Weakly-Supervised 3D Reconstruction of Clothed Humans via Normal Maps
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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 infers a signed distance
function (SDF) discretized on a tetrahedral mesh surround-
ing the body in a rest pose. Subsequently, inferred pose and
camera parameters are used to generate a normal map from
the SDF. A key aspect of our approach is the use of March-
ing Tetrahedra to (uniquely) compute a triangulated surface
from the SDF on the tetrahedral mesh, facilitating straight-
forward differentiation (and thus backpropagation). Thus,
given only ground truth normal maps (with no volumetric
information ground truth information), we can train the net-
work to produce SDF values from corresponding RGB im-
ages. Optionally, an additional multiview loss leads to im-
proved results. We demonstrate the efficacy of our approach
for both network inference and 3D reconstruction.

1. Introduction

Recent work on 3D human digitization has largely focused
on the fully-supervised setting, where deep neural networks
(DNNps) are trained to explicitly fit so-called ground truth
3D geometry [70, 88, 89, 102]. In such approaches, high-
end capture setups (with 4D scanners or a large number of
cameras) are typically used to obtain high-quality, multi-
view training data [65, 87]. Inferring 3D geometry and ap-
pearance from 2D information is a highly underconstrained
problem; thus, it can be challenging for models trained on
such high-quality data to generalize to the lower quality im-
ages typical of consumer-grade devices (such as phones and
webcams). However, the ability to do so is crucial to the
democratization of digital humans required for many appli-
cations in AR/VR, robotics, healthcare, etc.

Given a single (monocular) RGB image, we estimate the
clothed body with a DNN that infers signed distance func-
tion (SDF) values for each vertex of a tetrahedral mesh sur-
rounding the body (similar to [40, 41, 58, 86]). Implicit sur-
faces have become a common choice for 3D reconstruction
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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).

from images (see e.g. [11, 64, 70, 79, 88, 89, 102]), espe-
cially as neural radiance fields (NeRFs) [51] have gained
popularity. Importantly, the tetrahedral mesh data struc-
ture enables our use of Marching Tetrahedra to uniquely
compute a triangulated surface. The resulting algorithm is
straightforward to differentiate, alleviating concerns asso-
ciated with the nondeterministic nature of Marching Cubes
(see e.g. [48, 66]) or the ray tracing of an implicit surface
(seee.g. [11, 56,82, 92]).

Our approach is a follow-up to [58], which also uses
an explicit representation of an SDF on a tetrahedral mesh;
however, we add a second explicit representation of the sur-
face via a triangle mesh. We thus have access to two ex-
plicit versions of the neural SDF, and energies can be con-
veniently formulated for either the volume or the surface or
both. While similar in spirit to [50], our method does not re-
quire the construction of a velocity in order to capture these
energies with an evolving level set function; thus, we can
control mesh based properties (e.g. area and dihedral an-
gles) that would be lost when converting to a velocity field.
On the other hand, the approach in [50] could be used to
alleviate locking concerns in cases where discretizations on
the triangle mesh and the tetrahedral mesh do not interact as
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Figure 2. Given an RGB image, a graph-based DNN infers SDF values on a tetrahedral mesh parameterizing a volume surround-
ing/containing the body. Option 1: Marching Tetrahedra is used to compute a triangle mesh from this implicit surface, and the resulting
mesh is skinned to an estimated pose. Option 2: Alternatively, the tetrahedral mesh can be skinned first before using Marching Tetrahedra.
During training (only), a normal map (corresponding to inferenced pose and camera parameters) is generated for the predicted clothed

body mesh and compared with the ground truth.

expected due to differences in the degrees of freedom.

