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ARTICLE INFO ABSTRACT

Edited by Dr. Marie Weiss Biodiversity loss is one of the most relevant consequences of climate change. Therefore, identifying areas and
environmental features that allow certain organisms to be less exposed to the effects of the current global
warming is priority for biodiversity conservation. In this study, we describe a novel approach for the identifi-
cation of microclimatic refugia in rugged mountain areas, specifically for the detection of most thermally stable
areas, using an unmanned aerial vehicle (UAV) capable of recording in the visible and thermal infrared spectral
bands. We estimated land surface temperatures (LST) at very-high spatial resolution in six topographically
complex sectors of the Pyrenees (NE Spain), across seasons with vegetative activity (summer 2020, autumn 2020,
spring 2021, and summer 2021), and at two thermally contrasted times of the day (early in the morning: LST;p,
and in the afternoon: LSTpay). LST were validated with a network of miniaturized temperature sensors in the
field. LSTpi, and LSTpax allowed us to calculate the daily thermal range of each sector across the seasons, and
thus the most thermally stable areas over the year. To reveal the importance of different variables on low and
narrow thermal ranges we applied Gradient Boosted Models to seven terrain variables derived from ALS-LiDAR
(slope, northness, eastness, heat load, wind exposure index, SAGA’s topographic wetness index, and vector
ruggedness measure) and a proxy of forest density through the three-dimensional point clouds of the UAV data.
The northness was the variable that most promoted thermal stability, followed by the slope and forest density, so
that microclimatic refugia resulted to be located in northern slopes, small sites under rocky cliffs, and forested
areas. Our results demonstrate that thermal UAVs can become promising tools for the identification of micro-
climatic refugia in topographically complex areas, providing information at unprecedented spatial resolution,
and thus of high interest for biodiversity conservation.
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1. Introduction ranges often constitute mosaics of microclimates, some of which can act

as microclimatic refugia (thereafter, microrefugia): small patches buff-

Climate is one of the most important determinants of species distri-
bution, and many studies have demonstrated the critical role of climate
change on the structure and composition of communities, habitats and
ecosystems (Ashcroft and Gollan, 2013; Chen et al., 2011; Choler, 2017;
Pauli et al., 2012; Pugnaire et al., 2019). In the highly diverse and
environmentally heterogeneous mountain regions, climate is modulated
by the altitudinal gradient, topography and land cover (Korner, 2004).
Roughness contributes to the diversity of fine-scale landforms, trans-
forming the regional climate into a variety of local microclimates over
short distances (Ackerly et al., 2010; Hoffrén et al., 2022). In addition,
forests dramatically buffer extreme climatic conditions for understory
organisms (De Frenne et al., 2021; Greiser et al., 2019). Thus, mountain
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ered from contemporary climate change because of their lower exposure
to extreme temperatures and external fluctuations (Keppel et al., 2017).
Their stable climatic conditions result from the modification of regional
climate, so that local climate is decoupled from the general due basically
to the effect of topography and the shade provided by forests (Ashcroft
et al., 2012; Dobrowski, 2011; Keppel et al., 2015). Identifying and
protecting microrefugia is a priority for biodiversity conservation, as
they give species the opportunity to persist when they are not capable of
adapting or migrating in climate change scenarios (Graae et al., 2018;
Hylander et al., 2015; Keppel et al., 2015; Suggitt et al., 2018), consti-
tuting the last citadel for their survival (Collins et al., 2013; Garcia et al.,
2020; Wilson et al., 2019) and providing resilience to landscapes
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(Andrew and Warrener, 2017).

Until now, most studies focused on detecting microrefugia have used
fine-scale topoclimatic models derived from topographic and forest
variables, and microclimatic data (e.g., Ashcroft et al., 2012; Greiser
et al.,, 2018; Maclean et al.,, 2016; Meineri and Hylander, 2016).
Topography and vegetation variables have usually been generated using
Light Detection and Ranging (LiDAR) technology, which makes it
possible to represent different terrain attributes by creating Digital
Terrain Models (DTMs) at high spatial resolution. Due to the ability of
LiDAR signals to penetrate the canopy, it is also possible to model the
horizontal and vertical structure of vegetation, such as canopy height,
density, or their variability. Regarding microclimatic information, pre-
vious studies have commonly used meteorological stations, miniaturized
field sensors and thermal cameras. The former often at regional or na-
tional scales (e.g., Niskanen et al., 2017; Suggitt et al., 2018), while
mini-sensors are frequently used in smaller and topographically complex
areas (e.g.; Davis et al., 2019; Macek et al., 2019; Williamson et al.,
2021). There has been an increasing interest in using mini-sensors in the
last decade because meteorological stations cannot accurately predict
organismal responses to climate change, as they are very sparse in the
territory and measure in open areas at 1.5-2 m height above ground
(Zellweger et al., 2019). The advantage of mini-sensors lies in that they
can be placed in many locations and at ground level, where most or-
ganisms live (Ashcroft et al., 2009; Dobrowski, 2011; Greiser et al.,
2019; Lembrechts et al., 2020). However, both meteorological stations
and mini-sensors provide spatially discrete point-based measurements,
and make further processing necessary to interpolate temperatures
(Zellweger et al., 2019). In addition, mini-sensors deployment, main-
tenance, and data download are highly time-consuming, limiting their
distribution over wide areas.

