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Abstract

Fine-detailed reconstructions are in high demand in
many applications. However, most of the existing RGB-
D reconstruction methods rely on pre-calculated accu-
rate camera poses to recover the detailed surface geom-
etry, where the representation of a surface needs to be
adapted when optimizing different quantities. In this pa-
per, we present a novel multi-view RGB-D based recon-
struction method that tackles camera pose, lighting, albedo,
and surface normal estimation via the utilization of a gra-
dient signed distance field (gradient-SDF). The proposed
method formulates the image rendering process using spe-
cific physically-based model(s) and optimizes the surface’s
quantities on the actual surface using its volumetric repre-
sentation, as opposed to other works which estimate sur-
face quantities only near the actual surface. To validate our
method, we investigate two physically-based image forma-
tion models for natural light and point light source applica-
tions. The experimental results on synthetic and real-world
datasets demonstrate that the proposed method can recover
high-quality geometry of the surface more faithfully than the
state-of-the-art and further improves the accuracy of esti-
mated camera poses".

1. Introduction

Detailed surface reconstruction from 2D images and
depth is a challenging topic in computer vision, with in-
creased attention in recent years. It is required to not only
reconstruct the rough shape of an object but also to recover
the rich texture and fine geometric details of the surface.
The reconstructed results can be used in many applications,
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Figure 1. First row: one example input RGB image [45] and the
initial reconstruction with zoomed-in detail texture. Second row:
estimated albedo, refined reconstruction with zoom-in detail tex-
tures of the proposed method. We jointly estimate camera pose,
surface normal, albedo and lighting to enable a fine-scaled 3D re-
construction.

such as 3D printing [10], virtual reality [14], digital me-
dia [31], etc. To recover a fully detailed 3D model, cam-
era poses and surface quantities such as normal and re-
flectance (albedo) must be estimated. Instead of assuming
known camera poses and directly optimizing surface quanti-
ties only near the surface, in this paper, we propose to tackle
the surface refinement problem together with camera poses,
lighting, and albedo via utilization of gradient-SDF [38], a
volumetric representation, allowing us to optimize surface
quantities directly on the surface. In summary, we propose
the following main contributions:

e A novel formulation of physically realistic image
model(s) compatible with a volumetric representation
which enables effective optimization on actual surface
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points.

* A complete reconstruction pipeline with the capabil-
ity of camera pose, geometry refinement, albedo and
lighting estimation.

* A method that enables camera pose refinement while
taking the lighting condition into account.

* A method that deals with natural and point light source
scenarios in an uncalibrated setting which are conve-
nient to adopt in real applications.

Moreover, extensive examination of our approach on both
synthetic and real-world datasets demonstrates that it can
perform high-quality reconstruction of fine-scaled geome-
try, albedo, lighting, and camera tracking.

2. Background and Related work

Two critical problems must be considered when recover-
ing a 3D model: the choice of surface representation and the
underlying image formation model together with its inverse
rendering techniques.

A surface is a 2D manifold and the surface representa-
tion strategy is how to discretize, store and update the con-
tinuous surface. It can mainly be divided into two cate-
gories, explicit representation and implicit representation.
The explicit representation, such as point clouds [37], sur-
fels [36], or meshes [21], store the exact surface point lo-
cations, allowing for operations on the surface point itself.
The implicit representation, such as signed distance func-
tion (SDFs) [27], volume density [24] or occupancy [29],
on the other hand, only store related properties of each unit,
e.g., the distance to the surface [25]. Different representa-
tions are appreciated by different goals. For instance, cam-
era tracking and refining, i.e., bundle adjustment, as well
as image rendering models benefit from the explicit repre-
sentation because the models are built on the actual surface.
Geometry-related reconstruction methods, such as Kinect-
Fusion [25] prefer implicit representation because a uni-
form and smooth surface can be extracted from it, while
easily allowing topological changes during optimization.
Therefore, many works alternate between two presentations
to deal with different parameters such as camera pose and
surface quantities [26, 17].

