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Fig. 1. We present the first dataset of hyperspectral polarimetric BRDFs of real-world materials acquired by (a) our imaging setup, providing full Mueller-
matrix BRDF measurements at (b) 68 spectral channels from visible to near-infrared (414�950 nm). This enables rendering of not only (c) intensity but also
(d) polarization states from visible to NIR spectral bands.

Acquiring bidirectional re�ectance distribution functions (BRDFs) is essential
for simulating light transport and analytically modeling material properties.
Over the past two decades, numerous intensity-only BRDF datasets in the
visible spectrum have been introduced, primarily for RGB image rendering
applications. However, in scienti�c and engineering domains, there remains
an unmet need to model light transport with polarization�a fundamental
wave property of light�across hyperspectral bands. To address this gap,
we present the �rst hyperspectral-polarimetric BRDF (hpBRDF) dataset
of real-world materials, spanning wavelengths from 414 to 950 nm and
densely sampled at 68 spectral bands. This dataset covers both the visible
and near-infrared (NIR) spectra, enabling detailed material analysis and
light re�ection simulations that incorporate polarization at each narrow
spectral band. We develop an e�cient hpBRDF acquisition system that
captures high-dimensional hpBRDFs within a feasible acquisition time. Using
this system, we demonstrate hyperspectral-polarimetric rendering using
the acquired hpBRDFs. To provide insights on hpBRDF, we analyze the
hpBRDFs with respect to their dependencies on wavelength, polarization
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state, material type, and illumination/viewing geometry. Also, we propose
compact representations through principal component analysis and implicit
neural hpBRDF modeling. Dataset is available on our project page1.
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1 INTRODUCTION
Modeling how light re�ects from materials is a fundamental prob-
lem across science and engineering, extending beyond computer
graphics. The bidirectional re�ectance distribution function (BRDF)
models surface re�ection as a 4D function over the 2D incident
and 2D outgoing directions. BRDFs are central to physically based
rendering for simulating light transport, and to inverse rendering
for recovering geometry and material properties [Pharr et al. 2023].

1https://yunseong0518.github.io/projects/hpBRDF/
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Measured BRDF datasets have signi�cantly advanced BRDF re-
search over the past two decades. Early datasets focused on RGB
intensity, facilitating realistic RGB rendering [Marschner et al. 2000;
Matusik et al. 2003]. With the increased importance of RGB-near-
infrared (NIR) imaging and display applications, Dupuy and Jakob
[2018] expanded BRDF measurements from 360 nm to 1,000 nm,
enabling rendering across visible and NIR spectra.

On the other hand, the emergence of polarimetric imaging has
driven the development of polarimetric BRDF (pBRDF) datasets.
Baek et al. [2020] introduced a pBRDF dataset at �ve visible wave-
lengths, enabling polarimetric rendering at the �ve-selected spectra.
However, �ve discrete wavelengths are insu�cient to capture the
spectral variability of polarization even within the visible spectrum.

Spectral and polarimetric approaches are also interconnected.
Polarimetric inverse rendering leverages wavelength-dependent
polarization cues to enhance shape reconstruction and re�ectance
decomposition [Baek et al. 2018; Han et al. 2024; Hwang et al. 2022;
Ichikawa et al. 2023; Kondo et al. 2020; Li et al. 2024]. Several stud-
ies have combined spectral-polarimetric modeling [Ha et al. 2024;
Huynh et al. 2013; Kim et al. 2023].

Despite this progress, the lack of hyperspectral-polarimetric BRDF
(hpBRDF) datasets limits the accuracy of modeling and simulation
for applications that rely on spectral and polarimetric data.

To address this gap, we introduce a hpBRDF dataset, spanning
68 spectral bands from 414 nm to 950 nm, with a full width at half
maximum (FWHM) of 10 nm and a step size of 8 nm. The dataset cov-
ers the full angular domain of surface re�ection and is represented
using Mueller matrices, enabling accurate modeling and simulation
of arbitrary polarization states at each spectral band. This enables
the rendering and analysis of complex wavelength-dependent po-
larization phenomena in real-world materials.

