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Abstract

We present a novel deep learning-based approach to the
3D reconstruction of clothed humans using weak super-
vision via 2D normal maps. Given a single RGB image
or multiview images, our network is optimized to infer a
person-specific signed distance function (SDF) discretized
on a tetrahedral mesh surrounding the body in a rest pose.
Subsequently, estimated human pose and camera parame-
ters are used to generate a normal map from the SDF. A
key aspect of our approach is the direct use of the March-
ing Tetrahedra algorithm in end-to-end optimization, and
in order to do so we derive analytical gradients to facilitate
straightforward differentiation (and thus backpropagation).
Additionally, predicted normal maps allow us to leverage
pretrained image-to-normal networks in order to minimize
a surface error instead of a photometric error. We demon-
strate the efficacy of our approach on both labeled and in-
the-wild data in the context of existing clothed human re-
construction methods.

1. Introduction
Learning-based approaches for 3D human digitization

have largely focused on the fully-supervised setting, where
deep neural networks (DNNs) are trained to explicitly fit
ground truth 3D geometry [66, 83, 84, 96]. In such ap-
proaches, high-end capture setups (with 4D scanners or a
large number of cameras) are typically used to obtain high-
quality, multiview training data [60, 82]. However, DNNs
trained on scan data (typically captured in controlled envi-
ronments) have not generalized well to in-the-wild scenar-
ios with diverse people and lower-quality images. As a con-
sequence, significant efforts have been made to reconstruct
3D geometry without relying on any 3D training data. Re-
cently, Neural Radiance Fields (NeRFs) [47] and 3D Gaus-
sian Splatting [32] approaches using dense multiview im-
ages have demonstrated impressive results in terms of re-
construction accuracy and novel-view synthesis [79,80,93].
However, these methods require on the order of hundreds
of input images, which is largely inapplicable to in-the-

Figure 1. Given in-the-wild image(s) or video, our method is able
to reconstruct clothed humans using inferred normal maps as the
supervisory signal. Sample frames from the input video are shown
to the left, and the predicted triangle mesh is shown to the right
(the front-facing mesh is shaded with its normal map).

wild scenarios where cost and compute budget are limited.
Therefore, 3D human reconstruction from a few input RGB
images is crucial to the democratization of digital humans
required for many applications in AR/VR, robotics, etc.

In this paper, we investigate the problem of reconstruct-
ing 3D geometry of humans from a sparse set of input im-
ages (down to a single image). Instead of relying on (1)
limited 3D human datasets or (2) dense multiview images,
we propose using inferred 2D normal maps to guide net-
work parameter optimization using one or more RGB im-
ages. By formulating our primary loss function with respect
to image-based normals, we aim to better represent funda-
mental correlations between 2D images and 3D geometry in
order to facilitate subsequent democratization to consumer-
grade devices.

Given a sparse set of RGB images, we estimate the
clothed body with a graph-based network that infers signed
distance function (SDF) values for each vertex of a skinned
tetrahedral mesh surrounding the body (see e.g. [36, 37, 54,
81]). Our network architecture builds on TetraTSDF [54],
and we add a second explicit representation of the surface
via a triangle mesh. We thus have access to two explicit ver-
sions of the neural SDF, and energies can be conveniently
formulated for either the volume or the surface or both. In
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addition, the explicit surface can be efficiently rendered via
image rasterization to obtain normal maps. See Figure 1.

Importantly, our proposed approach directly uses the
Marching Tetrahedra algorithm [74] in end-to-end opti-
mization. We demonstrate that the Marching Tetrahedra al-
gorithm is straightforward to differentiate, and we derive
analytical gradients to backpropagate through both March-
ing Tetrahedra and image rasterization. Our approach alle-
viates issues in the recently presented HAVE-FUN [87] and
TeCH [24] papers, which use DMTet [69] as their tetrahe-
dral representation. Section 2.2 and [46] explain the ap-
proximate/incorrect gradients that arise from such neural
network meshing approaches [62, 69]. We also avoid con-
cerns associated with the ray tracing of an implicit surface
(see e.g. [9, 52, 76, 88]) by computing an explicit triangle
mesh.

To summarize, our contributions:

1. A novel and efficient framework that can be used to re-
construct 3D geometry from a sparse set of multiview
RGB data obtained with consumer-grade cameras.

2. Exact gradients to differentiate through Marching
Tetrahedra via a Lagrangian formulation, which en-
ables differentiable mesh generation and thus end-to-
end optimization with both volumetric and surface-
based energies.

3. Differentiable image rasterizer that: (a) allows us to
use normal maps for optimization and (b) can effi-
ciently compute normal maps from triangle meshes
with over 300k triangles during network optimization.