For the surface modeling, nowadays, there are different
methods for recovering a rough 3D model, such as depth
fusion-based methods [25] or RGB-image-based structure-
from-motion technique [34]. However, the reconstructed
3D model lacks desired geometry detail. To further recover
the fine-scale geometry, several strategies are applied. For
example, by improving the accuracy of the input, e.g., depth
quality [32, 13] or camera poses accuracy [36, 26]. Alter-
natively, by increasing the resolution of the chosen surface

representation, e.g., the work from Lee el at. [17] introduces
a texture map attached to each voxel and subdivides the tex-
ture map for a higher texture representation, but the geom-
etry resolution is not improved. Nevertheless, these meth-
ods do not use the underlying physical relation between the
RGB images, lighting condition, and the surface geometry.

In recent years, Photometric Stereo (PS) [41] methods
are widely applied in different research fields, such as ge-
ometry recovery [22, 8, 32] and image rendering [33, 44].
A PS model describes the physical imaging process, which
reflects the irradiance and the outgoing radiance of surfaces.
The irradiance is affected by lighting conditions, while the
radiance typically depends on the surface material and nor-
mal. Therefore, using the image formation model to formu-
late the rendering equation, the desired surface properties
such as surface normal, texture, and material can be recov-
ered [4]. However, using one single RGB image to restore
the desired quantities is an ill-posted problem [7]. To over-
come the ill-posedness, one can use several RGB images
as input [12, 22, 32]. Those images can be at the same
view point [28], but to recover a complete 3D model, one
needs the images from different camera positions. Existing
algorithms that use PS and RGB-D sequences to recover a
full 3D model [8, 22, 46] need pre-calculated camera poses.
These works follow the pipeline that first integrates the
depth with known camera poses to a volumetric cube, then
re-projects each voxel back to the images and minimizes the
PS energy. They archive good results; still, there are two
drawbacks. First, as Figure 2 shows, they actually evaluate
all optimization quantities at the voxel center instead of the
surface point. Even with smaller voxel sizes, this gap might
be reduced, but smaller voxel sizes limit the 3D model’s
size or introduce heavy computational overhead when the
grid size needs to be enlarged. Most works use different
regularizers to reduce the artifices caused by this gap. For
instance, re-projecting a voxel to the depth map [8, 22, 46]
to constraint the voxel distance updating, or constrainting
the total variations of reflectance [8, 22]. The second draw-
back is that most of the works rely on an independent cam-
era tracking algorithm for real-world datasets to get the ini-
tialized camera poses. These tracking algorithms either use
pure depth information [25] or assume consistent light con-
ditions across the input RGB images [26, 9, 34]. Thus, they
do not employ color information, or their assumption con-
tradicts the image formation model.

Notably, there is another class of methods: neural ren-
dering. The success of the neural rendering methods leads
to a boom of learning-based methods for image-based syn-
thesis and geometry recovery. Some neural rendering
methods also employ PS methods, but most of these ap-
proaches [43, 44] focus on view synthesis rather than geom-
etry refinement, and their inputs are only RGB images with
accurate camera poses. The work of Lin et al. [18] enables

3107



voxel center
Figure 2. Compared to modeling the surface irradiance on the
voxel center in a volumetric surface representation (left), the pro-
posed method models the scene more precisely on the actual sur-
face (right) by moving from the voxel center along the surface
normal direction.

surface point

camera pose refinement, still it does not focus on recovering
geometry details or estimating the reflectance and lighting.
The recent RGB-D neural rendering work [2] does not ap-
ply to most real-world datasets since it assumes single focal
length camera model. To the best of our knowledge, only
these two papers [42, 40] concentrate on the recovery of
the geometry and filling the gap between voxel representa-
tion and surface points representation in a slightly different
way. They propose to transfer the signed distance value to
the density of the point and then use the accumulated color
along the ray to recover a good 3D geometry, hence the sur-
face representation as points and volume are combined. Yet,
they learn each frame independently rather than explicitly
model the lighting and surface normal as PS methods, Even
so, they do not refine camera poses and have a long training
time.

In this paper, we propose a method that tackles the fine-
detailed 3D reconstruction problem together with camera
pose estimation in a complete pipeline that stays in one con-
sistent surface representation and assumption. Moreover,
we estimate the surface quantities at the actual surface and
jointly optimize camera pose after initializing the camera
pose and coarse surface volume using gradient-SDF [38].