Remote sensing can help overcome these limitations, specifically
thermal infrared (TIR) sensors, as they offer opportunities to produce
detailed and spatially continuous data of land surface temperatures.
Nevertheless, very few studies have used TIR sensors to identify
microrefugia successfully. Spaceborne sensors, such as MODIS (e.g.,
Mackey et al., 2012) or Landsat (e.g., Andrew and Warrener, 2017),
offer a wide spatial coverage and accurate temporal resolutions, but all
of them fail when it comes to identifying temperatures at high spatial
resolution. Manual thermo-cameras are a good option to capture fine-
scale temperatures in a specific location during different times of the
day or over the year. For instance, Garcia et al. (2020) used TIR imagery
from a thermo-camera in two rocky cliffs sectors of the Spanish Pyrenees
to investigate the thermal profile and stability of two populations of
relict and endemic plant species. However, the images these cameras
take are limited by the spatial coverage available from the shooting
place and its accessibility. These constraints can be solved by using TIR
sensors on board unmanned aerial vehicles (UAVs), thanks to their great
mobility and the capability of recording land surface temperatures at
centimetric resolution (Faye et al., 2016; Zellweger et al., 2019). In
addition, UAVs allow deriving high-dense tridimensional point-clouds
from very-high resolution overlapping images (Puliti et al., 2015)
through Structure-From-Motion (SFM) algorithms (Remondino et al.,
2014) based on traditional photogrammetric techniques (Messinger
et al., 2016), which are very useful to reproduce several features of the
territory. To the best of our knowledge, the use of thermal sensors
attached on UAVs to detect microclimates and thermal refugia remains
rather unexplored, and there is only one antecedent developed by
Milling et al. (2018), which used a thermal UAV in the Lemhi Valley of
east-central Idaho (USA), dominated by dense clusters of shrubs and
mounded micro-topography, to identify refugia for ground-dwelling
animals.

In this study, we aim to demonstrate the suitability of thermal UAVs
for identifying thermal stable areas in topographically complex moun-
tain regions. This approach could allow the detection of microrefugia for
very many and most abundant small plants and animals in an easy and
unprecedented precise way. We assume that stability emerges as a result
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of decoupling between near-ground local and regional temperatures due
to different factors (Dobrowski, 2011; Hoffrén et al., 2022), and adapt
the method used by Garcia et al. (2020) of considering areas of nar-
rowest thermal range within a spatial matrix as microrefugia. For that
purpose, we will generate thermal landscapes at a very-high spatial
resolution in very contrasted moments of the day across seasons and,
after validating temperatures provided by TIR imageries with a set of
miniaturized temperature sensors, we will identify which environmental
factors promote stability. We establish two main hypotheses: (1) UAVs
can be used in a reliable way to produce highly accurate thermal land-
scapes at centimetric scale from estimated land surface temperatures,
and (2) by overlapping multi-temporal layers of land surface tempera-
tures and combining them with terrain variables it is possible to identify
the most thermally stable areas and variables that promote microrefugia
for biodiversity.

2. Materials and methods
2.1. Study area

The study was conducted in a region of high biodiversity of southern
Europe: The Ordesa and Monte Perdido National Park (thereafter,
PNOMP), in the South part of the Central Pyrenees (Fig. 1) (42.6456°N,
0.0361°E). It contains almost 1400 vascular plants, around 10% of the
European flora in just 30 ha (Pardo et al., 2017). Specifically, we focused
on two areas located at similar altitude (2100-2200 m a.s.l.) in Ordesa
and Pineta valleys, in the ecotone between the forest and the alpine
grassland, characterized by high roughness, with steep slopes and con-
trasted expositions that vary at fine scale. Each area consisted of three
study sectors separated by 1000-1500 m in the Ordesa area and about
50 m in the Pineta area. Sectors were selected for their environmental
heterogeneity, often with small stands of black pine forests (Pinus unci-
nata Mill.), and open areas with different abundance of vegetation and
rocks: from dense grasslands till screes, short cliffs and rocky outcrops.

