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Abstract: In recent years, UAV remote sensing has gradually attracted the attention of scientific
researchers and industry, due to its broad application prospects. It has been widely used in agriculture,
forestry, mining, and other industries. UAVs can be flexibly equipped with various sensors, such
as optical, infrared, and LIDAR, and become an essential remote sensing observation platform.
Based on UAV remote sensing, researchers can obtain many high-resolution images, with each pixel
being a centimeter or millimeter. The purpose of this paper is to investigate the current applications
of UAV remote sensing, as well as the aircraft platforms, data types, and elements used in each
application category; the data processing methods, etc.; and to study the advantages of the current
application of UAV remote sensing technology, the limitations, and promising directions that still lack
applications. By reviewing the papers published in this field in recent years, we found that the current
application research of UAV remote sensing research can be classified into four categories according
to the application field: (1) Precision agriculture, including crop disease observation, crop yield
estimation, and crop environmental observation; (2) Forestry remote sensing, including forest disease
identification, forest disaster observation, etc.; (3) Remote sensing of power systems; (4) Artificial
facilities and the natural environment. We found that in the papers published in recent years, image
data (RGB, multi-spectral, hyper-spectral) processing mainly used neural network methods; in crop
disease monitoring, multi-spectral data are the most studied type of data; for LIDAR data, current
applications still lack an end-to-end neural network processing method; this review examines UAV
platforms, sensors, and data processing methods, and according to the development process of certain
application fields and current implementation limitations, some predictions are made about possible
future development directions.

Keywords: UAV; remote sensing; land applications; UAV imagery

1. Introduction

Since the 1960s, Earth observation satellites have garnered significant attention from
both military [1,2] and civilian [3-5] sectors, due to their unique high-altitude observation
ability, enabling simultaneous monitoring of a wide range of ground targets. Since the 1970s,
several countries have launched numerous Earth observation satellites, such as NASA’s
Landsat [6] series; ESA’s SPOT [7] series; and commercial satellites such as IKONOS [8],
QuickBird, and the WorldView series, generating an enormous volume of remote sensing
data. These satellites have facilitated the development of several generations of remote
sensing image analysis methods, including remote sensing index methods [9-15], object-
oriented analysis methods (OBIA) [16-22], and deep neural network methods [23-27] in
recent years, all of which rely on the multi-spectral and high-resolution images generated
by these remote sensing satellites.
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From the 1980s onward, remote sensing research had mainly been based on satellite
data. Due to the cost of satellite launches, there were only a few remote sensing satellites
available for a long time, and most satellite images required high costs to obtain limited
data, except for a few satellites such as the Landsat series that were partially free. This also
affected the direction of remote sensing research. During this period, many remote sensing
index methods based on ground target spectral characteristics mainly used free Landsat
satellite data. Other satellite data were less used, due to their high purchase costs.

Beside the high cost and lack of supply, remote sensing satellite data acquisition is also
constrained by several factors that affect the observation ability and direction of research:

1.  The observation ability of a remote sensing satellite is determined by its cameras. A
satellite can only carry one or two cameras as sensors, and these cameras cannot be
replaced once the satellite has been launched. Therefore, the observation performance
of a satellite cannot be improved in its lifetime;

2. Remote sensing satellites can only observe targets when flying over the adjacent area
above the target and along the satellite’s orbit, which limits the ability to observe
targets from a specific angle;

3. Optical remote sensing satellites use visible and infrared light reflected by observation
targets as a medium, such as panchromatic, colored, multi-spectral, and hyper-spectral
remote sensing satellites. For these satellites, the target illumination conditions se-
riously affect the observation quality. Effective remote sensing imagery data only
can be obtained when the satellite is flying over the observation target and when the
target has good illumination conditions;

4.  For optical remote sensing satellites, meteorological conditions, such as cloud cover,
can also affect the observation result, which limits the selection of remote sensing
images for research;

5. The resolution of remote sensing imagery data is limited by the distance between the
satellite and the target. Since remote sensing satellites are far from ground targets,
their image resolution is relatively low.

These constraints not only limit the scope of remote sensing research but also affect
research directions. For instance, land cover/land use is a important aspect of remote
sensing research. However, the research object of land cover/land use is limited by the
spatial resolution of remote sensing image data. The current panchromatic cameras carried
by remote sensing satellites have a resolution of 31 cm/pixel, which can only identify the
type, location, and outline information of ground targets with a 3 m [28] size or more,
such as buildings, roads, trees, ships, cars, etc. Ground objects with smaller sized aerial
projections, such as people, animals, bicycles, etc., cannot be distinguished from the images,
due to the relatively large pixel size. Similarly, change detection, which compares different
information in images taken of the same target in two or more periods, is another example.
Since the data used in many research articles are images taken by the same remote sensing
satellite at different times along its orbit and at the same spatial location, the observation
angles and spatial resolution of these images are similar, making them suitable for pixel-
by-pixel information comparison methods. Hence, change detection has become a key
direction in remote sensing research since the 1980s.

In the past decade, the emergence of multi-rotor unmanned aerial vehicles (UAV) has
gradually changed the above-mentioned limitations in remote sensing research. This type
of unmanned aircraft is pilotless, consumes no fuel, and does not require maintenance of
turboshaft engines. These multi-copters are equipped with cheap but reliable brushless
motors, which only require a small amount of electricity per flight. Users can schedule the
entire flight process of a multi-copter, from takeoff to landing, and edit flight parameters
such as passing points, flight speed, acceleration, and climbing rate. Compared to human-
crewed aircraft such as helicopters and small fixed-wing aircraft, multi-rotor drones are
more stable and reliable, and have several advantages for remote sensing applications.

First, multi-copter drones can carry a variety of sensors flexibly, according to the
requirements of the task. Second, the UAV’s observation angle and target observation time
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are not constrained by specific conditions, as it can be flown by remote control or on a
preset route. Third, even under cloudy, rainy, and night conditions, the UAV can be close to
the target and data can still be obtained. Finally, the spatial resolution of an image obtained
by UAV remote sensing can be up to a millimeter/pixel.

In recent years, there have been several reviews [29-31] on UAV remote sensing.
Some of these reviews [32,33] focused on similar methods developed from satellite remote
sensing in UAV remote sensing data, and some focused on specific application fields, such
as forestry [34,35] and precision agriculture [36—40] remote sensing. In this review, we try to
explore the progress and changes in the application of UAV remote sensing in recent years.
It is worth noting that, besides traditional remote sensing methods such as land cover/land
use and change detection, many recent research papers have employed structure-from-
motion and multi-view stereo (SfM-MVS) methods [41] and LIDAR scanning to obtain
elevation information of ground targets. UAV remote sensing is no longer just a cheap
substitute for satellite remote sensing in industrial and agricultural applications. Instead,
it is now being used to solve problems that were previously difficult to address using
satellite remote sensing, thanks to their flight platform and sensor advantages. As a result,
non-traditional research fields such as forestry, artificial buildings, precision agriculture,
and the natural environment have received increased attention in recent years.

As shown in Figure 1, the structure of this article includes the following sections:
Section 1 is the introduction of the review, which includes the limitations of traditional
satellite remote sensing, the technological background of UAV remote sensing, and the
current application scope. Section 2 introduces the different types of platform and sensor
for drones. Section 3 introduces the processing methods of UAV remote sensing data,
including methods of land cover/land, change detection, and digital elevation models.
Section 4 presents typical application scenarios reflected in recent journal articles on UAV
remote sensing, including forest remote sensing, precision agriculture, power line remote
sensing, artificial targeting, and natural environment remote sensing. Section 5 provides a
discussion, and Section 6 presents the conclusions.

1.Introduction

1).Multi Types UAV Platforms and their charactters
2.UAV Platform and Sensors 2).RGB/Multi-Spectral/Hyper-Spectral Cameras and LIDRA

1).Land cover/Land use
. . 2).Change Detection
/— 3.UAV Remote Sensing data Processing -

3).Digital Elevation Model Information

Chapter Orgnization
1).Forestry Remote Sesning

\ 2).Precision Agriculture
4.UAV Remote Sensing Application <
\

3).Power lines, towers and accessories

4).Artifical Facilities and Nature Environment

5.Discussion

6.Conclusions
Figure 1. Article organization and content diagram.

2. UAV Platforms and Sensors

The hardware of a UAV remote sensing platform consists of two parts: the flight plat-
form of the drone, and the sensors they are equipped with. Compared to remote sensing
satellites, one of the most significant advantages of UAV remote sensing is the flexible
replacement of sensors, which allows researchers to use the same drone to study the prop-
erties and characteristics of different objects by using different types of sensors. Figure 2
shows this sections’ structure, including the drone’s flight platform and the different types
of sensors carried.
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2.1. UAV Platform

UAVs have been increasingly employed as a remote sensing observation platform
for near-ground applications. Multi-rotor, fixed-wing, hybrid UAVs, and unmanned heli-
copters are the commonly used categories of UAVs. Among these, multi-rotor UAVs have
gained the most popularity, owing to their numerous advantages. These UAVs, which come
in various configurations, such as four-rotor, six-rotor, and eight-rotor, offer high safety
during takeoff and landing and do not require a large airport or runway. They are highly
controllable during flight and can easily adjust their flight altitude and speed. Additionally,
some multi-rotor UAVs are equipped with obstacle detection abilities, allowing them to
stop or bypass obstacles during flight. Figure 3 shows four typical UAV platforms.

Multi-rotor UAVs
Fixed-wing UAVs
Unmanned helicopters
Hybrid UAVs, or VTOL

RGB cameras

UAV Platforms and Sensors

Multi-spectral

UAV's Sensors

Hyper-spectral
LiDAR

Figure 2. UAV platforms and sensors.

y e -' "]’ f ) ;
et AL ik
(b) (c)

(a) (d)

Figure 3. UAV platforms: (a) Multi-rotor UAV, (b) Fixed-wing UAYV, (¢) Unmanned Helicopter,
(d) VTOL UAV.

Multi-rotor UAVs utilize multiple rotating propellers powered by brushless motors to
control lift. This mechanism enables each rotor to independently and frequently adjust its
rotation speed, thereby facilitating quick recovery of flight altitude and attitude in case of
disturbances. However, the power efficiency of multi-rotor UAVs is not prominent, and
their flight duration is relatively short. Common consumer grade drones, after carefully
optimizing their weight and power, have a duration of about 30 min; for example, DJI's
Mavic Pro has a flight range of 27 min, Mavic 2 has a range of 31 min, and Mavic Air 2 has
a range of 34 min. Despite these limitations, multi-rotor UAVs have been extensively used
as remote sensing data acquisition platforms in the reviewed literature.

Fixed-wing UAVs, which are similar in structure to common aircraft, generate lift
force from the upper and lower air pressure generated by their fixed wings during forward
movement. These UAVs require a runway for takeoff and landing, and their landing
process is more challenging to control than that of multi-rotor UAVs. The stable flight
of fixed-wing UAVs necessitates that the wings provide more lift than the weight of the
aircraft, requiring the UAV to maintain a certain minimum speed throughout its flight.
Consequently, these UAVs cannot hover, and their response to rising or falling airflow is
limited. While the flight speed of fixed-wing UAVs is superior to that of multi-rotor UAVs,
their flight duration is also longer.

Unmanned helicopters, which have a structure similar to helicopters, employ a large
rotor to provide lift and a tail rotor to control direction. These UAVs possess excellent power
efficiency and flight duration, but their mechanical blade structure is complex, leading
to high vibrations and costs. Nonetheless, limited research work on using unmanned
helicopters as a remote sensing platform was reported in the reviewed literature.

Hybrid UAVs, also known as vertical take-off and landing (VTOL), combine the
features of both multi-rotor and fixed-wing UAVs. These UAVs take off and land in multi-
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rotor mode and fly in fixed-wing mode, providing the advantages of easy control during
takeoff and landing and energy-saving during flight.

2.2. Sensors Carried by UAV's

UAVs have been widely utilized as a platform for remote sensing, and the sensors
carried by these aircraft play a critical role in data acquisition. Among the sensors commonly
used by multi-rotor UAVs, there are two main categories: imagery sensors and three-
dimensional information sensors. In addition to the two types of sensor that are commonly
used, other types of sensors carried by drones include gas sensors, air particle sensors,
small radars, etc. Figure 4 shows four typical UAV-carried sensors.

