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Abstract
The Bidirectional Reflectance Distribution Function (BRDF)

is one of the tools for characterising the appearance of real-world
materials. However, bidirectional reflectance measurements and
data processing can be time-consuming and challenging. This pa-
per aims to estimate the BRDF values of eight matt samples using
two portable, handheld devices, one for diffuse reflectance and
one for specular reflectance measurements. The data is fitted to
the Cook-Torrance BRDF model in the spectral domain to get
the optimised parameters and the estimated spectral BRDF val-
ues using three different cost functions. The estimated BRDF is
evaluated using a colour-difference metric. The results show that
it would be possible to estimate spectral BRDF of a sample us-
ing measurements from two simple measurement devices having
fewer angle combinations for both the diffuse and specular mea-
surements. This results in a shorter measurement and processing
time, lower storage usage, and estimations of spectral BRDF val-
ues. Moreover, the cube root cosine-weighted RMSE cost function
shows more consistency in the colour reproduction estimated by
the fitted BRDF model.

Introduction
When it comes to characterising and modelling the appear-

ance of materials, the bidirectional reflectance distribution func-
tion (BRDF) is a tool that enables us to study the interaction of
light with the surface and model the appearance based on this
interaction. Using this function, it is possible to define the rela-
tionship between the incoming light and reflected light from dif-
ferent illumination and viewing angles. This process requires the
angles of the illumination source and the detector to be precise
concerning the orientation of the sample surface [1] and thus can
be time-consuming and challenging [2].

BRDF measurements can be performed using different ap-
proaches. Image-based setups that include a digital camera as a
sensor and a light source [3, 4] have the advantage of decreas-
ing the cost and measurement duration, since multiple photos can
be taken from the surface containing different surface orienta-
tions with respect to the illumination angle. The drawback of this
method is that, in most cases, instead of spectral data, RGB data is
obtained; therefore, it is not as precise as desired. Several studies
have been done using this method for BRDF measurements, such
as the work by Ngan et al. [5] in which they used a measurement
setup for flexible and flat samples. In their setup, they used a light
source that rotated around the sample holder, which was a cylin-
der with samples being wrapped around it, and data was captured
using a camera in a fixed position. Another approach for BRDF
measurements is to use a goniospectrophotometer. This technique
gives us the spectral data of the reflected light from the surface in
both diffuse and specular directions, depending on the design of
the measurement device [2]. This setup consists of a light source,
a detector, and a sample mounted onto a holder. The light source

and/or detector rotates around the sample, resulting in the surface
being illuminated and measured precisely at a relatively high an-
gular resolution from different directions. This method can, how-
ever, be time-consuming and relatively expensive [6, 7, 8].

The obtained measurements can be used to fit various BRDF
models that represent surface characteristics of the material [2].
Depending on the applications, phenomenological, physically-
based, or data-driven BRDF models can be used. In phenomeno-
logical models, we use the reflectance data and fit it to the an-
alytical equations [9]. The basis of physically-based models is
physics and surface optics that assumes the surface as micro sur-
faces with different distributions in size and directions [2]. In data-
driven models, instead of using theoretical functions to estimate
the reflectance of the surface, the actual measured data at differ-
ent illumination and viewing angles are used. Consequently, more
realistic representations of the real-world materials would be fea-
sible, although the data storage and processing have remained a
challenge in this type of BRDF model [2, 10]. The challenges
in BRDF measurements, estimations, and data storage have in-
creased the need for fast and precise measurement procedures that
can use a minimal and optimal digital storage space and process-
ing time.

In this paper, we investigate measuring and estimating sam-
ple BRDF using portable handheld measurement device(s) that
can perform fast directional spectral measurements at fewer angle
combinations compared to the traditional goniospectrophotome-
ters that cover the complete hemisphere. We use two handheld
measurement devices to capture the diffuse and specular surface
reflectance from the sample surface with fewer angle combina-
tions. We optimise and evaluate a standard BRDF model using the
obtained measurement data, three different cost functions, and a
colour-difference metric for samples that show diffuse reflectance
properties. The objectives of this work are as follows:

1. To use portable, handheld devices to measure and estimate
BRDF values in the spectral domain with a lower number of
angle combinations.

2. To evaluate the performance of different cost functions in
the optimisation process of the BRDF parameters for the
samples used in this paper.

Background
One of the most popular BRDF models, especially in com-

puter graphics, is the Cook-Torrance model [11]. This model in-
cludes both the specular and diffuse reflections, and the specular
lobe in this model is calculated using the halfway vector, h [2].
Cook-Torrance model is based on the microfacet theory, which
means that we assume only the microfacets with the orientation
towards the h are responsible for the final reflected light at θi. The
angles and vectors of this model are shown in Figure 1.

