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Abstract

We present a differentiable framework to adaptively com-
pute 4D illumination conditions with respect to an ob-
ject, for efficient, high-quality simultaneous acquisition of
its shape and reflectance, with a unified spatial-angular
structured light and a single camera. Using a simple
histogram-based pixel-level probability model for depth
and reflectance, we differentiably link the next illumination
condition(s) with a loss that encourages the reduction in
depth uncertainty. As new structured illumination is cast,
corresponding image measurements are used to update the
uncertainty at each pixel. Finally, a fine-tuning-based ap-
proach reconstructs the depth map and reflectance param-
eter maps, by minimizing the differences between all phys-
ical measurements and their simulated counterparts. The
effectiveness of our framework is demonstrated on physical
objects with wide variations in shape and appearance. Our
depth results compare favorably with state-of-the-art tech-
niques, while our reflectance results are comparable when
validated against photographs.

1. Introduction
Capturing the geometry and appearance of physical objects
is a key problem in computer vision and graphics. Often
represented as a 3D mesh and a 6D spatially-varying bidi-
rectional reflectance distribution function (SVBRDF), the
reconstruction result enables photo-realistic image synthe-
sis under any view and lighting conditions. This benefits a
wide range of applications, including cultural heritage, e-
commerce, special effects and video games.

Active, structured illumination is commonly employed
in high-quality acquisition of geometry or reflectance.
It probes the physical domain to obtain measurements
strongly correlated with target information, resulting in
a high signal-to-noise ratio (SNR). For shape, spatially-
varying light pattern(s) are projected into the 3D space to
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Figure 1. Our acquisition setup. It consists of a camera, an LED
array and an LCD mask (a). The setup is working with optimized
light/mask pattern (b). A side view is illustrated in (c).

distinguish rays for triangulation [16, 37]. For reflectance,
angular-domain illumination patterns are cast onto the ob-
ject surface, physically convolving with BRDF slices at dif-
ferent locations. Accurate appearance can be deduced from
corresponding measurements [14, 40].

To facilitate active capture of both shape and reflectance,
the first 4D structured light is recently proposed in [43],
unifying the aforementioned two types of illumination in a
compact form factor. Despite its physical sampling capabil-
ity in the spatial-angular domain, the acquisition efficiency
is not satisfactory: it takes 24 minutes to scan a single view,
the majority of which is spent on geometry capture, with
only one LED on at a time. Moreover, the illumination con-
ditions in [43] are pre-optimized, which could be subopti-
mal for acquiring a specific object.

To actively capture shape and reflectance at the same
time with high efficiency and quality, we propose a differ-
entiable framework to automatically optimize the spatial-
angular lighting conditions during acquisition, which are
tailored to the object being digitized. This is achieved by
differentiably connecting the next lighting condition(s) to a
loss that minimizes the overall depth uncertainty. By us-
ing multiple LEDs instead of one at a time as in previous
work, we reduce the exposure time by up to 100× and the
total acquisition time by 2×. After acquisition, we further



fine-tune the results by minimizing the differences between
physical measurements and simulated ones. The final out-
put is a depth map and multiple texture maps that store GGX
BRDF parameters.

The main contributions of this paper are as follows:
• We propose a learned multiplexing scheme for 4D spatial-

angular structured illumination, to simultaneously cap-
ture shape and reflectance with high efficiency.

• We propose a differentiable framework to on-the-fly opti-
mize complex lighting conditions, which are adaptive to
an object of interest.

2. Related Work
This section reviews representative work on structured illu-
mination for geometry and/or reflectance, as well as adap-
tive acquisition, which are two topics most related to our
paper. Passive approaches are not discussed here. Interested
readers are directed to excellent surveys [7, 15, 18, 36, 42]
for a broader view of the topic.

2.1. Structured Illumination
Spatial Lighting. Laser-stripe triangulation [24] and spa-
tial structured lighting [16, 32, 37] are widely used for cap-
turing highly accurate geometry. These techniques project
one or more spatially distinctive, discrete or continuous pat-
terns onto the object surface, encoding light rays to facili-
tate 3D triangulation. Different pattern designs have been
explored to enhance robustness [16, 33], improve com-
putational efficiency [9, 10, 34], and increase acquisition
speed [21]. While the spatial structures in illumination
are historically hand-crafted, recent work demonstrates en-
hanced quality and efficiency with automatically designed
ones [4, 45].

