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Abstract—We present a lightweight system for reconstructing human geometry and appearance from sparse flashlight images. Our
system produces detailed geometry including garment wrinkles and surface reflectance, which are exportable for direct rendering and
relighting in traditional graphics pipelines. By capturing multi-view flashlight images using a consumer camera equipped with an
co-located LED (e.g., a cell phone), we obtain view-specific shading cues that aid in the determination of surface orientation and help
disambiguate between shading and material. To enable the reconstruction of geometry and appearance from sparse-view flashlight
images, we integrate a pre-trained model into a differentiable physics-based rendering framework. As the learned image features from
synthetic data cannot accurately reflect the shading features on real images, which is crucial for the high-quality reconstruction of
geometry details and appearance, we propose to jointly optimize the image feature extractor with two MLPs for SDF and BRDF
prediction using the differentiable physics-based rendering. Compared with existing methods for relightable human reconstruction, our
system is able to produce high-fidelity 3D human models with more accurate geometry and appearance under the same condition. Our
code and data are available at http://github.com/Jarvisss/Relightable_human_recon.

Index Terms—Human reconstruction, human relighting, neural implicit field, sparse view reconstruction.

1 INTRODUCTION

HE reconstruction of the human body from images has

been a longstanding problem in the fields of computer
vision and graphics. It has a wide range of applications
in the film industry, gaming, and virtual reality, allowing
individuals to be displayed in virtual worlds. High-fidelity
reconstruction often requires sophisticated hardware, such
as commercially available body scanners. Additionally, sur-
face materials can be obtained through traditional photo-
metric stereo strategy [1], such as a light stage with pro-
grammable lights and dense synchronized cameras [2], [3],
[4]. However, these equipment pieces are often too complex
to use and prohibitively expensive, which hinders their
widespread adoption in consumer-level applications.

Recently, the rapid advancements in deep learning have
led to a growing number of studies employing data-driven
approaches for human reconstruction [5], [6], [7], [8], [9],
[10]. These methods learn strong priors from human scan
data and thus minimize the requirement for sophisticated
capture hardware to sparse or single cameras. The recent
work [11] demonstrates the novel capability to reconstruct
relightable humans from a single image by simultaneously
predicting light, albedo, and geometry. However, single-
view methods struggle to produce detailed full-body re-
constructions. Hence, to balance the complexity of capture
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and the coverage of views, leveraging sparse views has
emerged as a promising and increasingly researched direc-
tion. The prevalent approach involves extracting features
from input images and subsequently projecting 3D points to
each view to sample the features in a pixel-aligned manner.
The sampled multi-view features are fused by different
strategies, e.g. mean pooling [5], [12], self-attention [13], [14],
[15], and visibility [8]. The fused feature is further sent to
Multi-Layer Perceptrons (MLPs) to reason the geometry and
color. The sparse setting allows the network to model the
contribution of each view to the final reconstruction, but
there is no guarantee that the raw output produced by the
trained neural network accurately represents the human. It
is mainly because the networks are trained with the super-
vision from synthetic data (i.e., modeled or scanned human
data rendered with different light conditions [16], [17]). Due
to the inherent domain gap between the synthetic data and
real data, the results of these learning-based methods could
inevitably contain non-neglectable artifacts such as broken
limbs, or incorrect colors when the input real images are far
from the training data distribution (see the first column in
Fig. 3 for example).

Another active area of research on 3D reconstruction
involves performing per-scene optimization and modeling
each scene by neural implicit fields. Popular optimization-
based approaches include volume-based rendering of radi-
ance fields [15], [18], [19], [20] and surface-based rendering
of signed distance fields [21], [22]. The methods mentioned
have shown considerable success in view synthesis and
shape reconstruction. However, the lighting and shadow
effects are baked into the reconstruction result, limiting their
realism in novel environments. Several methods [23], [24],
[25], [26], [27], [28] incorporate physics-based rendering into
the radiance field or SDF to decouple the shape, material,
and lighting. IRON [29] introduces an optimization scheme
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with flashlight images as input for improved performance.
WildLight [30] further proposes to utilize additional flash-
light images to reason the object materials in the wild.
However, a common drawback of these relighting methods
is their time-consuming nature (e.g. =~ 10 hours for a single
scene optimization), primarily due to the requirement for
per-scene optimization on the densely captured images.

In this paper, our aim is to develop a user-friendly sys-
tem that creates high-quality relightable full-body human
assets using consumer devices. The system requires address-
ing the following challenges. Firstly, to produce realistic
relighting effects, we need to recover both the geometry
details, such as garment wrinkles and the associate material
maps, which is non-trivial. Secondly, the system should be
capable of producing results within a user-affordable time
(i.e., within 10 minutes), so that ordinary users do not have
to wait a long time to get their digital models.

