Surface estimation of translucent materials: an
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Fig. 1. Preview of the resulting surface estimation, as well as raster renders employing the obtained height maps, compared to the same renders with no
height map and with photometric height maps (from integrated photometric normals).

Abstract—Estimating the surface of translucent objects from
photometric data poses significant challenges due to complex
internal light scattering. We introduce a novel method that
computes a depth map from single-viewpoint photographs of
a material sample, captured under multiple illuminations. Our
approach leverages inverse rendering to derive a volumetric
representation, including density, albedo, and phase function,
from which a surface mesh is reconstructed. Beyond validation
with synthetic and 3D-printed physical models, we illustrate our
technique’s power by successfully applying it to the digitization
of fabrics, a notoriously difficult material due to its intricate
translucent structure. This work advances the state-of-the-art
texture stack acquisition via enhanced surface reconstruction.

Index Terms—Differentiable rendering, volumetric, height map
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IGITIZING real-world materials is a fundamental topic

in computer graphics, particularly for applications in-
volving the digitization of everyday objects such as gar-
ments or human skin, where we have very low perceptual
tolerance for visual artifacts. Translucent materials pose a
unique difficulty due to their complex interaction with the
illumination: the light scattering complicates the detection
of defined surface geometry features for inverse methods.
Accurately capturing the geometry of such materials is critical
not only for visual realism, but also for improving downstream
tasks like reflectance estimation or relighting.

Traditional geometry acquisition methods often rely on
multi-view stereo or depth sensors, which fail in the pres-
ence of translucency. Even multi-view photometric techniques,
which estimate surface normals, struggle to resolve depth
ambiguities without explicit geometry constraints. Moreover,
learning-based monocular depth estimation methods, while
relatively successful for opaque surfaces, are limited in their
generalization to translucent surfaces.

In this work, we propose a novel method to recover surface



depth in the form of height (depth) maps from a single zenithal
camera view, using multiple directional lighting conditions.
Our approach leverages Physically-Based Differentiable Ren-
dering (PBDR) to optimize a volumetric density field to match
the input images, enabling accurate estimation of relative
surface geometry, even for challenging cloth samples.

We evaluate our method both synthetically and on real cap-
tured data, and demonstrate its effectiveness when integrated
into an existing material digitization pipeline. We further
investigate the impact of specific design decisions and analyze
common failure modes to inform future improvements.

Our contributions are:

A volumetric optimization method for depth estimation
of translucent cloth using differentiable rendering.

A novel integration of this method into a photometric
material capture pipeline, adding support for shadowing
and explicit geometry.

An analysis of depth extraction techniques and inpainting
strategies to improve robustness in challenging materials.

II. RELATED WORK

Materials estimation: Estimating geometric and optical
properties of real-world materials is a well-established re-
search area in computer graphics and computer vision. Signifi-
cant research efforts have primarily targeted recovering surface
material parameters using methods based in BRDF models
[11-[3], SVBRDF models [4]-[6], and SVBSDF models [7]]-
[9]. Complementary methods rely on intrinsic image decom-
position to separate reflectance and shading components [10].

Comprehensive surveys [11]], [[12] provide further insight
into the current state of material acquisition and inverse
rendering, highlighting existing methods and their limitations,
setting a clear context for our contribution.

Geometric parameters estimation: Many methods specif-
ically target geometric attributes like albedo, roughness, and
normal maps [1], [2], [4]. In contrast, relatively few explic-
itly recover depth maps. Early examples include the dark-
is-deep approximation [13] and learning-based monocular
depth estimation [6]], [[14]], predominantly for opaque materials.
Some works [15] explore the use of Depth from Focus [16]
techniques for fabric captured at the microscale, although
it is not accurate enough for this context. Recent research
addressing translucent materials often assumes homogeneous
subsurface scattering [[8]], leaving depth estimation in hetero-
geneous translucent materials largely unexplored.

Scene-level depth estimation using monocular RGB or
depth sensors, such as LiDAR (Light Detection and Ranging)
has seen notable advancements [17[]-[19]. However, such
approaches are typically insufficient for capturing detailed
depth from translucent objects due to limitations in resolution,
precision, or handling of subsurface scattering.

