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A B S T R A C T

Forest structural complexity strongly influences habitat suitability for forest-dwelling species. Airborne laser 
scanning (ALS) provides efficient nationwide quantification of three-dimensional forest structure, but its appli-
cations in animal ecology remain limited, particularly for understudied mustelids. Here, we combined nation-
wide ALS data from 173 flight campaigns with species presence-absence observations, an unprecedented scale for 
mustelid studies, to assess how ALS-derived forest structural metrics predict the occurrence of pine marten, stoat, 
and least weasel in Finland. We modeled occurrences using spatial hierarchical generalized linear mixed-effects 
models. ALS metrics capturing vertical complexity and canopy cover, alongside landscape and climate variables, 
explained broad-scale habitat associations for pine marten and stoat. Least weasel occurrence was less predict-
able, likely reflecting its microhabitat preferences and dependence on voles. Key predictors of mustelid occur-
rence included canopy height variability, mid- and upper-canopy density, and canopy cover of tree layer. Our 
findings show that nationwide ALS combined with species occurrence data can reveal habitat preferences of 
small and medium-sized mustelids, supporting conservation, monitoring and management planning.

1. Introduction

Forests are structurally complex environments, that can be vertically 
stratified into distinct layers with differences in composition, light 
availability, and microclimatic conditions, thereby influencing habitat 
suitability for a wide range of forest dwelling animal species (McElhinny 
et al., 2005). Stratification may include the canopy layer, formed by the 
crowns of mature trees; the subcanopy and shrub layer, consisting of 
smaller trees and tall shrubs, and an understory or ground layer, 
dominated by herbaceous plants, mosses and woody saplings. Under-
story vegetation and complex canopy structures provide shelter, prey, 
and nesting opportunities for a variety of mammals (McElhinny et al., 
2005; Nilsson and Wardle, 2005). Heterogeneous canopies offer climb-
ing opportunities to semi-arboreal species, while a rich understory 
benefits rodents and other small prey mammals, which are key prey for 
many mammalian predators that also benefit from the shelter provided 
by vegetation.

Mapping understory and canopy structural features using traditional 
field methods is time-consuming and costly, especially at large spatial 
scales. Airborne laser scanning (ALS) offers an efficient approach to 
modeling of vegetation three-dimensional structure over extensive

areas. ALS data is becoming increasingly available through national 
open-access schemes, enabling studies of forest structure at extensive 
scales.

Previous ecological studies using ALS for mammal species have 
typically focused on regional-scale study areas covering a few hundred 
km². For example, Tweedy et al. (2019) studied pacific marten resting 
habitat within an area of ~490 km² in California, and Wheelhouse et al. 
(2025) examined multispecies mustelid co-occurrence across ~350 km² 
in British Columbia. With the combination of ALS data and species 
occurrence information from, for example, citizen-science initiatives, it 
is now possible to investigate habitat associations across entire coun-
tries, as has been done in Denmark (42,394 km 2 ) where local richness of 
birds was studied using ALS data (Davison et al., 2023). In animal 
ecology, ALS has been widely used to model species richness, diversity, 
and habitat suitability across multiple taxa, demonstrating that forest 
structural features are important drivers of faunal biodiversity 
(Toivonen et al., 2023). Nevertheless, ALS data is underutilized for 
certain mammal groups, such as mustelids.

Studying mustelids is timely, as many mustelid species’ populations 
are declining, and even those listed as Least Concern may face unrec-
ognized threats (Lindén and Piha, 2024; Wright et al., 2022). Small
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mustelids are elusive and difficult to study (Barros et al., 2024), leaving 
major ecological knowledge gaps. They are key predators of small ro-
dents (Korpela et al., 2014) forming a well-known model-system of 
predator–prey dynamics in boreal ecosystems, where changes in their 
populations can alter dynamics and potentially affect forest regenera-
tion in unknown ways (Yl¨ onen et al., 2019).

This study assesses the nation-wide application of airborne laser 
scanning data, in combination with established environmental pre-
dictors, to identify habitat characteristics relevant to three mustelid 
species in Finland: pine marten (Martes martes), stoat (Mustela erminea) 
and least weasel (Mustela nivalis). We demonstrate, to our knowledge for 
the first time, how ALS data can be used to study mustelid occurrence 
across an entire country, and we also discuss the usefulness of this type 
of remote sensing data for mapping habitats of different mustelid 
species.

2. Materials and methods

2.1. Study area

The study area encompasses mainland Finland (304 000 km²), rep-
resented by airborne laser scanning (ALS) data collected from 173 flight 
campaigns conducted between 2013 and 2022 (Table S1). The combined 
ALS flight campaign areas provide near-complete coverage of the 
country (Fig. 1). The nationwide ALS coverage enabled the examination 
of large-scale spatial patterns across diverse forest and land cover types.

Finland is situated mostly within the boreal forest zone, character-
ized by extensive coniferous forests mixed with peatlands and water-
bodies. Agricultural areas are heavily concentrated in the southwestern 
and western parts of the country, whereas peatlands are widespread in 
central and northern regions.

2.2. Study species and hypotheses

We studied three common mustelid species: pine marten, stoat and 
least weasel. This enabled a meaningful comparison of how well ALS-
based habitat measures explain variation in species occurrence.

The pine marten is a generalist predator (Zhou et al., 2011). In 
Fennoscandia, pine martens are typically associated with mature, 
spruce-dominated or mixed forests that offer dense canopy cover and 
structural complexity, including standing deadwood for nests (Angoh, 
2024; Brainerd and Rolstad, 2002). Although frequently referred to as 
an old-growth forest specialist (Angoh, 2024; Twining et al., 2020), the 
species can also persist in various successional stages (Brainerd and 
Rolstad, 2002) and in human-modified landscapes (Mergey et al., 2011), 
provided that sufficient tree cover remains (Mergey et al., 2023). 
However, such areas may support lower densities and consequently 
affect population structure (Twining et al., 2020). Pine martens gener-
ally avoid clearcuts, young stands and open habitats (Brainerd and 
Rolstad, 2002), but may occasionally use edge or agricultural areas 
when prey availability is low (Cano-Martínez et al., 2021). While they 
mainly prey on small mammals, especially voles, it can switch to

Fig. 1. Map of Finland (Panel B) illustrating the study design, including wildlife and field triangles (black dots), over the areas covered by ALS flight campaigns (blue 
rectangles). The green line (Panel B) indicates the 65 ◦ latitude, which was used to divide Finland into northern and southern regions for the purposes of this study. 
The polygon on the right (Panel B) shows the latitudinal trend of maximum canopy height across Finland. Panel A illustrates wildlife triangles (larger, 12 km census 
line) and field triangles (smaller, 6 km census line), which were divided into 100 m × 100 m grid cells with corners omitted. Land cover classes (Panel A) were 
derived from the CORINE Land Cover dataset.
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alternative prey based on availability (Twining et al., 2019). The pop-
ulation has been increasing in northern Finland but declining in the 
south (Lindén and Piha, 2024). Pine martens are legally hunted in 
Finland and are classified as Least Concern both nationally and globally 
(Herrero et al., 2016).