To address these challenges, we establish a system that
uses a consumer camera equipped with an LED (e.g., a
cellphone) to reconstruct a high-quality relightable human
model with decoupled rich geometry details and high-
fidelity appearances. The system takes sparse-view flash-
light images as input and outputs the geometry and material
of the subject. The camera and flashlight can be safely
treated as co-located as in [29], [31], [32], so the flashlight
as a single point light source provides view-specific shading
cues that aid in the determination of surface orientation
and help disambiguate between shading and material. To
enable the disentanglement and reconstruction of geometry
and appearance from sparse flashlight images, we propose
a hybrid method that integrates the learning-based method
and optimization-based method into a unified framework.
The key observation is, though learning-based methods
have the domain-gap problem yielding artifacts, these ar-
tifacts are generally local, like broken limbs or incorrect
details. These learning-based methods (e.g. PIFu [5]) have
a good capacity to capture globally correct body shapes
and poses. By providing learning-based results as a good
starting point for the optimization, the difficulty and com-
plexity of optimization are largely reduced, as the optimiza-
tion only needs to focus on rectifying the errors of local
parts and details. Specifically, instead of directly applying
a fixed pre-trained model to supply image features to a
volume-rendering module for optimizing the geometry and
color [15], we propose to jointly optimize the pre-trained
image feature extractor with two MLPs for SDF and BRDF
prediction using the differentiable physics-based rendering.
This is because the reconstruction of geometry detail and
appearance is highly sensitive to the captured shadings in
flashlight images. The image features from the pre-trained
model using synthetic data have a domain gap to the real
image features, which cannot accurately reflect the shading
features on the real captured image, which will degrade
the reconstruction quality (see Fig. 11 for example). In
contrast, the joint optimization can effectively adapt the
image features to reflect the captured real shadings, and
more accurately predict the SDF and BRDF.

With the flashlight setup and joint optimization frame-
work, our system can reconstruct high-quality relightable
human models from sparse-view flashlight images. With
the high-fidelity shape and material, the system achieves

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Fig. 1. Given sparse view images of a person captured by a camera
with a flashlight (left), our method reconstructs detailed geometry and
materials (middle) and allows for the export of textures and relighting.
The right two columns depict renderings produced by relighting the
reconstruction using different HDR environment light maps from [33].

realistic relighting with versatile lighting effects. As only
sparse-view images are required, the computational cost is
largely reduced, making the system able to produce the
results within 10 minutes on average. We conduct extensive
experiments on public synthetic datasets and real captured
data. Both qualitative and quantitative results show that
our system consistently outperforms existing methods for
relightable human reconstruction under the same condition.

2 RELATED WORK
2.1 Detailed Human Reconstruction

Reconstructing the detailed 3D shape of a clothed human
from single or multi-view images has drawn significant
attention in research. Early works are mostly optimization-
based. Those methods often get complete 3D shape by using
videos of moving subjects [34] or incorporating auxiliary
information such as depth [35]. With the rapid progress of
deep learning, learning-based methods [5], [6], [9], [10] have
emerged for human digitization. These methods achieve
detailed clothed human digitization by leveraging pixel-
aligned features to predict an implicit occupancy field from
either a single image or multiple RGB images. Subsequently,
the marching cube algorithm [36] is employed for geometry
extraction, and vertex colors can be obtained by a color
MLP. However, significant degradation in reconstruction
quality is observed when there are substantial deviations
in body poses, camera views, and lighting conditions from
the training distribution. A set of works [7], [10] attempt to
address the problem caused by out-of-distribution poses by
incorporating a human parametric model, e.g. SMPL [37].
However, the use of SMPL itself introduces biases due to
the misalignment between the parametric model and the
clothed human body. As a result, it encounters difficulties
when modeling loose clothing and non-body objects. Some
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Fig. 2. Our system has two stages. The left part depicts the pre-training stage, points sampled over space and near the surface are projected to
each image plane to sample the feature volume in a pixel-aligned fashion. Then, the multi-view features are fused by two transformers into two
feature vectors, which are further sent to two MLPs to predict the SDF and BRDF parameters. With the globally correct body shape from the pre-
trained model and multi-view flash image observations, we design a joint optimization stage based on sphere tracing and physics-based rendering
to further optimize the whole model. This stage effectively rectifies the local errors caused by the domain gap between training and testing data and

results in detailed mesh and material reconstruction.

other works rely on extra input such as depth maps [8]
or stereo image pairs [38] to further improve the robust-
ness and enhance the details. Econ [39] presents a hybrid
method for detailed human recovery from a single view.
This method initiates the shape with the SMPL body model
and subsequently refines the surface using predicted normal
maps, where the reconstruction accuracy relies on the esti-
mation of SMPL and normals. DoubleField [15] proposes
the integration of deep learning and volume rendering-
based optimization to leverage their respective advantages.
However, their method requires sampling a set of points
around the surface along each ray for volume rendering.
This operation causes decreased performance and large
memory consumption, which leads to a limited resolution of
feature volume, which prevents them from acquiring high-
quality geometry details. In addition, their approach does
not support relighting as it lacks material reconstruction
capabilities.

