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Abstract: Close-range remote sensing techniques employing multispectral sensors on unoccupied
aerial vehicles (UAVs) offer both advantages and drawbacks in comparison to traditional remote
sensing using satellite-mounted sensors. Close-range remote sensing techniques have been increas-
ingly used in the field of precision agriculture. Planning the flight, including optimal flight altitudes,
can enhance both geometric and temporal resolution, facilitating on-demand flights and the selection
of the most suitable time of day for various applications. However, the main drawbacks stem from
the lower quality of the sensors being used compared to satellites. Close-range sensors can capture
spectral responses of plants from multiple viewpoints, mitigating satellite remote sensing challenges,
such as atmospheric interference, while intensifying issues such as bidirectional reflectance dis-
tribution function (BRDF) effects due to diverse observation angles and morphological variances
associated with flight altitude. This paper introduces a methodology for achieving high-quality
vegetation indices under varied observation conditions, enhancing reflectance by selectively utilizing
well-geometry vegetation pixels, while considering factors such as hotspot, occultation, and BRDF
effects. A non-parametric ANOVA analysis demonstrates significant statistical differences between
the proposed methodology and the commercial photogrammetric software AgiSoft Metashape, in
a case study of a vineyard in Fuente-Alamo (Albacete, Spain). The BRDF model is expected to
substantially improve vegetation index calculations in comparison to the methodologies used in
satellite remote sensing and those used in close-range remote sensing.

Keywords: radiometric correction; bidirectional reflectance distribution function (BDRF);
multispectral; unmanned aerial vehicles (UAV); digital surface model (DSM); photogrammetry;
vegetation indices

1. Introduction

The use of multispectral technology on board unmanned aerial vehicles (UAVs) for
precision agriculture has experienced an exponential growth due to recent advances in
sensor technology. These sensors have traditionally been mounted on satellite platforms
and can be used for calculating vegetation indices, such as the normalized difference
vegetation index (NDVI), for agricultural applications [1–3]. Nevertheless, UAVs offer a
higher spatial resolution, temporal flexibility for image acquisition, and reduced influence
of atmosphere effects (with atmosphere profiles of no more than 120 m). However, directly
shifting satellite-based remote sensing methodologies to UAVs can produce radiometric
differences between equivalent satellite-derived products [4,5]. Mainly, this occurs due to
the presence of shadows inside the crop and because the same part of the surface is observed
with different relative geometries of the two elements involved: illumination to surface and
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surface to sensor. Specifically, low flight height, large FoV (field of view) sensors, and the
overlapping of different scenes produce a diverse observation angle for each point on the
surface, and the sun’s position varies significantly throughout the flight. Another typical
variation that we can expect during the flight is lighting, which depends on the time of day
and the latitude. Last but not least, in the orthorectification procedure, multiple pixels from
different viewing geometries are averaged together, creating overlapping images.

These properties result in the dynamism of the observed reflectance.
BRDF describes the way the surface reflects light in different directions, based on the

incident angle of the incoming light and the viewing angle of the sensor; it characterizes the
variability in surface reflectance due to changing geometrical conditions. As a result of the
surface BRDF, the observed reflectance of a location will change based on the position of
the sensor. This complicates the process of deriving reflectance values from remote sensing
data and can affect the generation of vegetation indices when compared to satellite remote
sensing. An example of this is found in the application of machine learning techniques to
UAV-based remote sensing data processing [6–10]. These techniques demand multispectral
or even hyperspectral bands, which require a high radiometric quality.

On the other hand, by being able to apply close-range photogrammetry techniques,
an approximation of the plant envelope in 3D can be obtained, which makes it possible to
determine occultations and discriminate which parts of a plant are observed in each image,
with an accurate relative observation geometry with respect to both the sun and the sensor,
minimizing the possible presence of shadows, which alter radiometry.

By analysing the differences in multispectral geomatic produced by UAVs, we can
determine the following:

1. Photogrammetric techniques pay special attention to the geometric quality of the final
product [11], relegating radiometric quality. Therefore, reflectance orthomosaics, as
derived from geomatic products frequently used to generate vegetation indices, can
incorporate radiometric errors.

2. GSD with centimetre resolution introduces BRDF effects due to the position of the
sensor and changes in illumination angles during the flight. The pixel size of most
satellite images exceeds one metre and is usually several orders of magnitude coarser
in resolution compared to that of a UAV image.

Specifically, the pixel of a remote sensing product from public space missions has a spa-
tial resolution of several meters (Sentinel-2A/2B has a 10 m–60 m spatial resolution in both
the visible and the NIR bands, while Landsat-8/9 imagery has both a 15 m panchromatic
and a 30 m multi-spectral spatial resolution), and the collected data are the aggregation of
the plant canopy and soil. In contrast, UAVs can achieve spatial resolutions even higher
than 0.05 m. The high spatial resolution, together with the large number of points of view
from which the canopy is acquired when using UAVs, leads us to consider the convenience
of choosing image pixels from the plant that are better aligned with a geometry of choice
(e.g., a satellite sensor or a consistent geometry for temporal studies), involving making
decisions such as:

• Only using data from the canopy (not from the ground or trunk/branch) using spa-
tial and radiometric criteria, discriminated by height from the DSM with DTM as a
reference [12], and approximating NDVI using the classical method [13].

• Ignoring parts of the crop that are hidden in an image due to the geometry of the
crop (obtained from a DSM generated as a satellite photogrammetric product) and
image orientation.

• Avoiding image areas that may be affected by the hotspot effect [14] and correcting
the images by using the directional property of reflectance.