Study sectors O1 (42.6378°N, 0.0593°W), 02 (42.6325°N,
0.0408°W) and 03 (42.6292°N, 0.0270°W) were located in Sierra de las
Cutas, on top of the Ordesa Valley (Fig. 1). This is a E-W oriented convex
area characterized by the presence of steep slopes in the northern part,
which descends towards the bottom of the valley, and a gentler slope in
the south part, where subalpine grasslands are mixed with rocky out-
crops and black pine forest stands. O1 is formed by two opposite slopes
oriented to the south and to the north, both consisting of grassland
mixed with small rocky outcrops, although black pine forests and larger
rocky cliffs can be found in the north-facing slope. O2 is mainly a sunny
slope with a mixture of grassland, rocky outcrops and black pine forest
in its lower part, and a small sector of the north-facing slope with trees
and screes. O3 is characterized by a prominent north-facing cliff with
large rocky outcrops and a small plain at the top that becomes a gentle
south-facing grassland slope.

Study sectors P1 (42.6779°N, 0.1147°E), P2 (42.6760°N, 0.1180°E),
and P3 (42.6745°N, 0.1215°E) were located in Sierra de Espierba in the
Pineta Valley (Fig. 1). The bottom part of this small E-W oriented
hanging valley dominated by subalpine grasslands that continue to-
wards the south-faced slope, whereas the north-faced slope is very steep
and made of large limestone rocks dominated by black pine open forests.
In addition, small patches of bare soil, screes and rocky outcrops can be
found. In the eastern part (P3), the steep north-faced slope transforms
into a large scree with some outcrops of limestone rock and scattered
patches of pine groves of black pine. In the western part of the sector (P1,
P2), the south-faced slope is covered by a mix of subalpine shrublands,
screes, and black pine forests.

2.2. UAV thermal data acquisition and processing

To estimate land surface temperatures (LST), we used a Parrot Anafi
Thermal, a multirotor UAV equipped with both TIR and high-resolution
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Fig. 1. Study area on the south side of the Central Pyrenees: The Ordesa and Monte Perdido National Park (PNOMP), and the six sectors where the UAV flight
campaigns were conducted: on Jul 31, 2020; Oct 31, 2020; May 17, 2021; and Aug 15, 2021 in the Ordesa sector; and on Aug 1, 2020; Oct 30, 2020; May 18, 2021;

and Aug 13, 2021 in the Pineta sector.

RGB cameras that work together. The former is a FLIR Lepton 3.5
radiometric sensor with 160 x 120px resolution, which allows the esti-
mation of LST from the TIR region, located between 8 and 14 pm. This
radiometric sensor is factory calibrated and, according to the manu-
facturer, its calibration must not be carried out unless necessary (i.e.,
after a crash).

In order to determine the spatial variability of temperatures over a
year, we made 4 UAV flight campaigns in the six study sectors: summer
2020, autumn 2020, spring 2021, and again in summer 2021. Winter
was not of interest for this study due to the snow covering both sectors.
In both summer flights, we chose the hottest days of the season to better
capture maximum extreme temperatures. To estimate daily thermal
stability, in each campaign we made 2 flights: one early in the morning
(6-8 a.m. UTC) to record the daily minimum temperature, and another
in the afternoon (2-4 p.m. UTC) to record the daily maximum temper-
ature. Thus, the number of flights made by season was 12, reaching a
total of 48 flights for all campaigns. All these flights allowed us to es-
timate daily and across-seasons thermal ranges. The UAV flew at 80 m
from the ground to obtain LST data at 3 cm/px spatial resolution. We
established a nadiral incidence angle (90°), an overlap between photo-
graphs of 80% and 70% along and across track, respectively, and a 0.95
nominal emissivity value. The duration of each flight was about 20 min
and all of them were automated using PIX4Dcapture software. A visual
depiction of a typical UAV survey can be seen in Fig. S1 of Supple-
mentary Materials.

We processed TIR data to generate thermal landscapes using

PIX4Dmapper software. For this, we generated thermal rasters of the
daily minimum temperatures (LSTpi,) and the daily maximum tem-
peratures (LSTp,x) for each area and campaign. From them, we calcu-
lated the Daily Thermal Range (DTR) as the difference between LSTmax
and LSTp,i, and the Mean Thermal Range (MTR), as the average DTR
over the three different seasons (autumn 2020, spring 2021, and the
mean DTR of summer 2020 and 2021). MTR allowed us to identify the
areas that proved to be most thermally stable across the three seasons
(narrowest ranges), which corresponded to the lowest values of the
distribution. We then extracted pixels of lowest MTR values located
below deciles 1, 2, and 3 of the frequency distribution, to which we
referred as of very-high thermal stability (D1), high thermal stability
(D2), and medium-high thermal stability (D3), respectively.