2.2 Human Relighting

Relighting of humans has diverse applications in various
domains including virtual reality, augmented reality, and
digital entertainment. Research mainly focuses on several
scenarios, including 1) single image with static unknown
lighting condition [40], [41], [42], [43], [44], 2) monocular
video-based relighting with static unknown lighting condi-
tion, with a static camera and a person in front of the camera
and perform dynamic poses [45], [46], [47], and 3) multi-
view images with calibrated lights and various lighting
patterns, e.g. light-stage based methods [2], [3]. The single-
image methods manage to relight a person in an image
by learning human-specific priors from large-scale datasets,
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but are limited to relighting the input image. Video-based
approaches mainly optimize a canonical space of the human
and enable rendering in novel view, pose, and lighting.
However, the reconstruction results often fail to capture
fine details due to the highly ill-posed setting, such as the
deformed geometry in the video and unknown lighting, re-
sulting in over-smoothed reconstructions and loss of realism
[45], [46]. Different from the previous research, our work
takes a distinct way of using flashlight images captured
by a hand-held device (e.g. a cellphone) for static human
reconstruction and relighting. Our setting could achieve free
view rendering and produce more reliable relighting results
compared to the video-based methods while keeping user-
friendliness.

3 METHOD
3.1

Aiming at a user-friendly system for human geometry and
material reconstruction, we introduce an approach that uses
a consumer camera equipped with a flash to reconstruct a
high-quality relightable human model. Taking sparse-view
flashlight images {I)} of a person captured in a darkroom
as input, our model G produces the geometry as signed
distance d € R and material parameters p € R3,y € R,k €
R3 at an arbitrary point z.

d,{p,v,k} = G{Ix},x;0), (1)

where p, v, k denotes diffuse albedo, roughness, and specu-
lar albedo, respectively.

To facilitate the disentanglement and reconstruction of
geometry and appearance from sparse flashlight images, we

Overview
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first pre-train a model to extract pixel-aligned features on a
synthetic rendered human dataset, and then perform a joint
optimization of the pre-trained feature extractor and the
two MLPs for SDF and BRDF prediction using differentiable
physics-based rendering. The pre-trained model could cap-
ture globally correct body shapes and poses, which provides
a good base for optimization and significantly reduces the
complexity of optimization. However, directly applying the
features learned from synthetic data to optimize the MLPs
on real data could result in degraded reconstruction results
(see Fig. 11), because the learned features cannot accurately
reflect the shading features on real images. Therefore, we
propose to jointly optimize the feature extractor and the
MLPs in the optimization stage, producing more accurate
reconstruction.

In the following sections, we will delve into the specifics
of these two stages.

3.2 Pre-training

We initially pre-train our model using synthetic data that
contains ground truth information. The pre-training stage
allows the model to effectively learn the correspondence
between observed flashlight images and the underlying
geometry and material from synthetic datasets, enabling it
to predict globally correct SDF and initial texture on a new
scene, which eases the optimization process.

Formally, let K denote the number of input images, and
let Ij, represent the k-th input image. The model first extracts
image features Vj, from each input view k using a shared
feature extractor F.

Vk = ‘F(Ik)a (2)

Then, for a 3D point x, we project it onto each input
view k by a perspective camera model 7, and get the image
space location and depth by (Xj, z;) = mi(z). The image
feature vector is sampled by X} in a pixel-aligned way
and concatenated with the depth feature along the feature
channel to form the complete feature vector fj.

Given multi-view features at a point, there are multiple
choices to fuse them, e.g. simple average [5], input mean
and variance [48], and self-attention. Here we adopt the
self-attention mechanism [14] due to its effectiveness in
capturing geometry details from multi-view features.

Let Tgeo and Tupp be the geometry transformer and
appearance transformer, respectively. We fuse the features
from different sources with the two transformers:

fgemfapp qeO({fk}) app({fk‘}) ©)

The fused feature vectors are then mapped to the signed
distance d and the diffuse albedo p, the roughness v, and
specular albedo k by two individual MLPs Sy, and Py,.:

d= S@g (fgeo)7 (4)
PV R = PQP (fapp) (5)

Loss functions. We define our loss functions in the pre-
training stage as follows. The full loss Lot is composed
of a geometry term L4, and an appearance term Lgpy,.

Ltotal = Lgeo + Lappv (6)
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where the SDF is supervised by the geometry term L,
which consists of four terms,

Lgeo = Lsdf + MLpmi + AeLeit + AaLain (7)

where A, A¢, A\q represent the weight of the corresponding
loss terms. We adopt a binary cross-entropy loss and a
surface constraint loss to supervise the signed distance field.
Specifically, we sample N; points near the surface and in the
unit cube and use the label I; € {0, 1} for points inside or
outside the surface. We additionally sample N, points on
the surface and encourage the SDF at surface points to be
zero. Finally, we compute L4 as:

Luy = 7 E:M|+Al§:BCE di), L), (8
where ¢ denotes the sigmoid function, 7 is a learnable
parameter that controls the smoothness of the surface, and
A; denotes the relative weight that balances the two terms.

We also supervise the SDF normal n by the ground truth
normal 72 on the sampled surface points.

E:Wu

where mn is defined by the normalized gradient of the
estimated signed distance Vd/||Vd||2.

To encourage the field to present a valid SDF, following
IGR [49], we also adopt the geometric regularization loss
L, on the sampled N; space points.

i, )

n ml —

Lezk - N Z 1 - Hvd || ) (10)

=1
Additionally, we use a level set alignment loss Lgigr to

encourage a better gradient consistency over the space [50].

aln = Z Bz

where d; denotes the signed distance of the point x;, which
is the projections of the query point x; to the zero level set,
B; is an adaptive weight indicating the importance of z;,
which is given by ; = exp(—0d|d;|), where ¢ is set to 10 in
our experiments.