• Only using image pixels acquired from a favourable geometry or optimal perspec-
tive with respect to the canopy and the sun position, discriminated using the image
orientation and the sun position at the time of image acquisition.
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The BRDF effect is a classic issue in remote sensing and its correction has given rise
to different modelling proposals that are not usually included in the standard process for
generating products prepared for ARD analysis (analysis ready data) due to its practical
difficulty [15]. The hotspot effect is also a classic drawback in remote sensing and its
correction is included in some BRDF models. A hotspot is a circular bright area within
the image that is produced due to a direct alignment between the sun, the camera, and
the position on the ground [14]. In other words, it is placed at the projected solar position,
opposite the specular reflection position. The probability of a hotspot effect is also increased
in UAV flights due to the wide angle of view of the optics and the interest in flying over
plant covers at times when the sun is higher over the horizon because of shadow reduction
and an increase in photosynthetic activity. Moreover, the effect of shady areas on the canopy
is also corrected in some BRDF models.

There are BRDF models that can be applied to near-range remote sensing from UAVs,
so called Kernel-driven models, such as the empirical Walthall model and the non-linear
RPV model [16], which improve ARD products by correcting the reflectance in each band.
In the last two years, several articles have been published addressing the BRDF effect from
UAV imagery [17,18]. However, they do not rigorously consider the mathematical model of
photogrammetry, the concealment effects based on the knowledge of the canopy geometry
through the DSM, the elimination of areas in the images affected by the hotspot effect,
and the consideration of optimal perspectives for removing the leaf pixels in which the
vegetation cover is not directly exposed by the sun.

Given the relevance of these issues, this study focuses on addressing a radiometric
improvement of multispectral data captured through UAV platforms. In this context, this
paper presents a comparative analysis of the red (R), green (G), blue (B), red edge (RE), and
near infrared (NIR) reflectance bands, as well as the NDVI index, obtained through two
different approaches:

1. Utilizing the conventional photogrammetric computer tool AgiSoft Metashape.
2. Implementing a novel methodology that addresses the aforementioned problems.

- Introducing corrections for the BDRF effect per ortho-image by precisely com-
puting the external orientation of the images and the relative orientation of the
object to the acquisition point and to the sun.

- Using the information derived from individual ortho-images rather than geomatic
products obtained through photogrammetric processes, while eliminating the
radiometric distortion that these processes may incorporate.

- Determining the optimal pixel values from the best ortho-image considering
factors such as lighting, possible occultations, and the relative position within
the image.

This paper employs a comparative analysis of variance (ANOVA) in order to evaluate
the differences and advantages provided by the proposed methodology in comparison
to conventional methods for the acquisition and processing of radiometric data. ANOVA
is a robust statistical methodology to assess variances in datasets, discern the disparities
between group means, and explore the sources of variability [19]. This technique quan-
tifies the variation within and between groups to infer whether observed differences are
attributable to random chance or systematic effects. Many articles on the use of ANOVA
analysis in agronomy can be found in the literature [20–23].

2. Materials and Methods
2.1. Experimental Setup

The field experiment was conducted in a commercial vineyard located in Fuente-
Alamo, Albacete, Spain (38.43043300 N, 1.28012600 W; elevation 820 m above sea level)
during the 2020 growing season (Figure 1). The climate is defined as typical Mediterranean
semiarid [24], with hot and dry summers and daily maximum summer temperatures close
to 40 ◦C, mainly in July and August. The trial was carried out in a 0.6-hectare subplot of
a 6.5-hectare commercial vineyard. The soil was sandy loam (with more than 55% sand),
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with a variable depth of up to 90 cm. The soil had 1.2% organic matter, 47.7% active CaCO3,
an electrical conductivity of 0.4 dS/m, a pH of 8.9, and a bulk density of 1.2 g/cm3. The
vineyard rows were oriented north–south. The inter-row was regularly tilled and the soil
under the vine rows was kept weed-free through the use of herbicides.

Drones 2024, 8, x FOR PEER REVIEW 4 of 24 
 

to 40 °C, mainly in July and August. The trial was carried out in a 0.6-hectare subplot of a 
6.5-hectare commercial vineyard. The soil was sandy loam (with more than 55% sand), 
with a variable depth of up to 90 cm. The soil had 1.2% organic matter, 47.7% active 
CaCO3, an electrical conductivity of 0.4 dS/m, a pH of 8.9, and a bulk density of 1.2 g/cm3. 
The vineyard rows were oriented north–south. The inter-row was regularly tilled and the 
soil under the vine rows was kept weed-free through the use of herbicides. 

 
Figure 1. Study area: vineyard located in Fuente Alamo (Albacete, Spain). 

2.2. Data Acquisition 
The photogrammetric sensor used is a MicaSense RedEdge® camera (MicaSense Inc., 

Seattle, WA, USA [25]). It is one of the most efficient low-cost multispectral sensors 
onboard a UAV. It is formed of five dedicated sensors with a narrow-band filters for de-
tecting data, respectively, in the B, G, R, RE, and NIR wavelengths. It has a global shutter 
to avoid problems in data processing regarding dark current and UAV movements during 
the flight [26]. The camera specifications are detailed in Table 1, where FWHM is the full 
width at half maximum. The MicaSense RedEdge camera works with the downwelling 
light sensor (DLS), using the same spectral bands, which are cosine-corrected light sensors 
that help improve the radiometric quality of the image data by providing a direct way of 
measuring reflectance without using a reference target. Light sensors are the most effec-
tive at correcting for global changes in lighting conditions.  

