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Abstract: Over the past decade, advancements in collection platforms such as unoccupied aerial
systems (UAS), survey-grade GNSS, sensor packages, processing software, and spatial analytical
tools have facilitated change detection analyses at an unprecedented resolution over broader spatial
and temporal extents and in environments where such investigations present challenges. These
technological improvements, coupled with the accessibility and versatility of UAS technology, have
pushed the boundaries of spatial and temporal scales in geomorphic change detection. As a result,
the cm-scale analysis of topographic signatures can detect and quantify surface anomalies during
geomorphic evolution. This review focuses on the use of UAS photogrammetry for fine spatial (cm)
and temporal (hours to days) scale geomorphic analyses, and it highlights analytical approaches to
detect and quantify surface processes that were previously elusive. The review provides insight into
topographic change characterization with precise spatial validations applied to landscape processes
in various fields, such as the cryosphere and geosphere, as well as anthropogenic earth processes
and national security applications. This work sheds light on previously unexplored aspects of both
natural and human-engineered environments, demonstrating the potential of UAS observations in
change detection. Our discussion examines the emerging horizons of UAS-based change detection,
including machine learning and LIDAR systems. In addition, our meta-analysis of spatial and
temporal UAS-based observations highlights the new fine-scale niche of UAS-photogrammetry. This
scale advancement sets a new frontier in change detection, offering exciting possibilities for the future
of land surface analysis and environmental monitoring in the field of Earth Science.
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1. Introduction

Remote change detection has been a key component for understanding Earth surface
dynamics and associated environmental processes from local to global scales [1]. Surface
dynamics are tightly coupled with the transport of mass and energy, which are critical
factors that allow us to better understand and predict biophysical feedbacks and landscape
evolution [2]. The ability to quantify landscape change detection is generally based on
quantifying spatiotemporal differences of surfaces based on spectra or elevation to capture
signatures of change. In particular, the detection of geomorphic change, relating to Earth’s
surface processes, has relied on the comparison of digital surface models (DSMs) or 3D
point clouds to estimate and model surface changes that can be translated to elevation and
volume. Spaceborne and crewed aircraft-based remote sensing have been the standard
for detection, quantification, and understanding of morphological changes and dynamics
of geological processes, including glaciers, landslides, coastal change, and earthquakes
(e.g., [1,3,4]). In general, geomorphic processes have been characterized infrequently at
long time scales (i.e., months to years) from space and airplane platforms with moderate to
coarse spatial resolution. This coarse spatial and temporal resolution may overlook key
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processes occurring at smaller scales and faster phases. The acquisition and analysis of fine-
scale data through ground-based or surface-proximal methods allow improved constraint
and understanding of the mechanisms responsible for the broad-scale surface signatures
detected by higher-altitude remote sensing platforms. Therefore, the advancement of
technologies for fine-scale change detection has been critical in geosciences.

Over the past two decades, change detection at fine scales has been mostly led by
Terrestrial Laser Scanning (TLS) approaches, allowing mm- to cm-scale observations over a
diverse range of surface processes [5–7]. The high resolution and accuracy of this system
has made it a reliable tool that has advanced multiple fields including structural geology,
seismology, natural hazards, geomorphology, and glaciology. However, its cost, intrusive
deployment configurations, short range, and burdensome lack of portability (especially in
remote locations) makes TLS a challenging option for change detection analysis. With the
emergence of photogrammetric approaches added to advances in the use of unoccupied
aerial systems (UAS) at a fraction of the cost of TLS, UAS has gained popularity as a cost-
effective, versatile, and relatively accurate tool for change detection. Within this review,
we define UAS as an integrated aerial system consisting of a small uncrewed aircraft and
at least one onboard sensor. This pairing of the aircraft and sensor creates a complete and
functional system capable of aerial data collection and analysis for various applications.

The ability to derive detailed topographic changes at fine spatial scales through UAS
photogrammetric approaches has opened a new era for surface characterization of the Earth.
Recent and growing technological advancements in UAS combined with cutting-edge com-
puter vision-based digital photogrammetry, commonly known as Structure-from-Motion
(SfM) [8,9], has revolutionized our understanding of and our ability to quantify surface
geomorphic signatures compared to commonly used approaches, such as spaceborne,
airplane-based, and ground-based approaches. In particular, UAS SfM versatility due to
cost-effective sampling at high temporal and spatial scales has made topographic assess-
ments more accessible to geoscientists, enhancing the field of detection of surface signatures
and geomorphic change.

The popularity of UAS-based change detection across the Earth sciences is reflected in
the sharp increase in the number of publications relying on UAS over the past decade [10–12].
In addition, worldwide accessibility of UAS technology which retails at a fraction of
the cost compared to Light Detection and Ranging (LIDAR) technology, has boosted its
use in the Earth sciences for quantification of processes at high temporal and spatial
scales. The feasibility and ease of capturing multiple observations over hourly to daily
scales has filled a niche in observational geosciences and has made this tool very useful
for assessing geomorphic evolution and change by comparing the chronosequence of
observations [13,14]. This niche, combined with the reduction of risk in traditional field
data collections and the increased reliability and flexibility of UAS, will continue to be a
common tool for change detection characterization of small surface signatures.