The primary challenge in acquiring an hpBRDF dataset is its
high dimensionality, necessitating prolonged capture times using
traditional scanning approaches. To e�ciently acquire this high-
dimensional data, we have developed an hpBRDF acquisition system
integrating image-based BRDF acquisition [Matusik 2003], single-
shot hyperspectral imaging, and broadband visible-to-NIR optical
ellipsometry. Our system employs a hyperspectral light-�eld camera
for single-shot visible-to-NIR hyperspectral imaging, signi�cantly
reducing acquisition times. We also implemented optical ellipsom-
etry with accurate spectro-polarimetric calibration for broadband
visible-to-NIR operation.

Using our newly acquired real-world hpBRDF dataset comprising
14 materials, we demonstrate hyperspectral-polarimetric render-
ing. Furthermore, we analyze the dataset to explore dependencies
on wavelength, polarization state, material characteristics, and il-
lumination/viewing geometry. We also perform principal compo-
nent analysis (PCA) and introduce an implicit neural representation
of the hpBRDF, providing compact data representations. The neu-
ral approach additionally supports interpolation and continuous
spectral-angular modeling.

In summary, our key contributions are:

� A visible-to-NIR hpBRDF dataset for 14 real-world materials
in Mueller-matrix form.

� An e�cient hpBRDF acquisition system, including the acqui-
sition procedure, calibration, and processing methods.

� An analysis of hpBRDF dependencies on wavelength, polar-
ization state, and material characteristics, complemented by
compact data representations using PCA and implicit neural
representations.

2 RELATED WORK
2.1 Acquisition Systems
BRDF Acquisition. BRDF measurements involve capturing re-

�ected light intensity across combinations of incident and outgoing
directions. Various optomechanical systems have been developed
to facilitate these measurements, each balancing trade-o�s in speed,
accuracy, and �exibility. The gonio-re�ectometer is a classical device
for BRDF measurement [White et al. 1998]. Conventional gonio-
re�ectometers measure light intensities in various light/view direc-
tions by rotating a light source and a sensor across a hemispherical
range around a planar target. This approach has been extensively
used for capturing BRDFs in both spectral [Dupuy and Jakob 2018;
Filip and VÆvra 2014; Li et al. 2006; Tsuchida et al. 2005] and po-
larization domains [Kondo et al. 2020]. However, achieving dense
angular sampling with this approach is inherently time-consuming.
To overcome this limitation, an image-based BRDF measurement
method has been proposed [Marschner et al. 2000; Matusik 2003;
Ngan et al. 2005]. This method captures convex objects, such as
spheres or cylinders, instead of planar targets. A camera can capture
dense angular combinations in a single shot, owing to the geometric
variation of the objects, signi�cantly reducing acquisition time. This
strategy has been used for both spectral [Kim et al. 2010] and polar-
ization [Baek et al. 2020] measurements. In this work, we also adopt
an image-based approach, utilizing a sphere object to e�ciently
acquire hpBRDF within a practical time frame.

Spectral Acquisition. Early work on BRDF measurements often
relied on a conventional RGB camera, which provided only limited
spectral information. In contrast, multi- or hyperspectral imaging
techniques acquire re�ectance data in more than three bands. Spec-
trometers can measure thousands of spectral bands and have been
integrated with gonio-re�ectometers [Dupuy and Jakob 2018]. How-
ever, the spectrometer only measures a single point and is unsuitable
for image-based BRDF acquisition. To achieve spectral sampling in
an image-based setup, previous approaches have employed multiple
band-pass �lters mounted on a rotating stage [Baek et al. 2020; Li
et al. 2006; Tsuchida et al. 2005] or a liquid crystal tunable �lter [Kim
et al. 2010]. However, these time-multiplexing approaches require
capturing additional images for each spectral band, substantially
increasing measurement time. In contrast, our approach utilizes
a hyperspectral light �eld camera capable of capturing 68 spec-
tral bands in a single shot. This reduces the total acquisition time,
making hpBRDF measurement feasible.