Table 1. Technical specifications of the MicaSense RedEdge sensor (MicaSense Inc., Seattle, WA, 
USA). 

Weight 170 g (including DSL) 
Dimensions 9.4 cm × 6.3 cm × 4.6 cm 

External power 4.2 V–15.8 V, 4 W nominal, 8 W peak 
GSD 8.2 cm/pixel at 120 m AGL 

Blue spectral band Centre wavelength: 475 nm 
Bandwidth FWHM: 20 nm 

Green spectral band centre wavelength: 560 nm 
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2.2. Data Acquisition

The photogrammetric sensor used is a MicaSense RedEdge® camera (MicaSense Inc.,
Seattle, WA, USA [25]). It is one of the most efficient low-cost multispectral sensors onboard
a UAV. It is formed of five dedicated sensors with a narrow-band filters for detecting
data, respectively, in the B, G, R, RE, and NIR wavelengths. It has a global shutter to
avoid problems in data processing regarding dark current and UAV movements during
the flight [26]. The camera specifications are detailed in Table 1, where FWHM is the full
width at half maximum. The MicaSense RedEdge camera works with the downwelling
light sensor (DLS), using the same spectral bands, which are cosine-corrected light sensors
that help improve the radiometric quality of the image data by providing a direct way of
measuring reflectance without using a reference target. Light sensors are the most effective
at correcting for global changes in lighting conditions.

Table 1. Technical specifications of the MicaSense RedEdge sensor (MicaSense Inc., Seattle, WA, USA).

Weight 170 g (including DSL)

Dimensions 9.4 cm × 6.3 cm × 4.6 cm

External power 4.2 V–15.8 V, 4 W nominal, 8 W peak

GSD 8.2 cm/pixel at 120 m AGL

Blue spectral band Centre wavelength: 475 nm
Bandwidth FWHM: 20 nm

Green spectral band centre wavelength: 560 nm
Bandwidth FWHM: 20 nm

Red spectral band Centre wavelength: 668 nm
Bandwidth FWHM: 10 nm

Red edge spectral band centre wavelength: 717 nm
Bandwidth FWHM: 10 nm

NIR spectral band Centre wavelength: 840 nm
Bandwidth FWHM: 40 nm
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The resolution of the photogrammetric sensor was 1280 × 960, with a pixel size
of 3.75 × 3.75 µm. The focal length was fixed at 5.5 mm. The total coverage area was
0.14 km2. The sensor was mounted on a quadcopter Carabo S3 (Icom3D, Asturias, Spain)
(Figure 2). The flight planning was performed by using UAV-GeoFlip Geomatic Flight
Planning software [27]. The flight was planned and executed to establish a minimum
forward overlap of 60% and a minimum side overlap of 20%, with a GSD of 5.09 cm/pix
for the DSM (digital surface model). The flight was performed near solar noon (between
11:00 and 12:00 solar time) to reduce the grapevine shadow on the images, with an altitude
of 80 m to reach the required GSD. A total of 8 GCPs (ground control points) were located
(Figure 3) to be easily detected from the UAV images and topographically measured via
GNSS-RTK for georeferencing. The locations and georeferenced errors are indicated in
Table 2. In addition, 4 reflectance panels were placed in the study field, and they were
captured at the beginning and at the end of the flight for radiometric calibration purposes.
The flight was performed during clear sky conditions. Finally, a total of 2685 images were
acquired (537 images per band) by the MicaSense RedEdge® camera.
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Table 2. Locations and geo-referencing errors of the GCPs.

Markers Easting (m) Northing (m) Altitude (m) Error (m)

2 632,939.341 4,288,036.966 830.224 0.0046
3 632,805.756 4,288,019.635 830.205 0.0064
4 632,659.743 4,288,040.656 835.192 0.0007
5 632,741.361 4,287,895.546 825.769 0.0083
6 632,796.057 4,287,767.781 822.259 0.0195
7 632,884.765 4,287,736.708 821.987 0.0173
8 632,973.799 4,287,784.585 818.104 0.0034
9 632,956.238 4,287,898.923 823.163 0.0068

2.3. Reference Commercial Multispectral Software (AgiSoft Metashape)

A standard photogrammetric pipeline was used to process the multispectral UAV
imagery, applying camera calibration, image orientation and a dense point cloud extraction
process. The AgiSoft Metashape software package (AgiSoft LLC, St. Petersburg, Russia [11])
was used for that purpose. As an alignment parameter, a limit of 4000 tie points was
used. Moreover, 8 GCP measurements were utilized for recovering the camera’s interior
parameters and correcting for any block deformation or systematic error to be able to
absolutely geo-reference and geometrically calibrate the images. The geo-referencing RMSE
of the GCPs was 1.04 cm. The overall reprojection error was 0.44 pixels, based on the
bundle-adjustment error assessment report. The tie point projection errors were considered
to eliminate poor-quality points. Moreover, a noise filter was applied during the point
cloud generation to improve the quality of the ortho-mosaic. An aggressive filtering was
used to preserve as much detail as possible over the canopy structure. Finally, the DSM
and the ortho-mosaic were created by ortho-rectifying the image pixels with a 6 cm GSD.
In order to simulate the radiant attenuation for vignetting correction, a distance to the
surface model was performed per pixel. Moreover, the DTM resolution was 20.3 cm/pix
(DSM GSD fitting to the ground) and the compound coordinate reference system was
ETRS89/UTM zone 30N (EPSG 25830, 5782). Orthometric heights refer to the tide gauge
in Alicante. Reflectance ortho-mosaics were computed using the internal calibration of
AgiSoft Metashape software, with the calibration panel pictures and the DLS [28].