The mathematical definition of this model is shown in the
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Figure 1: Angles and vectors used in Cook-Torrance BRDF model
[12]

Equation (1):

fr(l,v) = kd + ks
FDG

π cosθi cosθr
(1)

In this equation, kd and ks are the diffuse and specular pa-
rameters, F is the Fresnel term, D is the microfacet distribution
term showing the distribution of normals w.r.t. the half vector h,
G is the geometrical attenuation factor controlling shadowing and
masking effect on the projected surface, and θi and θr are the
angles of incidence and reflectance, respectively. For the Fres-
nel term, we use Schlick’s approximation [13] as shown in Equa-
tion (2):

F = f0 +(1− f0)(1− cosθi)
5 , f0 =

(
1−µ

1+µ

)2
(2)

with µ being the material’s index of refraction.
For the microfacet distribution D, we use the GGX distribu-

tion [14]. The GGX distribution represents the normal distribution
probability of the microfacets, in other words, the distribution of
size and direction of the microfacets. This term is shown in Equa-
tion (3):

D(h) =
αg

2χ+(h ·n)
π cos4 θh

(
αg2 + tan2 θh

)2 (3)

In this equation, θh is the angle between the surface normal, n,
and the half vector, h, αg is the width parameter of the specular
lobe, and χ+(x) equals one if x > 0 and zero if x ≤ 0 [15]. For
parameter G we use Smith’s shadowing-masking function [16]
and the derived equation by Walter et al. [14] which is shown in
Equations (4) and (5) [15]:

G(vi,vr,h)≈ G1 (vi,h)G1 (vr,h) (4)

G1(vx,h) = χ
+

(
vx ·h
vx ·n

)
2

1+
√

1+α2
g tan2 θx

(5)

where vi and vr are the unit vectors describing the incidence (i)
and reflectance (r) directions, respectively. In these equations,
there are parameters that we need to optimise when we are es-
timating the BRDF of a sample. The optimisation process can be
done using different cost functions and making efforts to min-
imise them. Among various cost functions, three of them have
been used in BRDF estimation studies, named cosine-weighted
RMSE, cube root cosine-weighted RMSE [17], and the function
presented by Löw et al. [18], which in this paper is called M2.
These cost functions are shown in Equations (6 - 8), respectively:

CF1 =

√
∑(M (ωi,ωr)cosθi −A(ωi,ωr, p)cosθi)

2

N
(6)

CF2 =

√√√√∑

(
(M (ωi,ωr)cosθi −A(ωi,ωr, p)cosθi)

2
)1/3

N
(7)

M2 =

√
∑(ln(1+M(ωi,ωr)cosθi)− ln(1+A(ωi,ωr, p)cosθi))

2

N
(8)

In Equations (6-8), M is the measured BRDF, and A is the
estimated BRDF using the model in equation 1 with parameters p
and N number of angle combinations for incident, i, and reflected,
r, directions, and ωi and ωr are the directions of incidence and re-
flectance in the spherical coordinate system. The differences be-
tween the measured and estimated BRDF values are summed over
all the angle combinations.

In the cosine-weighted RMSE cost function, the increase
in reflectance at the grazing angles is compensated for by using
the cosine weighting factor. Most of the time, RMSE functions
give too much weight to the BRDF measurements at specular an-
gles, resulting in diminishing the importance of the off-specular
measurements. As an attempt to correct this issue, the cube root
cosine-weighted RMSE cost function is sometimes used [17]. The
logarithmic error metric, M2, gives more weight to the wide-angle
scattering. Therefore, more realistic rendering can be achieved us-
ing this metric [18].

Method
This section discusses the samples and methods to measure

their BRDF, the processing of the obtained data, and the BRDF
optimisation approach.

Samples and Measurement
For this study, eight matt samples from various companies

were chosen and are shown in Figure 2.

Figure 2: Eight chosen matt samples for the study

In addition to these eight samples, a Munsell white N9/ sheet
was also measured as the reference white for data processing in
the further steps.

The measurements were divided into two parts. In the first
part, the diffuse reflections of the samples were measured using
an X-Rite MA-T12 multi-angle spectrophotometer. This device
enables measurements at two different viewing angles and six dif-
ferent illumination angles, in total, twelve measurements, each in
3 to 5 seconds. MA-T12 is equipped with a polychromatic white
LED, and it measures the reflectance from 400 to 700 nm with 10
nm intervals. The measurement geometry of MA-T12 is shown in
Figure 3.

