
Academic Editor:

Pablo Rodríguez-Gonzálvez

Received: 29 November 2024

Revised: 6 February 2025

Accepted: 7 February 2025

Published: 10 February 2025

Citation: Maes, W.H. Practical

Guidelines for Performing UAV

Mapping Flights with Snapshot

Sensors. Remote Sens. 2025, 17, 606.

https://doi.org/10.3390/rs17040606

Copyright: © 2025 by the author.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Review

Practical Guidelines for Performing UAV Mapping Flights with
Snapshot Sensors
Wouter H. Maes

Department of Plants and Crops, UAV Research Centre, Ghent University, Coupure Links 653 Bl A,
9000 Ghent, Belgium; wouter.maes@ugent.be

Abstract: Uncrewed aerial vehicles (UAVs) have transformed remote sensing, offering
unparalleled flexibility and spatial resolution across diverse applications. Many of these
applications rely on mapping flights using snapshot imaging sensors for creating 3D
models of the area or for generating orthomosaics from RGB, multispectral, hyperspectral,
or thermal cameras. Based on a literature review, this paper provides comprehensive
guidelines and best practices for executing such mapping flights. It addresses critical
aspects of flight preparation and flight execution. Key considerations in flight preparation
covered include sensor selection, flight height and GSD, flight speed, overlap settings,
flight pattern, direction, and viewing angle; considerations in flight execution include
on-site preparations (GCPs, camera settings, sensor calibration, and reference targets) as
well as on-site conditions (weather conditions, time of the flights) to take into account.
In all these steps, high-resolution and high-quality data acquisition needs to be balanced
with feasibility constraints such as flight time, data volume, and post-flight processing
time. For reflectance and thermal measurements, BRDF issues also influence the correct
setting. The formulated guidelines are based on literature consensus. However, the paper
also identifies knowledge gaps for mapping flight settings, particularly in viewing angle
pattern, flight direction, and thermal imaging in general. The guidelines aim to advance
the harmonization of UAV mapping practices, promoting reproducibility and enhanced
data quality across diverse applications.

Keywords: UAV photogrammetry; hyperspectral; multispectral; thermal; digital surface
model; sun-sensor geometry; BRDF

1. Introduction
Uncrewed aerial vehicles (UAVs, or drones) represent one of the most important new

technologies of the last decade. The civil drone market was estimated at $4.3 billion USD
in 2024 [1], serving amateurs and professional photographers alike. Beyond recreational
and commercial applications, drone technology has unlocked unprecedented possibilities
in remote sensing. UAVs offer unmatched spatial resolution and flexibility in terms of the
coverage area, spatial resolution, timing, and sensor configurations. In many sectors and
scientific research fields, UAVs have become a standard remote sensing tool. The most
typical approach in such fields involves conducting photogrammetry flights using snapshot
2D imaging sensors; in this context, photogrammetry should be understood in its broader
sense, i.e., as the “science and technology of making measurements using photographs” [2].
The purpose of these flights can be to generate accurate 3D point clouds or 3D models, or to
generate orthomosaics of (high resolution) RGB data, reflectance data (multispectral and
snapshot hyperspectral cameras) or thermal data (thermal cameras). Applications include
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diverse areas such as precision agriculture [3], forestry [4], ecology [5,6], cultural heritage
and archaeology [7,8], geosciences and glaciology [9–11], among others.

It takes more than being a good UAV pilot to conduct a successful mapping flight.
Nowadays, good general pilot training is widely available and is often compulsory to
obtain pilot licenses. While this training is essential, it rarely delves into mapping-specific
techniques. In this article, this gap is addressed by providing practical guidelines for con-
ducting mapping flights with snapshot imaging sensors. However, most of the guidelines
are adaptable to other types of sensors, such as line-scanning or LiDAR devices.

The UAV mapping process typically involves three key steps: (i) off-site flight prepa-
ration and initial flight map planning, (ii) on-site preparation and execution, and (iii) data
processing (Figure 1). Flight preparation begins with determining the objectives, as well
as evaluating whether and when flights can legally and safely occur over the target area.
This involves evaluating legal limitations, weather conditions, and the pilot’s readiness
(from legal, health, and practical perspectives). These checks are essential for any UAV
operation and should be part of any comprehensive UAV training program. Therefore,
these will not be discussed in detail in this article.
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The second aspect of flight preparation involves choosing the appropriate sensor and
platform and planning the flight pattern. This step requires balancing coverage area and
detail levels. Key parameters include flight altitude, overlap, speed, flight direction, overall
flight pattern, and viewing angle. These factors are discussed in detail in Section 3.

Step two involves on-site preparation and execution, covered in Section 4. This includes
checking appropriate weather conditions and time of flight as well as on-site pre-flight
preparations, such as ground control points, camera settings, and reference targets.

Finally, the dataset produced consists of individual images, often with metadata. These
can be processed into a 3D point cloud, orthomosaic and a digital elevation model (DEM,
including vegetation and buildings) or digital surface model (DSM, excluding buildings
and vegetation) with structure-from-motion (SfM) software. These outputs serve as inputs
for further analysis. Data processing has been extensively covered in prior work [8,12,13]
and is beyond the scope of this article.

Several studies have explored UAV mapping techniques:
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• O’Connor et al. [14] examined camera settings and their impact on image and ortho-
mosaic quality, focusing on geosciences.

• Roth et al. [15] developed mapping software and provided a strong mathematical
foundation.

• Assmann et al. [16] offered general flight guidelines, particularly for high latitudes
and multispectral sensors.

• Tmusic et al. [17] presented general flight planning guidelines, including data process-
ing and quality control, though with less focus on flight-specific details.

This article builds upon and expands these works. It covers a broader range of sensors,
applications, and geographic contexts while incorporating recent insights from literature.
The paper also uncovers remaining uncertainties and knowledge gaps. To facilitate accessi-
bility, I largely avoid extensive mathematical explanations but encourage readers seeking
deeper insights to consult O’Connor et al. [14] and Roth et al. [15].

Proper flight planning and execution requires a basic understanding of the influence
of sun-sensor geometry on the measured signal. Therefore, Section 2 first provides a basic
introduction of sun-sensor geometry effects.

2. Sun-Sensor Geometry and BRDF
The sun’s position is defined by two parameters (Figure 2): the solar zenith angle

indicates how high the sun is in the sky, representing the vertical angle. The solar azimuth
angle represents the sun’s heading (horizontal angle), measured as the angle between the
sun’s projection on the Earth’s surface and the north axis. Similarly, the sensor’s perspective
of an object can be described by the sensor zenith angle and the sensor azimuth angle
(Figure 2). The difference between the solar and the sensor azimuth angle, the relative
azimuth angle, is used.
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Figure 2. Schematic overview of the solar and sensor viewing angles.

Figure 3a shows a meadow captured with a UAV-mounted RGB camera under varying
viewing and relative azimuth angles. Despite being taken in consistent weather conditions
and within a short timeframe, significant differences in brightness levels are evident across
the images. Photos taken with the sun behind the camera (backscatter) appear significantly
brighter than those where the sensor faces the sun (forward scatter).

This phenomenon can be visualized graphically, as demonstrated in Figure 3b,
which plots the reflectance in the green wavelength for a tropical forest across various
relative azimuth and sensor viewing angles. Such plots model the influence of sun-sensor
geometry on reflectance and are referred to as bidirectional reflectance distribution function
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(BRDF) plots. In the BRDF plot, a prominent bright region—known as the hot spot—is
observed in the backscatter direction where the sensor zenith angle closely aligns with the
solar zenith angle. Within the hot spot region, even minor variations in viewing angles
can cause substantial changes in reflectance. For instance, Li et al. [18] reported reflectance
differences of up to 38% in satellite (GOES) data for viewing angle shifts as small as 2.5◦.

Figure 3c,d presents BRDF plots for a simulated canopy, largely corroborating the
patterns observed in the tropical forest example. These plots confirm that the BRDF varies
across wavelengths, here illustrated for the red and near-infrared wavelengths, but also
reveal that this variation is wavelength specific. As a consequence, vegetation indices de-
rived from these wavelengths, such as the normalized difference vegetation index (NDVI),
are also influenced by sun-sensor geometry, albeit to a lesser degree. Figure 3e shows
that the simulated NDVI exhibits a pattern inverse to that of the individual wavelength
bands; specifically, NDVI values are lower in the hotspot region. This phenomenon has
been corroborated by observational studies [19,20].

Remote Sens. 2025, 17, x FOR PEER REVIEW 4 of 39 
 

 

evident across the images. Photos taken with the sun behind the camera (backscatter) ap-
pear significantly brighter than those where the sensor faces the sun (forward scatter). 

This phenomenon can be visualized graphically, as demonstrated in Figure 3b, which 
plots the reflectance in the green wavelength for a tropical forest across various relative 
azimuth and sensor viewing angles. Such plots model the influence of sun-sensor geom-
etry on reflectance and are referred to as bidirectional reflectance distribution function 
(BRDF) plots. In the BRDF plot, a prominent bright region—known as the hot spot—is 
observed in the backscatter direction where the sensor zenith angle closely aligns with the 
solar zenith angle. Within the hot spot region, even minor variations in viewing angles 
can cause substantial changes in reflectance. For instance, Li et al. [18] reported reflectance 
differences of up to 38% in satellite (GOES) data for viewing angle shifts as small as 2.5°. 

Figure 3c,d presents BRDF plots for a simulated canopy, largely corroborating the 
patterns observed in the tropical forest example. These plots confirm that the BRDF varies 
across wavelengths, here illustrated for the red and near-infrared wavelengths, but also 
reveal that this variation is wavelength specific. As a consequence, vegetation indices de-
rived from these wavelengths, such as the normalized difference vegetation index (NDVI), 
are also influenced by sun-sensor geometry, albeit to a lesser degree. Figure 3e shows that 
the simulated NDVI exhibits a pattern inverse to that of the individual wavelength bands; 
specifically, NDVI values are lower in the hotspot region. This phenomenon has been cor-
roborated by observational studies [19,20]. 

