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The NeRF-based head model can generate various novel poses and expressions.

Public summary

m We propose a drivable generalized NeRF-based head model, which is capable of generating high fidelity human head
images.

m By using the face recognition network to encode the identity semantic, the representation ability of our head model is
improved, and it has good fitting results for new input images.

m By using the facial expression database FaceWarehouse, the model’s ability to fit different expressions is improved and
our expression fitting results are significantly better than other similar methods.
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Abstract: In recent years, the concept of digital human has attracted widespread attention from all walks of life, and the
modelling of high-fidelity human bodies, heads, and hands has been intensively studied. This paper focuses on head mod-
elling and proposes a generic head parametric model based on neural radiance fields. Specifically, we first use face recog-
nition networks and 3D facial expression database FaceWarehouse to parameterize identity and expression semantics, re-
spectively, and use both as conditional inputs to build a neural radiance field for the human head, thereby improving the
head model’s representation ability while ensuring editing capabilities for the identity and expression of the rendered res-
ults; then, through a combination of volume rendering and neural rendering, the 3D representation of the head is rapidly
rendered into the 2D plane, producing a high-fidelity image of the human head. Thanks to the well-designed loss functions
and good implicit representation of the neural radiance field, our model can not only edit the identity and expression inde-
pendently, but also freely modify the virtual camera position of the rendering results. It has excellent multi-view consist-

ency, and has many applications in novel view synthesis, pose driving and more.

Keywords: neural radiance fields; head parametric model; semantic disentanglement; novel view synthesis
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1 Introduction

In recent years, the concept of digital human has been highly
discussed in the field of computer vision, with 3D face/head
representation attracting much attention and its research res-
ults being widely used in augmented reality (AR)/virtual real-
ity (VR), digital games, film production, and many other vari-
ous applications. How to reconstruct the human head model
in video or image with high accuracy and high fidelity is still
a very challenging research topic.

Based on the assumption that the human head model can be
embedded in a low-dimensional space, parametric semantic
human head models, such as the blendshape model, have been
studied and optimized by many scholars for a long time.
Here, the blendshape model is a head model which different
facial expressions are combined linearly/bi-linearly, and users
can control the facial expressions by combination coeffi-
cients. What’s more, this head model constructs a meaningful
shape space. This enables personalized face editing. Building
on this, semantic head models, such as FaceWarehouse!",
which aim to model different objects by different expressions,
achieve initial generalization properties of head models, but
they ignore possible geometric and textural details. In order to
construct more expressive head models, traditional mesh-
based approaches consider the inclusion of 3D morphable
models (3DMMs)? based on multi-linear tensor”, but this
modelling approach usually ignores non-facial parts such as
teeth and hair, and in addition, it is difficult for models to rep-
resent high-frequency details such as wrinkles due to the res-
olution limitations of mesh rendering. Besides, mesh
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rendering is not differentiable, if RGB image is the only su-
pervision signal in the training stage, some approximation
methods must be used to alleviate the non-differentiable
problem.

In recent years, with the rapid development of deep learn-
ing, two-dimensional generative adversarial networks (2D
GANs)" are able to generate high-quality face images dir-
ectly without 3D models, bringing a great improvement to the
quality of human head image generation. However, 2D GANs
run only in 2D and does not explicitly model the underlying
3D scenes, so the rendering results of 2D GANs are often not
multi-view consistent across different views!”. What’s more,
these methods are not capable of parameter editing, even if
the generated face image is more realistic, there is no way to
control the details such as the facial features. Building on the
advantages of 2D GANs, recent works on 3D-aware
GANs"'" have taken image generation synthesis techniques
into 3D with explicit attributes control. EG3D" proposed tri-
plane hybrid 3D representation to model scene, which can
synthesize high resolution images with multi-view consist-
ency. Next3D!'" leveraged neural textures!” to represent de-
formable facial parts to control over facial deformations and
thus can be directly applied to animation tasks. But obtaining
rendering for this method is time-consuming, so the training
and inference are still expected to be accelerated.