UAS-based change detection applied to the Earth sciences spans a wide array of
applications and permits exploration into geomorphic signature formation mechanics
and dynamics, which can facilitate expanded applications in areas such as economic
geology and related industries [11,15,16]. There have been a number of reviews in recent
years of UAS applications in Earth sciences [7,10,12,17,18] as well as change detection
methods [1,19,20]. However, a detailed review of the capabilities of UAS-based change
detection at fine spatial and temporal scales applied to Earth sciences and processes has
not been presented elsewhere. Based on the increasing applications of UAS technologies
for change detection, there is an imperative need for a current overview of advancements
and applications. Therefore, this paper intends to provide a detailed record on change
detection studies that employ fine temporal and spatial scale datasets of surface dynamics
in the field of earth sciences, including both natural and anthropogenic Earth processes.
This manuscript also intends to showcase trans-disciplinary methodological advances and
innovative approaches in process-specific disciplines to expand the frontiers of change
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detection in the Earth sciences and highlight the emergent horizons in big-data analytics,
data fusion, and sensor advancements and uncertainty management.

2. UAS-Based Change Detection Applications

Remote change detection or “the process of identifying differences in the state of an
object or phenomenon by observing it at different times” [21] has become a key approach
for understanding earth system dynamics. This study focuses on UAS photogrammetry
change detection studies that characterize changes in position (2D), elevation (2.5D), and
volume (3D) in the Earth sciences and employ a range of change detection algorithms,
which are highlighted in Table 1 and Figure 1, and which are discussed and compared in
detail by others (i.e., [1,19,20]).

Table 1. Common change detection methods used in assessing earth surface processes.

Method Reference Application Examples

DEM of Difference (DoD) Wheaton [22] [23–25]
Cloud-To-Cloud (C2C) distance Girardeau-Montaut et al. [26] [27]
Cloud-To-Mesh (C2M) distance Cignoni et al. [28] [29,30]
Mesh-To-Mesh (M2M) distance Aspert et al. [31] [32,33]

Multiscale Model-to-Model Cloud
Comparison M3C2 Lague et al. [20] [34–38]

Coregistration of Optically Sensed
Images and correlation (COSI-Corr) Leprince et al. [39] [40–43]

Particle Image Velocimetry (PIV) Keane et al. [44] [13,45]
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Figure 1. Comparison of common change detection methods including (a) differencing of DEMs,
with distances computed vertically. (b) Cloud-to-cloud (C2C) distances are computed based on
closest point distance (LC2C). (c) Cloud-to-mesh (C2M) is computed between closest points along
the local normal of the mesh (LC2M). (d) Multiscale Model-to-Model Cloud Comparison (M3C2) is
computed trough a cylindrical axis, which gives a mean distance along the normal direction ((b–d)
adapted from [20]). (e) Image Particle Velocimetry (IPV) computes velocity vectors (Vt) from pair
image cross correlation.

2.1. Applications in Geomorphic Change Detection
2.1.1. Cryosphere

The cryosphere is experiencing significant changes in response to climate change and
represents an emergent horizon for the use of UAS in observing and quantifying spatiotem-
poral changes in these rapidly changing systems [46]. Most notably, permafrost, glaciers,
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ice sheets, and sea ice enjoy growing scientific attention for change detection, analysis,
and monitoring given their vulnerability to polar temperature amplification [47,48]. Most
cryospheric change detection studies have utilized spaceborne data, given the remoteness
of these landscapes and logistical challenges for in situ monitoring. High latitude obser-
vations have been historically limited to relatively coarse spatial and temporal scales as
a result of dominant cloud coverage [49]. Furthermore, satellite constellations offer poor
polar coverage, and weather difficulties make crewed aircraft-based activities high risk in
these regions. Nonetheless, large-scale airborne campaigns have been undertaken in recent
years, employing both passive (i.e., hyperspectral, photogrammetric) and active sensors
(LIDAR, synthetic aperture radar [SAR]) to characterize and monitor climate change in
high latitudes (e.g., NASA ABoVE; see [50]).

Fine-scale change detection of glacial and periglacial landscapes have been generally
assessed through TLS at cm-scale [34,51]. However, emerging UAS technologies allow
cryosphere studies to employ photogrammetry SfM methods and derive high spatial
resolution topographic data comparable to TLS but with high temporal frequency [13,48,52],
even continuous temporal monitoring and tracking [53]. Although cryospheric applications
employing UAS-based change detection are broad, they concentrate in four main areas
(by decreasing order): glacier, snow, landforms, and vegetation [46]. Here, we focus on
cryospheric geomorphic change detection studies that focus on 3 key areas: (1) glacier,
(2) snow, and (3) landforms.

Glacier studies employing UAS for change detection include quantification and timing
of ablation [42,54,55], calving events [41,48,56], flow velocity [13,57], plume dynamics [13],
and periglacial processes [58–60]. Notably, Jouvet et al. [13] employed a fixed-wing UAS
to monitor intra-day (12 h interval) glacier velocity and proglacial plumes over a 12-day
period in a tide-water glacier. The study revealed speed-up events (up to 170%) within 48 h
of enhanced acceleration as well as the evolution of flow plumes with pulsating water jets
(Figure 2). Furthermore, Adams et al. [52] characterized hourly glacier calving dynamics
and observed sudden rapid deformation prior to calving (Figure 3).

The presence of snow during its seasonal coverage significantly affects various envi-
ronmental factors, such as albedo, vegetation, and soil properties, including soil thermal
dynamics, which are critical components of the Earth’s surface energy balance. In addi-
tion, snow quantification represents a key factor for forecasting potential hazards such as
avalanches and flooding. Characterization of snow cover is fairly routine, but quantifi-
cation of snow depth has been challenging and positively accomplished through change
detection [61,62]. However, cm-scale snow depth measurements provide a new insight into
the heterogeneity of snow distribution and, most importantly, the evolution and melt of
snow over high temporal frequency. Eker et al. [14] employed UAS daily observations at
cm-scale to track ablation dynamics at microscales, thus detecting “hot-spots”, areas with
higher rates of snow melt, which shows how landscape properties and processes influence
snow depth over fine spatial and temporal scales. Similarly, Bernard et al. [63] employed
UAS seasonal surveys to characterize snow accumulation, icing, and melting dynamics. It
should be noted that fine-scale observations of snow depth assume a stable ground surface
under snow and soil cryogenic processes, such as ground heaving, permafrost creep, etc.,
can contribute to errors in the snow depth computation [64].