Angular Lighting. Despite its quality, exhaustively
sampling the physical appearance domain with a gantry is
prohibitively time-consuming [6, 22]. On the other hand,
illumination multiplexing is a highly successful class of ap-
proaches, which modulates the intensities of lights at mul-
tiple angles, to reconstruct reflectance based on measure-
ments taken under different lighting conditions. The light-
stage recovers appearance using a pre-computed inverse
lookup table [14]. Planar SVBRDF is estimated by ana-
lyzing appearance changes relative to a moving linear light
source [3, 13]. Isotropic reflectance can be captured via a
frequency domain analysis, utilizing an LCD panel as the
light source [1]. Similar to spatial illumination, recent trend
in angular lighting moves from manual to automatic design
of light patterns, substantially increasing the acquisition ef-
ficiency [5, 17, 27, 28].

The closest work to ours is [43], which proposes a uni-
fied structured light in both spatial and angular domain, with
an LED array and an LCD mask. Despite hardware novelty,
the prototype separately captures geometry (acting like a

conventional projector) and then appearance (like a light-
stage), with pre-optimized 2D lighting conditions. In com-
parison, we propose the first learned multiplexing approach
for 4D spatial-angular domain to simultaneously capture
shape and reflectance, with an improved efficiency in both
the acquisition time and the number of input photographs.
We also establish a differentiable adaptive framework to op-
timize lighting conditions that are tailored to an object.

2.2. Adaptive Acquisition
Geometry Capture. Real-time generation of a paramet-
ric [20] or code-based [31] single-shot spatial pattern can be
performed on-the-fly with respect to scene content. In [25],
structured patterns with adaptive color is computed using
principal component analysis of the scene image with a
projector and two cameras. Adaptation strategy for focus
and exposure is proposed in [46] to generate correspond-
ing pattern for robust depth sensing. In [35], the next pat-
tern is selected from an pre-defined set to maximize infor-
mation gain. Recently, another class of approaches opti-
mize subject-independent structured patterns are optimized
to adapt to a specific hardware configuration [4, 32].

Appearance Capture. Lensch et al. [23] propose a
function to measure the reduction in uncertainty added by
one view, to guide view planning for SVBRDF acquisi-
tion. In [12], a sampling algorithm is developed to in-
crementally choose light directions adapted to the proper-
ties of a reflectance field. Exploiting a database prior, an
adaptive method of accurate interpolation of sparsely mea-
sured BRDF is introduced [11]. A sampling scheme is de-
rived from a new BRDF parameterization that automatically
adapts to the behavior of a material [8]. Liu et al. [26] ap-
ply meta-learning to optimize the physical sampling pat-
tern. Stochastic particle-optimization sampling is adopted
in [47] to sample uncertain material parameters to guide
acquisition process. Note that a recent approach learns a
divide-and-conquer strategy for reflectance reconstruction,
with fixed illumination patterns [29].

Unlike the majority existing work in this category, we
propose a differentiable framework to automatically com-
pute high-dimensional structured illumination for simulta-
neous acquisition of both shape and reflectance.

3. Hardware
We use a single-camera acquisition prototype, similar to
the one proposed in [43]. The spatial-angular structured
light includes a rectangular RGB LED array (with 64×48
= 3,072 LEDs) and an LCD mask (with a spatial resolu-
tion of 1,920×1,080). A 45MP Canon EOS R5 camera is
mounted above the mask. We use a focal length of 24mm
and an aperture of f/22. A valid volume is defined as a cube
of 15cm×15cm×15cm, whose center is 15cm in front of
the center of the mask. All intrinsic and extrinsic param-



eters of cameras and lights are differentiably calibrated in
an end-to-end fashion (detailed in the supplemental mate-
rial). Following existing terminology, we refer to the inten-
sity distribution of the LED array as a light pattern, and
the image displayed on the LCD as a mask pattern. Please
refer to [43] for more details.

4. Preliminaries
Below we describe the relationship between a pixel mea-
surement, the depth/reflectance corresponding to that pixel
and a light/mask pattern, which will be used to drive differ-
entiable optimization described in the next section.