In 2020, Mildenhall et al.”! proposed to represent 3D
scenes with neural radiance fields (NeRFs), a way to impli-
citly encode 3D space with excellent multi-view consistency.
NeRF uses the volume rendering equation to render scenes
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and naturally supports differentiable rendering, so it can be
trained in an end-to-end self-supervised manner without any
3D ground truth. Because of its ability to generate high-
fidelity novel view images, NeRF has quickly become a com-
pelling research method in the field of image generation, and
a large body of works on NeRF-based face/head image gener-
ation!"'”! has also emerged. Some scholars have also con-
sidered combining GAN and NeRF'"" to generate high-
fidelity face images, but this generation model still has the
same drawbacks as the base GAN model, coupling identity,
expression and appearance all together, thus preventing se-
mantic editing. To disentangle different semantic attributes,
build a parametric head model, and generate a semantically
editable neural radiance field of the human head,
HeadNeRF!"" proposed to integrate 3DMM into a neural radi-
ance field, and to use neural rendering to accelerate the ren-
dering. It was trained on a large number of high-resolution
single face images to ensure generalizability. However, the
3DMM" used by HeadNeRF is a linear parametric model that
still lacks the ability to represent expression and identity
information.

Based on the above observations, in order to build a gener-
ic human head model with semantic editing capabilities and
improve the representation ability of the model, we propose a
parametric human head model based on HeadNeRF"* in com-
bination with face recognition network” and the bi-linear ex-
pression parametric model FaceWarehouse!!. To train this
model, we collect and process a monocular dynamic video
dataset containing various expressions, identities, and poses,
then obtain identity and expression latent codes, and use them
as conditional inputs to the NeRF structure to optimize the
representation of the head model. Furthermore, like Head-
NeRF!", we combine volume rendering with 2D neural ren-
dering, which can increase the rendering speed of NeRF sev-
eral times faster during the inference stage, reaching 15 fps on
a Tesla V100 GPU. Thanks to a carefully designed network
structure as well as loss functions, identity and expression
features, and a large amount of training data, the generaliza-
tion performance of the model is guaranteed, and it success-
fully disentangles identity and expression, further enabling
drive capability.

2 Methods

2.1 Recall on NeRF and face parametric model

2.1.1 Neural radiance field

In this section we will briefly review the NeRF
representation”. NeRF encodes the scene as a continuous
volumetric radiance field f of color and density. Specifically,
for a point x €R’ and a viewpoint direction unit vector
d e R’, they together are mapped to a pair, i.e., a differenti-
able volume density o and an RGB color c.

fo= (), y(d) - (o,¢), (D

where y(x) is a position encoding function, mapping R’ into a
higher dimensional space R**, which can be expressed as
follows.
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v(p) = (sin(2°p),cos(2°np),- - ,sin(2"'nwp),cos(2" ' xp)),
(2)

where p denotes one of the coordinate values in the 3D
Cartesian coordinate system. The function y(*) should be ap-
plied separately to each dimension of the three coordinate val-
ues in x and d. It thus allows the network represented by the
multilayer perceptron (MLP) weights to learn higher fre-
quency details, which improves the network’s ability.

Then 2D image can be generated from the volume radi-
ance field by differentiable rendering using the following
equation.

) = f T(o(D)e(r)dt, 3)

where T(t) = exp (— flt O'(S)ds) denotes the cumulative trans-
parency of the ray from ¢, to ¢, i.e., the probability that the ray
will not hit any other particle from ¢, to . r denotes a ray
coming from the camera center 0 € R’, it can be represented
as r(t) = o+ td where d € R® is the unit direction vector of the
ray. The integral in Eq. (3) is calculated along the ray within a
given depth boundary [7,, #].

For a target view with camera parameters P, a ray emitted
from the center of the camera is denoted as r, and the pixel
values C(r) rendered by Eq. (3) on this ray can be compared
with the corresponding pixel values C(r) on the ground truth
image, from which the rendering loss of NeRF can be written
as follows.

L= ICw-Ccwl, “)

reR(P)

where R(P) is the set of all rays emitted from the camera cen-
ter when the camera parameter is P.

NeRF representation has a highly desirable result in the
work on novel view synthesis. Like the classical multi-view
stereo methods™*, it is an optimization-based approach
where the only signal comes from geometric consistency. The
geometric information of different scenes cannot be shared™’,
so it must be optimized separately for each scene and does not
have good generalization performance. When the scenes are
different, it will take a lot of time to train the model. What’s
more, once the viewpoints are sparse, it is impossible to re-
construct the complete shape of the object using any prior in
the real world”***". To reconstruct a NeRF model with gener-
alization performance under condition of limited viewpoints,
local features™ " can be considered to enhance the generaliz-
ation ability of the model.

