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1.  Introduction
Global water withdrawal and usage have risen nearly sixfold since 1900. Approximately 69% of water with-
drawals are used in agriculture, 19% in industries, and 12% for municipal purposes (Food and Agriculture 
Organization of the United Nations, 2020). Anthropogenic disturbances and climate change affect the water 
cycle, water supply and demand, and impose stress on the global water systems (Haddeland et al., 2014). 
As such, hydrologists, geologists, agronomists, soil scientists, and engineers need reliable tools to monitor 
and manage surface and groundwater resources, particularly in locations where traditional monitoring is 
inadequate.

Traditional water monitoring and measurement techniques are time-consuming, costly, and typify an inad-
equate and disproportionate spatial and temporal range. Over the past few decades, airplanes and satellites 
have been the chief source of remotely sensed water resource data. However, the usefulness of these plat-
forms is mainly restricted to the largest spatial scales. The low frequency of temporal sampling is dictated 
by logistical costs (aerial imagery) or tasking schedules (satellites; Becker et al., 2009; Xue & Su, 2017). The 
dearth of finer resolution data and temporal inflexibility of these platforms precludes the possibility of 
on-demand data acquisition that is often necessary to capture the highly transient processes operating at 
fine spatial scales necessary for the planning and management of water resources (e.g., freshwater abstrac-
tion) and the assessment of hazards (e.g., flood extents). However, with recent advances in sensors, cameras, 

Abstract  The hydrologic sciences and water resources management have long depended on a 
combination of in situ measurements and remotely sensed data for research and regulatory purposes. 
In situ measurements are constrained in their spatial distribution by both logistics and costs. Satellite- 
and manned aircraft-based remote sensing provide spatially broad data, but often of a coarse resolution. 
Furthermore, all these data collection methods are often limited in their ability to respond to specific 
short-term events when the data and imagery could inform real-time assessment and decision-making, 
especially during and immediately after natural disasters. Researchers and regulators are increasingly 
using unmanned aerial vehicles (UAVs) to fill these gaps in both spatial and temporal data resolution. 
UAVs are often more cost-effective than traditional remote sensing or in situ data collection methodologies 
and the availability of new advancements in UAV design, power supply, payload capacity, and sensors 
has been driving rapid innovations in their use in the hydrological sciences. This in-depth review 
explores these UAV technologies and how they are being employed for on-demand and cost-effective 
characterization, monitoring, assessment, and modeling of soil and water resources. Our discussion 
addresses both key opportunities and challenges in surface water and groundwater studies, land-
atmosphere interaction studies, water management in agriculture and forestry, ecosystem monitoring, and 
hydrological modeling.
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rechargeable batteries, and image processing tools and techniques (Chabot, 2018; Pajares, 2015), unmanned 
aerial vehicles (UAVs) now present a rapid, accurate, and cost-effective approach to the on-demand study of 
water resources in complex settings at a much finer scale (Anderson & Gaston, 2013; Bhardwaj et al., 2016; 
Rakha & Gorodetsky, 2018; Sullivan, 2006).

UAVs are used non-invasively to remotely sense, access, and evaluate the form and structure of features 
within river catchments, and hydrological processes across spatial and temporal scales. They integrate spa-
tial, temporal, spectral, and continuous data to enable soil and water characterization and hydrological fore-
casting (Quiquerez et al., 2014; Woodget et al., 2017). UAVs acquire real-time in situ water quality param-
eters primarily due to advances in robotics, sensor technologies, wireless networks, and image processing 
systems, and therefore to help improve the spatial resolution of remote sensing in water quality monitoring. 
For example, Becker et al. (2019) used a UAV-based spectroradiometer to study potential algal blooms in 
near-real-time in the Maumee River and the western basin of Lake Erie. Chabot (2018) posited three ma-
jor advantages of modern-day UAVs compared with conventional radio-controlled hobby airplanes: (a) so-
phisticated auto-pilot systems integrating autonomous flight and user-friendly flight planning and tracking 
software, (b) increased flight time due to advances in rechargeable battery technology, and (c) lightweight, 
high-resolution, and inexpensive compact digital cameras (discussed in later sections). Thus, UAVs have 
become a valued remote sensing platform due to flexible navigation, low maintenance, and operational cost, 
and reliability of results compared with traditional and intrusive techniques (Ridolfi & Manciola, 2018).

A rapid surge in UAVs usage to derive miscellaneous environmental information is globally documented. 
The US alone shows nearly 1.5 million UAVs and 160,000 remote pilots being registered by May 5, 2020 
(Federal Aviation Administration, 2020). Research on the use of UAVs has been growing exponentially since 
2015 (Chabot, 2018). Available reviews and studies have focused mainly on engineering (Chabot, 2018; Liu 
et al., 2014) and environmental applications (Eskandari et al., 2020; Manfreda et al., 2018). However, inter-
ests and advances in hydrology are on the rise. A few reviews are available within the hydrological science, 
but they emphasize single or a few selected hydrological variables. For examples, Kislik et al. (2018), Wu, 
Li, et al. (2019), and Wu, Rodriguez, et al. (2019) reviewed the application of UAVs in algal bloom research, 
Lally et al. (2019) reviewed the use of UAVs in water sampling, McDonald (2019) and Zakaria et al. (2018) 
reviewed the applicability of UAVs in urban stormwater management and flood monitoring, respectively, 
while Rhee et al. (2017) focused on fluvial environments. More recently, Vélez-Nicolás et al. (2021) reviewed 
the application of UAVs in surface water and groundwater research. Despite these available reviews in 
hydrology, a clear, comprehensive, and one-stop review addressing different hydrological variables, sen-
sors, and their applications is lacking. Thus, a comprehensive review of UAVs in this sector is important to 
identify current applications, developments, and challenges essential for water resource planning and man-
agement. This article attempts to fill this gap by presenting an extensive review of more than 260 studies, fo-
cusing on the application of different UAVs and sensors in surface water and groundwater studies and water 
resource management. However, procedures and practices in data processing and visualization are not fully 
considered or discussed. Tools to derive UAV products are available from Thielicke and Stamhuis (2014) 
and Perks (2020), among others. Here, we first provide an overview of the UAV platforms (Section 3) before 
presenting information on different sensors and instruments, highlighting their general limitations (Sec-
tion 4). Application of UAV sensors and review of studies related to different hydrological variables: rainfall, 
evaporation, overland flow, snow, soil moisture, surface water elevation, flow velocity, groundwater, water 
discharge, water quality, water storage, vegetation, land cover, and water vapor (McCabe et al., 2017) are cat-
egorized into four distinct but inter-related areas (a) surface hydrology and water management (Section 5), 
(b) subsurface hydrology and water management (Section 6), (c) land-atmosphere interactions (Section 7), 
and (d) other applications (ecosystem monitoring and modeling; Section 8). Finally, we highlight the chal-
lenges (Section 9), opportunities, and prospects of using UAVs in hydrology (Section 10).

2.  Literature Search
We conducted an exhaustive literature search in the Web of Science and Google Scholar database using 
key words “drones,” “UAV,” “UVS,” “UAS,” “RPAS,” “RPV,” “unmanned aerial vehicle,” “unmanned vehi-
cle system,” “unmanned aerial system,” “remotely piloted aircraft system,” “remotely piloted vehicle,” and 
“structure from motion” alone and in combination with keywords “hydrology,” “water quality,” “surface 

Writing – review & editing: Bharat 
Sharma Acharya, Mahendra Bhandari, 
Filippo Bandini, Alonso Pizarro, 
Matthew Perks, Deepak Raj Joshi, 
Sheng Wang, Toby Dogwiler, Ram 
L. Ray, Gehendra Kharel, Sadikshya 
Sharma



Water Resources Research

ACHARYA ET AL.

10.1029/2021WR029925

3 of 33

water,” “groundwater,” “sensor”, “drainage,” “discharge,” “water velocity,” 
“velocimetry,” “bathymetry,” “water elevation,” “soil moisture,” “snow,” 
“drought,” “flood,” “erosion,” “ponds,” “agriculture,” “forest,” “crop wa-
ter status,” “tile drainage,” “evapotranspiration,” “ecosystem,” “model,” 
and “water management.” Articles of interest had to be published within 
April 2021 and written in English. We manually screened relevant arti-
cles by reading the title and abstract and discarding duplicate papers to 
fit four previously mentioned areas. About 240 peer-reviewed articles and 
20 conference papers, book chapters, and gray literature were selected 
and reviewed in detail for the basics, technical aspects, and application 
of UAVs.

3.  UAV Platforms
UAVs are classified based on their weight, endurance, altitude, and oper-
ational radius (Table 1). UAV surveys require three major components: 

the data collection system (i.e., the aerial platform and sensors), data processing system (e.g., to generate 
surface models and orthomosaics), and data analysis (i.e., for visualization, extraction, and interpretation). 
UAV platforms are primarily classified based on their aerodynamic configuration, operational character-
istics, and capabilities. In addition, UAVs may be differentiated according to size, cost, and payloads. Ta-
ble 1 summarizes different types of UAV platforms used in hydrological studies, which are briefly discussed 
below.

Rotary-wing and fixed-wing UAVs are the two most commonly used flight platforms in hydrology and wa-
ter management studies. These platforms are shown in Figure 1: A. DJI Matrice 100, a rotary-wing, and B. 
Fixed-wing customized UAV platform. Hydrological applications of rotary-wing UAV are available from 
Ahongshangbam et al. (2019), Capolupo et al. (2015), Resop et al. (2019), Wigmore et al. (2019), and Yang 
et al. (2019), whereas fixed-wing from De Michele et al. (2016), Templin et al. (2018), and Escobar Villanue-
va et al.  (2019), among others. The choice of platform is a function of the study objectives and scope in 
relation to the necessary payload, flight ranges, maneuverability requirements, and similar considerations. 
Fixed-wing UAVs use wings to generate lift and control flight. They have longer endurance, greater payload 
capacity, and higher flight speed. In contrast, rotary-wing UAVs use multiple rotor blades to generate lift and 
control flight. By their nature, rotary-wing UAVs are highly maneuverable with vertical take-off and landing 
capacity. However, they have lower flight speeds and are more limited in flight altitude and duration be-
cause of the high-energy requirements of maintaining lift via the rotors. Quadcopters and hexacopters are 

Category Weight (kg) Altitude (ft AGL)
Radius 
(km)

Endurance 
(hr)

Micro <2 Up to 200 <5 <1

Mini 2–20 Up to 3,000 <25 1–2

Small 20–150 Up to 5,000 <50 1–5

Tactical 150–600 Up to 10,000 100–300 4–15

MALE >600 Up to 45,000 >500 >24

HALE >600 Up to 60,000 Global >24

Note. AGL, above ground level. Source. Adapted and modified from Qi 
et al. (2018)

Table 1 
Classification of Unmanned Aerial Vehicles

Figure 1.  Examples of rotary-wing (a) and fixed-wing (b) unmanned aerial vehicle (UAV) platforms: (a) DJI Matrice 
100 and (b) Fixed wing customized UAV platform. Rotary-wing UAVs have vertical take-off and landing and short 
take-off and landing capacities, ability to hover and fly in any direction, and the ability to fly at low speed, allowing 
easy control and maneuver. Fixed-wing, on the other hand, has rigid wings, which enables forward lifts. It has a simple 
structure, long flight range, and lower maintenance and repair costs. (Photo courtesy: Mr. Daniel Gonzalez, Texas 
AgriLife Research and Extension Center, Corpus Christi, TX, USA).
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the most common configuration of rotary-wing UAVs. In general, multi-rotor systems are preferred in hy-
drology due to their agility, maneuverability, and vertical take-off and landing capability (Jeziorska, 2019). 
Boon et al. (2017) compared fixed-wing and multi-rotor UAVs following similar sensor specifications, flight 
patterns, and altitude to derive Digital Terrain Models (DTMs) for environmental mapping. Multi-rotor 
UAVs were superior in spatial resolution, accuracy, precision, and object identification in the final derived 
analytical products. However, fixed-wing UAVs required less maintenance and ensured longer flight time.