The stoat is a smaller semi-generalist mustelid, that mainly preys on 
small rodents (Klemola et al., 1999). The species occurs throughout 
Finland, with higher densities in northern Finland. Stoats occupy a wide 
range of habitats following the distribution of their prey, hence, favoring 
edge habitats, farmlands and mosaics of open and forested terrain that 
support high small-mammal abundance (Cano-Martínez et al., 2021; 
Klemola et al., 1999; Sidorovich et al., 2008). They tend to prefer 
farmland and wetland habitats when voles are numerous but increas-
ingly use woodland and forested areas during low-vole periods (Klemola 
et al., 1999). Stoats are generally mobile animals, but their habitat use 
varies with sex, vole abundance and season. Individuals tend to be more 
localized during winter and move more extensively in spring and sum-
mer, when juveniles may disperse several kilometers per day (Martin 
et al., 2011). To some extent, stoats can also access rodents in their 
burrows during snowy seasons (Cano-Martínez et al., 2021). Stoats are 
also a game species in Finland and are listed as Least Concern nationally 
and globally (Reid et al., 2015). However, recent population assessments 
indicate declines in many regions (Lindén and Piha, 2024).

The least weasel is the world’s smallest carnivore and a specialist 
predator of voles (Yl¨ onen et al., 2019). The species is distributed 
throughout Finland, with higher population densities towards the south. 
As a vole specialist, least weasel occurs wherever small rodents are 
abundant (Cano-Martínez et al., 2021; Klemola et al., 1999; Sidorovich 
et al., 2008), typically favoring edge habitats, meadows, and young 
forests that sustain high prey densities while providing dense vegetation 
cover from larger predators (Barros et al., 2024; Zub et al., 2008). 
During winter least weasels occupy subnivean space for thermoregula-
tion and to hunt voles. Least weasels are protected under the Finnish 
Nature Conservation Act (NCA 2023/9) and are listed as Least Concern 
both nationally and globally (McDonald et al., 2019). Nonetheless, 
recent population estimates suggest a marked decline across the country 
in recent decades (Lindén and Piha, 2024).

Based on previous literature on mustelid ecology and forest struc-
ture, we formulated the following species-specific hypotheses regarding 
how ALS-derived structural metrics and environmental variables relate 
to occurrence probability.

Given its association with mature, structurally complex forests and 
avoidance of open habitats, we hypothesize that pine marten occurrence 
is positively associated with forest structural characteristics measurable 
with ALS, such as taller and more vertically complex canopies and 
higher mid- to upper-canopy density, which provide shelter, foraging 
opportunities, and arboreal pathways. Occurrence is expected to 
decrease in open or heavily human-influenced habitats.

For semi-generalist stoats we hypothesize that their occurrence 
shows more variable dependence on forest structure, with moderate 
canopy height variability or some upper-canopy structure potentially 
favoring stoats where it coincides with productive edges or mixed 
habitats. Overstory canopy density is unlikely to be a major driver. 
Stronger positive effects are expected from higher herbaceous-layer 
cover, which provides concealment and foraging opportunities, and 
from landscapes with higher proportions of agricultural land, mixed 
forests, and habitat edges that support abundant small mammals.

We hypothesize that least weasel occurrence is weakly related to 
ALS-derived overstory metrics and may decrease in areas with tall or 
dense tree canopies. Occurrence is expected to increase with higher 
herbaceous-layer cover, which provides concealment from avian pred-
ators and hunting routes, and with higher proportions of open or edge 
habitats, that support high vole densities, while decreasing in large, 
continuous closed-canopy forests.

2.3. Mustelid data and sampling design

We obtained pine marten, stoat and least weasel snow-track obser-
vations from the Finnish wildlife triangle and field triangle censuses 
(hereafter referred to as “triangles”), coordinated by the Natural Re-
sources Institute Finland. These long-term monitoring programs provide 
annual data on the relative abundances and population trends of Finnish 
wildlife (Lindén and Piha, 2024). Wildlife triangles are permanent 
12 km line transects forming an equilateral triangle with 4 km sides, 
established in forest-dominated landscapes. Field triangles are perma-
nent 6 km transects (2 km per side) located in heterogeneous agricul-
tural mosaic landscapes (Lindén et al., 1996; LUKE, 2025). Collectively, 
more than 2000 triangles cover both forested and agricultural regions, of 
which on average 1000 per year are surveyed. Our analyses were based 
on data collected during 2013–2022.

In winter, both triangles are surveyed by volunteers who ski the 
census route and record game animal snow tracks that cross the line. 
Wildlife triangles are typically surveyed between January 15 and 
February 29, with the northern regions extending the window to March 
15, whereas field triangles are surveyed from January 1 through March 
5. The census methods are described in detail by Helle et al. (2016). 

Snow-track observations were available in two complementary for-
mats: i) point data, giving the exact locations where observed tracks 
cross the census line, and ii) triangle-level records, which summarize the 
total number of tracks counted per triangle, explicitly including also 
zeros (absences). We used the point data as our primary source of data, 
to derive more precise presence–absence data for analysis, and used the 
triangle-level records to identify triangles with zero detections (ab-
sences) and to define the spatial extent of the surveyed census lines. 

Each triangle census line was divided into 100 m × 100 m grid cells, 
with corner sections omitted to avoid overlap between cells (Fig. 1). 
Each cell was then assigned a binary value indicating species presence or 
absence. If a cell overlapped with the exact location of recorded snow 
tracks, it was assigned a value of 1 (presence). Otherwise, it was assigned
0 (absence). Triangles with only triangle-level track count data (lacking 
the point data with exact locations of the observed tracks), as well as 
census-line segments that were skipped and thus not surveyed, were 
omitted from the analysis. The workflow for selecting observations was 
consistent across all species.