4. Regularization energies that coerce inferred implicit
surfaces to: (a) resemble true SDFs and (b) be locally
smooth.

5. Silhouette energies enforcing 3D boundary matching.

2. Related Work
2.1. Human Shape Estimation

Various works use parametric body models such as
SMPL [43] to estimate human body pose and shape without
clothing [18, 34, 42, 50]. While existing methods are able
to generalize to in-the-wild images, the inferred body mesh
is often quite different from the underlying body shape and
does not capture clothing.

In order to reconstruct humans wearing clothing from
a single image [73], template-based approaches either rely
on parametric models [10, 30, 35, 92, 98] or use person-
specific meshes [21, 89]. For instance, GTA [92] projects
SMPL onto a learned 3D triplane representation, and [98]
constructs local implicit fields centered around locations on

the SMPL-X model [58]. Limitations of template-based ap-
proaches to clothed human reconstruction include the out-
put being constrained by the topology of the template as
well as a reliance on accurate pose estimation. Template-
free methods typically leverage 2D signals or 3D geometric
representations to recover geometry. In [17], reconstruction
is achieved by generating front and back depth images that
are later combined into a 3D surface. [22] builds on this
idea and proposes a coarse-to-fine reconstruction method
leveraging both predicted depth and normal images. In-
spired by shape-from-silhouette techniques, SiCloPe [51]
recovers geometry by predicting silhouette images and 3D
joint positions. [75, 97] predict volumetric occupancy on a
uniform voxel grid directly, while [15] proposed learning a
Fourier subspace of 3D occupancy; in both cases, Marching
Cubes can be used to generate a triangle mesh. PIFu [65]
and PIFuHD [66] infer 3D shape with neural implicit func-
tions sampled onto a grid. Follow-up work [7, 84] lever-
ages predicted normal maps to improve depth inference.
PAMIR [96] extends PIFuHD to increase generalizability
by regularizing the implicit function using semantic features
from a parametric model. ICON [84] and ECON [83] lever-
age inferred front and back normal maps as an intermediate
encoding of 3D geometry, but these methods still rely on
ground truth 3D scan data during training.

Instead of a single input image, other works aim to
construct animatable avatars from a sparse set of cameras
[23, 67, 93, 99], video [12, 16, 20, 27–29, 56, 71, 79, 90],
depth [13,77,85,95], point clouds [33,45], 4D capture [25],
or scans [39, 41, 68]. Most similar to our work, SelfRe-
con [27] uses normal maps inferred from PIFuHD [66] to
supervise network training, and SeSDF [5] can either take a
single image or uncalibrated multiview images.

Moving towards improved generalization, weakly super-
vised methods have also been explored for human pose esti-
mation [31,53,59,86], human body shape [49,91], and gar-
ment template reconstruction (on the SMPL body) [11, 49].
A number of methods also optimize network parameters to
obtain person-specific 3D avatars [24, 26, 79, 80, 87, 93].

2.2. Differentiable Marching Cubes / Tetrahedra

A number of recent works have proposed methods for
backpropagating through Marching Cubes [44] / Marching
Tetrahedra [74] by either leveraging properties of a point-to-
SDF network [62,69] (e.g. as in DeepSDF [57]) or by train-
ing a DNN for mesh generation [40]. MeshSDF [62] builds
on DeepSDF [57], where a network fη is trained to infer an
SDF value at a location x conditioned on a latent shape code
η. In the forward step, fη(x) is computed for every vertex
of a fixed voxel grid so that Marching Cubes can be used to
generate a triangle mesh. The authors postulate that a small
increase in the SDF values would move a triangle vertex in
the normal direction, which is only true idealistically when
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Figure 2. Given an RGB image, our network infers SDF values on a tetrahedral mesh parameterizing a volume surrounding/containing the
body. Marching Tetrahedra is used to compute a triangle mesh from this implicit surface, and the resulting mesh is skinned to an estimated
pose. A normal map (corresponding to estimated human pose and camera parameters) is generated for the predicted clothed body mesh
and compared with ground truth. In order to enable end-to-end optimization, we derive analytical gradients to backpropagate from each
pixel in the predicted normal map to the inferred SDF values.

there are no shocks/rarefactions in the SDF isocontours (see
e.g. [55]); moreover, Marching Cubes does not move ver-
tices in such a manner, even when it produces a consistent
set of vertices under perturbation. Their assumptions also
necessitate fη being a true SDF, even though it is only an
approximation. DMTet [69] presents a similar formulation
using Marching Tetrahedra. See [46] for more discussion
on the problematic assumptions in MeshSDF [62].

Additionally, while our explicit representation of an SDF
is similar in spirit to the method used in [46], our method
does not require the construction of a velocity in order to
capture surface energies with an evolving level set function;
thus, we can control mesh based properties (e.g. area and
dihedral angles) that would be lost when converting to a
velocity field. On the other hand, [46] could be used to
alleviate locking concerns in cases where discretizations on
the triangle mesh and the tetrahedral mesh do not interact as
expected due to differences in the degrees of freedom.

