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Figure 1: SIDER is a novel photometric optimization method that recovers, from a single image, detailed facial geometry without any 3D,
multi-view or multiple image supervision. As shown above, the details recovered by SIDER such as wrinkles, skin folds and skin bumps
are realistic and have high fidelity to the input image (see insets).

Abstract

We present SIDER (Single-Image neural optimization
for facial geometric DEtail Recovery), a novel photometric
optimization method that recovers detailed facial geometry
from a single image in an unsupervised manner. Inspired
by classical techniques of coarse-to-fine optimization and
recent advances in implicit neural representations of 3D
shape, SIDER combines a geometry prior based on statis-
tical models and Signed Distance Functions (SDFs) to re-
cover facial details from single images. First, it estimates
a coarse geometry using a morphable model represented as
an SDF. Next, it reconstructs facial geometry details by op-
timizing a photometric loss with respect to the ground truth
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image. In contrast to prior work, SIDER does not rely on
any dataset priors and does not require additional supervi-
sion from multiple views, lighting changes or ground truth
3D shape. Extensive qualitative and quantitative evalua-
tion demonstrates that our method achieves state-of-the-art
on facial geometric detail recovery, using only a single in-
the-wild image.

1. Introduction

The study of the 3D geometry of the human face is a
problem of great interest in computer graphics and vision
communities. Early approaches to recover the 3D structure
of the human face were based on morphable models [1],
where the face shape, expression and texture are optimized



with respect to a given image. However, due to the low di-
mensionality of the identity and expression subspaces, mor-
phable models are unable to capture facial geometric de-
tails, such as wrinkles and skin-folds. With the advent of
deep learning, it has now become possible to train networks
on large datasets [6, 23, 26], in order to regress the 3D shape
of the face along with its geometric details. Still, the gener-
alization ability of these methods is limited, mainly due to
the lack of diversity of the data they are trained on [8].

Recent advances in implicit neural representations of
3D shape [9, 24, 31] have made it possible to learn rich
details of the 3D geometry of an object. The geometry
can be represented by Signed Distance Functions (SDFs)
[9, 24, 31], Unsigned Distance Functions (USDFs) [3] or
occupancies [17] that are parameterized using Multilayer
Perceptrons (MLPs). The high representational power of
MLPs, along with the use of positional encoding [18], fa-
cilitates the reconstruction of rich geometric details. Ad-
ditionally, if the geometry is represented as an SDF, recent
works [19, 31] have proposed ways that allow the cheap
calculation of derivatives of the geometry through implicit
differentiation, making gradient learning significantly more
tractable. These implicit representations are learnt using
either multi-view supervision [19, 31] or partial 3D data
[9, 24]. However, in the absence of 3D data or multi-view
supervision, like when one has access only to a single face
image, it might not be possible to train such models as they
may collapse into trivial solutions.

In this work, we propose SIDER, a novel photometric
optimization method that recovers facial geometric details
from a single face image. SIDER uses an unsupervised
coarse-to-fine optimization scheme that does not require
any ground truth 3D, multi-view or varying light-source su-
pervision. Since optimization of SDFs using a single im-
age is prone to trivial solutions, SIDER first learns a coarse
approximation of the 3D face geometry using a morphable
model fit to the input image by a standard landmark fitting
pipeline. Next, this SDF is optimized by minimizing the
photometric loss with respect to the given image via implicit
differentiation [19, 31]. After converging, SIDER outputs
an SDF that represents the 3D face shape along with its ge-
ometric details (see Fig 1). We show, both quantitatively
and qualitatively, that SIDER significantly outperforms the
current state-of-the-art in detailed face reconstruction by re-
covering facial geometric details that are realistic and have
high fidelity to the input image.

To summarize, our contributions are as follows:

• We propose SIDER, a method that recovers facial geo-
metric details from a single face image in an unsuper-
vised manner.

• We propose a novel coarse-to-fine optimization
scheme that leverages a classical morphable model

representation as a prior to prevent degenerate solu-
tions of the SDF and is optimized using an unsuper-
vised photometric loss.

• We achieve state-of-the-art performance in facial ge-
ometry reconstruction from single in-the-wild images.

2. Related Work

In this section, we describe recent related works in facial
geometry estimation, facial geometric details recovery and
implicit representations of 3D shapes.

Facial Geometry Estimation. One of the first widely
used methods for 3D shape reconstruction of the human
face was based on statistical 3D face models that can fit a
given image, going back to the original 3D Face Morphable
Model [1] (3DMMs). However, the underlying PCA-based
representation for shape and expression of 3DMMs is not
flexible enough to represent fine facial geometric details
such as wrinkles, skin folds and skin bumps. Recent meth-
ods [2, 5, 7, 11, 12, 14, 26, 27, 28, 29, 33] leverage the
power of deep-learning and large-scale image and video
datasets to regress parameters that generate realistic 3D
reconstructions or learn complex representations for face
shape, expression and texture. These methods produce
more realistic results than traditional 3DMM fitting, but
they still cannot capture fine facial details and need large
datasets to train on. In contrast, we propose a neural coarse-
to-fine optimization scheme to recover facial geometric de-
tails from single images and without supervision.

