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Figure 1. Our method, CoDyNeRF, enables the creation of reanimatable Neural 3D portraits from a video captured under challenging
lighting conditions with a smartphone (column (a)). CoDyNeRF uses a novel dynamic canonical appearance model (column (b), discussed in
Sect 3.2) to predict illumination effects during reanimation and novel view synthesis (column (c)). Compared to prior work [3], CoDyNeRF’s
prediction of illumination effects is more accurate and its renders of articulated facial expression and head-pose are of higher quality (column
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Abstract

Recent advances in Neural Radiance Fields (NeRFs) have
made it possible to reconstruct and reanimate dynamic
portrait scenes with control over head-pose, facial ex-
pressions and viewing direction. However, training such
models assumes photometric consistency over the deformed
region e.g. the face must be evenly lit as it deforms with
changing head-pose and facial expression. Such photometric
consistency across frames of a video is hard to maintain,
even in studio environments, thus making the created
reanimatable neural portraits prone to artefacts during
reanimation. In this work, we propose CoDyNeRF;, a system
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DOI 10.1109/3DV62453.2024.00031

that enables the creation of fully controllable 3D portraits
in real-world capture conditions. CoDyNeRF learns to
approximate illumination dependent effects via a dynamic
appearance model in the canonical space that is conditioned
on predicted surface normals and the facial expressions and
head-pose deformations. The surface normals prediction
is guided using 3DMM normals that act as a coarse prior
for the normals of the human head, where direct prediction
of normals is hard due to rigid and non-rigid deformations
induced by head-pose and facial expression changes. Using
only a smartphone-captured short video of a subject for
training, we demonstrate the effectiveness of our method
on free view synthesis of a portrait scene with explicit head

Authorized licensed use limited to: National Institutes of Health. Downloaded on July 11,2024 at 18:20:43 UTC from IEEE Xplore. Restrictions apply.



pose and expression controls, and realistic lighting effects.

1. Introduction

The creation of photo-realistic human portraits with ex-
plicit control of head-pose and facial expressions remains
a topic of active research in the computer graphics and
computer vision communities. Fully controllable Neu-
ral 3D portraits are paramount in AR/VR applications
where an immersive 3D experience is important. Re-
cent advances in neural rendering and novel view synthe-
sis [4, 5, 10, 11, 26, 27, 29, 30, 32, 35, 45, 47, 48] have
demonstrated impressive image-based rendering of complex
scenes and objects. Recently, these methods have also been
extended to model and reanimate the human head as shown
in [3, 13, 49]. These works typically employ a learnable
deformation to map the deforming head to a canonical space,
where the texture and geometry is predicted and rendered.
The canonical space represents a mostly static appearance
of the face, akin to a UV texture map, with an optional de-
pendence on expressions [3, 13] in order to capture texture
changes induced by them. The deformation, geometry, and
texture are learnt via back-propagation using the photometric
error with respect to the ground truth. In order for such a
setup to successfully learn the appearance, deformation, and
geometry, the training data must be photometrically consis-
tent. More specifically, the color of a particular position on
the human head must remain constant once mapped to the
canonical space, regardless of the articulated head-pose and
facial expression. However, in realistic lighting conditions,
this is rarely the case.

In the real world, there is self-shadowing of the face, and
the head casts its shadow on other parts of the scene as it
rotates and facial expressions change. Similarly, spatially
varying skin reflectance induces specularities that change
with viewing angles, head poses, and facial expressions. The
assumption of a static appearance in the canonical space is
no longer true. As a result, deformable NeRFs trained on
such data with a static canonical appearance assumption
suffer from registration error that leads to blurriness in the
renderings and inaccurate reproduction of specularities, shad-
ing and shadows. Further, if these models use a canonical
space dependent on expression parameters, such as [3, 13],
the aforementioned illumination-dependent effects become
entangled with them. This entanglement leads to artefacts
in articulated expression and inaccurate reproduction of the
illumination effects during reanimation.