Ij,k =
∑
l

∫
A

Lj(xl,−ωi
k)Mj(xl ↔ xk)fk,lFdA,

≈
∑
l

fk,lF

∫
A

Lj(xl,−ωi
k)Mj(xl ↔ xk)dA,

≈
∑
l

fk,lFLj(l)Ψ(−ωi
k)

∫
A

L(xl)Mj(xl ↔ xp
k)dA.

(1)

Here Ij,k is an image measurement at a pixel k under j-th
light/mask pattern. xl is a point on an LED with an in-
dex of l, modeled as an area light of 2mm × 2mm accord-
ing to calibration. xk is the 3D position corresponding to
the current pixel. The lighting direction ωi

k is a unit vector
pointing from xk to xl, and the view direction ωo

k from xk

to the center of the camera. Moreover, Lj(xl,−ωi
k) is the

radiance emitted from the LED l along the direction −ωi
k.

Mj(xl ↔ xk) is the mask value, where the ray from xl

to xk intersects our liquid crystal panel. In addition, fk,l
is a BRDF value for (ωi

k, ω
o
k). We use parametric GGX

model [41] in this paper, while other models can also be
plugged in here. F =

(ωi
k·nk)

+(−ωi
k·nl)

+

||xl−xk||2 is the form factor,
where nk/nl is the surface normal of xk/xl, respectively.
The above integral is calculated over the surface area A of
the LED. Due to the small solid angle subtended by A with
respect to xk, we assume constant fr/F/ωi

k in the integral,
and factor L as:

Lj(xl,−ωi
k) ≈ Lj(l)Ψ(−ωi

k)L(xl), (2)

where Lj(l) is the relative intensity of the LED l in the j-
th light pattern, in the range of [0,1]; Ψ is a pre-calibrated
angular distribution function for an LED; and L(xl) is im-
plemented as a 5 × 5 kernel, satisfying

∫
A
L(xl)dA = 1,

whose values are also pre-calibrated, similar to [43].

5. Overview
Our pipeline consists of two stages: differentiable adaptive
acquisition and fine-tuning. First, for a physical object, we
compute the next light/mask pattern(s) by minimizing depth

uncertainty, take photograph(s) with these patterns, update
the uncertainty measure with new measurements, and repeat
this process until a termination condition is met (Sec. 6).
Next, we use the depth/reflectance estimate in the previous
stage as initial values, and fine-tune the results by minimiz-
ing the differences between physical measurements and cor-
responding simulated ones (Sec. 7). The final output is a
depth map and several texture maps that store parameters of
the GGX BRDF model. Similar to the majority of related
work, we focus on high-quality reconstruction from a sin-
gle view, and leave the scanning of a complete 3D object to
orthogonal techniques. Please refer to Fig. 2 for a graphical
illustration of the pipeline, and Fig. 4 for an example.

6. Differentiable Adaptive Acquisition
To quantitatively measure uncertainty, we first build simple
histogram-based probability models for depth and BRDF
parameters at a valid pixel (Sec. 6.1). During adaptive ac-
quisition, we differentiably optimize the next light/mask
pattern(s), by minimizing the uncertainty computed from
our models (Sec. 6.2). We then update the models with
the new measurements under optimized patterns (Sec. 6.1).
This process is repeated until 72 light/mask patterns are pro-
jected in our experiments, while other termination condi-
tions can also be employed here.

6.1. Probability Model
Definition. For a single pixel, we assume that the joint dis-
tribution of its depth and reflectance can be modeled as in-
dependent probability models for each individual parameter
(i.e., depth/BRDF parameters) based on probability mass
functions defined with histograms. A candidate has its
depth and BRDF parameters independently sampled from
these probability models.

Specifically, to build a probability model for depth, we
first determine its minimal and maximal value by intersect-
ing the valid volume (Sec. 3) with the camera ray corre-
sponding to the current pixel. Next, we uniformly split
the range into nbin bins (nbin = 100 in our experiments).
For each bin, it stores the highest Zero-Normalized Cross-
Correlation (ZNCC) score among all randomly sampled
candidates, whose depth falls within the current bin: for
each candidate, the score is computed between the physi-
cal measurements at the current pixel under the projected
light/mask pattern(s) so far, and the corresponding simu-
lated measurements (Eq. (1)). Finally, the scores in each bin
are normalized to generate a probability distribution. We
use ZNCC as it is a common choice of metric in depth ac-
quisition [30, 32]. Please refer to Fig. 3 for an illustration.