3. Image Formation Model
3.1. Surface Reflectance

Photometric stereo techniques study the reflected light
from the surface together with the environment lighting, the
surface material, and normal based on the physical laws to
model the produced color images. It describes the outgoing
radiance of a surface point x € R? by integrating over the
upper hemisphere Si around the surface normal n € S2.
The pixel intensity that is conjugated with this point on the
image is proportional to its irradiance. The outgoing direc-
tion can be regarded as the camera view direction. There-
fore, for an image I, the color of the pixel p € R? conju-
gated with 3D point x € R3 is

I(p(x)) ~ /S p(x, 1)L (i, x) max( (i, n(x)), 0)di, (1)

2
+

where p : R3 x S? x S2 — R? is the bidirectional re-
flectance distribution (BRDF) function with 3 color chan-
nels, and L : S x R® — R3 is the incoming lighting radi-
ance from direction i € S? at point x € R3 [15]. Assuming
a constant BRDF, i.e., a Lambertian surface, (1) can be sim-
plified as

I(p(x)) = p(x) /s? L(i, x) max({i,n(x)),0)di. (2)
+

Given enough color images, the surface normal n and the
surface reflectance p can be therefore restored. The crucial
challenge is to approximate the integral over the hemisphere
reasonably. Different models are proposed to simplify the
integral to solve the equation. Here we introduce two mod-
els that deal with two application scenarios: natural lighting
and point light source illumination.

Natural Light Spherical Harmonics Model A natural
light source situation is, for example, the light source is the
sun, or when the light sources are in a distance. The light-
ing directions that reach the surface are nearly parallel, then
the environment lighting can be well modeled using Spher-
ical Harmonics (SH) functions. The integral part is approx-
imated by the sum of SH basis [4, 5].

I(p(x)) = p(x)(1,SH(n(x))), ©)

where 1 € R* is an 4-dimensional lighting vector for the
current view and SH(n(x)) € R* are the first-order SH
basis functions for a fixed n(x). The model is simply for-
mulated and still can reach relatively high accuracy with a
low order model.

Point Light Source Model Apart from the natural light,
another commonly encountered scenario is the point light
source situation, mainly when focusing on small object re-
construction. The object is usually illuminated by a point
light source, e.g., a LED light that is close to the object. The
lighting can hardly be regarded as a set of parallel lines, thus
point light source provides more changes to the object illu-
mination, which is preferred to deal with the ill-posedness
of the PS model. One widely used point light source-light
model is [19, 23, 30].

(n®,1%) )Ns max((n(x),1%),0)
112 15 ’

I(p(x)) = ¥*p(x)( )

where WU* is the light source intensity, n® is the principal
direction of the light source, and 1° is the vector pointing
from the light location to the surface point. The denomina-
tor term |[1°]|® describes the attenuation of the light intensity
when it reaches the surface point. p° > 0 is the anisotropy
parameter. Typically, when using point light source model,
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other than the fact that the model is highly non-linear and
non-convex, which makes it hard to optimize. Another chal-
lenge is that many parameters need to know or optimize,
such as light source location and principal direction. Most
works with point light source model have additional steps
to calibrate the light sources intensity, location, and princi-
pal direction [20, 30]. The work of Logothetis el at. [20]
designs a device with LED lights arranged circularly on a
board with a centered camera and switches on and off the
LED lights to capture the images in different lighting. Then
they refine a pre-generated SDF model. The work of Quéau
et al. [30] only takes RGB images as input and jointly op-
timizes the depth and reflectance. However, their output is
a single depth image and needs strictly calibrated camera
poses and light sources. In the next section, we will explain
how our proposed model works without tedious lighting cal-
ibration, thus making our approach completely uncalibrated
in the point light source and natural lighting setting.

3.2. Multi-view PS Models

To recover the complete 3D model, a sequence of RGB
images {I;}; for i € Z are given with camera-to-world pose
pairs { R;, t; };. Denote the 3D point x warped to image I;
as x; = Rx — t;, and plugging this into (3) and (4), we
write the multi-view models residual as

r; = L(p(x;)) — p(x)M(x, X;), ®)

M.(-,-) stands for two different image formation models
and X} is the variables in the two image formation models
introduced in Section 3.1. Hence, the SH model is

Msnu(x, &) = (I;, SH(R, n(x))) . (6)

Point x, as well as its normal is transferred to the image co-
ordinates by camera pose R; and t;. Here X; = (R;,t;,1;).
For the point light source model, we propose a setup similar
to [32], i.e. attaching an LED light to the camera when cap-
turing the images, see Figure 3. Since the camera poses are
known, the light position in (4) is at the origin of the camera
coordinates, and the light source principal direction can be

