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Abstract

Remote sensing technology offers the ability to derive information on freshwater
fish habitats across broad geographic areas and has the potential to transform ap-
proaches to monitoring. However, the numerous platforms, sensors and analytical
software that are available may overwhelm those interested in utilizing this important
technology and thus limit its broad application and uptake. Our review is intended
to shed light on the capacity of this technology to transform freshwater fish habitat
monitoring by examining the fundamental characteristics of the major remote sensing
technologies that have been used for characterizing freshwater habitats, conducting
a systematic literature review of studies that have used remote sensing technologies
to characterize freshwater fish habitats and, highlighting some of the key habitat fea-
tures, fish species and regions, that have been examined. Lastly, we identify the rela-
tive strengths and weaknesses of the various remote sensing technologies that can be
used, recommend future research that could help improve the use of these technolo-
gies, and, provide a series of important considerations for those who are interested in

utilizing these technologies for freshwater fish habitat characterization.
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1 | INTRODUCTION

Recent advances in the use of remote sensing have revolutionized
many fields of ecology and environmental management in terres-
trial and aquatic ecosystems (Cavender-Bares et al., 2022; Iskin &
Wohl, 2023; Lines et al., 2022). Monitoring to support manage-
ment decisions typically relies on ground sampling across time and
space, which is associated with high labour costs and safety issues,
as well as logistical challenges in inaccessible areas. The diver-

sity of remote sensing technologies and platforms has expanded

greatly in the past few decades. Technological advances have re-
sulted in remotely sensed data with greater spatial, temporal, and
spectral resolutions (Chuvieco, 2016). This, accompanied by trends
toward free and open data policies, analysis ready data products,
and the increasing availability of cloud computing resources, has
made these data more widely available (Wulder et al., 2022). These
innovations and trends are resulting in the development of pow-
erful new tools and data sources that can be applied to regions
and to map and monitor environmental phenomena historically not

possible.
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The identification and protection of habitat is of critical impor-
tance to the management and conservation of freshwater fish spe-
cies. Indeed, habitat availability is often seen as the limiting factor for
species recovery in degraded ecosystems and thus habitat features
are often targeted during the restoration of aquatic ecosystems (Bond
& Lake, 2003). Additionally, freshwater habitat is an important deter-
minant of fish population health and has therefore been included in a
variety of different environmental protection legislation globally (Dey
et al., 2021). Given the scale and pace of habitat degradation that is
occurring as a result of a changing climate, land-use practices, and
resource extraction industries, methods are needed to rapidly assess,
delineate, identify, and monitor the quantity and quality of important
components of freshwater fish habitat (Dey et al., 2021).

Assessments of freshwater habitat are most often obtained using
field sampling, wherein crews spend time in streams and lakes mea-
suring attributes and installing/retrieving in situ data loggers. These
methods are costly, time consuming, and in many circumstances,
impossible to scale-up geographically and temporally (Diggins
et al., 2016; Papa et al., 2020). Remote sensing allows for continu-
ous data collection across large geographic areas, often with repeat
sampling, and increasingly finer spatial, temporal, radiometric, and
spectral resolutions. There has also been an increase in the availabil-
ity of consumer-level Unmanned Aerial Vehicles (UAV; also known
as Remotely Piloted Aerial Systems (RPAS) or colloquially as drones),
which has allowed an exponential increase in the number of habitat
details observed (Coops et al., 2019). Additionally, there has been a
revolution in the acquisition of 3D landscape information principally
through developments in Light Detection and Ranging (lidar) and the
ability of these technologies to be mounted on a range of platforms,
from hand-held to spacecraft (Lines et al., 2022). Coupled with the
rise of open-access computing resources and image archives such as
the Landsat archive and Google Earth Engine (GEE), we are now able
to undertake unprecedented image analysis at broad scales (Gorelick
et al., 2017; Wulder et al., 2012).

Despite these advances, the use of remote sensing for studies
of freshwater fish habitat is a relatively nascent field of study and
one that comes with a number of specific challenges. While there
is a rich history of remote sensing of rivers and lakes, limited work
has been done connecting these derived metrics and attributes with
fish-specific data (Dérnhofer & Oppelt, 2016; Piégay et al., 2020).
Likewise, while some focus has been placed on remote sensing of
riparian vegetation, a critical component of freshwater habitat, this
work is often not explicitly linked to fish or fish habitat information
(Huylenbroeck et al., 2020).

To better understand the natural and anthropogenic process af-
fecting fish habitats and thus better manage fish, and prevent habi-
tat and population declines, research and applications across longer
time scales and over larger geographic areas are needed (Fausch
et al., 2002). To help address this, our review examined recent de-
velopments in remote sensing of freshwater fish habitat. We briefly
reviewed available remote sensing platforms and sensors, and then
undertook a systematic review of peer-reviewed studies that have
utilized remote sensing technologies to characterize freshwater fish
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habitat. We classified studies based on when they were published
(year), where they were conducted (geographic region), the type of
habitat characteristics and species that were mapped or monitored,
and concluded with a discussion of future research directions and
the important considerations fisheries scientists and managers need
to make if they are thinking about utilizing remote sensing in fish
habitat monitoring or research.

2 | REMOTE SENSING TECHNOLOGIES

In this section we introduce the various remote sensing technologies
available (Table 1). We characterize the technologies by platforms
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TABLE 1 Overview of remote sensing technologies, their strengths and weaknesses and applications for fresh water habitat

characterization.

Technology

Platform
Ground based

UAV

Aerial

Satellite

Sensor

Optical imagery

Thermal

Lidar

Radar

Digital
Photogrammetry

Strength

Very high spatial resolution (cm),
easy to pair with field data

High spatial resolution (cm-m),
decreased cost in recent years

High spatial resolution, moderate
geographic coverage

Moderate to high spatial resolution,
Large geographic coverage,
repeated data acquisition on a
regular cycle

Most common sensor type, broad
range of available information,
many open access data, archives
and long-term calibration enable
time series applications

Best for temperature information

High spatial resolution 3D
information on terrain and
vegetation structural, active
sensor

Active sensor, able to penetrate
cloud, can provide some
information on vegetation
structure

High spatial resolution information
on forest structure that is similar
to that provided by lidar (but not
the same), can have some limited
spectral information

Weakness

Very small geographic
coverage

Small geographic coverage

Costly, generally a one-off
collection

Spatial resolution may not

Example freshwater
habitat application

Single reach

Multiple reach, single
stream

Single watershed/
multiple
watersheds

Multiple watersheds/

Citations

(Grantham, 2013; Resop
etal, 2012)