To calculate the appearance loss L,,,,, we follow [5] by
sampling N, points around surfaces and penalize the L,
distance between the predicted diffuse albedo and ground
truth.

Vd; - Vd;

S A B 11
Wil voR MW

Lapp = 5~ Z\pz pil. (12)

¢ i=1

3.3 Joint Optimization

Although the pre-trained model can well capture globally
correct geometry, directly applying the pre-trained model
on in-the-wild data may inevitably result in local errors
such as inaccurate geometry or materials, due to the non-
neglectable difference between synthetic rendered images
and real images in complex shading effects and the error-
prone calibration process. The features learned from the
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WildLight

Fig. 3. Qualitative comparison on the synthetic data. The geometry reconstruction results produced by our method exhibit much sharper geometry
details and preserve thin structures while containing fewer artifacts such as missing body parts or severe distortions compared to the competitors.
The diffuse albedo produced by ours contains less baked-in shadows. Please zoom in for details.

synthetic data may fail to represent the complex shading
effects in real photos. Therefore, we propose to use dif-
ferentiable physics-based rendering to jointly optimize the
whole pipeline, using the supervision from the sparse-view
flashlight images. We use sphere tracing algorithm [51] to
efficiently locate the ray-surface intersections xg. Note that
Zg is irrelevant to the network parameters. To propagate gra-
dients to the network parameters during the optimization
process, we use x instead of z( to compute the final colors.
Here, = is an approximation of xy around surfaces and
is made differentiable to network parameters © following
IDR [21] by incorporating the surface normal n:
v

T =x0 — do, (13)

n-v
where zy denotes intersection points obtained from sphere
tracing, v denotes the view direction, dy denotes the pre-
dicted signed distance at .
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Visual hull based culling. Despite the effectiveness of SDF
as the implicit representation, a valid signed distance field
is required to perform accurate sphere tracing. Therefore,
it is crucial to properly initialize the neural network, such
that the initial field approximates a signed distance field. A
common practice in previous works [19], [21], [29] is to ap-
proximate the SDF of a unit sphere by properly initializing
the MLP weights [52]. Then, they perform sphere tracing
starting from the ray-sphere intersections. However, it is
unsuitable in our case, as we observe that the neural fields
directly predicted by the pre-trained network may not be
a perfect SDF, particularly in the free space far away from
the human body, due to a lack of supervision in the pre-
training. In such cases, rays may pass through some thin
structures or encounter undesired surfaces due to the wrong
SDF value at the previous ray marching step, resulting in
unstable optimization. In contrast, we observe that the SDF
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Fig. 4. Comparison of the reconstructed diffuse albedo. Our method
recovers more accurate albedo with less baked-in shading.

predictions near the surface could be much more reliable.
Based on the observations, given multi-view foreground
masks M}, we utilize the visual hull technique to mask
out most of the empty regions to improve the speed and
robustness of sphere tracing. Specifically, we first perform
dilation operations on the masks and construct a dilated
visual hull that safely contains the subject. Then, we pre-
compute the front and back intersections of each ray with
the dilated visual hull before optimization. In this way,
we could perform sphere tracing from the front and back
intersection of the visual hull, which both stabilizes the
optimization process and reduces the computation cost.
Physics-based surface rendering. Given a surface location
2 determined by sphere tracing, we query the BRDF MLP
to get the BRDF parameters and calculate shading by the
rendering equation [53]. Mathematically, we compute the
outgoing radiance L, by:

Lo(wo, x / Li(w;, @) fr(wiy wo, ) (w; - n)dw;,  (14)
where L;, w,,w;,n, fr represent incident light, view direc-
tion, light direction, surface normal, and BRDF, respectively.

With the co-located flashlight and camera, the light di-
rection w; is aligned with the view direction w,. We assume
there is only one point light source and neglect the global
illumination effect. Therefore, we could remove the costly

integral on the hemisphere and use the simplified version
of (14) as:

Lo(woa {E) ~ Li(wi7x)fr(wivwiv$)(wi : ’I’L)7 (15)

where the flashlight is modeled as a near field white point
light source similar to the approach described in [29], [31]:

L

Li(wi,x) = W’
2

(16)
where L represents the light intensity which is modeled by
a single learnable scalar tensor in each scene and o refers to
the location of the light source.

As for the BRDF term f,, we use the microfacet model
[54] to represent the complex lighting effects in real data,
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Fig. 5. Qualitative comparison on real captured data. The leftmost
column shows the reference image, the middle columns show the recon-
structed images and geometry, and the right 4 columns show the diffuse
albedo, roughness, specular albedo, and specular shading, respectively.
Our method yields more geometry details than the competitors while
recovering diffuse albedo with less shading baked in and better specular
maps. Zoom in for better details.

and a simple Lambertian BRDF is used on the synthetic
data, due to the absence of specular maps in public avail-
able human scan dataset. The parameters required for the
rendering model are encoded in different output channels
of Py, . Please refer to the supplementary materials for more
details about the reflectance model.

