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a b s t r a c t

Modelling of material appearance from reflectance measurements has become increasingly prevalent
due to the development of novel methodologies in Computer Graphics. In the last few years, some
advances have been made in measuring the light-material interactions, by employing goniome-
ters/reflectometers under specific laboratory’s constraints. A wide range of applications benefit from
data-driven appearance modelling techniques and material databases to create photorealistic scenarios
and physically based simulations. However, important limitations arise from the current material
scanning process, mostly related to the high diversity of existing materials in the real-world, the
tedious process for material scanning and the spectral characterisation behaviour. Consequently, new
approaches are required both for the automatic material acquisition process and for the generation
of measured material databases. In this study, a novel approach for material appearance acquisition
using hyperspectral data is proposed. A dense 3D point cloud filled with spectral data was generated
from the images obtained by an unmanned aerial vehicle (UAV) equipped with an RGB camera and
a hyperspectral sensor. The observed hyperspectral signatures were used to recognise natural and
artificial materials in the 3D point cloud according to spectral similarity. Then, a parametrisation
of Bidirectional Reflectance Distribution Function (BRDF) was carried out by sampling the BRDF
space for each material. Consequently, each material is characterised by multiple samples with
different incoming and outgoing angles. Finally, an analysis of BRDF sample completeness is performed
considering four sunlight positions and 16x16 resolution for each material. The results demonstrated
the capability of the used technology and the effectiveness of our method to be used in applications
such as spectral rendering and real-word material acquisition and classification.

© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Realistic appearance modelling of real-world materials has
een a widely studied topic in Computer Graphics. In this con-
ext, the Bidirectional Reflectance Distribution Function (BRDF)
s used to characterise the interaction of light and matter [1].
ignificant advances have been proposed for modelling the ma-
erial appearance from measured reflectance data so that several
atabases of real-world materials have been created. For instance,
he Mitsubishi Electric Research Laboratories (MERL) database [2],
hich covers a wide variety of isotropic materials, and UTIA [3]

or anisotropic materials have served as validation for many
esearches over the last few years [4–7].

Despite recent advances for efficient material acquisition, the
eneration of BRDF datasets still remains a time-consuming and
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tedious process, as measuring involves a four-dimensional do-
main at high resolution. Capturing the material appearance in
different contexts has been an active research domain recently.
According to the ubiquitous nature of photorealistic image gen-
eration, and emerging fields such as computational materials,
the efficient acquisition of measured BRDFs, with reflectance
data captured from real-world materials is valuable for many
applications [1].

The use of unmanned aerial vehicles (UAVs) and hyperspectral
sensors enable the capability of capturing reflected light of visi-
ble objects from the camera viewpoint. This technology is able
to measure the reflectance in real-world scenarios with a high
radiometric accuracy from visible and near-infrared parts of the
electromagnetic spectrum (400 to 1000 nm) [8]. These sensors
are mounted on UAVs to capture many hyperspectral data cubes
with a high spatial resolution, depending on the flight height.
Some previous methods were proposed for material-based object

tracking in videos [9], material pattern matching in hyperspectral
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ata [10] and detection of spectrally varying BRDF materials in
yperspectral reflectance maps [11]. Exploration of hyperspec-
ral imaging offers a host of novel applications and researches
nvolving material appearance modelling. In fact, some recent
pproaches were focused on the material characterisation by
RDFs using a goniophotometer [12]. To our knowledge, there are
ot previous researches that propose an efficient measurement of
eflectance data in real-world scenarios using UAV-based hyper-
pectral sensors since most of them are based on measuring the
aterial-light interaction in the laboratory considering specific
onstraints.
In this study, an innovative method for an efficient acquisition

f spectral BRDF materials from the real world is presented.
long the UAV trajectory the material reflections towards differ-
nt directions depending on the surface orientation are measured.
fter the acquisition stage, hyperspectral images are processed
o correct geometric distortions and then, a semantic segmenta-
ion is performed to detect those pixels (samples) that present
similar spectral behaviour. The spectral signature is studied

rom 440 to 900 nanometres (nm) divided into 200 bands. Those
amples which present a similar reflectance plot in the studied
avelengths are clustered to represent a total of seven materials.
fter the segmentation process, every sample is characterised
onsidering the 3D geometry of the scene, the sunlight position
nd the viewpoint of the hyperspectral camera. Then, all samples
re normalised to the BRDF coordinate system. Finally, an analysis
f the BRDF occupation and distribution of samples is carried
ut. Our proposed method involves a disruptive solution for the
cquisition of spectral BRDF materials. This research aims to
nhance the BRDF measurement of real-world materials and the
reation of large material databases considering the visible and
on-visible range.
The paper is organised as follows: Section 2 presents the

previous work. Section 3 describes the studied area, the two
aerial platforms used for data acquisition, and the processing of
input data. Section 4 is focused on the material segmentation.
Section 5 describes, step-by-step, the characterisation of mate-
rial samples. Sections 6 and 7 present and discuss the results.
Finally, conclusions and future research directions are addressed
in Section 8.