3. Method Overview

We present an optimization-based approach to sparse-
view clothed human reconstruction that uses 2D normal
maps predicted from the input color images as supervision.
Figure 2 shows an overview of our approach. Given in-
put RGB image(s), our network infers SDF values ϕ̂k on a
(fixed) set of tetrahedral mesh vertices uk unskinned in the
star pose. The network architecture is composed of a CNN-
based stacked hourglass encoder, followed by graph con-

volutional layers that progressively increase the resolution
of the sampled SDF. Due to the large number of tetrahe-
dral mesh vertices, the graph convolutional layers are only
partially connected in order to significantly reduce memory
usage, as in TetraTSDF [54]. In order to ensure a nonzero
number of triangle mesh faces are generated by Marching
Tetrahedra (otherwise the predicted normal map is empty),
we initialize the network parameters to output a template
SMPL body shape [43].

Then, given the network-inferred SDF values ϕ̂k, March-
ing Tetrahedra is used to uniquely generate a triangle mesh
with vertices vi(ϕ̂k). Given estimated human pose θ̂ and
camera parameters ĉ (e.g. using preprocessing code from
PaMIR [96]), a normal map N(vi(ϕ̂k), θ̂, ĉ) can be gen-
erated for the skinned clothed human reconstruction. The
objective function to be minimized is

L(ϕ̂k, θ̂, ĉ) =
∥∥∥N(vi(ϕ̂k), θ̂, ĉ)−N0

∥∥∥ (1)

where N0 is a reference normal map inferred by the pre-
trained pix2pix network [78] from PIFuHD [66].

Section 4 defines the skinned tetrahedral mesh frame-
work we use to parameterize 3D clothed human geometry.
Section 5 details our implementation of Marching Tetrahe-
dra with respect to this framework, and in particular the
analytical gradients we derive for correctly backpropagat-
ing through the algorithm. Section 6 summarizes our image
rasterization method, and Sections 7 and 8 define additional
loss functions used during optimization.
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4. Tetrahedral Mesh Framework
The 3D space surrounding and including the human

body is parameterized via a tetrahedral mesh. First, a
Cartesian grid based level set representation is generated
for the SMPL template body [43] in the star pose (similar
to [54, 81]). Then, a constant value is subtracted from the
SDF values in order to inflate the zero level set so that its
interior can contain a wide range of clothed body shapes.
Subsequently, a tetrahedral mesh is generated for this inte-
rior region using red/green refinement [48, 72]. See Figure
3.

Figure 3. The tetrahedral mesh parameterizes a volume of air sur-
rounding and including the body.

4.1. Skinning

The tetrahedral mesh can be deformed via linear blend
skinning (LBS) using per-tetrahedron-vertex, per-joint skin-
ning weights wkj . The skinning weights are assigned in the
star pose by first finding the point on the SMPL template
body mesh closest to each tetrahedral mesh vertex, and then
barycentrically interpolating skinning weights to that point
from the vertices of the SMPL template body mesh triangle
that contains it.

Given pose parameters θ with joint transformations
Tj(θ), the skinned position of each tetrahedral mesh vertex
is

uk(θ) =
∑
j

wkjTj(θ)u
j
k (2)

where uj
k is the location of uk in the untransformed refer-

ence space of joint j.

5. Marching Tetrahedra
Given SDF values ϕk defined on tetrahedral mesh ver-

tices uk, Marching Tetrahedra can be implemented to com-
pute a unique (non-ambiguous) triangle mesh with vertices
vi, making differentiation more straightforward as com-
pared to the many cases (and non-uniqueness) that need to
be considered for Marching Cubes. In order to avoid trian-
gle vertices vi coincident with a tetrahedron vertex uk, all
the ϕk values are preprocessed (infinitesimally) changing
those with |ϕk| < ϵ to ϕk = ϵ sign(ϕk), e.g. with ϵ = 10−8.

For each tetrahedron mesh edge ei = {uk1
, uk2

} that in-
cludes a sign change, i.e. sign(ϕk1

) ̸= sign(ϕk2
), a triangle

vertex

vi =
−ϕk2

ϕk1 − ϕk2

uk1 +
ϕk1

ϕk1 − ϕk2

uk2 (3)

is defined using linear interpolation. Afterwards, triangles
are constructed in a tetrahedron-by-tetrahedron manner by
considering the two cases that can occur: either three edges
of the tetrahedron contain triangle vertices and one triangle
is constructed, or four edges contain triangle vertices and
a quadrilateral is constructed and split into two triangles.
Note that this typically arbitrary splitting of the quadrilat-
eral can be made consistent for the sake of differentiation.
Since the tetrahedral mesh does not change topology, the
edges can be numbered in a fixed manner; then, one can
consistently split a quadrilateral by connecting the triangle
vertex on the lowest numbered edge to the triangle vertex
on the highest numbered edge (or via a similar alternative
strategy). The resulting triangle mesh is guaranteed to be
watertight, and the vertices in each triangle are reordered
(when necessary) to ensure that all face normals point out-
wards. A discussion about alternative implicit surface ren-
dering approaches (e.g. [2, 9, 52, 76, 88]) is in the supple-
mentary material.

