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Figure 1. Our method can reconstruct dynamic scene (jumping human) using only eight cameras and eight point light sources.

Abstract

Recently, 3D reconstruction from multiview stereo (MVS)
has advanced significantly with the introduction of neural
implicit representation methods, which estimate voxel den-
sities or signed distance fields (SDFs) to describe the 3D
structure of a scene. Although such neural-based meth-
ods typically require a large number of captured images to
estimate dense volumetric information during training, de-
veloping systems that can recover the 3D shape of moving
objects using only a small number of stationary cameras re-
mains highly demanding and challenging. To address the is-
sue of sparse views, various active lighting techniques have
been proposed. However, the problem remains inherently
difficult, particularly when attempting to capture the com-
plete shape of an object with a wide baseline. In this paper,
we propose a novel approach that combines active lighting
with photometric stereo (PS) using neural representations.
Additionally, we introduce a multiplexed illumination tech-
nique that captures the entire shape of an object in a single
shot. Although this results in a low signal-to-noise ratio
(SNR), our method also addresses this issue. The advan-
tages of our technique are demonstrated through real-world
experiments, showcasing its ability to capture a 4D scene.

1. Introduction

Multiview stereo (MVS) is widely used to capture 3D in-
formation of a large scene or the complete shape of an ob-
ject [11, 15, 49]. MVS methods involve observing a scene

from multiple viewpoints, establishing correspondences be-
tween images captured from different angles, and recon-
structing surface points through triangulation. The advan-
tage of MVS lies in its ability to observe a point in the scene
from several viewpoints, which helps mitigate reconstruc-
tion errors by leveraging information from multiple views.

MVS methods are generally categorized into two types:
moving-camera approaches [47, 48, 52] and stationary
multi-camera setups [26, 55]. The former, often referred
to as SfM/V-SLAM, has been extensively studied and has
recently surged in popularity through neural-based methods
such as NeRF, NeuS, and 3DGS [17, 24, 32, 60]. How-
ever, these methods assume static scenes and cannot, in
principle, capture moving objects (4D scenes). In con-
trast, stationary multi-camera methods have mainly been
developed for dynamic scene capture [22, 30, 58]. How-
ever, achieving dense and accurate reconstructions of 4D
scenes typically requires a large number of cameras, lead-
ing to extremely high system setup costs as well as com-
putational overhead. To reduce the number of cameras
and computational demands, active-light-based approaches
have been proposed [19, 44, 45]. These methods project
high-frequency patterns, known as structured light (SL),
onto objects to enhance surface texture and enable dense
correspondence estimation. However, in practice, such at-
tempts often fail, as it is nearly impossible to design pro-
jected patterns that are both dense and distinguishable at
the same time.

In this paper, we address this issue by capturing scenes
illuminated virtually by one light source at a time, thereby



constraining the relationship between the image intensities
observed from multiple viewpoints and the irradiance of the
light source. When a scene is captured under varying il-
lumination conditions, richer information about each sur-
face point is obtained -— a concept known as photomet-
ric stereo (PS) [19]. Recently, this setting has gained at-
tention as multi-view photometric stereo (MVPS) and has
demonstrated promising results [67, 75]. However, most
existing methods are prediction-based that require images
captured under a large number of light sources and assume
static scenes for shape integration. In contrast, our method
is designed for 4D scenes and requires only a limited num-
ber of light sources by leveraging neural representations.
Furthermore, we introduce a multiplexed illumination tech-
nique [46], which increases the number of independent light
sources while avoiding mutual interference.

We demonstrate the effectiveness of the proposed sys-
tem through extensive experiments on synthetic datasets,
comparing against prior techniques, and further validate its
feasibility in real-world large-scale environments with both
static and dynamic objects (e.g., moving humans).