For a BRDF parameter, its probability model is similar
to that of depth, except that its range is determined by the
statistics reported in OpenSVBRDF [28]. Moreover, we
calculate the inverse of L1 distance instead of ZNCC, as
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Figure 2. Our pipeline consists of two stages. First, for a physical object, we compute the next light/mask pattern(s) by minimizing the cross
entropy among possible candidates sampled from histogram-based probability models. We then take photograph(s) with these patterns,
and update probability distributions based on new measurements. This process is repeated until a termination condition is met. Next, we
use the depth/reflectance estimate from previous stage as initial values, and fine-tune the results by minimizing the differences between
physical measurements and corresponding simulated ones. The final output is a depth map and several texture maps that store parameters
of the GGX BRDF model. Params. = parameters, mea. = measurements.
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Figure 3. Graphical illustration of our probability model for depth.
To build this model, we first determine its range zmin/zmax by
intersecting the valid volume with a corresponding camera ray.
This range is then split into nbin bins. Each bin stores the highest
ZNCC score, computed between physical measurements and sim-
ulated ones from each candidate. Cand. = candidate.

L1 norm is commonly used in state-of-the-art appearance
reconstruction [2, 44].

Sample. To sample the depth/reflectance parameter of a
candidate from our model, we randomly select a bin based
on the scores after normalization (i.e., the probability mass
function). Next, we continuously sample a value in the
range of the current bin uniformly at random, as the final
result (Fig. 3).

Update. All histograms are initialized as a uniform
probability distribution. We adopt a Monte-Carlo approach
to update them. First, we randomly sample the depth/BRDF
parameters for nsample candidates (nsample = 600 in our ex-
periments), according to the current probability models. For
each candidate, we compute its ZNCC score and store the
highest one among all candidates in the corresponding bin

in the probability model for depth. Similar operations are
carried out by updating with the inverse of L1 distance of
the current candidate, for the probability models for BRDF
parameters. We hope that as more measurements under
adaptive illumination are received, the probability distribu-
tion on either depth or each reflectance parameter at a valid
pixel becomes more concentrated (i.e., we become more
certain about the depth and appearance). The bottom row
of Fig. 4 shows an example of the histogram of depth at a
single pixel that gradually concentrates around the ground
truth.

6.2. Optimizing the Next Pattern(s)

Loss function. It is defined as the sum of the depth uncer-
tainty at each valid pixel. For a single pixel, we compute its
depth uncertainty as the cross entropy:

−
∑
a,b

ya,b log(ŷa,b), (3)

where we cast the problem as standard multi-class classifi-
cation [43]. Specifically, we randomly sample candidates
according to the current probability distributions (Sec. 6.1),
and treat each candidate as a class of its own. ya,b is the
ideal likelihood for classifying candidate a to class b. It is
1 if a = b, and 0 otherwise. ŷa,b is the computed likeli-
hood for classifying candidate a to class b from the simu-
lated measurements under existing and the next pattern(s),



as:

ŷa,b =
eZNCC({Ij,a}j ,{Ij,b}j)∑
b e

ZNCC({Ij,a}j ,{Ij,b}j)
. (4)

Here {Ij,a}j /{Ij,b}j is a vector of measurements, each of
whose elements is calculated with Eq. (1), corresponding to
a particular light/mask pattern.

Intuitively, our loss function in Eq. (3) encourages the
distinctiveness from one candidate to another in terms of the
corresponding measurements under the patterns being opti-
mized. Note that the loss is defined with respect to depth un-
certainty only, without explicit consideration of the uncer-
tainty in reflectance. The reason is that per-pixel reflectance
can be faithfully recovered by using even a small number of
photographs under varying illumination, as in state-of-the-
art techniques [28, 43]. So we would like to devote our
effort to the more difficult problem of depth reconstruction,
as reflectance can be easily recovered as a by-product: our
experiments confirm that photographs taken with adaptive
illumination that minimizes depth uncertainty are sufficient
to produce high-quality reflectance results (see Sec. 9 and
additional results in supplementary material).