Polarimetric Acquisition. Polarimetric re�ectance can be described
by a Mueller matrix, which characterizes how a surface changes
the polarization state of incident light. Such measurements are com-
monly performed using an ellipsometer [Collett 2005], which sys-
tematically modulates the polarization states on both the light source
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Fig. 2. hpBRDF acquisition system. (a) Our system consists of an illumination module and an analyzing module. The illumination module emits broadband
polarized light, which is reflected at a sample sphere. The analyzing module captures the reflected light using a hyperspectral light field camera, which
captures di�erent spectral images from multiple viewpoints. Both the illumination and analyzing modules have achromatic LP and QWP to generate and
analyze the polarization state. (b) The illumination module is rotated around the sample using a motorized rotation stage. To address occlusion, we translate
the QWP and acquire two separate image sets. (c) Photographs of our acquisition setup.

and detector sides. Kondo et al. [2020] measured a pBRDF using
rotating linear polarizers, thereby obtaining a 3�3 Mueller matrix
limited to linear polarization components. Baek et al. [2020] con-
structed a pBRDF dataset that captures the full 4�4 Mueller matrix,
encompassing both linear and circular polarization e�ects. Their
measurement employed a dual-rotating-retarder (DRR) method [Az-
zam 1978], which rotates quarter-wave plates (QWPs) to sample a
comprehensive range of polarization states. Following this approach,
our method also adopts the DRR technique to obtain a complete
4�4 Mueller matrix for visible-to-NIR wavelengths.

2.2 BRDF Datasets
The MERL dataset [Matusik 2003] and the UTIA dataset [Filip
and VÆvra 2014] each contain BRDF measurements of approxi-
mately one hundred materials, but only at RGB intensity. Dupuy and
Jakob [2018] introduced a hyperspectral BRDF dataset spanning the
visible to NIR domain. Baek et al. [2020] introduced a pBRDF dataset
that includes polarization properties at �ve discrete wavelengths in
the visible spectrum. Our hpBRDF dataset o�ers both hyperspectral
and polarimetric measurements.

2.3 Applications of Spectral-polarimetric Imaging
Our hpBRDF dataset provides an opportunity for exploring the re-
lationships between spectral and polarimetric visual information.
Parametric pBRDF models [Baek et al. 2018; Ha et al. 2024; Hwang
et al. 2022; Hyde IV et al. 2009; Ichikawa et al. 2023; Kondo et al.
2020; Priest and Germer 2000] are fundamental to not only forward
rendering, but also inverse rendering for geometry and appearance
estimation [Baek et al. 2018; Dave et al. 2022; Ha et al. 2024; Han et al.

2024; Hwang et al. 2022; Kondo et al. 2020; Li et al. 2024]. Yet, most
existing pBRDF models neglect spectral dependencies on pBRDF.
On the other hand, incorporating spectral-polarimetric dependen-
cies has been found to be useful for accurately capturing various
optical phenomena. For example, wavelength-dependent variations
in the refractive index have been leveraged for shape recovery from
a spectral-polarimetric image [Huynh et al. 2013] and for glass seg-
mentation in RGB-polarization images [Mei et al. 2022]. Moreover,
large-scale spectral-polarimetric datasets have begun to uncover
complex interrelationships between spectral and polarization char-
acteristics in natural images [Jeon et al. 2023]. Our hpBRDF dataset
paves the way for developing more physically grounded hpBRDF
models and spectro-polarimetric imaging applications.

3 hpBRDF IMAGING SYSTEM
To e�ciently acquire hpBRDFs of real-world materials, we design
a hyperspectral-polarimetric re�ectance imaging system that com-
bines spectral and polarization sensitivity with angular sampling
e�ciency. Figure 2 illustrates our hpBRDF imaging system. It cap-
tures the hpBRDF of a spherical object, represented as a Mueller
matrix M, within a practical acquisition time. To this end, we ex-
tend image-based BRDF imaging [Matusik 2003] with single-shot
hyperspectral imaging and visible-to-NIR optical ellipsometry.