(a)
Figure 4. Sensors carried by UAVs :(a) RGB Camera, (b) Multi-spectral Camera, (c¢) Hyper-spectral
Camera, (d) LIDAR.

Imagery sensors capture images of the observation targets and can be further classified
into several types. RGB cameras capture images in the visible spectrum and are commonly
used for vegetation mapping, land use classification, and environmental monitoring. Multi-
spectral /hyper-spectral cameras capture images in multiple spectral bands, enabling the
identification of specific features such as vegetation species, water quality, and mineral
distribution. Thermal imagers capture infrared radiation emitted by the targets, making it
possible to identify temperature differences and detect heat anomalies. These sensors can
provide high-quality imagery data for various remote sensing applications.

In addition to imagery sensors, multi-rotor UAVs can also carry three-dimensional
information sensors. These sensors are relatively new and have been developed in recent
years with the advancement of simultaneous localization and mapping (SLAM) technology.
LIDAR sensors use laser beams to measure the distance between the UAV and the target,
enabling the creation of high-precision three-dimensional maps. Millimeter wave radar
sensors use electromagnetic waves to measure the distance and velocity of the targets,
making them suitable for applications that require long-range and all-weather sensing.
Multi-camera arrays capture images from different angles, allowing the creation of 3D
models of the observation targets. These sensors can provide rich spatial information,
enabling the analysis of terrain elevation, structure, and volume.

2.2.1. RGB Cameras

RGB cameras are a prevalent remote sensing sensor among UAVs, and two types of
RGB cameras are commonly used on UAV platforms. The first type is the UAV-integrated
camera, which is mounted on the UAV using its gimbal. This camera typically has a
resolution of 20 megapixels or higher, such as the 20-megapixel 4/3-inch image sensor
integrated into the DJI Mavic 3 aircraft and the 20-megapixel 1-inch image sensor integrated
into AUTEL’s EVO Il Pro V3 UAV. These cameras can capture high-resolution images at
high frame rates, offering the advantages of being lightweight, compact, and having a long
endurance. However, they cannot replace the original lens with telephoto and wide-angle
lenses, which are required for remote and wide-angle environments.

The second type of camera commonly carried by UAVs is a single lens reflex (SLR)
camera, which enables the replacement of lenses with different focal lengths. UAVs equipped
with SLR cameras offer the advantage of lens flexibility and can be used for remote sensing or
wide-angle observation, making them a valuable tool for such applications. Nonetheless, SLR
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cameras are heavier and require gimbals for installation, necessitating a UAV with sufficient
size and load capacity to accommodate them. For example, Liu et al. [42] utilized the SONY
A7R camera, which provides multiple lens options, including zoom and fixed focus lenses, to
produce a high-precision digital elevation model (DEM) in their research.

2.2.2. Multi-Spectral and Hyper-Spectral Camera

Multi-spectral and hyper-spectral cameras are remote sensing instruments that collect
the spectral radiation intensity of reflected sunlight at specific wavelengths. A multi-
spectral camera is designed to provide data similar to that of multi-spectral remote sensing
satellites, allowing for quantitative observation of the radiation intensity of reflected light
on ground targets in specific sunlight bands. In processing multi-spectral satellite re-
mote sensing image data, the reflected light intensity data of the same ground target in
different spectral bands are used as remote sensing indices, such as the widely used nor-
malized difference vegetation index (NDVI) [9] dimensionless index, which is defined as in
Equation (1):

NIR — Red

NDVI = (IR T Red ™

In Equation (1), NIR refers to the measured intensity of reflected light in the near-
infrared spectral range (700~800 nm), while Red refers to the measured intensity of reflected
light in the red spectral range (600~700 nm). The NDVI index is used to measure vegetation
density, as living green plants, algae, cyanobacteria, and other photosynthetic autotrophs
absorb red and blue light but reflect near-infrared light. Thus, vegetation-rich areas have
higher NDVI values.

After the launch of the Landsat-1 satellite in 1972, multi-spectral scanner system
(MSS) sensors that can independently observe the ground reflected light according to the
frequency range became a research hot spot data source. When dealing with the problem of
spring vegetation greening and subsequent degradation in the Great Plains of the Central
United States, the studied regional latitude differences are large, so NVDI [9] was proposed
as a spectral index method that is not sensitive to changes of latitude and solar zenith angle.
The NDVI index ranges from 0.3 to 0.8 in densely vegetated areas, and the NDVI value
range is negative for cloud- and snow-covered areas; for a water body, the NDVI value is
close to 0; for bare soil, the NDVI value is a small positive value.

In addition to the vegetation index, other common remote sensing indices include the
normalized difference water index (NDWI) [12], enhanced vegetation index (EVI) [11], leaf
area index (LAI) [43], modified soil adjusted vegetation index (MSAVI) [13], soil adjusted
vegetation index (SAVI) [14], and other remote sensing index methods. These methods
measure the spectral radiation intensity of blue light, green light, red light, red edge,
near-infrared, and other object reflection bands.

Table 1 presents a comparison between the multi-spectral cameras of UAVs and the
multi-spectral sensors of satellites. One notable difference is that a UAV’s multi-spectral
camera has a specific narrow band known as the “red edge” [44], which is not present
in many satellites” multi-spectral sensors. This band has a wavelength range of 680 nm
to 730 nm, transitioning from the visible light frequencies easily absorbed by plants to
the infrared band largely reflected by plant cells. From a spectral perspective, this band
represents an area where the reflectance of sunlight of plants changes significantly. A few
satellites, such as the European Space Agency(ESA)’s Sentinel-2, have data available in
this band. Research on satellite data has revealed a correlation between leaf area index
(LAI) [43] and this band [45-47]. LAI [43] is a crucial variable in predicting photosynthetic
productivity and evapotranspiration. Another significant difference between UAV multi-
spectral cameras and satellite sensors is the advantage of UAVs’ multi-spectral cameras
in spatial resolution. UAV multi-spectral cameras can reach centimeter/pixel spatial
resolution, which is currently unattainable by satellite sensors. Centimeter-resolution
multi-spectral images have many applications in precision agriculture.
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Table 1. Parameters of UAV multi-spectral cameras and several satellite multi-spectral sensors.

Device Name

Multi-Spectral Bandwidth and Spatial Resolution

Blue Green Red Red Edge Near Infrared I Spatial Resolution
Parrot Sequoia+ None 550 &40 nm ! 660 = 40 nm 735 £10 nm 790 + 40 nm 8 cm/pixel 2
Multi-spectral Rededge-MX 475+ 32 nm 560 + 27 nm 668 £ 16 nm 717 £12nm 842 + 57 nm 8 cm/pixel 2
Camera Altum PT 475+ 32 nm 560 &+ 27 nm 668 £ 16 nm 717 £12 nm 842 + 57 nm 2.5 cm/pixel 2
of UAV Sentera 6X 475 £+ 30 nm 550 £ 20 nm 670 =30 nm 715+ 10 nm 840 +20 nm 5.2 cm/pixel 2
DJI P4 Multi 3 450 + 16 nm 560 4+ 16 nm 650 =16 nm 730 £16 nm 840 26 nm
Landsat-5 TM 4 485 + 35 nm 560 + 40 nm 660 & 30 nm None 830 £ 70 nm 30 m/pixel
Landsat-5 MSS ° None 550 £ 50 nm 650 + 50 nm None 750 £ 50 nm 60 m/pixel
Multi-spectral Landsat-7 ETM+ © 485 £ 35 nm 560 £ 40 nm 660 + 30 nm None 835+ 65 nm 30 m/pixel
Sensors Landsat-8 OLI 7 480 =+ 30 nm 560 %+ 30 nm 655 £ 15 nm None 865 + 15 nm 30 m/pixel
on Satellites IKONOS 8 480 =+ 35 nm 550 45 nm 665 £+ 33 nm None 805 £+ 48 nm 3.28 m/pixel
QuickBird ? 485 £ 35 nm 560 £ 40 nm 660 £ 30 nm None 830 £70 nm 2.62 m/pixel
WorldView-4 10 480 + 30 nm 560 4 30 nm 673 & 18 nm None 850 & 70 nm 1.24 m/pixel
Sentinel-2A ! 492 + 33 nm 560 + 18 nm 656 + 16 nm 745+ 49 nm 12 833 + 53 nm 10 m/pixel

1

nm—nanometer. 2 Flight height at 120 m. 3 DJI Phantom 4 Multispectral Camera. * Landsat 4-5 Thematic Mapper. 5 Landsat 1-5 Multispectral Scanner. ® Landsat 7 Enhanced
Thematic Mapper Plus. 7 Landsat 8-9 Operational Land Imager. 8 IKONOS Multispectral Sensor. ? QuickBird Multispectral Sensor. 1° World View-4 Multispectral Sensor. !! Sentinel-2A
Multispectral Sensor of Sentinel-2. 12 Sentinel-2A have 3 red-edge spectral band, with the spatial resolution 20 m/pixel.
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Hyper-spectral and multi-spectral cameras are both imaging devices that can capture
data across multiple wavelengths of light. However, there are some key differences be-
tween these two types of camera. Multi-spectral cameras typically capture data across a few
discrete wavelength bands, while hyper-spectral cameras capture data across many more
(often hundreds) of narrow and contiguous wavelength bands. Moreover, multi-spectral
cameras generally have a higher spatial resolution than hyper-spectral cameras. Addi-
tionally, hyper-spectral cameras are typically more expensive than multi-spectral cameras.
Table 2 provides a summary of several hyper-spectral cameras and their features and that
were utilized in the papers we reviewed.

Table 2. Parameters of Hyper-spectral Cameras.

Camera Name Spectral Range Spectral Bands Spectral Sampling FWHM !
Cubert S185 450~950 nm 125 bands 4 nm 8 nm
Headwall Nano-Hyperspec 400~1000 nm 301 bands 2nm 6 nm
RESONON PIKA L 400~1000 nm 281 bands 2.1nm 3.3nm
RESONON PIKA XC2 400~1000 nm 447 bands 1.3 nm 1.9 nm
HySpex Mjolnir 5-620 970~2500 nm 300 bands 5.1 nm unspecified

1 FWHM-Full Width at Half Maximum of Spectral Resolution.

The data produced by hyper-spectral cameras are not only useful for investigating
the reflected spectral intensity of green plants but also for analyzing the chemical proper-
ties of ground targets. Hyper-spectral data can provide information about the chemical
composition and water content of soil [48], as well as the chemical composition of ground
minerals [49,50]. This is because hyper-spectral cameras can capture data across many
narrow and contiguous wavelength bands, allowing for detailed analysis of the unique
spectral signatures of different materials. The chemical composition and water content of
soil can be determined based on the unique spectral characteristics of certain chemical com-
pounds or water molecules, while the chemical composition of minerals and artifacts can
be identified based on their distinctive spectral features. As such, hyper-spectral cameras
are highly versatile tools that can be utilized for a broad range of applications in various
fields, including agriculture, geology, and archaeology.

2.2.3. LIDAR

LIDAR, an acronym for “laser imaging, detection, and ranging”, is a remote sensing
technology that has become increasingly popular in recent years, due to its ability to
generate precise and highly accurate 3D images of the Earth’s surface. LIDAR systems
mounted on UAVs are capable of collecting data for a wide range of applications, including
surveying [51,52], environmental monitoring [53], and infrastructure inspection [54-56].

One of the key advantages of using LIDAR in UAV remote sensing is its ability to
provide highly accurate and detailed elevation data. By measuring the time it takes for
laser pulses to bounce off the ground and return to the sensor, LIDAR can create a high-
resolution digital elevation model (DEM) of the terrain. This data can be used to create
detailed 3D maps of the landscape, which are useful for a variety of applications, such as
flood modeling, land use planning, and urban design.