Accurately reproducing illumination-dependent effects
due to strongly non-ambient lighting requires a modification
of the canonical space. It cannot be static, it must be
dynamic i.e. the canonical space must vary in appearance
as illumination effects change in the deformed space.
More specifically, in a dynamic portrait scene that is
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captured under constant but unknown non-ambient lighting,
the following lighting effects must be reproduced in the
canonical space 1) Specularities, which depend on viewing
directions and surface normals 2) Shading, that is dependent
on head-pose and facial expression deformations as they
determine the relative orientation of the surface normals
to the lighting and 3) Cast shadows, which are dependent
on whether or not a strong light source is occluded w.r.t a
point. Capturing each of these effects, especially the cast
shadows, using a physically based model is untenable in
a deforming NeRF framework due to the exponentially
increasing MLP evaluations that need to be performed.
Our key insight is that, given enough training data, the
implicit and explicit dependencies of the aforementioned
illumination effects on the surface geometry, the head-pose,
and the facial expression deformations can be approximated
by an appropriately conditioned MLP. Based on this, we
present CoDyNeRF, a method that uses a dynamic canonical
appearance space, modelled by an MLP, to enable the
creation of reanimatable and photorealistic neural 3D
portraits using data captured in realistic lighting conditions.
CoDyNeRF predicts illumination dependent effects directly
in the canonical space by conditioning an MLP on the
dynamic surface normals and 3DMM keypoints as well as
expression and pose deformations. This conditioning makes
it easier for the MLP to interpolate illumination dependent
effects for novel facial expressions, head-poses and views
without sacrificing the quality of facial expression and
head-pose articulation.

However, a challenge remains. While 3DMM keypoints,
facial expression and head-pose deformations are given by
the 3DMM, the surface normals are not. Due to the lack
of available ground truth geometry, it is hard to estimate
accurate surface normals for each point in the scene, espe-
cially on the head and face, which are dynamic and undergo
strong deformations with changing facial expression and
head-pose. One possible solution is to use the normals given
by the density field of the NeRF. However, as shown in Fig 4
and observed in prior work [43], these are often noisy and
inaccurate. Instead, CoDyNeRF uses a carefully designed
MLP, that is able to leverage both 3DMM and scene normal
priors, to predict the surface normals. The MLP-predicted
normals capture more detail than 3DMM-based normals
and, due to the 3DMM-prior, transform correctly as the head
undergoes rigid and non-rigid deformations. These normals
are then used to supervise the gradient density normals
of the NeRF in order to ensure accurate reconstruction
of the dynamic head geometry and, consequently, the
accurate reproduction of illumination effects. Once trained,
CoDyNeRF realistically reproduces shadowing, shading and
specular effects during reanimation with explicit control of
head pose, facial expression and camera viewpoint.

In summary, our contributions in this paper are as follows:
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1) Using a dynamic canonical appearance, we are capable of
creating a fully reanimatable 3D neural portrait from data
captured in strong, non-ambient lighting conditions.

2) We propose a method to predict accurate and detailed
surface normals of the deforming human head, in addition to
the static scene, which is critical for the dynamic appearance
learning.

3) We enable a realistic re-animation of lighting and
specularity effects on the human face with changing
head-pose and facial expressions.

2. Related works

CoDyNeRF enables the realistic rendering of illumination
effects for controllable neural portraits captured in challeng-
ing lighting conditions. It is closely related to recent work
on neural rendering, novel view synthesis, 3D face modeling,
and controllable face generation.

Neural Scene Representations and Novel View Synthe-

sis. CoDyNeREF is related to recent work in neural ren-
dering and novel view synthesis [3-5, 10, 11, 13, 23, 26—
33, 35, 36, 40, 43-49]. Neural Radiance Fields (NeRF) use
a Multi-Layer Perceptron (MLP), F', to learn a volumet-
ric representation of a scene. For every 3D point on a ray,
NeRFs predict an associated color and density which is vol-
ume rendered to give the final color. While NeRFs are able
to reproduce specular effects, they do so at the cost of ge-
ometric fidelity of the scene [43]. RefNeRF [43] extends
NeRFs to explicitly handle specularities of static scenes by
improving the learnt surface normals, and consequently the
scene geometry. While NeRFs such as RefNeRF are able
to generate photo-realistic images for novel view synthe-
sis, it is only designed for a static scene and is unable to
represent scene dynamics. Our approach ensures the accu-
rate reproduction of illumination effects when reanimating
neural portraits since, it is specifically designed to model
illumination effects of a dynamic scene.

