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Abstract. We present TexMesh, a novel approach to reconstruct de-
tailed human meshes with high-resolution full-body texture from RGB-
D video. TexMesh enables high quality free-viewpoint rendering of hu-
mans. Given the RGB frames, the captured environment map, and the
coarse per-frame human mesh from RGB-D tracking, our method re-
constructs spatiotemporally consistent and detailed per-frame meshes
along with a high-resolution albedo texture. By using the incident illu-
mination we are able to accurately estimate local surface geometry and
albedo, which allows us to further use photometric constraints to adapt
a synthetically trained model to real-world sequences in a self-supervised
manner for detailed surface geometry and high-resolution texture esti-
mation. In practice, we train our models on a short example sequence
for self-adaptation and the model runs at interactive framerate after-
wards. We validate TexMesh on synthetic and real-world data, and show
it outperforms the state of art quantitatively and qualitatively.
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1 Introduction

An essential component of VR communication, modern game and movie pro-
duction is the ability to reconstruct accurate and detailed human geometry with
high-fidelity texture from real world data. This allows us to re-render the cap-
tured character from novel viewpoints. This is challenging even when using com-
plex multi-camera setups [20, 49, 12, 29]. Recent works such as Tex2Shape [4] and
Textured Neural Avatars [42] (TNA) have shown how to reconstruct geometry
and texture respectively using nothing but a single RGB image/video as input.

Fig. 1 shows examples of novel viewpoint synthesis using Tex2Shape for ge-
ometry reconstruction and TNA for texture estimation. Tex2Shape is a single
view method trained only on synthetic images without adaptation to real data.
Hence, it generates the rough shape of the actor but misses some of the finer
geometric details that appear in the real data (Fig. 1 (b)), and often hallucinates
incorrect deformation memorized from its training data especially in occluded
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(a) RGB (b) Tex2Shape[4]+TNA[42] (c) Ours

Fig. 1. Tex2Shape [4] + TNA [42] vs. Our Result. The mesh with texture is
rendered from different viewpoints. Our approach reconstructs more detailed
geometry, such as the moving jacket, as well as more accurate texture.

parts. As TNA does not consider the input lighting, the estimated texture con-
tains the baked-in lighting of the original input sequence. Besides, due to small
geometric misalignments, the estimated texture is blurry.

To address these issues, we introduce TexMesh, a novel framework to recon-
struct both significantly higher quality mesh and texture from a real world video
(see Fig. 1 (c)). Our model takes an RGB video, a corresponding environment
map, and a per-frame coarse mesh as inputs, and produces a per-frame fine mesh
and a high-resolution texture shared across the whole video that can be used
for free-viewpoint rendering. The coarse mesh is a parametric human model ob-
tained by 3D tracking from an RGB-D camera [51]. We use a short real video
clip for self-adaptation after which TexMesh runs at 18 fps (not including human
segmentation). In the pipeline, depth is used only for obtaining the coarse mesh.

Concretely, for texture generation, we parameterize the texture using a CNN
and optimize it on real data by comparing the rasterized images with a limited
number of selected key albedo images. Our design offers three benefits: no shad-
ing and texture mixing, less geometric misalignment leading to less blur, and
built-in CNN structure prior for noise and artifact removal [48]. For mesh recon-
struction, we propose to first pre-train a displacement map prediction model on
synthetic images with supervision, and later optimize it on a real sequence in
a self-supervised manner using photometric perceptual loss and spatiotemporal
deformation priors to obtain detailed clothing wrinkles even for occluded parts.

Experiments show that the proposed method provides clear texture with
high perceptual quality, and detailed dynamic mesh deformation in both the
visible and occluded parts. The resulting mesh and texture can produce realistic
free-viewpoint rendering (Fig. 11) and relighting results (Fig. 12).
Contributions: (1) We present a self-supervised framework to adapt the train-
ing on synthetic data to real data for high quality texture and mesh reconstruc-
tion. This framework is based on (2) a texture generation method including
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albedo estimation, frame selection, and CNN refinement and (3) a mesh recon-
struction method that faithfully reconstructs clothing details even in invisible
regions using shading and spatiotemporal deformation priors. Our method en-
ables state of art free-viewpoint rendering of humans on challenging real videos.