2.1.2 Face parametric model

3D morphable model™ is the most widely used class of 3D
face parametric models, which encodes the geometry and al-
bedo of 3D faces in space into a low-dimensional subspace.
Specifically, the 3DMM describes the face geometry and al-
bedo using principal component analysis (PCA) like follow-
ing equation.

S=S+aA,+BA.,

5
b=b+06A,, )
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where S and b denote the shape and albedo of the mean face,
respectively. Ay, A, are the principal axes extracted from a
set of 3D textured-meshes with neutral expression, A.,, is the
principal axes trained on the offsets between each individual
mesh with expressions and the mesh with neutral expressions,
and the corresponding coefficient vectors, @, B, 6, character-
ize a particular 3D face model. For diversity and complement-
arity, we use the Basel face model (BFM)" in our data pro-
cessing to generate the shape and albedo of 3D faces to ob-
tain the camera parameters. In order to improve the ability of
the model to represent expression information, we use Face-
Warehouse!" to generate the expression bases.

2.2 Network architecture

2.2.1 Implicit function

In our opinion, the head geometry is mainly encoded by the
identity and expression, which is consistent with the underly-
ing logic of 3DMM?". However, 3DMM as a linear model is
still not powerful enough. Therefore, inspired by the general-
ized NeRF!'“?=! we use the neural radiance field as a 3D
proxy for the human head. Furthermore, we replace the iden-
tity coefficients in 3DMM with identity features extracted
from the head image by an face recognition network
AdaFace™, denoted as z;;. To improve the representation of
the expression information, we use the bi-linear model Face-
Warehouse!"! to obtain the facial expression coefficients for
each frame, denoted as B. Like HeadNeRF'"Y, by using ex-
pression code and identity code as conditional inputs, the
MLP-based implicit function in Eq. (1) can be rewritten as the
following to build our parametric human head model.

fé : (y(x)97(d)7ﬂ’ zid) g (U-, F) ’ (6)

where 6 denotes the parameters optimized by network. y(x) is
the same positional encoding function as in NeRF. The
overall framework of the complete model and the structure of

Latent codes

Volume
rendering

Implicit
function

Fig. 1. Network framework.
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the implicit function f; are both shown in Fig. 1.

2.2.2  Volume rendering

In Fig. 1, x € R? is a 3D point sampled on the ray. Similar to
previous works!'**, we predict a high-dimensional feature
vector F(x) instead of directly predicting the RGB value ¢. In
this way, at the volume rendering stage, we can render the
feature vectors F(x) into a low-resolution feature map, and
then use the neural renderer to process the feature map to gen-
erate the final color image, rather than rendering the colors of
the sampled points directly into the final color image, as is the
case with vanilla NeRF. The reason for this is that directly
generating a high-resolution color image requires that every
pixel in the image has a ray passing through it, and a large
number of spatial points must be sampled on each ray to ap-
proximate the volume rendering integral in Eq. (3), consum-
ing considerable computing resources and time. In contrast, if
we generate only a low-resolution feature map at the volume
rendering stage, then the number of pixels that the rays must
pass through is greatly reduced, so the number of numerical
integrals that need to be calculated is also greatly reduced,
speeding up the inference and saving computational re-
sources. Specifically, we apply the positional encoding func-
tion y(x) to the sampled points x, then concatenate it with the
identity code z;; and expression code B as the whole input of
the network, after the volume density o is output through
several layers of MLP, the positional encoding of view direc-
tion y(d) is fed into the network to further predict feature
vector F(x). Such a network structure allows the prediction
of the density field to be related only to the identity and ex-
pression codes, and is not affected by the view direction d;
changes in view direction only affect the prediction of the fea-
ture vector F(x), which in turn affects the final rendered
image. This is consistent with the physical nature of the real
world. The density field represents the geometry of the object
itself, which is isotropic and does not change depending on

»  Neural renderer
L9

Rendered image

N SSOT

CSTR: 32290.14.JUSTC-2023-0070
DOI: 10.52396/JUSTC-2023-0070
JUSTC, 2025, 55(1): 0104


https://cstr.cn/32290.14.JUSTC-2023-0070
https://cstr.cn/32290.14.JUSTC-2023-0070
https://cstr.cn/32290.14.JUSTC-2023-0070
https://cstr.cn/32290.14.JUSTC-2023-0070
https://cstr.cn/32290.14.JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070

Zzsrg "

Drivable generalized NeRF-based head model

Wang et al.

the view direction. The image result, on the other hand, is an-
isotropic and will naturally show different visual effects when
viewed from different viewpoints. This is due to differences
in the material and geometry of each part of the object, and
differences in light propagation such as refraction and reflec-
tion of ambient light on different surfaces of the object.