Optimization. According to the relationship in Eq. (1),
we can differentiably optimize the next light and mask pat-
tern(s) adaptive to the current situation, by minimizing the
loss function in Eq. (3). Please refer to Fig. 2 for a graphical
illustration.

For physical plausibility and ease of calibration, the
value of each light/mask pattern pixel goes through a sig-
moid function to fit in the range of [0,1]. In particular, to
generate a pixel in a mask pattern, we multiply a free vari-
able with a large scalar (108 in our experiments) before go-
ing to the sigmoid, to encourage the final result to be either
0 or 1. Note that in our experiments, we optimize nbatch

light/mask patterns at a time, to amortize the training cost
(nbatch = 3 in our experiments). Please refer to Fig. 4 for a
visualization.

We find that each candidate is not equally important in
pattern optimization. For candidates whose ZNCC score is
considerably smaller than the current best, it is unlikely that
any of them will be the final solution. Moreover, for can-
didates whose depth is very close to the one with the high-
est ZNCC score, it is not feasible to obtain disambiguating
pattern(s), as it is beyond the resolution of our LCD panel.
Therefore, in practice, we find it effective to use only the
candidates with top npeak peak ZNCC scores in comput-
ing the cross entropy (npeak = 3 in our experiments). Local
maximum filtering with adaptive thresholding is applied for
peak detection.

7. Fine-Tuning
This is a two-step process. The first step is to initialize depth
and reflectance for each valid pixel, from the corresponding

Initial Pattern#3 Pattern#12 Pattern#30

Figure 4. Visualization of various parts in adaptive acquisition.
From the left column to right, after the initialization, after pat-
tern#3, #12 and #30 is projected. From the top row to bottom,
light pattern, mask pattern, corresponding photograph, depth un-
certainty visualization (yellow = uncertain, blue = certain), and the
visualization of the probability model at a single pixel.

probability models after differentiable adaptive acquisition.
Specifically, for each histogram, we subdivide each of its
bins into 5 smaller ones, pick the bin with the highest score,
and uniformly at random sample a value within its range as
the initial value for the corresponding parameter (i.e., depth
or a GGX parameter).

The second step is simultaneous fine-tuning of both
depth and reflectance parameters, by minimizing the differ-
ences between physical and synthetic measurements, which
are simulated according to Eq. (1). As directly optimizing
native GGX parameters is difficult [43], we reparameterize
the BRDF model with a 16D neural latent vector, along with
5 MLPs. Each MLP converts the latent to respective GGX
parameters, to facilitate differentiable optimization. Before
fine-tuning, for each valid pixel, we precompute a latent that
closely predicts the initial values of GGX parameters from
the first step. Please refer to [43] for details.

8. Implementation Details
We apply [19] to perform foreground segmentation to de-
termine the pixels of interest. For efficient computation
during adaptive acquisition, we downsample each photo-
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Figure 5. Reflectance results represented as GGX BRDF parame-
ters map. Tangent maps are not shown here due to limited space.

graph from its original resolution to 127×64. We find
that this resolution is suitable for our prototype, achiev-
ing decent quality without incurring an excessive computa-
tional burden (Sec. 9.2). A higher resolution can be used
when more computational power is available. After ac-
quisition, we start with the low resolution of 127×64, and
gradually upsample it to the original resolution during fine-
tuning (Sec. 7). Our differentiable pipeline is implemented
with PyTorch. Adam optimizer is used in all experiments,
with a learning rate of 10−3 and a weight decay of 10−6.

9. Results and Discussions

We capture the shape and reflectance of 10 physical ob-
jects from a single view. The maximum dimension of each
object ranges from 9 to 15cm. The appearance ranges
from diffuse-dominant clay, wood, plastic, metallic paint, to
highly specular natural wax coating. An exposure time of
0.2s is set for taking one photograph, and only LDR input
images are used in our pipeline. All computation is con-
ducted on a workstation with dual Intel Xeon 4210 CPUs,
256GB DDR4 memory and a GeForce RTX 3090 GPU. It
takes about 10 minutes for adaptive acquisition (the major-
ity of which is spent on pattern optimization, with only 15

seconds of total exposure time) and 2 hours for joint fine-
tuning of about 1024×1024 depth map and multiple tex-
tures map for GGX parameters. Note that we focus on the
former, as the latter is relatively easier to scale up via means
like parallelization.