5.1. Computing Gradients

According to Equation 3,

∂vi
∂(ϕk1 , ϕk2)

=

[
ϕk2

(uk1
− uk2

)

(ϕk1 − ϕk2)
2

ϕk1
(uk2

− uk1
)

(ϕk1 − ϕk2)
2

]
(4)

where dividing by (ϕk1 − ϕk2)
2 can be problematic. The

preprocess at the beginning of Section 5 guarantees that
|ϕk1

− ϕk2
| ≥ 2ϵ, which means that the worst possible sce-

nario for Equation 3 (when |ϕk1
| = |ϕk2

| = ϵ) still results
in O(1) coefficients for uk1

and uk2
; however, the ϕ-based

coefficients in Equation 4 would be O(1/ϵ). Thus, while
ϵ = 10−8 is sufficient for Equation 3, a larger value of ϵ
might be prudent when considering Equation 4.

6. Image Rasterization
Given a skinned triangulated surface and parameters for

a perspective camera model, a camera space normal map
is computed using a right-handed coordinate system. We
assume that the geometry is centered in the image, since
images are cropped and rescaled during preprocessing. Nor-
mal maps made using different assumptions, or decoded and
stored as RGB values, are readily transformed back into unit
normals (in camera space) in order to match our assump-
tions. The supplementary material contains more details on
how normal maps are computed and differentiated.

7. SDF Regularization
Two regularization terms are utilized during neural net-

work training in order to encourage: (1) the inferred ϕ̂ val-

14



ues to resemble a true SDF and (2) smoothness (similar
to [38, 64]). Notably, the smoothness regularizer behaves
significantly better when ϕ̂ is closer to a true SDF.

7.1. Eikonal Regularization

Given a tetrahedron t with vertices uk = (xk, yk, zk) and
inferred ϕ̂k values, ϕ̂ can be linearly approximated within
the tetrahedron by writing

ϕ̂k = axk + byk + czk + d (5)

for each of the four vertices; then, the resulting 4× 4 linear
system of equations can be solved to obtain the unknown
coefficients (a, b, c, d) leading to

|∇ϕ̂t| =
√
a2 + b2 + c2 (6)

as the norm of the gradient. Summing over tetrahedra leads
to

E1a =
1

2

∑
t

(|∇ϕ̂t| − 1)2 (7)

as the energy to be minimized. The problem with Equation
7 (and similar approaches, such as [4, 19]) is that the chain
rule moves the square root in Equation 6 to the denomi-
nator, potentially leading to NaNs/overflow; notably, even
an exact SDF has |∇ϕ| = 0 at both extrema and pinch-
ing/merging saddles, and an inferred ϕ̂ can have |∇ϕ̂| = 0
elsewhere as well. This can be avoided by instead using

E1b =
1

2

∑
t

(|∇ϕ̂t|2 − 1)2 (8)

which still enforces |∇ϕ̂t| = 1; alternatively,

E1c =
1

2

∑
t

Volume(t)(|∇ϕ̂t|2 − 1)2 (9)

scales the penalty on each tetrahedron by its volume.

7.2. Motion by Mean Curvature

In order to encourage smoothness, we define an energy
that when minimized results in motion by mean curvature.
Following [8, 94], the surface area can be calculated via∫

Ω

|∇H(ϕ(x, y, z))|dV (10)

where H is a Heaviside function and V is the volume; thus,
on our tetrahedral mesh, we minimize

E2 =
∑
t

|∇H(ϕ̂)|Volume(t) (11)

using a smeared-out Heaviside Function

H(ϕ̂) =


0 ϕ̂ < −ϵH
1
2 + ϕ̂

2ϵH
+ 1

2π sin
(

πϕ̂
ϵH

)
−ϵH ≤ ϕ̂ ≤ ϵH

1 ϕ̂ > ϵH
(12)

where ϵH , chosen as 1.5 times the average tetrahedral mesh
edge length, determines the bandwidth of numerical smear-
ing (see [70]). |∇H(ϕ̂)| is discretized by linearly approx-
imating H(ϕ̂) in each tetrahedron along the lines of Equa-
tion 5 in order to obtain coefficients (a, b, c, d) for use in
the equivalent of Equation 6. In order to avoid division by
small numbers, we ignore tetrahedra with |∇H(ϕ̂)| < 10−8

in Equation 11 reasoning that |∇H(ϕ̂)| is small enough and
thus ϕ̂ is smooth enough in such tetrahedra.