2.4. BRDF Correction

The proposed procedure aims to calculate the best possible reflectance value per band.
A classical property to consider when disturbing image radiometry is the bidirectional
reflectance from the ground surface (BRDF). The most prominent issue in aerial images
occurs at high solar elevation, where the hotspot can occur. The Walthall model [29]
describes the directional reflectance of visible and NIR radiation as a function of zenith and
azimuth view angles and solar azimuth angle for several canopies and bare soil surfaces.
The access to the directional domain allows normalizing the anisotropy or incorporating
the directional signature as a source of additional information.

The Walthall model [29] is a simple linear empirical model, working under clear sky
conditions. It uses a three-term parametrization (p0, p1, p2), following Equation (1):

RW (θv, ϕ; λ) = p0(λ)θ
2
v + p1(λ)θvcos ϕ + p2(λ) (1)

where RW is the observed surface reflectance in each band, W, measured by the camera
after calibration with standard panels and the downwelling light sensor (DLS) under θv
as an observation zenith angle, with a relative azimuth angle ϕ, and wavelength λ; p0, p1
and p2 are constants; p0(λ)θ

2
v and p1(λ)θvcos ϕ are terms that have to be eliminated so that

there is no BRDF effect; p2(λ) is reflectance at nadir view and illumination.
The rigorous photogrammetric model provided allows the ability to compute for

each pixel the angles of the equation, and p0, p1, and p2 can be estimated by least squares
adjustment. The θ2

v term describes the concave shape of the BRDF associated with the gap
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effect. The term θvcos ϕ term provides a linear dependency between reflectance and the θv
angle, describing the BRDF anisotropy and the increase in reflectance due to backscatter.
This second term, therefore, basically collects the back-shadow effect.

The Walthall model is one of the most robust models at different scales on a wide
variety of surfaces [30]. However, this model does not reproduce the reciprocity principle.

The steps to apply the proposed methodology are described below (Figure 4).
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The final outcome of this methodology provides crop-optimised reflectivities using all
pixels of all images, but these results are not satisfactory for the different criteria considered.
From these corrected reflectivities, any index could be calculated, with NDVI being the
index computed for this paper because it is one of the most widely used in precision
agriculture applications.

2.4.1. Pre-Processing

First, a photogrammetry project in QGIS should be created, and the data imported.
Pre-processing inputs are automatically obtained with a reference software from structure
from motion (SfM), AgiSoft Metashape Professional Edition photogrammetry software
(already explained in Section 2.3). With this step, the entire mathematical model is already
set up. It consists of creating the database, assigning the CRS (coordinate reference system),
importing the markers.xml file from the project (which includes camera calibration and
image orientations), and importing the path to the project’s raw images. Later on, the EXIF
information of the raw images is obtained. It includes the acquisition time to calculate the
sun data (i.e., solar angles) and parameters for the reflectance conversion model, according
to the MicaSense manual.

After that, the DSM and DTM are produced with AgiSoft Metashape Professional
Edition photogrammetry software (already explained in Section 2.3). Plant angles, heights,
and hidden parts are automatically defined. This step allows us to compute the image
footprints on the DSM to get the framework for the orthoimages.
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2.4.2. Radiometric Processing

For each image, the sun position (zenith and azimuth) and hotspots are computed,
following the methodology published by [14]. The instant of observation is considered
as a variable that comes from the EXIF. The hotspot effect is produced due to a direct
alignment between the sun, the camera, and the position on the ground; that is, the point
on the ground opposite the sun in relation to the camera. The hotspot produces a change of
brightness in this point of the image and its surroundings. These regions will be excluded
in the last step, in which the reflectivity statistics by band and plant are calculated.

Next, the digital numbers (DNs) are converted to reflectances. For this case, the mathe-
matical model used can be found in MicaSense Image Processing Tutorials [31]. The software
computes the radiometric corrections using the white reference panel and the irradiance
sensor (DLS). Three different options have been contemplated: using only one or several
measurements, with temporal interpolation, or with the closest value in time. This can be
achieved by using camera calibration parameters (such as AgiSoft Metashape software), using
only DLS information, or adopting a mixed solution that combines calibration parameters
and DLS data (which is the one used for the current work).

If the panel is used, the calibration process can be computed at the beginning of the
flight or, if the panel is captured at the beginning and the end of the flight, the calibration
process interpolates the correction for each image capture event. To obtain reflectance
images, first, the conversion factors per band from the panel images are retrieved. For this,
panel coordinates from GPS EXIF together with solar zenith and azimuths are computed.
The conversion factors are retrieved (gain and offset) from the mean digital value of the
panel, corrected for vignetting.

However, if DLS information is employed, conversion factors are retrieved from the
MicaSense model through solar position, horizontal irradiance, and direct or diffuse radia-
tion data (depending on the sensor). In both pipelines, reflectance images are computed
using the conversion factor, interpolating as a function of time. After this, the orthoimages
are computed per band with a GSD similar to the DSM exported from Metashape. The
hidden pixels calculated from the DSM are left without data because, in the projective ray in
which they are included, there is another point from the DSM which is closer to the optical
centre. Moreover, raster files are saved with distances and angles (zenith and azimuth)
from each pixel projected on the plant to the projection centre of the camera position with
centimetre accuracy. Lastly, NDVI ortho-images are generated per band.