Accumulation days — the number of days during which new snow 
tracks have been accumulated prior to the survey — were calculated 
from the last snowfall or from a preliminary snow-track survey con-
ducted before the official census. Because snow tracks become increas-
ingly difficult to detect over time, a threshold of maximum nine 
accumulation days was applied to minimize detection bias. Observations 
with missing information regarding the accumulation days were also 
excluded.

2.4. Airborne laser scanning data

2.4.1. Data acquisition
ALS data (National Land Survey of Finland, 2025a, 2025b) were 

obtained from the National Land Survey of Finland in March 2025, 
under the CC BY 4.0 License (https://creativecommons.org/licenses 
/by/4.0/). We used data from 2013 to 2022, collected during the 
leaf-on period, with acquisition windows adjusted for latitudinal dif-
ferences in growing season length. The onset of the growing season 
occurs later in northern Finland, therefore, based on long-term statistics 
from the Finnish Meteorological Institute statistics (Finnish Meteoro-
logical Institute, 2026), in southern Finland (south of 65 ◦ N), data were 
acquired between June 1 and August 31, whereas in northern Finland 
(north of 65 ◦ N), data were acquired between June 15 and August 31. 

Selected flight campaigns are listed in Table S1. Flight altitudes 
ranged between 855 m and 3050 m above ground level. Several scanner 
models were used (Table S1) all operating at the wavelength of 1064 nm 

and capable of recording 4 or more returns per pulse, depending on the
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scanner model. The ALS data had been preprocessed by the National 
Land Survey of Finland, including removal or labeling of returns at 
overlap areas between flight lines as well as erroneous returns in the sky 
or below ground. We removed all overlap and erroneous returns before 
further processing.

The pulse densities for data acquired prior to 2020 varied between 
0.5 and 2.65 pulses m − 2 . The data acquired since 2020 had been auto-
matically decimated by the data provider to a density of 0.5 pulses m − 2 .
Such pulse densities are typical of national-scale ALS acquisitions and 
are generally sufficient for deriving canopy height and other area-based 
forest structure metrics (Gobakken and Næsset, 2008), although vege-
tation close to the ground may be less accurately represented due to 
fewer returns penetrating the canopy. The limitation is largely caused by 
signal occlusion, where upper canopy elements intercept incoming laser 
pulses and reduce the number of returns from lower vegetation strata, 
particularly in dense forests (Crespo-Peremarch et al., 2020). Despite the 
variation in pulse density among our dataset, the relatively large size of 
our sampling units (100 m × 100 m) ensures that each cell still contains 
a substantial number of laser returns, so that the derived area-based 
structural metrics are expected to remain robust.

2.4.2. ALS-derived vegetation structure metrics
We calculated rasters of vegetation structure metrics (16 m × 16 m 

cell size) for each laser scanning flight campaign area. These included 
measures of canopy height distribution, cover, vertical density, and 
structural diversity (Table 1). Each metric captures complementary as-
pects of forest structural features that may influence mustelid habitat 
use, as suggested by the literature (see Section 2.2). A 16 m × 16 m 

resolution was chosen because it corresponds to the national standard 
for forest inventories in Finland.

The ALS data were processed using a workflow that combines LAS-
tools (LAStools, 2025), GDAL (Rouault et al., 2025) and in-house C+ + 

modules. First, ALS returns were classified as ground and non-ground 
returns, using tool “lasground”. Second, the point-clouds were normal-
ized, i.e., each return’s height above ground was calculated, using tool 
“lasheight”, which computes each return’s height above the ground 
surface defined by a triangulated irregular network constructed from the 
ground returns. Returns below the estimated ground surface were 
assigned a height value of zero. Vegetation structure metrics (Table 1) 
were then calculated from the normalized point cloud, using our C+ + 

code.

2.5. Other environmental data

Daily average temperature and average snow depth data (Table 2) 
were extracted from 10 km resolution national geospatial grids provided 
by the Finnish Meteorological Institute (FMI). The datasets covered the 
years 2013–2022 and provided spatially continuous weather informa-
tion across Finland. The data is described in detail by Aalto et al. (2016). 
Temperature was included as a variable as it is known to affect detection 
probability of pine martens (Angoh, 2024), and it could have similar 
effects on stoat and least weasel. Similarly, snow depth is known to in-
fluence hunting efficiency, movement patterns, and habitat use among 
mustelids (Angoh, 2024; Cano-Martínez et al., 2021; Willebrand et al., 
2017), ultimately affecting the number of snow tracks observed.

Land cover data (Table 2) were obtained from the Finnish CORINE 
Land Cover 2018 dataset (EU Copernicus Land Monitoring Programme), 
which provides 20 m × 20 m resolution national land cover and land 
use classifications. This data provides description of habitat composition 
and landscape configuration, which helps to distinguish between major 
habitat types that influence prey availability and general habitat use by 
mustelids (see Section 2.2).

We also derived distance-based metrics describing habitat configu-
ration (Table 2): mean distances to artificial and agricultural surfaces, 
and mean distance to forest edges. These factors are associated with the 
occurrence patterns of the study species, though their effects differ (see

Table 1
ALS-derived vegetation structure metrics used to describe canopy height, cover, 
and vertical structure. Metrics were calculated using all ALS returns (i.e., single, 
first-of-many, last-of-many, and intermediate) to maximize the number of 
returns and thus detail in vertical characterization of the canopy. The only 
exception were canopy cover metrics, which were calculated using returns 
categorized as first-of-many or single in a pulse, as these have been found to 
produce reliable estimates of canopy cover without empirical calibration 
(Korhonen et al. 2011). In all calculations, returns having a height value larger 
than 1.3 m were classified as tree canopy returns. h i = height from ground for 
ALS return i [m]; h rel,i = relative height between the bottom of canopy (1.3 m) 
and maximum height for ALS return i [%]; n = number of ALS returns analyzed; 
p = chosen percentile in the height distribution (e.g. 10th, 50th, 95th percen-
tile); p i = percentile of i-th return; f i = fraction of returns within the i-th height 
interval.

Variable Description Equation Unit

Metrics describing tree canopy height, calculated using all returns belonging to 
tree canopy (h i > 1.3 m)

Height
percentiles 
(10th, 20th, 
30th, 40th, 
50th, 60th, 
70th, 80th, 
90th, 95th, 
99th)

Returns are
ordered from 

lowest to highest, 
and the height 
values 
corresponding to 
the selected 
percentiles are 
calculated using 
linear 
interpolation. 

