain an accurate three-dimensional (3D) face model
for a person with or without explicit markers. These tools capture the geometry and texture
information of a human face from multiple sensors and fuse the multi-modal information to a
general 3D face model. Benefiting from the multi-modal information from various sensors,
the obtained 3D face model is accurate. However, these commercial systems are expensive
and additional software purchase is needed to process the raw data. In addition, these systems
are usually deployed at facial capturing studio, actors or volunteers are needed to acquire
data, which make the data collection process time-consuming and even more costly. In short,
the facial capturing systems are expensive and time-consuming to acquire 3D face data. On
the contrary, smart phones or camera are widely available nowadays so there are potentially
large amount RGB (red, green, blue) images available. Taking RGB images as input to

produce 3D face model can benefit from the large amount of image data.

[0004] Two-dimensional (2D) RGB image is just the projection of 3D world to 2D
plane. Recovering the 3D geometry from a 2D image is an ill-posed problem that requires
optimization or learning algorithms to regularize the reconstruction process. For 3D face

reconstruction, parameterized facial model 3D Morphable Model (3DMM) based method has
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been developed and used. In particular, facial models like Basel Face Model (BFM) and
Surrey Face Model (SFM) are the commonly used facial models, which require commercial
licensing. Face model based methods take a set of scanned 3D human face models
(demonstrating a variety of facial features and expressions) as their basis, and then produce
parameterized representations of facial features and expression based on the 3D face models.
A new 3D face can be expressed as the linear combination of the basis 3D face models based
on the parameterization. Because of the nature of these methods, the 3D face models used to
form the basis and the parameter space limit the expressiveness of the facial model based
methods. In addition, the optimization process that fits the 3DMM parameters from an input
face image or 2D landmarks further sacrifices the detailed facial features in the face image.
Therefore, facial model based methods cannot accurately recover the 3D facial features and

commercial licensing is needed to use the facial models such as BFM and SFM.

[0005] With the popularization of deep learning algorithms, semantic segmentation
algorithms have gained a lot of attention. Such algorithms can divide each pixel in a face

image into different categories, such as background, skin, hair, eyes, nose, and mouth.

[0006] Although Sematic Segmentation method can achieve relatively accurate
results, semantic segmentation of all pixels is a very complex problem, which often requires a
complex network structure, resulting in high computational complexity. In addition, in order
to train a semantic segmentation network, a large amount of training data needs to be labeled,
and semantic segmentation needs to divide the pixels of the entire image, which is very
tedious, time-consuming, and costly. Therefore, it is not suitable for scenes that do not

require high average color accuracy, but require high efficiency.

[0007] Keypoint-driven deformation methods that optimize Laplacian and other
derived operators have been well studied in academia. The math expression of Biharmonic
deformation can be noted as 4°x’=0. The constrained keypoints, namely the boundary
conditions, can be expressed as x»'=xsc. In the above equations, 4 is the Laplacian operator, x’
are the unknown deformed mesh vertices’ positions, and x;. are given keypoints’ positions
after deformation. The solutions of bi-Laplace equations are needed in each dimension.
Biharmonic functions are solutions to the bi-Laplace equations, but also minimizers of the so-

called “Laplacian energy”.
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[0008] The nature of energy minimization is the smoothing of the mesh. If directly
applying the aforementioned minimizer, all the detailed features will be smoothed out.
Besides, when the keypoints’ positions stay unchanged, the deformed mesh is expected to be
exactly the same as the original mesh. Out of these considerations, a preferred usage of
biharmonic deformation is to solve the vertices’ displacement other than their positions. In
this way the deformed positions can be written as x'=x+d, where d is the displacement of the
unknown vertices in each dimension. Naturally, the equations of biharmonic deformation
becomes A°d=0 subjected to ds=xs.—x», where dj is displacements of the keypoints after

deformation.

[0009] With the rapid development of the game industry, customized face avatar
generation has become more and more popular. For ordinary players without artistic skills, it
is very difficult to tune the control parameters to generate a face that can describe subtle

variations.

[0010] In some existing face generation systems and methods, such as the Justice
Face Generation System, the prediction of the face model is to predict the 2D information in
the image, such as the segmentation of the eyebrows, mouth, nose and other pixels in the
photo. These 2D segmentations are easily affected by out-of-plane rotation and partial
occlusion, and a frontal face is basically required. In addition, since the similarity of the final
game face avatar and the input is determined by the face recognition system, which limits this
method to only real style games. If the style of the game is cartoon style, which is quite

different from the real face, this method cannot be used.

[0011] In some other existing face generation systems and methods, such as the
Moonlight Blade Face Generation System, the real face is reconstructed from the input
image. This method is limited to the real style games and cannot be applied to the cartoon
style games. Second, the output parameter of this method is the reconstructed game-style face
mesh, and then template matching is performed on each part of the mesh. This approach
limits the combinations of different face parts. The overall diversity of game faces is closely
related to the number of pre-generated templates. If a certain part, such as the mouth shape,
has a small number of templates, it may produce few different variations, making the

generated face lack of diversity.
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SUMMARY

[0012] Learning based face reconstruction and keypoint detection methods rely on 3D
ground-truth data as a gold standard to train the models that approximate as close as possible
to the ground-truth. Therefore, the 3D ground-truth determines the upper bound of the
learning based approaches. To ensure the accuracy of face reconstruction and the desirable
keypoint detection, in some embodiments, 2D facial keypoints annotation is used to generate
the ground-truth of a 3D face model without using an expensive face capturing system. The
approach disclosed herein generates the 3D ground-truth face model which preserves the
detailed facial features of an input image, overcomes the shortcomings of the existing facial
models, such as 3DMM based methods that lose the facial features, and also avoids the use of
parameterized facial models like BFM and SFM (commercial licensing is needed for both)

that are required by some existing facial model based methods.

[0013] Apart from the facial keypoint detection, in some embodiments, multi-task
learning and transfer learning solutions are implemented for facial feature classification tasks,
so that more information can be extracted from an input face image, which is complementary
to the keypoints information. The detected facial keypoints with the predicted facial features
together are valuable to computers or mobile games for creating the face avatar of the

players.

[0014] In some embodiments, a lightweight method is disclosed herein for extracting
the average color of each part of a human face from a single photo, including average colors
of skin, eyebrow, pupil, lip, hair, and eye shadow. At the same time, an algorithm is also used
to automatically convert the texture map based on the average color, so that the converted
texture still has the original brightness and color differences, but the main color becomes the

target color.

[0015] With the rapid development of computer vision and artificial intelligence (Al)
techniques, the capturing and reconstruction of 3D human facial keypoints have achieved a
level of high precision. More and more games are taking advantage of the Al detections to
make game characters more vivid. The method and system disclosed herein customize 3D
head avatars based on reconstructed 3D keypoints. A general keypoint-driven deformation is

applicable to arbitrary meshes. The process of head avatar customization and the deformation
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method proposed herein could find their applications in scenarios such as automatic avatar

creation and expression reoccurrence.

[0016] Methods and systems for automatically generating the face avatar in the game
based on a single photo are disclosed herein. Through the prediction of face keypoints, the
automatic processing of keypoints, and the use of deep learning methods to predict model
parameters, the system disclosed herein can automatically generate the face avatar in the
game to make it: 1) have the characteristics of the real face in the photo; 2) conform to the
target game style. This system can be applied to face generation for real-style games and
cartoon-style games at the same time, and can be easily adjusted automatically according to

different game models or bone definitions.

[0017] According to a first aspect of the present application, a method of constructing
a facial position map from a two-dimensional (2D) facial image of a subject includes:
generating a coarse facial position map from the 2D facial image; predicting a first set of
keypoints in the 2D facial image based on the coarse facial position map; identifying a
second set of keypoints in the 2D facial image based on user-provided keypoint annotations;
and updating the coarse facial position map so as to reduce the differences between the first

set of keypoints and the second set of key points in the 2D facial image.

[0018] In some embodiments, the method of constructing a facial position map from a
2D facial image of a real-life person further includes extracting a third set of keypoints based
on the updated facial position map as a final set of keypoints, and the third set of keypoints

have the same location as the first set of keypoints in the facial position map.

[0019] In some embodiments, the method of constructing a facial position map from a
2D facial image of a real-life person further includes reconstructing a three-dimensional (3D)

facial model of the real-life person based on the updated facial position map.

[0020] According to a second aspect of the present application, a method of
extracting color from a two-dimensional (2D) facial image of a subject includes: identifying a
plurality of keypoints in the 2D facial image based on a keypoint prediction model; rotating
the 2D facial image until a plurality of target keypoints from the identified plurality of
keypoints are aligned with corresponding target keypoints of a standard face; locating a
plurality of parts in the rotated 2D facial image, wherein each part is defined by a respective

subset of the identified plurality of keypoints; extracting, from the pixel values of the 2D
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facial image, the color for each of the plurality of the parts defined by a corresponding subset
of keypoints; and generating a three-dimensional (3D) model of the subject that matches the
respective facial feature colors of the 2D facial image using the colors extracted from the

plurality of the parts in the 2D facial image.

[0021] According to a third aspect of the present application, a method of generating
a three-dimensional (3D) head deformation model, includes: receiving a two-dimensional
(2D) facial image; identifying a first set of keypoints in the 2D facial image based on
artificial intelligence (AI) models; mapping the first set of keypoints to a second set of
keypoints based on a set of user-provided keypoint annotations located on a plurality of
vertices of a mesh of a 3D head template model; performing deformation to the mesh of the
3D head template model to obtain a deformed 3D head mesh model by reducing the
differences between the first set of keypoints and the second set of keypoints; and applying a
blendshape method to the deformed 3D head mesh model to obtain a personalized head

model according to the 2D facial image.

[0022] According to a fourth aspect of the present application, a method of
customizing a standard face of an avatar using a two-dimensional (2D) facial image of a
subject is provided, the method including: identifying a set of subject keypoints in the 2D
facial image; transforming the set of subject keypoints into a set of avatar keypoints
associated with the avatar; generating a set of face control parameters for the standard face by
applying a keypoint-to-parameter (K2P) neural network model to the set of avatar keypoints,
the set of face control parameters each relating to one of a plurality of facial features of the
standard face; and adjusting the plurality of facial features of the standard face by applying
the set of face control parameters to the standard face, wherein the adjusted standard face of

the avatar has the facial features of the 2D facial image of the subject.

[0023] According to a fifth aspect of the present application, an electronic apparatus
includes one or more processing units, memory and a plurality of programs stored in the
memory. The programs, when executed by the one or more processing units, cause the

electronic apparatus to perform the one or more methods as described above.

[0024] According to a sixth aspect of the present application, a non-transitory
computer readable storage medium stores a plurality of programs for execution by an

electronic apparatus having one or more processing units. The programs, when executed by
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the one or more processing units, cause the electronic apparatus to perform the one or more

methods as described above.

[0025] Note that the various embodiments described above can be combined with any
other embodiments described herein. The features and advantages described in the
specification are not all inclusive and, in particular, many additional features and advantages
will be apparent to one of ordinary skill in the art in view of the drawings, specification, and
claims. Moreover, it should be noted that the language used in the specification has been
principally selected for readability and instructional purposes, and may not have been

selected to delineate or circumscribe the inventive subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

[0026] So that the present disclosure can be understood in greater detail, a more
particular description may be had by reference to the features of various embodiments, some
of which are illustrated in the appended drawings. The appended drawings, however, merely
illustrate pertinent features of the present disclosure and are therefore not to be considered

limiting, for the description may admit to other effective features.

[0027] Figure 1 is a diagram illustrating an exemplary keypoints definition in

accordance with some implementations of the present disclosure.

[0028] Figure 2 is a block diagram illustrating an exemplary keypoint generation

process in accordance with some implementations of the present disclosure.

[0029] Figure 3 is a diagram illustrating an exemplary process of transforming the
initial coarse position map in accordance with some implementations of the present

disclosure.

[0030] Figure 4 is a diagram illustrating an exemplary transformed position map that
does not cover the whole face area in accordance with some implementations of the present

disclosure.

[0031] Figure 5 is a diagram illustrating an exemplary process of refining the
transformed position map to cover the whole face area in accordance with some

implementations of the present disclosure.
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[0032] Figure 6 is a diagram illustrating some exemplary results of the position map

refinement algorithm in accordance with some implementations of the present disclosure.

[0033] Figures 7A and 7B illustrate some exemplary comparisons of the final position
map against the initial coarse position map in accordance with some implementations of the

present disclosure.

[0034] Figure 8A is a diagram illustrating an exemplary eyeglass classification

network structure in accordance with some implementations of the present disclosure.

[0035] Figure 8B is a diagram illustrating an exemplary female hair prediction

network structure in accordance with some implementations of the present disclosure.

[0036] Figure 8C is a diagram illustrating an exemplary male hair prediction network

structure in accordance with some implementations of the present disclosure.