2. Related Work

MYVS methods have recently seen significant improvements
through neural-based approaches [1, 2, 32], which use mul-
tilayer perceptrons (MLPs) to predict density and color
for a given 3D point and viewing direction. These ap-
proaches have been extended to improve training/rendering
speed [35], camera parameter estimation [29, 63], surface
mesh reconstruction via SDF [60], and reflection parame-
ter estimation [31, 57]. Although NeRF was originally de-
veloped for view synthesis, it lacks regularization. Wide-
baseline stereo, however, requires regularization for effec-
tive view interpolation. To address this, we generate a
view-independent surface rather than synthesized views as
a form of regularization. In addition, several NeRF-based
methods have been proposed for visualizing dynamic ob-
jects [38, 39, 51], which use multiple frames to regularize
deformation. In contrast, our work focuses on reconstruct-
ing shapes from only a few images at a single moment.
Sparse Views: MVS and NeRF-based methods find cor-
respondences between 3D scene points and 2D image points
by minimizing color differences, but they require images
from dense viewpoints. Using many fixed cameras to cap-
ture dense views is costly, so some NeRF-based methods
address this with regularization when input data is limited.
One approach pre-trains the model on multiview datasets
to use as a scene prior [5, 6, 41, 61, 71]. Diet-NeRF [20]
incorporates CLIP-based similarity constraints, and RegN-
eRF [36] introduces geometry and photometry constraints,
the latter trained on JFT-300M [53]. These methods rely
on large training datasets and similarity between the train-
ing set and the target scene. More recently, feed-forward

sparse-view reconstruction methods [21, 54, 59, 62] have
shown promise; however, there is a trade-off between accu-
racy and convenience compared to measurement-based ap-
proaches.

The second approach assumes object shape distributions.
NeRS [73] assumes spherical topology, while DS [13] opti-
mizes a mesh generated from object masks. InfoNeRF [25]
minimizes ray entropy, assuming each ray intersects the sur-
face once, and Cerkezi and Favaro [4] use object-centric
ray sampling, combining mesh and volume representations
but requiring objects to be scene-centered. FreeNeRF [68]
adds frequency and occlusion regularization during train-
ing, which is applied during training and combined with the
approach proposed in this paper.

The third approach for NeRF-based 3D reconstruction
from limited images uses additional data like depth, which
provides crucial density information along camera rays.
Depth from SfM (e.g., COLMAP [47]) has been applied as
a constraint in works such as [8, 42, 64]. For RGB-D data,
neural fields are trained by synthesizing images [72]. Sim-
ilar methods [7, 9, 56, 66] leverage depth from 3D Gaus-
sian splatting (3DGS) [24] using monocular [12, 69] or
multiview depth [62] for sparse view reconstruction. Al-
though these methods explicitly rely on depth, our approach
achieves a similar effect implicitly through active lighting
based on the Photometric Stereo (PS) technique.

Active Lighting and PS: Several methods for 3D re-
construction based on neural representations combined with
active lighting have been proposed. When correspondences
between camera images and projected patterns are avail-
able, this shape information can be utilized to optimize the
neural representation [27]. If these correspondences are not
provided beforehand, they can be determined by optimiz-
ing the neural representation [10, 18, 40, 50]. While these
methods leverage pattern information to achieve high re-
construction accuracy, the requirement of multiple known
patterns is impractical, and a large image set is needed to
train the MLP. In contrast, a method using simple point
light sources as active lighting to leverage the Photomet-
ric Stereo (PS) technique has been proposed [16, 28, 37].
PS-NeRF [70] proposed an approach where normal vectors
calculated by photometric stereo are used to regularize the
prediction of the neural radiance field. Kaya et al. [23] used
normal vectors estimated by photometric stereo as input to
an MLP to predict color. Recently, multi-view photometric
stereo (MVPS) has gained significant attention [3, 67, 75];
however, it still requires multiple images captured by a sin-
gle camera under varying light source positions, and surface
normal estimation remains prediction-based. In contrast,
we propose using the light power prior to surface reflection
as a loss function for the neural SDF, which implicitly fa-
cilitates object shape estimation through optimization with
a limited number of views and light sources.



Figure 2. A scene is illuminated by one of multiple lights, re-
spectively. In this example, scene is illuminated by seven different
positions of point light sources.

Multiplexed Illumination: Multiplexed illumination
decomposes images of a scene lit by multiple light sources
into images for each individual source. Schechner et al. [46]
used Hadamard-based multiplexing to enhance SNR by il-
luminating an object with multiple sources. Mukaigawa et
al. [34] extended this to estimate an object’s BRDF by illu-
minating from various directions. While typically applied
to static scenes, Wenger et al. [65] introduced motion com-
pensation via optical flow for moving subjects. Sagawa et
al. [43] later applied signal processing to capture illumina-
tion on fast-moving objects under strong external light. By
combining this approach, the proposed method can realize
the 3D reconstruction of moving objects by using the im-
ages illuminated by different lights at the same time.