Another benefit of using LIDAR in UAV remote sensing is its ability to penetrate
vegetation cover to some extent, allowing for the creation of detailed 3D models of forests
and other vegetation types. Multiple return LIDAR has the ability to measure the return
time of different pulses of reflected light emitted at the same time. By precisely using this
feature, information on the canopy structure in a forest can be obtained by measuring the
different return times. This data can be used for ecosystem monitoring, wildlife habitat
assessment, and other environmental applications.
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In addition to mapping and environmental monitoring, LIDAR-equipped UAVs are
also used for infrastructure inspection and construction environment monitoring. By
collecting high-resolution images of bridges, buildings, and other structures, LIDAR can
help engineers and construction professionals identify potential problems. Figure 5 shows
mechanical scanning and solid-state LIDAR.

(@) (b)

Figure 5. LIDAR: (a) Mechanical Scanning LIDAR, (b) Solid-state LIDAR.

LIDAR technology has evolved significantly in recent years with the emergence of
solid-state LIDAR technology, which uses an array of stationary lasers and photodetectors
to scan the target area. Solid-state LIDAR technology offers several advantages over
mechanical scanning LIDAR, which use a rotating mirror or prism to scan a laser beam
across the target area. Solid-state LIDAR is typically more compact and lightweight, making
it well suited for use on UAVs.

3. UAV Remote Sensing Data Processing

UAV remote sensing has several advantages compared with satellite remote sensing:
(1) UAV remote sensing can be equipped with specific sensors for observation, as required.
(2) UAV remote sensing can observe targets at any time period allowed by weather and
environmental conditions. (3) UAV remote sensing can set a repeatable flight route, to
achieve multiple target observations from a set altitude and angle. (4) The image sensor
mounted on the UAV is closer to the target, and the image resolution obtained by observa-
tion is higher. These characteristics have not only allowed the remote sensing community
to produce new techniques in land cover/land use and change detection based on remote
sensing satellite data in the past, but have also contributed to the growth of forest remote
sensing, precision agriculture remote sensing, and other research directions.

3.1. Land Cover/Land Use

Land cover and land use are fundamental topics in satellite remote sensing research.
This field aims to extract information about ground observation targets from low-resolution
image data captured by early remote sensing satellites. NASA’s Landsat series satellite
program is the longest-running Earth resource observation satellite program to date, with
50 years of operation since the launch of Landsat-1 [57] in 1972.

In the early days of remote sensing, land use classification methods focused on identi-
fying and classifying the spectral information of pixels covering the target object, known as
sub-pixel approaches [58]. The concept of these methods is that the spectral characteristics
of a single pixel in a remote sensing image are based on the spatial average of the spectral
signatures reflected from multiple object surfaces within the area covered by that pixel.

However, with the emergence of high-resolution satellites, such as QuickBird and
IKONOS, which can capture images with meter-level or decimeter-level spatial resolution,
the industry has produced a large amount of high-resolution remote sensing data with
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sufficient object textural features. This has led to the development of object-based image
analysis (OBIA) methods for land use/land cover.

OBIA uses a super-pixel segmentation method to segment the image and then applies
a classifier method to classify the spectral features of the segmented blocks and identify
the type of ground targets. In recent years, neural network methods, especially the full
convolution neural network (FCN) [59] method, have become the mainstream methods of
land use and land cover research. Semantic segmentation [23,60,61] and instance segmen-
tation [24,62,63] neural network methods can extract the type, location, and spatial range
information of ground targets end-to-end from remote sensing images.

The emergence of unmanned aerial vehicle (UAV) remote sensing has produced a
new generation of data for land cover/land use research. The image sensors carried by
UAVs can acquire images with decimeter-level, centimeter-level, or even millimeter-level
resolution, allowing the problem of information extraction for small objects on the ground,
which were previously difficult to study, to become a new research interest, such as people
on the street, cars, animals, and plants.

Researchers have proposed various methods to address these challenges. For instance,
PEMCNet [64], an encoder-decoder neural network method proposed by Zhao et al,,
achieved good classification results for LIDAR data taken by UAVs, with a high accuracy
for ground objects such as buildings, shrubs, and trees. Harvey et al. [65] proposed a
terrain matching system based on the Xception [66] network model, which uses a pre-
trained neural network to determine the position of the aircraft without relying on inertial
measurement units (IMUs) and global navigation satellite systems (GNSS). Additionally,
Zhuang et al. [67] proposed a method based on neural networks to match remote sens-
ing images of the same location taken from different perspectives and resolutions, called
multiscale block attention (MSBA). By segmenting and combining the target image and
calculating the loss function separately for the local area of the image, the authors realized
a matching method for complex building targets photographed from different angles.

3.2. Change Detection

Remote sensing satellites can observe the same target area multiple times. Comparing
the images obtained from two observations, we can detect changes in the target area over
time. Change detection using remote sensing satellite data has wide-ranging applications,
such as in urban planning, agricultural surveying, disaster detection and assessment, map
compilation, and more.

UAV remote sensing technology allows for data acquisition from multiple aerial
photos taken at different times along a preset route. Compared to other types of remote
sensing, UAV remote sensing has advantages in spatial resolution and data acquisition for
change detection. Some of the key benefits include: (1) UAV remote sensing operates at
a lower altitude, making it less susceptible to meteorological conditions such as clouds
and rain. (2) The data obtained through UAV remote sensing are generated through
structure-from-motion and multi-view stereo (SfM-MVS) and airborne laser scanning (ALS)
methods, which enable the creation of a DEM for the observed target and adjacent areas,
allowing us to monitor changes in three dimensions over time. (3) UAVs can acquire data
at user-defined time intervals by conducting multiple flights in a short time.

Recent research on change detection based on UAV remote sensing data has focused
on identifying small and micro-targets, such as vehicles, bicycles, motorcycles, and tricycles,
and tracking their movements using UAV aerial images and video data. Another area of
research involves the practical application of UAV remote sensing for detecting changes in
3D models of terrain, landforms, and buildings.

For instance, Chen et al. [68] proposed a method to detect changes in buildings using
RGB images obtained from UAV aerial photography and 3D reconstruction of RGB-D
data. Cook et al. [69] compared the accuracy of 3D models generated using a SEM-MVS
method and LIDAR scanning measurement for reconstructing complex mountainous river
terrain areas, with a root-mean-square error (RMSE) of 30~40 cm. Mesquita et al. [70]
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developed a change detection method, which was tested on the Oil Pipes Construction
Dataset(OPCD) and successfully detected construction traces from multiple pictures taken
by UAV at different times in the same area and space. Hastaouglu et al. [71] monitored
three-dimensional displacement in a garbage dump using aerial image data and the SfM-
MVS method [41] to generate a three-dimensional model. Lucieer et al. [72] proposed a
method for reconstructing a three-dimensional model of landslides in mountainous areas
based on unmanned aerial vehicle multi-view images using the SIM-MVS method. The
measured horizontal accuracy was 7 cm, and the vertical accuracy was 6 cm. Li et al. [73]
monitored the deformation of the slope section of large water conservancy projects using
UAV aerial photography and achieved a measurement error of less than 3 mm, which was
significantly higher than traditional aerial photography methods. Han et al. [74] proposed
a method of using UAVs to monitor road construction, which was applied to an extended
road construction site and accurately identified changed ground areas with an accuracy
of 84.5~85%. Huang et al. [75] developed a semantic detection method for changes in
construction sites, based on a 3D point cloud data model generated from images obtained
through UAV aerial photography.

3.3. Digital Elevation Model (DEM) Information

In recent years, the accurate generation of digital elevation models (DEM) has become
increasingly important in remote sensing landform research. DEMs provide crucial infor-
mation about ground elevation, including both digital terrain models (DTM) and digital
surface models (DSM). A DTM represents the natural surface elevation, while a DSM
includes additional features such as vegetation and artificial objects. There are two primary
methods for calculating elevation information: structure-from-motion and multi-view
stereo (SfM-MVS) [41] and airborne laser scanning (ALS).

Among the reviewed articles, the SfM-MVS method gained more attention due to
its simple requirements. Sanz-Ablanedo et al. [76] conducted a comparative experiment
to assess the accuracy of the SfM-MVS method when establishing a DTM model in a
complex mining area covering over 1200 hectares (1.2 x 107 m?). The results showed that
when a small number of ground control points (GCPs) were used, the root-mean-square
error (RMSE) of the checkpoint was plus or minus five times the ground sample distance
(GSD), or about 34 cm. In contrast, when more GCPs were used (i.e., more than 2 GCP in
100 images), the RMSE of the checkpoint response converged to twice the GSD, or about
13.5 cm. Increasing the number of GCPs had a significant impact on the accuracy of the
3D-model generated by the SfM-MVS method. It is worth noting that the authors used
a small fixed-wing UAV as their remote sensing platform. Rebelo et al. [77] proposed a
method to generate a DTM by taking RGB images from multi-rotor UAVs. The authors
used an RGB sensor carried by a DJI Phantom 4 UAV to take images within an area of
55 hectares (5.5 x 10° m?) and established a 3D point cloud DTM through the SfIM-MVS
method. Although the GNSS receiver used was the same model, the horizontal RMSE of the
DTM was 3.1 cm, the vertical RMSE was 8.3 cm, and the comprehensive RMSE was 8.8 cm.
This precision was much better than that of the fixed-wing UAV method of Sanz-Ablanedo
et al. [76]. In another study, Almeida et al. [78] proposed a method for qualitative detection
of single trees in forest land based on UAV remote sensing RGB data. In their experiment,
the authors used a 20-megapixel camera carried by a DJI Phantom 4 PRO to reconstruct
a DTM in the SIM-MVS mode of Agisoft Metashape, over an area of 0.15 hectares. For
the DTM model obtained, the RMSE of GCPs in the horizontal direction was 1.6 cm, and
that in the vertical direction was 3 cm. Hartwig et al. [79] reconstructed different forms of
ravine using SfM-MVS based on multi-view images captured by multiple drones. Through
experiments, the authors verified that, even without using GCP for geographic registration,
SfM-MVS technology alone could achieve a 5% accuracy in the volume measurement
of ravines.

In airborne laser scanning (ALS) methods, Zhang et al. [53] proposed a method to
detect ground height in tropical rainforests based on LIDAR data. This method involved
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scanning a forest area with airborne LIDAR to obtain three-dimensional point cloud data.
Local minima were extracted from the point cloud data as candidate points, with some
of these candidates representing the ground between trees in the forest area. The DTM
generated by the method had high consistency with the ALS-based reference, with a RMSE
of 2.1 m.

4. UAV Remote Sensing Application

In recent years, the utilization of UAV remote sensing technology has gained significant
attention in a variety of fields, such as agriculture [80-83], forestry [84-86], environmental
monitoring [87-89], and infrastructure inspection [55,67,90]. UAVs provide high-resolution
and accurate data that can facilitate informed decision-making and support diverse appli-
cations. With the continuous advancement of UAV technology, we can anticipate further
innovative and impactful applications in the foreseeable future. Figure 6 shows the organi-
zation of the sections on UAV applications.

Forest Structure Parameters Estimation

Forest Plants classification and identification

Forest Fire Monitoring

Forest Diseases Monitoring

Crop Diseases Observation

Soil water content

Precision Agriculture

UAV Remote Sensing Applications eedipetsction

Crop Field Parameter Estimation
{ Power Lines Detection
Insulators Detection

L o . Artificial Facilities and Buildings
Artificial Facilities and Nature Environment
Nature Environment

Figure 6. UAV remote sensing applications.

4.1. UAV Remote Sensing in Forestry

Forestry remote sensing is a relatively small aspect of satellite remote sensing. Multi-
spectral and hyper-spectral data related to tree photosynthesis are among the various
types of remote sensing satellite data. However, the spatial resolution of remote sensing
satellite data is limited and cannot meet the requirements for specific tree types and
disease identification. Additionally, remote sensing satellites cannot provide the high-
accuracy elevation information necessary for forestry structure studies. Figure 7 shows the
organization of the applications in the forestry section.
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Figure 7. UAV remote sensing research in forestry.
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UAV-based remote sensing technology has introduced a new dimension to forestry
remote sensing. With the ability to carry high-resolution and multi-spectral cameras, UAV
remote sensing can identify tree types and observe forest diseases. It can also use LIDAR
to measure the canopy information of multi-layered forest canopies. Therefore, in recent
years, UAV remote sensing technology has emerged as a developing research direction
for monitoring forestry ecology. Its primary research areas include (1) Estimation of forest
structure parameters; (2) Classification and identification of forest plants; (3) Monitoring of
forest fires; and (4) Monitoring of forest diseases.