[0037] Figure 9A illustrates some exemplary eyeglass classification prediction results

in accordance with some implementations of the present disclosure.

[0038] Figure 9B illustrates some exemplary female hair prediction results in

accordance with some implementations of the present disclosure.

[0039] Figure 9C illustrates some exemplary male hair prediction results in

accordance with some implementations of the present disclosure.

[0040] Figure 10 is a flowchart illustrating an exemplary process of constructing a
facial position map from a 2D facial image of a real-life person in accordance with some

implementations of the present disclosure.

[0041] Figure 11 is a flow diagram illustrating an exemplary color extraction and

adjustment process in accordance with some implementations of the present disclosure.

[0042] Figure 12 illustrates an exemplary skin color extraction method in accordance

with some implementations of the present disclosure.

[0043] Figure 13 illustrates an exemplary eyebrow color extraction method in

accordance with some implementations of the present disclosure.

[0044] Figure 14 illustrates an exemplary pupil color extraction method in accordance

with some implementations of the present disclosure.
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[0045] Figure 15 illustrates an exemplary hair color extraction region used in a hair

color extraction method in accordance with some implementations of the present disclosure.

[0046] Figure 16 illustrates an exemplary separation between hair pixels and skin
pixels within the hair color extraction region in accordance with some implementations of the

present disclosure.

[0047] Figure 17 illustrates an exemplary eyeshadow color extraction method in

accordance with some implementations of the present disclosure.

[0048] Figure 18 illustrates some exemplary color adjustment results in accordance

with some implementations of the present disclosure.

[0049] Figure 19 is a flowchart illustrating an exemplary process of extracting color
from a 2D facial image of a real-life person in accordance with some implementations of the

present disclosure.

[0050] Figure 20 is a flow diagram illustrating an exemplary head avatar deformation

and generation process in accordance with some implementations of the present disclosure.

[0051] Figure 21 is a diagram illustrating an exemplary head template model

composition in accordance with some implementations of the present disclosure.

[0052] Figure 22 is a diagram illustrating some exemplary keypoint marking on
realistic style 3D models and on cartoon style 3D models in accordance with some

implementations of the present disclosure.

[0053] Figure 23 is a diagram illustrating an exemplary comparison between the
template model rendering, manually marked keypoints and Al detected keypoints in

accordance with some implementations of the present disclosure.

[0054] Figure 24 is a diagram illustrating an exemplary triangle’s affine

transformation in accordance with some implementations of the present disclosure.

[0055] Figure 25 is a diagram illustrating an exemplary comparison of some head
model deformation results with and without a blendshape process in accordance with some

implementations of the present disclosure.
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[0056] Figure 26 is a diagram illustrating an exemplary comparison of affine
deformation with different weights and biharmonic deformation in accordance with some

implementations of the present disclosure.

[0057] Figure 27 illustrates some exemplary results which are automatically
generated from some randomly picked female pictures, using a realistic template model in

accordance with some implementations of the present disclosure.

[0058] Figure 28 is a flowchart illustrating an exemplary process of generating a 3D
head deformation model from a 2D facial image of the real-life person in accordance with

some implementations of the present disclosure.

[0059] Figure 29 is a diagram illustrating an exemplary keypoint processing flow

steps in accordance with some implementations of the present disclosure.

[0060] Figure 30 is a diagram illustrating an exemplary keypoint smoothing process

in accordance with some implementations of the present disclosure.

[0061] Figure 31 is a block diagram illustrating an exemplary keypoints to control
parameters (K2P) conversion process in accordance with some implementations of the

present disclosure.

[0062] Figure 32 illustrates some exemplary results of automatic face generation of a

mobile game in accordance with some implementations of the present disclosure.

[0063] Figure 33 is a flowchart illustrating an exemplary process of customizing a
standard face of an avatar in a game using a 2D facial image of a real-life person in

accordance with some implementations of the present disclosure.

[0064] Figure 34 is a schematic diagram of an exemplary hardware structure of an
image processing apparatus in accordance with some implementations of the present

disclosure.

[0065] In accordance with common practice, the various features illustrated in the
drawings may not be drawn to scale. Accordingly, the dimensions of the various features
may be arbitrarily expanded or reduced for clarity. In addition, some of the drawings may
not depict all of the components of a given system, method or device. Finally, like reference

numerals may be used to denote like features throughout the specification and figures.

10



WO 2022/197430 PCT/US2022/018213

DETAILED DESCRIPTION

[0066] Reference will now be made in detail to specific implementations, examples of
which are illustrated in the accompanying drawings. In the following detailed description,
numerous non-limiting specific details are set forth in order to assist in understanding the
subject matter presented herein. But it will be apparent to one of ordinary skill in the art that
various alternatives may be used without departing from the scope of claims and the subject
matter may be practiced without these specific details. For example, it will be apparent to one
of ordinary skill in the art that the subject matter presented herein can be implemented on

many types of electronic devices.

[0067] Before the embodiments of the present application are further described in
detail, names and terms involved in the embodiments of the present application are described,
and the names and terms involved in the embodiments of the present application have the

following explanations.

[0068] Facial keypoints: pre-defined landmarks that determine shapes of certain facial

parts, e.g., corners of eyes, chins, nose tips, and corners of mouth.
[0069] Face parts: face border, eyes, eyebrows, nose, mouth and other parts.

[0070] Face reconstruction: reconstructing the 3D geometry structure of a human

face, and commonly used representations including mesh model, point cloud, or depth map.
[0071] RGB image: red, green, blue three channel image format.

[0072] Position map: using the red, green, blue channels in regular image format to

store the x, y, z coordinates of a face area, which is a representation of a 3D human face.

[0073] Facial feature classification: including hairstyle classification, with or without

eyeglass classification.

[0074] Convolutional neural network (CNN): a class of deep neural networks, most

commonly applied to analyzing visual imagery.

[0075] Base network: a network like CNN that is used by one or multiple downstream

tasks to serve as a feature extractor.

[0076] Laplacian operator: a differential operator given by the divergence of the

gradient of a function on Euclidean space.

11
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[0077] Differentiable manifold: a type of topological space that is locally similar to a

linear space to allow one to do calculus.

[0078] Biharmonic functions: a quartic differentiable function with a square

Laplacian operator equals to 0, defined on differentiable manifold.

[0079] Keypoint-driven deformation: a class of methods that deforms meshes by

changing certain vertices’ positions.

[0080] Biharmonic deformation: a deformation method which employs the

optimization of biharmonic functions with some boundary conditions.

[0081] Affine deformation: a keypoint-driven deformation method proposed in this
disclosure, which optimizes the affine transformations of triangles to achieve the purpose of

mesh deformation.

[0082] Face model: a mesh of standard faces in a predefined target game.
[0083] Bones/Sliders: control parameters to deform a face model.
[0084] As aforementioned, even feeding both input 2D image and 2D keypoints to the

optimization process to fit 3DMM parameters, the optimization has to balance between the
fitting of a 3D facial model based on the basis (i.e., the 3D face model set) and the fidelity of
2D keypoints. That optimization leads to the obtained 3D facial model defying the 2D input
keypoints so that the detailed facial information brought by the input 2D keypoints is
sacrificed. Among the existing 3D facial reconstruction methods, facial capturing solution
can produce accurate reconstruction but is expensive and time-consuming, and the obtained
data also demonstrates limited variations in facial features (limited number of actors). On the
other hand, facial model based methods can take a 2D image or 2D landmark annotations as
input, but the obtained 3D model is not accurate. To meet the requirement of rapid
development of computers/mobile games, both producing desirable 3D model accuracy and
reducing the cost and time needed are required. To meet these requirements, a new 3D
ground-truth facial model generation algorithm disclosed herein takes a 2D image, 2D
keypoints annotation, and coarse 3D facial model (position map format) as input, transforms
the coarse 3D model based on the 2D keypoints, and finally produces a 3D facial model

where the detailed facial features are well preserved.

12
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[0085] Other than solving the key issue in face reconstruction and keypoints
prediction, multi-task learning and transfer learning based approaches for facial feature
classification are also disclosed herein, partly building on top of the face reconstruction and
keypoints prediction framework. In particular, reusing the base network of face
reconstruction and keypoints prediction, the eyeglass classification (with or without
eyeglasses) is accomplished via multi-task learning. A linear classifier on top of the existing
face reconstruction and keypoints prediction framework is trained, which greatly reuses the
existing model and avoids introducing another larger network for image feature extraction. In
addition, another shared base network is used for male and female hairstyle classification.
Hairstyle is a type of important facial feature that is complementary to facial keypoints or 3D
facial model. In the process of creating a 3D avatar for a user, adding hairstyle and eyeglass
predictions can better reflect the user’s facial features and provide better personalization

experience.

[0086] Face keypoints prediction has been a research topic in computer vision for
decades. With the development of artificial intelligence and deep learning in recent years,
convolutional neural network (CNN) facilitates the progress of face keypoints prediction. 3D
facial reconstruction and face keypoint detection are two intertwined problems, solving one
can simplify the other. A traditional way is to solve 2D face keypoint detection first, and then
based on the estimated 2D face keypoints to further infer 3D facial model. However, when a
face in image is tilted (nodding or shaking head), certain face keypoints are occluded and lead
to erroneous 2D face keypoints estimation, so the 3D facial model building on top of the

erroneous 2D face keypoints becomes inaccurate.

[0087] As ground-truth data determines the upper bound of the deep learning based
methods, existing 3D face model datasets are not only limited in number but also available to
academic research only. Face model based methods on the other hand require to use Basel
Face Model (BFM) or Surrey Face Model (SFM) that both need commercial licensing. High
accuracy and large quantity 3D ground-truth becomes the most critical problem in training

any face reconstruction or keypoint estimation models.

[0088] Other than face keypoint prediction, facial feature classification is an
important aspect of the user 3D avatar creation. With predicted face keypoints, only style

transfer of the face part of a user (i.e., eyes, eyebrows, nose, mouth, and face contour) can be
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performed. However, to better reflect the facial features of a user, matching the user’s
hairstyle, and adding a pair of eyeglasses if the user wears one in the input image are very
helpful. Based on these requirements, multi-task learning and transfer learning based facial
feature classification approaches are developed to achieve male/female hairstyle prediction,
and eyeglass prediction (with or without), which make the created face avatar more

personalized to improve the user’s experience.

[0089] In some embodiments, in order to represent the three-dimensional shape of the
main parts of the face, the keypoints representation is used as shown in Figure 1. Figure 1 is a
diagram illustrating an exemplary keypoints definition in accordance with some
implementations of the present disclosure. In other words, there is a mapping relationship
between the sequence number of a keypoint and a particular position on the face. For
example, the sequence number 9 corresponds to the bottom of the chin and the sequence
number 21 corresponds to the tip of the nose, etc. The keypoints are numbered in sequence
defining specific features of the face. The keypoints focus on the boundary of major parts of
the face, for example, the contour of the face, the contour of the eyes, and the contour of the
eyebrows. More keypoints mean greater difficulty in prediction, but more accurate shape
representation. In some embodiments, the definition of 96 key points is adopted in Figure 1.
In some embodiments, users can modify the specific definitions and the number of keypoints

according to their own needs.

[0090] Many algorithms can predict the three-dimensional coordinates of keypoints
of a human face. The methods with better performance use deep learning algorithms based on
a large amount of offline 3D training data. However, in some embodiments, any three-
dimensional keypoint prediction algorithm can be used. In some embodiments, the definition
of keypoints is not fixed and users could customize the definitions according to their

necessity.

[0091] To solve the problem of 3D ground-truth facial model generation, the
following automatic algorithm is developed that takes the 2D RGB image, the 2D keypoints
annotation, and the coarse position map as input. Figure 2 is a block diagram illustrating an
exemplary keypoint generation process in accordance with some implementations of the
present disclosure. For example, the 2D RGB image of a face is used as the input image 202

and the 2D RGB image has a corresponding initial coarse position map 204, each pixel in the
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initial coarse map representing the spatial coordinates of a corresponding facial point in the
2D RGB image. The 2D keypoints annotation 208 represents a set of user-provided
keypoints, which is used to correct the set of keypoints 206 detected from the initial coarse

map 204.

[0092] Figure 3 is a diagram illustrating an exemplary process of transforming the
initial coarse position map in accordance with some implementations of the present

disclosure.

[0093] In some embodiments, a 3D reconstruction method is used to convert an input
facial image to a position map which contains 3D depth information for facial features. For
example, a position map may be a 2D three color (RGB) channel map with 256 by 256 matrix
array and each of the array elements has coordinates (X, y, z) representing a 3D location on a
facial model. The 3D position coordinates (X, y, z) are represented by the RGB pixel values
on the position map for each array element. A particular facial feature is located on a fixed
2D location within the 2D position map. For example, a tip of the nose can be identified by
2D array element position at X=128 and Y=128 within the position map. Similarly, a
specific keypoint identified for a particular facial feature on a face can be located at the same
array element position on the 2D position map. The specific keypoints, however, can have
different 3D position coordinates (X, y, z) depending on the different input facial image for

the position map.