3. Method
3.1. Multiview Stereo with Multiple Light Sources

In this paper, we assume that a scene illuminated by mul-
tiple light sources is observed from multiple viewpoints.
At each viewpoint, the images that the scene is illuminated
only by one of the lights are captured. Since the same scene
is observed only by changing the illumination, a multi-
channel image can be formed by stacking the images with
different illumination. Fig. 2 shows an example of a scene
illuminated by seven light sources. In this case, the light
source positions are roughly calibrated and assumed to be
known. Although each captured image can be any type of
image, it is assumed to be single-channel image for sim-
plicity. Therefore, an image of seven channels is formed
from the images in Fig. 2. Changing the illumination con-
tributes to improving the features to find the correspondence
for MVS without increasing the number of viewpoints.

3.2. Estimating a Scene based on Volumetric Rep-
resentation

NeRF-based methods estimate the information of a scene
by fitting the parameters of MLP by minimizing the loss be-
tween captured images and the images generated by volume
rendering. In the manner of volume rendering, the density
at each 3D point is used to represent the shape of a scene.
As one of the types of volumetric representation, a
signed distance function (SDF) f(p) is often employed.
Given a 3D position p, the function returns a scalar value
indicating the distance from the closest surface. If p lies
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Figure 3. The difference in ray projection onto the true surface
occurs when the high-density area is offset from the surface in the
case of (a) narrow baseline, (b) wide baseline and (c) camera and
light.

outside of objects, f(p) is positive; otherwise, it is nega-
tive. The surface shape is denoted by the set of points p
where f(p) = 0. The density can be calculated by the
opaque density function p(p) = ¢(f(p)) from the SDF
based on the derivative of the Sigmoid function defined as
d(x) = se75% /(1 + se~5%)2, where s is a scale parameter.

Now, let’s assume that N light sources illuminate a scene
from various positions, and M camera images are captured,
and we consider the intensity C'(ox, vk, ) of a point x in the
k-th camera image, where the camera position is oy, and the
view direction of the point is vy,. The intensity of an image
point is calculated as the integral along the ray of the point
x as follows:

+oo
C(Okavkm) = A wk(px(t))c(px(t)7vkz)dta (1)

where w(t) is the weight at the point p, (¢), which is a 3D
point whose distance from the camera position is ¢ along the
ray. In our implementation, the weight is calculated based
on NeuS [60] by

wi(p(t)) = Tr(p(t))p(p(t)),

whete Tx(p(t)) = exp (— / t p(p(u))du) e

The functions f(p) and ¢(p(t), vk, ) are represented by
MLPs, and their parameters are estimated by minimizing
the below loss between the captured images and the images
generated by volume rendering and captured images:

Lo=) > || C(0k,vka) = Cha ||, 3)
E =

where C, is the intensity at the pixel = of k-th captured
image. The loss is calculated across all channels of the
camera image, including those illuminated by different light
sources.

3.3. Constraint on the Irradiance of Projected
Lights

In this section, we assume that the input images are multi-
channel images captured under different illuminations, and
we consider one of the channels that is captured only with
the j-th light source. If the lighting condition is known, a
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Figure 4. The images in the first row are the captured camera
images, and those in the second row are demultiplexed images,
which are illuminated by one of the light source.

new constraint can be introduced for the irradiance at each
3D point.
The direction v; from the j-th light position o; to a 3D
point p(t) is
. — P)—0;
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If the irradiance of the light source along v; at a unit dis-

tance is I, the irradiance ¢;(p(t)) at the point p(t) is atten-
uated as

“)

N _ LiTi(p(t))
WO = o) o, 7

where T;(p(t)) is the accumulated transmittance at the
point p along the ray from the j-th light source.

If the object surface exists at p(t) and the reflectance
property is assumed as Lambertian surface, the intensity at
p(t) is independent of the surface orientation with respect
to the camera as follows:

cj(p(t),vjp) =i;(p(t))r(P(t), vip), (6)

where r(p(t), v;p) is the reflectance property at p(t).