P(p) = h i + 
p − pi
p i+1 − p i 

(h i+1 − h i )

Meters (m)

Mean height 
of tree 
canopy

Mean height of 
canopy returns.

h =
1 
n
∑ n

i=1
h i 

Meters (m)

Metrics describing tree canopy vertical structure, calculated using all returns 
belonging to tree canopy (h i > 1.3 m)

Relative 
density of 
returns in a 
given 
canopy 
layer

Number of returns 
at height bins 
(0–10%, 10–20%, 
20–30%, …, 
90–100%, where 
0% = 1.3 m and 
100% = max. h) 
divided by all tree 
canopy returns. 

D 
( 
h rel,low − h rel,upp 

) 
=

n 
( 
h rel,low < h rel,i ≤ h rel,upp 

)

n
×

100

Percentage
(%)

Standard 
deviation of 
vegetation 
height

Standard 
deviation of 
return heights 
calculated using 
the estimator for 
sample standard 
deviation.

SD(h) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1 (h i − h) 
2

n − 1

√ Meters (m)

Coefficient of 
variation of 
vegetation 
height

The standard 
deviation of 
return heights is 
divided by the 
mean height. 
Produces a 
normalized 
measure of height 
variability. 

CV(h) =
SD(h)
h

× 100
Percentage
(%)

Skewness of 
vegetation 
height

Skewness of 
return heights 
calculated using 
adjusted 
Fisher–Pearson 
standardized 
moment 
coefficient.

Skewness(h) =

n 
∑n

i=1

( 
h i − h
SD(h)

) 3

(n − 1)(n − 2)

Meters (m)

(continued on next page)
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Section 2.2).

2.6. Data aggregation

ALS flight campaign metadata were spatially joined to the centroid of 
each grid cell (100 m × 100 m) to identify overlapping flight campaigns. 
Where multiple ALS campaigns covered a given cell, the campaign 
closest in time to the mustelid survey was selected to ensure temporal 
consistency between structural and occurrence data. Observations were 
included if the year of the triangle survey fell within ±2 years of the 
corresponding ALS data, regardless of canopy height. If the ALS data 
were acquired after the field survey, observations were also accepted up 
to five years apart, provided that the minimum canopy height within the 
cell was at least 5 m. The minimum canopy height was derived from the 
95th percentile of all canopy returns, which has been shown to predict 
dominant tree height accurately (Kotivuori et al., 2016). Grid cells with 
scan angles > 20 ◦ were excluded, totaling 441 cells from 20 flight 
campaigns, as larger scan angles may bias canopy metrics (Dayal et al., 
2020).

A vegetation mask was created to restrict analyses to vegetated 
terrain. The mask was derived from the combination of the ALS point

density raster and CORINE land cover data. Agricultural areas (class 2), 
forests and seminatural areas (class 3), and wetlands (class 4) were 
included, except for “non-irrigated arable land” (class 2.1.1) to exclude 
open croplands. Cells were classified as vegetated where ALS pulse 
density exceeded 0.2 pulses m - ² and CORINE indicated forest or vege-
tation cover. This vegetation mask was applied to all ALS-derived met-
rics to ensure analyses reflected structural variation within vegetated 
habitats only.

For each grid cell (100 m × 100 m), we extracted mean values of all 
ALS-derived vegetation metrics (Table 1) using a zonal statistics 
approach implemented in Python (geopandas (Jordahl et al., 2020), 
rasterio (Gillies, 2018), rasterstats (Perry, 2017)). Mean temperature 
and snow depth were calculated as the averages of the census day and 
two preceding days to reflect short-term conditions during track detec-
tion. The fraction of area covered by different land-cover types was 
derived from CORINE (Table 2). Distances to urban areas and agricul-
tural land were computed from Euclidean distance rasters at 20 m res-
olution, generated from binary masks of each land-cover type (Table 2).

Table 1 (continued )

Variable Description Equation Unit

Kurtosis of 
vegetation 
height

Kurtosis of return 
heights calculated 
using adjusted 
Fisher–Pearson 
standardized 
moment 
coefficient.

Kurtosis(h) =

n(n + 1) 
∑n

i=1

( 
h i − h
SD(x)

) 4

(n − 1)(n − 2)(n − 3) 
− 

3(n − 1) 2

(n − 2)(n − 3)

-

Shannon
index

Returns are 
divided into 
vertical height 
bins of 0.5 m. The 
fraction of returns 
in each bin 
reflects tree 
canopy density at 
different heights 
and is used to 
compute 
structural 
diversity using 
the Shannon 
index.

H = − 
∑m

i=1 
f i ln 

( 
f i 
) -

Metrics describing canopy cover, calculated using returns categorized as single 
or first-of-many in a pulse

Canopy cover 
of 
herbaceous 
layer

Number of returns 
between 0.2 m 

and 0.5 m divided 
by number of 
returns that are 
below 0.5 m 

CC herbaceous =
n(0.2 < h i ≤ 0.5)
n(h i ≤ 0.5)

Percentage
(%)

Canopy cover 
of shrub 
layer

Number of returns 
between 0.5 m 

and 1.3 m divided 
by number of 
returns that are 
below 1.3 m 

CC shrub = 
n(0.5 < h i ≤ 1.3)
n(h i ≤ 1.3)

Percentage
(%)

Canopy cover
of small 
trees

Number of returns 
between 1.3 m 

and 5 m divided 
by number of 
returns that are 
below 5 m 

CC small trees =
n(1.3 < h i ≤ 5)
n(h i ≤ 5)

Percentage
(%)

Canopy cover 
of tree layer

Number of returns 
above 1.3 m 

divided by total 
number of returns

CC tree layer = 
n(h i > 1.3) 

n
Percentage
(%)

Table 2
Other environmental variables used to describe weather conditions, land cover 
and landscape composition.

Variable Description Unit Data
source

Spatial 
resolution of 
source data

Distance to 
forest edge

Mean distance to the 
nearest forest edge 
pixel.

m ALS + 

CORINE
16 m × 16 m 

and 20 m × 

20 m
Snow Depth Snow depth at 8 am, 

10 km × 10 km 

gridded observations 

m FMI 10 km ×

10 km

Temperature Daily mean 
temperature, 10 km × 

10 km gridded 
observations

◦ C FMI 10 km × 

10 km

Percentage of 
artificial 
surfaces 

The relative proportion 
of pixels belonging to 
Corine classes 1–16. 

% CORINE 20 m × 20 m

Percentage of 
arable land, 
pastures, crops 

The relative proportion 
of pixels belonging to 
Corine classes 17–22. 