[0094] In some embodiments, as shown in Figures 2 and Figure 3, a 3D
reconstruction method is utilized to obtain the initial coarse position map (204, 304) from the
input image (202, 302). And then the input 2D keypoints annotation (208, 308) is used to
adjust the (%, y) coordinates of the according keypoints (206, 306) of the initial position map,
to ensure the adjusted (x, y) coordinates of the keypoints in the adjusted position map to be
the same as the annotated 2D keypoints. In particular, first, a set of 96 keypoints from the
initial position map P is obtained. Based on the keypoints indices, the set of 96 keypoints is
referred as K =k i, where each k i is the 2D coordinate (x, y) of the keypoint, andi=0, ...,
95. From the 2D keypoints annotation (208, 308), a second set of 96 keypoints A =a iis
obtained, which is 2D (x, y) coordinate, and 1 =0, ..., 95. Secondly, the spatial transformation
mapping (210. 310) is estimated from K to A, defined as T: Q -> Q, where Q € R*2. And

then the obtained transformation T is applied to the initial position map P to get the
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transformed position map P’ (212, 312). In this way, the transformed position map P’ (212,
312) preserves the detailed facial features of the person in the input image (202, 302), and at
the same time, the transformed position map P’ (212, 312) is of reasonable 3D depth
information. Therefore, the solution disclosed herein provides an accurate and practical
alternative solution to generate 3D ground-truth information to avoid using the expensive and

time-consuming face capturing system.

[0095] In some embodiments, as the 96 facial keypoints cover only part of the whole
face area (i.e., below eyebrows, inside of face contour), for example, in Figure 3, the
keypoints from ear to chin is along the low jaw, but not on the visible face contour. When a
face in the input image is tilted, the whole face area is not covered by the contour of the
keypoints connected together. In addition, when performing manual keypoints annotation, no
matter a face in an image is tilted or not, keypoints can only be labeled along the visible face
contour (i.e., no way to annotate accurately the occluded keypoints). As a result, in the
transformed position map P’ (212, 312), part of the face area does not have valid values due
to the transformation mapping T (210. 310) does not have an estimation in the region. In
addition, the forehead area is above eyebrows, so T does not have estimation as well in that
area. All of these issues cause the transformed position map P’ (212, 312) have no valid
values in certain area. Figure 4 is a diagram illustrating an exemplary transformed position
map that does not cover the whole face area in accordance with some implementations of the

present disclosure.

[0096] In Figure 4, the top circle (402, 406) highlights the forehead area and the right
circle (404, 408) indicates the region where the keypoints contour is smaller than the visible

face contour.

[0097] In some embodiments, in order to solve the above issues and make the
algorithm robust to tilted faces that are commonly present in face images, a refinement
process 214 as shown in Figure 2 is used. The keypoints from transformed position map are
shifted along the face contour to match the visible face contour based on the head pose and
the coarse 3D facial model. After that, the missing values in the face contour area can be
filled out in the obtained position map. However, the values in the forehead region are still
missing. To cover the forehead region, the control points are expanded by adding eight

landmarks at four corners of the image to both keypoints sets K and A.
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[0098] Figure 5 is a diagram illustrating an exemplary process of refining the
transformed position map to cover the whole face area in accordance with some
implementations of the present disclosure. The position map refinement processing is shown

in Figure 5.

[0099] In some embodiments, the head pose is first determined based on the coarse
position map P to determine the head is tilted towards the left or right, and the left or right is
defined in the 3D face model space (e.g., as shown in Figure 5, the face is titled towards the
left.). Based on a determination that the face is tilted towards the left or right, the keypoints of
the corresponding side of face contour are adjusted. The right side keypoints of the face
contour have indices from 1 to 8, and the left side keypoints of the face contour have indices
from 10 to 17. Using the face tilted towards the left as an example, the 2D projection of the
initial position map P is computed to get the depth map as the image 502 shown in Figure 5.
The left face contour keypoints k i, 1= 10, ..., 17 are shifted rightward individually until they
reach the boundary of the depth map. Then the new coordinates are used to replace the
original keypoint locations. Similarly, when the face is tilted rightward, the processed
keypoints are indexed by k i,1=1, ..., 8 and the search direction is left. After adjusting the
face contour keypoints, the updated keypoints are visualized as the image 504 in Figure 5 and
the updated coverage of the position map is shown as the image 506 in Figure 5. The updated
position map has better coverage of face in the face contour area, but the forehead area still

has missing values.

[00100] In some embodiments, in order to cover the forehead area, two anchor points
are added at each corner of the image domain Q as additional keypoints, k i,1=96, ..., 103,
to get updated keypoints set K’ (as shown in the image 508 in Figure 5). The same is done for
the manual annotation keypoints set, a_i,1 =96, ..., 103, to get updated A’. Using the updated
keypoints sets K’ and A’, the transformation mapping T' is re-estimated, and then is applied
to the initial position map P to get the final position map P’ (216 in Figure 2) to cover the
whole face area (as shown in the image 510 in Figure 5). The final keypoints 218 are derived

from the final position map 216.

[00101] Figure 6 is a diagram illustrating some exemplary results of the position map

refinement algorithm in accordance with some implementations of the present disclosure. 602
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is an illustration of the initial transformed position map. 604 is an illustration of the updated

position map after fixing face contour. 606 is an illustration of the final position map.

[00102] Figures 7A and 7B illustrate some exemplary comparisons of the final position
map against the initial coarse position map in accordance with some implementations of the
present disclosure. In one example in Figure 7A, the nose in the initial position map and its
related 3D model and keypoints 702 is incorrect that completely cannot reflect the person’s
facial features (highlighted by the arrow), but after applying the methods described herein the
nose is well aligned with image in the final position map and its related 3D model and
keypoints 704 (highlighted by the arrow). In the second example in Figure 7B, there are
multiple inaccuracies in the initial position map and its related 3D model and keypoints 706
like the face contour, opening mouth, and nose shape mismatch (indicated by arrows). In the
final position map and its related 3D model and keypoints 708, all these errors are fixed

(indicated by arrows).

[00103] Hairstyle and eyeglass classification are important for mobile game
application for face avatar creation process. In some embodiments, multi-task learning and

transfer learning based solutions are implemented herein to solve these problems.

[00104] In some embodiments, four different classification tasks (heads) are
implemented for female hair prediction. The classification categories and parameters are

shown below:

[00105] classification head 1: curve

[00106] straight (0); curve (1)

[00107] classification head 2: length

[00108] short (0); long (1)

[00109] classification head 3: bang

[00110] no bang or split (0); left split (1); right split (2); M shape (3); straight bang (4);

natural bang (5); air bang (6)

[00111] classification head 4: braid
[00112] single braid (0); two or more braid (1); single bun (2); two or more buns (3);
others (4).
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[00113] In some embodiments, three different classification tasks (heads) are

implemented for male hair prediction. The classification categories and parameters are shown

below:

[00114] classification head 1: extreme short (0), curly (1), other (2)

[00115] classification head 2: no bang (0), split bang (1), natural bang (2)

[00116] classification head 3: split bang left (0), and split bang right (1)

[00117] In some embodiments, eyeglass classification is a binary classification task.

The classification parameters are shown below:
[00118] without eyeglasses (0); with eyeglasses (1).

[00119] Among different deep learning image classification models, those achieving
the state-of-the-art accuracy in ImageNet usually have large model size and complicated
structures such as EfficientNet, noisy student, and FixRes. When deciding which architecture
to use as a base network for feature extractor, both the prediction accuracy and model size
have to be balanced. In practice, the 1% classification accuracy improvement may not bring
obvious change to the end users, but the model size may increase exponentially. Given that
the trained model may need to be deployed in the client side, smaller base network can make
it flexible to be deployed at both the server and client sides. Therefore, MobileNetV2 is
adopted, for example, as the base network to do transfer learning for different classification
heads. The MobileNetV2 architecture is based on an inverted residual structure where the
input and output of the residual block are thin bottleneck layers opposite to traditional
residual models which use expanded representations in the input. An MobileNetV2 uses

lightweight depthwise convolutions to filter features in the intermediate expansion layer.

[00120] For eyeglass classification, multi-task learning approach is used. Reusing the
network of keypoint prediction as the base network and freezing the parameters, in the
bottleneck layer of the U-shape based network, the feature vector with cross entropy loss is
used to train a binary classifier. Figure 8A is a diagram illustrating an exemplary eyeglass
classification network structure in accordance with some implementations of the present
disclosure. Figure 8B is a diagram illustrating an exemplary female hair prediction network

structure in accordance with some implementations of the present disclosure. Figure 8C is a
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diagram illustrating an exemplary male hair prediction network structure in accordance with

some implementations of the present disclosure.

[00121] Figure 9A illustrates some exemplary eyeglass classification prediction results
in accordance with some implementations of the present disclosure. Figure 9B illustrates
some exemplary female hair prediction results in accordance with some implementations of
the present disclosure. Figure 9C illustrates some exemplary male hair prediction results in

accordance with some implementations of the present disclosure.

[00122] Figure 10 is a flowchart 1000 illustrating an exemplary process of constructing
a facial position map from a 2D facial image of a real-life person in accordance with some
implementations of the present disclosure. In real life, different persons have different facial
characters such that the same keypoint corresponding to the same facial characters (e.g., the
locations of eyebrow on a person’s face) may have very different spatial coordinates. The
problem of face detection becomes more challenging because the 2D facial images used for
generating the 3D face model are captured at different angles and under different light
conditions and research in this area has been a very active subject in the technical field of
computer vision. In this application, multiple methods have been proposed for improving the
efficiency and accuracy of facial keypoints detection from any 2D facial images of a subject
ranging from a real-life person to a cartoon character. In some embodiments, a set of user-
provided facial keypoints of the same facial image is provided as a reference for correcting or
improving the set of facial keypoints initially detected by a computer-implemented method.
For example, because there is a one-to-one mapping relationship between the user-provided
facial keypoints and the computer-generated facial keypoints based on their respective
sequence numbers, the refinement of the computer-generated facial keypoints is defined as an
optimization problem of reducing the differences between the two sets of facial keypoints,

e.g., measured by their corresponding spatial coordinates in the position map.

[00123] The process of constructing a facial position map includes a step 1010 of

generating a coarse facial position map from the 2D facial image.

[00124] The process also includes a step 1020 of predicting the first set of keypoints in

the 2D facial image based on the coarse facial position map.

[00125] The process additionally includes a step 1030 of identifying the second set of

keypoints in the 2D facial image based on the user-provided keypoint annotations.
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[00126] The process additionally includes a step 1040 of updating the coarse facial
position map so as to reduce the differences between the first set of keypoints and the second
set of key points in the 2D facial image. For example, by reducing the differences between
the first set of keypoints and the second set of key points in the 2D facial image in terms of
their corresponding spatial coordinates, the first set of keypoints in the 2D facial image based
on the coarse facial position map is modified to be more similar to the second set of
keypoints in the 2D facial image based on the user-provided keypoint annotations, which is
often deemed to be more accurate and the modification of the first set of facial keypoints
automatically triggers the update of the initial coarse facial position map from which the first
set of keypoints is generated. The updated coarse facial position map can then be used to
predict a more accurate set of keypoints from the 2D facial image. It should be noted that the
second set of keypoints in the 2D facial image based on the user-provided keypoint
annotations does not mean that it is done manually. Instead, the user may employ another
computer-implemented method for performing the annotations. In some embodiments,
although the number of the second set of keypoints (e.g., 10-20) is only a fraction of the
number of the first set of key points (e.g., 96 or even higher), the fact that the second set of
keypoints is much more accurate contributes to the overall improvement of the first set of

keypoints.

[00127] In one implementation, the process further includes a step 1050 of extracting a
third set of keypoints based on the updated facial position map/final position map as the final
set of keypoints, and the third set of keypoints have the same location as the first set of
keypoints in the facial position map. In some embodiments, the location of a keypoint in the
facial position map is represented by a 2D coordinate of the array element in the position
map. As noted above, the updated facial position map has benefited from the second set of
keypoints in the 2D facial image based on the user-provided keypoint annotations, the third
set of keypoints is therefore more accurate and can be used in the areas like computer vision

for more accurate face detection or computer graphics for more accurate 3D face modeling.

[00128] In one implementation, alternative or additional to the step 1050, the process
further includes a step 1060 of reconstructing a 3D facial model of the real-life person based
on the updated facial position map. In one example, the 3D facial model is a 3D depth

model.
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[00129] Additional implementations may include one or more of the following
features.
[00130] In some embodiments, the step 1040 of updating may include: transforming

the coarse facial position map to a transformed facial position map, and refining the
transformed facial position map. As noted above, the transformed facial position map can
preserve more detailed facial features of the person in the input image than the initial coarse
facial position map and a 3D face model based on the transformed facial position map is

therefore more accurate.