 

Figure 3. BRDF influence on spectral reflectance. (a) Images obtained with a UAV from a meadow 
from different sensor zenith and azimuth angles (Canon S110 camera, on a Vulcan hexacopter with 

Figure 3. BRDF influence on spectral reflectance. (a) Images obtained with a UAV from a meadow
from different sensor zenith and azimuth angles (Canon S110 camera, on a Vulcan hexacopter
with an AV200 gimbal (PhotoHigher, Wellington, New Zealand), obtained on 28 July 2015 over a
meadow near Richmond, NSW, Australia (lat: 33.611◦ S, lon: 150.732◦ E)). (b) Empirical BRDF in the
green wavelength over a tropical forest (Robson Creek, Queensland, Australia (lat: 17.118◦ S, lon:
145.630◦ E), obtained with the same UAV and camera on 16 August 2015, from [21], (c–e) Simulations
of reflectance in the red (c) and near infrared (d) spectrum and for NDVI (e) (SCOPE; for a vegetation
of 1 m height, LAI of 2, Chlorophyll content of 40 µg/cm2 and fixed solar zenith angle of 30◦).
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Although thermal BRDF effects have received comparatively less attention [22], the
anisotropy observed in thermal imagery is similar to that in reflectance measurements,
including the presence of a hotspot region. This is particularly of concern for vegetation [22–24]
and urban studies [25] and is often compounded by camera vignetting effects [26].

The influence of sun-viewing geometry on thermal and reflectance measurements has
far-reaching consequences. UAV flights conducted over the same area at varying times
of the day—or even at the same time across different seasons—can produce inconsistent
reflectance data due to changes in the solar zenith angle. Additionally, each UAV image
pixel corresponds to a slightly different viewing and azimuth angle, adding further to the
complexity [27–29]. Indeed, even with a perfectly nadir-facing sensor, a standard camera
with a 50◦ diagonal field of view (FOV) will have viewing angles as wide as 25◦ at its edges,
significantly influencing reflectance measurements [30].

To address these challenges, several studies have proposed empirical corrections for
sun-sensor geometry [19,22,23,30,31]. Despite these advancements, it remains strongly
recommended to avoid capturing the hotspot in UAV imagery [19]. Effective flight planning
should consider this by carefully selecting flight time, viewing angles, horizontal and
vertical overlaps, and flight direction.

Anisotropic effects are most pronounced towards the edges of the orthomosaic, where
image overlap is typically lower (Figure 11; [20]). These effects can be mitigated by including
a sufficiently large buffer zone around the field or area of interest during mission planning.

3. Flight Planning
The first step in the process is to clearly define the main objectives of the flight mission:

• Is the primary goal to generate an accurate point cloud or DSM, or is it to produce an
orthomosaic? What are the desired horizontal and vertical accuracy levels?

• What spatial resolution (ground sampling distance (GSD), see Section 3.2) is required?
• What spectral information and resolution are necessary?

Additionally, some practical considerations must be addressed before flight planning
begins:

• Area characteristics: What is the size, shape, and terrain (relief) of the area to be
covered? Are there any legal restrictions or specific flight permits required? Where are
potential take-off and landing points, and what obstacles might be present in the area?

• Timing: When can the flight be conducted? How much time is available for both the
mapping flight and for generating the required outputs?

• Weather Conditions: What weather conditions are necessary for the mission’s objectives,
what are the weather limitations for safe flights, and what is the actual weather forecast?

Finally, you need to assess the available equipment and tools:

• What type of UAV(s) and sensor(s) are accessible, and what are their specifications
and limitations?

• Which flight application will be used for planning and executing the mission?

Only by thoroughly addressing these considerations can you ensure effective planning
and execution of the flight mission.

Of the many flight applications available for performing UAV flights, only a limited
number are developed for UAV mapping. An app with waypoint functionality as such is not
sufficient; instead, a mapping app should enable users to cover an area of interest. Each of the
mapping apps is typically compatible with only a limited number of UAV models. These apps
can be installed on either a separate smartphone or tablet connected to the controller or on a
device embedded within the controller. Some apps are free; others are not.
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Only UAVs capable of waypoint flight can be used for mapping flights. However,
not all UAVs with waypoint flight capabilities are compatible with the available apps,
and there is often a delay before new UAV models are supported. When purchasing a new
UAV for mapping purposes, it is critical to verify app compatibility. This is particularly
important for newer, compact UAVs aimed at the hobby photography market.

Most flight mapping apps offer user-friendly and reliable functionality, with a similar
workflow across platforms. This has made mapping flights significantly more accessible and
user-friendly, reaching a broader community. First, the area of interest or the linear feature
to be covered can be drawn by the user, and the UAV and sensor specified. Then, the app
will automatically suggest a pattern of parallel flight lines, as well as a range of parameters.
These include GSD, flight altitude, horizontal and vertical overlap, flight speed, direction,
and viewing angles. While these parameter settings can be generated automatically by the
app, the user can change them according to the flight objectives. The proper configuration of
these parameters is essential, as it directly impacts the quality of the orthomosaic [15].

This section provides guidelines for setting these parameters based on the earlier
defined specific objectives and constraints of the flight mission, emphasizing the balance
between detail and quality on one hand and feasibility on the other. Feasibility involves
considerations such as sensor capabilities, flight time, processing time, and data volume.
A step-by-step workflow is illustrated in Figure 4; Table 1 summarizes the main recommen-
dations for different sensors at each step.
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Table 1. Summary of guidelines for flight planning for the different sensors/applications. The flight
speed is difficult to quantify, as it depends on the platform, sensor and flight height; normal implies
no specific adjustments are needed; slow that the flight speed needs to be reduced significantly to
keep motion blur below 50% (S3.4).

3D Model Orthomosaic Generation

Terrain Canopy RGB Reflectance
(Multi-/Hyperspectral) Thermal

Overlap >70 V, >50 H * >80 V, >70 H ** >60 V, >50 H >80 V, >80 H >80 V, >80 H
Flight speed Normal Slow Normal Slow

Grid pattern? Yes No No No
Flight direction Standard Standard Perpendicular to sun *** Standard (?)
Viewing angle Include oblique Nadir Nadir Nadir

* For complex terrain, this can be higher (70–90% V; 60–80% H, depending on flight height and whether grid
patterns and/or oblique imagery is added). ** Can be higher (90%) when soil pixels should be included in forest
ecosystems; *** depending on the incoming light sensor; extra attention needed for avoiding hot spot; different for
aquatic remote sensing.

3.1. Selection of Sensors and Lenses

The first stage of flight preparation involves selecting the appropriate sensor type
(i.e., RGB, multispectral, hyperspectral, thermal) or sensor combination, as well as the
UAV platform. This decision ultimately depends on the specific application and research
objectives. Several reviews, such as those by Aasen et al. [30] and Maes and Steppe [3],
provide comprehensive overviews of the advantages and disadvantages of each sensor type.
In general, the highest spatial resolution is achieved with RGB cameras and the highest
spectral resolution with multi- and hyperspectral sensors. Note that guidelines for hyper-
spectral sensors included in this review are not for line-scanning or push-broom scanners
but for snapshot hyperspectral sensors, such as, e.g., the Cubert Firefly, Cubert Ultris X20,
or imec hyperspectral payload [32].

Particularly for RGB cameras, the sensor resolution is considered the most important
camera quality parameter by many. However, it is only one aspect influencing the overall
camera and image quality. Additional factors affecting the quality include image stabiliza-
tion (in-body and/or lens based), focal length, focus speed and focus precision, chromatic
aberration, color rendering, image vignetting, and distortion [15]. The lens/sensor combi-
nation significantly influences these parameters.

Lens distortion is a critical factor because it impacts the structure-from-motion process.
This can be corrected via software self-calibration during processing or through pre-calibration
by imaging a 2D planar reference pattern from different angles (preferred for RGB and thermal
cameras—[33,34]). Lens vignetting is less significant for photogrammetry since it can be
corrected during post-processing. Structure-from-motion software typically uses the central
part of images, especially in standard nadir flights. However, sufficient overlap (Section 3.3) is
required to avoid vignetting impacting orthomosaic quality.

The focal length is usually expressed in mm and determines, along with the sensor
size, the camera’s field of view—where a larger value represents a more narrow field of
view. The selection of the best focal length depends on the objectives:

• In general, ultra-wide focal length (<20 mm) should be avoided due to significant
distortion issues [35].

• Wide lenses (20–40 mm) generally show superior photogrammetry results [35,36].
With terrestrial laser scans as reference, Denter et al. [35] compared various lenses for
reconstructing a 3D forest scene and found that 21 mm and 35 mm lenses performed
best, as they provided a better lateral view of tree crowns and trunks. Similar results
were reported for thermal cameras [37]. On the other hand, the broad range of viewing
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angles captured within a single image can lead to bidirectional reflectance distribution
function (BRDF) issues [27,28] (Section 2), requiring higher overlap (Section 3.3).

• Longer focal lengths (e.g., 50–100 mm) produced poorer photogrammetry results than
wide-angle cameras in the mentioned study [35], but on the other hand, show less distor-
tion and enable lower GSDs for resolutions in the sub-cm or sub-mm range (Section 3.2).

Please note that the focal length recommendations above are intended for full-frame
sensors. For crop sensors or other sensor sizes, adjust the focal length to its full-frame
equivalent; e.g., APS-C sensors have a crop factor of 1.6, so a 20 mm lens on an APS-C
camera would have an equivalent focal length of 32 mm.

Overall, surprisingly little attention is given to camera and lens quality specifications
and requirements for UAV photogrammetry. O’Connor et al. [14] argued that many studies
fail to report camera specifications and settings in sufficient detail. For an overview of RGB
UAV camera considerations, see O’Connor et al. [14] and Roth et al. [15]. Camera settings
are discussed in Section 4.4.