The main goal of our work is to provide weak supervi-
sion during DNN training via 2D normal maps [1 1, 19, 29,
55,70, 74, 88, 89]. By formulating the optimization prob-
lem with respect to image-based normals, we aim to bet-
ter represent fundamental correlations between 2D images
and 3D geometry in order to facilitate subsequent democ-
ratization to consumer-grade devices. Given (inferenced)
pose and camera parameters, a normal map can be com-
puted from the skinned triangulated surface. See Figure
2. While we initialize the SDF network parameters with
the data from [58], the resulting model will tend to over-
fit (since it is trained on a limited quantity of 3D data) and
thus generalize poorly to in-the-wild 2D images. Thus, after
this initialization, we train the model in a weakly supervised
manner using only ground truth normal maps.

To summarize, our contributions:

o We illustrate that our network can be used to reconstruct
3D geometry from sparse multiview RGB data obtained
with consumer-grade cameras (and no ground truth 3D
labels).

e We compute the correct gradients to differentiate through
Marching Tetrahedra via a Lagrangian formulation,
which enables differentiable mesh generation and thus
end-to-end training with both volumetric and surface-
based energies.

e We present a differentiable image rasterizer that: (1) al-
lows us to use normal maps for weak supervision and
(2) can efficiently compute normal maps from triangle
meshes with over 300k triangles during network training.

o We formulate regularization energies that coerce inferred
implicit surfaces to: (1) resemble true SDFs and (2) be
locally smooth.

o We formulate silhouette energies defined to enforce 3D
boundary matching.

2. Related Work
2.1. Human Shape Estimation

Various works use parametric body models such as SMPL
[47] to estimate human body pose and shape without cloth-
ing [21, 36, 46, 54]. 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 [78], template-based approaches either rely
on parametric models [12, 32, 38, 96, 103] or use person-
specific meshes [25, 93]. For instance, GTA [96] projects
SMPL onto a learned 3D triplane representation, and [103]
constructs local implicit fields centered around locations on
the SMPL-X model [63]. 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 [19], reconstruction
is achieved by generating front and back depth images that
are later combined into a 3D surface. [26] builds on this idea
and proposes a coarse-to-fine reconstruction method lever-
aging both predicted depth and normal images. Inspired
by shape-from-silhouette techniques, SiCloPe [55] recovers
geometry by predicting silhouette images and 3D joint posi-
tions. [81, 101] predict volumetric occupancy on a uniform
voxel grid directly, while [17] proposed learning a Fourier
subspace of 3D occupancy; in both cases, Marching Cubes
can be used to generate a triangle mesh. PIFu [69] and PI-
FuHD [70] infer 3D shape with neural implicit functions
sampled onto a grid. Follow-up work [9, 88] leverages pre-
dicted normal maps to improve depth inference. PAMIR
[102] extends PIFuHD to increase generalizability by regu-
larizing the implicit function using semantic features from
a parametric model. ICON [88] and ECON [89] leverage
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
[27,71, 98, 104], video [14, 18, 23, 29-31, 60, 76, 85, 94],
depth [15, 83, 90, 100], point clouds [35, 49], 4D capture
[28], or scans [42, 45, 72]. Most similar to our work, Self-
Recon [29] uses normal maps inferred from PIFuHD [70] to
supervise network training, and SeSDF [7] can either take
as input a single image or uncalibrated multiview images

Moving towards improved generalization, weakly super-
vised methods have also been explored for human pose
estimation [34, 57, 62, 91], human body shape [53, 95],
and garment template reconstruction (on the SMPL body)
[13,53].

2.2. Differentiable Marching Cubes / Tetrahedra

A number of recent works have proposed methods for
backpropagating through Marching Cubes [48] / Marching
Tetrahedra [80] by either leveraging properties of a point-
to-SDF network [66, 73] (e.g. as in DeepSDF [61]) or by
training a DNN for mesh generation [44]. MeshSDF [66]
builds on DeepSDF [61], where a network f), is trained to
infer an SDF value at a location x conditioned on a latent
shape code 7. In the forward step, f, (z) is computed for ev-
ery 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 tri-
angle vertex in the normal direction, which is only true ide-
alistically when there are no shocks/rarefactions in the SDF
isocontours (see e.g. [59]); moreover, Marching Cubes does

not move vertices in such a manner, even when it produces a
consistent set of vertices under perturbation. Their assump-
tions also necessitate f,, being a true SDF, even though it
is only an approximation. Follow-up work in [73] presents
a similar formulation using Marching Tetrahedra. See [50]
for more discussion on the problematic assumptions in [66].