We address these limitations by optimizing detailed height
maps for heterogeneous translucent materials, such as cloths.

Inverse rendering and PBDR: The rapid evolution of
differentiable rendering has significantly expanded inverse

rendering capabilities, enabling gradient-based optimization of
sophisticated rendering processes. Surveys [20], [21] detail
foundational developments in this field.

Our work leverages PBDR [21]], which explicitly differen-
tiates through comprehensive light transport simulations, en-
compassing complex phenomena such as subsurface scattering
and global illumination. Several frameworks support PBDR,
including Redner [22], nvdiffrec [23], and Mitsuba [24].
Among them, Mitsuba 3 stands out by combining fully differ-
entiable path tracing, extensive volumetric rendering via voxel
grids, and robust material modeling. These capabilities are
powered by Dr.Jit [25], a differentiable just-in-time compiler
and mathematical framework tailored for high-performance
rendering and optimization. Recent advances such as Path
Replay Backpropagation (PRB) [26]] have significantly ac-
celerated differentiable rendering in Mitsuba via efficient,
unbiased gradient computation through complex light paths.

Additionally, some methods [27] explore micro-appearance
modeling for real fabrics, which relates closely to our samples
and further underscores the applicability of differentiable
rendering techniques to cloth-like translucent materials.

In this work, we exploit the advanced PBDR capabilities
of Mitsuba and DrJit to achieve robust and accurate depth
estimation of translucent materials through joint optimization
of volumetric density, albedo, and phase function parameters.

Volumetric inverse rendering: Inverse rendering tech-
niques have increasingly included volumetric representations,
enabling the recovery of internal material properties such as
density and scattering parameters. Early works, such as inverse
volume rendering with material dictionaries [28]], demon-
strated feasibility using predefined basis representations but
lack the differentiability and resolution of modern techniques.
Recent works [26] use Mitsuba 2 and achieve effective re-
construction of heterogeneous volumetric parameters through
differentiable path tracing. Additional works [29] present
a learning-based method for inverse subsurface scattering,
capable of inferring scattering profiles from single images.
Other methods [30] further optimize appearance in 3D printed
translucent volumes using gradient-based approaches, closely
aligning with our goals. Inverse scattering methods have been
comprehensively evaluated [9]], with particular emphasis on
the complexities and challenges associated with heterogeneous
media. Lastly, jointly estimating surface textures and homo-
geneous subsurface scattering properties was practiced [31]]
using an inverse rendering framework [24], [25]]. Their method
assumes a spatially uniform volume and known geometry, and
therefore focuses solely on material reconstruction.

Volumetric cloth modeling and appearance: Volumetric
representations have long been recognized as an effective
means of modeling the appearance of fibrous and cloth-like
materials, whose complex three-dimensional micro-structure
and multiple scattering effects are poorly captured by surface-
based models. In the past decade, a general radiative transfer
framework for anisotropic participating media was introduced
[32], enabling physically based forward rendering of materials
with oriented micro-structure, including cloth. This formula-
tion established volumetric participating media as a viable



forward model for cloth appearance. A. Volumetric parameters optimization

Building on this paradigm, a statistical volumetric approach e gptimization procedure employs differentiable render-
to predictive rendering of fabrics was proposgd| [33], approjsg to hackpropagate the derivatives of the volumetric density,
|mat||_1g ye.\rn-_IeV(_eI structure using voxelized densny and Oiibedo and phase function (Henyey-Greenstgel85]) param-
entation distributions. Their method demonstrates high- de“té(ters, to iteratively optimize them by minimizing differences