The total loss at the optimization stage could be written
as follows:

L.+ )\mLmask: + AeLeilc + )\aLaln + )\TLS]) + /\thmt7
17)
where A\, Ae, Ag; Ar, Ar Tepresent the weight of the corre-
sponding loss terms, respectively. Let () be the mini-batch
pixels sampled at each iteration and C,, O, be the RGB and
mask values corresponding to a pixel ¢ € Q. Let Q™ be
the subset of () where intersections z, have been found and
O, = 1, and Q°*! be the subset of () where no intersections
have been found or O, = 0. The color loss is defined as:

1 N
L.=— Cqy—C
|Q‘ Z | ) Q|

quin

Ltotal =

(18)

, where C, denotes the color computed by Eq. 15 at the
intersection point x,.
The mask loss is defined as:

> BCE($

quout

dq); Oq);  (19)

Lmask

TIQI

where 7 is the learnable parameter inherited from the pre-
training stage.
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SV-PIFu

Input Images

Fig. 6. Qualitative comparisons with SV-PIFu. Taking the same set of
sparse view images as input, our approach reconstructs high-fidelity
meshes with better geometry details and fewer artifacts.

The formulation of L.;; and L, are identical to the
ones defined in the pre-training stage, except that they are
calculated on the intersection points and uniformly sampled
points inside the unit cube.

Due to the ill-posed setting of joint optimization of
geometry and BRDF from sparse view, inspired by [45], we
also adopt a sparsity loss L, and a smoothness loss Lg,¢
to encourage the global sparsity and local smoothness of
diffuse albedo.

The sparsity loss and smooth loss are defined as:

L, = gaussian_entrophy(p(z,)) (20)
1
Lsmt = 0 Z Ip(xq) — p(zq + €)| (21)

quin

where gaussian_entrophy(p(z,)) is the entropy of the
Gaussian distribution of the continuous diffuse albedo field
as in [45], and € is a 3D perturbation sampled from a
Gaussian distribution € ~ N (y,0?) with 4 = 0,0 = 0.01
in all experiments.

Once the optimization procedure converges, we can get
the signed distance and appearance at any 3D location by
querying the network. We use the marching cubes algorithm
[36] to extract the final mesh and generate UV maps using
Blender [55].

4 EXPERIMENTS
4.1 Dataset

Synthetic Data. We use two public available high quality
human scan dataset Thuman2.0 [56] as well as the Cus-
tomHuman Dataset [57] as benchmark to evaluate differ-
ent methods. The Thuman2.0 dataset comprises 526 high-
quality human scans of individuals, and the CustomHu-
mans dataset has 643 scans, both encompassing a wide
range of identities, outfits, and body poses. Our model is
pre-trained using 290 human scan models from the Thu-
man?2.0 dataset, following the train/test split introduced by
[9], [58]. For each sample scan in the dataset, we use the
Lambertian BRDF to render the images, due to the absence
of specular maps in the dataset. Note that we treat the tex-
ture maps as the pseudo albedo maps for pre-training, as the
true albedo maps are not available. We put a point light at
the camera position as the only light source while rendering.
We use a perspective camera model to render 60 images
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TABLE 1
Quantitative comparison with SOTA methods on using 12 views on
different datasets. Ours-fix denotes the variant of our method that
keeps the image features fixed during optimization.

Data | Method | CDJ] | NCT | PSNRT | SSIMT | LPIPS]

IDR 3.556 | 0.926 28.786 0.974 0.0422

Neus 5711 | 0.894 | 28.976 0.965 0.0578

Thu IRON 4.859 | 0.903 31.703 0.978 0.0215

[56] Wild 7.354 | 0.864 27.257 0.978 0.0270
SV-PIFu | 4.954 | 0.895 - - -

PIFut 7.728 | 0.909 | 27.382 0.959 0.0324

Ours-fix | 4.718 | 0.921 31.573 0.976 0.0216

Ours 1.944 | 0.950 35.373 0.989 0.0134

IDR 3.419 | 0.950 24.730 0.977 0.0393

Neus 3484 | 0942 | 26.662 0.981 0.0356

Cus IRON 2.769 | 0.949 29.699 0.989 0.0140

[57] Wild 4524 | 0918 27.043 0.986 0.0182
SV-PIFu | 6.255 | 0.899 - - -

PIFut 8.806 | 0906 | 20.618 0.950 0.0428

Ours-fix | 4.180 | 0.936 | 27.500 0.981 0.0188

Ours 1.555 | 0.970 32.337 0.993 0.0096

IDR - - 28.848 0.898 0.1202

Neus - - 29.292 0.879 0.1216

Real IRON - - 29.728 0.894 0.0718

Wild - - 29.606 0914 0.0896

PIFu™t - - 24.297 0.821 0.0986

Ours-fix - - 29.364 0.883 0.0879

Ours - - 31.019 0.915 0.0503

with associate alpha masks from 360° in the yaw axis with
a step of 6°, each performing random augmentations on
the view angle and the camera position to simulate the real
capturing scenario. The resolution of the rendered images is
512 x 512.