3. Weak Supervision via Normal Maps

In the context of human digitization, it can be challeng-
ing to train generalizable ML-based models with full 3D
supervision (see e.g. [58, 69, 70, 102]). Robust general-
ization typically necessitates access to a large number of
ground truth training examples; however, publicly available
datasets of 3D scan data for clothed human bodies remain
scarce (in part, because it is both expensive and compli-
cated to obtain). Even if such data were more readily avail-
able, existing works typically require unskinning the data to
a reference pose (see e.g. [24, 25, 58, 86]), which can lead
to various complications: tangling, self-intersection, inver-
sion, etc.

To alleviate dependency on labeled 3D data, we propose
a weakly supervised approach using 2D normal maps as
ground truth labels (only) during training. A 2D normal
map defines an RGB value for each pixel, corresponding to
the (camera or world space) unit normal that best represents
the geometry rasterized to that pixel. A normal map can
be approximated by casting a ray through the pixel center
and subsequently interpolating normals to the ray-geometry
intersection point, although a better estimate would be ob-
tained by supersampling (similar to the way pixel color is
computed). Importantly, difficult to handle occluded re-
gions (such as the armpit) may be ignored (in contrast to
full 3D supervision). Since there are a number of ways to
obtain ground truth normal maps (besides utilizing 3D scan
data), this approach vastly increasing the amount of data
available for training. For example, one can utilize RGBD
images [2, 20, 33, 97], stereo pairs [3, 39], and/or neural
networks (including NeRFs [51]) trained to produce nor-
mal maps from RGB images [70, 88, 89]. Increasing the
amount of training data (in this way) facilitates generaliza-
tion to a much more representative and diverse set of people
in clothing (as compared to using only a limited number of
3D scans).

Given inferred SDF values qgk on the (fixed) tetrahedral
mesh vertices ug, Marching Tetrahedra is used to uniquely
generate a triangle mesh with vertices v;(¢). Given an
inferred pose 6 and camera parameters ¢, a normal map
N(vi(¢r),0,¢) can be generated. The objective function
to be minimized is then

£(1,0.0) = [N(@i(0).0.0) = Nox| )

where Ngr is a ground truth normal map.



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 [47] in the star pose (similar to [58, 86]).
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 interior region using
red/green refinement [52, 77]. See Figure 3.

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

Given an input image, a DNN is trained to infer an
implicit surface approximation to the clothed body, repre-
sented by SDF values qAbk on the tetrahedral mesh vertices
uy, (similar to [58]). The DNN is composed of a CNN-
based stacked hourglass encoder, followed by graph convo-
lutional layers that progressively increase the resolution of
the sampled SDF. This encodes an input image into a fea-
ture vector, which is then decoded into SDF values on the
vertices of the tetrahedral mesh. Due to the large number
of tetrahedral mesh vertices, the graph convolutional layers
are only partially connected in order to significantly reduce
memory usage.

4.1. Skinning

The tetrahedral mesh can be deformed via linear blend skin-
ning (LBS) using per-tetrahedron-vertex, per-joint skinning
weights wy;. 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 6 with joint transformations
T;(6), the skinned position of each tetrahedral mesh ver-
tex is ug(6) = 3_; wy; Tj(0)u), where i, is the location of
uy, in the untransformed reference space of joint j. VIBE
[37] is used to estimate the SMPL pose parameters § € R7?
for any given input image. During training, all layers of a
pretrained VIBE model are frozen except for the final Gated
Recurrent Unit (GRU) layer.