Dynamic Neural Scene Representations. There has been
an active effort to extend NeRFs to dynamic scenes. Most
works do so by imposing temporal constraints either explic-
itly using scene flow [25, 26, 35, 45] or implicitly by using
a canonical frame [32, 35]. Authors of [33] build upon [32]
and model topologically changing deformations by lifting the
canonical space to high dimensions. The deformation fields
in these approaches are conditioned on learnt latent codes
without specific physical or semantic meaning, and therefore
not controllable in an intuitive manner. Further, such models
only work with limited illumination change across frames,
since learning a common registration becomes significantly
difficult without any photometric consistency.

Controllable Face Generation. Generative Adversarial
Networks(GANs)[12, 16-19, 51] have enabled high-quality
image generation and have inspired a large collection of
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work [2, 6-8, 22, 34, 38, 39, 41, 42] capable of face manipu-
lation. However, it is challenging to enable high-quality view
synthesis and 3D controls of the portraits as most of these
works lack any 3D understanding and are purely image-
based. Works such as [1, 9, 20, 21] fix this by using an
intermediate 3D face representation, via a 3D Morphable
Model, to reanimate face images/videos. While head poses
and facial expressions are modelled with good detail in these
models, thanks to the 3DMM, they are often unable to per-
form novel view synthesis as they focus on face region but
neglect the geometry or appearance of the scene.

In a similar vein, NerFACE[10], uses NeRF to model a
4D face avatar and allows pose/expression control on the
head. However, no view synthesis can be performed on
the scene and the subject is assumed to be uniformly lit
throughout the capture process. Neural Head Avatars [13],
IMAuvatar [49] and RigNeRF [3] improve upon the results of
NerFACE further by using a 3DMM prior more explicitly.
Neural Head Avatars learns a per-vextex pose and expression
conditioned deformation for the FLAME mesh along with
a detailed texture while IMAvatar [49] learns a per-point
FLAME basis, used for registering different head-poses and
facial expressions. RigNeRF uses the 3DMM deformation
as a prior on its deformation field that maps points from the
articulated space to the canonical space. Unlike our method,
all three aforementioned methods require an ambiently lit
face throughout the capture process and are unable to render
expression and head-pose dependent illumination effects.

3. CoDyNeRF

In this section, we describe our method, CoDyNeRF, that
enables the creation of reanimatable 3D portrait scenes from
videos captured in the real-world with non-ambient lighting
conditions. A deformable Neural Radiance Field (NeRF)
[30], with a per-point 3DMM guided deformation field mod-
els facial expression and head-pose. It maps points from
the deformed space to a dynamic canonical space of the
model where the volume density and the appearance is pre-
dicted. The dynamic canonical space is conditioned on the
surface normals, head-pose and facial expression deforma-
tions along with other shading and shadowing based cues
(Sec. 3.2). The surface normals, defined in the scene world
co-ordinates, are dynamic and vary with head pose and fa-
cial expression. CoDyNeRF predicts these normals using an
MLP that is trained with 3DMM normals and scene normals
as a prior (Sec. 3.2.1). An overview of the full architecture
is shown in Fig 2. Once trained, CoDyNeRF is not only
able to control facial expression and head pose of the subject
but is also able to faithfully capture the varying illumination
effects, such as specularities and shadows.
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Figure 2. Overview of CoDyNeRF. CoDyNeRF is a deformable NeRF architecture that consists of three learnable MLPs: a deformation
MLP D and density MLP F' and a dynamic appearance MLP 7. Given an image, we shoot rays through each of its pixels. For every ray, we
deform each point on it according to a 3DMM-guided deformation field similar to prior work [3]. Next, the deformed point is given as input
to the color MLP, F', which predicts the density and neural features that are passed onto the dynamic appearance MLP 7. T then takes as
input normals, the reflection vector about the normal, the pose and expression deformations along with spherical harmonics shading and
head landmark positions to predict dynamic RGB of the point. The final color of the pixel is calculated via volume rendering.