(Cheek et al., 2016;
Harrison et al., 2020;
O'Sullivan
etal., 2022)

(Dauwalter et al., 2015;
Duffin et al., 2021;
Hedger et al., 2006)

(Carter et al., 2021; Liu

be sufficient depending continental etal.,, 2021; Luck
on application etal., 2010)

Difficult to get vegetation Habitat type and (Grimm et al., 2016; Hall
structural information, complexity, et al., 2018)
passive sensor relies landcover,
on suitable illumination spawning
conditions, obscured by
clouds and haze

Only useful for temperature Stream and (Frechette et al., 2018;
information lake surface Tonolla et al., 2012;

temperature Wilbur et al., 2020)

Lack of spectral Habitat type and (Dakin Kuiper
information, costly complexity, et al., 2022; Hedger
(although price varies) hydrological et al.,, 2020;

features, Tompalski
spawning etal., 2017)

Limited data availability for Ice cover, (Brown et al., 2010;
longer wavelength radar, hydrological Marcaccio
difficult to process features et al., 2022; Wissmar

et al., 2010)

Limited geographic Habitat type and (Kalacska et al., 2018;
coverage, most often complexity, Pichon et al., 2006;
UAV based, lack of hydrological Tamminga
penetration through features, etal.,, 2015)
vegetation and cloud spawning

and sensors. Some sensors may be mounted on several different
platforms, whereas other sensors are less versatile. Specific data
characteristics and capabilities often relate to specific platform and

sensor combinations.

2.1 | Platforms

Across the globe, there has been a marked increase in the variety of
platforms available on which to mount remote sensing instruments.
These range from ground-based sensors, typically used in the field
to acquire optical or lidar data, to aerial platforms including air-
craft and the recent proliferation of UAV's. Space-based platforms
can include stand-alone satellite platforms as well, as more recent

developments that allow infrastructure to be mounted on existing
space based infrastructures such as the International Space Station
(ISS; Dubayah et al., 2020).

The choice of platform for data acquisition fundamentally in-
volves trade-offs in spatial and temporal resolution and the required
spatial extent of the data (Chuvieco, 2016). Space-based platforms
offer the advantage of regular data acquisition, dictated by orbit
overpass time, and conventionally cover larger spatial extents
(100-1000's of square kilometres) at spatial resolutions ranging
from sub-metre to <2000 m (Belward & Skagien, 2015) or have larger
spatial footprints in the case of spaceborne lidar. The temporal reso-
lution of the data acquired is dependent on the spatial resolution of
the sensor and as a result the spatial extent, but can vary from daily
coverage for coarse spatial resolutions, for example, 1kmx 1km, to
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16 days for Landsat (or currently 8 days with both Landsats 8 and 9 in
operation). In contrast, imagery acquired from airborne platforms—
either aircraft or UAV's— is acquired with a much finer spatial resolu-
tions, in some cases 0.1 m; however, these images are often collected
on a one-off basis over relatively small spatial extents.

Recently the operational use of satellite constellations has over-
come some of these inherent trade-offs between spatial resolution
and revisit time. Acquisition utilizing multiple, identical satellite plat-
forms, allows increased temporal resolutions. For example, Cubesat
constellations such as from the Planet constellation, allow imagery
to be collected at fine spatial resolutions (3 m) similar to that acquired
by aircraft but on a daily temporal revisit, due to the fact there are
over 200 identical Cubesat satellites in orbit acquiring data (Francini
et al., 2020; Leach et al., 2019). However, it must be noted that
data from Cubesat constellations are not radiometrically corrected
or calibrated across sensors making time series analyses or model
transferability difficult. Virtual constellations (Wulder et al., 2015),
which integrate data from multiple existing satellites into a fused,
standardized data stream, for example the Harmonized Landsat and
Sentinel-2 (HLS) datasets (Bolton et al., 2020; Claverie et al., 2018),
are also producing increased temporal revisit times while maintain-
ing the 30 m spatial resolution and global coverage.

Recently, there has been a large increase in off-the-shelf UAV's
that come ready to use out of the box to create detailed and geo-
spatially accurate data sets (Ivosevic et al., 2015; Zhang et al., 2016).
Similar to other platforms, there are trade-offs between spatial
resolution and image extent, with some sensors onboard UAVs
being able to obtain sub-centimetre resolution but only over very
restricted spatial extents limited by battery life of the UAV system
itself (Coops et al., 2019). Off-the-shelf rotary UAVs can generally fly
for up to 1h, covering <5km? per day, and can hold a variety of dif-
ferent sensors. The ability to acquire repeat imagery using these air-
borne or drone platforms essentially becomes user-defined although
in practice acquiring multiple images overtime using these platforms
can become cost prohibitive.

2.2 | Sensors

In addition to platform considerations, remote sensing technologies
are able to provide data from a broad range of spectral wavelengths
and modalities that can provide unique insights into fish habitat and

conditions.

2.2.1 | Passive optical imagery

Passive optical imagery is the most well-known of the remote sens-
ing datasets and includes imagery acquired from the visible, near in-
frared (NIR) and shortwave infrared regions of the electromagnetic
spectrum, typically covering between 400 and 3000 nm. This imagery
can be acquired from a single (panchromatic) band, a small number of
discrete bands (multispectral), or hundreds of narrow spectral bands

(hyperspectral). The strength of multispectral and hyperspectral sen-
sors is the ability to examine phenomena outside of the visible region
of the electromagnetic spectrum. For example, unhealthy vegeta-
tion reflects less in the NIR region of the electromagnetic spectrum
compared to healthy vegetation (Chuvieco, 2016). In an aquatic en-
vironment the ability to observe a waterbody with increased spec-
tral resolution allows for the characterization of aquatic vegetation,
turbidity, water quality, and even chlorophyl (Marcus et al., 2012).
Further, taking advantage of the relationship between different band
combinations allows for the development of spectral indices (the most
common being the normalized difference vegetation index [NDVI])
which has even been used to quantify the effect of spawning pacific
salmon on bankside vegetation (Brown et al., 2020). Historically, pan-
chromatic and multispectral sensors have been mounted on a variety
of platforms from ground-based to satellites, with common instru-
ments including conventional aerial cameras (which make use of the
visible and/or near infrared regions of the spectrum) and satellite
sensors such as the Landsat series of sensors (Multi Spectral Scanner
[MSS], Thematic Mapper [TM], Enhanced Thematic Mapper [ETM]
and the Operational Land Imagery [OLI]; Masek et al., 2020; Wulder
et al., 2019), and Sentinel-2 (Multi-spectral imager [MSI]; [Drusch
et al., 2012]) which acquire data in 7-13 bands covering this entire
region. Hyperspectral image acquisition to date has been restricted
principally to airborne-based sensors such as the Airborne Visible/
Infrared Imaging Spectrometer (AVIRIS, Vane et al., 1993) from NASA
JPL or the Compact Aerial Spectrographic Imager (CASI, Babey &
Anger, 1989) from Canada. There have been a small number of space-
based hyperspectral missions, most recently the Italian PRISMA
(Cogliati et al., 2021), German EnMAP systems (Guanter et al., 2015)
and the American Earth Observing One (EO-1) - Hyperion (Ungar
et al., 2003), and increased miniaturization is also allowing hyperspec-

tral imagery acquisition from UAVs (Adao et al., 2017).