forward appearance reproduction while avoiding explicit befenyeen renders and reference captures through a loss func-
geometry, but assumes known or synthesized volumetric Stryey,  The boundaries of the volume are manually speci ed
ture and does not address inverse reconstruction. and not optimized, as Mitsuba does not support differentiable
Closer in spirit to inverse problems, some works|[34] USgjume bounds as they de ne scene structure and acceleration
micro-CT imaging to construct volumetric appearance mod&j§ita preventing smooth updates during optimization.
of fabric. In their approach, volumetric density and ber tnhe gntimization is divided into three stages, where each
orientation elds are extracted from CT scans, while globali;ge has the goal of obtaining ner details than the previous
scattering parameters are estimated by matching image stalis |ike a pyramidal multiscale strategy. The exact structure
tics between photographs and rendered images. Although this,,r method is presented in Figdfp 2.
method solves an inverse problem at the level of appearanc&ha scene parameters are updated with its corresponding
parameter estimation, it assumes access to volumetric grougﬁidients at the end of each gradient descent iteration, after
truth geometry and does not attempt to recover geometlif yne views have been rendered. These views vary based on

structure from images alone. _ differences in light direction, while the camera setup remains
Our work advances the state-of-the-art by simultaneouslysistent across all views.

optimizing volumetric density, albedo, and phase function, g iqwing the rendering of each view, the loss is computed

EXpI'C'ﬂy deriving delta|led and prlactlcal height maps fog,y subsequently back-propagated, accumulating gradients for

eterogeneous translucent materials. the optimizer, so it can later take a step and update the
scene parameters accordingly. The loss calculation employs

I1l. DEPTH ESTIMATION METHOD a modi ed Mean Squared Error (MSE) objective function:
Estimating the geometry of translucent materials, such as R L(y)
cloth, using a relatively simple capture setup presents signif- L(y)=log W —5+1 100 1)

icant challenges, which arise from the inherent ambiguity of
interpreting geometry under directional lights, where a single .
illumination pattern can correspond to multiple plausible sur- T(y) = LAB2RGB L(y); AY); B(Y) )
face shapes. Our goal is to recover surface depth, represented
as height maps, from a limited set of photographic captures:
a single frontal (top-down) camera view under several direc- L =
tional lighting conditions. This sparse capture setup we used i

[7], provides a series of images from an overhead perspectivgyhere y'is the optimized imagey is the ground truth
along with a stack of texture maps generated via differentiali§terence image an is the number of pixels in both images.
rendering. Among these, we primarily use the albedo map,pye to the fact that Henyey-Greenstein phase function is
which contains baked-in ambient occlusion due to the absenggple to accurately represent specular re ections, it becomes
of explicit geometry during its derivation. Their texture stackif cult to minimize the difference with the reference cap-
optimizat_ion system i_s also used for evaluation of our methoglyes, which show pronounced specular highlights, resulting
as described in Sectién 1MiB in signi cant spikes in the loss function, adversely affecting
Depth estimation from 2D images is inherently ill-posedpe optimization process.
Conventional methods typically require multiple views or com- Originally, we opted for modifying the loss function with a

plex lighting arrangements to resolve geometric ambiguitiggejght map, applied to the function as follows:
The challenge is even greater for translucent materials, where

light scattering and soft shadowing further increase ambiguity, 1N . )

as structural cues are obscured. Although some machine learn- L=gaw® w (4)

ing approaches attempt single-image depth estimation, their =1

success is largely limited to opague materials and constrained’he factorw is a per-pixel weight map used to weigh down

scene types, with lower performance for translucent materialse brighter pixels of the image. Speci cally, we classi ed
To overcome these challenges, our method combines opiixel brightness based on luminosity (L channel) in the

mization with differentiable rendering to estimate depth frol@IELAB color space|[36] for the reference image which

multiple images taken from a xed viewpoint under varyingeffectively separates brightness from chromaticity. The main

lighting. We recreate the physical capture setup in a virtulinitation of this strategy is that certain cloth samples exhibit

scene, replicating the camera parameters and directional liglatsioticeable loss of chromaticity in the nal renderings, which

and optimize a height map that aligns the rendered outputsly have a negative effect in the accuracy of height map

with the observed captures. This allows us to reconstruct rmtimization. This issue is primarily observed in materials with

surface detail despite the sparsity of input data. bright, saturated albedos, such as the light pink spectrum.
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Fig. 2. As this diagram shows, our method consists of 3 main sections: First, we take the capture set and process it to obtain 3 different resolution scales, then
we optimize the volume for the sample in 3 stages, one for each scale, acquiring our estimated surface, and nally we perform the texture stack optimization,
with our estimated surface.

