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Abstract

We present an image formation model and optimization
procedure that combines the advantages of neural radi-
ance fields and structured light imaging. Existing depth-
supervised neural models rely on depth sensors to accurately
capture the scene’s geometry. However, the depth maps re-
covered by these sensors can be prone to error, or even fail
outright. Instead of depending on the fidelity of processed
depth maps from a structured light system, a more princi-
pled approach is to explicitly model the raw structured light
images themselves. Our proposed approach enables the esti-
mation of high-fidelity depth maps, including for objects with
complex material properties (e.g., partially-transparent sur-
faces). Besides computing depth, the raw structured light im-
ages also confer other useful radiometric cues, which enable
predicting surface normals and decomposing scene appear-
ance in terms of a direct, indirect, and ambient component.
We evaluate our framework quantitatively and qualitatively
on a range of real and synthetic scenes, and decompose
scenes into their constituent components for novel views.

1. Introduction

3D scene reconstruction lies at the center of fields like pho-
togrammetry, robotics, and digital preservation. However,
reconstructing scenes from 2D image supervision alone is
under-constrained and classical approaches struggle in tex-
tureless regions [25], where finding correspondences be-
tween images is hard. Recent neural rendering techniques
like NeRF [ 18] and other variants [29] are good at novel-view
synthesis, but they, too, struggle to reconstruct geometry in
scenes with low-texture regions or from few input views.
Many depth cameras alleviate these issues by introducing
their own lighting into the scene [9, 24]. For example, active
stereo systems (e.g., Intel RealSense [14]) use a projector to
illuminate the scene with an (often unknown) light pattern,
which adds texture to help solve the stereo correspondence
problem. Coded structured light systems use known light
patterns to solve correspondences using as few as one camera
viewpoint. Such active depth-sensing devices are found in
many smartphones and tablets [1, 14, 39], and unlock new
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Figure 1. Scene decomposition of a real scene from a novel view-
point. Our proposed framework uses the raw measurements from
a single infrared camera on an Intel RealSense to generate a volu-
metric representation of the scene. The images (a—f) synthesized
from a novel camera viewpoint show the different representations
of shape and appearance recovered using our proposed framework.

VR and AR applications. However, these sensors can also
fail to reliably estimate depth, especially in cases where
light misbehaves [10, 22], e.g., due to light traveling many
different paths before reaching a particular camera pixel.
We propose a volumetric image formation model and cor-
responding optimization procedure designed to synthesize
structured light images under a known projection pattern.
Given a set of raw structured light and ambient-only images
captured from different viewpoints, our proposed framework
reconstructs scenes through a neural volume rendering pro-
cedure [ 18], recovering a representation of a scene’s shape
and appearance from only a few input views. Beyond re-
covering the geometry of challenging scenes (e.g., scenes
containing translucent objects), our image formation model
takes advantage of additional radiometric cues present in
the raw structured light images, to solve for normals and



separate images into direct, indirect, and ambient compo-
nents; see Figure 1. Through a wide range of experiments
on real and synthetic datasets, we explore the advantages of
our proposed framework, and provide comparisons to both
NeRF [18] and depth-supervised NeRF baselines [&].

In summary, we provide the following contributions:

* a physically-based neural volume rendering model for
multi-view structured light imaging, incorporating shad-
ing cues that inform normals and the separation of direct
and indirect components;

* an implementation on a widely-available commercial sys-
tem, an Intel RealSense camera [14], leading to reliable
depth reconstruction performance when compared to base-
line approaches and the original RealSense depth;

* a demonstration that our model allows us to tackle new
problems with structured light cameras, such as recover-
ing geometry through partially transparent surfaces and
through fine meshes.

2. Related Work

Differentiable volume rendering is a reliable approach to
reconstructing a digital copy of a scene, enabling the syn-
thesis of images from novel viewpoints and recovering its
3D shape [29]. The approach involves representing geome-
try and appearance of a scene at every point in space, from
which one can render views of the scene by performing
numerical integration to approximate a volume rendering
integral [18]. Given enough images of a scene, one can op-
timize a volume representation that takes advantage of the
compressive priors induced by a neural network [28, 33].
One current disadvantage is that many different viewpoints
are required to accurately reconstruct a scene. This limita-
tion can be addressed using depth consistency priors [21],
semantic priors [ 1], or depth supervision from traditional
multi-view stereo algorithms [8, 23, 32]—although in this
case, the depth inherits the limitations of traditional passive
stereo approaches.

Past works also combine depth supervision from active
illumination sensors with neural volume rendering to achieve
reconstruction with few images [3, 7, 8, 27, 41]. However,
these use limited or simplified image formation models for
depth sensing, which do not exploit the potential advantages
of neural volume rendering. In contrast, we model the physi-
cal image formation process of the raw images from a struc-
tured light sensor, and can therefore better take advantage
of the benefits of both structured light and volumetric recon-
struction. Our approach is similar in spirit to prior works
that use flood illumination [4] or time-of-flight sensors [2],
though ours focuses on using structured light systems.

In addition to improving reconstruction quality, model-
ing illumination within a volume rendering image formation
model can offer several additional benefits. For example, Bi

Table 1. Mathematical symbol legend.

