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Abstract. Traditional 3D face models are based on mesh representations with
texture. One of the most important models is Flame (Faces Learned with an Ar-
ticulated Model and Expressions), which produces meshes of human faces that
are fully controllable. Unfortunately, such models have problems with capturing
geometric and appearance details. In contrast to mesh representation, the neural
radiance field (NeRF) produces extremely sharp renders. However, implicit meth-
ods are hard to animate and do not generalize well to unseen expressions. It is not
trivial to effectively control NeRF models to obtain face manipulation.
The present paper proposes a novel approach, named NeRFlame, which combines
the strengths of both NeRF and Flame methods. Our method enables NeRF to
have high-quality rendering capabilities while offering complete control over
the visual appearance, similar to Flame. In contrast to traditional NeRF-based
structures that use neural networks for RGB color and volume density modeling,
our approach utilizes the Flame mesh as a distinct density volume. Consequently,
color values exist only in the vicinity of the Flame mesh. Our model’s core
concept involves adjusting the volume density based on its proximity to the mesh.
This Flame framework is seamlessly incorporated into the NeRF architecture for
predicting RGB colors, enabling our model to represent volume density explicitly
and implicitly capture RGB colors.

Keywords: NeRF · Flame · Avatar 3D.

1 Introduction

Methods to automatically create fully controllable human face avatars have many appli-
cations in VR/AR and games [18]. Traditional 3D face models are based on fully control-
lable mesh representations. Flame [25] is a method used for mesh-based avatars [23,42].
Flame integrates a linear shape space trained using 3800 human head scans with artic-
ulated jaw, neck, eyeballs, pose-dependent corrective blend shapes, and extra global
expression blend shapes. In practice, we can easily train Flame on the 3D scan (or 2D
image) of human faces and then manipulate basic behaviors like jaw, neck, and eyeballs.

⋆ equal contribution
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We can also produce colors for mesh by using textures. Unfortunately, such models have
problems with capturing geometric and appearance details.

In contrast to the classical approaches, we can use implicit methods that represent
avatars using neural networks. NeRFs [29] represent a scene using a fully connected
architecture. As input, they take a 5D coordinate (spatial location x = (x, y, z) and
viewing direction d = (θ, Ψ)) and return an emitted color c = (r, g, b) and volume
density σ. NeRF extracts information from unlabelled 2D views to obtain 3D shapes.
NeRF allows for the synthesizing of novel views of complex 3D scenes from a small
subset of 2D images. Based on the relations between those base images and computer
graphics principles, such as ray tracing, this neural network model can render high-
quality images of 3D objects from previously unseen viewpoints. In contrast to the mesh
representation, NeRF captures geometric and appearance details. However, it is not
trivial to effectively control NeRF to obtain face manipulation.

There are many approaches to controlling NeRF, including generative models [21,38],
dynamic scene encoding [22], or conditioning mechanisms [4]. However, our ability to
manipulate NeRF falls short compared to our proficiency in controlling mesh representa-
tions.

Original position Modified positions

Fig. 1. Our model facilitates the manipulation of
facial attributes in the context of human visage.
NeRFlame use Flame as a conditioning factor in
the NeRF-based model. We can produce novel
views in training positions as well as in modified
facial expressions.

This paper proposes NeRFlame, a hy-
brid approach for 3D face rendering that
uses implicit and explicit representations;
see Fig. 1. Our model is based on two
components: NeRF and mesh, with only
points in the mesh surroundings treated
as NeRF inputs. Our method inherits the
best features from the above approaches
by modeling the quality of NeRF render-
ing and controlling the appearance as in
Flame. We combine those two techniques
by showing how to condition the NeRF
model by mesh effectively. Our model’s
fundamental idea is conditioning volume
density by distance to mesh. The volume
density is non-zero only in the ε neigh-
borhood of Flame mesh. Therefore, we
use the NeRF-based architecture to model
volume density and RGB colors only in
the ε neighborhood of the mesh. Such a
solution allows one to obtain renders of
similar quality to NeRF and a level of control mesh similar to Flame (Tab. 1). In con-
trast to Dynamic Neural Radiance Fields, NeRFlame undergoes training using a single
position of the human face rather than relying on sequences from various positions in
movies. Despite this distinction, our model exhibits comparable functionality. We have
the capability to generate a range of facial expressions and novel perspectives for newly
encountered face positions facilitated by the Flame backbone. This enables us to model
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previously unseen facial expressions. Consequently, we conduct a comparison between
our model and the traditional static Neural Radiance Fields.