In the second part, the specular measurements were per-
formed using the Canon Surface Reflectance Analyzer RA-532H
(SRA), hereby referred to as Canon SRA in the paper. With this
device, it is possible to get the BRDF values at two incident an-
gles, 20◦ and 60◦, and viewing angles in the range of 20±2.5◦ and
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Figure 3: Measurement geometry of MA-T12: (left) Illumination
angles for viewing angle at 15◦, (right) Illumination angles for
viewing angle at 45◦

60±2.5◦ for each illumination angle, respectively. Among these
measurements, two were chosen; one for illumination and view-
ing angle of 20◦ and the other for illumination and viewing angle
of 60◦. The light source is an LED light source, and the reflected
light intensity is captured using an area sensor and is reported as
1D BRDF value. The duration of each measurement using this de-
vice was between 3 to 5 seconds. In total, we had fourteen differ-
ent measurements, and the total duration of measurements using
both devices was between 6 to 10 seconds, which compared to
the traditional methods that can take up to several hours, is signif-
icantly faster [2, 5, 20].

Data Processing
The measured data obtained from the two measurement de-

vices was normalised to compare and use it for BRDF optimisa-
tion. Measured values obtained from each device were divided by
the values of the reference white sample measured using the same
devices, i.e., the diffuse measurements were divided by the diffuse
measurements of the reference white, and the specular measure-
ments were divided by the specular measurements of the reference
white.

Canon SRA gives the intensity of the reflected light as the
1D BRDF value; thus, there would be only one measured value
for each incident and viewing angle. On the other hand, MA-T12
returns the spectral measurements of the surface reflectance. Since
the goal is to fit the BRDF model on the data spectrally, it is pre-
ferred to have both the specular and diffuse measurements in the
spectral domain rather than a single value. Therefore, an assump-
tion was made based on the theory that at the specular angles,
what is observed is the illumination of the source spectral power
density function [19]. To process the specular part of the measure-
ments, the intensity values obtained from Canon SRA were con-
verted to spectral reflectance factor using Equation (9). In Equa-
tion (9), R is the spectral reflectance factor, I is the intensity, and
λ is the wavelength.

R =
I ×π

λmax −λmin
(9)

Equation (9) assumes that the reflectance factor would be constant
throughout the whole spectrum, which results in a flat spectral
reflectance curve but at different intensity levels for the specular
measurements.

BRDF Fitting
For BRDF fitting, we used the Cook-Torrance BRDF model

(CT) with the GGX distribution [14] and the measurement data.
The BRDF was fitted spectrally in the range from 400 to 700 nm
with 10 nm intervals.

According to the equations (1-6), for the BRDF model, 34
parameters, kdλ

, ks, αg, and n were optimised. The aim was to

Figure 4: sRGB representation of the measured BRDF values us-
ing MA-T12 and Canon SRA for diffuse and specular measure-
ments, respectively.

Figure 5: Measured CIE L* values of the diffuse measurements
for all samples

fit a spectral BRDF, and therefore, we did use 31 parameters for
the diffuse parameters, kdλ

(one for each wavelength), one for the
specular, ks, one for the surface roughness which is controlled by
αg, and one for the index of refraction, n. Genetic Algorithm (GA)
was used as an optimisation tool along with the measured data and
three different cost functions. We expect GA to help reduce the
probability of having a local minimum [20] when optimising the
34 BRDF parameters. We evaluated three different cost functions,
equations (6-8), for optimising the sample BRDF parameters. The
results of the optimisation and fitting process were assessed using
CIEDE2000 colour difference. The CIELAB values of samples,
both measured and estimated, were calculated using D65 illumi-
nant and the 1931 standard observer.

Results and Discussion
Figure 4 shows both the diffuse and specular measurements

in the sRGB colour space obtained from the two devices after the
data processing steps. We can observe that the assumption of con-
stant spectral reflectance factor throughout the spectral range for
the specular measurements causes the patches to be perceived as
achromatic, as only the lightness value is changed for each sample
and the respective specular angle.

Figure 5 and 6 shows the CIE Lightness value (CIE L∗) for
diffuse and specular measurements.

Estimated BRDF
The BRDF estimated at the specular angles show hue and

chroma in the sRGB colour space similar to the diffuse part but
with a high lightness value for all the samples, except the samples
with very high lightness levels as seen in Figure 6. Figure 7 shows
the sRGB representations of the measured and estimated BRDF
for all the samples using three different cost functions.
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Figure 6: Measured CIE L* values of the specular measurements
for all samples

Figure 8 shows the measured and estimated BRDF for sam-
ple T Freesia pink using three different cost functions. The flat
lines are the measured reflectance at specular angles using the hy-
pothesis mentioned earlier in the Data Processing section using
Equation (9).

Figure 8: Measured and estimated BRDF plots for sample Freesia
pink using three different cost functions. Solid lines are the mea-
sured BRDF and lines with circles are the estimated BRDF.

