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Abstract
Fitting reflectance and transmittance models to measured data is a central challenge in material appearance modeling. While
the graphics community has produced dense BRDF datasets, these measurements typically lack uncertainty estimates, unlike
the sparse but metrologically rigorous data provided by the National Metrology Institutes (NMIs). In this paper, we present a
benchmark evaluating several BRDF and BTDF models against real measurements with associated radiometric uncertainties.
For BRDF, we assess models including Oren-Nayar, GGX, VMF and Micrograins. For BTDF, we evaluate different microfacet-
based models (GGX, Beckmann,...) on a diverse set of transmissive materials. We study the influence of uncertainty-aware
weighting schemes on fitting quality and compare the effect of different loss formulations. This benchmark provides a foundation
for principled evaluation of appearance models under metrologically grounded conditions.

1. Motivation

Since the work by Matusik et al. [MPBM03], the graphics com-
munity (e.g., [FVH14]) has continued to develop imaging acquisi-
tion systems to measure BRDF or SVBRDF as densely as possible.
However, none of the measurements made publicly available in-
clude uncertainty values. In contrast, the optics community—and
national metrology institutes (NMIs) in particular—provide scat-
tered measurements for which uncertainties are available. In this
paper, we focus on evaluating 5 BRDF models, as well as, 4 BTDF
models in terms of radiometric uncertainties and leave directional
uncertainties for future work. More precisely, we test 4 different fit-
ting metrics (i.e., losses) for BRDF and BTDF, which are modified
to include the uncertainties provided by the National Institutes of
Metrology and analyze and discuss our results.

2. Methodology

The spectral BRDF measurements from metrology institutes are
converted to RGB color by selecting 3 representative wavelengths.

2.1. BRDF optimization

To optimize BRDF models to our real BRDF samples, we leverage
the existing BBM library [Pee23], which implements a broad col-
lection of BRDF models and metrics, and optimizes BRDF models
using compass search. To mitigate falling into local minima, we
run several iterations of the compass search with random parame-
ter initialization for each BRDF model and keep the best result.

2.1.1. BRDF samples

Our dataset contains spectral angular measurements of several ma-
terials, most of them displaying diffuse-like reflectance, and a few
of them with varying levels of glossiness. The vast majority of our
samples correspond to in-plane measurements where the outgoing
direction {θo,φo} lies on the plane determined by the incoming
direction and the surface normal. Our data has a coarse angular
sampling rate of 10-degree steps in θi and θo In a few captured
materials, we included out-of-plane measurements and finer sam-
pling of near-specular directions. To keep the analysis tractable, we
optimize model parameters in RGB space by selecting three repre-
sentative wavelengths of each dataset.

2.1.2. BRDF models

Since our datasets are predominantly diffuse reflectance, we ana-
lyze a subset of diffuse-oriented models, adding support for high-
lights with Fresnel aggregate models and GGX microfacets. We
incorporate energy-preserving Oren Nayar (EON) [dW24]; von
Mises-Fisher (VMF) NDFs for rough diffuse surfaces [dW24];
and recent micrograin (Mg) BRDF models [LRPB23], which al-
low combining rough and diffuse micrograin scattering with a con-
figurable base model (e.g. Lambertian, Oren-Nayar, GGX, etc).
In total, we run optimizations on the following models: Lamber-
tian, Oren-Nayar [ON94], EON [PKH25], VMF [dW24], GGX
microfacet-based models [WMLT07], diffuse (DMg) and rough
micrograin (RMg) models using different base models [LRPB23],
and Fresnel aggregates (FA) of non-micrograin diffuse bases with a
highlight base of GGX microfacets. All parameters, including those
of the nested models, are optimizable. Since we perform compass
search, the models are not required to be differentiable.
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2.2. Loss functions

We evaluate our models and optimize their parameters to match
real spectral samples using several loss functions. We implement
several metrics with and without accounting for per-sample uncer-
tainty quantification available in our real datasets. In particular we
implement the following loss functions that average a specific met-
ric over all real samples yk and their corresponding model evalua-
tions y′k.

SMAPE : Computes the average of the symmetric mean absolute
percentage error as

LSMAPE =
1
K

K

∑
k=1

(
|y′k − yk|

|y′k|+ |yk|+ ε
·wk

)
.

RMSE : Computes the root mean square error as

LRMSE =

√√√√ 1
K

K

∑
k=1

(
(y′k − yk)2 · cos+ θi

2 ·wk

)
.