2.3. Accuracy assessment of UAV-LST data

To validate the UAV-LST data, before the first flight we deployed 21
miniaturized field sensors across the heterogeneous landscape (open and
forested areas) of the six study areas. They were Maxim Integrated’s
iButtons dataloggers, successfully used in several studies about micro-
climates (e.g., Ashcroft et al., 2012; Ashcroft and Gollan, 2013; Lem-
brechts et al., 2020; Maclean et al., 2016; Williamson et al., 2021). All of
them were scheduled to collect temperatures every hour, and buried at
~5 cm below surface to protect them from heavy solar insolation after
being sheltered inside a small plastic container to avoid moisture con-
centrations that could short-circuit them. The spatial location of each
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iButton was recorded with a Garmin eTrex® 20 GPS. To avoid the mean
geolocation error of the GPS, which was not of sub-meter accuracy,
sensors were placed in easy identifiable locations for subsequent
correction in the office using the very-high resolution RGB images taken
by the UAV. Temperatures recorded by iButtons during each of the UAV
flights were confronted with the temperatures provided by thermal
rasters in the placement of iButtons (Pearson correlation of linear
regression). To account for the positioning error of non-differential GPS
(Piedallu and Gégout, 2005), we confronted three temperature values:
the one corresponding to the pixel of the iButton placement, and aver-
aged pixel values within 2 and 15 m buffer radius around it. The accu-
racy of UAV-LST data was then assessed by computing the coefficient of
determination (r?) and the root-mean-square error (RMSE), and the
larger buffer resulted in slightly higher r? and lower RMSE. Correlations
were estimated for different sets of temperature records: pooling all
campaigns, study sectors, for the two habitats (open vs. forest), and also
separately.

In addition, since iButtons were placed below ground, and the
thermal camera of the UAV records temperatures on the surface and at
the level of tree canopies, we conducted an additional UAV flight of
validation in the Pineta Valley sector, over an homogeneous southern
slope composed of patches of subalpine grasslands, screes, and black
pine forests. We deployed 10 TOMST’s Temperature-Moisture-Sensor
(TMS) dataloggers (Wild et al., 2019) in the flight area, following the
same method as with the iButtons. TMS dataloggers are capable of
recording temperatures at the same point from three sensors covered by
a little hat (8 cm below ground, 2 cm on the ground, and at 15 cm above
ground), being 5 of them in open habitats and 5 within forest. The flight
was performed in summer 2021 in the maximum daily heat moment
(~2 p.m. UTC) using the same flight parameters applied in previous
campaigns. The correlation between UAV-LST and TMS sensors allowed
us to test how well they matched, at ground level or below ground, both
in open and forested areas, and thus if records at the canopy level
constitute a good proxy for the forest interior. In this case, the correla-
tion resulted to be best for the 2 m radius buffer, given that open and
forest patches are small and the buffer of 15 m radius often invades part
of the opposite patch to the analyzed.

2.4. Terrain variables acquisition

To identify the environmental factors that contribute to the occur-
rence of the thermally stable areas, we modeled the effect of eight var-
iables in the six study areas on MTR. Variables were derived from two
sources: i) public ALS-LiDAR data of the Spanish National Plan for Aerial
Orthophotography project (PNOA), for slope, aspect (northness and
eastness components), heat load, wind exposure index (WEI), SAGA’s
topographic wetness index (SWI), and vector ruggedness measure
(VRM); and ii) the high-dense classified 3D point-clouds of the UAV-RGB
data, for the proxy of forest density or canopy forest. Although elevation
is a key variable in the modification of temperatures in mountainous
areas, it was not of interest in this case because surveyed areas have little
differences in elevation. Our design, thus, allows that the importance of
terrain variables for producing microclimates emerge.