Figures 9 and 10 show CIE L* values of samples T Freesia
pink and T Manzana green at two different viewing angles. These
values are the measured and estimated values for the diffuse part.

Figure 9: CIE L* values of sample T Freesia pink at viewing an-
gles of 45◦ and 15◦ for measured and estimated BRDF values

Figure 10: CIE L* values of sample T Manzana green at viewing
angles of 45◦ and 15◦ for measured and estimated BRDF values

It was observed that as the angle of incidence gets closer to
the near-to-specular angles, the estimations become less accurate.
This is detectable in -30◦/-45◦ and -30◦/-15◦ angle combinations
in both plots. To have a better comprehension of the performance
of the model and cost functions in estimating the BRDF measure-
ments, the CIEDE2000 colour difference was calculated for the
samples at each individual angle combination, and for all three
cost functions.

The box plots of the colour differences between the mea-
sured and estimated values using each cost function are shown
in Figure 11. For each sample, the colour difference was calcu-
lated for all the angle combinations, including diffuse and specu-
lar measurements, and the box plot for each sample shows both
the diffuse and specular measurements. The reason behind the
large observed colour differences is that we have achromatic spec-
ular measurements, but the estimated specular measurements have
the same colour as the diffuse measurements for each sample due
to the measurement dataset used and the GA optimisation method.
This difference tends to be high; therefore, having a ground truth
for the specular measurements can be helpful and can be consid-
ered for further studies. In addition, the average colour difference
between the measured and estimated values across all the samples
and angle combinations using various cost functions is presented
in Figure 12. The boxes for each function contain colour differ-
ence information of seven samples. Sample T Prairie green was
excluded from this analysis because the optimisation process for
this sample using the cube root cosine-weighted RMSE cost func-
tion resulted in a local minimum, despite attempts to adjust the
optimisation parameters. Consequently, no estimated BRDF val-
ues were obtained for this sample using the mentioned cost func-
tion. To ensure a valid statistical comparison, T Prairie Green was
taken out for the other two cost functions, resulting in the same
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Figure 7: sRGB representations of the measured and estimated BRDF values using three different cost functions

Figure 11: Box plot of colour differences between measured and estimated BRDF values using different cost functions for all the samples
and all the angle combinations
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number of data points for comparison.

Figure 12: Average colour difference for all the samples using
different cost functions

Due to the smaller confidence interval of the average colour
difference for the cube root cosine-weighted RMSE (CF2), we
can say that this cost function provides more consistent estima-
tions of BRDF values. To verify the statistical significance of
these results, the sign test was employed, and different cost func-
tions were compared. The sign test is a paired, distribution-free
test, which ensures the validity of the results even if our data do
not follow a normal distribution [21]. The significance level, α

value, was set to 0.05 during the sign test. This value indicates
what the probability of rejecting the null hypothesis is when the
null hypothesis is true. The p-values obtained from this test are as
follows: CF1 vs. CF2: 0.189, CF1 vs. M2: 0.363, and CF2 vs. M2:
0.761. Referring to these results, with significantly large p-values,
we cannot reject the null hypothesis. That is, there is no difference
between the average colour differences between the measured and
estimated BRDF values using three different cost functions. This
can be due to the use of diffuse samples. The cost functions may
show the difference in their performance when we utilise them for
highly specular samples rather than diffuse ones.

Conclusion
We estimated the spectral BRDF parameters for both the

diffuse and specular reflectance using the Cook-Torrance model,
three different cost functions, and measurement data from two
handheld devices. The results show that it is possible to use
two handheld devices to perform measurements in a significantly
shorter time, with lower angle combinations, and consequently,
shorter processing time and lower storage usage. In addition, this
method makes the optimisation and estimations possible in the
spectral domain. The colour difference values between the mea-
sured and estimated values using different cost functions show
that there is no significant difference between their performance
since the chosen samples are all diffuse samples, and the cost
functions may show varying behaviour once they are used for
highly specular samples.

One of the limitations of this method is its application to
highly specular samples, where the dominance of specular reflec-
tion can significantly affect the optimisation process. Therefore,
developing another approach to handle specular samples could be
a focus for future work. Additionally, using rendered images can
be beneficial for method evaluation since they allow observation
of samples under more realistic lighting conditions. Another con-
sideration for future studies is the assumption of a flat spectral
reflectance curve for specular measurements; finding methods to
validate this assumption and assess its accuracy could be consid-

ered for future studies.
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[5] Addy Ngan, Durand Frédo, Matusik Wojciech, Experimental Analy-
sis of BRDF Models, Rendering Techniques, no. 16th (2005).
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