2. Related work

Material Acquisition. In the last few years, the availability of
databases which include real-world material measurements has
fuelled a considerable innovation in the development of realistic
modelling of BRDF for physically based rendering (PBR). The
study of material appearance has been used in Computer Graph-
ics for multiple purposes such as photorealistic rendering [13],
material perception [7] and physics-based simulations [14]. The
observation of material behaviour in the real-world under variant
incident illumination is a challenging task. Scattering by sur-
faces is the most important type of interaction typically encoded
in the BRDF. The BRDF specifies the directional profile of light
scattered by a surface considering an incident illumination with
a specific direction. Unfortunately, the acquisition of rich sets
of BRDF measurements is challenging for several reasons: (1)
high dimensionality, (2) arbitrary frequency and (3) physical con-
straints. Several BRDF measurement techniques have been used
in the acquisition process [15]. The most common types are
based on goniophotometers or image-based devices. The first
one uses motorised axes to illuminate and observe the sample
from arbitrary directions [16]. These devices achieve an accurate
measurement of material-light interactions but the acquisition is
quite long if dense 4D measurements are desired [17–19]. Despite
the acquisition being more efficient than the previous approach,
155
such devices have more stringent limitations on their precision
on the observable angle and some geometric constraints and
it implies a high difficulty for the measurement of anisotropic
samples.

Many research studies focus on analysing different properties
of a given material such as viscosity, translucency, glossiness as
well as particular applications like filtering [20], material edit-
ing [6,21], material synthesis [22] and BRDF compression [23].
Most of the previous studies focus on the scalar or RGB inten-
sity of scattered light, neglecting physical features of light as
its spectrum and polarisation state. In a recent study of Baek
et al. [24] a comprehensive database of multispectral polarimetric
reflectance of real-world objects with a data-driven polarimetric
BRDF implementation was proposed. Undoubtedly, the character-
isation of the material reflectance in a wide range of the spectrum
(visible and non-visible) is a key property to accurately establish
its appearance under complex illumination environments. Even
predictive rendering requires a particularly high level of accuracy
using spectral data for the material perception [25]. Nevertheless,
the acquisition of BRDF samples using traditional systems (eg.
goniophotometers) leads to times of approximately 2.5 h for
isotropic samples and 2–3 days for anisotropic samples [12]. For
this reason, there are not many spectral BRDF measurements and
consequently, a limitation exists for the calculation of material
appearance out of the RGB range of the spectrum.

Hyperspectral imaging. The proliferation of UAV-based sen-
sors for the efficient acquisition of large image datasets of urban
or natural scenarios enables the generation of many 3D models,
applying photogrammetric techniques, and the measurement of
reflected light for each object in different parts of the electromag-
netic spectrum using hyperspectral sensors. Although the high
level of maturity reached by UAV-based technology in terms of
sensing capabilities [26], the use of hyperspectral imaging sys-
tems is still challenging. In particular, in order to fully exploit the
advantages given by hyperspectral imagery it is crucial to ensure
the positional accuracy. Indeed, the great radiometric diversity
provided by hyperspectral sensing systems will only be useful
if it is geometrically accurate, allowing quantitative analysis to
be performed. A review on the published studies based on the
use of UAV-based pushbroom hyperspectral systems concluded
that, although widely used, the geometric rectification is still
challenging [27].

In terms of the contribution of UAV-based hyperspectral imag-
ing (HSI) for material recognition, some methods have been pro-
posed to classify agricultural materials [28,29] and different types
of human objects [30,31]. Despite its radiometric accuracy, the
resulting hyperspectral images present a high geometric defor-
mation, so that makes difficult its combination with other data
sources. This problem was approached by Author1 et al. [32] and
proposed a method for geometric alignment between hyperspec-
tral images and high-resolution RGB imagery. It opens possibil-
ities to use hyperspectral data with 3D data. To our knowledge,
UAV-based hyperspectral technology has not been used in mate-
rial appearance and in this work, we demonstrate their capabil-
ities to get measured reflectance values of real-world materials
and to model their appearance by the BRDF estimation.

