NeLU3D: Neural Inverse Structured Light
without Explicitly Modeling the Projector

Giancarlo Pereira'®, David Fouhey'®, Claudio T. Silval{®, and Daniele
Panozzo!

New York University, New York NY, USA
{giancarlo.pereira,fouhey,csilva,panozzo}@nyu.edu

Abstract. Structured Light (SL) is a popular technique that delivers
precise 3D shape acquisition across diverse materials and object sizes.
SL requires, however, careful modeling of the set-up, including geomet-
ric and radiometric calibration of the camera-projector pair; without it,
reconstruction quality degrades. We propose NeLUS3D, a neural inverse
SL method without explicitly modeling the projector. We calibrate the
camera—projector system using a neural network that maps 3D positions
to a set of projected patterns. Then, with as few as four monochromatic
images (or two RGB images), our approach uses differentiable volume
rendering to fit a surface to match SL captures. We scan over twenty-five
objects of different shapes and reflectances to demonstrate the feasibil-
ity and quality of our method in a handful of projector-camera set-ups,
including an extremely low-cost projector and an analog projector with
fixed RGB pattern. We also showcase sub-millimeter accuracy with sub-
optimal patterns, where previous methods recover noisy 3D surfaces.
We release an open-source implementation at https://github.com/
geometryprocessing/neural-lookup.

Keywords: Structured Light - 3D Reconstruction - Neural Method -
Inverse Rendering - Differentiable Rendering - Volume Rendering

1 Introduction

3D scanning is concerned with acquiring digital representations of real geometry,
be it for cultural preservation, robotic manipulation, etc. Structured light (SL)
stands out as a well-established non-contact technique that delivers consistent,
repeatable results across diverse materials and object sizes. SL systems typi-
cally reconstruct 3D geometry using a calibrated projector-camera pair, making
it accessible with off-the-shelf components. The camera and projector sit in a
stereo configuration; the projector emits time-varying patterns and the camera
captures the objects “painted” by said patterns. Through epipolar constraints
and triangulation, one can extract a point cloud with sub-millimeter precision.

SL, unfortunately, is limited by the need to emit multiple patterns for accu-
rate pixel correspondences for triangulation. SL also requires modeling each piece
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Fig. 1: Neural LookUp3D for Structured Light (SL) Scanning Without Ex-
plicitly Modeling the Projector. SL requires careful geometric and radiometric of
the camera-projector pair and careful choice of projector patterns to reconstruct object
surfaces. Our proposed method, on the other hand, can output accurate normals and
geometry from as few as three monochromatic patterns and a white flash. We validate
our method by scanning over 25 objects with a variety of camera-projector pairs.

of the set-up very carefully. Since the 3D shape is recovered from triangulating
light rays between camera and projector, the final surface quality depends on the
proper modeling of these components, e.g. pose registration, lens distortions, ra-
diometric calibration, interpixel gaps in a digital projector, and blurring. Errors
in modeling any such component result in errors in the reconstructed geometry.

In this work, we propose an end-to-end neural inverse SL scanning approach
that sidesteps the explicit modeling of the projector, freeing the surface recon-
structions from projector limitations. Our proposed approach NeLUS3D is in-
spired by two recent advances in SL scanning: TurboSL [34], a neural inverse
structured light scanning method, and LookUp3D [38], a data-driven scanning
method that foregoes explicit projector modeling. By carefully crafting a one-
time neural network calibration that maps 3D positions to projected colors,
our method simplifies the image formation pipeline in inverse rendering, reduc-
ing memory requirements and speeding up the time taken by each iteration.
NeLUS3D allows the use of, e.g., an extremely low-cost projector or an analog
projector without sacrificing surface reconstruction quality (Fig. (1 ' Fig. @

To demonstrate the quality of our method in realistic, challenging scenarios,
we test it using suboptimal patterns (i.e. not carefully designed for a particular
set-up), a low-cost hard-to-calibrate projector, and an analog projector with a
fixed pattern for slow-motion capture. We scan over twenty five objects, ranging
from day-to-day items to 3D printed objects to precisely milled ones (see our
supplemental for all results). We show results for both static and moving objects
with as few as 3 monochromatic patterns and 1 white flash (or 2 trichromatic
images) in a handful of projector-camera configurations without ever explicitly
modeling the projector. We additionally verify sub-millimeter accuracy against
traditional dense SL done with 44 Gray codes (22 horizontal and 22 vertical).
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2 Related Work

In this project, we are concerned with accurate 3D reconstruction of objects using
visible light. We focus on structured light (SL) scanning, a reliable, accessible,
and robust method that reconstructs sub-mm accurate geometry. The minimum
requirements for SL scanning are off-the-shelf components: one camera and a
controllable, spatially modulated light source (typically a digital projector). Our
method foregoes explicitly modeling the projector for SL scanning by leveraging a
one-time color calibration and neural inverse rendering for reconstruction. Below,
then, we review SL methods and newer improvements to surface reconstruction.