The key components in both platforms include the frame, the navigation system, the power system, and the 
payload (Giordano et al., 2016). The frame holds all other components and may be constructed of polysty-
rene, plastic, aluminum, or carbon fiber, depending upon the type and model. A Global Navigation Satellite 
System (GNSS) antenna is attached to the frame to control the navigation system and collect location data. 
Manufacturers are increasingly integrating survey-grade GNSS systems into UAVs and related autopilot 
systems. Different systems are being deployed, but most UAVs use the post-processing kinematic (PPK) 
approach. However, several current UAVs can make real-time corrections using a Real-Time Kinematic 
(RTK) system (e.g., DJI Phantom 4 RTK, SZ DJI Technology Co., Ltd., Shenzhen, China). PPK and RTK 
systems offer similar benefits. However, the PPK technique may be slightly more precise than RTK as the 
post-processing allows for applying Kalman filters in both backward (as in RTK) and forward directions 
(Cledat et al., 2020). In terms of in-field operations, a benefit of the PPK system is that it does not require 
a radio link between a base station and the rover (i.e., the UAV). However, RTK systems offer precise posi-
tioning data during the flight for better adherence to the flight plan and data collection targets and eliminate 
the necessity of post-processing the positional data. Many UAV GNSS systems are capable of both PPK and 
RTK, which allows the user to choose the best option for a particular objective. Deploying, surveying, and 
retrieving ground control points (GCPs) are the most time- and labor-intensive aspects of UAV field opera-
tions. GCPs also add significantly to the time required to complete data processing after the acquisition of 
imagery. PPK and RTK techniques reduce dependency on GCPs for georeferencing of aerial imagery and 
other data products.

The power system consists of batteries required to supply power to motors and equipped sensors. Most 
UAVs use lithium polymer (LiPo) batteries, which have a very high-energy density and discharge rate (C 
rate), and are lighter in weight. The payload includes any sensors or cameras attached or integrated into 
the system. Payload capacity is dependent on the frame size and weight of the other UAV components, the 
number of propellers, the power of each motor, and the battery type and capacity. While fixed-wing and 
multi-rotor aerial platforms are used in hydrology and water management, hybrid models are also increas-
ingly being tested.

The hybrid models integrate different characteristics from both fixed-wing and multi-rotors. For example, 
several manufactures offer fixed-wing UAVs that can land vertically by spiraling to a controlled stall over the 
landing zone and then deploying a parachute to complete a vertical descent. A discussion of different min-
iature hybrid aerial models, their platform designs, dynamic modeling and control techniques, advantages, 
disadvantages, and challenges were presented in Saeed et al. (2018). Some hybrid models used in hydrology 
include hybrid unmanned aquatic-aerial quadcopter in Alzu’bi et al. (2018), Drews et al. (2014), and Ma 
et al. (2018), and quad-rotor fixed-wing hybrid UAVs in kalpa Gunarathna and Munasinghe (2018). Gen-
erally, hybrid models can vertically takeoff like a multi-rotor UAV, navigate like a fixed-wing UAV, cover a 
larger area at high speeds and altitudes, and land like a multi-rotor UAV. However, they are complex systems 
that demand a higher level of skill and training from the pilot.

4.  Sensors and Instruments
Table 2 lists different UAV sensors used in hydrology and water resources management with their advan-
tages and disadvantages. Briefly, red, green, and blue (RGB) imaging sensors (Section 4.1), multi-spectral 
(MS) sensors (Section 4.2), hyperspectral sensors (Section 4.3), thermal sensors (Section 4.4), LiDAR sen-
sors (Section 4.5), and microwave sensors (Section 4.6) were identified as commonly used UAV sensors in 
hydrological studies (Figure 2). Sensors can be used alone or together, as illustrated in Figure 3. Raw images 
obtained from UAV sensors are generally processed to generate orthomosaics and surface models. The pro-
cess starts with uploading the raw images, followed by image alignment and georeferencing. In the latter 
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step, the GPS coordinates of ground control points (GCPs) are uploaded in specific software to correct the 
geolocation of the images. After successful georeferencing, a 3d-dense point cloud is generated to develop 
geospatial data products. Digital Surface Model (DSM) is generated from the point clouds and orthomosaic 
image is developed from the surface model to further data analytics.

4.1.  RGB Sensors

Table 3 presents some commonly used RGB imaging sensors (i.e., digital cameras). These sensors capture 
the reflectance observed in the visible spectrum (400–700 nm), and produce imagery with three values for 
individual RGB pixels. While RGB cameras are available separately, they could be customized, if neces-
sary, and mounted in the UAVs (Yao et al., 2019). Some UAVs such as the Phantom series and DJI Mavic 
series (SZ DJI Technology Co., Ltd, Shenzhen, China), are available with integrated RGB sensors that are 
not designed by the manufacturer to be easily detached and swapped for alternative sensors. UAVs with 
RGB sensors are portable, easy to operate, relatively inexpensive, and provide high-quality RGB images for 
orthoimagery and the development of DSMs (Yang et al., 2019) and orthomosaics (Beene et al., 2021; Tem-
plin et al., 2018). Some commercially available visible band cameras include Phase One, iXA 180, Trimble, 
IQ180, Hasselblad, H4D-60, NEX-7, and GXR A16. Compared to other types of sensors, RGB cameras have a 
wider bandwidth, limited spectral resolution, and lack radiometric calibration options (Yao et al., 2019); the 
latter may, however, be attained using calibration panels (Bhandari et al., 2020). Key considerations when 
selecting an appropriate sensor include (a) the sensor size, with larger sensors generally resulting in higher 
quality images; (b) the focal length, which determines the sensor's field-of-view, with short (e.g., 10 mm) 
focal lengths being associated with high levels of geometric distortion; and (c) the type of shutter employed, 
with global mechanical shutters offering faster shutter speeds than electronic rolling shutters, with the latter 
potentially inducing motion blur when the UAV is traveling at speed (e.g., >4 m s−1; Vautherin et al., 2016).

Sensors Hydrological applications Advantages Disadvantages

RGB Aerial photogrammetry, DEM, 
bathymetry, flood monitoring, 
surface flow velocity, water quality, 
snow, and ice depth

Portable, common, relatively inexpensive, 
provide high-quality RGB images 
for orthoimagery and DSM, easy to 
integrate with different platforms

Wider bandwidth and lower spectral resolution, 
lack geometric and radiometric calibration

Multispectral Bathymetry, flood monitoring, surface 
and groundwater interaction, water 
quality

Multiple wavelengths, allow geometric 
reconstruction and radiometric 
calibration

Relatively costly, image processing relatively 
complex compared to RGB, radiometric and 
atmospheric corrections may be required, 
limited compatibility to UAVs

Hyperspectral Bathymetry, flood monitoring, surface 
and groundwater interaction, 
hydrogeochemistry, mapping rivers 
and wetlands

High spectral resolution data across various 
wavelength of VIS-NIR

Higher cost than multispectral, low signal-to-noise 
ratio, limited compatibility with standard UAV 
and flight control software packages, radiometric 
and atmospheric corrections may be required

Microwave Flood monitoring, river level and 
discharge, soil moisture, altimetry, 
snow water equivalent, snow depth

Useful under low visibility weather 
conditions (e.g., cloud cover)

Sensitive to surface roughness

Thermal Temperature mapping, tile drainage, 
evapotranspiration, soil moisture, 
turbidity plumes, groundwater 
discharge, wetland mapping

Sense a wide range of temperatures, 
relatively cheaper

Thermally sensitive, vignetting effects, low spatial 
resolution, radiometric corrections required, 
sensitive to change in surface roughness and 
emissivity changes

LiDAR 3D reconstruction, bathymetry, water 
surface elevation, flood monitoring, 
snow depth, erosion, wetland 
mapping

Generates dense cloud points, high quality 
data, direct geometric measurements

Higher cost, limited compatibility with UAVs, 
requires ground filtering corrections

Note. DEM, Digital Elevation Model; DSM, Digital Surface Model; LiDAR, Light Detection and Ranging; RGB, Red, Green and Blue; VIS-NIR, visible–near-infrared.

Table 2 
Hydrological Applications, Advantages, and Disadvantages of Different Unmanned Aerial Vehicles Sensors
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Figure 2.  Examples of digital (a and c), thermal (b), multi-spectral (d), and hyperspectral with light detection and 
ranging (e) sensors used in hydrology and water management. (Photo courtesy: Mr. Daniel Gonzalez, Texas AgriLife 
Research and Extension Center, Corpus Christi, TX, USA).

Figure 3.  Example of unmanned aerial vehicle imaging payload for monitoring land surface evapotranspiration, 
soil moisture, carbon assimilation, and water use efficiency. The imaging part includes a Red, green, and white band 
camera, a thermal infrared camera, and a multispectral camera. The navigation part can use either the post-processed 
kinematic Global Navigation Satellite System (GNSS) solution or the single receiver GNSS solution of Ublox. The 
micro-processor is the Beaglebone Black.
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4.2.  MS Sensors

MS sensors generally capture the reflectance in the visible and near-infrared (NIR) region (between 400 and 
1,000 nm). These sensors have a narrower bandwidth compared to RGB sensors. However, like RGB sen-
sors, MS sensors may be predisposed to varying geometric distortions, dependent on the lens characteristics. 
Spectral and radiometric distortions (i.e., sample noise) should also be considered. MS sensors often come 
with radiometric calibration systems such as a calibration panel included with the MicaSense RedEdge 
sensor (MicaSense Inc., Seattle, WA, USA) and an Ambient Illumination Sensor (AIS) included with the 
SlantRange 3p sensor (SlantRange, Inc., San Diego, CA, USA). Nonetheless, additional processing is often 
essential to perform radiometric corrections in the collected data; for example, to correct for the presence 
of aerosols that cause atmospheric scattering of the acquired signal (Amigo & Santos, 2020). MS image 
processing is relatively complex compared with RGB image processing and is more prone to issues related 
to data format compatibility (Yao et al., 2019). Also, MS sensors are relatively expensive, heavy, and can 
produce images with coarse pixel resolutions than RGB images. MS sensors usually come separately from 
UAVs and may need to be integrated into the system with after-market brackets or accessories. However, 
some UAV manufacturing companies have released UAVs with integrated MS sensors. One example is the 
Phantom 4 MS imaging drone (SZ DJI Technology Co., Ltd, Shenzhen, China). Different MS sensors and 
their specifications are presented in Table 4. The details on different cameras, their resolution, size, weight, 
spectral range, and sensitivity are also available from Colomina and Molina (2014).

4.3.  Hyperspectral Sensors

Hyperspectral sensors have very high spectral resolutions capable of collecting reflectance in many narrow 
(5–10 nm) and continuous bands covering a wide spectral range (350–2,500 nm; Table 5). Hyperspectral 
sensors provide greater spectral detail than MS sensors due to the ability to catch the visible, NIR, IR, 
and TIR regions at a single-pixel (Colomina & Molina, 2014). Because reflectances in the 1,450, 1,900, and 
2,500 nm wavelengths are highly sensitive to atmospheric water, data acquisition with hyperspectral sen-
sors should be piloted with caution under high humidity conditions. UAVs provide a unique opportunity 
to rapidly retrieve hyperspectral images at relatively lower costs for hydrological monitoring and modeling 
than satellites and pilot-operated airborne systems. Indeed, satellite-based hyperspectral sensing is expen-
sive and time-consuming due to interferences from surface glints, reflection, refraction, and heterogene-
ous media (Zhang et al., 2020). However, hyperspectral sensors are expensive than multispectral sensors 
(Manfreda et al., 2018). Furthermore, they have a lower spatial resolution and limited compatibility with 
standard UAV and flight control software packages. A few commercially available hyperspectral sensors in-
clude Micro-Hyperspec X-series NIR, Rikola Hyperspectral camera, Cubert FireflEYE, and HySpex Mjolnir.