Material databases. Regarding existing datasets with mea-
sured materials, MERL [2] is one of the most popular databases,
which contains 100 BRDFs for isotropic materials. Serrano et al.
1u [6] proposed a novel methodology to extend the original
MERL database to include 400 mathematical valid BRDFs. UTIA
databases [3] provides a wide range of anisotropic materials
with a sufficient resolution to be used for material rendering.
Another previous study estimates the reflectance and natural
illumination of different objects, which includes calibrated HDR
information [33]. Previous material datasets require an awkward
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Fig. 1. Overview of the study area.

euristic conversion from RGB to spectra to be useable in spec-
ral rendering. Recently, an on-going database by Dupuy and
akob [12], which measures spectral reflectance has been pro-
ided. This contains the most fully spectral BRDFs of isotropic
nd anisotropic materials from the real world. The measured
pectral range is from 360 to 1000 nm changing both the incident
ight position and the camera viewpoint. This measurement is
erformed using a goniometer/reflectometer which is deployed
nder specific laboratory conditions. This complex infrastruc-
ure involves tedious and slow processes under specific lighting
onditions to measure the material appearance, especially for
nisotropic features.
To overcome the mentioned limitations, we aim to use the

apability of UAV-based hyperspectral sensors to propose a new
ay to acquire measured spectral BRDF of real-world materials.
ur approach enables the characterisation of hyperspectral sam-
les and the study of BRDF occupation according to a drone flight.
oth, hyperspectral and the geometry of the study area (a 3D
oint cloud) are merged to characterise every material sample
ith the normal vector. Thus, a set of materials are studied
onsidering the distribution of measurements and the reflectance
alues for each spectral band in the BRDF space.

. UAV-based data acquisition and processing

.1. Study area

The campus of University of Trás-os-Montes and Alto Douro
as used in this study for data acquisition, as shown in Fig. 1.
The surveyed region is characterised by both natural and ar-

ificial materials. In this area some buildings, vegetation, human-
ade objects, gardens and roads provide us with a rich envi-

onment to measure the reflectance of different materials in a
eal-world scenario. This area is representative of the majority of
yperspectral use cases scenarios, as it is formed by a diversity
f environments. The southernmost sector of the study area is
omposed of dense vegetation and the northern sector is mainly
ccupied by man-made linear features. In the remaining sectors
here is a mixture of undergrowth and linear entities, such as
oads and parking lots. Regarding the topography, the study area

s characterised by a medium altitude (500 m in average).
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Fig. 2. Unmanned aerial vehicles and sensors used in this study, (a) the Matrice
600 Pro and the Headwall Nano-Hyperspec sensor; and (b) the DJI phantom 4,
whose sensor collects RGB imagery.

3.2. Data collection

Data acquisition was carried out using two different UAVs,
both produced by DJI manufacturer (Shenzhen, China), the Phan-
tom 4 (P4) and the Matrice 600 Pro (M600). P4 is a cost-effective
drone equipped out-of-the-box with a FC330 RGB camera (1/2.3’’
CMOS, with 12.4 megapixels). M600 was used for hyperspectral
data acquisition. The used hyperspectral sensor is the NanoHy-
perspec VNIR (Headwall Photonics, Inc., MA, USA), mounted in
the DJI Ronin-MX gimbal [26]. Fig. 2 shows the equipment used
to collect both RGB images and hyperspectral data.

The Nano-Hyperspec sensor has been specifically designed for
UAV-based remote sensing. The sensor, which is based on CMOS
(Complementary Metal Oxide Semiconductor) technology and is
lightweight at 0.52 kg. uses a 12 mm lens. The Nano-Hyperspec is
a push-broom sensor, i.e., imagery is collected along the direction
of flight, line by line, with each line captured at a unique moment
in time, corresponding to an instantaneous position and altitude
of the UAV. This means that the acquisition process captures
one spectral image line at a time, which is perpendicular to the
flight’s direction. Each line of pixels comprises 640 spatial pixels
and 270 spectral bands. In this study, only 200 spectral bands
were studied since the border bands are discarded due to a high
noise by the capture. Both flights were performed at the same
day and time at solar noon. The sky was clear which assured
uniform light conditions. The flight time was around 20 min.
To ensure an adequate balance between the spatial resolution,
image quality and precise data, the selected flight height was
around 100 m. Despite the fact that a lower height can provide
us a higher resolution of RGB and hyperspectral data, a higher
geometric deformation will be presented in hyperspectral images,

as concluded by Jurado et al. [32].
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Fig. 3. Overview of data preprocessing. (a) RGB images, and (b) hyperspectral images are collected. (a.1) The dense point cloud, (a.2) the RGB orthomosaic, and (a.3)
the DSM. (a.4) A resampled height map is obtained (10 cm per pixel). (b.1) Hyperspectral data are calibrated and the reflectance is estimated per pixel, (b.2) the
image distortion is corrected by applying an alignment method [32]. (b.3) Orthorectified hyperspectral swaths.
On the one hand, RGB data have a spatial resolution of 6.7 cm
rom the take-off position, with 80% front imagery overlap and
0% side overlap between flight lines and covering approximately
ha. A double flight configuration and a camera angle of 70◦ were

selected to include imagery from different perspectives in order
to increase the three-dimensional information of the surveyed
area [34].