3.1 Polarized VIS-NIR Illumination
The illumination module of our imaging system uses a stabilized
quartz tungsten-halogen lamp (Thorlabs SLS301L), which produces
a consistent visible-to-NIR spectral output denoted by !_ . Since the
emitted light is unpolarized, its Stokes vector is: s_ = »!_, 0, 0, 0…⊺ .
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The unpolarized light passes through two polarization-modulating
components: an ultra-broadband linear polarizer (LP, ThorlabsWP25M-

UB) characterized by Mueller matrix L, and an achromatic quarter-
wave plate (QWP, Thorlabs AQWP10M-580) mounted on a high-
speed motorized rotation stage (Thorlabs ELL14K). By rotating the
QWP to an angle \ , multiple polarization states can be generated.
The resulting Stokes vector of the light exiting the illumination
module at wavelength _ is given by:

s_emitted „\ ” = R_ „\ ”Ls_, (1)

where R_ „\ ” is the Mueller matrix of the QWP rotated to angle \ .
This con�guration enables rapid and �exible control over the polar-
ization state of broadband light across the visible to near-infrared
spectrum. The entire illumination module is mounted on a heavy-
duty motorized rotation stage (Thorlabs HDR50/M), which rotates
around the target sample as shown in Figure 2(b).

3.2 Reflection on Spherical Samples
We capture homogeneous spherical samples as in previous image-
based BRDF imaging [Matusik 2003] as shown in Figure 2(c). The
continuous variation of surface normals across the sphere, combined
with changing incident angles from the rotating light source, enables
dense sampling over a wide angular domain. For a surface point
on the sphere, the incident light direction is denoted by l8 and the
direction of the re�ected light by l> . The hpBRDF at that point is
de�ned as a Mueller matrix M„l8 , l> ”, describing the polarization
transformation of incident light. The re�ected Stokes vector is:

s_re�ected „\, l> ” = M„l8 , l> ”s_incident „\, l8 ”. (2)

As shown in Figure 3(c), we apply a coordinate transformation to
align the emitted-light Stokes vector and the incident-light Stokes
vector as s_incident „\, l8 ” = Ce!is

_
emitted „\ ”.

3.3 Hyperspectral Polarimetric Imaging
Visible-to-NIR Polarimetric Modulation. Our analyzing module

measures the Stokes vector s_re�ected „\, l> ” of the re�ected light,
as shown in Figure 2(a). The light �rst passes through a 2-inch
achromatic polymer QWP (Edmund Optics WP140HE), mounted on a
motorized rotation stage (Thorlabs HDR50/M) and rotated to angle \ 0.
It then passes through a broadband 2-inch linear polarizer (Thorlabs
WP50L-UB) mounted on a custom 3D-printed holder. To mitigate
ghosting artifacts caused by the internal re�ections between the
QWP and the LP, both components are tilted by approximately 15�

with respect to the optical axis. The selected tilt angles are within
the speci�ed operational range of each component. The resulting
polarization-modulated Stokes vector is:

s_analyzed „\ 0, l> ” = LR_ „\ 0”s_captured „\, l> ”, (3)

where, as shown in Figure 3(c), coordinate conversion is applied to
the re�ected-light Stokes vector: s_captured „\, l8 ” = Cr!cs_re�ected „\ ”.

Single-shot Hyperspectral Imaging. The light is then captured by
a hyperspectral light-�eld camera (Cubert Ultris X20), which uses an
array of narrow bandpass �lters integrated into its microlens array
to enable single-shot acquisition of spectral data at each di�erent
viewpoint, as shown in Figure 2(a). This con�guration minimizes

acquisition time�critical for practical hpBRDF measurement. The
hyperspectral camera provides a spatial resolution of 410�410 pixels
with 164 spectral bands by default. We select 68 channels at 8 nm
intervals from 414 nm to 950 nm to balance spectral resolution and
data size, considering FWHM of the camera is 10 nm. The recorded
intensity at wavelength _ under the QWP angles of the illumination
module and analyzing module \ and \ 0, respectively, is:

5 „_, \, \ 0” = »s_analyzed „\ 0, l> ”…0, (4)

where »…0 extracts the �rst entry of the Stokes vector, representing
the intensity of light. Note that the outgoing direction l> varies
per wavelength due to the multi-view geometry of the light-�eld
camera. Because each spectral image corresponds to a micro-lens
view direction, spatial misalignment between spectral bands is in-
herent. This necessitates geometric calibration across the spectral
bands to correctly associate spatial and angular information in the
hyperspectral-polarimetric image domain.