According to the above description, a low-resolution fea-
ture map I, € R will be generated in volume rendering
stage. With reference to the rendering equation in NeRF, we
can write a new equation for our model as follows.

L) = [ wo)- Frn)d, @)

where w(f) = exp(— [io@r(s) ds) .o (r(t)), r(t) denotes the
ray emitted from the center of the camera and passing through
one pixel of the image.

2.2.3 Neural rendering

To generate the final color image, a neural renderer is needed
to process the feature map in Eq. (7).

. 512x32x32 3x512x512
R -R ,

I = n.(Ip) = I eers (8)

where I, denotes the final RGB image, 7, is the neural ren-
derer, and & denotes all the learnable parameters of this mod-
ule. The structure of the neural renderer is shown in Fig. 2.

Similar to GIRAFFE!"”, the neural renderer consists mainly
of four basic units, each consisting of an upsampling opera-
tion, a two-dimensional convolution with a convolution ker-
nel size of 33, and a leaky ReLU activation function layer,
which can be applied recursively to achieve efficient high-
resolution image synthesis. It is worth noting that two convo-
lution kernels are used here, one is the feature map convolu-
tion kernel, which is used in conjunction with the upsampling
operation to double the resolution of the feature map from

HXxW to 2H x2W, with the aim of increasing the resolution
of the feature map. The other is a color image convolution
kernel which applies directly on the feature map to decode it
into an RGB image of the same resolution, with the aim of
mapping a multi-channel feature map into a three-channel
RGB image. So that two RGB images with same resolutions
are decoded from I, € R in different ways, and then they
are added pixel by pixel to produce the RGB image at the
double resolution of 2H X2W. Since the initial feature map
has a resolution of 32 %32 and the resolution is doubled after
each application of the basic unit, and the experiments in this
paper all produce color images with a resolution of 512x512,
it is only necessary to repeat the above steps four times to
produce the final RGB image at the target resolution.

2.2.4 Loss function

Our parametric model is a NeRF-based head model that rep-
resents the head structure as an implicit radiance field related
to identity and expression. The modules in the model that re-
quire optimizing parameters include the implicit function and
the neural rendering module, all of which are shared during
the training stage. As each step is differentiable, it inherits the
advantages of NeRF as an end-to-end self-supervised neural
network. In order to better optimize the network parameters,
our loss function consists of the following two components.
Photometric loss. In terms of fitting the input image, we
require the rendered image to be close enough to the input
image. For this purpose we use photometric loss to define the
difference between the rendered result and the input image.

L.= IMh @ Irender (ﬁ’ iid: P) - IGT|' (9)

where .4 (B, 2, P) denotes the rendered image with expres-
sion code B3, identity code z,, and camera parameter P. M, is
a mask for the head region on the image, which in combina-
tion with the Hadamard product symbol @ allows the region

A
IFA-‘ I%I‘Fﬂ Ii—IF—-‘ I%I‘Fﬂ I%IF
[ 10RGB | [ 1RGB | [ toRGB | | tRGB | | 1RGB_|
. 4 fan) A a 4 i A A .
W \ \d NP7
w w w w Rendered image

3x3Conv2D: (D,**) > (D//2,*%

feature map convolution kemnel

q Upsampling

Fig. 2. The structure of neural renderer.

0104-4

@ Add operation
pixel by pixel

H Leaky ReLU

3x3Conv2D: (D.*,*) > (3,*,%

_toRGB

color image convolution kernel

CSTR: 32290.14.JUSTC-2023-0070
DOI: 10.52396/JUSTC-2023-0070
JUSTC, 2025, 55(1): 0104


https://cstr.cn/32290.14.JUSTC-2023-0070
https://cstr.cn/32290.14.JUSTC-2023-0070
https://cstr.cn/32290.14.JUSTC-2023-0070
https://cstr.cn/32290.14.JUSTC-2023-0070
https://cstr.cn/32290.14.JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070
https://doi.org/10.52396/JUSTC-2023-0070

Zzsrg*

Wang et al.

of interest to be restricted to the head part and the photomet-
ric loss to be calculated only in this region.