5. Marching Tetrahedra

Given SDF values ¢, defined on tetrahedral mesh vertices
uy, Marching Tetrahedra can be implemented to compute
a unique (non-ambiguous) triangle mesh with vertices v;,
making differentiation more straightforward as compared to
the many cases (and non-uniqueness) that need to be consid-
ered for Marching Cubes. In order to avoid triangle vertices
v; coincident with a tetrahedron vertex uyg, all the ¢ val-
ues are preprocessed (infinitesimally) changing those with
|pr| < € to ¢y = € sign(ey), e.g. with e = 1075,

For each tetrahedron mesh edge e; = {uy, , u, } that in-
cludes a sign change, i.e. sign(¢y, ) # sign(¢x, ), a triangle
vertex

— ks Pk,
Uk, + Uk
¢]€1 - ¢)k2 ! ¢k1 - ¢k2 2

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.

v =

(@)

5.1. Ray-Tracing the Implicit Surface Directly

As an alternative to Marching Tetrahedra, consider casting
a ray to find an intersection point with the implicit surface
and subsequently using the normal vector defined (directly)
by the implicit surface at that intersection point. A number
of existing works consider such approaches in various ways,
see e.g. [4, 11, 56, 82, 92]. Perturbations of the intersection
point depend on perturbations of the ¢ values on the vertices
of the tetrahedron that the intersection point lies within. If a
change in ¢ values causes the intersection point to no longer
be contained inside the tetrahedron, one would need to dis-
continuously jump to some other tetrahedron (which could
be quite far away, if it even exists). A potential remedy for
this would be to define a virtual implicit surface that extends
out of the tetrahedron in a way that provides some sort of
continuity (especially along silhouette boundaries).
Comparatively, our Marching Tetrahedra approach al-
lows us to presume (for example) that the point of inter-
section remains fixed on the face of the triangle even as the



triangle moves. Since the implicit surface has no explicit
parameterization, one is unable to similarly hold the inter-
section point fixed. The implicit surface utilizes an Eulerian
point of view where the rays (which represent the discretiza-
tion) are held fixed while the implicit surface moves (as ¢
values change), in contrast to our Lagrangian discretization
where the rays are allowed to move/bend in order to follow
fixed intersection points during differentiation. A similar
approach for an implicit surface would hold the intersection
point inside the tetrahedron fixed even as ¢ changes. Al-
though such an approach holds potential due to the fact that
implicit surfaces are amenable to computing derivatives off
of the surface itself, the merging/pinching of isocontours
created by convexity/concavity would likely lead to vari-
ous difficulties. Furthermore, other issues would need to
be addressed as well, e.g. the gradients (and thus normals)
are only piecewise constant (and thus discontinuous) in the
piecewise linear tetrahedral mesh basis.

5.2. Computing Gradients

According to Equation 2,

Ov; _ Ok, (ukl — uk2) Pk, (uk2 - ukl)

a(¢k17¢k2) B ((b’ﬁ - d)k?z)Q (¢’€1 - ¢k2)2 ©)

where dividing by (¢x, — ®r,)? can be problematic. The
preprocess at the beginning of Section 5 guarantees that
|k, — Pk,| > 2¢, which means that the worst possible sce-
nario for Equation 2 (when |¢g, | = |¢k,| = €) still results
in O(1) coefficients for uy, and uy,; however, the ¢-based
coefficients in Equation 3 would be O(1/¢). Thus, while
e = 1078 is sufficient for Equation 2, a larger value of e
might be prudent when considering Equation 3.

5.3. Skinning

There are two options for the algorithm ordering between
skinning and Marching Tetrahedra (the latter of which re-
verses the order in Figure 2). For skinning the triangle
mesh, the skinned position of each triangle mesh vertex is
vi(0, ) = >, wij(¢)T;(0)v] (¢) where v] is the location
of v; in the untransformed reference space of joint j. Un-
like in Section 4.1 where wy,; and u;j, were fixed, w;; and v}

both vary yielding three terms in the product rule. 811{ eelo)
is computed according to Equation 3, noting that uy, and
uy, are fixed. w;;(¢) is defined similarly to Equation 2,

— ks 4 Pk,
Py — Py Whis T Ok, — Py

where wy,; and wy,; are fixed; similar to Equation 3,
Ow;j/0¢ will contain O(1/¢) coefficients. For skinning the
tetrahedral mesh, Equations 2 and 3 directly define v; and
Ov; /0¢ since the skinning is moved to the tetrahedral mesh
vertices uy. Then, Ov; /Ouy, is computed according to Equa-
tion 2 in order to chain rule to skinning (i.e. to duy /06,

Wij = Wy 5 “4)

which is computed according to the equations in Section
4.1).