On the other hand, forward motion provided by the UAV
during the acquisition process, enables to scan the spectrometer’s
slit in a way that at each point in time – secured by the sensor’s
frame rate – a new line from the monitored object is acquired,
as determined by the spectrometer’s field-of-view (FoV). As most
digital sensors, the hyperspectral sensor collects raw digital num-
ber (DN) data. DN counts are then converted into radiance, using
Headwall’s SpectralView software. However, in order to be able
to apply that transformation, before each flight the sensor must
be calibrated. This can be achieved by placing a white reference
object directly in front of the lens. Full illumination happens
by adjusting the white target’s reflective angle relative to the
sun’s location, to maximise the intensity spectrum for the sen-
sor. Lens cap is used to calibrate the sensor’s dark reference.
Radiance provides measurements in physical units of milliwatts
per square centimetre per steradian per micrometre (mW cm−2

sr−1 µm−1), thus eliminating the problem of specific measuring
scales for each sensor. However, obtaining imagery in reflectance
units is required for comparison purposes. In addition, for the
calibration process, a calibration target with nominal reflectance
values of 12%, 25%, 50%, and 90% is deployed in the terrain. Finally,
as for flight encompassing hyperspectral data acquisition was
performed at 100 m above ground level (spatial resolution of
approximately 8 cm), maintaining a constant distance from the
terrain.

3.3. Data processing

In this section, an overview of data processing is showed in
Fig. 3. The collected RGB UAV-based imagery was undergone
through a photogrammetric processing in order to generate a 3D
geometry of the study area. The Structure-from-Motion (SfM) was
used to identify common tie points in the images and reconstruct
a dense point cloud (Fig. 3a.1). The resulting 3D model is then in-
terpolated to produce an orthophoto mosaic and a digital surface
model (DSM) (Fig. 3a.2 and a.3). This last one is represented as
sparse point cloud (Fig. 3a.4) according to the height data from
 a
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the DSM. This 3D model is used later to calculate the surface
orientation of target objects.

Orthophoto mosaics are one of the basic and most important
outputs generated by UAV imagery, also forming the basis of
hyperspectral systems [35]. However, the complexity associated
with hyperspectral imagery acquisition and processing, in par-
ticular, the difficulty to ensure the positional accuracy, is still
very challenging. The several scanlines acquired by the pushb-
room sensor are associated in frames (images) by stitching. The
stitching process results in a final accuracy in the decimetre
range. In addition, pushbroom sensors do not allow us the use of
photogrammetric software to generate 3D models. Indeed, push-
broom geometry’s acquisition does not include imagery overlap
which prevents the 3D models generation.

Hyperspectral data processing was carried out using Headwall
SpectralView software (Fig. 3b.1). Sensor raw data counts are con-
verted into radiance by applying a calibration process deployed
at the beginning of the acquisition process. The empirical line
method proposed by Smith et al. [36] is used to convert at-sensor
radiance into at-surface reflectance. Therefore, the radiance esti-
mation from hyperspectral images is calculated for each pixel by
applying Eq. (1).

In this work, georectified UAV-based hyperspectral mosaic
was aligned with a geometric very accurate RGB mosaic using the
approach developed by Jurado et al. [32] (Fig. 3b.2). This method
allowed us to automatically align hyperspectral images to the
RGB orthomosaic by applying a homography derived from com-
mon image features detected in both images. However, to make
possible a correct alignment between the RGB orthomosaic and
hyperspectral images, both resulting outcomes were resampled
to 10 cm Ground Sample Distance (GSD). After the correction
of the hyperspectral image distortion, new hyperspectral swaths
were generated 3b.3). Thus, for each hyperspectral sample, the
surface orientation could be estimated by using height data from
the DSM. This geometric correction is important to calculate the
normal vector of target samples in hyperspectral images and to
compute light-material interactions.