3.1. A 3DMM-guided Deformable Neural Radiance
Field

A neural radiance field (NeRF) is defined as a
continuous function F (Ym (x(t:)),yn(d))  —
(c(x(t;),d),o(x(t;))), that, given the position of a point
in the scene x(t;) = o + t;d that lies on a ray orig-
inating at o with direction d, outputs the color c
(r,g,b) and the density o. F'is usually represented as a
multi-layer perceptron (MLP) and 7,, : R? — R3+6m
is the positional encoding [30] defined as 7,,(x)
(X, ..., sin(2¥x(t;)), cos(2Fx(t;)), ...) where m is the total
number of frequency bands and k € {0, ...,m — 1}. The ex-
pected color of the pixel through which a camera ray passes
is calculated via volume rendering as follows:

C =Y welx(t)
' (1)

where w; = exp(- Y _ 0 (tj41 — t;)) (1 - exp(-05 (i1 - i)
j<i

The parameters of F' are trained to minimize the L2 distance
between the expected color and the ground-truth.

NeRFs can be extended to model dynamic scenes by us-
ing a deformation field to map each 3D point of the scene
to a canonical space, where the volumetric rendering takes
place [3, 32, 33, 35]. The deformation field is also repre-
sented by an MLP D; : x — X.,, where D; is defined as
D(x,w;) = Xcan and w; is a per-frame latent deformation
code. Following prior work [3], we use a 3DMM prior on
the deformation field as follows:

b(x) = 3DMMDef(X7 ﬁi,exp-, ﬁi,pose)
+ D('Ya (X)7 ’Yb(3DMMDCf(X, ﬁi,exp-, Bi,puse))a Wi)
Xean =X + ﬁ(x)

(@)

where, 3DMMDef(X, i exp; Bipose) is the deformation prior
given by the 3DMM, 3, oxp, Bipose are the articulated facial
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expression and head-pose of the frame ¢, and 7y,, 7y} are the
positional encoding functions with frequencies a and b re-
spectively. The deformation prior, can be written as follows:

3DMMDef(X, Bexp s Bpose
3DMMDef(X7 Bi,expy Bi,pose) = m (3)
where, X is the closest point on the mesh to x,
DistToMesh(x) = ||x — X|| is the distance between x and

x and 3DMMDef(X, i cexp, Bipose) is the deformation of the
vertex X as follows:

3DMMDef (X, Bexp; Bpose) = XFLAME(Bexp cuns e can) — XFLAME(Bexp Biesc)

“)
where, XpamE( (Besp.cans g, can) is the position of x in the canon-
ical space and Xpy, AME(Besp pose) is its position with head pose

and facial expression parameters {Bexp, Bpose }-

3.2. An Illumination aware dynamic canonical ap-
pearance model

In the canonical space, CoDyNeRF predicts the density and
a dynamic RGB appearance. The dynamic RGB is condi-
tioned on the surface normals, head-pose, and expression
deformations along with other shading and shadowing cues
such, as the reflection vector and global location of the head.
Below, we describe each aspect of the appearance model.

A spatially conditioned density prediction model. First,
CoDyNeRF predicts the density at any point by conditioning
on its position in the canonical space and its distance to the
mesh:

(%), 7 = F(vYc(Xcan ), DistToMesh(x)) (®)]

where, F' is an MLP, 7 is a feature vector, DistToMesh(x) =
[|x — x|| is the distance of x to the closest mesh vertex x
and 7. is the positional encoding function with c frequencies.
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Additional conditioning on DistToMesh(x) modestly boosts
both the training speed and quality of results by allowing F’
to distinguish between points in the canonical space that have
never been deformed and points that have been deformed to
the canonical space. We provide experiments supporting this
in the supplementary section.