Figure 3. The simple set-up we used to record the datasets, an Intel
Realsense D415 camera with an LED light attached to it.

regarded as the —z direction, i.e., we assume we have a col-
located light-camera setup for our point light source model.
The 1° in Equation (4) is then pointing from origin to the
surface point —x; under the camera coordinates. If addi-
tionally, we assume an isotropic light source, i.e., u° = 0,
the point light source model with multi-view setting reads

max((RTn(xl, —x;),0) o

Mprs(x, &) = ¥ip(x)

where X; = (R;, t;, ¥5).
3.3. Geometry and Camera Poses Initialization

Geometric and photometric error are the two error terms
that are typically utilized in camera tracking techniques.
While the photometric error evaluates the color constancy
when projecting one point to another RGB image, the geo-
metric error determines the depth displacement when warp-
ing points to another depth frame. The majority of earlier
surface refinement techniques [17, 11, 22, 8] use tracking
methods such as [35] or [26, 9], where photometric error
terms are adapted. Therefore, colors are assumed to be con-
sistent across images when initializing the camera poses,
but are assumed to be different later in the image formation
model. To avoid this inconsistency, the proposed method
initializes the SDF volume and estimated camera pose only
using depth information, then optimize the camera poses
together with surface properties taking lighting conditions
into account later. The camera pose for i-th frame is opti-
mized by aligning the point cloud with points x* from depth
1 to the global shape S by [9, 38]

; S k -~k )2
%}EE(thz) zk:wldg(sz +t:)°, 8)

where w¥ = max(min(1 + %, 1),0) is the truncated SDF
weight of points k at frame ¢, 7" is the truncated distance and
ds(x) is the distance from point x to the shape S. Please

refer [9] or supplementary material for more details.

4. Voxel Based Photometric Modeling
4.1. From Voxel to Surface

The key idea of the proposed method is describing the
explicit surface under an implicit representation, i.e., un-
der a volumetric cube. To perform all the operations on
the actual surface, we must find the corresponding sur-
face point to each voxel. To combine the advantage of
surface point representation with volumetric representation,
gradient-SDF [38] stores the signed distance 17 for each
voxel v/ for j € V, together with the distance gradient g’
of this voxel. It allows us to easily compute the surface
point x/ by moving along the gradient direction g7 with the
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voxel distance 17,
x) =vI — gyl ©)

We then can develop our model precisely on the surface
points. We will show it is not only theoretically more pre-
cise, but also leads to better quantitative results in Section 5.
To retrieve the color of a surface point in the image, we can
project the actual surface back to the image domain by

L(p(x]) =L(r(R] (v —¢'g’ —t;))), (10

where 7 : R® — R? is the projection operator that maps 3D
points to 2D pixels on the RGB image and x! is j-th point
projected on ¢-th image. The stored voxel gradient g is the
surface normal n(x) as described in [38], and I; is the i-
th color image. To recover the reflectance field (albedo) of
the surface, for each voxel we directly save the estimated
albedo of the surface point, i.e., p’ = p(v/ —ig’).

4.2. Multi-view PS Energy

We now present the multi-view volumetric-based photo-
metric stereo model. For a set of input RGB images {I; };
and a set of gradient-SDF voxels {v7};, the following en-
ergy function is minimized to recover the high-quality tex-
ture and jointly perform the bundle adjustment for camera
pose refinement.

; VTN I
{pj,sz%ﬂfl{xi}iE(p W7, &)
= Y o - p M, X))
i€, jeV
ANV 12, (11)
%

where ®(-) is a robust M-estimator [30]. We choose Cauchy
estimator ¥(x) = log(1 + i—z) The parameters o = 0.2.

v} is the visibility map of the j-th voxel in image ¢ which

we stored during camera tracking stage. Ig = Ii(p(xg )) as
described in equation (10). /\/l(xj, X;) is as stated in (7)
and (6) with point x7 is adapted from voxel v’ using (9).
For each voxel two variables p/ and v’ are optimized. Both
models have camera poses embedded; therefore, the camera
poses can also be improved by minimizing the model. Joint
optimization of camera poses and surface geometry, albedo,
and lighting is a superior choice and leads to better results,
as we will show in Section 5.