Permafrost landforms and processes have been investigated with UAS-based photogram-
metry at high spatial and temporal resolutions. For example, seasonal monitoring of
poorly drained areas in continuous permafrost showed significant uplift and settlement
of up to 50 cm as a result of ice lens development and thaw in saturated soils adjacent
to infrastructure [65] (Figure 4). Seasonal observations of organic peatlands revealed the
development of frost boils during summer time [66]. Tracking of permafrost thaw slumps
showed seasonal complexities of thaw slump development and spatial distribution at daily
to decadal scales showing increases of sediment export [65].
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Figure 2. UAS-derived surface velocity fields of the calving front of the Bowdoin Glacier in 12 h
intervals revealed enhanced glacier velocity acceleration over short periods as well as pulsating water
flow plumes at the front of the tide-water glacier. Figure adapted from [13].

Other examples of UAS-based change detection in the cryosphere: Li et al. [47] employedpho-
togrammetry methods for monitoring Antarctic sea ice without requiring the coordinated
deployment of dense ground control. This innovative work has the potential to open a
new frontier in high latitude ice monitoring. Similarly, UAS-based SfM has enabled unique
observations on surface changes and sublimation rates in perennially frozen Antarctic
lakes, as demonstrated by Ponti et al. [67]. Additionally, UAS-based photogrammetry
has been employed in the study of periglacial features in Antarctica, such as solifluction
landforms, coastal landforms, and patterned ground, and how it is being influenced by
climate change. This approach has been shown to improve spatial analyses of these features,
and has identified important periglacial features that were missed by satellite- and crewed
aircraft-captured imagery, as found by [68].
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(g–i) in the hours prior to calving with rates of 24 m day-1.
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road free of ice in winter. Figure adapted from [65].
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2.1.2. Structural Geology and Active Fault Characterization

Observation and quantification of faulted landscapes and slip rate analysis have been
major components for understanding the influences of tectonic processes on Earth sur-
face dynamics, but human-collected measurements over large areas are expensive and
high-risk. Satellite and crewed aircraft-based LIDAR at sub-meter spatial scale have been
used for detection and monitoring of faults [69], and they have often been complemented
by localized cm-scale differential GPS field surveys and TLS [70]. With modern satellite
assets such as WorldView-2 satellite imagery, stereo pair satellite-derived DEM spatial
resolution is high (i.e., 5 m), and in some cases up to 0.5 m. The cm-scale spatial-resolution
of topographic data derived by UAS photogrammetric approaches enables the constraint of
higher-accuracy spatial characteristics of fault activity, which in turn permits estimation of
surface dynamics and fault slip rates compared to satellite and airplane LIDAR topographic
data [71,72]. In recent years, UAS-based photogrammetry has become more prevalent in
the fields of fault characterization, slip rate, and tectonic deformation due to its high spatial
resolution and ability to capture detailed observations. However, while UAS photogram-
metry has been useful for detecting changes over short periods of time, multi-temporal
change detection approaches have utilized a combination of UAS photogrammetry with
other topographic datasets such as Terrestrial Laser Scanning (TLS) and spaceborne data
(as described by Török et al. [73]), plus historical aerial photogrammetry, which enables
researchers to expand the temporal window of analysis.

2.1.3. Volcanology

High spatial and temporal frequency monitoring of volcanic processes with UAS is
revolutionizing volcanology [74]. The nature of most volcanic processes makes UAS a great
option, since ground-based data collection is generally limited and extremely high-risk.
Geomorphic change associated with episodic events such as volcanic eruptions [75], lava
flows [76,77], and faulting and ground deformation [37] has been assessed with UAS.
Nakano et al. [75] employed a long-range fixed wing UAS to map active volcanic island
emergence and expansion, and calculated a 28-fold increase in the island volume after
eruption. High-resolution morphological changes of lava flow and fracture mapping are
providing novel insights into volcanic structural evolution and potential hazards [37,76].
High frequency temporal monitoring employing particle image velocity on UAS-collected
time-series images has allowed calculation of lava flow velocities, volume, and time-
averaged discharge rates during eruption [77] (Figure 5), deformation of a lava dome
expansion with estimates of normal and shear stress [78] (Figure 6), and quantification
of caldera growth, eruption volume, and determination of possible flow pathways using
the UAS-derived detailed topography [77]. Walter et al. [79] used UAS to monitor mor-
phological changes, which, in turn, allowed rapid interpretations on eruption locations,
timing, and dynamics. James et al. [74] highlight a gamut of other UAS applications in
volcanology, including soil, water, and gas sampling from craters as well as gravity and
thermal properties of volcanic processes.