3.2. Ground Sampling Distance and Flight Height
3.2.1. GSD and Flight Height

One of the most important mapping flight parameters to consider is the required
spatial resolution or ground sampling distance (GSD). Although these terms are often
used interchangeably, they have distinct meanings. GSD refers to the distance between
the centers of two adjacent pixels, while spatial resolution describes the smallest feature
that can be detected. Spatial resolution should also not be confused with camera or sensor
resolution, which represents the total number of pixels in a sensor, typically expressed
in megapixels.

The GSD can be mathematically expressed as [14,15]:

GSD =
(Flight height ∗ Sensor width)
(Focal length ∗ Image width)

(1)

From this equation, it follows that GSD is determined by camera properties and flight
height.

(Ultra-) high-resolution RGB: The relationship in Equation (1) imposes limits on the
minimal achievable GSD for a particular sensor/lens combination. Most flight apps set
a minimum flight height (e.g., 12 m in DJI apps), effectively determining the smallest
achievable GSD. However, lower flight altitudes can be programmed manually using other
apps or waypoint flight settings, though even then, a minimum flight height must be
maintained. This limitation is particularly important to prevent collisions with vegetation
or structures, as well as, for larger UAVs, to mitigate the effects of downwash. Downwash
not only creates unstable flight conditions but can also disturb the canopy or stir up dust
and soil, affecting image quality [38].

Nevertheless, recent camera and UAV advancements have significantly improved
achievable GSD, with sub-millimeter resolution now possible. For example, Van De Vijver
et al. [39] achieved a GSD of 0.32 mm, referring to this as “ultra-high resolution”. Ultra-high
and high resolution have become increasingly relevant, especially in agricultural research,
where applications include weed detection (e.g., [40,41]), crop emergence monitoring [42,
43], ear, fruit, or flower counting [44–46], or plant disease detection [39,47,48]. In ecological
studies, applications of high or ultra-high-resolution data include flower counting or
identification [49–51] and tree species mapping [52].

The impact of GSD on data usability is illustrated by RGB imagery of weeds in a
cornfield, shown in Figure 5. At 1 mm, 2 mm, and possibly 5 mm, individual weed species
can be identified. At a resolution of 1 cm or 2 cm, weeds between crop rows can still be



Remote Sens. 2025, 17, 606 9 of 38

detected as weeds, but the detail is insufficient for species identification. At 5 cm resolution,
the image becomes too coarse for effective weed mapping.

While low GSD offers numerous advantages, it also presents several challenges and
limitations. Achieving (ultra) high-resolution RGB data is associated with significant
resource and logistical costs. It requires advanced equipment, including superior cameras,
longer lenses, and heavier UAV platforms. These technological demands translate into
greater financial investment.

Additionally, the impact of GSD on flight time can be striking. This is a result of longer
overall flight paths due to the increased number of flight lines required (Section 3.3) in
combination with slower flight speeds (Section 3.4). Figure 6b illustrates the relationship
between GSD and flight time for a hypothetical area of 1 hectare (100 m × 100 m, Figure 6a)
using a standard multispectral camera. At a GSD of 5 cm, the area can be surveyed in
3 min and 18 s, requiring 90 images and approximately 4.52 GB of storage. Reducing the
GSD to 1 cm, however, increases the flight time to nearly 37 min, with 2217 images totaling
50.88 GB. Halving the GSD increases flight time by a factor of approximately 3.55.
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Figure 5. The effect of ground sampling distance (GSD) on the image quality, in this case for weed
detection in a corn field. Image taken on 14/07/2022 in Bottelare, Belgium (lat: 50.959◦ N, lon: 3.767◦ E),
with a Sony α7R IV camera, equipped with an 85 mm lens flying at 18 m altitude on a DJI M600 Pro UAV.
Here, a small section of the orthomosaic, created in Agisoft Metashape, is shown. The original GSD was
0.85 mm, which was downscaled and exported at different GSD using Agisoft Metashape.
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Figure 6. (a) The 1 ha-field of which the simulation was done. (b) The effect of GSD on the estimated
flight time and the number of images required for mapping this area. Here, we calculated the flight
time and number of images for a multispectral camera (MicaSense RedEdge-MX Dual). The simula-
tion was performed using the DJI Pilot app, with horizontal and vertical overlap set at 80%, and the
maximum flight speed set at 5 m s−1.

Decreasing the GSD also leads to an exponential rise in processing time [53] and in the
size of the final orthomosaic. Halving the GSD results in a fourfold increase in the size of
the orthomosaic. For example, in the RGB weed dataset illustrated in Figure 6, an 8-bit RGB
orthomosaic of a 1-hectare area requires 14.3 MB at 5 cm resolution. This increases to 1.50 GB
at 5 mm, 9.51 GB at 2 mm, and 37.7 GB at 1 mm GSD.

3D model: In general, flying lower (i.e., lower GSD) favors the accuracy of the 3D
reconstruction. Seifert et al. [53] found a hyperbolic increase in the number of tie points,
and hence, in the quality of the 3D model, in the structure-from-motion process with a
decrease in flight height. As such, high-resolution imagery, acquired at lower flight height,
generally results in better 3D reconstruction [54–56]. In fact, in a review by Deliry et al. [57],
flight height was identified as the most important factor influencing DEM quality, along
with the use of GCPs (Section 4.3). On the other hand, flying too low can lead to a
doming effect (bending of DEM in the edges of the image due to error accumulation) in
3D reconstruction, affecting the accuracy of the height estimates of the DEM [58].

For multispectral, hyperspectral, and thermal imagery, sensor resolution is typically much
lower, resulting in a coarser minimal GSD. Despite this limitation, achieving a low GSD
(high resolution) can still be highly beneficial, as it enhances structural detail capture [59],
reduces the occurrence of mixed pixels, and can improve the quality of the orthomosaic [54].

However, although some studies found that higher resolution performed best for
estimating vegetation characteristics in multispectral imagery (e.g., Zhu et al. [60] for the
estimation of biomass in wheat), this is certainly not universally applicable [54,61,62].
Yin et al. [63], for instance, found that multispectral images with a GSD of 2.1 cm were
more suitable for predicting SPAD values in winter wheat than those with a finer GSD
of 1.1 cm. Finally, extended flight times make it more likely for weather conditions to
change during the operation, potentially compromising the consistency and reliability of
the collected data.

This all underscores the critical importance of carefully balancing the desired level of
detail and accuracy against the practical and financial constraints of data collection.

3.2.2. Terrain Following

The terrain-following option is an option in which the flight height is adjusted to the
relief (DTM) of the area (Figure 7). This is in some apps also referred to as above-ground
level (AGL), as opposed to the standard flight height, which is the height relative to the
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take-off point. Terrain following ensures a consistent distance between the UAV and the
ground surface, providing a uniform GSD, minimizing out-of-focus issues, and enhancing
safety—especially in mountainous regions [64]. Direct comparisons of terrain-following
against constant flight height confirmed the higher accuracies for the 3D reconstruction
and orthomosaic [65,66].
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Figure 7. Illustration of terrain following (b) option relative to the standard flight height option (a).
The colors in (b) represent the actual altitude of the UAV above sea level, in m. Output (print screen)
of DJI Pilot 2, here for a Mavic 3E (RGB) camera with 70% overlap and GSD of 2.7 cm.

True terrain-following can be achieved by equipping a UAV with a laser altimeter,
enabling it to maintain a set distance from the ground. While this method is supported by
flight apps such as UgCS 5, it is primarily designed for very low-altitude flights over areas
with little or no vegetation and is not yet widely used in mapping applications. Newer UAV
models offer real-time terrain-following capabilities using obstacle-avoidance cameras,
but this feature can be limited to a minimum flight height, such as 80 m for the DJI Mavic 3
Enterprise series.

For other cases, most mapping flight apps now include terrain-following options
based on UAV GNSS location and DSM. Recent flight apps, such as UgCS 4.3 or higher and
DJI Pilot 2, have integrated DSMs, although these often have limited resolution (e.g., 30 m
for DJI Pilot 2 using ASTER DGEM). If higher resolution is needed, users can upload their
own DSMs, though this process is less user-friendly and requires additional preparation.

Despite the relatively recent introduction of the terrain-following option, terrain
following is likely to become standard in the near future. In mountainous areas or regions
with steep slopes, terrain following is highly recommended [67]. In other areas, it can
enhance data quality but is not strictly necessary.

If working in hilly terrain and if terrain-following is not available, it is advisable to take
off from a higher point in the landscape whenever possible. This approach improves safety
by providing better oversight and reducing the risk of collisions with upslope obstacles,
such as trees or buildings. It also helps ensure sufficient overlap in the imagery. When
taking off from a higher point is not feasible, a sufficient safety margin in flight height
should be maintained, which may require accepting a higher GSD. Adjustments to overlap
settings (Section 3.3) should also be taken into account for variations in terrain elevation.

3.3. Overlap: Balancing Flight Time and Data Quality

After selecting the camera and determining the GSD, the next crucial parameter to
establish is the overlap. Overlap refers to the shared area between two images. Vertical
overlap pertains to consecutive images captured along the same flight line, while horizontal
overlap relates to images captured on adjacent parallel lines (Figure 8a).
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Figure 8. (a) Schematic figure of a standard (parallel) mapping mission over a target area (orange line)
with the planned locations for image capture (dots) illustrating the vertical and horizontal overlap.
(b) The same area, but now covered with a grid flight pattern (Section 3.5.1).

Vertical overlap is determined by the frequency of image capture and the flight speed,
considering the vertical field of view of the camera and the flight height. Mathematically,
it can be expressed as:

Vertical Overlap = 100
Image length − Vertical distance

Image length
(2)

Here, the “Image length (m)” represents the projected vertical length of an image on
the ground, and “Vertical distance (m)” is the spacing between consecutive image captures.