The contributions of this paper are significant and are outlined as follows:

– We introduce NeRFlame – an innovative NeRF model conditioning be Flame that
combines the best features of both methods, namely the exceptional rendering quality
of NeRF and the precise control over appearance as in Flame.

– We demonstrate the ability to condition model volume density in NeRF by employing
mesh representation, which represents a significant advancement over traditional
NeRF-based approaches that rely on neural networks.

– We train our model on a single position of the human face rather than using entire
movies, thereby highlighting the versatility and practicality of our approach.

Overall, our contributions offer a substantial advancement in the realms of 3D facial
modeling and rendering, providing a foundation for future exploration and research in
this domain.

Fig. 2. Visualization of transformation in NeRFlame. We aim to aggregate colors along the ray
during rendering in the new position (see the red line in the right image). NeRFlame uses Flame
mesh, therefore we can localize the face’s vertex, which is crossed with the ray p1, p2, p3 and the
corresponding triangle in the initial position mesh q1, q2, q3. Thanks to such pairs of points, we
estimate affine transformation T , which is used to find the ray in the initial position (see the red
line in the left image).

2 Related Works

NeRFlame is a model of controllable human face avatars trained on a single 3D face
represented by a few 2D images. Given our model’s training on 2D facial images,
we naturally refer to Static Neural Radiance Fields. However, our ability to adapt
NeRF is noteworthy due to the utilization of Flame as a backbone. Consequently, in
our exploration of related works, we incorporate considerations for Dynamic Neural
Radiance Fields.
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Original views NeRFlame Classical Flame

Fig. 3. Competition between NeRFlame and classical Flame fitting. NeRF-based model better fits
human expression of the face.

Static Neural Radiance Fields 3D objects can be represented by using many different
approaches, including voxel grids [10], octrees [19], multi-view images [3,27], point
clouds [1,34,41], geometry images [35], deformable meshes [17,25], and part-based
structural graphs [24].

The above representations are discreet, which causes some problems in real-life
applications. In contrast to such apprehension, NeRF [29] represents a scene using
a fully-connected architecture. NeRF and many generalizations [7,8,26,31,32,36,39]
synthesize novel views of a static scene using differentiable volumetric rendering.

One of the largest limitations is training time. To solve such problems in [14], authors
propose Plenoxels, a method that uses a sparse voxel grid storing density and spherical
harmonics coefficients at each node. The final color is the composition of tri-linearly
interpolated values of each voxel. In [30], authors use a similar approach, but the space
is divided into an independent multilevel grid. In [9], authors represent a 3D object as an
orthogonal tensor component. A small MLP network, which uses orthogonal projection
on tensors, obtains the final color and density. Some methods use additional information
to NeRF, like depth maps or point clouds [6,12,32,40].

In our paper, we produce a new NeRF-based representation of 3D objects. As input,
we use classical 2D images. However, RGB colors and volume density are conditioned
by distance to Flame mesh.

Dynamic Neural Radiance Fields Current solutions for implicit reprehension of human
face avatars are trained on image sequences. We assume that we have external tools for
segmenting frames in the movie. We often use additional information like each frame’s
camera angle or Flame representation.