2.1.4. Coastal Geomorphology

With focus on coastal landforms (i.e., beaches, cliffs, shorefaces, etc.), the highly-
dynamic coastal geomorphology mobilizes large amounts of sediment and organic matter.
Therefore, in this topical area even cm-scale surface changes can translate to megatons
of sediment export and/or import. This field has received greater attention given the
vulnerability of the terrestrial-aquatic interfaces to climate change through hydrological
cycle intensification (i.e., strengthening of storms), sea level rise [10,80], and the juncture of
coastal erosion and the impact on anthropogenic infrastructure [81]. These fields have relied
on high resolution satellite and airborne imagery as well as LIDAR products to estimate
long-term dynamics. The accelerated increases in coastal and river bank dynamics [24,82]
methods used to study these systems must increase both the temporal (i.e., hours, days)
and spatial scale of surface characterization to allow for quantification of surface changes
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and identification of physical drivers. Most weather events such as storms, floods, etc.
have a time span of hours, and monitoring systems that can cope with this demanding
temporal scale are therefore key to improving understanding of the geomorphic evolution
as it is impacted by the system [10]. Recent coastal mass wasting studies have assessed
short-term intra-seasonal changes to pinpoint environmental controls of erosion rates. For
example, Cunliffe et al. [82] recorded erosion rates of 14.5 m/year, six times the historical
rate observed over a 70-year record.
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18.02.2019 at 14:38–14:50 UTC. The lava flow and crater rim are marked for orientation and (b) also 

Figure 5. (a) Kilauea lava flow site. Standing waves appear as undulations in the channel surface (see
A-A′ profile in (e)). (b) UAS hover video frame highlights flow through the channel that is focused
on the east side. The standing waves appear as dark and light bands where the crust compresses on
up-wave side and pulls apart at the top and down-wave side. (c) Velocimetry analysis comparing
features from video using particle image velocity for flow volume and discharge rate estimation.
(d) Flow velocity profile from B-B′ across site B as shown in (c). (e) De-trended July 2018 LIDAR
channel surface profile from A-A’. Figure adapted from [77].

By measuring bluff slumping on a weekly basis, researchers can capture short-term
changes in the shoreline that may not be apparent at longer time scales. Additionally, ana-
lyzing the influence of storm events on shoreline change can provide insights into the role
of extreme weather events in shaping coastal landscapes (Figure 7). Similarly, monitoring
studies employing UAS SfM surface models of coastal dunes and seasonal slumping rates
of lake shore bluffs highlight the importance of quantifying short-term sediment volume
changes and erosion timing for managing coastal areas [23,24,80] (Figure 8). Overall, this
research approach can contribute to the development of effective coastal management
and adaptation strategies by enhancing our understanding of the underlying causes and
patterns of shoreline change. UAS represents a practical and affordable solution for detect-
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ing the timing and intensity of both abrupt and gradual erosion processes, including the
intra-seasonal erosion and accretion patterns that shape coastal landscapes.
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Figure 6. (a) Deformation and (b) normal strain plot (normal in the image plane) for the lava dome
expansion over the course of 3 days, showing significant movement of the northeast dome side, as
well as extending radial fractures near the lava flow vent. The arrow length in (a) shows the measured
displacement. Survey C was performed on 15 February 2019 at 15:20–15:33 UTC and survey D
on 18 February 2019 at 14:38–14:50 UTC. The lava flow and crater rim are marked for orientation
and (b) also includes a thermal view on the vent (red circle), also captured on 18 February 2019
at 11:49–12:19 UTC. This shows that active structures of the lava flow produce significant thermal
anomalies, although the radial fractures associated with the slower dome growth are not visible. The
lava flow and crater rim are marked for orientation, and the reference point for the shift and rotation
correction is marked in (a). Figure adapted from [78].

2.1.5. Aeolian Geomorphology

The patterns of dunes are closely linked to weather conditions such as wind and
rainfall, making them a sensitive indicator of climate dynamics. This connection between
dune formation and weather patterns applies not only to terrestrial landscapes but also
to other planets, where dune fields can provide valuable insights into planetary weather
conditions [83]. Therefore, the morphological characterization and dynamics of these
systems at fine spatial scales is of key importance. Studies focusing on dune systems
have emphasized the reliability and efficacy of UAS as a low-cost solution over satellite
and LIDAR for capturing fine spatial-scale surface dynamics in dunes [84,85] (Figure 9).
UAS high-temporal resolution include interannual monitoring of coastal dune systems’
progradation and erosion [80,86], development of embryo dunes [87], dune stabilization by
vegetation [88], intertidal dune dynamics [89] monitoring of storm event impacts [90], and
dune migration [91]. The fragility of these landscapes and the encroachment of humans into
dune regions makes high-spatiotemporal characterization of dune features an important
horizon for ecosystem management and regional conservation policies (e.g., [92,93]).

2.1.6. Fluvial Geomorphology

Fluvial geomorphology has benefited from the increases in both temporal and spatial
resolutions provided by UAS photogrammetry. High spatial resolution (<20 cm) con-
tinuous seasonal monitoring of channel deposition and erosion through low-cost UAS
photogrammetry techniques can better inform decision makers, particularly for waterways
sensitive to flooding and those that are morphologically dynamic [94–96]. In addition,
deployment flexibility with UAS has enabled the capture of transient geomorphic changes
associated with weather events (i.e., storms, hurricanes) that occur on only a few days
per year, such as flash floods and debris flows that can drastically alter sediment redis-
tribution [36,97] (Figure 10). Studies lacking pre-event datasets have modeled the initial
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topography to perform change detection in fluvial geomorphology. For example, Ellet
et al. [98] characterized post-wildfire stream channel erosion without a pre-event dataset
by comparing post-event channel characterization with a synthetic DEM that simulates
pre-event conditions by delineating and removing channel scoured points from post-event
SfM pointcloud and fitting an interpolated surface to simulate pre-event conditions.
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Figure 7. Short temporal scale monitoring captures rapid shoreline change, six times faster than the
long-term trend (1952–2017) in Herschel Island, Yukon Territory, Canada. Figure adapted from [82].
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Figure 8. Seasonal evolution of coastal bluff mass wasting where wave energy combined with
weakening of bluff sediment and thawing in the spring results in substantial bluff erosion as shown
in C. (A) May to September 2018, (B) September to December 2018, and (C) December to May (Spring)
2019. Figure adapted from [23].