Real Data. We capture the real images of 6 volunteers in
various poses and outfits in a dark environment using a
camera equipped with an LED light source. Before cap-
turing, we ask the participants to try to stay still without
movements. Then, we move around the person to record a
video with flash on and use Colmap [59], [60] to estimate
the camera poses, which are further normalized so that the
person is roughly located inside a unit sphere as in [29].
Finally, we uniformly sample frames from the video to form
our target image set and use the off-the-shelf segmentation
method [61] to obtain the foreground masks.

4.2 Training Details

Pre-training. To reduce the time consumption of loading
and sampling mesh at training time, we pre-sample the
points ahead of training. Specifically, we sample 200,000
points on each mesh’s surface and add random perturba-
tions with a standard deviation o = 5cm, and we sample
another 50000 points uniformly in the unit cube to get a
total of 250,000 points in space. We set label 0 for points
inside the surface and 1 for outside ones. Besides, we sample
200, 000 points on the surface and obtain the surface normal.
At each training iteration, we randomly pick 4 views from
the 60 rendered images of one subject as input, and we
randomly draw NN; = 5000 and N, = 5000 points from
the pre-sampled points to predict the SDF and calculate the
geometry loss Lg.,. We utilize the Adam optimizer [62] and
set the learning rate to be 1e — 4 and we set the loss weights
as A, = 0.1, \; = 0.2, A, = 0.01, \¢ = 0.1, respectively. All
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Fig. 7. Input image number evaluation. We experiment with different image numbers from 4 to 12 on the Thuman2.0 dataset. We find that our model
significantly outperforms all the baseline methods for every metric across different numbers of views.

Fig. 8. Our reconstructed human mesh could be relit in various lighting
conditions. The left two columns illustrate the relighting results with
different point light locations. The right column shows the relighting re-
sults under different HDR environments. Our method produces realistic
relighting results thanks to the detailed geometry and material.

network components are trained end-to-end for a day using
a single NVIDIA RTX3090 GPU with 24G memory.

Joint optimization. With the pre-trained model, we joint
optimize the model with sparse flash images on both syn-
thetic and real data. We randomly sample 1024 rays from
pixels inside the dilated mask from all the images. Due
to the absence of specular textures in the existing human
scan dataset, we optimize the surface albedo (the first three
output channels of Pg ) using the Lambertian BRDF model.
For real data, we jointly optimize the diffuse and specular
components using the microfacet model. In both cases, we
employ the Adam optimizer with a learning rate of 1e — 4
which exponentially decays to le — 5 in 1000 iterations.

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

The loss weights are set as A,, = 100,A. = 0.1,\, =
0.01, A, = 0.001, A\; = 0.01, respectively. We perform joint
optimization for ~1000 iterations which takes 10 minutes on
average.

4.3 Metrics

We quantitatively evaluate the accuracy of our reconstruc-
tion using two geometry-related metrics (Chamfer dis-
tance(CD) and normal consistency(NC)) and three image-
related metrics(PSNR, LPIPS, and SSIM). The Chamfer dis-
tance measures the global distance between point clouds,
normal consistency is adopted to better reveal the quality of
the geometry details. The three image-related metrics mea-
sures image quality and perceptual correctness of relighting
and novel view synthesis tasks. The geometry metrics are
reported on synthetic data only and the image metrics are
reported on both synthetic and real data.

4.4 Results and Comparisons

Competing Methods. We choose four popular optimization-
based methods NeuS [19], IDR [21], IRON [29], Wild-
Light [30] and two learning based methods SV-PIFu [13] and
PIFu™ to compare with. SV-PIFu is a SOTA learning-based
human reconstruction method that takes sparse views as
input and fuses multi-view features with a transformer. As
the original PIFu [5] can not reconstruct BRDF, we imple-
ment PIFu™ by adding an MLP to predict the BRDF param-
eters. IDR is a pioneering work that reconstructs geometry
and view-dependent appearance by a neural implicit field
from multi-view images and the associate masks. NeuS is
a popular framework after IDR that combines SDF and the
volume rendering technique to recover the geometry and
view-dependent appearance. IRON is an inverse rendering
method that builds upon NeuS and IDR. It serves as a strong
baseline that leverages the flashlight setting for geometry
and BRDF reconstruction. We also compare our method
with a recent work WildLight that performs shape and
material reconstruction aided by flashlight. Note that their
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albedo

4 of 12 images

geometry error

Fig. 9. Ablation of flashlight. The upper part shows the optimized ge-
ometry and color using images captured under constant lighting. The
lower part shows the geometry optimized from images with the same
camera views but captured using flashlight. The last column visualizes
the geometry error by point-to-mesh distance. As can be viewed from
the figure, the flashlight not only helps to recover the albedo but also
enhances the geometry details.

capture setting is slightly different from ours as they also
predict ambient lighting. For a fair comparison, we use
the same images captured in a darkroom for WildLight.
We retrain all the compared methods on our dataset and
feed the foreground masks to all the competitors for a fair
comparison.