4.1.1. Estimation of Forest Structural Parameters

The estimation of forest structural parameters, including tree height and canopy
parameters, is a crucial research area in forestry. UAV remote sensing technology provides
an efficient and accurate approach for estimating these parameters.

Krause et al. [51] investigated two different methods of measuring tree height in
dense forests: field measurement, and a method using UAV remote sensing RGB image
data. The authors applied UAV remote sensing to measure multiple trees and obtained
a RMSE = 0.479 m (2.78%). Ganz et al. [91] investigated the difference in measured tree
heights between LiDAR data and UAV RGB images. The authors achieved a RMSE = 0.36 m
based on LIDAR data, with a RMSE = 2.89 m on RGB image. Fakhri et al. [92] proposed an
object-based image analysis (OBIA) method to estimate tree height and canopy area. The
authors employed marker-controlled watershed segmentation (MCWS) [93] to segment the
UAYV aerial images and classify and post-process the ground target with information from
a digital surface model (DSM) and digital terrain model (DTM).

Pu et al. [94] proposed two methods to measure the canopy closure (CC) parameters of
trees using unmanned aerial LIDAR data, which can replace the time-consuming and labo-
rious hemispheric photography (HP) method. The first method is based on a canopy-height
model (CHM), while the second method is based on synthetic hemispheric photography
(SHP). The CHM-based method exhibited a high accuracy in the range of 45 degrees zenith
angle, but the accuracy decreased rapidly in the range of 60 to 75 degrees zenith angle. In
contrast, the SHP-based method demonstrated a high accuracy in the range of 45, 60, and
75 degrees.

Zhang et al. [53] proposed a method to detect the ground height of tropical rainforest
using LIDAR data. The method has three steps: (1) Selecting points with a local minimum
value from a large number of point cloud data as candidate points; (2) Comparing each
point in the selected local minimum point set with the DTM of their sampling source
location, and the points with errors within 2 m are considered as real ground points, while
the rest are regarded as non-ground points; and (3) Training a random forest classifier
using the local minimum point set of marker type as the training data. This classifier can
be used to distinguish ground points from other regional point cloud data. Finally, the
DTM is interpolated from the ground points obtained by the random forest classifier using
a downsampling method.

4.1.2. Classification and Identification of Forest Plants

Classification and identification of forest plants is an important application of UAV
remote sensing in forestry. Different methods have been proposed to achieve this goal.

Mo et al. [95] proposed a neural network method for litchi tree instance segmentation
using multi-spectral remote sensing image data. Reder et al. [96] proposed a semantic
segmentation neural network method to monitor collapsed trees in a forest after a storm
using UAV data. Yu et al. [52] developed a method to classify forest vertical structure
using spectral index maps generated from multi-spectral data and canopy height maps
generated from LIDAR data. They compared the classification results of three classifiers:
random forest (RF), XGBoost [97], and support vector machine (SVM), and obtained the
best results with XGBoost. Guo et al. [98] proposed a method to extract tree seedlings in a
cost-effective manner in a complex vegetation environment using image data collected by
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UAV. They combined RGB and grey-level co-occurrence matrix (GLCM) features and used
a random forest classifier to identify the crown area in the image. Taylor-Zavala et al. [99]
investigated the correlation between the biochemical characteristics of plant cells and their
spectral characteristics by comparing the multi-spectral data collected by UAV with the
biochemical characteristics of sampled plant leaves.

4.1.3. Monitoring of Forest Fires

Fire is one of the most severe disasters in forest areas, with the potential to spread
rapidly and cause widespread damage. Given the potential threat to the safety of first-
line firefighters, it is important to have an effective and safe method of monitoring and
evaluating forest fires. UAVs are suitable tools for forest fire monitoring, given their ability
to provide remote sensing information of fire in real time.

Li et al. [100] proposed a method for predicting the spread process of forest fires using
a long—short-term memory (LSTM) [101] neural network model called FNU-LSTM. The
authors collected video data of the forest fire spread process using an infrared camera
mounted on a UAV and trained the LSTM network model to predict the forest fire spread
rate. Hu et al. [102] developed a method for monitoring forest fires using a group of UAVs
for remote sensing. Namburu et al. [103] proposed a method to identify forest fires using
UAV remote sensing RGB image data. The authors trained an improved artificial neural
network, x-mobilenet, a varied MobileNet [104] network model to identify forest fires
through the RGB image data of forest fires collected by UAVs and an existing public fire
image database, achieving an accuracy rate of 97.22%.

Beltran-Marcos et al. [105] investigated the relationship between satellite and UAV
remote sensing multi-spectral image data for measuring fire severity after a forest fire. The
authors found that soil organic carbon (SOC) and soil water content (SMC), which can
be estimated using multi-spectral image data, were highly correlated with the severity of
the fire.

4.1.4. Monitoring of Forest Diseases

Monitoring forest diseases is essential for forest protection. Pine wilt is a widespread
tree disease, with a concentrated research field. The reasons for this include its obvious
external symptoms, which can be observed and detected from RGB, multi-spectral, and
hyper-spectral image data. Pine is a widely distributed tree species in wild forest areas.
Pine wilt disease is widely distributed in forest areas with average temperatures exceed-
ing 20 degrees Celsius [106] and is considered a global threat to forest ecosystems [107].
Table 3 lists part of the reviewed forestry disease articles and compares their data collection
locations, drone platforms, sensors, tree species, disease types, and methods of forestry
disease identification. Figure 8 shows symptoms of pine wilt disease.

b

Figure 8. Symptoms of pine wilt disease.

Hu et al. [86] proposed a neural network method based on UAV remote sensing
RGB image data to identify diseased pine trees in a forest. The spatial resolution of the
dataset sampled by the authors was 5 cm/pixel, and the UAV’s flight height was 380 m.
The authors tested several classifiers on the sampled data, and the proposed deep neural
network achieved the highest recall rate (91.3%). Wu et al. [108] proposed a method to
identify pine wilt based on UAV remote sensing RGB image data. The author divided the
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disease course of pine wilt into early stage and late stage, plus healthy pine, and divided
this into three categories. In the experiment, the recognition accuracy of the neural network
method for late stage of fusarium wilt (73.9~77.2%) was much higher than that of the early
stage of fusarium wilt (46.5~50.8%). Xia et al. [109] studied the shape of pine blight based
on camera RGB data taken by a UAV platform and combined with a ground survey. Their
research showed that from the RGB images taken with the ordinary SLR camera, using
current neural network tools, the accuracy of detecting pine blight could reach 80.6%, while
the recall rate could reach 83.1%. Li et al. [110] proposed a pine wilt detection method that
can be used with edge computing hardware and that can be placed on UAVs. This method
is based on remote sensing RGB data from a UAV and uses the YOLOv4 [111] tiny neural
network model to detect the infection of pine with fusarium wilt. Ren et al. [84] proposed
a neural network method for detecting pine wilt from UAV remote sensing RGB image
data. The spatial resolution of the RGB image sampled by the authors was 5 cm/pixel. The
authors considered diseased pine trees as positive samples and other red ground targets
(such as red cars, red roofs, and red floors) as negative samples. All samples were checked
with boxes. The recall rate of this method was 86.6%, and the accuracy rate was 79.8%.
Sun et al. [112] proposed an object-oriented method for detecting pine wilt using UAV
remote sensing RGB data.

Yu et al. [85] proposed a neural network method for identifying pine wilt based on
UAV remote sensing multi-spectral data. The UAV flew at a height of 100 m, and the spatial
resolution of multi-spectral images was 12 cm/pixel. The authors divided the course of
pine wilt disease into three stages: early stage, middle stage, and late stage. In addition,
healthy pines and other broad-leaved trees were added as two kinds of comparison samples,
which made a total of five types of sample. Based on the classified multi-spectral data, the
authors found that the correct recognition rate was nearly 50% in the early stage of pine
wilt and more than 70% in the middle stage of pine wilt. Yu et al. [113] also proposed a
method to detect early pine wilt disease based on UAV hyper-spectral image data. The
authors ran a UAV at a flight height of 120 m above ground, using a Resonon Pika L hyper-
spectral camera for sampling data. The spatial resolution of the image was 44 cm/pixel,
and the LR1601-IRIS LIDAR system was used to collect LIDAR point cloud data. The
authors classified UAV hyper-spectral forest image data using a 3D convolution neural
network, and the comprehensive accuracy rate of the five types of ground target (pine
wilt at early stage, middle stage and late stage, health pine, and other broad-leaved trees)
reached 88.11%. Yu et al. [114] also proposed a method to identify pine wilt based on
UAV hyper-spectral and LIDAR data. The UAV flew at a height of 70 m, and the spatial
resolution of hyper-spectral images was 25.6 cm/pixel. Using a random forest classifier,
the authors recognized five types ground target (pine wilt at early stage, middle stage and
late stage, health pine, and other broad-leaved trees). Under the condition of using only
hyper-spectral data, the classification accuracy was 66.86%; under the condition of using
only LIDAR data, the accuracy was 45.56%; with the combination of the two data sources,
the accuracy reached 73.96%. Li et al. [115] proposed a method of data recognition based
on UAV remote sensing hyper-spectral images. Using a Headwall Nano-Hyperspec as an
instrument, 8 data blocks were obtained, each a size of 4600 x 700 pixels, and with a spatial
resolution of 11 cm/pixel. When tested on these different data blocks, the accuracy rate of
this method was from 84% to 99.8%, and the recall rate was from 88.3% to0 99.9%.

For other types of trees, Dash et al. [116] simulated the changes of leaf reflectance
spectrum characteristics caused by forest disease outbreaks through small-scale experi-
ments. This result also proved the feasibility of monitoring forest diseases through UAV
multi-spectral remote sensing. Sandino et al. [117] proposed a method for detecting fungal
infection of trees in forests based on UAV remote sensing hyper-spectral image data. The
authors took images of paperbark tea trees from a forest environment under the condition
of partial myrtle rust infection using a Headwall Nano-Hyperspec hyper-spectral camera.
The image marked each pixel according to five types: health, infected, background, soil,
and protruding tree stump. By training the XGBoost [97] classifier, the authors obtained
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a comprehensive accuracy of 97.35% on the validation data. Nasi et al. [118] proposed a
method for detecting the damage of spruce from beetle disease in a forest based on the
UAV remote sensing hyper-spectral data. Gobbi et al. [119] experimented with a method of
identifying the degraded state of forests using UAV remote sensing RGB image data. The
proposed method generates a 3D point cloud and canopy height model (CHM) through
the SIM-MVS method based on UAV remote sensing RGB images. The method measures
forest degradation from three dimensions: forest structural integrity, structural complexity,
and forest middle vegetation density. The authors stated that the STM-MVS method is an
appropriate tool for building and evaluating forest degradation models. Coletta et al. [120]
proposed a method for identifying eucalyptus infection with ceratocystis wilt disease based
on UAV remote sensing RGB image data. Xiao et al. [121] proposed a method for detecting
apple tree fire blight based on UAV remote sensing multi-spectral data.

4.2. Remote Sensing for Precision Agriculture

Precision agriculture [122,123] can be defined as the application of modern informa-
tion technology to process multi-source data for decision-making and operations in crop
production management.

The utilization of UAV remote sensing allows for the acquisition of high-resolution
imagery data that facilitates detailed observations of agricultural disease. This approach
has gained popularity among researchers in recent years, due to its ability to enhance
crop disease observation, water management, weed management, crop monitoring, and
yield estimation. UAV remote sensing has become an increasingly useful tool for pre-
cision agriculture applications. Figure 9 shows the organization of the applications in
precision agriculture.
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Figure 9. UAV remote sensing research in precision agriculture.
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Table 3. Papers reviewed in forest diseases.