4.4.  Thermal Sensors

Every object on the Earth’s surface emits radiation in the far-infrared region of the spectrum (3–100 μm), 
and the intensity of this radiation is a function of its surface temperature. A thermal camera acquires an im-
age by collecting infrared radiation. Thermal sensors usually operate in the long-wave spectral bands (e.g., 
7.5–13.5 μm), can sense a wide range of temperatures (e.g., −25°C to 135°C), and have a pixel sensitivity of 
as little as 0.04°C. However, they have a relatively low spatial resolution (with UAV compatible sensors cur-
rently having a maximum resolution of 640 × 512 pixels). UAV-mounted infrared sensors are also generally 

Model and manufacturer Resolution Weight (g) Dimension (mm)

Zenmuse X7 DJI 24.0 MP 449.0 151 × 108 × 132

Zenmuse X5S DJI 20.8 MP 461.0 140 × 98 × 132

Zenmuse X4S DJI 20.0 MP 253.0 125 × 100 × 80

Canon PowerShot S100 12.1 MP 193.2 98.9 × 59.9 × 26.7

senseFly corridor 5,472 × 3,648 pixels 111.0 –

Table 3 
Some Commonly Used RGB Sensors for Unmanned Aerial Vehicles With Their Main Specifications
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uncooled, which is beneficial due to their small size, and lightweight nature. However, these are also less 
thermally sensitive, and respond more slowly than cooled sensors to changes in temperature. Uncooled 
thermal sensors may exhibit thermal drift throughout a flight, as the camera’s body either warms or cools. 
Significant fisheye effects are also observed with FLIR radiometric UAV cameras in which the center of an 
image appears warmer than the edges. When sensing scenes with transient energy signals or from a moving 
platform (e.g., UAVs), it may take time for change to be detected by the sensor. For quantitative assessments, 
images also need to be radiometrically calibrated (Pajares, 2015). Examples of commercially available ther-
mal cameras are the FLIR, TAU 2 640, and Miricle 307K-25, and more details about specific thermal sensors 
and their specifications are available in Table 6.

Model and manufacturer Dimensions Resolution Weight (g)

Central 
waveband 

(nm)

Spectral 
range 
(nm)

Field of 
view (°)

RedEdge-MX MicaSense 8.7 cm × 5.9 cm × 4.54 cm 1,280 × 960 pixels 231.9 Blue: 475 443–507 47.2

Green: 560 533–587

Red: 668 554–682

Red edge: 717 705–729

NIR: 842 885–899

SlantRange 4P+SlantRange 14.6 cm × 6.9 cm × 5.7 cm – 350 Blue: 470 410–950 –

Green: 520

Red: 620

Red: 650

Red edge: 715

NIR: 850

6X Multispectral sensorSentera 79 mm × 66 mm × 67 mm RGB imager: 20 MP 280 Blue: 475 445–505 47

Green: 550 530–570

Global shutter imager: 3.2 MP Red: 670 640–700

Red edge: 715 705–725

NIR: 840 820–860

P4 multi-spectralDJI (Attached to 
aircraft)

– 2.12 MP – Blue: 450 434–466 62.7

Green: 560 544–576

Red: 650 6,634–666

Red edge: 730 714–746

NIR: 840 822–858

Parrot Sequoia+ – 1.2 MP – Green: 550 510–590 H = 62

Red: 660 620–700 V = 49

Red edge: 735 725–745 D = 74

NIR: 790 750–840

Sentra Quad 76 mm × 62 mm × 48 mm 1.2 MP – Red: 655 615–695 H = 50

Red edge: 725 700–750 V = 39

NIR: 800 775–525

Note. H, Horizontal; V, Vertical; D, Diagonal.

Table 4 
Some Commonly Used Multi-Spectral Sensors for Unmanned Aerial Vehicles With Their Main Specifications
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4.5.  LiDAR Sensors

LiDAR is an active sensor that uses electromagnetic waves in optical and infrared wavelengths. Sensors 
operating in the infrared wavelength are broadly used for acquiring 3-D positional data describing earth 
topography and vegetation canopy height. Sensors operating in the green wavelength range are often re-
ferred to as bathymetric LiDAR, and can penetrate beneath the surface of waterbodies (Bagheri et al., 2015). 
High-frequency laser pulses are emitted from the sensor, and providing that the signal is not attenuated, the 
signal is returned to the sensor. The time taken for the signals to be returned is used to measure the distance 
between the targets and the sensor. A single pulse is typically reflected off multiple targets and yields mul-
tiple returns, which can be classified and used for different purposes. The last return is inferred to be the 
“bare earth” signal and is used for creating DTMs.

Some commonly used LiDAR sensors with their specifications are shown in Table 7. LiDAR can be differen-
tiated between discrete return and full waveform systems (Anderson et al., 2016). Upon correction for sen-
sor motion (typically achieved using a precise GNSS device and Inertial Measurement Unit, IMU), LiDAR 
sensors generate dense point clouds containing information about the elevation and intensity of point re-
turns (typically discrete return system can provide only two returns, canopy and land, while full waveform 
systems can provide multiple returns), which may be used to generate terrain, and canopy height models.

However, Muhadi et al. (2020) reported problems in classification between ground and non-ground surfaces 
under the LiDAR system. Additionally, the cost of the sensors and complexities in data processing and stor-
age has reduced its popularity compared with photogrammetry. Structure-from-Motion (SfM) photogram-
metry provides a method of acquiring point clouds at similar point densities and accuracies and using less 

Model and manufacturer Weight (g) Spectral range (nm) Number of bands Spatial resolution (pixels)

Rikola Hyperspectral camera 700 500–900 24 1,024 × 1,024

HySpex Mjolnir V-1240 4,000 400–1,000 – 1,240

HySpex Mjolnir S-620 4,500 970–2,500 – 620

ULTRIS 20 Plus Cube 630 450–850 106 1,880 × 1,880

ULTRIS 20 Cube 350 450–850 100 –

FireflEYE 185 Cube 490 450–950 125 1,000 × 1,000

FireflEYE 496 blue Cube 1,200 370–870 125 1,600 × 1,600 

BaySpec OCI-UAV-1000 180 600–1,000 100 2,048 × 2,048

Brandywine Photonics CHAI V-640 480 350–1,080 256 640 × 512

Quest Hyperea 660 C1 1,440 400–1,000 660 1,024 × 1,024

NovaSol Alpha-SWIR micro HSI 1,200 900–1,700 160 640 × 640

SENOP VIS-VNIR Snapshot 720 400–900 380 1,010 × 1,010

HySpex VNIR-1024 4,000 400–1,000 108 1,024 × 1,024

Table 5 
Some Commonly Used Hyperspectral Sensors for Unmanned Aerial Vehicles With Their Main Specifications

Model and manufacturer Sensor resolution (pixels) Weight (g)
Spectral band 

(μm)
Dimensions 

(mm)

Zenmuse XT, FLIR & DJI – 270 7.5–13.5 103 × 74 × 102

FLIR Vue Pro R 640 × 512/336 × 256 92–113 7.5–13.5 57.40 × 44.45

FLIR Duo Pro R 336 × 256 325 7.5–13.5 85 × 81.3 × 68.5

FLIR Boson LWIR 640 × 512/320 × 256 7.5 (without lens) 7.5–13.5 74 × 46 × 61

Optris PI400i 382 × 288 237–251 (based on lens) 8–14 –

Table 6 
Some Commonly Used Thermal Sensors for Unmanned Aerial Vehicles With Their Main Specifications
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expensive and lighter weight RGB cameras, but typically requires GCPs. Yet, employing more sophisticated 
ground filtering algorithms or integrating LiDAR data with other sensors (e.g., MS sensor) could benefit 
some hydrologic applications and improve data acquisition and classification of diverse objects.

4.6.  Microwave Sensors

Microwave sensing encompasses both passive and active sensors. In passive microwave sensing, the nat-
ural thermal emission of the land surface (or brightness temperature) is measured with a radiometer at 
microwave wavelengths. Passive microwave methods allow for estimation of the surface reflectivity, which, 
according to Fresnel equations, is a function of the dielectric constant, viewing angle, and polarization. 
Since dielectric constants of water (∼80) and soil particles (∼6) differ, soil water content affects brightness 
temperature measured at microwave wavelengths.

Several satellites have passive microwave sensors, such as the ESA’s Soil Moisture and Ocean Salinity 
(SMOS) and NASA’s Soil Moisture Active Passive (SMAP) (Champagne et al., 2016; Neill et al., 2010; Polcher 
et al., 2016). These satellites have a spatial resolution of a few kilometer (from ∼50 to ∼0.5 km). Compared 
to satellites, UAV sensors can achieve significantly higher spatial resolution and are not affected by atmos-
pheric interaction (Golubkov et al., 2018) and atmospheric transmittance, which becomes a critical factor, 
especially at high frequencies (>18 GHz; Shi et al., 2015). GNSS-reflectometry falls in the category of pas-
sive low-frequency radar and measures Earth reflection of GNSS signal (Acevo-Herrera et al., 2009, 2010; 
Alonso-Arroyo et al., 2014; Dai et al., 2020; Houtz et al., 2020; Troglia Gamba et al., 2015).

Active microwave sensors emit their microwave radiation; thus, they are not dependent on Earth’s thermal 
properties or Earth’s reflection of microwave radiation from the sun or other sources. Ground Penetrat-
ing Radar (GPR) is an active sensor that emits high-frequency waves, typically in the range of 10 MHz 
to 2.6 GHz (radiation below 300 MHz is generally classified as radio waves instead of microwave). GPR 

Model and manufacturer
Weight 

(g) Dimension (mm) Wavelength (nm) Field of view (°)

Measurement 
rate (points 
per second)

Vertical accuracy 
(mm)a

RTL-400 Redtail LiDar 
Systems

453.5 154.94 × 154.94 × 195.58 1550 H = 40 1 million 20

V = 40

HDL-32E Velodyne Lidar 1,000 Height = 144 H = 360 1.39 million 15

Diameter = 86.36 V = +10–30

Puck LITE Velodyne 590 – – H = 360 300,000 –

V = ±15

VUX-1UAV Riegl USA 3,500 227 × 180 × 125 330 500, 000 10

SurveyorYellosScan 1,600 – 260 – 50

Bathymetric LiDAR 
ASTRALiTe EDGE

5,000 270 × 230 × 190 532 30 20,000 10

Bathymetric LiDAR RIEGL 
BDF-1

5,300 140 × 179 × 448 532 Single laser (profiling 
instrument)

4000 20

Bathymetric LiDAR Amuse 
Oneself TDOT GREEN

2,600 260 × 220 × 150 532 90 60,000 15 mm at ≧10% 
bottom reflectivity

Bathymetric LiDAR Fugro 
RAMMS

14,000 407 × 407 × 700 532 Linear pushbroom 
+15 backward

27,000 Reported by the 
manufacturer as 
function of depth

Note. H, Horizontal; V, Vertical.
aThis is the accuracy as reported by the manufacturer, and typically refers to LiDAR only, without including Global Navigation Satellite System and Inertial 
Measurement Unit. Accuracy values should be taken with caution, especially for bathymetry LiDAR.

Table 7 
Some Commonly Used Light Detection and Ranging (LiDAR) Sensors for Unmanned Aerial Vehicles With Their Main Specifications
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typically requires UAVs to be flown at low flight altitudes (typically a few meters above the surface). Exam-
ples of microwave sensors are provided in Table 8.