Quantitative Results. We randomly select 20 models from
the test set of the Thuman2.0 dataset and CustomHuman
dataset and capture 6 real models to perform quantitative
comparisons. The metrics are reported in Table 1. Our model
produces the most accurate 3D geometry across all the
competitors, as indicated by the smallest Chamfer Distance
among all the methods. Furthermore, our approach obtains
the best geometry details, i.e. surface normal, as can be
proved by the highest normal consistency. Besides, our
approach achieves the best score on the novel view synthesis
task with light co-located at the camera position. This is
mainly attributed to the better decoupling of shape and
appearance by our pipeline. Note though our approach
maintains a leading position among the competitors, we
get a lower score of image metrics on the real captured
data. We attribute this to the complexity of the real cap-
turing scenario that fails to meet our assumptions, such as
imperfect camera calibration, non-ideal point light source,
and complex lighting effects such as subsurface scattering
and global illumination.

Qualitative Results. We provide qualitative comparisons
on the reconstruction quality of synthetic data in Fig. 3,
Fig. 6, and real data in Fig. 5. Thanks to the physics-based
optimization stage which addresses the local errors by joint
optimizing the feature extractor, our method significantly
outperforms the learning-based method PIFu™ by the ro-
bustness of reconstruction, see the missing fingers and the
broken arms of results by PIFu in the first column of Fig. 3.
Compared to SV-PIFu, meshes recovered by our approach
exhibit fewer artifacts and more fine-grained details, e.g.
human faces and garment wrinkles in Fig. 6. Meanwhile,
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Fig. 10. Ablation of pre-training. Each group is represented by three
columns, showing the rendered image, albedo, and normal. The variant
without pre-training yields less detailed reconstructions.

>

fix feature Ours
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Fig. 11. Results directly obtained from the pre-trained model could
contain artifacts, such as broken arms, twisted geometry, or inaccurate
wrinkles, due to the train/test domain gap. The errors could be partially
solved by fixing the image features and optimizing the transformers and
MLPs, however, there are still artifacts on the local details. The joint
optimization of the feature extractor successfully rectifies these artifacts.

Our method consistently produces sharper geometry details
and more correct global structures compared to IDR, NeuS,
and IRON. Note how the thin structures (e.g., fingers of
the man standing in T-pose), garment wrinkles (e.g., the
detailed wrinkles on the girl’s coat), and facial geometry are
successfully reconstructed in Fig. 3, while the competitors
fail to reconstruct correctly. In addition, our method faith-
fully reconstructs high quality albedos, with less baked-in
shading compared to IRON, as shown in Fig. 4 and Fig. 5.
WildLight could recover sharp geometry but exhibits severe
artifacts in local regions, such as the dent regions in the
man’s clothing and stretched faces of the girl, as seen in
Fig. 3. The superior reconstruction quality is also verified by
the comparison of real data shown in Fig. 5. Our model
well captures the shading cues from multiple flashlight
images and consistently outputs more detailed geometry
and better materials than the others. Note how the details
of the man’s backpack, the wrinkles on the blue shirt of
the woman, and the facial geometry are reconstructed with
high fidelity. Additional relighting results of our method in
diverse lighting conditions are shown in Fig. 8. Our method
is able to produce realistic relighting results under various
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Input images ours

Fig. 12. Ablation of fusion methods, each group shows the reconstructed
result and its geometric error. The baseline that fuses with averaging
yields over-smoothed reconstructions compared with the transformer-
based fusion.

TABLE 2
Quantitative comparison on the average reconstruction time of different
methods on synthetic data.

NeuS
~10h

IRON
~8h

Ours
10min

Method
Time

IDR
~2h

WildLight
~7h

lighting conditions. Please refer to the companion video for
more visualizations.

Time efficiency. We also analyze the reconstruction time
of different optimization methods. We run each method
using 12 views on 20 models randomly drawn from the
Thuman2.0 and CustomHuman datasets and take the av-
erage time of reaching the same geometry accuracy. Thanks
to the good starting point from pre-training, our method
could produce detailed results in 10 minutes on average.
IDR and NeusS both start optimization from an SDF that ap-
proximates the unit sphere by the initialization of MLPs [52].
Note that IDR is ~4 times faster than NeuS, this is mainly
due to the reduced computation cost of sphere tracing than
the volume rendering with much fewer query points. IRON
relies on a warm-up initialization from NeuS which takes
an average of 4 hours, and the subsequent physics-based in-
verse rendering takes another 4 hours on average. WildLight
takes around 7 hours as it performs volume rendering based
on NeuS. All the experiments are performed on a single
NVIDIA RTX 3090 GPU with 24G memory.

4.5 Ablations

Ablation of light. We evaluate the role of light in our
pipeline by replacing the flashlights with constant envi-
ronmental lighting. The experiment is conducted on the
synthetic data to ensure the same camera poses and subjects
except for lighting conditions. Instead of predicting BRDFs
and calculating color by the physics-based renderer as in
Eq. 14, we let the albedo predictor predict the color at point
2 and jointly optimize the geometry and color. The flashlight
images provide view-dependent shading cues and facilitate
geometry reasoning, therefore enhancing the accuracy, see
the detailed wrinkles and the lower error in Fig. 9. In
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Fig. 13. We present different optimization results using 4,6,8, and 12
input views to demonstrate the impact of the number of views. With
only 4 views, the optimization produces inferior results due to overfitting.
When the input view number increases to 6, our model is able to
generate relatively better results but with some local artifacts due to
limited views in the local areas. Using 12 views as input achieves the
highest accuracy in reconstructed geometry and albedo.

contrast, under static environment lighting, there is no way
to decouple the shading and albedo, therefore, the model
without flash images input produces light-entangled albedo
and generates worse geometry.