Lo(x, ωo, λ) = k1,λ · (
Φr

Φi
) − k2,λ (1)

where k1,λ and k1,λ are the calibration coefficients of every spec-
tral band λ, Φr is the radiant flux reflected by the object captured
nd Φ is the radiant flux incidence by the sun.
i
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Fig. 4. Segmentation of real-world material for two hyperspectral swaths: (a) the first flight swath, (b) the mask of first three materials (roof tiles, ceramic tiles and
avement), (c) the second flight swath and (d) the mask of four more materials (artificial grass, metal roof, vegetation and granite).
Table 1
Number of samples extracted from the hyperspectral data.
ID Description Number of samples

1 Red roof tile 56,546
2 Ceramic tile 11,214
3 Grey pavement 5,435
4 Artificial grass 29,793
5 Metal roof 54,939
6 Vegetation 40,707
7 Granite 136,033

4. Material segmentation

The first step of our methodology is the segmentation of ma-
erials from hyperspectral images. To demonstrate the method’s
apabilities, seven different materials were selected which take
art in captured objects such as roof tiles, artificial and natural
egetation, cars, etc. This material segmentation was performed
y a semi-automatic process using the spectral angle mapper
SAM) [37]. Thus, a measure of spectral similarity was conducted
n two flight swaths of the hyperspectral data. This way, given
selected spectrum of a certain material and a threshold value

between 0.1 and 0.25, depending on the material), the spectral
imilarity is calculated to the rest of wavelengths. This technique
as used since it is relatively insensitive to illumination and
lbedo effects. The location of each selected material in the two
light swaths is presented in Fig. 4.

A high number of samples were selected in the hyperspectral
mages in order to capture from multiple viewpoints and angles
he material-light interactions. Table 1 presents a summary of
amples obtained for each material.
In summary, seven materials were selected, ranging from

ineral-based materials (ceramic, clay and granite) to metallic
aterials, artificial grass and natural materials. These materials
ere chosen considering their variety of colour, the material
omposition and the hyperspectral similarity of their samples.
158
Fig. 5. The reference system used for the point cloud rendering and the
calculation of all vectors for each selected material sample.

5. Characterisation of material samples

After the segmentation of target materials, every selected pixel
of hyperspectral images is considered a new material sample.
Each sample represents a surface’s portion (10 cm x 10 cm) of
real-world objects and it is characterised by three 3D vectors:
(1) normal vector, (2) outgoing light vector and (3) incident light
vector. Moreover, every sample provides multiple reflectance val-
ues. Regarding the capabilities of our hyperspectral sensor, 200
reflectance values with a spectral resolution of 2.2 nm are con-
sidered to measure the reflected light for each material sample.
Thus, the spectrograph per sample is ranging from 440 to 900 nm.

According to the global reference system used for the cal-
culation of the sunlight vector and the outgoing light direction,
Fig. 5 shows the axes orientation where the X axis is aligned
to the UAV trajectory, the Y axis is mostly related to the field
of view (FoV) of the hyperspectral sensor and the Z axis is the
up vector. The workflow to characterise every material sample
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Fig. 6. A workflow for material characterisation: (a) the normal vectors, (b) the incident light vectors and (c) the outgoing light vectors.
is presented in Fig. 6. In the following sections this process is
described step-by-step.

5.1. Calculation of normal vectors

The surface orientation is one of the most important features
or modelling the material appearance. In this study, the estima-
ion of normal vectors has been developed using the captured
eometry by the 3D point cloud. A well-known method has
een applied to estimate the local surface properties at each 3D
oint, in parallel, using the OpenMP standard [38]. A search of
urrounding points that contribute to the normal estimation is
erformed by the k-nearest neighbours (kNN) algorithm. Fig. 6a
hows the normal estimation for the first material that forms
he roof of a building. This operation is iterated for all material
amples.

.2. Calculation of incident light vectors

According to the sunlight direction, the incident light vector
s calculated by transforming the spherical coordinates of the sun
osition (θ , φ). The input data was collected from a single flight
n the morning. The elevation angle was 54.62◦ and the azimuth
ngle was 137.51◦ considering the location of the surveyed area
nd the time of the flight. Eq. (2) is applied to calculate the
artesian coordinates and thus, obtaining the components of the
ncident light vector (wi= X, Y, Z) for all samples. The resulting
ncident light vector is shown in Fig. 6b.

i = {sin(θ ) · cos(φ), sin(θ ) · sin(φ), cos(θ )} (2)

here φ is the azimuth angle, θ is the elevation angle.