Year Authors Study Area UAV Type Sensor Species Disease Method Type
2020 Hu et al. [86] Anhui, China Mulit-rotor RGB Pine Pine Wilt Neural Network
2021 Wu et al. [108] Qingkou, Fujian, China Mulit-rotor RGB Pine Pine Wilt Neural Network
2021 Xia et al. [109] Qingdao, Shandong, China Fixed-wing RGB Pine Pine Wilt Neural Network
2021 Lietal. [110] Taidn, Shandong, China Mulit-rotor RGB Pine Pine Wilt Neural Network
2022 Ren et al. [84] Yichang, Hubei, China Mulit-rotor RGB Pine Pine Wilt Neural Network
2022 Sun et al. [112] Dayu, Jiangxi, China Mulit-rotor RGB Pine Pine Wilt OBIA

2021 Yu et al. [85] Yiwu, Zhejiang, China Mulit-rotor Multi-spectral Pine Pine Wilt Neural Network
2021 Yuetal. [113] Fushun, Liaoning, China Mulit-rotor Hyper-spectral Pine Pine Wilt Neural Network
2021 Yu et al. [114] Yiwu, Zhejiang, China Mulit-rotor Hyper-spectral & LiDAR Pine Pine Wilt Random Forest
2022 Lietal. [115] Yantai, Shandong, China Mulit-rotor Hyper-spectral Pine Pine Wilt Neural Network
2022 Coletta et al. [120] Fixed-wing RGB Eucalyptus Ceratocystis Wilt Ensemble Method
2022 Xiao et al. [121] Biglerville, Pennsylvania, USA Mulit-rotor Multi-spectral Apple Apple Fire Blight Vegetation Index
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4.2.1. Crop Disease Observation

Crop diseases can be caused by a variety of pathogens, including viruses, fungi,
bacteria, and insects, which can cause phenotypic changes in different plants. As the
diameter of the spots on the leaves of plants in the early stage of disease is small (for
example, the diameter of the spots of the early stage of wheat yellow rust is only 1~2 mm),
it is difficult to distinguish the early stages of crop disease using satellite remote sensing
image data (spatial resolution is larger than 1 m/pixel). The image data provided by
satellite remote sensing can only show spectral changes when the chlorophyll and carotene
in crop cells in large fields change significantly at the end of the disease, but at this stage, it
may be too late to effectively deal with the crops, resulting in irreparable loss of crop yields.

In recent years, UAV remote sensing has been used to observe crop diseases by
acquiring near-ground high-resolution images, providing a feasible method for automatic
disease observation and prediction in the field. In the articles we reviewed, the application
of UAV remote sensing in crop diseases covered a variety of crops. Many crop disease
identification methods still rely on certain vegetation indices, but some studies started to
use neural networks instead of vegetation indices to achieve high-accuracy identification
of diseased crops. Table 4 lists part of the reviewed articles on crop diseases, comparing the
drone platforms, sensors, species, disease, and methods of crop disease identification.

Abdulridha et al. [80] proposed a method for distinguishing diseases and pests that are
visually similar to tomatoes in the field based on hyper-spectral imagery collected by UAVs.

One severe disease of citrus is huanglongbing (HLB), also known as citrus green
disease. Figure 10 shows the symptoms of huanglongbing (HLB). Chang et al. [124]
investigated the differences between healthy and diseased orange trees with four vegetation
indices: NDVI [9], NDRE [125], MSAVI [13], and chlorophyll index (CI) [126]. NDRE and
CI, which are related to the red-edge band, are more capable of monitoring citrus greening
disease. In addition, the volume of CHM is also a valuable indicator to distinguish normal
and diseased plants. Deng et al. [127] proposed a multi-feature fusion citrus yellow dragon
disease recognition method based on hyper-spectral camera data, and the recognition
accuracy on the verification dataset reached 99.73%. Moriya et al. [82] examined the
spectral band that is most easily distinguished for HLB disease using hyper-spectral camera
data. The authors found that the reflected energy of the diseased strain was significantly
stronger than that of the normal strain at 460 nm.

Figure 10. Symptoms of huanglongbing (HLB), also known as citrus green disease.

Figure 11 shows symptoms of grape disease. Kerkech et al. [128] proposed a neural net-
work method for detecting esca disease plants from grape fields based on UAV RGB image
data. By using several energy difference-related vegetation indexes (ExR [129], ExG [130],
and ExGR [131]) of diseased and normal plants reflecting light at different wavebands
as key features, the authors achieved a recognition accuracy of 95.80%. Kerkech et al. [83]
proposed a neural network method for grape disease detection based on UAV remote
sensing multi-spectral data. The authors constructed a DSM model of grape fields based on
UAV remote sensing images and combined the infrared and visible spectra of image data to
detect diseased plants in grape fields. The recognition accuracy of this method was 93.72%.



Drones 2023, 7, 398

19 of 42

Figure 11. Symptoms of grape disease.

Figure 12 shows symptoms of wheat yellow rust disease. Su et al. [132] proposed a
method for identifying wheat yellow rust based on UAV remote sensing multi-spectral
data. In the experiment, the authors found that when the spatial resolution of the image
reached 1~1.5 cm/pixel, the UAV remote sensing method could provide enough spectral
information to distinguish wheat yellow rust. The recognition accuracy of the random forest
classifier was 89.2%. The authors found that RVI [10], NDVI [9], and OSAVI [15] were three
most effective vegetation index methods to distinguish healthy wheat from wheat yellow
rust plants. Zhang et al. [133] proposed a neural network method for detection of wheat
yellow rust plants based on UAV remote sensing hyper-spectral image data. The method’s
recognition accuracy rate was 85%. Zhang et al. [134] proposed a neural network method
for detecting wheat yellow rust based on UAV remote sensing multi-spectral image data.
This method improved the network performance by adding an irregular encoding module
(IEM), irregular decoding module (IDM), and channel weighting module (CCRM) to the
U-Net [23] structure. Compared with U-Net [23], this proposed network achieved a higher
recognition accuracy on multi-spectral image data of wheat yellow rust. Huang et al. [135]
proposed a wheat helminthosporium leaf batch disease identification method based on
UAYV remote sensing RGB image data.

Figure 12. Symptoms of wheat yellow rust disease.

Kharim et al. [136] proposed a method to predict the invasion degree of bacterial
leaf blight (BLB), bacterial spike light (BPB), and stem borer (SB) in rice fields based on
UAV remote sensing RGB image data. The authors named their method the IPCA-RGB
vegetation index (Ipc4—rgp) to determine the chlorophyll content in rice plant leaves,
which is positively correlated with the degree of damage of rice plant from BLB, BPB,
and SB. Stewart et al. [137] proposed a quantitative method of maize northern leaf blight
(NLB) based on UAV remote sensing RGB data. The authors conducted experiments
based on the validation data set of the MASK-RCNN [24] neural network model, and
the obtained intersection over union (IoU) was 73%. Shegoma et al. [138] established the
Fall Armywords (FAW) infection dataset based on RGB images collected by UAVs. Based
on this dataset, the authors investigated four neural networks: VGG16 and VGG19 [139],
InceptionV3 [140], and MobileNetV2 [141]. Through transfer learning, these four methods
achieved a higher accuracy on this dataset.
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Table 4. Papers reviewed about crop disease observation.

Year Authors UAV Type Sensor Species Disease Method Type
2020 Abdulridha et al. [80] Multi-rotor Hyper-spectral Tomato TYLC, BS, and TS ! SVM

2020 Chang et al. [124] Multi-rotor Multi-spectral Citrus HLB 2 Vegetation index
2020 Deng et al. [127] Multi-rotor Hyper-spectral Citrus HLB 2 Neural Network
2021 Moriya et al. [82] Multi-rotor Hyper-spectral Citrus HLB 2 Spectral Feature
2018 Kerkech et al. [128] Multi-rotor RGB Grape Virus or Fungi Neural Network
2020 Kerkech et al. [83] Multi-rotor Multi-spectral Grape Virus or Fungi Neural Network
2018 Su et al. [132] Multi-rotor Multi-spectral Wheat Wheat Yellow Rust Random Forest
2019 Zhang et al. [133] Multi-rotor Hyper-spectral Wheat Wheat Yellow Rust Neural Network
2021 Zhang et al. [134] Multi-rotor Multi-spectral Wheat Wheat Yellow Rust Neural Network
2019 Huang et al. [135] Multi-rotor RGB Wheat Helminthosporium leaf batch Neural Network
2022 Kharim et al. [136] Multi-rotor RGB Rice BLB, BPB, and SB 3 Vegetation index
2019 Stewart et al. [137] Multi-rotor RGB Corn Northern Leaf Blight (NLB) Neural Network
2021 Shegoma et al. [138] Multi-rotor RGB Corn Fall Armywords (FAW) Neural Network
2020 Ye et al. [142] Multi-rotor Multi-spectral Banana Banana Wilt Vegetation index
2019 Tetila et al. [143] Multi-rotor Multi-spectral Soybean Soybean Leaf Disease Neural Network
2017 Ha et al. [144] Multi-rotor Multi-spectral Radish Radish Wilt Neural Network

L TYLC: yellow leaf curl, BS: bacterial spot, TS: target spot. 2 HLB: huanglongbing, also known as citrus green disease. 3 BLB: bacterial leaf blight; BPB: bacterial spike light, SB:
stem borer.
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Ye et al. [142] studied the multi-spectral characteristics of banana wilt disease plants
in two fields in Guangxi and Hainan Province, China. They found that the chlorophyll
content of the banana leaf and body surface would decrease significantly with the develop-
ment of fusarium wilt, and the red edge frequency in the multi-spectral data was highly
sensitive to the change in chlorophyll. This method is based on several vegetation indexes
(green chlorophyll index (Clgreen) and red-edge chlorophyll index(CIgg) [126], NDVI [9],
NDRE [125]) of UAV aerial multi-spectral images. The authors obtained a 80% accuracy
with a binary regression classifier.Tetila et al. [143] proposed a recognition method for
soybean leaf disease. The method is based on a RGB image taken by a UAV using SLIC
segmentation method and a neural network classifier. In the experiment, image data with a
spatial resolution of 0.85 mm/pixel were acquired at a height of 2 m above the field, and the
accuracy rate was 99.04%. Ha et al. [144] proposed a neural network method for detecting
radish wilt disease based on field RGB data photographed by a UAV.

4.2.2. Soil Water Content

Lu et al. [145] proposed a method to estimate grassland soil water content based on
UAV remote sensing RGB image data. In the study, the authors verified the feasibility of
estimating soil moisture at 0~10 cm depth using a RGB image and established a model to
estimate soil moisture through linear regression, with a correlation coefficient R* = 86%.
Ge et al. [146] proposed a method to estimate the soil water content of agricultural land based
on hyper-spectral remote sensing image data of UAVs. By using a XQBoost [97] classifier, the
correlation coefficient R? = 83.5% was obtained. Bertalan et al. [147] proposed a method to
estimate soil water content based on the remote sensing multi-spectral and thermal imaging
data of UAVs. In the study, the authors found that the effect of estimating soil water content
using multi-spectral data was better than that using thermal imaging data, with a correlation
coefficient R? = 96%. Datta et al. [48] studied the relationship between hyper-spectral image
data and soil moisture content. Based on all hyper-spectral band (AHSB) data, the authors
used support vector regression (SVR) [148], which achieved a result correlation coefficient
R? = 95.43%, RMSE = 0.8. The authors also found that using the visible and infrared bands
(454~742 nm) achieved the approximate same estimation results as using all hyper-spectral
band (AHSB) data. Zhang et al. [149] studied the estimation of soil moisture content in corn
fields based on multi-spectral, RGB, and thermal infrared (TIR) image data.

4.2.3. Weed Detection

Zhang et al. [150] proposed a method to observe and estimate the distribution of the
harmful plant Oxytropis ochrocephala Bunge based on UAV remote sensing image. Lan
et al. [151] proposed two neural network models, MobileNetv2-UNet and FFB-BiseNetV2,
to monitor weeds in farmland. MobileNetv2-UNet is a small model neural network, which
can be run on edge computer hardware. FFB-BiSeNetV2 is a larger parameter neural
network method that is used to identify weed targets with high accuracy at the ground end.