NganL2 : Computes the Ngan L2 metric [NDM05] as:

LNganL2 =

[
K

∑
k=1

(y′k − yk)
2 · (cos+ θi)

2 ·wk

]
· sinθi · sinθo.

lowL2 : Computes the Low et al. [LKYU12] L2 metric as:

LLowL2 =

[
K

∑
k=1

(y′k − yk)
2 · cos+ θi

2 ·wk

]
· sinθi.

Uncertainty weights Our datasets provide uncertainty values uk
for each captured spectral sample yk. For each aforementioned
loss function, we implement two variants: an uncertainty-unaware
variant Lunif.

∗ with uniform weights wk ≡ 1, and an uncertainty-
aware variant Lr.u.

∗ that applies a relative uncertainty weight wk ≡
Ru(yk,uk) as

wk ≡Ru(yk,uk) =
1

|uk|
|yk|+ε

+ ε

.

2.3. BTDF Models and dataset

2.3.1. BTDF samples

All measured data (Table 1) used in this short paper are taken from
Fu et al. [FFQ∗24]. where we used samples measured at 633 nm.
There are two sets of measurements. Both sets of measurements
were illuminated at a normal angle (θi, φi) = (0°, 0°). The transmis-
sion measurements were performed in the incidence plane (θt , φt ) =
(from -20° to 20° in 5° increments, 0°) for the first set of measure-
ments. Except for materials A and D, which were measured in 1°
steps for θt , and with two different φt values (φt = 0° & 90°) since
these materials are anisotropic. For the second set of measurements,
we have (θt , φt ) = (0° to 80° in 10° steps, 0°). For more details on
the dataset, we refer the reader to the work of Fu et al. [FFQ∗24].
The first set of measurements was taken at the PTB (Physikalisch-
Technische Bundesanstalt), and the second at the CSIC (Consejo
Superior de Investigaciones Científicas).

Category Set Name Scattering Thickness
Quasi

Lambertian
1,2 C

Bulk
2 mm

1,2 E 0.25 mm

Angle
dependant
scattering

1,2 B
Gaussian

2 mm
2 Co1 1 mm
2 Co3 3 mm
1 A Square-shaped 1.5 mm
1 D Gaussian elliptical 2 mm

Table 1: BTDF samples. All materials are industry-manufactured.
There are five optical diffuser materials (A–E), representing
a range of light-scattering mechanisms and optical structures,
whereas Co1 and Co3 are manufactured polycarbonate plates con-
taining scattering centres.

2.3.2. BTDF models

In this article, we use the microfacet model for refraction defined
by Walter et al. [WMLT07]

ft(ωi,ωt) =
|ωi ·mt ||ωt ·mt |
|ωi ·n||ωt ·n|

(1−F(ωi ·mt))G(ωi,ωt)D(mt ·n)
(ηi(ωi ·mt)+ηt(ωt ·mt))2

(1)

where mt =− ηiωi+ηt ωt
||ηiωi+ηt ωt || is the microfacet normal for the trans-

mission. The refractive index ηi is always set to 1, whereas the
transmission refractive index ηt is left to be optimized. The func-
tions F , G, and D are, respectively, the Fresnel term, the microfacet
masking term, and the normal distribution function. Here, F is al-
ways computed exactly, and different models are used for G and
D. In a first time, we used the masking term (G) defined for the
Trowbridge-Reitz (TR) [WMLT07] model is used, and different D
terms are used: TR, Beckmann, or generalized Trowbridge-Reitz
(GTR) [BS12]. We also fitted a Generalized Gaussian (GG) model
that defines the terms D and G [HP17].

The G and D term of the TR and Beckmann models are based on
a roughness parameter (α); the GTR model adds a parameter γ; and
the GG model is based on two parameters (β and p). These settings
are optimized based on the model being used. To these, we also add
the optimization of the transmission refractive index ηt . To account
for absorption effects, which are significant in less transparent ma-
terials, we tried two approaches: a simple scaling S of the BTDF,
or scaling by an absorption factor that depends on the transmission
angle using the Beer-Bouguer-Lambert law exp(− τd

ωt ·n ), where d is
the thickness of the sample and τ is the optical depth. In this work,
we directly optimize τ̃ = τd.