2.2.2 | Thermal

At longer wavelengths, beyond the shortwave infrared regions of the
spectrum, is thermal infrared radiation, which is emitted from both
the atmosphere and surface objects on the Earth. Thermal imaging
sensors are designed to detect this emitted radiation, which can pro-
vide key insights into surface temperature (Neinavaz et al., 2021).
Typically, the relatively low energy associated with these thermal
emissions requires spatial resolutions to be coarser than those ac-
quired from optical sensors, resulting in satellite thermal images
typically having resolutions ranging from 100 to 1000m (Neinavaz
et al., 2021). Again, miniaturization of these sensors is allowing ther-
mal data collection from drones, thereby increasing spatial resolution
to centimetres and allowing a wide range of fine scale applications
of thermal data to be more comprehensively examined. For exam-
ple, temperature heterogeneity within urban areas as well as habi-
tats including surface temperatures of water, rocks and vegetation
(Kuenzer & Dech, 2013). Surface temperature itself, however, is often
inadequate to fully describe the thermal conditions of the particular
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environment given that these detectors do not directly measure air
temperature and as a result only provide a partial insight into the
thermal regime of a habitat or environment. In addition, they also de-
tect the instantaneous thermal conditions at one point in time and if
the overall thermal conditions of a habitat or environment needs to
be assessed, then multiple thermal images would need to be acquired
more frequently and subsequently linked into with some type of heat
transfer model in order to understand the full thermal heterogeneity

both temporally and spatially over the landscape over time.

2.2.3 | Lidar

Lidar is an active remote sensing technology, meaning it emits its
own energy (in the form of laser pulses) and then measures the time
it takes for that energy to return (i.e. be reflected back) to the sen-
sor. The rapid uptake of lidar technologies on a variety of acquisition
platforms has revolutionized the capture of vegetation structure in-
formation through the acquisition of highly detailed three-dimensional
point clouds (Lefsky et al., 2002; Lim et al., 2003). Lidar sensors can be
mounted on ground (or terrestrial), drones, and aircraft- or satellite-
based instruments, with all being successfully applied to extract a
range of forest structural attributes (White et al., 2016). Small foot-
print airborne laser scanning (ALS) systems typically record between
1 and 5 returns per laser pulse in discrete mode, or a fully digitized
vertical profile of the returned energy in full-waveform mode (Wulder
et al., 2008) and produce footprint sizes of 0.1-2m (Lim et al., 2003)
and can achieve sub-meter accuracy of terrain surface heights (Lefsky
et al., 2002). Typically, lidar sensors utilize lasers tuned to the NIR re-
gion of the spectrum, maximizing vegetation return energy, which lim-
its, however, any water penetration due to the absorbance of the NIR
signal by water (Hofle et al., 2009). Bathymetric lidar systems are avail-
able with lasers tuned to the green region of the spectrum, allowing
water penetration and thus estimates of stream water depth; however,
these systems are less common and can have more restrictions due
to eye safety concerns (Bonisteel et al., 2009; McKean et al., 2008).
Again, miniaturization is allowing the development of drone-based
lidar sensors, which allow extremely dense point clouds to be acquired
up to 1000 points per m?; however, similar to optical systems, aerial
coverage is limited with only a few km? be acquired in one day.

Satellite laser sensors onboard the Ice, Cloud and land Elevation
Satellite (ICESat-2, Neuenschwander & Pitts, 2019) provide global
lidar data from 2018 and the full-waveform Global Ecosystem
Dynamics Investigation (GEDI, Dubayah et al., 2020) on the
International Space Station (ISS) provides large footprint lidar data
with a 25m footprint for environmental assessments, but are limited
by the orbit extent of the ISS (between 51° north to south).

2.24 | Radar

Synthetic Aperture Radar (SAR) and Interferometric SAR (InSAR)
are examples of active remote technologies that sense in the
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microwave/radiowave region of the spectrum. SAR data can be ac-
quired in a range of wavelengths from the shortest (X band) through
to the longest, P band (Sinha et al., 2015). Radar satellites such as the
European Sentinel-1 (Torres et al., 2012), Canadian RadarSat (Morena
et al., 2004) and RadarSat Constellation Mission (Thompson, 2015)
acquire data with C band and provide global coverage, unimpeded
by cloud cover. Longer wavelengths (L band) have been shown to
be more sensitive to changes in terrestrial biomass, especially at
higher amounts of biomass, than the shorter radar wavelengths,
but are only available on very limited satellite or airborne platforms
(Lu et al., 2016). X band radar, acquired from the Tandem-X mission,
has also been used to acquire elevation information as well as pro-
vide insights into the amount (and height) of forest vegetation when
compared to conventionally derived digital elevation models (Hyde
et al,, 2006).

2.2.5 | Digital photogrammetry

The advent of high spatial resolution optical image acquisition, be it
from UAVs, aircraft, or even satellites, is allowing digital photogram-
metric algorithms to be applied to map three-dimensional surface
features from images (Remondino et al., 2014). To do so, imagery
needs to be acquired with extremely high lateral and side overall
to facilitate automatic processing to derive sub-centimeter point
clouds (Leberl et al., 2010). These point clouds in some respect are
similar to lidar point clouds, as they represent three dimensional
structures; however, as they are derived from imagery they are un-
able to provide three-dimensional information over areas obscured
by dense vegetation or in dark shadows (Baltsavias, 1999). However,
the derived point clouds can also provide spectral information if the
images are colour. The low cost of image acquisition from drones
or aircraft is an additional advantage allowing for example ongoing
monitoring using these photogrammetric tools after initial surveys
are completed with lidar systems to accurately capture the terrain
surface under canopy (Goodbody et al., 2019).