ALS-LiDAR flights in PNOMP were conducted in 2010. The sensor
operated at a wavelength of 1064 pm with a scan angle of +29° from the
nadir. The average point-cloud density was 1.5 point/m? and all returns
had a vertical accuracy better than 0.2 m. We removed noise and
overlapping returns and then ground points were classified using MCC
2.1 command-line tool (Evans and Hudak, 2007) and interpolated with a
point-TIN-Raster interpolation method (Renslow, 2013) to generate a
Digital Terrain Model (DTM) of 1 m grid resolution following Mon-
tealegre et al. (2015). From the DTM we generated the slope (in degrees)
and the aspect (in radians) using the “raster” package for the R envi-
ronment (Hijmans, 2021). The latter was split into the northness and the
eastness, as the cosine and sine of the aspect, respectively, to transform
the circular component of the variable into continuous, which ranged

Remote Sensing of Environment 286 (2023) 113427

between —1 (south or west) and 1 (north or east). We also used the
“Terrain Analysis” module implemented in SAGA-GIS (Conrad et al.,
2015) to generate the rest of the LiDAR-based variables: heat load, as a
proxy of solar exposure; WEI and SWI, as proxies of potential areas of
cold-air drainage; and VRM, as a measure of the topographic hetero-
geneity and roughness. For generating the heat load, we chose an “Alpha
max” (amax) value of 202.5°. For WEI, we applied a maximum search
distance of 300 km, an angular step size of 15°, and an acceleration of
1.5, avoiding constant wind direction and without averaging elevation.
For calculating SWI, we used the tool SAGA Wetness Index, which is
based on the Topographic Wetness Index (TWI) (Beven and Kirkby,
1979) but provides more accurate topographic moisture predictions in
cells located in concave areas by not treating run-off as a thin film of
water (Bohner et al., 2002; Bohner and Selige, 2006). Thus, SWI predicts
a more realistic and higher potential soil moisture in concave areas with
a small vertical distance to a channel compared to TWI (Olaya and
Conrad, 2009). Hedley et al. (2013) found SWI more sensitive to the
impacts of small vertical distances on soil moisture than TWI, thus being
more appropriate for detailed studies. We applied the following pa-
rameters for SWI calculation: an average suction value of 10, the square
root of the total catchment area, a catchment slope, a minimum slope
value of 0, an offset slope value of 0.1, and a slope weighting factor of 1.
Lastly, for VRM we used a 3 x 3 cells circular radius without distance
weighting.

RGB images captured by the UAV were used to generate high-dense
tridimensional point-clouds through SFM photogrammetric techniques
implemented in PIX4Dmapper software. Point-clouds had an average
nominal density of 950 points/m? for the whole areas and were auto-
matically classified according to the main land cover in the same LiDAR
point-clouds default categories. By visual analysis, a few points of low
vegetation (shrublands) that had been classified as ground were
reclassified. Point-clouds were then filtered out by the three vegetation
categories (low, medium, and high vegetation). Finally, we used the tool
“LAS Points Statistics as Raster” in ArcMap v.10.7.1 to calculate the
proportion of vegetation returns (in %) of the total returns in each pixel
as a proxy to identify forest density, defined as the number of vegetation
returns divided by the total number of returns within each pixel of a 1 m
spatial resolution raster.

2.5. Relevant variables for microrefugia: combining thermal landscapes
and terrain features

Terrain variables acquired in raster format were stacked together
along with the MTR stability raster. As the latter had higher resolution
than the terrain variables, it was resampled to a spatial resolution of 1
m/px by cubic convolution, which calculated the value of each pixel by
fitting a smooth curve based on the surrounding 16 pixels. To identify
which factors have more effect on the stability (low MTR), we randomly
sampled 500 points in each of the six areas of flight and extracted their
associated MTR and terrain values from the rasters. Models based on
boosted regression trees were used for statistical modeling. They use a
sequence of regression (decision) trees to model a response variable
where each successive tree predicts the residuals from the previous tree,
thus potentially improving predictive performance (Elith et al., 2008).
In particular, we applied Gradient Boosted Models (GBMs), which build
an ensemble of shallow and weak successive trees with each tree
learning and improving on the previous. All the sampling points of both
sectors were pooled given their proximity and the similarity of terrain
features, in particular the altitudinal range. When implementing this
method, we explored the best combination of hyperparameters by
varying them (starting number of trees: 10,000; depth of trees: 1-3;
bagging fraction: 0.5-1 to allow stochastic gradient descent; minimum
number of observations per terminal node: 5-10; learning rate or
shrinkage: 0.001-0.5; family: Gaussian), and cross validation by training
on 70% of the dataset and using remaining 30% to evaluate perfor-
mance. The best combination of hyperparameters that resulted in the
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model with the lowest RMSE was then used to run the final model. We
used the “gbm” package (Greenwell et al., 2022) for R environment for
this analysis, and the “relative.influence” function to estimate in % the
relative contribution of the eight environmental factors, visualized as
partial dependence plots.