To calculate the intensity of an image point, Eq. (1) needs
to integrate along the view directions of both the camera
vy, and the light source v; to calculate 7}, and 7j. In-
stead, a new constraint can be introduced from Eq. (6) that
¢j(p(t),v;p) is proportional to the irradiance that depends
on the transmittance and the attenuation from the j-th light
source, since the reflectance property 7(p(t), v;p) is inde-
pendent of the irradiance. The loss to minimize is defined
as follows:
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where g;(p(t), vjp) = ¢;(p(t), vjp) || P(t) —0; ||* and g,
and T} are the averages of g;(p(t), v,p) and T} (p(¢)) along
the ray from the viewpoint of the j-th light source, respec-
tively. sg(-) indicates a stop-gradient operation that blocks
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Figure 5. The workflow of the proposed method: the MLP to cal-
culate the SDF is used for both camera and light rays. The view
direction is used as one of the input of the MLPs to calculate the
intensity only for camera rays.

gradients from flowing into its argument. For the channel
captured under the illumination only with j-th light source,
the functions to be estimated are the SDF f(p,(¢)) and the
intensity ¢;(p(t), v;p), which are realized as MLPs. Since
the transmittance is monotonically decreasing according to
the distance from the light source, g;(p(t), v;p) is regular-
ized via Eq. (7) to encourage the same characteristics. Al-
though inter-reflections can violate this assumption when
light sources are close to the object, our practical setup
places the sources sufficiently far away to render near-field
deviations negligible.”

3.4. Application to Wide-Baseline Views

In volumetric rendering, the high-density area contributes to
the calculation of C'(o, vk, ) in Eq. (1). If the high-density
area is offset from the true surface, C’;m corresponds to the
different positions of the surface from multiple viewpoints.
If the baseline between the cameras is narrow as shown in
Fig. 3(a), the projected points, P; and P, are close to each
other and their intensities can be similar, which makes the
convergence of the neural representation easy. Otherwise as
shown in Fig. 3(b), P; and P> are far from each other, but
their colors can be similar. Consequently, the high-density
area is consistent with the intensities of the projected points.
Since the intensity change between them will not be mono-
tonic, it is difficult to make the high-density area close to
the true surface by gradient descent. It indicates that the
minimization based on Eq. (3) requires the images captured
by the cameras densely located in the scene.

The advantage of the constraint by Eq. (7) is that it can
be applied for any relative angle between the rays from a
camera and a light source, since it is not necessary to cal-
culate the similarity between two images. Now, we con-
sider the channel illuminated by one of the light sources. In
Fig. 3(c), both P; and P, are high intensity in the camera
image but the irradiance is monotonically decreasing along
the ray from the light source. If the density and ¢; (Ps, v;p,)
are high at the point Ps, the intensity calculation by Eq. (1)
matches with the intensity of P observed from the camera.
However, the light that reaches to the point P; is decreased
due to the high density at P, which is inconsistent with the
high intensity at P;. The irradiance constraint works to re-



solve this inconsitency by encforcing the monotonicity to
¢;(P1,v;p, ) along the light ray.

3.5. Observing Moving Targets with Multiplexed
Ilumination

The proposed approach assumes that the scene illuminated
by each light source is captured from every viewpoint. If a
target object is moving during the observation, it is difficult
to capture the same situation by the sequential acquisition
of the scene under different illumination. To solve this is-
sue, we combine the proposed approach with multiplexed
illumination [46], in which multiple light sources illumi-
nate the scene simultaneously. N images are captured to
demultiplex them into images in which the scene is illumi-
nated only by each light source, if N light sources illumi-
nate the scene. However, the motion during the acquisi-
tion violates the assumption of multiplexing that the scene
is static. Since the artifact in demultiplexing is caused by
the motion, the method proposed in [43] introduced high-
pass filtering to the captured images, and demodulates the
signal after removing the low-frequency component. Fig. 4
shows an example of the images of a target that demulti-
plexed from the input images under external lights. In this
example, the scene is illuminated by eight controlled light
sources and ceiling lights as an external light. The illumi-
nation from each light source is extracted successfully, and
they form nine channels of an input image captured from a
viewpoint. Since the power of the controlled light sources is
very weak in this case, it is hard to recognize the illumina-
tion in the camera images. Therefore, the resulting images
are demultiplexed from 256 images per frame captured by
high-speed cameras to achieve 30 fps while improving the
signal-to-noise ratio