3 | CHARACTERIZING FRESHWATER
FISH HABITAT USING REMOTE SENSING:
LITERATURE REVIEW

3.1 | Methods
3.1.1 | Data collection

To find relevant publications on the use of remote sensing for fresh-
water fish habitat characterization, we conducted a systematic liter-
ature search within the Web of Science core collection. We searched
the abstracts, titles, and main text of journal articles published in
the last 50years (1973-2023; based on the beginning of the Landsat
program) for keywords relating to fish habitat and remote sensing.
Our keywords were categorized as follows and each paper was
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required to have at least one word from of the first three lists with a

fourth list including keywords that should not be included:

1. Remote sensing keywords: “remote sensing” OR “LiDAR” OR
“RADAR” OR ‘“satellite” OR “DEM” OR “UAV” OR “UAS” OR
“drone”

2. Fish and fish species keywords: “fish” OR “salmon” OR “trout”
OR “whitefish” OR “gar” OR “catfish” OR “pike” OR “muskie” OR
“bass” OR “lamprey” OR “grayling” OR “carp” OR “sturgeon”.

3. Habitat Keywords: “habitat” OR “freshwater” OR “fluvial”.

4. Keywords NOT included: “bird” OR “marine” OR “Ocean” OR
“Estuary”.

Further, additional literature was added manually by scanning
the reference section of the identified literature for relevant papers
that were not captured with our query.

The initial search yielded 868 records (see Table S1) which were
then manually assessed to meet our criteria. The scope of this re-
view was limited to studies that explicitly used remote sensing tech-
nology to characterize freshwater fish habitat. Studies that did not
explicitly mention the remote sensing technology that was used to
create habitat indicators were removed. Further, we did not include
studies that used a field-based approach for terrain generation (i.e.
using surveying tools to measure elevations). Studies that used re-
mote sensing approaches to characterize stream features but did
not link either the approaches or features, directly or indirectly, to
fish or fish habitat were also excluded. The majority of articles we
identified through our aforementioned search criteria were removed
because they focused on birds, mammal or other species, were in
saltwater environments, did not use a remote sensing technology, or
did not relate a back to fish. Further, we opted not to include, gov-

ernment reports, dissertations, and other forms of grey literature.

3.1.2 | Data organization and analysis

To examine general trends, the identified studies were organized
by remote sensing technology and further subdivided into type of
indicator used, fish species of concern, geographic region, and year
published (Table 2). Due to the wide variety of remote sensing tech-
nology found in this review, we grouped studies into six classes:
multispectral, hyperspectral, thermal, lidar, radar, and digital photo-
grammetry with the possibility of multiple remote sensing technolo-
gies being assigned to a study. Next, studies were categorized based
on type of indicator, which included: temperature, habitat type and
complexity, hydrological features, landcover (forested, urban, etc.)
and ice cover, passage, and the identification of spawning locations.
There was some overlap between these indicators, for example,
spawning locations and habitat type. However, studies assigned into
the spawning category specifically used remote sensing to charac-
terize and/or find nest locations. Further, we assigned studies into
categories based on how the studies framed their research ques-
tions. Additionally, we examined which fish species were studied

(grouped by genus), the study location and identified the habitat
type (lentic, lotic). Lastly, we identified if studies collected their own

fish data or utilized existing information from the literature.

3.2 | General trends

We identified 96 published studies that met all of our search criteria
(Table S2). Our review found that the majority of studies occurred
in the northern hemisphere (87%) with 80% in North America alone
(Figure 1). Riverine habitats dominated the studies (85%) while 15%
and 1% examined lakes and lagoons, respectively. Only three studies
were undertaken in Asia and a single study was published describing
research undertaken in Africa. Two-thirds of the studies examined
were published since 2015, with the greatest number of studies pub-
lished in 2022 (Figure 2).

With respect to sensor types, the most common remote sensing
technology used for characterizing freshwater fish habitat was mul-
tispectral data, with a focus on moderate resolution optical satel-
lite imagery (>10m spatial resolution), principally acquired from the
Landsat series of satellites (Figure 3). The second most common ap-
plied technology was lidar. In general, studies that used lidar focused
on characterizing terrain/ morphological features of streams (Dakin
Kuiper et al., 2022; Duffin et al., 2021). In contrast, the studies that
utilized satellite imagery examined broader habitat features such as
landscape structural complexity (i.e. channel sinuosity, % of vege-
tated land, % water, floodplain width, channel length) or specific land
cover information (Bellido-Leiva et al., 2022; Whited et al., 2013).

The three most prevalent fish genera studied were Oncorhynchus
(38%), Salmo (17%), and Salvelinus (4%), all of which are within the
family Salmonidae (Figure 4). 22% of studies did not focus on a sin-
gle species but rather examined assemblages of fish species often
including more than four species or species groups and not limited
to those listed in Figure 4. In order to be included in this review, the
study must have indicated how the remotely sensed habitat metric
was important for a specific fish species or group of fish species.

Of the habitat features examined, the most common were hy-
drological features, habitat type and complexity, followed by tem-
perature, land cover/ and ice cover, spawning and passage (Figure 5).

Less than half of the studies collected their fish data at the same
time as habitat was being assessed using remote sensing technolo-
gies. The majority used individual fish or population data from exist-
ing literature, either from the same sites or from laboratory-based
studies (Figure 6). Of those studies that collected fish data, telem-
etry was the most common collection method followed by electro-
fishing and gillnetting.

Multispectral and lidar sensors were used to examine the broad-
est range of habitat metrics (Figure 7). In contrast thermal sensors
were used almost exclusively to analyse stream and lake tempera-
tures. The characterization of habitat type and complexity were
undertaken with broadest variety of remote sensing technologies
while ice and land cover were exclusively examined with radar and

multispectral technologies.
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TABLE 2 Indicators used to examine
trends for using remote sensing to
examine freshwater fish habitat features.

Indicator group

General information

Indicator
Year
Location

Water body type

— 835
g wiLEy-|

Description
Study publication year
Location of the study area

Type of waterbody studied (river, lake,

lagoon, reservoir)

Remote sensing technology

Passive Optical

Thermal

Lidar

Radar

Digital photogrammetry

Fish

Habitat metrics

3.3 | Remote sensing of habitat features

Below we discuss how remote sensing technologies have been used
to characterize the key habitat metrics informed by the review.