[00131] In some embodiments, transforming includes: from learning the differences
between the first set of keypoints and the second set of keypoints, estimating a transformation
mapping from the coarse facial position map to the transformed facial position map; and

applying the transformation mapping to the coarse facial position map.

[00132] In some embodiments, refining includes: in accordance with a determination
that the 2D facial image is tilted, adjusting the keypoints corresponding to the transformed
facial position map at an occluded side of the face contour to cover the whole face area. As
noted above, different 2D facial images may be captured at different angles and this refining
step can correct the bias or errors introduced by the different image capture conditions and
preserve a more accurate 3D face model of the 2D facial image. Moreover, the transformed
facial position map can preserve more detailed facial features of the person in the input image
than the initial coarse facial position map and a 3D face model based on the transformed

facial position map is therefore more accurate.
[00133] In some embodiments, the first set of keypoints may include 96 keypoints.

[00134] In some embodiments, the process of constructing a facial position map may

include a facial feature classification.

[00135] In some embodiments, the facial feature classification is via a deep learning
method.
[00136] In some embodiments, the facial feature classification is via a multi-task

learning or transfer learning method.

[00137] In some embodiments, the facial feature classification includes a hair

prediction classification.
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[00138] In some embodiments, the hair prediction classification includes a female hair
prediction with a plurality of classification tasks that may include: curve, length, bang, and

braid.

[00139] In some embodiments, the hair prediction classification includes a male hair
prediction with a plurality of classification tasks that may include: curve/length, bang, and

hair split.

[00140] In some embodiments, the facial feature classification includes an eyeglass
prediction classification. The eyeglass prediction classification includes classification tasks

that may include: with eyeglasses, and without eyeglasses.

[00141] The method and system disclosed herein can generate accurate 3D facial
model (i.e., position map) based on 2D keypoints annotation for 3D ground-truth generation.
The approach not only avoids using BFM and SFM facial models but also better preserves
the detailed facial features, preventing the loss of these important features caused by the face

model based methods.

[00142] Other than providing keypoints, deep learning based solutions to provide
complementary facial features like hairstyle and eyeglasses are used, which are essential to

personalize the face avatar based on user input face image.

[00143] While hairstyle and eyeglass predictions for facial feature classification are
disclosed as examples herein, the framework is not limited to these example tasks. The
framework and the solution are based on multi-task learning and transfer learning, which
means it is easy to extend the framework to include other facial features such as female
makeup type classification, male beard type classification, and with or without mask
classification. The design of the framework is well suited to be extended to more tasks based

on the requirements of various computers or mobile games.

[00144] In some embodiments, a light weighted color extraction method based on
keypoints is introduced herein. The light weighted image processing algorithms estimate

local pixels rapidly without segmentation of all pixels, leading to a higher efficiency.

[00145] During a training process, users do not need to have pixel-level labels, but

only label a few keypoints, such as eye corners, mouth borders, and eyebrow.
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[00146] The light weighted color extraction method disclosed herein can be used in
personalized face generation systems for various games. In order to provide more free
personalized character generation, many games have begun to adopt free adjustment
methods. In addition to adjusting the shape of the face, users can also choose different color
combinations. For aesthetic purposes, faces in games often use pre-defined textures instead of
real face textures. This method and system disclosed herein allows the user to automatically
extract the average color of each part of the face only by uploading a photo. And at the same
time, the system can automatically modify the texture according to the extracted color, so that
each part of the personalized face is generated closer to the real color in the user photo,
improving the user experience. For example, if the user's skin tone is darker than the average
skin tone of most people, the skin tone of the characters in the game will be darkened
accordingly. Figure 11 is a flow diagram illustrating an exemplary color extraction and

adjustment process in accordance with some implementations of the present disclosure.

[00147] In order to locate various parts of the face, keypoints are defined for the main
feature parts of the face, as shown in Figure 1 described above. The algorithm described
above is used for keypoint prediction. Different from the semantic segmentation method,
keypoints are only predicted in the image without a need to classify each pixel, so that the
cost of the prediction and the labeling of the training data are greatly reduced. With these

keypoints, various parts of the face can be roughly located.

[00148] Figure 12 illustrates an exemplary skin color extraction method in accordance
with some implementations of the present disclosure. In order to extract the features in the

image, it is necessary to rotate the face area in the original image 1202 so that the keypoints 1
and 17 on the left and right sides of the face are aligned with corresponding keypoints on the

left and right sides of a standard face, as shown in image after rogation alignment 1204.

[00149] Next, the area for skin tone pixel inspection is determined. The bottom
coordinates of the keypoints of the eye are selected as the upper boundary of the detection
area, the bottom keypoints of the nose are selected as the lower boundaries of the detection
area, the left and right boundaries are determined by the face border keypoints. In this way,

the skin color detection area is obtained as shown in the area 1208 on image 1206.
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[00150] Not all pixels in this area 1208 are skin pixels, and the pixels may also include
some eyelashes, nostrils, nasolabial folds, hair, etc. Therefore, the median values of the R, G,

B values of all pixels in this area are selected as the final predicted average skin color.

[00151] Figure 13 illustrates an exemplary eyebrow color extraction method in
accordance with some implementations of the present disclosure. For the average color of the
eyebrows, the main eyebrow is first selected, that is the eyebrow on the side closer to the lens
as the target. In some embodiments, if both eyebrows are the main eyebrows, the eyebrow
pixels on both sides are extracted. Assuming that the left eyebrow is the main eyebrow, as
shown in Figure 13, the quadrilateral area composed of keypoints 77, 78, 81, and 82 is
selected as the eyebrow pixel search area. This is because the eyebrows close to the outside
are too thin, and the impact of small keypoint errors will be magnified. Because the eyebrows
close to the inside may often be sparse and mixed with the skin color, the middle eyebrow
area 1302 is selected to collect pixels. And each pixel must be compared with the average
skin color first, and only pixels with a difference greater than a certain threshold will be
collected. Finally, similar to skin color, the median R, G, B values of the collected pixels are

chosen as the final average eyebrow color.

[00152] Figure 14 illustrates an exemplary pupil color extraction method in accordance
with some implementations of the present disclosure. Similar to the eyebrow color extraction,
when extracting the pupil color, the side of the main eye close to the lens is first selected. In
some embodiments, if both eyes are the main eyes, the pixels on both sides are collected
together. In addition to the pupil itself, the enclosed area contained inside the keypoints of the
eye may also contain eyelashes, whites of the eyes, and reflections. These should be removed
as much as possible in the process of pixel collection to ensure that most of the final pixels

come from the pupil itself.

[00153] In order to remove the eyelash pixels, the keypoints of the eyes are shrunk
inward for a certain distance along the y-axis (vertical direction of the Figure 14) to form the
area 1402 shown in Figure 14. In order to remove the white eyes and reflections (as shown by
the circle 1404 in Figure 14), such pixels are further excluded in this area 1402. For example,
if the R, G, and B values of a pixel are all greater than a predefined threshold, then that pixel
is excluded. The pixels collected in this way can ensure that most of them come from the

pupil itself. Similarly, the median color is used as the average pupil color.
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[00154] In some embodiments, for lip color extraction, only detect pixels in the lower
lip area are detected. The upper lip is often thin and relatively sensitive to key point errors,
and because the upper lip is light in color, it cannot represent the lip color well. Therefore,
after rotating and correcting the photo, all the pixels in the area surrounded by the key points

of the lower lip are collected, and the median color to represent the average lip color is used.

[00155] Figure 15 illustrates an exemplary hair color extraction region used in a hair
color extraction method in accordance with some implementations of the present disclosure.
Hair color extraction is more difficult than the previous parts. The main reason is that each
person’s hairstyle is unique, and the background of the photo is complex and diverse.
Therefore, it is difficult to locate the pixels of the hair. In one way to find hair pixels
accurately, neural networks are used to segment the hair pixels of the image. Since the
annotation cost of image segmentation is very high, and a very high-accuracy color extraction
is not needed for game applications, a method based on the approximate prediction of key

points is used.

[00156] In order to obtain hair pixels, the detection area is first determined. As shown
in Figure 15, the detection area 1502 is a rectangle. The lower boundary is the eyebrow
corners on both sides, and the height (vertical line 1504) is the distance 1506 from the upper
edge of the eyebrows to the lower edge of the eye. The left and right are the key points 1, 17
to extend the fixed distance to the left and right respectively. The hair pixel detection area

1502 thus obtained is shown in Figure 15.

[00157] Figure 16 illustrates an exemplary separation between hair pixels and skin
pixels within the hair color extraction region in accordance with some implementations of the
present disclosure. Generally, the detection area contains three types of pixels: skin, hair, and
background. In some more complicated cases, it also includes headwear. Because the left and
right range of our detection area is relatively conservative, the included hair pixels are
assumed to be far more than background pixels in most cases. Therefore, the main process is

to divide the pixels of the detection area into hair or skin.

[00158] For each line of pixels in the detection area, the skin color changes are often
continuous, for example, from light to dark, and the skin color and the hair junction often
have obvious changes. Therefore, the middle pixel of each row is selected as the starting

point 1608, and skin pixels are detected to the left and right sides. First, a relatively
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conservative threshold is used to find a more reliable skin color pixel, and then it is expanded
left and right. If the color of the neighboring pixels is relatively close, it is also marked as
skin color. Such a method takes into account the gradation of skin color, and can obtain
relatively accurate results. As shown in Figure 16, within the hair color extraction region
1602, the darker areas such as 1604 represent skin-color pixels, and the lighter areas such as
1606 represent hair color pixels. The median R, G, B values of the collected hair color pixels

within the hair color region are chosen as the final average hair color.

[00159] Figure 17 illustrates an exemplary eyeshadow color extraction method in
accordance with some implementations of the present disclosure. The extraction of eye
shadow color is a little different from the previous parts. This is because eye shadow is a
makeup that may or may not exist. So, when extracting the eye shadow color, whether the
eye shadow exists needs to be first determined, and if it exists, its average color is extracted.
Similar to the color extraction of eyebrows and pupils, eye shadow color extraction is only

performed on the part of the main eye that is close to the lens.

[00160] First, which pixels belong to the eyeshadow has to be determined. For the
detection area of eyeshadow pixels, the area 1702 within lines 1704 and 1706 is used as
shown in Figure 17. The left and right sides of the area 1702 are defined as the inner and
outer corners of the eyes, and the upper and lower sides of the area are the lower edge of the
eyebrows and the upper edge of the eyes. In addition to possible eyeshadow pixels in this
area 1702, there may also eyelashes, eyebrows, and skin, which need to be excluded when

extracting the eyeshadow.

[00161] In some embodiments, in order to eliminate the influence of eyebrows, the
upper edge of the detection area is further moved down. In order to reduce the impact of
eyelashes, pixels with brightness below a certain threshold are excluded. In order to
distinguish the eye shadow from the skin color, the difference between the hue of each pixel
and the average skin hue is checked. Only when the difference is greater than a certain
threshold, the pixel is collected as a possible eyeshadow pixel. The reason why hue is used
instead of RGB value is that the average skin color is collected mainly under the eyes, and the
skin color above the eyes may have large changes in brightness. Since color is not sensitive to
brightness, color is relatively stable. As a result, hue is more suitable for judging whether a

pixel is skin.
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[00162] Through the above process, whether the pixels in each detection area belong to
the eyeshadow can be determined. In some embodiments, if there is no eyeshadow, errors

may occur that some pixels may still be recognized as eyeshadow.

[00163] In order to reduce the above errors, each column of the detection area is
checked. If the number of eyeshadow pixels in the current column is greater than a certain
threshold, then the current column is marked as an eyeshadow column. If the ratio of the
eyeshadow columns to the width of the detection area is greater than a certain threshold, it is
considered that there is an eye shadow in the current image, and the median color of the
collected eyeshadow pixels is used as the final color. In this way, the few pixels that are

misclassified as eyeshadows will not cause a wrong judgment on the overall eyeshadow.

[00164] Considering art style, most games often do not allow all the above parts to be
freely adjusted in color. For the part where color adjustment is open, it is often only allowed
to match a set of predefined colors. Taking hair as an example, if a hairstyle allows five hair
colors to be selected, the hairstyle in the resource pack will contain texture images
corresponding to each hair color. During detection, as long as the texture image with the
closest color is selected according to the hair color prediction result, the desired hair

rendering effect can be obtained.