5.  Surface Hydrology and Water Management
In this section, we examine and discuss the application of a range of UAV mounted sensors for monitoring 
the water level and bathymetry of water systems (Sections 5.1 and 5.2); determining surface water velocity 
and discharge (Section 5.3); water sampling (Section 5.4); mapping the depth and distribution of snow and 
ice (Section 5.5); assessing the impact of climate and vegetation on natural hazards and extreme events (Sec-
tion 5.6), and water management in agriculture and forestry (Section 5.7). Additional deployments that are 
not discussed in detail within this section include thermal mapping (Dugdale et al., 2019), and monitoring 
and mapping wetlands (Becker et al., 2019; Jeziorska, 2019) and mining areas (Acharya & Kharel, 2020; 
Banerjee et al., 2020; Jackisch et al., 2018).

5.1.  Water Surface Elevation (WSE)

WSE or water level is typically referred to as the WSE above the geoid (i.e., mean sea level). Typically, UAV-
borne WSE measurements require observations from an accurate GNSS system, measuring the UAV-alti-
tude above the ellipsoid and a ranging sensor measuring the range between the UAV and the water surface. 
Elevation above ellipsoid can be converted into elevation above the geoid based on the known geoid undu-
lation. Then WSE can be computed as the difference between the UAV-borne altitude above the geoid and 
the range to the water surface. The WSE is an important component for flood prediction, mitigation, and 
forecasting.

Researchers have tried to use multiple sensors and techniques for measuring WSE: LiDAR, laser distance 
meters, photogrammetry, and radar. Guenther et al. (2000) discouraged using the green LiDAR as ranging 

Model and 
manufacturer Technology Weight (g) Dimensions (mm) Center frequency Bandwidth Beamwidth

Ariel-Balamis Passive microwave 2,800 Unknown 1,413 MHz (L-band) 20 MHz 37°

Black Swift 
Technologies 
L-band radiometer

Passive microwave 1,000a 200 × 200 × 600a L-band Unreported Unreported

Malå80 Guideline Geo GPR 3,230 580 × 1,040 × 240 80 MHz Unreported Unknown

Gekko-80 Geoscanners GPR 3,300 (antenna) 
+1,000 (processing 

unit RTS-1,600)

1,375 × 120 × 222 80 MHz Ca. 110 MHz Unknown

Gekko-120 
Geoscanners

GPR 2,500 (antenna) 
+1,000 (processing 

unit RTS-1,600)

800 × 120 × 222 120 MHz ca. 170 MHz Unknown

SPG series-
Geoscanners (e.g., 
SPG, 1800, 1600, 
1700A, 1700, etc.)

GPR Depending on the 
product

Depending on the 
product

Depending on the 
product (e.g., 390, 500, 

600, and 1200 MHz)

Depending on the 
product

Unknown

Cobra Plug-in SE-40 
Radarteam

GPR 4,700 2,000 × 150 × 210 52 MHz 90 MHz Unknown

Cobra Plug-in SE-70 
Radarteam

GPR 3,700 1,390 × 150 × 210 80 MHz 120 MHz Unknown

Cobra Plug-in SE-150 
Radarteam

GPR 3,500 920 × 220 × 220 124 MHz 260 MHz Unknown

Note. GPR, Ground Penetrating Radar.
aIncluding all front-end electronics, antenna, and thermal and multispectral sensors.

Table 8 
Selected Microwave Sensors for Unmanned Aerial Vehicles With Their Main Specification
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sensors for WSE; indeed, green LiDAR returns from the water surface include three signal components or 
waveforms: reflections from the air-water interface, the volume backscatter returns, and the bottom returns 
of the waterbody. On the other hand, in NIR frequency, water surface absorption prevails on reflection; 
however, NIR LiDAR systems equipped with a laser of sufficient power, pulse width, and repetition can 
potentially be used on UAVs to measure the range to the water surface. Mandlburger et al. (2016) tested a 
green topo-bathymetric LiDAR (RIEGLBDF-1) and a NIR LiDAR (RIEGL VUX1-UAV) to detect river WSE 
(and bathymetry). Z. C. Huang et al. (2018) tested a lightweight and relatively low-cost laser (UTM-30LX, 
Hokuyo Automatic Co., Ltd., Osaka, Japan) on-board a UAV to measure WSE of the sea, including wave 
heights, demonstrating that the sensor could detect 10%–35% of useful data returning from the pulse from 
a height of 6 m over the sea (with a maximum detection range of approximately 30 m). However, the laser 
could receive 80%–90% useful data returns at 20 m height over the land surface.

Due to the weight and cost of UAV-borne LiDAR systems, researchers have attempted to deploy SfM pho-
togrammetry using UAV-acquired imagery to measure WSE. However, despite the accuracy of UAV-borne 
photogrammetry in creating DEMs of solid surfaces, SfM algorithms are not effective in reconstructing WSE 
because of shadows, lack of stable visual key points on the water surface due to waves, and through-water 
penetration of visible light (Mohamad et  al.,  2019; Pingel et  al.,  2021). Westaway  (2001) and Westaway 
et al. (2000) suggested that WSE profiles could be estimated by interpolating elevation measurements ac-
quired from streambank locations (“water-edge”) adjacent to the waterbody. Using “water-edge” points, 
Woodget et al. (2015) proved that WSE could be estimated with this method using UAV platforms. However, 
“water-edge” points can be successfully determined only if the streambanks exhibit clearly identifiable edg-
es (e.g., vegetation/grass are not covering the streambanks) and shallow bank slopes (Javernick et al., 2014; 
Pai et al., 2017). Pai et al. (2017) also experimented with multispectral images to identify the water-edge 
points of a meandering river. Ridolfi and Manciola (2018) used UAV-photogrammetry to detect the “wa-
ter-edge” between the water surface and the solid surface constituting a dam by applying Canny detection 
algorithms. Pingel et al. (2021) used SfM, combined with GCPs acquired with RTK-GPS, to estimate WSE 
in the Yucatan peninsula’s cenotes by analyzing the histogram of the UAV imagery to remove reflections 
from vegetation and underwater features. GNSS-reflectometry has also been used to monitor water levels, 
such as in the sea, with a centimeter-accuracy in determining sea level after temporal averaging (Ichikawa 
et al., 2019). Bandini, Lopez-Tamayo, et al. (2018) compared different ranging sensors, including a sonar sys-
tem, a radar, and a laser-camera prototype in inland water bodies of Yucatan Peninsula, Mexico. The radar 
provided the best results and ensured the lowest processing time, as recently shown in Bandini et al. (2020), 
whereas a new 77 GHz radar with full waveform analysis provided significantly more accurate results than 
photogrammetry or LiDAR, combined with a shorter surveying and processing time. Radar with full wave-
form output can provide a significant advantage in separating between water and surrounding targets (e.g., 
soil or vegetation). Indeed, high reflectivity from the water in the microwave spectrum ensures high return 
power when the water surface reflects the beam.

5.2.  Bathymetry

Extracting information about the subsurface morphology of waterbodies (i.e., conducting bathymetric 
measurements) is vital to coastal modeling of storm surges, sea-level change and subsidence, and moni-
toring sediment transport and instream habitats. Bathymetric measurements are typically achieved with 
ultrasonic sensors mounted on manned vessels or unmanned surface vehicles (i.e., “drone ships” or USVs; 
Erena et al., 2019; Giordano et al., 2016; Kum et al., 2020; Liang et al., 2017; Specht et al., 2020). Melcher 
et al. (2002) demonstrated the use of microwave/GPR systems to measure bathymetry in frozen waterbodies 
or low electric conductivity (e.g., smaller than 500 μS/cm) freshwater with a manned helicopter. However, 
bathymetric observations using UAVs are typically based on (a) DEM generation through SfM techniques 
from through-water pictures, typically correcting for the refractive index of water (Bagheri et al., 2015; Bro-
die et al., 2019; Casella et al., 2017; Dietrich, 2017; Tamminga et al., 2015; Woodget et al., 2015) or (b) spec-
tral signature-depth correlation based on imagery retrieved with a multispectral or hyperspectral camera 
(Flener et al., 2013; Lejot et al., 2007). To be successful, SfM methods typically require a texturized bottom 
and low water turbidity as well as the absence of sun glint and water ripples; while spectral methods typi-
cally require a uniform (and reasonably low) water turbidity and bottom. A fusion between SfM and spectral 
methods has also been proposed for seamless mapping of littoral zones (Starek & Giessel, 2017).
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Researchers have also experimented with inferring bathymetry from observable features in coastal regions, 
such as surface wave kinematics (wavelength and frequency) or surface currents (Bergsma et al., 2019; Bro-
die et al., 2019; Holland et al., 2010; Holman et al., 2011; Sun et al., 2019). Furthermore, a technique named 
fluid lens, a remote sensing method based on water-transmitting wavelengths able to detect bathymetry by 
exploiting time-varying optical lensing events caused by surface waves, has been applied to UAV imagery in 
coastal areas (Chirayath & Earle, 2016).

Novel instruments to acquire bathymetry data are lightweight green bathymetric LiDAR: (a) the Riegl BDF-
1 (Mandlburger et al., 2016), (b) the topo-bathymetric full-waveform green laser scanner Riegl VQ-840-G 
(Mandlburger et al., 2020), (c) the green scanner ASTRALiTe Edge Lidar (Kinzel & Legleiter, 2019), and (d) 
the green scanner TDOT green (Amuse Oneself Inc, Tokyo, Japan). These green LiDAR instruments can 
retrieve measurements of up to 1–1.5 times the Secchi depth; thus, they are only suitable for shallow water 
bodies or coastal areas with clear water. Furthermore, these LiDAR systems are expensive (typically more 
than 150,000 USD) and typically weigh more than 5 kg, and, thus, require large UAVs to be deployed. New 
operational methods to estimate river bathymetry in deep and turbid rivers need to be assessed to overcome 
these limitations. In this regard, Bandini, Lopez-Tamayo, et al. (2018), Bandini, Olesen, et al., (2018), and 
Alvarez et al. (2018) developed a new solution based on a sonar, which is kept in contact with the water 
surface, but tethered and controlled by the UAV. A similar tethered sonar solution has been recently com-
mercialized by UgCS (SPH Engineering, Baloži, Latvia) and by Thurn Group (Norwich, UK).

5.3.  Surface Water Velocity and Discharge

Streamflow monitoring is an essential part of hydrology, contributing to water resources policy and man-
agement, hydraulic construction design, and development and improvement of models (Blöschl et al., 2019; 
Manfreda et al., 2018). The standard monitoring framework for streamflow monitoring makes the use of 
flow meters or acoustic Doppler current profiles (ADCPs; Bjerklie et al., 2020; Despax et al., 2019; Yorke 
& Oberg, 2002). Although these devices are currently considered the gold standard for streamflow meas-
urements, they have many drawbacks. Chief among them is that automated monitoring is costly in terms 
of acquiring and installing the necessary equipment at each station, and manual measurements are time 
consuming and labor-intensive. In addition, the need for specialized training, limitations with accessing 
and measuring remote locations, and human and equipment safety during high flows further compound 
the downsides of these standard methodologies (Tauro et al., 2018). UAV-based streamflow measurements 
could address many of these issues through non-contact gaging approaches utilizing UAV sensors or image-
ry (Eltner et al., 2020; Kinzel & Legleiter, 2019; Perks et al., 2016; Tauro et al., 2015). Image-based velocime-
try in rivers provides a competent and non-invasive technique for surface flow velocity. These approaches 
are starting to become accepted as a standard operational practice by some regulatory authorities (e.g., Aus-
tralian Government, US Geological Survey; Australian Government Bureau of Meteorology, 2020; Kinzel & 
Legleiter, 2019; Legleiter et al., 2017; Legleiter & Kinzel, 2020).