3.3.1 | Hydrological features: Depth,
velocity, gradient

Depth and velocity are primary drivers of habitat availability in
streams. There is a long history of examining these properties
using hydrological modeling approaches. Underpinning the gen-
eration of these hydrological models is high-resolution Digital
Elevation Models (DEM), derived from lidar, photogrammetry, or
in some cases radar. However, it must be noted that additional

Multispectral Small number of discrete bands,
including true colour images
(visible wavelengths red, green,

blue)

Hyperspectral Hundreds of narrow bands

Imagery acquired from the thermal
regions of the electromagnetic
spectrum

Data collected via the active
remote sensing technology; light
detection and ranging

Data collected with the active remote
sensing technology radar

Use of photogrammetry data on any

platform
Genus Genus of fish species examined
Collection method Method used to collect fish data
Temperature Temperature of waterbodies

Habitat units and
complexity

Mapping of physical river or lake
complexity and habitat units
(pools, riffles, etc)

Hydrological features  Using hydraulic modeling or other
techniques to extract depth, flow

rate, and gradient

Landcover and Ice Classification of land cover types near
cover rivers and lakes, classification of
ice on rivers and lakes.

Spawning Mapping and analysing suitable
spawning sites
Passage Characterizing stream features related

to fish migration and passage
(Dams, culverts, steepness)

information on flow rate is required for these techniques. For ex-
ample Tamminga et al. (2015) used a true colour camera mounted
on a UAV to acquire 5cm resolution imagery from which they pro-
duced a very fine scale terrain model to derive depth and velocity.
The depth and velocity layers used in combination with manually
extracted cover features (instream wood, vegetation overhang)
were then used to create a habitat suitability index of the 1km
long study reach. The ability to measure elevation across a broad
spatial scale allows for an examination of mesoscale habitat char-
acteristics. Sundt et al. (2022) used bathymetric lidar and aerial im-
ages to examine the relationship between depth and velocity and
European grayling (Thymallus thymallus, Salmonidae) and brown
trout (Salmo trutta, Salmonidae) occurrence. The authors found
that during spawning seasons river sections with a high occurrence
of European grayling had shallower depths and slower velocities,
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FIGURE 2 Number of studies reviewed that use remotely
sensed data to characterize freshwater fish habitat, by year
published.

a similar trend was found with brown trout; however, brown trout
occurrence levels were less related.

Stream gradient is often an important metric when modeling
fish occurrence and abundance. Remote sensing of stream gradient
can be highly accurate across watersheds but becomes increasingly
difficult at finer resolutions due to differences between detecting
water surface gradient and terrain gradient. However, lidar and radar
derived gradient measurements have been used to model fish pres-
ence absence and fish density throughout a watershed. Tompalski
et al. (2017), used breakpoint detection on lidar derived stream
profiles to find stream reaches longer than 100m with a continu-
ous gradient greater than 20%, which can act as barriers to fish pas-
sage. Radar-derived stream gradients were used to predict juvenile

FIGURE 1 Location and waterbody
type of studies found in this review that
used remotely sensed data to characterize
freshwater fish habitat.

180°

@ Lagoon © Lake @ River

coho salmon (Oncorhynchus kisutch, Salmonidae) and Dolly Varden
(Salmo malma, Salmonidae) densities in a northern temperate rainfor-
est on the Prince of Wales Island in south eastern Alaska (Wissmar
et al., 2010). Wissmar et al. (2010) found that the radar derived pre-
dictions were comparable to density predictions based off of a field-

measured gradient.

3.3.2 | Habitat type and complexity

Habitat complexity can be defined by the variation in scale, diver-
sity, spatial patterning, size, and abundance of habitat features.
Fish habitat complexity is often described by examining the varia-
tion in the physical characteristics of a stream or alternatively by
examining areas of homogenous characteristics known as habitat
units (i.e. pools and riffles). Habitat type and complexity is a pri-
mary driver of productivity and diversity in stream ecosystems
(Kovalenko et al., 2012). These changes in productivity and diversity
are influenced by stream size, gradient, structure, and slow water
habitat units such as pools (Calderon & An, 2016; Naman et al., 2017;
Rosenfeld et al., 2000). A variety of remote sensing data and tech-
niques have been successful at identifying and analysing habitat
units and complexity at a variety of different spatial scales.
Multispectral satellite imagery has allowed for broad scale, re-
peated observations of lakes and rivers (Pekel et al., 2016). For
example, Carter et al. (2021) used MODIS and Landsat derived
ecological indicators to model habitat suitability and occurrence
predictions of invasive rainbow trout (Oncorhynchus mykiss,
Salmonidae) with 87% accuracy using 30-fold cross validation in
the upper Flathead River system. Further, Liu et al. (2021) used
Sentinel-2 imagery to separate lotic and lentic habitat and exam-
ined the abundance pattern, shape pattern and spatial distribution
pattern of lentic habitats in the Mobile River basin. The authors
found that the majority of habitat objects are small oblong lakes
and fish ponds densely distributed throughout the basin, which
greatly increase the availability of habitat for the catfish aquacul-
ture industry of this region. Perhaps the greatest strength of sat-
ellite imagery is at the capacity to examine very large geographic
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FIGURE 3 Number of studies reviewed
using different remote sensing technology
coloured by habitat metric. If multiple
technologies are used in a study then both
appear in the graph.
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areas. Luck et al. (2010) used Landsat imagery and a terrain model
to examine the relationship between salmon productivity and
river physical complexity, measured as a ranked index, across
1509 catchments or 3,000,000 km? area across the North Pacific
rim. The authors found that the most complex rivers were located
in the western Kamchatka Peninsula and in western Alaska, and
that as physical complexity increased, so too did salmon produc-
tivity. McPhee et al. (2014), further compared Landsat derived
physical complexity, measured using the riverscape analysis tool
(RAP; Whited et al., 2012), with anadromy and genetic diversity
of steelhead or rainbow trout in the Pacific rim. While the propor-
tion of anadromy was correlated with riverine complexity in their

study, they stipulated that this was largely driven by a confounding

negative relationship between drainage area and anadromy. The
authors hypothesized that anadromy may be less frequent in
larger drainages because of the higher energy requirements of mi-
gration and reported that that genetic diversity decreased with
latitude and in drainages with a larger ratio of floodplain area to
total drainage area.

Airborne lidar has also been used to examine habitat complexity,
at the habitat unit scale and to examine at migration hindrances. For
example, Hedger et al. (2020) used lidar to determine the location
and effect of migration hinderances (stream crossings and culverts),
on brown trout in a stream network in the Trondheim Region in
Norway. The authors found that sea trout prevalence was inversely
related to the number of downstream crossing or culverts identified
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from the lidar data. Further, lidar has been used to delineate differ-
ent habitat units (pools, riffles, glides, and cascades), instream wood
features, and stream width on Vancouver Island, British Columbia,
Canada (Dakin Kuiper et al., 2022).