[00165] In some embodiments, when only one color texture image is provided, the
color of the texture image can be reasonably changed according to any color detected. In
order to facilitate the color conversion, the commonly used RGB color space representation is
converted to the HSV color model. The HSV color model consists of three dimensions: hue
H, saturation S and lightness V. The hue H is expressed in the model as a color range of 360
degrees, with red being O degrees, green being 120 degrees, and blue being 240 degrees.
Saturation S represents the mixture of spectral colors and white. The higher the saturation, the
brighter the color. When the saturation approaches 0, the color approaches white. The
lightness V represents the brightness of the color, and the value range is from black to white.
After the color adjustment, the HSV median value of the texture image is expected to match
the predicted color. Therefore, the hue value calculation of each pixel can be expressed as
follows: Hi'=(Hi+H'—H)%1, where Hi' and H; represent the hue of pixel i before and after the
adjustment, and H and H' represent the median value of the hue of the texture image before

and after the adjustment.
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[00166] Unlike hue, which is a continuous space that is connected end to end,
saturation and lightness have boundary singularities like O and 1. If a linear processing
method similar to hue adjust is used, when the median value of the initial picture or the
adjusted picture is close to 0 or 1, many pixel values will appear too high or too low in
saturation or brightness. The phenomenon causes unnatural colors. In order to solve this
problem, the following nonlinear curve is used to fit the saturation and lightness before and

after the pixel adjustment:
[00167] y = V(1+(1-o)(1-x)/(0x)), o€(0,1)

[00168] In the above equation, x and y are the saturation or lightness value before and

after the adjustment, respectively. The only uncertain parameter is o, which can be derived as
[00169] a=1/(1+x/(1-x)x(1-y)/y)

[00170] This equation can guarantee that o falls into the interval from 0 to 1. Take the
saturation as example, the initial median saturation S can be computed simply based on the
input picture. And the target saturation value S; can be gained by the hair color extraction and
color space conversion. Therefore, oo = 1 /(1 +S/(1-8) x (I -Sy /Sy. For each pixel S;in
the default texture image, the adjusted value can then be computed by the equation: Si' =

1/(1+(1—a)(1— Si)/(a Si)). The same calculations apply to the lightness.

[00171] In order to make the display effect of the adjusted texture picture closer to a
real picture, special processing is done for different parts. For example, in order to keep the
hair low saturation, S'=S'xV'"0.3 is set. Figure 18 illustrates some exemplary color
adjustment results in accordance with some implementations of the present disclosure.
Column 1802 illustrates some default texture picture provided by a particular game, column
1804 illustrates some texture pictures adjusted according to the real picture shown on the top
of the column 1804 from the corresponding default texture picture in the same row, and
column 1806 illustrates some texture pictures adjusted according to the real picture shown on

the top of the column 1806 from the corresponding default texture picture in the same row.

[00172] Figure 19 is a flowchart 1900 illustrating an exemplary process of extracting
color from a 2D facial image of a real-life person in accordance with some implementations

of the present disclosure.
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[00173] The process of extracting color from a 2D facial image of the real-life person
includes a step 1910 of identifying a plurality of keypoints in the 2D facial image based on a

keypoint prediction model.

[00174] The process also includes a step 1920 of rotating the 2D facial image until a
plurality of target keypoints from the identified plurality of keypoints are aligned with

corresponding target keypoints of a standard face;

[00175] The process additionally includes a step 1930 of locating a plurality of parts in
the rotated 2D facial image, and each part is defined by a respective subset of the identified
plurality of keypoints.

[00176] The process additionally includes a step 1940 of extracting, from the pixel
values of the 2D facial image, a color for each of the plurality of the parts defined by a

corresponding subset of keypoints.

[00177] The process additionally includes a step 1950 of generating a personalized 3D
model of the real-life person that matches the respective facial feature color of the 2D facial

image using the extracted colors of the plurality of the parts in the 2D facial image.

[00178] Additional implementations may include one or more of the following
features.
[00179] In some embodiments, the keypoint prediction model in the step 1910 of

identifying is formed based on machine learning from the user manually annotated keypoints.

[00180] In some embodiments, the selected keypoints in the step 1920 of rotating used

for alignment are located on the symmetrical left and right sides of the 2D facial image.

[00181] In some embodiments, in the step 1940, extracting the average color for each
of the plurality of the parts may include selecting the median of each of R, G, B values of all

pixels in a respective defined area within a corresponding part as the predicted average color.

[00182] In some embodiments, in the step 1940, extracting the average color for each
of the plurality of the parts may include determining an area for skin color extraction within a
skin part, and selecting the median of each of R, G, B values of all pixels in the area for skin
color extraction as the predicted average color of the skin part. In some embodiments, the
area for skin color extraction within a skin part is determined as the area below the eyes and

above the lower edge of the nose on the face.
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[00183] In some embodiments, in the step 1940, extracting the average color for each
of the plurality of the parts may include eyebrow color extraction within an eyebrow part that
includes: in accordance with a determination that an eyebrow is on a side closer to a viewer
of the 2D facial image, selecting the eyebrow as the target eyebrow; in accordance with a
determination that both eyebrows are equally close to the viewer of the 2D facial image,
selecting the both eyebrows as the target eyebrows; extracting the middle eyebrow area(s)
within the target eyebrow(s); comparing each pixel value within the middle eyebrow area(s)
with the average skin color; collecting pixels within the middle eyebrow area(s) that have the
pixel value difference from the average skin color beyond a threshold; and selecting the
median of each of R, G, B values of the collected pixels for the eyebrow color extraction as

the predicted average color of the eyebrow part.

[00184] In some embodiments, in the step 1940, extracting the average color for each
of the plurality of the parts may include pupil color extraction within the eye part that
includes: in accordance with a determination that an eye is on a side closer to a viewer of the
2D facial image, selecting the eye as the target eye; in accordance with a determination that
both eyes are equally close to the viewer of the 2D facial image, selecting the both eyes as the
target eyes; extracting the area(s) within the target eye(s) without the eyelashes; comparing
each pixel value within the extracted area(s) with a predetermined threshold; collecting pixels
within the extracted area(s) that have a pixel value beyond the predetermined threshold; and
selecting the median of each of R, G, B values of the collected pixels for the pupil color

extraction as the predicted average color of the pupil.

[00185] In some embodiments, in the step 1940, extracting the average color for each
of the plurality of the parts may include lip color extraction within the lip part that includes:
collecting all pixels in the area surrounded by the keypoints of a lower lip, and selecting the
median of each of R, G, B values of the collected pixels for the lip color extraction as the

predicted average color of the lip part.

[00186] In some embodiments, in the step 1940, extracting the average color for each
of the plurality of the parts may include hair color extraction within a hair part that includes:
identifying the area including a part of a forehead extending into the hair part on both sides;
determining a pixel color change beyond a predetermined threshold from the middle to the

left boundary and right boundary of the area; dividing the area into the hair area and the skin
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area based on the pixel color change beyond the predetermined threshold; and selecting the
median of each of R, G, B values of pixels for the hair area within the area as the predicted

average color of the hair part.

[00187] In some embodiments, the area including the part of the forehead extending
into the hair part on the both side is identified as a rectangular area with the lower boundary
at both eyebrow corners, the left boundary and the right boundary at a fixed distance outward
from the keypoints located on the symmetrical left and right sides of the 2D facial image, and

the height at a distance from the upper edge of the eyebrow to the lower edge of an eye.

[00188] In some embodiments, in the step 1940, extracting the average color for each
of the plurality of the parts may include eyeshadow color extraction within an eyeshadow part
that includes: in accordance with a determination that an eye is on a side closer to a viewer of
the 2D facial image, selecting the eye as the target eye; in accordance with a determination
that both eyes are equally close to the viewer of the 2D facial image, selecting the both eyes
as the target eyes; extracting the middle area(s) within the eyeshadow part close to the target
eye(s), collecting pixels within the extracted middle area(s) with the brightness above a
predetermined brightness threshold to exclude the eyelashes, and with a pixel hue value
difference from the average skin hue value beyond a predetermined threshold; in accordance
with a determination that the number of collected pixels in one pixel column within the
extracted middle area(s) is greater than a threshold, labeling the pixel column as an
eyeshadow column; and in accordance with a determination that a ratio of the eyeshadow
columns to the width of the extracted middle area is greater than a certain threshold, selecting
the median of each of R, G, B values of the collected pixels for the eyeshadow color

extraction as the predicted eyeshadow color of the eyeshadow part.

[00189] In some embodiments, the process of extracting color from a 2D facial image
of the real-life person may additionally include converting a texture map based on the
average color while retaining the original brightness and color differences of the texture map
that includes: converting the average color from the RGB color space representation to the
HSYV (hue, saturation, lightness) color space representation, and adjusting the color of the
texture map to reduce the difference between the median HSV values of the average color

and the median HSV values pixels of the texture map.
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[00190] The method and systems disclosed herein can be used in applications in
different scenarios, such as character modeling, and game character generation. The

lightweight method can be flexibly applied to different devices, including mobile devices.

[00191] In some embodiments, the definition of the keypoints of the face in the current
system and method is not limited to the current definition, and other definitions are also
possible, as long as the contours of each part can be fully expressed. In addition, in some
embodiments, the colors directly returned in the scheme may not be used directly, but could

be matched with a predefined color list to achieve further color screening and control.

[00192] Deformation methods that optimize Laplacian operators require meshes to be
differentiable manifolds. However, in practice, meshes made by gaming artists often contain
artifacts like duplicated vertices, unsealed edges which would damage the property of
manifolds. Therefore, methods like biharmonic deformation can only be used after meshes
are carefully cleaned up. The method of affine deformation proposed herein doesn’t use

Laplacian operator, therefore has no such strong constraints.

[00193] The family of deformation methods represented by biharmonic deformation
suffers from inadequacies of deformation abilities in some cases. Harmonic functions that
solve Laplacian operator one time often cannot achieve smoothed results due to its low
smoothness requirement. Poly-harmonic functions that solve high-ordered (>= 3) Laplacian
operator fail on many meshes due to their high requirement of being at least 6-order
differentiable. In most cases, it is observed that only biharmonic deformation that solves
Laplacian operator twice could deliver acceptable results. Even so, its deformation could still
be unsatisfactory because of its lack of tuning freedom. Affine deformation proposed herein
could achieve subtle deformation tuning by changing the smoothness parameter, and the

range of its deformation results cover that of using biharmonic deformation.

[00194] Figure 20 is a flow diagram illustrating an exemplary head avatar deformation
and generation process in accordance with some implementations of the present disclosure.
Using the techniques proposed in this disclosure, head meshes can be properly deformed
without binding with a skeleton. Therefore, the workload required from the artists is largely
reduced. The techniques accommodate different styles of meshes to gain better generality. In
production of game assets, artists could save head models in various formats using tools like

3DMax or Maya, but the inner representations of these formats are all polygon meshes. The
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polygon mesh can be easily converted into pure triangle mesh, which is called the template
model. For each template model, 3D keypoints are marked on the template model once by
hand. After that, it can be used for deforming into a characteristic head avatar according to

the detected and reconstructed 3D keypoints from an arbitrary human face picture.

[00195] Figure 21 is a diagram illustrating an exemplary head template model
composition in accordance with some implementations of the present disclosure. The head
template model 2102 usually consists of parts such as face 2110, eyes 2104, eyelashes 2106,
teeth 2108, and hairs, as shown in Figure 21. Without binding the skeleton, mesh deformation
relies on the connected structure of the template meshes. Hence the template model needs to
be broken into those sematic parts and the face mesh needs to be deformed first. All other
parts can be automatically adjusted by setting up and following certain keypoints on the face
mesh. In some embodiments, an interactive tool is provided to detect all topologically
connected parts, and users can use it to conveniently exporting those sematic parts for further

deforming.

[00196] In some embodiments, image keypoints of human face can be gained via some
detection algorithms or Al models. For the purpose of driving mesh deformation, these
keypoints need to be mapped to vertices on the template model. Because of the randomicity
of mesh connection, and the lack of 3D human keypoint marking data, there are no tools that
can automatically mark 3D keypoints on arbitrary head models accurately. Therefore, an
interactive tool is developed, which can rapidly mark keypoints on 3D models manually.
Figure 22 is a diagram illustrating some exemplary keypoints marking on realistic style 3D
models, such as 2202, 2204 and on cartoon style 3D models, such as 2206, 2208 in

accordance with some implementations of the present disclosure.

[00197] In the procedure of marking, the positions of marked 3D keypoints on the 3D
models should match the picture keypoints to the largest extent. Since the keypoints are
marked on discrete vertices on the 3D model meshes, the importing of deviations is
inevitable. To offset such deviations, one way is to define proper rules in the pose-processing.
Figure 23 is a diagram illustrating an exemplary comparison between the template model
rendering, manually marked keypoints and Al detected keypoints in accordance with some
implementations of the present disclosure. In some embodiments, for those models that are

made relatively realistic, keypoint detection and reconstructed algorithms can be applied on
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the rendering of the template model (2302), and the results of 3D keypoints (2306), for
example, by Artificial intelligence, can be further compared with that of the manually marked
(2304) and the deviations between the two groups of keypoints are hence computed. When
detecting human pictures, the computed deviations are reduced from the detected keypoints

in a real-life image and the ill effects of artificial marking will be eliminated.