4.2.4. Crop Monitoring

In recent years, the use of UAV remote sensing has enabled crop monitoring and
yield estimation with an increased precision and efficiency. Several studies have explored
different approaches to obtaining valuable information from UAV remote sensing data,
including crop distribution, fruit density and distribution, biomass estimation, and crop
water content.

Lu et al. [152] proposed two methods for creating rice height models. Digital surface
point cloud (DSPC) is a model that includes the surface ground, vegetation canopy, and
water surface, while digital terrain point cloud (DTPC) represents surface cloud points
without any vegetation. The first method subtracts the DTPC from the DSPC to obtain
the height of vegetation on the ground. The second method measures vegetation height
using depth sensors on a DSPC. The height difference between the water surface reference
layer and the crop canopy is calculated to obtain the crop height. Through experiments,
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the authors verified that both methods can provide reliable crop height estimates, and the
second method is better. Wei et al. [153] verified the high accuracy of an existing neural
network model for identifying rice panicles from UAV remote sensing RGB images. In
the experiment, the authors used the YOLOv4 [111] neural network model to detect rice
panicles, with an average accuracy of 98.84%. The accuracy of identifying rice ears was
95.42% in the rice field without any pathogen infection, which was slightly infected. The
accuracy of data set recognition was 98.84%. The accuracy of identification of moderately
infected rice was 94.35%. The accuracy of identification of severely infected rice data was
93.36%. Cao et al. [154] compared the differences between RGB and multi-spectral data
obtained based on UAV aerial photography on the green phenotype of wheat. In compara-
tive experiments, the multi-spectral index, including red edge and infrared information,
was more effective than the color index with only visible light for wheat phenotypic clas-
sification. Zhao et al. [155] proposed a wheat spike detection method based on a UAV
remote sensing RGB image number neural network method. The authors’ method was
based on the YOLOV5 [156] network model and improved the weight post-processing
part of the network’s conjecture results. During experimental verification, the proposed
method achieved a significant improvement on the recognition accuracy of the original
YOLOVS5 [156] structure network, with an overall accuracy of 94.1%, and the processing
speed was consistent with YOLOV5 [156] under the condition of processing different resolu-
tion images. Wang et al. [157] proposed a method for estimating the chlorophyll content of
winter wheat based on remote sensing multi-spectral image data from UAVs. Based on the
remote sensing image data of winter wheat taken by a multi-spectral camera, the authors
tested 26 different remote sensing indexes combined with four estimation methods, such as
random forest regression. After experimental comparison, an RF-SVR-sigmoid model, a
combination of RF variable selection and an SVR algorithm based on the sigmoid kernel,
achieved a good accuracy when estimating wheat soil plant analysis development canopy
data. Nazeri et al. [158] proposed a neural network detection method for outliers of 3D
point cloud signals based on UAV LIDAR data. Based on f-score, this method successfully
removed different levels of outliers in a crop LIDAR 3D point cloud. This method was
proven effective in experiments on sorghum and maize plants. Chen et al. [159] proposed
a method to detect agricultural crop rows in UAV images. The accuracy rate of detecting
corn planting lines with UAV remote sensing RGB image was higher than 95.45%. When
identifying wheat planting lines, the recall rate was more than 96%, and the accuracy rate
was more than 89%. Wang et al. [160] proposed a method to detect the fluorescence ratio
index (FRI) and fluorescence difference index (FDI) of rice flowering numbers per unit area
with hyper-spectral image data. Through this index system, rice yield was estimated by
taking multi-spectral images to detect the early stage of rice flowering. Traore et al. [161]
proposed a neural network method based on multi-spectral remote sensing data to detect
equivalent water thickness (EWT). Ndlovu et al. [162] proposed a random forest regression
method based on multi-spectral remote sensing image data to estimate corn water content.
Padua et al. [163] proposed an OBIA method for the classification of vineyard objects,
which included four categories: soil, shadow, other vegetation, and grape plants. In the
classification stage of the method, the author experimented with three different classifiers
(support vector machine (SVM), random forest (RF), and artificial neural network (ANN)),
and the ANN achieved the highest accuracy.

4.3. Power Lines, Towers, and Accessories

In recent years, the detection of power lines, towers, and accessories has become an
increasing industry application. A power line tower system is exposed in the field or wild
areas. After a period of time, some cables and insulators made of ceramic or glass can
become damaged through natural causes. Therefore, the power line tower must be inspected
regularly, to replace the damaged parts. Before the rise of UAV remote sensing, the standard
method of patrolling and maintaining power line towers depended on regularly arranging
workers to climb the towers. However, due to the height of power towers, and many of them
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being located in remote mountains and highlands, it is labor-intensive and inefficient work to
check and maintain the towers one by one. The operation becomes extremely dangerous in
winter or the rainy season. UAV remote sensing has greatly reduced the difficulty of power
line and tower inspection. Table 5 lists part of the reviewed remote sensing articles related to
power line towers and compares the data research on drone platforms, sensors, observation
objects, and method purpose. Figure 13 shows the organization of the applications for power
lines, towers, and accessories.

RGB Image
Detection of Power Lines —(
LiDAR Data
Automatic Measuring Power Lines —— LiDAR Data

Automatic PowerLines Inspection —— Binocular Vision

Detection of Power Towers —— LiDAR Data

Power Towers

Power Lines, Towers and Accessories Detection Power Tower Framework Tilt State —— LiDAR Data

RGB Image
Detection of Insulators -< . -~
Insulators { Binocular Vision

Detection of Insulator's Defects —— RGB Image

{ Shock Absorber —— Detection of Shock Absorber —— RGB Image
Figure 13. UAV remote sensing research of power lines and accessories.

The inspection objects in the research papers we reviewed mainly included transmis-
sion lines, towers, insulators, and other accessories.

4.3.1. Detection of Power Lines

As shown in Figure 14, power lines have unique image texture features in remote
sensing images. The power towers located in the field also have unique material, height,
and composition characteristics compared to the surrounding environment.

Figure 14. Power lines and tower.

Zhang et al. [164] proposed a power line detection method based on UAV remote sensing
RGB image data. In the study, the authors also disclosed two datasets: a power line dataset
of urban scenes, and a power line dataset of mountain scenes, which were UAV remote
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sensing power line datasets in urban and outdoor environments. The method proposed by
the authors is based on an improvement of the VGG16 neural network model [139], and the
f-score value was 91.4% on the proposed dataset. Pastucha et al. [165] proposed a power line
detection method based on UAV remote sensing RGB image data. The method was validated
on two open-source datasets and reached accuracies of 98.96% and 92.16%, respectively.

Chen et al. [54] proposed a method of detecting transmission lines based on UAV
remote sensing LIDAR data. The LIDAR equipment carried by the UAV obtained a laser
spot density of 35 points/m? due to low-altitude flights, which is better than the detection
density that can be obtained by manned aircraft. With this method, the detection accuracy
rate was 96.5%, the recall rate was 94.8%, and f-score was 95.6%. Tan et al. [166] proposed
a method to detect transmission lines based on UAV remote sensing LIDAR data. The
authors established four datasets to verify the performance of the method. The LIDAR
point sampling density ranged from 215 points/m? to 685 points/m?, which is significantly
higher than the previous datasets. The accuracy of the method was higher than 97.6% on
four different datasets, and the recall rate was higher than 98.8%.

Zhang et al. [167] proposed a power line automatic measurement method based on
epipolar constraints. First, the authors acquired the spatial position of the power lines.
Second, semi-patch matching based on an epipolar constraint dense matching method was
applied to automatically extract dense point clouds within the power line corridor. Then,
obstacles were automatically detected by calculating the spatial distance between a power
line and the ground, which was represented by a 3D point cloud. This method generated 3D
point cloud data based on UAV RGB data through the SIM-MVS method, with a detection
accuracy of 93.2%, which is equivalent to manual measurement. The above results show that
this method could replace manual measurement. Zhou et al. [168] proposed an automatic
power line inspection system based on binocular vision. This method used binocular
cameras to identify the direction of the power line and then calculate its own course.

4.3.2. Detection of Power Towers

Zhang et al. [55] proposed a power tower detection method based on near-earth
remote sensing LIDAR point cloud data. The authors used an unmanned helicopter as
the remote sensing platform, flying at heights of 180 m and 220 m at different moments,
and the laser spot detection density was 30.7 points/m? and 42.2 points/m? respectively,
to detect the power line area. The accuracy rate of the results obtained was 96.5%, the
recall rate was 96%, and the f-score was 96.4%. Ortega et al. [169] proposed a method to
detect power tower and lines based on helicopter LIDAR data. The authors used Riegl
VUX-1LR LIDAR equipment. The helicopter flight height was 300 m, the LIDAR sampling
density was 13 points/m?, the accuracy rate of tower recognition was 90.77%, and the
recall rate was 94.90%. This method had an accuracy of 99.44% and a recall rate of 99.58%
for the detection of power lines. Lu et al. [90] proposed a method to detect the tilt state
of transmission towers based on UAV LIDAR data. The authors inspected the tilt degree
of the body and head of the power tower in operation, to detect the safety status of the
power tower.

4.3.3. Detection of Insulators and Other Accessories

Insulators and springs are vulnerable components in power lines and are key objects
in power line inspections, requiring identification of their condition.

Figure 15 shows insulators on power lines. Zhao et al. [170] proposed a power
line tower insulator detection method based on RGB image data. Based on the R-CNN
neural network framework [171], the accuracy of detecting insulators with different lengths
reached 81.8%. Ma et al. [172] proposed a circuit tower insulator detection method based on
UAV binocular vision. The image depth information of the insulator was calculated using
the remote sensing image from a dual-view camera to assist in the accurate identification of
the insulators. The accuracy of the authors” method was higher than 91.9%. Liu et al. [173]
proposed a neural network detection method for power tower insulators based on UAV
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RGB images. The authors collected and sorted the data set “CCIN detection” of power line
tower insulators and trained MTI-YOLO, a neural network model that can be deployed on
edge computing equipment, to detect insulators in UAV images. Prates et al. [174] proposed
an insulator defect identification method for power line towers based on UAV RGB image
data. The authors constructed an insulator image dataset with more than 2500 pictures.
The accuracy of the method proposed by the authors was 92% in identifying insulator types
and 85% in detecting defective insulators. Wang et al. [175] proposed a neural network
method to detect defects of circuit insulators. The detection accuracy was 98.38%, and
12.8 pictures could be detected per second. Wen et al. [176] proposed a neural network
detection method for the insulator defects of power line towers based on UAV RGB images.
The authors used a two-level neural network to identify the defects in the insulators of a
power line tower. The first-level R-CNN [171] network detects the position of the insulator
from the remote sensing image, and the second-level coder-decoder network accurately
identifies the defect position. In the authors’ experiment, the recognition accuracy was
88.7%. Chen et al. [177] proposed a method to generate wire insulator image data based on
UAV RGB images. Aiming at the characteristics of a low spatial resolution and less training
data of insulator image data of power line towers obtained from UAV RGB images, the
authors proposed a method to generate high-resolution and realistic insulator detection
images with a conditional GAN [178] for expanding training data. Liu et al. [179] proposed
a method for autonomous inspection of power line towers using UAVs.

Table 5. Papers reviewed on power lines, towers, and accessories.

Year Authors UAV Type Sensor Object Propose

2019 Zhang et al. [164] Multi-rotor RGB Power Lines Detection

2020 Pastuchaetal. [165] Multi-rotor RGB Power Lines Detection

2018 Chen et al. [54] Multi-rotor LiDAR Power Lines Detection

2021 Tanetal. [166] Multi-rotor LiDAR Power Lines Detection

2017 Zhangetal. [167] Multi-rotor RGB Power Lines Auto-measurement
2022 Zhou et al. [168] Multi-rotor Binocular Vision Power Lines Auto-inspection
2019 Zhang et al. [55] Unmanned Helicopter LIDAR Power Tower Detection

2019 Ortega et al. [169] Helicopter LIDAR Power Tower & Lines Detection

2022 Luetal. [90] Multi-rotor LIDAR Power Tower Tilt State

2019 Zhao et al. [170] Multi-Rotor RGB Insulators Detection

2021 Maetal. [172] Multi-Rotor Binocular Vision Insulators Detection

2021 Liuetal. [173] Multi-Rotor RGB Insulators Detection

2019 Prates et al. [174] Multi-Rotor RGB Insulators Detection

2020 Wang et al. [175] Multi-Rotor RGB Insulators Detection

2021 Wen et al. [176] Multi-Rotor RGB Insulators Detection

2021 Baoetal. [180] Multi-rotor RGB Shock Absorber Detection

2022 Baoetal. [181] Multi-rotor RGB Shock Absorber Detection
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Figure 15. Insulators on power lines.