2.1.7. Mass Wasting

Mass wasting events include landslides, rockfalls, debris flow, mudflows, soil and rock
avalanches, and soil deformational creep. The ability to detect, quantify, and monitor mass
wasting enables analytical advancements in geomorphology and hazard management,
especially within the built environment. Generally, mass wasting events occur on the scale
of meters to kilometers and vary largely on the temporal scale from hours to decades.
Thus, these processes can be captured well with the cm sensitivity of UAS, particularly in
hazardous and remote locations [45,99,100]. Most mass wasting change detection studies
have focused on landslides. For example, Lucieer et al. [40] tested UAS-enabled SfM to
quantify terrain displacement dynamics from a landslide over seasonal scales (Figure 11).
Employing fine-scale UAS surveys, Saito et al. [100] also identify 54 coseismic landslides
within a 1 km2 study area, with volumes ranging from 9.1 to 3994.6 m3. Kyriou et al. [101]
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used UAS SfM to monitor a slow, active landslide in Greece, and facilitated novel analyses
on the role that lithology plays in landslide occurrence and how temporal dynamics can
affect swelling clays, which may contribute to active landslide behavior. The temporal
yield of mass wasting events can help improve quantification of sediment transport and
better constrain its effects on fluvial landforms [99]. Boulder deposits and dynamics have
also been assessed using UAS-deployed sensors. Nagle-McNaughton and Cox et al. [33]
detected and traced boulder movement documenting movement of boulders and the
stochastic nature of boulder transport, where some experience movement while adjacent
boulders of the same size are unaffected (Figure 12). Other studies have focused on the
quantification of coastal cliff recession to estimate monthly rockfall inventory and identify
possible trends in the factor of safety calculations that may be able to predict failure
locations [102].
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Figure 9. High resolution (2 cm) interannual monitoring of progradation of dune system revealed
the formation of embryo dunes near the shoreline (highlighted yellow A) and the dynamic nature
of the system with zones B and C showcasing a seaward displacement of the dune system. Figure
adapted from [87].
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Figure 10. Assessment of pre and post hurricane gully erosion (a) in the valley of volcan de Colima,
western Mexico, with engraving reaching 5 m within a 4-day period based on high resolution repeat
photogrammetry terrain modeling (b) and field inspection (c). Figure adapted from [97].
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Figure 11. Seasonal landslide displacement magnitude in color. White vectors indicate displacement
direction employing a COSI-Corr algorithm. Figure adapted from [40].
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Figure 12. Mapping boulder displacement associated with coastal storms. Numbers indicate the
approximate masses in tons and arrows connect the initial and final locations of boulders. Figure
adapted from [33].

2.2. Applications in Anthropogenic Earth Processes

Anthropogenic activities have been an expanding driver of geomorphic landscape
changes, including surface hydrologic alterations, exacerbating and/or restricting erosion,
creating ground subsidence, and initiating mass wasting events. Change detection employ-
ing UAS has been an emergent tool for economic geology and national security applications.
Below, we discuss case studies on economic geology, ground water monitoring, explosion
monitoring, and border security.

2.2.1. Economic Geology

Characterization of aboveground mining activities and regions has traditionally re-
lied on airborne and TLS LIDAR systems, which require increasing costs to deploy at a
higher risk to personnel. The affordability and high-resolution of photogrammetric data
collected from UAS compared to LIDAR systems has made SfM a cost-effective option
for industry, particularly by enabling high temporal monitoring of these sites [103]. Both
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underground and aboveground mining activities increasingly employ UAS and SfM as
a cost-effective, flexible tool to evaluate mine geometry [104] and define geometries of
economic material boundaries [73], characterize ground surface subsidence, and estimate
surface volume changes [11,105]. Additionally, this method offers aboveground mining
as a rapidly deployable tool to identify and quantify potential geohazards, such as sink-
holes [106]. A comprehensive topical review by Shahmoradi et al. [11] summarized and
aligned the state-of-the-art in UAS-based sensing to the state-of-the-need across a range
of mining applications. Surveying in open-pit mines can be as frequent as necessary to
detect earthwork changes for resource management, while minimizing impact to active
operations [103,107]. UAS-deployed thermal infrared imaging sensors also permit the
detection and monitoring of spontaneous combustion events in open-cut coal mines [108].

Underground investigations using UAS have been conducted to identify and monitor
in-mine hazards and changes, although available published studies on underground UAS
mapping and change detection are extremely limited. While many UAS manufacturers and
some mining companies share an interest in and have had initial successes in underground
UAS use in websites, published studies are still lacking. This is in large part due to the
challenging environments created by underground mines in which UAS would need to
operate (e.g., dust, obstacles, limited illumination, flammable gases), and equipment and
GNSS limitations. Russell et al. [15] assessed feasibility and challenges of operating UAS in
underground mines for photogrammetric data capture, and while operationally successful
in a limited test, the method requires improvements in terms of fixing location of data
capture and efficacy of data processing. Advances in optical or vision systems are emerging
for navigation in GNSS denied areas. For example, Shahmoradi et al. [11] have designed a
UAS within a flexible, carbon-fiber, spherical cage to protect the aircraft and its sensors for
suitable underground use; the study, however, does not discuss the system’s operational
use. Other studies have used surface-based investigations to infer subsurface mine con-
ditions and behavior—-for example, [43] employed image-cross-correlation function to
UAS orthomosaics to estimate surface displacement from underground mining activities
(Figure 13). In addition, [109] applied photogrammetric analyses and DEM subtraction of
ground surface data to infer subsidence across the working face of an underground coal
mine in Mongolia, which could be compared to predictions of subsidence associated with
working the coal seam.
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2.2.2. Large-Scale Groundwater and Surface Water Resource Monitoring and Management

UAS-based sensing has been used with increasing frequency to monitor and manage
surface water and groundwater resources. The United States Geological Survey has per-
formed analyses with UAS-deployed LIDAR to characterize effects from two consecutive
100-year flood events at Fort Laramie, Wyoming, to help the National Park Service develop
a flood management plan for resource protection [110].