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 as-
sume that the geometry is centered in the image, since im-
ages 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.

6.1. Normals

Recall (from Section 5) that triangle vertices are reordered
(if necessary) in order to obtain outward-pointing face nor-
mals. The area-weighted outward face normal is

1
ng(vi,v2,03) = 5 (v —v1) X (v3 —v1) 5)
where
1
Area(vy,ve,v3) = §||(v2 —v1) X (v3 — v1)]|2 6)

is the area weighting. Area-averaged vertex unit normals 7,
are computed via

N n
f

B 702

where f ranges over all the triangle faces that include vertex
v. Note that one can drop the 1/2 in Equation 5, since it
cancels out when computing 7., in Equation 7.

6.2. Camera Model

The camera rotation and translation are used to transform
each vertex v, of the geometry to the camera view coordi-
nate system (where the origin is located at the camera aper-
ture), i.e. v, = Rvy + T'. The normalized device coordinate
system normalizes geometry in the viewing frustum (with
z € [n, f]) sothatall z,y € [-1,1] and all z € [0, 1]. See
Figure 4, left. Vertices are transformed into this coordinate
system via

[ ] %ﬂ 2(1 8 8 [ve]
UNDC Zc:| _ H |: Ve :|
= f o =fn (8
[ 2e 0o 0 5 1
0 0 1 0

where H = 2ntan(6y/2) is the height of the image, Oy
is the field of view, W = Ha is the width of the image,
and a is the aspect ratio. The screen coordinate system is



obtained by transforming the origin to the top left corner of
the image, with +x pointing right and +y pointing down.
See Figure 4, right. Vertices are transformed into this coor-
dinate system via

-W/2 0 0 W/2
|:[U/]:| — 0 _H/2 0 H/2 [[UNDC}] (9)
1 0 0 1 0 1
0 0 0 1
or via

-n 0 W/2 0

{[v’] z} 0 -n Hf/2 0 {[UC]

7L o
0 0 L |

0 0 1 0
which is obtained by multiplying both sides of Equation 9
by z. and substituting in Equation 8.

(+1,+1,0) (0,0,0)
. .

Y (0,0
. X .
(=1,-1, 1) L (W, H, 1)
X 7 Yy
)

w

4, 2
“2gg, Drgg,

(W, H)

Figure 4. The normalized device (left) and screen (right) coordi-
nate systems used during rasterization (based on Pytorch3D con-
ventions').

6.3. Normal Map

For each pixel, a ray is cast from the camera aperture
through the pixel center to find its first intersection with the
triangulated surface at a point p in world space. Denoting
v1, Va2, U3 as the vertices of the intersected triangle, barycen-
tric weights for the intersection point

~ AT’@CL(p, V2, ’113)

o) = —F———F———
Area(vy, va, v3)
_ Area(vlvpa U3)

Vo = 11
a2 Area(vy,va,v3) (In

_ Area(vi,va,p)

@ = Area(vy,va,v3)
are used to compute a rotated (into screen space) unit nor-
mal from the unrotated vertex unit normals (see Equation 7)
via L L L

Q1 My, + Q2My, + Q3Myq
[| G170, + Gafiy, + Gafty,]|
for the normal map. Note that dropping the denominators
in Equation 11 does not change 7.