An illumination aware dynamic canonical appearance
model. Next, CoDyNeRF predicts dynamic RGB condi-
tioned on inputs that capture local geometry, surface proper-
ties and viewing direction. Since the captured neural portrait
is a dynamic scene, the outgoing radiance at any point X,
is implicitly dependent on facial expression and head-pose,
{Bexp, pose } (or {fBep}) due surface properties and incoming
radiance being dependent on them. More specifically, at
any point x for a particular articulation of facial expression
and head-pose, f3., the outgoing radiance is given by the
rendering equation as follows:

Ly (%,Wo, Bep) = [, £ (X, Wiy Wo, Bep) (1 - wi) Li (X, Wi, Bep) dwi
(6)
where, p is the articulation dependent BRDF, n is the normal
at x and w;, w, are the incoming and outgoing ray directions
respectively. We approximate this integral in the canonical
space by an MLP, T, as follows:

(R,G,B) = T(7,n,R, Vi1, SDMMDefyp,, SDMMDef o4, ;)

(N
where, 7 are features from the density prediction net-
work from Eq. (5), n is the surface normal, vy, are
the facial landmarks, R 2(dn)n — d is the reflec-
tion vector, 3DMMDef.y, := 3DMMDef(X, Sexp; Spose, can)
is the expression-only deformation given by the 3DMM,
3DMMDef o5 := 3DMMDef (X, Sexp, can, Bpose) is the head-
pose only deformation given by the 3DMM and ¢; is a
per-frame latent vector that is learnt through optimization.
Each input in Eq. (7) contains information that is essential
to the prediction of accurate illumination effects. First, sur-
face reflectance and absorption properties are captured by 7
which is predicted in the canonical space and thus is forced
to only model deformation-independent properties of the sur-
face. The surface normal n is used to model shading effects
and, along with the reflection vector R, specular effects. The
face landmarks, v;,,,x, along with expression and head-pose
deformations,3DMMDef., and 3DMMDef,,os. are used to
model cast shadows, inter-reflections and any other illumina-
tion effects that depend on the global orientation of the head
and deformations due to facial expressions and head-pose.
The latent-code captures any appearance changes due to the
camera.

3.2.1 Prediction of Dynamic Surface Normals

Prediction of shading and specular effects (through reflection
vector R) requires accurate surface normals. Within a NeRF,
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Mesh,(x) e

Grady(X) g

Figure 3. Normals Prediction Architecture. The Normals
prediction network takes as input the mesh normals of a given point
X, its distance to the mesh and the normals given by gradient of the
NeRF’s density field. The details of the architecture are discussed
in Section 3.2.1.

-0

one straightforward way to calculate the normals at any point
x is to define it as the negative of the derivative of the density
field, o (x), w.r.t x i.e Grada(x) = — g%,
shown in Fig 4 and observed in prior work [43], unless these
normals are regularized [43], they are incredibly noisy and
rather unusable. To get around this, we use an MLP, NV, to
predict the normals. We design N in a manner that allows it
to exploit local priors from the 3D head mesh and the scene
to predict the normals at each point of the dynamic neural
portrait. More specifically, the normal at any point is given
as follows:

However, as

n = N (Mesh,(x), Grady (x), DistToMesh(x)) (8)

where, Mesh, (X) is normal vector of the mesh vertex closest
to x, Grad,(x) is the normal calculated by the negative gra-
dient of the density w.r.t the input point and DistToMesh(x)
is the distance of x to the mesh. With these three inputs, N,
is able to rely on the 3DMM mesh normals for points close
to the head, while relying on gradient normals Grad,(x) ev-
erywhere else. In supplementary, be demonstrate the utility
of each input to A/ by ablating each one of them.

We train NV through a combination of weak supervision
on mesh and scene normals, and regularization losses. The
prediction of N is forced to be weakly consistent with the
3DMM on its vertices as follows:

®)

where, v are the vertices of the mesh and Apzespn is the
regularization constant. The normals predicted by N are
also forced to be forward facing by using the following
regularization [43]:

Reshn = AMeshn 2y [N (v) — Meshy (v)]|

Rairn = »_; wi(x;) max (0, N'(x;) - di)2 (10)

where, x; are points along the ray passing through pixel %
with direction d; and w;(x;) is the weight of x; per Eq. ().
In order to ensure the gradient density normals Grady(x)
are themselves accurate, we regularize both the normals pre-
dicted by A and the gradient density normals to be consistent
with each other:

Ra = 22 wi(x)[|V (x;) — Grada(x)]| (In
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Render

Dynamic Surface
Normals

Figure 4. Dynamic Surface Normals. Surface normals directly
influence the specularities and shading of the human head. Here we
visualise the surface normals given by the density field of CoDyN-
eRF. As can be seen, the normals are able to capture the dynamic
foreground with fine detail without sacrificing accuracy. In compar-
ison, the normals of RigNeRF [3] are noisy and fail to capture the
facial geometry accurately.

As observed in [43], this regularization ensures that highly
specular surfaces of the scene are not explained away as
subsurface emmisive lobes. The full loss on A is:

7?ralir,n 7?‘n
——

Ensures normals are ~ Ensures consistency between
forward facing N and Grad, normals

12)

Ly = RMesh,n + +
———

Ensures consistency
of normals on vertices of the head

Sparsity regularization for fast calculation of R ;. , and
Ra. Calculating both R 45, n and Ry, is very computationally
expensive as it requires a second derivative calculation at
each point along the ray (usually ~ 100 points for most
standard NeRF architectures) for each sampled ray in the
batch (typically around 1000 rays). A simple way to reduce
the computational burden is to evaluate the above sum only
on a subset of the points on a ray as follows

Rn =) w;(x;)||N(x}) — Gradn(x})||;
; ()N (x7) )l 13)

where x; € S, 1,

where, S; 1, is the set of top & points, sorted by weight w; (x}),
of the ray passing through pixel 7. However, as the weights
predicted by the NeRF are relatively broadly distributed,
such regularization does not minimize Eq. (13) over the
whole scene consistently. To ensure the predicted weights
are more tightly distributed around the surface, we enforce a
Cauchy regularization to enforce sparsity [15]

Reauchy = Ae 3, log (1 n M) (14)

similar to [15], we only apply this on the coarse MLP. Eq.
(13) and Eq. (14) improve the underlying dynamic scene ge-
ometry and significantly improve the quality of the gradient
density normals.

4. Experimental Results
In this section, we show results of head-pose control, facial

expression control, and novel view synthesis using CoDyN-
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eRF. For each scene, the model is trained on a short portrait
video captured using a consumer smartphone.

Baseline approaches. We compare CoDyNeRF quantita-
tively and qualitatively to the following prior work for human
head animation 1) RigNeRF [3] is a method for reanimating
neural portraits with full control of facial expressions, head
pose and viewing direction. Similar to us, the authors use
a volumetric representation to model the dynamic scene. 2)
Neural Head Avatars [13] creates a neural head model by de-
forming a mesh with pose and expression dependent offsets
along with an MLP dependent texture space. 3) PointAvatar
[50] uses a point cloud and an SDF as the geometric repre-
sentation of the avatar in the canonical space. Additionally,
PointAvatar seperates the appearnace of the avatar into an
albedo and a normals-conditioned RGB shading. RigNeRF
[3] and Neural Head Avatars [13] use an expression and pose
dependent canonical space while PointAvatar uses a normals
conditioned shading network to handle apperance variation
during the capture. Unlike in [3], we do not optimize the ap-
pearance or deformation latent code during testing. Since we
want to evaluate the fidelity of reproduction of illumination
dependent effects for novel head-pose, facial expressions
and views we cannot assume access to testing frames. We
always use the deformation and appearance code of the first
frame during testing.

Training and evaluation Data. The training and validation
data was captured using an iPhone 13 Pro Max for all the
experiments in the paper. In the first half of the capture,
we ask the subject to enact a wide range of expressions and
speech while trying to keep their head still as the camera is
panned around them. In the next half, the camera is fixed at
head-level and the subject is asked to rotate their head as they
enact a wide range of expressions. Camera parameters are
calculated using COLMAP [37]. FLAME [24] parameters
and spherical harmonics coefficients L;,, are obtained via
standard photometric and landmark fitting obtained by [14].
All videos are between 50-80 seconds long; we use the first
~ 1200-1500 frames for training and the remaining 120-150
held out frames, with novel expressions and head-poses, for
validation. Please find full details of each experiment in the
supplementary document.