Perceptual loss. To generate more detailed rendered im-
ages, we consider adding the perceptual loss term”’ as
follows.

L= Z 19 (Zrenser (B, Zias P)) = @ ) |1, (10)

where ®(*) denotes the activation function of the ith layer in
the VGG16 network™.

The final loss function is the weighted sum of photometric
loss and perceptual loss.

L=L+1L, (11)

where A is the weighting factor for perceptual loss term.
3 Dataset and processing

3.1 Dataset

We collected and processed a monocular dynamic video data-
set. Specifically, we used an iPhone X to capture 570 RGB
videos of different identities, mostly Chinese, with a 1 I 1
ratio of men to women. The captured subjects differ in
gender, clothing, and hairstyle. Each video contains rich head
rotation angles and facial expressions of the subjects. The
multi-identity, multi-expression, and multi-pose dataset can
provide a solid foundation for model fitting and generaliza-
tion. In particular, it should be noted that there are many sub-
jects wearing glasses in our data, which benefits the ability of
our model to fit glasses. Some of the data is shown in Fig. 3.
Of these, 540 identities are used for training, while the re-
maining 30 are not present during training and can be a test
set to evaluate the generalization ability of our parametric
head model.

3.2 Data processing

Firstly, we use an existing mesh-based tracking method"™ to
track the face in each video and obtained the expression

e I -
Multiple identities

Fig. 3. Dataset.
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Multiple expressions

coefficients and head pose for each frame by fitting 3DMM™
and FaceWarehouse!"! expression parametric model. Like
HeadNeRF!", we view the head pose parameters as camera
extrinsic parameters for the corresponding frames. This oper-
ation implicitly aligns the base geometry of each frame to the
same spatial location, thus avoiding the effect of different co-
ordinates between different data on the camera parameters.

Secondly, we need to obtain the identity latent code. Ada-
Face™, the current open source face recognition algorithm
with the highest accuracy, provides a pre-trained model. We
use the face feature information extracted from each frame of
the video by this pre-trained model as the identity code.

Finally, we obtain head mask for each frame by existing
segmentation algorithm® to ensure that the loss function is
computed only in the head area. Fig. 4 shows the results of
data processing on a single identity, where the head segment-
ation results are obtained by the head mask acting on the RGB
image. In particular, the fit results from the parametric model
show that the expression coefficients obtained in the data pro-
cessing stage can accurately represent the expression informa-
tion of the original RGB image, which is important for the
model to be accurately driven.

After the above data processing steps, we obtained a train-
ing set consisting of 129552 human head images from 540
different identities, which were all used in random order for
model training. The various identities, expressions, and poses
provide a solid foundation for the model’s fitting ability and
generalization capability.

4 Experiments and results

4.1 Implementation details

We used the PyTorch deep learning framework"” to imple-
ment the parametric human head model built in this paper,
which was trained on 2 NVIDIA Tesla V100 GPUs based on
the Adam optimizer™ to update the learnable network para-
meters. The batch size was set to 4. The expression code di-
mension is B€R* and the identity code dimension is

Multiple poses
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RGB image

Head mask
Fig. 4. Dataset processing results.

zia € R*2. The weight factor of the perceptual loss term in the
loss function Eq. (11) is 4 = 10. There were 129552 images in
each epoch of training, and we consider the model to have
converged after 20 epochs of training, which took a total of
70 h. Unless otherwise stated, the experimental results shown
in the next section were carried out with the settings de-
scribed above.

4.2 Evaluations

4.2.1 Disentangled control

In the part, we test the ability of our model to independently
control different semantic attributes of the rendered results.
As shown in Fig. 5, for a given expression and identity pair
(B,z:4), we can continuously modify the camera parameters to
generate rendering images with continuously viewpoints. In
particular, the glasses retain the full and sensible shape under
different camera pose. These rendering results for the novel
view synthesis demonstrate the excellent multi-view consist-
ency of our model, despite not using volume rendering of the
traditional NeRF, combined with a 2D neural rendering mod-
ule that still effectively preserves the geometry of the NeRF
via positional implicit encoding.