2 Related Work

Human Shape Reconstruction. The key to human shape reconstruction
is to incorporate human priors to limit the solution space. Template-based
methods [15, 53] obtain human geometry by deforming the pre-scanning model.
Model-based methods [60, 18, 9, 24, 37, 16, 21, 34, 54] fit a parametric naked-body
model [28] to 2D poses or silhouette. While these methods estimate the coarse
shape well, the recovered surface geometry is usually limited to tight clothing
only [8]. To tackle this problem, [57, 56] combine depth fusion [32, 31] and hu-
man priors [28] and show highly accurate reconstruction in visible parts but not
occluded regions. With multiple images, [2, 1, 3] model clothing by deforming a
parametric model [28] to obtain an animatable avatar, which enables powerful
VR applications. However, the clothing details are inconsistent across frames,
making the re-targeting result not faithful to the observation. Some methods
treat clothing as separate meshes, providing strong possibilities for simulation,
but are limited to a single clothing [23], pre-defined categories [6], or mechanical
properties [58]. Recently, single image methods utilizes deep learning for recover-
ing detailed shapes, including UV space methods [23, 4], volumetric methods [59],
implicit surface [39, 17], and method combining learning and shading [61]. They
provide excellent details in visible regions, but hallucinate invisible parts rather
than using temporal information for faithful reconstruction. In contrast to the
above methods, we exploit photometric and spatiotemporal deformation cues to
obtain detailed mesh, even in occluded regions.

Human Texture Generation. The key of texture generation is to fuse infor-
mation from multiple images. Sampling based methods [2, 3] sample colors from
video frames and merge them together. TNA [42] uses photometric supervision
from rendering. These methods work well for videos with limited deformation but
fail when the misalignment caused by large clothing deformation is significant.
Single view methods [14, 33] avoid the problem of fusing multi-view information
by hallucinating the occluded part. Yet, the hallucinated texture may not match
the real person. Different from these methods, our method handles large defor-
mation and provides high quality albedo texture.

Face Reconstruction. Face modeling is closely related to body modeling but
with limited self-occlusions. Methods using photometric cues reconstruct de-
tailed geometry and albedo via self-supervision [45, 46]. Deep learning also pro-
vides the opportunity for learning face geometry from synthetic data [40] or both
synthetic data and real data [41]. These methods achieve high quality results but
cannot be trivially extended to full body, especially for occluded parts.
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Fig. 2. Framework Overview. Our method consists of three modules: Albedo and
Normal Estimation (AlbeNorm) pre-precosses RGB images to estimate albedo
and normal; Texture Generation (TexGen) selects key albedo frames and recovers
a texture map; Mesh Refinement (MeshRef) takes a coarse mesh and a normal
image as input and outputs a fine mesh. We pre-train AlbeNorm and MeshRef
on synthetic data. Then given a short clip of the real video, we optimize TexGen
to obtain texture and finetune MeshRef via self-supervision. Finally, we run
AlbeNorm and MeshRef on the whole video for fine meshes.