UAS also offers a mechanism to integrate mining and groundwater characterization,
via studies such as [111], which combine surface photogrammetric data from UAS with very
low frequency electromagnetic data in order to identify subsurface zones of increased con-
ductivity, inferred to be fracture zones that serve as preferential pathways for groundwater
circulation in basement rocks.

The use of UAS in surface water monitoring and management is growing. Improve-
ments and calibrations of hydrologic models can be realized with improved water surface el-
evation calculations, which can be conducted quickly and at cm-scale using UAS-deployed
LIDAR for streams less than 100 m wide. A number of studies discuss UAS characterization
of surface water impacts on agriculture, including for analyses of surface water stress or
deficiency for crops [112] and using thermal and optical UAS data to assess soil water
content for drainage assessment in soybean fields [113].

2.2.3. Underground Explosion Monitoring and Verification

Similar to applications in mining, detection of small, subtle surface changes resulting
from underground explosions can support global security applications, given that UAS-
deployed sensing provides an indirect measurement of anthropogenic subsurface events.
In particular, capturing subtle surface geomorphic change through rapid, non-invasive,
and non-destructive approaches at high resolution has been a recent focus of research and
development. Schultz-Fellenz et al. [16,114] employed UAS SfM techniques paired with
a network of GNSS-constrained ground control points to observe and quantify surface
changes resulting from underground explosions and develop relationships between surface
morphologic signatures and explosive yield based on the observable surface change. In
addition, the subtle patterns of surface expression can provide an insight into the depth of
explosion (Figure 14). Crawford et al. [115] propose a detailed workflow for the execution
of high-resolution surface change detection supporting underground explosion monitoring,
using UAS SfM methods and a network of ground control points.

2.2.4. Border Security

The United States Department of Homeland Security (DHS) utilizes UAS for a number
of applications to fulfil their mission. While a large facet of their operational use of un-
crewed systems focuses on monitoring, the role of Earth surface signatures and processes as
a tool to address border security has been identified as important for the organization [116].
Fixed-wing UAS with onboard sensors are deployed to border regions to monitor for
subtle surface changes, such as footprints or tire tracks. DHS is also exploring tools that can
support 3D localization, mapping, and characterization of cross-border and border-adjacent
underground tunnel complexes. However, it is critical for the U.S. government to use these
systems in a way that is copacetic with state and federal regulations, and maintain privacy
where required.
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3. Niche of UAS Photogrammetry Change Detection

Over the last decade, the surge in studies incorporating UAS-based photogrammetry
for change detection is filling a niche on the temporal and spatial resolution of geomorphic
characterization. UAS photogrammetry has gained immense popularity for change detec-
tion, owing to its low cost and technological accessibility. This approach has also fostered
the development of innovative techniques, as detailed in Sections 2.1 and 2.2, and is repre-
sented by the niche “zone” of fine temporal and spatial scale UAS-based photogrammetry
depicted in Figure 15. We quantitatively characterized the UAS-based photogrammetry
niche in change detection in the literature by assessing the temporal and spatial resolution
of the most popular remote sensing methods for 3-D characterization: (a) UAS-based pho-
togrammetry, (b) ALS, and (c) TLS systems. While acknowledging the differences between
these methods, it is important to note that LIDAR is also a prevalent technique with its
own unique strengths and limitations. In addition, while there are substantial differences
between photogrammetry and LIDAR methods, this study focuses on comparing the raster
products as the basis for change detection signal analysis. By including examples of LIDAR
in this analysis, we aim to offer readers a comprehensive understanding of change detection
techniques and underscore the relative specificity of UAS photogrammetry compared to
other methods. The authors did not investigate photogrammetry techniques that rely on
airplanes or satellites for data collection, such as airplane-based or spaceborne photogram-
metry. Figure 15 showcases the temporal and spatial resolution niche of ALS, TLS, and
UAS photogrammetry studies in change detection literature. UAS photogrammetry has
comparable spatial resolution to TLS, stemming from the use of high grade GNSS surveying
equipment to georeference fine-scale observations. However, the temporal resolution is
greater in UAS photogrammetry and likely due to UAS field portability, making it easier to
deploy at study sites over short periods of time, particularly in remote areas that represent
the majority of studies.
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Figure 15. Meta-analysis of change detection studies employing UAS-based photogrammetry, TLS,
and ALS depicting niche differences in spatial and temporal scales of geomorphic change detection.
Lines merge at the average point for each method. See Table S1 for a full list of studies.

Among UAS photogrammetry applications, we observed that half of the UAS studies
covered in this review employ a spatial resolution smaller than 3 cm and a temporal scale
of less than 52 days. This spatial and temporal trend is consistent among research fields
that employ UAS photogrammetry (Figure 16) with the exception of Cryosphere (n = 28)
and Volcanology (n = 5), which skew the range of resolutions used for signature detection
given that coarser scales are often used for areas and processes that are relatively large (e.g.,
volcanos, glaciers).
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4. Emergent Horizons for UAS Change Detection
4.1. Optimization and Machine Learning Using UAS-Captured Data