% CORINE 20 m × 20 m

Percentage of 
broadleaf 
forest 

The relative proportion 
of pixels belonging to 
Corine classes 23–24. 

% CORINE 20 m × 20 m

Percentage of 
coniferous 
forest 

The relative proportion 
of pixels belonging to 
Corine classes 25–27 

% CORINE 20 m × 20 m

Percentage of 
mixed forest

The relative proportion 
of pixels belonging to 
Corine classes 28–30. 

% CORINE 20 m × 20 m

Percentage of 
sparse forest

The relative proportion 
of pixels belonging to 
Corine classes 33–37. 

% CORINE 20 m × 20 m

Percentage of 
inland or 
coastal 
waterbodies 

The relative proportion 
of pixels belonging to 
Corine classes 47–49.

% CORINE 20 m × 20 m

Distance to 
artificial 
surface

The Euclidean distance 
from a point within the 
study area to the 
nearest pixel classified 
as artificial surface (e. 
g. urban fabric, 
artificial areas, 
construction sites, 
transport units).

m CORINE 20 m × 20 m

Distance to 
agricultural 
areas

The Euclidean distance 
from a point within the 
study area to the 
nearest pixel classified 
as agricultural areas (e. 
g. arable land and 
pastures)

m CORINE 20 m × 20 m
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Forest edges were identified as boundaries between forested and 
non-forested cells. Cells with canopy cover larger than 10% and 95th 
percentile of canopy return heights larger than 5 m were classified as 
forests. These criteria were applied to ALS-derived canopy metrics at 
16 m resolution, using a binary forest/non-forest mask derived from the 
20 m CORINE land cover raster for Finland, where vegetated land-cover 
classes were coded as 1 and all other classes as 0. Distance to forest edge 
was calculated as the mean Euclidean distance from forested cells to the 
nearest edge. Distance to forest edge for each grid cell was then calcu-
lated as the mean of these distances across all 16 m × 16 m raster cells 
intersecting a 100 m × 100 m cell. Cells with missing or no-data values 
were excluded.

The final mustelid dataset included 1068 triangles from which 947 
were wildlife triangles and 121 field triangles. Across these, the pine 
marten, stoat and least weasel had 337854, 341035 and 342920 100 m
× 100 m sampling units, respectively. Pine marten was detected 4087 
times (1.2% of cells), stoat 1826 times (0.5% of cells) and least weasel 
1351 times (0.4% of cells).

2.7. Statistical analysis

Prior to modelling, data exploration was conducted to detect po-
tential outliers, assess independence of observations, and evaluate 
collinearity among predictors, following the protocol presented in (Zuur 
et al., 2010). Potential outliers were screened visually using boxplots 
and Cleveland dotplots to identify any extreme values. No observations 
were identified as markedly inconsistent with the remainder of the 
dataset, and therefore no data points were removed on the basis of 
outlier diagnostics. To assess multicollinearity, Variance Inflation Fac-
tors (VIF) were calculated using the “car” package (Fox and Weisberg, 
2019). Three ecologically relevant covariates were preselected and 
retained in the analysis regardless of their VIF values (canopy cover of 
the tree layer, 95th percentile of canopy return heights, and canopy 
cover of the herbaceous layer). Canopy cover of the tree layer and the 
95th percentile of canopy return heights were included because they 
capture complementary aspects of forest vertical and horizontal 
complexity. Canopy cover reflects horizontal foliage density and shapes 
light availability and understory composition (Majasalmi and Rautiai-
nen, 2020), and, in turn, the distribution of small mammal prey such as 
voles and other rodents (Savola et al., 2013; Wegge and Rolstad, 2018). 
The 95th percentile of canopy return heights is widely used as a proxy 
for dominant canopy height. It is not strongly affected by understory 
vegetation or ground returns, thus, providing accurate representation of 
the upper canopy (Kane et al., 2010). Canopy cover of the herbaceous 
layer was additionally retained as it quantifies ground-level vegetation 
(McElhinny et al., 2005), providing shelter and movement corridors for 
small mammals, including both prey and mustelid predators. The 
Pearson’s correlation coefficients between the explanatory variables 
were checked (requirement: |r| < 0.7) to avoid strong correlations. 
Among the remaining variables, those with the highest VIF were itera-
tively removed until all VIF values were under a threshold (VIF < 3). 
This ensured that collinearity among explanatory variables did not bias 
model estimation.

We modelled species presence using spatial hierarchical generalized 
linear mixed-effects models implemented with the package sdmTMB 
(Anderson et al., 2022). Models were fitted with maximum marginal 
likelihood estimation. We used a binomial error distribution with a logit 
link function to model the binary response variable (presence = 1, 
absence = 0). A random intercept for “triangle ID” was included to ac-
count for repeated observations within censuses.

Spatial and temporal dependencies were modelled jointly using a 
spatiotemporal random field, parameterized with a Matérn covariance 
structure for spatial correlation and a first-order autoregressive (AR1) 
process to capture temporal correlation among years. As an inherent 
property of the modelling principles of spatial dependence in sdmTMB, a 
triangulated mesh was constructed from the centroid coordinates of

census cells using k-means clustering. The mesh defines the spatial 
domain over which the Matérn field is estimated and enables compu-
tationally efficient approximation of spatial covariance.

The fixed effects included covariates describing climate (mean 
temperature, snow depth), land cover composition (proportion of urban, 
agricultural, broadleaved forest, mixed forest, sparse forest, and water 
areas), forest structure (relative canopy density at mid and upper height 
layers, 95th percentile of canopy heights, canopy height variability and 
kurtosis, and canopy cover of the herbaceous and tree layers), and 
landscape configuration (distance to forest edge, artificial surfaces and 
agricultural areas). In total, we included 7 ALS metrics and 11 other 
environmental metrics in the models. Continuous covariates were 
standardized to zero mean and unit variance. Sampling effort (log-
transformed number of accumulation days) was included as a covariate 
in all models to account for variation in observation effort.

Model assumptions were verified by plotting residuals against fitted 
values and against each covariate in the model. Standardized residuals 
were simulated using the “DHARMa” package (Hartig et al., 2022) to 
compute simulation-based randomized quantile residuals, which are 
standardized residuals expected to follow an approximately Uniform(0, 
1) distribution and to be independent of fitted values and covariates if 
the model is correctly specified. We tested for over- or underdispersion, 
and zero-inflation was also examined by comparing observed and 
simulated frequencies of zeros. The presence of spatial autocorrelation 
in the residuals was assessed by calculating Moran’s I with the “spdep” 
package (Bivand et al., 2022). All model fitting, diagnostics and visu-
alization were performed using R (version 4.4.0; R Core Team, 2024).