12)

’fL:

"https://pytorch3d.org/docs/cameras

6.4. Scanline Rendering

After projecting a visible triangle into the screen coordinate
system (via Equation 10), its projected area can be com-

puted as
Yo — yi)
/ /
Y3 — U1

13)

@y —

1
A AN
Area2D(vy,v5,v3) = 2det (ch —

similar to Equation 6 (where the negative sign accounts for
the fact that visible triangles have normals pointing towards
the camera). When a projected triangle overlaps a pixel
center p’, barycentric weights for p’ are computed by us-
ing Area2D instead of Area in Equation 11. Notably, un-
normalized world space barycentric weights can be com-
puted from un-normalized screen space barycentric weights
via ap = 2h25al, as = 2] 250k, as = 2] zhak or

a1 = zhzh Area2D(p', vy, v5)
ag = 225 Area2D(vy, p', v}) (14)
as = 21 z5 Area2D (v, vh, p')
giving
Oflﬁvl + O‘2ﬁvz + O‘B'ﬁm;;

n=~R — = -
||a1nv1 + Qafy, + a3nv3||

5)

as an (efficient) alternative to Equation 12. If more than one
triangle overlaps p’, the closest one (i.e. the one with the
smallest value of 2’ = &} 2] + &4z + 4524 at p’) is chosen.

6.5. Computing Gradients

For each pixel overlapped by the triangle mesh, the deriva-
tive of the normal (in Equation 15) with respect to the ver-
tices of the triangle mesh is required, i.e. da;/0v, and
O, /Ov, are required. Ocy;/Ov’ can be computed from
Equations 14 and 13, 9v’/dv.. can be computed from Equa-
tion 10, and Ov./dv, can be computed from v, = Rvgy+T.
0Ny, /Ovg can be computed from Equations 7 and 5.

7. SDF Regularization

Two regularization terms are utilized during neural net-
work training in order to encourage: (1) the inferred (,ZAS val-
ues to resemble a true SDF and (2) smoothness (similar to
[43, 68]). Notably, the smoothness regularizer behaves sig-
nificantly better when & is closer to a true SDF.

7.1. Eikonal Regularization

Given a tetrahedron ¢ with vertices ux, = (zk, Yk, 2) and
inferred ¢, values, ¢ can be linearly approximated within
the tetrahedron by writing

(ng = axy + byr + czp +d (16)



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

|Ve| = Va2 + b2 + 2 (17)

as the norm of the gradient. Summing over tetrahedra leads

to
1

i 2

Eio =5 ztj(|v¢t| 1) (18)
as the energy to be minimized. The problem with Equation
18 (and similar approaches, such as [6, 22]) is that the chain
rule moves the square root in Equation 17 to the denomi-
nator, potentially leading to NaNs/overflow; notably, even
an exact SDF has [V¢| = 0 at both extrema and pinch-
ing/merging saddles, and an inferred ¢ can have |V = 0
elsewhere as well. This can be avoided by instead using

1 .
By = > (IVer]* - 1)? (19)

t

which still enforces |V¢A)t\ = 1; alternatively,
1 N
Eie=3 Zt:Volume(t)(|V¢t|2 —1)2 (20)

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. Fol-
lowing [10, 99], the surface area can be calculated via

/Q VH($(w,y, 2))|dV @

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

By = |VH($)|Volume(t) (22)
t

using a smeared-out Heaviside Function

0 ¢ < —ep
H(@) = b+ 5%+ hsin (22) —en <d<en
1 ¢>€H

(23)
where €77, chosen as 1.5 times the average tetrahedral mesh
edge length, determines the bandwidth of numerical smear-
ing (see [75]). |V H ()] is discretized by linearly approx-
imating H (qAS) in each tetrahedron along the lines of Equa-
tion 16 in order to obtain coefficients (a, b, ¢, d) for use in
the equivalent of Equation 17. In order to avoid division by
small numbers, we ignore tetrahedra with |V H (¢)| < 10~8
in Equation 22 reasoning that |V H ()| is small enough and
thus quS is smooth enough in such tetrahedra.