Horizontal overlap, on the other hand, is defined by the horizontal distance between
two adjacent flight lines and is calculated using the formula:

Horizontal Overlap = 100
Image width − Horizontal distance

Image width
(3)

where “Image width” (m) is the projected horizontal width of the image, and “Horizontal
distance” (m) represents the separation between adjacent flight paths.

Both vertical and horizontal overlaps are essential for accurate image alignment and
mosaicking in the structure-from-motion (SfM) process. In theory, each point should be
covered by at least two images for reconstruction, but in practice, a much higher number
is needed; in addition to the number of points, the angular range at which the points are
seen is important too [68]. Insufficient overlap can cause image alignment issues, such as
unaligned cameras leading to gaps in the DEM and orthomosaic, or poorly aligned camera
groups generating unrealistic 3D point clouds [34]. Higher overlap exponentially increases
the number of cameras capturing each point as well as the angular range (Figure 9b,c),
which enhances the number of key points (features) between images, minimizes geometric
errors, and improves the accuracy of the point cloud, DEM, and orthomosaic. Among hori-
zontal and vertical overlap, vertical overlap is generally the more significant factor influ-
encing orthomosaic quality [54,69]. High vertical overlap (>80%) is now achievable with
most sensors, thanks to advancements in image capture frequency.
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Figure 9. (a) The number of images collected for mapping a 1 ha area (100 m × 100 m field,
see Figure 6) with a MicaSense RedEdge-MX multispectral camera as a function of the vertical and
horizontal overlap. Image number was estimated in DJI Pilot. (b) Simulated number of cameras seen
per point for the same range of overlap and camera. (c) Simulated coordinates of the cameras (in m)
seeing the center point (black +, relative coordinates of (0,0)) for different overlaps (same horizontal
and vertical overlap, see color scale) for the same camera, flown at 50 m flight height.

However, as with flight height, increasing overlap comes at a cost. Greater overlap
leads to a hyperbolic rise in the number of images collected, resulting in longer flight
times (Figure 9a). This, in turn, translates into extended data processing durations and
increased resource demands [53,70]. Balancing overlap settings with operational efficiency
is therefore essential to optimize both data quality and practical feasibility [71].

As such, horizontal and vertical overlap are pivotal parameters to set for UAV imaging,
and numerous studies have explored optimal overlap settings. However, these studies
often reach differing conclusions, which is not surprising given that overlap and its effects
are closely tied to the field of view (or viewing angle) of the sensors. Overlap also is tied
to GSD, with lower GSDs (higher resolution) requiring lower overlap [72]. Furthermore,
the specific objective defines the optimal overlap.

RGB: As a general guideline, for generating a geometrically accurate orthomosaic, rela-
tively low overlap values—60% vertical and 50% horizontal—are typically sufficient [34,73].

3D model: Similarly, overlaps of 70% vertical and 50% horizontal are generally ade-
quate for creating digital terrain models when the terrain is not very complex [70,74].
For more complex terrain, higher overlap is recommended, although these are hard
to quantify—Jiménez-Jiménez et al. [72] recommended between 70–90% vertical and
60–80% horizontal overlap, depending on the flight height.

The required overlap for assessing the 3D structure and canopy properties of orchard
trees or forests is intensively studied [54,69,75,76], where studies considering processing
efficiency have noted that the marginal quality improvements from extremely high overlap
often do not justify the much longer processing times [69,76]. A general consensus here is
that for reliable 3D structure reconstruction of trees and forest canopies, vertical overlap
should be at least 80% [54,75], while horizontal overlap should be at least 70% [53,54,69].
To map the canopy floor as well, higher overlaps of up to 90% may be necessary [75,77].

An important consideration in forested or orchard areas is that overlap is typically
calculated from the take-off or “home point” level. However, the critical overlap is re-
quired at the top of the canopy. Most mapping apps do not automatically adjust for this,
so users must input higher overlap values to ensure adequate coverage at canopy height.
This adjustment can be calculated using the formula:

OLadj = 100 −
(
100 − OLtarget

)(FH − VH
FH

)
(4)
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where OLtarget is the targeted overlap (horizontal or vertical) at the tree top level, OLadj the
adjusted overlap (input in the app, overlap at ground level), FH the flight height, and VH
the vegetation height. This correction becomes more pronounced at lower flight heights
and for taller vegetation (Figure 10). For instance, if the targeted overlap at the canopy
top is 80%, the adjusted overlap at ground level may need to reach 90% for lower flight
altitudes and higher vegetation.
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Figure 10. Adjusted overlap (overlap needed to be given as input in the flight app) as a function of
flight height and vegetation height, when the target overlap is 80%.

Notably, many studies discussing overlap appear not to have accounted for this
correction, which could additionally explain the inconsistencies in their overlap recom-
mendations. To facilitate this adjustment, an Excel-based calculator has been provided as
Supplementary Materials. In sloped areas, if the terrain-follow feature is not activated,
Equation (4) can also be applied. Again, a practical solution in such cases is to take off and
land from the highest part of the area whenever feasible.

Multispectral and hyperspectral: For multispectral and hyperspectral imaging, avoid-
ing bidirectional reflectance distribution function (BRDF) effects is critical (Section 2).
Higher overlaps reduce the area sampled per image during orthomosaic creation, resulting
in a relatively homogeneous orthomosaic (Figure 11). The need for higher overlap depends
on the field of view (focal length) of the camera; wider fields of view necessitate greater
overlap. A general rule of thumb for typical wide-angle multispectral cameras is to aim
for at least 75% vertical and horizontal overlap, and 80% where feasible. If the solar zenith
angle is high and hotspots appear on the edges of the images, higher overlaps are required
to minimize their impact on the orthomosaic.
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Figure 11. Orthomosaic (a) full field; (b) detail) of a flight generated with a flight overlap of 80% in
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over a potato field in Bottelare, Belgium (lat: 50.9612◦N, lon: 3.7677◦E), at a flight height of 32 m.

Thermal: For thermal cameras, the literature is less extensive. However, both BRDF
effects and image vignetting can introduce artifacts in thermal orthomosaics, particularly
when overlap is insufficient [26,78]. Most radiometric cameras include non-uniformity
correction (NUC) to address vignetting issues, but NUC alone may not fully resolve the
issue [26,79]. To minimize these effects, an overlap of 80% in both vertical and horizontal
directions is recommended for thermal cameras [80].

3.4. Flight Speed

Flight speed directly influences the area that can be covered during a UAV operation.
The maximum allowable flight speed is primarily determined by legal flight speed regula-
tions, the vertical overlap, and the frequency of image capture [15]. However, other factors
can necessitate a reduction in this speed to ensure image quality and safety.

Higher flight speeds can increase the UAV’s pitch angle [54]. If the camera is not
mounted on a gimbal, this tilt can degrade image quality by causing uneven capture angles.

However, the most critical consideration is motion blur, which occurs when the UAV
(and, with it, the camera) moves while the aperture is open. Motion blur reduces image
sharpness and detail, potentially impacting the photogrammetric process [81].

Motion blur is typically expressed as a percentage of the ground sampling dis-
tance. While early recommendations suggested keeping motion blur below 150% [14],
Roth et al. [15] advocated for stricter limits, recommending it be kept below 50%.
(Ultra-)high-resolution RGB: Motion blur is especially pertinent for (ultra) high-resolution
RGB imagery. For instance, at a flight speed of 2 m/s and a shutter speed of 1/500th of a
second, the UAV moves 4 mm during exposure, which can introduce noticeable blur.

Modern cameras often incorporate image stabilization in their sensors or lenses, effec-
tively mitigating motion blur. Additionally, adjusting camera settings, such as increasing
shutter speed and compensating with lower aperture or higher ISO (see Section 4.4),
can help reduce blur.

Thermal: Thermal cameras are particularly sensitive to motion blur, despite their
generally lower GSD [82]. The microbolometer sensors used in thermal cameras operate
differently from photon detectors. Incoming radiation heats the amorphous silicon mem-
brane of each pixel, altering its resistance, which is measured to produce the thermal image.
This process has a time lag, defined by the camera’s time constant (typically 7–12 ms).
As a rule of thumb, it requires about three to five times the time constant for a measure-
ment to reach a steady state and obtain unblurred images. In practice, this is equivalent
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to a photon camera with a “shutter speed” of around 0.021 s (7 ms × 3 cycles). Even at a
modest flight speed of 3 m/s, this results in significant motion blur of approximately 6.3 cm.
Despite references to motion blur challenges in thermal UAV imagery [37], there is a lack of
studies on the effects of flight speed on thermal image quality or specific recommendations
for maximum speed.

3.5. Flight Pattern and Flight Direction
3.5.1. Grid Flight Pattern

Grid flight patterns, where a second set of parallel lines is flown perpendicular to the
standard set (Figure 8b), have shown potential benefits in specific scenarios.

3D model: Grid patterns are particularly beneficial for generating accurate point clouds
and 3D models, as they allow for lower flight overlap while increasing precision [54,74,83,84].
They also reduce doming [72].

RGB, Multispectral and hyperspectral and Thermal: Asmann et al. [16] suggested that
grid patterns may reduce anisotropic effects in multispectral imagery, especially at the
edges. However, compelling evidence for this effect remains lacking. Due to the increased
flight time, memory requirements, and processing demands, grid patterns are best reserved
for applications that require precise DEMs or DSMs, rather than for general orthomosaic
mapping tasks.

3.5.2. Flight Direction

The flight direction of the standard parallel flight lines is typically set by the flight app
to minimize the flight time. However, users can modify the direction, and certain factors
may influence this choice.

One key consideration is wind speed. In windy conditions, headwinds can reduce
flight time [85]. However, it is unclear whether flying with a constant sidewind (perpendic-
ular to the wind) is more energy efficient than alternating between tail- and headwinds.