Symbol Units Description

X; Xc; Xp A point 2 R3, camera center, projector center.

LIS PR Y A unit vector 2 RS, incoming direction, outgoing direction.
n(x) A unit normal 2 R® perpendicular to a surface at point X.
L0 1) W sr ¥ m 2 Radiance measured at point X in direction ¥.

Li(x; 1) W sr *'m 2 Incident radiance to a point X from a direction ¥;.

Lo(X; ¥o) W sr ' m 2 Outgoing radiance from a point X in a direction ¥ .
x) m ! Density function at a point.
unitless Transmittance function, i.e., accumulated density.
sr b Bidirectional reflectance distribution function (BRDF).

srl

(Retro-)reflectance function given by f(X; 14; 1).

et al. [4] and Zhang et al. [35] combine neural volume ren-
dering with a flash light source collocated with the camera
to recover depth, normals, and scene reflectance. Various
works make use of slightly more complicated illumination
conditions in the form of point light sources at several differ-
ent positions [ 13, 26, 37, 40]. Since these use illumination
with limited spatial variation, they rely on large number
of captures or light configurations. Other works leverage
environment map lighting that is optimized alongside the
neural volume [6, 12, 15, 17, 34, 38]. While some works
account for global illumination [26, 40], they either limit
themselves to two-bounce global illumination or else do not
demonstrate direct-global separation in real-world settings
[40]. In this work, we show that we can achieve accurate
scene reconstruction and intrinsic decomposition (including
direct-global separation) on real-world scenes.

3. Neural Volume Rendering for
Structured Light Imaging

Consider using a projector-camera system (e.g., the Intel
RealSense [14]) to capture measurements of a scene from
multiple viewpoints, where the projection pattern is known.
In this scenario, the projector produces stroboscopic illumi-
nation, i.e., it is turned “on” for even frames and “off” for
odd frames. When the projector is on, it actively illuminates
a scene with the known fixed pattern, and the camera mea-
sures the scene’s radiometric response to both the projector’s
illumination and all other light sources in the environment.
When the projector is off, the camera only measures the am-
bient light. Given these measurements, our proposed volume
rendering framework reconstructs the depths and normals
corresponding to scene geometry, as well as the direct, indi-
rect, and ambient light transport components that contribute
to scene appearance (see overview in Figure 2).

To understand how, first consider modeling the light inci-
dent at a surface point X with a function L; (X; 1;):

Li (X; !l) — i_??;ien}t’_k iL(i:lirect _EZLiindireC?’ (1)

passive active

where 2 f0;1g accounts for whether the projector is
off (L?) or on (Lil). The light from the projector can either
take a direct path to an object’s surface (L{™) or reach the



surface indirectly, by re ecting off of other scene points rst
(Lindirect The ambient termL(™Pe") represents both direct
and indirect light from all sources other than the projector.
Given these incident light sources, the outgoing radiance
at the point can be calculated using the rendering equation:

Z
Lo(X;! o) = fOGTis! o)l (6 i)(n(x) ti)d! i,

(%)

@)
where the domain( x) represents the hemisphere of in-
cident light directions at point. Here, the bidirectional
re ectance distribution function (BRDFJ,(x;! i;! o), de-
nes the proportion of incoming light scattered in the out-
going direction. When combined with Equation 1, we can
further decompose the rendering equation as follows:

LO(X; I o) — Lgmbiem+ (Lgirect+ Li(;ldirect), (3)

where each term represents the result of evaluating the inte-
gral with respect to the corresponding incident light compo-
nent. Note that both active componerit§e® andL ndirect
depend on the pose of the projector.

Neural Volume Rendering Framework. To model the
environment, a neural network takes as input a 3D
position x and viewing directiont ,, and outputs terms

( (X);n(x);f(x;! o);Lambientx -1 ); Lindireciy 1)) that
capture the scene's geometric and radiometric properties.
This neural representation can be used to render scenes from
different viewpoints by tracing rays through the volume and
computing the radiometric response at each point sampled
along the ray [8]. Given a camera's pose and intrinsic pa-
rameters, rays are cast from the camera's optical center
through each pixel in direction ,. Volume density, normals,

re ectance, and outgoing radiance functions are queried at a
set of 3D points along the ray, and radiance is accumulated

at the camera pixel by computing the following integral:
Z,,

L (Xe;! o) = T(Xe;X) (X)Lo(X;! o) dt,  (4)
tn

where

R
T(xax)=exp . (xc !'o9)ds ,  (5)

andx = X; ! ot. The transmittance functioh(xc; x) rep-
resents the proportion of light that travels fronto X..

Figure 2.0Overview of structured light reconstruction proce-

dure. (a) The acquisition setup consists of a single camera and
projector illuminating the scene with a xed projection pattein).

The projector strobes the illumination as the setup moves around
the scene, producing an image sequence where the pattern alter-
nates between on and oft) The proposed volume reconstruction
problem recovers the appearance and shape of the {dg¢fide
constituent components that make up appearance and shape can
then be synthesized for novel views.