3. Results

3.1. Effects of covariates on species presence

The results demonstrate that ALS metrics describing vertical canopy 
structure and canopy cover, alongside landscape and climatic variables, 
influenced occurrence probabilities of the three species (Table 3, 
Table 4, Table 5). Metrics related to canopy height variability (e.g. co-
efficient of variation of height), canopy cover of the tree layer, and 
relative canopy density at mid (20–30%) and upper (40–50%) height 
layers emerged as important structural predictors for one or more spe-
cies, although their effects differed in strength and direction among 
species (Fig. 2).

For the pine marten, several ALS-derived metrics and environmental 
variables were associated with occurrence (Table 3, Fig. 2). The

Table 3
Standardized coefficients of the logit-link binomial mixed model for pine 
marten.

Variable Estimate SE

Intercept -5.100 0.061
95th height percentile 0.083 0.029
Relative density of canopy returns at 20–30% height 0.067 0.025
Relative density of canopy returns at 40–50% height 0.008 0.027
Coefficient of variation of vegetation height 0.071 0.026
Kurtosis of vegetation height 0.037 0.020
Canopy cover of herbaceous layer 0.028 0.022
Canopy cover of tree layer 0.194 0.032
Temperature -0.014 0.025
Snow depth 0.111 0.038
Distance to artificial surfaces 0.180 0.027
Distance to agricultural areas 0.048 0.040
Distance to forest edge -0.052 0.032
Percentage of artificial surfaces -0.206 0.042
Percentage of arable land, pastures, crops -0.209 0.039
Percentage of broadleaf forest -0.038 0.020
Percentage of mixed forest -0.025 0.019
Percentage of sparse forest 0.021 0.022
Percentage of waterbodies -0.065 0.030
Effort (log Accumulation days) 0.040 0.050
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occurrence probability increased with higher relative canopy density at 
mid-canopy height (20–30%), greater canopy height variability, higher 
95th percentile of canopy heights, and increased canopy cover of the 
tree layer. Among other environmental factors, the probability of 
detecting pine marten tracks increased with deeper snow depth and 
greater distance from artificial surfaces. Occurrence probability 
decreased with higher proportion of agricultural or artificial land cover 
or high proportion of waterbodies.

The stoat model highlighted slightly different structural associations 
(Table 4, Fig. 2). Occurrence probability had positive relationships with 
variability in canopy height, relative canopy density at upper canopy 
height (40–50%), and canopy cover of the herbaceous layer. Unlike the 
pine marten, stoats were positively associated with high proportion of 
agricultural, sparse and mixed forest areas. Increasing temperature 
decreased the occurrence (or detection) probability, whereas increasing 
snow depth was positively related to the probability of observing stoat 
tracks.

For the least weasel, fewer predictors were significant, and ALS-
derived canopy metrics contributed less than for the other species 
(Table 5, Fig. 2). The probability of occurrence (or detection) of least 
weasel tracks was higher with greater canopy cover in the herbaceous

layer, whereas increasing temperature, snow depth and proportion of 
broadleaved trees decreased the probability.

3.2. Model validation

Model validation indicated no major violations of model assump-
tions for any of the three species. DHARMa simulation-based random-
ized quantile residuals were approximately uniformly distributed and 
showed no systematic patterns (Figure S1, Figure S2. Figure S3). 
Observed and simulated zero frequencies were nearly identical, con-
firming that zero-inflation was not a concern. Dispersion tests utilizing 
DHARMa residuals (testing the null hypothesis of no over- or under-
dispersion) showed dispersion parameters of 1.01 (p = 0.548) for pine 
marten, 1.04 for stoat (p = 0.188), and 1.08 (p = 0.008) for least 
weasel, all close to the expected value of 1. For least weasel, the test 
indicated mild overdispersion, but the effect size was small and other 
diagnostics did not reveal systematic lack of fit. We therefore considered 
the model adequate for inference. Inclusion of a spatio-temporal AR1 
component improved model performance for pine marten (ρ = 0.33), 
indicating moderate year-to-year persistence at the national scale. For 
stoat (ρ = 0.14) and least weasel (ρ = − 0.06), the estimated AR1 cor-
relations were weaker. Both species have rapid and locally asynchro-
nous population cycles. This 2–3-year periodicity could produce little or 
even negative lag-1 correlation, which does not contradict the presence 
of local temporal dynamics. Moran’s I estimations suggested that model 
had adequately captured the spatial structure and that there was no 
significant spatial autocorrelation (pine marten: Moran’s I = − 2.605, 
p = 0.564; stoat: Moran’s I = − 4.442, p = 0.611; least weasel: Moran’s I
= − 4.676, p = 0.617). All models included random intercepts for tri-
angle ID. The estimated variances were 0.57 for pine marten, 0.89 for 
stoat, and 1.41 for least weasel, reflecting variation in species’ occur-
rences that were not accounted for by the fixed effects. Overall, the 
model validation indicated that the fitted GLMMs captured the main 
sources of variation in the data and provided a reasonable representa-
tion of species-habitat relationships.

4. Discussion

4.1. Ecological implications of the modeling results for mustelid habitat 
use

This study combined ALS-derived forest structure metrics with pre-
sence–absence data of three mustelid species to examine the potential of 
ALS data for identifying habitat characteristics relevant to each species 
occurrence. Our results show that ALS-derived metrics can describe 
habitat structural features relevant to mustelids. The strength of re-
sponses varied from strong responses to canopy complexity in pine 
martens to weaker more open-habitat related associations in least 
weasels.

Based on our results, the pine marten is most likely to inhabit forests 
with dense canopy cover, variability in canopy height, and higher 
maximum canopy heights, indicating complex and layered forest 
structure. These forests provide dense and diverse habitats, and the 
preference corroborates with earlier studies (Brainerd and Rolstad, 
2002; Twining et al., 2020). These findings are consistent with our a 
priori hypothesis that pine marten occurrence would be positively 
associated with taller, more vertically complex canopies and higher mid-
to upper-canopy density. In terms of landscape composition, the habitats 
preferred by pine martens are located away from agricultural or artifi-
cial land covers or extensive waterbodies. This coincides with earlier 
studies (Twining et al., 2020) and suggests a preference for undisturbed 
and natural environments. Large waterbodies reduce the extent and 
connectivity of forested habitat and are typically surrounded by more 
open shorelines, resulting in landscapes with less continuous canopy 
cover and therefore less favorable conditions for pine martens. Detected 
pine marten occurrence increased with snow depth but was unaffected

Table 4
Standardized coefficients of the logit-link binomial mixed model for stoat.