In [15], authors implicitly model the facial expressions by conditioning the NeRF
with the global expression code obtained from 3DMM tracking [37]. In [44], authors
leverage the idea of dynamic neural radiance fields to improve the mouth region’s render-
ing, which is not represented by the face model motion prior. The IMAvatar [42] model
learns the subject-specific implicit representation of texture together with expression. In
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[16] authors use neural graphics primitives, where for each of the blend shapes, a multi-
resolution grid is trained. In RigNeRF [5] authors propose a model that changes head
pose and facial expressions using a deformation field that is guided by a 3D morphable
face model (3DMM).

Diverging from the previously mentioned approach, certain researchers adopt an
explicit apprehension strategy. In the case of [2], the authors introduced ClipFace, a
method facilitating text-guided editing of textured 3D face models. In [23], a one-shot
mesh-based model reconstruction is presented, while in [45,11], a model is proposed
that draws upon a blend of 2D and 3D datasets.

Our method is situated between the above approaches. Similarly to the explicit
approach, we use a single 3D object instead of movies to train. We also use Flame
mesh to edit the avatar’s shape end expressions. On the other hand, we use an implicit
representation of the colors of objects.

3 NeRFlame: Flame-based conditioning of NeRF for 3D face
rendering

In this subsection, we introduce NeRFlame - the novel 3D face representation that
combines the benefits of Flame and NeRF models. We first provide the details about the
Flame and NeRF approaches and further describe the concept of NeRFlame and how it
can be used to control face mesh.

3.1 Flame

Flame (Faces Learned with an Articulated Model and Expressions) [25] is a 3D fa-
cial model trained from thousands of accurately aligned 3D scans. The model is fac-
tored in that it separates the representation of identity, pose, and facial expression,
similar to the human body approach. It is represented by low polygon count, articu-
lation, and blend skinning that is computationally efficient, compatible with existing
game and rendering engines, and simple in order to maintain its practicality. The pa-
rameters of the model are trained by optimizing the reconstruction loss, assuming a
detailed temporal registration of our template mesh with three unconnected components,
including the base face and two eyeballs.

Formally, the Flame is a function from human face parametrization FFlame(β, ψ, ϕ)
where β, ψ and ϕ describe shape, expression, and pose parameters to a mesh with n
vertices:

FFlame(β, ψ, ϕ) : Rkβ×kψ×kϕ → Rn×3,

where kβ , kψ, and kϕ are the numbers of shape, expression, and pose parameters. In
the classical version, we can fit our model to 3D scans or 2D images by using facial
landmarks. Many strategies exist to choose landmarks and parameters for its training [25].
However, in the high level of generalization for input I – image 3D scan (or 2D image)
and arbitrarily chosen method for estimation facial landmark points LP we minimize
L2 distance

min
(β,ψ,ϕ)

∥LP(FFlame(β, ψ, ϕ))− LP(I)∥2
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Original viwes New renders obtain by NeRFlame

Fig. 4. Reconstruction of 3D object obtained by NeRFlame. As we can see, NeRFlame model the
detailed appearance of the 3D face.

Such an approach is effective, but there are a few limitations. Localizing landmarks and
choosing which parameters to optimize first is not trivial. On the other hand, for 2D
images, the results are not well-qualified. We can use a pre-trained auto-encoder-based
model DECA [13] for face reconstruction from 2D images to solve such problems.

In this paper, we train the Flame-based model in a NeRF-based scenario. As input,
we take a few 2D images. As an effect, we obtain a correctly fitted Flame model and
NeRF rendering model for new views.

3.2 NeRF

NeRF representation of 3D objects NeRFs [29] are the model for representing complex
3D scenes using neural architectures. In order to do that, NeRFs take a 5D coordinate as
input, which includes the spatial location x = (x, y, z) and viewing direction d = (θ, Ψ)
and returns emitted color c = (r, g, b) and volume density σ.

A classical NeRF uses a set of images for training. In such a scenario, we produce
many rays traversing through the image and a 3D object represented by a neural network.
NeRF parameterized by Θ approximates this 3D object with an MLP network:

FNeRF (x,d;Θ) = (c, σ).

The model is trained to map each input 5D coordinate to its corresponding volume
density and directional emitted color.
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