As UAS facilitates rapid, high-resolution data collections over a range of spatiotempo-
ral scales and for a growing number of application spaces, new analytical tools will emerge
to semi- or fully-automate signature detection from those data streams. These analytical
tools may require machine learning to assist with feature extraction in order to keep pace
with the cadence of data collections and to define future investigations in a timely and
scientifically informed way. These tools are at the forefront of current geomorphic change
analyses, representing a new horizon in the field. Some published studies identify opportu-
nities for advancement with machine learning processing of UAS-obtained data for river
corridor monitoring and streambank erosion [117]; other studies apply supervised learning
algorithms, such as support vector machines and decision trees, to automate geomorphic
mapping of Martian terrain with satellite topography data [118]. Object-based image anal-
ysis has been used with crewed airborne-collected LIDAR data and optical imagery to
detect and classify landforms [119], to map landslides [120], and to detect and quantify
volumetric geomorphic changes due to hillslope processes [121]. While other studies have
worked to evaluate multiple automated methods for estimating coastal cliff erosion using
airborne LIDAR, they have found that automated algorithm performance depends strongly
on the heterogeneity of the area and the range of mass movement types present [122].
Openly available Esri ArcGIS plug-in machine learning tools such as Geomorphic Change
Detection (GCD) have been found to be useful in estimating morphological budgets and
reach-scale dynamics in a river system in New Zealand [123].

Optimization of change detection analyses using machine learning and deep learning
tools stands to further improve fundamental methods and workflows in the use of UAS-
deployed sensors; for example, Osco et al. [124] offer an excellent compendium of deep
learning applications to UAV-captured data. However, at the time of this paper, limited
published work exists that applies machine learning analyses using UAS-captured data to
Earth science-focused topics, and the limited available studies often identify challenges
in tool performance, training data needs, and analytic replicability. Rożniak [125] used
UAS-captured imagery and supervised deep learning with regression to acquire grain
size distribution information using image texture information, instead of detection of
individual grains. While this represents an intriguing new avenue to optimize fluvial
systems analyses and evaluate sediment dynamics, the model performance was found to be
inferior to that of human experts performing the same analyses using manual approaches,
and the author suggested this could be improved with increased training data. Work by
Woodget et al. [126] employs linear regression analyses together with a Gaussian Naïve
Bayesian classifier scheme against UAS photogrammetry data over a submerged area
to create a capability for identifying geomorphic change in active river systems. Using
optical data obtained from UAS platforms, Ghorbanzadeh et al. [127] applied deep learning
convolutional neural network (CNN) tools to execute slope failure detection, and the
analyses found a high variability of CNN performance at different data scales and noted
that a “trial and error” CNN development approach yields an inability to fully evaluate
CNN design performance when applied to slope failure analysis. Catani [128] combined
UAS-captured images, imagery from other autonomous sources such as satellites, and non-
nadir web-crowd-sourced imagery, and employed convolutional neural network (CNN)
tools to evaluate the utility of non-standard images for the automated detection of landslides
and other geomorphic mass movements. This study’s evaluations determined that while
these open-source CNNs classification schemes could identify geomorphic mass movement,
the implementation of specific CNN should not be used on UAS captured imagery for the
classification of geomorphic features, and that more research is needed to find a suitable
balance between computational power needs and speed of analyses.
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4.2. Emerging LIDAR Systems

Although LIDAR technology has been in use for several decades, it remains an emerg-
ing technology due to its rapidly evolving nature. Recent advancements in LIDAR systems
have led to improved efficiency, affordability, and compactness, enabling their increased
adoption in various applications related to earth surface processes. Furthermore, extensive
research and development efforts are underway to enhance the accuracy and resolution of
LIDAR systems, expand their operational range, and minimize their power requirements.
For example, the development of miniaturized sensors, advancements in the accuracy of
inertial measuring units (IMUs), and innovations in navigational global navigation satellite
system (GNSS) hardware and software have all contributed to increasing the geolocation
accuracy of LIDAR returns, particularly for mobile and handheld platforms.

The cost and accessibility of mobile LIDAR technology have long been barriers to
its widespread adoption. However, in recent years, significant progress has been made
in the development and affordability of UAS LIDAR systems, largely due to increasing
demand from autonomous driving applications. As a result, we anticipate that the use
of LIDAR technology will continue to expand, unlocking its full potential across various
Earth science disciplines.

Furthermore, major tech companies such as Apple have joined the foray by integrating
LIDAR capabilities into their smartphone and tablet devices, which hold great potential for
field applications involving rapidly changing surface features spanning scales of varying
magnitudes. Nevertheless, the nascent nature of smartphone LIDAR technology means that
its accuracy still lags behind that of photogrammetry, as noted by Luetzenburg et al. [129].
It is worth noting that UAS photogrammetry, with its versatile viewing angles, offers
distinct advantages over emerging mobile LIDAR platforms.

With continued advances in miniaturized LIDAR systems and the technology that
underpins them, we anticipate that their adoption in the Earth sciences will grow exponen-
tially over the next decade. These developments will undoubtedly enhance the accuracy
and accessibility of LIDAR data, which will pave the way for new insights into Earth
surface processes and other related fields.

4.3. Multi-Sensor Data Fusion

As UAS sensor technology advances, the integration of multi-sensor systems (such
as Photogrammetry, LIDAR, Multispectral, and Hyperspectral) is likely to become more
prevalent. Sensor data fusion allows for a more comprehensive understanding of surface
properties and forms by combining the strengths of each individual sensor. In change
detection applications, a hybrid blend of approaches offers unique advantages, such as
color and texture information from photogrammetry, combined with accurate, illumination-
independent 3D representation of surface properties from LIDAR. For instance, combining
UAS LIDAR with photogrammetry can better characterize ground surface features and
processes in vegetated areas that would not be identifiable through photogrammetry alone,
but with the multi-return LIDAR ground returns [30]. Other data-fusion opportunities for
change detection include improving characterization of homogeneous surfaces (such as
dunes or snow) and minimizing illumination effects (such as shading or brightness) through
hybrid photogrammetry-LIDAR approaches [91]. Furthermore, combining hyperspectral
data with spatial data has the potential to advance not only spatial change detection but
also help identify surface chemical composition, providing insights into biogeochemical
processes or landform properties that can aid in determining and classifying spatial change.