The Direct Component. L3 models the single-bounce

As discussed in Equation 3, in this work, we indepen- light transport component, where light travels from the pro-
dently model three different components of illumination: jector to a scene point and back to a camera. For a projector
(i) the neural network directly outputs the ambient term, as at positionx,, the direct lighting incident at a particular
done in previous worksl[; (ii) we provide a physics-based pointx is given by the following function:

model for the direct term, and (iii) we propose to optimize a
term that approximates the indirect component. We focus on

the latter two items in the remainder of this section.

%T(xp;x) o 1), (6

Lqirec x;1i)=
=



where [20]. The key idea is to illuminate a scene with a high-
= Xp X (7)  frequency pattern and observe the response at a pant
kxp  xk differentillumination conditionsge.g, the result of moving
the structured light pattern across the scene. Provided that
the indirect component is smooth relative to this illumination
ghattern, the indirect component at a point in the scene stays
Ii_nore or less constant with respect to small perturbations to
the global position of the structured light pattern. Therefore,
do approximate the indirect component, we propose using
a functionL"d"ec{(x; I ) thatonly takes as input the scene
pointx and viewing direction .

In simpler terms, the indirect channel absorbs light contri-
butions that cannot be modelled via direct re ections (Equa-
tion 9). Consider a scenario where the projected paRéx)
is a Dirac delta functioni,e., it is non-zero at only one point.
Without indirect light, most of the scene would be black.
With indirect light, however, a non-zero contribution of light

FunctionP (x) queries the intensity of the projector pixel il-
luminating pointx, identi ed through perspective projection,
as the projector has similar geometric properties to a camer
note that the output depends on the pose of the projecto
Thel=xx, xk?term models the inverse square light fall-off;
because the projected area grows proportionally to square
distance, intensity per unit area follows an inverse square
falloff. The transmission functiof (x; x) determines the
proportion of light transmitted between the projectox st
and point along the ray. Finally, the Dirac distribution

() ensures that the lighting comes from a single direction
based on the projector's position.

When combined with Equation 2, we obtain:

direct.... f(x;! pi! o) _ can potentially reach any camera pixel by bouncing around
Lo"(x;! o) = o XK POOT(xp;x)(n(x) ! p)- the scene multiple times. Since the direct re ection model
P 8 has no way of producing non-zero values in these regions

This expression is non-trivial to evaluate for two reasons.USing Equation 9, this forces the model to produce these
First, this requires knowledge of the full BRDF at every NOn-zero responses through the indirect channel.

point in space. Second, this requires evaluating the projec- L

tor transmission function, which would be a computational 4- Neural Volume Optimization

bottleneck in neural volume rendering. We optimize the neural volume framework using both

~ To help, we make two assumptigns:.l(i) the projector gmpient-only measuremerft8(x.; ! ) and structured light
light casts no shadowse., T(xp;x) = 1;> and (i) the  measurementdi(x.;! o) using the camera-projector poses
BRDF can be approximated with the re ectance function ogtimated with COLMAP [25].
fr(x;! o) = T (x;! 01! o), representing the ratio of lightre- - \yg pyilg our framework on top of NeRF-PyTorch],
ected in the direction of the |IIL_Jm|nat|_on source. This holds which we extend to output normai(x), re ectance
approximately for small-baseline projector-camera systems (x:! o), and indirect radiance Mreci(x: 1 ). We train
. . . . [ ’ 0 L .

provided that the distance to the scene is suf ciently large. coarse and ne networks using an ambient photometric loss:

When combined with Equation 4, the expression for the
contribution of direct light is given as follows: . 2

mEg Lambient= | O(x -1 ) [Oxeilo) . (10)

z t .
b Teix) )fr (x5! )P (X)(N(X) ! p)dt. (9) and a structured light photometric loss:

tn  KXp xk?
SL 1 Cl 2

The Indirect Component. As a byproduct of our frame- L= = Li(Xe;! o) (Xc;! o) 1)
work, it is possible to recover an approximation of the indi-
rect component for a scenielMect models the component  WhereL® andL* are the predicted ambient (= 0) and
of light that misbehavese(g, bounces around a scene multi- Structured light ( = 1) terms from Equation 4. Because
p|e times)_ However, the g|0ba| nature of the indirect channel the contribution of indirect radiance is often weaker than
makes it non-trivial to model accurately. This is because, in the other components, we scale the network output corre-
a volume rendering framework, the indirect component at Sponding to indirect radiance iyl to implicitly bias the
any given 3D poink would also depend on 6D pose of the resultant indirect radiance towards a small value. This is
projector-camera system—making it far too challenging to an empirically determined hyperparameter value that works
model and reconstruct explicitly. well for our experiments. For scenes with minimal indirect

Our ability to separately recover the direct and indirect component, we simply omit this channel.

components of a scene is based on the work by Nayar et al. We follow the approach proposed by Verbin et[al)] to
tie predicted normals to the gradient density normals:

1An alternative option is to square the transmission function in Equa-
tion 9, to model attenuation of both incident and outgoing light. In practice,
we found that this change does not impact reconstruction results however.

1 X K
K k=

normal —
Lp =

| Wi kny Ak, (12)