Furthermore, we can use the trained model to achieve se-
mantic disentanglement and edit the identity and expression
attributes independently. That is, if either identity or expres-
sion is given, smooth changes in the other attribute can be
achieved while the given attribute remains unchanged. In de-
tail, when editing identity semantics, two different identities
are sampled at random from dataset, one is treated as a refer-
ence identity, while the other is treated as a target identity,
and linear interpolation is performed between reference iden-
tity and target identity semantics to produce several new

0104-6
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Head segmentation Results of fitting face
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identity codes, each of which is concatenated with the expres-
sion code of the reference identity, and then re-render the
head images with the front view to obtain identity editing res-
ults. Similarly, do the same when expression editing is re-
quired. As shown in Fig. 6, the disentanglement results show
that our model is able to edit specific attributes while maintaining
other attributes unchanged, effectively decoupling the se-
mantic information of identity and expression.

4.2.2 Ablation study

To analyse the effect of certain components on experimental
results, we perform ablation analysis on these components
and train different models on the same training dataset for dif-
ferent ablation studies. We use three evaluation metrics, mean
average error L,, peak signal to noise ratio (PSNR), and
structural similarity (SSIM) to quantitatively assess the
image quality of the results generated by the ablation studies.
Since the training dataset consists of ~130000 images, it will
be time-consuming and unnecessary to calculate these met-
rics on all images. Therefore, we construct a small dataset,
called FaceData, with 1000 randomly selected images from
the training dataset and evaluate the results of the ablation
studies on this small dataset.

Ablation study on perceptual loss. In this section we test
the effect of the perceptual loss on the rendering results of our
model. We train the model without the perceptual loss term
using exactly the same training strategy and epochs as the full
model, the only difference being that the weight factor of the
perceptual loss term in the loss function of the model without
perceptual loss is set to 4 =0. Fig. 7 shows the qualitative
results of the model without perceptual loss on the FaceData.
The qualitative results show that the perceptual loss term sig-
nificantly improves the quality of the generated images,
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mainly in terms of improving details, e.g., the eye part of the
full model generated image has a more detailed rendering res-
ult, and even the moles on a person’s face and the hairy flu of
the eyebrows are well rendered.

Furthermore, we quantitatively evaluate the ablation res-
ults of the perceptual loss term on the FaceData, results are
presented in Table 1. The line that the perceptual loss is “X”
and the identity is encoded as “AdaFace”, is the quantitative

Input views

result for the model trained without the perceptual loss term,
while the last row is the quantitative result for the full model,
indicating that the loss function includes the perceptual loss
term. As can be seen in Table 1, the perceptual loss term leads
to an improvement in the quality of the model for all three
metrics.

Ablation study on identity code. At the beginning of the
model construction, we use NeRF as a 3D proxy, arguing that

Novel views

Fig. 5. Novel view synthesis.

Reference

Fig. 6. Semantic disentanglement results.

Target

Real image

Fig. 7. Ablation study on perceptual loss.

0104-7

w/o perceptual loss
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the geometry of human head is primarily controlled by the se-
mantic coding related to identity and expression. Therefore,
for a high quality human head model, the accurate representa-
tion of identity and expression semantics is crucial. In this
section, we perform an ablation study on the effect of encod-
ing the identity semantics in different ways. Here we use two
different ways to encode the identity semantic information,
one as used in the full model, where the face recognition
network AdaFace"™ is used as an encoder to extract the im-
age features as the identity latent code. The other is com-
monly used in face parametric semantic models, where the
identity coefficient fitting the 3DMM by Eq. (5) is used to en-
code identity. In particular, it should be noted that the dimen-
sion of identity which is encoded by AdaFace is z, € R*”,
while the dimension of identity encoded by the 3DMM is
a € R'. All other experimental settings are the same except
for this. Fig. 8 shows the qualitative results. As can be seen in
the figure, compared to the way of using 3DMM coefficients
to encode identity semantics, our model uses AdaFace, a face
recognition network as the identity information encoder, the
generated image is then visually closer to the identity of the
real image, and the eye part is rendered with more details.
Quantitative results are shown in Table 1. Both qualitative

Table 1. Quantitative results of the different components of our model on
the FaceData.