3. Results
3.1. Validation of UAV-LST data

The UAV-LST temperatures correlated well with temperatures
recorded by the iButtons below ground: coefficients of determination
ranged between 0.77 and 0.90. RMSE ranged between 4.91 °C and
7.64 °C. The overall r? of temperatures in the four campaigns and sites
was 0.81 with RMSE of 5.60 °C. By study sectors, best performances (r2
>0.85) were achieved in 02 (RMSE = 4.91 °C), P3 (RMSE = 5.71 °C),
and P2 (RMSE = 5.27 °C) (Fig. 2), but all sectors reached correlation
values higher than 0.78. There were also good correlations in minimum
temperatures (r? = 0.87, RMSE = 5.50 °C; Fig. 3) and forests (r?> =0.82,
RMSE = 4.60 °C; Fig. 4), while the lowest correlation value was ach-
ieved in maximum temperatures (> = 0.77, RMSE = 5.70 °C; Fig. 3).
Regarding the validation with the TMS triple-sensor devices, although
one sensor in forest failed, we found higher correlations regardless of
whether they were in open-air or in forest (Fig. 5), only slightly lower
when the sensor was below ground (r2 = 0.90, RMSE = 10.71 °C) and on
the ground (r2 = 0.90, RMSE = 3.16 °C) than above ground (r2 =0.92,
RMSE = 1.56 °C). As expected, UAV at canopy level and TMS data-
loggers at ground level recorded lower temperatures in forest than in
open areas (Fig. 6), being the temperature inside the forest 7.15 °C lower
than outside estimated with the UAV, and 10.49 °C, 11.84 °C and
5.54 °C lower estimated by TMS dataloggers (below, on, and above
ground, respectively).
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3.2. Spatial distribution of the most thermally stable sites

The classification into deciles of the frequency distribution of the
Daily Thermal Range (DTR) and the Mean Thermal Range (MTR)
allowed us to clearly distinguish areas thermally stable in the six study
sectors. They were mainly found in three locations: the north-facing
slopes, small sites under the shade of rocky cliffs, and forests regard-
less of aspect. DTRs showed that these three locations were always
within the D1 and D2 (very-high and high thermal stability, respec-
tively; see also Figs. S2 and S3 of Supplementary Materials). Most of the
areas in northern slopes showed thermal stability, with patches of very-
high thermal stability, as observed in O1, O3, and the three sectors of the
Pineta Valley, with varying spatial extents that were minimum in sum-
mer and maximum in autumn. Small sites under rocky cliffs in O1 and
03 were always thermally very stable (D1) in all seasons, and only for
autumn in O3 the rank descended to D2. Forested areas were always
within the D1 and were located not only on shady slopes, but also on
sunny slopes (e.g., areas 02, P1, P2, and P3). MTRs, resulting from
combining DTRs across seasons (Fig. 7), showed that most of the sites of
these three locations were within the D1 of very-high thermal stability,
hence they could be considered as microrefugia. On the contrary, the
locations of higher thermal ranges corresponded to grasslands in plains
and south-facing slopes, and the large north-facing nude scree of P3,
which is the site with largest thermal range of the entire north slope of
Sierra de Espierba sector.

3.3. Variables promoting microrefugia

Boosted regression models returned a minimum RMSE of 2.74.
Northness was the most influential predictor (37.39%), increasing
thermal stability (i.e., low MTR) as soon as the area was slightly oriented
towards north (Fig. 8). The slope was the second most important pre-
dictor (16.65%), promoting thermal stability in areas with slopes from
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35°-40°, such as rocky cliffs, also because north-oriented slopes tend to
be steeper than south-oriented slopes in the study area. Forest density
was the third relevant predictor (13.80%), and the partial dependence
plot shows that the MTR decreases as forest density increases, indicating
its strong effect in promoting thermal stability. MTR increases with WEI
(11.04%), meaning that the sites less exposed to the wind experience
more thermal stability. The heat load (7.85%) decreased thermal sta-
bility, so sites less exposed to incoming solar radiation were more stable.
The rest of the variables had <5% of relative importance in promoting
thermal stability: Eastness (4.82%) dramatically shifts MTR between
east and west aspects; SWI (4.24%) indicates less thermal stability in
areas of great run-off generation potential; and VRM (4.21%) promote
stability when ruggedness is very high.