8. Silhouette Losses
Instead of striving to make the inverse rendering differ-

entiable at silhouette boundaries (as in e.g. [2]), we intro-
duce energies that force the silhouettes to match.

8.1. Shrinking

For pixels that overlap the inferred surface but not the
ground truth surface, the interior of the inferred surface
needs to shrink so that the corresponding triangles disap-
pear. For each tetrahedron mesh edge containing a vertex of
a problematic triangle, the edge’s parent tetrahedral mesh
vertices are added to the set Ushrink if they have negative
SDF values; then,

Lshrink =
1

2

∑
k∈Ushrink

(ϕ̂k − ϵs)
2 (13)

encourages those negative ϕ̂k values to target a positive
ϵs = 5× 10−3, which is chosen as half the average tetrahe-
dral mesh edge length.

8.2. Expanding

For pixels that overlap the ground truth surface but not
the inferred surface, the interior of the inferred surface
needs to expand. In order to determine where this expansion
should occur, the implicit surface is temporarily inflated by
changing the sign of the SDF at every tetrahedral mesh ver-
tex with both ϕ̂ > 0 and a one-ring neighbor with ϕ̂ < 0
(e.g. by setting ϕ̂temp = −ϵs at those vertices). Next, the
pixels that previously overlapped the ground truth surface
but not the inferred surface and now overlap both the ground
truth surface and the new inflated surface are identified. For
each tetrahedron mesh edge containing a vertex of a triangle
corresponding to one of these pixels, the edge’s parent tetra-
hedral mesh vertices are added to the set Uexpand if they had
positive SDF values before inflation. At this point, all of
the temporary ϕ̂temp values are discarded and the original
ϕ̂ values are restored. Then,

Lexpand =
1

2

∑
k∈Uexpand

(ϕ̂k + ϵs)
2 (14)

encourages the positive ϕ̂k values to target −ϵs.
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9. Experiments
We first define the metrics and datasets used to evaluate

3D reconstruction in Sections 9.1 and 9.2, respectively. In
Section 9.3, we compare our results to available implemen-
tations of existing methods for single view and multiview
reconstruction on both labeled and in-the-wild datasets. In
Section 9.4, we extend our proposed approach to real-world
RGB data (with uncalibrated cameras and no ground truth
information) in order to demonstrate the ability to recon-
struct 3D geometry using only network-inferred normal
maps. Finally, in Section 9.5, ablation studies demonstrate
that our network can be trained to reconstruct 3D geome-
try with increasing efficacy as the number of sparse views
increases.

9.1. Metrics

For data with 3D labels, we use the same 3D metrics as
in prior work [20] for evaluation: volumetric IoU, Chamfer
distance (cm), and normal consistency. For all three met-
rics, we use the publicly available Pytorch3D implementa-
tions [61]. For data without 3D labels, we define a normal
map error as

enormal =
1

W ×H

∑
p

(
1

2
(1− n̂p · np)

)2

(15)

where the ground truth and predicted normals at pixel p are
np and n̂p, respectively, and n̂p · np ∈ [−1, 1] is replaced
with −1 for pixels where the predicted and ground truth
silhouettes do not overlap. Note that normal maps do not
uniquely determine scale/depth; thus, the reconstructed ob-
jects could erroneously move closer/further from the cam-
era becoming smaller/larger in scale (while also undergoing
distortion, since this scale variance is not self-similar). In
order to monitor this, we define a depth map error as

edepth =
1

W ×H

∑
p

(
d̂p − dp

)2

(16)

where (d̂p − dp) is replaced with the thickness of the tetra-
hedral mesh (0.2 meters) for pixels where the predicted and
ground truth silhouettes do not overlap.

9.2. Datasets

SynWild: The SynWild dataset [20] was generated by
placing captured 4D scans of dynamic human subjects into
realistic 3D scenes/HDRI panoramas. Because the scene
is rendered from virtual cameras, accurate 3D ground truth
is available in a realistic setting. The dataset contains five
videos.
People Snapshot: The People Snapshot Dataset [1] con-
tains 24 in-the-wild video sequences of 11 subjects. Each
video was captured with a fixed camera, and the subjects
were asked to rotate while holding an A-pose.

Method IoU ↑ CD (cm) ↓ NC ↑

ICON [84] 0.764 2.91 0.766
SelfRecon [27] 0.805 2.50 0.776

Vid2Avatar [20] 0.813 2.35 0.796
Our Method 0.923 1.53 0.889

Table 1. Quantitative evaluation on SynWild. 3D metrics aver-
aged over all SynWild examples. For each method, we compute
IoU, Chamfer Distance (CD), and normals consistency.