8. Silhouette Losses

Instead of striving to make the inverse rendering differen-
tiable at silhouette boundaries (as in e.g. [4]), we introduce
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 Ugyink if they have negative
SDF values; then,

1 .
Larink = 5 > (b —e) (24)

k€ Ushrink

encourages those negative (;Abk values to target a positive
€s = 5 x 1073, 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 chang-
ing the sign of the SDF at every tetrahedral mesh vertex
with both é > 0 and a one-ring neighbor with 413 <0 (e.g
by setting étemp = —e¢, at those vertices). Next, the pix-
els 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 Uexpana if they had
positive SDF values before inflation. At this point, all of
the temporary (jAJtemp values are discarded and the original

qAS values are restored. Then,

1 ~
£expand = 5 Z (¢k + 65)2 (25)

keUexpand
encourages the positive ¢, values to target —es.

9. Experiments

We first demonstrate (in Section 9.1) that our network has
the ability to reconstruct clothed humans when ground truth
camera parameters and normal maps are known. In Sec-
tion 9.2, we demonstrate that the network can be trained
to reconstruct 3D geometry with increasing efficacy as the
number of sparse views increases. Subsequently (in Sec-
tion 9.3), we extend this process to real-world RGB data
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Figure 5. After training from 8 camera views, the input image
in the first column results in the geometry shown in the second
column. Note that the geometry is shown from novel views. For
the sake of comparison, the ground truth geometry is shown from
the same novel views. See also Figure 6.

(with no ground truth information) in order to demonstrate
the ability to reconstruct 3D geometry using only network-
inferred normal maps. For the sake of comparison, we also
present (in Section 9.4) the results we obtained using avail-
able implementations of other methods for single view and
multiview reconstruction.

9.1. Network Efficacy

Given ground truth 3D data from RenderPeople [67], we
show that our network has the capacity and flexibility to
reconstruct clothed humans from either a single image or
multiple images. Regardless of the number of input images,
the network is trained by minimizing the normal map loss
(Equation 1), SDF regularization losses (Equations 20 and
22), and silhouette losses (Equations 24 and 25). In the
multiview case, each image is considered individually (i.e.
we treat multiview as a collection of single view examples).
Figure 5 shows an example of the results obtained by train-
ing our network on 8 camera views surrounding the person
(as compared to the ground truth).

9.2. Geometry Reconstruction

To quantitatively evaluate the accuracy of our inferred re-
sults, we define a normal map error as

1 1 . 2
Enormal = m Z <2 (]. — Ny - np)) (26)
p

Figure 6. PIFuHD results, inferred using the input image in Figure
5 and shown from the same novel views (as in Figure 5). We stress
that these results were obtained using inference from a single im-
age, and so one would not expect the same efficacy (especially
from novel views); however, these images do help to calibrate
what one might expect from state-of-the-art inference. The con-
clusion is that our network has the ability to output high-quality
reconstructed geometry.

where the ground truth and predicted normals at pixel p are
n, and 7, respectively, and 7, - n, € [—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

€depth = ﬁ Z (czp - dp> ’ 27
P

where (d, — d,,) 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.

Given ground truth 3D data from RenderPeople [67], we
show how our network reconstructs 3D geometry with in-
creasing efficacy as the number of sparse views increases.
Figure 7 shows the inferred 3D geometry from a novel view,
and Table 1 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 con-
straints 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.
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Figure 7. 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 8.

# Views Normals Error  Depth Error (m)
1 0.0317 0.0012
3 0.0299 0.0011
5 0.0060 0.0002

Table 1. Quantitative metrics for three unseen test views spaced
between the training views.

(TTITY
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Figure 8. Using the 5-view network from Figure 7, we illustrate
inference for four more novel views.