4. Discussion

In the current context of climate change, developing actions to
mitigate the detrimental effect of warming on biodiversity is of high
priority. However, a very simple and first step to be effective would be to
identify microrefugia and the species they shelter, which would benefit
from long-term thermal stability and lower exposition to extreme cli-
matic effects (Ashcroft et al., 2012; Dobrowski, 2011; Keppel et al.,

2015). This study has developed a novel methodological approach to
tackle such challenge in topographically complex areas, consisting in the
use of a thermal UAV for the detection of very-high thermally stable
areas at centimetric scale. Nonetheless, our method can be easily
extrapolated to other non-mountainous areas with potential conditions
for the presence of microrefugia, such as flatter areas with micro-
topography, wetlands, or patches of woody vegetation. Our method also
overcomes the limitations of other remote sensing platforms, such as
manual thermo-cameras, which are limited in terms of mobility, or
spaceborne sensors, whose spatial resolution does not allow the identi-
fication of microclimates and, therefore, microrefugia. It is interesting to
discover the improvement achieved by the UAV with respect to the
commonly used MODIS images: Fig. 9 shows the range of temperatures
of each UAV thermal image and the single MODIS LST value returned
from the satellite of the same day at almost the same time in the three
flying areas of Pineta sector (Aug 1, 2020; MODIS time: 8:30 UTC; UAV
time: 6-8 UTC; “MOD11A1 v6” product: https://Ipdaac.usgs.gov/produ
cts/mod11alv006/, accessed 30 May 2022).

4.1. UAV accuracy for estimating land surface temperatures

To accurately identify areas with low thermal ranges, an essential
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first step is to validate land surface temperatures (LST) estimated by the
UAV. For this end, we confronted UAV-LST data with temperature re-
cords of a net of miniaturized field sensors, which were well considered
as validation tools because of their good accuracy in estimating tem-
peratures when not exposed directly to solar radiation (see Hubbart
etal., 2005; Wild et al., 2019). The importance of this validation also lies
in the fact that the TIR region is affected by the emissivity of the different
surface materials, which usually ranges between 0.88 and 0.99 (Messina
and Modica, 2020). However, in this study a default emissivity of 0.95
was set to all UAV flights due to the very-high resolution images and the
highly varied individual surface types (Coutts et al., 2016). Correlation
between UAV-LST and field sensor records yielded very good overall
coefficients, even considering that iButtons were deployed at about 5 cm
below ground, where thermal conditions tend to be less extreme than on

ground level (Zellweger et al., 2020; Hoffrén et al., 2022), from which
LST records came from. In fact, the adjustment between UAV-LST data
and the ‘below ground’ and ‘on ground’ temperatures given by the TMS
loggers were very similar, slightly better for the sensor above the
ground. There is still room for improvement in the good correlation we
found between UAV-LST data and iButtons and TMS estimates. On the
one hand, it was carried out by averaging pixels in circular buffers due to
the uncertainty in the loggers position, which can be shorten in future
studies using differential GPS. On the other hand, we have worked with
alow-resolution TIR sensor, but temperature data has been obtained at a
very high spatial resolution. Although RMSE values were high when
comparing the UAV temperatures with the iButtons and TMS loggers
below ground, they were lower with the TMS on and above ground, the
layer where UAVs record temperatures. More accurate results could be



R. Hoffrén and M.B. Garcia

Temperature values
401
d
304
ES== B3 uav
;2'1) F E TMS4 Above ground
* TMS4 On ground
204 - TMS4 Below ground
—=
101
Forest Open

Fig. 6. Temperatures in forest and open areas recorded by UAV and TMS
dataloggers in the Pineta sunny slope.

obtained by the use of UAVs with higher resolution TIR sensors, as well
as by the improvement of UAV technology in the future, but our results
support the idea that thermal UAVs can be reliable tools for identifying
microclimates and thus for finding out potential microrefugia of high
thermal stability.

4.2. Where do microrefugia tend to locate?
In this study, our thermal UAV has been able to identify small to

medium scattered areas of high and very-high thermal stability at sub-
alpine level (~2100 m a.s.l.), which followed some common spatial

Remote Sensing of Environment 286 (2023) 113427

patterns in the six study sectors. Thermally stable areas were frequently
located on northern slopes, being the northness the terrain variable of
highest influence for the occurrence of potential microrefugia of thermal
stability. These results are to be expected, as northern slopes of moun-
tains of the northern hemisphere are subject to less extreme maximum
temperatures because of the greater sun rays angle of incidence,
resulting in narrower thermal ranges and cooler environments (see Rita
et al., 2021). Consequently, irrespective of their size, areas of north
slopes constitute good candidates to become microrefugia for cold-
adapted and mesophilic organisms as proposed by Dobrowski (2011).