4.1. Evaluation on Test Data

We evaluate CoDyNeRF, along with three state-of-the-art
baselines, Neural Head Avatars [13], RigNeRF [3], and
PointAvatar [50] on held out testing frames. These frames
contain a variety of facial expressions and head-poses. In
Fig 5, we show a qualitative comparison between CoDyN-
eRF and the baselines. We observe that outdoor-captured
videos, where pose and expression deformations under sun-
light creates large appearance variations, pose a significant
challenge to existing methods[3, 13, 50]. Neural Head
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Point Avatar RigNeRF CoDyNeRF Ground Truth

Neural Head
Avatars

Figure 5. Qualitative comparison by reanimation with novel facial expression, head-pose, and camera view parameters. Here
we reanimate CoDyNeRF, RigNeRF [3] and Neural Head Avatars [13] with novel facial expressions and head-pose extracted from the
ground-truth frame in Row 1. As can be observed in the highlighted red boxes, while RigNeRF [3] is able to generate some shadowing
and specular effects on the face, they are incorrect. Additionally, RigNeRF’s results have significant artefacts around the mouth and face
regions. Similarly, due to the use of an explicit mesh and the entanglement of illumination effects with expressions, Neural Head Avatars
[13] is unable to recover accurate geometries or predict accurate illuminations effects. Since PointAvatar’s design does not take into account
cast shadows and specularities, it struggles to reproduce them accurately as can be seen in columns (1) - (5). In contrast, our approach,
CoDyNEeREF, is able to accurately reproduce cast shadows and specularities without sacrificing the quality of facial expressions and head-pose
articulation.

Subject 1 Subject 2 Subject 3 Subject 4
Models PSNRT LPIPS| FaceMSE| PSNR?T LPIPS| FaceMSE| PSNR?T LPIPS| FaceMSE| PSNR?T LPIPS| FaceMSE |
CoDyNeRF (Ours) 23.46 0.40 1.92e -3 21.24 0.33 2.16e — 3 223 0.53 1.0e — 3 23.56 0.40 1.5e -3
RigNeRF [3] 21.0 0.41 3.64e-3 20.86 0.35 3.60e-3 21.67 0.54 1.7¢-3 22.26 0.45 2.1e-3
NHA [13] - - 0.058 - - 0.0382 - - 0.070 - - 0.068
PointAvatar [50] - - 6.3e-3 - - 8.38e-3 - - 1.05e-2 - - 7.74e-3

Table 1. Quantitative results of Subject 1,2,3 and 4 on test data. Here we calculate PSNR and LPIPS over the full image while FaceMSE is
only restricted to the MSE calculated over the face region. Our results are better than RigNeRF [3], Neural Head Avatars [13] and IMAvatar
[49] across all subjects.

Avatars [13] and RigNeRF [3], entangle illumination depen- space and are not able to faithfully reconstruct the target

dent effects with expression parameters in their canonical appearance, creating artefacts in the overall appearance in-

703

Authorized licensed use limited to: National Institutes of Health. Downloaded on July 11,2024 at 18:20:43 UTC from IEEE Xplore. Restrictions apply.



(b) 3DMM Driven Reanimation with accurate modelling of illumination
effects

(a) Novel View Synthesis
)

A

Figure 6. Applications of CoDyNeRF. CoDyNeRF enables the
creation of Neural 3D Portraits captured in challenging lighting
conditions with the accurate reproduction of illumination effects
during novel expression and pose reanimation. In (a), we demon-
strate that specularities, especially on the forehead and the nose,
change realistically with changing viewing directions. In (b) we
demonstrate the realistic reproduction of shading, shadows and
specularities when the neural portrait is reanimated with a driv-
ing 3DMM (shown as white insets in the top left of each image).
We see from results in the top row of (b) that the shading on the
forehead and the specularities change realistically. Similarly, in
the bottom row of (b) we see the nose being unshaded as the head
rotates and the shadow cast by the ear changes realistically.