Multispectral and hyperspectral: A more important factor is the sun’s azimuth angle,
which affects both the performance of the camera and the incoming light sensor for multispec-
tral systems. Studies have shown that the incoming light sensors of MicaSense DLS2 [19,86]
and Parrot Sequoia [87–89] are sensitive to their orientation relative to the sun [28]. Jafarbiglu
and Pourreza [19] therefore recommended flying perpendicular to the sun direction for the
MicaSense DLS2 sensor in order to minimize these fluctuations. A good—yet untested—
alternative can be to maintain a fixed flight direction (heading) throughout the flight.

Flights should also be planned to minimize anisotropic effects caused by the sun-
sensor geometry (Section 2); hotspots in particular should be avoided [19,20]. However,
it is not clear whether the flight directions should also be perpendicular to the sun—in fact,
as the horizontal field of view of most cameras is typically larger than the vertical field of
view, flying parallel to the sun’s azimuth may be more effective.

For reflectance measurements over aquatic systems, special attention is needed to
minimize skyglint and sunglint. Mobley [90] recommended flying at a relative azimuth
angle of 135◦ with a viewing angle of 40◦ to reduce skyglint.

3.6. Viewing Angle

In standard mapping flights, the camera is typically oriented in a nadir-looking position,
with its central axis (i.e., the central pixel) perpendicular to the ground. However, most flight
apps now offer the option for additional oblique photography, where images can be taken
from multiple flight directions and angles.

For a pilot, different options for viewing angle capture are illustrated in Figure 12.
They range from capturing a limited number of oblique images from a single direction [91]
(e.g., the “Elevation Optimization” option in DJI Pilot2 software), which minimally impacts
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flight and processing time, to performing parallel flight lines in four directions (“Oblique”
option)—increasing flight time and memory requirements by a factor of five compared to
standard nadir flights. Alternative flight patterns requiring less time and memory have
been explored [92] but are not immediately available in the flight apps.

Remote Sens. 2025, 17, x FOR PEER REVIEW 17 of 39 
 

 

For a pilot, different options for viewing angle capture are illustrated in Figure 12. 
They range from capturing a limited number of oblique images from a single direction 
[91] (e.g., the “Elevation Optimization” option in DJI Pilot2 software), which minimally 
impacts flight and processing time, to performing parallel flight lines in four directions 
(“Oblique” option)—increasing flight time and memory requirements by a factor of five 
compared to standard nadir flights. Alternative flight patterns requiring less time and 
memory have been explored [92] but are not immediately available in the flight apps. 

 

Figure 12. Illustration of different viewing angle options available. (a) standard nadir option; (b) 
Limited number of oblique images from a single direction (“Elevation Optimization”) and (c–f) 
oblique mapping under four different viewing angles. Output (print screen) of DJI Pilot 2 app, here 
for a Zenmuse P1 RGB camera (50 mm lens) on a DJI M350, with 65% horizontal and vertical overlap 
and a GSD of 0.22 cm. 

3D model: The primary advantage of oblique photography is its ability to improve 
the quality of the DEM [93,94]. Oblique imagery is especially beneficial in urban areas or 
for terrains with highly variable relief, as it provides more comprehensive coverage of the 
building walls or of the terrain’s vertical and sloping features [65,67,92,95–98]. Addition-
ally, it can mitigate doming [96,99], although using well-distributed GCPs (Section 4.3) is 
more efficient in doing so [100]. This is also the reason why DJI Pilot2 incorporates a di-
agonal flight line with oblique imagery at the end of a nadir-flight as a standard setting 
(“Elevation Optimization” option). The optimal flight pattern and intensity of oblique 
measurements deserve further attention. 

RGB, Multispectral and hyperspectral and Thermal: For applications where 3D point 
clouds or detailed shape reconstructions are not the primary focus, oblique imagery is 
generally unnecessary [100], although the mentioned “Elevation optimization” option can 
be added without substantially affecting flight or processing time. 

Oblique multispectral imagery can be very useful when examining the anisotropy of 
soils [101] or vegetation [102–105]. By capturing surface features under varying angles, 
oblique photography can provide insights into directional patterns of reflectance or struc-
ture that are not apparent in nadir imagery. 

Figure 12. Illustration of different viewing angle options available. (a) standard nadir option; (b) Limited
number of oblique images from a single direction (“Elevation Optimization”) and (c–f) oblique mapping
under four different viewing angles. Output (print screen) of DJI Pilot 2 app, here for a Zenmuse P1 RGB
camera (50 mm lens) on a DJI M350, with 65% horizontal and vertical overlap and a GSD of 0.22 cm.

3D model: The primary advantage of oblique photography is its ability to improve
the quality of the DEM [93,94]. Oblique imagery is especially beneficial in urban areas
or for terrains with highly variable relief, as it provides more comprehensive coverage of
the building walls or of the terrain’s vertical and sloping features [65,67,92,95–98]. Addi-
tionally, it can mitigate doming [96,99], although using well-distributed GCPs (Section 4.3)
is more efficient in doing so [100]. This is also the reason why DJI Pilot2 incorporates a
diagonal flight line with oblique imagery at the end of a nadir-flight as a standard setting
(“Elevation Optimization” option). The optimal flight pattern and intensity of oblique
measurements deserve further attention.

RGB, Multispectral and hyperspectral and Thermal: For applications where 3D point
clouds or detailed shape reconstructions are not the primary focus, oblique imagery is
generally unnecessary [100], although the mentioned “Elevation optimization” option can
be added without substantially affecting flight or processing time.

Oblique multispectral imagery can be very useful when examining the anisotropy
of soils [101] or vegetation [102–105]. By capturing surface features under varying an-
gles, oblique photography can provide insights into directional patterns of reflectance or
structure that are not apparent in nadir imagery.

3.7. Line of Sight Limitation: How Far Can You See a UAV?

In most countries, the legal flight distance for UAVs is restricted to the visual line of
sight (VLOS). This means the UAV must remain within the pilot’s visible range during
the mission. In some jurisdictions, this range can be extended by using UAV spotters,
who assist the pilot in maintaining visual contact with the UAV.

So how far can you see a UAV? The detectability of a UAV depends on its size, contrast
against the background, and the observer’s visual acuity. Li et al. [106,107] investigated
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this by determining the probability of detecting a DJI Phantom 4 and DJI Mavic Air at
various distances. Using a detection probability of 50% as the threshold, they established
the maximum visual distance for a DJI Phantom 4 at 245 m [106] and for the DJI Mavic Air
at 307 m [107], corresponding to a visual angle of 0.065◦ in both studies. Based on these
results, the visual line of sight (VLOS) can be estimated using the formula:

VLOS = 881.4 H (5)

with H the height of the system (m).
EASA, the European Union Aviation Safety Agency responsible for UAV guidelines

and legislation, distinguishes two threshold distances, the detection line of sight (DLOS)
and the attitude line of sight (ALOS) [108]. The DLOS is the maximum distance at which
another aircraft can be visually detected in time to execute an avoidance maneuver and is
simply given as 30% of the ground visibility. The ALOS is the distance at which the pilot
can discern the UAV’s position and heading and is for a multicopter calculated as

ALOS = 327 CD + 20 (6)

with CD the characteristic dimension of the UAV (maximum dimension in m, in this case
the diagonal size).

Table 2 presents a comparison of visual line-of-sight distances calculated using
Equations (5) and (6) for a selection of commonly used UAVs. The two methods show
strong agreement (R2 = 0.99), with the EASA formula generally yielding slightly longer
distances for smaller UAVs and shorter distances for larger ones.

Table 2. Maximum distance (m) a multicopter UAV can be flown respecting the visual line of sight
(VLOS) restrictions according to two different approaches.

Height (m) Diagonal Size (m)
Maximum
Distance

(Equation (5))

Maximum
Distance

(Equation (6))

DJI Mini4 0.064 0.213 56 90
DJI Mavic 3 0.107 0.381 94 145

DJI Phantom 0.28 0.59 245 213
DJI M350 0.43 0.895 379 313
DJI M600 0.759 1.669 669 566

Apart from the UAV’s dimensions and the general visibility conditions, obstacles such
as trees, buildings, and other structures between the observer and the UAV can affect the
visual line of sight. These obstructions may block the view entirely or partially, depending
on their size and density, limiting the effective range of VLOS. Additionally, the background
contrast plays a crucial role in detecting a UAV. A UAV is much easier to spot when it is
flying against a bright background, such as a clear sky, compared to darker backgrounds
like dense forests, mountains, or tall buildings. The ability to detect the UAV can therefore
vary greatly depending on the landscape and environmental conditions in the flight area.

4. Flight Execution: Ensuring Safe Flights at Best Quality
This section provides an overview of the different aspects to take into account during the

flight execution. Table 3 provides a summary for the different applications and camera types.
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Table 3. Overview of the different factors needed to take into account when executing flights.

3D Model Orthomosaic Generation

Terrain Canopy RGB Reflectance
(Multi-/Hyperspectral) Thermal

Illumination Best overcast, sunny possible;
preferably not variable *

Preferably
not variable Preferably sunny, but not required Sunny

Wind speed? Not relevant Low Best low, but can
be higher Best low, but can be higher Low

Time of flight Less relevant; if sunny conditions,
best around solar noon Less relevant Solar noon (but avoid hot spot) Solar noon (but avoid hot spot)

GCP? Yes Yes Yes Yes

Reference
targets Not relevant Grey panel(s)

recommended Single or multiple grey panels *
Aluminium foil-covered panel

+ temperature panels (+extreme
temperature panels)

* Sunny for mapping snow depths.

4.1. Weather Conditions and Their Impact on UAV Mapping Flights

It goes without saying that, as for any UAV flight, the UAV-specific safety restrictions
must be respected at all times when performing mapping flights—i.e., pilots should check
for maximum wind velocity, kP index, chance of rain, etc., for every flight. In addition to
these general UAV safety-based limitations, weather conditions also influence the quality
of the data product, which is the focus of this section.

4.1.1. Illumination

The most critical weather condition for UAV-based remote sensing is the illumination.
3D model: For 3D construction with RGB cameras, overcast conditions are preferable

due to the absence of dark shadows [55,109,110]. Sunny conditions still give good results
in most studies and are required for mapping snow depths [111,112]. Variable illumination
can best be avoided throughout [110].