We tested multiple metric for loss functions commonly used
in the literature [LKYU12]. For each BTDF samples, the loss is
always computed using the L2 norm li = (gi − ĝi)

2 where the
measured data, g, and model values, ĝ are modified according
to the following equations: g1 = ft(ωi,ωt), g2 = cosθt ft(ωi,ωt),
g3 = log(1 + ft(ωi,ωt)), g4 = log(1 + cosθt ft(ωi,ωt)). We also
tried to account for uncertainties by multiplying the loss function
by the inverse of the uncertainty.

Among the samples, only A and D are anisotropic; however,
these samples were measured only along two φt axes (0° and
90°). We did not fit any anisotropic models, but only isotropic
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Figure 1: Optimizations of Fresnel aggregate models using in-
plane measurements only, and including also off-plane and denser
near-specular samples of the W80&G40 material. Angular plots
(bottom) compare a specific Fresnel aggregate using EON and
GGX (lines) with the captured samples (curves).

models along each axis. All optimizations for the BTDF fitting
were performed using the Levenberg-Marquardt algorithm with the
Lourakis library [Lou04].

3. Results

3.1. BRDF

Effect of sampling geometries In Figure 1 we analyze the effect
of fitting BRDF models using in-plane samples only, and includ-
ing also off-plane and near-specular samples. Error images on the
right are computed as a per-pixel SMAPE between an image ren-
derd with the fitted model, and an image rendered with a tabulated
BRDF baseline of the captured material W80&G40 that includes
all available samples (in-plane, off-plane, and near-specular). Over-
all, coarse in-plane measurements fail to reproduce the width of
the specular peaks (as observed in the angular plots), while includ-
ing denser near-specular and off-plane samples improves the result
across all models.

Reproducing diffuse appearance Figure 2 compares EON and
rough micrograin with EON base optimized to match a overall dif-
fuse material SmoothRedBrick using an unweighted RMSE loss
function. The optimized micrograin-based models (right, continu-
ous) provides better fits of real reflectance at incident directions
close to the surface normal (i.e. low θi), while overestimating re-
flectance at grazing incident angles near the dark side of the sphere
(e.g. θi = 70◦, purple). Converged parameters for EON yield a bet-
ter fit at grazing incident angles (θi, purple) but fail to reproduce
the characteristic decay at outgoing directions more perpendicular
to the normal (i.e. large θo).

Effect of uncertainties Figure 3 illustrates how unweighted
RMSE (left) and uncertainty-weighted RMSE (right) affect the op-
timization of an EON-based diffuse micrograin model. The model
is fitted to BlackVelvet, a overall diffuse material with very dark
albedo. Incorporating knowledge of uncertainties into the RMSE
loss (right), shifts the model to improve the reflectance estimation
at retroreflective angles (θi = θo), pulling the model curve closer

SmoothRedBrick
(baseline)

SmoothRedBrick
(baseline)

EON RMSE RMg(EON) RMSE

Figure 2: Optimized EON and rough micrograin with EON base
to a overall diffuse material SmoothRedBrick using an unweighted
RMSE loss function. Top angular plots show model evaluations
(continuous lines), and real samples (dots) for several incoming
and outgoing inclinations (θi,θo). Bottom images show the base-
line image (using a tabulated BRDF with real samples), the model
image (using converged parameters) and the per-pixel RMSE.

BlackVelvet
(baseline)

DMg(EON) RMSE BlackVelvet
(baseline)

DMg(EON) RMSE

Optimized with uncertainty-weighted RMSEOptimized with unweighted RMSE

Figure 3: Effect of unweighted RMSE (left) and uncertainty-
weighted RMSE (right) in the optimization of a significantly dark
diffuse micrograin model with EON base to fit a dark diffuse ma-
terial BlackVelvet with known sample uncertainties. Top angular
plots show model evaluations (continuous lines), and real samples
(dots) for several incoming and outgoing inclinations (θi,θo). Bot-
tom images show the baseline image (using a tabulated BRDF with
real samples), the model image (using converged parameters) and
the per-pixel RMSE.

to the real samples, while penalizing the BRDF values at low in-
cident light angles. This shift can also be observed in the rendered
sphere: using uncertainty-weighted optimization losses (right), the
model errors decrease near the shadowed region, and increase near
the top-left sphere region whose normal matches the incident direc-
tion.