3 Method

As in Fig. 2, our framework consists of three modules: Albedo and Normal
Estimation (AlbeNorm), Texture Generation (TexGen), and Mesh Refinement
(MeshRef). AlbeNorm takes an RGB image and the lighting, represented using
Spherical Harmonics [36], and estimates texture and geometry information in
the form of albedo and normal images. This is used consecutively to refine the
texture and geometry estimates: TexGen selects albedo key frames and gener-
ates a high-resolution texture map from them. MeshRef takes a coarse mesh from
RGB-D tracking and a normal image and estimates a refined mesh. Ground truth
data for these tasks is naturally scarce. However, we observe that (1) synthetic
data can be used to train the AlbeNorm and MeshRef. In synthetic settings we
can use datasets with detailed person models to obtain highly detailed geome-
try estimates; (2) TexGen and MeshRef can be finetuned on a short sequence
using perceptual photometric loss and the spatiotemporal deformation priors in
a self-supervised manner. This makes training on large annotated video datasets
obsolete. While we train AlbeNorm using only synthetic data, the model empir-
ically generalizes well to real data. The final results are a single high-resolution
full-body texture for the whole sequence and fine body geometry predicted at
every frame. We describe our method in details in the following sections.

3.1 Albedo and Normal Estimation

The cornerstone for our method is a good albedo and normal estimation: the
normal is key to recover detailed geometry in MeshRef and the albedo is key to
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(a) (b) (c) (d) (e) (f) (g) (h)

Fig. 3. Intermediate results of AlbeNorm. (a) original RGB image; (b) predicted
normal; (c) calculated shading; (d) albedo directly from CNN; (e) albedo from
dividing RGB by shading; (f) final albedo; (g) rendering using (d); (h) rendering
using (f). The final albedo (f) includes less shading information than (e) (e.g.,
the face region), and (h) resembles the original RGB (a) better than (g).

estimate clear texture in TexGen. To extract albedo and normals, under the usual
assumptions of Lambertian materials, distant light sources, and no cast shadows,
we can fully represent the geometry and color of an image using a normal image
and an albedo image. The normal encodes the local geometry information, and
together with the incident illumination, it can be used to generate a shading
image. The albedo encodes the local color and texture. The decomposition into
shading and albedo is typically not unique, as we can potentially explain texture
changes through normal changes. This is where the AlbeNorm module comes
into play: to prevent shading from ‘leaking’ into texture and the albedo gradients
from being explained as geometry change, we use the module to decouple the two
components. Unlike [2], we resolve the scale ambiguity with the known lighting.

The AlbeNorm module uses a CNN to predict albedo and normal images.
The inputs to this module are a segmented human image [11, 35] and the incident
illumination represented as Spherical Harmonics [36]. Knowing the lighting in-
formation, we omit the scene background and process the masked human region.
Concretely, let Ap and Ag be the predicted and ground truth albedo images, Np

and Ng be the predicted and ground truth normal images, and M the human
mask, respectively. Then, our supervised loss LAN with weights �ana and �ann is:

LAN = �ana jj(Ap �Ag) �M jj1 + �ann jj(Np �Ng) �M jj1; (1)

To faithfully recover the color and texture for rendering applications, the
albedo and normal should be consistent. In other words, the image synthesized
using the albedo and normal should match the original image. However, as shown
in Fig. 3, due to the domain gap between real and synthetic data, the synthesized
image (g) does not have a similar appearance as the original one (a). Another way
to obtain consistent albedo is to use the normal Np and the input illumination to
estimate the shading [36] (c), and estimate the albedo (e) by dividing the image
(a) by this normal estimated shading. This albedo (e) is consistent with the
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Fig. 4. Texture Generation Module (TexGen). TexGen selects K albedo images
and converts them into partial textures. A coarse full texture is constructed by
averaging the partial textures with weights. The texture is then refined by a CNN
optimized from scratch for each video. The supervision comes from rasterizing
the texture to the image space and comparing it with the input albedo images.

estimated normal Np, and thus has the correct color and global scale. Yet it does
not have a “flat” appearance, which means there is residual shading information
included due to incorrectly estimated normals. The estimated albedo Ap in (d)
on the other hand correctly factored out the shading, but is not consistent with
the normal image. To consolidate the two estimates, we modify (d) by taking
the color and scale from (e), to obtain an albedo (f) which is consistent with the
normal image and at the same time has a “flat” appearance.