RGB: For orthomosaic generation, flights are best conducted under uninterrupted
sunny conditions, which enable very fast shutter speeds, helping to avoid motion blur (see
Section 4.4). Slightly overcast conditions are also suitable, as they reduce harsh shadows.
However, variable lighting conditions will appear as inconsistencies in the orthomosaic.

For deep learning of high-resolution RGB mapping, studies have shown that diverse
weather conditions (sunny, overcast, variable) do not significantly impact model perfor-
mance for applications such as weed or disease detection [40,47,113]. Including varied
conditions in training datasets is recommended to build robust models.

Multispectral and hyperspectral: For multispectral and hyperspectral reflectance mea-
surements, there is more concern. Ideally, you want to fly in fully sunny conditions. If this
is not possible, the extent to which overcast or changing conditions affect data quality
depends on the sensor type and intended application.

Overcast conditions reduce available light, leading to noisier data, particularly in hyper-
spectral imaging [114,115]. Further, under overcast conditions, diffuse radiation increases,
which has an impact on the reflectance. However, these effects are relatively small [86],
particularly when vegetation indices are calculated from the reflectance data [116,117].

Reflectance is defined as the portion of the incoming energy (irradiance) that is re-
flected per wavelength; hence, variation in irradiance during the flight has a strong effect
and must be corrected for [89]. While most multispectral cameras include on-board irradi-
ance sensors, these are, as mentioned in Section 3.5, not always reliable.

Alternative irradiance correction methods exist. Radiometric block adjustment, devel-
oped for UAVs by Honkavaara and her team [28,118], compares adjacent images to correct
for illumination changes and BRDF effects. This proved to be more effective than using the
on-board irradiance radiometer [28,119,120]. The Retinex method separates reflectance and
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illumination components via Gaussian filters and has been successful for estimating chloro-
phyll in soybean [121] and LAI in rice [122] in varying conditions. Kizel et al. [123] and
Qin et al. [124] offer further alternatives for correcting illumination effects. A comparison
of these methods and their implementation in structure-from-motion software deserves
further attention.

To conclude, overcast and variable weather can be corrected for, so when illumina-
tion conditions are suboptimal, it is better to collect multispectral data than not to fly
at all. A good strategy is to perform an initial flight under varying conditions and then
to wait for improved conditions, repeating the flight to capture higher-quality data if
conditions improve.

Thermal: Thermal imaging is highly sensitive to weather conditions. Sunny condi-
tions are key for thermal imaging in most applications. While cloudy conditions reduce
emissivity-related errors [125,126], they also lower contrast and increase noise, complicating
the calculation of indices like the crop water stress index [127,128]. Changes in illumination
are challenging to correct in thermal data. Techniques like radiometric block adjustment
may offer potential solutions, though they remain underexplored in thermal contexts.

4.1.2. Wind Speed and Air Temperature

Strong wind significantly reduces flight time and can reduce UAV stability, affecting
DEM and orthomosaic quality [75,85,112].

3D model: Over vegetation, strong and variable wind speed affects canopy reconstruction,
reducing the accuracy in tree height estimates [75,109,129]. Snow depth and extent mapping
did not work well in wind speeds above 10 m/s, mainly due to platform instability [112].

Multispectral and hyperspectral: Strong and variable wind speed also has a limited
impact on reflectance by affecting leaf angle distribution—although no studies were found
focusing specifically on the impact of wind speed on vegetation reflectance measurements.
Aquatic monitoring can suffer from sunglint issues caused by wind-induced waves [130,131].

Thermal: Thermal imaging is particularly vulnerable to wind and temperature
changes. Increased wind reduces the resistance to heat transport and hence the surface tem-
perature [125]. In general, temperature contrasts are larger at low wind speeds. Over vege-
tation, variable wind speeds can lead to within-flight errors of up to 3.9 ◦C [132] and are
difficult to correct for.

Further, fluctuations in air temperature, often caused by changes in irradiation and
wind, introduce errors in thermal measurements. Corrections using high-frequency air
temperature measurements can mitigate these effects [34,126,133].

4.2. Time of the Flight

The time of day is mainly important due to changes in solar zenith angle. Solar noon,
the time corresponding to the highest solar position, is often preferred, as it is characterized
by maximum and stable solar intensity, as well as minimal shadows.

3D model and RGB: When flying in sunny conditions, solar noon remains the most
favorable time due to the reduced impact of shadows, particularly when focusing on vertical
structures [54]. However, in cases where shadowing is less critical, the time of flight appears
less influential for DEM construction [109,129]. Slade et al. [109] therefore suggested
prioritizing flights for mapping vegetation structure during low wind speeds, which often
occur earlier in the day, over adhering strictly to solar noon conditions. As mentioned in
Section 4.1.1, when mapping snow cover and snow depth, sunny conditions are important,
and acquisitions around solar noon are preferred [111,112].

Multispectral and hyperspectral: The classic remote sensing textbooks generally
recommend performing reflectance measurements around solar noon (e.g., [134,135]).
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In aquatic research, sunglint is also lowest then [136]. Solar elevation significantly in-
fluences both reflectance and vegetation indices, such as the normalized difference veg-
etation index (NDVI). Research has shown that NDVI exhibits a distinct daily pattern,
with the lowest values typically recorded around solar noon [20,137]. For repeated flights
throughout a season, it is advisable to conduct missions consistently at the same hour
or, even better, at the same solar zenith angle. It is also crucial to avoid capturing im-
ages that include the hotspot. Particularly in tropical regions during the summer, flying
at solar noon may exacerbate this issue, making it better to schedule flights at different
times [19]—defining the time window between the sun being too high (causing possible
hotspot issues) and too low (excessive shadows when the sun angle is below 30◦ [138]).
An online tool (https://digitalag.ucdavis.edu/decision-support-tools/when2fly, accessed
on 5 February 2025) developed by Jafarbiglu and Pourreza [19] provides guidance on the
optimal times to fly for a given sensor, location, and date, offering valuable support for
flight planning. Although this tool might be a bit too strict—hotspot effects in the edges
of the images can be mitigated by increasing image overlap (Section 3.3)—it is a helpful
resource for ensuring data quality.

Thermal: Thermal remote sensing also benefits from solar noon measurements due to
minimized shading [125,139,140].

On a general note, the specific purpose of the UAV flight should also guide the choice
of optimal flight time. For example, early morning flights are ideal for thermal imagery
aimed at wildlife detection because of the pronounced temperature contrast between
animals and their surroundings at this time [141]. This early contrast also enhances species-
level differentiation [142]. Mapping wildflowers in meadows benefits from the reduced
shadowing achieved during solar noon flights [143], but this timing may exclude flowers
that bloom exclusively in the morning.

4.3. Ground Control Points and Precision GNSS Technology

Ground control points (GCPs) are crucial elements in UAV remote sensing and
are used to enhance camera alignment and georeferencing in the structure-from-motion
(SfM) process [144]. These points have known geographic coordinates and are designed
for easy identification in images. Typically, UAV GCPs are rectangular panels with a
2 × 2 black-and-white checkerboard pattern, of which the center point serves as the ref-
erence. For thermal cameras, GCPs made with dark plastic (warm) and aluminum foil
(appearing cold) areas are recommended for better visibility [145,146].

While GCPs play a vital role in refining camera alignment, their use is labor intensive
and time consuming. Deploying GCPs involves distributing them across the survey area,
recording their locations, and collecting them post-flight. For repeated surveys, permanent
GCPs, such as plastic markers fixed with pegs, are more practical. The manual matching of
GCPs in SfM software further adds to the effort.

The necessity, number, and distribution of GCPs depend on the project requirements
and study area. Research findings emphasize several key points:

• Utility of GCPs: GCPs significantly improve georeferencing accuracy [147], even if
oblique cameras and grid lines are used [98]. In fact, the use of GCPs is the most
important factor improving DEM or DSM accuracy, together with flight height [57].

• Required amount: A minimum of five GCPs is required for successful georeferencing [95,148].
For larger areas or areas with complex terrain, additional GCPs are needed [56,149,150],
in particular to attain high vertical accuracy [71,151]. The optimal GCP density ultimately
depends on the desired accuracy and the complexity of the relief [95]; in general, a meta-
analysis showed that accuracy is improved until about 15 GCPs, after which more GCPs
are only sensible in highly complex or very large areas [57].

https://digitalag.ucdavis.edu/decision-support-tools/when2fly
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• Optimal spatial distribution: The spatial arrangement of GCPs is as critical as their
quantity [56,147,150,151]. They should cover the entire survey area, ideally distributed
stratified or along the area edges, but with a few inside the area [151,152]. In addition,
they should be best distributed across the different height classes in the terrain to be
covered [71]. For a minimal setup of five GCPs, a quincunx (die-like) arrangement
is recommended [147]. GCPs near edges should be positioned to ensure they are
captured by multiple camera views, and GCPs should not be placed too close to each
other, as this can complicate manual matching in SfM software, potentially degrading
referencing accuracy.

As mentioned, it is crucial to know the exact location of the GCP. High-precision
GNSS systems, like RTK (real-time kinematic), are used to measure these positions ac-
curately. The same technology is now also available on the UAV systems. With this
technology, centimeter accuracy is reached for the UAV position during flight, enhancing
flight reproducibility and safety, as well as for the image geotagging. However, even with
RTK positioning, GCPs are still required—though in lower number—for accurate map-
ping [112,153,154], particularly to reduce the vertical error [155,156].

PPK (post-process kinematic) is an alternative to RTK. It is less integrated into the UAV
systems and thus less user-friendly and can only be used to obtain highly accurate image
location (not to improve UAV location during flight). Yet, it is slightly less noise-sensitive
than RTK and therefore reaches higher precision [157,158]. Yet, as for RTK technology,
PPK alone still does not perform as well as when GCPs are used—even without any
precision technology [159].