Parameter consistency A relevant aspect in appearance reproduc-
tion is analyzing how accurately optimized models converge to
physically-based parameters that are consistent with real-world ma-
terial properties. While, optimized models may quantitatively con-
verge to the measured samples of real materials, yield visually plau-
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sible results, the resulting model parameters are not guaranteed to
match the values of real material properties, even yielding complete
implausible values. Figures 2 and 3 show how converged albedos
λ in all models and their nested models converge to plausible high
and low values, respectively. Our capture datasets include materials
W95&G39.5, W80&G40, W80&G10.9, W80&G3.4, where W and
G coefficient relate to albedo (in percentage value) and glossiness,
respectively. Overall, our optimizations with lowest errors converge
to albedo parameters that are close to the W coefficient. However,
for several common dielectric materials included in our dataset,
such as rough red brick, our optimizations yield quantiatively close
results but implausible parameters, such as refractive indices close
to 5. This highlights the importance of constraining optimizations
to plausible parameters by e.g. adding physically-based priors to
the optimization algorithms.

3.2. BTDF

Figure 4 compares the different BTDF models on several measured
samples. The main difference between the models lies in their abil-
ity to reproduce the angular decay of the scattering distribution. TR
and GTR models exhibit longer tails, making them better suited
for materials with broad angular scattering, whereas Beckmann and
GG behave more like Gaussian distributions with a faster decay. As
a consequence, TR and GTR generally provide better fits for long-
tail scattering profiles such as sample B.

The GG model nevertheless appears more versatile for specific
scattering shapes. In particular, it better reproduces the square-
shaped scattering pattern observed on sample A, which cannot be
accurately represented by the other models. Overall, the choice of
the normal distribution function (D) has a stronger impact on the
fitting quality than the masking-shadowing term (G).

Adding a scaling or an absorbent layer. Figure 5 compares the
use of a simple scaling factor and an absorption layer. Introducing
an additional attenuation term is particularly important for quasi-
Lambertian samples, where multiple scattering effects induce a
significant loss of transmitted energy. In practice, however, the
absorption-layer formulation never produced better results than a
simple scaling factor and often degraded significantly the optimiza-
tion results.

Interestingly, the optimized scaling factor tends to remain below
1 when TR or GTR provide a very good fit to the measured data, as
observed for sample B. Conversely, when Gaussian-based models
such as Beckmann or GG better reproduce the scattering shape,
the scaling factor frequently exceeds 1, compensating for missing
energy in the model.

Loss and uncertainty. Figure 6 illustrates the influence of the loss
function and uncertainty weighting. Since the TR model already
achieves very accurate fits for most samples, the choice of loss
function has only a limited impact in these cases. Differences be-
come more visible when the model fails to accurately reproduce the
scattering profile, for instance when fitting long-tail distributions
with the Beckmann model. Using the cosine-weighted formulation
tends to favor the fit around the central peak (θt = 0°), whereas log-
arithmic formulations reduce the influence of the peak and improve

Figure 4: BTDF fit with the different model: TR (red), Beckmann
(green), GTR (blue) and GG (cyan) on different material samples.
From top to bottom: B, D and A.

Figure 5: Comparison between the scaling (red) and the absorbent
layer (green) with two different model: TR (left), Beckmann (right);
on the C sample.

the fit of the tail region. Finally, incorporating measurement uncer-
tainties into the optimization generally favors long-tail fitting. This
behavior is explained by the larger uncertainties near the central
peak, which reduce its contribution to the overall loss.

4. Discussion

Measurement uncertainties provided by metrologically-rigorous
datasets represent a valuable asset to account for in BSDF model
benchmarking and optimization. While they may not ensure global
improvements on the the performance of converged models, they
have the ability to shift the optimization efforts on BSDF regions
that were measured more confidently. The inclusion of uncertain-
ties in metrics and optimization algorithms is worth exploring in
future metrology-oriented BRDF and BTDF models research.
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Figure 6: Comparison of the different losses without incorporating
the uncertainties (left) and with it (right) on Co1 sample. The verti-
cal bars on the right represent the absolute uncertainties multiplied
by 10.

Despite the importance of collecting metrologically-rigorous
spectral data, our current dataset has a very coarse 10-degree an-
gular sampling rate, and is limited to in-plane measurements for
most BRDFs. While this may suffice for quasi-Lambertian materi-
als, higher sampling rates are necessary to capture not only strong
high-frequency components of smooth materials, but also subtle
roughness effects in diffuse materials [DJ18]. This hampers our
analysis, and limits visual inspection to renders with coarse appear-
ance that may not be representative of the final appearance.
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