Cheek et al. (2016), used UAV true colour imagery to manually
delineate mesohabitat types and a variety of micro habitat charac-
teristics including distance to nearest eroded upstream bank, sinu-
osity and distance to nearest barrier. Further, Cheek et al. (2016),
used UAV imagery at the reach scale to characterize the proportion
of pools and riffles, and the perimeter area ratio of these habitat
units. When paired with electrofishing and sonar data, this study
found that very fine scaled microhabitat variables and the channel
unit variables had the highest explanatory power on fish assemblage
structure in their study area explaining 35% and 29% of variance
respectively.

3.3.3 | Temperature

Temperature influences all aspects of the aquatic environment from
primary producers (e.g. algae and plants) to aquatic predators (such
as fish; Moore, 2006). Changes in water temperature can affect
physical habitat features, and behaviour and physiological processes
of fish (Quinn, 2004). Certain fish species such as salmonids are
disproportionally affected by changing temperature regimes due to
a narrow thermal tolerance. In a freshwater aquatic environment,
stream temperature is driven primarily by environmental factors
such as snow melt, air temperature, and shading through riparian
vegetation (Poole & Berman, 2001).

Remote sensing has transformed our ability to detect changes in
surface temperature at a variety of different resolutions and this in-
formation can be applied to examine multiple habitat characteristics.
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FIGURE 7 Chord diagram showing
the remote sensing technologies that
were used to examine habitat metrics in
the studies reviewed. The width of each
line represents the number of papers
reviewed.

For example, O'Sullivan et al. (2022) used a thermal sensor mounted
on a UAV to compare habitat use by juvenile Atlantic salmon (Salmo
salar, Salmonidae) during warm >19°C and cool <19°C stream tem-
perature events in Atlantic Canada. During warm events the authors
observed a grouping behaviour by the fish and found increased use of
cooler regions of the stream. Wilbur et al. (2020) used aerial thermal
infrared imagery to map cold water anomalies and found that brook
trout (Salmo fontinalis, Salmonidae) and Atlantic salmon parr density
and use increased near cold water anomalies across a 53km reach
of the Cains River in New Brunswick, Canada. Aerial thermal imag-
ery has been used to characterize thermal heterogeneity and fish
assemblages across 350ha of lowland river floodplain in the Oder
River in Germany, with distinct species assemblages found based on
spatial and seasonal thermal signatures (Tonolla et al., 2012). These
aforementioned studies demonstrate the ability of thermal imagery
as a non-invasive method for characterizing spatial heterogeneity
and changes in temperature across complex and large study areas.
Lidar data have also been used been used to examine factors in-
fluencing stream temperatures. Tompalski et al. (2017) used lidar data
to determine the total hours of shade received by stream reaches on
northern Vancouver Island, Canada. The authors found that 25% of
fish bearing streams had at least 11.3 hours of shade, while only 7% of
fish bearing streams had less than 10hours of shade. However, they
found that small streams were less shaded than large streams in the
study area. Loicq et al. (2018) used lidar-derived shading information
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in a regional stream temperature model and found that the cooling ef-

fects of vegetation ranged from -3.0 to -1.3°C. The accuracy of the
stream temperature model was improved with the use of lidar shading
information compared to more simple shade models. These studies
demonstrate that lidar is capable of accurately measuring the vertical
structure of stream side vegetation making it very useful for shade
modeling. However, lidar derived shading and stream temperature
variations have not, to our knowledge, been explicitly linked to fisher-

ies data but represent an area for future research.

3.3.4 | Land cover and ice cover

There are well known relationships between landscape level metrics
and the availability and quality of fish habitats in stream reaches.
Significant research has taken place using multispectral satellite
data for detailed characterizations of land cover. However, we found
few studies that have looked at the relationships between terres-
trial land cover and available fish habitat use. Walther et al. (2021)
used landscape level terrestrial metrics derived from remote sensing
data such as drainage area, elevation, geology type, wetland pres-
ence, and precipitation data to explain species-specific differences
in population neighbourhoods of coho salmon, steelhead trout and
chum salmon (Oncorhynchus keta, Salmonidae) across habitats. The
authors found that that drainage area, elevation and geology where
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important predictors for predicting upper limit of occurrence across
all three species with 78%-89% accuracy. High spatial resolution
aerial photographs have been used to map landcover classes across
large spatial areas. Dauwalter et al. (2015) used supervised classifica-
tion aerial RGB imagery and found that the woody vegetation class
was strongly positively associated with redband trout (Oncorhynchus
mykiss gairderi, Salmonidae) occurrence and density. Further they
found that together with stream temperature, the percent woody
vegetation class was a stronger predictor of trout occurrence com-
pared to instream and riparian field measured variables.

Variations on the duration and extent in ice cover on lakes and
rivers can affect primary productivity, as well as growth and survival
of most freshwater fish species. Suitable data sets to examine the
relationships between ice cover and fish species can be acquired via
remote sensing. Recently, Sentinel-1 data has been used to classify
ice cover in the Canadian great lakes region (Marcaccio et al., 2022).
The authors found decreased movement in overwintering Walleye
(Sander vitreus, Percidae) when habitat areas were covered in ice.
In a riverine environment, Wirth et al. (2012) used data from the
RADARSAT -1 to locate persistent ice-free areas on an Alaskan river
and found that these areas served as core spawning areas for fall run
chum salmon. Persistent ice-free features such as those found with
radar would not be captured with a traditional in situ field survey but
rather are captured extremely well by the repeated survey nature of

this particular remote sensing dataset.

3.3.5 | Spawning

While habitat features associated with spawning may be com-
prised or described by of some of the general attributes that we
reviewed (i.e. hydrological or temperature features), this particular
life-history focussed suite of habitat features was frequently the
focus of remote sensing research so we examined it separately.
A variety of remote sensing techniques have been used to map
spawning habitat, such as lidar, hyperspectral and thermal sensors.
For example, a study by Harrison et al. (2020), used true colour
and hyperspectral sensors mounted on a UAV to accurately (76%
and 90%, respectfully) map Chinook salmon (Oncorhynchus tshaw-
ytscha, Salmonidae) redd locations using machine learning and
object based image analysis techniques. Further, UAV thermal sen-
sors were used by Clawson et al. (2022) to identify warm thermal
refugia in a subarctic river, finding increased use by spawning chum
salmon in these areas. Duffin et al. (2021) used continuous wavelet
analysis on lidar-derived DEMs to examine topographic variability
on three rivers in the Salmon River basin in Idaho. They found that
higher small-scale wavelet power related to pool-riffle topography
and that wavelet power was an important factor in Chinook salmon
spawning site selection. A habitat suitability index for alligator gar
(Atractosteus spatula, Lepisosteidae) was developed by van der
Most & Hudson (2018) using lidar and the authors found that 19%
of the overall floodplain is available spawning habitat along the
Lower Mississippi River.