Figure 16 shows a shock absorber on power lines. Bao et al. [180] proposed an
improved neural network model based on the YOLOv4 [111] network to identify shock
absorbers of transmission lines on power towers. After a period of experimentation,
Bao et al. [181] put forward an improved neural network to identify transmission line
shock absorbers based on the YOLOV5 [156] network model and using the dataset they had
collected before.

Figure 16. Shock absorbers on power lines.

4.4. Buildings, Artificial Facilities, Natural Environments, and Others

UAV remote sensing has been increasingly applied in detection and information
extraction tasks for buildings, artificial targets, and other objects, due to its multi-altitude
and multi-angle observation capabilities and the ability to carry 3D sensors that can provide
elevation information of observation targets. Figure 17 shows the organization of the
applications in buildings, artificial facilities, and natural environments.
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Figure 17. UAV remote sensing research on artificial facilities and natural environments.

4.4.1. Buildings and Other Artificial Facilities

In recent years, a trend in the research on remote sensing of buildings has been to use
high-resolution image data to establish elevation information and the SfM-MVS method
for further processing. These research works focused on estimating the status of buildings
after disasters, identifying disaster zones, change detection, identifying building types,
and others. Nex et al. [182] proposed a method for detecting damaged buildings and
their ground coverage areas after disasters based on UAV RGB images. The authors used
multiple overlapping images to generate a sparse point cloud and using the SftM-MVS
method to detect damaged buildings. Yeom et al. [183] proposed a method for estimating
the degree of building damage caused by hurricanes based on UAV remote sensing RGB
images. Li et al. [184] proposed a method for 3D change detection of buildings based on
UAYV RGB images. The authors used the SEIM-MVS method to generate a digital elevation
model (DEM) and detect changes in buildings. Wu et al. [185] proposed a method for
detecting building types in built-up areas based on RGB images. The authors classified
buildings into four categories based on their number of floors: one floor, two floors, three to
six floors, and above six floors. The authors established a DEM model using the StM-MVS
method and classified buildings based on elevation data.

Detecting buildings and their attributes based on UAV image data is also a practical
research direction. Zheng et al. [186] proposed a neural network method for detecting
buildings in UAV RGB images. Li et al. [187] proposed a neural network method for
detecting damaged buildings in RGB images. Based on the SSD [188] network model, the
authors achieved a high accuracy in detecting damaged buildings by adding a CBAM mod-
ule [189]. Xu et al. [190] proposed an encoding and decoding semantic segmentation neural
network based on a channel space enhanced attention mechanism for accurate detection
and segmentation of blue rooftop buildings from drone remote sensing RGB images.

As UAVs can observe buildings and artificial facilities from a predefined height and
angle, there have been applications focused on 3D reconstruction of buildings in recent
years. For this aim, a facade image can be used for 3D reconstruction. He et al. [191]
proposed a method to accurately map the exterior texture images of real buildings onto
their virtual models. The authors used multi-angle images of the exterior of the building,
and through geometric transformation, pasted the transformed texture image of the exterior
wall of the building onto the virtual model of the building. Zhu et al. [67] proposed a
method based on a neural network to match remote sensing images of the same location
taken from different angles and at different resolutions. By segmenting and combining the
target image and calculating the loss function separately for the local area of the image, the
authors realized a cross-view spatial geographic location method.

The 3D reconstruction technology based on UAV remote sensing has been applied to
archaeology and ancient building mapping. Alshawabkeh et al. [56] proposed an image and
3D point cloud fusion algorithm for reconstructing complex architectural scenes. Based on a
LIDAR point cloud and image data collected by UAVs, the authors were able to reconstruct
an ancient village in three dimensions. Laugier et al. [192] proposed an archaeological
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remote sensing method based on multiple data sources. Based on various data sources,
such as aerial remote sensing images, satellite remote sensing images, and drone remote
sensing images, the authors conducted a remote sensing survey of pre-modern land use
information in the Irwan Valley of Iraq. The targets included canals, karez, orbits, and
field systems.

UAYV remote sensing is also used to detect larger vehicles, such as cars and ships. Am-
mour et al. [193] proposed a neural network method for detecting cars in UAV RGB images.
The authors divided the images into multiple blocks using the mean shift method, extracted
regional image features using a VGG network, and then identified whether a certain area
contained car targets using a linear SVM classifier. Li et al. [194] proposed a method for es-
timating the ground speed of multi-vehicles from UAV video. Zhang et al. [195] proposed
a neural network method CFF-SDN for detecting ship targets based on UAV RGB images.
The network model proposed by the authors has three branches that respectively examine
large, medium, and small targets, which can adapt to ship detection tasks of different sizes
in different sea areas and can detect overlapping targets.

4.4.2. Natural Environments and Others

UAV remote sensing has been widely used for environmental research. In the papers
we reviewed, the contents were varied. The natural environment investigations included
predicting the probability of landslides, detecting rockfalls in mountainous areas, observing
glacier changes, and observing rivers and their environment near sea outlets.

Micieli et al. [87] proposed a method of observing the water resources of rivers with
UAV thermal cameras. Compared with satellite remote sensing, the data collected by
drone sensors can have a higher temporal resolution. Lubczonek et al. [85] developed a
bathymetric method for a coastline’s critical area, combining underwater acoustic data and
UAV remote sensing image data. Lubczonek et al. [196] proposed a method for measuring
the topographical surface of shoals and coastal areas. Ioli et al. [197] used UAVs to monitor
glaciers for seven years. The authors found that using UAVs allowed effectively monitoring
the dynamics of glaciers, which is currently impossible with other observation platforms,
including remote sensing satellites. Nardin et al. [198] proposed a method for investigating
the seasonal changes of salina vegetation based on UAV images and ground survey data.

UAV remote sensing has been applied in the investigation of wild animals, with meth-
ods for detecting animals such as wild boars and marine animal activities. Kim et al. [199]
proposed a method to monitor wild boars in plains, mountainous areas, and forested
areas with thin tree canopies using infrared cameras carried by UAVs. Ranvcic et al. [200]
used the YOLOvV4 neural network to identify and count deer in low-altitude forest scenes,
achieving an accuracy of 70.45% and a recall rate of 75%. Christie et al. [89] proposed
an effective method to measure the morphology of small dolphin species based on UAV
RGB images.

5. Discussion

According to the different application types of drone remote sensing, comparing
some of the reviewed papers can reveal the commonalities and differences in tasks, data
collection, data processing, and other stages of these studies.

In recent years, there have been several reviews [29-31] on UAV remote sensing.
Osco et al. [32] focused on the deep learning methods applied in UAV remote sensing.
Aasen et al. [33] focused on the data processing of hyper-spectral UAV remote sensing.
Guimaraes et al. [34] and Torresan et al. [35] focused on the application of UAV remote
sensing in forestry. Maes et al. [36] and Tsouros et al. [37] focused applications in precision
agriculture. Jafarbiglu et al. [40] reviewed UAV remote sensing of nut crops.

In this review, we mainly reviewed research papers published in the past three years
on all application fields and data processing methods for UAV remote sensing. Our goal
was to grasp the current status of the hardware, software, and data processing methods
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used in UAV remote sensing research, as well as the main application directions, in order
to analyze the future development direction of this research field.

5.1. Forestry Remote Sensing

Judging the differences between UAV remote sensing and satellite remote sensing in
forestry remote sensing, UAVs can set the flight height, carry LIDAR sensors for remote
sensing, and have advantages over satellite remote sensing in forest parameter measure-
ment and estimation. In disease monitoring, high-resolution images from UAV remote
sensing can produce better accuracy results.

In terms of forest parameter estimation, Ganz et al. [91] used RGB images and
Krause et al. [51] used LIDAR data from UAV remote sensing to measure tree height, and
the RMSEs obtained were 0.479 m and 0.36 m, respectively; However, Ge et al. [201] mea-
sured forest tree height based on satellite SAR data, and the RMSE obtained was as high as
25%. The accuracy of drone remote sensing in measuring an important parameter of forest
remote sensing, tree height, is significantly higher than that of satellite remote sensing.

In terms of forestry disease monitoring, taking the monitoring of pine blight as an
example, Ren et al. [84] proposed a method based on UAV remote sensing RGB images
with an accuracy of 79.8%; Li et al. [110] proposed a method based on UAV remote sensing
hyper-spectral data, with an accuracy from 84% to 99.8%; However, Zhang et al. [202] used
data obtained from remote sensing satellites, and their accuracy rate for similar diseases
was only 67.7%.

Compared with satellites, UAV remote sensing methods have a higher accuracy in
forest parameter estimation because the sensors can directly measure target elevation infor-
mation. In the forest disease monitoring problem, due to the spatial resolution advantage of
UAV remote sensing image data, it is also difficult for satellite remote sensing data methods
to compete.

From the perspective of the application of UAV remote sensing in forestry remote
sensing, and through a comparison of parameters in Table 3, we can notice some differences
and connections in the observation platforms, sensors, and information processing methods:
(1) Only two articles [109,120] used fixed-wing UAVs, but in these two studies, the data
sampling range was significantly more extensive than that of the multi-rotor methods, the
flying height was higher, and RGB sensors were used; (2) Yu et el. [85,113,114] used multi-
spectral and hyper-spectral LIDAR as sensors in their three studies, all with multi-rotor
UAVs; (3) In the research papers on pine wilt, except for the article [114] using LIDAR
data and another OBIA method [112], the research papers using RGB, multi-spectral, and
hyper-spectral all used neural networks. (4) No article used the flight data of drones,
including GNSS, flight speed, and other information.

Based on the above two perspectives, we summarize the characteristics of forestry
UAV remote sensing: (1) Due to the higher spatial resolution of satellite remote sensing
data, UAV remote sensing can achieve higher accuracy in remote sensing monitoring of
forestry diseases; (2) UAV remote sensing method has the characteristics of carrying LIDAR
and flying according to a set altitude, so it can achieve better accuracy in measuring forest
parameters than satellite remote sensing; (3) Fixed UAVs can be used as vehicles for large-
area forest remote sensing. However, this vehicle also needs to be set to fly at a higher
spatial position, and the spatial resolution of the acquired image data will be relatively low;
(4) In current research, multi-rotor UAVs are often equipped with multi-spectral cameras,
hyper-spectral cameras, and LIDARs; (5) For the data processing methods of collected RGB,
multi-spectral, and hyper-spectral sensors, the neural network method is the mainstream
method in current research; however, LIDAR data have special elevation information, and
the processing method is still relatively cumbersome; (6) Current research papers lack the
processing and utilization of UAV flight data, such as GNSS, azimuth, flight speed, and
other information.
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5.2. Precision Agriculture

In precision agriculture, satellite plant remote sensing data are considered insufficient
to support an accurate assessment of crop growth [203]. One of the significant achieve-
ments of UAV remote sensing in recent years is crop disease detection and classification.
Compared to the 30 m/pixel resolution image of the Landsat-5 satellite and the 10 m/pixel
resolution image of the Sentinel-2 satellite, UAV remote sensing can produce image data
with a spatial resolution up to decimeters/pixel or even centimeters/pixel.

Take the studies on wheat yellow rust as an example. The study of [204] based on
satellite remote sensing data could only verify the effectiveness of the vegetation indexes
ona 10 x 10 m field; The study of [132] based on UAV remote sensing multi-spectral images
with a spatial resolution of 1-1.5 cm/pixel could precisely identify the most relevant
changes in different spectrums of the disease. The accuracy of wheat yellow rust image
sample classification and recognition in a 1 x 1 m farmland area was 89.2%, significantly
better than the method based on satellite image data. Bohnenkamp et al. [205] studied
the relationship between the UAV-based hyper-spectral method and ground handheld
instruments. From the perspective of spectral features, the observation and recognition of
the crop canopy based on UAV remote sensing already has a similar effectiveness compared
to handheld ground methods.