5. Spatial Accuracy and Data Uncertainty

Quantification of error in a study allows both the investigator and the reader to assess
the signal to noise ratios and the overall uncertainty of the surface change estimates [2].
The type and complexity of accuracy assessment should be driven by the research question
pursued to guarantee that the signal of interest is larger than the observed noise [130,131].
Passalacqua et al. [2] identified three main sources of uncertainty for topographic point-
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cloud data that include (i) positional accuracies (e.g., sensor precision, registration), (ii)
point-cloud classification (e.g., bare-earth extraction), and (iii) surface representation (e.g.,
resolution, interpolation). However, uncertainty analyses are often missing in change de-
tection studies. In addition, studies that do report spatial accuracy commonly omit detailed
information on how error was calculated. Because comprehensive error assessments can be
difficult and not always possible in challenging field conditions (e.g., glacier, volcano), it
is the responsibility of the investigator to acknowledge uncertainty and sources of error.
With the advancements in spatial resolution by UAS photogrammetry, it is imperative that
the Earth science community adopts error reporting as a standard protocol for assessing
quality and repeatability of scientific interpretations while identifying and mitigating risks
for stakeholders.

Optimum surveying techniques will be critical for pushing the boundaries of higher
resolution (i.e., mm-cm) in geomorphic change detection [92]. Global Navigation Satellite
Systems (GNSS) with survey-grade capabilities can typically achieve positional precision at
the centimeter level. With the ongoing evolution of UAS and the integration of real-time and
post-processing kinematic technology, spatial accuracy can be further improved without
requiring the deployment of ground control points (GCPs). This increased versatility is
particularly advantageous for UAS operations in remote locations. [48]. In particular, dual
frequency GNSS and augmented Real-Time Kinematics (RTK) GNSS systems can have a
competitive edge in minimizing ambiguity solutions and providing a higher accuracy than
consumer-grade products. However, change-detection-focused users should cautiously
assess potential systematic errors associated with erroneous solutions that can lead to
co-registration discrepancies and false-positive signals.

Error propagation in multi-temporal datasets remains a pressing challenge in change
detection [52,130–132]. However, some studies propose novel approaches for quantifying
error propagation. Scott et al. [132] developed an empirical approach to measure the relative
quality of surface displacements. Error is often reported as a single value for the entire grid,
ignoring the spatial variation of error that can lead to misleading interpretations of targeted
phenomena. Wheaton et al. [131] proposed an inference system through fuzzy logic to
estimate the spatial variability of elevation uncertainty based on a range of empirically
determined values. Since these studies focus on gridded products, there is a large gap for
developing tools for 3D datasets. As the science of change detection continues to improve
its resolution aperture (temporal and spatial), it is imperative that we continue to develop
and adopt measures to characterize and constrain error propagation in change detection.

Among the current challenges for quantifying spatial accuracy is the difficulty of
properly deploying ground control points in multi-temporal sampling given that it is a
time-intensive and logistically challenging task. The quantity and distance of ground
controls are important factors influencing spatial accuracy [133]. However, the remoteness
of field campaigns and the accessibility of the terrain (i.e., glacier) often constrains the
deployment and independent measurement of these anchor points [134]. Nonetheless,
advances in GNSS position through RTK onboard UAS has resolved the need of GCPs
with comparable accuracy of ±0.12 m horizontally and ±0.14 m vertically [48], and this
technology will likely continue to improve. Some of these challenges can also be addressed
with changes in UAS configuration to better adapt to conditions (i.e., longer range) [13].
The development of algorithms to automatically co-register multi-temporal UAS products
represents an opportunity for semi-automatization and analysis of multi-temporal datasets.
For example, Peppa et al. [134] employed the attribute of curvature in combination of scale
invariant features to generate pseudo-GCPs for time-invariant curvature features.

6. Conclusions

As UAS technology advances at an unprecedented pace, the geoscience community
continues exploring the capabilities for change detection, fueled by UAS unwavering reli-
ability, portability, and cost-effectiveness. This comprehensive yet not exhaustive survey
aims to provide an exclusive glimpse into the exciting advancements and niche applica-
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tions of UAS change detection. The accessibility and flexibility of UAS are revolutionizing
the way we measure earth processes over both space and time. Specifically, the superior
temporal and spatial resolution of UAS provides an unparalleled advantage for detecting
small-scale changes. Not only does UAS photogrammetry represent a major scientific
breakthrough in the earth sciences, but it is also a more inclusive and equitable technology
compared to current LIDAR systems. Its growing accessibility, particularly among research
programs in developing countries with substantial Earth science communities, has facili-
tated the implementation of UAS for unraveling the complexities of earth processes in a
diverse range of locations spanning Asia, Africa, and Central and South America [7]. The
rapid evolution of UAS technology promises to unlock a wealth of new opportunities in
the earth sciences. Nevertheless, this progress also brings fresh challenges, including those
associated with big data and error estimation. Fortunately, advancements in computing
and data processing optimization through Artificial Intelligence and machine learning
offer a powerful solution to mitigate these challenges and maximize the potential of UAS
technology in the Earth Sciences.
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www.mdpi.com/article/10.3390/drones7040258/s1, Table S1. Studies included in the meta-analysis
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that explicitly report raster data or product resolution and timing of data acquisitions. We considered
the shortest period or smallest resolution in instances of different temporal and spatial resolutions.
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