Radar systems, exploiting the Doppler effect, can be deployed to measure water surface velocity, as de-
scribed by Plant et al. (2005) and more recently by Alimenti et al. (2020), who hypothesized future UAV-
based adaptations. The capability to deploy a surface velocity radar from a mobile platform was demonstrat-
ed by Melcher et al. (2002), who deployed a surface velocity sensor on-board a manned helicopter. However, 
UAV-borne vibrations are significantly higher compared to manned helicopters and complicate UAV-based 
deployment.

Optical monitoring can estimate the spatial distribution of surface flow velocities through the analysis of 
remotely acquired videos, typically with RGB cameras, but, when natural light is not sufficient, also in 
the infrared spectrum (Dugan et al., 2013; Kinzel & Legleiter, 2019; Tauro & Grimaldi, 2017). Large Scale 
Particle Image Velocimetry (LSPIV) is particularly popular among optical approaches to process image se-
quences to estimate surface flow velocities in rivers (Fujita et al., 1998; Pearce et al., 2020; Tauro & Sal-
vatori, 2017). The LSPIV grounds can explain this popularity in well-documented laboratory-based fluid 
mechanics researches (also known as Particle Image Velocimetry, PIV—in these conditions) and by the 
growing community providing open-source software and practice in general (Raffel et al., 2018; Thielicke 
& Stamhuis, 2014). Nevertheless, many different algorithms are currently used for surface flow velocity 
calculations. Among them are Large-Scale Particle Tracking Velocimetry (LSPTV; Koutalakis et al., 2019), 
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Surface Structure Image Velocimetry (SSIV; Leitão et al., 2018), Optical Tracking Velocimetry (OTV; Tauro 
et al., 2018), Kanade–Lucas Tomasi Image Velocimetry (KLT-IV; Perks, 2020), and Space-Time Image Ve-
locimetry (STIV; Fujita et al., 1998). Pearce et al. (2020) applied five different image velocimetry algorithms 
(LSPIV, LSPTV, KLT-IV, OTV, and SSIV) on one field case study during low flow conditions to explore their 
sensitivity to feature extraction rate and particle identification area parameters. The authors found that 
all the five algorithms were comparable with measurements performed with standard streamflow meas-
urements using velocity meters and ADCPs. Indeed, and on average, they were within 0.05  m/s of the 
measurements. Worthy mentioning, LSPIV, LSPTV, and OTV required more effort for the right selection 
of appropriate parameters. At the same time, KLT-IV and SSIV presented a more automatized workflow, 
useful for experienced and non-experienced users. Recent advances in image-based gaging show a trend to 
find the optimal parameter setup within image velocimetry algorithms, minimizing the uncertainty, and 
improving accuracy. Critical variables are the camera frame rate, tracer’s properties, such as seeding density 
and their spatial distribution, and the total number of frames to be analyzed. Due to the lack of available 
data (see, however, Perks et al., (2020) for a collection of datasets aiming at image-velocimetry analyses), 
several authors embraced numerical simulations to generate realistic configurations synthetically. Dal Sas-
so et al.  (2018) used numerical simulations to explore the influence on PTV of seeding density, particle 
displacement (and consequently, frame rate), and the total number of frames under analysis. Results show 
that a correct frame rate is essential for realistic results, while high seeding density and the suitable spatial 
distribution of tracers support good velocity estimates. Investigating the effects of seeding characteristics 
on PTV and PIV, Dal Sasso et al. (2020) showed that temporal dynamics of seeding density, coefficient of 
variation of tracers’ area, and spatial distribution have statistical significance on image-based performances. 
Furthermore, Pizarro, Dal Sasso, and Manfreda (2020) and Pizarro, Dal Sasso, Perks, and Manfreda (2020) 
introduced the dimensionless Seeding Distribution Index (SDI), which relies on the seeding density and 
spatial distribution of tracers. Remarkably, it was observed that lower values of SDI systematically produce 
a reduction in image-based velocity errors, leading to defining an optimal frame window (i.e., a portion of 
footage). Preliminary results showed a significant error reduction when the optimal frame window is used.

Data acquisition using UAVs, for example, velocimetry, could be performed in near to real-time. UAV-based 
data products are generated within a broad timing range, and depending on the specific workflow; this data 
generation time could vary from few seconds to hours and days (see e.g., Tosi et al., 2020 for in situ and near 
real-time image velocimetry processing taking seconds to compute velocities in rivers). Pre-processing, pro-
cessing, and post-processing phases are usually performed later in a processing center (see, e.g., Dal Sasso 
et al., 2021; Paruta et al., 2020), not at the moment of data acquisition. However, recent attempts—incorpo-
rating processing units’ in situ—are changing this modus operandis with views to real-time computations. 
Indeed, this appears to be the future for UAV-based data generation in all fields but depending on the varia-
ble to be measured; the latter will arrive sooner or later. Producing strong operational guidelines—minimiz-
ing computation times at the same time—must be the goal to be embraced by researchers and practitioners.

The surface velocity field can be converted into discharge if additional information about (a) the river 
cross-section bathymetry and (b) the relationship between depth-averaged velocity and surface velocity. 
Depth-averaged velocity is generally estimated from the surface velocity by applying site-specific coeffi-
cients, typically on the order of 0.5–1.0 (Genç et al., 2015; Le Coz et al., 2010; Stumpf et al., 2016; Welber 
et al., 2016). An alternative approach has been proposed by Bandini et al. (2020), in which, if the uniform 
flow can be assumed, both discharge and Manning’s roughness coefficient can be estimated from UAV-
based measurements of water surface velocity and water surface slope, without requiring estimation of 
site-specific parameters. However, these approaches are based on the assumption that the velocity follows 
a log-law or at least a monotonic function; this is not always the case, and it becomes a weak assumption in 
the presence of secondary currents or dip phenomenon. An alternative approach is based on the method 
developed by Chiu (1991), based on the probabilistic principle of maximum entropy, which demonstrated 
that the 2D velocity distribution in a channel cross-section could be determined as a function of the max-
imum velocity and the curvilinear coordinates in the physical space. In this entropy approach, the main 
parameter is the entropic parameter, which is typically site-specific but is independent of flow conditions 
(Moramarco et al., 2019; Moramarco & Singh, 2010), while the other main parameter, named dip, can be 
estimated by an empirical relationship based on depth and distance from sidewalls (Yang et al., 2004). The 
river flows computed with these different methods are in good agreement with standard measurements, 
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typically presenting errors less than 20%–30%, both from in situ gaging stations (Dramais et al., 2011; W.-C. 
Huang et al., 2018; Kim et al., 2008; Le Coz et al., 2010) and UAVs (Bandini et al., 2020; Kinzel & Legleit-
er, 2019; Lewis et al., 2018).

5.4.  Hydro-Chemical Data Collection

Hyperspectral sensors have been used in monitoring nitrogen, phosphorus, biological oxygen demand, 
chemical oxygen demand, total suspended solid, turbidity, chlorophyll-a content, and plastic floats in 
water (Rostom et al., 2017; Zhang et al., 2020). For example, Kwon et al.  (2020) used UAV-based hyper-
spectral sensing to study cyanobacterial pigments in a deep artificial reservoir, South Korea. Similarly, Wei 
et al. (2019) used UAV-borne hyperspectral images to study suspended solid concentration in Beigong res-
ervoir and Shahu Port riverway, China. Balsi et al. (2021) used a pushbroom hyperspectral sensor mounted 
on DJI Matrice 600 UAV to monitor sea and coastal macroplastic loading in Sardinia, Italy. Hydro-chemical 
data collection and water sampling have been made possible with new developments in complex water 
sampling payloads, such as chassis-spring-lidded chambers with tubes, micro-pumps, thief-style samplers, 
HydraSleeves, Niskin water bottles, and multi-meter probes (Lally et al., 2019). The payloads could collect 
water samples ranging from 60 ml (e.g., custom-built chassis-spring-lidded chambers) to 2 l (e.g., Niskin 
water bottle) within 40 min to 2 hr of total sampling time at success rates varying from 60% to 100% (Lally 
et al., 2020). Key constraints to successful sampling using payloads such as chassis-spring-lidded chambers 
include faulty lids, improper pumps priming, pumps silt intake, and wind speed >2.7 m/s. Furthermore, the 
payloads must be waterproof and buoyant, and any contamination of water samples from built-in materials 
should be avoided (Lally et al., 2020). Castendyk et al. (2019) developed a Matrice-HydraSleeve method that 
uses surface water collecting cone connected to a UAV and illustrated its use in collecting water samples 
from a targeted depth of Dillon Reservoir in CO, US, and Thompson Creek Mine Pit Lake in Clayton, ID, 
USA. While this sampling approach is reported as a rapid, safe, and cost-effective method, it may have lim-
ited use under windy, rainy, and cloudy weather conditions. More details on the specification of different 
drone platforms (platform type, flight time, and communication software) and payloads for hydro-chemical 
water sampling and their general limitations were presented in Lally et al. (2020).

5.5.  Snow and Ice: Depth and Distribution

Snow and ice accumulation and ablation are critical elements of the global hydrological cycle. Spatial dis-
tribution of snow depth, an indicator of snow water equivalent, is generally estimated using in situ meas-
urements or data obtained from weather stations. In situ measurements are time-consuming and labor-in-
tensive, and even more challenging on complex terrains and heterogeneous landscapes. As such, UAVs 
could be advantageous for retrieving data over a large area within a shorter time and at a higher spatial 
resolution and accuracy. Multi-rotor and fixed-wing UAV with RGB sensors are commonly used to obtain 
snow and ice depth. De Michele et al. (2016) used a fixed-wing platform to map snow depth distribution 
at a centimeter scale over an alpine area in northern Italy. They collected ground elevation data before the 
snow accumulation and repeated measurements during peak snow accumulation periods. Snow depth and 
volume were estimated by subtracting the elevation models between those two measurements. In the Davos 
region, Switzerland, Bühler et al. (2016) validated UAV-based photogrammetric snow maps using manual 
measurements to demonstrate their high accuracy (snow depth had a root mean square error (RMSE) of 
less than 0.07–0.15 m on meadows and rocks and a RMSE of less than 0.30 m on grass/bushes covered 
areas). Results obtained from UAV-based photogrammetry were also comparable to a standard method of 
obtaining snow depth using high-resolution laser scanning (Avanzi et al., 2018). Furthermore, UAV-based 
LiDARs and photogrammetry were used in sub-canopy snow depth measurements. However, the former 
had better sub-canopy point coverage and error metrics (Harder et al., 2020). Reported RMSEs for snow 
depth estimates from UAV LiDAR were less than 0.1 m in open areas and less than 0.17 m in vegetated 
areas (Harder et al., 2020). A DJI M-600 hexacopter mounted with a RIEGL miniVUX-1UAV LiDAR sensor 
was used to study forest canopy interception of snow in the Canadian Rockies (Staines & Pomeroy, 2019), 
which further emphasized the importance of UAVs data in snow interception models. More recently, Jacobs 
et al.  (2021) used UAV LiDAR [Eagle XF UAV (UAV America) with VLP-16 LiDAR (Velodyne, Inc., San 
Jose, CA, USA)] to monitor shallow and ephemeral snowpack (less than 20 cm) and map snow depth in an 
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open-field and mixed-hardwood forest in New Hampshire, USA. Results indicated relatively identical mean 
snow depths for the in situ and LiDAR measurement in the field, but in situ measurements were nearly 
twofolds higher than the LiDAR measurement in a forested area. Point cloud density largely determines the 
performance of such a system (e.g., better scans with high-density point cloud), which ultimately hinges 
on the flight plan and grid cell variability. Novel photogrammetric approaches have also been proposed to 
automate image processing and exclude the need to use GCPs while generating DSMs (Miziński & Niedziel-
ski, 2017). Although UAVs offer several advantages such as efficiency, flexibility, and cost-effectiveness to 
hydrological surveys, studies can be influenced by solar illumination, wind, and surface heterogeneity 
(Harder et al., 2020). Indeed, UAVs facilitate improved understanding of snow depth and distribution across 
heterogeneous landscapes, but more studies are needed.