In conclusion, for mapping purposes, GCPs remain the best option. RTK or PPK
positioning can be recommended as they reduce the number of required GCPs and can
improve flight safety but should not be considered a necessity. In the case where GCPs
cannot be used, the best alternative is to either use PPK [158,160] or to combine RTK with
oblique imagery [161].

4.4. Camera Set-Up and Camera Settings

3D model and RGB: Configuring camera settings correctly is crucial to obtaining high-
quality data. Even for DEM purposes, it is key to avoid over- and underexposure of the
RGB images, as this affects the point cloud reconstruction [162,163]. For RGB cameras,
the challenge is to prioritize between fast shutter speed (avoiding motion blur), high F-value
(sharper; larger depth of view), and low ISO value (low noise levels); see O’Connor et al. [14]
and Roth et al. [15] for a more in-depth discussion. In general, fast shutter speed is
the most important parameter. For (ultra-) high-resolution RGB flights, shutter speed
should be at least 1/1000th of a second and less if possible. If the camera and/or lens
have excellent image stabilization, this can be somewhat reduced. The ISO speed is
the second most important parameter. For the ISO speed, it is essential to determine
the maximum acceptable ISO level for the specific camera [15], with full-frame sensors
normally showing much lower noise values at a given ISO; this level is furthermore case
specific, as for some applications some level of noise is acceptable.

In sunny and constant lighting conditions, setting the camera manually based on its
intensity histogram yields the best results [15]. Under variable lighting, using automatic
ISO settings ensures proper exposure across images. Over vegetative areas or when
mapping snow depth or extent, underexposing by 0.5–1 stop prevents bright objects from
becoming overexposed. White balance should also match the conditions—make sure to set
it manually when illumination is consistent (overcast or sunny) and only use auto white
balance settings for changing environments. Capturing images in RAW format enhances
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dynamic range and facilitates post-flight white balance adjustments, though this requires
more memory, can reduce capture frequency, and adds post-processing steps.

For focus settings, integrated cameras usually offer three options: continuous autofo-
cus (AFC in DJI apps), where the focus is adjusted for each single image; still autofocus,
where the camera focuses when triggered and then remains fixed; and manual focus,
where the user sets the fixed focus distance using a slide bar on the screen. Similarly,
cameras that are not fully integrated can have these three options, although manual focus
means that you will need to set the focus manually on the lens before the flight.

The optimal choice of focus setting depends on flight and camera specifications.
At higher altitudes with minimal distance variation and wide lenses, still autofocus or
manual focus with fixed settings works best. For lower-altitude flights, with variable
distances between sensors and objects or with narrow lenses, continuous autofocus is
preferable, especially if terrain following is not employed.

Multispectral and hyperspectral: Multispectral cameras typically have fixed focus at
infinity due to their wide lenses and usually operate in auto-exposure mode. However,
recent research suggests that fixed exposure settings reduce radiometric errors, a potential
improvement for future applications [164,165]. Multispectral cameras also benefit from a
stabilization period, in which the camera is turned on about 15 min before the flight [88].

Thermal: For thermal cameras, a non-uniformity correction (NUC), also known as
flat-field correction, addresses sensor drift and vignetting. It causes the characteristic
clicking noise. While factory recommendations suggest regular NUCs during flights,
this process interrupts data collection temporarily. Studies have indicated that thermal drift
during typical flights is minimal [166], leading some experts to recommend performing a
single NUC before the flight and leaving it off afterward [145]. When possible, triggering
NUCs during non-critical moments, such as at the end of flight lines, minimizes data gaps.
If unsure, leaving the NUC on while ensuring sufficient image overlap is a safe choice.

Thermal cameras require temperature stabilization, which involves turning on the
sensor well before the flight. This should be done at least 15 min beforehand, or longer if
possible, as recommended by multiple studies [26,133,166,167].

4.5. Reference Measurements and Reference Targets

Reference targets play a critical role in ensuring accurate data processing in UAV-based
remote sensing, particularly for reflectance and thermal measurements.

Multispectral and hyperspectral: For reflectance measurements, the empirical line
method (ELM) is widely regarded as the standard approach due to its user-friendly ap-
plication and precision [30,86]. This method involves imaging grey reference panels with
known reflectance values in the field to establish a linear relationship between the sensor’s
digital number and the known reflectance of the panels and subsequently applying this
calibration to the entire dataset [86].

A few commercial multispectral systems, such as MicaSense and Sequoia cameras,
include a single small grey panel that needs to be imaged before and after each flight by
holding the UAV and its sensor directly above it. Several commercial SfM packages process
these reference panel images automatically, converting the data to reflectance, although
their algorithms are essentially a black-box, leading to small differences in reflectance
estimates among the packages [86]. In the field, carefully following the manufacturer’s
guidelines is crucial—in particular, avoiding casting a shadow on the grey panel as well as
on the incoming light sensor while holding the UAV.

Using this single grey panel is practical but lacks the capability to correct for atmo-
spheric scattering and absorption. The use of a set of larger grey panels, visible from
the operational flight height, is recommended in humid conditions (high air temperature
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or high relative humidity) or for flights at relatively high flight altitude (roughly flight
height > 50 m) [86,88]. The panel size must be sufficient to include “pure” pixels from
the panel centre [117]. These panels should have near-Lambertian properties, and their
reflectance across all wavelengths must be known. In case of self-made reference panels,
it is best to measure their reflectance in the field with a spectrometer around the time of
the flight [86]. From personal experience, the set of grey panels for terrestrial vegetation or
aquatic applications should include:

• Very dark panel: as dark as possible (ideally, about 1% reflectance): A very dark panel
should be included as reflectance of vegetation and water in most visible spectra is
very low (2–4%), and, ideally, the reference panel should have still lower reflectance.

• Medium dark panels: Dark grey (8–10%) and medium-grey (15–20%): Including panels
of this range is important because of their relevance in the visual regions, but also
because some multispectral cameras tend to saturate over brighter panels when posi-
tioned in an otherwise darker surroundings (such as vegetation or soil), particularly
for the visible bands. Including this range of panels still facilitates the ELM method
for all channels.

• Bright grey panel: 60–75% reflectance: To include brighter areas and, particularly,
to correctly estimate reflectance of vegetation in the near-infrared.

Optimal placement of these panels is important; they should be located centrally
within the target area, in an open space to minimize the effects of in-scattering from sur-
rounding vegetation or structures [168]. Placing several sets of reference panels strategically
over the area is even better, as this can help in correcting for variable irradiance [169].

Alternative approaches to the ELM, such as the use of atmospheric radiative transfer
models, are particularly effective for hyperspectral data but require more complex post-
processing workflows [30,170].

Some additional measurements should be considered. Although other correction
methods exist (cfr. Section 4.1), incoming light can best be measured for correction of
multispectral or hyperspectral imagery, particularly when conditions are variable. As ex-
plained earlier, most multispectral cameras have an incoming light sensor; for hyperspectral
cameras, irradiance spectrometers can be used, either on-board the UAV or located at the
ground level [30].

RGB: While ELM is extensively used for multispectral and hyperspectral imagery, RGB
sensors can also benefit from grey panels to normalize reflectance data, given the non-linear
relationship—typically exponential or cubic—between digital number (when in JPEG)
and reflectance [121].

Thermal: Several applications of thermal cameras focus primarily on identifying
hot or cold spot anomalies (e.g., photovoltaic panel monitoring [171,172], wildlife de-
tection [141], . . .), in which case an absolute temperature measurement is not essential.
However, when correct surface temperature retrieval is key, such as in vegetation monitor-
ing [125,126], several kinds of reference measurements should be considered:

• Camera accuracy correction: Microbolometer sensors have limited absolute accuracy,
roughly ranging between ±5 to ±1 K. Cold and warm reference panels with known
temperatures can be used to linearly correct the brightness temperature of the im-
age [26,146,173,174], similar to the ELM of reflectance measurements. Typically,
(ice-cold) water is used, or very bright (low temperature) and dark (high temper-
ature) reference panels. Han et al. [175] constructed special temperature-controlled
reference targets. Note that it is crucial to retrieve the exact emissivity of each panel
and to correct for the emissivity during the workflow. On top of this, vignetting
in thermal cameras can create temperature differences between the edges and the
center of the image of up to several degrees [26]. The non-uniformity correction
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(NUC, Section 4.4) is for some models not sufficient [26], in which case the vignetting
can be quantified by taking a thermal image of a uniform blackbody [26,176]. However,
this is not absolutely required, provided that sufficiently high horizontal and vertical
overlaps are foreseen.

• Atmospheric correction: Between the object and the camera, thermal radiation from
the object is partially absorbed by the atmosphere, while atmospheric scattering
contributes additional signals [34] (Figure 13); see Heinemann et al. [126] for an atmo-
spheric correction protocol. They found that not correcting for atmospheric conditions
leads to an error of 0.1–0.4 K. Atmospheric correction requires air temperature and
relative humidity to be measured (Section 4.1).

• Correction for emissivity and incoming radiation: The thermal radiation leaving an object
(Lout) is influenced by the emissivity ε, longwave incoming radiation Lin and surface
temperature Ts, the variable of interest (Figure 13) [125]. Heinemann et al. [126] reported
errors of 0.5–2.9 K, depending on the emissivity of the object, in sunny conditions when
not correcting for emissivity and longwave incoming radiation. Both emissivity and
longwave incoming radiation need to be known with sufficient accuracy. Emissivity
is the most sensitive variable [125]. Unfortunately, it cannot be directly measured but
needs to be estimated by either image segmentation and using look-up tables, or through
an NDVI approach (see [126] for the protocol). Longwave incoming radiation Lin can
be measured as the imaged temperature of a reference panel covered with crumpled
aluminum foil [34,126]. This is economic and user-friendly and should always be included
in thermal measurements.