2.4.3. Optimized Reflectances from the BRDF Correction Model and Derived NDVI

For each plant, we start from the planimetric definition of the planting frame. Thereby,
for each DSM pixel above the DTM at a height higher than the established threshold
(0.2 m in this case), an algorithm is used to obtain the optimized reflectance per band. To
achieve this, a sample of reflectances and auxiliary values for the BRDF model (azimuth
and elevation of the sun and sensor) are computed. To obtain this sample, image pixels
that do not meet at least one of the following filter criteria are eliminated:

• Is in a hotspot zone.
• Is hidden using the DSM.
• The normalized difference vegetation Index (NDVI) in the orthoimage from the previ-

ous step is outside the chosen range (between 0.2 and 1.0 in this case). Consequently,
the vegetation is segmented by the NDVI filter calculated with 3-decimal places.

• The horizontal angle between the plant formed by the direction between the sun and
the sensor is outside the established range (from −90 to 90 degrees in this case).

With these samples, the BRDF model is adjusted to obtain corrected reflectances. The
reflectance per plant is computed using a multi-view statistical analysis. It involves an
iterative least squares (LS) solution with an observation removal process, guided by a
threshold in the residuals. Moreover, the adjusted reflectance solution is considered valid
based on the standard deviation using a generalized method of moments (GMM) and
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statistical limits. The reflectance of those plants with insufficient information is avoided.
The NDVI is obtained from the optimized reflectances.

2.5. Statistical Analysis

In this study, two datasets obtained using different methodologies are available. On
the one hand, we have the reflectance data obtained by applying the BRDF correction, as
explained in the previous sections, and the reflectance data provided by the commercial
software Metashape. For simplicity, we will refer to these methods as M_BRDF and
Metashape, respectively. The NDVI values, calculated from the R and NIR bands, are
available for both methods. In order to identify statistically significant differences between
the M_BRDF and Metashape methodologies, an ANOVA, or analysis of variance test, was
used. Figure 5 shows schematically the workflow carried out for the ANOVA analysis,
which we explain in detail below.
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In a nutshell, ANOVA splits the total variance in the data into two components:
variance between groups and variance within groups. The ratio of these variances is used
to calculate an F-statistic, which, when compared to a critical value, helps to determine the
statistical significance of group differences. The null hypothesis establishes that there is
no significant difference between the group means. If the p-value is less than the critical
value (usually 0.05), the null hypothesis is rejected and it can be concluded that there is a
significant difference between the means [32,33].

Predominantly, ANOVA can be applied following three different approaches: one-way
ANOVA, two-way ANOVA, and factorial ANOVA. The one-way ANOVA methodology
finds its utility when there exists a sole categorical independent variable, while two-way
ANOVA extends its purview to encompass the dynamics of two independent variables.
The third approach is achieved through factorial ANOVA, which permits the meticulous
scrutiny of multiple independent variables and their mutual interactions.

On the other hand, ANOVA can be approached from both parametric and non-
parametric perspectives. Parametric ANOVA assumes that the data follow a normal
distribution and that the variances between groups are approximately equal (i.e., ho-
moscedasticity). If the data deviate from these assumptions, non-parametric ANOVA can
be used. A normality test, such as the Shapiro–Wilk test, will determine which type of
ANOVA is required. In addition, a prior analytical and graphical study of the data is often
helpful for understanding the nature of the data.
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The parametric approach uses the F-statistic to assess the presence of significant
variance differences between groups, while the Mann–Whitney U test serves for assessing
the presence of statistically significant differences between two independent groups in those
cases where the data deviate from the assumptions of normal distribution and equality
of variances. This non-parametric test involves ranking the data, calculating separate U
statistics for each group, and determining the minimum U statistic as the critical value.
Thus, through hypothesis testing, the Mann–Whitney U test evaluates whether this test
statistic significantly differs from what would be expected by chance [34,35].

Various non-parametric tests can be used to statistically compare more than two
independent data sets. Taking into account the nature of our data, the most appropriate
non-parametric test is the Kruskal–Wallis H test. It is actually an extension of the Mann–
Whitney U test, which is used to compare two independent groups. The Kruskal–Wallis
H test is particularly useful when the data do not meet the assumptions of parametric
tests [36,37]. However, it is common to encounter outliers when applying this type of
statistical test. To this end, an additional check based on the Yuen t-test can be applied
to the reflectance and NDVI data, since this test is more robust against the presence of
outliers [38,39].

The drawback of ANOVA is that although the results obtained show that there are
significant differences between groups, the test itself does not specify which groups exhibit
these differences. In this sense, post hoc tests, such as the Bonferroni test, help to identify
pairwise differences among groups, providing a more detailed and actionable understand-
ing of the data [40]. Therefore, it is advisable to perform the post hoc analysis when the
ANOVA results are significant.

3. Experimental Results

As stated in the statistical analysis subsection, it is necessary to study the data before-
hand, as the ANOVA to be applied will depend on the nature of the data.

3.1. Reflectance Analysis per Band and NDVI

Three assumptions must be met in order to use a parametric ANOVA; that is, indepen-
dence of de data, assumption of normality, and homogeneity of variance (i.e., homoscedas-
ticity). The independence condition is fulfilled, since the methodologies used to obtain the
reflectance are independent. Therefore, a normality test must be applied to the data, which
will determine whether a parametric or non-parametric ANOVA should be used since it is
a critical condition of the ANOVA test.

However, it is useful to carry out a prior graphical and analytical study of the main
statistics of the data. Table 3 shows the main statistics, taking into account the reflectances
obtained for each of the bands (R, red; G, green; B, blue; RE, red edge; NIR, near infrared),
according to the method used. Figure 6 shows the histogram for each band, separated by
method. The theoretical normal distribution is also included with the histogram plot. On the
other hand, Table 4. shows the statistics for the NDVI values calculated for both methods,
while Figure 7 shows their histogram, including the theoretical normal distribution.