Note that we only need one regularizer in (11) on the
distance gradient to ensure the distance satisfies the Eikonal
equation. The regularizer needs to be made aware of two
important things. First, because there is no voxel-center-
to-surface gap, our energy function is straightforward and
elegant. Contrary to the previous works [8, 22], our formu-
lation (11) is not empirical but has a physical meaning: for

2D manifolds embedded in 3D being represented with an
SDF, the signed distance field is differentiable and its gra-
dient satisfies the Eikonal equation [27] on the iso-surface.
The regularizer guarantees that the updated distance is still
within the distance field. Second, constraining only the dis-
tance field itself detaches the energy from depth images. We
do not need to store depth images during image formation
model optimization of (11).

Note that the geometry is refined by optimizing the nor-
mal as well as the distance of a gradient-SDF voxel. Using
the fact that close to the iso-surface, the gradient of the dis-
tance and surface normal satisfy

Vi

= T 12
NZE] (12

gj

4.3. Voxel Up-sampling

A smaller voxel size is preferable for representing fine-
scaled geometry details. However, for the previous SDF-
based method [22], the up-sampling is possible by interpo-
lating between neighborhood voxels. Several voxels need
to be accessed for one subdivision. Our proposed method
can effectively up-sample and only one voxel is needed for
up-sampling 2 X 2 x 2 = 8 sub-voxels to reach (%) voxel
size using Taylor expansion similar as (9)

Vi g = vl + 58 (13)

,US

s g a9

= Pls=9 +
where s'8 = (£1,41,41) T indicate the 8 different di-
rections from the coarse voxel. The distances of the sub-
voxels are therefore re-initialized using the coarse voxel.
The gradient is set to be the same of the coarse voxels be-
cause it will be updated in the next optimization steps. We
include the up-sample around surface feature in our algo-
rithm to enable higher resolution reconstructions.

4.4. Optimization Pipeline

We alternatingly update the surface quantities and cam-
era poses during optimization. The {p’}; is initialized us-
ing the average intensities of voxel j. The optimization
pipeline is as shown in Algorithm 1. The convergence con-
dition is satisfied when the relative difference of k-th step
energy and (k — 1)-th step energy is smaller than the con-
vergence threshold.

5. Evaluation

To demonstrate the results of the proposed method, due
to the fact that it lacks method that offers both camera pose
and surface geometry refining estimation simultaneously,
we divide our evaluation into two parts. The first part is a
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Algorithm 1: Optimization Pipeline

input: {(¢7, p?)};, {Ri, t:}a, {1}

while & < max iter and not converge do

if up-sample then _
‘ V = Vup, 7 1l
end
for(j €V)
| P «— minE@»®, p, R® ¢ 1),
for (i)
\ 1; « min E(y?®) | ph (D) g ¢ .y
v ) y Al sy by )
for(jeV)
w;j ~ miI;E(% p? D R g(k) (k1))
g« Vo,
for(:e€7)
| R, ti < minE({p,}**+D R;, t:,1("Y),

end

quantitative evaluation of the refined camera poses. We test
our method on the TUM RGB-D [39] benchmark where the
ground truth camera poses are provided. We compare the
refined camera pose with three other state-of-the-art track-
ing methods [9, 36, 38]. The second part is the evaluation
of surface refinement. We compared against four state-of-
the-art methods; two classical approaches [22, 8] and two
learning based approaches [40, 42] on both synthetic and
real world datasets.

Set-up and Run Time Our data structure is implemented
in C++ with single-precision floats. All experiments
are performed on an Intel Xeon CPU @ 3.60 GHz with-
out GPU. For both surface quantities optimization and pose
refinement, we use the damped Gauss-Newton method [6]
with A = 0.1. The convergence threshold is 1073, We
only enable the up-sampling once after 5 iterations. More
mathematical and experiments details are stated in the sup-
plementary material. We use an LED light attached to an
Intel Realsense D415 RGB-D camera with a hand-held bar,
see Figure 3 to record the point light source datasets. For
synthetic datasets we use 256° voxel grid with 2cm voxel
size, resulting in an initialSDF of 512MB, after integrating
the depth maps. We only store voxels that contain surface
points for optimization (for the synthetic bunny dataset [1],
it is around 20k points). The camera tracking needs around
300ms per frame, and each optimization iteration needs
around 8s per variable. The method converges typically af-
ter ~20 iterations.