[00198] The method of affine deformation disclosed herein is a keypoint-driven
mathematical modeling which ultimately solves a system of linear equations. The method
disclosed here takes one step to deform the template meshes using detected keypoints as
boundary conditions and employs different constraints in the process of optimization. Figure
24 is a diagram illustrating an exemplary triangle’s affine transformation in accordance with

some implementations of the present disclosure.

[00199] In some embodiments, the deformation from the template meshes to the
predicted meshes is considered as an assembly of each triangle’s affine transformation. A
triangle’s affine transformation can be defined as a 3% 3 matrix 7 and a translation vector d.
As shown in Figure 24, the deformed vertex’s position after the affine transformation is noted
as vi'=1vi+d, i €l...4, where v;, v;, vsrepresents each vertex of the triangle respectively and v
is an extra point introduced in the direction of the triangle’s normal, which satisfy the
equation vy=v;+(va—v) X (vs—vy)/sqrt({ vi—vi) X (vs—v;)[). In the above equation, the result of
the cross product is normalized so that it is proportional to the length of the triangle’s edges.
The reason of introducing v, is because the coordinates of three vertices are not enough for
determining a unique affine transformation. After introducing v, a derived equation is
obtained: 7=/v'>—v'; v's—v'1 v4—v"1] X [v>—v; vs—v; v4—v;]” and the non-translation part of
the matrix 7'is determined. Since the matrix V'=/v>—v; vs—v; v4—v;/” only depends on the
template mesh, invariant of other deformation factors, it can be pre-computed as a sparse

coefficient matrix for building the linear system later.

[00200] So far the affine transformation 7”’s non-translation part in math formulas is
denoted. For building the linear system of optimization, assuming the number of mesh

vertices is N and the number of triangles is F, the following four constraints are considered:

[00201] The constraints of keypoints’ positions: Ex=Yi=1llv'i — ¢ill*, ¢'; stands for the

detected keypoints positions after mesh deformation.
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[00202] The constraints of adjacency smoothness: E<=Y i=1YjeadilI Ti — Tjll>, which
mean the affine transformation between adjacent triangles should be as similar as possible.
The adjacency relationship can be inquired and stored in advance to avoid duplicated

computation and improve the performance for building up the system.

[00203] The constraints of characteristics: Ei=Y i-1lITi — Ill?, where I represents the
identity matrix. This constraint means the affine transformation should be as close to be

unchanged as possible, which helps to maintain the template mesh’s characteristics.

[00204] The constraints of original positions: E=Yi=1NIIv'i — cill?, where c; represents

each vertex’s position on the template mesh before deformation.

[00205] The final constraint is the weighted summation of the above constraints:
minE=wiEx+wsEs+wiEi+wiEl, where the weights wi, ws, wi, wiare ranked from the strongest
to the weakest. Using the above constraint, a linear system can be ultimately constructed and
its size is (F+N)x(F+N), and the weights are multiplied with corresponding coefficients in the
system. The unknowns are each vertex’s coordinates after deformation, besides the extra
point v'; for each triangle. Since the former terms are useful, the result of v’y will be thrown
away. In the process of continuous deformation, all the constraint matrices but the constraints
of keypoints’ positions can be reused. Affine transformation can achieve a real time
performance of 30 fps on ordinary personal computers and intelligent phones regarding

meshes with thousands of vertices.

[00206] Figure 25 is a diagram illustrating an exemplary comparison of some head
model deformation results with and without a blendshape process in accordance with some

implementations of the present disclosure.

[00207] In some embodiments, when deforming a head model of a game avatar, the
region of interests usually is only the face. The top, the back side of the head and the neck
should remain unchanged, otherwise it could result in mesh penetration between the head and
the hair or the torso. To avoid this problem, the results of affine deformation and the template
mesh are linearly interpolated in the manner of blendshape. The weights for blending could
be painted in 3D modeling software, or computed with the biharmonic or affine deformation
with minor alterations. For example, the weights on keypoints are set as 1s meanwhile more
markers (dark points in 2504 in Figure 25) are added on the head model and their weights are

set to be Os. In some embodiments, inequality constraints are added in the process of solving
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to force all weights falling into the range from 0 to 1, but doing so will largely increase the
complexity of solving. Through experiments good results can be gained by clipping out the
weights smaller than O or larger than 1. As shown in 2504 in Figure 25, the weights of the
model portion with darkest color are 1s, and the weights of the model portion which is
colorless are Os. There is a natural transition between the light keypoints and the dark markers
in the bend weights rendering 2504. With Blendshape, the back side of the model (as shown
in 2506 in Figure 25) after deformation stays the same as the original (as shown in 2502 in
Figure 25). Without Blendshape, the back side of the model (as shown in 2508 in Figure 25)

after deformation does not stay the same as the original (as shown in 2502 in Figure 25).

[00208] In some embodiments, affine deformation could achieve different deformation
effects by manipulating the constraints’ weights, including simulating the result of
biharmonic deformation. Figure 26 is a diagram illustrating an exemplary comparison of
affine deformation with different weights and biharmonic deformation in accordance with
some implementations of the present disclosure. As shown in Figure 26, smoothness is the
ratio of adjacency smoothness weight ws and characteristic weight wi. The dark points are the
keypoints, and the darkness of color represents the displacement between the vertex’s
deformed position and its original position. In all deformation results, one keypoint stays
unchanged, and the other moves to the same location. It shows that when gradually increasing
the adjacency smoothness weight against the characteristic weight, the smoothness of the
deformed sphere also increases correspondingly. In addition, the result of the biharmonic
deformation can match to that of affine deformation with smoothness falling in somewhere
between 10 and 100. This indicates affine deformation has more degrees of freedom for

deformation compared to biharmonic deformation.

[00209] Using the workflow described herein, games can easily integrate the function
of intelligent generation of a head avatar. For example, Figure 27 illustrates some exemplary
results which are automatically generated from some randomly picked female pictures (not
shown in Figure 27), using a realistic template model in accordance with some
implementations of the present disclosure. All the personalized head avatars reflect some

characteristics of its corresponding picture.
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[00210] Figure 28 is a flowchart 2800 illustrating an exemplary process of generating a
3D head deformation model from a 2D facial image of the real-life person in accordance with

some implementations of the present disclosure.

[00211] The process of generating a 3D head deformation model from a 2D facial

image includes a step 2810 of receiving a two-dimensional (2D) facial image.

[00212] The process also includes a step 2820 of identifying the first set of keypoints

in the 2D facial image based on artificial intelligence (AI) models.

[00213] The process additionally includes a step 2830 of mapping the first set of
keypoints to the second set of keypoints located on a plurality of vertices of a mesh of a 3D
head template model based on the set of user-provided keypoint annotations located on the

3D head template model.

[00214] The process additionally includes a step 2840 of performing deformation to
the mesh of the 3D head template model to obtain a deformed 3D head mesh model by
reducing the differences between the first set of keypoints and the second set of keypoints. In
some embodiments, there is a correspondence between a keypoint in the first set and a
keypoint in the second set. After projecting the second set of keypoints into the same space as
the first set of keypoints, a function measuring the positional differences between each of the
first set of keypoints and the second set of keypoints is generated. By performing deformation
to the mesh of the 3D head template model, the second set of keypoints in the space is
optimized when the function measuring the positional differences (e.g., positions, adjacency
smoothness, characteristics, etc.) between each of the first set of keypoints and the second set

of keypoints is minimized.

[00215] The process additionally includes a step 2850 of applying a blendshape
method to the deformed 3D head mesh model to obtain a personalized head model according

to the 2D facial image.

[00216] Additional implementations may include one or more of the following
features.
[00217] In some embodiments, the step 2830 of mapping may further include: relating

the first set of keypoints on the 2D facial image to the plurality of vertices on the mesh of the

3d head template model; identifying the second set of keypoints based on the set of user-
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provided keypoint annotations on the plurality of vertices on the mesh of the 3D head
template model; and mapping the first set of keypoints and the second set of keypoints based

on the corresponding identified features by the respective keypoints on a face.

[00218] In some embodiments, the second set of keypoints is located by applying a
previously computed deviation to the set of user-provided keypoint annotations. In some
embodiments, the previously computed deviation is between a previous set of Al identified
keypoints of the 3D head template model and a previous set of user-provided keypoint

annotations on the plurality of vertices of the mesh of the 3D head template model.

[00219] In some embodiments, the step 2840 of performing deformation may include:
deforming the mesh of the 3D head template model into the deformed 3D head mesh model
by using the mapping of the first set of keypoints to the second set of keypoints, and by using

boundary conditions for deformation relating to the first set of keypoints.

[00220] In some embodiments, the step 2840 of performing deformation may further
include: applying different constraints in a process of deformation optimization that include
one or more of keypoints’ positions, adjacency smoothness, characteristics, and original

positions.

[00221] In some embodiments, the step 2840 of performing deformation may further
include: applying a constraint to a process of deformation that is a weighted summation of
one or more of keypoints’ positions, adjacency smoothness, characteristics, and original

positions.

[00222] In some embodiments, the step 2820 of identifying the first set of keypoints

includes using a convolutional neural network (CNN).

[00223] In some embodiments, the deformation includes an affine deformation without
a Laplacian operator. In some embodiments, the affine deformation achieves a deformation

tuning by changing a smoothness parameter.

[00224] In some embodiments, the mesh of the 3D head template model can be
deformed without binding with a skeleton. In some embodiments, the facial deformation

model includes a realistic style model or a cartoon style model.

[00225] In some embodiments, in the step 2850, applying the blendshape method to

the deformed 3D head mesh model includes: designating a respective blend weight on a

39



WO 2022/197430 PCT/US2022/018213

keypoint of the deformed 3D head mesh model according to a location of the keypoint; and

applying different levels of deformations to the keypoints with different blend weights.

[00226] In some embodiments, in the step 2850, applying the blendshape method to
the deformed 3D head mesh model includes: keeping the back side of the deformed 3D head
mesh model the same shape as the original back side shape of the 3D head template model

before the deformation.

[00227] In some embodiments, the sematic parts on the template model are not limited
to eyes, eyelashes, or teeth. Decorations such as eyeglasses could potentially be adaptively

adjusted by adding and tracking new keypoints on the face mesh.

[00228] In some embodiments, the keypoints on the template model are added
manually. In some other embodiments, deep learning techniques can also be utilized to

automatically add keypoints for different template models.

[00229] In some embodiments, the solving procedure of the affine deformation could

take advantage of some numerical tricks to further improve its computing performance.

[00230] In some embodiments, the systems and methods disclosed herein form a
Light-Weighted Keypoints based Face Avatar Generation System, that have many advantages

such as those listed below:

[00231] Low requirements for input images. The system and method do not require the
face to be directly facing the camera, and a certain degree of in-plane rotation, out-of-plane

rotation and occlusion will not affect the performance obviously.

[00232] Applicable to both real and cartoon games. The present system does not limit

the game style to the real one, and it can be applied to the cartoon style as well.

[00233] Lightweight and customized. Each module of the present system is relatively
lightweight and is suitable for mobile devices. The modules in this system are decoupled and
users can adopt different combinations according to different game styles to build the final

face generation system.

[00234] In some embodiments, for a given single photo, the main face is first detected,
and keypoint detection is performed. In a real picture, the face may not face the camera, and
the real face is not always perfectly symmetrical. Therefore, the keypoints in the original

picture is preprocessed to achieve a unified, symmetrical and smooth set of keypoints. Then
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the keypoints are adjusted according to the specific style of the game, such as enlarged eyes,
and thin face. After getting the stylized keypoints, the stylized keypoints are converted into
the control parameters of the face model in the game, generally bone parameters or slider

parameters.

[00235] In some embodiments, the viewing angle of the real face may not be directly
facing the camera, and there may exist problems such as left-right asymmetry and keypoint
detection errors. Figure 29 is a diagram illustrating an exemplary keypoints processing flow
steps in accordance with some implementations of the present disclosure. The keypoints
detected from the original picture 2904 cannot be used directly, and certain processing is
required. Here, the process is divided into three steps: normalization, symmetry, and

smoothing, as shown in Figure 29.

[00236] In some embodiments, the standard face model in the game based on the
prediction of the keypoints of the real face needs to be adjusted. The process needs to ensure
that the keypoints of the standard face model in the game and the real face are aligned in
terms of scale, position, and direction. Therefore, normalization 2906 of the predicted
keypoints and the keypoints on the game face model, includes the following parts:

normalization of scale, normalization of translation, and normalization of angle.