Occlusion Handling. The 2-inch QWP in the analyzer module
limits the e�ective �eld of view of the hyperspectral light-�eld cam-
era. To overcome this, we perform two acquisitions with the QWP
positioned at distinct lateral o�sets, using a linear translation stage
(Thorlabs NRT150) as shown in Figure 2(b). In the �gure, we show the
raw captured image for two di�erent QWP positions for wavelength
558 nm. For each spectral channel, we select an occlusion-free mask
to ensure complete Mueller matrix reconstruction.

3.4 Calibration
We perform geometric, radiometric, and polarimetric calibration
of our hpBRDF imaging system. Geometrically, our hyperspectral
light-�eld camera is modeled as an array of 68 multi-view cam-
eras, each capturing distinct narrow spectral bands. We calibrate
their intrinsic and extrinsic parameters using multiple checkerboard
captures. We also estimate the positions of the sample sphere via
sphere �tting, and accurately determine light-source positions by
minimizing the di�erences between simulated and captured spec-
ular highlights. Radiometrically, we calibrate the camera response
by imaging a Spectralon reference with known di�use re�ectance
across visible-to-NIR wavelengths, facilitating stable and linear HDR
hyperspectral imaging. Polarimetrically, we precisely align LPs and
QWPs using a polarimeter, allowing controlled polarization states
through rotations of QWPs in both illumination and analyzing mod-
ules. For more details, please refer to the Supplementary Document.

4 hpBRDF DATASET
Using our hpBRDF imaging system, we have acquired the hpBRDFs
of 14 real-world materials as shown in Figure 4. We represent hp-
BRDF M in a 4D tabulation form: P„_, q3 , \3 , \ℎ” 2 R4�4, where we
use Rusinkiewicz coordinate [1998] of q3 , \3 , \ℎ for the incoming
and outgoing light directions discretized into 361, 91 and 91 bins
respectively. For the spectral axis, the hpBRDF table has 68 bins
from 414 nm to 950 nm with 8 nm interval. For each table element
at the index of _, q3 , \3 , \ℎ , the table stores a 4� 4 Mueller matrix in
a single-precision �oat, leading to 13 GB per single hpBRDF table.

, Vol. 1, No. 1, Article . Publication date: September 2025.



Hyperspectral Polarimetric BRDFs of Real-world Materials • 5

Pixel-wise

coordinate

conversion

Il
lu

m
in

a
ti
o

n
 m

o
d

u
le

 a
n

g
le

Wavelength

414 nm 470 nm 510 nm 550 nm 590 nm 630 nm 670 nm 710 nm 750 nm 790 nm 830 nm 870 nm

Visible NIR

910 nm 950 nm

Analyzing module 

QWP angle

Il
lu

m
in

a
ti
o

n
 m

o
d

u
le

 Q
W

P
 a

n
g

le

(a) Hyperspectral polarized HDR images

(d) Reconstructed Mueller Matrix(c) Measurement coordinates(b) Polarized HDR iamges

n

p

Hyperspectral

light field

camera

Illumination

z𝑙
y𝑙

x𝑙 x𝑖
y𝑖z𝑖 y𝑜 z𝑜

x𝑜 y𝑐
z𝑐
x𝑐

Fig. 3. hpBRDF acquisition. (a) Hyperspectral HDR images captured under di�erent rotation angles of the illumination module. (b) Captured images with
varying QWP angles corresponding to a specific configuration marked by the red rectangle in (a). (c) Given the coordinate systems of the illumination and
analyzing modules, (x; , y; , z; ), (x2 , y2 , z2 ), respectively, the hpBRDF coordinate is defined with respect to (x8 , y8 , z8 ) and (x> , y> , z> ) that dependent on the
TBN (tangent, bitangent, normal) space of the surface. (d) The reconstructed Mueller matrix is transformed to the hpBRDF coordinate.