Method Normals error ↓ SD

ECON [83] 0.1918 0.376
PIFuHD [66] 0.1680 0.358

VideoAvatar [1] 0.1342 0.325
Vid2Avatar [20] 0.0345 0.179
SelfRecon [27] 0.0213 0.137

Our Method 0.0207 0.111

Table 2. Quantitative evaluation on People Snapshot. Normal
map errors (computed over predicted foreground pixels) and stan-
dard deviations (SD) averaged over four test views for each exam-
ple shown in Figure 4.

9.3. Comparisons

We quantitatively compare our reconstruction method
to existing single-view and multiview reconstruction ap-
proaches using the two aforementioned datasets: SynWild
[20] (3D labels) and People Snapshot [1] (no 3D labels).

Table 1 compares our method to existing work on the
SynWild dataset, using the same 3D metrics reported in
Vid2Avatar [20]. As usual, our method uses PIFuHD
inferred normal maps [66] as training supervision. Our
method achieves state-of-the-art performance on all three
metrics.

Table 2 compares our method to official implementations
of existing approaches using the People Snapshot dataset,
and we compute the normal map error metric defined in
Section 9.1. Our method outperforms all existing methods,
despite only using four frames per video (front, back, and
two side views), whereas Vid2Avatar [20], SelfRecon [27],
VideoAvatar [1] were trained on all video frames. For the
single view approaches [66,83], we took the mesh predicted
using the front or back-facing frame (whichever is closer
to the test view) and scaled/rigidly aligned it using ICP to
fit the corresponding SelfRecon mesh. Note that for Peo-
ple Snapshot, we consider “ground truth” as the PIFuHD
inferred normal map because there are no 3D labels. Fig-
ure 4 shows the corresponding qualitative results using Peo-
pleSnapshot. Vid2Avatar and SelfRecon produce signif-
icantly less detail compared to our approach (particularly
around the face and wrinkles in the clothing).

Notably, the runtime of our approach on a single
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Figure 4. Predicted 3D geometry using our method (c) for videos from the PeopleSnapshot dataset (one frame is shown in (a)). The results
from Vid2Avatar [20] are shown in (d), and the results from SelfRecon [27] are shown in (e). Note that the geometry is shown from novel
views.

NVIDIA 3090 GPU is at least 50× faster than SelfRecon,
which takes over a day of training (per video) to achieve
their published results (our network is optimized for about
20 minutes).

9.4. In-the-wild Reconstruction from RGB Images

We further illustrate that our approach can be used to
reconstruct 3D geometry from a sparse set of uncalibrated
RGB images, without requiring any pretraining on scanned
data (or any other informed initialization of the network pa-
rameters). As usual, we utilize PIFuHD [66] to infer ground
truth normal maps and note that pix2pix was trained on 3D
ground truth geometry.

First, we captured monocular video footage of a person
in a static pose; then, a sparse number of frames were ex-
tracted and preprocessed by removing the background us-
ing [6] and cropping to a square image. See Figure 5, row
1. The resulting images were then passed into pix2pix to ob-
tain “ground truth” normal maps. Since estimated camera
parameters will be prone to error, we refine a rough initial-
ization iteratively. At each iteration, we optimize the net-
work and use Marching Tetrahedra to create a mesh infer-
enced off of the image for (and overfit to) each view; then,
we use ICP [3] to rigidly align all the meshes. Although one
could delete all the triangles and remesh the point cloud, we
obtained better results by updating each camera to match
the ICP rigid transform of its corresponding mesh. The up-

dated camera positions are then used to iteratively repeat
the entire process. Once the camera parameters converge,
the network can be optimized with an additional loss that
encourages 3D consistency. For a given camera view c0,
this loss is defined as

L(ϕ̂k) =
∑
c̸=c0

∥∥∥ϕ̂k − ϕ̂k(c)
∥∥∥ (17)

where ϕ̂k(c) refers to the inferred SDF values obtained from
using view c’s image.

The network obtained from the aforementioned process
(to improve camera extrinsics) will tend to be less detailed
on the back side of the mesh, since only the front side can be
seen in any given input image; thus, after improving camera
extrinsics, we proceed as follows. Each view is fine-tuned
with a regularizer that aims to keep ϕ close to that which
was obtained using Equation 17; then, we delete any visible
triangles that are not consistent with the normal map (within
some tolerance). Since these are (actual) triangle meshes,
it is trivial to load them into a suitable computer graphics
application and align/resize the meshes in order to combine
them into a single unified mesh. See Figure 5, row 2.