To overcome this limitation, we introduce the transformation
T(y), that operates in the perceptually uniform CIELAB color
space. Given an input image in RGB, we rst convert
it to LAB, to then apply a nonlinear transformation to the
luminance channdl(y) as seen in Equation 1, whekdy) is Fig. 3. From left to right: photographic reference capture, a render using the

. . : . volumetric pipeline, and two renderings using a material digitization raster
rst normaI'Z_Ed to the rang¢0; 1] and scaled by a weighting pipeline; rst without geometry-aware differentiable rendering and second
factorW, which we set to 1.1 empirically, to ensure the decayith geometry-aware differentiable rendering
is adequate. Then, its value is renormalized to the original
range.

Finally, we recombine(y) with the original chromaticity constant scaling factor. A visual comparison is shown in Figure
channelsA(y) and B(y), and convert the result back to RGB3: where the inclusion of geometry clearly enhances shadow
for further processing or output (Equation 2). realism and surface structure.

This transformation implicitly downweights the brightest Using the same reference captures provided by their system,
pixe|s, reducing the impact of Specu|ar h|gh||ghts and exposd@h@iCh also serve as inputs to our differentiable optimization
imbalances, without adversely affecting chromaticity. Quakrocess, we evaluated the visual delity and consistency of
itative|y’ this adjustment improves the visual de||ty of thematerial renderings with and without the integration of our
renderings in highly chromatic regions, as well as the heigheight maps. The inclusion of our geometry data improved
maps consistency with variations in the albedo. cast shadows and enhanced the perceived structure of the

The volumetric optimization yielded two output volumesmaterial, particularly in samples where the surface relief plays
density and albedo. From the density volume, we extracted #&igni cant role in appearance.
desired height map, using a method we refer tdvieslian- We further evaluated the role of surface orientation by
integrated Density, inspired by NeRFMeshing [37]. More replacing their photometrically estimated normal map with
speci cally, we de ned the interface between empty and soliine derived from our height map using a Sobel-based [40]
voxels as the depth at which cumulative voxel densities aloggentation calculation. Interestingly, while our depth-derived

a ray reach 50% of the total integrated density. normal map appeared sharper and more detailed, it resulted in
less realistic shading when used in their raster-based renderer.

This is due to the lack of subsurface scattering simulation,
which in practice softens surface transitions in real cloth. In
To evaluate the practical impact of our method, we inhis context, the blurred quality of their photometric normals,
tegrated it into a material digitization pipeline [7], whichwhich implicitly captures that softness, proved to be more
captures appearance under controlled lighting and optimizgsually consistent with the reference captures. A comparison
a stack of texture maps (e.g., albedo, roughness, normsdtween the two normal maps is shown in Figure 4. Despite
specular). Their system operates without explicitly modelingis, the combination of our geometry with their photometric
geometry, relying instead on a photometrically estimated ngjormal map still yielded better results than the baseline
mal map, which limits its ability to represent complex surfacgon guration without explicit geometric information.
structure and cast shadows accurately. In addition to improving visual appearance, the introduced
We modied their rendering and optimization pipeline tqyeometry support also enables the extraction of an ambient
support geometry-aware differentiable rendering. Speci callgcclusion map. We approximate this by averaging shadow
we incorporated 3D geometry and shadow mapping capabiiaps corresponding to the 30 lowest elevation lighting angles.
ties, allowing the renderer to use height maps during texturgis produces a plausible occlusion effect grounded in the

optimization and shading. Also, we take inspiration frondptimized geometry, as it can be seen in Figure 5.
differentiable shadow mapping techniques [38], and make use

of Nvdiffrast [39] to maintain differentiability throughout the
entire shadow mapping process. Additionally, we soften the
shadowmap appearance by applying a Gaussian blur kerneRenderer setup:Our volumetric optimizations use the stan-
and compute an ambient tertampient= k A% to be added dard Path Replay Backpropagation implementation in Mitsuba,
to the nal image, whereA is the albedo map an#l is a while the rasterizer is fully self-implemented.

B. Application on material digitization pipeline

IV. IMPLEMENTATION DETAILS
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