9.3. Geometry Reconstruction from RGB Images

Here, we illustrate that our network can be used to recon-
struct 3D geometry from monocular uncalibrated RGB im-
ages, without requiring any pretraining on scanned data (or
any other informed initialization of the network parame-
ters). However, we do utilize a pretrained pix2pix network
[84] (introduced in PIFuHD [70]) to infer ground truth nor-
mal maps and note that pix2pix was trained on 3D ground
truth geometry. We do not consider this a severe limitation
both because normal maps are easier to infer than 3D ge-
ometry and because there are other ways to obtain normal
maps.

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 using
[8] and cropping to a square image. The resulting images
were then passed into pix2pix to obtain “ground truth” nor-
mal maps. See Figure 9. Since estimated camera parame-

! i >
Figure 9. RGB images and corresponding normal maps. Odd
views were used for training (starting with first column), and even

views are used for testing.
® 3 )
f 2 } &)
o
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Figure 10. Final per-view meshes alongside their corresponding
normal map errors (blue is zero, red is max).

Figure 11. Final triangle mesh shown from training (odd) and
novel (even) views.

ters will be prone to error, we refine a rough initialization
iteratively. At each iteration, we train the network and use
Marching Tetrahedra to create a mesh inferenced off of the
image for (and overfit to) each view; then, we use ICP [5] to
rigidly align all the meshes. Although one could delete all
the triangles and remesh the point cloud, we obtained bet-
ter results by updating each camera to match the ICP rigid
transform of its corresponding mesh. The updated camera
positions are then used to iteratively repeat the entire pro-
cess. Once the camera parameters converge, the network
can be trained with an additional loss that encourages 3D
consistency. For a given camera view cg, this loss is defined

as
£(be) =3 [[r = dule)
c#co

| (28)

where ¢y, (¢) refers to the inferred SDF values obtained from
using view ¢’s image.

The network obtained from the aforementioned process
(to improve camera extrinsics) will tend to be less detailed
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Figure 12. Predicted 3D geometry using our method (c) for videos from the PeopleSnapshot dataset (one frame is shown in (a)). The
results from SelfRecon [29] are shown in (d). Note that the geometry is shown from novel views.

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 ¢ close to that which
was obtained using Equation 28; then, we delete any vis-
ible triangles that are not consistent with the normal map
(within some tolerance). See Figure 10. Since these are (ac-
tual) 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 11.

9.4. Comparisons

We quantitatively compare our reconstruction method to ex-
isting single view [70, 89] and multiview [, 29] reconstruc-
tion approaches using monocular videos from the People
Snapshot Dataset [1]. Each video was captured with a fixed
camera, and the subjects were asked to rotate while holding
an A-pose. We trained our network on four frames per video
(front, back, and two side views) and subsequently deleted

10

any visible triangles that are not consistent with the normal
maps (within some tolerance, as in Section 9.3). SelfRecon
[29] and VideoAvatar [1] were trained on all video frames.
For the single view approaches [70, 89], 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. Table 2 com-
pares the results obtained with each method to the PIFuHD
inferred normal map. SelfRecon has slightly more error and
lacks detail compared to our approach (particularly around
the face and wrinkles in the clothing). See Figure 12. No-
tably, the runtime of our approach on a single NVIDIA 3090
GPU is at least 50 x faster than SelfRecon, which takes over
a day of training (per video) to achieve their published re-
sults (our network is trained for about 20 minutes).

10. Conclusion

Although image-based reconstruction can be solved as an
inverse problem, regularization is required in order to ad-



Method  Average Normals Error STD

ECON [89] 0.1918 0.376
PIFuHD [70] 0.1680  0.358
VideoAvatar [1] 0.1342  0.325
SelfRecon [29] 0.0213  0.137
Our Method 0.0207 0.111

Table 2. Normal map errors (computed over predicted foreground
pixels) corresponding to four test views, averaged over the exam-
ples shown in Figure 12.

dress issues with noise. Parameterized models (such as
SMPL [47] or 3DMM [16]) provide for such regularization.
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 [89]). This
means that working to improve the efficacy of network-
inferred normal maps (and using the results for 3D recon-
struction, as in Section 9.3) 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 9.3 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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