Perceptual loss Way of encoding identity £; | PSNR T SSIM T

X AdaFace 0.075 239 0.940
Vv 3DMM 0.077  24.1 0.952
v AdaFace 0.073 244 0.955

| means less is better, T means more is better, and the bold font means
the best results.

and quantitative results above strongly demonstrate the cor-
rectness and necessity of using the face recognition network
as an encoder to encode identity semantic when building our
human head parametric model.

4.3 Comparisons

This subsection evaluates the generalization ability of our
model, including fitting ability to the test dataset, and the
image quality of novel view synthesis results.

4.3.1 Fitting

We compare our method with two common classes of image
generation methods. One class is the NeRF-based methods,

Real image Head part Results of Error map Results of  Error map of
3DMM of 3DMM AdaFace AdaFace
Fig. 8. Ablation study on the identity code.
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and we choose the representative GIRAFFE"” and Head-
NeRF'". The other class is the 3D-aware GAN-based meth-
ods, and we choose EG3D" and its following work
Next3D!". GIRAFFE represents the scene as a combination
of multiple objects by combining the NeRF and 2D GAN.
HeadNeRF integrates 3DMM representation into NeRF and
establishes a semantic parametric head model. EG3D pro-
poses the tri-plane hybrid representation to improve quality of
novel view synthesis. Next3D is based on EG3D and lever-
ages the neural texture representation to control facial
deformations.

In order to better display the evaluation results, we take 30
monocular videos from our dataset that does not participate in
model training at all as the test dataset. In addition, to be fair,
an additional 30 news broadcast videos from different coun-
tries and identities are collected online as a supplementary
test dataset. Thus the test dataset consists of 60 different
videos. Due to the fact that all the test data are brand new for
all methods, in order to fit each image, we need to reverse op-
timize the rendering process to generate the fitting results.
Specifically, for GIRAFFE!"", we use the pre-trained model
provided by the official and write our own fitting code to
achieve the above optimization process. For HeadNeRF"", we
directly use the pre-trained model and fitting code provided
by the official to fit the input image. As for EG3D" and
Next3D!" we slightly modified the official generation code
to be suitable for fitting the input image with the officially
provided pre-trained model. In order to compare these meth-
ods more comprehensively, we record the epochs and time re-
quired in their optimization process in Table 2, where
GIRAFFE, HeadNeRF, and our method are all optimized 300
epochs on a Tesla V100 GPU in 30 s, 36 s, and 55 s, respect-
ively, EG3D is optimized 1000 epochs on a 3090 GPU in 166
s, and Next3D is optimized 2000 epochs on a 3090 GPU in
504 s. The quantitative and qualitative comparison results are
shown in Table 2 and Fig. 9, respectively.

.
2
©

GIRAFFE
Fig. 9. Fitting results of different methods on test dataset.

HeadNeRF

Real image

0104-9

Because GIRAFFE is based on 2D GAN, its latent codes
don’t have semantic information, and therefore can’t fit the
input images accurately even if the latent codes are optimized.
HeadNeRF can fit the input images better during the optimiz-
ation process by using 3DMM coefficients as conditional in-
puts, significantly improving the generation quality and visu-
al effect of fitting results. However, HeadNeRF is limited in
the representation due to the use of coefficients from the lin-
ear 3DMM model to encode semantic information, so the fit-
ting results are still somewhat different from the input. EG3D
benefits from the generative power of GAN-based approach,
and after optimizing the latent codes, it is able to fit the input
images well, even to the extent that it is indistinguishable to
the naked eye. However, Eg3D is unable to disentangle the
semantic information, and its training pressure is much less
than that of our method. In addition, its novel view synthesis
results is not as good as it could have been, which will be
demonstrated in the subsequent content. Next3D proposes to
use the neural texture representation based on EG3D, which
disentangles some of the semantic information and is able to
control facial deformation. Although Next3D obtains optimal
results in almost metrics, the optimization process is time-
consuming due to certain disentanglement difficulties inher-
ent in the GAN-based methods, even though it is able to
achieve facial control, it sacrifices the generation quality of

Table 2. Quantitative comparison with four image generation methods.