MaterialIndex

Aluminium1

SUJ22

Fake gold3

Black glass4

White billiard5

White smooth plastic6

White rough plastic7

Black rough plastic8

Silver rough plastic9

Red rough plastic10

Yellow rough plastic11

Plum rough plastic12

Green rough silicone13

Gray rough silicone14

M
e
ta
ll
ic

D
ie
le
c
tr
ic

S
m
o
o
th

R
o
u
g
h

12

1

2

3

4

5

6

7

8

9

10

14

13

11

Fig. 4. Material samples. Our dataset provides the measured hpBRDFs of
14 real-world spherical samples.

Image Acquisition. To acquire hpBRDF table, we �rst capture
images covering all combinations of system parameters, includ-
ing illumination-module angle, analyzing-module QWP translation,

QWP-angle con�gurations, and exposure levels. Speci�cally, for
angular sampling, the illumination module is rotated through 25
discrete angles, ranging from 40� to 160� at intervals of 5�. At each
illumination angle, two positions of the analyzing-module QWP
are used using a translation stage to mitigate occlusion caused by
the rotation mount, as shown in Figure 2. Ellipsometric measure-
ments require rotating QWPs in both the illumination and analyzing
modules to prede�ned angular con�gurations: speci�cally, angles
Θ 2 f30�,�45�, 60�,�90�g for the illumination module, and angles
Θ

0 2 f0�, 30�, 60�, 90�, 120�, 150�g for the analyzing module. For
each QWP and illumination con�guration, we capture an HDR im-
age by merging multiple exposure-bracketed images. The number of
exposures ranges from 3 to 11, depending on the re�ectance proper-
ties of the material. Consequently, the total number of hyperspectral
images acquired per material ranges between 3,744 and 12,480. The
total acquisition time per material ranges from 13 to 35 hours.

hpBRDF Reconstruction. We then reconstruct hpBRDF M for each
pixel, illumination angle, and wavelength channel. Using the image
formation models of Equations (1), (2), (3), (4), this is formulated as
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a least-squares problem:

minimize
M

∑

\,\ ′

(

5 (_, \, \ ′) − [LR_ (\ ′)Cr→cMCe→iR
_ (\ )Ls_]0

)2

.

(5)

Figure 3(d) shows the reconstructed Mueller matrix image.

hpBRDF Table Construction. To construct the hpBRDF table, we

calculate per-pixel Rusinkiewicz coordinates for each Mueller ma-

trix. As shown in Figure 5(a), we map a single pixel’s Mueller matrix

to the target hpBRDF table bin including the neighbor bins. Due

to mechanical constraints in our imaging system, some entries are

missing in the hpBRDF table especially for low \3 . We perform

numerical inpainting of the missing entries. We use 3D Gaussian

convolution in the (q3 , \3 , \ℎ) space for each Mueller matrix el-

ement at each wavelength for inpainting. Figure 5(b) shows the

slices of the constructed hpBRDF table before and after applying

the inpainting. For constructing the hpBRDF table, it takes about 10

hours per material.

5 RESULTS

5.1 Validation

We perform three validation experiments. First, we verify the accu-

racy of our reconstructed Mueller matrices by comparing them with

ground-truth measurements for air, linear polarizer, and quarter-

wave plate as shown in Figure 10(a). Results demonstrate close

alignment with the ground truth. Second, we assess the physical

validity of the reconstructed Mueller matrices. A physically valid

Mueller matrix maps any physically admissible Stokes vector to an-

other admissible Stokes vector. A Stokes vector s = [B0, B1, B2, B3]
⊺ is

considered admissible if it satis�es: B0 ≥ 0, B2
0
− (B2

1
+ B2

2
+ B2

3
) ≥ 0.