• Normalization of atmospheric conditions: For research on drought stress or evapotranspi-
ration of terrestrial ecosystems, surface temperature is usually expressed as a thermal
index, similar to the vegetation indices for reflectance measurements [125]. The most
common index, the crop water stress index CWSI [177,178], uses the lowest and highest
possible temperature that the vegetation can attain in the given conditions. These tem-
peratures should not be confounded with the low and high temperature panels for
the thermal accuracy correction, since it is crucial that these panels correspond to
temperatures of the actual vegetation [179,180]. A common reference target is to use
a wet cloth as a cold reference temperature, as it transpires at a maximal rate and
essentially provides the wet bulb temperature [146,181,182]. However, it does not
accurately represent the canopy conditions [180,183]. Maes et al. [180] showed that
artificial leaves made of cotton, remaining wet by constantly absorbing water from a
reservoir, give a more precise estimate, but the scalability of this method to field level
remains to be explored.
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5. Discussion
5.1. Remaining Limitations and Knowledge Gaps

This article outlined recommendations and best practices for flight planning and ex-
ecution across a range of UAV-mounted sensors. However, even with high-quality data,
SfM software can struggle to align images correctly and generate accurate DEMs and ortho-
mosaics when the photographed objects are moving or in the case of very homogeneous
and uniform datasets [13,34,162,163]. Here, direct georeferencing must be used instead.
An example of moving objects is measurements over open water, where SfM typically
fails [131,136]. In windy conditions, vegetation, particularly forests, can give similar is-
sues [13]. In such cases, it is recommended to increase flight height and overlap so it is
more likely that non-moving objects are included, at the cost of GSD [13]. Fresh snow is
an example of a very homogeneous structure where image alignment often fails [56,150].
In addition, very low-resolution datasets in combination with low contrast, such as in
thermal cameras [34,184], are also more likely to give alignment issues [162], requiring
direct georeferencing [185,186]. However, good SfM performance is reported in even quite
demanding situations, such as in bare ice or older snow [150], and most issues seem indeed
related to suboptimal flight and camera settings or flight conditions.

Table 1 provides an overview of the optimal flight settings based on Section 3.
While each parameter was discussed separately, these settings are to some extent interde-
pendent, which can complicate achieving the correct configuration. For example, overlap is
a critical parameter: insufficient overlap degrades data quality, whereas excessive overlap
increases flight time, memory usage, and processing requirements. However, defining
optimal horizontal or vertical overlap is challenging, as it depends on factors such as flight
height (lower flight heights, or lower GSD, allow for lower overlap), camera focal length,



Remote Sens. 2025, 17, 606 27 of 38

and terrain complexity. Additionally, the use of grid flight patterns or the inclusion of
oblique measurements can reduce overlap requirements to some extent.

Research consistently shows that 3D reconstruction quality improves when using
grid patterns or oblique measurements. However, there remains uncertainty about which
method is more effective or whether both should be employed—each option involves
trade-offs in terms of flight time, memory usage, and processing demands. Findings by Dai
et al. [95,187] suggest that incorporating oblique imagery into grid patterns provides added
value, though further research is needed to confirm these results. Further, while literature
agrees on the benefits of oblique imagery for mitigating the doming effect and improving
3D representation, there is no consensus on the intensity or pattern of oblique imagery
required, which also deserves future attention.

Several other knowledge gaps were identified. One prominent area for further in-
vestigation is the optimal flight direction relative to the sun’s zenith angle as well as the
dominant wind speed, which remains insufficiently explored. For thermal imaging in
particular, there is a noticeable scarcity of research addressing the optimization of flight
parameters. Unresolved questions for thermal imaging persist regarding the effects of
flight altitude and speed on image quality, the determination of optimal overlap, strate-
gies for correcting variations in atmospheric and weather conditions, and the influence of
anisotropy (BRDF) effects.

5.2. Towards a Harmonized Mapping Protocol?

Despite these knowledge gaps, the need for harmonization and standardization in
UAV mapping protocols is evident. Standardized approaches are critical for producing
repeatable datasets and developing transferable machine learning models. Each application
requires specific parameter settings, particularly concerning ground sampling distance
(GSD) and flight height, which limits the creation of universally applicable protocols.
Nonetheless, adhering to the recommendations summarized in Tables 1 and 3 can facilitate
standardized approaches tailored to the specific applications. Figure 14 gives an overall
and visual summary of these tables. Inspiration for protocols can be drawn from initiatives
such as the UAV field operation guidelines of TERN Australia, which provide structured
methodologies for UAV-based data collection (https://www.tern.org.au/data-collection-
protocols/; accessed on 5 February 2025).

Even with rigorous protocols, weather conditions inevitably affect the resulting DEM
and orthomosaic. These external influences, along with the associated camera settings, are un-
derreported in current literature. To ensure datasets are interpretable and comparable, proper
annotation of metadata is essential. Metadata should comprehensively document flight pa-
rameters, camera settings, and meteorological conditions during the flight. Developing and
adopting a standardized framework for metadata annotation is critical for advancing the
field. Such a framework would not only improve data comparability but also foster a shared
understanding of UAV-derived datasets within the research community.

https://www.tern.org.au/data-collection-protocols/
https://www.tern.org.au/data-collection-protocols/
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5.3. Is There an Alternative for the Tedious Flight Mapping and Processing?

While each pixel is captured multiple times from various viewing angles, standard
blending techniques typically retain only the most nadir-looking observation for construct-
ing the orthomosaic. As such, the high overlap in UAV mapping flights generates significant
“redundant” information. To address this inefficiency, several methods have been proposed
that either make better use of the captured data or that reduce the volume of data collected.

One approach to maximizing the utility of the dataset is to use alternative blend-
ing modes during orthomosaic creation. For instance, the average or weighted average
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blending mode (e.g., “orthomosaic” mode) has been explored as an alternative to the
standard (“disable”) mode [115,145]. However, the interpretation of this product is not
necessarily more straightforward [145], and neither does it necessarily improve the quality
of the orthomosaic [78].

A more complex approach involves moving beyond the traditional orthomosaic by
incorporating individual directional observations directly into the analysis. Roosjen et al. [105]
applied SfM software to extract observations along with their relative azimuth and sensor
zenith angles, then used them as input for a radiative transfer model (PROSAIL) to derive plant
parameters. This method exemplifies how raw, angular-specific data can provide additional
insights, albeit at the cost of greater computational complexity and specialized expertise.

An alternative, simpler strategy with potentially broader applicability was recently
introduced by Heim et al. [29]. They developed machine learning models to predict leaf
chlorophyll content and leaf area index (LAI) in maize. The study revealed that using all
observations from all viewing angles as input led to poorer model performance compared
to models trained on standard orthomosaic data. However, selecting observations from a
restricted range of sensor zenith and relative azimuth angles significantly enhanced the
models’ predictive accuracy relative to the standard orthomosaic.

Reducing data collection volume can be achieved by revising flight planning strategies.
Mueller et al. [96] demonstrated that alternative flight trajectories, such as spiral or loop
patterns, reduced flight time while yielding better DEM quality compared to traditional
mapping with parallel flight lines and nadir-looking cameras. However, this finding
was limited to relatively flat, square areas, and further research is required to explore
its applicability to diverse terrain types and for data acquisition beyond DEMs, such as
reflectance or thermal orthomosaics.

A more transformative alternative is to replace traditional mapping flights with direct
sampling flights. The individual images are georeferenced based on the sensor’s (and
UAV’s) position and attitude at the time of capture and are then analyzed individually.
This approach bypasses the SfM processing. Direct sampling has been utilized for some
time, for instance, when the structure-from-motion software fails (see Section 5.1) or for
high-resolution RGB data [39,47].

However, consumer-grade miniature UAVs could give it a new stimulus. These small
UAVs, equipped with high-resolution cameras, can fly at very low altitudes to capture
ultra-high-resolution images [113,188], for a fraction of the cost of the standard ultra-high-
resolution UAV system. Their minimal size avoids the downwash disturbances associated
with professional UAVs operating at low altitudes (Section 3.2). Many contemporary
models also include waypoint flight capabilities, enabling them to be programmed for
systematic flights akin to mapping missions, but at much lower altitudes and with no or
very low overlap between images [189]. This approach can dramatically reduce flight time,
data volume, and post-processing efforts. Additionally, when equipped with RTK GNSS,
direct and highly precise georeferencing of the images is feasible [189].

Direct sampling missions for RGB data collection are not yet integrated into standard
UAV flight software and present certain safety challenges, such as low-altitude flights and
line-of-sight constraints. Nonetheless, they might represent a promising and competitive
alternative for high-resolution RGB data collection in the near future. For multispec-
tral/hyperspectral or thermal data, direct sampling seems to have less potential, given the
influence of BRDF and/or vignetting on the image quality.

6. Conclusions
Based on the recent research findings, this document provides detailed guidelines

for planning and executing UAV mapping flights. The flight planning section addresses



Remote Sens. 2025, 17, 606 30 of 38

aspects such as sensor selection, GSD (ground sampling distance), flight height, overlap,
flight direction, and flight speed. It presents the most appropriate settings of these pa-
rameters for flights focusing on 3D acquisition (3D point clouds, digital elevation mod-
els), high-resolution RGB, reflectance (multispectral and hyperspectral snapshot cameras),
and thermal orthomosaics. Several settings are interdependent, complicating the definition
of optimal settings. Furthermore, knowledge gaps remain, particularly in setting optimal
overlap, the comparison of grid flights versus oblique imagery, and the intensity of oblique
imagery required. Nevertheless, standard settings per application are possible and can
harmonize UAV data collection.

For the same application areas, general guidelines are also provided for the flight
execution, including weather conditions, time of the flight, camera settings, use of GCPs,
and reference measurements that are required.

By promoting standardized methodologies and best practices, these guidelines aim to
enhance the accuracy and reliability of UAV-based mapping. Future research should focus on
refining thermal imaging workflows, reducing redundancy in data collection, and exploring
innovative flight strategies to further improve efficiency and scalability across applications.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs17040606/s1, File S1: Excel file with calculation of overlap.
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