Table 3. Reflectance statistics for each method and band.

M_BRDF Metashape

R G B RE NIR R G B RE NIR

Mean 0.084 0.099 0.051 0.230 0.429 0.174 0.152 0.093 0.273 0.401
Std. 0.050 0.038 0.026 0.054 0.045 0.049 0.033 0.026 0.037 0.038
Min. 0.055 0.060 0.028 0.135 0.299 0.074 0.085 0.044 0.196 0.323
25% 0.071 0.087 0.042 0.205 0.397 0.136 0.129 0.073 0.248 0.370
50% 0.079 0.095 0.047 0.225 0.423 0.172 0.149 0.091 0.270 0.394
75% 0.087 0.105 0.053 0.246 0.459 0.206 0.169 0.109 0.293 0.431
Max. 0.934 0.680 0.473 0.957 0.695 0.389 0.296 0.195 0.427 0.507
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spectral band. (a) M_BRDF methodology; (b) data provided by Metashape.

Table 4. NDVI statistics for each method.

M_BRDF Metashape

Mean 0.680 0.403
Std. 0.070 0.117
Min. −0.287 0.104
25% 0.659 0.304
50% 0.691 0.403
75% 0.712 0.493
Max. 0.769 0.675
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The preliminary analysis of the data, particularly the histograms, shows evidence
of non-normality, especially in the reflectance (Figure 6) and NDVI values obtained by
applying the M_BRDF correction (Figure 7). Although at first sight, the data obtained
using Metashape software seem to fit the normal distribution better, it is interesting to
note that they tend to be more homogeneous than those obtained using the M_BRDF
correction (Figure 6a vs. Figure 6b). This homogeneity is related to the methodology used
in Metashape itself, which will be discussed later, in Section 4. On the other hand, the
data obtained via M_BRDF, especially the NDVI, provide more adjusted reflectance values
and a greater diversity and range due to the complex corrections taken into account in
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the methodology. Thus, it is also clear that the data obtained using the two methods are
statistically different, as shown by their means and standard deviations (Tables 3 and 4).
This intuitive conclusion will be confirmed by the application of the ANOVA test.

After the preliminary graphical analysis, we apply the Shapiro–Wilk normality test to
the data. Table 5 shows the results for the W statistic and the p-value obtained. In addition,
Figure 8 shows the graphical QQ plots for visual inspection. Further details of the results
of the normality tests applied per method and band are given in Table A1, together with
the corresponding QQ plots in Figure A1 in Appendix A.

Table 5. Shapiro–Wilk normality test results.

Method Data Statistic W p-Value

M_BRDF Reflectance 0.818758 0.0
NDVI 0.552042 5.717402 × 10−34

Metashape Reflectance 0.931502 1.305781 × 10−32

NDVI 0.98261 0.000009
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The p-values obtained are all less than 0.05, so the null hypothesis is rejected, con-
firming that the data deviate from the normal distribution (Table 5). The same conclusion
can be reached by looking closely at the QQ plots (Figure 8). Since the results show clear
evidence that the data deviate from the normal distribution, a non-parametric ANOVA test
should be applied.

Once it is confirmed that the assumption of normality of the data is not met, the
non-parametric statistical tests described in Section 2.5 are applied to perform the ANOVA
analysis (i.e., the Mann–Whitney U test, the Kruskal–Wallis H test, and the Yuen t-test).
The results obtained for these tests are shown in Table 6.

Table 6. Non-parametric ANOVA statistical tests.

Test Data Statistic p-Value

Mann–Whitney U test Reflectances 2,254,515.5 0.000
NDVI 253,900.0 0.000

Kruskal–Wallis H test Reflectances 338.385 0.000
Band 4637.855 0.000
NDVI 722.978 0.000

Yuen t-test Reflectances 2291.348 0.000
NDVI 41.920 1.6245 × 10−181

Since the p-values obtained for the U-test are less than 0.05, the null hypothesis is
rejected, so we can state that there are significant differences between the means of the
groups compared, i.e., between the reflectance and NDVI data obtained via the M_BRDF
and Metashape methods (Table 6). This difference between the groups can be clearly seen
in Figure 9, where the box plots for reflectance and NDVI are shown. Furthermore, the
same conclusion can be reached by analysing the p-values obtained via the H-test for
the same datasets, since they are lower than the critical value of 0.05, thus rejecting the
null hypothesis.
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It is interesting to note, however, that the H-test shows that there are also significant
differences when comparing reflectance data by spectral band. Again, these differences can
be clearly seen in Figure 10, where the box plot is shown, taking into account the spectral
bands for both methods.

Finally, since the non-parametric ANOVA results obtained are significant, a Bonferroni
post hoc test was applied in order to determine which specific bands differed significantly.
The results show p-values equal to 0 for all possible band combinations, confirming that
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each of the bands is significantly different for both methodologies. Further details are given
in Table A2 in Appendix A.
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It should be noted that the non-parametric ANOVA analysis for this study was carried
out using a proprietary script programmed in Python. Both the study data and the code
are published on GitHub [41].