5.6.  Flood, Drought, and Erosion

UAVs are useful in delineation of flood-prone areas (Şerban et al., 2016), estimation of flood volume and ex-
tent (Escobar Villanueva et al., 2019), flood risk modeling (Coveney & Roberts, 2017), assessing the impact 
of flooding (Langhammer & Vacková, 2018), and responding to flood emergencies (Salmoral et al., 2020). 
Select examples include the use of UAV-based GNSS data in detecting water surfaces on the ground for flood 
monitoring (Favenza et al., 2019) and 2D hydrodynamic modeling using UAV surveys (DJI Matrice 600 UAV 
with a Zenmuse X5 camera) to detect flash-flood risks (Yalcin, 2019). UAVs-based LiDAR systems are widely 
tested to monitor land use and land cover interrelationships with flood events, snow interception and dis-
tribution, and landslides, erosion, and chute cut-offs. In a recent review, Muhadi et al. (2020) highlighted 
the use of airborne LiDAR sensors in generating DSMs/DTMs to develop flood inundation models and 
manage flood risks. Lewis et al. (2020) used a Sony A6000 digital single-lens reflex camera to study chute 
holes in response to land cover change and floods along the East Fork White River, Columbus, IN, USA. 
Results from Lewis and his team highlighted the need to improve and integrate field data with hydrological 
models. Recently, Kastridis et al. (2020) used UAV surveys to delineate flash flood events of two ephemeral 
streams in Northern Greece, and to compare and validate results from the Soil Conservation Service-Curve 
Number (SCS-CN) model and the Hydrologic Modeling System (HEC-RAS) for flood extent and depths. 
Such integration of UAV surveys and modeling is valuable for estimating natural hazards, formulating mit-
igation measures, developing conservation strategies, and designing early warning systems under current 
and projected climatic scenarios (Kastridis et al., 2020). Hashemi-Beni et al. (2018) discussed the key chal-
lenges and opportunities of using UAV-based DEM in flood-risk management based on a flood-prone area 
in North Carolina, US. Briefly, key challenges included wind, camera calibration, point cloud classification 
to estimate water surface, GCP availability during flood events, and processing time as affected by image 
content, resolution, overlapping, and computer types and processors.

UAVs equipped with either RGB (Zhang et al., 2019) or thermal infrared sensors (Ludovisi et al., 2017) are 
used in phenotyping for early detection of drought, evaluating plant responses to drought, and irrigation 
scheduling. However, due to their lower resolution, hyperspectral sensors are more recently being used in 
deriving narrow-band vegetative indices for drought and crop water stress monitoring (Dao et al., 2021; 
Ham et al., 2019). Yet, data processing is complex due to a large number of bands, in particular with spec-
tral derivative technology. As such, efforts are underway to test improved algorithms (e.g., fractional-order 
derivative algorithms) for enhanced data mining and image classification (Ge et al., 2021).

5.7.  Water Management in Agriculture and Forestry

UAV platforms could offer new opportunities to the agricultural sector for land classification and land-use 
change detection (Joshi, Clay, et al., 2019, Joshi, Ulrich-Schad, et al., 2019; Nguyen et al., 2019, 2020), crop 
scouting (Ehsani & Maja, 2013), and soil moisture management (Gago et al., 2015), among others. In an 
editorial, Cancela et al. (2019) highlighted three primary uses of UAVs in agricultural water management: 
(a) characterization of water bodies (Sections 5.7.1 and 5.7.2), (b) crop water demand studies (Section 5.7.3), 
and (c) crop water status monitoring (Section 5.7.4). A general UAV image processing workflow of RGB and 
MS images in agricultural water management is shown in Figure 4. Below, we briefly discuss UAVs applica-
tion in the agriculture and forestry sectors separately.
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5.7.1.  Characterization of Soil, Water, and Associated Hydrological Processes

High-resolution UAVs images provide a means to identify and examine intra-plot near-surface spatial varia-
bility and anomalies to inform and support land and water management strategies and priorities. For exam-
ple, Quiquerez et al. (2014) used a DRELIO unmanned helicopter system consisting of a digital single-lens 
reflex camera (Nikon D200, 10 MegaPixels) with a 35 mm focal length lens, an automated piloting system, 
and a GNSS to characterize soil at 5 cm resolution in vineyards of Monthelie, France. Soil surface images 
were classified using Iterative Self Organizing Data Analysis. This technique clusters pixels for soils with 
similar attributes in homogenous areas using an iterative statistical method. The results showed the poten-
tial of high spatial resolution images from the DRELIO for precise mapping of soil and erosional distribu-
tion in those vineyards. Similarly, infrared thermography shows the potential for mapping soil surface mac-
ropores to better understand soil physical and hydraulic properties in column studies (de Lima et al., 2014).

5.7.2.  Water Quality in Agricultural Ponds and Impoundments

A few studies have reported using UAVs in agriculture and forestry to monitor water quality in ponds and 
other impoundments (Koparan et al., 2018; Morgan et al., 2020). Specifically, UAVs with optical and thermal 
sensors are used to choose sampling locations and in situ water quality monitoring and mapping. Koparan 
et al. (2018) developed a multiprobe meter and integrated it with a hexacopter to measure water quality 
parameters in an agricultural pond in Clemson, South Carolina, US. They compared water quality parame-
ters collected with the hexacopter against a commercial multiprobe meter and reported 2.1%, 3.43%, 3.76%, 
and <1% differences in dissolved oxygen, EC, pH, and temperature measurements, respectively. They also 
highlighted the potential to rapidly collect samples and monitor water quality after natural disasters like 
hurricanes and flooding. Indeed, UAVs data are comparable in terms of accuracy and precision to other 
field sampling and measurement techniques and facilitate hydrological investigations, policies, and man-
agement decisions.

Figure 4.  General unmanned aerial vehicle image processing workflow of Red, Green and Blue and multi-spectral images in agricultural water management. 
Raw images obtained from wheat breeding trial (Texas A&M Wheat Breeding Program, Amarillo, TX, USA; Courtesy: Ms. Shannon Baker) were processed to 
generate Digital Elevation Models.
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5.7.3.  Soil Moisture, Crop Water Demand, and Irrigation

Advances in UAVs and remote sensing provide a means to gather large-scale information toward myriad 
hydrologic research objectives more quickly. Soil moisture content is a key constraint that affects biophys-
ical and biogeochemical processes and precipitation, heat transport, carbon uptake, and climate change 
patterns over the catchment, continental, and global scales (Badía et al., 2017; Kumar et al., 2018). Informa-
tion on soil moisture plays a pivotal role in tackling existing and foreseeable global food and water scarcity 
issues through decision support tools and solutions, including flood runoff predictions, water-efficient irri-
gation, and aquifer storage and recovery (Ge et al., 2019). For example, UAVs have been used in smart water 
management platforms (SWAMP) for precision irrigation (Kamienski et al., 2019). UAVs combined with 
augmented reality (AR) technology are used to map soil and guide sampling point selection to represent 
different management zones (Huuskonen & Oksanen, 2018).

A survey of recent studies indicate the use of UAV-acquired hyper-spatial imagery, including thermal 
techniques (Paruta et  al.,  2020), optical data (Lee, Yoon, et  al.,  2016), and their synergy (Hassan-Esfa-
hani et al., 2015, 2017; Wang et al., 2018; Wigmore & Mark, 2018), and GPR systems/microwave (Wu, Li, 
et al., 2019; Wu, Rodriguez, et al., 2019) to estimate soil moisture content. Paruta et al. (2020) used a Phan-
tom 3 quadcopter with a FLIR Tau2 thermal camera and 12.4 MP CMOS sensor RGB camera to capture 
hyper-spatial images subsequently processed using the apparent thermal inertia method. Similar to other 
findings in bare soils, their study discerned a strong correlation (R2 = 0.7) between soil moisture and ap-
parent thermal inertia for un-shaded non-vegetated pixels. Passive microwave sensors exploiting GNSS-re-
flectometry can be used to obtain soil moisture maps (Alonso-Arroyo et al., 2013, 2014; Dai et al., 2020; 
Favenza et al., 2019; Roussel et al., 2016; Thorp et al., 2018) or estimate water surfaces for flood monitoring 
(Imam et al., 2020). More recently, UAV-acquired GPR data are increasingly used to create high-resolution 
soil moisture maps. For example, in three agricultural fields in Belgium, a UAV-borne GPR sensor was used 
to map soil moisture to a depth of 20 cm (Wu, Li, et al., 2019; Wu, Rodriguez, et al., 2019). Overall, soil 
and moisture mapping using UAVs improve agricultural water use and management from field to regional 
scales.

5.7.4.  Crop Water Status Monitoring

UAVs with MS and hyperspectral cameras are increasingly used in precision agriculture to monitor leaf 
chlorophyll, leaf water, leaf area index, and plant cover. The amount of light reflected from the plant surface 
is directly related to the plant types and their chemical and morphological characteristics (e.g., water, chlo-
rophyll, sugar, and carbohydrate; Chang et al., 2016; Zhang & Kovacs, 2012), and as such, various vegetative 
indices have been developed (Sishodia et al., 2020). Some common vegetative indices, along with their ap-
plication, are summarized in Table 9. Briefly, depending on the wavebands, MS sensors are used to calculate 
Normalized Difference Vegetation Index (NDVI), Normalized Difference Red-Edge Index (NDRE), Leaf 
Water Content Index (LWCI), Soil-Adjusted Vegetation Index (SAVI), Enhanced Vegetation Index (EVI), 
and plant water status (Table 9; Allred et al., 2018; Baluja et al., 2012; Poblete et al., 2017). Further, hyper-
spectral sensors are also used in discriminating and mapping vegetation and predicting leaf area index due 
to their ability to collect data at several wavebands, mostly at 10–20 nm intervals (Adam et al., 2010). There-
fore, vegetative indices offer an important tool to monitor water stress and plant health (Gago et al., 2015; 
Suárez et al., 2008; Zhao et al., 2016). Specifically, the crop canopy spectral indices are used to study crop 
health conditions and to plan and adopt drought management and irrigation strategies (Jay et al., 2019; 
Thorp et al., 2018). For example, Easterday et al. (2019) used quadcopters to monitor the water stress on 
Baccharis pilularis (coyote brush) at the Blue Oak Ranch Reserve, California. Plant water status was deter-
mined based on NDVI and normalized difference red edge index. Chang et al. (2020) used a UAV system 
with an integrated thermal camera (a 3DR X8 octocopter system from 3D Robotics, Berkeley, CA, USA and 
a FLIR Vue Pro R 640 radiometric thermal camera from FLIR, Wilsonville, OR, USA) to determine cotton 
canopy temperature and Thermal Stress Index to monitor crop water status. Gomez-Candon et al. (2016) 
presented a method to obtain thermal and multispectral ortho-imagery and their radiometric correction 
for monitoring the water stress of apple trees. The approach incurred lower time for image processing and 
calibration, improved cost efficiency, and further aided in plant phenotyping programs for water limitation. 
UAVs also help monitor plant water use efficiency, which further helps identify and select plant varieties 
for breeding and crop improvement. However, there are multiple challenges associated with estimating 
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water status and stress, such as effects of solar motion on canopy NDVI and characteristics and effects of 
the bidirectional reflectance distribution function, which deserve considerable attention. Zhao et al. (2017) 
reported a co-relation coefficient of 0.33 between stem water potential and canopy NDVI; emphasizing the 
effects of the bidirectional reflectance distribution function. Indeed, pixels with lower NDVI can denote 
restricted or absence of direct illumination from the sun. Wider field-of-view and solar motion is related to 
the angular effects or the bidirectional reflectance distribution function. Such geometry of illumination is 
a common source of error in remote sensing. Wide views are generally associated with lens distortion and 
thus “radial variation in viewing angle,” whereas solar motion to “non-static illumination” in photogram-
metric applications (Stark et al., 2016).