Method Ll PSNR T SSIM 1T Time (s) |
GIRAFFE!"! 0.227 17.1 0.826 30
HeadNeRF" 0.110 22.7 0.925 36

EG3D" 0.101 29.5 0.944 166

Next3D!" 0.025 33.9 0.963 504
Ours 0.056 27.6 0.939 55

| means less is better, and 7 means more is better.

a aa
© 00
@ 0 ¢

EG3D Next3D Ours
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the fitting results, such as the eye part in the red box in Fig. 9,
which lacks details. Our method builds on HeadNeRF, it
takes much less time to optimize than Next3D because of the
simplicity of the representation and the ease of disentangling
in principle. Benefiting from the diversity of training data and
the richness of the expression database FaceWarehouse!, our
method can not only fits the input images well, but also disen-
tangles the identity and expression semantics.

Furthermore, to illustrate that FaceWarehouse!", the bi-
linear model used in our method, improves the representation
ability of the parametric head model relative to the 3DMM"
linear model used by HeadNeRF!"", we show the fitting res-
ults of HeadNeRF and our method for more complex expres-
sions in Fig. 10, with the numerical value at the bottom-right
corner of each fitting images indicating its PSNR. As can be
seen from the figure, HeadNeRF is unable to accurately fit re-
latively complex facial expressions such as closing one eye,
skimming, and pouting mouth. In contrast, our method better
recovers these expressions due to the use of the bi-linear
model FaceWarehouse, where the model’s representation
ability for expressions is improved, increasing HeadNeRF’s
PSNR value of around 22 to around 26-27.

4.4 Novel view synthesis

Moreover, we also test the novel view synthesis results of
those methods mentioned above except GIRAFFE on single
input image, as shown in Fig. 11. In particular, we don’t show
the results of GIRAFFE here because the quality of its fitting
results is relatively the worst. In Fig. 11, the first columns of
each method is a direct fitting to the input image, the second
and third columns are the synthesised images of the left and
right new viewpoints, respectively. As can be seen from the
figure, although EG3D and Next3D are able to fit the input
images well, due to the lack of data from different viewpoints
in the training dataset and the fact that their representations

e

Input image

@

EG3D

HeadNeRF

Fig. 11. Novel view synthesis results compared with different methods.

Input image
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27.1
22.6 26.2
224 26.1

Input image HeadNeRF Ours

Fig. 10. Fitting results of HeadNeRF and our method for more
expressions.

still lack 3D consistency, the missing content in the novel
view synthesis results is very serious, which is completely
impossible to be applied in practice. On the other hand, Head-
NeRF and our method are based on the parametric model,
which is equivalent to an explicit 3D geometry, inherently has
multi-view consistency, and the results of novel view synthes-
is are more satisfactory. In addition, thanks to the diversity of
the training dataset in this paper, the shape of the glasses is
also well fitted.

4.5 Driving application

This article establishes a parametric head model with strong
representation ability, which can disentangle various semantic

3 O
)
&
&

Next3D

3

Next3D

Ours
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Reference video

Target image

Fig. 12. Driven results.

attributes and achieve controllability of rendered content.
Therefore, it has various applications in the field of image and
video generation, such as facial expression transfer and novel
view synthesis of single images. In this section, we will
demonstrate driving applications. To achieve this, we need to
use data processing to obtain head poses and facial expres-
sion latent codes from reference videos, combine it with the
identity code of the target subject, use the trained head model
to generate the desired facial image sequences, and then form
the video in the corresponding chronological order to achieve
a complete driving process. Fig. 12 shows the rendering res-
ults of some frames in the video driving. It is worth noting
that the expressions and poses domains in the reference video
do not completely overlap with them of the target subject, but
the driving results are still coherent and natural, indicating
that our model also has good fitting ability for new expres-
sion semantics and head poses.

5 Conclusions

In this paper, we propose a new head model, which takes the
neural radiance field as a 3D implicit representation, and es-
tablishes a parametric model of human head. Combined with
face recognition network AdaFace and bi-linear expression
model FaceWarehouse!', the representation ability of our
head model is further improved. Due to the large amount of
different data participating in the training, the model also has
good generalizability. Thanks to the well-designed network
structure and loss function, this model can quickly render
high fidelity head images on modern GPUs. In addition, it
also supports the modification of rendering viewpoints, and
can independently edit the identity and facial expressions of
the generated images. The experimental results indicate that
our parametric head model is superior to current relevant
methods and is expected to contribute to the development of
digital humans in the near future.
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