Concretely, let I be the per-pixel intensity of R,G,B channels: I = (R +
G + B)=3, and med(I) be the median intensity within human mask. We first
take the color from (e) as R0 = Id=Ie � Re and globally scale it to (e) as R =
med(Ie)=med(I 0)�R0. B and G are obtained similarly. The resulting albedo (f)
is consistent with the normal image (b) and the newly synthesized image (h)
better matches the original image (a).

3.2 Texture Generation

TexGen is used to encode and refine the person texture. Inspired by TNA [42],
the texture is obtained by optimizing the photometric loss between rendered
images and the original ones. We propose to (1) use albedo instead of the original
image to prevent shading leaking into texture, (2) select keyframes to mitigate
geometric misalignment, and (3) use a CNN to parameterize the texture to
reduce noise and artifacts. We assume the availability of MeshRef (Sec. 3.3)
pre-trained on synthetic data. Fig. 4 shows the TexGen pipeline.

UV Mapping. We follow the common practice in graphics where texture is
stored using a UV map [7]. This map unwraps a mesh into 2D space, called UV
space. Each pixel t = (u; v) in UV space corresponds to a point v on the mesh,
and thus maps to a pixel p = (x2D; y2D) in the image via projection. Therefore,
we can sample image features and convert them into UV space. For example, we
can convert an albedo image into a partial texture via sampling and masking
with visibility. See supplementary material for details.
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(a) Ours

(b) Albedo image (c) Neural Avatar [42] (d) Not train on albedo

(e) No frame selection (f) Texture stack (g) Our full method

Fig. 5. Rasterized albedo using generated texture. (b) is the albedo from Al-
beNorm, which can be seen as “ground truth”. Training on the original image
rather than albedo (d) causes the texture to include shading. No frame selection
(e) makes the result blurry. Using a texture stack instead of a CNN (f) creates
a noisy face. (c) is TNA [42] (trained on original images using a texture stack,
without frame selection). These issues are addressed by our full method (a)(g).

Key Frame Selection. We aim to extract a sharp texture from a short video
sequence. Inherently, this is difficult because of misalignments. We aim to ad-
dress these issues through selection of a few, particularly well suited frames for
this task. Our selection should cover the whole body using a small number (K)
of albedo frames based on the visibility of the partial texture image. More con-
cretely, let Vi be the visibility UV map for the i-th selected frame and V0 be the
visibility map of the rest pose mesh. Since most salient parts (e.g., faces) are
visible in the rest pose, we first select the frame closest to the rest pose by mini-
mizing jjV1�V0jj1. We then greedily add the i-th frame by maximizing the total
visibility jjmaxi

j=1 Vj jj1, until K frames are selected. We also assign a sampling

frequency weight of Wi = 1=K + wi=
PK

i=1 wi, where wi = jjVi �maxi�1
j=1 Vj jj1,

to every i-th frame. These weights bias the training to more visible frames and
speed up the convergence. In practice, we add two adjacent frames with w = wi=2
of the i-th frame for denoising. Fig. 5 shows the benefit of our selection scheme
which leads to more detailed and accurate reconstructions.

Texture Re�nement CNN. From the key albedo frames, we generate partial
textures and obtain a coarse texture using a weighted average, where the weight
is wiVi. The coarse texture is processed by a CNN for generating a fine texture,
using a deep image prior [48] for denoising and artifact removal (see faces in Fig. 5
(f) and (g) for the benefit of our CNN-based texture paramaterization over the
texture stack of TNA [42]). The loss comes from rasterizing the texture to the
image space and comparing it with the selected albedo images. The gradients
are also back-propagated to the mesh and thus MeshRef for a better alignment.
This mesh adjustment scheme is a crucial component of the TexGen module.

Concretely, let R be the albedo image rasterized using SoftRas [27], A be the
albedo image from AlbeNorm, andM be the human mask from segmentation [11,
35]. We use an L1 photometric loss and a perceptual loss [19] to compare R and
A within M . We further regularize the mesh deformation by an L1 loss between