9.5. Ablation Study

Given ground truth 3D data from [63], we show how our
network reconstructs 3D geometry with increasing efficacy
as the number of sparse views increases. Figure 6 shows
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Figure 5. RGB images, inferred normal maps, and the final trian-
gle mesh shown from training (odd) and novel (even) views.

# Views Normals Error ↓ Depth Error (m) ↓

1 0.0317 0.0012
3 0.0299 0.0011
5 0.0060 0.0002

Table 3. Quantitative metrics for three unseen test views spaced
between the training views.

1 View 3 Views 5 Views

Figure 6. Models trained on an increasing number of camera views
(inference from a novel view is shown). Each set of images show:
(left) predicted triangle mesh and its normal map, (middle) normal
errors (blue is zero, red is max), and (right) depth errors. See also
Figure 7.

the inferred 3D geometry from a novel view, and Table 3
shows how per-pixel normal and depth errors decrease as
the number of training views increases. When the network
is trained on only one view, there are no constraints on the
side/back of the person; hence, the predicted geometry has
a high degree of noise when rendered from novel views.
When trained with 5 views, the ground truth geometry is
recovered with high accuracy.

10. Conclusion
Although image-based reconstruction can be solved as

an inverse problem, regularization is required in order to
address issues with noise. Parameterized models (such as
SMPL [43] or 3DMM [14]) provide for such regularization.

Figure 7. Using the 5-view network from Figure 6, we illustrate
inference for four more novel views.

We choose a neural network to parameterize our reconstruc-
tion where regularization is provided by having a limited
number of network parameters. Our network aims to con-
vert images from any view direction into a unique implicit
surface, regardless of the view direction (similar in spirit to
how the human brain process visual input); in fact, our eyes
discern relative distance (similar to normal maps) more pro-
ficiently than they discern raw distance.

In summary, we present a weakly-supervised method
for clothed human reconstruction by leveraging 2D normal
maps as the supervisory signal during neural network train-
ing. In order to train a learned model that can infer high-
frequency cloth and body geometry without any ground
truth 3D data, our proposed approach builds on strong ge-
ometric priors for modeling and rendering. Our results re-
inforce the notion that less training data is required to train
networks that infer normal maps than to train networks that
infer 3D geometry (in agreement with ECON [83]). This
means that working to improve the efficacy of network-
inferred normal maps (and using the results for 3D recon-
struction, as in Section 9.4) is likely to be more productive
than working to obtain (via expensive 3D scanning) the ex-
cessive amount of ground truth data required to train a net-
work to inference 3D geometry directly. Moreover, the pro-
cess outlined in Section 9.4 provides an alternative mecha-
nism (significantly cheaper than 3D scanning) for acquiring
the ground truth data required to train a network to inference
3D geometry directly.
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[76] Delio Vicini, Sébastien Speierer, and Wenzel Jakob. Differ-
entiable signed distance function rendering. ACM Transac-
tions on Graphics (TOG), 41(4):1–18, 2022. 2, 4

[77] Shaofei Wang, Marko Mihajlovic, Qianli Ma, Andreas
Geiger, and Siyu Tang. Metaavatar: Learning animatable
clothed human models from few depth images. Advances
in Neural Information Processing Systems, 34:2810–2822,
2021. 2

[78] Ting-Chun Wang, Ming-Yu Liu, Jun-Yan Zhu, Andrew Tao,
Jan Kautz, and Bryan Catanzaro. High-resolution image syn-
thesis and semantic manipulation with conditional gans. In
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), June 2018. 3

[79] Chung-Yi Weng, Brian Curless, Pratul P Srinivasan,
Jonathan T Barron, and Ira Kemelmacher-Shlizerman. Hu-
mannerf: Free-viewpoint rendering of moving people from
monocular video. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern Recognition, pages
16210–16220, 2022. 1, 2

[80] Chung-Yi Weng, Pratul P Srinivasan, Brian Curless, and
Ira Kemelmacher-Shlizerman. Personnerf: Personalized re-
construction from photo collections. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 524–533, 2023. 1, 2

[81] Jane Wu, Zhenglin Geng, Hui Zhou, and Ronald Fedkiw.
Skinning a parameterization of three-dimensional space for
neural network cloth. arXiv preprint arXiv:2006.04874,
2020. 1, 4

[82] Donglai Xiang, Fabian Prada, Timur Bagautdinov, Weipeng
Xu, Yuan Dong, He Wen, Jessica Hodgins, and Chenglei Wu.
Modeling clothing as a separate layer for an animatable hu-
man avatar. ACM Transactions on Graphics (TOG), 40(6):1–
15, 2021. 1

[83] Yuliang Xiu, Jinlong Yang, Xu Cao, Dimitrios Tzionas, and
Michael J Black. Econ: Explicit clothed humans optimized
via normal integration. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 512–523, 2023. 1, 2, 6, 8