Variable Estimate SE

Intercept -6.170 0.090
95th height percentile -0.007 0.044
Relative density of canopy returns at 20–30% height 0.026 0.035
Relative density of canopy returns at 40–50% height 0.093 0.036
Coefficient of variation of vegetation height 0.144 0.035
Kurtosis of vegetation height 0.054 0.029
Canopy cover of herbaceous layer 0.119 0.029
Canopy cover of tree layer 0.003 0.046
Temperature -0.116 0.038
Snow depth 0.136 0.060
Distance to artificial surfaces 0.062 0.042
Distance to agricultural areas -0.074 0.058
Distance to forest edge -0.038 0.044
Percentage of artificial surfaces 0.019 0.035
Percentage of arable land, pastures, crops 0.136 0.031
Percentage of broadleaf forest 0.024 0.026
Percentage of mixed forest 0.072 0.027
Percentage of sparse forest 0.074 0.030
Percentage of waterbodies 0.041 0.034
Effort (log Accumulation days) 0.016 0.072

Table 5 
Standardized coefficients of the logit-link binomial mixed model for least 
weasel.

Variable Estimate SE

Intercept -6.730 0.102
95th height percentile -0.009 0.045
Relative density of canopy returns at 20–30% height -0.005 0.039
Relative density of canopy returns at 40–50% height -0.038 0.038
Coefficient of variation of vegetation height 0.035 0.035
Kurtosis of vegetation height 0.023 0.030
Canopy cover of herbaceous layer 0.083 0.036
Canopy cover of tree layer -0.055 0.051
Temperature -0.225 0.045
Snow depth -0.289 0.062
Distance to artificial surfaces -0.062 0.056
Distance to agricultural areas -0.057 0.073
Distance to forest edge -0.039 0.052
Percentage of artificial surfaces -0.002 0.037
Percentage of arable land. pastures. crops 0.039 0.033
Percentage of broadleaf forest -0.065 0.034
Percentage of mixed forest 0.040 0.033
Percentage of sparse forest 0.016 0.035
Percentage of waterbodies -0.019 0.041
Effort (log Accumulation days) 0.019 0.090
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by temperature. Similar findings have been reported previously, sug-
gesting that deep snow may provide favorable hunting and movement 
conditions and help reduce intraguild competition, particularly when 
rodent prey are abundant (Angoh, 2024; Cano-Martínez et al., 2021). 
When interpreting results for pine martens, it is important to consider 
that detection probability may vary among habitat types. In more open 
habitats pine martens are likely to move more frequently on the ground 
rather than using arboreal pathways, which may increase the likelihood 
of detecting their tracks. This could lead to an over-representation of 
pine marten occurrences in open habitats relative to closed forests, even 
if the species prefers forested environments. Overall, based on our re-
sults, the habitat preferred by pine marten is a structurally diverse forest 
with minimal human disturbance and sufficient snow cover, in line with 
our hypotheses.

On the other hand, based on our results, stoats are likely to inhabit 
heterogenous forests that are characterized by variation in canopy 
height and dense canopy coverage at higher levels. These forests feature

developed overstory structures and complexity at lower levels, as indi-
cated by the importance of canopy cover within the herbaceous layer. 
This partly supports our hypothesis of a weaker but still positive asso-
ciation with forest structural heterogeneity, combined with a stronger 
role of herbaceous-layer cover. Unlike the pine marten, stoats show a 
positive association with mixed forests areas, sparse forest regions, and 
agricultural landscapes. This indicates utilization of more diverse and 
open environments, which has been recognized in prior studies as well 
(Klemola et al., 1999; Sidorovich et al., 2008), and is in line with our 
expectation that stoats would benefit from mosaics of agricultural and 
forested habitats that support high small-mammal abundance. Stoat 
activity also increased with snow depth but, unexpectedly, declined 
with increasing temperature. Stoats tend to utilize the subnivean space 
under the snow during cold periods to conserve heat, and hunt voles. 
The positive response to snow depth could, similarly to the pine marten, 
reflect their ability to exploit subnivean space for hunting and to benefit 
from the shelter and insulation provided by snow cover. Higher

Fig. 2. Estimated standardized coefficients (β ± 95% confidence interval, CI) illustrating effect of each standardized covariate.
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temperatures, on the other hand, may reduce stoat activity, as their 
greater energy requirements in cold conditions, likely promote more 
movement at lower temperatures. Overall, the results suggest that stoats 
use heterogeneous forests characterized by a developed overstory and a 
well-developed herbaceous layer, within landscapes that include both 
forested and agricultural areas, broadly supporting our initial 
hypotheses.

The least weasel exhibited weaker relationships with ALS metrics, 
suggesting broader habitat tolerance and possibly a stronger depen-
dence on prey abundance or climatic conditions than strictly on vege-
tation structure. This agrees with our hypothesis that least weasel 
occurrence would be largely independent of overstorey metrics and only 
weakly linked to forest canopy structure, although at least some modest 
effects of mid-canopy cover or landscape composition had been ex-
pected due to their potential to provide shelter from avian predators and 
other larger carnivores. Occurrence was higher in areas with greater 
herbaceous-layer cover but declined with increasing temperature, snow 
depth and broadleaf proportion. For a vole-specialist like the least 
weasel (Yl¨ onen et al., 2019), prey availability might have a more 
important role in habitat selection than canopy structure. The least 
weasel also utilizes more ground-level structures to hide from other 
predators, such as pine marten, which especially favors mid-level can-
opy cover based on our results. Another favorable aspect of the herba-
ceous layer is its vole density, as most of them live in that layer providing 
steady selection of prey items (Ecke et al., 2002). The positive associa-
tion with herbaceous-layer cover thus matches our prediction that her-
baceous vegetation would be particularly important for this species. 
However, most other structural and land-cover variables showed very 
weak or non-significant associations, indicating that many of the po-
tential cover-related benefits from mid- or upper-canopy structure were 
not detectable at the scale of our analysis. The least weasel also had an 
unexpected decrease in activity with increasing temperature. Similarly 
to stoat, lower temperatures increase energy demand (Yl¨ onen et al., 
2019), which likely leads to more movement. Thus, increased temper-
ature might lower least weasel activity. When optimal, least weasels 
hunt and seek shelter in the subnivean space during winter, which also 
could affect their detection probability. Nevertheless, consistent with 
this behavior, occurrence probability in our study also declined with 
increasing snow depth. Avoidance could reflect the energetic costs and 
physical limitations associated with moving and hunting under very 
deep or crusted snow, as well as reduced prey accessibility 
(Cano-Martínez et al., 2021). Overall, results suggest use of relatively 
open, coniferous or mixed forests providing ground cover, while high-
lighting that environmental and climatic constraints, or prey availabil-
ity, may be more influential than canopy structure in shaping least 
weasel distributions, as hypothesized.