Ablation of pre-training. We evaluate the importance of
the pre-training stage by removing the learned image fea-
tures and feeding the positional encoding of point location
instead of depth. Instead of initializing SDF using a pre-
trained model, we adopt the initialization method [52] in
this experiment. Without pre-trained features on synthetic
data, the optimization lacks a good start point, thereby
getting degraded results and producing over-smoothed ge-

ometry and appearance, as shown in Fig. 10.

Ablation of image numbers. We evaluate the effect of the
number of images on the performance of our method. We
optimize our model using 4,6,8,12 images on synthetic data.
With only 4 views, the op-
timization tends to over- =
fit due to insufficient con- ///_F
straints, achieving an al- /
most zero rendering loss
from each view by pre- =
dicting a surface field that
forms a visual hull, with
each surface point colored
according to the RGB value
of the corresponding pixel
in the input image. As
shown in Fig 14, the PSNR
on training views continues to improve but declines on
test views with further optimization. The overfitting issue
diminishes as the number of images increases, as shown

1 3 5 7 9 1113 15 17 19 21 23 25 27 29

——train test

Fig. 14. PSNR on training and test-
ing data when optimizing using only
4 views.The horizontal axis repre-
sents the number of iterations(x 10).



This article has been accepted for publication in IEEE Transactions on Visualization and Computer Graphics. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2024.3450591

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS

in Fig. 13, due to the additional constraints imposed on
the field. The quantitative results can be viewed in Fig. 7,
our method consistently outperforms the baselines on both
geometry and appearance.

Ablation of optimization. We evaluate the effect of op-
timization in the pipeline by ablating the optimization
scheme in two ways: 1) simply remove the optimization
process and directly predict the fields (w/o optimize). 2)
fix the feature extractor and optimize the other network
components (ours-fix). The results can be found in Fig. 11
and Table. 1. As can be seen in the figure, the reconstruction
result from a single forward pass of the pre-trained model
without optimization contains local artifacts, such as the
missing hand and distortions in the clothes in row 1, mainly
due to the diversity in testing data that can not be fully
covered by training data. If we fix the feature extractor and
only optimize the MLPs and transformers, the results are
still unsatisfactory, e.g. the distorted arms of the woman and
the wrongly predicted geometry of the man, as shown in the
third column of Fig. 11. With the proposed approach that
jointly optimizes the feature extractor, the features could
be quickly adapted to the new data, thus the issues are
mitigated.

Ablation of fusion methods. We also evaluate the effect of
the transformer-based fusion by comparing it with average-
based fusion. A visual comparison of these two approaches
can be viewed in Fig. 12. When features are averaged, a
degradation in geometry details can be observed in the
reconstruction results compared to transformer-based fu-
sion. This is expected as the averaging operation does not
consider the relative importance among views, leading to a
loss of variance in features.

5 LIMITATIONS

The primary limitation of our study lies in the assumption of
a dark environment with no other light sources. It would be
challenging to combine flashlights in a normal environment
in relightable human reconstruction, and we leave this as
a future work. Another limitation lies in the assumption
of a static scene during the capture, which restricts the
person from moving during the capturing process. This
constraint could be loosened if we manage to accelerate the
capturing process, for example, one could use sparse pre-
calibrated high-speed cameras and lights (e.g. DSLR rigs
equipped with synchronized flashes) instead of capturing
a video with a single camera, which sacrifices the usability
for ordinary users, but still cheaper than the traditional light
stages. In the future, we hope to address the movements
by reconstructing a canonical space and adding a per-view
residual motion field to fit the scene observation. Besides,
our method relies on accurate foreground masks to perform
optimization in the second stage. Failures in the camera pose
estimation process could also lead to blurry artifacts in the
reconstructed mesh. This issue could be alleviated by care-
fully placing objects with rich textures in the background to
improve the accuracy of camera pose estimation.

6 CONCLUSION

This paper proposes a system for human detailed shape and
intrinsic appearance reconstruction from images captured
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with a consumer camera with a co-located light. Our system
achieves realistic relighting by effectively decoupling and
recovering the body geometry and underlying material,
with the help of shading cues from multi-view flashlight
images. By integrating a pre-trained model in a differen-
tiable physics-based rendering framework and performing
a joint optimization, we achieve sparse-view reconstruction
at a low computation cost on test data. The system has
been verified on two synthetic human scan datasets and
a real dataset captured in a darkroom. We believe our
method provides a promising direction for high-quality hu-
man reconstruction with consumer-level devices. It's worth
noting that there is a risk of misuse of our method, such as
creating non-consensual 3D models or deepfakes. We firmly
condemn any misuse of our work, especially when it results
in the spread of false information or harms individuals’
reputations.
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