9.1. Comparisons
Geometry. We compare our shape reconstruction with re-
lated work in Fig. 6. According to [39], we measure geo-
metric quality in the following metrics: RMSE in estimated
depth, percentage of inliers (absolute depth error < 3mm),
and RMSE among the inliers. The ground-truth shape is
captured with a commercial 3D scanner [38].

In the 1st,3rd and 4th column of the figure, we com-
pare with [43], the closest state-of-the-art technique to ours,
and [16], a representative method on traditional structured
illumination. Our approach employs 3×24 = 72 adaptive
light/mask patterns. For [43], the same number of patterns
are pre-trained for a fair comparison. Note that each of their
lighting conditions requires 20s of exposure time, due to
the limited power of a single LED, which is two orders of
magnitude longer than our approach with multiple LEDs on
simultaneously. For [16], based on the effective spatial res-
olution of our LCD panel, a frequency band consisting of 16
pixels and 15 frequencies are used to generate 34 patterns.
Our geometric results quantitatively outperform the two re-
lated techniques. For ORANGE, we are unable to scan a
ground-truth shape as it is non-rigid. Yet one can qualita-
tively inspect the results: ours exhibit less banding artifacts.

In Fig. 7, we further demonstrate the benefit of mak-
ing full use of the LED array during acquisition, compared
with [43] using a single light source, as is common in the
majority of work on structured illumination. Our result is
more complete, as we are able to cast light from differ-
ent sources to reduce the shadow region, where no reliable
depth estimation can be made.

Reflectance. Fig. 5 shows texture maps that store the
GGX BRDF parameters. Next, in the last 3 columns
of Fig. 6, we compare our relighting results with [43],
while validating against corresponding photographs taken
under novel lighting conditions. In all cases, our results are
comparable to [43] and closely resemble the photographs.
Please refer to the supplementary material for more details.

9.2. Ablations
In first two columns of Fig. 6, we demonstrate the effec-
tiveness of adaptive acquisition, by comparing to a variant
that pre-trains 72 fixed light/mask patterns from synthetic
training data, sampled according to the statistics in [28].
In Fig. 8, the depth accuracy improves with the increasing
number of patterns, as more information is acquired to dis-
ambiguate current uncertainty.

We ablate various parameters of our approach as follows.



Ours(Adaptive)
Ours

(Non-Adaptive)
Xu et al. [43] MPS [16] Photograph Ours Xu et al. [43]

P
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0.9 0.9 0.9 4.2 0.93 48.7 0.93
RMSE = 3.75mm
RMSE(%inliers) =

0.31mm (97% )

RMSE = 4.68mm
RMSE(%inliers) =

0.47mm (94% )

RMSE = 12.12mm
RMSE(%inliers) =

0.60mm (81% )
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PSNR = 34.40
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RMSE = 2.26mm
RMSE(%inliers) =

0.28mm (99% )

RMSE = 3.14mm
RMSE(%inliers) =

0.44mm (97% )

RMSE = 4.21mm
RMSE(%inliers) =

0.52mm (94% )

RMSE = 8.99mm
RMSE(%inliers) =
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LPIPS = 0.043
PSNR = 31.81
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6.2 6.2 6.2 6.2 78.0 15.4 20.0
RMSE = 4.78mm
RMSE(%inliers) =
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0.56mm (92% )
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SSIM = 0.96
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PSNR = 31.42
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RMSE(%inliers) =

0.50mm (91% )

RMSE = 11.64mm
RMSE(%inliers) =

0.63mm (85% )

RMSE = 11.66mm
RMSE(%inliers) =

0.61mm (82% )

RMSE = 44.05mm
RMSE(%inliers) =

1.32mm (77% )

SSIM = 0.90
LPIPS = 0.082
PSNR = 28.72

SSIM = 0.90
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PSNR = 29.05
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SSIM = 0.91

LPIPS = 0.077
PSNR = 35.16
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PSNR = 35.28

Figure 6. Comparisons with state-of-the-art techniques on shape and reflectance capture. From the left column to right: depth reconstruction
with our approach (adaptive/non-adaptive patterns), [43] and MPS [16]; photograph under a lighting condition not used in optimization,
rendering with the reflectance results of our approach and [43]. Quantitative errors are listed below each related image.