3.2. Spectral Band and NDVI Differences

The non-parametric ANOVA established a statistically significant distinction between
the M_BRDF and Metashape methods. In this section, we undertake a comprehensive
examination of the disparities in reflectance and normalized difference vegetation index
(NDVI), with a specific emphasis on their absolute magnitudes, irrespective of the sign of
the differences. Our analysis combines both analytical and graphical approaches. Table 7
provides essential statistical metrics characterizing the absolute differences in reflectance,
with consideration given to the spectral bands. Additionally, the absolute NDVI differences
originating from both datasets are detailed. Furthermore, Figure 11 visually depicts the
distribution of absolute differences for reflectance and the NDVI, enabling a nuanced
understanding of the extent of variation, decoupled from directional influence.

Table 7. Reflectance band and NDVI absolute differences for each method.

∆R ∆G ∆B ∆RE ∆NIR ∆NDVI

Mean 0.095 0.057 0.045 0.050 0.034 0.281
Std. 0.058 0.041 0.031 0.049 0.027 0.109
Min. 0.002 0.001 0.005 0.001 0.000 0.052
25% 0.055 0.030 0.024 0.022 0.017 0.193
50% 0.089 0.053 0.041 0.043 0.029 0.270
75% 0.125 0.073 0.061 0.067 0.045 0.375
Max. 0.732 0.513 0.370 0.663 0.284 0.619

The analytical and graphical data analyses unambiguously demonstrate remarkable
differences in the reflectance data derived from the two methodologies. Notably, these
differences are most pronounced within the R-band, where a substantial proportion, ap-
proximately 75%, of the dataset exhibit absolute differences of up to 0.125. However, the
most substantial discrepancies emerge in the computation of the NDVI, with an average
absolute difference approaching 0.3—a significantly high value in the context of this index.
Furthermore, about 75% of the data show absolute differences of about 0.38, underlining
the magnitude of the differences observed in the NDVI calculations.
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Spatial Analysis of the Differences

The distribution of the differences between the reflectances derived from the commer-
cial software AgiSoft Metashape (ρMETA) and from the proposed methodology (ρBRDF)
are represented in Figure 12. The colours signify the value of these differences. The red
band shows the largest difference between methodologies among all bands, while consider-
able differences can be found in the green, blue, and red edge bands as well. The NIR band
is the least affected by the proposed methodology.
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As expected, the reflectance differences between the two methods used, especially
for the red band, have a clear effect on the values calculated for NDVI, as can be seen in
Figure 13.
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4. Discussion

The increase in spatial resolution in remote sensing imagery, particularly in the case of
UAV data, can lead to higher variance in observed reflectance values. This is attributed
to the BRDF effect, which becomes more pronounced due to the greater variability in
sun-surface-view geometry at higher spatial resolutions [8], specifically, this involves being
able to see soil, sunlit, and shaded canopy elements individually. One of the contributing
factors to this inconsistency is because the UAV views at a wider range of observation
angles compared to the satellite. The orientation and angle of the leaves can significantly
affect the reflectance values observed from different viewing angles and the sun’s position,
leading to increased variability in the imagery. In addition, topographic effects have also
been identified as a potential source of inconsistency in M_BRDF models. The topography
of the study area can lead to variations in reflectance values based on the slope, aspect, and
shadowing effects caused by the landscape and plant morphology.

The proposed methodological workflow provides a set of images with reflectances per
band, according to the sensor manufacturer’s criteria, but taking into account hotspots, ar-
eas affected by shadows and BRDF effects. Furthermore, after the non-parametric ANOVA
analysis, we can state that the reflectance products obtained using our M_BRDF correction
model show statistically significant differences compared to common approaches. In this
case, the reflectance values were provided by AgiSoft Metashape software. The Kruskal–
Wallis H-test shows significant differences between the two methods across each spectral
band (Table 6), as also observed in the Bonferroni post hoc analysis (Table A2, Appendix A).
These differences can also be clearly seen in the box plot in Figure 10.

In addition, a detailed analysis of the magnitude of the differences between the
reflectance data for the spectral bands considered in both methods shows that although
the differences in the NIR band are not as large as those in the others, there are high value
differences in the R band in particular, but there are also significant differences in the B,
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G and RE bands (Table 7). Given that the average difference in NDVI between the two
methods is around 0.3, and that 75% of the data reach values up to 0.38 (Table 7), we can
state that the NDVI is greatly affected by the M_BRDF correction when we compare both
methodologies, since it is the R band, together with the NIR band, that is used to calculate
this spectral index.

The proposed methodology involves the exclusive selection of the plant reflectance,
with the removal of shadows and soil. As a result, the proposed methodology demonstrates
superior homogeneity and more consistent values compared to Metashape for use in plant-
only analysis. Metashape’s results include values that even hover around 0.2, which do
not align with a healthy crop, as indicated in this study. The histogram shown in Figure 7
indicates that the NDVI values obtained from the reflectance data provided by Metashape
tend to be homogeneous compared to those obtained using the M_BRDF correction model.
This is due to the Metashape workflow, especially in orthomosaic acquisition, which uses
colour normalization algorithms that incorporate geometry, altering the final reflectance
values per band. On the other hand, it has to be taken into account that our methodology
includes complex, high-level corrections that obtain reflectance values in a wider range,
as can be clearly observed when comparing the histograms of reflectance values per band
between the two methodologies (Figure 6a vs. Figure 6b). It is clear, therefore, that the
proposed methodology, including the M_BRDF correction model, provides more consistent
values temporally, and therefore, values for the NDVI that are more in line with our object
of interest, the plant.