Subject 1 Subject 2
PSNR+ LPIPS| FaceMSE| PSNRT LPIPS| FaceMSE |

19.8 0.47 4.03e-3 19.1 0.51 4.26e-3
22.1 0.45 2.64¢-3 20.93 0.33 3.30e-3
23.46 0.40 1.92¢ — 3 21.24 0.37 2.46e — 3

Models

CODYNERF —Becp pose. —normals.—vimi
CoDYNeRF — i
CoDyNeRF (Full Model)

Table 2. Ablation of dynamic appearance conditioning.

cluding in shadows, specularities, and in the mouth and eye
region. Neural Head Avatars [13] is able to generate some
shadows and specularities but they often lack of details and
do not match the ground truth well. Further, due to their
heavy reliance on an explicit face mesh, results from [13]
are unable to accurately capture the head geometry in detail,
resulting in an unnaturally deformed shape. RigNeRF [3],
similar to NHA [13], uses an expression and pose (through
deformation features) conditioned canonical space and is
able to generate some shadows and specularities. However,
they are often inaccurate and visually unnatural. For exam-
ple, the specularity columns 1 and 2 of Fig 5 are incorrect, as
well as the specularity around the eyes of columns 3 and 4.
Similarly, the shadow on the mouth of column 5 is incorrect.
Additionally, RigNeRF [3] results have significant artefacts,
especially around the mouth and the eyes. Artefacts around
the mouth can be seen in columns (1), (2), (3) and (5) and
there are artefacts around the eyes in columns (2), (3) and
(4) of Fig 5 respectively. PointAvatar [50] uses separate
shading and texture networks to disentangle the albedo from
the shading. However, its design does not take into account
cast shadows and specularities, thus it is unable to learn and
predict them”. PointAvatar is unable to reproduce the shad-
ows and specularities on the forehead in columns (1) - (4) of
Fig 5. It is also unable to predict the shadow cast by the nose

“We analyse this further in the supplementary section.
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on the mouth in column (5) of Fig 5. In contrast, CoDyNeRF
can faithfully reproduce the shadows and specularities on
the forehead in columns (1) - (4) and the shadow cast by the
nose on the mouth in column (5) of Fig 5.

In contrast to prior work, CoDyNeRF is able to faithfully
reproduce illumination effects and generate high quality ren-
ders. As can be seen in Fig 5, our method captures dynamic
appearance details, such as shadow patterns and specular-
ities, under varying pose and expression more accurately
without sacrificing the quality of expression and head-pose
articulation. In Table 1, we provide quantitative evaluation of
these four methods. We report image similarity measurement
(PSNR), perceptual quality (LPIPS) and quality of facial ap-
pearance reconstruction (FaceMSE i.e MSE measured over
the face region only) on novel expressions and head-poses.
As we can see, CoDyNeRF outperforms previous approaches
across all subjects.

Ablation of the Dynamic Canonical apperance Model.
In Table 2, we have ablated the conditioning of the canoni-
cal appearance model on 3DMM-based inputs and normals.
First, we measured the performance of model with a static
canonical space. This model does not use any surface nor-
mals or 3DMM-based information as input, and as can be
seen in Table 2, it performs quite poorly. When the sur-
face normals, expression and pose parameters are added,
the results are much better, but the model still lacks global
head-position conditioning via the landmarks i.e v;,,,1, and
thus is unable to reason about self-shadowing of the face.
Our full model (third row), with conditioning from the sur-
face normals, 3DMM expression, pose and the landmarks
performs the best.

5. Conclusion

In conclusion, we present CoDyNeRF, a method that enables
the creation of reanimatable Neural 3D Portraits captured in
challenging lighting conditions. Using a dynamic canonical
appearance representation, CoDyNeRF is able to accurately
reproduce illumination effects with varying facial expression
and head-pose. Additionally, we also propose a dynamic
normals prediction module that utilizes 3DMM priors, along
with a importance sampling based regularizer, to predict
accurate dynamic surface normals. We believe this work
takes us a step closer to creating in-the-wild Neural 3D
portraits that are captured with casual smartphone devices.
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