4.2. ALS data as a tool for large-scale mustelid habitat assessment

This study highlights both the potential and limitations of using ALS-
derived forest structure metrics for large-scale occurrence modeling of 
small and medium-sized mustelids. Occurrence and habitat selection 
models often face a trade-off between homogenization at large spatial 
scales and non-transferability at small spatial scales (Paton and Mat-
thiopoulos, 2016). Studies conducted in restricted regions can capture 
detailed habitat relationships but may fail to generalize because they 
reflect the local habitat composition and conditions of a specific area. 
This becomes especially problematic for species inhabiting heteroge-
nous landscapes, such as Finland’s mosaic of boreal forests. On the 
contrary, large-scale models allow estimation of more robust and 
generalizable habitat associations (Paton and Matthiopoulos, 2016). 
Nationwide modeling therefore provides essential insights into the 
species’ responses across heterogenous landscapes and could detect 
consistent patterns that regional studies may overlook. For mustelids, 
whose ecology has mostly been studied at local scales, the national ALS 
datasets offer an opportunity to derive nationwide habitat associations

relevant for conservation, monitoring and forecasting.
ALS metrics describing vertical canopy structure and canopy cover 

contributed substantially to the occurrence predictions for pine marten 
and stoat. In contrast, ALS metrics were less informative for least weasel, 
whose occurrence was primarily associated with herbaceous-layer 
cover. This species could be strongly linked to microhabitat conditions 
and prey availability, aspects that ALS cannot fully capture. Moreover, 
the selected ALS metrics may not fully capture ground-level structural 
complexity relevant to least weasel ecology. This reflects a general 
limitation of ALS datasets, as near-ground vegetation is difficult to 
sample due to occlusion by overstorey layers and inaccuracies in sepa-
rating ground and low vegetation returns. These constraints are partic-
ularly present in typical national-scale acquisitions with relatively low 
pulse densities, where fewer laser pulses penetrate to lower vegetation 
strata. Vegetation at 0.2–0.5 m height approaches the lower limits of 
ALS detection accuracy (White et al., 2016) and without validation data, 
the potential impact of measurement error remains uncertain. None-
theless, the detected correlation with herbaceous-layer cover suggests 
that even coarse ALS-derived ground-level metrics contain ecologically 
meaningful information. Future occurrence modeling for least weasel 
may benefit from integrating full-waveform ALS (Hancock et al., 2017), 
which may provide more detailed three-dimensional representation of 
near-ground vegetation. Although pulse density does not strongly affect 
typical ALS metrics used for describing tree canopy (Gobakken and 
Næsset, 2008), higher pulse density can increase the chance that enough 
pulses reach the ground vegetation.

Also, the chosen modelling approach may influence the ecological 
findings. Here we used spatial hierarchical GLMMs with a Matérn 
covariance structure, AR1 temporal process, and random intercept for 
repeated censuses, providing interpretable estimates of how ALS-
derived forest structure and other environmental predictors relate to 
mustelid occurrence across Finland. Alternative approaches, such as 
machine-learning methods (e.g. Random Forests, Davison et al., 2023), 
could complement this framework by capturing more complex nonlinear 
relationships and interactions among predictors, although having a 
higher risk of overfitting. While we expect the main ecological patterns 
here to be robust across reasonable modelling choices, future work 
comparing different model structures could help to evaluate the 
robustness of the observed relationships and refine habitat suitability 
predictions for these species.

Overall, ALS enables the identification of structural habitat features 
relevant for pine marten and stoat across an entire country but appears 
insufficient on its own for species with highly specialized, low-level 
habitat use such as the least weasel. Future work on modeling occur-
rence or habitat suitability of mustelids should integrate ALS data with 
field-based prey surveys, fine-scale snow metrics, and interspecific 
interaction data to better capture their ecological requirements and 
behavioral constraints. However, obtaining simultaneous high-quality 
and high spatial resolution ground reference data for all these compo-
nents remains a significant challenge.

5. Conclusions

We showed how ALS-derived forest structure metrics, combined with 
environmental covariates, can predict occurrence among three mustelid 
species, for the first time at a national scale. These findings reveal 
distinct habitat preferences among pine marten, stoat and least weasel, 
emphasizing the significance of canopy structure. These results indicate 
that the structural complexity of forests could promote biodiversity and 
aid conservation efforts by benefiting mustelids. ALS metrics are 
powerful tools for predicting occurrence patterns in monitoring data, 
offering detailed insight into structural features across large areas and 
enhancing traditional methods that are impractical at broader scales.
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and the Research Council of Finland (grants 374133 and 363934) for 
funding Rautiainen and Hovi. We thank Markus Melin for insightful 
discussions regarding the study design. We also thank all volunteers who 
contributed to the collection of wildlife and field triangle data in 
Finland. We acknowledge CSC – IT Center for Science, Finland, for 
computational resources.

Appendix A. Supporting information

Supplementary data associated with this article can be found in the 
online version at doi:10.1016/j.foreco.2026.123742.

Data availability

The mustelid data is owned by Natural Resources Institute Finland 
(LUKE) and is available only with permission from the data owner. ALS 
data were obtained from the National Land Survey of Finland; land 
cover data from the CORINE Land Cover 2018 dataset via the Finnish 
Environment Institute (SYKE) open data portal (https://ckan.ymparisto. 
fi/dataset/corine-maanpeite-2018); and meteorological data from the 
Finnish Meteorological Institute’s (FMI) “Gridded daily meteorological 
data in Finland (1981–2020)” (https://etsin.fairdata. 
fi/dataset/55809c24-475d-4928-8161-3f67791c3ab0, https://etsin. 
fairdata.fi/dataset/c63d696a-8d42-44aa-8508-9024ee05cfa7); these 
are available under a CC BY 4.0 license.

References
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