We use Givens–Kostinski’s method [1993] to verify this condition

for three selected materials from our raw hpBRDF dataset. The

results indicate that 94.50% of the reconstructed Mueller matrices

satisfy the physical validity criteria across all hpBRDF bins. A com-

plete analysis of the physical validity results for all 14 materials are

provided in the supplementary document. Third, we qualitatively

evaluate the �delity of our measurements by comparing the hp-

BRDF data with similar visual appearances named “white billiard"

provided by Baek et al. [2020]. Figure 10(b) shows qualitative agree-

ment between our dataset and the reference measurements at the

�ve wavelengths.

5.2 Rendering Polarimetric Visible-NIR Images

Using our hpBRDF dataset on Mitsuba 3 [Jakob et al. 2022] en-

ables the simulation of polarized light transport for arbitrary scenes

across the visible-NIR spectrum. Since our hpBRDF table follows the

same format as Baek’s pBRDF table [2020], this allows for rendering

with minimal code modi�cations. Figure 6 shows an example of a

nighttime driving scenario, exhibiting di�erent polarization char-

acteristics of the RGB and NIR spectra due to the use of polarized

NIR illumination. Figure 1 shows another example of hyperspectral

polarimetric rendering.

5.3 hpBRDF Analysis

To analyze the polarization characteristics of our hpBRDF, we em-

ploy the Lu-Chipman decomposition [1996], which factorizes each

Mueller matrix into three physically interpretable matrices: a depo-

larization matrix, a retardance matrix, and a diattenuation matrix.

We can also derive four scalar quantities: diattenuation, polarizance,

polarization preservation, and retardance. For detailed mathematical

formulations and de�nitions, refer to the Supplementary document.

Wavelength Dependency. We analyze the wavelength-dependent

behavior of hpBRDF. Figure 7 shows diattenuation and preservation

images of three plastic spheres with distinct colors: white, red, and

yellow. The white plastic sphere exhibits uniformly high spectral in-

tensity across the whole wavelength range, with minimal variation.

In contrast, the red and yellow plastic spheres show pronounced

spectral intensity changes within the visible wavelength range. No-

tably, preservation tends to increase at wavelengths with lower

re�ectance, whereas diattenuation remains relatively stable despite

changes in spectral intensity.

Surface Roughness. Figure 12 shows that smooth surfaces exhibit

signi�cantly stronger polarization-preserving behavior than rough

surfaces consistently over the entire measured spectrum. This indi-

cates that the polarization information of illumination is not pre-

served for rough surfaces, regardless of the light spectrum, poten-

tially due to multiple scattering between microfacets.

Dielectric vs. Metallic. Figure 13 shows the comparison of the

dielectric and metallic material using retardance Mueller matrix im-

agesM' . While both materials exhibit a similar diagonal component,
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illumination, showing di�erent polarization characteristics for the visible and NIR spectrum.

clear di�erences appear in non-diagonal components, particularly

M',13,M',23,M',31,M',32. These components show sign inversions

between metallic and dielectric materials, indicating distinct phase

shift behaviors in re�ection since the retardance matrix represents

the phase changes.

5.4 hpBRDF Representations

Implicit Neural Representation. We introduce an implicit neural

representation for hpBRDF that enables continuous interpolation

and extremely compact storage of hpBRDF table. Whereas recent

neural BRDF models map incident and outgoing directions to RGB

radiance [Dou et al. 2024; Rainer et al. 2019; Sztrajman et al. 2021;