.3. Calculation of outgoing vectors

Regarding the hyperspectral sensor capture, the reflected light
s observed line by line along the drone trajectory. Thus, consec-
tive lines compose a hyperspectral swath where every material
ample is measured from a perpendicular perspective, consid-
ring the horizontal FoV of the sensor. This device enables the
apture of a line formed by 640 pixels with a spatial resolution
f 10 cm. Regarding parameters of the acquisition process, the
utgoing vectors are calculated by applying Eq. (3)

o = {0, (
ccd
2

· gsd) − py · gsd, h − pz} (3)

here ccd is the length of the line (640 pixels), gsd is the size of
he pixel (0.1 m), py is the component Y of the sample position,
z is the height of the sample and h is the height of the drone.
s a result, the direction of reflected light (ωo) for each material
ample is calculated as shown in Fig. 6c.
159
Fig. 7. The BRDF coordinate system used for sampling all measurements for
each material.

Fig. 8. A graphical representation of the BRDF space for one material after
rotating incident and outgoing vectors.

5.4. Normalisation

After calculating the normal (n), the incident light (ωi) and the
outgoing (ωo) vectors, the next step is to normalise all samples in
the BRDF coordinate system as shown in Fig. 7. To this end, the
normal vector of the sample has to be aligned with the normal
(0,0,1). Likewise, the same 3D rotation is applied to their corre-
sponding vectors (ωi and ωo) to ensure the same angle between
each other.

In this study, we focus on modelling the appearance of ma-
terials considering only isotropic scattering along the material
surface. Therefore, all incident light vectors (ωi) are rotated to
fix the component φ to 0◦. The same rotation is applied to its
corresponding outgoing light vector (ωo) for each sample.

After sampling all measurements to the BRDF space, multiple
ωi and ωo characterise every material as shown in Fig. 8. In this
context, the variability of normal vectors plays an essential role
to achieve a higher or lower BRDF occupation. This is discussed
further in the section below.
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able 2
he overall occupation (%) of the BRDF and the coverage (%) for each incident
ight direction range where θ1 ∈ [0◦, 20◦), θ2 ∈ [20◦, 40◦), θ3 ∈ [40◦, 60◦) and
4 ∈ [60◦, 80◦

].
ID Description θ1 θ2 θ3 θ4 Coverage

1 Red roof tile 24 38 17 7 21
2 Ceramic tile 0 18 14 1.5 8
3 Grey pavement 23 38 23 4 22
4 Artificial grass 18 30 18 5 18
5 Metal roof 24 43 39 16 30
6 Vegetation 44 53 37 15 37
7 Granite 24 51 39 18 33

The next step is to calculate the BRDF value per material
ample. The main goal of the BRDF in a rendering context is the
valuation of the rendering formula (Eq. (4)).

o(x, ωo, λ) =

∫
Ω

fr (ωi, ωo, λ)(ωi · n)Li(x, ωi, λ)dωi (4)

where Lo(x, ωo, λ) is the outgoing radiance captured by the cam-
era, fr (ωi, ωo, λ) is the BRDF of the material, (ωi ·n) is the geomet-
rical factor determined by the angle between the normal surface
and the incident light vector, Li(x, ωi, λ) is the incoming radiance
from the solid angle (ωi).

The calculation of the BRDF values is developed considering
that the incident light direction is determined by the sunlight
since this represents the most significant light source. Therefore,
a simplified version, as shown in Eq. (5), is used in order to
calculate the BRDF for each material.

fr,s(ωsun, ωo, λ) ≃
Lo(x, ωo, λ)

(ωsun · n)Li(x, ωsun, λ)∆ωsun
(5)

where Li(x, ωsun, λ) represents the solar radiation considering the
sun position during the time flight. According to the aforemen-
tioned process, all spectral measurements of target materials are
used to model their appearance and the spectral BRDF.

6. Results

In this section, we show how to leverage the theory, described
before, to model spectral BRDFs using a UAV-based hyperspec-
tral sensor. We describe our experimental setup and the spatial
distribution of material samples from one drone flight.

6.1. Coverage of BRDF materials

Our method relies on an adaptive parametrisation to discre-
tise the BRDF over incident directions. The idea is to divide the
elevation between a uniform angular distribution. This has the
effect of concentrating more samples and achieving a higher BRDF
coverage. In this study, four different incident light direction
regions were selected, changing the elevation angle from 0◦ to
0◦. Table 2 shows the results of the BRDF space coverage.
The BRDF space coverage is significantly influenced by the

ariability of sample normals. The distribution of normals for each
aterial along the hemisphere is presented in Table 3.
As mentioned, the surface orientation of material samples is

ey to reach a higher coverage of the BRDF space. For instance,
aterials such as vegetation and granite present a normal-based
overage of 19.8 and 16.3 respectively. Likewise, both materials
resent the highest BRDF coverage close to 40% for a single
light. Regarding the BRDF parametrisation, we define a resolution
f 16 × 16 in order to spatially discretise the BRDF domain
or outgoing directions of every material along the spectrum.
herefore, we assume discrete sections for range [0◦, 360◦] on

◦ ◦
ne axis and [0 , 90 ] on the other. Fig. 9 shows the heat maps

160
able 3
he overall coverage (%) of normal vectors and the occupation (%) for each
ncident light direction range where θ1 ∈ [0◦, 20◦), θ2 ∈ [20◦, 40◦), θ3 ∈

40◦, 60◦) and θ4 ∈ [60◦, 80◦
].