Geometric Facial Details Estimation. The past few years
have witnessed a significant improvement in the realism of
reconstructed 3D face geometry and the quality of facial
details. In [21], a CNN (CoarseNet) first regresses a rough
geometry of the face, and then another CNN (FineNet) esti-
mates facial details using a coarse depth map and input im-
ages. In [23], the regressed correspondence and depth maps
are registered onto a template mesh, which is further refined
to generate the detailed facial geometry. In [30] facial de-
tails are modelled with bump maps on top of a 3DMM base.
DF2Net [32] uses multiple refinement steps to reconstruct
detailed geometric structure. First, a coarse depth is pre-
dicted, which is then refined by an F-Net. The refined depth
along with the input image is then given as input to a spe-
cially designed Finer-Net that outputs the final recovered fa-
cial details. DECA [6] uses a differentiable renderer to per-
form 3D face reconstruction and recover the detailed face
geometry. The facial geometric details are represented as
a UV-map of vertex displacements of a FLAME mesh[15].
DECA is trained on a large dataset of close to 2 million im-
ages with a subset of them being paired. In contrast to the
aforementioned methods, SIDER does not require an exor-
bitantly large dataset for training and can be used on single



Figure 2:Overview of SIDER: Left: First SIDER learns a coarse geometry, represented as an SDF, by using FLAME mesh [15] �t to
the input image as supervisionRight: Next, it recovers facial geometric details by optimizing the SDF w.r.t. the photometric loss on the
input image.

in-the-wild images.

Implicit Neural Representations. Representing 3D shapes
implicitly with neural networks, more speci�cally using
Multi-Layer Perceptrons (MLPs), has led to the develop-
ment of methods that are able to reconstruct a large variety
of 3D shape with rich details [3, 4, 9, 16, 17, 19, 20, 24,
25, 31]. In [20], authors train an SDF using instance spe-
ci�c meshes. Once trained, a latent space for the instances is
learnt, making it possible to sample a large variety of shapes
represented as SDFs. In [9], the authors propose a regular-
izer, the eikonal constraint, that allows learning SDFs from
sparse 3D samples in the form of a point cloud. The authors
of [31] use the eikonal constraint proposed by [9] to learn
3D shapes of objects using multi-view supervision along
with object masks. They also propose an expression for the
derivative of the intersection point of sphere tracing with
respect to the MLP parameters that matches the real deriva-
tive up to the �rst order. SIDER uses the expression for
the derivative of the intersection point proposed by [31], in
order to back-propagate gradients to its geometry network
and recover the facial geometric details. However, unlike
the aforementioned methods, SIDER leverages a prior es-
timated from statistical models, which constrains the op-
timization and allows recovery of facial geometric details
from single images without any multi-view supervision or
ground truth 3D data.

3. SIDER

Given a single image, SIDER aims to extract from it
facial geometric details, such as wrinkles and skin folds.
SIDER uses a two-stage neural optimization approach to
extract these details. In the �rst stage, we leverage the
FLAME morphable model [15] prior, in order to learn the

coarse geometry of the face, which is represented as an SDF.
Next, we optimize this SDF w.r.t the photometric loss of the
provided image,I , in order to learn the facial geometric de-
tails. In the following, we elaborate the workings and the
training process of SIDER.

3.1. Architecture

As shown in the overview Fig. 2, SIDER consists of two
MLPs: a geometry networkf � and a rendering networkg! .
The geometry MLP,f � (�) represents the face shape (along
with the facial geometric details) as an SDF. More speci�-
cally, for any pointx:

f � (x) = f f SDF
� (� (x)) ; 


 x

f g (1)

wheref SDF
� (x) is the SDF predicted atx, 
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f is a feature
vector predicted atx that is used as input to the rendering
networkg! , and� is the positional encoding.

The rendering network,g! (�), predicts the RGB value of
a pointx as follows:

g! (� (x); nx ; � (v ); 
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wherex are the point's coordinates,nx is the normal at
point x , v is the viewing direction and


 x

f = f � (x) is a
feature vector predicted by the geometry networkf � at x.

3.2. Learning the coarse geometry

Given a face imageI 2 RH � W � 3, SIDER �rst learns a
coarse geometry of the face using a morphable model prior.
FLAME is �t to the face inI using standard landmark �tting
[6, 10]

min
� shape;� exp;� pose;cam
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