3.3.6 | Passage

The majority of freshwater fish species require unimpeded move-
ment between spawning, rearing, and in some cases marine habitats.
Impediments to movement include natural barriers such as water-
falls, landslides, and steep gradients, or anthropogenic barriers such
as dams, and culverts, all of which can block access to quality habi-
tat. Remote sensing technologies including lidar and digital photo-
grammetry have been used to characterize barriers to fish passage.
For example NIR lidar was used to quantify migration hindrances
across the Trondheim Region in Norway (Hedger et al., 2020). This
study found that that seatrout (Salmo trutta, Salmonidae) prevalence
was negatively related to the number of downstream crossings and
culverts. Another study by May et al. (2017) used NIR lidar to char-
acterize salmonid habitat above and below natural barriers in two
watersheds along the Oregon coast. They found and increase in hab-
itat quality and quantity above the waterfall due to the reduction in
overall gradient above the barrier.

4 | STRENGTHS, CHALLENGES, AND
OPPORTUNITIES FOR FUTURE RESEARCH

The reviewed studies highlighted key successes in characterizing
freshwater fish habitat; however, challenges remain for the adoption
of remote sensing at several operational scales (Table 3).

Our review identified that over half of the remote sensing
studies that examine fish habitat metrics did not explicitly use fish
data (e.g. presence/absence, abundance, density, etc.) that were
collected at the same time and locations as the remote sensing
data. This is a major limitation in many current studies as much can
change between years and seasons in fish populations and in the
physical environment. To use remote sensing to its full potential in
freshwater habitat studies it is important to further develop link-
ages between remote sensing metrics and in situ fisheries data. For
future research we suggest pairing the collection of fish data with
remote sensing data acquired at the same time. If fish data are not
available, focus should be placed on developing novel remote sens-
ing methodologies specifically for freshwater habitat monitoring
that focuses on supporting existing monitoring protocols such as
the fish habitat assessment procedures in British Columbia Canada
(Johnston & Slaney, 1996), the Columbia Habitat Monitoring
Program (CHAMP) in the Columbia river basin (Nortwest Fisheries
Science Centre, 2023) and the PacFish InFish Biological Opinion
(PIBO) Monitoring Program from the US forest service (Saunders
et al., 2019). Developing linkages between remote sensing technol-
ogies and existing monitoring protocols will help to increase the ac-
cessibility of remote sensing data and methods to practitioners who
are not well acquainted with remote sensing.

Of the studies reviewed, 80% occurred in North America with
a specific focus in the Pacific Northwest and salmonid species.
This focus on North American study sites was also identified by
Huylenbroeck et al. (2020) in their review on remote sensing of
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TABLE 3 Observations, challenges, strengths and opportunities for adopting the use of remote sensing technologies in freshwater

habitat assessments.

Observation

Limited linkage between
predicted habitat
characteristics and existing
fisheries data

Minimal development of novel
remote sensing metrics
specific to fish habitat
characterizations

Lack of automated workflows
and models for existing
methods

Studies have a limited number
of fish species or were
undertaken in a limited
number of regions or over a
limited spatial extent

Lack of research using remote
sensing data fusion

Challenges

Data availability. Matching
temporal and spatial scales,
domain knowledge

Research area is nascent. Difficult
without common domain
knowledge between fishery
experts and remote sensing
analysts

Time consuming to develop, not
scalable, lack of transferability
studies between sites and
species

Cost and data. Lack of awareness
of the power of these remote
sensing technologies

Most studies limited to one
platform or sensor type. Not
analysing all dimensions of the
aquatic system. Lack of ground

Strengths

Landsat series of satellites has
>50year of global coverage

Increase collaboration between
remote sensing and fisheries
scientists

Many remote sensing techniques
can be automated in stand-
alone software or with code

Coverage of remote sensing data
is increasing annually with
new satellite options and
ability to acquire own data
with consumer level UAV
systems

Many fusion techniques exist
in remote sensing literature,
especially between ground
and aerial platforms

Future research and development
opportunities

Use historical fisheries data and
archival remote sensing data
together

Basic science required to examine
new spectral indices to detect
for example, salmon redd
sites, oxygen concentrations in
stream water

Transferability studies, to examine
if methods and models are
applicable for other sites and
species. Open access of code,
and algorithms for refinement
and application

Test the applicability for these
methods in different regions.
Some habitat features might
be simple or straightforward to
obtain with some sensors, but

not applicable to certain species

More fusion between remote
sensing technologies. Increase
instrument payloads to allow
simultaneous collection of

based remote sensing

Large datasets, lack of
multitemporal fisheries data

Lack of multitemporal studies

riparian vegetation. Salmonids are an important group of species
in this part of the world for their cultural, ecological and economic
benefits, which could be a factor in their prevalence in the literature
reviewed. Indeed, salmonids are umbrella species and the ability
to characterize their habitat should be applicable to other species
in similar ranges. However, by focusing on salmonids of the Pacific
Northwest, a stenothermal group of fishes with specific habitat as-
sociations and requirements, a gap in knowledge has occurred in
how the remote sensing techniques described above can be used
to characterize freshwater habitat in different environments spe-
cifically for warm tropical waters. Therefore, an avenue for future
research could focus on the less prevalent species and regions, for
example anabas (Genus Anabas) in the Mekong River (South East
Asia), carp (Family Cyprinidae) in Yangtze River (China) or tilapia
(Genus Oreochromus) in Lake Victoria (Kenya, Tanzania and Uganda)
which are all managed species that have different habitat require-
ments compared to salmonids of the Pacific Northwest.
Interestingly, spawning locations were the only habitat type re-
lated to a life history stage consistently identified in this review. We
believe this is because spawning locations for salmonid species are
generally in shallow, gravel bed, stream reaches with slow flow and
can often be directly seen in the remote sensing data (i.e. Harrison

LiDAR and thermal data, for
example

Key benefit of remote sensing,
specifically, satellite imagery,
is repeated data acquisitions

Examine remote sensing datasets
over time, to estimate habitat
change and impacts on fisheries

et al., 2020). Future research could focus on developing relationships
between other life history stages (rearing, migration) and remote
sensing data. This would be especially important when using remote
sensing-based habitat indicators in fisheries management and in
conservation and restoration decision making.