3.6. Training

The constraint defined by Eq. (7) enforces that the inten-
sity ¢;(p(t), v;p) along the ray direction from a camera be-
comes consistent with the transmittance 7} (p(t)) along the
ray from the light source. It realizes calculating Eq. (3) and
Eq. (7) in the same manner with volume rendering. The net-
work parameters are estimated by minimizing the following
loss function:

L= ﬁC + aﬁg + 5£regv (8)

where L,.4 is the Eikonal term to regularize the SDF [14]:
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« and ( are the weight parameters for training. L¢ is cal-
culated for all channels along the rays of the input images.
The workflow of the proposed method is shown in Fig. 5. It
is based on NeuS and the components for the light ray are

added to introduce the constraints. Additionally, since it is
reported that starting from generating low-frequency shape
is effective in the case of sparse views, the positions and di-
rections are encoded by sinusoidal functions with frequency
regularization proposed in FreeNeRF [68].

L, is calculated only for the channel along the ray from
the light source that is the sole illuminator of the channel.
Since the lights are assumed as point light sources in this pa-
per, they can be geometrically regarded as perspective cam-
eras. Therefore, L, is calculated by using the accumulated
transmittance during volume rendering from the viewpoint
of the light sources. As described in Section 3.4, it is ex-
pected to work if the high-density area is offset from the
surface, which will happen at the beginning of the iteration.
Since the precise correspondence should be found by min-
imizing L¢, the weight « is gradually reduced during the
iteration.

4. Experiments

4.1. Simulation

First, the proposed method is evaluated by using the im-
ages generated by simulation. To show the advantage of
the proposed method, the situations that are difficult to
find correspondences are tackled. Namely, the cameras are
sparsely located and the baselines between them are very
wide. Fig. 6 shows some of the input images. In this simula-
tion, six cameras and six calibrated light sources are located
around an object. Since the objects are illuminated by ex-
ternal light in addition, each input image has seven channels
as shown in Fig. 2. The 3D models provided in the Blender
dataset [32] are used as the samples. Since the shadow gives
information about the irradiance, we chose two objects and
added a planar surface under the objects in this experiment.

Fig. 7 shows the results by the tested methods. The
ground truths (GT) of the objects are shown in (a). As the
methods to compare, (b) shows the results of NeuS [60] and
(c) shows the results of NeuS with frequency regulariza-
tion, which is added to the NeuS code by regularizing the
positional encoding based on the implementation of FreeN-
eRF [68]. The key difference between this method and the
proposed approach is whether it utilizes the channels of the
controlled lights or not. From the results, it is confirmed
that the reconstructed shapes are over-smoothed.

We also compared with NeRF-based methods, such as
(d) DS [13], (e) NeRS [73], and (f) PS-NeRF [70] using the
back ground masks, which are not required for our method.
Since NeRF is not designed to reconstruct object shapes,
the quality of the reconstructed shapes differs significantly
from the GT.

Next, we compared with 3DGS-based methods, such as
(g) InstantSplat [9], (h) DUSt3R [62] + 2DGS [17], which
generates mesh surfaces, with the point cloud as the initial



guess, and (i) SparseGS [66]. The meshes in (g) and (i)
are extracted based on the implementation of 2DGS, which
first renders depth maps by Gaussian splatting and then in-
tegrate them by utilizing truncated signed distance fusion
(TSDF) using Open3D [76]. Since 3DGS cannot handle
shading effects of multiple light sources correctly, recon-
structed shapes are mostly wrong.

Finally, we compared with MVPS, such as (j) IRON [74]
and (k) SuperNormal [67] as well as two structured light
(SL) based methods, such as (1) ActiveNeus [18] and (m)
TurboSL [33]. Since the number of light sources is limited,
shapes could not be reconstructed correctly.

Results of our method are shown in (n). While the num-
ber of viewpoints is limited, the shapes of objects are suc-
cessfully reconstructed. Although no background mask is
used in the proposed method, the planar surface is success-
fully reconstructed as the background object.