Comparing the data in Table 4, we can determine some rules: (1) Articles applied to
crop disease monitoring generally used multi-rotor drones; (2) Most papers used multi-
spectral cameras, followed by RGB and hyper-spectral cameras. LIDAR was not used;
(3) Most studies used neural networks as the detection method.

We can make a summary of remote sensing for precision agriculture based on these
points: (1) The high-spatial-resolutiof images that UAV remote sensing can provide can
bring higher a recognition accuracy in monitoring and identifying crop diseases than satel-
lite remote sensing data with a lower spatial resolution; (2) Multi-spectral image data are
the most extensively studied data in agricultural disease remote sensing. However, current
unmanned aerial vehicle multi-spectral remote sensing technology still lacks the ability to
identify early symptoms of fungal infections in crop leaves. With the development of higher
resolution image sensors and data fusion technology, obtaining early crop disease infection
information from drone remote sensing images will become possible. (3) The current
research has limited demand for large-scale, low-spatial-resolution data for crop disease
monitoring. The main research focused on high-spatial resolution and small ground area
remote sensing. Therefore, multi-rotor UAVs meet the needs of this application; (4) Most of
these studies were based on using neural network methods as detectors or classifiers.

5.3. Artificial Facilities

For the remote sensing of artificial facilities, the RGB and LIDAR sensors carried by
UAVs for remote sensing can establish the elevation information of the target through ALS
or SEIM-MVS methods, which is difficult to achieve based on satellite remote sensing data.

For particular targets, such as power lines, with a diameter of only a few centimeters,
UAYV remote sensing has shown technical advantages. Comparing Table 5, we can see some
rules: (1) For the remote sensing of power line towers, most remote sensing observation
platforms are the multi-rotor type. When LIDAR is used as a sensor, a helicopter can also
be used as a platform; (2) When the observation object is a power line, a RGB camera or
LIDAR can be selected as the sensor. However, when RGB is used as the sensor, the power
line detection is solved as a semantic segmentation method, using a neural network; but
when LIDAR is used as the sensor, the power line detection is based on three-dimensional
point cloud data, and the recognition method is more cumbersome than a neural network;
(3) The sensors are all LIDAR when the detection object is a power tower. The experimental
results show that using LIDAR data to detect power towers can provide a high accuracy
rate; (4) When the detection objects are insulators and springs, the data used in studies are
all RGB images, and the recognition method is the neural network method.
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5.4. Further Research Topics

Regarding the different platforms among the many studies reviewed so far, the multi-
rotor UAV was the most adopted flying observation platform. Among the reviewed
articles, these were equipped with all types of sensor. When large-scale observations are
required in environments such as forestry remote sensing, fixed-wing UAVs need to be
used as platforms.

From the perspective of data types, in precision agriculture, the most important data
source is multi-spectral imagery. Since the current research has not yet used the image
texture features of crop diseases, there is still space for improvement in crop disease
detection using UAV remote sensing. Many fungal crop diseases can cause spots on plant
leaves, and these spots’ morphology and spatial distribution vary by fungal type. In the
early and middle stages of wheat powdery mildew, spots with a diameter of only 1-2 mm
appear on the leaves of wheat plants. In the papers we reviewed, most research data
were sampled at an altitude of 100-120 m, and the spatial resolution of the multi-spectral
images was 4-8 cm/pixel. Therefore, the speckled features caused by fungi were not
visible in these images. The later stage of the disease, when a large amount of leaf cells are
affected by the fungus and photosynthesis decreases a lot, results in apparent changes in the
reflectance spectrum, which can determine whether the farmland wheat is infected or not.
The current limitations are also opportunities for future research. With the improvement
of spatial resolution of image sensors and multi-band image registration methods, drones
equipped with higher spatial resolution multi-spectral cameras can perform close-range
remote sensing of crops. Soon, researchers will be able to obtain multi-spectral image
data with a spatial resolution of millimeters per pixel. At that time, the characteristics of
fungi and other diseases on crop leaves will be observable not only from the spectrum
but also from the texture features of multi-spectral images. Currently, neural network
methods that have been extensively studied can recognize the textural features of images
with high accuracy and recall. In summary, from the perspective of data and identification
methods, the current technological development trends are creating a robust foundation
for accurately identifying crop diseases using UAV remote sensing in the future.

RGB and LIDAR are two important data sources for the remote sensing of buildings
and artificial objects. With the improvement of the resolution of image sensors, progress
can be made in observing the position, speed, and activity of smaller artificial objects.
Li et al. [194] proposed a method for estimating the ground speed of multi-vehicles from
UAV video. Saeed et al. [206] proposed a small neural network that can run on the NVIDIA
Jetson nano embedded platform and which can be placed on a UAV, aiming to directly
detect common ground targets, including pedestrians, cars, motorcycles, direct driving,
etc. With the development of imaging camera resolution, exposure speed, and embedded
computing platforms equipped with drones, it will be possible to detect more diverse and
smaller artificial targets from UAV remote sensing image data in the future.

From the perspective of method migration, there is existing work [90] using UAVs
equipped with LIDAR sensors to realize the measurement of the tile state of power line
towers. Such methods can be widely transferred to measure other artificial structures, such
as bridges, high-rise buildings, etc. At present, in a work of [164,165] on automatic detection
of power lines by drones, since the sensor used is an RGB camera and the detection method
is a neural network, this also has the prospect of being easily migrated to scenarios such as
railway tracks and road surfaces.

Regarding data processing methods, neural networks are mostly used as detectors and
classifiers in the current research based on RGB, multi-spectral, and hyper-spectral image
data. The neural network needs to annotate the image data and can then modify a neural
network with better results based on the characteristics of the specific scene. However,
in the review of research using LIDAR data, most papers did not use neural networks to
process LIDAR data, and the current methods are still relatively complicated. Processing
UAV 3D point cloud data through neural networks may become an important feature
research direction.
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Fusing multi-source data is also an important development direction in UAV remote
sensing. The current research is less focused on applying multi-source and multi-type UAV
remote sensing data, such as LiDA and RGB fusion data, LIDAR and multi-spectral fusion
data, etc. Therefore, the fusion method of different source data is also a development focus.

In UAV research papers, there is only a small amount of content that used information
such as GNSS coordinates and speed during UAV flight and no research papers based on
drone video data. Data of these two aspects may become a new research hot spot.

In addition to data and processing methods, UAVs can make repeated observations of
the same ground target area at the same height and angle in the air, because they can fly
according to preset routes and take remote sensing shots at set crossing points. This feature
is suitable for research on change detection, but there is a lack of corresponding research
and applications at present.

6. Conclusions

Through this review of UAV-related papers in recent years, the authors verified that
UAV technology has been widely used in remote sensing applications such as precision
agriculture, forestry, power transmission lines, buildings, artificial objects, and natural
environments, and has shown its unique advantages. Compared with satellite remote
sensing, UAV remote sensing can provide higher resolution image data, which makes
the accuracy of crop type identification, agricultural plant disease monitoring, and crop
information extraction significantly better than when using satellite remote sensing data.
UAYV LIDAR data can produce accurate elevation information for power transmission
lines, buildings, and artificial objects, which provides better results when detecting and
identifying the attributes of these targets and demonstrates that UAV remote sensing can
be used in accurate ground object identification and detection.

There are still many advantages and characteristics of UAV technology that have not
been applied in remote sensing. Considering the classification of sensors that drones can
carry, optical image data have been studied the most. With the improvement of spatial
resolution of these data, more detailed information about large targets could be extracted,
such as fungal infections on crop surfaces, or information such as the position and speed
of smaller targets. In terms of 3D stereoscopic data, multi-view stereoscopic imaging has
had more research and applications compared to LIDAR data, due to low equipment
requirements, low costs, and simple initial data processing. However, in remote sensing
tasks for buildings, bridges, iron towers, and other targets, research based on LIDAR data
will continue to be the main research object, due to its outstanding accuracy advantages.

We can find other research opportunities if we look at the current lack of usage and
processing of certain types of data from drones. The flight data of drones, such as GNSS,
flight altitude, speed, and gyroscope data during the flight, were rarely used in the research
we reviewed. The main reason for this is that the current mainstream UAV sensors lack a
data channel to link with the drone’s flight controller, so the flight controller’s data cannot
be synchronously saved to the UAV sensors.

The GNSS information of drones is crucial for accurately measuring the coordinates of
ground targets from an aerial perspective. Due to the fact that drones can achieve accurate
positioning with a horizontal error of less than 1 cm through RTK, the absolute GNSS
coordinates of ground targets can be obtained not only from the relative position of ground
targets and the drone but also from the GNSS coordinates of the drone itself, and the error
mainly depends on the relative position error measured from image and video data with
the drone.

The flight altitude of drones plays a crucial role in determining the spatial resolution
of the image sensors carried and for measuring the elevation information of ground targets.
However, in the papers we reviewed, most drones flew at a fixed altitude when collecting
data. This flight method is suitable for observing targets on flat ground. For targets that
require elevation information, rich multi-view images can be established by remote sensing
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the targets at different altitudes using drones, and three-dimensional information of the
targets can be reconstructed through the SfM-MVS method.

In the currently reviewed drone remote sensing articles, neither image nor video data
were synchronized with gyroscope data. However, in recent years, in the newly published
articles on SLAM, the use of high-precision gyroscopes has made relatively considerable
progress in accuracy in 3D imaging and 3D reconstruction. A drone flight controller’s
gyroscope system has advanced sensors and complete physical damping and sensor noise
elimination methods. Therefore, it could be possible that some indoor SLAM methods
could be migrated to drone platforms, to utilize the gyroscope data.

The above is a prediction of the future development direction of drone remote sensing
from different data sources and processing perspectives. In addition, drones are excellent
data acquisition and observation platforms for performing change detection tasks, due
to their ability to program flight routes and remote sensing positions and observe the
determined flight routes multiple times. Using drones, not only can observation targets be
observed multiple times from the same angle, but also unrestricted temporal resolutions
can be achieved. Therefore, we believe that change detection based on drones should
experience significant development in the next few years.
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Abbreviations

The following abbreviations are used in this manuscript:

UAV unmanned aerial vehicle

OBIA object-oriented analysis methods

™ thematic mapper

MSS multi-spectral scanner system

VTOL vertical take-off and landing

NIR near-infrared

LIDAR laser imaging, detection, and ranging
MU inertial measurement units

GNSS global navigation satellite systems
DEM digital elevation model

DTM digital terrain model

DSM digital surface model

SfM-MVS  structure from motion and multi-view stereo
ALS airbrone lisar scanning

GCP ground control point

GSD ground sample distance

CcC canopy closure

HP hemispheric photography

CHM canopy-height model

SHP synthetic hemispheric photography
SLAM simultaneous localization and mapping
SLR single lens reflex

GLCM grey-level co-occurrence matrix
SPAD soil plant analysis development
LSTM long-short term memory

50C soil organic carbon

SMC soil water content
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HLB huanglongbing
IEM irregular encoding module
IDM irregular decoding module

CCRM channel weighting module
AHSB all hyper-spectral bands

TIR thermal infrared

RMSE root-mean-square error

NDVI normalized difference vegetation index
NDWI normalized difference water index
EVI enhanced vegetation index

LAI leaf area index

NDRE normalized difference red edge index
SAVI soil adjusted vegetation index
MSAVI improved soil adjusted vegetation index
CcI chlorophyll index

FRI fluorescence ratio index

FDI fluorescence difference index

EWT equivalent water thicknes

DSPC digital terrain point cloud

DTPC digital terrain point cloud

PLDU power line dataset of urban scene
PLDM power line dataset of mountain scene
SVM support vector machine

RF random forest

ANN artificial neural network

SVR support vector regression

PLAMEC power line automatic measurement method based on epipolar constraints
SPMEC semi patch matching based on epipolar constraints
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