Finally, it is worth noting that there is an increase in the disparity of reflectance be-
tween both methodologies in the western area of the crop. The affected vines in this area
are situated in a small valley (Figure 14), where terrain roughness and the presence of sur-
rounding shadows significantly contribute to the enhancement of the BRDF effect, which, in
turn, results in a noticeable influence on the recorded reflectance. The intrinsic relationship
between topography and BRDF has been previously documented in the literature [42–47].
In this context, the western slope stands as an illustrative case of how the interaction
between terrain morphology and environmental conditions can modulate the behaviour of
the BRDF and, consequently, the reflectance in the study area. These findings underscore
the importance of considering terrain roughness and topography when analysing and
modelling BRDF behaviour in applications related to UAV-based remote sensing.
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5. Conclusions

The need for quantitative, lightweight remote sensing applications using UAVs has
been growing in environmental measurement and monitoring applications. In this study,
a comprehensive processing workflow was developed for radiometric imaging that uti-
lizes the MicaSense multispectral sensor onboard a UAV. The goal was to accurately and
quantitatively assess agricultural fields, making the approach suitable for a wide range of
agricultural monitoring applications, including crop health assessment, nutrient manage-
ment, irrigation scheduling, and pest/disease detection.

Our results affirm the need to consider BRDF effects in understanding and mitigating
brightness variations in UAV images caused by illumination and sensor geometries. Indeed,
the fine-spatial scale characteristic of UAV imagery exacerbates the BRDF effect, necessi-
tating its consideration in image processing and analysis. Past research has proposed the
use of the Walthall BRDF model to address solar-viewing geometry variation. However, in
more complex environments, such as those with varying topography and plant leaf angles,
additional factors should be taken into account to accurately resolve solar-surface-viewing
geometry variation [8].

UAV-captured high-precision information helps agronomists evaluate the response
of the plant (only the plant) to different factors. It is known that the spectral response
in the plant is dependent on the pigments that the plant contains. These pigments are
also affected by the biotic and abiotic factors that affect the plants in their environment.
Thus, evaluating vegetation indices at the leaf level represents a total improvement in the
evaluation of plant status that can only be achieved with high-precision geomatic products
such as those obtained with the use of drones. However, the response at leaf level to stress
caused by biotic and abiotic factors is not too high, and any error in the measurement
should be avoided. With the proposed methodology, we contribute to the decrease in error
in the retrieval of plant-based indices.

The proposed methodology provides a better estimation of plant-only reflectances,
translating into the consequent improvement in derived indices such as NDVI. This results
in more accurate analysis-ready data for mapping and monitoring environmental changes
in agronomical contexts. It does not produce an increase in field work. Current computer
technology facilitates the application of the methodology in a very simple way and with
reasonable processing times, using a computer program developed with open-source tools.
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Appendix A

This section provides additional details on the results of the non-parametric
ANOVA analysis.
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Table A1. Shapiro–Wilk normality test results specified by method and reflectance band.

Method Band Statistic W p-Value

M_BRDF R 0.208354 1.289054 × 10−41

G 0.316521 1.448288 × 10−39

B 0.311016 1.122708 × 10−39

RE 0.541758 2.936743 × 10−34

NIR 0.968362 5.374462 × 10−9

Metashape R 0.979078 0.000001
G 0.970273 1.283545 × 10−8

B 0.972804 4.288144 × 10−8

RE 0.97577 1.919421 × 10−7

NIR 0.965455 1.515331 × 10−9
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Table A2. Bonferroni post hoc statistical results.

A B U-Value p-Value

M1.1 1 M12 50,988.500 0.000
M1.1 M13 246,558.000 0.000
M1.1 M14 1060.500 0.000
M1.1 M15 1014.000 0.000
M1.1 M21 5304.500 0.000
M1.1 M22 5050.000 0.000
M1.1 M23 89,305.000 0.000
M1.1 M24 1014.000 0.000
M1.1 M25 1014.000 0.000
M1.2 M1 3,253,265.500 0.000
M1.2 M14 1513.000 0.000
M1.2 M15 1011.000 0.000
M1.2 M21 14,433.000 0.000
M1.2 M22 14,414.500 0.000
M1.2 M23 144,301.000 0.032
M1.2 M24 1103.500 0.000
M1.2 M25 1014.000 0.000
M1.3 M14 1011.000 0.000
M1.3 M15 456.500 0.000
M1.3 M21 1377.000 0.000
M1.3 M22 1439.000 0.000
M1.3 M23 11197.500 0.000
M1.3 M24 1005.000 0.000
M1.3 M25 602.500 0.000
M1.4 M15 1459.000 0.000
M1.4 M21 212,272.000 0.000
M1.4 M22 243,981.000 0.000
M1.4 M23 256,848.500 0.000
M1.4 M24 43,776.500 0.000
M1.4 M25 1624.000 0.000
M1.5 M21 256,930.000 0.000
M1.5 M22 257,049.000 0.000
M1.5 M23 257,049.000 0.000
M15 M24 255,821.000 0.000
M15 M25 176,590.000 0.000
M21 M22 163,985.000 0.000
M21 M23 240,322.500 0.000
M21 M24 13,782.000 0.000
M21 M25 304.000 0.000
M22 M23 237,125.000 0.000
M22 M24 2411.500 0.000
M22 M25 0.000 0.000
M23 M24 0.000 0.000
M23 M25 0.000 0.000
M24 M25 2506.500 0.000

1 M1 = M_BRDF; M2 = Metashape; 1 = R; 2 = G; 3 = B; 4 = RE; 5 = NIR.
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1. Jędrejek, A.; Pudełko, R. Exploring the Potential Use of Sentinel-1 and 2 Satellite Imagery for Monitoring Winter Wheat Growth

under Agricultural Drought Conditions in North-Western Poland. Agriculture 2023, 13, 1798. [CrossRef]
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