In Fig. 9, higher quality results are obtained with a larger
number of Monte Carlo samples, at the expense of higher
computational burden. Fig. 10 evaluates the impact of the
batch size of simutaneously optimized next patterns in the
same amount of total acquisition time. Our current choice
of nbatch is empirically determined from this experiment.
Fig. 11 ablates npeak, which needs to strike a balance be-

tween missing good solutions and the speed to find the op-
timal value. In Fig. 12, finer bins improve the quality with
more computations.

Finally, we validate the effectiveness of using a low im-
age resolution for computing adaptive patterns in Fig. 13.
The current choice is made after balancing accuracy and
performance.



Ours [43] with 1 different LED on at a time

RMSE = 10.28mm
RMSE(%inliers) =

0.48mm (89% )

RMSE = 22.03mm
RMSE(%inliers) =

0.79mm (64% )

RMSE = 33.72mm
RMSE(%inliers) =

1.07mm (41% )

RMSE = 29.26mm
RMSE(%inliers) =

0.85mm (55% )

Figure 7. Comparison with a single-source structured light [43].
From the left to right: our result, the result of [43] when the LED
at the center, left, or right corner of the LED array is on.

36 patterns 54 patterns 72 patterns

RMSE = 4.95mm
RMSE(%inliers) =

0.46mm (93% )

RMSE = 4.94mm
RMSE(%inliers) =

0.42mm (93% )

RMSE = 4.78mm
RMSE(%inliers) =

0.42mm (94% )

Figure 8. Impact of the total number of adaptive light/mask pat-
terns over the depth quality.

nsample = 100 nsample = 300 nsample = 600

RMSE = 1.87mm
RMSE(%inliers) =
0.28mm (98.6% )

RMSE = 1.79mm
RMSE(%inliers) =
0.27mm (98.7% )

RMSE = 1.75mm
RMSE(%inliers) =
0.26mm (99.1% )

Figure 9. Impact of nsample over the depth quality.

nbatch = 2 nbatch = 3 nbatch = 6

RMSE = 3.57mm
RMSE(%inliers) =
0.43mm (97.9% )

RMSE = 3.54mm
RMSE(%inliers) =
0.40mm (98.3% )

RMSE = 3.59mm
RMSE(%inliers) =
0.45mm (97.6% )

Figure 10. Impact of the number of simultaneously optimized next
patterns (nbatch) over the depth quality, with the same total acqui-
sition time.

npeak = 2 npeak = 3 npeak = 6

RMSE = 2.40mm
RMSE(%inliers) =
0.48mm (97.4% )

RMSE = 2.30mm
RMSE(%inliers) =
0.47mm (97.9% )

RMSE = 2.40mm
RMSE(%inliers) =
0.52mm (96.9% )

Figure 11. Impact of npeak over the depth quality.

nbin = 50 nbin = 75 nbin = 100

RMSE = 7.58mm
RMSE(%inliers) =
0.48mm (90.2% )

RMSE = 7.53mm
RMSE(%inliers) =
0.48mm (90.3% )

RMSE = 7.30mm
RMSE(%inliers) =
0.48mm (91.0% )

Figure 12. Impact of nbin over the depth quality.

512×256 254×128 127×64

RMSE = 4.20mm
RMSE(%inliers) =
0.38mm (94.4% )

RMSE = 4.17mm
RMSE(%inliers) =
0.40mm (94.5% )

RMSE = 3.71mm
RMSE(%inliers) =
0.67mm (93.3% )

Figure 13. Impact of the image resolution for computing adaptive
patterns (listed on top) over the depth quality. Note that the same
reconstruction resolution is used in all cases.

10. Limitations & Future Work

Our work is subject to a number of limitations, which
could inspire exciting future research possibilities. First,
our depth uncertainty does not consider indirect illumina-
tion during adaptive pattern optimization. Second, the ex-
pressive power of depth maps and parametric BRDFs are
limited. It will be intriguing to combine our approach with
more advanced representations, such as Gaussian Splatting
representation that supports high-quality relighting [2]. Fi-
nally, it seems promising to apply our idea to free-form
scanning with a hand-held device [27], equipped with a
miniature version of the spatial-angular structured light.
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