Zeltner* et al. 2024], our formulation extends the input domain with

wavelength _ [Jeon et al. 2023; Kim et al. 2023] and predicts the full

4×4 Mueller matrix, thereby jointly modeling spectral and polariza-

tion variation. Figure 9 shows the trained result with (a) di�erent

network sizes and (b) visualization of the trained hpBRDF. The

predicted Mueller matrices closely resemble the original inpainted

table, well representing the whole hpBRDF. In the rendering with a

table, nearest-neighbor lookups introduce discretization artifacts,

resulting in noticeable discontinuities at specular highlights. In con-

trast, the neural hpBRDF provides a continuous prediction of the

Mueller matrix across both directional and spectral domains, en-

abling smooth rendering. Furthermore, the neural hpBRDF achieves

a substantial reduction in storage size. For instance, a network with

four hidden layers of 256 neurons in a single-precision �oating-point

format occupies 146 kB–about 105 times smaller than the original

13 GB tabulation–while preserving visual �delity.

Principal Component Analysis. Inspired by previous works [Baek

and Heide 2021; Matusik 2003; Ngan et al. 2006; Nielsen et al. 2015],

we analyze low-rank structures of hpBRDF using PCA over spectral-

polarimetric-angular domains. Figure 11(a) shows the dimension-

ality of the normalized hpBRDF. We also visualize the �rst two

principal components across selected angular and spectral slices,

highlighting characteristic patterns in the data in Figure 11(b). These

visualizations reveal distinct structural patterns within each slice,

re�ecting how the data varies across angular and spectral dimen-

sions. Notably, the slices along the angular dimensions, particularly

(\3 , \ℎ), exhibit stronger and more complex variations, indicating

a higher degree of angular dependency. In contrast, the variations

in the spectral domain (\ℎ, _) appear more gradual and less spa-

tially structured, showing that the spectral properties are relatively

smoother compared to the angular variations.

Analytical Models. We evaluate an analytical parametric pBRDF

model [Hwang et al. 2022] on our hpBRDF data. Figure 8 shows the

�tted result on the yellow rough plastic material. While the ren-

dered sRGB intensity appears visually similar to our measurement,

notable di�erences are observed in the Lu-Chipman decomposition

results. In the depolarization matrixMΔ, the model overestimates

near the edge of the sphere. Moreover, the model fails to reconstruct

the non-diagonal components in the retardance matrix M' , which

we identi�ed in Section 5.3 as important indicators of material metal-

licity. These components are either underestimated or absent in the

�tted result.

6 DISCUSSION

Image resolution. Since hyperspectral light �eld cameras spatially

divide a single image sensor to capture images at multiple wave-

lengths, the resulting spatial resolution per wavelength is limited

to 410×410 pixels, which is lower than that of conventional image

sensors. This resolution limits the dense angular sampling on a

target sphere surface.

Tilted QWP. To mitigate inter-re�ections between the QWP and

the LP, we slightly tilted the QWP mounted on the camera side.
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We carefully selected the tilt angle to minimize re�ections while

ensuring that no perceptible optical artifacts were introduced.

Inpainting. To address the missing Mueller matrices due to in-

evitable geometric constraints of our imaging setup, we interpo-

lated the missing entries by �nding the smoothest values in the

angular domain. Although this inpainting produces visually plausi-

ble results, it does not guarantee physical validity. To improve the

overall quality of the hpBRDF table, future work could incorporate

physics-informed or data-driven methods that jointly model both

the angular and polarization domains. Such approaches potentially

produce more accurate and physically consistent estimations of the

missing Mueller matrix entries.

7 CONCLUSION

In this work, we present the �rst hpBRDF dataset of real-world ma-

terials, leveraging our re�ectance acquisition system. This dataset

addresses the longstanding gap in modeling spectral and polarimet-

ric BRDF across the visible to NIR wavelengths. It enables rendering

of spectro-polarimetric images, facilitating realistic simulation of

diverse imaging scenarios.

We further analyze how hpBRDF properties vary with wave-

length, polarization state, material type, and geometric conditions,

and propose compact representations through PCA and implicit

neural representation. We anticipate that our hpBRDF dataset will

contribute to spectro-polarimetric imaging and display research and

inverse rendering that exploit combined spectral and polarimetric

features.

Limitations. Although our acquisition setup bene�ts from single-

shot hyperspectral imaging, it also faces limitations such as reduced

spatial resolution per wavelength due to the sensor’s division into

multiple spectral channels. Also, anisotropic samples cannot be cap-

tured in our imaging system. To handle missing Mueller matrix

entries arising from imaging-system geometry, we employ inpaint-

ing, which, although plausible, may not exactly match the physical

ground truth. Overcoming the aforementioned challenges will be

an interesting area for future work.
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