[00237] In some embodiments, all three-dimensional face keypoints of the original
detection is defined as p, where the i-th keypoint is pi={xi, yi, zi}. For example, the
normalized origin is defined as the midpoint of keypoints No. 1 and No. 17 (referring to the
definition of keypoints in Figure 1), namely ¢=(p1 + p17) / 2. For the scale, the distance
between the 1st and 17th keypoints from the origin is adjusted to 1, so that the three-

dimensional keypoint normalized by scale and translation is p'=(p-¢) / ||p1 - c||.

[00238] In some embodiments, after normalizing the scale and translation, the face
direction is further normalized. As shown in the image 2902 of Figure 29, the face in the
actual photo may not face the lens directly, and there will always be a certain deflection,
which may exist on the three coordinate axes. The predicted three-dimensional keypoints of
the face along the x, y, and z coordinate axes are sequentially rotated so that the direction of
the face is facing the camera. When rotating along x, the z coordinates of key points 18 and
24 (referring to the definition of keypoints in Figure 1) are aligned, that is, let the depth of the
uppermost part of the bridge of the nose be at the same depth as the bottom of the nose, to
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obtain the rotation matrix Rx. When rotating along the y axis, the z coordinates of keypoints
1 and 17 are aligned to get the rotation matrix Ry. When rotating along the z axis, the y
coordinates of key point 1 and 17 are aligned to get the rotation matrix Rz. Thus the direction

of the keypoints are aligned and the normalized keypoints are shown as below:
Prorm= RZ X RY X RX x P!

[00239] In some embodiments, the scale, position, and angle of the normalized
keypoints have been adjusted to be uniform, but the obtained keypoints are often not a perfect
face. For example, the bridge of the nose is not a straight line at the center, and the facial
features may not be symmetrical. This is because the real face in the photo is not perfectly
symmetrical due to the expression or its own characteristics, and additional errors will be
introduced when predicting keypoints. Although the real face may not be symmetrical, if the
face model in the game is not symmetrical, it will cause unsightly appearance and will greatly
reduce the user experience. Therefore, keypoint symmetry as shown in 2908 is a necessary

process.

[00240] Because the keypoints have been normalized, in some embodiments, a simple
symmetry method is to average the y and z coordinates of all the left and right symmetric
keypoints to replace the original y and z coordinates. This method works well in most cases,
but when the face rotates at a large angle in the y-axis direction, the performance will be

sacrificed.

[00241] In some embodiments, using the human face in Figure 29 as an example, when
the face is deflected to the left by a large angle, part of the eyebrows will not be visible. At
the same time, the left eye will be smaller than the right eye due to perspective. Although the
3D keypoints can partially compensate for the impact caused by the perspective relationship,
the 2D projection of the 3D keypoints corresponding to the keypoints still needs to be kept on
the picture. Therefore, an excessively large angle deflection will result in obvious differences
in the sizes of eyes and brows in the 3D keypoint detection results. In order to deal with the
influence caused by the angle, when the face deflection angle along the y axis is large, the
eyes and eyebrows close to the lens are used as the main eye and main eyebrow, and they are

copied to the other side to reduce the error caused by angular deflection.

[00242] In some embodiments, since the prediction error of the keypoints is inevitable,

in some individual cases, the symmetrized keypoints may still not match the real face. Since
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the shapes of real faces and facial features are quite different, it is difficult to achieve a
relatively accurate description using predefined parameterized curves. Therefore, when
smoothing as shown in 2910, only some areas are smoothed, for example, the outline of the
face, eyes, eyebrows, lower lip, etc. These areas basically maintain the monotonous and
smooth, that is, there is no jagged condition. In this case, the target curve should always be a

convex curve or a concave curve.

[00243] In some embodiments, whether the keypoints meet the definition of convex
curve (or concave curve) is checked one by one for the concerned boundary. Figure 30 is a
diagram illustrating an exemplary keypoint smoothing process 2910 in accordance with some
implementations of the present disclosure. As shown in Figure 30, without loss of generality,
the target curve should be convex. For each keypoint 3002, 3004, 3006, 3008, and 3010,
whether its position is above the line of its adjacent left and right key points is checked. If the
conditions are met, it means that the current keypoint meets the convex curve requirements.
Otherwise, the current key point is moved up to the line connecting the left and right key
points. For example, in Figure 30, the key point 3006 does not meet the limit of the convex
curve, and it will be moved to the position 3012. If multiple keypoints are moved, the curve
may not be guaranteed to be convex or concave after moving. Therefore, in some
embodiments, multiple rounds of smoothing are used to get a relatively smooth key point

curve.

[00244] Different games have different face styles. In some embodiments, the
keypoints of real faces need to be transformed into the styles required by the game. Real style
game faces are similar, but cartoon faces are very different. Therefore, it is difficult to have a
uniform standard for the stylization of keypoints. The definition of stylization in actual use
comes from the designer of the game, who adjusts the characteristics of the face according to

the specific game style.

[00245] In some embodiments, a more general face adjustment scheme is implemented
that most games may need. For example, face length adjustment, width adjustment, facial
features, etc. According to different game art styles, adjustment levels, zoom ratios, etc.,
custom corrections can be made. At the same time, users can also customize any special style
adjustment methods, for example, changing the eye shape to a rectangle. The system can

support any way of adjustment.
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[00246] In some embodiments, with the keypoints of the stylized face, the standard
game face is deformed so that the keypoints of the deformed face reach the position of the
target keypoints. Since most games use control parameters, such as bones or sliders, to adjust

the face, a set of control parameters is needed to move the keypoints to the target position.

[00247] Since the definitions of bones or sliders in different games may vary, and there
is the possibility of modification at any time, it is not feasible to directly define simple
parameterized functions from keypoints to bone parameters. In some embodiments, machine
learning method is used to convert keypoints to parameters through a neural network, which
is called a K2P (keypoints to parameters) network. Because the general parameters and the
number of keypoints are not large (generally less than 100), in some embodiments, a K-layer

fully connected network is used.

[00248] Figure 31 is a block diagram illustrating an exemplary keypoints to control
parameters (K2P) conversion process in accordance with some implementations of the
present disclosure. In order to use the machine learning method, in some embodiments, first
the bones or slider parameters are randomly sampled, fed to the game client 3110, and the
keypoints are extracted in the generated game face. In this way, a lot of training data can be
obtained (parameters 3112 and keypoints 3114 pairs). Then a self-supervised machine
learning method is implemented, which is divided into two steps: the first step is to train a
P2K (parameters to keypoints) network 3116 to simulate the process of generating game
parameters to keypoints. In the second step, a large number of unlabeled real face images
3102 are used to generate real face keypoints 3104 and then a large number of stylized
keypoints 3106 according to the methods described herein. These unlabeled stylized
keypoints 3106 are the self-supervised learning training data. In some embodiments, a set of
keypoints K is input into the K2P network 3108 for learning to get the output parameter P.
Since the ground truth of the ideal parameters corresponding to these keypoints is not
available, P is further input into the P2K network 3116 trained in the first step to obtain the
key point K'. In some embodiments, by calculating the Mean Square Error (MSE) loss
between K and K', the K2P network 3108 can be learned. In some embodiments, during the
second step, the P2K network 3116 is fixed and will not continue to be adjusted. With the aid
of the P2K network 3116, the process of controlling the parameters of the game client 3110

to the keypoints is simulated using a neural network, thus laying a foundation for the learning
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of the K2P network 3108 in the second step. In this way, the final face generated by the

parameters remains close to the keypoints of the target stylized face generated.

[00249] In some embodiments, at the same time, weights to certain keypoints are
added, such as the keypoints of the eyes, by adjusting the corresponding weights when
calculating the MSE loss between K and K'. Since the definition of keypoints is predefined
and will not be affected by the bones or sliders of the game client, it is easier to adjust the

weight.

[00250] In some embodiments, in the actual applications, in order to improve the
accuracy of the model, for the part that can be decoupled, the neural networks can be
separately trained. For example, if some bone parameters only affect the keypoints of the eye
area, while other parameters have no effect on this area, these parameters and this part of the
keypoints form a set of independent areas. A separate K2P model 3108 is trained for each
group of such regions, and each model can adopt a more lightweight network design. This not
only can further improve the accuracy of the model, but also reduce the computational

complexity.

[00251] Figure 32 illustrates some exemplary results of automatic face generation of a
mobile game in accordance with some implementations of the present disclosure. As shown
in Figure 32, the results from the original face images (3202 and 3206) to the game face
avatar image generations (3204 and 3208) are illustrated. In some embodiments, when
stylizing, the open mouth is closed, and different levels of restriction and cartoonization are
applied to the nose, mouth, face shape, eyes, and eyebrows. The final generated results still
retain certain human face characteristics and meet the aesthetic requirements for the game

style.

[00252] Figure 33 is a flowchart 3300 illustrating an exemplary process of customizing
a standard face of an avatar in a game using a 2D facial image of a real-life person in

accordance with some implementations of the present disclosure.

[00253] The process of process of customizing a standard face of an avatar in a game
using a 2D facial image of a real-life person includes a step 3310 of identifying a set of
subject keypoints in the 2D facial image. As noted above, the subject can be a real-life person

or a virtual character in the virtual world.
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[00254] The process also includes a step 3320 of transforming the set of subject

keypoints into a set of avatar keypoints associated with the avatar in the game.

[00255] The process additionally includes a step 3330 of generating a set of face
control parameters for the standard face of the avatar by applying a keypoint-to-parameter
(K2P) neural network model to the set of avatar keypoints, the set of face control parameters
each relating to one of a plurality of facial features of the standard face. As noted above in
connection with Figure 31, the K2P network 3108 is a deep learning neural network model
that predicts a set of face control parameters based on the set of input avatar keypoints since
different sets of avatar keypoints may correspond to different sets of face control parameters
such that, when the set of face control parameters is applied to the standard face of the avatar,
the keypoints of the adjusted standard face may have a set of keypoints similar to the set of

input avatar keypoints.

[00256] The process additionally includes a step 3340 of adjusting the plurality of
facial features of the standard face by applying the set of face control parameters to the

standard face.

[00257] Additional implementations may include one or more of the following
features.
[00258] In some embodiments, in the step 3330, the K2P neural network model is

trained by: obtaining a plurality of training 2D facial images of real-life persons; generating a
set of training game-style or avatar keypoints for each of the plurality of training 2D facial
images; submitting each set of training game-style or avatar keypoints into the K2P neural
network model to obtain a set of face control parameters; submitting the set of face control
parameters into a pretrained parameter to keypoint (P2K) neural network model to obtain a
set of predicted game-style or avatar keypoints corresponding to the set of training game-
style or avatar keypoints; and updating the K2P neural network model by reducing the
difference between the set of training game-style or avatar keypoints and the corresponding
set of predicted game-style or avatar keypoints. As noted above in connection with Figure 31,
opposite to the K2P network 3108, the P2K network 3116 is a deep learning neural network
model that predicts a set of avatar keypoints based on the set of input face control parameters
since different sets of face control parameters may cause different sets of avatar keypoints

such that the set of output avatar keypoints associated with the P2K network 3116 should
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match the set of input avatar keypoints associated with the K2P network 3108 when the two

neural network models are deemed to perform an inverse process of each other.

[00259] In some embodiments, the pretrained P2K neural network model is configured
to: receive a set of control parameters that include the bones or slider parameters associated
with the avatar in the game; and predict a set of game-style keypoints for the avatar in the

game in accordance with the set of control parameters.

[00260] In some embodiments, the difference between the set of training game-style
keypoints and the corresponding set of predicted game-style keypoints is a sum of mean
square errors between the set of training game-style keypoints and the corresponding set of

predicted game-style keypoints.

[00261] In some embodiments, the trained K2P and the pretrained P2K neural network

models are specific to the game.

[00262] In some embodiments, the set of real-life keypoints in the 2D facial image

correspond to the facial features of the real-life person in the 2D facial image.

[00263] In some embodiments, the standard face of the avatar in the game can be
customized into different characters of the game according to the facial images of different

real-life persons.

[00264] In some embodiments, the deformed face of the avatar is a cartoon-style face
of the real-life person. In some embodiments, the deformed face of the avatar is a real-style

face of the real-life person.

[00265] In some embodiments, in the step 3320, transforming the set of real-life
keypoints into the set of game-style keypoints includes: normalizing the set of real-life
keypoints into a canonical space; symmetrizing the normalized set of real-life keypoints; and
adjusting the symmetrized set of real-life keypoints according to a predefined style associated

with the avatar in the game.

[00266] In some embodiments, normalizing the set of real-life keypoints into a
canonical space includes: scaling the set of real-life keypoints into the canonical space; and
rotating the scaled set of real-life keypoints according to the orientations of the set of real-life

keypoints in the 2D facial image.
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[00267] In some embodiments, transforming the set of real-life keypoints into the set
of game-style keypoints further includes smoothing the set of symmetrized keypoints to meet

the predefined convex or concave curve requirements.

[00268] In some embodiments, adjusting the symmetrized set of real-life keypoints
according to the predefined style associated with the avatar in the game includes one or more
of the face length adjustment, face width adjustment, facial feature adjustment, zoom

adjustment, and eye shape adjustment.