6.  Subsurface Hydrology and Water Management
Unmanned aerial systems can be of high value for site reconnaissance to plan hydrological monitoring 
and deploy sensors for studies relating to below-ground drainage networks and below the water surface. 
UAVs with thermal infrared imagery characterize groundwater systems and monitor subsurface processes, 
hydro-chemical elements, and complex hydrological interactions at various scales. Such studies include 
below-ground tile drainage (Section  6.1), subsurface hydrogeochemistry (Section  6.2), and groundwater 
discharge (Section 6.3).

6.1.  Subsurface Tile Drainage

The use of tile drainage is extensive in agricultural regions. Monitoring and mapping below-ground drain-
age lines reduce repair costs, improve the efficacy of tile networks, and help to manage water and nutrients 
in agricultural and natural systems (Barnsdale, 2014). Tilahun (2019) used a FLIR Vue Pro R sensor, DJI FC 
6510 Zenmuse X4S RGB, and the DJI FC330 Phantom 4 Quadcopter camera mounted to map subsurface tile 
drainage in an agricultural field. The results demonstrated the efficacy of using thermal sensors to improve 

Indices Equation Use References

Normalized Difference Vegetation Index, NDVI 


NIR
NIR

RE
R

Biomass, water stress Jackson et al., 1980

Wide Dynamic Range Vegetation Index, WDRVI  

 

NIR
NIR

a R
E

a R
 (0 < a <1)

Vegetation fraction, leaf area Gitelson, 2004

Renormalized Difference Vegetation Index, 
RDVI  




800 670
800 670 ^ 0.5

R RE
R R

Biomass, soil moisture Roujean and 
Breon, 1995

Optimized Soil Adjusted Vegetation Index, 
OSAVI

  
 
 

 

1 0.16 800 670
800 670 0.16

R R
E

R R

Soil color, moisture Rondeaux 
et al., 1996

Enhanced Vegetation Index, EVI
2.5*

   
  
      

NIR
NIR 6 7.5 1

RE
R B

Biomass Jiang et al., 2008

Moisture Stress Index, MSI 1600
820

RE
R

Leaf water content Hunt et al., 2005

Normalized Difference Water Index, NDWI 


860 1240
860 1240

R RE
R R

Foliar water content Stimson et al., 2005

Normalized Difference Infrared Index, NDII 


820 1600
820 1600

R RE
R R

Canopy water content Hardisky et al., 1983

Maximum Difference Water Index, MDWI 


Rmax RminE
Rmax Rmin

Plant water status Eitel et al., 2006

Soil Adjusted Vegetation Index, SAVI  
  

NIR
NIR

RE
R

 ∗ (1 + L)
Soil color, moisture, background variability Qi et al., 1994

Note. Some vegetation indices recently used in precision agriculture are available from Sishodia et al. (2020).

Table 9 
Selected Vegetative Indices and Their Hydrological Application in Agriculture and Forestry
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tile drainage mapping after rainfall events. In similar experiments, UAV surveys with VIS, NIR, and TIR 
sensors were used to map subsurface drainage systems in a dry agricultural field in central Ohio (Allred 
et al., 2018). While VIS and NIR sensors failed to detect drainage pipes, thermal infrared imagery mapped 
66% of drainage pipes in their study. In another study consisting of 29 sites from four Midwest US states, 
visible, MS, and TIR sensors detected drainage lines at 48%, 59%, and 69% of the sites, respectively. Although 
TIR sensor detected drainage lines at more sites, visible or MS sensors, and a combination of MS and TIR 
sensors were more effective in a few cases (Allred et al., 2020). Thus, more studies are warranted to identify 
and deploy appropriate sensors for different soil types and dryness/wetness conditions (Allred et al., 2018).

6.2.  Subsurface Hydrogeochemistry

UAV-based hyperspectral sensing of water reflectance and pigment distribution and concentration has been 
extensively tested to monitor below water surface hydrogeochemistry in deep reservoirs and other aquatic 
systems. Hyperspectral sensors have high absorption at NIR wavelengths, which show promising results in 
monitoring and mapping harmful algal blooms. Kwon et al. (2020) used UAV-based hyperspectral remote 
sensing, such as subsurface reflectance, to study cyanobacterial pigment in a deep reservoir. They used a 
Nano-Hyperspec® hyperspectral imager mounted on a MATRICE M600 Pro hexacopter to measure reflec-
tance and a band-ratio algorithm to estimate pigment concentrations. The correlation (R2) between in situ 
reflectance and drone reflectance was 0.85. Surface and cumulative pigment estimates using the drone-re-
flectance band ratio showed a weak correlation. However, vertical cumulative concentration improved the 
performance of bio-optical algorithms. Hutchings et al. (2019) used a Phantom 3 Standard drone to study 
subsurface geochemistry and redox conditions in East Anglian salt marshes with two types of sediment 
chemistry, sulfide-rich and iron-rich pond sediments. Undeniably, UAVs appear to be a useful tool to better 
understand subsurface geochemistry and thus nutrient and carbon cycling in wetlands and aquatic systems.

6.3.  Groundwater Discharge

Groundwater discharge transports water and nutrients, and mapping them is crucial. Recently, thermal 
infrared techniques have been extensively tested for point-in-time monitoring of surface water-groundwater 
mixing sites and mapping submarine discharge in coastal areas at a temperature resolution of approximate-
ly 0.1°C. Lee, Kang, et al. (2016) and Lee, Yoon, et al. (2016) used UAVs with high-resolution aerial thermal 
infrared sensors to map the nutrient discharge of submarine groundwater adjacent to Jeju Island, Korea. 
They observed low-temperature signatures of submarine groundwater discharge along the coast, possibly 
affecting the sea surface temperature (Lee, Kang, et al., 2016). Thermal imagery is also used to identify 
sub-aerial springs and map turbidity plumes caused by groundwater discharge (Kolokoussis et al., 2011). 
Abolt et al. (2018) tested a microbolometer mounted in UAV to derive high-quality temperature maps at a 
discharge site in Texas, US. Although temperature differences could identify recharge and discharge areas, 
in some cases, the technique failed in others due to sensitivity to wind, vegetation shading, and changing 
river levels effects (Coluccio & Morgan, 2019). Also, UAVs could improve water level estimates to increase 
the accuracy and reliability of estimates for surface water-groundwater interactions for hydrological models 
(Bandini et al., 2017). Indeed, UAV surveys show promise as a tool for mapping groundwater discharge, but 
studies are few, warranting further research.

7.  Land-Atmosphere Interactions
The very high spatial resolution hyperspectral, MS, or thermal IR remote sensing data provide great po-
tential to characterize vegetation traits and soil properties to quantify ecosystem fluxes between the land 
surface and the atmosphere (Vivoni et al., 2014). UAVs have been utilized in eddy covariance land surface 
flux sites to study land-atmosphere interactions to understand ecohydrological processes (Anderson & Gas-
ton, 2013; Hardin & Jensen, 2011; Wang, Baum, et al., 2019). Figure 3 depicts a UAV imaging payload con-
sisting of a RGB camera, a thermal infrared camera, and a multispectral camera used in monitoring land 
surface energy, water, and CO2 fluxes. Hoffmann et al. (2016) demonstrated that high-resolution UAV ther-
mal IR imagery could be combined with two-source energy balance models to quantify evapotranspiration. 
The Grape Remote Sensing Atmospheric Profile and Evapotranspiration eXperiment (GRAPEX) project 
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investigated the benefits of incorporating high-resolution UAV thermal IR and optical imagery into TSEB 
models to assess the spatial variability of evapotranspiration in vineyards (Kustas et al., 2018, 2019). Such 
high-resolution UAV imagery could facilitate evapotranspiration partitioning between vine and interrow 
to understand the effects of canopy architecture (Nieto et al., 2019) and shadows (Aboutalebi et al., 2019) 
on surface-atmosphere energy exchanges. In an oil palm plantation, an MK EASY Okto V3 octocopter 
equipped with a FLIR Tau 2 thermal camera and an Omnivision CMOS-Sensor was used to compare latent 
heat flux and evapotranspiration between measurements from UAV imagery and eddy covariance methods 
(Ellsäßer et al., 2021). A good correlation between the DATTUTDUT model and eddy covariance existed for 
latent heat flux (R2 = 0.85) across all daytime and weather conditions, and the results underscored the utili-
ty of UAV-based thermography for integrating miniaturized radiation sensors to estimate radiation budgets. 
Wang, Baum, et al. (2019) developed an operational framework to synthesize the RGB, MS, and thermal 
IR data from a hexacopter to monitor land surface energy, water, and CO2 fluxes in a bioenergy plantation 
eddy flux site in Denmark with a very high spatial resolution (less than 1 m). This study demonstrated 
that UAV-acquired imagery could capture the spatial heterogeneity of ecosystem carbon assimilation, water 
use, energy balance, and water use efficiency, which could bring significant benefits for water resource 
management in precision agriculture. Furthermore, Wang et al. (2020) developed a dynamic soil-vegeta-
tion-atmosphere transfer model to temporally interpolate the UAV-based snapshots of land surface fluxes 
into continuous estimates. Thomas et al. (2012) designed and tested a UAV system to collect turbulent water 
vapor flux data and further improve understanding of cloud dynamics and aerosol interactions. These stud-
ies demonstrated that UAV-derived data could better epitomize spatial and temporal variabilities in fluxes 
than eddy tower systems and satellite-based remote sensing. Indeed, compared to other remote sensing plat-
forms, UAVs with flexible sensor payloads provide unique high-resolution remote sensing data to promote 
studies of land surface-atmosphere interactions to facilitate water management decisions.

8.  Other Applications
This section discusses the application of a range of UAV mounted sensors, including fluid lensing for eco-
system monitoring (Section 8.1) and hydrological modeling (Section 8.2).

8.1.  Ecosystem Monitoring

UAVs-based SfM and multi-view stereo reconstructions are widely used to map and model vegetative and 
aquatic ecosystems at centimeter resolution (Dietrich, 2017; Mancini et al., 2013; Navarro et al., 2020). For 
example, UAVs were used to estimate species composition in temperate grasslands (Lu & He, 2018), above-
ground biomass in mangrove ecosystems (Navarro et al., 2020), and to monitor seasonal change in NDVI, 
biomass, and gross primary productivity (GPP) in the Arctic ecosystems (Siewert & Olofsson, 2020). In the 
latter example, the authors also highlighted the potential of UAVs to resolve compositional and configura-
tional heterogeneity and validate satellite-based data on ecosystem properties. Arroyo-Mora et al. (2019) 
used an UAV HS system consisting of the Matrice 600 Pro hexacopter (DJI, Shenzhen, China), the micro 
Compact Airborne Spectrographic Imager (μCASI; 288 spectral bands from 401 to 996 nm, ITRES Research 
Ltd., Calgary, AB, Canada), and an IMU/GNSS unit for monitoring three distinct ecosystems (peatland, her-
baceous field, and oak forest) that were a part of the Canadian Airborne Biodiversity Observatory Project.