[84] Yuliang Xiu, Jinlong Yang, Dimitrios Tzionas, and Michael J
Black. Icon: Implicit clothed humans obtained from nor-
mals. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 13296–13306,
2022. 1, 2, 6

[85] Yuxuan Xue, Bharat Lal Bhatnagar, Riccardo Marin, Niko-
laos Sarafianos, Yuanlu Xu, Gerard Pons-Moll, and Tony
Tung. Nsf: Neural surface fields for human modeling from
monocular depth. In ICCV, October 2023. 2

[86] Wei Yang, Wanli Ouyang, Xiaolong Wang, Jimmy Ren,
Hongsheng Li, and Xiaogang Wang. 3d human pose estima-
tion in the wild by adversarial learning. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recogni-
tion, pages 5255–5264, 2018. 2

[87] Xihe Yang, Xingyu Chen, Shaohui Wang, Daiheng Gao, Xi-
aoguang Han, and Baoyuan Wang. Have-fun: Human avatar
reconstruction from few-shot unconstrained images. arXiv
preprint arXiv:2311.15672, 2023. 2

[88] Lior Yariv, Yoni Kasten, Dror Moran, Meirav Galun, Matan
Atzmon, Basri Ronen, and Yaron Lipman. Multiview neu-
ral surface reconstruction by disentangling geometry and ap-
pearance. Advances in Neural Information Processing Sys-
tems, 33:2492–2502, 2020. 2, 4

[89] Tao Yu, Zerong Zheng, Yuan Zhong, Jianhui Zhao, Qionghai
Dai, Gerard Pons-Moll, and Yebin Liu. Simulcap: Single-
view human performance capture with cloth simulation. In
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2019. 2

[90] Zhengming Yu, Wei Cheng, Xian Liu, Wayne Wu, and
Kwan-Yee Lin. Monohuman: Animatable human neu-
ral field from monocular video. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 16943–16953, 2023. 2

[91] Andrei Zanfir, Eduard Gabriel Bazavan, Hongyi Xu,
William T Freeman, Rahul Sukthankar, and Cristian Smin-
chisescu. Weakly supervised 3d human pose and shape re-
construction with normalizing flows. In European Confer-
ence on Computer Vision, pages 465–481. Springer, 2020.
2

[92] Zechuan Zhang, Li Sun, Zongxin Yang, Ling Chen,
and Yi Yang. Global-correlated 3d-decoupling trans-
former for clothed avatar reconstruction. arXiv preprint
arXiv:2309.13524, 2023. 2

[93] Fuqiang Zhao, Wei Yang, Jiakai Zhang, Pei Lin, Yingliang
Zhang, Jingyi Yu, and Lan Xu. Humannerf: Efficiently gen-
erated human radiance field from sparse inputs. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 7743–7753, 2022. 1, 2

[94] Hong-Kai Zhao, Tony Chan, Barry Merriman, and Stanley
Osher. A variational level set approach to multiphase motion.
Journal of computational physics, 127(1):179–195, 1996. 5

[95] Ruichen Zheng, Peng Li, Haoqian Wang, and Tao Yu. Learn-
ing visibility field for detailed 3d human reconstruction and
relighting. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 216–226,
2023. 2

[96] Zerong Zheng, Tao Yu, Yebin Liu, and Qionghai Dai.
Pamir: Parametric model-conditioned implicit representa-
tion for image-based human reconstruction. IEEE transac-
tions on pattern analysis and machine intelligence, 2021. 1,
2, 3

[97] Zerong Zheng, Tao Yu, Yixuan Wei, Qionghai Dai, and
Yebin Liu. Deephuman: 3d human reconstruction from a
single image. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 7739–7749, 2019. 2

[98] Zerong Zheng, Xiaochen Zhao, Hongwen Zhang, Boning
Liu, and Yebin Liu. Avatarrex: Real-time expressive full-
body avatars. arXiv preprint arXiv:2305.04789, 2023. 2

[99] Tiansong Zhou, Tao Yu, Ruizhi Shao, and Kun Li. Hdhuman:
High-quality human performance capture with sparse views.
CoRR, 2022. 2

22


	. Introduction
	. Related Work
	. Human Shape Estimation
	. Differentiable Marching Cubes / Tetrahedra

	. Method Overview
	. Tetrahedral Mesh Framework
	. Skinning

	. Marching Tetrahedra
	. Computing Gradients

	. Image Rasterization
	. SDF Regularization
	. Eikonal Regularization
	. Motion by Mean Curvature

	. Silhouette Losses
	. Shrinking
	. Expanding

	. Experiments
	. Metrics
	. Datasets
	. Comparisons
	. In-the-wild Reconstruction from RGB Images
	. Ablation Study

	. Conclusion