[00269] The systems and methods disclosed herein could be applied to automatic face
generation systems for various games for both real-style and cartoon-style games. The system

has easy interface to be incorporated, improving user experience.

[00270] In some embodiments, the system and method disclosed herein can be used in
the 3D face avatar generation system for various games, and the complicated manual tuning
process is automated to improve the user experience. The user can take a selfie or upload an
existing photo. The system can extract features from the face in the photo, and then
automatically generate the control parameters of the game face (such as bones or sliders)
through the Al face generation system. The game end generates a face avatar using these

parameters, so that the created face has the user's facial features.

[00271] In some embodiments, this system can be easily customized according to
different games, including the keypoint definition, the stylization method, the definition of
the skeleton/slider, and so on. Users can choose to adjust only certain parameters, retrain the
model automatically, or add custom control algorithms. In this way, the invention can be

easily deployed to different games.

[00272] Further embodiments also include various subsets of the above embodiments

combined or otherwise re-arranged in various other embodiments.

[00273] Herein, an image processing apparatus of the embodiments of the present
application is implemented with reference to descriptions of accompanying drawings. The
image processing apparatus may be implemented in various forms, for example, different
types of computer devices such as a server or a terminal (for example, a desktop computer, a
notebook computer, or a smartphone). A hardware structure of the image processing
apparatus of the embodiments of the present application is further described below. It may be

understood that Figure 34 merely shows an exemplary structure, rather than all structures, of
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the image processing apparatus, and a partial or entire structure shown in Figure 34 may be

implemented according to requirements.

[00274] Referring to Figure 34, Figure 34 is a schematic diagram of an optional
hardware structure of an image processing apparatus according to an embodiment of the
present application, and in an actual application, may be applied to the server or various
terminals running an application program. An image processing apparatus 3400 shown in
Figure 34 includes: at least one processor 3401, a memory 3402, a user interface 3403, and at
least one network interface 3404. Components in the image processing apparatus 3400 are
coupled together by means of a bus system 3405. It may be understood that the bus 3405 is
configured to implement connection and communication between the components. The bus
system 3405, besides including a data bus, may further include a power bus, a control bus,
and a status signal bus. However, for a purpose of a clear explanation, all buses are marked as

the bus system 3405 in Figure 34.

[00275] The user interface 3403 may include a display, a keyboard, a mouse, a

trackball, a click wheel, a key, a button, a touchpad, a touchscreen, or the like.

[00276] It may be understood that the memory 3402 may be a volatile memory or a

non-volatile memory, or may include both a volatile memory and a non-volatile memory.

[00277] The memory 3402 in the embodiments of the present application is configured
to store different types of data to support operations of the image processing apparatus 3400.
Examples of the data include: any computer program, such as an executable program 34021
and an operating system 34022, used to perform operations on the image processing
apparatus 3400, and a program used to perform the image processing method of the

embodiments of the present application may be included in the executable program 34021.

[00278] The image processing method disclosed in the embodiments of the present
application may be applied to the processor 3401, or may be performed by the processor
3401. The processor 3401 may be an integrated circuit chip and has a signal processing
capability. In an implementation process, each step of the image processing method may be
completed by using an integrated logic circuit of hardware in the processor 3401 or an
instruction in a software form. The foregoing processor 3401 may be a general-purpose
processor, a digital signal processor (DSP), another programmable logic device, a discrete

gate, a transistor logic device, a discrete hardware component, or the like. The processor 3401
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may implement or execute methods, steps, and logical block diagrams provided in the
embodiments of the present application. The general purpose processor may be a
microprocessor, any conventional processor, or the like. The steps in the method provided in
the embodiments of the present application may be directly performed by a hardware
decoding processor, or may be performed by combining hardware and software modules in a
decoding processor. The software module may be located in a storage medium. The storage
medium is located in the memory 3402. The processor 3401 reads information in the memory
3402 and performs steps of the image processing method provided in the embodiments of the

present application by combining the information with hardware thereof.

[00279] In some embodiments, the image processing and 3D facial and head formation

can be accomplished on a group of servers or a cloud on a network.

[00280] In one or more examples, the functions described may be implemented in
hardware, software, firmware, or any combination thereof. If implemented in software, the
functions may be stored on or transmitted over, as one or more instructions or code, a
computer-readable medium and executed by a hardware-based processing unit. Computer-
readable media may include computer-readable storage media, which corresponds to a
tangible medium such as data storage media, or communication media including any medium
that facilitates transfer of a computer program from one place to another, e.g., according to a
communication protocol. In this manner, computer-readable media generally may correspond
to (1) tangible computer-readable storage media that is non-transitory or (2) a communication
medium such as a signal or carrier wave. Data storage media may be any available media that
can be accessed by one or more computers or one or more processors to retrieve instructions,
code and/or data structures for implementation of the implementations described in the

present application. A computer program product may include a computer-readable medium.

[00281] The terminology used in the description of the implementations herein is for
the purpose of describing particular implementations only and is not intended to limit the
scope of claims. As used in the description of the implementations and the appended claims,

2 ¢

the singular forms “a,” “an,” and “the” are intended to include the plural forms as well, unless
the context clearly indicates otherwise. It will also be understood that the term “and/or” as
used herein refers to and encompasses any and all possible combinations of one or more of

the associated listed items. It will be further understood that the terms “comprises” and/or
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“comprising,” when used in this specification, specify the presence of stated features,
elements, and/or components, but do not preclude the presence or addition of one or more

other features, elements, components, and/or groups thereof.

[00282] It will also be understood that, although the terms first, second, etc. may be
used herein to describe various elements, these elements should not be limited by these terms.
These terms are only used to distinguish one element from another. For example, a first
electrode could be termed a second electrode, and, similarly, a second electrode could be
termed a first electrode, without departing from the scope of the implementations. The first

electrode and the second electrode are both electrodes, but they are not the same electrode.

[00283] The description of the present application has been presented for purposes of
illustration and description, and is not intended to be exhaustive or limited to the invention in
the form disclosed. Many modifications, variations, and alternative implementations will be
apparent to those of ordinary skill in the art having the benefit of the teachings presented in
the foregoing descriptions and the associated drawings. The embodiment was chosen and
described in order to best explain the principles of the invention, the practical application, and
to enable others skilled in the art to understand the invention for various implementations and
to best utilize the underlying principles and various implementations with various
modifications as are suited to the particular use contemplated. Therefore, it is to be
understood that the scope of claims is not to be limited to the specific examples of the
implementations disclosed and that modifications and other implementations are intended to

be included within the scope of the appended claims.
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What is claimed is:

1. A method of customizing a standard face of an avatar using a two-dimensional
(2D) facial image of a subject, comprising:

identifying a set of subject keypoints in the 2D facial image;

transforming the set of subject keypoints into a set of avatar keypoints associated with
the avatar;

generating a set of face control parameters for the standard face by applying a
keypoint-to-parameter (K2P) neural network model to the set of avatar keypoints, the set of
face control parameters each relating to one of a plurality of facial features of the standard
face; and

adjusting the plurality of facial features of the standard face by applying the set of

face control parameters to the standard face.

2. The method according to claim 1, wherein the K2P neural network model is
trained by:

obtaining a plurality of training 2D facial images of subjects;

generating a set of training avatar keypoints associated with the avatar for each of the
plurality of training 2D facial images;

submitting each set of training avatar keypoints into the K2P neural network model to
obtain a set of face control parameters;

submitting the set of face control parameters into a pretrained parameter-to-keypoint
(P2K) neural network model to obtain a set of predicted avatar keypoints corresponding to
the set of training avatar keypoints; and

updating the K2P neural network model by reducing a difference between the set of
training avatar keypoints and the corresponding set of predicted avatar keypoints.

3. The method according to claim 2, wherein the pretrained P2K neural network
model is configured to:

receive a set of face control parameters that include bones or slider parameters

associated with the avatar; and
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predict a set of avatar keypoints for the avatar in accordance with the set of control

parameters.

4. The method according to claim 3, wherein the difference between the set of
training avatar keypoints and the corresponding set of predicted avatar keypoints is a sum of
mean square errors between the set of training avatar keypoints and the corresponding set of

predicted avatar keypoints.

5. The method according to claim 3, wherein the trained K2P and the pretrained

P2K neural network models are associated with a game.

6. The method according to claim 1, wherein the set of subject keypoints in the

2D facial image correspond to the facial features of the subject in the 2D facial image.

7. The method according to claim 1, wherein the standard face of the avatar is
customized into different characters of a game according to facial images of different

subjects.

&. The method according to claim 1, wherein the adjusted standard face of the

avatar is a cartoon-style face of the subject.

9. The method according to claim 1, wherein the adjusted standard face of the

avatar is a real-style face of the subject.

10.  The method according to claim 1, wherein the transforming the set of subject
keypoints into the set of avatar keypoints includes:

normalizing the set of subject keypoints into a canonical space;

symmetrizing the normalized set of subject keypoints; and

adjusting the symmetrized set of subject keypoints according to a predefined style

associated with the avatar to obtain the set of avatar keypoints.

11.  The method according to claim 10, wherein the normalizing the set of subject

keypoints into a canonical space includes:
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scaling the set of subject keypoints into the canonical space; and
rotating the scaled set of subject keypoints according to orientations of the set of

subject keypoints in the 2D facial image.

[2. The method according to claim 10, wherein the transforming the set of subject
keypoints into the set of avatar keypoints further includes smoothing the symmetrized set of

subject keypoints to meet predefined convex or concave curve requirements.

13, The method according to claim 10, wherein adjusting the symmetrized set of
subject keypoints according to the predefined style associated with the avatar includes one or
more of face length adjustment, face width adjustment, facial feature adjustment, zoom

adjustment, and eye shape adjustment.

14.  An electronic apparatus comprising one or more processing units, memory
coupled to the one or more processing units, and a plurality of programs stored in the
memory that, when executed by the one or more processing units, cause the electronic
apparatus to perform a plurality of operations of customizing a standard face of an avatar
using a two-dimensional (2D) facial image of a subject, comprising:

identifying a set of subject keypoints in the 2D facial image;

transforming the set of subject keypoints into a set of avatar keypoints associated with
the avatar;

generating a set of face control parameters for the standard face by applying a
keypoint-to-parameter (K2P) neural network model to the set of avatar keypoints, the set of
face control parameters each relating to one of a plurality of facial features of the standard
face; and

adjusting the plurality of facial features of the standard face by applying the set of

face control parameters to the standard face.
15.  The electronic apparatus according to claim 14, wherein the K2P neural

network model is trained by:

obtaining a plurality of training 2D facial images of subjects;
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generating a set of training avatar keypoints associated with the avatar for each of the
plurality of training 2D facial images;

submitting each set of training avatar keypoints into the K2P neural network model to
obtain a set of face control parameters;

submitting the set of face control parameters into a pretrained parameter-to-keypoint
(P2K) neural network model to obtain a set of predicted avatar keypoints corresponding to
the set of training avatar keypoints; and

updating the K2P neural network model by reducing a difference between the set of

training avatar keypoints and the corresponding set of predicted avatar keypoints.

16.  The electronic apparatus according to claim 15, wherein the pretrained P2K
neural network model is configured to:

receive a set of face control parameters that include bones or slider parameters
associated with the avatar; and

predict a set of avatar keypoints for the avatar in accordance with the set of control

parameters.

17. The electronic apparatus according to claim 16, wherein the difference
between the set of training avatar keypoints and the corresponding set of predicted avatar
keypoints is a sum of mean square errors between the set of training avatar keypoints and the

corresponding set of predicted avatar keypoints.

18. The electronic apparatus according to claim 15, wherein the trained K2P and

the pretrained P2K neural network models are associated with a game.

19. The electronic apparatus according to claim 14, wherein the transforming the
set of subject keypoints into the set of avatar keypoints includes:

normalizing the set of subject keypoints into a canonical space;

symmetrizing the normalized set of subject keypoints; and

adjusting the symmetrized set of subject keypoints according to a predefined style

associated with the avatar.
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20. A non-transitory computer readable storage medium storing a plurality of
programs for execution by an electronic apparatus having one or more processing units,
wherein the plurality of programs, when executed by the one or more processing units, cause
the electronic apparatus to perform a plurality of operations of customizing a standard face of
an avatar using a two-dimensional (2D) facial image of a subject, comprising:

identifying a set of subject keypoints in the 2D facial image;

transforming the set of subject keypoints into a set of avatar keypoints associated with
the avatar;

generating a set of face control parameters for the standard face by applying a
keypoint-to-parameter (K2P) neural network model to the set of avatar keypoints, the set of
face control parameters each relating to one of a plurality of facial features of the standard
face; and

adjusting the plurality of facial features of the standard face by applying the set of

face control parameters to the standard face.
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