2.1 Structured Light Scanning

By controlling the light cues in a scene, one can efficiently extract a lot of in-
formation about the geometry and surface properties of an object [9,14, 15,19,
20, 23,28, 30, 36, 41, 48|. Structured Light (SL) scanning remains an accessible
and robust method for accurately acquiring 3D geometry [40, 52]. Researchers
have spent decades iterating through and developing different SL codes, each
with different benefits and trade-offs [2-4, 6, 10, 11, 13, 21, 22, 33, 39, 49]. The
quality of reconstruction, however, unfortunately heavily depends on the set-up
used and its proper calibration and modeling. For instance, inter-pixel gaps and
limited resolution of digital projectors cause Moiré patterns in reconstructed
surfaces [8,26]. Improper radiometric calibration can make decoding impractical
for smooth patterns, such as sinusoidals and Hamiltonians. Additionally, SL typ-
ically requires multiple patterns emitted onto the object while it remains static
for proper decoding. Researches have made hardware alterations to overcome
some limitations from digital projectors [8,47] and to boost the framerate of SL
scanning [7,17,18,23,24,27,43,53], but altering hardware is laborious and requires
careful engineering. Our proposal, on the other hand, does not require explicitly
modeling the projector: this in turn allows us to use off-the-shelf components
as is, without hardware modifications and without worrying about optical mis-
alignment, defocusing, vignetting, geometric or radiometric calibration (Fig. [1).

2.2 Neural Inverse Rendering

The last decade has seen tremendous development of techniques for 3D recon-
struction entirely passively from uncalibrated multiview 2D images [5,25,29, 32,
37,45,46,50,51]. Shandilya et al. [42] in 2022 brought NeRF to a single-pattern
SL system, but the method still required multiple views of the same static scene.

In 2024, Mirdehghan et al. [34] demonstrated the ability to use neural in-
verse rendering with a single camera view and single projector for SL scan-
ning. Most of their scenes, however, were scanned using a la carte patterns [33],
which are tailored to the specific SL set-up. This is an additional burden, as
the user needs to carefully craft these patterns and redesign is needed when-
ever the camera-projector arrangement changes. As a direct follow-up to [34],
Urakawa and Watanabe [44] added a neural network to learn a displacement
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field to compensate for motion during multiple pattern projections and used
phase-shifted sinusoids, a family of simpler patterns widely used that do not
require redesign for different camera-projector arrangements. But their solution
ultimately involved two cameras to overcome phase unwrapping ambiguities.
One major constraint of both [34,44] is the projector. Their systems require
careful pose registration, calibration of focal length and distortion parameters,
and radiometric calibration to properly reconstruct 3D surfaces. Any such error
in those parameters (or additional complications, such as defocusing or inter-
pixel gaps in the projector) gets propagated into the reconstructed surface. As
part of their optimization pipeline, for instance, these systems require learning
a 11 11 blur kernel to attempt modeling the imperfect optics of the projec-
tor. This ultimately limits the types of light sources that can be used for SL,
as low-cost projectors tend to be hard to properly calibrate and ultimately pro-
duce low-quality reconstructions. It also places a burden on the user to carefully
calibrate the projector. Our approach, on the other hand, does not require mod-
eling the projector explicitly. Therefore, typical projector issues, e.g. poor optics,
low-dynamic range, or interpixel gaps, do not cause final reconstruction quality
to degrade. Our method can acquire accurate geometry even with a low-cost
projector and an analog projector built for slow-motion capture (Fig. [1)).

2.3 Foregoing Explicit Modeling of Projector

In 2003, Scharstein and Szeliski [41] proposed a stereo method using structured
light for depth acquisition without calibrating the light source; it required a pair
of cameras and at least one light projector. More recently, LookUp3D by Pereira
et al. [38] introduced a data-driven SL scanning method that bypassed explicitly
modeling the projector using a single camera. The method relied on a mapping
of observed color values at a single camera pixel to a single scene depth. Since
there is no ray triangulation between camera and projector, there is no need
to know the extrinsic or intrinsic parameters of the projector. Defocusing, vi-
gnetting, interpixel gaps, and other effects get baked into the table, removing the
need to model projector imperfections. LookUp3D, however, performs pixelwise
decoding (sensitive to noise) and is memory intensive (each pixel stores hundreds
of RGB and depth values). Our proposal instead uses an inverse rendering opti-
mization with an implicit representation of the scene geometry, reducing memory
requirements (Sec. and effectively performing outlier rejection (Fig. @