5.1. Camera Poses Refinement

We use the first-order SH model to refine the poses to-
gether with surface geometry because the datasets satisfy
the natural light assumption and compare against two base-
line SLAM methods [9, 36] and the method [38] which re-

- 8 Z
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frl/xyz 23 1.8 20 2.1 20 20
fr1/plant 43 19 112 1.5 25 25
fr3/household 4.0 1.5 1.5 28 1.1 0.7
fr2/desk - 1.8 1.6 1.1 09 0.7
fr2/rpy 22 09 7.0 1.3 06 04
fr2/xyz 1.8 13 13 1.0 09 0.6

Table 1. Root Mean Square Error (RMSE) of the absolute trajec-
tory error (ATE) in cm on sequences from [39] compared against
three baseline SLAM methods. From the right side, the third
column represents the initial camera pose after tracking, the sec-
ond column shows the error when modeling and optimizing the
voxel center, and the last column shows the errors of the proposed
method.

fines camera poses without PS loss. We take maximum 300
frames to initialize the SDF volume when the whole se-
quence length is more than 300, then take 10% as keyframes
using a sharpness detector [3] for the follow-up optimiza-
tion. Table 1 shows that the proposed method further im-
proves the camera pose after the tracking phase and gets
better accuracy than other state-of-the-art methods. We su-
perior to [38] by introducing the image formation model to
refine camera poses. We test directly optimizing (11) on the
voxel center to confirm that the step (9) leads to more ac-
curate results. The failing case (frl/plant) is due to absence
of geometric information in the first few frames, causing
tracking and PS optimization to fail. The results also indi-
cate that PS method can deal with the wider baseline be-
tween two selected frames. Nevertheless, camera tracking,
thus PS optimization might fail if the baseline is too large.
The visualization of the refined surface compared to the ini-
tial surface also verified the improvement, see Figure 4. We
obtain sharper and clearer textures compared to the state-of-
the-art approaches. More visualization results are presented
in the supplementary material.

5.2. Surface Geometry Improvement

We evaluate the improvement of the surface geometry on
both synthetic datasets and real-world datasets for two pro-
posed image formation models: SH model and point light
source (PLS) model. The synthetic data contains 90 RGB
images and corresponding depth images which are aug-
mented with Kinect-like noise [16]. We show the quantita-
tive comparison on synthetic datasets and qualitative eval-
uation on real-world datasets. See supplementary material
for more details.
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Figure 4. Point cloud reconstruction on fri/xyz [39] by BAD
SLAM [36] (top) and our method (bottom).The proposed method
reduces the blurry effect and recovers the clear texture.

Figure 5 shows the 3 stage errors: error of initial point
cloud, i.e., after camera tracking, error after voxel up-
sampling and error after the optimization of the energy (11).
To eliminate the influence of object size, as small object size
leads to a small absolute point cloud distance error under
the same voxel grid size, we compute the distance error and
object size ratio as the measurement. The x-axis shows the
point-to-point distance error d._. w.r.t. the object size, i.e.,
e = ig‘;, where the d,x is the point cloud bounding box
size. The y-axis is the percentage of points: points number
with error less than e divided by the total points number of
the point cloud.

SH model Figure 6 shows the quantitative evaluation
compared to the related methods [22, 8, 42, 40] under same
voxel size setting. The curve shows the proposed method
performs best. Figure 7 shows the visualization of the re-
constructed error on the real-world datasets [46] where the
laser-scanned ground truth is available. The neural render-
ing methods volSDF [42], NeuS [40] perform well on the
synthetic dataset but not well on the real-world datasets;
even the mask setting is enabled in NeuS and the complex
background setting is enabled in volSDF. For more experi-
ments please refer to the supplementary material.

100% -

80% |- 7 SH model
,'/ ’ —— initial pc
60% | /:',’} —— up-smapled pc
— refined pc
/ PLS model
40% |- - - - initial pc
- - up-smapled pc
20% |- - - - refined pc
0%

b0 0005% 001% 0015% 0.02% 0.025% 0.08%

Figure 5. The figure shows the distance error of the reconstruction
at different stages of the proposed method.The percentage with er-
ror less than 0.010% of the point cloud size increases from 75.45%
to 82.12% after optimization for SH model and from 73.95% to
79.27% for the PLS model.