ID Description θ1 θ2 θ3 θ4 Coverage

1 Red roof tile 12 27 16 5 15
2 Ceramic tile 0.7 14 6 1 5.8
3 Grey pavement 12 26 16 2 14
4 Artificial grass 10 22 14 3 12
5 Metal roof 11 25 19 8 16
6 Vegetation 12 31 23 11 19.8
7 Granite 10 28 19 7 16.3

Table 4
The estimation of the BRDF space occupation (%) by increasing the
number of flights. This forecast is estimated by increasing one, two
and four flights.
ID Description 1 2 4

1 Red roof tile 21 35 63
2 Ceramic tile 8 9 24
3 Grey pavement 22 31 59
4 Artificial grass 18 28 54
5 Metal roof 30 35 72
6 Vegetation 37 51 86
7 Granite 33 43 79

that represent the hemispheric coverage considering all outgoing
vectors for each incident light. A high number of samples were
initially captured but many of them just represent the same area
following our parametrisation. A specific pattern is appreciated
for each subspace since all samples were captured during one
flight where the sunlight position does not change. To complete
the BRDF coverage, the proposed methodology for efficient spec-
tral BRDF materials by consecutive flights at different times of the
day (sunrise, midday and sunset) should be iterated.

6.2. Analysis of the BRDF samples

The variability of material samples has been analysed con-
sidering every subspace of the BRDF. Specifically, the evaluation
comprises the subspaces defined by the four categories of the
incident light and the 16 × 16 ones of the outgoing directions.
The average and the standard deviation of all the BRDF samples
in a given subspace have been calculated. We have measured the
variability of a given material by the ratio between the standard
deviation and the mean of the BRDF values of all regions in which
it is discretised. Most material range from 0.18 to 0.22 ratio,
except for the ceramic material (0.11) and vegetation (0.36).

Fig. 10 shows the BRDF values for each material, considering
the four incident light directions. These results were obtained
by selecting the spectral band 100 (660–662 nm) but the others
can be also reviewed using Tekari software [12]. In general, most
materials present the highest values on some specific cells of
the BRDF space when the angle between the normal and the
incoming light vector increases. Undoubtedly, more samples are
required to get a full coverage of the BRDF space and thus, mod-
elling the material appearance for each material. In this sense, a
brief study is carried out to estimate how the BRDF space of each
material could be completed according to further drone flights in
the study area. Table 4 shows an estimation of the BRDF coverage
for two and four flights at different times of the day in our study
area.

According to this forecast, the increase in the BRDF space
coverage is significant with additional flights at different times
of the day. In particular, as mentioned before, those materials
with a higher variability of normal vectors present a significant
increase of the occupation. For instance, the vegetation and gran-
ite materials are covered by 86% and a 79% respectively for four
flights.
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Fig. 9. Overview of the BRDF coverage for each subspace of incident light vectors. The scale of heat maps is set from 0 to 10 samples for each cell. The range of
each subimage is composed this way, the (X, Y) axes represent the θ [0◦ , 90◦] and φ [0◦ , 360◦] components of the outgoing direction, respectively.
Fig. 10. Rendering of BRDF values for all samples corresponding to every subspace for each studied material.
. Discussion

The proposed method is a disruptive solution to capture the
ppearance of materials of the real world beyond the visible
ange. One of the main concerns of this approach is the complete-
ess of the BRDF. The results show the dependency between the
ormal variability and the hemisphere occupation by captured
amples. An important factor to get a high BRDF coverage is the
ariation of outgoing and incoming directions, which increases
y multiple acquisitions considering different sun inclinations. In
his study, all samples were collected at the same time of day
ince we aim to pose the method’s capabilities for a single flight.
he results show that this initial limitation may be overcome by
he variability of the normal vector of the samples. We observe
hat those materials with a higher uniform distribution of the nor-
al vector have a lower representation. Undoubtedly, new flights
an extend the number of samples as well as the completeness
f the material BRDF. Additionally, regarding effectiveness of the
 i

161
proposed method multiple materials are captured at the same
time which favours a parallel processing.