3 NeLUS3D: Neural LookUp3D Method

The goal of our method is to recover a surface from captured structured light
images of a scene without explicitly modeling the light source. We cast this
problem as inverse rendering by fitting scene geometry, represented by a mul-
tilayer perceptron (MLP) f : R® ¥ R mapping 3D points to a signed distance
function (SDF), and scene appearance, represented by MLP a : R? ¥ [0; 1] map-
ping 2D image coordinates to global illumination contributions. The two MLPs
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Fig. 2: NeLU3D Pipeline. Left: NeL U3D works by first mapping a 3D position X to
its color when illuminated by K patterns. This mapping is compressed into an MLP c.
Right: Given a new capture of lpattern and lwhite of an unknown object, NeLUS3D uses
the frozen color MLP ¢ to optimize a scene SDF f and an ambient light image lambient
(outputted by 2D MLP a) so that volume rendering matches lpattern and lwhite-

are optimized to explain the captured images via volumetric rendering, as done
in TurboSL by Mirdehghan et al. [34] for structured light and NeuS [45] for
multiview images. Our key innovation is the careful integration of ideas from
LookUp3D by Pereira et al. [38], who create a per-pixel lookup table mapping
the perceived color of a point to its 3D position when illuminated by projected
patterns (after normalizing it by a white flash to remove albedo and other nui-
sances). After a one-time calibration, we bake this point-color mapping into a
color MLP ¢ : R? ¥ [0; 1] (where Kk is the number of patterns). The functions c,
f, and a can be used to render an image via the standard volumetric rendering
equations. By holding ¢ fixed at reconstruction time, we can recover an SDF
for the scene and use its zero level set to extract a surface. The color to point
calibration bypasses geometric and radiometric calibration of the projector, per-
mitting the use of low-cost and analog projectors, and suboptimal patterns not
uniquely designed to a specific set-up, without sacrificing quality. We refer to
the method, shown in Fig. [2| as Neural LookUp3D (abbreviated to NeLUS3D).

We begin by introducing the ideas of LookUp3D in a self-contained manner;
we then explain how we integrate these ideas with neural rendering (Sec. .
Throughout, we assume that we project K monochromatic patterns onto the
scene. During calibration, two additional captures are necessary: one with a white
flash (for an 8-bit projector, all pixels set to 255) to skip radiometric calibration
and remove albedo and one with the light source off to remove global illumination
contributions. During object scanning, the white flash is still required to remove
albedo; the ambient term instead is fitted during optimization. Then, we discuss
losses optimized during training (Sec. and implementation details (Sec. .
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Fig. 3: Making Lookup Table Differentiable. The lookup table L, as presented in
LookUp3D [38], maps billions of 3D positions to their respective K projected pattern
intensities. The explicit table, however, requires a fine grid to properly resolve details
and memory scales cubically with grid size. With a positional encoding (e.g. 20 fre-
quency levels as shown here) and a shallow MLP, we can simultaneously compress L
and make it differentiable for inverse rendering. With the MLP, we acquire accurate
geometry, faithfully match the SL capture, and maintain a smaller memory footprint.

3.1 Learning the Color Mapping

The basic idea of LookUp3D [38] is to build a lookup table L that maps 3D
points to their “color” when illuminated by k projected patterns. L is created
by sweeping a white flat target (equipped with fiduciary markers for relative
camera pose registration) across a calibration volume with a linear stage. A
white flash and ambient capture are needed to remove albedo and indirect light
contributions. After calibration, then, L stores the direct light contribution from
k patterns at each camera pixel and corresponding depth.

Once the table L is built, depth recovery of an unseen object is a direct search
per pixel: one checks all points along a camera ray in L and compares it to the
captured color. Mathematically, if vj is the ray departing ith pixel and Ij is the
ith pixel of the image, then one solves argming, -, jjL[divi] Iijj to find depth
di. This simple approach is effective and skips explicit projector calibration.

The approach, however, has several downsides that stem from inference being
a brute-force pixelwise search. Although parallelizable, the lookup search is costly
and memory intensive: each pixel needs to search through all calibrated positions
to find the best color match. Additionally, pixelwise decoding is sensitive to noise:
a reconstruction can be significantly covered by outliers, which is hard to post-
process for downstream tasks [1]. Finally, the arg min search is non-differentiable.

We propose instead to bake the lookup table into a learned MLP ¢ : R® ¥ R¥,
such that, given a 3D position, the MLP predicts the k normalized intensities at
that point. We choose an MLP as it is easy to implement and efficient in PyTorch:
a multiresolution hash encoding (MHE) [35] and a compact MLP compress the
lookup table (e.g., from 50GB to 49MB for k = 3 and from 121GB to 49MB
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