100% -

80% |

4, —— ours (SH)
60% |- s - - - intrinsic3d [22]
e, --- 18]
Neus [40]
- - VOISDF [42]

40% |-

20% -

0% | | | | | |
0% 0.005% 0.01%  0.015% 0.02% 0.025%  0.03%

Figure 6. Quantitative evaluation on synthetic datasets. The
point number percentage for the points with distance error less
than 0.015% of point cloud size is 84.32% ([8]), 89.50%
(voISDF [42]), 90.04% (Intrinsic3d [22]) 92.09% (NeuS [40]),
93.33% (ours)

Point light source model We do not find existing work
performs a non-calibrated point light source method that en-
ables a complete 3D model. The work of Logothetis [20]
requires a specific setting and calibration, but the data and
code are not publicly available. So we only present the vi-
sualization results of the datasets recorded and refined us-
ing the proposed setup mentioned in Section 4. The se-
quences contain RGB and depth images of size 648 x 480,
15fps frame rates. We plug in the sequences directly in our
method without pre-processing. The quantitative and quali-
tative results are showed in Figure 5 and Figure 8.

6. Ablation Study

Voxel center vs. surface point To verify that formulating
the image formation model on the surface point is theoreti-
cally more accurate and leads to better performance, we test
the voxel-center formulation on the synthetic data as well.
Figure 9 shows that the surface point model results in more
minor distance errors than the on-voxel-center approach.
For camera pose refinement, the proposed method achieves
the pose RMSE 6.3cm for the SH model and 8.1cm for
the PLS model, while the on-voxel-center approach gives
7.8cm and 15.9cm, respectively.
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Intrinsic3d [22] Intrinsic3d error Ours Ours error

Figure 7. Comparison with Intrinsic3d [22] on the vase
dataset [46]. In the error map, from the yellow to red color trans-
action indicates a larger positive distance to the ground truth, and
the blue direction indicates the negative distance. The standard de-
viation of our result and the laser scan is 4.5mm, while [22] results
in 5.8mm.

initial reconstruction refined reconstruction

Figure 8. The example reconstruction of a sequence concentrated
on a single object. The sequence contains around 200 RGB images
and depth images that are recorded using the setting in Figure 3.

Eikonal constraint We include Eikonal regularizer
in (11) in the multi-view PS energy. To verify the necessity
of the regularizer not only from a theoretical but also from
a heuristical point-of-view. We optimize our algorithm with

100% -

80% -

~ SH model )
60% |- " —— surface point
W —— voxel center
) PLS model
40% |- ) - - - surface point
lyf - - - voxel center

20% |-

bt 0005% 001% 0015% 0024 002% 008%
Figure 9. The figure shows the number of points with certain dis-
tance error range optimized on the voxel center (blue) and on sur-
face points (red). Only less than 90.31% and 90.87% points have
an error less than 0.015% percentage of the object size for the SH
model and PLS model, while they increase to nearly 92.72% and
93.10% points when optimizing on the true surface points.

100%

80% -

SH model
—— with Eikonal
—— w/o Eikonal

PLS model
- - - with Eikonal
- - - w/o Eikonal

60% -

40% -

20%

00/ Il Il Il Il Il I}
0% 0.005% 0.01% 0.015% 0.02% 0.025% 0.03%

Figure 10. The number of points whose percentage distance er-
ror include the regularizer (red) and without the regularizer (blue).
The points percentage of error less than 0.010% object size in-
crease from 74.30% to 81.97% SH model and 74.77% to 80.09%
for PLS model.

and without Eikonal regularizer for SH and PLS models. As
Figure 10 shows, Eikonal regularizer improves the accuracy
of the results in both natural light and PLS settings.

7. Conclusion and Future Work

We perform camera pose tracking and 3D surface re-
covery and refinement in a complete high-quality recon-
struction pipeline using the gradient-SDF representation.
We achieve good reconstruction quality and accurate pose
tracking by enforcing the PS image formation model on
the actual physical surface instead of the voxel center. Our
method enables an easy and practical dense object 3D re-
construction without pre-processing or any other calibra-
tions in natural light or point light source scenarios. We
demonstrate that our method achieves superior results quan-
titatively and qualitatively on both synthetic and real-world
datasets. Yet, the limitation of the work 1is, it might fail for
degenerated surface due to the absence of the geometry and
shading information.

In the future, we plan to include a general image forma-
tion model that can deal with non-Lambertian surfaces.
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