This work was focused on showing UAV-based sensors as an
adequate alternative to efficiently capture spectral data and 3D
geometry. In fact, these can be used for modelling the BRDF
of real-world materials. The measurement of reflectance data in
outdoor scenarios poses many challenges. The complex geometry
of observed materials and indirect lighting cause strange reflec-
tions that could derive to unexpected errors during the material
scanning process. As contribution to previous research [2,12,18],
the possibility to collect measured BRDFs of materials that cannot
be directly monitored in the laboratory opens novel research line
by following the proposed methodology. The proposed research
has inherent challenges such as BRDF coverage as previously
commented, and the influence of external factors as indirect light-
ing and interreflections, which do not happen under laboratory
constrains. In order to analyse, not only the data distribution but
the value of reflectance measurements for each material, Table 5

llustrates the variability of material samples. According to the
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Table 5
The maximum ratio of the variance variability for each material
considering the proposed BRDF space subdivision. For these results
we have discarded outliers, i.e., 10% of the samples.
ID Description Maximum variance (%)

1 Red roof tile 45
2 Ceramic tile 15
3 Grey pavement 33
4 Artificial grass 31
5 Metal roof 50
6 Vegetation 48
7 Granite 25

proposed subdivision of the BRDF space (16 × 16) for outgoing
irections, materials such as the ceramic tile and granite present
he lowest variance whereas vegetation, red tiles and metal roof
ave a higher data variability. According to our forecast varying
he time of flights will increase the BRDF coverage. Regarding
ur current results we can observe that shiny materials and the
ormal estimation for irregular geometry impact the accuracy of
he measurements. These shortcomings will be overcome with
ew flights at several times day under different illumination
nd with a continuous refinement of the 3D point cloud and
yperspectral dataset.
In this paper, we propose a robust pipeline to acquire mea-

ured reflectance data in outdoor scenarios and also a discrete
arametrisation of the BRDF materials of the real world. Given
he promising results of this method, this research means an im-
ortant advance for the efficient and accurate acquisition of real-
orld materials characterised by high-resolution spectral mea-
urements from surfaces of arbitrary roughness. Consequently,
everal applications directly benefit from our method such as (1)
pectral and photorealistic rendering [39] by the use of specific
pectral-BRDF materials which could be captured where they
xist in real scenarios; (2) the semantic classification of real-word
nvironments by the characterisation of the surveyed materi-
ls [40]; modelling of heterogeneous real-world materials [41,
2]; and (4) the extension of material databases with new BRDF
aterials characterised with measured reflectance data [43,44].
oreover, this research brings opportunities not only to the com-
uter graphics community, by helping in rendering a wide variety
f BRDF materials, but may be useful for the detection of diseases
n forests [45], tree species segmentation [46], the estimation of
eaf area index [47,48] and other remote sensing applications [49,
0]. In this topic, most studies rely on data with coarse spatial
esolutions and noise due to potential atmospheric inferences. To
he best of authors’ knowledge the proposed method is one of the
irst studies to explore UAV-based hyperspectral data for BRDF
omputation since previous studies are based on broadband data,
y using multi-camera systems [51] or NIR imagery [52].

. Conclusions and future work

In this research, a method for efficient acquisition of BRDF
aterial in real-world scenarios is proposed. A UAV-based hy-
erspectral sensor was used to collect multiple measurements of
even different materials (red roof tile, ceramic tile, grey pave-
ent, artificial grass, metal roof, vegetation and granite). Accord-

ng to the application of the proposed method, these materials are
ormed by many samples that are characterised by the outgoing
ight direction, the reflected radiance, 200 values with a spectral
esolution of 2.2 nm, the incident light vector and the normal
ector.
Our method is based on an adaptive parametrisation to discre-

ise the BRDF over incident directions. The results demonstrated
he capabilities of our method and hyperspectral technology to
162
efficiently collect accurate spectral reflectance of real-world ma-
terials and sampling every hyperspectral measurement on the
BRDF space. Likewise, in this study, the coverage of the BRDF is
analysed for one flight as well as a coarse estimation to achieve a
higher occupation by more flights. In addition, the BRDF variabil-
ity for each material is partially obtained, considering the input
dataset.

As further research, we will focus on the production of our
own material database and BRDF parametrisation for modelling
the material appearance using this method to acquire multiple
samples of captured materials in real-world scenarios. In ad-
dition, we will explore validation methods by comparing our
measurements with others acquired in the laboratory and algo-
rithms to provide a fully automatic segmentation of materials
from hyperspectral data.
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