The accuracy of the shapes is compared to the ground
truth of the simulation models by Chamfer distance. Since
some of the compared methods generate floaters due to
wrong correspondences or other reasons, they are manu-
ally pruned in the figure and not included for calculating
the error metrics. Table 1 shows the results of numerical
comparison. Although the Neural-based methods, (b), (c),
(d), (e) and (f) extract smooth point clouds, the shapes are
far from the ground truth. The errors are much larger than
that of the proposed method. The point clouds extracted by
3DGS-based methods, (g) and (i), are close to the ground
truth. However, the mesh surfaces are not smooth. Althogh
the result in (h) is smoother than (g) and (i), the error is
worse than them by Chamfer distance. MVPS methods, (j)
and (k), extracted noisy point clouds and SL based method
(1) and (m) could not recover detail of the objects. On the
other hand, by successfully establishing correspondences in
a wide-baseline setup, the proposed method achieves better
results than other approaches according to the Chamfer dis-
tance metric, indicating that the information from multiple
light sources is effectively utilized.

4.2. Ablation Study

As the ablation study of the proposed method, we test the
components of the proposed method concerning two as-
pects: the contribution of the irradiance loss £, introduced
in the proposed method and the contribution of the images
captured under the controlled illumination. Fig. 8 shows the
results under different conditions. (a) shows the result with-
out using the irradiance loss £,. The results of reducing
the number of cameras are shown in (b) and (c). Addition-
ally, we tested reducing the number of lights. The numerical
comparison between the different conditions is shown in Ta-
ble 2. In the case of not using the constraint of £, the dis-
tances increase because some artifacts remain in the shape,
while most of the part is similar to the case with using £,.

(b) Hotdog
Figure 6. Example input images for the simulation: the objects
are observed from six viewpoints, each illuminated by a calibrated
light source colocated with the corresponding camera. Conse-
quently, in this simulation, six images are combined into seven
channels for each viewpoint.

The reason can be considered that it is difficult to converge
to the correct correspondence since the initial guess of the
density is far from the ground truth. If the number of cam-
eras and lights is reduced, the accuracy is degraded, but the
shapes are still better than those without the information of
active lighting shown in Table 1.

4.3. Real Experiments

Next, we tested the proposed method by capturing images
of real objects. The capturing system, as shown in Fig. 1,
consists of eight cameras and eight light sources positioned
around a target object. Since the objects are further illumi-
nated by room lights, the input images comprise a total of
nine channels. The scene is surrounded by a background
curtain with a diameter of about five meters. Examples of
input images from the real experiments are shown in Fig. 4
and Fig. 9(the third row). Laser light sources equipped with
diffractive optical elements (DOE) are used in the experi-
ment to emit a fixed pattern. Although the pattern infor-
mation is not utilized in the proposed method, it may aid
in finding correspondences during optimization. Due to the
weaker power of the laser light sources compared to room
lights, the channels of the laser lights exhibit some noise.
In this experiment, each light source is positioned next to a
camera, and therefore the light source positions are assumed
to coincide with those of the cameras.

Fig. 9 illustrates the result of 3D reconstruction from the
captured images, along with comparisons to existing meth-
ods, IRON [74], SuperNormal [67], ActiveNeuS [18] and
TurboSL [33]. The area not visible from the cameras is
removed from the result in this figure. The shape of the
mannequin (1.7m in height) and the plaster object (0.6m in
height), both placed at the center of the scene, are success-
fully reconstructed despite their relatively small sizes com-
pared to the entire scene (Sm in diameter) with our tech-



Table 1. Chamfer distances calculated for the results reconstructed by the compared methods.

|NeuS|Freq. Reg.| DS |NeRS|PS-NeRF|InstantSplat|DUSt3R+2DGS|SparseGS|IRON|SuperNonnal|ActiveNeuS|TurboSL|Ours

Lego
Hotdog

0.299| 0.415 ]0.385/0.262| 0.090 0.061 0.087 0.092 |0.299| 0.185 0.496 | 0.081 |0.023
0.340| 0.072 ]0.517/0.419| 0.154 0.055 0.106 0.115 |0.800| 0.113 0.195 | 0.312 |0.016

-

}//’ \;
(c) NeuS with freq. reg.

(m) TurboSL [33] (n) Ours

Figure 7. Results of 3D reconstruction using the compared meth-
ods and our proposed method.

Table 2. Chamfer distances calculated for the results under the
different conditions as the ablation study. N/A indicates that a
comparable shape is not generated in the setting.