The second area of very-high thermal stability was found in locations
under prominent rocky landforms like north-facing cliffs, especially in
01 and O3. These open areas had always very low thermal range (D1) in
almost all seasons except for the autumn in O3 (D2), when the vegetative
period is over for many plants. The slope variable, which was the second
most significant in the boosted regression model, shows that very steep
areas such as cliffs promote thermal stability. Whereas an increase in the
thermal range was observed on slopes between 20° and 35° (Fig. 8), a
dramatic decrease appears above 35°, which can be explained by the fact
that the former are predominantly south-facing whereas the latter are
more often north-facing in our study area. In this sense, sites near cliffs
located on northern slopes can accentuate protection against solar ra-
diation in summer and cold winds, making temperatures more stable
overall, as well as within multiple small crevices they have, that in turn
contribute to creating smaller microhabitats.

The third more significant variable promoting very-high thermal
stability was forest density, a proxy of canopy forest. As expected, and
regardless of aspect, forested areas showed very low thermal ranges in
all seasons, so most of them fell within the D1 of very-high thermal
stability. We found high correlations between UAV-LST and TMS records
in small mixed patches of forest and clearings in the sunny slope of
Pineta Valley, which confirmed the cooling effect of trees even at low

02
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e ™ i
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Fig. 7. Locations found with very-high thermal stability (D1, in dark pink), high thermal stability (D2, in pink), and medium-high thermal stability (D3, in light pink)
across the six study sectors throughout the seasons with UAV flight (MTR: Mean Thermal Range). (For interpretation of the references to colour in this figure legend,

the reader is referred to the web version of this article.)
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density, and allow us to conclude that temperatures recorded by the
UAV reflect well the thermal conditions below the canopy in low dense
forests. The buffering effect of forest on temperatures is well known: tree
canopies provide protection to ground-dwelling organisms from
extreme conditions of temperature because they hinder the penetration
of solar radiation, thus producing lower thermal ranges (De Frenne
et al., 2019). Latimer and Zuckerberg (2016) already observed higher
thermal ranges in fragmented forests, where cooler minimum and mean
daily temperatures were registered than in compact forest areas. In this
sense, our UAV has perfectly identified these buffered areas despite
canopy density was not very high at such elevation, including those in
sunny slopes where thermal ranges are more extreme in general.

In sum: both topographic heterogeneity and the presence of forests
have the capacity to create refugia at micro- and mesoscale (cm till
hundreds of mz). The role of rocky habitats (except nude screes in ho-
mogenous slopes) acting as potential microrefugia is supported by other
studies that demonstrated they harbor abundant endemic and range-
bound species (e.g., Batori et al., 2017; Batori et al., 2020; Garcia
etal., 2020; Schut et al., 2014). It has been shown that north aspects and
rocky habitats have been the key to the persistence of biodiversity
during the last glacial period (Bennett et al., 1991; Bennett and Provan,
2008; Birks and Willis, 2008; Dobrowski, 2011; Keppel et al., 2011),
allowing ancient plant lineages to persist under adverse environmental
conditions. Topographic variation has recently been proposed as one of

the main factors halting the extinction of populations of plants and in-
sects (Suggitt et al., 2018), and cold rocky landforms in particular as key
climate refugia for terrestrial and aquatic biodiversity in mountain
ecosystems (Brighenti et al., 2021). Concerning forests, the mechanistic
process and the remarkable beneficial effect of canopies in buffering
extreme temperatures has also largely been documented (e.g., De Frenne
et al., 2019). The buffering effect of forests has been proposed as crucial
for the persistence of species occurring under their canopy both at
ecological and evolutionary scale (Garcia et al., 2022). Interestingly, an
important but often forgotten detail is that forests can be transformed
and, unlike forests, rocky habitats such as cliffs remain even under
strong land use changes, so that these areas have a high long-term
ecosystem value.

5. Conclusions

Identification of small areas with stable temperatures is a priority
first step for the detection of microrefugia for biodiversity conservation
in the current context of climate change. In this sense, UAVs offer an
unprecedented chance for the detection of microclimates and micro-
refugia in mountain regions at very-high spatial resolution, impossible
to achieve through airborne or spaceborne sensors. Our results conclude
that thermal UAVs are capable of detecting areas of high thermal sta-
bility throughout a year, a key feature of microrefugia. In our study
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region, we easily associated those areas to northern slopes, small sites
under rocky cliffs, and forested areas. Further research will be needed in
the future to better understand the capabilities and limitations of these
promising instruments, but our results shed light on its utility to accu-
rately identify microrefugia, and thereby to successfully contribute to
prevent biodiversity loss.
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