One of the major strengths of remote sensing is the ability to
characterize large spatial areas across broad time periods (Pekel
et al., 2016). We found a lack of studies that harnessed the full tem-
poral power of remote sensing and believe more emphasis should be
placed on using remote sensing technology for multitemporal analy-
sis. For example, having over 50years of coverage with the Landsat
missions highlights the potential for retrospective analysis pairing
historical fisheries data with historical remote sensing data (Wulder
et al., 2022). Pairing existing fisheries data sets with previously col-
lected remote sensing data could greatly aid restoration and man-
agement practices in important habitat areas by identifying areas
most effected by landscape change. Further, many of the studies
identified in this review were one-off studies conducted over small
areas. In order to gain operational capacity of remote sensing tech-
nologies, emphasis should be placed on the replication of existing
methods across different aquatic environments and over broader
spatial extents.
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Often the remote sensing methods and approaches reviewed
were relatively simple, for example image classification, simple
spectral index derivation or the manual extraction of features from
the imagery by interpreters, rather than automatic classification of
the imagery. To fully harness the information capabilities of remote
sensing data, focus should be placed on increasing automation and
automatic extraction of habitat indicators. When the scale of stud-
ies shift from single reach to continental or even global scales, the
ability to automate metric extraction becomes important. Further,
remote sensing allows for the ability to uniquely characterize the
environment and extract information that is difficult or even im-
possible to measure manually. The development of specific remote
sensing indices and metrics directly related to fish habitat features is
an important area of future research.

The key remote sensing technologies and platforms for fish hab-
itat characterization identified in this review were lidar, moderate
resolution satellite imagery and UAV. We posit that airborne lidar
has the most to offer because it provides detailed information on
terrain and vegetation across large geographic areas, and currently
is used operationally in the forest industry (White et al., 2016).
Moderate-resolution satellite imagery such as the Landsat and senti-
nel series of satellites have frequent and repeated coverage allowing
for detailed time series analysis of freshwater fish habitat. Further,
the global coverage of these data sets gives the ability to test meth-
odologies across different watersheds and with a variety of species.
Additionally, we recognize the role that consumer level UAV's will
have in advancing the linkages between in situ fisheries data and
remote sensing data due to their relatively low cost and ease of use.
The ability to acquire aerial imagery, photogrammetry data, or ther-
mal data at the same time as fisheries data are crucial for advancing
this science. Support should be given to develop these technologies
and their linkages to in situ fisheries data as well as their synergies

when combined.

5 | OPERATIONAL CONSIDERATIONS
FOR USE OF REMOTE SENSING FOR FISH
HABITAT CHARACTERIZATION

In the final component of this paper, we offer some guidance to fish
and habitat biologists and other related practitioners, with limited
exposure to remote sensing technologies, who may be interested
in utilizing remote sensing technology for freshwater fish habitat
characterization, but who may lack knowledge of the appropriate
platform, sensor and processing approach to use. In general, these
three decisions are related to sensors, scales and standards.

As we have demonstrated herein, there are a wide variety of
information outputs that can be produced using remotely sensed
data. As a result, fish and habitat biologists should consider their
information needs: which aspects of fish habitat do they need to
characterize and monitor, over what spatial extent and with how
much spatial detail? If temperature is the primary habitat feature
to be mapped, then thermal sensors are the required technology.

Mapping of habitat type and complexity can be undertaken using
either multispectral imagery (allowing classification of land cover)
or active remote sensing imagery, such as lidar, in order to map the
structural characteristics of the stream bank and surrounding veg-
etation. In the case of hydrological features, the underlying terrain
model is of paramount importance, which therefore suggests that
lidar data, which enables a detailed high spatial resolution character-
ization of the terrain surface underneath the vegetation canopy, is
needed in order to extract these hydrological characteristics.

Imagery can be acquired at a variety of spatial scales. Given that
many of the questions posed by fish biologists occur at local stream
reach scales or lake nearshore scales, it is likely that most applica-
tions will be driven from either aircraft, UAV or using field-based in-
strumentation. The decision around which of these platforms to use
in order to acquire the data is fundamentally a question of spatial
scale. Fish biologists should consider the spatial extent of their area
of interest, as well as the spatial resolution at which they require that
information. Airborne sensors are able to provide very high-density
remote sensing data such as lidar as well as fine spatial resolution
optical or thermal imagery. There are significant cost savings with
aircraft on a per km? basis, compared to UAVs, which makes them a
more cost-effective instrument at the watershed scale. If individual
stream reaches are of interest, as well as integrating multiple flights in
order to understand the dynamics of the system, then a UAV platform
producing very fine scale imagery offers unique opportunities to con-
sider. Beyond working at the finer scale, there are a variety of other
trade-offs that need to be considered. Data with a higher spatial res-
olution equates to larger file sizes, larger storage requirements, and
longer processing times. Therefore, additional considerations around
data processing and storage need to be considered when dealing with
these very fine scale aircraft and UAV based technologies.

Lastly, standards refer to the protocols followed for both remote
sensing data collection and the subsequent data processing to drive
the key habitat characteristics. Satellite remote sensing data acqui-
sition is managed by large government or private companies from
which the data is purchased or is available for download. In contrast,
UAV data collection may be undertaken by end users themselves with
a number of best practice guidelines around acquisition and process-
ing needed to ensure high data quality (Goodbody et al., 2017). Lidar
data collection often falls between the two, by contracting private
companies for airborne lidar acquisition, or with researchers collect-
ing data themselves with UAV or mobile mounted lidar sensors (White
et al., 2013). Further, many governments are beginning to provide
open access to their lidar data catalogues, providing tiles of either raw
point clouds or pre-processing gridded data products.

In terms of data processing standards remote sensing data often
requires specific, often proprietary, software. In recent years there
has been an increase in open-source tools used to process remote
sensing data. Specifically, both the R and Python languages have
a variety of free and open source libraries for processing remotely
sensed data (Gillies, 2021; Hijmans et al., 2022; Roussel et al., 2020)
while free and open source geospatial data processing software with
large user bases are also available (QGIS Development Team, 2022).
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6 | CONCLUSIONS

Our review highlighted a growing body of literature that uses re-
motely sensed data to map, monitor, and characterize freshwater
fish habitat. In recent years, there have been rapid advancements in
computational capacity and remote sensing technologies, resulting
in reduced acquisition costs and processing requirements and thus
an increased number of studies using these technologies. Further,
we identified three key technologies/platforms: lidar, UAV, and mod-
erate resolution satellite imagery that have been well studied and are
positioned to transform approaches to freshwater fish habitat stud-
ies. Currently, the majority of research in this field focuses on three
genera of fish and is predominantly being undertaken in western
North America. This review provides the context and background
for fish and habitat biologists to better understand the remote sens-
ing technologies used for freshwater habitat characterization. We
hope that this review will serve as an introduction, allowing for the
increased use of remote sensing in fish habitat research and foster
interdisciplinary collaboration between fish biologists and remote

sensing scientists.
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