Figure 8. The results are reconstructed under the following condi-
tions: (a) without using £4 with 6 cameras and 6 lights, (b) using
4 cameras and 6 lights, (c) 3 cameras and 6 lights for Lego, 2 cam-
eras and 6 lights for Hotdog.

nique. As shown in Fig. 9, MVPS-based methods, such as
IRON [74] and SuperNormal [67], failed to recover mean-
ingful shapes, primarily due to the limited number of view-
points and light sources. By contrast, structured light—based
methods, such as ActiveNeuS [18] and TurboSL [33], were
able to reconstruct comparatively better shapes; however,
high-frequency details were lost due to ambiguous corre-
spondences and calibration errors, thereby highlighting the
strength of our method.

Quantitative evaluations are conducted using Chamfer
distance errors between the reference shapes and the recon-
structed results, as shown in Table 3. The reference shapes
were obtained with a handheld 3D scanner as ground truth.
From the table, it is evident that our method outperforms
previous approaches.

Finally, we apply the proposed method to a dynamic
scene. Fig. 10 depicts a situation where a person is stand-
ing up. The images for each illumination are demultiplexed
for each frame. The experimental setup is the same as for
the mannequin case. We reconstructed the shapes for 90
frames, sampling 512 rays for each iteration, and conduct-
ing 210K iterations. The reconstruction time for each frame
is approximately 12 hours using an NVIDIA V100 GPU.

wlo The entire shape of the person and the background is suc-

irradiance 2?,3‘115’ i;arlr:s, éf.ar;ls, i;args, zf.args’ cessfully reconstructed using eight cameras, as shown in

loss L4 ights | 4 lights | 6 lights | 5 lights | 6 Tights Fig. 11. In addition to the results of standing-up and jump-

Lego | 0.02397 ‘0.03052‘0.03343‘0.10623‘0.13774‘ N/A ing motion shown in Fig. 1, Fig. 12 shows the results for
Hotdog| 0.01640 | 0.0343 |0.03444| N/A | N/A |0.02755 two motions: walking and sitting down. Please refer to

Table 3. Chamfer distances between the reference and measured
shapes of the plaster object shown in Fig. 9(bottom).

Ours [IRON [74]|SuperNormal [67]/ActiveNeu$ [18][TurboSL [33]
327mm| 983mm | 87.6mm | 103mm | 14.8mm

the supplemental video for the 4D scene reconstruction re-
sults. One limitation of the approach is the reconstruction
of occluded areas, which can occur more easily compared
to methods using a larger number of cameras. For example,
in the case of sitting down, the shape of the seat surface is
not accurately reconstructed due to occlusion by the person.
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Ours IRON [74]

SuperNormal [67] ActiveNeusS [18] TurboSL [33]

Reference  Ours
Figure 9. The results of the 3D reconstruction using the proposed
method are shown. The 1st and 2nd rows: a 1.7m-tall mannequin
is reconstructed using eight cameras. The 3rd row: Captured and
demultiplexed images of a plaster object (0.6m in height) placed at
the center of the scene. Thr 4th row: A reference and reconstructed
shapes of a plaster object. The reference shape is captured by a
handheld 3D scanner as the ground truth for comparison.

IRON [74] = SuperNormal [67] ActiveNeuS [18] TurboSL[33]

Figure 10. The two frames from the demultiplexed images of a
person in motion.

Improving robustness against occlusion is our important fu-
ture work.

5. Conclusion

In this paper, we have proposed a method for 3D recon-
struction using multiview stereo based on neural represen-
tation. One of the challenges in reconstructing shapes is
the requirement to capture images from densely distributed
viewpoints, which becomes particularly problematic when
reconstructing moving objects due to the high cost associ-

Sitting down
Figure 12. The results of 3D reconstruction of additional two mo-
tions. Please refer to the supplemental video for the 4D scene
reconstruction results.

ated with preparing many cameras to capture them simul-
taneously. To address this issue, we have introduced a new
approach that combines active lighting to acquire additional
information for estimating the 3D shape of a scene. This
approach leverages constraints derived from multichannel
images and the relationship between image intensity and ir-
radiance from the light source. Our experiments demon-
strated that the information provided by active lighting was
effective in finding correspondences, resulting in successful
shape reconstruction. Additionally, by combining this ap-
proach with multiplexed illumination techniques, we were
able to achieve 3D reconstruction of moving objects. In fu-
ture work, we plan to introduce constraints between frames,
as the current approach reconstructs frames individually.
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