Airborne fluid lensing on UAVs is another passive remote sensing technique, which uses water-transmitting 
wavelengths to capture images of underwater objects at a centimeter scale (Chirayath & Earle, 2016). Fluid 
lensing appears as a promising tool for assessing the conservation status of reefs and other aquatic ecosys-
tems. However, surface-wave distortion and optical properties of water may alter/influence signal-to-noise 
ratio and spatial resolution (Chirayath & Earle, 2016). Also, UAVs can be used to understand how differ-
ent ecosystems respond and adapt to climatic change and variability (Arroyo-Mora et al., 2019). Indeed, 
UAVs provide multiple data products and rapid and flexible methods to study ecosystems’ properties and 
functions and guide management and conservation priorities. However, such studies are few, and further 
research is required to fully understand the potential for UAVs in this area of investigation.
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8.2.  Hydrological Modeling

UAVs and low-altitude photogrammetry have been consistently applied in hydrology to develop topographi-
cal models (Lowe et al., 2019; Resop et al., 2019) and optimize natural hazards modeling (Backes et al., 2019). 
UAVs improve DEM and vegetation classification with reduced survey time and cost for hydrological meas-
urements and modeling, including water stress, floods, and landslides. UAV SfM has been shown to produce 
DEMs competitive with expensive LiDAR scans in terrain mapping and hydrodynamic modeling (Javernick 
et al., 2014). In riparian zones, the accuracy of stream temperature models parameterized using UAV-based 
SfM tree height data was compared with LiDAR tree height data (Dugdale et al., 2019). SfM model showed 
a higher degree of accuracy, while the average RMSE was identical to the LiDAR approach. Such methods 
are likely prone to the effects of dense forest canopies on acquiring point clouds that accurately measure 
ground elevation, which should be investigated in future research.

High-resolution DTMs derived from UAV imagery have been used in flood prediction models (e.g., LIS-
FLOOD-FP) to simulate water flows and depths (Backes et al., 2019) and calibrate and validate satellite-based 
products (Vivoni et al., 2014). One such example is the use of drone imagery in training classification algo-
rithms and validation of satellite imagery in estuarine wetlands in the Rachel Carson Reserve in Beaufort, 
NC, USA (Gray et al., 2018). Further, hyper-spatial imagery can be used to train fuzzy classification models 
in fluvial studies (Carbonneau et al., 2020). UAV-derived DSMs are valuable in peri-urban areas to detect 
small-scale hydrological features like thin walls affecting runoff and flooding (Annis et al., 2020). UAV-de-
rived DEMs have shown better performance than other DEMs, such as TINITALY DEM, a nation-scale 
high-resolution DEM in Italy, for flood extension and flow depth monitoring (Annis et al., 2020).

UAV-based LiDAR has been tested for modeling stream topography and vegetation. For example, a Vapor 
35 drone (Pulse Aerospace Inc., Lawrence, KS, USA) with an integrated YellowScan Surveyor Core LiDAR 
(Montferrier-sur-Lez, France) was compared with airplane-based laser scanning (Leica ALS-50 LiDAR and 
Optech Galaxy Airborne Laser Terrain Mapper) for modeling stream topography and vegetation in VA, 
USA (Resop et al., 2019). UAV-based LiDAR imagery produced a high-resolution terrain model and canopy 
height model to represent channel profile and floodplain vegetation of less than 1 m in height compared 
with airplane based scanning. UAS-photography based bathymetric modeling has been used to develop 
seamless DEM of river bend to study fluvial processes and riverbed evolution (Flener et al., 2013; Özcan & 
Akay, 2018). Importantly, the accuracy of photogrammetry point clouds depend on the number of images 
used in the model development and their geometric quality, among other factors such as image lens distor-
tion and sharpness (Flener et al., 2013). Overall, UAV photogrammetry and automated sensors networks 
show promise in developing comprehensive hydrodynamic flood models. However, UAV-based photogram-
metry displays limited use under turbulent flow and irregular stream bottom with variable depth for stream 
bathymetry reconstruction (Langhammer et al., 2017).

9.  Challenges
UAVs applications in hydrology present many new opportunities for hydrologic research and a platform for 
new techniques of data acquisition. However, below we highlight some challenges of using UAVs in hydrol-
ogy and water resource management:

1.	 �Studies indicate several challenges associated with using small UAVs in environmental remote sensing. 
Small UAVs are constrained by their weight, adverse weather (wind, rain, and turbulence), and availa-
bility of accurate, precise, and affordable sensors. Furthermore, geo-referencing and processing a large 
volume of images present computation workloads that can overwhelm even fast computers (Hardin & 
Jensen, 2011).

2.	 �Reconstructing homogenous and moving objects such as snow and water surfaces using SfM algorithms 
is somewhat challenging (Jeziorska, 2019). There are considerable uncertainties linked to image quality 
(lens distortion, image focus, image resolution, and perspective) in determining water level (Ridolfi & 
Manciola, 2018). The importance of steady and detectable points on the water surface to estimate WSE 
has also been established in other studies (Bandini et  al.,  2020). However, identifying and obtaining 
ground control points for orthorectification and acquiring sharp images with good focus, resolution, and 
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perspective remain challenging, especially in adverse conditions, warranting further exploration and 
improvements (Ridolfi & Manciola, 2018).

3.	 �Challenges remain in developing or improving algorithms for processing low altitude hyperspectral im-
agery (Arroyo-Mora et al., 2019).

4.	 �While vegetation indices derived from UAVs imagery offer important plant physiological information, 
measurement of vegetation indices is affected by solar angle, climate, topography, and radiometric cali-
brations, among other factors (Easterday et al., 2019).

5.	 �UAVs are constrained by limited flight durations (Cancela et  al.,  2019; Koparan et  al.,  2018). Larger 
fixed-winged UAVs are challenging to deploy and often incur higher initial costs than small quadcop-
ters (Klemas, 2015). Likewise, flights are affected by environmental conditions (lighting, wind, and air 
humidity) and battery life, among other factors. For example, in-flight changes in solar irradiance sig-
nificantly affect the quality of UAVs imagery (Wang, Garcia, et al., 2019). Greater flight altitude reduces 
the spatial resolution of images and water vapor in the air may attenuate the signals transmitted from 
imaging surfaces (Still et al., 2019).

6.	 �There are safety issues associated with UAVs usage primarily due to spatial coverage and interference 
with civilian aircraft (Hardin & Jensen, 2011). Flights beyond visible line-of-sight could potentially in-
crease cost-benefit ratios (Dyer et al., 2020). Similarly, in the Unitesd States, the maximum flight alti-
tude is 120 m above ground level, and UAVs are not permitted to fly at night. Changes to these rules 
could impair or enhance the efficiency of UAVs data acquisition techniques. Safety requirements such 
as when to fly (day vs. night), where to fly, and UAVs characteristics (weight, speed, and height from 
ground) vary with meteorological conditions, data type and complexity. Yasin et al. (2020) highlighted 
and reviewed different collision avoidance methods and reported reactive planning, deliberate planning, 
hybrid approaches, and four different algorithms: geometric, force-field, optimization-based, and sense 
and avoid methods. Indeed, the growing breadth of literature suggests an increasing need to develop 
better collision avoidance systems and assure the public and regulators that UAVs are safe to operate in 
the environment.

7.	 �Regulations for piloting and operating UAVs continue to evolve and vary significantly from nation to na-
tion and even in different areas within the same country (Klemas, 2015). Operators must receive proper 
training and UAVs must be registered appropriately according to local regulations, which may include 
provisions for reporting accidents, collision avoidance system requirements, etc. (Cracknell, 2017).

8.	 �Aviation policies and regulations are key constraints on the further development of research and com-
mercial applications of UAVs technology. They will continue to govern future innovations and opportu-
nities for UAV platforms (Chávez et al., 2020).

10.  Opportunities and Prospects
The use of UAVs, different platforms, sensors, and payloads offer tremendous opportunities to researchers, 
scientists, managers, and policymakers for spatial and temporal monitoring, measurement, mapping, and 
management of water resources. The different opportunities and prospects of using UAVs are highlighted 
below:

1.	 �UAVs can reach adverse, risk-prone, and human inaccessible areas. Indeed, UAVs enable hydrological 
monitoring in previously ungauged locations (Tauro et al., 2016), and data could be coupled with in situ 
measurements to improve decision-making and planning. For example, Vivoni et al. (2014) highlighted 
opportunities for integrating UAVs data with long-term data from the Long-term Ecological Research 
Network (LTER) or the National Ecological Observing Network (NEON). Field-based plant water con-
tent measurements integrated to UAV-based measurements of vegetation indices (Easterday et al., 2019) 
allow for an improved understanding of plant water stress and demand to identify and prioritize man-
agement options under climatic extremes. Similarly, surface water level information could be used to de-
velop stage-damage curves and evaluate insurance policies against floods (Bandini et al., 2017). Overall, 
UAVs provide multiple opportunities to understand spatial and temporal heterogeneities in blue water 
and green water under variable climate and land-use systems to foster sustainable land and water use 
and management and improve infrastructure development.
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2.	 �Small UAVs pose opportunities to obtain high-quality images at a relatively lower price. However, more 
research is warranted to improve sensors, automate flights, and increase flight duration by developing 
better vertical take-off and landing (VTOL) platforms (Becker et al., 2019). For example, while monitor-
ing water quality in an agricultural pond, Koparan et al. (2018) used 13 waypoints for their hexacopter. 
The three flight missions had a flight length of 256, 396, and 166 m for the first, second, and third mis-
sions, respectively. Powerful batteries with longer endurance could have reduced the mission to a single 
flight. Likewise, improvements in radar technologies could potentially improve hydrological monitoring 
and data acquisitions.

3.	 �Image mosaicking and field of view reconstruction approaches show promise for flow monitoring over 
a large area (Perks, 2020; Tauro et al., 2016). Furthermore, UAVs could be combined with radar altime-
try to better predict WSE (Bandini et al., 2020), and with LiDAR, sonar, or optically based bathymetric 
measurements to determine flow rates.

4.	 �UAVs could be modified with greater payload capacity, which allows for the rapid collection of a large 
volume of water samples (Lally et al., 2019). However, it will increase initial costs, time to set-up/deploy 
UAVs, and licensing requirements. More studies are needed to improve the reliability and accuracy of 
sampling. Furthermore, a detailed cost-benefit analysis would enhance the decision-making process in 
water monitoring programs.

5.	 �High-resolution spatial, temporal, and continuous UAV-based physical, chemical, or biological data 
could be used to parameterize, calibrate, and validate satellite-based products, and hydrological, eco-
hydrological, and geophysical models (Vivoni et al., 2014). This could, however, require multiple flights 
using the same UAVs or UAVs equipped with similar sensors over an area at a time. Multiple flights along 
with tilted cameras have also been shown to improve the vertical accuracy of SfM products such as DSMs 
(Manfreda et al.,  2019). Also, there are many opportunities to coordinate data collection procedures, 
develop better data processing systems, and integrate data from multiple sources.

6.	 �Artificial intelligence, machine learning techniques, and algorithms should be explored and identified 
to correct noise in images/photos, reduce positional errors (Arroyo-Mora et al., 2019), and understand 
flow velocimetry (Tauro et al., 2016)

7.	 �The high-resolution nature of the imagery and other data acquired using UAVs yields large datasets that 
require considerable space to store and archive. Both the reproducibility of scientific investigations and 
the likelihood that future changes in the landscape will make data collected earlier in time of interest to 
future researchers strongly suggest a need for central data repositories and standards for archiving and 
storing UAV-derived data.

8.	 �Challenges associated with UAVs have raised global urgency and needs among different disciplines and 
agencies to collaborate and to technology transfer, and further unlocked opportunities to involve the 
general public in citizen science.

11.  Conclusions
In summary, we reviewed the use of UAVs in hydrology and water management and highlighted major chal-
lenges, opportunities, and prospects of utilizing UAVs. UAVs present effective tools for monitoring natural 
resources, such as soil, water, biomes, and hydrological processes at much finer space and in real-time. UAV-
borne sensors data could be used to parameterize and validate satellite-based products, and hydrological 
and geophysical models. Also, UAVs show great promise under climatic change and variability. However, 
the technology is still evolving, and challenges exist, which require global collaboration, training support, 
technology transfer, and data sharing and archiving.
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